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Summary 

The global tendency for changing the world energy map is a booming topic, and more 

efforts should be scaled up to shift the current energy production systems towards the use 

of cleaner and less carbon-intensive sources. Currently, fossil fuels share about 80% of 

the primary energy use. The International Energy Outlook forecasts a significant increase 

in the world energy demand over the next decades. It is projected that global energy 

consumption will evolve by 48% in 2040 with a growth in the usage of crude oil and natural 

gas by 30% and 53.2%, respectively. This outlook trend leads to serious environmental 

problems such as more greenhouse gas (GHG) emissions and the subsequent impact on 

the climate. 

Europe is one of the relevant players in this scenario contributing 21.6% to the overall 

energy consumption. Additionally, in the European Union (EU) the building stock accounts 

for about 40% of the total energy demand, while the residential sector consumes 63% of 

this energy. According to estimations of the US Energy Information Administration (EIA), 

the energy consumption demand for the residential section in the EU increases by an 

average of 0.9% per year. Along with all of these figures, the residential buildings are the 

fourth most important source of GHG in the EU, and it accounted for about 10% of the 

total GHG in 2016. In response to this challenge, the EU has adopted the 2020 climate 

and energy package which includes requisite legislation to tackle the environmental 

concerns and support the energy security and independence. The package sets three 

main targets: (i) reduce by 20% the GHG emissions compared to the 1990 levels, (ii) 

increase the renewable energy share and (iii) improve its energy efficiency by 20%. In 

2013, the EU approved a new ambitious framework for the climate and energy between 

2020 and 2030. This strategy plans to cut the GHG emissions by 40%, to achieve a share 

of at least 32% of renewable energies, and to improve the energy efficiency by at least 

32.5%. In addition, in February 2016 the European Commission published its first action 

plan to tackle the massive amount of energy used to heat and cool Europe's Buildings. 

The Heating and Cooling Strategy includes actions to increase renewable energy use and 

the integration of district heating (DH) systems, providing flexibility to the energy systems 

by reducing and shifting demand through thermal energy storage (TES) systems. 

Providing energy services via renewable energy through DH networks can be simpler, 

more efficient, and less expensive than direct integration into each individual building. 

Thus, to reduce the energy dependence and emissions in the building sector, efficient DH 

systems based on low-carbon energy (LCE) are identified as key technologies for a 

sustainable energy transition. 

A range of potential barriers (technical, financial, and administrative) are still obstructing 

the wide deployment of DH based on LCE in Europe. One of the most important 

challenges associated with the DH is the significant performance variations. Besides the 

performance variation, the high capital costs of this technology represent a challengeable 

barrier and make it more difficult to obtain the required funding. Also, there are primarily 

political and legal barriers which include: lack of a standardized model of the system which 

could help the European 2030 climate and energy framework achieve its targets; the 

sudden change in the renewable energy legal framework in some EU countries. All these 
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technical, economic, and legal barriers promote high variation in quantifying the DH 

benefits over its lifetime and add more difficulties for the EU members to state their 

forecast plans for future deployment of the DH in the heating fields. 

In order to expand the benefits of DH systems based on LCE, the optimal designing and 

sizing of DH and their relative relevant components (e.g., charging/discharging devices) 

should be adequately planned [29]. Substantially, six major contributions are made in this 

thesis, first, a systematic multi-objective optimization (MOO) framework for optimizing the 

design of DH plants considering economic and environmental aspects simultaneously. To 

this end, a simulation-optimization methodology was developed based on a DH plant 

modeled in TRNSYS 18 that was optimized by a generic optimization tool (i.e., GenOpt) 

according to economic and environmental indicators. The latter objective was assessed 

through life cycle assessment (LCA) principles, which quantify the impact caused in all 

the stages in the life cycle of the energy system. Second, In the direction of mathematical 

programming research line stays the development of surrogate models computationally 

much cheaper to solve then our rigorous TRNSYS simulation models. In this context, a 

complete multi-objective optimization framework using a robust machine learning 

approach to inherent sustainability principles in the design of SDHS is proposed. 

Moreover, the framework investigates the uncertainty in the context of DH design, in which 

the Global Sensitivity Analysis is combined with the heuristic’s optimization approach. 

Third, with the help of key performance indicators related to the 4th generation district 

heating (4GDH) characteristics and key stakeholders for possible market growth, the 

possibility of integrating heat pump (HP) into DH with seasonal thermal energy storage is 

investigated to support stabilization of its performance and assist in the sustainable 

transition towards 4GDH. Furthermore, the 4GDH economic feasibly is dependent on the 

circularly of TES due to its large contribution in the 4GDH investment. Thus, the fourth 

section presents a framework for the circularity assessment of the TES which can be 

useful for the sustainable assessment of the 4GDH. Fifth, this part lies in demonstrating 

the sustainable aspects for integrating 4GDH at various residential community sizes to 

achieve Nearly Zero Energy Building (NZEB) targets. However, achieving the NZEB is a 

dependent process in the building performance as well. Thus, in the sixth section, a 

diagnostic tool is developed to improve and guarantee the performance of NZEB buildings 

during its operation stage which can be useful for the construction and installation 

companies to maintain the performance of their products proactively. 

In summary, this thesis provides sound systematic mathematical programming tools to 

support decision and policy-making on the path to sustainability EU targets, which are 

flexible and practical enough to contribute towards sustainable transition toward LCE. 

Although there will be major sustainability challenges ahead, contributions such as those 

sought in this thesis, although even small steps, may bring major strides in the transition 

towards a new era where the economy, society and the environment coexist as key pillars 

of sustainable development. 
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Resumen 

La necesidad de cambiar el modelo energético mundial es un tema que cada vez cobra 

mayor importancia e interés. Se deben redoblar los esfuerzos para cambiar los sistemas 

de producción de energía actuales hacia el uso de fuentes más limpias y menos 

intensivas en carbono.  

Actualmente, los combustibles fósiles representan alrededor del 80% del uso de energía 

primaria. Por otro lado, el International Energy Outlook prevé un aumento significativo de 

la demanda mundial de energía durante las próximas décadas. Se proyecta que el 

consumo global de energía se incrementará en un 48% en 2040 con un crecimiento en 

el uso de petróleo y gas natural de un 30% y 53,2%, respectivamente. Esta tendencia de 

las perspectivas conduciría a graves problemas ambientales, como el aumento de 

emisiones de gases de efecto invernadero (GEI) y el consiguiente impacto en el clima.  

Europa es uno de los actores relevantes en este escenario, contribuyendo con un 21,6% 

al consumo total de energía. Además, en la Unión Europea (UE) el parque de edificios 

representa alrededor del 40% de la demanda total de energía, con el sector residencial 

consumiendo el 63% de esta energía. Según estimaciones de la Administración de 

Información Energética (EIA), la demanda de consumo de energía para el sector 

residencial en la UE aumenta en una media del 0,9% anual. Junto con todas estas cifras, 

los edificios residenciales son la cuarta fuente más importante de GEI en la UE y 

representaron alrededor del 10% del total de GEI en 2016. En respuesta a este desafío, 

la UE ha adoptado el paquete de medidas sobre clima y energía hasta 2020 que incluye 

la legislación necesaria para abordar las preocupaciones medioambientales y apoyar la 

seguridad e independencia energética. El paquete establece tres objetivos principales: (i) 

reducir en un 20% las emisiones de GEI en comparación con los niveles de 1990, (ii) 

aumentar la participación de las energías renovables y (iii) mejorar la eficiencia energética 

en un 20%. En 2013, la UE aprobó un nuevo y ambicioso marco para el clima y la energía 

entre 2020 y 2030. Esta estrategia prevé reducir las emisiones de GEI en un 40%, lograr 

una participación de al menos el 32% de las energías renovables y mejorar la energía 

eficiencia en al menos un 32,5%. Además, en febrero de 2016, la Comisión Europea 

publicó su primer plan de acción para abordar la enorme cantidad de energía utilizada 

para calentar y enfriar los edificios europeos. La estrategia de calefacción y refrigeración 

incluye acciones para aumentar el uso de energía renovable y la integración de sistemas 

de calefacción urbana (DH), proporcionando flexibilidad a los sistemas de energía al 

reducir y cambiar la demanda a través de sistemas de almacenamiento de energía 

térmica (TES). Brindar servicios de energía con energías renovables a través a través de 

redes de distrito (DH) puede ser más simple, más eficiente y menos costoso que la 

integración directa en cada edificio individual. Así, para reducir la dependencia energética 

y las emisiones en el sector de la construcción, los sistemas de DH eficientes basados 

en energía baja en carbono (LCE) se identifican como tecnologías clave para una 

transición energética sostenible.  

Una serie de posibles barreras (técnicas, financieras y administrativas) todavía obstruyen 

el amplio despliegue de DH basado en LCE en Europa. Uno de los desafíos más 

importantes asociados con el DH son las variaciones significativas de prestaciones 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX 

observadas. Además de la variación en las prestaciones, los altos costos de capital de 

esta tecnología representan una barrera desafiante y dificultan la obtención del 

financiamiento requerido. Por otro lado, existen barreras principalmente políticas y 

legales que incluyen: la falta de un modelo estandarizado del sistema que pueda ayudar 

al marco europeo de clima y energía 2030 a alcanzar sus objetivos; el repentino cambio 

en el marco legal de las energías renovables en algunos países de la UE. Todas estas 

barreras técnicas, económicas y legales provocan una gran variación en la cuantificación 

de los beneficios de la DH a lo largo de su vida útil y agregan más dificultades para que 

los miembros de la UE establezcan sus planes de previsión para el futuro despliegue de 

la DH. 

Para ampliar los beneficios de los sistemas DH basados en LCE, el diseño y 

dimensionamiento óptimos de la DH y sus componentes relevantes (por ejemplo, 

dispositivos de carga / descarga) deben planificarse adecuadamente [29]. Para contribuir 

a este objetivo, se realizan seis contribuciones destacables en esta tesis. En primer lugar, 

se propone un marco de optimización multiobjetivo sistemático (MOO) para optimizar el 

diseño de plantas de DH considerando simultáneamente los aspectos económicos y 

ambientales. Para ello, se desarrolló una metodología de simulación-optimización basada 

en una planta DH modelada en TRNSYS 18 que fue optimizada mediante una 

herramienta de optimización genérica (i.e., GenOpt) de acuerdo a indicadores 

económicos y ambientales. Este último objetivo se evaluó a través de los principios de 

evaluación del ciclo de vida (LCA), que cuantifican el impacto causado en todas las 

etapas del ciclo de vida del sistema energético. En segundo lugar, siguiendo la línea de 

investigación de programación matemática, se desarrollaron  modelos sustitutos 

computacionalmente mucho menos costosos de resolver que los rigurosos modelos de 

simulación con TRNSYS. En este contexto, se propone un marco de optimización 

multiobjetivo completo que utiliza un enfoque robusto de aprendizaje automático para los 

principios de sostenibilidad inherentes en el diseño de SDHS. Además, el marco investiga 

la incertidumbre en el contexto del diseño de DH, en el que el Análisis de Sensibilidad 

Global se combina con el enfoque de optimización heurístico. En tercer lugar, con la 

ayuda de indicadores clave de rendimiento relacionados con las características de 

calefacción urbana de cuarta generación (4GDH) y los actores clave para un posible 

crecimiento del mercado, se investiga la posibilidad de integrar la bomba de calor (HP) 

en la DH con almacenamiento de energía térmica estacional para apoyar la estabilización 

de su rendimiento y ayudar en la transición sostenible hacia 4GDH. Además, la viabilidad 

económica de 4GDH depende de la circularidad del TES debido a su gran contribución 

en la inversión de 4GDH. Así, la cuarta sección presenta un marco para la evaluación de 

circularidad del TES que puede ser útil para la evaluación sostenible de la 4GDH. La 

quinta sección se centra en mostrar los aspectos sostenibles clave para integrar 4GDH 

en varios tamaños de comunidades residenciales para lograr los objetivos de edificios de 

energía casi nula (NZEB). Sin embargo, lograr el NZEB también es un proceso 

dependiente del funcionamiento del edificio. Así, en el sexto apartado, se desarrolla una 

herramienta de diagnóstico para mejorar y garantizar el desempeño de los edificios NZEB 

durante su etapa de operación que puede ser útil para que las empresas constructoras e 

instaladoras mantengan las prestaciones de sus productos de manera proactiva.  
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En resumen, esta tesis proporciona herramientas sólidas y sistemáticas de programación 

matemática para respaldar la toma de decisiones y la formulación de políticas en el 

camino hacia los objetivos de sostenibilidad de la UE, que son lo suficientemente flexibles 

y prácticas para contribuir a una transición sostenible hacia la LCE. 

Si bien habrá importantes retos de sostenibilidad por delante, aportes como los que se 

buscan en esta tesis, aunque aparentemente insignificantes, pueden dar grandes pasos 

en la transición hacia una nueva era donde la economía, la sociedad y el medio ambiente 

coexistan como pilares clave del desarrollo sostenible. 
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Resum 

La necessitat de canviar el model energètic mundial és un tema que cada cop cobra més 

importància i interès. S'han de redoblar els esforços per canviar els sistemes de producció 

d'energia actuals cap a l'ús de fonts més netes i menys intensives en carboni. Actualment, 

els combustibles fòssils representen al voltant del 80% de l'ús d'energia primària. D'altra 

banda, l'International Energy Outlook preveu un augment significatiu de la demanda 

mundial d'energia durant les properes dècades. Es preveu que el consum global d'energia 

s'incrementarà en un 48% pel 2040 amb un creixement en l'ús de petroli i gas natural 

d’un 30% i 53,2%, respectivament. Aquesta tendència de les perspectives conduiria a 

greus problemes ambientals, com l'augment d'emissions de gasos d'efecte hivernacle 

(GEH) i el consegüent impacte en el clima. 

Europa és un dels actors rellevants en aquest escenari, contribuint amb un 21,6% al 

consum total d'energia. A més, a la Unió Europea (UE) el parc d'edificis representa al 

voltant del 40% de la demanda total d'energia, amb el sector residencial consumint el 

63% d'aquesta energia. Segons estimacions de l'Administració d'Informació Energètica 

(EIA), la demanda de consum d'energia per al sector residencial a la UE augmenta en 

una mitjana del 0,9% anual. Juntament amb totes aquestes xifres, els edificis residencials 

són la quarta font més important de GEH a la UE i van representar al voltant del 10% del 

total de GEH el 2016. En resposta a aquest desafiament, la UE ha adoptat el paquet de 

mesures sobre clima i energia fins a 2020 que inclou la legislació necessària per abordar 

les preocupacions mediambientals i donar suport a la seguretat i independència 

energètica. El paquet estableix tres objectius principals: (i) reduir en un 20% les emissions 

de GEH en comparació amb els nivells de 1990, (ii) augmentar la participació de les 

energies renovables i (iii) millorar l’eficiència energètica en un 20%. El 2013, la UE va 

aprovar un nou i ambiciós marc per al clima i l'energia entre 2020 i 2030. Aquesta 

estratègia preveu reduir les emissions de GEH en un 40%, aconseguir una participació 

de al menys el 32% de les energies renovables i millorar l'energia eficiència al menys un 

32,5%. A més, al febrer de 2016, la Comissió Europea va publicar el seu primer pla 

d'acció per abordar l'enorme quantitat d'energia utilitzada per escalfar i refredar els 

edificis europeus. L'estratègia de calefacció i refrigeració inclou accions per augmentar 

l'ús d'energia renovable i la integració de sistemes de calefacció urbana (DH), 

proporcionant flexibilitat als sistemes d'energia al reduir i canviar la demanda a través de 

sistemes d'emmagatzematge d'energia tèrmica ( TES). Brindar serveis d'energia amb 

energies renovables a través a través de xarxes de districte (DH) pot ser més simple, 

més eficient i menys costós que la integració directa en cada edifici individual. Així, per 

reduir la dependència energètica i les emissions en el sector de la construcció, els 

sistemes de DH eficients basats en energia baixa en carboni (LCE) s'identifiquen com a 

tecnologies clau per a una transició energètica sostenible.  

Una sèrie de possibles barreres (tècniques, financeres i administratives) encara 

obstrueixen l'ampli desplegament de DH basat en LCE a Europa. Un dels reptes més 

importants associats amb el DH són les variacions significatives de prestacions 

observades. A més de la variació en les prestacions, els alts costos de capital d'aquesta 

tecnologia representen una barrera desafiant i dificulten l'obtenció del finançament 

requerit. Per altre banda, hi ha barreres principalment polítiques i legals que inclouen: la 

manca d'un model estandarditzat de sistema que pugui ajudar al marc europeu de clima 

i energia 2030 a assolir els seus objectius; el sobtat canvi en el marc legal de les energies 

renovables en alguns països de la UE. Totes aquestes barreres tècniques, econòmiques 
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i legals provoquen una gran variació en la quantificació dels beneficis de la DH al llarg de 

la seva vida útil i afegeixen més dificultats perquè els membres de la UE estableixin els 

seus plans de previsió per al futur desplegament de la DH. 

Per ampliar els beneficis dels sistemes DH basats en LCE, el disseny i dimensionament 

òptims de la DH i els seus components rellevants (per exemple, dispositius de càrrega / 

descàrrega) s'han de planificar adequadament [29]. Per contribuir a aquest objectiu, es 

realitzen sis contribucions destacades en aquesta tesi. En primer lloc, es proposa un marc 

d'optimització multiobjectiu sistemàtic (MOO) per optimitzar el disseny de plantes de DH 

considerant simultàniament els aspectes econòmics i ambientals. Per a això, es va 

desenvolupar una metodologia de simulació-optimització basada en una planta DH 

modelada en TRNSYS 18 que va ser optimitzada mitjançant una eina d'optimització 

genèrica (i.e., GenOpt) d'acord a indicadors econòmics i ambientals. Aquest últim objectiu 

es va avaluar a través dels principis d'avaluació del cicle de vida (LCA), que quantifiquen 

l'impacte causat en totes les etapes del cicle de vida de el sistema energètic. En segon 

lloc, seguint la línia d'investigació de programació matemàtica, es van desenvolupar 

models substituts computacionalment molt menys costosos de resoldre que els rigorosos 

models de simulació amb TRNSYS. En aquest context, es proposa un marc d'optimització 

multiobjectiu complet que utilitza un enfocament robust d'aprenentatge automàtic per als 

principis de sostenibilitat inherents en el disseny de SDHS. A més, el marc investiga la 

incertesa en el context del disseny de DH, en què l'Anàlisi de Sensibilitat Global es 

combina amb l'enfocament d'optimització heurístic. En tercer lloc, amb l'ajuda 

d'indicadors clau de rendiment relacionats amb les característiques de calefacció urbana 

de quarta generació (4GDH) i els actors clau per a un possible creixement de mercat, 

s'investiga la possibilitat d'integrar la bomba de calor (HP) a la DH amb emmagatzematge 

d'energia tèrmica estacional per donar suport a la estabilització del seu rendiment i ajudar 

a la transició sostenible cap a 4GDH. A més, la viabilitat econòmica de la 4GDH depèn 

de la circularitat del TES a causa de la seva gran contribució en la inversió de la 4GDH. 

Així, la quarta secció presenta un marc per a l'avaluació de circularitat del TES que pot 

ser útil per a l'avaluació sostenible de la 4GDH. La cinquena secció es centra en mostrar 

els aspectes sostenibles clau per integrar 4GDH en diverses mides de comunitats 

residencials per assolir els objectius d'edificis d'energia gairebé nul·la (NZEB). No obstant 

això, aconseguir el NZEB també és un procés dependent del funcionament de l'edifici. 

Així, en el sisè apartat, es desenvolupa una eina de diagnòstic per millorar i garantir 

l'acompliment dels edificis NZEB durant la seva etapa d'operació que pot ser útil perquè 

les empreses constructores i instal·ladores mantinguin les prestacions dels seus 

productes de manera proactiva. 

En resum, aquesta tesi proporciona eines sòlides i sistemàtiques de programació 

matemàtica per recolzar la presa de decisions i la formulació de polítiques en el camí cap 

als objectius de sostenibilitat de la UE, que són prou flexibles i pràctiques per contribuir a 

una transició sostenible cap la LCE. 

Si bé hi haurà importants reptes de sostenibilitat per davant, aportacions com les que es 

busquen en aquesta tesi, encara que aparentment insignificants, poden donar grans 

passos en la transició cap a una nova era on l'economia, la societat i el medi ambient 

coexisteixin com a pilars clau del desenvolupament sostenible. 
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I. Introduction 

I.1 Background and motivation 

There are a new series of social hurdles, owing to the massive stress on 

organizational resources and the massive expansion of the worldwide population. 

The consumption of oil, food, water, components and other resources has risen, and 

suppliers are, of course, coping with this development [1]. The exponential progress 

of the world and the rapid growth of developing markets indicate that energy demand 

is growing, and costs have typically risen after the new century [2]. Despite the global 

tendency in shifting the current energy production toward a more clean, economical 

and sustainable energy options, the gap between the observed emissions and the 

desirable reduction to fulfill the international energy and climate legislation is widening 

where the carbon dioxide (CO2) emissions grow by 6.5% over the last five years [3]. 

In Europe, the Governance of the Energy Union approved new clean energy for all 

Europeans package [4]. This plan comprehensively updates the European Union 

(EU) energy policy framework to facilities the sustainable transaction from fossil fuel 

toward the deployment of low carbon energy technologies to follow up the EU's 2030 

targets for climate and energy consistently with delivering the EU´s Paris agreement 

commitments toward the reduction in greenhouse gas emissions (GHG) [5]. An 

important step to spread on the clean energy transition in the European Union and its 

Member States is the energy efficiency in the building sector. The buildings represent 

one of the biggest energy consumers in the EU, accounting for more than 40% of the 

final energy consumption [6], where the residential buildings consume 63% of this 

energy [7]. Moreover, more than 75% of residential energy consumption is utilized for 

space and domestic hot water heating [8]. Along with all these figures, the residential 

sector counts for about 10% of the total GHG in 2017 [9]. Thus, the residential 

buildings present excellent energy efficiency opportunities with measures aimed at 

reducing their heating and cooling requirements or their energy consumption for 

lighting, appliances, and other equipment. Apart from the energy demand side, 

residential buildings are also expected to contribute to the supply side of the energy 

system by incorporating various renewable sources, such as solar, thermal energy 

storages and efficient technologies like biomass, heat pumps and cogeneration, both 

at the building and at the district scale. In response to this opportunity, the EU 

promotes Energy efficiency directive plan 2012/27/EU [10]. This plan tends to boost 

the energy performance of the buildings and introduce energy certificates, taking into 

account the external climatic conditions and defining the Net Zero Energy Building 

(NZEB). Even though these actions plan led to decline the final energy consumption 

of the residential section by 9.3% over the last 15 years, still the average energy 

consumption still increases by 0.4% per year due to the growth in the urbanization 

area and dispersion of the central heating [11]. Aligning with this growth, various types 
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of renewable energy systems are installed in the building sector for electricity and 

thermal loads coverage. 

Among all renewable sources, the solar energy seems to be the most promising 

alternative for fossil fuel due its unique benefits which comprises [12]: (i) reduction in 

the primary energy consumption at the end-user level, (ii) increment in the power 

generation and transmission capacities, (iii) hybrid feature with almost all kind of back 

up heating sources, and (iv) high availability with some limitation in the high latitudes. 

For these reasons, solar energy can be utilized for satisfying the large heating 

demand in the building sector. However, the main drawback of solar energy, as well 

as the other renewable energy sources, is the intermittency and fluctuation based on 

short and long term basis [13,14] which causes a gap between the energy demand 

and supply. Between several storage techniques, the thermal energy storage (TES) 

systems seem to be the most promising technique that fulfills this gap issue. The 

thermal energy storage (TES) technique stores the excess generated power and 

provides it on-demand [15]. Considering its storage capacity, the TES systems 

comprise two main categories; these categories are short and long-term systems. 

The first type has a charge-discharge capacity for a few days and is widely known as 

diurnal storage [16]. In general, this type suffers from demand coverage problems 

during the winter season, especially in the high latitude countries. This is due to the 

difference in solar availability between summer and winter seasons [17]. On the other 

hand, the long-term storage can last up for several months, and it is known as 

seasonal TES. Accordingly, the seasonal TES can efficiently contribute to solve the 

demand issue during the winter season, and consequently improve the usage of the 

renewables in district heating systems aligning with the building decarbonization 

concept [18,19]. Even though the seasonal TES has been developed for chemical 

and latent heat storage, the existing seasonal TES mainly uses sensible storage due 

to its stability [20]. 

In Europe, the begin of developing solar assisted district heating system (SDHS) 

based on low-carbon energy coupled with sensible seasonal TES began in the 1970s 

with the energy crisis [21]. Such these district heating communities have been 

established in the 1990s and 2000s, mostly in Denmark and Germany [22]. Since 

then, the SHDS market has been grown practically in the northern and the Northern 

and central of Europe [23]. Within 2016, 37 SDHS were installed in Europe compared 

to only 25 plants installation in 2015. With few exceptions, the real performance of 

the SDHS has met with the estimated or predicted results. In Friedrichshafen-

Germany, the estimate performance in terms of the solar fraction could reach up to 

43%. However, the monitoring data under realistic operation conditions showed that 

a solar fraction between 21% to 33% could be reached [24]. The higher estimated 

solar fraction value has not been reached due to several issues comprises higher 

heating demand compared the excepted, higher thermal losses in the seasonal 

storage, and lower solar collector and heat exchanger efficiencies [25]. The same 
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issue has been noticed in other SDHS installed in the Neckarsulm, and Rockstock 

[26]. Moreover, in the installed plants in Steinfurt-Borghorst, Hamburg, and 

Neckarsulm II, a considerable deviation between the design and monitored 

performance is noticed due to the high thermal losses in the seasonal and other 

tanks, high net return temperature, and smaller solar collector area than the planned 

[27]. In Crailsheim-Hirtenwiesen, a SDHS was built to cover 50% of the heating 

requirement in a residential area comprises 260 apartments, a school, and a gym. To 

ensure the system accessibility throughout the year, a borehole seasonal storage 

with volume of 10,000 m3 is added to the system [28]. The performance monitoring 

showed a variation between the estimated and real solar fraction up to 60%. This 

huge gap is due to the ground losses combined with higher operating temperature in 

the space heating network [29]. The most famous solar community is the Drake 

Landing Solar Community in Canada. This plant has been able to cover 98% of the 

space heating demand through solar energy [30]. However, a high-performance 

variation faces this solar community during a five year of monitoring. According to 

ASHRAE report [31], the reason behind this underperformance of the system 

compared to the simulation results is the high thermal losses throughout the network, 

the storage tank stratification, and pump control. Other than the problems mentioned 

above, Claudia Weissmann et al.[32] mentioned that the building orientation, the 

thermal collector orientation combined with the pipe leakages could adversely affect 

the SHDS performance. Besides the performance variation, the high capital costs of 

this technology represent a challengeable barrier and make it more difficult to obtain 

the required funding [33]. Also, there are primarily political and legal barriers which 

include: lack of a standardized model of the system which could help the European 

2030 climate and energy framework achieve its targets; the sudden change in the 

renewable energy legal framework in some EU countries such as Spain [34]. All these 

technical, economic, and legal barriers promote high variation in quantifying the 

SDHS benefits over its lifetime and add more difficulties for the EU members to state 

their forecast plans for future deployment of the SDHS in district heating fields. 

In addition to the integration of potential of SDHS to achieve Nearly Zero Energy 

Buildings (NZEB) and improve the energy performance in the residential sector, the 

construction companies that lead the development of NZEB itself in Europe indicate 

a substantial obstacle to guarantee the nZEB performance and thus to improve their 

market position. An additional challenge is that the guarantee of building data quality 

where monitoring a thousand of homes simultaneously isn’t feasible since sensors 

may not function properly and it can be out of budget. Therefore, the need for a 

generic approach to monitor and guarantee the building performance is essential. 

Furthermore, this approach should be based on minimal monitoring data for individual 

homes to find out what is the cause for the current situation of the deviations between 

the actual and expected performance as analyses based on wrong data lead to wrong 

conclusions, wrong decisions, extra costs and loss of support. 
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I.2 General Objectives 

All the performance, economical and legal barriers mentioned before promote a high 

variation in quantifying the sustainable transformation to NZEB and subsequently 

improve the energy efficiency in the residential sector to fulfill the EU's 2030 targets.  

Thus, this thesis aims to propose tools and methodology frameworks to address the 

shortcomings associate with the low carbon energy technologies represented by the 

SDHS via the following contributions: 

• Develop and verify a detailed simulation of the SDHS performance 

considering seasonal and short-term storage systems and their respective 

load profiles based on the explored climates. 

• Develop systematic multi-objective optimization approach for the designing 

of SDHS with seasonal storage capable of simultaneously minimizing the 

system life cycle cost and its environmental impact for different European 

climatic conditions. 

• Formulate a novel mathematical programming framework based on machine 

learning adept to assist the operator, inventors and policy makers in 

development of policies that encourage sustainable practices and decisions 

in response to the deployment of the SDHS at the residential sector. 

• Investigate the uncertainty associate with SDHS performance for the 

economic parameters (investment costs, energy carrier prices, etc.) through 

taking advantage of the low computational cost feature associated with the 

development of machine learning. 

• Demonstrate the sustainable potential of efficient technologies such as heat 

pump integration into a residential community sized SDHS to stabilize its 

performance. 

• Develop a method for sustainable circular system design (SCSD) that 

ecologically assesses the sustainability of TES technologies. The method 

can be utilized to increase circularity and the sustainability of those derived 

measures. 

Furthermore, from the building side, this thesis attempt to tackle the challenges facing 

the construction companies in ensuring the NZEB performance via the following 

contributions: 

• Develop a diagnostic tool to guarantee and proactively maintain the indoor 

climate performance of nZEBs with consideration for the temporal variation 

associate with the climate data and occupant behavior.  

• Develop a modelling scheme for defining the difference between the 

predicted and actual energy and indoor performance at an individual nZEB 

based on uncertainty analysis. 

• Use the data analysis based on uncertainty model and sensitivity analysis to 

have an additional knowledge in the future regarding the building 
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performance which can be added to the builders, installers and occupants, 

and subsequently bridge the NZEB concept with the client anticipations. 

The capability of the proposed methodologies and tools for both, the supply and 

building sides, is illustrated through case studies, some of them directly based on 

existing applications in order to demonstrate how they can support decision and 

policy makers to design effective strategies towards sustainability. 

I.3 The simulation tools 

A computer simulation is an attempt to model a real-life or hypothetical system on a 

computer so that it can be studied in order to get insights into how the system works. 

It is a tool used to virtually investigate the behaviour of the system.  Simulation is 

used in many contexts. It can be used to simulate the eventual real effects of 

alternative conditions and courses of action. It is used when a real system cannot be 

engaged with because it is inaccessible, or it may be dangerous. Key issues in the 

simulations include the acquisition of valid source information about the important 

selection of key characteristics and behaviour. Within the simulations, simplification, 

approximations, and assumptions are made. Afterwards, the simulation outcome 

needs to be validated. 

Energy and building simulation software is an important tool used by designers to 

analyse system feasibility and cost. The energy simulation software allows a designer 

to predict, measure, optimize and design systems and buildings with some accuracy. 

It also allows designers to identify important variables that can support their decisions 

when building a new or redesigning an existing system [1]. 

The tools can be useful in building complex systems and simulations without investing 

a lot in building such systems. Nowadays, tools are needed to answer very specific 

questions during the initial phase. Designers can also predict the energy system's 

behaviour and building before they are constructed and simulate the investments and 

operational costs of the systems in their current and future conditions. 

Energy simulation software can also consider all the regulations in force and provide 

appropriate suggestions for a better energy system design. Energy simulation 

software tools have developed over the years. At the moment, there are many energy 

simulations tools with different complexity and responses to different variables [1]. 

Generally, in all energy simulations software tools, three steps have to be performed 

(for instance: the creation of the model, building simulations and analysis of the 

results). Different commercially available simulation tools are available, such as IDA 

Indoor Climate and Energy (IDA ICE), Integrated Environmental solutions (IES), 

Energy Plus and TRNSYS (stands for transient system simulation programme). 

These software tools have been used in various studies [2]. 
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I.3.1 TRNSYS dynamic simulation software 

TRNSYS is a complete and extensible simulation. It is quite a flexible tool, especially 

in performing transient simulation of an energy system. TRNSYS was first developed 

jointly by the University of Wisconsin-Madison’s Solar Energy Lab and Colorado State 

University’s Solar Energy Applications Lab [3]. 

TRNSYS is an algebraic and differential equation solver in which components are 

connected graphically in the simulation studio. The software has a modular structure 

that has been designed to develop complex systems. The components may range 

from a heat pump to the multi-zone of a building complex. The components are 

configured through the graphical user interface known as TRNSYS Simulation Studio. 

In solar district heating network simulations, all the mechanical components are 

solved simultaneously at each time step. The time step may vary from an hour to 0.1 

of second. The library in the software tool allows the use of various components like, 

solar panels, PV panels, HVAC (heating, ventilation and air conditioning) systems, 

cogeneration systems etc. It also provides different weather data. The simulation 

results can show the performance of an individual component which can be selected 

from the simulation studio. It assists understanding complicated systems. Logical 

programming or simple equations can be written on open-source code to accomplish 

system control strategies. 

In the simulation tool, the construction of the building can be achieved by the 

introduction of data on a dedicated visual interface known as TRNBuild. TRNSYS 

also provides TRNEdit, which is an editor for reading and writing TRNSYS inputs and 

outputs. TRNEdit can also perform parametric TRNSYS simulation and plot data. In 

addition, this energy simulation tools allows the user to incorporate other components 

developed in software tools, such as Matlab, Excel, and Visual Basic (VBA) etc. [4]. 

I.3.2 Machine learning modeling approach 

Due to the high computational expenses of using TRNSYS to simulate large energy 

systems, machine learning (metamodel) may overcome these computational 

obstacles [5]. The metamodel is a generated model of the sequential model, which is 

typically fast compared to the original detailed TRNSYS model. One of the most 

widely used metamodel technique is artificial neural networks (ANN) to solve complex 

engineering problems [6]. The main ANN advantage is the replicate the detailed 

model through approximate an implicit relationship based on the training data. 

The ANN is a supervised learning technique which covers a board range of models 

and learning algorithm. Generally, the neural network consists of several hidden 

layers where each layer consists of several neurons; these neurons propagate 

information using weighted connections and transfer functions. The number of 

neurons in the input and output layers is equal to the number of the model input and 

output, respectively. Since the number of hidden layers and its relative neurons 
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selection increase the overfitting risk, the hidden layers are interpreted based on an 

optimization algorithm which can be used to interpret other ANN settings [7]. The 

outline for the ANN model is shown in Figure I-1. 

In addition to the hidden layers and its relative neurons, the ANN architecture is also 

defined through other settings comprises the training/learning method, the activation 

functions, momentum mean, and the learning rate. Thus, we construct the neural 

network based on investigating the optimal setting for the following hyperparameters: 

• Number of the hidden layers. 

• Number of neurons in the hidden layer. 

• Training function. 

• Activation function, hidden layer. 

• Activation function, output layer. 

• Learning rate. 

• Momentum mean. 

I.4 Mathematical programming 

In order to expand the benefits of energy systems, the optimal designing and sizing 

of system and its relative relevant components (e.g., charging/discharging devices) 

should be adequately planned [8]. Substantially, planning and construction of large-

scale energy system coupled is a complex process. Furthermore, the vast options 

evolve the optimization approach as a viable option to obtain the optimal design and 

operation conditions. The formulation of the optimization problem has two main 

approaches: single objective optimization and Multi-objective optimization. 

Figure I-1: Structure of the ANN model 
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I.4.1 Single objective optimization 

Generic single-objective optimization problem is generally stated in compact form [9] 

as follows: 

min {𝑓(𝑥, 𝑦)}  

𝑠. 𝑡.  ℎ(𝑥, 𝑦) = 0 

        𝑔(𝑥, 𝑦) ≥ 0 
 

 𝑥 ∈ 𝑅, 𝑦 ∈ 𝑍  Eq.I-1 

where 𝑓(𝑥, 𝑦) represents the objective function to be minimized and 𝑥 and 𝑦 represent 

the vectors of continuous and integer decision variables (if any), respectively. The 

feasible set of solutions is defined by the set of constraints imposing restrictions on 

variables where ℎ(𝑥, 𝑦) represents equality constraints whereas 𝑔(𝑥, 𝑦) refers to 

inequality constraints. 

A point (𝑥, 𝑦) satisfying all constraints is a feasible solution to the problem. All feasible 

solutions constitute the feasible regions. The aim of the optimization is to satisfy the 

optimality criteria by selecting the best point from available feasible solutions. A point 

(𝑥∗, 𝑦∗) from the feasible region ω is deemed as local minimum if the objective 

function takes the smallest value in some feasible neighbourhood, that is, there exists 

a δ>0 such that 𝑓(𝑥∗, 𝑦∗) ≤ f(𝑥, 𝑦)∀𝑥, 𝑦 ∈ {𝜔: |𝑥 − 𝑥∗| ≤ 𝛿}. Often, in an optimization 

problem, there can be many local minima but only one global minimum is possible. A 

point (𝑥∗, 𝑦∗) is a global minimum when the objective function takes the smallest value 

in all the feasible region, that is, 𝑓(𝑥∗, 𝑦∗) < 𝑓(𝑥, 𝑦)∀𝑥, 𝑦 ∈ 𝜔. 

I.4.2 Multi-objective optimization 

To optimize problems considering more than one criterion (i.e., economic, and 

environmental) multi-objective optimization (MOO) techniques are required. 

min {𝑓1(𝑥), …… 𝑓𝑛(𝑥)} 

𝑠. 𝑡.  ℎ(𝑥) = 0 

𝑔(𝑥) ≥ 0 

 

𝑥 ∈ 𝑅, 𝑦 ∈ 𝑍 Eq.I-2 

 

In MOO problems usually there is not only one optimal solution but rather a set of 

Pareto solutions that represent the optimal trade-off between the conflicting 

objectives considered in the analysis. A solution is said to be Pareto optimal when 

it cannot be improved simultaneously in all the objectives without necessarily 

worsening at least one of them. Therefore, all the Pareto solutions are considered 

to be equally optimal (see [10] for further information) as shown in Figure I-2. 
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The optimized solution in the multi-objective problem provides a set of non-dominated 

solutions (Pareto frontier points), which represent optimal trade-off solutions between 

different objectives that satisfy the technical performance constraints. The extreme 

points in the Pareto frontier called the anchor points, and it corresponds to the 

minimum economic and environmental impact solutions in our case studies. In the 

MOO problems using the classical methods based on point by point approach 

(weighted sum or the ɛ-constraint method) [11], the optimization outcome represents 

a single optimized solution based on a particular search direction, which often delivers 

local information (suboptimal solution). Furthermore, due to the dependency of the 

optimal solutions on the initial chosen solution, these approaches fail in solving 

different optimization problems type [12]. Aligning with these limitations, an 

evolutionary approach based on a technique called Pareto-ranking [13] is utilized to 

estimate approximate Pareto-optimal solutions based on the objective functions. The 

main advantage of evolutionary algorithms is the fact that they typically generate sets 

of solutions, allowing computation of an approximation of the entire Pareto front. The 

main drawback of evolutionary algorithms is their lower speed, and that the Pareto 

optimality of the solutions cannot be mathematically guaranteed. There are many 

different tools to optimize energy systems designs. GenOpt [14] and MATLAB 

environment [15] are the widely used tools. 

Figure I-2: Schematic representation of the Pareto frontier for a two criteria multi-

objective optimization problem 

I.4.3 Simulation-based optimization methods 

I.4.3.1 Single point or population-based search 

The number of solutions attained by the algorithm at the same time can be the other 
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characteristic of classification. The algorithms which work on single solutions are also 

referred to as trajectory methods. Here are included all the metaheuristics based on 

local search. On the other hand, population-based metaheuristics perform search 

processes similar to the evolution of the set of points in the search space. 

I.4.3.2 Dynamic or static objective function 

Some algorithms use static objective functions during run-time, others (e.g. guided 

local search) modify the objective function during the search. The idea behind the 

dynamic approach is to escape from local minimum by modifying the search 

“landscape”. 

I.4.3.3 One or various neighborhood structures 

Many algorithms use one invariable neighborhood structure during the optimization. 

Some metaheuristics (e.g. variable neighborhood search) use different landscape 

topologies which make them more likely to escape the local minimum solutions. 

I.4.3.4 Memory-based or memory-less methods. 

The use of memory is recognized as one of the most important elements of a powerful 

metaheuristic. Memory-less algorithms perform a Markov process, they use memory 

slots only to decide the next action. There are also short-term algorithms which refer 

to recently performed moves or recently taken decisions. The long-term algorithms 

accumulate information about the whole search. 

I.4.3.5 Genetic algorithm 

In complex models, an analytical formulation is unavailable, and it is infeasible to use 

classical methods (grid search). With such a problem, meta-heuristic methods can be 

used, such as a genetic algorithm. A genetic algorithm is an optimization method that 

is based on the evolution principle. After a set of solutions has been found, they are 

compared, and the best ones are combined by way of exchanging some of their 

variable values.  After this the solutions are compared with new variables to find the 

better solution set. NSGA-II is a popular genetic algorithm that utilizes solution sorting 

based on function values. It helps to find solutions on the Pareto front. 

In this work, fast sorting and elite multi objective genetic algorithm (NSGA-II) is used 

because it can handle multi-objective problems, while at the same time handling 

both the discrete and continuous design variables. Furthermore, NSGA-II 

provides a parallel computing facility that can reduce the time needed to reach 

optimal solutions [16]. 
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I.4.3.6 Bayesian optimization 

As in other kinds of optimization, in Bayesian optimization we are interested in finding 

the minimum of a function 𝑓(𝑥) on some bounded set X. What makes Bayesian 

optimization different from other procedures is that it constructs a probabilistic model 

for 𝑓(𝑥) and then exploits this model to make decisions about where in X to next 

evaluate the function, while integrating out uncertainty. The essential philosophy is to 

use all of the information available from previous evaluations of 𝑓(𝑥) and not simply 

rely on local gradient and Hessian approximations. This results in a procedure that 

can find the minimum of difficult non-convex functions with relatively few evaluations, 

at the cost of performing more computation to determine the next point to try. When 

evaluations of 𝑓(𝑥) are expensive to perform — as is the case when it requires 

training a machine learning algorithm — then it is easy to justify some extra 

computation to make better decisions. For an overview of the Bayesian optimization 

formalism and a review of previous work, see, e.g., Snoek J et al. [17]. 

I.5 Optimization solutions post analysis 

The Multi-objective optimization presents us with a Pareto front of the optimal 

solutions which are then subjected to multi-criteria decision making (MCDM) to 

facilitate the selection of suitable optimal solution according to the need of 

stakeholders. For MCDM, we have used TOPSIS methodology, which ranks the 

solutions based on the desired criteria. To illustrate the significance of uncertainty on 

the optimized objectives, we performed the uncertainty and the sensitivity analysis 

[18]. 

I.5.1 TOPSIS method 

A widely used MCDM algorithm presented by Hwang et al. [19] is TOPSIS. This 

method uses the normalized values obtained from (Eq.I-3-Eq.I-4) and assumes a 

distance-based criterion signifying that ideal solution lies at the shortest distance from 

the positive ideal solution and the longest distance from the negative ideal solution. 

The calculated distances then compared to find out the best plausible solution. The 

advantage of TOPSIS is that it can provide a ranking of each solution for each 

criterion [20]. 

To determine the rank, first, we identify the positive ideal solution (A+) and negative 

ideal solution (A-) as below: 
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𝐴+ = {(𝑚𝑎𝑥⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼) , (𝑚𝑖𝑛⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼′) , 𝑖 = 1,2,… ,𝑚} =  {𝑣1
+, 𝑣2

+, … , 𝑣𝑚
+} Eq.I-3 

𝐴− = {(𝑚𝑖𝑛⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼) , (𝑚𝑎𝑥⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼′) , 𝑖 = 1,2, … ,𝑚} =  {𝑣1
−, 𝑣2

−, … , 𝑣𝑚
−} Eq.I-4 

Here, I = {j = 1, 2,…, n} and I’= {j = 1, 2,…, n} represents the sets of economic and 

environmental criterion in our case studies. Then, we measure the Euclidean distance 

for each solution from positive and negative ideal solutions using following equations: 

𝑆𝑖
+ = √∑(𝑣𝑖𝑗 − 𝑣𝑗

+)
2

𝑛

𝑗=1

,               𝑓𝑜𝑟 𝑖 = 1,2, … ,𝑚 Eq.I-5 

𝑆𝑖
− = √∑(𝑣𝑖𝑗 − 𝑣𝑗

−)
2

𝑛

𝑗=1

,               𝑓𝑜𝑟 𝑖 = 1,2, … ,𝑚 Eq.I-6 

Lastly, proximity index (Ci ∈ [0;1] for i = 1, 2,…, m) is calculated to find the remoteness 

from the positive and negative ideal solutions for ranking, as: 

𝐶𝑖 =
𝑆𝑗

−

𝑆𝑗
+ + 𝑆𝑗

− Eq.I-7 

I.5.2 Uncertainty Analysis (UA) 

Uncertainty Analysis (UA) aims to investigate the variability of the model’s output 

given uncertain inputs. UA essentially allows the modeler to answer the question: 

“How uncertain is my model output?” In an energy system design problem, for 

instance, UA would allow us to examine how the optimal design outcome varies for 

different realizations of the uncertain model inputs. Hence, we could learn more about 

the design’s robustness to change. The most common approach to perform UA is to 

execute a deterministic model multiple times by propagating Monte Carlo (MC) 

samples of the uncertain parameters through the model in order to obtain an 

uncertain model response. UA focuses solely on this uncertain model output, which 

can be used to perform statistical calculations, such as computing the mean and 

standard deviation of the output, statistical moments, estimates of the probability that 

the output will exceed a specific threshold etc., but also to plot histograms and 

empirical cumulative distribution functions (CDF), among others. By analyzing the 

statistical properties of the model’s uncertain response, the impacts of uncertainty 

can be quantified. More information on MC-based UA can be found in [21]. 
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I.5.3 Sensitivity Analysis (SA) 

Sensitivity Analysis (SA) is a related practice to UA and is commonly applied in 

succession to it. In fact, SA has a different goal than UA which defines SA as “the 

study of how uncertainty in the output of a model (numerical or otherwise) can be 

apportioned to different sources of uncertainty in the model input”. In other words, SA 

aims to quantify the importance of the input parameters with regards to their 

contribution to the model output variability. SA techniques are often divided into Local 

SA (LSA) and Global SA (GSA) techniques. In the following sections, a brief 

introduction will be given to the main computational methods that can be applied to 

perform SA. More information and up-to-date reviews of SA methods can be found 

[22]. 

I.5.3.1 Local Sensitivity Analysis (LSA) 

Local Sensitivity Analysis (LSA) is the simplest and most commonly used approach 

to perform SA. The technique provides a measure of the effect of input parameters 

on the model output by varying one parameter of the model at a time, while all the 

other parameters remain fixed at their nominal point. That is why LSA is also referred 

to as one-at-a-time (OAT) analysis. The popularity of LSA in modelling activities is 

explained by a series of reasons given by Saltelli and Annoni [18] with the most 

important ones associated with the method’s simplicity and ease of understanding. 

However, the same authors, as well as many others, have argued that LSA is 

inadequate practice. Firstly, LSA is informative only around the point of the calculation 

and does not adequately cover the input parameter space. In addition, any available 

probabilistic knowledge on the inputs is not taken into account and the values for the 

input parameters are considered equiprobable. Finally, the interaction effects among 

factors cannot be detected as these would require simultaneous inputs variation and 

not OAT. These shortfalls of LSA have been addressed with the development of 

Global Sensitivity Analysis (GSA) techniques, which are introduced below. 

I.5.3.2 Global Sensitivity Analysis (GSA) 

In contrast to LSA, GSA extends the field of investigation of the uncertain parameters 

from the base point to the whole input parameter space, allowing the interactions 

between parameters to be studied. GSA contains a series of different methods that 

are applicable in different settings and their main ideas are briefly described below. 

More detailed information to carry out the GSA are the following: 

1. Screening analysis: Computational models might have hundreds or even 

thousands of uncertain parameters, but practice has shown that often only a 

small subset of these parameters might be influential. Thus, screening 

techniques aim specifically to identify the set of least influential model 

parameters that can be fixed to any given value within their uncertain range, 
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without significantly affecting the output variance. The advantage of 

screening methods is their low computational cost; hence, they are very well 

suited to models that have a large number of uncertain parameters and/or 

are computationally expensive. The main representative of screening 

analysis and the one that is the most widely used is the method of Morris 

[23]. The main disadvantage of the method of Morris is that its results can 

only be interpreted qualitatively. The method can provide a rank of 

importance for the input parameters but cannot quantify how much more 

important one parameter is over another. 

 

2. Variance-based methods: The last group of methods are based on the 

variance decomposition of the model output. Unlike screening techniques, 

these methods quantify the contribution of each parameter to the output’s 

variance as a measure of parameter importance. For this task, they calculate 

the first-order and total-order Sobol indices per parameter on the basis of 

Monte Carlo simulations. The first-order index quantifies the effect on the 

output variance that can be attributed to the parameter examined alone, while 

the total-order also considers the interactions with other model parameters. 

Variance-based techniques require no assumption regarding the model’s 

form, such as linearity or monotonicity, and they can be used with black-box 

simulation tools as well. The main drawback of these methods is that they 

require a large number of Monte Carlo model runs per uncertain model 

parameter, therefore, it is commonly suggested that a screening analysis 

precedes a variance-based SA to reduce the dimensionality of the problem 

[23]. 

 

3. Bayesian analysis of computer code outputs (BACCO): The main 

advantage of this approach is its ability to cover a wide range of uncertain 

parameters and interactions with consideration for their relative distributions 

[24]. Furthermore, it offers a substantial computational improvement 

compared to using expensive GSA based on Variance-based methods [25]. 

The BACCO method entails two main key stages. In the first step, a statistical 

representative model (i.e., an emulator) is built based on a set of training data 

points derived from the developed simulation-based optimization model. The 

training data is ideally cover the feasible design domain using a 

multidimensional space-filling algorithm (Latin hypercube design). Prior to the 

second stage, the cross-validation approach is applied automaticity to 

estimate the emulator accuracy. The second stage uses the constructed 

emulator (which is efficient in covering a multidimensional design domain in 

low computational expenses in comparison to the original optimized model) 

in quantifying the importance of parameters in interest [26]. 
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I.6 Sustainability evaluation criteria 

In current thesis, two main sustainable criteria comprise: the economic performance 

with details regarding the construction and operation of the equipment in the 

proposed plant, as well the environmental performance throughout the system 

lifetime. 

I.6.1 Economic analysis 

In the current work, the economic evaluation follows the work of Tulus et al. [27] which 

is carried out based on the life cycle costing (LCC) methodology [28,29]. 

The LCC methodology is a valuable monetary approach for assessing the energy 

system designs in terms of the initial purchase cost and the operational costs 

throughout the expected lifetime of the system. The LCC perspective in the early 

stages of design empowers the decision-makers to deeply comprehend the lifetime 

costs of the system [30], and subsequently enhance the possibility of an additional 

reduction in the system operational cost even if more investment cost is required [31]. 

The main principle of the LCC methodology is the future cost approach. Its feature is 

to discount the summation of all expenses during the lifetime of the system to its 

present value where the net present cost (NPC) can be estimated by adding the initial 

capital cost (CC), the operational cost (CO) and the total replacement cost of the 

equipment (CR): 

C O RNPC C C C+ +=  Eq.I-8 

I.6.1.1 Initial capital cost 

The initial capital cost is the investment cost at the project starting point. It takes into 

consideration the actual equipment cost, the installation labor and transportation 

costs along with any possible contingency expenses: 

 

(1 ) ( · )C k kCF

k

PEC FBMC = +   Eq.I-9 

where PECk is the initial purchase cost of equipment unit k, FBMk denotes the bare 

module factor, which represents the installation labour and transportation costs, and 

αCF denotes the contingency fees factor. 

The PECk is brought to its present worth value from the base year (year A) to the year 

of installation (year B) using the Chemical Engineering Plant Cost Index (CEPCI) [32] 

as follows: 
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yearB

yearA

k yea Ak r

CEPCI
PEC PEC k

CEPCI
=   Eq.I-10 

I.6.1.2 Operational cost 

The operational cost refers to the sum of all the annual operating costs such as 

maintenance costs of the different equipment units and facilities, the consumption of 

electricity by hydraulic equipment and the consumption of natural gas by auxiliary 

heaters. It can be expressed as follows: 

AUX AUO M M P P XC C PWF C PWF C PWF= + +  Eq.I-11 

where CM, CP and CAUX represent the annual maintenance cost, hydraulic equipment 

(i.e. pumps) and auxiliary consumption costs, respectively. The present worth factor 

(PWF) counts for the time value of money considering the inflation rate (i), discount 

rate (d), and lifetime of the proposed system (Ne) as expressed in following: 

1 1
1    

1
 

                           
1

eN

e

i
i d

d i d
PWF

N
i d

i

  + 
−     

− −    = 


 =
 +

 Eq.I-12 

I.6.1.3 Replacement cost 

Several equipment units have a high depreciation rate and subsequently need to be 

replaced during the plant operation. The replacement cost can be expressed as 

following with consideration for the equipment present value: 

 

( · )  R n k

k

kC PVF PEC FMB=   Eq.I-13 

where PVFn is the present value factor of a future cash flow at year n and it can be 

expressed as follows: 

( )

( )

1

1

n

n n

i
PVF

d

+
=

+
 Eq.I-14 

I.6.2 Life cycle assessment 

The LCA is a methodology for the environmental evaluation connected with material, 

products, or operation under which resources, energy, and atmosphere (from the 

cradle to the grave) are defined and quantified [33]. LCA contributes, including the 

production, utilization, and landfill process, for all resource and energy inputs and 
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outputs of a product over its lifetime. The environmental impact measured by 

conducting an LCA practice must be transformed into a singular dimensionless value. 

The proposed procedure includes two sub-processes: standardization and weighting, 

two additional components of the LCA method of life-cycle impact assessment, as 

defined in the ISO 14044 International Standard [34]. Standardization is the 

magnitude measurement for the reference information of the section indicating 

findings. This will also help convey details on the relative value of the effects of the 

indicator [35]. Weighting is a procedure using numerical variables to transform the 

findings of the impact category metrics, enabling the converted metrics to be 

aggregated further [36]. LCA intends to examine the unique influence of a product or 

service to the environmental burdens in its various life cycle phases. The ISO 

14040:2006 and ISO 14044:2006 [34,37,38] set out four interrelated measures: (1) 

Goal and scope definition; (2) inventory analysis; (3) impact assessment; (4) 

interpretation which identifies relevant issues and formulate recommendations. 

These phases are explained in detail in the next subsections. 

 

Figure I-3: The life cycle assessment guidelines 

I.6.2.1 Goal and scope definition 

Three key regions, system borders, impact groups and the functional unit are included 

in this process. The whole product development (cradle to grave idea) must be 

evaluated on the system border. The environmental effects of the impact groups are 

measured using indicators as the ReCiPe 2016 [39] impact value. The ReCiPe is a 

measure that is broadly utilized for comprehending damage. Eighteen metrics of 

middle point effect are chosen and clustered in three groups of endpoint damage. 

They are (1) ecological quality that covers acidification & eutrophication, ecological 

toxicity, and land use; (2) cancer-causing issues, environmental issues, cosmic rays, 

deteriorating ozone levels and breathing impacts, and (3) fossil fuel and mineral 

mining raw material. These results are given in classifications of impact and by 

specific measures determine the environmental burden. The decision-maker 
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considers this kind of measure more comprehensible than the so-called mid-point 

concept [40]. 

I.6.2.2 Inventory analysis 

It considers input, performance, and energy usage in connection with product in the 

second phase of the LCA sequence. In the impact evaluation step, they are further 

interpreted in waste and pollution. The material distribution and delivery to the factory 

are regarded during the entire project time. Besides the energy usage in the 

framework, the related impact during its lifespan can be obtained from databases as 

Ecoinvent [41]. 

I.6.2.3 Impact assessment 

During this step, the inventory records are transcribed into sustainability reports. As 

already stated, three separate areas of damage are covered: health care, the 

environment, and risk to infrastructure centred on the 2016 ReCiPe framework [39]. 

The assisted system classification may be carried out for either or not the midpoints 

depending on the endpoints scale. The loss can be represented as follows 

numerically for each impact section. 

𝐼𝑀𝑃𝑒 = ∑ 𝜃𝑒𝑖 . 𝐿𝐶𝐼𝑖
𝑇𝑜𝑇      ∀𝑒

𝑖

 Eq.I-15 

Where 𝐿𝐶𝐼𝑖
𝑇𝑜𝑇 is the life cycle inventory related to production, resource logistics and 

plant execution, correlated with the primary flow i. 𝜃𝑒𝑖 showed the damage component 

with respect to the elementary flow i impact factor e. This aspect encourages a 

connection between the inventory and the classifications of damage. 

𝐷𝐴𝑀𝑑 = ∑ 𝐼𝑀𝑃𝑒       ∀𝑑

𝑒∈𝐼𝐷𝑑

 Eq.I-16 

𝑅𝐶𝑃𝑑 = ∑𝛿𝑑𝜀𝑑𝐷𝐴𝑀𝑑       ∀𝑑

𝑑

 Eq.I-17 

Where 𝐷𝐴𝑀𝑑 describes a classification of endpoint effects in damage classification 

d. RCP is the standardized ReCiPe 2016 measure and 𝛿𝑑, and 𝜀𝑑 are the specific 

weight and normalization elements. The element of normalization is calculated based 

on the EU damage computations for land use and emissions calculations [42]. The 

weighting variables are calculated based on suggested values, as described in the 

ReCiPe 2016. 
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I.6.2.4 Interpretation 

In addition to several suggestions which help to improve system efficiency, this step 

offers an evaluation of the findings. In this sense, policymakers can recognize the 

weak points conveniently along the way, where additional effort must be made to 

decrease the environmental impact. Even so, there are no specific boundaries on 

how the decrease can be achieved. Besides, because of the range of possibilities 

and differing targets (i.e., impact classifications) in many situations, assessment is 

highly complicated. The LCA findings can be implemented as variables in the 

statistical model in order to address these constraints. 

I.7 Outline: Low carbon technologies case studies 

The simulation-based optimization methods have a great potential for solving 

computationally expensive real-world sustainability problems. These methods can aid 

decision-makers and policymakers in their struggle of taking correct actions towards 

a more sustainable future. In the next lines we briefly comment on the problems we 

have addressed in this thesis. 

I.7.1 Sustainable SDHS potential in EU (article 1) 

Aligning with the ambitions EU 2030 climate & energy package for cutting the 

greenhouse emission and replacing conventional heat sources through the presence 

of renewable energy share inside efficient district heating fields, central solar heating 

plant coupled with seasonal storage (CSHPSS) can have a viable contribution to this 

goal. However, the performance uncertainty combined with the inadequate 

assessment regarding the financial potential and the greenhouse gas emission 

reduction associated with the deployment of those innovate district heating systems 

represents a big challenge for sufficiently applying the CSHPSS in Europe. 

In this context, this paper presents a comprehensive evaluation for the possibility of 

integrating CSHPSS in the residential sector at various EU states members through 

the formulation for a multiple objective optimization problem. This problem comprises 

the life-cycle cost analysis (LCC) for the economic evaluation and the Life Cycle 

Assessment (LCA) for the environmental impact simultaneously with consideration 

for both the space heating (SH) demand and the domestic hot water (DHW) services. 

The methodology framework is applied to a residential neighborhood community of 

1120 apartment under various EU climate zones that comprise Madrid, Athens, 

Berlin, and Helsinki as a representative for the Mediterranean continental, 

Mediterranean, central European, and Nordic climates, respectively. The 

environmental assessment shows a significant improvement when using the 

CSPHSS in comparison to the natural gas heating systems where the environmental 

impact associated with the CSPHSS is reduced 82-87%. On the other hand, an 

extensive economic improvement is limited especially in the Mediterranean climate 
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zone (Athens) with low heating demand and prices for the non-renewable resources 

where the total economic cost of the CSHPSS plants can increase up to 50.8%. 

However, aligning with the increment tendency in natural gas price in EU nowadays, 

the future development in the plant cost confirms its favorable economic feasibility at 

the long term. Figure I-4 shows a graphical summary for article 1. 

 

 

Figure I-4: Graphical abstract of article 1: Economic and environmental potential 

for solar assisted central heating plants in the EU residential sector: Contribution 

to the 2030 climate and energy EU agenda 

 

I.7.2 Machine learning approach to improve SDHS sustainability (article 2) 

A promising pathway towards sustainable transaction to clean energy production lies 

in the adoption of solar assisted district heating systems (SDHS), which are placed 

in the end-user sector and hence reduce energy transmission losses. However, 

SDHS technical barriers during their design and operation phases, combined with 

their economic limitation, promote a high variation in quantifying SDHS benefits over 

their lifetime. This study proposes a complete framework using a robust machine 

learning approach based on an artificial neural network (ANN) to inherent 

sustainability principles in the design of SDHS. These principles comprising the life 

cycle cost analysis and the life cycle assessment are formulated in a multi-objective 

optimization problem to assess the SDHS beneficial performance in comparison to 

conventional heating systems based on natural gas. Moreover, the methodological 

framework investigates the uncertainty in the context of SDHS design, in which the 

Global Sensitivity Analysis (GSA) based on Bayesian analysis of computer code 

outputs is combined with the Heuristics optimization frameworks using the low 

computational expenses benefits of the ANN model. 
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Figure I-5: Graphical abstract of article 2: a framework for the optimal integration 

of solar assisted district heating in different urban sized communities: a robust 

machine learning approach incorporating global sensitivity analysis 

The application of the framework is illustrated through a case study for the optimal 

design of SHDS at different urban community sizes (10, 25, 50, and 100 buildings) 

located in Madrid. The optimization problem is formulated under two optimizations 

setting where the first setting includes only the system equipment sizing, whereas the 

other setting embraces the seasonal storage tank (SST) construction materials as 

well in the optimization problem. Results reveal a substantial improvement in 

environmental benefits for deploying SDHS instead of the natural gas boilers with the 

increment in the community size, especially with including the SST construction 

properties in the optimization problem, and it can achieve an improvement up to 

89.3% in the community size of 100 buildings. Moreover, SDHS can reduce the 

greenhouse gas payback period up to 3 years for all community sizes. These benefits 

are extended to the economic objective and are reduced up to 30.7-66% based on 

the community size. In terms of the economic payback period, SDHS show their 

feasibility when increasing the community size; the payback period can reach 13.7 

years at the community size of 100 buildings. Regarding the technical performance, 

optimization results show that the solar fraction did not fall below 82.1 % for the 

investigated community sizes with efficiency for the SST above 69.5%. Finally, GSA 

results indicate the initial investment cost of the SST and its relevant construction 

materials, in addition to the annual natural gas inflation rate, are primarily responsible 

for the variability in the optimal system feasibility. The proposed framework based on 

the robust machine learning approach can provide a good starting point to solve the 

enormous computational expenses drawbacks associated with the heuristics 

optimization approach. Furthermore, it can function as a decision support tool that 

retrofits efforts toward the most effective action plans to fulfill the European Union 

energy targets regarding clean energy production. Figure I-5 shows a graphical 

summary for article 2. 
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I.7.3 Sustainable integration of heat pump in SDHS (article 3) 

The movement toward the 4th generation district heating (4GDH) embrace a great 

opportunity to support the future smart energy development concept. However, its 

development is addressing technological and economic obstacles aligning with the 

need for a reformation of the energy market to ensure the quality of service. In this 

context, our paper presents a comprehensive analysis based on a multi-objective 

optimization framework incorporating artificial neural network-based model for the 

possibility of integrating heat pump (HP) into solar assisted district heating (SDHS) 

with seasonal thermal energy storage to support the sustainable transition toward 

4GHD. The study evaluates the performance of the proposed system with the help of 

key performance indicators (KPI) related to the 4GDH characteristics and key 

stakeholders for possible market growth with consideration for the environmental 

benefits. 

 

Figure I-6: Graphical abstract of article 3: Flexible Heat Pump Integration to 

Improve Sustainable Transition Toward 4th Generation District Heating 

 

The framework application is illustrated through a case study for an optimal 

integrating of HP under different control strategy into a SDHS located in Madrid to 

cover the heating demand of a small neighbourhood of 10 buildings. Inherent the 

SDHS operator stakeholder perspective, the results reveal a significant improvement 

in the stabilization of the SDHS performance due to the HP integration where the 

solar field temperature never exceeds 80oC and seasonal storage tank (SST) 

temperature stands at 85.4oC. Furthermore, the solar fraction never falls below 86.1% 

with an efficiency of 73.9% for the SST. While the seasonal HP performance factor 

stands above 5.5 for all optimal scenarios. From the investor viewpoint, a 59.1 

Euro/MWh can be achieved for the proposed system with a payback period of 26 

years. Finally, from the policymaker perspective, along with the significant economic 

and sustainable improvement in the SDHS performance, a substantial environmental 

improvement of 82.5% is achieved in comparison to the conventional natural gas 

heating system. The proposed analysis reflects a great motivation for different 
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stakeholders to propose this system as a path toward the 4GDH in the future district 

energy systems. Figure I-6 shows a graphical summary for article 3. 

I.7.4 Thermal Energy Storage in Circular Economy (article 4) 

The present study develops a methodology framework for Sustainable Circular 

System Design (SCSD), aiming to assess Thermal Energy Storage (TES) 

technologies from an ecological point of view. To this end, a composite indicator, 

namely, Environmental Sustainability and Circularity indicator (ESC) is provided. This 

indicator combines the environmental impacts of the TES system, via the conduction 

of an LCA, and its circulatory performance using product-level Material Circularity 

Indicator (MCI). The developed methodology is applied to a case study of a liquid 

(molten salts) thermal storage media. The SCSD embraces the analysis for the most 

relevant processes through proposing different ecological scenarios including, 

increasing the recycling rates (Modest Scenario), increasing the reuse rates (Medium 

Scenario), and a combination of both (Optimistic scenario). 

 

Figure I-7: Graphical abstract of article 5: A Framework for Sustainable Evaluation 

of Thermal Energy Storage in Circular Economy 

 

The circularity analysis showed that for the scenarios Modest, Medium and optimistic, 

the MCI moves from 20.6% for the current situation to 30.3%, 38.6%, and 46.4%, 

respectively. The results also revealed that improving circularity generally reduces 

environmental impacts. Accordingly, the optimistic scenario showed the most 

environmentally sustainable and circular scenario with ESC of 7.89%, where Modest 
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and Medium scenarios exhibited ESCs of 1.20% and 2.16%, respectively. A major 

obstacle for substantial improvement of the circulatory and ESC is the high share of 

unrecyclable molten salts in the system and therefore, any effort to improve the 

circulatory and the environmental benefits of this system can be reached by using 

more environmentally friendly alternative materials. The study concludes that the 

integration of reusing and recycling at the initial design should be sought in order to 

achieve a more environmentally sustainable and circular outcome. Figure I-7 shows 

a graphical summary for article 4. 

I.7.5 SDHS potential to achieve Zero Energy Buildings (article 5) 

Arising Nearly Zero Energy Buildings (NZEB) concept in Europe, the solar district 

heating systems (SDHS) present a potential solution to meet the European energy 

performance directive for the buildings sector. Nevertheless, current practices face 

several technological and economical barriers to ensure service quality. In this 

context, our work presents a sustainability analysis (technical, economic, 

environmental, and social) for SDHS integration in the residential sector to meet the 

NZEB and positive energy building goals. 

 
Figure I-8: Graphical abstract of article 5: Sustainable Insights on Emerging Solar 

District Heating Technologies to Boost the Nearly Zero Energy Building Concept 

 

This paper proposes an application of the machine learning model based 

incorporating a multi-objective optimization and multi-criteria decision making to 

facilitate a sustainability index for the decision-making stakeholders and 

policymakers. The proposed analysis application is illustrated through retrofitted 

residential communities with building energy rating (D) at different sizes (10, 25, 50, 

100, and 500 houses) located in Emmen (Netherlands) and compared to a standard 

decentralized heat pump. The optimization results show the ability of SDHS to provide 

a solar fraction up to 95% at the community of 500 houses. Furthermore, achieving a 

NZEB status is only approved economically at community size ≥ 100 houses with life 

cycle cost of 41 €/m2 and a payback period of 25 years. These results align with a 

substantial environmental and social improvement of 78.2% and 29.7%, respectively 

compared to the decentralized heat pump. Overall, this study provides policy decision 
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making with an evaluation for positive energy communities and suggests the SDHS 

integration to meet the global sustainability goals. Figure I-8 shows a graphical 

summary for article 5. 

I.7.6 Allocation for Nearly Zero Energy Building Constraints (article 6) 

The nearly zero-energy buildings (nZEB) present a promising contribution to fulfill the 

EU sustainable future targets. However, the construction industry that leads the 

development of nZEB is facing challenges to guarantee its performance. In this 

context, this paper proposes a methodology framework based on Multizone 

Resistance–Capacitance Model to trace the nZEB performance challenges with 

quantifications for the time-dependent variables comprising occupant behaviors as 

well as the dynamic behavior of weather conditions and building operations. This 

approach incorporates Bayesian optimization for calibration purposes to minimize the 

required monitoring data. Moreover, the proposed framework integrates the 

uncertainty analysis (UA) with two-step global sensitivity analysis (GSA) in order to 

quantify and assess the uncertainty associate with the performance of the developed 

digital dwelling. 

 
Figure I-9: Graphical abstract of article 6: a real-time diagnostic tool for evaluating 

the thermal performance of nearly zero energy buildings 

The methodology application is demonstrated through a case study for a newly 

renovated two-story dwelling located in a district of Emmen at the Netherlands. The 

results confirm a high accuracy for the digital dwelling performance where the model 

offers a prediction accuracy of 2.2% and 7.03% for the thermal energy consumption 

and indoor zone temperature, respectively. On the other hand, the UA confirms a 

high uncertainty associate with the nZEB performance where the total thermal energy 

consumption can increase up to 100 kWh/m2/yr. This variation is driven by the 

infiltration rates followed by the building envelope characteristics. The proposed 

framework can serve a diagnostic tool to assist the construction and installation 

companies to maintain the performance of their products proactively. Figure I-9 

shows a graphical summary for article 6. 
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I.8 General conclusions 

This thesis has been devoted to develop mathematical programming models to 

support sustainable decision and policy making. Different methodology frameworks 

have been developed to tackle some sustainability challenges with emphasis on 

sustainable energy systems modelling in the residential sector. We next present a 

summary of the knowledge derived from the study of five problems addressed in this 

thesis which is covering the low carbon energy technologies problem represented by 

the SDHDS, and its application to achieve NZEB. Note that further discussions and 

particular conclusions can be found in each corresponding chapter. The general 

conclusions are listed below: 

• A systematic multi-objective optimization approach is proposed to design a 

complex SDHS which is applied to optimize the cost and the aggregated 

environmental metric throughout the life cycle of the system in comparison to 

conventional heating systems using natural gas boilers. This approach 

proposes guidelines for different stakeholders to evaluate the SDHS potential 

at different EU climate conditions. 

• The proposed methodological framework successes in reducing the technical 

variation the system performance when introduced in various EU climate 

zones. Furthermore, the overall trend indicates that for the installation to be 

more profitable from the economic point of view, a better distribution of 

available and demanded energy is preferable (and this strongly depends on 

the climate conditions). On the other hand, from the environmental point of 

view all the cases showed great long-term reduction comparing to a natural 

gas system. However, the low heating demand and low prices of the natural 

gas and g optimization problem and investigate the possible market growth 

with consideration for the environmental benefits. 

• Taking advantage of the low computational cost feature associated with the 

robust ANN model, the uncertainty associated with the economic parameters 

(investment costs, energy carrier prices, etc.) is investigated through global 

sensitivity analysis based on Bayesian analysis of computer code outputs. 

• With including the seasonal TES design parameters in the optimization 

problem, a large improvement in both the economic and environmental 

performance of the SDHS is indicated. Furthermore, the uncertainty analysis 

reveals that the variation in the optimal SDHS cost and its relative impact is 

due to the initial investment cost of the SST and its relevant construction 

materials in addition to the annual natural gas inflation rate. 

• With including the heat pump technology in the SDHS design to stabilize its 

performance and assist in the sustainable transition towards 4th generation 

district heating (4GDH), a novel methodology with the help of key 

performance indicators (KPI) related to the 4GDH characteristics and key 

stakeholders for possible market growth and expansion is proposed. This 
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multi-perspective analysis can be used by the key stakeholders as a starting 

point to develop necessary business models which will allow the full 

competitiveness of SDHS for the sustainable energy transition. 

• With arising for the NZEB concept in Europe, a complete sustainability 

analysis (technical, economic, environmental, and social) for SDHS 

integration in the residential sector to meet the NZEB and positive energy 

building goals is proposed. This approach comprises an application of the 

machine learning model based incorporating a multi-objective optimization 

and multi-criteria decision making to facilitate a sustainability index for the 

decision-making stakeholders and policymakers. 

• To trace the economic failure of the seasonal TES, a methodology framework 

is developed for Sustainable Circular System Design (SCSD), aiming to 

assess TES from an ecological point of view. To this end, a composite 

indicator, namely, Environmental Sustainability and Circularity indicator 

(ESC) is provided. This indicator combines the environmental impacts of the 

TES system, via the conduction of an LCA, and its circulatory performance 

using product-level Material Circularity Indicator (MCI). 

• With the NZEB performance challenges, a novel diagnostic tool to guarantee 

and proactively maintain the indoor climate performance of NZEB with 

consideration for the temporal variation associate with the climate data and 

occupant behavior during the operation stage of the building. Furthermore, 

with the data analysis model based on uncertainty incorporating global 

sensitivity analysis, additional knowledge in the future can be added to the 

builders, installers, and occupants, which can bridge the NZEB concept with 

the client anticipations. 

I.9 Future work 

A wide range of issues as well as potential improvements and new ideas have been 

revealed in the course of this thesis that may be focus of further investigation. Here 

we present some of the potential research lines to be explored in future work: 

• The relevance of the work presented in this thesis extends beyond the 

research field of district heating systems and can relate to multiple 

environmental and economic aspects. A potential barrier to the wider 

adoption of distributed heating systems in urban environments is the 

uncertainty surrounding the wider energy landscape, causing investors to be 

more hesitant towards these systems. Thus, the investigation of uncertainty’s 

impacts should importantly be addressed. Therefore, the adoption of these 

methods from practitioners can assist in designing systems that are robust 

against uncertainty, hence, increasing their attractiveness. 

• Future research can focus on investigating uncertainty in different energy 

system contexts. In fact, in any part of the energy modelling spectrum 

uncertainty sources can most likely be traced. Therefore, any modelling 
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activity that takes place in a deterministic context can be extended to include 

uncertainty considerations. For instance, it would be of interest to investigate 

the impacts of uncertainty for multi-site energy system configurations. In that 

way, we could determine whether interconnections between multiple sites 

allow systems to better hedge against uncertainty and to what degree this 

would be favourable. Additionally, the focus could also be placed on isolated 

systems e.g., in remote areas. If grid interconnection is not available or 

cannot fully support the needs of remote communities, useful insights can be 

obtained by designing systems that are robust against uncertainty. Finally, 

the design of systems that aim to achieve specific goals could also be 

investigated, such as zero-energy or zero-carbon communities. If such 

systems are designed deterministically, there is always the risk of failing to 

meet the targets under uncertainty. Therefore, it would be interesting to 

investigate how systems that can achieve their targets under any conditions 

or with high probability should be designed. 

• For the building performance, the modelling of stochastic occupancy and 

activity patterns in buildings is an important aspect. Therefore, more 

advanced models following the ones mentioned in Chapter VII can be 

coupled with BPS tools to better reproduce the stochastic occupancy and 

activity patterns. 

• Social indicators were almost neglected in our approach. Enlarge the scope 

of the sustainability encompassing more social aspects together with the 

economic and environmental criteria will be a major focus for future research. 

Although it might probe challenging from the parameter gathering 

perspective, there are some emerging methodologies recently proposed (i.e., 

Social Life Cycle Assessment initiative) that may be used to include social 

aspects. 

• A comprehensive circular economy analysis with consideration for the 

recycling impact as well as the potential for reuse concept in the design and 

manufacturing of the SDHS can enhance its feasibly with meeting the EU 

2030 targets.   
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II.1  Introduction 

The global tendency for changing the world energy map is a booming topic, and more 

efforts should be scaled up to shift the current energy production systems towards 

the use of cleaner and less carbon-intensive sources. Currently, fossil fuels share 

about 80% of the primary energy use [1]. The International Energy Outlook [2] 

forecasts a significant increase in the world energy demand over the next decades. 
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It is projected that global energy consumption will evolve by 48% in 2040 with a 

growth in the usage of crude oil and natural gas by 30% and 53.2%, respectively. 

This outlook trend leads to serious environmental problems such as more 

greenhouse gas (GHG) emissions and the subsequent impact on the climate [3]. 

Europe is one of the relevant players in this scenario contributing 21.6% to the overall 

energy consumption [4]. Additionally, in the European Union (EU) the building stock 

accounts for about 40% of the total energy demand [5], while the residential sector 

consumes 63% of this energy [6]. According to estimations of the US Energy 

Information Administration (EIA) [2], the energy consumption demand for the 

residential section in the EU increases by an average of 0.9% per year. Along with all 

of these figures, the residential buildings are the fourth most important source of GHG 

in the EU, and it accounted for about 10% of the total GHG in 2016 [7]. In response 

to this challenge, the EU has adopted the 2020 climate and energy package [8] which 

includes requisite legislation to tackle the environmental concerns and support the 

energy security and independence. The package sets three main targets: (i) reduce 

by 20% the GHG emissions compared to the 1990 levels, (ii) increase the renewable 

energy share and (iii) improve its energy efficiency by 20%. In 2013, the EU approved 

a new ambitious framework for the climate and energy between 2020 and 2030. This 

strategy plans to cut the GHG emissions by 40%, to achieve a share of at least 27% 

of renewable energies, and to improve the energy efficiency by at least 27% [9]. 

Among all of the renewable energy resources, the solar thermal energy obtained 

considerable attention since it is a CO2 neutral and it can be used for both space and 

water heating [10,11]. It was reported that solar thermal technologies could 

substantially satisfy the heat demand in the residential sector in many countries [12]. 

Furthermore, it has several advantages which include [13] (i) savings in the primary 

energy consumption at the end user and country planning level, (ii) increase in energy 

security against the fluctuations in the prices of the conventional energy resources, 

(iii) decrease the dependency on the electricity from the network, and (iv) contribute 

to the network stabilization. These solar thermal energy systems continue to increase 

their market share across whole Europe. More than 1.2 GWthermal was installed within 

2015 to raise the total installed capacity to 34.4 GWthermal [14]. 

However, the solar thermal systems are facing a significant challenge of intermittency 

and predictability, which cause a gap between the supply and the energy demand 

[15,16]. The thermal energy storage (TES) systems can effectively solve this issue 

[17]. There are three main categories of the TES. These categories include the 

sensible TES through a temperature gradient, the latent TES based on the phase 

change materials, and the thermo-chemical TES through chemical reactions [18]. 

Currently, sensible storage is the most common system to be used in the residential 

sector, while latent and chemical systems are promising technologies under 

development [19]. 
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The specific heat and energy density are the two main characteristics that evaluate 

the thermal capacity of the sensible TES. Besides thermal capacity characteristics, 

the TES cost also has a vital role in the selection process. Therefore, water, rock 

material, and soil/ground are the usually employed storage media in sensible TES 

systems. The energy storage in the sensible TES systems can be classified into long-

term (seasonal) and short-term (diurnal) [20]. The main difference between these two 

systems is the solar collector and storage volume sizing where the investment per 

square meter of collector area is almost doubled in the long-term seasonal storage 

systems [21]. In addition to that, seasonal storage is always coupled with an auxiliary 

heater to cover the shortage in supply [22]. On the contrary, short-term storage allows 

direct usage in the heating district network. 

The solar district heating system coupled with sensible seasonal storage has been 

subjected to several investigations, and it has already been introduced as a feasible 

alternative. Initially, in the 1950’s, Speyer [23] assesses theoretically the potential of 

the central solar heating plant coupled with seasonal storage (CSHPSS) to benefit 

from the excess of solar energy in summer during the winter period. The first proof of 

concept for this system was developed in Sweden in the 1970’s to address the energy 

shortage crisis [24], followed by Denmark and Germany in the 1990’s [25]. Since 

then, the market for solar heating plants has grown throughout Europe [26], 

particularly in Northern and Central European countries. During 2016, 37 large 

heating plants were installed in Europe compared to 21 new installed in 2015. Within 

these installations, 31 systems were added to the Denmark district heating networks, 

four systems in Germany, one system in Sweden and one system in France [27]. In 

the southern European countries, some positive signs of growth of solar thermal 

energy are noticed from Spain and Greece. These evolution signs are due to the 

legislation imposed by the governments to scale up the utilization of renewable 

energy technologies [28]. 

Several research entities such as the IEA’s Task 32 and Task 45 [29] has paid 

attention to the solar district heating energy systems. Additionally, numerous articles 

discuss the principal methods available for the seasonal storage of the central solar 

heating system. Xu et al. [30] and Rad and Fung [31] presented an extensive review 

on the solar district energy system and its different types of TES. Shah et al. [32] 

conducted a comparative review to demonstrate the potential contribution of different 

TES options with a goal of building a decision support flowchart for the selection of 

TES based on the required application. In this context, Sibbitt et al. [33] and 

Antoniadis and Martinopoulos [34] developed several useful guidelines for the design 

of the CSHPSS. Rehman et al. [35], and Rämä and Mohammadi [36] conducted 

investigations toward the different options for community-sized solar thermal storage 

system configurations for the Nordic European climate zones. Also, Rad et al. [37], 

and Panno et al. [38] assessed the techno-economic promising performance of the 
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seasonal solar thermal storage in the residential sector. Finally, Ciampi et al. [39] 

demonstrated its environmental potentials. 

In order to maximize the benefits from the centralized solar heating plants with 

seasonal storage in the residential sector, the optimal sizing of the system 

components and their operation should be adequately planned. This process can turn 

into a computationally requesting task. Li et al. [40] explored the optimal operation 

strategy for the CSHPSS based on the orthogonal schedule using real data. Durão 

et al. [41] and Rehman et al. [42] lean towards optimizing the design parameters of 

CSHPSS for different locations from an economical point of view using Genetic 

Algorithms, whereas Hirvonen et al. [43] also consider the community size effect. 

Buoro et al. [44] formulated a Mixed Integer Linear Programming (MILP) approach 

for optimizing the CSHPSS plant together with a conventional power unit for a large 

district heating network. Recently, several studies emphasized on the importance of 

taking into account the techno-economic parameters and the environmental impact 

simultaneously which expands the optimization approach for designing a new 

CSHPSS plant from a single objective optimization to a multi-objective optimization 

(MOO) problem. Tulus et al. [45] proposed a systematic MOO approach for designing 

CSHPSS plants based on a generic optimization tool according to economic and 

environmental indicators. The optimization of the environmental indicators become 

especially important as the main impact weight shifts from the fossil fuel consumption 

to the materials used for the installation of the system. Equally, Pavičević et al. [46] 

developed and demonstrated a long-term MILP optimization model based on SCIP 

(Solving Constraint Integer Program) solver for district heating systems. This model 

is capable of handling the operation strategy and system component sizing in the 

planning and evaluation process with considerations for the cost and the 

environmental impacts throughout the project lifetime. In addition, Welsch et al. [47] 

proposed an MOO approach for investigating solar district heating systems under 

various economic and environmental boundary conditions. Projection of the results 

promotes the influence of CSHPSS in increasing the feasibility of renewable energy 

technologies in the building sector. 

Even though the tendency of the CSHPSS plants is promising, a range of potential 

barriers (technical, financial and administrative) are still obstructing the wide 

deployment of CSHPSS in Europe. One of the most important challenges associated 

with the CSHPSS is the significant performance variations. According to several 

large-scale seasonal energy storage systems, the solar fraction of the plants has a 

quite wide variation [48] which suggests a high degree of variation in the quantifiable 

costs and benefits. In German and Spanish CSHPSS projects [31, 36] the 

combination of seasonal heat storage with a central solar heating system enables 

solar fractions of over 50%. While in a CSHPSS project for a residential area in 

Alberta (Canada) 97% of solar fraction was achieved in the fifth year of operation [33]. 

A simulation study for district solar heating combined with seasonal borehole storage 
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in Helsinki showed that high solar fraction of 96% is feasible [51]. Besides the 

performance variation, the high capital costs of this technology represent a 

challengeable barrier and make it more difficult to obtain the required funding [52,53]. 

Also, there are primarily political and legal barriers which include: lack of a 

standardized model of the system which could help the European 2030 climate and 

energy framework achieve its targets; the sudden change in the renewable energy 

legal framework in some EU countries such as Spain [54]. All these technical, 

economic and legal barriers promote high variation in quantifying the CSHPSS 

benefits over its lifetime and add more difficulties for the EU members to state their 

forecast plans for future deployment of the CSHPSS in district heating fields. 

Aligning with the challenges facing the wide deployment of CSHPSS in Europe 

combined with the ambitious EU 2030 climate and energy package for cutting the 

greenhouse emissions and increasing the share of renewable energies. The potential 

evaluation of a refurbished or a new solar district heating system requires not only its 

technical specification but its potential contribution when integrated into the end-user 

supply network taking into account the renewable source availability during various 

seasons of the year and the weather and ground conditions [55]. Thus, such issues 

call for developing an adaptive methodological framework to the local weather and 

ground conditions [56]. 

Due to the complexity of the CSHPSS design and its inconsistencies in the energy 

production combined with the challenges associated with its economic and 

environmental impact. The novelty in this work is to develop a methodological 

framework that supports the climate and energy goals of the EU through a 

comprehensive analysis for the techno-economic advantages and environmental 

impacts of CSHPSS plants in various EU member states with a comparison to a 

conventional heating system using natural gas as the primary heat source. In this 

context, a simulation-optimization methodology is developed with a detailed 

simulation of the CSHPSS plant performance using TRNSYS 18 software [57] 

considering seasonal and short-term storage systems and their respective load 

profiles based on the explored climates. Then a multi-objective optimization is 

performed by an external generic optimization toolbox (GenOpt [58]). The proposed 

methodology can serve as a supportive tool for decision-makers helping them assess 

the potential of the CSHPSS plants in Europe and subsequently, promote a clear 

statement towards the possibility of achieving the 2030 European climate and energy 

framework targets. 

The article organization is the following: in Section II.2 a general overview of the 

CSHPSS system is provided. The mathematical formulation of the simulation-

optimization methodology together with the mathematical basis of the CSHPSS 

market forecasting is provided in Section II.3. Section II.4 describes the application 

of the methodology to four EU climate zones, and Section II.5 offers the necessary 
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results and discussions. Finally, the conclusions of the work are presented in Section 

II.6. 

II.2 Overview of the CSHPSS system 

Central solar heating plants with seasonal thermal energy storage are designed to 

fulfill energy demands for space heating (SH) and DHW in a residential sector (see 

Figure II-1). Usually, these systems are designed to supply district heating for more 

than 100 apartments with a solar fraction of approximately 50% [49]. The main 

components of the CSHPSS system are the thermal solar collector, the seasonal 

storage tank (SST), and the DHW storage tank (DHWT). The solar collector transfers 

the heat gained from the solar radiation to the storage tanks which is then supplied 

to the customer on demand. The mismatching between the energy supply and 

demand in the daily and seasonal bases is balanced through the storage tanks. 

Auxiliary natural gas heaters are installed to back up the required heat demand in 

case the solar heating system failed to cover it. 

The SST facilitates long-term storage of thermal energy used to cover the SH demand 

during a winter season with solar energy stored during a summer period. The long-

term storage implies relatively large dimensions for the SST which favors slow 

charging and discharging processes. On the other hand, the DHWT is a short-term 

independent storage tank which is used to cover the daily DHW service at a 

temperature of 60ºC. 

 

Figure II-1: Overview of the central solar heating system with long and short-term 

storage tanks coupled to a district heating network. 
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The proposed CSHPSS system is divided into four circuits, three of them are closed: 

solar field circuit, seasonal storage circuit, and SH distribution circuit; and the last 

one, DHW distribution circuit, is open (i.e., fed from the water main) as shown in 

Figure II-2. The water-glycol mixture is the primary heat transfer fluid in the solar field 

circuit. The solar energy is collected through the field of solar collectors (COL), and a 

centrifugal pump (P1) impulses the fluid to reach the heat exchangers (HE1) and 

(HE2). These heat exchangers connect the solar field circuit to the seasonal storage 

circuit or DHW distribution circuit depending on the selected control mode through Y-

type valves. The heat exchangers separate the solar field circuit from the SST and 

DHWT to protect the solar collectors from damage [59]. 

In the DWH operation mode (priority 1) the monitored variables are the average 

DHWT temperature and the COL output temperature. Once the mode is triggered, 

the centrifugal pumps P1 and P4 are activated, and the water is sent towards the 

DHWT through HE2. A natural gas boiler AUX2 is installed to cover any occasional 

shortages in the thermal energy supply to the DHW network. Two Y-type valves 

regulate the water temperature which arrives at the DHW network through the mixing 

of fresh water from the water main with the hot water coming from the AUX2. 

In the SH operation mode (priority 2) the monitored variables are the SST 

temperatures, the average DHWT temperature, and the COL output temperature. 

Once the average DHWT temperature hits its setpoint and the COL output 

temperature is higher than the SST bottom temperature, the mode is activated by 

starting pumps P1 and P2 and allowing the heat transfer through HE1 in order to 

charge the SST. During the heat demand period, a variable speed pump P3 impulses 

the cold water to the bottom of the SST and discharges the hot water to the HE3 that 

connects the seasonal storage circuit to the SH distribution circuit. Downstream the 

HE3 a natural gas boiler AUX1 is installed. This boiler operates when the SST cannot 

reach the setpoint. The combination of two Y-type valves regulates the water 

temperature arriving at the heating network through back-mixing of the returned water 

from the network with the hot water coming from the AUX1. 

Beside these two operation modes, the simultaneous SH and DWH mode (priority 3) 

is also established and regulated based on the controlling system when the 

conditions of the two previous modes are satisfied. Additional control loops regulate 

the operation of the Y-type valves in the SH and DHW distribution circuits in order to 

maintain the established setpoints at the entrances of the heating and DHW networks. 
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Figure II-2: Process flow diagram of the CSHPSS plant simulated in TRNSYS 18, 

where COL is the field of solar collectors, SST is the seasonal storage tank, 

DHWT is the domestic hot water tank, AUXi are the auxiliary heaters, HEi are the 

heat exchangers, and Pi are the centrifugal pumps. 

II.3 Methodological framework 

Our simulation-optimization approach [60–62]  incorporates the evaluation of a 

CSHPSS plant performance at various EU locations and the definition of a set of 

optimal configurations of the plant from both techno-economic and environmental 

aspects simultaneously. Thus, the proposed methodology is a multi-objective 

optimization problem. The transient performance of the CSHPSS plant is modeled in 

TRNSYS 18, simulation software which allows interconnecting available standard 

equipment units to obtain more complex systems. The optimization is performed 

externally using a generic optimization toolbox, GenOpt. The first subsection of the 

methodology illustrates the developed TRNSYS model and its input and output data. 

The second subsection shows the techno-economic and environmental criteria for 

assessing the proposed CSHPSS. Finally, the third subsection dives deeper into the 

optimization framework itself and the implemented algorithm. 

II.3.1 TRNSYS simulation model 

TRNSYS 18, transient simulation software, is employed to analyze the dynamic 

behavior of the proposed CSHPSS. The software operates by solving partial 

differential equations of the mass and energy balances within previously defined 

boundaries.  
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The dynamic nature of the program intends to offer a realistic simulation of the 

CSHPSS plant. On the other hand, to reduce the computational cost, the model is 

simulated over a typical year of operation, and the solution is extrapolated over the 

plant lifetime assuming same climatic conditions and demand profiles year after year. 

 

Figure II-3: Information flow diagram of the CSHPSS system modeled in TRNSYS 

18 with the representation of the software components and their interconnections. 

 

The proposed simulation model follows the models previously developed by 

Guadalfajara et al. [50] and Tulus et al. [45] with modifications to include the DHW 

distribution circuit and a more sophisticated controlling loop. See the information flow 

diagram presented in Figure II-3 for details about the individual components (called 

Types inside the software) used in TRNSYS. Each type has three main information 

boxes which include the component-specific parameters, input variables, and output 

variables.  

The main types used in our CSHPSS model are: flat plate solar collectors (Type 1a) 

with an optical efficiency of 0.817, heat loss coefficient of 2.205 W/m2·K; sensible 

storage tanks (Type 4c) with heat loss coefficient of 0.06 W/m2·K and 0.3125 W/m2·K 

for the SST and DHWT, respectively; counterflow heat exchangers (Type 5b) with 

overall heat transfer coefficient of 3931 W/m2·K; and auxiliary heaters (Type 6) with 

an efficiency of 93%. The secondary model types are: single speed centrifugal pumps 

(Type 3b), inlet and outlet pipe ducts (Type 709), three-way valves (Type 11h), 
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controlled flow diverters (Type 11f), tempering valves (Type 11b), soil temperature 

profile for the SST (Type 77), weather data processor (Type 15-3), time-dependent 

forcing functions for the heating and DHW demand profiles (Type 9c), and controllers 

(Type 2b). 

II.3.2 Technical criteria 

The technical evaluation of the dynamic behaviour of the CSHPSS plant is described 

through several parameters that include the energy supplied by the SST, DHWT, and 

auxiliary boilers. 

The storage tank has a vital role in the CSHPSS plant performance. Thus, the energy 

provided by the fully stratified seasonal and DHW storage tanks are described in Eq. 

II-1 - Eq. II-2 , respectively [63]: 

0

t

SST SH SSTpQ m c T= 
 

Eq. II-1 

0

t

DHWDH p DHWWQ m c T=   
Eq. II-2 

 

where ṁSH and ṁDHW are the mass flow rates of the recirculated water inside the SH 

and the DHW distribution circuits, respectively, cp is the specific heat capacity, ΔTSST 

and ΔTDHW are the temperature differences between the extracted and replaced water 

at storage tanks to cover the SH and DHW load, respectively. 

Auxiliary boilers are utilized to cover the SH demand and the DHW demand when the 

solar system is unable to reach the set temperature point. The auxiliary energy rate 

supplied to the SH and DHW networks can be expressed as shown in Eq. II-3 - Eq. 

II-4, respectively [64]: 

1AUX SH p LQ m c T= 
 

Eq. II-3 

2AUX DH p LWQ m c T= 
 

Eq. II-4 

 

where ΔTL is the temperature difference between the exit and entrance of the 

auxiliary heater. Annual solar fraction [65,66] for the SH and DHW distribution 
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circuits are introduced as technical performance indicators. These indicators can 

be computed using  

Eq. II-5 -  

Eq. II-6 as a function of the heating network demand (Qheating load), and the DHW 

network demand (QDHW load). 

1

0

heating load

1

t

AUX

SH

Q

SF
Q

= −


 

 

Eq. II-5 

2

0

DHW load

1

t

AUX

DHW

Q

SF
Q

= −


 

 

Eq. II-6 

II.3.3 Economic criteria 

In the current study, the economic evaluation of the CSHPSS system follows the work 

of Tulus et al. [45] which is carried out based on the life cycle costing (LCC) 

methodology [67,68]. 

The LCC methodology is a valuable monetary approach for assessing the energy 

system designs in terms of the initial purchase cost and the operational costs 

throughout the expected lifetime of the system. The LCC perspective in the early 

stages of design empowers the decision-makers to deeply comprehend the lifetime 

costs of the system [46], and subsequently enhance the possibility of an additional 

reduction in the system operational cost even if more investment cost is required [69]. 

The main principle of the LCC methodology is the future cost approach. Its feature is 

to discount the summation of all expenses during the lifetime of the system to its 

present value where the net present cost (NPC) can be estimated by adding the initial 

capital cost (CC), the operational cost (CO) and the total replacement cost of the 

equipment (CR): 

C O RNPC C C C+ +=   Eq. II-7 

II.3.3.1 Initial capital cost 

The initial capital cost is the investment cost at the project starting point. It takes into 

consideration the actual equipment cost, the installation labor, and transportation 

costs along with any possible contingency expenses: 

(1 ) ( · )C k kCF

k

PEC FBMC = +   Eq. II-8 

where PECk is the initial purchase cost of equipment unit k, FBMk denotes the bare 

module factor, which represents the installation labor and transportation costs, and 

αCF denotes the contingency fees factor. 
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The PECk is brought from the base year (year A) to the year of installation (year B) 

using the Chemical Engineering Plant Cost Index (CEPCI) [70] as follows: 

   
yearB

yearA

k yea Ak r

CEPCI
PEC PEC k

CEPCI
=   Eq. II-9 

The initial purchase cost of equipment unit k at year A can be estimated as shown in 

Eq. II-10 to Eq. II-12 [71–74]: 

   , , ,k

yearA k

k kPEC CAP k COL SST DHW AUX=  =  Eq. II-10 

( )10
g

2

l

1

o

·10    ,

k

k kCAP
yearA k

k kPEC CAP k HE HE






 
 
 =  =

 
Eq. II-11 

1 2 43ln    , , ,
1000

y kear

k k

A

k

CAP
PEC k P P P P 

 
= +  = 

   
Eq. II-12 

where αk and βk are the equipment purchase parameters of unit k and CAPk is the 

design variable of unit k. In the current study, the design variables are the solar 

collector area (ACOL), the volume of the storage tanks (VSST, VDHW), the capacity of 

the auxiliary heaters (AUX1, AUX2), the effective heat transfer area of the heat 

exchangers (HE1, HE2, HE3) and the mass flow rates of the pumps (ṁ1, ṁ2 , ṁ3). 

II.3.3.2 Operational cost 

The operational cost refers to the sum of all the annual operating costs such as 

maintenance costs of the different equipment units and facilities, the consumption of 

electricity by hydraulic equipment and the consumption of natural gas by auxiliary 

heaters. It can be expressed as follows: 

AUX AUO M M P P XC C PWF C PWF C PWF= + +  Eq. II-13 

where CM, CP, and CAUX represent the annual maintenance cost, hydraulic equipment 

(i.e., pumps) and auxiliary consumption costs, respectively. The present worth factor 

(PWF) counts for the time value of money considering the inflation rate (i), the 

discount rate (d), and the lifetime of the proposed system (Ne) as expressed in Eq. 

II-14: 

1 1
1    

1
 

                           
1

eN

e

i
i d

d i d
PWF

N
i d

i

  + 
−     

− −    = 


 =
 +  

Eq. II-14 

II.3.3.3 Replacement cost 

Several equipment units in the CSHPSS plant have a high depreciation rate and 

subsequently, need to be replaced during the plant operation. These units are the 
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field of solar collectors, the heat exchangers, and the auxiliary heaters. The 

replacement cost can be expressed as shown in Eq. II-15 with consideration for the 

present equipment value: 

( · )  R n k

k

kC PVF PEC FMB= 
 

Eq. II-15 

where PVFn is the present value factor of future cash flow at year n, and it can be 

expressed as follows: 

( )

( )

1

1

n

n n

i
PVF

d

+
=

+
 Eq. II-16 

II.3.4 Environmental criteria 

The LCC is purely based on an economic approach not considering the 

environmental performance of the CSHPSS plant. In this context, the environmental 

impact is assessed by using the life cycle assessment (LCA) methodology. This 

methodology enables a comprehensive estimation of the local environmental impacts 

by analysing the product lifecycle from a global perspective. Thus, LCA assesses the 

product based on the “cradle-to-grave” concept [75] taking into account a range of 

environmental categories. The LCA methodology was standardized through ISO 

14040 series [76–78], and it comprises four main phases which trail a specific 

sequence: goal and scope definition, inventory analysis, impact assessment, and 

interpretation. These phases are depicted in details in the next subsections as 

mentioned previously by Guillén-Gosálbez et al. [79]. 

II.3.4.1 Goal and scope definition 

This phase comprises three main scopes: the system, its boundaries, and the 

functional unit. In the system boundary, the entire product life cycle should be 

analysed (“cradle-to-grave” concept). However, this study focuses on the CSHPSS 

plant itself, which is connected to an existing district heating network. Therefore, the 

system boundary would be drawn based on the “cradle-to-gate” concept with 

exclusion for the end user distribution networks, that is, from the extraction of raw 

materials for equipment units manufacturing to delivery of hot water to the district 

heating network. The functional unit in this study is the energy amount demanded by 

the end user in order to cover his heating and hot water necessities over the entire 

time horizon. 

II.3.4.2 Inventory analysis 

Inventory analysis is the second phase in the LCA sequence which quantifies the 

input and output materials and the energy consumption associated with the CSHPSS 

plant construction and operation. In the current problem, several sources of impact 
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are considered: equipment manufacturing and utility energy consumption (natural gas 

and electricity) by the system during the whole lifetime (LCIiMP); transportation to the 

site of material and finished equipment units (LCIiTR); plant operation during the entire 

time horizon (LCIiOP). 

These resources consumption associated with the whole elementary flows during its 

lifetime has been retrieved from the Ecoinvent 3.0 database [80]. Mathematically, the 

inventory entries can be expressed as follows: 

   TOT MP TR OP

i i i iLCI LCI LCI LCI i= + +   Eq. II-17 

where LCIiTOT is the total life cycle inventory associated with the elementary flow i. 

LCIiMP, LCIiTR, and LCIiOP refer to the manufacturing processes, the transportation 

tasks and the plant operation associated with the elementary flow i, respectively. 

II.3.4.3 Impact assessment 

In this phase, the inventory data are translated into environmental impacts. As 

mentioned previously, three different damage categories include the human health, 

the ecosystem, and the resources damages based on the ReCiPe 2008 framework 

[81]. The characterization of the promoted framework has been carried out based on 

the endpoints level not considering the midpoints. Mathematically, the impact values 

associated with each impact category can be expressed as follows: 

·    TOT

ie e i

i

IMP LCI e=   Eq. II-18 

where θei denotes the characterization factor which links the elementary flow i with 

endpoint impact category e. 

Finally, the endpoint impact categories e are aggregated into damage categories 

(DAMd), which are further normalized and aggregated into a single final indicator RCP 

as stated in Eq. II-19 - Eq. II-20: 

   
d

d e

e ID

DAM IMP d


= 
 

Eq. II-19 

   d

d

d dRCP DAM d = 
 

Eq. II-20 

where IDd represents a set of endpoint impacts e that contribute to the damage 

category d, RCP is the ReCiPe 2008 aggregated metric, and δd, εd are the specific 

normalization and weighting factors, respectively. The normalization factors are 

estimated based on the damage calculations for relevant European land uses, 

emissions and extractions [82], whereas the weighting factors are specified based on 

the recommended values defined in the ReCiPe 2008. 
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II.3.4.4 Interpretation 

This phase provides an analysis of the results in addition to a set of recommendations 

that assist in improving the system performance. In this context, the environmental 

impact indicator RCP for different design alternatives is coupled with the LCC 

methodology which uses NPC for evaluating the future cost through a multi-objective 

optimization algorithm. This framework assists in optimizing the economic and 

environmental impacts simultaneously. As a result, a set of Pareto optimal solutions 

is obtained which give further insight into different design alternatives, and 

subsequently promote various solutions for the decision-makers that best fit their 

legislation. 

II.3.5 Future market development criteria 

In order to try to anticipate the future development of the CSHPSS technology in 

monetary terms taking into consideration the actual effect of the technology 

deployment, we performed a CSHPSS market projection up to 2030 [83–85]. The 

obtained learning curve by definition [86,87] tends to develop a relationship between 

the cumulative market size and the production cost of the CSHPSS plant (Eq. II-21). 

( ) ( )

b

t
t o

o

x
C x C x

x

−

 
= −  

   

Eq. II-21 

Here C(xt) is the marginal cost of the CSHPSS plant production (x) at a specific time 

t, C(xo) is the cost production at the reference point (xo), and b is the learning 

parameter which is estimated based on the fractional reduction in the CSHPSS plant 

cost represented by the learning rate (LR). The values for the LR are estimated based 

on the stated recommendation in the European Energy Scenario [85]. In addition to 

the market projection for the next decade, several specific annual figures can be 

assigned so the CSHPSS cost reduction can be anticipated on a chronological index. 

II.3.6 Optimization procedure 

The main goal of the optimization procedure is to simultaneously reduce the total cost 

of the plant (NPC) and its environmental impact (RCP) while still satisfying the 

technical requirements. The decision variables in our model are the area of solar 

collectors (ACOL), and the volume of the seasonal storage tank (VSST), the dimensions 

of the other equipment units are related to the decision variables through 

mathematical equations. It is worth noting that our methodology is general enough to 

incorporate additional decision variables. 

The developed TRNSYS model is connected to the GenOpt optimization toolbox, 

which integrates several predefined optimization algorithms. The general 

mathematical representation of the simulation-optimization model can be seen below: 
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 1 2min ( ), ( )

   s.t.  ( ) 0
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x

U

f x f x

h x

x x x

x

=

 



 (M1) 

where f1(x) and f2(x) are the objective functions, in this case net present cost, NPC(x), 

and ReCiPe 2008 aggregated impact factor, RCP(x), and x denotes the continuous 

variables of the simulation model, which can vary between their lower and upper 

bounds xL and xU, respectively. The equality constraints h(x) = 0, that model mass 

and energy balances as well as thermodynamic correlations, are implicitly solved in 

TRNSYS. 

The correct technical performance of the model during the optimization process is 

achieved by implementing a constraint to model M1. This constraint must maintain 

the global annual solar fraction of the system (SF) above 50% for all the optimized 

solutions. The modified simulation-optimization model which includes the big-M 

reformulation [88] is shown next: 

𝑚𝑖𝑛
𝑥

𝑊𝑆 = (1 − 𝜆)𝑓̄1(𝑥) + 𝜆𝑓̄2(𝑥) 

s.t.   ℎ(𝑥) = 0 

       𝑥𝐿 ≤ 𝑥 ≤ 𝑥𝑈 

        0 ≤ 𝜆 ≤ 1 

       𝑥 ∈ ℝ, 𝜆 ∈ ℝ (M2) 

where y1 and y2 are the binary variables which are activated when the SF is lower 

than 50%, M1 and M2 are the big-M values corresponding to every objective function. 

The tightest values for the big-M are approximated using Eq. II-22, where Mc stands 

for big-M values implemented in model M2. 

 max ( ) |     1,2U

c

L

cM f x x x x c=    =
 

Eq. II-22 

The solution of the multi-objective problem introduced in model M2provides a set of 

Pareto points, which represent the optimal trade-off between economic and 

environmental objectives. The extreme points of this Pareto frontier are the so-called 

anchor points, which correspond to the individual minimum of each objective. The 

Pareto solutions are calculated here via the weighted-sum method [89], which relies 

on formulating an auxiliary single-objective model that optimizes a linear weighted-

sum (WS) of the original objectives (M3). Note that the weighted-sum method cannot 

generate solutions lying on the nonconvex part of the Pareto set. 
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Figure II-4: Flowchart of the solution procedure performed in MATLAB 

environment, where NPP is the number of points of the Pareto frontier specified 

by the user 

𝑚𝑖𝑛
𝑥

𝑊𝑆 = (1 − 𝜆)𝑓̄1(𝑥) + 𝜆𝑓̄2(𝑥) 

s.t.   ℎ(𝑥) = 0 

       𝑥𝐿 ≤ 𝑥 ≤ 𝑥𝑈 

        0 ≤ 𝜆 ≤ 1 

       𝑥 ∈ ℝ, 𝜆 ∈ ℝ (M3) 
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Here, f̅1(x) and f̅2(x) are the normalized objectives with the implemented big-M 

reformulation, and λ is the non-negative weight given to f̅2(x), i.e., the normalized 

RCP(x) function. We normalize the objectives as shown below: 

( )
( )     1,2c

UT

PN UT

c

c

c

c

f x f
f x c

f f

−
=  =

−
 Eq. II-23 

where fcUT denotes the cth coordinate of the utopia points and fcPN denotes the cth 

coordinate of the pseudo nadir point. These points, fcUT and fcPN, are the anchor 

points. 

The solution procedure was integrated via a MATLAB routine designed to speed up 

the optimization process. The routine would launch several GenOpt toolboxes or start 

TRNSYS simulations whenever required. 

The procedure starts with the determination of the anchor points. To obtain the 

individual minimum of the RCP(x) function, M2 & M3 is solved for λ=1. Next, to 

determine the individual minimum of the NPC(x) function, M3M2 is solved for λ=0. 

The two previous cases run simultaneously sharing all the available RAM of the 

computer. Once the anchor points are identified, the WS normalization is performed. 

Afterward, M3M2 is solved a finite number of times for different weight values 

between 0 and 1 (see details in Figure II-4) to generate the desired number of Pareto 

points. The MATLAB routine launches simultaneously various optimizations with 

different λ weights until there is no available memory. Once all the memory slots are 

occupied, the routine is halted until necessary RAM is liberated and then the next 

points are launched. The procedure ends with the display of the full Pareto frontier 

after all the optimization runs have met the termination criteria. 

To perform the separate single-objective optimization steps we used a hybrid 

metaheuristic optimization algorithm [58], known as the Generalized Pattern Search 

algorithm with Particle Swarm Optimization with Construction Coefficient and Hooke-

Jeeves (GPSPSOCCHJ). This algorithm uses the combined benefits of the Particle 

Swarm Optimization (PSO) algorithm [90,91] and the Hooke-Jeeves (HJ) algorithm 

[92]. The details of this hybrid metaheuristic algorithm are discussed in Wetter [58].  

The PSO algorithm is in charge of performing a global search over the feasible space 

of possible solutions. Since PSO is a population-based probabilistic algorithm, it 

generates several particles uniformly scattered over the feasible space, where each 

of the particles is a potential optimal solution. These potential solutions are obtained 

by performing runs with randomly generated values for the decision variables. On the 

other hand, the HJ is a local generalized pattern search algorithm, and it explores the 

feasible space following paths of potential minimization of the objective function. The 

best particle found by PSO, the potential optimal solution, is used as a starting point 

for the HJ algorithm, which exhaustively explores its neighborhood in an attempt to 
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improve the solution. In order to reduce the probability of falling in a local optimum, 

we included multiple starts of the HJ algorithm.  

This combined PSO-HJ architecture is used to avoid possible local optimal solutions 

which may exist due to the nonconvex nature of the problem. Note that our 

methodology is not limited to be used only with GPSPSOCCHJ algorithm; any other 

algorithm can be easily implemented. 

II.4 Case studies (four EU climate zones) 

In this section, the proposed methodology procedure was applied to four climatic 

zones in Europe. The objective is to assess the feasibility of the CSHPSS plant in the 

residential sector of these countries in techno-economic and environmental terms. 

The CSHPSS plant is connected to a reference residential neighborhood community 

of 1120 apartments [45] which is placed in various European countries. Each 

apartment of this neighborhood community has a useful area of 90 m2 [93]. The 

buildings are equipped with a radiant underfloor heating system and a domestic hot 

water system in order to meet the SH and DHW demand at 50ºC and 60ºC, 

respectively. The CSHPSS model validation is performed based on the implemented 

work by Guadalfajara et al. [50] and Tulus et al. [45]. 

Besides, a boiler fueled with natural gas is considered as a base case for comparison 

purposes. This conventional system is designed to satisfy the heating and DHW 

demand alone independently on the CSHPSS plant. 

II.4.1 Specifications of the simulation model 

A field of flat plate solar collectors supplies thermal heat to the CSHPSS model. 

These collectors are coupled in series and oriented to the south with a specific 

inclination based on the respective latitude of the cities [94] as shown in Table II-1. 

The primary working fluid in the solar field circuit is a 67/33w/w mixture of a water-

glycol solution with a flow rate of 20 kg/h·m2. Whereas the other three circuits 

(seasonal storage, SH distribution, DHW distribution circuits) are operated with water. 

A partially buried tank with a cylindrical cross-section is used for a seasonal storage 

purpose. This tank has a fixed height to diameter ratio of 0.6, insulated with 0.5 m of 

extruded polystyrene and divided into 20 equally stratified levels. On the other hand, 

the DHW tank is relatively small since it covers only the daily DHW service. The 

DHWT has a height to diameter ratio of 1.7 with ten equally stratified levels.  

Natural gas boilers with 93% efficiency are utilized as auxiliary heaters in both the SH 

and DHW distribution circuits. The boilers are designed to satisfy up to 100% of the 

heat demand when required. 
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The TRNSYS simulation predicts the transient response of the CSHPSS plant based 

on a simulation time step of 15 min. The system evaluation was performed over three 

years of simulation (28,260 hrs.). Then the performance of the third year was 

extrapolated over the total lifetime of the CSHPSS plant.  Due to initial homogeneity 

assumption of 30ºC inside the storage tanks, the first two years of simulation were 

performed to eliminate the initial assumption effect. The lifetime of the CSHPSS is 40 

years [95]. However, the solar collectors, the DHWT, the heat exchanger, and the 

auxiliary heaters need to be replaced after 20 years of operation, while the lifespan 

of the SST is considered to reach 80 years [96]. 

II.4.2 Meteorological data 

Various climate zones were selected in order to evaluate the application performance 

of the CSHPSS plants in the EU. In Europe, the climate can be categorized into three 

major climate types [97,98]: Mediterranean climate, central European climate, and 

Nordic climate. Four cities were selected to represent these major climatic types: 

• Mediterranean climate: Madrid and Athens represent this climatic type with 

the difference in the daylight hours, the daily ambient temperature and the 

humidity due to their geographical location. Madrid is considered a 

Continental Mediterranean climate, while Athens is considered a 

Mediterranean climate. 

• Central European climate: Berlin is selected as representative for this climate 

type. In comparison with the Mediterranean climate, a moderate reduction in 

the ambient temperature and daylight hours is noticed. 

• Nordic climate: Helsinki is chosen as an example of this climate type. This 

type of weather is elected as an opposite to the Mediterranean climate with 

a drastic reduction in both the ambient temperature and the daylight hours. 

The geographic information including the latitude and the solar collector inclination 

angle for the four cities are illustrated in Table II-1 whereas the climate conditions of 

the four cities including the average ambient temperature and the annual incident 

solar radiation per area are extracted from the EnergyPlus database [99] as shown 

in Figure II-5. 
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Figure II-5: Climatic conditions in the four European cities taken as 

representatives for the different EU climate zones. 

 

Table II-1. Latitudes and relative inclination angles of the solar collectors in the 

four European cities taken as representatives for the different EU climate zones. 

City Latitude (º) Inclination angle (º) 

Madrid 40 50 

Athens 37 50 

Berlin 52 60 

Helsinki 60 70 

Several parameters need to be defined based on the climate conditions of the cities. 

These parameters include the SH and DHW consumption, the economic [100] and 

the environmental [101] data which are defined in the following sections. 

II.4.3 Space heating and DHW profiles 

The heating demand for the residential neighborhood community follows 

Guadalfajara et al. [50] and Tulus et al. [45] studies. A 3-D building model was 

generated using a graphical tool SketchUp [102] and imported into the TRNSYS 

model. In TRNSYS, the occupation profiles of the apartments and physical properties 

of the construction materials were included.  A typical hourly heating load over a year 

of operation depending on the climatic conditions of the city was simulated in this 

TRNSYS building model. These data were then extrapolated to the whole 

neighborhood of 40 buildings (see the profiles in Figure II-6). 

The DHW demand for the residential neighborhood community depends on four main 

factors which comprise: 
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• The daily water consumption per person: Ahmed et al. [103] indicated 

that water consumption is highly dependent on the geographical location. 

Therefore, DHW consumption has a high level of diversity from one city 

to another. The DHW consumption per capita is 28, 30, 35, and 35 

liters/capita·day in Madrid, Athens, Berlin, and Helsinki, respectively 

[104]. 

• Monthly water temperature from the public distribution network: The 

water temperature was calculated depending on the city and the month 

of the year using EnergyPlus database [99]. 

• The number of people living in each household: The DHW consumption 

is dependent on the people/property value, and it is considered as a 

constant value (4 people/property) referring to the European average 

[105,106]. 

The daily DHW consumption profiles are simulated using computer software, 

DHWcalc [107]. This software assists in developing a realistic and detailed hourly 

DHW consumption profiles with consideration for the main factors controlling the 

DHW demand (see the profiles in Figure II-6). 

 

Figure II-6: Annual space heating and DHW demand profiles in the four European 

cities taken as representatives for the different EU climate zones. 

II.4.4 Economic and environmental data 

The parameters for the initial purchase cost estimation of the main equipment units 

of the CSHPSS are summarized in Table II-2 following Tulus et al. [45], while the 

operational cost is estimated at 1.5% of the initial purchase cost based on Kalogirou 

[67] recommendation. The cost for both the electricity and natural gas are dependent 

on the country policies. Therefore, the electricity and natural gas costs were extracted 

from the EUROSTAT database [100] and summarized in Table II-4. Furthermore, the 
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inflation rate associated with the price of these power resources is set to 5%, and 

5.9% for the electricity and natural gas, respectively [45]. Additionally, the inflation 

rate associated with the proposed system during its life cycle is set to 2.3% [108], 

while the annual discount rate is set to 3.5% [109]. 

Table II-2. Purchase cost parameters of the CSHPSS equipment units [45] 

Unit 
αk βk CAPk Range Base 

year 
FBMk 

Solar collector 974.2 0.8330 
Aperture area 

(m2) 
4000-150,00 

m2 
2007 1.00 

Storage tank 3955 0.6500 Volume (m3) 
1-100,000 

m3 
2007 1.00 

Auxiliary heater 225.0 0.7460 Duty (kW) 
600-100,00 

kW 
2001 2.10 

Heat exchanger 3.133 
-

0.3310 
Exchange 
area (m2) 

10-1000 m2 2001 3.29 

Pump (P1, P2) 389.0 -283.2 
Mass flow rate 

(kg/h) 
15000-

100,000 kg/h 
2009 3.24 

Pump (P3, P4) 389.0 717.0 
Mass flow rate 

(kg/h) 
15000-

100,000 kg/h 
2009 3.24 

The LCA data are retrieved from the Ecoinvent database [101]. These data include 

the impact of various CSHPSS equipment units (Table II-3) and utilities (Table II-4) 

based on the ReCiPe 2008 methodology. 

Table II-3.ReCiPe 2008 aggregated impact factor for the CSHPSS equipment 

units, in ReCiPe points (Pt) per characteristic dimension 

Unit 
Impact factor 

(ReCiPe 2008) 

Solar collector 17.0 Pt/m2 

Storage tank 117 Pt/m3 

Auxiliary boiler 1.57·103 Pt/unit 

Heat exchanger 9.00 Pt/m2 

Pump 82.0 Pt/unit 

The pollution associated with the extraction of natural gas from the underground 

reserves should be limited in the proposed system. On the other hand, the pollution 

associated with the electricity generation is highly dependent on the electricity mix of 

the specific country. Therefore, the natural gas environmental impact is considered 

the same for the selected cities, while the electricity impacts are variable, as indicated 

in Table II-4. 
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Table II-4. Specific costs and ReCiPe 2008 aggregated impact factors for the 

utilities in the four European cities taken as representatives for the different EU 

climate zones. 

City 

Electricity Natural gas 

Cost 

(€/kWh) 

Impact 

(Pt/kWh) 

Cost 

(€/kWh) 

Impact 

(Pt/kWh) 

Madrid 0.101 0.0357 0.0294 0.0230 

Athens 0.0862 0.0193 0.0242 0.0230 

Berlin 0.0761 0.0529 0.0277 0.0230 

Helsinki 0.0596 0.0261 0.0296 0.0230 

II.4.5 Future market development data 

By the end of 2016, the cumulative capacity of the installed solar heating systems in 

Europe increased by 2.6% compared to the previous year to achieve a total installed 

capacity of 34.5 GWth. Germany has the lead in the solar heating systems installation 

in Europe where a 0.52 GWth within 2016 was added to a total capacity of 13.14 GWth. 

Elsewhere in Europe, Spain added a 0.146 GWth to achieve a total capacity of 

2.4 GWth, whereas Greece and Finland added 0.19 GWth and 0.0028 GWth [14]. 

The future market of the CSHPSS based on an in-depth analysis of solar heating 

energy systems from the technical, social and political perspectives, shows different 

expansion scenarios for this technology in Europe. Greenpeace international [110] 

proposed the EU 27 energy scenario for the CSHPSS expansion up to the year 2030 

as shown in Table II-5.  

Besides, the natural gas price trends are assumed to increase in a moderated manner 

based on the recommendations of the Federal Ministry of Environment of Germany 

[111] (see Table II-5). These trends are motivated by the shortage in the CO2 

allowance [112]. 

Table II-5. Estimated growth of CSHPSS installed capacity according to 

Greenpeace international and projected increase of the natural gas price up to 

2030. 

Parameter 2017 2020 2025 2030 

Total installed capacity (GWth) 34.50 40.66 52.77 67.16 

Average natural gas price in the EU 

(Euro/kWh) 
0.02700 0.03200 0.03415 0.03630 

The forecast cost for the CSHPSS technology can be generated based on the 

observed historical learning rate of solar thermal collector systems over the 

forecasted period between 2020 and 2030. The learning rate of such systems is 0.90 

according to Greenpeace international [85]. 
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II.5 Results and discussions 

In this study, the results are presented in four main parts. The first part depicts the 

behavior of CSHPSS in one of the proposed EU climate zones.  Then, in the second 

part, the discussion is extended to the other three cities. These two parts provide a 

detailed analysis of techno-economic and environmental characteristics based on a 

set of Pareto optimal solutions in comparison to a conventional heating system fuelled 

by natural gas (base case). Next, the main results are expressed along with an 

appropriate sensitivity analysis for the proposed optimal solutions of the system. 

Finally, the market projection forecast for the CSHPSS is portrayed using historical 

learning rates. 

II.5.1 Application analysis (Madrid case study) 

The capabilities of the formulated multi-objective optimization model are illustrated 

through Madrid case study that addresses the design of CSHPSS in the 

Mediterranean EU climate zone. A set of optimal solutions that define the Pareto 

frontier are obtained as a result of the optimization process (see Figure II-7). Each 

point of the Pareto front comprises a defined configuration of the CSHPSS plant 

under a set of operational conditions. The average computation time for the anchor 

points was 15,700 CPU seconds (8 execution units of 2.0 GB RAM each for every 

anchor point, optimizing both simultaneously) and 47,000 CPU seconds for the 

intermediate Pareto solutions (2 execution units of 2.0 GB RAM each for every 

intermediate point, optimizing all of them simultaneously) using an Intel® Xeon® E5-

2620 v4 2.10 GHz processor with 32.0 GB RAM. 

As observed in Figure II-7, there is a clear trade-off between the proposed objective 

functions since the reduction in the environmental impact can be only achieved 

through an increment in the expenses of the CSHPSS plant. The projected optimal 

solutions, following our methodological framework, visibly improve the environmental 

impact in comparison to the base case. Point A and B are the optimal design Pareto 

points with minimum cost and impact, respectively. Note that these points consider 

the integration of solar thermal energy storage. Replacing the base case with a 

CSHPSS plant following point A configuration can reduce the environmental impact 

by 81.1%, whereas point B reduces it even more, by 86.5%. On the other hand, the 

Pareto optimal systems could not provide a marginal economic reduction compared 

to the base case. The installation of a CSHPSS in these cases corresponds to an 

increase in the cost of approximately 1% and 6.1% in A and B cases, respectively 

compared to the base case. 
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Figure II-7: Pareto set of optimal solutions for the CSHPSS in Madrid which 

covers 7654 MWh/year of combined SH and DHW demand during its lifetime. 

Anchor point A is the minimum cost solution, anchor point B is the minimum 

impact solution, and the intermediate point C is one of the trade-off solutions with 

λ = 0.44 (weight) given to the normalized environmental impact objective function, 

the RCP(x); the base case represents a natural gas heating system. 

 

In the optimal minimum cost solution (point A), the NPC is equal to 52.6 €/MWh which 

is smaller than solution B by 4.7%, whereas in the minimum impact solution (point B), 

the RCP is 3.34 Pt/MWh which is smaller than solution A by 28.6%. Besides, point C 

embodies one possible intermediate Pareto optimal solution where the NPC is equal 

to 53.3 €/MWh, and the RCP reaches 3.6 Pt/MWh, this intermediate point increases 

the economic cost by 1.25% compared to the point A, but simultaneously reduces the 

environmental impact by 23.1%. It is worth noting that point C is selected as an 

example solution for comparison purposes. Likewise, any other intermediate solution 

could be selected since all of them are Pareto optimal. 

Following that, each point in the Pareto set represents a different configuration of the 

CSHPSS plant. The proposed methodology offers the possibility to perform a detailed 

analysis of any Pareto optimal solution. Here we analyzed the anchor points (point A 

and B) from the economic and environmental perspectives comparing them to the 

base case. 

II.5.2 Economic cost analysis 

To facilitate detailed economic analysis, Figure II-8 provides a comprehensive 

breakdown of the cost contribution of each parameter for the Pareto optimal solutions 

A and B during their operation life together with the base case solution. 
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Figure II-8: Distribution of the net present costs of two Pareto optimal solutions 

(point A and B in Figure II-7) for the CSHPSS in Madrid which covers 7654 

MWh/year of combined SH and DHW demand during its lifetime and the base 

case, which represents a natural gas heating system. 

In this figure, the initial capital cost, associated with both A and B solutions, has a 

significant contribution compared to the base case. This contribution is 49.06% and 
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52.4 % in solution A and B, respectively, whereas in the base case, it is only 2.73%. 

This marginal capital cost contribution is commonly arisen in the CSHPSS plants due 

to the deployment of the solar energy in a district heating field which requires a high 

investment cost [22]. To be more specific, the solar collectors and SST represent 

28.24% and 30.52% of the capital cost for the Pareto optimal solution A and B, 

respectively. The minimum cost solution (A) has solar collector field of 6888 m2 and 

SST of 65784 m3, whereas the minimum impact solution (B) has solar collector field 

8802 m2 and SST of 74322 m3. Since the DHWT is used only for the daily services 

without seasonal storage, it represents almost about 4.5% of the initial capital cost in 

both the Pareto optimal solution A and B with a tank size of 109.6 m3. The same 

behavior was noticed for replacement cost which represents 19.4% and 21.3% in 

solution A and B compared to only 1.88% in the base case. On the contrary, the 

operational cost has a predominant contribution of 95.4% in the base case compared 

to 31.5% and 26.3% in the optimal solutions A and B, respectively. Such a high 

operational cost is due to the dependency of the base case on natural gas cost. In 

general, solution A and B have a similar distribution for the NPC components. 

However, the minimum cost solution (A) has a slightly higher contribution of 6.9% for 

the natural gas compared to the minimum impact solution with only 0.27% which will 

be reflected in the environmental impact analysis. 

II.5.3 Environmental impact analysis 

As shown in Figure II-9, solution A and B success in declining the environmental 

impact up to 7 times compared to the base case due to the deployment of the solar 

water heating systems and the saving of non-renewable energy systems (i.e., natural 

gas and electricity). In the base case, the natural gas represents almost 100% of the 

environmental damage (1.88·105 Pt). While this contribution is reduced to 38.8% 

(1.39·104 Pt) in the minimum cost solution (A) and it becomes almost negligible in the 

minimum impact solution (B) where it counts only for 2.20% (5.60·104 Pt). 

Following the economic analysis of the anchor points (A and B), the solar collector 

and the SST share most of the contribution to the total environmental impact [64]. In 

solution A, the solar collector counts for 16.7% of the total damage to the 

environment, whereas this fraction increases up to 30% in the solution B due to the 

limitation of using natural gas as the primary fuel. On the other hand, the impact 

fraction of the SST represents 37.9 % in solution A, and it increases to 57.7% in 

solution B. 

As the latest highlight, the impact of the heat exchangers increased by 40.1% from 

solution A to B. This is due to the further deployment of the solar collectors in the 

minimum impact solution (B), and subsequently extra supplement of heat exchange 

is required to cover the additional solar energy. 
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Figure II-9: Distribution of the environmental impact into its single impact 

categories of two Pareto optimal solutions (point A and B in Figure II-7) for the 

CSHPSS in Madrid which covers 7654 MWh/year of combined SH and DHW 

demand during its lifetime and the base case, which represents a natural gas 

heating system. 

II.5.4 Energy analysis of an intermediate Pareto optimal solution (C) 

The thermal performance characteristics of the optimized CSHPSS plant 

configuration based on the proposed methodological framework is presented through 

an intermediate Pareto optimal solution (point C in Figure II-7). This solution is 

designed to fulfill a total SH and DHW demand of approximately 6555 MWh/year and 

1099 MWh/year, respectively. Note that any other intermediate point in the proposed 

Pareto set would be similarly comparable in this analysis. 
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As shown in Figure II-10, the monthly amount of SH and DHW demands are mainly 

covered by the solar collectors and the thermal energy stored in the SST and the 

DHWT. In Figure II-10 the energy supplied by the CSHPSS plant is represented as a 

positive input, whereas the energy stored in the SST is depicted as a negative input. 

In summer and autumn seasons (i.e., April to October), when the solar radiation is 

relatively high, and the SH demand is small, most of the provided energy from the 

solar collectors are directly stored into the SST, and the remaining is utilized to cover 

the instant heating demand. On the contrary, the solar radiation decreases, and the 

heating load significantly increases during the winter season (i.e., November to 

January), therefore the total demand is covered through a combination of the energy 

supplied by the DHWT, the solar collectors and the stored energy in the SST. 

Moreover, in extreme cases when the proposed solar system fails in fulfilling the 

required heating demand, the auxiliary heaters fuelled by natural gas deliver the 

necessary energy. These cases happen during February and March where most of 

the stored energy in the SST is already discharged during the coldest months. This 

can be reflected in the solar fraction of the distribution circuits during these months. 

In February, the solar fraction declines by 5.84% and 1.22% for the SH and DHW 

circuits, respectively. While in March, this value changes a bit for the DHW distribution 

circuit and the solar fraction increases by only 2.81% due to the increment in the solar 

radiation. On the other hand, the solar fraction for the SH circuit keep deteriorating, 

and it drops by 10.1% due to the absence of the seasonal storage and the limited 

direct energy provided by the solar collectors. 

 

Figure II-10: Monthly thermal energy profiles of an intermediate Pareto optimal 

solution (point C in Figure II-7) for the CSHPSS in Madrid which covers 7654 

MWh/year of combined SH and DHW demand during its lifetime. 

II.5.5 Application analysis on the selected climate zones in the EU 

Following Madrid case analysis combined with the main objective of assessing the 

CSHPSS plant feasibility in the residential sector at various climate zones in the EU, 
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the proposed methodological framework correspondingly based on the multi-

objective approach is applied to optimize the cost against an aggregated 

environmental metric in Athens, Berlin and Helsinki as a representative for the 

Mediterranean, central European, and Nordic climates, respectively. The problem is 

formulated to cover annual SH and DHW demands of 4661 MWh, 14180 MWh, and 

20896 MWh for Athens, Berlin, and Helsinki, respectively. 

As shown in Figure II-11, a clear trend is observed for the deployment of the CSHPSS 

which causes a rise in the economic cost under various EU climate zones compared 

to the base cases. The optimal economic solutions in the nominated locations depend 

on several factors including the climate condition, the heating demand, and the 

natural gas and electricity prices. In Athens, the NPC in the minimum cost and impact 

optimal points have been raised by 33.3% and 50.8%, respectively compared to their 

base case. This high growth is due to the low cost of non-renewable energy resources 

in Athens compared to Madrid. Following the observed tendency in Athens, the NPC 

in Berlin case raised by 16.9% and 25.3% compared to their base case. On the other 

hand, the NPC increase only by 3.12% and 8.11% in Helsinki due to several factors 

including, the high price of natural gas and electricity, and the high heating demand. 

 

Figure II-11. Pareto sets depicted a range of optimal solutions for the CSHPSS 

compared to its base case under various EU climate zones. 

The optimal environmental solutions for the four locations follows the minimum impact 

solution of Madrid case where the RCP improves by 84.7%, 82.1%, and 82.9% for 

Athens, Berlin, and Helsinki cases, respectively. The same tendency was found for 

Berlin and Helsinki at the minimum cost solution since the RCP improved by 71.3% 

and 77.9% for Berlin and Helsinki. On contrary, the low natural gas and electricity 

prices in Athens restrict substantial improvement in the RCP, and it is improved only 
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by 42.9%. This marginal improvement in the minimum cost optimal solution of Athens 

case will be mirrored in its breakdown for the NPC and RCP. 

II.5.5.1 Economic cost analysis for the EU climate zones 

Figure II-12 shows a comprehensive breakdown of the NPC of various CSHPSS 

plants during their lifetime under different EU climate zones. Similar contributions can 

be observed for each component of the NPC comparing among Madrid, Berlin and 

Helsinki cases. Furthermore, the results show that the capital and replacement costs 

for the presented optimal solutions (minimum cost and minimum impact) of Berlin and 

Helsinki are quite large in comparison to their base cases as mentioned in Madrid 

case study. Moreover, the results confirm the dependency of the CSHPSS plant 

configuration on the heating demand where the capital and replacement costs 

ascending increases with the heating demand based on the climate zone [51] as 

shown in Madrid, Berlin, and Helsinki, respectively. 

 

Figure II-12: Breakdown of the net present cost including initial capital cost, 

operational cost, and replacement cost for Pareto optimal solutions (minimum cost 

and impact) of a CSHPSS plant under different climate zones in comparison with 

its base case. 

On the contrary, the low heating demand combined with the low prices for the natural 

gas and electricity in Athens contribute to change the distribution for the NPC of the 

minimum cost optimal solution in this Mediterranean zone. The operational cost has 
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a significant contribution of 48.9% compared to only 35.3% of the initial capital cost 

and 16% of the replacement cost. This is due to the dependency of the system on 

natural gas which almost represents 69.6% of the operational cost and the limited 

involvement for the solar water heating system. More precisely, the solar collectors 

and SST represent only 15.7% and of the initial capital and 28.6% of the replacement 

costs. In term of the renewable energy equipment sizing at the proposed climate 

zones, Table II-6 shows a summary for the proposed sizing the renewable energy 

equipment based on the Pareto optimal solution in various EU climate zones. It is 

noticed that for all the minimum impact optimum solutions under different EU climate 

zones, the ratio between the SST volume and the solar collector field area is around 

8 ± 0.5 m3/m2 for the minimum impact solutions based on the climate zone.  

Table II-6. Optimal renewable energy equipment sizing in various EU climate 

zones. 

City 
Optimal 

solution 

Solar 

collectors 

(103 m2) 

Seasonal 

storage tank 

(103 m3) 

Domestic 

hot water 

tank (m3) 

Seasonal 

storage 

volume/ 

collectors 

area ratio 

(m3/m2) 

Madrid 
A 6.888 65.78 109.7 9.55 

B 8.802 74.32 109.7 8.44 

Athens 
A 2.097 15.25 117.6 7.27 

B 5.593 44.39 117.6 7.94 

Berlin 
A 21.00 149.2 137.2 7.10 

B 25.50 198.0 137.0 7.76 

Helsinki 
A 32.91 230.4 168.5 7.00 

B 38.13 287.9 168.5 7.55 

II.5.5.2 Environmental impact analysis for the EU climate zones 

Figure II-13 shows a breakdown for the environmental impact into its categories for 

the minimum cost and impact Pareto optimal solutions of a CSHPSS plant under 

different climate zones in comparison with its base case. The results follow the 

environmental impact breakdown of Madrid where the optimal solutions can reduce 

the environmental impact up to 5.5 and 5.8 times for Berlin and Helsinki cases, 

respectively. In Athens case, the minimum cost optimal solution reduces the 

environmental impact only by 1.75 times. This relatively small reduction is due to the 

significant contribution of the natural gas (5.7·104 Pt) which represents almost 87.5% 

of the total environmental impact. 

Following the environmental impact in Madrid case, the solar collector and SST are 

the main contributor to the total environmental impact in the minimum cost optimal 

solution with a contribution of 39.6%, and 52.7% in Berlin and Helsinki, respectively. 
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This contribution increases significantly for the minimum impact optimum solutions, 

where they share 87.2%, 80.2%, and 78.9% in Athens, Berlin and Helsinki solutions, 

respectively. 

 

Figure II-13: Breakdown for the environmental impact of Pareto optimal solutions 

(Minimum cost and Minimum impact) of a CSHPSS plant under different climate 

zones in comparison with its base case. 

II.5.5.3 Energy analysis for the EU climate zones 

Following the energy analysis in Madrid case study, an intermediate Pareto optimal 

solution with λ = 0.44 is presented to evaluate the thermal performance of the 

CSHPSS plant in different EU climate zones as shown in Figure II-14. 

Based on the limitation of the solar heating system in covering the heating demand 

during several months in Berlin and Helsinki, the AUX1 operated from February until 

April due to the full discharging of the SST during the winter period. Furthermore, the 

AUX2 almost operates throughout the year except the summer months (June to 

August) for these climates since the DHW tank is designed to cover only the daily 

services. In Athens, limited seasonal storage is projected between April and October 

where high solar radiation and low heating demand are observed due to the 
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Mediterranean weather conditions (see Figure II-5 and Figure II-6). This limited 

heating demand reduces the usage of auxiliary heaters throughout the whole year. 

 

Figure II-14: Monthly thermal energy profile of an intermediate Pareto optimal 

solution under various EU climate zones. 

Based on normalizing the technical performance of the CSHPSS plant, the solar 

fraction was presented, and its minimum value was noticed during January and March 

for the DHW and SH circuits, respectively. In the DHW distribution circuit, the solar 

fraction is 62.1% and 47.5% for Berlin and Helsinki, respectively. While the solar 

fraction for the SH distribution circuit becomes 74.1% and 84.5% in Berlin and 

Helsinki, respectively. On the other hand, due to the low price of natural gas in Athens 

in comparison to the other EU countries, an extensive usage for the auxiliary heaters 

in March is shown where the solar fraction has reduced to 54.6% for the SH circuit 

and sustain around 98.7% for DHW circuit due to low DHW heating demand. Even 

though the literature shows a high variation in the solar fraction when the CSHPSS 

plants introduced under different climate zones, the proposed methodological 

framework succeeds in reducing the solar fraction variation when introduced in 

various climate zones as shown in Table II-7. In the SH distribution circuit, which has 

a substantial contribution to the life cycle of the CSHPSS plant, the solar fraction 

never goes below than 90% for different EU climate zones. While due to the DHW 

distribution circuit functionally in covering only the daily services, the solar fraction 

diminishes up to 74.7% in Helsinki due the high demand in the winter period. 

Table II-7. The yearly solar fraction of the intermediate Pareto optimal solution 

under various EU climate zones. 

City SFSH (%) SFDHW (%) 

Madrid 97.8 98.9 
Athens 90.1 97.4 
Berlin 95.2 84.9 
Helsinki 97.5 74.7 
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Remarking that the proposed optimal solutions for the CSHPSS plants in different EU 

climate zones are high sensitivity for their geographical locations and economic 

parameters comprise energy prices. Therefore, the influence of the most relevant 

economic parameters should be assessed in a sensitivity analysis to give an estimate 

for the uncertainty associated with the results. 

II.5.6 Sensitivity analysis for the methodological framework 

A sensitivity analysis for the most critical economic parameters is implemented to 

understand their influence on both the NPC and RCP objective functions. This 

analysis is carried out based on One-factor-at-a-time (OFAT) approach [113] in which 

each economic parameter is varied by up to 20% after another in comparison to a 

reference case. The Pareto optimal solution (A) of Madrid case study is selected as 

the reference case. The assessment includes the influence of the natural gas price, 

electricity price, discount rate, inflation rate, investment cost, operational cost, and 

replacement cost. The sensitivity analysis not only comprises the influence of the 

selected parameters on the NPC and RCP, but it also proposes a detailed breakdown 

for the economic cost and the environmental impact for the influence of each of these 

parameters. 

 

Figure II-15: Sensitivity analysis for the minimum cost Pareto optimal solution of 

Madrid case study (point A in Figure II-7) 

 

Aligning with the financial challenges facing the CSHPSS plant, Figure II-15 shows 

the sensitivity analysis for a CSHPSS plant configured based on the optimal solution 

A (minimum cost) under Madrid climate zone demonstrates a high dependency for 

the NPC on the investment cost followed by the discount rate and the operational 

cost in which it can changes up to 9.8%. This change can be explained through the 

change in the system configuration where the reduction in the discount rate and the 

investment cost aggravate a slight more dependency on using renewable energy 
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sources. Furthermore, a non-linear effect for both the natural gas price and the 

discount rate is noticed. The NPC changes by 1.02% and 2.05% for increasing and 

decreasing the NPC by 20%, respectively. On the hand, the NPC increases by 7.49% 

for decreasing the discount rate by 20%, whereas it decreases only by 4.30% for 

increasing the discount rate by 20%. The inflation rate and the replacement cost have 

a limited contribution to the NPC since it changes only by 3.8% for both. The electricity 

price has a minor influence on the NPC since it has a marginal share of the total cost 

in the reference case. 

 

Figure II-16: Breakdown for the NPC where to the left of the reference case is 

depicted the breakdown when each economic parameter decreases 20%, 

whereas to the right of the reference case is depicted the breakdown when each 

economic parameter increases 20%. 

Figure II-16 (to the left of the reference case) shows a breakdown for reducing the 

economic parameters of the optimal solution A by 20% where each component of the 

bar comprises the share percentage of a certain cost parameter in the NPC 

breakdown. The NPC breakdown shows the changes in the system configuration due 

to the reduction in the natural gas price. This reduction intends to propose the natural 

gas usage as a visible solution instead of the solar water heating system in covering 

the heating demand. Therefore, a large share of 38% is observed when the natural 
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gas price decrease 20%, respectively. On the contrary, the natural gas in the 

reference case shares only 6.89%. Furthermore, the large share of natural gas 

reduces the use of solar collectors to only 11.9% and the SST to 9.87%, whereas the 

reference case shares up to 18.4% and 17.9% of the total shared solar collectors and 

SST, respectively. For the breakdown of increasing the economic parameters of the 

optimal solution A by 20% shown in Figure II-16 (to the right of the reference case), 

almost the same pattern is observed for changing the discount rate and the 

investment and operational costs with a slight change in the natural gas share. 

Following the sensitivity analysis for the NPC objective function, Figure II-17 shows 

the sensitivity analysis for the RCP when the economic parameters vary by 20%. 

Recalling the sharp influence for the natural gas price in presenting the natural gas 

usage as a valid solution with a limited share for the solar collectors and SST, the 

RCP increases 195.7% for reducing the natural gas price. Moreover, when this 

parameter increases 20% and due to the non-linear noticed effect, the RCP 

decreases by 12.2%. On the other hand, the discount rate and the investment and 

operational costs have a slight effect in the RCP since it increases by 15.14% when 

the investment cost and discount rate increased by 20%. While increasing the 

operational cost promote a reduction in the RCP by 15.14% due to the slight 

dependency of using renewable energy sources. 

 

Figure II-17: A sensitivity analysis for the environmental impact objective of Pareto 

optimal solutions A (Minimum cost) under Madrid climate zone. 
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The dramatic increase in the RCP for the reducing the natural gas price can be 

observed in the RCP breakdown which is shown in Figure II-18 (to the left of the 

reference case). A high dependency is noticed when using natural gas instead of the 

solar water heating system where the natural gas shares 88.4% for varying the 

natural gas price down 20%, whereas the natural gas shares only 38.8% in the 

reference case. On the other hand, increasing the economic parameters 20% keeps 

almost the share for each parameter as the reference case with a marginal change 

in the natural gas share when the natural gas increases 20%, as shown in the RCP 

breakdown Figure II-18 (to the right of the reference case). 

Figure II-18: Breakdown for the RCP where to the left of the reference case is 

depicted the breakdown when each economic parameter decreases by 20%, 

whereas to the right of the reference case is depicted the breakdown when each 

economic parameter increases by 20%. 

II.5.7 Discussion and future market development 

The future potential of CSHPSS plants in different EU climate zones is assessed 

through various Pareto optimal solutions offered by the proposed methodological 

framework in which both the techno-economic and environmental impact is 

considered. Generally, the CSHPSS system succeeded in decreasing the 

environmental impact in the investigated climate zones. However, the high 

investment cost of the CSHPSS plants compared to the conventional heating 

systems that use natural gas as fuel limit the extended benefit of wide-spreading the 

CSHPSS plants in different EU climate zones. 
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This limitation becomes more substantial in Athens (Mediterranean climate zone) 

where heating demand is low due to the high solar radiation throughout the year, and 

the prices of the non-renewable energy resources are low. However, the growing 

tendency for the natural gas price in the EU [111] would positively affect the economic 

feasibility of the CSHPSS plants in different EU climate zones. Therefore, as a part 

of the methodological framework, the future development in the plant cost with 

consideration for the actual effect of the technology deployment is evaluated for the 

proposed EU climate zones based on the historically observed learning curves. 

As shown in Figure II-19, a clear trade-off for the increment in the conventional 

systems price is observed, this price raise associates with a gradual declination in 

the CSHPSS plants prices. In the long term, the CSHPSS plants in various EU climate 

zones can significantly under price the NPC in comparison to the conventional system 

using natural gas by 2030. This development can significantly assist in improving the 

competitiveness of the CSHPSS plant as a sustainable alternative solution in 

comparison to the conventional systems. 

 

Figure II-19: Forecast for the development of NPC of the CSHPSS plant in 

different EU climate zones along with their base cases by 2030. 

 

Currently, in Madrid, the CSHPSS plants can cover the heating demand for less than 

52.6 €/MWh, whereas its base case covers it at 52.1 €/MWh. With this minor 

difference, the feasibility of the CSHPSS plant under Madrid climate conditions can 

be proved. In 2030, the NPC will range from 46.3 to 49.9 €/MWh for the CSHPSS 

while its base case 63.7 €/MWh. In Athens where the CSHPSS plant can cover the 
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heating demand at high price ranged between 59.7 and 67.5 €/MWh. Beyond 2022, 

the CSHPSS plants will be able to cover the heating demand at a lower cost than the 

conventional system, at which the heating demand is covered at a price of 56.7 to 

64.8 €/MWh. The CSHPSS plant in Athens will continue decreasing to less than 52.5 

€/MWh by 2030, whereas the base case will increase to 65.2 €/MWh. In Berlin, a 

slight cost reduction would be available in the CSHPSS plants by 2020 where the 

NPC will range from 54.9 to 59.3 €/MWh. By 2030, the CSHPSS plant NPC drops to 

49.9 €/MWh compared to a rise in the NPC of the base case to 62.9 €/MWh. In 

Helsinki, the NPC ranges between 53.1 and 55.7 €/MWh, while its base case covers 

the heating demand at 51.5 €/MWh. These prices embody the CSHPSS plant in 

Helsinki as a competitive solution due to the high heating demand and high the non-

renewable energy resources prices. By 2030, the NPC is expected to decrease below 

46.7 €/MWh, while its base case continues to increase up to 62.7 €/MWh. 

II.6 Conclusions 

The EU ambitious plan to cut the GHG up to 40% simultaneously with increasing the 

share of the renewable energy resource at least 27% by 2030 encourages the 

prevalent methodology to quantify the renewable energy systems performance 

including its economic and environmental aspects. This work attempts to explore the 

prospects for wide-scale deployment of the central solar heating plants coupled with 

seasonal storage (CSHPSS) in the residential sector under various EU climate zones 

in order to solve its challenges. The proposed methodological framework 

correspondingly based on a multi-objective approach which is applied to optimize the 

cost against an aggregated environmental metric throughout the life cycle of the 

proposed system in comparison to their relative conventional heating systems. In this 

context, the proposed methodology is applied to various EU climates comprising 

Madrid, Athens, Berlin and Helsinki as representative for the Mediterranean, central 

European, and Nordic climates, respectively with consideration for the seasonal and 

short-term storage systems and their relative load profiles based on the explored 

climate zones. 

Based on the life cycle assessment, the calculated optimal solutions demonstrate an 

environmental advancement for the CSHPSS plants at the considered EU climate 

zones in comparison to a heating system fueled by natural gas. The minimum impact 

solutions reduce the total environmental impact by 86.5%, 84.7%, 82.1%, and 82.9% 

for Madrid, Athens, Berlin, and Helsinki cases, respectively. While this improvement 

becomes only 42.9% for the Athens climate zone at the minimum cost optimal 

solution due to the dependency on using natural gas as a competitive solution in 

comparison to the deployment of the solar energy equipment. On the other hand, the 

life cycle costing analysis shows a clear tendency for increasing the net present cost 

(NPC) under various EU climate zones compared to their base cases due to the high 

initial capital cost of CSHPSS plants. In the minimum cost solutions, the NPC raised 

by 1%, 33.3%, 16.9% and 3.12% for Madrid, Athens, Berlin, and Helsinki cases, 
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respectively. This increment proofs dependency for the CSHPSS plants on the 

climate zone condition, the heating demand, and the natural gas and electricity prices.  

Furthermore, this raise relatively increases in the minimum impact solution, and it 

becomes more substantial in Athens, and Berlin since the NPC increases by 50.8%, 

and 25.3% for these cities respectively due to the low price of non-renewable energy 

resources. Recalling the optimal solutions dependency on the design parameters, a 

detailed sensitivity analysis for the most relevant economic parameters in Madrid 

case study is presented. The sensitivity results aggravate a high dependency for the 

CSHPSS plant NPC objective on the natural gas price, the discount rate, the 

investment cost, the operational cost, where decreasing these parameters by 20% 

contribute to a significant change in the NPC up to 10%. While the total environmental 

impact increases by 196% for the reducing the natural gas price by 20%. 

Following the challenges facing the CSHPSS in EU member states include high 

investment costs and the variation in the technical benefits. The proposed 

methodological framework successes in reducing this variation the system 

performance when introduced in various EU climate zones. Thus, the yearly solar 

fraction never goes below than 90.1% in the investigated climate zones where the 

ratio of seasonal storage tank volume to solar collector field area is around 8 ± 0.5 

m3/ m2. From the economic point of view, the future development of the CSHPSS 

plant cost based on the historically observed learning curves combined with the clear 

tendency for the increment in the natural gas prices at various EU member states 

proposes a significant economic improvement in the competitiveness of the CSHPSS 

plant in comparison to the conventional system by 2020. However, the low heating 

demand and low prices of the natural gas and electricity in Athens (Mediterranean 

climate zone) provokes a limited improvement in the CSHPSS plant competitiveness 

until 2022. 

In the real application of sizing community solar district heating network, the present 

framework can be beneficial for obtaining the right combination of design variables 

with maximizing its environmental impact incorporation with eliminating the oversizing 

system equipment. Furthermore, the proposed framework initiates a proportional 

optimal value regarding the seasonal storage tank and solar collector field of 8 ± 0.5 

m3/ m2 which can serve as a guide for developing business models or establishing 

pilot storage plant. 

Overall this study provides an effective tool for the techno-economic and 

environmental assessment of the CSHPSS at the residential sector which can be 

applied to plan its integration into the existing district heating fields. Furthermore, our 

study highlights the broad applicability of using CSHPSS in different EU climate as a 

sustainable alternative solution to the conventional systems based on natural gas. 

Even though in the real applications, such solar district heating systems are highly 

sensitive to the fluctuation in the fossil fuel prices and other economic parameters. 
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Therefore, the competitiveness cannot be approved without clear and effective 

policies based on a longer-term view for the deployment of renewable energy 

systems in the EU with a goal of establishing a more sustainable energy 

infrastructure. 
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II.8 Nomenclature 

ACOL total aperture area of the solar collectors (m2) 

C(x0) cost production of a reference point (€/MWh) 

C(xt) 
marginal cost of the CSHPSS plant at a certain particular time 

(€/MWh) 

CAPk design variable of equipment unit k 

CAUX annual operational cost of the auxiliary heaters (€) 

CC total initial capital cost (€) 

CEPCI year A chemical Engineering Plant Cost Index in the base year 

CEPCI year B chemical Engineering Plant Cost Index in the installation year 

CM annual cost of equipment unit k (€) 

CO total discounted operational cost (€) 

CP annual operational cost of a pump (€) 

cp specific heat capacity (kJ/kg. k·K) 

CR total discounted replacement cost (€) 
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d annual discount rate (%) 

DAMd indicator result for damage category d 

FBMk bare module factor of equipment unit k  

fc(x) original objective function [NPC(x) or RCP(x)] 

f̅c(x) normalized objective function [NPC(x) or RCP(x)] 

fm maintenance factor 

fPN(x) pseudo nadir point 

fUT(x) utopia point 

i annual inflation rate (%) 

IMPe indicator result for endpoint impact category e 

LCIiMP 
life cycle inventory of the elementary flow i related to the 

manufacturing process 

LCIiOP 
life cycle inventory of the elementary flow i related to operation 

activities 

LCIiTOT total life cycle inventory of the elementary flow i 

LCIiTR 
life cycle inventory of the elementary flow i related to 

transportation 

LR learning rate 

ṁDHW 
mass flow rate of the fluid in the DHW distribution circuit 

recirculate water pumps (kg/s) 

ṁSH 
mass flow rate of the recirculated fluid in the SH distribution 

circuit (kg/s) 

Mc big-M values used in the reformulated optimization model 

NPC net present cost (€/MWh) 

PECk purchase cost of equipment unit k 

PVFn 
present value factor of a single future cash flow at the beginning 

of the nth time period 

PWFn present worth factor of periodic future cash flows 

Q̇AUX natural gas boiler duty rate (MW) 
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QDHW total energy supplied by a domestic hot water tank (MWh) 

QDHW load total domestic hot water heating demand (MWh) 

QSH load total space heating demand (MWh) 

QSST total energy supplied by Seasonal seasonal storage tank (MWh) 

RCP ReCiPe 2008 aggregated impact factor (Pt/MWh) 

SFDHW annual solar fraction for the DHW distribution circuit (%) 

SFSH annual solar fraction for the SH distribution circuit (%) 

VDHW volume of the domestic hot water tank (m3) 

VSST volume of the seasonal storage tank (m3) 

WS(x) weighted-sum objective function 

x continuous variables of the simulation model 

x0 capacity at the reference point (MW) 

xL lower bounds of the continuous variables of the simulation model 

xt capacity at a certain time (MW) 

xU upper bounds of the continuous variables of the simulation model 

y binary variable used in the reformulated optimization model 

Greek symbols 

αCF factor of contingency fees  

αk purchase cost coefficient of equipment unit k  

βk purchase cost exponent of equipment unit k  

δd normalization factor for damage category d  

ΔTDHW temperature difference between the extracted and replaced 

water inside the DHWT (ºC) 

ΔTL temperature difference between the exit and entrance of the 

auxiliary heater (ºC) 

ΔTSST temperature difference between the extracted and replaced 

water inside the SST (ºC) 
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εd weighting factor for damage category d  

θei characterization factor that connects the elementary flow i with 

endpoint impact category e  

λ non-negative weight for the weighted-sum method 

Abbreviations 

AUX auxiliary heater fueled by natural gas  

COL field of solar collectors 

CSHPSS central solar heating plant coupled with seasonal storage 

DHW domestic hot water 

DHWT domestic hot water storage tank 

GHG greenhouse gas 

GenOpt generic optimization program 

GPSPSOCCHJ generalized pattern search algorithm with particle swarm 

optimization with construction coefficient and Hooke-Jeeves 

algorithm 

HE heat exchanger 

HJ Hooke-Jeeves algorithm 

LCA life cycle assessment 

LCC life cycle costing 

MOO multi-objective optimization 

Pi centrifugal pump 

PSO particle swarm optimization algorithm 

SH space heating 

SST seasonal storage tank 

TES thermal energy storage 

TRNSYS transient system simulation program 

Indices 
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c objective function 

d damage category 

e endpoint impact category 

i elementary factor 

k equipment unit 

Sets 

IDd set of endpoint impact categories e that contribute to damage d 
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III.1  Introduction 

Despite the global tendency in shifting the current energy production towards more 

and sustainable energy options, the carbon dioxide (CO2) emissions keep growing by 

6.5% over the last five years [1]. 

In Europe, the Governance of the Energy Union approved new clean energy for all 

Europeans package [2]. This plan comprehensively updates the European Union 

(EU) energy policy framework to facilitate the sustainable transaction from fossil fuel 

towards the deployment of renewable energy to follow up the EU 2030 targets for 

climate and energy consistently with delivering the EU Paris agreement commitments 

towards the reduction in greenhouse gas emissions (GHG) [3]. An important step to 

spread on the clean energy transition in the European Union and its Member States 

is the energy efficiency in the building sector. Buildings represent one of the biggest 
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energy consumers in the EU, accounting for more than 40% of the final energy 

consumption [4], where the residential buildings consume 63% of this energy [5]. 

Moreover, more than 75% of residential energy consumption is utilized for space and 

domestic hot water heating [6]. Along with all these figures, the residential sector 

counts for about 10% of the total GHG in 2017 [7]. In response to this issue, the EU 

promoted the Energy Efficiency Directive plan 2012/27/EU [8]. This plan tends to 

boost the energy performance of the buildings and introduce energy certificates, 

taking into account the external climatic conditions and defining Net Zero Energy 

Buildings. Even though these actions plan led to decrease the final energy 

consumption of the residential section by 9.3% over the last 15 years, still the average 

energy consumption still increases by 0.4% per year due to the growth in the 

urbanization area and dispersion of the central heating [9]. Aligning with this growth, 

various types of renewable energy systems are installed in the building sector for 

electricity and thermal loads coverage. 

Among all renewable sources, solar energy seems to be the most promising 

alternative for fossil fuel due its unique benefits [10]. However, the main drawback of 

solar thermal energy, as well as the other renewable energy sources, is the 

intermittency and fluctuation based on short and long term basis [11,12], which 

causes a gap between the energy demand and supply. Between several storage 

techniques, the thermal energy storage (TES) systems seem to be the most 

promising technologies that fulfill this gap issue. TES systems store the excess 

generated power and provides it on-demand [13]. Considering their storage capacity, 

TES systems comprise two main categories; these categories are short- and long-

term systems. Short-term systems have a charge-discharge capacity for a few days 

and they are widely known as diurnal storage [14]. In general, these systems suffer 

from demand coverage problems during the winter season, especially in the high 

latitude countries. This is due to the difference in solar availability between summer 

and winter seasons [15]. On the other hand, long-term storage can last up for several 

months, and it is known as seasonal TES. Accordingly, seasonal TES can efficiently 

contribute to solve the demand issue during the winter season, and consequently 

improve the usage of renewable energy source in district heating systems aligning 

with the building decarbonization concept [16,17]. Even though seasonal TES has 

been developed for chemical and latent heat storage, the existing seasonal TES 

mainly uses sensible storage due to its stability [18]. 

In Europe, the begin of developing solar assisted district heating systems (SDHS) 

coupled with sensible seasonal TES began in the 1970s with the energy crisis [19]. 

Such district heating communities have been established in the 1990s and 2000s, 

mostly in Denmark and Germany [20]. Since then, the SHDS market has been 

growing practically in Northern and Central Europe [21]. With few exceptions (detailed 

below), the real performance of the SDHS has met with the estimated or predicted 

results. In Friedrichshafen (Germany), the estimated performance in terms of the 
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solar fraction could reach up to 43%. However, the monitoring data under realistic 

operation conditions showed that only a solar fraction between 21% to 33% could be 

reached [22]. A higher estimated solar fraction value has not been reached due to 

several issues that comprise higher heating demand compared to the excepted, 

higher thermal losses in the seasonal storage, and lower solar collector and heat 

exchanger efficiencies [23]. The same issue has been noticed in other SDHS installed 

in Neckarsulm and Rostock [24]. Moreover, in the installed plants in Steinfurt-

Borghorst, Hamburg, and Neckarsulm II, a considerable deviation between the 

design and monitored performance due to the high thermal losses in the seasonal 

and other tanks, high net return temperature, and smaller solar collector area than 

the planned [25]. The most famous solar community is the Drake Landing Solar 

Community in Canada. This plant has been able to cover 98% of the space heating 

demand through solar energy [26]. However, a high-performance variation faces this 

solar community during a five year of monitoring. According to ASHRAE report [27], 

the reason behind this underperformance of the system compared to the simulation 

results is the high thermal losses throughout the network, the storage tank 

stratification, and pump control. Other than the problems mentioned above, 

Weissmann et al. [28] stated that the building orientation and the thermal collector 

orientation combined with the pipe leakages could adversely affect the SHDS 

performance. 

In order to expand the benefits of SDHS, the optimal designing and sizing of SDHS 

and their relative relevant components (e.g., charging/discharging devices) should be 

adequately planned [29]. Substantially, planning and construction of large-scale 

SDHS coupled with seasonal TES is a complex process. Furthermore, the vast 

options of seasonal TES combined evolve the optimization approach as a viable 

option to obtain the optimal design and operation conditions of SDHS. The 

formulation of the optimization problem has two main approaches, the first is to use 

equation-oriented approach, which leads to non-convex mixed-integer non-linear 

programming (MINLP) and it can be solved through software packages (e.g., GAMS, 

MATLAB, etc.) [30]. According to Klatt and Marquardt [31], however, MINLP is still 

not a suitable method for reasonably sized models. Therefore, MINLP models are 

often reformulated and solved using mixed-integer linear programming (MILP). This 

approach relies on simpler and less accurate methods. In this context, Buoro et al. 

[32] and Welsch et al. [33] formulated a MILP for optimizing SDHS together with 

conventional power units to emphasize on the renewable energies rule in the 

residential sector. On the other hand, the second approach refers to the sequential 

models which rely on detailed equations with accurate results [34]. Therefore, this 

approach is used in commercial software (e.g., TRNSYS, EnergyPlus, etc.). In this 

context, Tian et al. [21] and Rehman et al. [35] set up a TRNSYS-GenOpt model to 

optimize the key design parameters of a SDHS in a multi-objective optimization 

(MOO) framework. Their results approve the techno-economic feasibility of district 

heat networks in Nordic climates. Lined up with the environmental benefits of SDHS, 
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Tulus et al. [36] proposed a framework to optimize SDHS design parameters 

according to economic and environmental indicators based on a generic optimization 

tool combined with TRNSYS. Even though the sequential models have great potential 

in developing validated models [37], the optimization based on sequential models 

(Heuristics optimization) is computationally costly and have many limitations 

regarding the optimization process to consider several decision variables comprises 

the operation, configuration, and sizing of the SDHS in the same framework. 

Moreover, these Heuristics optimization frameworks failed in considering the 

stochastic nature of renewable energy sources [38]. In this context, several studies 

performed a sensitivity analysis in order to investigate the contribution of various 

parameters to the SDHS model output [38,39]. However, due to the high 

computational expenses of the Heuristics optimization problems, the most common 

approach is the Local Sensitivity Analysis (LSA), where the importance of the 

parameters is investigated by varying one parameter at a time whereas the remain 

parameters are fixed [40]. This approach is an inadequate practice to cover the input 

parameters domain and its interactions. Alternatively, the Global Sensitivity Analysis 

(GSA) approach solve these drawback, where it can offer better coverage for the 

parameter design space and its relative interactions [41], but it required thousands of 

simulations in order to cover the design parameters domain sufficiently which does 

not fit with the Heuristics optimization approach. 

This computational obstacle of SDHS simulation may be overcome by using the 

surrogate model (metamodel) [42]. The metamodel is a generated model of the 

sequential model, which is typically fast compared to the original detailed model. One 

of the most widely used metamodel technique is artificial neural networks (ANN) to 

solve complex engineering problems [43]. The main advantage of ANN is to replicate 

the detailed model through approximate an implicit relationship based on the training 

data. In the SDHS context, Yaïci and Entchev [44] utilized ANN to predict the yearly 

performance of SDHS that covers the domestic hot water and space heating demand 

in a residential application. While Xia et al. [45] combined the ANN model with a 

genetic algorithm to optimize the performance of SDHS in a multi-objective 

framework. Despite the ANN potential in developing accurate metamodels, the 

generation of an adequate training set required large simulation number. Moreover, 

the large set of tuning parameters in the ANN model combined with the requirement 

of large simulation for generating an adequate training set represents a significant 

limitation in using ANN [46]. 

All the performance, modelling, economical and legal barriers promote a high 

variation in quantifying the SDHS benefits over its lifetime [38,47], especially in 

different community size [48]. Thus, this study aims to propose a methodology 

framework to address these shortcomings via the following contributions: 

1. To develop a robust approach for establishing an ANN model that covers the 

drawbacks associated with the surrogate modelling technique. 
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2. To integrate this robust ANN model to solve the computational obstacle associated 

with heuristics optimization models for SDHS in a MOO framework. 

3. To trace the technical failure of the seasonal TES through expanding the decision 

variables by presenting its geometry and construction design parameters in the 

optimization problem due to its potential importance, as reported in several 

established projects [22,24]. 

4. To examine the community size effect on the performance of the SDHS in a techno-

economic optimization framework with consideration for its environmental impact. 

5. To investigate the uncertainty using the GSA approach for the economic 

parameters (investment costs, energy carrier prices, etc.) through taking advantage 

of the low computational cost feature associated with the robust ANN model. 

Hence, the main novelty of the work is to develop a sustainable pathway to trace the 

techno-economic failures of the SDHS in the residential communities with 

consideration for its environmental impact. This path is implemented through 

developing a complete methodological optimization framework based on a robust 

ANN to showcase the full system potential throughout its lifetime when introduced in 

different urban community sizes. Moreover, another novelty of this paper is the 

integration of Global Sensitivity Analysis (GSA) with the Heuristics optimization 

frameworks; it is the first effort to bridge the heuristics optimization approach and the 

uncertainty associated with the SDHS design from a global perspective. In this 

context, the framework starts with developing a detailed simulation for the SDHS 

based on TRNSYS 18 software [49], the model includes seasonal and short term 

storages to fulfill both energy demands for the space heating (SH) and the domestic 

hot water (DHW). The developed TRNSYS model is combined with MATLAB to 

develop the robust surrogate model and then introduced in a multi-objective 

optimization problem that comprises the community size effect and the seasonal TES 

design parameters under two main different optimization settings. The first 

optimization setting considers only the SDHS equipment sizes, whereas the other 

setting includes the SST construction materials in the optimization problem. The 

developed framework can serve as a supportive decision-making tool that assesses 

the potential of SDHS in Europe and subsequently, accelerating the clean energy 

transition with promoting a clear statement regarding the new clean energy for all 

Europeans packages. 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

III.Machine learning approach to improve SDHS sustainability 

 

   96 

 

III.2  System description  

The study is performed for a virtual residential community with a dedicated solar-

assisted district network. The SDHS is modelled in a dynamic simulation software 

TRNSYS 18, which is introduced earlier in [38]. The main components of the SDHS 

are the solar collector field, the seasonal storage tank (SST), and the DHW storage 

tank (DHWT). The solar collector field can be either installed in the residential 

community roofs or the ground nearby the storages and its relative distribution 

systems. The SST is a large-scale sensible water insulated reservoir, which is usually 

half-buried, and it is mainly utilized to accumulate energy for an extended period. The 

SST is able to cover the SH demand during the winter season through the stored 

energy during the summer season. On the contrary, the DHWT is relatively a small 

water TES tank dedicated to supply energy on a daily bases to cover the DHW 

demand at a temperature of 60ºC. The mismatch between the supply and the 

customer demand in a daily or seasonal base is covered by auxiliary natural gas 

heaters. A schematic representation for the analysed SDHS in this work, and its main 

inputs/outputs are shown in Figure III-1 

 

Figure III-1: Simple schematic representation for the SDHS 

The proposed SDHS is divided into three primary circuits; these circuits comprise the 

solar field circuit, the SH distribution circuit, and the DHW distribution circuit. The 

solar collector field (COL) is connected to the short- and long-term storages through 

heat exchangers (HE1) and (HE2). These heat exchangers impulse the captured heat 

through the solar collector to the SH distribution circuit or DHW distribution circuit 

based on the selected control mode using the Y-type valves. The blue line shows the 

heat flows in the cold side of the SHDS, whereas the red line represents the hot side, 

as illustrated in Figure III-1. 
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The control strategy is designed to maximize the solar contribution where solar 

energy is utilized to meet the SH and DHW demand. In the DHW operation mode 

(priority 1), the COL output temperature and the average DHW temperature are the 

monitoring variables. When this mode is activated, the centrifugal pumps P1 and P4 

are triggered to transfer the accumulated solar heat to the DHWT through the HE2. 

An auxiliary heater using natural gas AUX2 is installed to cover any shortage in the 

DHW network supply. Two Y-valves are installed to regulate the water temperature 

at the DHW distribution circuit by mixing the hot water from the AUX2 with fresh water 

from the mainstream. 

In the SH operation mode (priority 2), the COL output temperature, the average DHW 

temperature, and the temperature at the bottom of the SST are the monitoring 

variables. When the temperature in the DHWT achieved its set point, and the 

temperature in the COL is higher than the SST bottom temperature, the SH operation 

mode is activated. In this mode, pump P1 and P2 allow the heat transfer from the solar 

collector field to the SST through the HE1. During the demand periods, P3 impulse 

the hot water from the bottom of the SST to the SH network through HE3. Downstream 

this heat exchanger, a natural gas boiler AUX1 is installed to cover any failure of the 

solar system. 

In addition to these two control strategies, the simultaneous SH and DHW operation 

mode (priority 3) is activated when both the previous two modes of control are 

satisfied. Beside these control operation modes, control loops are developed to 

regulate the Y-type values in the SH and DHW distribution circuits in order to maintain 

the set-point temperature at the heating and DHW network. 

III.3  Methodology framework 

The proposed methodology framework for the sustainable assessment of the SHDS 

is outlined in Figure III-2. The first step in the framework is the simulation for the 

SDHS process through a commercial simulator (TRNSYS 18). Then defining the 

suitable decision variables range and their relative output, which reflect the thermal 

performance of the SDHS. Once the decision variables are set, MATLAB creates 

scenarios based on the decision variables range to cover the process feasibility and 

automatically launches TRNSYS in a parallel manner to simulate these scenarios. 

With computationally demanding processes, the machine learning approach based 

on ANN is utilized to alleviate the computationally effort during the optimization phase. 

Before the MOO stage, the ANN model is coupled with the Bayesian optimization 

approach to develop a robust ANN model-independent on its tuning parameters 

(Hyperparameter). To solve the MOO problem, a multi-objective genetic algorithm 

(MOGA) is introduced to quantify the economic and environmental benefits of the 

SHDS in the different community sizes, and it is coupled with the developed ANN 

model. Once the Pareto frontier is generated based on the objective functions, the 
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GSA is presented to illustrate the significant impacts of uncertainty on the economic 

and environmental indicators [41,50]. 

 

Figure III-2: Sustainable framework for the optimal design of SDHS 

III.3.1  Energy system modelling 

The developed SDHS simulation model is built based on TRNSYS18, following the 

models previously developed by Guadalfajara et al. [51] and Tulus et al. [36]. This 

software mainly solves the partial differential equations, mainly apply the mass and 

energy balances equations within the SDHS boundaries. The dynamic nature of 

TRNSYS simulation environmental assists in introducing the simulation of SHDS 

more realistically. Aligning with the simplicity idea in calculations, a typical year of 

operation based on hourly timescale is introduced and then extrapolated in order to 

show the performance of the system throughout its lifetime with assuming the same 

climatic conditions and demands over the years of operation. 

A part of the methodology framework is to tackle the technical failure of the SDHS 

comprising the construction, sizing, and operation of its equipment when introduced 

in various community sizes. Thus, being the solar collector, storages tanks are the 

key decision variables in designing an optimal SDHS [36], 15 decision variables 

including the orientation of solar collectors and the construction and sizing of the 

storage tanks are introduced in the optimization problem. For each simulation, 19 

aggregated outputs are considered; these outputs comprise the energy production in 

the solar field, the energy stored in the storage tanks, the supplied energy by the 

auxiliary heaters, and the energy consumption by the pumps. 
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III.3.2  Robust ANN solution procedure 

As stated in the introduction, some barriers limit the using of the ANN. Aligning with 

these drawbacks, this section explains the approach carried out in this study to 

develop a robust metamodel that eliminates them. The proposed methodology starts 

with the data generation (known as sampling) in which a vast range of training points 

are introduced to testify the metamodels accuracy converges and its time 

consumption. The Bayesian optimization approach is then combined with the 

sensitivity analysis to test the variety of the metamodel settings. Once the metamodel 

settings are nominated, the ANN model is developed with testing the balance 

between the model accuracy and the time consumption. 

III.3.2.1 General Background on ANN modeling 

The ANN is a supervised learning technique which covers a board range of models 

and learning algorithm. This study is mainly focussed on the feedforward neural 

network with multi hidden layers. Generally, the neural network consists of several 

hidden layers where each layer consists of several neurons; these neurons propagate 

information using weighted connections and transfer functions. The number of 

neurons in the input and output layers is equal to the number of the model input and 

output, respectively. Since the number of hidden layers and their relative neurons 

selection increase the overfitting risk, the hidden layers are interpreted based on an 

optimization algorithm that can be used to interpret other ANN settings [52]. 

In addition to the hidden layers and its relative neurons, the ANN architecture is also 

defined through other settings comprising the training/learning method, the activation 

functions, momentum mean, and the learning rate. Thus, the neural network is based 

on investigating the optimal setting for the hyperparameters number of the hidden 

layers, number of neurons in the hidden layer, training function, activation function-

hidden layer, activation function- output layer, learning rate, and momentum mean. 

III.3.2.2 Data generation and preparation 

The process of building the training data for the surrogate model is known as 

sampling. The performance of the surrogate mainly depends on the quality of the 

sampling strategy as well as its size. In order to maintain the quality of the surrogate 

model without high computational cost, the sampling strategy represents significant 

importance [53]. 

The sampling strategy can rely on the grid pattern where this sampling method is 

derived from the design of experiment literature (factorial, Box-Behnken designs), 

space-filling design (Latin hypercube design, low-discrepancy sequences), and 

sequential sampling approach where the samples are generated adaptively where 

information is required [54]. In this context, the low-discrepancy sequences (Sobol’s 

LPτ) are utilized to create the training data since it is assumed to cover the space 
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design domain more efficiently in comparison to the Latin hypercube design [55]. The 

generation process starts with generating N samples in an n-dimensional unit where 

n represents the number of decision variables. Then the generated points turned into 

n×N input matrix where each row represents a set of decision variables to obtain the 

thermal performance of SDHS. The data generation process is built automatically in 

MATLAB and connected to TRNSYS to perform the required simulations in a parallel 

manner. 

The appropriate sampling size mainly depends on the size of decision variables along 

with the computational budget. At some points, increasing the size of samples has a 

negative effect on improving the performance of the surrogate model with an 

excessive computational cost. Thus, aligning with building a surrogate model 

independently on the sampling size at a suitable computational cost, the metamodel 

is trained using different sample sizes in a range between 32 – 8192, which is within 

our acceptable computational limits (10,000 simulations). In the process of the ANN 

model setting selection, the k-fold cross-validation process is presented in order to 

avoid the overfitting issue [56]. This process involves splitting the generated samples 

into k subsets, where each subset includes an equal set of samples. The ANN model 

is trained on k-1 subsets and tested on the remain k subset. The process is repeated 

k times. Thus, each k subset will be used as a testing set. 

III.3.2.3 Assessing Model Setting and convergence 

The robust surrogate model building process has been divided into two main steps; 

the model setting selection and the model convergence testing, as shown in Table 

III-1. In the first step, model settings and its relative hyperparameters through using 

the Bayesian optimization approach at different training set sizes are emphasized. 

The optimization approach is combined with the sensitivity analysis to estimate the 

importance of the hyperparameters. In the second step, the convergence of the ANN 

model is assessed through testing the develop a surrogate model based on the 

optimal model settings under a wide range of training set to define the optimal sample 

size. 

Table III-1.Building the Robust ANN model steps 

Investigation Model settings Convergence 

Training sets 64, 256, 1024 32, 64, 128, 256, 512, 1024, 

2048, 4096, 8192 

Purpose To find suitable 

model settings 

To assess model accuracy in 

balance with its computing time 
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Corresponding to the importance of tuning the ANN model hyperparameters in 

determining the model accuracy, different approaches, including the naive gird 

search and random search can be utilized in this context. However, these approaches 

exhaustively time-consuming; thus, limited decision variables can be investigated 

based on these methods [57]. In addition to these approaches, the optimization 

workflow can succeed in solving the drawbacks associated with the traditional 

methods. In this regard, a few generic optimization algorithms, including genetic and 

particle swarm algorithms, have been applied to optimize the metamodels 

hyperparameters [58,59]. However, these algorithms have dimensionality problems 

[60]. Among these approaches, the Bayesian optimization algorithm demonstrates 

better performance in several cases [61]. 

In our case, it is applied due to its beneficial advantage in solving computationally 

intensive cases since it can include binary, continuous, and discrete hyperparameters 

in the optimization problem [62]. Moreover, the Bayesian hyperparameter 

optimization algorithm is capable of handling the optimization problem in parallel 

computing manner using a cluster of computers [63]. This approach aims to 

constructs a probabilistic model using the Gaussian process, which is updated with 

each new observation and has a definitive goal of improving the metamodel accuracy. 

Table III-2 lists the hyperparameters settings options in the two stages of the 

development of the Robust ANN model in comparison to the default setting of the 

ANN. 

Table III-2. The model setting in the two stages of developing a Robust ANN 

model 

Model setting 

(hyperparameter) 
Model settings Convergence Default 

1. Number of the hidden 

layers 
1:10 3 1 

2. Number of neurons 1:50 14 10 

3. Training function 

a. Levenberg Marquardt 

b. Bayesian regularization 

c. Scaled conjugate 

gradient 

d. Resilient 

backpropagation 

b a 

4. Activation function, 

hidden layer 

i. logsig, ii. tansig, 

iii. purelin 
i ii 

5. Activation function, 

output layer 

i. satlin, ii. logsig, iii. tansig, 

iv. purelin 
iv iv 

6. Learning rate 0.001:0.5 0.001 0.01 

7. Momentum mean 0.001:1 0.004 0.9 
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In addition to the hypermeters tuning through using the Bayesian optimization 

algorithm. A sensitivity analysis based on screening design is attractive to eliminate 

irrelative hyperparameters from the second stage (B. Convergence). Often fractional 

factorial designs with resolution III or IV are introduced in the early stages of 

screening designs. However, these design types required a broad set of runs and 

have no capability of capturing the quadratic terms [64]. Thus, using the definitive 

screening design proposes efficient properties in minimizing the number of the 

required runs, and estimating the quadratic terms. The evaluation of the definitive 

screening design is conducted through ANOVA, where a Pareto chart is constructed 

to rank the significant hyperparameters [65]. 

When the least significant hyperparameters are identified through the definitive 

screening design, an interactive parallel coordinate plot is presented. This plot is then 

combined with histograms for each hypermeter showing its setting distribution in 

providing an accurate metamodel. 

In order to characterize the performance of the developed metamodels, a group of 

metamodel performance metric are utilized to evaluate its accuracy. These metrics 

include three standard evaluation measures; (i) adjusted R-squared (𝑅2  ̶ 𝑎𝑑𝑗), (ii) 

Coefficient of Variation (𝐶. 𝑉), and (iii) Symmetric mean absolute percentage error 

(𝑆𝑀𝐴𝑃𝐸), their formulas are expressed in . 

𝑅2 = 1 −
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑑𝑎𝑡𝑎,𝑖 − 𝑦
𝑑𝑎𝑡𝑎

)
2𝑛

𝑖=1

 Eq. III-1 

𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑 − 𝑅2 = 1 −
(1 − 𝑅2)(𝑛 − 1)

𝑛 − 𝑘 − 1
 Eq. III-2 

𝐶𝑉(%) = √
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

𝑦
𝑑𝑎𝑡𝑎

× 100 Eq. III-3 

𝑆𝑀𝐴𝑃𝐸(%) =
1

𝑛
∑

|𝑦𝑑𝑎𝑡𝑎 − 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡|

|𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡| + |𝑦𝑑𝑎𝑡𝑎| 2⁄
× 100

𝑛

𝑡=1

 Eq. III-4 

where 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 is the predicted value at time point 𝑖, 𝑦𝑑𝑎𝑡𝑎,𝑖 is the actual data at time 

point 𝑖, 𝑛 is the sample size, and 𝑘 is the number of regressors. Following the 

proposed standard accuracy evaluators. The CV is used as an objective function in 

the model setting stage for two main reasons. First, it´s recommended by ASHRAE 

for evaluating the energy systems. Second, it´s a normalized value, which can be 

more convenient for comparison purposes [66]. 
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III.3.3 Sustainable assessment 

The developed framework evaluates the proposed SHDS based on three main 

criteria comprise: the technical performance with details regarding the construction 

and operation of the equipment in the proposed plant, as well as the economic and 

environmental performance throughout the system lifetime. 

III.3.3.1 Technical assessment 

The technical analysis of the SHDS, coupled with sensible seasonal TES in the 

proposed framework, can be implemented in two main stages. The first stage 

examines the thermal performance of the sensible seasonal TES based on the 

storage dimension and its construction materials. While the second stage proposes 

several indicators to assess the overall performance of the SDHS. 

Within the SST analysis, a large water cylindrical tank built over the ground and filled 

with water to serve as a seasonal storage unit in the SHDS is investigated. The SST 

constructed based on reinforced concrete and insulation from the top, side, and 

bottom based on various insulation material to reduce its heat loss to the 

environment. The SST characterization is evaluated based on the storage heat 

capacity and heat loss during its operation [67]. The energy provided by the fully 

stratified SST can be expressed, as shown in Eq. III-5: 

𝑄𝑆𝑆𝑇 = ∫ 𝑚̇𝑆𝐻𝐶𝑝∆𝑇𝑆𝑆𝑇

𝑡

0

 Eq. III-5 

where 𝑚̇𝑆𝐻 is the water mass flow rate in the SH distribution circuit, C𝑃 is the specific 

heat, and ∆T𝑆𝑆𝑇 is a temperature difference between the extracted and replaced 

water from the storage tank to cover SH demand. 

Another characterization key of the SST performance is the thermal heat losses, and 

it can be evaluated based on heat losses through the top (𝑈𝑅𝑜𝑜𝑓), sideways (𝑈𝑊𝑎𝑙𝑙) 

, and bottom of the storage (𝑈𝐺𝑛𝑑). The thermal heat loss through these surfaces 

depends on the construction material, the insulation material, the ground properties, 

and the height to diameter ratio [68], A set of a nominal performance metric is 

introduced to evaluate the technical performance of the solar field circuit, and SH and 

DHW distribution circuits. These indicators comprise the solar collector, SST, and 

DHWT efficiencies [69,70], and the annual solar fraction for both the SH and DHW 

distribution circuits [71,72]. These performance indicators are calculated using 

Eq.III-9 to Eq.III-13 as a function of the energy flow over the solar field and the 

distribution circuits: 
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𝜂𝐶𝑂𝐿 =
∫ 𝑄̇𝑈𝑠𝑒𝑓𝑢𝑙

𝑡

0

∫ 𝑄̇𝑆𝑂𝐿
𝑡

0

 Eq.III-6 

𝜂𝑆𝑆𝑇 = 1 −
∫ 𝑄̇𝑆𝑆𝑇 𝑙𝑜𝑠𝑠

𝑡

0

∫ 𝑄̇𝐻𝐸1

𝑡

0

 Eq.III-7 

𝜂𝐷𝐻𝑊𝑇 = 1 −
∫ 𝑄̇𝐷𝐻𝑊 𝑙𝑜𝑠𝑠

𝑡

0

∫ 𝑄̇𝐻𝐸3

𝑡

0

 Eq.III-8 

𝑆. 𝐹𝑆𝐻 = 1 −
∫ 𝑄̇𝐴𝑈𝑋1

𝑡

0

𝑄𝑆𝐻 𝑙𝑜𝑎𝑑

 Eq.III-9 

𝑆. 𝐹𝐷𝐻𝑊 = 1 −
∫ 𝑄̇𝐴𝑈𝑋2

𝑡

0

𝑄𝐷𝐻𝑊 𝑙𝑜𝑎𝑑

 Eq.III-10 

where 𝑄̇𝑈𝑠𝑒𝑓𝑢𝑙 and 𝑄̇𝑆𝑂𝐿 are the useful energy produced and received by the solar 

collector field, respectively. 𝑄̇𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 and 𝑄̇𝐷𝐻𝑊 𝑙𝑜𝑠𝑠 represent the heat loss in the 

SST and DHWT, whereas the 𝑄̇𝐻𝐸1
 and 𝑄̇𝐻𝐸3

 are the heat transfer rate through the 

heat exchangers HE1 and HE3. Moreover, 𝑄̇𝐴𝑈𝑋1
 and 𝑄̇𝐴𝑈𝑋2

 states for the auxiliary 

energy rate provided by the natural gas boilers in the SH and DHW distribution circuits 

to cover the SH load (𝑄𝑆𝐻 𝑙𝑜𝑎𝑑) and DHW load (Q𝐷𝐻𝑊 𝑙𝑜𝑎𝑑) demand when the solar 

system fails in reaching the set temperature point. 

III.3.3.2 Economic assessment 

In the current study, the economic performance of the system configuration is 

implemented through the life cycle costing (LCC) methodology [73,74]. 

The LCC approach is a valuable technique for assessing the economic performance 

of the energy system in terms of the initial investment cost combined with its 

operational and replacement cost throughout the system lifetime. The LCC approach 

assists the decision-makers in comprehensively interpreting the energy system's 

economic performance throughout its life cycle and subsequently avoiding extra 

expenses in the early stages of design even though additional investment cost is 

required [75]. 

The main principle of the LCC methodology is the future system value, where all 

system expenses throughout its lifetime are discounted to its present value. The total 

present value (𝑁𝑃𝐶) can be estimated by considering the initial investment cost (𝐶𝐶), 

the operational cost (𝐶𝑂), and the replacement cost (𝐶𝑅): 
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𝑁𝑃𝐶 = 𝐶𝐶 + 𝐶𝑂 + 𝐶𝑅 Eq.III-11 

The initial investment cost states for the initial capital cost at the project starting point. 

It considers the equipment cost, installation, and transportation cost. In addition to 

any possible contingency expenses, and it can be expressed as follows: 

𝐶𝐶 = (1 + 𝛼𝐶𝐹) ∑(𝑃𝐶𝐸𝑘 . 𝐹𝐵𝑀𝑘)

𝑘

 Eq.III-12 

where 𝑃𝐶𝐸𝑘 represents the initial capital cost of purchased unit 𝑘, 𝐹𝐵𝑀𝑘 is the bare 

module factor, which states for the installation and transportation cost of unit 𝑘, and 

𝛼𝐶𝐹 donates for the contingency factor. 

𝑃𝐶𝐸𝑘 fetched the initial purchased cost from the base year (year A) to the year of 

installation (year B) based on the Chemical Engineering Plant Cost Index (CEPCI) 

using the following equation: 

𝑃𝐸𝐶𝑘 = 𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴 𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟𝐵

𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟𝐴
                                 ∀𝑘 Eq.III-13 

The initial purchased cost of unit 𝑘 at year A can be estimated using Eq.III-14 to 

Eq.III-17): 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                                    ∀𝑘 = 𝐶𝑂𝐿, 𝐷𝐻𝑊,𝐴𝑈𝑋 Eq.III-14 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝐶𝐴𝑃𝑘
𝛽𝑘 . 10[𝛼𝑘(𝑙𝑜𝑔10𝐶𝐴𝑃𝑘)𝛽𝑘]                   ∀𝑘 = 𝐻𝐸1, 𝐻𝐸2, 𝐻𝐸3 Eq.III-15 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘 𝑙𝑛 (
𝐶𝐴𝑃𝑘

1000
) + 𝛽𝑘                                  ∀𝑘 = 𝑃1, 𝑃2, 𝑃3, 𝑃4 Eq.III-16 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝐼𝑛𝑠𝑆𝑆𝑇 + 𝐶𝑜𝑛𝑆𝑆𝑇                                      ∀𝑘 = 𝑆𝑆𝑇 Eq.III-17 

Where: 𝐼𝑛𝑠𝑆𝑆𝑇 = 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                       ∀𝑘 = 𝑋𝑃𝑆,𝑀𝑊, 𝐹𝐺 Eq.III-17.1 

 𝐶𝑜𝑛𝑆𝑆𝑇 = 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                     ∀𝑘 = 𝑁𝐶,𝐻𝑃𝐶 Eq.III-17.2 

 𝐶𝑜𝑛𝑆𝑆𝑇 = 𝛼𝑘𝑒
(

𝛽𝑘
105 𝐶𝐴𝑃𝑘)

                            ∀𝑘 = 𝑈𝐻𝑃𝐶 Eq.III-17.3 

where 𝛼𝑘 and 𝛽𝑘 are the equipment or material purchase cost parameters, 𝐶𝐴𝑃𝑘 is 

the design variables of equipment 𝑘. The design variables are the solar collector field 

area (𝐴𝐶𝑂𝐿), the storage tank volume (𝑉𝑆𝑆𝑇 , 𝑉𝐷𝐻𝑊), the SST insulation type 

(𝑋𝑃𝑆,𝑀𝑊,𝐹𝐺) comprising extruded polystyrene, mineral wool, and foam glass 

gravel, respectively, the construction material type (𝑁𝐶,𝐻𝑃𝐶, 𝑈𝐻𝑃𝐶) comprising 

Normal concrete, high performance concrete, and ultra-high performance concrete, 
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respectively, the heat exchanger areas (𝐻𝐸1, 𝐻𝐸2, 𝐻𝐸3), and the pumps discharge 

mass flow rates (𝑚̇1,  𝑚̇2,  𝑚̇3, 𝑚̇4). 

The operational cost states for the annual maintenance cost of different equipment, 

the electricity consumption by the centrifugal pumps, and energy consumption by the 

natural gas auxiliary heaters. It can be expressed as follows: 

𝐶𝑂 = 𝐶𝑀𝑃𝑊𝐹𝑀 + 𝐶𝑃𝑃𝑊𝐹𝑃 + 𝐶𝐴𝑈𝑋𝑃𝑊𝐹𝐴𝑈𝑋 Eq.III-18 

where the 𝐶𝑀, 𝐶𝑃, and 𝐶𝐴𝑈𝑋 donate for the annual maintenance cost, the recirculation 

pumps, and the auxiliary heater consumption cost. While 𝑃𝑊𝐹 tends for the time 

value of the money with consideration for the inflation rate (𝑖) and discount rate (𝑑) 

throughout the proposed system lifetime. 

The replacement cost counts for the depreciation associated with several equipment 

during the lifetime of the SDHS. This equipment is the solar collector field, the DHW 

storage tank, the heat exchangers, and the auxiliary heaters. The replacement cost 

can be calculated using Eq.Eq.III-19) with consideration for the equipment present 

value: 

𝐶𝑅 = 𝑃𝑉𝐹𝑛 ∑(𝑃𝐸𝐶𝑘 . 𝐹𝑀𝐵𝑘)

𝑘

 Eq.III-19 

where 𝑃𝑉𝐹𝑛 is the present value factor of future cash flow at year 𝑛. 

The economic viability of the SDHS can be specified as well based on the economic 

payback period (𝐸𝑃𝐵𝑃) [76]. It is widely used for evaluating energy system 

performance throughout its lifetime, and it´s usually expressed in years. The shorter 

the payback period, the more favourably a project is ensured. The computation of the 

(𝐸𝑃𝐵𝑃) can be obtained by dividing the future system value (𝑁𝑃𝐶) by the yearly cost 

saving for using the SDHS as follows: 

𝐸𝑃𝐵𝑃 =
𝑁𝑃𝐶

𝐴𝑛𝑛𝑢𝑎𝑙 𝑐𝑜𝑠𝑡 𝑠𝑎𝑣𝑖𝑛𝑔
 Eq.III-20 

 

III.3.3.3 Environmental assessment 

In addition to the LCC approach for assessing the economic performance of the 

SHDS. The system environmental impact is evaluated using a life cycle assessment 

approach (LCA) [77]. This approach empowers a comprehensive analysis of the 

system components during its production as well as their operation and disposal 

based on the “cradle to grave” concept [78]. The LCA, as standardized in the ISO 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

III.Machine learning approach to improve SDHS sustainability 

 

   107 

 

14040 series [79–81] comprises several phases that trail a specific sequence; the 

goal and the scope definition, life cycle inventory, and impact assessment. 

The LCA conducted within this study proposes the goal and scope stage for defining 

the system boundary and its functional unit. In this context, the functional unit was 

defined as the annual heating demand for the SH and DHW over the system time 

horizon. The SDHS boundary is drawn based on the “cradle to gate” concept since 

this study focus on the existing district heating with excluding the disposal phase (end 

of life). This is a common practice in the LCA approach as the disposal phase is 

negligible compared to the production and use phases. Moreover, the recycling 

phase is insignificant as well due to its advance and difficulty in prediction [33]. 

In the life cycle inventory and impact assessment stage, based on several databases, 

the material input, output, and their relative energy consumption are compiled during 

the construction and operation of the plant. In the current study, the impact of 

equipment manufacturing, as well as the utility energy consumption (natural gas by 

electricity) by the SHDS, are considered throughout the whole lifetime. Furthermore, 

the material transportation to the site as well as the plant components impact during 

its operation is also considered. These impact data are retrieved from the Ecoinvent 

3.5 database [82]. 

Afterwards, the inventory data are weighted and translated into impact categories. 

These damages comprise; the damage to human health, the damage to the 

ecological system, and resources damage. In this work, the ReCiPe 2016 framework 

is promoted to evaluate different environmental categories based on the aggregated 

endpoint indicator metric (𝑅𝐶𝑃) rather than using the mid-point indicators, which 

would be misleading in interpreting the overall SDHS environmental performance with 

different sized systems. The 𝑅𝐶𝑃 can be expressed as follows: 

𝑅𝐶𝑃 = ∑𝛿𝑑𝜀𝑓𝐷𝐴𝑀𝑑                                                   ∀𝑑

𝑑

 Eq.III-21 

where 𝐷𝐴𝑀𝑑 represents the endpoint of the damage category 𝑑, and 𝛿𝑑, 𝜀𝑑 are the 

specific normalization and weighting factors. The normalized factors are specified 

based on the damage to the European land uses, and their relative material 

extractions [83]. On the other hand, the weighting factors are estimated based on the 

ReCiPe 2016 recommendation [38]. 

In addition to the LCA indicator, the greenhouse gas payback period (𝐺𝑃𝐵𝑃) is used 

to measure the system sustainability of the system [84]. Even though the SDHS is 

almost a free greenhouse gas emissions during its operation, the environmental 

damage of such this system is generated during the production and disposal 

processes [85]. The (𝐺𝑃𝐵𝑃) is defined as the environmental impact reduction 

potential as a result of the SDHS installation, and it can be expressed as follows: 
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𝐺𝑃𝐵𝑃 =
𝑅𝐶𝑃

𝐴𝑛𝑛𝑢𝑎𝑙 𝑅𝐶𝑃 𝑠𝑎𝑣𝑖𝑛𝑔
 Eq.III-22 

 

III.3.4 Optimization problem 

This stage focusses on solving the computational obstacle associated with heuristics 

optimization models through using the developed robust ANN model in a MOO 

problem. Moreover, it tends to trace the technical failure of the SDHS through 

expanding its decision variables by presenting the SST geometry and construction 

design parameters as well in an optimization framework. Therefore, the energy 

performance is optimized to cooperate with the economic and environmental system 

requirements using the MOO framework to deal with the multi-objective conflict 

nature. Lastly, the community size effect on the performance of the SDHS was 

examined in separate optimization problems. 

In the solar district heating system, the formulation of an optimization problem always 

deals with the conflicting nature associated with such these energy systems. 

Therefore, researches are often concern about the technical performance aligning 

with its economic profiles [23,35]. In this study, we add more real-world nature 

objective by considering the environmental impact in the problem formulation. 

Therefore, the current study emphasis on optimizing the LCC of the SHDS presented 

by the total plant cost (𝑁𝑃𝐶) simultaneously with the LCA presented the eco-points 

(𝑅𝐶𝑃) to satisfy the technical requirement, and it is given as: 

min {𝑓1(𝑥), 𝑓2(𝑥)}  

𝑠. 𝑡.  ℎ(𝑥) = 0 

        𝑔(𝑥) ≥ 0 
 

𝑙𝑏𝑖 ≤ 𝑥𝑖 ≤ 𝑢𝑏𝑖                  𝑖 ∈ {1, … ,15} Eq.III-23 

where 𝑓1 is the plant net present value (𝑁𝑃𝐶) and 𝑓2 is the ReCiPe 2016 aggregated 

impact factor (𝑅𝐶𝑃), ℎ donates for the equality constraints, which corresponding to 

the mass and energy balance equation solved implicitly in TRNSYS in the first stage. 

While 𝑔 donates for the inequality constraints, which correspond to the correct 

technical performance of SDHS. These constraints must maintain the annual solar 

collector efficiency above 60%, whereas SH annual solar fraction and SST efficiency 

should be maintained above 50% based on Bauer et al.[22] and Solites [86] 

recommendations. 

The optimized solution in the multi-objective problem provides a set of non-dominated 

solutions (Pareto frontier points), which represent optimal trade-off solutions between 

the economic and environmental objectives that satisfy the technical performance 

constraints. The extreme points in the Pareto frontier called the anchor points, and it 
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corresponds to the minimum economic and environmental impact solutions. In the 

MOO problems using the classical methods based on point by point approach 

(weighted sum or the ɛ-constraint method) [87], the optimization outcome represents 

a single optimized solution based on a particular search direction, which often delivers 

local information (suboptimal solution). Furthermore, due to the dependency of the 

optimal solutions on the initial chosen solution, these approaches fail in solving 

different optimization problems type [88]. Aligning with these limitations, an 

evolutionary approach based on a technique called Pareto-ranking [89] is utilized to 

estimate approximate Pareto-optimal solutions based on the (𝑁𝑃𝐶) and (𝑅𝐶𝑃) 

objective functions. 

Table III-3. Decision variables for the SHDS categorized by circuit name 

Circuit 

name 

Decision 

variable 
Unit Uniform Discrete Ref. 

Solar field 

circuit 

ACOL m2/MWh/a 0.1:2  [38,90] 

βCOL o 20:70  [48] 

NCOL - 1:5   

SH 

distribution 

circuit 

VSST m3/MWh/a 1:20  [22,91] 

HDR m/m 0.3:1.5  [68,92] 

dRoof m 0.2:0.7   

dWall m 0.2:0.7  [93,94] 

dGnd M 0.2:0.7   

   𝑁𝐶 =1.5 W/m. K 

[95,96] λcon W/m. K - 𝐻𝑃𝐶 =2.5 W/m. K 

   𝑈𝐻𝑃𝐶 =1.6 W/m. K 

   𝑋𝑃𝑆 =0.032 W/m. K 

[97,98] 

λins W/m. K - 𝑀𝑊 =0.04 W/m. K 

   𝐹𝐺 =0.06 W/m. K 

   𝑋𝑃𝑆 =0.032 W/m. K 

λins gnd W/m. K - 𝑀𝑊 =0.04 W/m. K 

   𝐹𝐺 =0.06 W/m. K 

 FCAUX1 % 0.1:1   

DHW 

distribution 

circuit 

VDHWT m3/MWh/a 0.05:0.25  [38,69] 

HDRDHWT m/m 1:2  [93,99] 

FCAUX2 % 0.1:1   

 

The SDHS performance is examined in four different community sizes (10, 25, 50, 

and 100) based on 15 decision variables; these decision variables describe various 

components in the SDHS, including its sizing as well its relative orientation and 
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construction. These variables can be categorized based on the circuit name. In the 

solar field circuit, (i) COL area (ACOL), (ii) COL inclination angle (βCOL), and (iii) number 

of COL in series (NCOL) are considered. In the SH distribution circuit, (i) SST volume 

(VSST), (ii) SST aspect ratio (HDR), (iii) SST construction material (λcon), (iv) SST roof, 

wall, and ground insulation material type (λins), (v) ground insulation material type (λins 

gnd), (vi) roof, wall, and ground insulation material thickness (TRoof), (TWall), and (TGnd), 

respectively, and (vii) AUX1 fraction (FCAUX1) are considered. Finally, in the DHW 

distribution circuit, (i) DHWT volume (VDHWT), (ii) DHWT aspect ratio (HDRDHW), and 

(iii) AUX2 fraction (FCAUX2) are considered. A wide range of these decision variables 

is estimated for simulation and optimization processes based on real implemented 

projects in EU and recommendation for various articles, as shown in Table III-3. On 

the other hand, the sizing of other equipment units in the SDHS is determined through 

mathematical equations that relate them to the decision variables. 

In the current framework, the Multi-Objective Genetic Algorithm (MOGA) is 

introduced, as it can be coupled easily with a simulator, Blackbox models or even 

models based on algebraic equations. The MOGA is particularly able to handle a set 

of points simultaneously, which would empower the user to obtain several Pareto 

frontiers in a single run [30]. An elitist genetic algorithm (a variant of NSGA-II [100]) 

is nominated. This algorithm can handle a multi-objective problem in a parallel 

computing manner. Moreover, it can handle discrete and continues variables, along 

with equality and inequality constraints [101]. Following the evolutionary approach, 

the solutions are iteratively modified according to the internal ranking of each 

population. These populations are generated based on the mutation and crossover 

functions [30]. An automated simulation-based optimization model is performed by 

combining the generated robust metamodel based on ANN with the NSGA-II 

algorithm. The MOGA uses the NSGA-II algorithm with 1000 initial population due for 

300 generations based on Alajmi et al. [102] recommendation. 

III.3.5 Sensitivity analysis 

The final step in the methodology framework is to perform a sensitivity analysis, which 

is a common approach that offers an insight into the important model parameters. 

Given the drawbacks in the LSA, the GSA approach based on Bayesian analysis of 

computer code outputs (BACCO) [103] is employed. The main advantage of this 

approach is its ability to cover a wide range of uncertain parameters and interactions 

with consideration for their relative distributions. Furthermore, it offers a substantial 

computational improvement compared to using expensive GSA based on Monte 

Carlo simulations [104]. 

The BACCO method entails two main key stages. In the first step, a statistical 

representative model (i.e., an emulator) is built based on a set of training data points 

derived from the developed simulation-based optimization model. The training data 
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are ideally cover the feasible design domain using a multidimensional space-filling 

algorithm (Latin hypercube design). Prior to the second stage, the cross-validation 

approach is applied automaticity to estimate the emulator accuracy. The second 

stage uses the constructed emulator (which is efficient in covering a multidimensional 

design domain in low computational expenses in comparison to the original optimized 

model) in quantifying the importance of parameters in interest [105]. The performed 

sensitivity analysis is presented in terms of the percentage variance contribution of 

each input with respect to the economic (𝑁𝑃𝐶) indicator and environmental indictor 

(𝑅𝐶𝑃). 

III.4  Case study 

To better illustrate the capabilities of the proposed framework, the methodology 

procedure is applied to a SDHS located in Madrid (Spain) to meet the heating demand 

of different sized neighbourhood community (10, 25, 50, and 100 buildings). Each 

building comprises 28 apartments with 90 m2 of useful area [106] per apartment and 

equipped with a radiant underfloor heating system and a domestic hot water system 

to meet the SH and DHW demand at 50°C and 60°C, respectively. The SDHS model 

validation and heating demand comparison were implemented in comparison to 

Guadalfajara et al. [107] and Tulus et al. [38]. 

For comparison purposes, a base case using only a natural gas boiler is considered. 

This conventional system is able to fulfil the SH and DHW demand alone 

independently from the SDHS. 

III.4.1 SDHS model specification 

The solar collector field in the SDHS consists of flat-plate collectors (type ARCON 

HT-SA 28/10) designed for large applications [36]. These collectors are connected in 

series and oriented toward the south. A 33% mixture of glycol in water (𝐶𝑝= 3.8 

kJ/kg·ºC at 50ºC) is initiative as a working fluid in the solar field circuit with a nominal 

recirculation flow rate of 20 kg/h·m2. On the other hand, the SH and DHW distribution 

circuits are operated with water. 

The SST is a partially buried tank with a cylindrical section. Since the tank 

construction is a part of the optimization problem, the seasonal storage design 

parameters are initialized based on the constructed project in Friedrichshafen 

(Germany) [96], where normal concrete with a thickness of 0.5 m was selected as a 

construction material. For the storage insulation, the mineral wool was placed outside 

the concrete with a thickness of 0.3 and 0.2 m for the roof, wall, and ground, 

respectively. On the other hand, the DHW is a relatively small tank compared to the 

SST since it is utilized for only daily services, the DHWT constructed with an overall 

heat coefficient of 0.3 W/(m2·K) [107]. To cover any shortage of the solar system, 
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natural gas boilers with efficiency 93% are utilized as auxiliary heaters for both SH 

and DHW distribution circuits. 

To reproduce the transient behaviour associated with the simulation process, all the 

TRNSYS simulations were implemented with a time step of 15 min [108]. The system 

assessment was performed over three years of simulation (28,260 h), and the results 

after the third year are extrapolated over the SDHS lifetime. The three years of 

simulation idea is due to the homogeneous assumption inside the SST where SST 

temperature is equal to 30°C at the beginning of the first year of simulation. Therefore, 

after two years of simulations, this initial assumption is eliminated, and the change in 

temperature becomes insignificant in the following years [23]. According to the United 

Nations Environment Programme [109], the lifetime of the SDHS is 40 years, where 

several equipment include the solar collectors, heat exchanger DHWT and auxiliary 

heaters need to be replaced after only 20 years of operation. 

III.4.2 Climate and demand profiles 

The climate data for Madrid is obtained from the EnergyPlus database [110]. These 

data include the incident solar radiation, ambient temperature, relative humidity, and 

other relative information. The monthly average ambient temperature and its relative 

incident solar radiation per solar collector area are shown in Figure III-3. 

The space heating demand is established based on the implemented work by 

Guadalfajara [107] in order to develop a 7-story building that meets the minimum 

requirement of the Spanish regulations for residential buildings. A 3D building model 

is developed using SketchUp [111] and imported into TRNSYS, where the occupancy 

densities and building materials comprising its windows and insulations are defined. 

By simulating the developed building in TRNSYS, the annual space heating demand 

profile is generated based on an hourly timescale. The generated SH demand is then 

extrapolated for the different urban community sizes, and the monthly SH demand is 

shown in Figure III-3. 

On the other hand, to generate the DHW demand for the investigated residential 

buildings, Tulus et al. [38] was followed, where the DHW demand is based on three 

main factors: (i) the daily water consumption per person, (ii) monthly water 

temperature from the public distribution network, and (iii) the number of occupations 

per household. These data are imported into computer software, DHWcalc [112]. This 

software can generate a realistic hourly DHW consumption profiles with consideration 

for main controlling factors, as shown in Figure III-3. 
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Figure III-3: The climate conditions in Madrid and energy demand per apartment 

III.4.3 Economic and environmental input data 

The parameters for the initial investment cost are outlined in Table III-4. Following 

Tulus et al. [36], the maintenance cost is estimated to be 1.5% of the initial purchase 

cost of the equipment. The prices of natural gas and electricity are 0.0526 and 0.1873 

Euro/kWh, respectively, based on the EUROSTAT database [113]. Moreover, the 

inflation rate associated with natural gas and electricity is 5.9% and 5%, respectively 

[38]. According to Braungardt et al. [114], the inflation rate associated with the 

proposed system throughout its lifetime is set to be 2.3%, with a discount rate of 

3.5%. 
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Table III-4. The economic parameters of SDHS equipment 

Unit Options αk βk CAPk Range Base year Ref. FBMk 

Solar 

collector 

 

974.2 0.8330 
Aperture 

area (m2) 

4,000-

15,000 m2 
2007 

[115] 

1.00 

DHWT 

 

3955 0.6500 Volume (m3) 
1-100,000 

m3 
2007 

[116] 

1.00 

Auxiliary 

heater 

 

225.0 0.7460 Duty (kW) 
600-

10,000 kW 
2001 

[36] 

2.10 

Heat 

exchanger 

 

3.133 0.3310 
Exchange 

area (m2) 

10-1000 

m2 
2001 

[36] 

3.29 

Pump (P1, 

P2) 
 389.0 283.2 

Mass flow 

rate (kg/h) 

15,000-

100,000 

kg/h 

2009 [117] 3.24 

Pump (P3, 

P4) 
 389.0 717.0 

Mass flow 

rate (kg/h) 

15,000-

100,000 

kg/h 

2009 [117] 3.24 

SST 

insulation 

𝑋𝑃𝑆 

561.09 0.397 

Material 

thickness 

(m) 

0.05-0.8 2017 

[118] 

1.00 

 

𝑀𝑊 

1902.7 0.942 

Material 

thickness 

(m) 

0.05-0.8 2018 

[119] 

1.00 

 

𝐹𝐺 

311.41 0.968 

Material 

thickness 

(m) 

0.05-0.8 2014 

[120] 

1.00 

STT 

construction 

𝑁𝐶 

4178.1 -0.394 Volume (m3) 
1-100,000 

m3 
2000 

[97] 

1.00 

 

𝐻𝑃𝐶 

2575 -0.363 Volume (m3) 
1-100,000 

m3 
2004 1.00 

 

𝑈𝐻𝑃𝐶 

90.83 -3 Volume (m3) 
1-100,000 

m3 
2004 1.00 

The LCA data were retrieved from the Ecoinvent database [82]. This database 

comprises the damage categories caused by the SDHS main equipment and their 

relative utilities based on the ReCiPe 2016 methodology. 
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Table III-5. Specific ReCiPe 2016 aggregated impact factor for the main SDHS 

equipment and utilities, in ReCiPe points (Pt) per characteristic dimension [82] 

Unit Option Impact factor (ReCiPe 2016) 

Solar collector  32.5Pt/m2 

DHWT  173.1 Pt/m3 

Auxiliary boiler  1.57·103 Pt/kW 

Heat exchanger  2.515 Pt/m2 

Pump  62.8 Pt/kW 

SST insulation 𝑋𝑃𝑆 0.773 Pt/kg 

 𝑀𝑊 0.0016 Pt/kg 

 𝐹𝐺 0.266 Pt/kg 

SST construction 𝑁𝐶 0.008 Pt/kg 

 𝐻𝑃𝐶 0.002 Pt/kg 

 𝑈𝐻𝑃𝐶 0.0206 Pt/kg 

Natural gas  0.0245 Pt/kWh 

Electricity  0.0380 Pt/kWh 

 

III.4.4 Uncertainty characteristics 

A correct quantification of the uncertainty is vital to obtain reliable results of the SHDS 

model. This analysis would support decision-makers in the early design stages. The 

probabilistic approach, which treats the uncertain parameters as a random variable, 

is the most common approach to quantify the uncertainty associated with parameters 

[121]. In the current study, we focus on the economic parameters and their 

corresponding uncertainty. In total, 13 individual uncertain economic parameters are 

identified in this study. These parameters are classified into three main categories: 

• Investment cost: The solar collector field, the storage, and their relative 

utilities in the SDHS are considered uncertain since this equipment is a 

market-driven. Thus, the prices in the early stages of design might differ from 

the final investment cost [122]. 

• Economic factors: Aligning with the changes in the energy policies for 

accelerating the transformation toward clean energies, the economic 

parameters such as annual inflation rate, market discount, and maintenance 

factor can change during the long lifetime of SDHS. 

• Energy carrier: Normally, the prices of natural gas and electricity are 

deterministic parameters. However, throughout the system lifetime, the 

SDHS energy carriers might change due to the market or the energy policies 

[123]. 
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A summary of the uncertain economic parameters and their characteristic distribution 

is shown in Table III-6. 

Table III-6. Summary of uncertain parameters in the SHDS model and their 

characterization approaches (The parameter μ (mean) for a normal distribution (N) 

and (U) refers to the discrete non-probabilistic scenario) 

Uncertain 

parameter 
Parameter description 

Probability 

distribution 
Ref. 

𝐶𝐶𝐶𝑂𝐿
 

Investment cost of the solar 

collector 
𝑁(µ, 0.07µ) [41] 

𝐶𝐶𝑆𝑆𝑇
 Investment cost of the SST 𝑁(µ, 0.07µ) [41] 

𝐶𝐶𝐷𝐻𝑊𝑇
 

Investment cost of the 

DHWT 
𝑁(µ, 0.07µ) [41] 

𝐶𝐶𝐻.𝐸
 

Investment cost of the heat 

exchanger 
𝑁(µ, 0.07µ) [41] 

𝐶𝐶𝑃
 

Investment cost of the 

pumps 
𝑁(µ, 0.07µ) [41] 

𝐶𝐶𝑓
 

Investment cost of the gas 

boiler 
𝑁(µ, 0.07µ) [41] 

𝑖𝑓 
Annual natural gas inflation 

rate 
𝑁(µ, 0.166µ) [122] 

𝑖𝑒 
Annual electricity inflation 

rate 
𝑁(µ, 0.166µ) [122] 

𝑖 Annual inflation rate 𝑁(µ, 0.166µ) [122] 

𝑑 Discount rate 𝑁(µ, 0.137µ) [124] 

𝐹𝐵𝑀 Maintenance factor 𝐷[1%, 1.5%, 2%] [125] 

𝑐𝑓 Natural gas cost rate 𝑁(µ, 0.166µ) [124] 

𝑐𝑒 Electricity cost rate 𝑁(µ, 0.166µ) [124] 

 

III.5  Results and discussion 

In the current study, the results are divided into three main parts. The first part offers 

a deep analysis to build a robust ANN model by comprising the Bayesian optimization 

approach assisted sensitivity analysis. This part purposes an affordable metamodel 

that solves the computational obstacle associated with heuristics SDHS model built-

in TRNSYS. Then the second part depicts the performance of SDHS in various urban 

community sizes in an optimization framework using the developed ANN model. This 
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framework intends to tackle the seasonal TES design parameters and its geometry 

effect to enhance the feasibility of the SDSH in various community sizes. Next, the 

SDHS optimal design is expressed adequately through including the uncertainty 

associated with several related economic parameters based on GSA to support the 

decision-making process. 

III.5.1  Robust ANN results 

III.5.1.1 Model setting 

This is the first step (step A) of the two-step approach defined in Table III-1, which 

concerns to build a robust ANN model with an appropriate computational cost. In this 

stage, we evaluate the accuracy of the ANN model under three sample sizes (64, 

256, 1024) using Bayesian optimization to produce an accurate metamodel 

independently on the model setting that can be extended to the large training set. 

The solution of the Bayesian optimization is given by an interactive parallel coordinate 

plot to identify the suitable hyperparameters settings for the reduced number of 

configurations in step B (see Figure III-4). The top plot shows the total optimal 

Bayesian optimization results comprising 500 ANN model settings where each line 

represents one of these optimal solutions along with the achieved 𝐶. 𝑉 values. On 

the contrary, the bottom plot shows only the top 20% ranked optimal solutions based 

on 𝐶. 𝑉 criteria. The table below the interactive parallel coordinate plots shows the 

optimal metamodel setting that achieves the highest accuracy at step (A) training 

sets. In case of no agreement for selecting a certain optimal setting at different 

sample sizes, the histogram attached to each interactive parallel coordinate column 

is utilized to propose the most frequently setting at each hyperparameter. The 

hyperparameters, including the training function, number of layers, layer function, 

hidden function, and Momentum mean at each training set, have the same optimal 

setting at different training sets, whereas the number of neurons and learning rate 

change at each training set. As observed from the histogram, most of the optimal 

results setting for the learning rate are set in a range below 0.01. Thus, the learning 

rate is set to 0.001 for the convergence stage (step B) to sustain the training set 

converge. On the other hand, the number of neurons with the size of 3, 14, and 20 

are set for the convergence stage (Step B) since its histogram is almost equally large 

for the training set size 64, 256, and 1024. A summary of the selected settings in the 

convergence stage (step B) is shown in the below table in Figure III-4, where the 

nominated settings are highlighted. 
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Figure III-4: Interactive parallel coordinate plots combined with histograms are 

utilized to identify the optimal hypermeters setting for the ANN model in step A. 

The top plot illustrates the total Bayesian optimal solutions without filtration, 

whereas the bottom plot shows the top 20% ranked ANN model settings. The 

table below shows the optimal hyperparameters that bounces the lowest 𝐶. 𝑉 

value under different sample size where the selected setting for the convergence 

phase is highlighted 

III.5.1.2 Sensitivity analysis 

The next step is to perform the sensitivity analysis in order to investigate the relative 

importance of neurons sizes in step A and to eliminate the least influential variables 
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from the convergence step (step B), which include more training sets to develop an 

independent ANN model on the sample size. In the definitive screening design, we 

use three training sets with a size of 64, 256, and 1024 to rank the influence of 

hypermeters based on the 𝐶. 𝑉 criteria. The relative sensitivity of the ANN 

hyperparameters is shown in Figure III-5. The training set size, training function, and 

momentum mean are the most significant tuning parameter with a relative sensitivity 

of 28%, 26%, and 24%, respectively. These high impact parameters are followed by 

the number of neurons, which has a relative impact of 10% on the 𝐶. 𝑉. Thus, varying 

number of neurons may contribute to enhance in the performance of ANN model in 

step B. On the other hand, the activation functions, and the learning rate seems to be 

insignificant since they have only a contribution of 3% and 2%, respectively to the 

𝐶. 𝑉 value. The results confirm the possibility of fixing the learning rate without 

affecting the surrogate model accuracy. 

 

Figure III-5: The definitive screening design for the ANN hyperparameters 

Following the sensitivity analysis results, a box plot (Figure III-6) is built to show the 

performance of the three-training sets (64, 256, and 1024) based on the 𝐶. 𝑉 rank 

under the optimal selected hyperparameters with considering for three neurons sizes 

comprising 3, 14, and 20 in comparison to the default settings. The box plot is 

characterized by the central mark, the upper and lower quartiles which correspond to 

the box edge. While the minimum and maximum optimal values are indicated at the 

whiskers. On the plot, the lined circles at each sample size show the results under 
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optimal settings at a different number of neurons, whereas the cross symbols 

represent the results at the default settings. In general, the default setting does not 

yield to build accurate ANN models that approve the importance of tuning the 

hyperparameters. Moreover, fixing the number of neurons at 14 provides the most 

accurate results with a 𝐶. 𝑉 value of 24.1% and 9.2% for the 256 and 1024 training 

set, respectively. 

 

Figure III-6: Box plot for the output in step A including the ANN model 

performance under the optimal and default settings 

III.5.1.3 Convergence with a variable training set 

In step B, we test the performance of the selected optimal hyperparameters at various 

training sizes in order to choose the most accurate ANN model with consideration for 

its efficiency in terms of the computational cost, as shown in Figure III-7.In terms of 

convergence, as mentioned in the methodology section, three accuracy criteria 

comprising the 𝑅2  ̶ 𝑎𝑑𝑗, 𝐶. 𝑉 and 𝑆𝑀𝐴𝑃𝐸 are utilized to evaluate the performance 

of the ANN model. The results show that the 𝑅2  ̶ 𝑎𝑑𝑗 is a misleading criterion since 

most of the sample sizes excess 97%. Therefore, using 𝐶. 𝑉 and 𝑆𝑀𝐴𝑃𝐸 can be 

more efficient to measure the ANN model accuracy. Increasing the sample size has 

a clear tendency to improve the ANN model accuracy where the highest accurate 

value of 4.5% and 10% was indicated in a sample size of 2048 for the 𝐶. 𝑉 and 

𝑆𝑀𝐴𝑃𝐸 criterion, respectively. In terms of the ANN model computational cost, an 

exponential behavior is indicated with increasing the sample size where the CPU time 

at 8192 sample size is 6×104 sec. Comprising the model accuracy with its efficiency 

simultaneously, the sample size 2048 provides the highest accuracy at an affordable 
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computational time of 8.9×103 sec using an Intel® Xeon® E5-2620 v4 2.10 GHz 

processor with 32.0 GB RAM. 

 

Figure III-7: Convergence of accuracy criteria at various training size with 

consideration for its relative computational cost 

A breakdown for the ANN model performance in comparison to the rigorous model 

based on TRNSYS at a sample of the outputs is shown in Figure III-8.In general, an 

agreement between the rigorous and ANN model results is indicated for the 19 output 

where the 𝑅2  ̶ 𝑎𝑑𝑗 is almost 99% for the whole outputs. To gain further confidence in 

the ANN model performance, the model accuracy is also presented through the 𝐶. 𝑉 

,which doesn’t get below 5.3% for the model outputs. 

The proposed robust surrogate model built based on the two-model steps comprising 

the sensitivity analysis offers a sufficient approach for the construction of fast 

metamodels to overcome the computational barrier related to design space 

exploration, design optimization, and sensitivity analysis of heuristics optimization 

models. 

 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

III.Machine learning approach to improve SDHS sustainability 

 

   122 

 

 

Figure III-8: Parity plots showing the performance sample of ANN model versus 

the TRNSYS model for the SDHS 

III.5.2 Optimization results 

Once a robust ANN model is built independently on its tuning parameters 

(Hyperparameter) with the consideration for the model accuracy simultaneously with 

its efficiency, the ANN model is coupled with a MOGA in order to investigate the 

capability of the develop simulation-optimization framework in tackling the technical 

performance of the SDHS in cooperate with its economic and environmental impact 

at various community sizes. The optimization problem has two main stages; the first 

stage is devoted to analyze the effect of expanding the decision variables through 

including the seasonal TES geometry and its construction design parameters in the 

optimization problem. While the second stage is dedicated to examine the community 
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size effect in the performance of the SDHS. In general, the optimization results are 

presented in five scenarios; these scenarios are: 

• Scenario 1: No environmental damage limits (Min. cost). 

• Scenario 2 to 4: 25%, 50%, and 75% damage reduction against the 1st 

scenario, respectively. 

• Scenario 5: 100% of the environmental damage limits (Min. impact). 

III.5.2.1 Influence of the SST design parameters (geometry & construction) 

In this stage, the capability of the developed framework is tested through Madrid case 

study at a small community size of 10 buildings. The optimization problem is 

formulated under two main settings: 

• Partial decision variables (PDV) – 8 decision variables: In this setting, only 

the equipment sizes are considered as decision variables in the optimization 

problem without consideration for the insulation material configuration and 

construction material of the SST. Thus, the construction of the SST is fixed 

based on the Friedrichshafen project [22], in which the NC has been used as 

the main construction material. While, the MW with a thickness of 0.3 m, 

0.2m, and 0.2 m is utilized for the roof, wall, and ground, respectively. 

• Full decision variables (FDV) – 15 decision variables: In this setting, the SST 

design variables are considered as well in formulating the optimization 

problem in order to investigate the impact of SST geometry and its 

construction in improving the SDHS optimal solutions. 

Figure III-9 shows the optimal system cost in terms of 𝑁𝑃𝐶 and its environmental 

impact in term of 𝑅𝐶𝑃 under various scenarios. While the base case corresponds to 

the conventional system. A clear tradeoff between the proposed objective functions 

is indicated since the movement from scenario 1 to 5 at both PDV, and FDV settings 

increase the total cost while minimizing the environmental impact. Under the PDV 

setting, replacing the base case (Natural gas boiler) with SDHS can extensively 

minimize the environmental impact by 79.4% in scenario 1 (Min. cost). Using the latter 

value, the environmental impact for scenarios 2 to 5 improved by 80.8%, 83.3%, 

85.1%, and 87%. On the other hand, the Pareto optimal solutions at small community 

size (10 buildings) under PDV setting couldn’t provide a marginal economic benefit 

since only scenario 1 minimizes the economic cost by 22% whereas the economic 

cost increases by 10.2%, 35.5%, 49.9% and 61.7% for scenarios 2 to 5, respectively. 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

III.Machine learning approach to improve SDHS sustainability 

 

   124 

 

 
Figure III-9: Pareto sets for optimal SDHS solutions under PDV and FDV settings. 

These solutions cover the SH and DHW demand of 10 buildings located in Madrid 

at different scenarios in comparison to a conventional solution based on natural 

gas 

 

Figure III-10: Pareto optimal solutions of SDHS configuration to cover the demand 

of 10 buildings located in Madrid under PDV and FDV setting where the color map 

indicates the min and max value of each decision variable and the white boxes 

indicated the fixed parameters in the PDV optimization setting 
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Under the FDV setting, more enhancement is indicated in both objective functions in 

comparison to the PDV optimal Pareto solution due to including the SST design 

parameters in the optimization problem. In scenario 1, the 𝑁𝑃𝐶 is equal to 62.5 

€/MWh which is less than the PDV Min. cost solution by 11.1%, whereas the 

environmental impact (𝑅𝐶𝑃) is 5.49 Pt/MWh which increases the 𝑅𝐶𝑃 by 0.18% 

compared to the PDV setting. With increasing the environmental damage limits from 

scenario 2 to 4 under the FDV setting, the 𝑁𝑃𝐶 decreases by 19.6%, 27%, and 9.4% 

whereas the Min. impact solution increase the total cost by 13.4% in comparison to 

the PDV setting. Furthermore, following scenario 1 under the FDV setting, the 

environmental impact is improved by 15.7%, 27.3%, 29.7%, and 26.4% for scenarios 

from 2 to 5. This improvement increases the competitivity of the SDHS compared to 

the conventional systems based on natural gas. 

Following that, each Pareto optimal solution under PDV and FDV settings represents 

a specific configuration for the SDHS to cover the SH and DHW demand of a small 

urban community (10 buildings) located in Madrid. Figure III-10 shows the selected 

feature for each decision variable from scenario 1 to 5 under PDV and FDV settings. 

In both optimization settings, increasing the damage limitations causes an increment 

in the share of renewable energy equipment. Under the PDV setting, the solar 

collector share increases from 0.4 m2/MWh/a at scenario 1 to 1.33 m2/MWh/a at 

scenario 5. 

Furthermore, the SST volume increases from 2.3 m3/MWh/a for Min. cost solution to 

11.9 m3/MWh/a at the Min. impact solution. Including the SST design parameters in 

the optimization problem (FDV setting) shows a different configuration for SDHS 

where the solar collector share increases only from 0.54 m2/MWh/a at scenario 1 to 

1.17 m2/MWh/a at scenario 5. While the SST volume share increases from 4.96 

m3/MWh/a at scenario 1 to 13.7 m3/MWh/a at scenario 5 with an increment of 13.2% 

compared to the PDV optimization setting. Regarding the SST construction, the 

UHPC shows superiority over other construction materials at all scenarios under the 

FDV setting. Moreover, the foam glass gravel is utilized as an insulation material for 

all SST surfaces except the min impact solution, which uses mineral wool due to its 

lower environmental impact. For the insulation thickness, all Pareto optimal solutions 

under FDV settings increase the walls insulation thicknesses to be varying between 

0.3 to 0.73 at all scenarios. Regarding the SST geometry, the HDR varies between 

0.62 and 0.68 with a limited difference from the PDV settings. Moreover, the DHWT 

volume is almost constant for the proposed settings where its volume varies only 

between 0.09 and 0.13 m3/MWh/a. 

To facilitate a complete economic analysis of the SDHS, Figure III-11 shows a 

comprehensive breakdown for the cost contribution of each equipment in the SDHS 

throughout its operation lifetime under PDV and FDV optimization setting together 

with the base case solution. As shown in the figure, the contribution of the SDHS 
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initial capital cost under the PDV and FDV optimization settings is very high in 

comparison to the base case solution. This expansion is due to the deployment of 

solar energy equipment in the district heating system, which requires high investment 

cost. To be more specific, the solar collectors, heat exchangers, and SST have the 

main contribution to the initial capital cost. Under the PDV optimization setting, the 

movement from scenario 1 to 5 (Min cost to Min. impact optimal solution) expands 

the usage of solar collectors and SST due to its advantage in diminishing the 

contribution of using the auxiliary heater based on natural gas. In scenario 1, the solar 

collector and SST have contributions of 5.30% and 29.2%, respectively. These 

contributions are expanded to 6.94% and 39.7% in scenario 5. On the other hand, 

under the FDV optimization setting, with the opportunity to include the construction 

materials of the SST in the optimization framework, the initial investment cost can be 

relatively reduced compared to the PDV optimization Pareto solution where the SST 

contribution is only 22.5 % in the scenario 1 (Min. cost), and it expands to 44% in the 

scenario 5 (Min. impact). Furthermore, the solar collector has relatively more 

contribution under the FDV optimization setting, where the solar collector contribution 

expands from 7.60% in scenario 1 to 8.04% in scenario 4. However, this expansion 

bounds to only 5.50% in scenario 5 (Min. impact). In the replacement cost, the same 

behavior is noticed under the PDV and FDV optimization setting, where a significant 

contribution is observed due to the solar energy equipment in comparison to the base 

case solution. On the contrary, the operational cost has a predominant contribution 

of 98.2% in the base case solution due to usage of natural gas, these contribution 

shrinkages under the PDV and FDV optimization setting where the operational cost 

in scenario 1 represents around 39% in both optimization settings. With the increment 

in the environmental damage limits (scenario 2 to 5), less contribution to the 

operational expenses is noticed for both optimization settings where the operational 

cost in scenario 5 represents only 24% due to the reduction in using Natural gas. The 

reduction will be reflected in the environmental impact of the SDHS optimal solutions. 
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Figure III-11: Breakdown of the 𝑁𝑃𝐶 including the shares of initial capital cost, 

operational cost, and replacement cost for Pareto optimal solutions under the PDV 

and FDV optimization settings at the 5 optimal scenarios in comparison to its 

relative base case. These solutions cover the SH and DHW demands of 10 

residential building located in Madrid 

In addition to the economic analysis, Figure III-12 offers a detailed analysis for each 

equipment in the SDHS based on the aggregated ReCiPe 2016 in comparison to the 

base case using natural gas. In this figure, the natural gas consumption in the base 

case represents almost 100% of the total impact. Under the PDV optimization setting, 

the SDHS optimal Pareto solutions are able to reduce the environmental impact up 

to 87.1%. This reduction value can increase up to 90.4% under the FDV setting. In 

scenario 1, the system relies heavily on natural gas, which corresponds to 81.9% and 

74.9% of the environmental impact under the PDV and FDV optimization setting, 

respectively. From scenario 2 to 5, the natural gas impact diminutions progressively 

with the increment in the environmental limits. Along with the reduction in the natural 

gas impact share, a progressive rise is indicated in the renewable energy impact 

where the solar collectors and SST share the most contribution to the aggregated 

environmental impact especially with introducing the SST construction materials in 

the optimization problem (FDV optimization setting). 
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Figure III-12: A breakdown for the aggregated ReCiPe 2016 environmental impact 

of the optimal Pareto solutions under PDV and FDV optimization settings in 

comparison to their respective base case. These solutions comprise 

configurations to satisfy the SH and DHW demand of 10 residential building 

located in Madrid 

 

As shown in Figure III-13, the thermal performance of the proposed SDHS is 

evaluated through a combination of nominal performance indicators; these 

indicators comprise the main renewable energy equipment efficiencies and their 

relative solar fractions. Under both optimization settings, a limited change in the 

𝜂𝐶𝑂𝐿 is indicated with the change in scenarios, where the highest 𝜂𝐶𝑂𝐿 is indicated 

in the scenario 1 due to the limited utilization of solar collector. Moreover, the DHWT 

is utilized for daily purposes without storage; thus, a limited heat loss to the 

environment is indicated in all scenarios. This can be reflected in the DHWT 

efficiency, where 𝜂𝐷𝐻𝑊𝑇 is around 96% for all scenarios under both optimization 

settings. Regarding the SST performance, under the PDV optimization setting, with 

almost a constant value for the heat loss coefficient of around 0.16 W/m2. K for all 

scenarios, the annual SST heat losses remain above 33 kWh/m3 with a narrow 

variation with the increment in the environmental limits. Also, the 𝜂𝑆𝑆𝑇 remains 

around 71% for all scenarios except scenario 1 where the 𝜂𝑆𝑆𝑇 is 67%. In terms of 

the solar fraction, the contribution of the DHW distribution circuit remains above 
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98% for all scenarios, whereas the 𝑆. 𝐹𝑆𝑆𝑇 rises progressively with the increment in 

the environmental damage limits (increment in the usage of renewable energy 

equipment) where solar fraction increases from 80% in scenario 1 (Min. cost) to 

99% in scenario 5 (Min. impact). 

 

Figure III-13: Thermal performance indicators for the optimal Pareto SDHS 

solutions under PDV and FDV optimization settings. These designs satisfy the SH 

and DHW demand of the 10 residential buildings located in Madrid 

 

Under the FDV optimization settings, with the change in the SST construction 

materials and its geometry, the heat loss coefficient of the SST reduces from 0.15 

in scenario 1 to 0.08 W/m2. K in scenario 5. This reduction is reflected in the SST 

heat losses, which diminish gradually with increasing the environmental damage 

limits, and it reaches 18 kWh/m3 with an improvement of 45.2% compared to the 

same scenario under the PDV optimization setting. This improvement is emulated 

in the 𝜂𝑆𝑆𝑇 especially in the two extremes optimal scenarios (Min. cost and Min 

impact optimal solutions) where the 𝜂𝑆𝑆𝑇 improved by 4.5% and 12.3% in scenario 

1 and 5, respectively. In terms of the solar fraction for both SH and DHW distribution 

circuits, the same progressive behavior is indicated under the FDV optimization 

setting with a slight improvement of 2.5 % in scenario 1 in comparison to the PDV 

optimization setting. 

III.5.2.2 Influence of the community size 

Following the performance analysis for the SDHS under PDV and FDV optimization 

settings in the small urban community with 10 buildings, the proposed framework 
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based on a MOO approach is expanded to be applied for different urban community 

sizes. This approach examines the community size effect (10, 25, 50, and 100 

buildings) on the performance of the SDHS in a techno-economic optimization 

framework with consideration for its environmental impact. 

Figure III-14 shows a clear tendency between the objective functions and the 

increment in the community size, where increasing the community size raises the 

economic and environmental benefits in comparison to their relative base cases. 

Following the small urban community size (10 building), under the PDV optimization 

setting, the 𝑁𝑃𝐶 in the Min. cost solutions is improved by 26.8%, 34.7% and 53.9% 

for the 25, 50 and 100 buildings, respectively in comparison to their relative base 

cases. On the other hand, the economic competitivity of the Min. impact solution is 

restricted where at the 25-building community, the 𝑁𝑃𝐶 increases by 21.3% in 

comparison to its base case. With increasing the community size above 25, the 𝑁𝑃𝐶 

of the Min. impact solution decreases by 2.3%, and 19.7% for 50 and 100 community 

size, respectively. Under the FDV optimization setting, a slight improvement is 

indicated in the 𝑁𝑃𝐶 of the Min. cost optimal solution with increasing the community 

size where it improved by 18.1%, 35.9%, and 26.8% for building community size of 

25, 50, and 100, respectively compared to the optimal solutions under PDV 

optimization setting. Furthermore, adding the construction materials of the SST in the 

optimization problem demonstrate a limited improvement in increasing the 

competitivity of SDHS against the natural gas solution where the Min. impact solution 

only improved by 1.85% at community size of 100 buildings compared to the same 

optimal solution under PDV optimization setting. 

The optimal environmental impact of the SDHS in different community sizes follows 

the optimal solutions of the 10 buildings located in Madrid, where the SDHS is 

beneficially effective in reducing the environmental impact compared to the 

conventional system using natural gas. Under the PDV optimization setting, the 

optimal Min. cost solution reduces the environmental impact by 79.5%, 79.6%, and 

79.7% for the urban community size of 25, 50, and 100 buildings, respectively. 

Besides, the optimal Min. impact solution extensively reduces the environmental 

damage by 87.4%, 87.7, and 88% for the 25, 50, and 100 buildings, respectively. 

These results approve a limited improvement in the environmental impact of the 

optimal SDSH solutions with the increment in the community size under the PDV 

optimization setting. Under the FDV optimization setting, the environmental benefits 

of replacing the conventional system based on natural gas with SDHS can 

progressively rise with increasing the community size compared to the optimization 

problem under the PDV setting. The optimal Min. cost solutions are improved by 

87.4%, 88.4%, and 89.3% for an urban community of 25, 50, and 100 buildings, 

respectively. This improvement is expanded as well for the Min. impact solution where 

an improvement around 43.3% is indicated for all community sizes compared to the 

Min. impact optimal solutions under the PDV optimization setting. 
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Figure III-14: Various Pareto optimal solutions for the SDHS in different 

community sizes covering the SH and DHW yearly demand in comparison to their 

respective base case using natural gas, (a) Economic optimal solution of SDHS at 

the different scenarios under PDV and FDV optimization setting, (b) 

Environmental optimal solution of SDHS at the different scenarios under PDV and 

FDV optimization setting 
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Figure III-15: Various Pareto optimal solutions for the SDHS in different 

community sizes covering the SH and DHW yearly demand in comparison to their 

respective base case using natural gas, (a) Economic payback period of the 

SDHS at the different scenarios under PDV and FDV optimization setting, (b) 

Environmental payback period of the SDHS at the different scenarios under PDV 

and FDV optimization setting 
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In addition to evaluating the economic and environmental performance of the SDHS 

based on the 𝑁𝑃𝐶 and 𝑅𝑃𝐶 indicators, respectively, the 𝐸𝑃𝐵𝑃 and 𝐺𝑃𝐵𝑃 are 

proposed to measure the system sustainability throughout its lifetime from the 

economic and environmental perspective under the PDV and FDV optimization 

settings at in different community sizes as shown in Figure III-15.In terms of the 

economic payback period, the SDHS could not approve its feasibility in the 

community size of 10 buildings, especially under the PDV optimization setting where 

the 𝐸𝑃𝐵𝑃 is varying between 38 years and 51 years, which is higher than the lifetime 

of the SDHS. Under the FDV optimization setting, the SDHS feasibility increased, 

especially in the low environmental damage scenarios where the 𝐸𝑃𝐵𝑃 in Min. cost 

optimal solution is 33 years. With increasing the community size, the 𝐸𝑃𝐵𝑃 

decreases progressively. Under the PDV optimization setting, the 𝐸𝑃𝐵𝑃 at the Min. 

cost optimal solution reduces to 35, 31, and 22 years for the community size of 25, 

50, and 100 buildings, respectively. While under the FDV optimization setting, more 

improvement in the 𝐸𝑃𝐵𝑃 can be indicated where the 𝐸𝑃𝐵𝑃 in the Min. impact 

optimal solution reduces to 25, 17, and 14 years for the community size of 25, 50, 

and 100 buildings, respectively. In terms of the 𝐺𝑃𝐵𝑃, a limited improvement can be 

indicated with increasing the community size under the PDV optimization setting due 

to the absence of the SST construction materials in the optimization framework. In 

the Min. impact optimal solution, the 𝐺𝑃𝐵𝑃 is around 5 years for all community sizes. 

While under the FDV optimization setting, the 𝐺𝑃𝐵𝑃 reduces to only around 3 years 

for all community sizes. Moreover, an extensive improvement in the Min. cost 

solutions at the community size of 50 and 100 buildings are shown compared to its 

relative optimal solutions under the PDV optimization setting where the 𝐺𝑃𝐵𝑃 

reduces by 43.1% and 47.7% for the 50 and 100 buildings, respectively. 

Following the advantage of including the SST construction materials in the 

optimization problem to improve the objective functions’ performance, the proposed 

methodology offers a complete depiction of the features and configurations of the 

optimal Pareto solutions categorized by the circuit at different scenarios under the 

FDV optimization setting as shown Figure III-16. This figure tends to show the most 

frequent selected decision variables at different community sizes under various 

damage scenarios. This is implemented through combining the Interactive parallel 

coordinate, which shows the nominated decision variables under different damage 

scenarios with a histogram at each Interactive parallel coordinate column to show the 

most common size for each decision variable. In the solar circuit, most of the optimal 

Pareto solutions at different community sizes remain the ACOL at a narrow range of 

1.1 ± 0.1 m2/MWh/a. Following the previous recommendation by Tulus et al. [38], the 

optimal inclination angles of the solar collectors (βCOL) stayed at an angle of 43o for 

most of the community sizes, which is close to the latitude of Madrid. Moreover, the 

number of solar collectors connected in series remains at 4 for most of the scenarios. 

In the DHW circuit, since the DHWT is used only for the daily purposes without long 
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term storage, the histogram depicts that the VDHWT is only around 0.15 m3/MWh/a for 

most of the optimal solutions, whereas the HDRDHWT diverge around 1.5 ± 0.1 m/m. 

In the SH circuit, the optimal characteristics of the SST geometry at various 

community sizes shows that the VSST is around 15 ± 1 m3/MWh/a, whereas the HDR 

is around 0.65±0.1 m/m for all environmental damage scenarios. 

 

Figure III-16: Interactive parallel coordinate plots combined with histograms 

(Yellow bars) to identify the optimal range for the decision variables of the SHDS 

categorized by circuit name at different scenarios and different urban community 

sizes under the FDV optimization setting 

In terms of the SST construction materials, the UHPC shows superior performance 

in all optimal solutions due to its techno-economic advantage combined with its 

limited environmental impact. For the insulation materials, no agreement can be 

indicated for all optimization scenarios. In scenarios 1 and 2 (low environmental 

damage limits), the foam glass gravel with thermal conductivity of 0.06 W/m. K is 

chosen as insulation material for all surfaces of the SST at each community size. 

While moving toward higher environmental limit scenarios, most of the optimal 

solutions insulate the SST surfaces using mineral wool with a thermal conductivity of 

0.04 W/m. K, due to its limited environmental impact. Furthermore, the insulation 

thickness is around 0.5±0.05 m for the top roof of SST based on the scenario and the 
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community size. This range changes to 0.3±0.1 m for the SST wall, whereas it 

remains around 0.15±0.05 m for the SST ground. Regarding the capacity of the 

auxiliary heater, the FCAUX1 is varying around 0.7±0.1. These configurations of the 

SDHS circuit will be reflected in the 𝑁𝑃𝐶 and 𝑅𝐶𝑃 breakdown at different community 

sizes. 

Figure III-17 shows a comprehensive economic breakdown for each component in 

the SDHS during its lifetime based on the 𝑁𝑃𝐶 when applied at different community 

sizes under the FDV optimization setting. Similar to the small community size (10 

buildings), the initial investment cost and the replacement at all other community sizes 

is a quite large cost component compared to their relative base cases. This cost 

contribution is ascending increases with raising the environmental damage limits. To 

be more specific, the solar collector and SST have the main contribution to the initial 

investment cost. Following the 10 buildings case, the community size of 25 buildings 

shows a significant contribution to the SST in all scenarios. This contribution declines 

with increasing the community size, especially in the Min. cost Pareto optimal 

solutions, where the SST represents only 21.9% and 16.3% of the initial investment 

cost for the community size of 50 and 100 buildings, respectively. This drop is due to 

the possibility of changing the SST construction, which can contribute to reduce the 

initial investment cost of the SST. For the operational cost, the Min. cost-optimal 

solution at a community size of 25 buildings represents 22.8% of the total cost. This 

is due to the dependency of the system on using renewable energy components, 

where the natural gas represents 12.7% of the total operational cost. With the 

increment in the community size, the dependency on using natural gas becomes less 

compared to the small community size (10 buildings) due to the feasibility of 

introducing the renewable energy components even in the Min. cost-optimal 

solutions. Thus, the operational cost due to natural gas represents only 16.9% and 

13.8% for community size of 50 and 100 buildings, respectively. 

Following the effect of introducing the SST construction materials in improving the 

performance of the objective functions, Figure III-18 depicts a detailed breakdown for 

the SST life cycle cost when introduced at different community sizes. For a 

community size of 10 buildings, all scenarios except the scenario 4 and 5 show almost 

the same contribution for the SST breakdown cost where the construction materials 

represent around 70%. While this value drops to only 40.6% and 25.6% in scenarios 

4 and 5, respectively, and the remain contribution is dedicated to the insulation 

materials, especially the wall insulation materials, which represent around 33% of the 

total SST cost for both scenarios. In all other community sizes, the construction 

materials contribution is descending drops with the increment in the environmental 

damage limits and community size where it reduces from 59.8% to 11.4% at the 

community size of 25 buildings, and it drops to only 2.48% and 0.08% in Min. impact 

optimal solution at the 50 and 100 community size, respectively. This extensive 

reduction is due to the demand to hold the investment for the insulation materials. 
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Figure III-17: Life cycle cost breakdown of Pareto optimal solutions at different 

scenarios for a SDHS system applied at various community sizes. The breakdown 

includes the shares of initial capital cost, operational cost, and replacement cost 

under the FDV optimization setting in comparison to their relative base case 
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Figure III-18: Life cycle cost breakdown for the SST at different community sizes 

under different damage scenarios for (a) 10 buildings, (b) 25 buildings, (c) 50 

buildings, and (d) 100 buildings 

Figure III-19 shows a comprehensive environmental breakdown for each component 

in the SDHS during its lifetime based on the 𝑅𝐶𝑃 when applied at different community 

sizes under the FDV optimization setting. On the contrary to the environmental impact 
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breakdown at the 10-buildings case, the Min. cost-optimal solution at the 25 buildings 

relays on renewable energy since the natural gas represents only 14.09% of the total 

impact. With the increment in the environmental damage limits, a progressive rise is 

indicated in the environmental impact due to introducing renewable energy 

components where the solar collector followed by the SST are the main contributors 

to the total environmental impact from scenario 2 to 5. With increasing the community 

size above 25 buildings, the environmental impact due to using natural extensively 

decrease where it represents only 13.9% and 9.60% in the Min. cost-optimal solution 

at the community size of 50 and 100 buildings, respectively. 

In terms of the SST environmental impact, the construction material has the main 

contribution to the environmental impact of STT followed by the wall insulation 

material. It rises progressively with increasing the environmental damage limits, and 

it represents 32.1%, 23.1%, 23% and 18.7% for the community sizes of 10, 25, 50 

and 100 building at the Min. optimal cost solution, this value increases to 99% at the 

Min. impact optimal solutions. 

Following the energy analysis of the small urban community (10 buildings) located in 

Madrid, where the SST heat losses and its relative efficiency in addition to the solar 

fraction of the SH circuit are the key indicators in the SDHS, Figure III-20 shows the 

heat losses of the SST lining up with its coefficient under the PDV and FDV 

optimization setting at different community sizes. Under the PDV optimization setting, 

the heat loss coefficient remains almost at 0.15 W/m2. K for all scenarios at different 

community sizes. While the heat loss coefficient reduces progressively with 

increasing the environmental damage limits under the FDV optimization setting where 

the heat loss coefficient reduces from 0.2 W/m2. K in scenario 1 (Min cost-optimal 

solution) to 0.05 W/m2. K in scenario 5 (Min impact optimal solution) at the community 

size 25. In the community size of 50 and 100, the heat loss coefficient declines from 

0.18 W/m2. K to 0.05 W/m2. K in the Min. cost and impact optimal solutions, 

respectively. 
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Figure III-19: A breakdown for the aggregated ReCiPe 2016 of Pareto optimal 

solutions at different scenarios for the SDHS system applied at various community 

sizes. The breakdown includes the share of the SST construction components 

under the FDV optimization setting in comparison to their relative base case 
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Figure III-20: Heat loss of the SST for the optimal Pareto SDHS solutions under 

PDV and FDV optimization settings. These designs satisfy the SH and DHW 

demand of different residential building sizes located in Madrid 

The privilege of reducing the heat loss coefficient due to introducing the SST 

construction materials in the optimization problem is reflected in the annual heat 

losses of the SST. Following the small community size of 10 buildings, the Min. cost-

optimal solution under FDV optimization setting fails to improve the heat losses in the 

SST at the community size of 25 buildings where the heat losses of the SST is higher 

by 7.14% compared to the same scenario under the PDV optimization setting at 

community size of 25 buildings, respectively. While increasing the environmental 

damage limits, the heat losses in SST reduce progressively under the FDV 
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optimization setting compared to its relative scenario under the PDV optimization 

setting where the SST heat losses reduced in the Min. impact optimal solution by 

63.3%. The superiority of including the SST construction materials reveals in the 

community sizes of 50 and 100 at all optimal solutions except the Min. cost solution 

in the 50-community size where the SST heat losses increase by 15.8%. While in the 

community size of 100 buildings, the heat losses reduce by 11.8%. This improvement 

continues with increasing the environmental damage limits, and it is reduced by 

58.2% and 52.3% for 50 and 100 buildings, respectively, at the min impact optimal 

solutions. 

 

Figure III-21: The performance indicator including (a) ηSST, (B) S. FSH for the 

optimal Pareto SDHS solutions under the FDV optimization settings at different 

community size 

 

The improvement in the SST heat loss due to introducing the SST construction 

materials in the optimization problem can be mirrored in the ηSST and the solar 

fraction of the SH circuit, as shown in Figure III-21. In term of the 𝜂𝑆𝑆𝑇, the SST 
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efficiency rises with increasing the damage limits where the 𝜂𝑆𝑆𝑇 in the Min. cost 

optimal solution is 69.8%, 75.0%, and 78.9% for the community sizes of 25, 50, and 

100 buildings, respectively. Moreover, this value increases in the Min. impact-optimal 

solutions to 87.8%, 90.4%, and 90.5% for the community size of 25, 50, and 100 

buildings, respectively. Following the 𝑆. 𝐹𝑆𝐻 of the Min. cost optimal solution in the 10 

building, a 𝑆. 𝐹𝑆𝐻 of 97.1% is indicated for a community size of 25 buildings. This 

value can be improved with the movement toward less environmental damage 

solution, and it achieves almost 100% in the Min. impact solution. With increasing the 

community size, a high 𝑆. 𝐹𝑆𝐻 is indicated in all optimal solution where a 𝑆. 𝐹𝑆𝐻 of 

98% is indicated in the Min cost optimal solution, and it can reach almost 100% in the 

Min. impact optimal solution for both the 50 and 100 buildings. 

III.5.3 Comparison of the optimal SDHS model to other projects 

In this phase, our optimization framework results are compared with the results 

obtained by the framework proposed by Tulus et al. [38]. The main objective of this 

phase is to verify our optimization framework and indicate its advantage in enhancing 

the SDHS performance as well the computational expenses of the optimization 

process. 

Aligning with the verification objective, the SDHS optimal solutions for a community 

size of 40 buildings located in Madrid is compared with Tulus et al. [38] results under 

an environmental damage of 50% scenario. The Tulus´s framework considered only 

the solar collector field area and SST volume as decision variables in the optimization 

problem while the remain decision variables were fixed based on the Friedrichshafen 

project [126] for the SST construction materials. In addition, Tulus´s setting was 

implemented in our framework to indicate the enhancement of including other 

decision variables as well as the SST construction properties in the optimization 

problem. 

  

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

III.Machine learning approach to improve SDHS sustainability 

 

   143 

 

Table III-7. The Pareto optimal solution at environmental damage of 50% under 

different settings based on our simulation-optimization framework SDHS 

compared to Tulus et al. [38] results. This optimal solution covers SH and DHW 

demand of 40 buildings located in Madrid 

 Circuit Name   

Tulus 

et al. 

[38] 

Tulus 

setting 

using our 

framework 

FDV 

optimization 

setting 

 

Solar Circuit 

Heat 

demand 
(MWh/a) 7654 7654 7654 

Decision 

variables 

ACOL (m2/MWh/a) 0.89 1.16 1.09 

βCOL  50 50 42.3 

NCOL  1 1 5 

SH circuit 

VSST m3/MWh/a 10 10.6 14.3 

HDR m/m 0.6 0.6 0.75 

dRoof m - 0.3 0.44 

dWall m - 0.2 0.30 

dGnd m - 0.2 0.13 

λcon W/m. K - NC UHPC 

λins W/m. K - MW XPS 

λins gnd W/m. K - MW XPS 

FCAUX1 - 1 1 0.66 

DHW Circuit 

VDWHT m3 109.7 109.9 177.8 

HDRDHWT m/m 1.7 1.7 1.35 

FCAUX2 - 1 1 0.45 

Main 

Performance 

indicators 

DHW Circuit 
𝜂𝐷𝐻𝑊𝑇 % 98.1 98.2 97.2 

𝑆. 𝐹𝐷𝐻𝑊 % 98.9 98.8 99.8 

SH Circuit 

𝑈𝑂𝑣𝑒𝑟𝑎𝑙𝑙 W/m2. K 0.06 0.15 0.09 

𝑄𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 kWh/m3 3.11 21.6 12.4 

𝜂𝑆𝑆𝑇 % 96 81.2 85.3 

𝑆. 𝐹𝑆𝐻 % 97.8 96.3 99.9 

Economic 

indicators 
𝑁𝑃𝐶 Euro/MWh 53.3 91.1 58.5 

Environmental 

indicators 
𝑅𝐶𝑃 Pt/MWh 3.59 3.86 2.57 
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As shown in Table III-7, our framework results using Tulus et al. [52] setting, which 

only considers the solar collector field and SST volume as decision variables in the 

optimization problem agrees with the optimal results obtained by Tulus et al.[38] 

article where the optimal size for the decision variables comprising the solar collector 

field and SST are almost identical in both cases. Furthermore, this verification 

extends to the performance indicators including the ηDHWT , S. FDHW and S. FSH. 

However, due to the low heat loss assumption in Tulus et al. [38] article for the SST, 

the heat loss coefficient is only 0.06 W/m2·K, whereas in our optimization framework, 

where the SST construction materials were estimated based on the Friedrichshafen 

project [126], the heat loss coefficient is 0.15 W/m2·K. This increment in the heat 

losses coefficient is reflected in the ηSST which is 81.2% compared to 96% in Tulus 

et al. [38]. Furthermore, the limitation in decision variables using our framework is 

reflected in the economic objective function where the 𝑁𝑃𝐶 is 91.1 Euro/MWh. This 

extensive increment in the cost compared to Tulus et al. [38] is due to the usage of 

the mineral wool and Normal concert in the construction of the SST tank, and 

introducing the Auxiliary heaters with its full capacity as proposed in Tulus et al. [38]. 

On the other hand, the small cost of the SDHS in Tulus et al. [38] is due to estimating 

the SST cost as a function of the only its storage capacity without consideration for 

the cost of the SST construction materials. 

After the verification stage, the developed methodology framework using the FDV 

optimization setting is tested against Tulus et al. [38] to approve the importance of 

including other decision variables comprising the SST properties in proposing a 

realistic estimation for the SDHS performance during its lifetime. The results under 

the FDV optimization setting shift the SST size to 14.3 m3/MWh/a with a slight 

difference in its aspect ratio where the HDR is 0.75 compared to 0.6 proposed in 

Tulus et al. [38]. The difference in the SST volume is reflected in the S. FDHW and 

S. FSH which are almost 100% for both circuits. Furthermore, our framework achieves 

this high renewable energy fractions without losing its efficiency due to the larger size 

for the SST, where the SST heat loss coefficient is 0.09 W/m2·K. and the 𝜂𝑆𝑆𝑇 is 

around 85.3%. Moreover, including the FDV optimization setting is reflect in the 

economic and environmental indicators where the 𝑁𝑃𝐶 is 58.5 Euro/MWh with an 

increment of 9.7% compared to Tulus et al. [38]. While the 𝑅𝑃𝐶 under the FDV 

optimization setting is improved by the 28.4% due to including the SST material and 

construction properties. 

In addition to the SDHS optimal solution comparison to Tulus et al. [38], the capability 

of the methodological optimization framework based on a robust ANN in handling the 

Heuristics optimization is illustrated through comparing the computational expenses 

of the optimization process with the SDHS optimization problem mentioned by Tulus 

et al. [38]. In Tulus et al. study, the average computation time for the anchor points 

was 15,700 CPU seconds and 47,000 CPU seconds for intermediate Pareto solutions 
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using an Intel® Xeon® E5-2620 v4 2.10 GHz processor with 32.0 GB RAM. In this 

new framework, the average computational time for developing the full Pareto frontier 

is only around 600 CPU seconds using the same machine. This huge reduction is 

due to replacing the TRSNYS model with a robust ANN model and combining it in a 

MOO framework. 

III.5.4 Global Sensitivity Analysis results 

The GSA is implemented to identify the essential input parameters that responsible 

for the variation in both 𝑁𝑃𝐶 and 𝑅𝑃𝐶 objective functions. The analysis is carried out 

based on the BACCO analysis due to its low computational cost. The community of 

10 buildings under the FDV optimization setting at different scenarios is selected as 

a reference case in the GSA due to its critical feasibility in comparison to the 

conventional system using natural gas.  

 

Figure III-22: Results of the BACCO analysis indicating the most influencing 

uncertain parameters with regards to the NPC under FDV optimization settings at 

different environmental damage scenarios where (a) Min. cost solution, (b) 25% 

damage off, (c) 50% damage off, (d) 75% damage off, (e) Min. impact solution 

 

The evaluation assesses the economic parameters, including the investment cost of 

the SDHS equipment, the economic factors which would fasten the feasibility of 

SDHS deployment and the energy carriers. For the BACCO analysis, given a total 
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number of 400 sample points based on the Latin hypercube sampling (LHS) design, 

the sensitivity analysis problem is formulated and feed into the Gaussian emulator 

machine sensitivity analysis (GEM-SA) software to perform the analysis. 

 

Figure III-23: Results of the BACCO analysis indicating the most influencing 

uncertain parameters with regards to the 𝑅𝑃𝐶 under FDV optimization settings at 

different environmental damage scenarios where (a) Min. cost solution, (b) 25% 

damage off, (c) 50% damage off, (d) 75% damage off, (e) Min. impact solution 

The results of the BACCO analysis for economic performance is shown in Figure 

III-22 In each plot, the most influential parameters are ranked based on their variance 

contribution to the 𝑁𝑃𝐶 objective function, and it represented through their total 

effect, which comprises the main effect, interactions between these parameters, and 

their high order terms that can be involved in the emulator model. In scenario 1 (Min. 

cost-optimal solution), the discount rate, followed by the annual natural gas inflation 

rate and the investment cost of the SST, are responsible for the greatest portion of 

the output variance. Moreover, a limited distribution for the renewable energy 

equipment is due to the dependency of the SDHS under scenario 1 on using natural 

gas. With the movement toward a lower environmental damage solution, the 

contribution of the initial investment cost of the SST increases with diminishing the 

contribution of the discount rate. In scenarios 2 and 3, the investment cost of the SST 

and the investment cost of the solar collector are the most influential parameters. 
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While in scenarios 4 and 5, the investment cost of the SST is the only important 

uncertain parameter in designing SDHS. These results confirm the importance of 

including the SST construction materials, which can substantially improve the optimal 

solution and increase its competitivity against the conventional systems. 

Following the sensitivity analysis for the economic performance of the SDHS based 

on BACCO analysis, Figure III-23 shows the sensitivity analysis for the 𝑅𝑃𝐶 under 

different damage limits scenarios. In scenario 1, where the min possible change in 

the construction materials of the seasonal storage can be achieved due to the 

objective of minimizing the economic cost, the initial investment cost of the SST has 

the strongest influence in the 𝑅𝑃𝐶 objective. With the possibly to change the 

construction materials due to increasing the environmental damage limits, the 

contribution of the investment cost of the SST starts to diminish, and the main 

contribution due to renewable energy equipment moves to the solar collector and 

natural gas. In scenarios 2 and 3, the annual natural gas inflation rate, followed by 

the investment cost of the solar collector field and discount rate, are the most 

influential parameters. While in scenario 4, the annual natural gas inflation rate 

appears to be the only relatively important parameter in this scenario. With moving 

toward the extensive environmental damage limit scenario (Min. impact solution), the 

investment cost of the heat exchangers followed by the annual natural gas inflation 

rate and the natural gas price represents the significant parameters that are affecting 

the 𝑅𝑃𝐶 objective. Beside indicating the most influential parameters, the GSA based 

on BACCO analysis also indicates that the uncertainty due to the investment cost 

including the initial investment cost the DHWT, pumps and auxiliary heaters or due 

to the economic factors including the annual electricity inflation rate, inflation rate, 

and maintenance factor or due to the energy carrier including electricity prices can 

be neglected. 

Overall, the GSA based on the BACCO analysis is a valuable decision-support 

technique that offers the SDHS designers’ valuable information regarding the main 

driver parameters of uncertainty. In the proposed case study, the construction 

materials of the SST and the annual natural gas inflation rate would, in return, 

significantly contribute to the 𝑁𝑃𝐶 and 𝑅𝑃𝐶 objective functions. 

III.6  Conclusions 

The Governance of the Energy Union ambitious plan to updates the EU energy policy 

framework concerning the sustainable transaction from fossil fuel toward the 

deployment of renewable energy encourages the widespread of methodologies that 

can quantify the renewable energy systems performance with consideration for its 

economic and environmental impact. This paper presents a framework to evaluate 

the feasibility of deploying the SDHS at different urban community sizes with tracing 

its techno-economic failures as well as its environmental impact. This methodology 
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is implemented through developing a complete methodological optimization 

framework based on a robust ANN model to solve the computational obstacle 

associated with heuristics optimization models. The surrogate modelling approach 

empowers the feasibility of assessing the most influencing parameters driving the 

total cost of the SDHS based on GSA. The optimization framework correspondingly 

based on a multi-objective approach which is applied to optimize the SDHS life cycle 

cost with achieving progressively lower environmental impact throughout the system 

lifetime. In this context, the proposed framework is applied to four different urban 

community sizes comprising 10, 25, 50, and 100 buildings located in Madrid. In which 

the optimization problem is formulated under two different optimization settings (PDV 

and FDV) to investigate the effect of the seasonal TES geometry and its construction 

properties in enhancing the SDHS optimal design feasibility. 

In the proposed framework, to overcome the ANN building computational barrier 

related to its design space exploration, and to optimize its tuning parameters 

(Hyperparameter), the ANN model is coupled with the Bayesian optimization 

approach assisted sensitivity analysis based on definitive screening. This procedure 

is utilized to develop a robust ANN model-independent on its hyperparameters and 

the training set size. Leading to create an accuracy ANN model that reflects the 

performance of the SDHS at affordable computational expenses, a summary of the 

robust ANN model key findings is the following: 

• The default ANN model hyperparameters yield to poor accurate model that 

can predict the SDHS aggregated output. Thus, this result emphasizes the 

need for optimizing the hyperparameters. 

• Relate to the ANN model settings, the hyperparameters comprising the 

number of hidden layers at 3, the number of neurons at 14, training function 

at Bayesian regularization, layer function at logsig, hidden function at purelin, 

learning rate at 0.001 and Momentum mean at 0.004 show the highest 

accurate ANN model at various training set size. 

• Relate to the ANN model convergence at different training set sizes, the 

sample size of 2048 shows the highest accurate model prediction, where the 

𝐶. 𝑉 criterion does not get below 5.3% for all model outputs at an affordable 

computational time of 8.9×103 sec. 

Following the work objective in examining the effect of including the SST geometry 

and its construction material in enhancing the SDHS optimality when introduced at 

different urban community sizes. The following summarizes the key findings related 

to the MOO problem output under the PDV and FDV optimization setting in 

comparison to conventional heating systems using natural gas: 

• The calculated Min. cost-optimal solutions demonstrate a progressive 

improvement in the economic and environment benefits for deploying SDHS 
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instead of the natural gas boilers with the increment in the community sizes 

where the 𝑁𝑃𝐶 is improved by 22%, 26.7%, 34.7% and 53.9% for community 

size of 10, 25, 50 and 100 buildings, respectively, under the PDV optimization 

setting. These values further improved with including the SST construction 

properties in the optimization problem (FDV setting) where the 𝑁𝑃𝐶 is 

diminished more by 11.1%, 15.7%, 27.3% and 29.7% for community size of 

10, 25, 50 and 100 buildings, respectively compared to its relative scenario 

under the PDV optimization settings. On the other hand, the extensive 

environmental solution (Min. impact solution) increases the 𝑁𝑃𝐶 by 62.1 %, 

21.6% for the community size of 10, and 25 buildings, respectively, in 

comparison to the conventional system using natural gas. While increasing 

the community size to 50 and 100 buildings, increases the competitively of 

the SDHS, where the 𝑁𝑃𝐶 is reduced by 2.13% and 19.7% for 50 and 100 

buildings, respectively. With running the optimization problem under the FDV 

settings, further investment is required compared to the optimization problem 

under PDV setting where the 𝑁𝑃𝐶 is increased by 13.4%, 21.6%, 20.8% and 

1.84% for the community size of 10, 25, 50 and 100 building, respectively. 

This increment is due to the considerable reduction in the environmental 

impact for the FDV optimal solutions compared to its relative solutions under 

the PDV setting. 

• In terms of the environmental benefits for deploying SDHS at different urban 

community sizes, the 𝑅𝑃𝐶 at the Min. cost-optimal solution is reduced by 

79.4%, 79.5%, 79.6%, and 79.7% for the community size of 10, 25, 50, and 

100 buildings, respectively under the PDV setting in comparison to the 

natural gas boilers. Under the FDV optimization setting, a progressive 

improvement in the 𝑅𝑃𝐶 is indicated with increasing the community size 

where the 𝑅𝑃𝐶 is diminished more by 0.27%, 39.07%, 43%, and 47.7% for 

community size of 10, 25, 50 and 100 building compared to its relative 

solution under PDV setting. Moreover, with the movement toward an 

environmental solution, the improvement in the 𝑅𝑃𝐶 is increased, and it 

achieved 88% in the community size of 100 building under the PDV setting, 

this improvement can be more extensive under the FDV setting where it 

reduced up 27.3% compared to its relative solution under the PDV setting. 

• The effect of including the SST material properties in the optimization 

problem is reflected in the economic and environmental payback period 

where the EPBP at the Min. cost optimal-solution is reduced from 33.3 years 

at community size of 10 to 13.7 years at the community size of 100 buildings 

under the FDV setting. While the GPBP is only around 4 years for the Min. 

impact solutions at different community sizes. 

• Aligning with tracing the technical failure of the SST in the optimization 

framework, the optimal solutions under the FDV settings show an extensive 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

III.Machine learning approach to improve SDHS sustainability 

 

   150 

 

improvement in the SST heat loss. This improvement is increased with the 

increment in the environmental damage limits, and it varies between 18.5 to 

6.9 kWh/m3 for community sizes 10 and 100 buildings. This reduction in the 

heat losses is reflected in the SST efficiency where all optimal solution at 

different community sizes never falls below 69.5% in the Min. cost-optimal 

solution, and it extends up to 90.5% at the Min. impact-optimal solution at 

community size of 100 building. Furthermore, the yearly solar fraction never 

falls below 82.1% for the investigated community sizes, and it expands to 

almost 100% in the high environmental damage limits scenarios. 

• Finally, the GSA based on the BACCO analysis reveals that the variation in 

the optimal SDHS cost and its relative impact is due to the initial investment 

cost of the SST and its relevant construction materials in addition to the 

annual natural gas inflation rate. In contrast, the rest of the uncertain 

parameters have a limited influence. 

In the real application of designing the SDHS, the present methodology can be 

beneficial to obtain the optimal sizing of the renewable energy equipment with 

consideration for the construction properties of the SST, and it initiates values of 1.1 

± 0.1 m2/MWh/a and 15 ± 1 m3/MWh/a for the solar collector field area and the SST 

volume, respectively at different community sizes. Furthermore, the proposed 

framework provokes the superiority of using the UHPC in the construction of SST and 

FG for insulation. These guiding can serve all project stakeholders to participate in 

the early design phases or developing business models for the SDHS. 

The proposed framework can provide a good starting point to cover the drawbacks 

associated with the surrogate modeling technique and solve the enormous 

computational expenses of the heuristics optimization approach. Moreover, it is an 

effective tool to evaluate the techno-economic performance of the SDHS as well its 

environmental benefits with consideration for the market fluctuation regarding the 

investment cost and the energy carriers. Furthermore, it can assist in proposing the 

SDHS as a competitive solution instead of the conventional heating systems, and 

subsequently, it can promote a clear statement regarding the new clean energy for 

all Europeans packages. 
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III.8  Nomenclature 

𝐴𝐶𝑂𝐿 total aperture area of solar collectors (m2/MWh/a) 

𝛽𝐶𝑂𝐿 Inclination angle of the solar collectors (o) 

𝐶𝐶 total initial capital cost (€) 

𝐶𝑂 total discounted operational cost (€) 

𝐶𝑅 total discounted replacement cost (€) 

𝐶𝐴𝑃𝑘 design variable of equipment unit k 

𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟 A Chemical engineering plant cost index in the base year 

𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟 𝐵 Chemical Engineering Plant Cost Index in the installation year 

𝐶𝑜𝑛𝑆𝑆𝑇 
purchase cost of the construction material of the seasonal 

storage tank (€) 

𝐶𝑀 annual cost of equipment unit 𝑘 (€) 

𝐶𝑃 annual operational cost of a pump (€) 

𝑐𝑝 specific heat capacity (kJ/kg. k) 

𝑐𝑒 electricity price (€) 

𝑐𝑓 natural gas price (€) 

𝐶. 𝑉 coefficient of variation (%) 

𝑑 annual discount rate (%) 

𝑑𝑅𝑜𝑜𝑓 
insulation material thickness for the seasonal storage tank roof 

(m) 

𝑑𝑊𝑎𝑙𝑙  
insulation material thickness for the seasonal storage tank wall 

(m) 

𝑑𝐺𝑛𝑑 
insulation material thickness for the seasonal storage tank 

ground (m) 

𝐷𝐴𝑀𝑑 indicator result for damage category 𝑑 

𝐹𝐵𝑀𝑘 bare module factor of equipment unit 𝑘 

FCAUX 
contribution of the auxiliary heater as a percentage of the 

maximum heating load (%) 

𝑓𝑐(𝑥) original objective function [NPC(x) or RCP(x)] 

HDR seasonal storage tank aspect ratio (m/m) 

HDRDHWT domestic hot water storage aspect ratio (m/m) 

𝑖 annual inflation rate (%) 
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𝑖𝑓 annual inflation rate of natural gas (%) 

𝑖𝑒 annual inflation rate of electricity (%) 

𝐼𝑛𝑠𝑆𝑆𝑇 
purchase cost of the insulation materials of the seasonal storage 

tank (€) 

𝑘 number of regressors 

𝑚̇ mass flowrate of the recirculating water pumps (kg/s) 

𝑛 sample size 

𝑁𝐶𝑂𝐿 number of solar collectors in series 

𝑁𝑃𝐶 net present cost (€/MWh) 

𝑃𝐸𝐶𝑘 purchase cost of equipment unit k (€) 

𝑃𝑊𝐹𝑛 present worth factor of periodic future cash flows (-) 

𝑃𝑉𝐹𝑛 
present value factor of single future cash flow at the beginning of 

nth time period (-) 

𝑄̇𝑆𝑂𝐿 useful energy rate received by the solar collector field (MW) 

𝑄̇𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 heat loss rate through the seasonal storage tank (MW) 

𝑄̇𝐷𝐻𝑊 𝑙𝑜𝑠𝑠 heat loss rate through the domestic hot water storage tank (MW) 

𝑄̇𝐻𝐸 heat transfer rate through the heat exchanger (MW) 

𝑄̇𝐴𝑈𝑋 duty of auxiliary heater (MW) 

𝑄𝑆𝐻 𝑙𝑜𝑎𝑑 total space heating demand (MWh) 

Q𝐷𝐻𝑊 𝑙𝑜𝑎𝑑 total domestic hot water demand (MWh) 

𝑄𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 total energy losses through the seasonal storage tank (MWh) 

𝑆𝑀𝐴𝑃𝐸 symmetric mean absolute percentage error 

𝑅2  coefficient of determination 

𝑅2  ̶ 𝑎𝑑𝑗 adjusted coefficient of determination 

𝑅𝐶𝑃 ReCiPe 2016 aggregated impact factor (Pt/MWh) 

𝑆. 𝐹𝐷𝐻𝑊 annual solar fraction for the DHW distribution circuit (%) 

𝑆. 𝐹𝑆𝐻 annual solar fraction for the SH distribution circuit (%) 

𝑈𝑅𝑜𝑜𝑓 
The heat loss coefficient of the seasonal storage tank roof 

(W/m2. K) 

𝑈𝑊𝑎𝑙𝑙 
The heat loss coefficient of the seasonal storage tank wall 

(W/m2. K) 

𝑈𝐺𝑛𝑑 
The heat loss coefficient of the seasonal storage tank ground 

(W/m2. K) 

𝑈𝑂𝑣𝑒𝑟𝑎𝑙𝑙 
The overall heat loss coefficient of the seasonal storage tank 

(W/m2. K) 

𝑉𝐷𝐻𝑊𝑇 volume of the domestic hot water tank (m3/MWh/a) 
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𝑉𝑆𝑆𝑇 volume of the seasonal storage tank (m3/MWh/a) 

𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 predicted value 

𝑦𝑑𝑎𝑡𝑎,𝑖 actual value 

Greek symbols 

𝛼𝐶𝐹 factor of contingency charges and fees  

𝛼𝑘 purchase cost coefficient of equipment unit k 

𝛽𝑘 purchase cost exponent of equipment unit k  

𝜂𝐶𝑂𝐿 solar collector field efficiency (%) 

𝜂𝐷𝐻𝑊𝑇 domestic hot water storage tank efficiency (%) 

𝜂𝑆𝑆𝑇 seasonal storage tank efficiency (%) 

𝜆𝑐𝑜𝑛 
construction material thermal conductivity of the seasonal storage 

tank (W/m. K). 

𝜆𝑖𝑛𝑠 
insulation material thermal conductivity for the seasonal storage 

tank roof and wall (W/m. K). 

𝜆𝑖𝑛𝑠 𝑔𝑛𝑑 
insulation material thermal conductivity for the seasonal storage 

tank ground (W/m. K). 

𝛿𝑑 normalization factor for damage category 𝑑 

𝜀𝑑 weighting factor for damage category 𝑑 

∆𝑇𝑆𝑆𝑇 
temperature difference between the extracted and replaced 

water inside the space heating circuit. 

Abbreviations 

ANN Artificial Neural Network 

AUX auxiliary heater fueled by natural gas 

COL solar collector field 

DHW domestic hot water 

DHWT domestic hot water storage 

DHWcalc Domestic Hot Water profiles generator software 

EPBP economic payback period 

GHG greenhouse gas 

GPBP greenhouse gas payback period 

GSA global sensitivity analysis 

FG foam glass gravel 

HE heat exchanger 

HPC high-performance concrete 
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LCA life cycle assessment 

LCC life cycle cost 

LSA local sensitivity analysis 

MILP mixed-integer linear programming 

MINLP mixed Integer Nonlinear Programming 

MOO multi-objective optimization 

MOGA multi-objective genetic algorithm 

MW mineral wool 

NC normal concrete 

P centrifugal pump 

SDHS solar assisted district heating system 

SH space heating 

SST seasonal storage tank 

TES thermal energy storage 

TRNSYS transient system simulation program 

UHPC ultra-high performance concrete 

XPS extruded polystyrene 

Indices 

𝑑 damage category 

𝑖 elementary factor 

𝑘 equipment unit  
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IV.1 Introduction 

Energy infrastructure around the world is undergoing a transitional period to 

accommodate the highest possible share of renewable energy generation in the 

existing grid and provide reliable service to meet the demand in various sectors. With 

the revised EU directive on renewable energy, the European countries are focusing 

on delivering 32% of the total energy from renewable energy sources, such as wind, 

solar, and biomass, by the year 2030 [1]. In efforts to push this energy transition, the 

EU has also decided that beginning in 2021, the proportion of renewables in the 

heating/cooling sector will rise by 1.3% points annually. In this context, district heating 

(DH) networks have gained a great deal of attention with the possibility of integrating 

them into the future smart energy system. 
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The smart energy system concept is a broader definition of the smart grid moving the 

sole focus from the electrical power grid towards the integration of different energy 

sectors such as electricity, heating, cooling, industry, buildings, and transportation to 

achieve sustainable energy solutions [2]. In such a future energy vision, the district 

heating systems can play a crucial role by allowing the use of industrial waste heat 

and local renewables such as solar energy in combination with large scale thermal 

energy storage to transform into a low-temperature thermal grid which is also known 

as 4th generation district heating (4GDH) [3–6]. The 4GDH system has emerged as a 

promising technology because conventional high-temperature DH systems 

experience substantial heat losses and high installation costs [7] as well as the 

possibility of losing profit when the heating demand is decreased due to the 

renovation of existing buildings [8]. The key characteristic of 4GDH is considered to 

be the ability to deliver heat at a much lower temperature range  (50 ~ 60°C) and 

significantly lowering the return temperature (25 ~ 30°C) [9],[10]. However, the 

implementation of a 4GDH needs further research in order to address technological 

and economic obstacles and reform the energy market framework to ensure the 

quality of service [11].  

Different technologies can be combined with DH systems to improve efficiency and 

energy savings [12]. The large-scale solar thermal district heating plants are among 

the most interesting solutions that have already become a reality today in countries 

like Denmark, Sweden, Austria, Germany, Spain, and Greece [13], [14]. Such a 

system has the edge over the conventional heating system reducing the use of fossil 

fuels and emissions. Still, it deals with a higher degree of flexibility issues due to the 

fluctuating nature of solar radiation. The variation in heat load with changing seasons 

does not match with heat generation by the solar source creating an unfavourable 

condition for 4GDH [15]. This issue can be resolved by coupling seasonal thermal 

energy storage (STES) to solar thermal plants where the heat produced can be stored 

for later use [16]. Despite that, the solar heating system may fail to reach the expected 

level of solar fraction for seasonal storage (50-100%) and short term storage (10-

20%) due to the high heating demand of the building, high return temperature to the 

storage, and high heat loss from thermal storage [17]. One way to reduce the storage 

heat loss is to maintain a low temperature inside the storage tank. Such control 

measures require a supporting device such as back up heat pumps for effective 

space heating (SH) [18]. With the aid of heat pumps, STES can be discharged to 

lower temperature levels, collectors under a low-temperature condition can reach 

higher solar fraction, and the whole system is less prone to fluctuating district heating 

network return temperature [19]. Heat pumps are also highly efficient when operated 

in low-temperature DH networks to supply temperatures below 70°C [20]. Therefore, 

introducing heat pumps into a solar assisted district heating with seasonal storage 

can be a promising technological intervention to improve the overall system efficiency 

and transform the existing plants into a 4GDH system [17] [21]. 
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Heat pumps present low CO2 emissions when used under high-efficiency conditions, 

in particular, the electrically powered heat pumps with electricity from renewable 

sources [22]. One way of using electric heat pumps for residential and commercial 

heating applications is to combine the technology with solar systems, i.e., solar 

thermal, solar photovoltaic [23], or both thermal and photovoltaic (PV/T) [24]. During 

recent years, a variety of solar-assisted heat pumps (SAHP) configurations are 

proposed and analyzed for the water heating application. Standard SAHP concepts 

such as direct expansion [25] and indirect expansion style [26] along with modified 

novel design such as SAHP with hybrid solar collectors [27], dual tank SAHP [28] 

have been investigated to show their feasibility from economy and energy 

conservation perspective. Concerning the integration of heat pumps into district 

heating networks, Kim et al. [29] designed a TRNSYS model consisting of a solar 

thermal system, seasonal storage, high temperature and low-temperature heat 

pumps which showed significant energy savings when the solar fraction is increased 

by varying the size of collectors and storage. Østergaard and Andersen [30] in 

another study assessed the potential of booster heat pumps to provide domestic hot 

water demand in a low-temperature district heating scheme. Hirvonen et al. [31] 

examined the influence of community size on the technical as well as the economic 

performance of a solar assisted district heating and a ground source heat pump for 

additional heat generation. Another optimization study compared a heat pump 

integrated centralized solar district heating with a semi-decentralized one and found 

that the decentralized system outperforms the centralized system in terms of life cycle 

cost [32]. These studies highlight that heat pumps can add more flexibility to the 

district heating network either by directly supplying SH and domestic hot water (DHW) 

load or charging up the storage tank. This allows shifting the use of electricity and 

reducing natural gas consumption, which leads to improved energy security. 

The simulation-optimization studies on solar assisted district heating systems (SDHS) 

with storage and heat pumps are so far primarily focused on analyzing parameters 

associated with the solar source, storage technology, and energy demand profile of 

the community from the techno-economic point of view.  However, efforts towards 

designing the whole SDHS framework to an optimal extent from the sustainability 

standpoint while fulfilling the targets of next-generation district heating are seldom 

found [33,34]. More importantly, the possible role that heat pumps can play in a SDHS 

network to address the issues related to storage heat loss and overall flexibility of the 

network has not been fully explored. This aspect of heat pump utilization to maintain 

an efficient low-temperature SDHS network may lead to high initial investment, 

electricity consumption, and related CO2 emission. Hence, the optimization of the key 

design parameters of heat pump integrated SDHS becomes more important. It should 

consider energy efficiency, economic feasibility, and environmental impact 

simultaneously to ensure that such a system is walking hand in hand with the 

sustainable development goal. Nevertheless, such an optimization problem is 

complex enough to solve and takes more computational resources to take multiple 
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decision variables into account within the same framework. Therefore, we are 

introducing a meta-modeling method in this study to minimize computational effort 

while maintaining high accuracy rates. 

The Artificial Neural Network (ANN) is one of the most widely used meta-model 

techniques for dealing with complex design problems in energy research compared 

to traditional algorithms when managing a large data set [35], [36]. ANN can find a 

relation between the input and output variables by studying previously recorded data 

and reproduce a comprehensive model based on that relationship [37]. In order to 

demonstrate the applicability of ANN, Esen et al. [38] used the backpropagation 

learning algorithm to predict the coefficient of performance of a horizontal ground-

coupled heat pump system. Xia et al. [39] devised an ANN model using genetic 

algorithms to perform multi-objective optimization of a SDHS. Another proof of 

concept was developed by Hirvonen et al. [40], where neural network meta-modeling 

is used to optimize a solar community to supply the heating demand, and the 

proposed method provided better solutions compared to genetic algorithms. 

This paper aims to analyze the techno-economic performance as well as the 

environmental impact of different control strategies for integrating heat pumps into 

SDHS equipped with seasonal thermal energy storage in the context of 4GDH. 

Emphasis is given mostly on district heating consumption for SH with less focus on 

DHW consumption. Two types of control strategy are proposed where the heat pump 

is connected in series with the solar collector. Each control concept is investigated 

through dynamic simulations in TRNSYS and multi-objective optimization based on 

an ANN model to determine the optimized combination of key design parameters 

based on energy performance, economic, and environmental impact. The results are 

used in a comparison of the seasonal storage enhanced SDHS with and without the 

inclusion of heat pumps. Furthermore, the study evaluates the performance of the 

proposed system with the help of key performance indicators (KPI) related to the 

4GDH characteristics and key stakeholders for possible market growth and 

expansion. 

Hence, the novelty of the work is to demonstrate the potential of heat pump 

integration into a community sized SDHS to stabilize its performance and assist in 

the sustainable transition towards 4GDH. Another novelty of this paper is the 

development of optimized control strategies for the heat pump operation to enhance 

the overall flexibility of the SDHS. The presented research, therefore, lays the 

groundwork for stakeholders of a SDHS with seasonal storage and heat pumps to 

navigate the next generation district heating transformation. 

The structure of the article is as follows: A general outline of the SDHS and its 

mathematical definition is proposed in section 2. In section 3, both the techno-

economic targets and environmental aspects are explained in terms of KPIs based 

on the stakeholder perspective. The design of an ANN-based optimization strategy is 
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introduced in section 4. Section 5 discusses the deployment of methodology in a 

community of 10 residential buildings in Madrid, Spain, and section 6 provides the 

relevant findings and discussions. The results of the study are eventually summarized 

in section 7. 

IV.2 System description and simulation 

IV.2.1 System development 

A distinct typology of heat pump integrated into SDHS is designed to meet the space 

heating and domestic hot water demands for a hypothetical residential 

neighbourhood throughout the year as schematically shown in Figure IV-1. The 

system mainly consists of solar collectors, a half-buried sensible seasonal storage 

tank (SST), the DHW storage tank (DHWT), a water-to-water heat pump unit, and 

auxiliary natural gas heaters. 

 
Figure IV-1: A schematic drawing for the HP integrated with SDHS. 

The heat pump (HP) acts as a heat source for the SST when connected in the solar 

field circuit, as shown in Figure IV-1. In this configuration, the heat captured by the 

solar collector field (COL) can be directly used to fulfill the SH or DHW demand of the 

district or stored in the SST. The heat exchangers transfer the heat from the supply 

circuit to the distribution network using Y-type valves, depending on the mode of 

operation. Under a certain condition, the heat produced by the HP is either distributed 

directly for space heating or supplied to the SST for charging up the heat stored. The 
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SST is used during the winter season to supply the SH demand, while the short-term 

storage DHWT is used to supply the daily DHW demand. It is important to note here 

that the heat provided for SH corresponds to a low-temperature level (50°C), whereas 

the heat provided to the DHW is at high-temperature level (60°C). Finally, if the solar 

field, SST, and HP fail to meet the heat demand, the mismatch is covered by the 

auxiliary heater. 

 

IV.2.2 Control logic 

The developed system requires a good control strategy to operate under different 

modes to meet the district heating demand while maximizing the solar fraction and 

minimizing the heat losses. Four modes of control are designed based on the 

temperature levels at different points of SDHS, and these are achieved through on-

off control of the isolation valves. 

At first, when the DHW mode is triggered on, the heat gained by the solar collectors 

is transferred to the DHWT with the aid of the centrifugal pumps P1, P2 and P5 via HE2. 

The auxiliary heater is only enabled when the solar heat is not adequate to cover the 

demand in the DHW network. Under DHW mode, the heat pump unit is non-

operational. 

The SH mode is activated when an appropriate value of the temperature in the DHWT 

is reached, and the COL temperature is at a higher level than the bottom temperature 

of the SST. This operating mode uses the pumps P1, P2 and P3 to deliver the heat to 

the SST from the solar collectors passing through the heat exchanger HE1. 

The third mode of control is for the simultaneous operation of DHW and SH circuits. 

This is activated only when the conditions for both DHW and SH operation are 

achieved, and the temperature in SST is higher than the DHWT. 

Finally, the heat pump operation has two activated modes: 

• Control (A) ― In this mode, the heat pump works when the mean SST 

temperature (𝑇𝑆𝑆𝑇) is less than a reference temperature (𝑇𝑟𝑒𝑓). 

• Control (B) ― In this mode, the heat pump works if the solar collector 

temperature (𝑇𝐶𝑂𝐿) is less than the mean SST temperature (𝑇𝑆𝑆𝑇), which is, 

in turn, less than a reference temperature (𝑇𝑟𝑒𝑓). 

In these modes of operation, the heat generated by the heat pump in Control (A) & 

(B) will be transferred either to the SST or the DHWT based on the demand. In case 

of insufficient supply from SST or DHWT, the auxiliary heater is turned on. 
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IV.2.3 System modeling 

The concept is modeled using standard modules available on TRNSYS 18 

environment based on the previous works by Tulus et al. [41], and Abokersh et al. 

[42]. Simulations are carried out for model training and performance assessment of 

the developed model. The major components of the TRNSYS model are explained in 

SI 1. 

The SDHS model in TRNSYS is simulated considering a time step of 15 minutes. The 

simulations are carried out for a timeframe of three years, and the corresponding 

results are then extrapolated throughout the SDHS lifetime. This criterion is based on 

the assumption that the temperature within the SST remains at 30°C in the first year, 

and only after two years of simulation, the effect of the temperature change becomes 

negligible for the following years [43]. The lifetime of the SDHS is considered to be 

40 years as set by the United Nations Environment Programme [44]. Replacements 

are required for the equipment such as the solar collectors, heat pump, heat 

exchangers, DHWT, auxiliary heaters, and centrifugal pumps after continuous 

operation for 20 years. 

IV.3 Evaluation of System Performance 

To evaluate the performance of the proposed heat pump integrated SDHS, a set of 

performance indicators was selected. The set includes indicators to provide 

information on energy efficiency as well as the economic and environmental 

performance over the entire lifetime of the system. 

IV.3.1 Energy performance indicators 

The energy evaluation indicators comprise of the efficiencies of the solar collector, 

SST, and DHWT [45], [46], seasonal performance factor (𝑆𝑃𝐹) of the heat pump [47], 

and the overall solar fraction of the SDHS [48], [49]. The analysis is carried out using 

the following (Eq. IV-1 to Eq. IV-5) where the indicators are expressed in terms of the 

amount of energy flowing in the corresponding equipment unit: 
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𝜂𝐶𝑂𝐿 =
∫ 𝑄̇𝑈𝑠𝑒𝑓𝑢𝑙

𝑡

0

∫ 𝑄̇𝑆𝑂𝐿
𝑡

0

 Eq. IV-1 

𝜂𝑆𝑆𝑇 = 1 −
∫ 𝑄̇𝑆𝑆𝑇 𝑙𝑜𝑠𝑠

𝑡

0

∫ 𝑄̇𝐻𝐸1

𝑡

0

 Eq. IV-2 

𝜂𝐷𝐻𝑊𝑇 = 1 −
∫ 𝑄̇𝐷𝐻𝑊 𝑙𝑜𝑠𝑠

𝑡

0

∫ 𝑄̇𝐻𝐸2

𝑡

0

 Eq. IV-3 

𝑆𝑃𝐹𝐻𝑃  =
∫ 𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔

𝑡

0

∫ 𝑃̇ℎ𝑒𝑎𝑡𝑖𝑛𝑔
𝑡

0

 Eq. IV-4 

𝑆𝐹𝑔𝑙𝑜𝑏𝑎𝑙 = 1 −
∫ 𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔

𝑡

0
+ ∫ 𝑄̇𝐴𝑈𝑋1

+ ∫ 𝑄̇𝐴𝑈𝑋2

𝑡

0

𝑡

0

𝑄𝑆𝐻 𝑙𝑜𝑎𝑑 + 𝑄𝐷𝐻𝑊 𝑙𝑜𝑎𝑑

 
Eq. IV-5 

 

where 𝑄̇𝑈𝑠𝑒𝑓𝑢𝑙 and 𝑄̇𝑆𝑂𝐿 are the useful solar energy produced and received by the 

solar collectors, respectively. The heat losses in the SST and DHWT are represented 

by 𝑄̇𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 and 𝑄̇𝐷𝐻𝑊 𝑙𝑜𝑠𝑠, while the rates of heat transfer through the heat exchangers 

HE1 and HE2 are given by 𝑄̇𝐻𝐸1
 and 𝑄̇𝐻𝐸2

. Moreover, 𝑄̇𝐴𝑈𝑋1
 and 𝑄̇𝐴𝑈𝑋2

 are the energy 

provided by the auxiliary heaters to supply the SH load (𝑄𝑆𝐻 𝑙𝑜𝑎𝑑) and DHW load 

(Q𝐷𝐻𝑊𝑙𝑜𝑎𝑑) under the condition of insufficient solar energy. 

IV.3.2 Economic parameters 

The Levelized cost of heat (𝐿𝐶𝑂𝐻) is adopted in our study for evaluating the economic 

competitiveness of the proposed SDHS, as demonstrated by Welsch et al. [50]. 

𝐿𝐶𝑂𝐻 in EUR per MWh is the minimum price at which the SDHS must supply heat to 

the customers at a pre-defined maximum temperature of the working fluid [51]. The 

𝐿𝐶𝑂𝐻 is performed by dividing the total discounted life cycle cost of the SDHS by the 

discounted thermal energy output 𝑄𝑎of the SDHS as shown by the following formula 

[52]: 

𝐿𝐶𝑂𝐻 =
∑ (𝐶𝐶

𝑁𝑒𝑛𝑑
𝑁=0 + 𝐶𝑂 + 𝐶𝑅 − 𝑅𝑎). (1 + 𝑟)−𝑁

∑ 𝑄𝑎(1 + 𝑟)−𝑁𝑁𝑒𝑛𝑑
𝑁=0

 Eq. IV-6 

Here 𝐿𝐶𝑂𝐻 evaluation takes place over the assumed valuation period from 𝑁 = 0 to 

𝑁𝑒𝑛𝑑 which takes into account of all costs associated with the SHDS during its 

lifespan, i.e., initial investment (𝐶𝐶), operations and maintenance cost (𝐶𝑂), equipment 

replacement cost (𝐶𝑅) and the revenue of the system (𝑅𝑎). An interest rate 𝑟 is 

assumed. The 𝐿𝐶𝑂𝐻 analysis requires all cost components to be converted into their 

present value. The revenue of the system (𝑅𝑎) is not considered in this calculation. 

The details regarding the 𝐿𝐶𝑂𝐻 components and their respective calculations can be 
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found in SI 2. In addition, the economic parameters for the initial cost and other life 

cycle cost inputs are mentioned in SI 3. 

Another most commonly used cost-analysis methodology is the payback period (PB), 

which determines the number of years required to recover an initial investment 

through economic returns of the project. Therefore, the payback period of our 

proposed SDHS is the ratio of the total life cycle cost of the SDHS to the annual cost 

savings due to using SDHS instead of natural gas, as shown below [53]: 

𝑃𝐵 =
𝐿𝐶𝑂𝐻

𝐴𝑛𝑛𝑢𝑎𝑙 𝑐𝑜𝑠𝑡 𝑠𝑎𝑣𝑖𝑛𝑔
 Eq. IV-7 

IV.3.3 Environmental assessment 

For addressing the environmental impacts of coupling heat pumps with the SHDS 

system and comparing it with those of different district heating technologies, a life 

cycle assessment (LCA) approach is used [54]. The life cycle impact assessment 

(LCIA) can be performed using a variety of impact indicators.  In this study, we follow 

the framework ReCiPe 2016 [55], which is considered as the most adaptable and 

uniform approach from a methodological point of view [56]. In this phase, the Life 

Cycle Inventory data are converted to endpoint impact indicators, which are again 

combined to represent three damage categories: human health, ecological systems, 

and resources. Afterwards, the three damages are aggregated and expressed as a 

normalized endpoint indicator metric (𝑅𝐶𝑃) to interpret the overall environmental 

performance of the proposed SDHS configuration. The 𝑅𝐶𝑃 can be expressed, as 

shown below: 

𝑅𝐶𝑃 = ∑𝛿𝑑𝜀𝑓𝐷𝐴𝑀𝑑                                                   ∀𝑑

𝑑

 
Eq. IV-8 

Here 𝐷𝐴𝑀𝑑 is the endpoint impact indicator for the damage category 𝑑. 𝛿𝑑 is the 

normalization factor based on land use and material extraction for the European 

setting while the weighting factor 𝜀𝑑 is based on recommended values by ReCiPe 

2016. The environmental impact of SDHS components is found in SI 3. 

Additionally, the environmental payback period (𝐸𝑃𝐵𝑃) is introduced to estimate the 

sustainability of the proposed SDHS model [57]. The 𝐸𝑃𝐵𝑃 is the number of years of 

operation taken by the renewable energy plant until the total 𝑅𝐶𝑃 savings due to the 

replacement of fossil energy by renewable energy equals the 𝑅𝐶𝑃 during the life cycle 

[58]. It represents the potential of the SDHS model to reduce the environmental 

impact, and can be expressed as follows: 
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𝐸𝑃𝐵𝑃 =
𝑅𝐶𝑃

𝐴𝑛𝑛𝑢𝑎𝑙 𝑅𝐶𝑃 𝑠𝑎𝑣𝑖𝑛𝑔
 Eq. IV-9 

IV.3.4 Key performance indicators (KPI) for successful 4GDH implementation 

In the previous section, several performance indicators are described not only to 

evaluate the specific energy, economic and environmental characteristics of the 

proposed HP+SDHS but also to provide an appropriate identification of margins by 

which the system intends to meet the criteria of 4GDH concept. For this purpose, 

performance indicators that would demonstrate a successful representation of a 

specific target of 4GDH are used as KPIs in the current study and defined as shown 

in Table IV-1 

Table IV-1: Key performance indicators for SDHS transition evaluation based on 

the 4th generation goals. 

KPI Symbol Unit 4th generation goal 

KPI1― Share of renewable energy 

(solar) 
- % Up to 100% 

KPI2― Seasonal Performance factor of 

the heat pump 
𝑆𝑃𝐹𝐻𝑃 - > 2.5[47] 

KPI3― District heating supply and return 

temperatures 
𝑇𝑆𝑢𝑝𝑝𝑙𝑦 , 𝑇𝑅𝑒𝑡𝑢𝑟𝑛 oC 50, 25 

KPI4― Thermal efficiency of the SST 𝜂𝑆𝑆𝑇 % Up to 100% 

KPI5― Temperature level of the solar 

collector field 
𝑇𝐶𝑂𝐿  oC < 100 oC 

KPI6―Temperature level inside the SST 𝑇𝑆𝑆𝑇 oC < 80 oC 

KPI7 ― Levelized cost of heat 𝐿𝐶𝑂𝐻 € /MWh <Natural gas boiler cost 

KPI8 ― Payback period 𝑃𝐵 Years < 40 years 

KPI9―Recipe impact indicator 𝑅𝐶𝑃 Pt./MWh < Natural gas boiler impact 

KPI10―Environmental payback period 𝐸𝑃𝐵𝑃 Years < 40 years 

In order to attract the investors with environmental drivers as well the SDHS 

operators, the KPIs are associated to the stakeholders’ perspectives [59]. Guidelines 

from [11] and [60] on the 4GDH concept have helped to select appropriate efficiency 

and sustainability indicators that complete a comprehensive assessment of the 

targeted solutions. Figure IV-2 summaries the proposed KPIs for respective 

stakeholders and their justification in a heat pump integrated SDHS. 
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Figure IV-2: The 4GDH goals from the stakeholders’ perspective connected to the 

KPIs. 

IV.4 Development of design optimization strategy 

IV.4.1 Outline for optimization approach 

The main objective of the optimization approach is to minimize the life cycle cost 

(𝐿𝐶𝑂𝐻) simultaneously with the environmental impact (𝑅𝐶𝑃) of the heat pump 

integrated into the SDHS. The outline of the optimization strategy is illustrated in 

Figure IV-3. This approach is developed based on the TRNSYS model mentioned in 

section 2. Once the TRNSYS model is built, we define the decision variables’ range 

in the optimization problem, which, if changes reflect in the thermal output of the 

TRNSYS model. The software MATLAB is utilized to create the required scenarios 

where these scenarios cover the feasible range for the decision variables. Following 

that, MATLAB runs the scenarios automatically through TRNSYS in a parallel way. 

Once the feasible scenarios are built, the ANN model is trained using the developed 
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scenarios in order to predict the thermal performance of the SDHS. Finally, a genetic 

algorithm (GA) is coupled with the ANN to formulate a multi-objective optimization 

problem with an objective to minimize the cost functions aligning with the optimization 

problem constraints. 

 

Figure IV-3: The optimization strategy outline. 

IV.4.2 Development of the ANN performance model 

IV.4.2.1 Data generation 

The metamodel approach begins by generating an initial set of samples to train the 

metamodel. Aligning with the size of the decision variables and the computational 

budget, an appropriate size of the initial samples is selected. After that, the 

metamodel is trained using 2048 samples based on the Abokersh et al. [42] 

recommendation. In our framework, we apply the low-discrepancy sequences 

(Sobol’s LPτ) for sampling due to its good space-filling feature [61]. The TRNSYS 

simulations are then evaluated based on the generated samples where the feasible 

solutions are utilized for training the metamodel, and the infeasible solutions are 

discarded. 

IV.4.2.2 ANN model convergence criteria 

The metamodel is built based on a multi-layer feedforward ANN model, where this 

model contains 14 neurons in the input layer and three hidden layers. The ANN 
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simulations are implemented based on the Bayesian regularization algorithm with a 

learning rate, and a Momentum mean of 0.001 and 0.004. The model structure is 

determined through the optimization approach proposed by Abokersh et al. [42] to 

provide a relatively good convergence. In the ANN model, 19 outputs are considered 

in the output layer. These outputs include the energy produced in the solar collector 

field, the energy supplied by the heat pumps, the energy supplied by the storage 

tanks, and finally, energy covered by the auxiliary heaters. To verify the performance 

of the metamodel, a set of performance metrics are proposed to assess the 

metamodel accuracy. These performance metrics are; (i) adjusted R-squared (𝑅2 ̶ 

𝑎𝑑𝑗.), and (ii) Coefficient of Variation (𝐶.𝑉), and they are estimated as shown in the 

Eq. IV-10 to Eq. IV-12: 

𝑅2 = 1 −
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑑𝑎𝑡𝑎,𝑖 − 𝑦
𝑑𝑎𝑡𝑎

)
2𝑛

𝑖=1

 Eq. IV-10 

𝑅2 − 𝐴𝑑𝑗. = 1 −
(1 − 𝑅2)(𝑛 − 1)

𝑛 − 𝑘 − 1
 Eq. IV-11 

𝐶. 𝑉(%) = √
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

𝑦
𝑑𝑎𝑡𝑎

× 100 Eq. IV-12 

Where 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 presents the estimated value at time point 𝑖, 𝑦𝑑𝑎𝑡𝑎,𝑖 is the actual value 

at time point 𝑖, 𝑛 is the size sample, and 𝑘 is the number of regressors. 

IV.4.3 Multi-objective optimization 

In the formulation of the SDHS optimization problems, the cost functions usually 

create concerns about the energy performance and the economic profits [43]. 

However, in real problems, the environmental impact should be considered in the 

optimization framework to reflect the policy decision-makers’ perspective. Therefore, 

our optimization problem tends to minimize the life cycle cost of the SDHS (𝐿𝐶𝑂𝐻) 

aligning with the environmental impact presented by the 𝑅𝐶𝑃 to satisfy certain 

technical constraints. It is given as: 

𝑚𝑖𝑛 {𝑓1(𝑥), 𝑓2(𝑥)}  

𝑠. 𝑡.  ℎ(𝑥) = 0 

        𝑔(𝑥) ≥ 0 
 

𝑙𝑏𝑖 ≤ 𝑥𝑖 ≤ 𝑢𝑏𝑖                  𝑖 ∈ {1, … ,17} Eq. IV-13 

Where 𝑓1 is the life cycle cost (𝐿𝐶𝑂𝐻) and 𝑓2 is environmental impact aggregated by 

ReCiPe 2016 (𝑅𝐶𝑃), while ℎ represents the equality constraints solved implicitly in 

TRNSYS. The symbol 𝑔represents the inequality constraints, which reflects certain 

technical constraints comprising an annual solar collector field efficiency of 60%, SST 
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efficiency above 50%, and global solar fraction of 50%, as mentioned by Bauer et al. 

[62] and Solites [63]. 

In the current study, we utilized a Multi-Objective Genetic Algorithm (MOGA) [64] due 

to its capability to be coupled with metamodels easily [65]. In particular, the MOGA 

has the ability to handle several sets of Pareto points simultaneously. These sets of 

points are known as individuals in a population. Similar to the evolutionary algorithm, 

the initial populations can be modified with the proceedings of the iterations. These 

populations are generated with the application of the mutation and crossover 

functions [66]. The process is following the internal ranking of the population. For the 

available number of individuals in the population and iterates, the optimization is 

performed by evaluating the fitness function. The process is continued unless the 

criteria of convergence are met. All the information that is required for the evaluation 

of the sustainability metrics is available in the fitness function. The values of the 

fitness function for every sample point are used for the construction of the metamodel. 

Finally, the constraints associated with the metamodel simulator are handled through 

a penalty function [67]. A summary of the MOGA procedure is shown in Figure IV-4. 

Figure IV-4: Flow diagram for the MOGA and TRNSYS simulations. 

IV.4.4 Decision variables 

In the current study, 17 decision variables are used in the formulation of the SDHS 

optimization problem. Different components of the SDHS comprising their relative 

orientation, construction, operational conditions, and sizing are included on the basis 

of these decision variables. The circuit name is used for the categorization of these 

decision variables. The decision variables in the supply field circuit comprise the solar 

collector field, its relative orientation, and the heat pump capacity with consideration 

for its operation criteria. In the SH distribution circuit, the SST and its relative 

construction materials are considered as decision variables in addition to the required 

auxiliary heater capacity in this circuit. In the DHW field, the DHWT volume and its 

relative construction ratio are considered aligning with the required auxiliary heater 
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capacity in this circuit. A summary of these decision variables and their relative range 

is shown in Figure IV-5. Furthermore, the sizing of other SDHS equipment is 

estimated based on mathematical equations linked with the decision variables. 

 

Figure IV-5: SDHS optimization decision variables. 

IV.5  Case study 

IV.5.1 Description 

A small urban neighbourhood of 10 buildings located in Madrid (Spain) is utilized to 

illustrate the rule of the heat pump in enhancing the sustainable performance of 

SDHS under different control strategies. In the proposed community, every building 

consists of seven floors with 28 apartments where each one has a 90 square meter 

of a functional area [68]. The apartments are facilitated with a radiant underfloor 

heating and domestic hot water system. Therefore, the proposed system is designed 

to cover the SH and DHW demands at 50oC and 60oC, respectively. The comparison 

of the SDHS heating demand and model validation was carried out based on Tulus 

et al. [41]. 

To carry out a comparative study and showcase the benefits of the proposed 

configurations, two reference cases are also considered; a district heating system 
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fueled by natural gas (baseline 1) and a SDHS without integrated heat pumps 

(Baseline 2) as reported by Abokersh et al. [42]. 

IV.5.2 Meteorological data and energy demand profiles 

The EnergyPlus database [69] is utilized to acquire the required climatic data for 

Madrid. These data comprise the incident solar radiation and the ambient 

temperature. The monthly average values for these climatic data are shown in Figure 

IV-6. 

 

Figure IV-6: The monthly climate conditions as well the SH and DHW demand 

profile of the investigated neighbourhood located in Madrid. 

Based on the Spanish regulation for residential buildings, a seven-floor building is 

simulated in the TRNSYS with consideration for the occupancy densities and the 

building material composition. The annual space heating demand profile is created 

based on the building simulation in TRNSYS following the work implemented by 

Guadalfajara [70]. The created space heating demand is then extrapolated for the 

whole neighbourhood where the total annual space heating for the neighbour is 

1638.8 MWh. On the contrary, the DHW demand is generated based on DHWcalc 

[71]. This software generates representative DHW hourly demand profiles based on 

the daily water consumption per person and the number of occupants per household 

where the total annual DHW demand is 274.9 MWh for the specified neighbourhood. 

The monthly SH and DHW demands per apartment are shown in Figure IV-6, where 

the total neighbourhood demand is 1638.8 MWh for space heating and 274.9 MWh 

for the DHW. 
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IV.6  Results and discussion 

In this study, the first part of the results offers an analysis of the ANN model to ensure 

the suitability of the metamodel for SDHS optimization. In the second part, the results 

obtained from the design optimization of the heat pump control strategy for integration 

with SDHS are presented via selected techno-economic and environmental 

performance indicators. A detailed analysis of the Pareto optimal solutions and the 

comparison between the results is carried out in this section. The third section 

provides a comparative study of the SDHS with and without HP to examine the 

possible effects of incorporating HP into SDHS for a small community. In the final 

stage of analysis, the capability of the developed system configuration is discussed 

in terms of the rate of achievements of 4GDH targets. 

IV.6.1 The ANN performance analysis 

In the current study, the overfitting problem associate with the ANN model is solved 

through K-fold cross-validation, where the 2048 sample is divided into k subsets. 

Each time the ANN model is trained by k-1 set, whereas the remaining k subset is 

utilized for testing. 

A summary of the ANN model performance is shown in Table IV-2. The results 

showed that the ANN model prediction is agreed with the TRNSYS output where the 

𝑅2 − 𝐴𝑑𝑗. never falls below 95.5%for all the output. To gather further confidence 

regarding the ANN model performance, the 𝐶. 𝑉 shows that model accuracy does not 

get below 8.83% for all ANN output. In general, these results indicate the ability of 

the ANN model to provide an acceptable prediction for the thermal performance of 

the SDHS within the training data range. Furthermore, the usage of metamodeling 

can offer a significant reduction in the computational expenses of heuristic 

optimization models. 

Table IV-2: The performance sample of ANN model in predicting the TRNSYS 

output. 

 Supply circuit SH circuit DHW circuit 

 𝑄𝑆𝑂𝐿  𝑄𝑈𝑠𝑒𝑓𝑢𝑙  𝑄𝑎𝑏𝑠 𝑃𝑒𝑙𝑒𝑐 𝑄𝑆𝑆𝑇 𝑄𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 𝑄𝐴𝑈𝑋1 𝑄𝐷𝐻𝑊 𝑄𝐷𝐻𝑊 𝑙𝑜𝑠𝑠 𝑄𝐴𝑈𝑋2 

𝑅2

− 𝐴𝑑𝑗. 
99.8
% 

99.6
% 

97.7
% 

97.8
% 

99.5
% 

97.7
% 

99.2
% 

95.5
% 

98.9% 
99.4
% 

𝐶. 𝑉 
1.98
% 

1.99
% 

8.83
% 

8.16
% 

2.87
% 

8.54
% 

8.15
% 

0.49
% 

2.70% 
3.08
% 

 

IV.6.2 The effect of HP control strategy on SDHS  

From the results viewpoint, the multi-objective optimization procedure is devoted to 

analyze the effect of the decision variables on the design of SDHS with heat pump 

under the two designed control systems A and B. The set of Pareto optimal solutions 
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obtained from optimization process correspond to five scenarios. Scenario 1 

represents the minimum cost solution with zero limits on possible environmental 

damage. The environmental damage limit of 25%, 50%, and 75% is allowed in 

scenario 2 up to 4 relative to scenario 1. In scenario 5, the SDHS model causes 

minimum environmental impact when 100% of the damage limit is hit. 

It can be remarked from Figure IV-7 (a) that a clear trade-off exists between the 

proposed economic and environmental targets as we switch from scenario 1 to 5 

under both control settings. The optimal cost of energy in terms of 𝐿𝐶𝑂𝐻 is increased 

while the environmental impact of the SDHS (𝑅𝐶𝑃) is minimized and vice versa. The 

baseline 1 represents a traditional heating system (natural gas boiler). It produces 

the maximum environmental impact of 26.6 Pt/MWh as well as a limited economic 

benefit (90.3 €/MWh) compared to the Pareto optimal system configurations. 

Under the control scheme (A), where the HP in SDHS is turned on if 𝑇𝑆𝑆𝑇 is less than 

the reference temperature; it can extensively minimize the environmental impact 

compared to the baseline 1 while remaining to be cost-competitive at scenarios 1 and 

2. The optimal Min. cost solution has 𝐿𝐶𝑂𝐻 equal to 72.1 €/MWh, which is less than 

the base case by 20.1%, whereas the 𝑅𝐶𝑃 reduces to 5.15 Pt/MWh, which is smaller 

than the baseline 1 solution by 80.6%. On the other hand, the Pareto optimal solutions 

from scenarios 3 to 5 could not provide any economic benefit, although they minimize 

the environmental impact by approximately 89.5% compared to baseline 1. 

Under the control setting (B), more enhancements of both objective functions can be 

seen compared to the Pareto optimal solutions under control (A) as well as in baseline 

1. This is due to the efficient control of the heat pump with respect to temperature 

levels in the solar collector and SST, as well as the reference temperature. In 

scenarios 1 and 2, the 𝐿𝐶𝑂𝐻 with control setting (B) is remarkably less than that of 

control setting (A) along with marginal environmental benefits. At control setting (B), 

the Min. cost solution has 𝐿𝐶𝑂𝐻 equal to 59.1 €/MWh which is less than (A) by 18% 

and base case by 34.5%, whereas the 𝑅𝐶𝑃 value is reduced to 4.65 Pt/MWh which 

is smaller than the solution (A) by 9.7% and the base case by 82.5%. As the 

environmental damage limits are increased from scenarios 3 to 5 with control setting 

(B) in action, the decreasing environmental impact leads to an increment in the cost. 

If the Min. impact solutions are compared, control (B) has the upper hand over (A) 

with significant cost reduction as it is reduced by 28.9%. However, this optimal 

solution still fails to beat the baseline 1 economically where it higher than the baseline 

1 by 40.6%. 
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Figure IV-7: Various Pareto optimal solutions for the HP integrated with SDHS 

under two control strategies (A) and (B) to cover the SH and DHW yearly demand 

in comparison to their respective baseline 1 using natural gas, (a) Levelized cost 

of energy and environmental impact of the optimal configurations at the different 

scenarios, (b) Energy source and its share for the optimal system configurations 

for the different scenarios. 

Since the proposed SDHS system comes with multiple energy sources to optimize 

the environmental and economic parameters, the share of different energy sources 

is an important aspect to ascertain the system’s feasibility as a future 4GDH system. 

The ternary representation of energy shares in Figure IV-7(b) shows that as the 

Pareto front under the two control strategies (A) and (B) progress from generating the 

Min. cost-optimal solution to Min. impact, the SDHS can approach 100% solar energy 

input. For example, if the minimum cost solutions are compared, the Pareto optimal 

point under control (A) has 79.1% share of solar energy, 12.9% share of natural gas, 

and 7.98% share of grid electricity. Meanwhile, under control B, the optimal solution 

has 86.1% of solar energy, 13.1% share of fossil energy, and 0.73% share of grid 

proving that control mechanism (B) is more effective than (A). Regarding the rest of 

the scenarios (2-5), the share of solar energy in the system increases while the share 

of natural gas goes down when we move towards the minimum environmental impact 

solution. The control scheme (B) seems to be more successful with less percentage 

of electricity input from the grid for all the Pareto optimal solutions, and it reduces up 

to 3.5% and 0.3% for control (A) and (B), respectively. 
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Figure IV-8: Pareto optimal solutions of the HP integrated SDHS configuration to 

cover the demand of 10 buildings located in Madrid under HP control strategy (A) 

and (B) where the colour map indicates the min and max value of each decision 

variable. 

In order to enhance the understanding of the system performance, a breakdown is 

conducted for each Pareto optimal solution under both control strategies (A) and (B). 

In Figure IV-8, the optimal values for each decision variable are presented in a heat 

map in order to visualize how each design parameter changes under different 

optimization scenarios. Starting from the supply aspect, the design parameters 

related to the solar collector take similar values without any significant deviations 

except for the minimum cost scenario. In this case, the solar collector area decreases 

from 0.70 m2/(MWh·a) under control (A) to 0.48 m2/(MWh·a) under control (B). 

Similarly, the fractional capacity of the heat pump is significantly reduced under 

control (B), where the HP fraction is only 0.14±0.025 compared to 0.51±0.025 for 

control (A). This is expected since the heat pump is being operated only to stabilize 

the system, and it has a limited contribution to fulfill the thermal energy demand. 

Furthermore, the heat pump operation under control (A) keeps the reference 

operation temperature of the heat pump (𝑇𝑟𝑒𝑓) around 53.3±0.5°C for all optimal 

scenarios. While operating under control (B), the 𝑇𝑟𝑒𝑓 reduces from 55oC at the Min. 
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cost solution to 49.9oC at the Min. impact solution due to the limited usage heat pump, 

especially when the damage limits are increased. 

Comparing the design parameters related to the SST, it is seen that under control 

(A), the volume of the tank increase from 4.84 to 15.5 m3/(MWh·a) with the movement 

toward Min. impact solution. While under control (B), a reduction in the seasonal 

storage tank volume is indicated by around 2.2 m3/(MWh·a) for all the optimal 

configurations except for the Min. cost solution. On the other hand, significant 

changes are reflected in terms of the thickness of the insulation materials utilized in 

the SST. When the control (B) is used, the required thickness of the insulation for the 

roof, walls, and ground is reduced for all the Pareto optimal configurations. In case of 

the Min. cost solution, a thickness of around 0.3 m is selected for all SST walls under 

control strategy (A), whereas it is reduced to around 0.13 m under control strategy 

(B). 

Regarding the SST construction, the material that exhibits superior performance in 

all the scenarios is found to be UHPC. In addition, all the surfaces of the SST select 

foam glass gravel for the insulation purpose. However, as damage limitations 

increase, mineral wool is chosen over foam glass, which has a lesser environmental 

impact. The SST aspect ratio HDR shows limited variations. The auxiliary heater used 

in the SH distribution circuit is operated less under control (B) which implies less 

consumption of natural gas. In addition, the DHWT parameters, as well as the 

auxiliary in the DHW distribution circuit, assume almost constant values under both 

the proposed control settings. 

IV.6.2.1 Cost performance analysis 

To perform a comprehensive economic analysis of the proposed SDHS+HP 

integration, Figure IV-9 shows the contributions of investment costs, operational, and 

replacement costs to the 𝐿𝐶𝑂𝐻 by different components. 

By comparing the two-control settings (A) and (B) against the baseline 1 solution, it 

is observed that the capital cost represents only 1.02% in the baseline 1. While under 

(A) and (B), the capital cost increases significantly, responsible for up to 65% of the 

𝐿𝐶𝑂𝐻 in case of the Min. impact solution. This high initial investment cost is expected 

owing to the utilization of solar energy and seasonal thermal energy storage as a heat 

source in the district heating system. This may be seen as one of the critical barriers 

to boost the market rollout. The optimal solutions show a noticeable variation from 

scenario 1 to 5 (from Min. cost to Min. impact), where the SST has the highest share 

in the 𝐿𝐶𝑂𝐻, up to 40% in both (A) and (B) control strategies. The capital cost 

requirements for the SST decreases relatively under the settings (B), which can be 

attributed to the reduced thickness of the insulation materials used for the SST. 

Secondly, the investment cost for the heat pump also falls because of the less 

capacity requirement under (B) where it represents only around 2% compared to 12% 

in control (A) at the Min. cost solution. The composition of operation cost shows larger 

shares of natural gas cost under setting (B) compared to (A). This happens since the 
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auxiliary heater is operated more frequently to supply SH with the SST being at a low-

temperature level. The replacement cost for the solar collectors shows a similar 

distribution in the optimization setting (A) and (B). The heat exchangers account for 

a marginally higher cost of replacement in (B) when the threshold for the 

environmental damage is increased. In contrast, the replacement cost for the heat 

pumps is higher in (A) due to its higher capacity. 

 

Figure IV-9: Breakdown of the 𝐿𝐶𝑂𝐻 including the shares of initial capital cost, 

operational cost, and replacement cost for Pareto optimal solutions under HP 

control strategy (A) and (B) at the five optimal scenarios in comparison to baseline 

1. These solutions cover the SH and DHW demands of 10 residential buildings 

located in Madrid. 

 

Since the largest share of capital costs is associated with seasonal storage, it is 

worth evaluating how the heat pump affects the SST construction and insulation 

material requirements. As shown in Figure IV-10, the majority of the cost is due to 

the construction material required for the SST. In the case of the minimum cost 

solution, SDHS with a heat pump featured a higher amount of construction material 

and less insulation for the roof, wall, and ground when operated under control (B) 

compared to (A). The values tend to increase moving towards Min. impact solution. 

This change is expected since the insulation material, which can produce a 
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minimum environmental impact, is relatively expensive. The solutions under control 

(A) require even more insulation material to minimize the environmental impact. 

 

 

Figure IV-10: Cost breakdown for the SST under two different control systems in 

different damage scenarios. 

IV.6.2.2 LCA performance analysis 

A detailed analysis of the Pareto fronts in terms of the aggregated ReCiPe 2016 in 

comparison to the baseline 1 for the different damage scenarios is presented in 

Figure IV-11. In the baseline 1, the consumption of natural gas is responsible for 

almost 100% of the total impact. For the SDHS +HP configurations, the most 

significant impact contributors in both (A) and (B) are the solar collectors, natural gas, 

and seasonal storage tank.  

In the case of control strategy (A), the natural gas is responsible for 66.6% and 44.6% 

share of total environmental impact for scenarios 1 and 2, respectively. When control 

(B) is applied, the impact of utilizing natural gas as a primary fuel is more prominent 

since it represents 75.23%, 49.3%, and 21.31% for scenarios 1, 2, and 3, 

respectively. Moreover, it reduces to a negligible share as we increment the 

environmental limits (scenarios 4 and 5). Concerning the environmental damage due 

to the renewable energy technologies used in our SDHS model, the impact of the 

solar collector increases significantly from 22% in scenario 1 to 70.9% in scenario 5 

under the control setting (A). In the case of control (B), it increases from 16.7% to 

75.4% (scenarios 1 to 5) as well. It can also be observed that the damage due to the 

SST shows similar patterns as the collectors. Since the types of construction 

materials used for the SST were included in the optimization process, its contribution 
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to the total environmental impact has been reduced which is clear from the scenario 

4 and 5 in control (A) and scenario 5 in control (B). The impact of the heat pump 

integrated to SDHS is more prominent under the scheme (A) compared to that of (B) 

because of its higher fractional capacity. It is evident from Figure IV-11 that the 

consumption of electricity by the heat pump causes negligible environmental damage 

since the share of impact due to the consumption of electricity from the grid used to 

operate the heat pump and the other flow circulation pumps in the SDHS shows the 

equal distribution in both solutions. This also confirms the importance of the solar 

collectors, storage tank, and heat pump operating together to reduce the 

consumption of non-renewable energy sources. This type of analysis could be helpful 

in determining which carbon tax levels would be needed to push the market towards 

more renewable technologies.  

 

Figure IV-11: Breakdown for the aggregated ReCiPe 2016 of Pareto optimal 

solutions at different damage scenarios for the HP integrated with SDHS applied 

at control (A) and (B) in comparison to the baseline. 

 

To track the environmental effect of combining heat pump with seasonal storage in 

a SDHS, Figure IV-12 displays the breakdown of the aggregated 𝑅𝐶𝑃 value for the 

storage tank under control strategy (A) and (B). The construction of the SST leads 

to a considerable share of impact; nearly 100% in scenarios 4 and 5 under control 

(A) and scenario 5 under control (B), which depends on the optimized capacity of 
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the tank. On the other hand, the influence of various insulating materials used in the 

SST wall, roof, and ground in (A) is 67.4% in scenario 1, 51.9% in scenario 2, and 

54.5% in scenario 3. In the case of control (B), the impact due to the insulation 

slightly reduces to 43% in scenario 1, 44.2% in scenario 2, and 48.2% in scenario 

3. The optimization methodology selects the minimum value of the insulation 

material with minimum impact when we move towards the minimum impact solution. 

Therefore, in scenarios 4 and 5 under control (A) and scenario 5 under control (B), 

virtually zero environmental effects are caused by SST insulation. Consequently, 

the control scheme (B) appears to be marginally advantageous in terms of produced 

environmental impacts. 

 

 

Figure IV-12: Breakdown for the aggregated ReCiPe 2016 for the SST at different 

control strategies under different damage scenarios. 

IV.6.2.3 Energy performance analysis 

Figure IV-13 presents the values of the energy performance indicators achieved by 

the combination of SDSH and HP with control strategy (A) and (B). As seen from the 

figure, both (A) and (B) provided almost similar results for 𝜂𝐶𝑂𝐿with the change in 

scenarios except for the minimum cost solution. This shows a pleasant 

correspondence with the previously mentioned values of the solar collector area and 

the highest value of 𝜂𝐶𝑂𝐿(72%) obtained in the scenario 1 under control (B) when the 

size of the collector field assumes the smallest value. 
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Figure IV-13: Thermal performance indicators for the optimal Pareto solutions of 

SDHS under HP control strategy (A) and (B). These designs satisfy the SH and 

DHW demand of the 10 residential buildings located in Madrid 

The efficiency of the DHWT 𝜂𝐷𝐻𝑊𝑇 is very high (around 97%) for all scenarios since it 

is used as diurnal storage in the district heating network with a limited heat loss to the 

environment. Regarding the performance of the space heating circuit, under control 

(A), values of 𝜂𝑆𝑆𝑇 remain almost alike following the heat loss from the SST 

throughout the environmental damage scenarios, as seen in Figure IV-13. On the 

other hand, the overall heat loss coefficient of the SST in control (A) initially increases 

and then decreases. At the same time, in control (B), it diminishes consistently with 

increasing the limit of damage to the environment. This is due to the optimized 

geometry and materials used for the construction and insulation of the SST. The 

highest efficiency obtained for the SST is 92% for the Min. impact solution under 

control (A), which also has the minimum value of heat loss coefficient (0.075W/m2). 

The efficiency of the storage is compromised under control (B) since this control 

setting uses the heat pump to stabilize the storage temperature reducing the use of 

insulation material for the SST, which in turn increases the heat loss. In terms of the 

solar fraction, it is improved from 79% in control (A) to 86% in control (B) under Min. 

cost-optimal scenario. For the rest of the scenarios, the 𝑆𝐹𝑔𝑙𝑜𝑏𝑎𝑙 rises progressively 
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with the increment in the environmental damage limits approaching almost 100% for 

the minimum impact solution. This can be explained with the expanded installation of 

renewable energy equipment in the district heating sector. The seasonal performance 

factor of the heat pump shows improvement under (B) compared to (A) when we look 

into the scenarios 1 to 3. The highest value of 𝑆𝑃𝐹𝐻𝑃  is 6.01 for the minimum cost 

solution in (B). However, when the methodology aims for the minimum environmental 

impact, the efficiency of the heat pump is compromised. 

The next step in this analysis is the evaluation of the proposed design of SDHS 

operating under the superior control system (B) in comparison to a previously 

examined SDHS configuration without heat pump (Baseline 2) as presented by 

Abokersh et al. [42]. 

IV.6.3 The effect of integrating HP into SDHS 

The Pareto optimal solutions under control (B) are compared with the results from 

Abokersh et al. [42](baseline 2) to establish the value addition made by the integration 

of the heat pump to SDHS while covering the SH and DHW demand of 10 residential 

buildings located in Madrid to achieve the 4GDH goals.  

 

Figure IV-14: Various Pareto optimal solutions comprising of the objective 

functions for the HP integrated with SDHS under control strategies (B) in 

comparison to the baseline 2in terms of (a) the 𝐿𝐶𝑂𝐻 and 𝑃𝐵 objectives, and (b) 

the 𝑅𝐶𝑃 and 𝐸𝑃𝐵𝑃 objectives. 

It was observed in Figure IV-14(a) that coupling of a heat pump in between the solar 

collector and the seasonal storage tank could result in better cost-effectiveness for 

the SDHS network. The new configuration reduced the 𝐿𝐶𝑂𝐻 from 62.5 €/MWh to 

59.1 €/MWh (5.44%) in the case of the Min. cost solution. This is followed by the rest 

of the Pareto optimal solutions, which are also marginally cost-beneficial. Besides, 

the payback period of the new system configuration is significantly reduced under all 

damage scenarios. The Min. cost-optimal solution with the heat pump added to the 

SDHS has the lowest value of the payback period, i.e., 26 years in comparison to the 

baseline 2 scenario. However, this still very high payback period is due to two main 
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reasons; firstly, the low natural gas prices [72] which keep the operational cost of the 

natural gas boiler a competitive solution with the SDHS. Secondly, all the optimal 

solutions of the SDHS have a high solar fraction above 85%, which is the cause of a 

high investment cost due to the extensive usage for renewable energy components. 

Since the system lifetime is assumed to be 40 years, the Min. cost solution seems 

reasonable to adapt to implement the proposed SDHS with the control system (B) as 

a 4GDH system. 

Regarding environmental sustainability, the values of environmental damage 

indicator 𝑅𝐶𝑃 and 𝐺𝑃𝐵𝑃for the HP integrated with SDHS are reasonably comparable 

with baseline 2, as shown in Figure IV-14(b). The optimal solution for minimum cost 

with a heat pump has an impact of 4.65 Pt/MWh with the largest 𝐺𝑃𝐵𝑃 (7 years) 

against the baseline 2 with an impact of 5.49 Pt/MWh and 𝐸𝑃𝐵𝑃 of 8 years. The 

environmental impact of both configurations reduces if moved towards the 100% 

damage limit. Hence, it can be concluded that the addition of the heat pump makes 

the SDHS more sustainable, although the heat pump runs on the electricity from the 

grid. 

 

Figure IV-15: Thermal performance indicators for the optimal Pareto solutions for 

HP integrated with SDHS under control strategy (B) in comparison to baseline 2. 

Based on the comparison presented in Figure IV-15, one can observe that the thermal 

efficiency of the seasonal storage tank in SDHS +HP is higher than that of baseline 

2. The heat pump enhances the value of 𝜂𝑆𝑆𝑇 by 5% in damage scenario 1, 7.8% in 

scenario 2, 14.2% in scenario 3, 13.4% in scenario 4, and 8.3% in scenario 5 

compared to baseline 2. Regarding the overall solar fraction of the system, only the 

Min. cost solution with an integrated heat pump shows a slightly higher value of 

𝑆𝐹𝑔𝑙𝑜𝑏𝑎𝑙(86.1%) than the baseline 2 (84.4%). All other optimal solutions (scenarios 2 

to 5) have marginally less value of 𝑆𝐹𝑔𝑙𝑜𝑏𝑎𝑙 and remain energetically competitive with 
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the baseline 2 configuration. Therefore, if the Min. cost solution of the SDHS has to 

be chosen to establish the economic feasibility of a 4GDH network, the incorporation 

of the heat pump into the SDHS and seasonal storage with optimal control (B) proves 

to be a better decision in terms of energy efficiency as well. 

The above analysis of the comparison between the HP integrated SDHS under 

control strategy (B), and the baseline 2 (without heat pump) shows again that the 

minimum cost solution is a favorable choice considering economic, environmental 

and energy performance. Hence, finally, we compare these two configurations 

using the optimized values of the decision variables in both cases, as shown in 

Table IV-3. In the heat supply circuit, by adding the heat pump, a reduction of 12.9% 

in the collector area is achieved compared to the baseline 2. This indicates that the 

heat pump is able to bring down the SDHS temperature levels to operate as a 4GDH 

and subsequently reduces the requirement to add more insulation materials, as 

shown in Figure IV-16. 

 

Concerning the SH circuit, the volume of seasonal storage is increased from 4.96 

m3/(MWh·a) to 5.58 m3/(MWh·a) (11.1%). However, the requirement of insulation 

materials is reduced significantly for the roof by 76.9%, 50% for the sidewalls, and 

71.4% for the bottom of the SST due to the rule of the heat pump in reducing the 

SST temperature level. This reduction is reflected in the investment cost. This is 

followed by the change in the SST aspect ratio from 0.68 to 0.64. The optimization 

methodology selects the same type of materials for the construction and insulation 

of the SST. The heat pump did not have an impact on the size of the auxiliary heater 

required in the SH circuit as a backup. To supply the DHW demand using the 

HP+SDHS, the auxiliary heater is used more often than the baseline 2. This leads 

to an increase in terms of its fractional capacity (0.34 to 0.41) due to the limited 

capacity of the HP. The required volume of the DHWT remains the same, although 

the aspect ratio of the tank has differed. 

 

The investment cost is reduced to 2.15 million Euros from 2.24 million Euros for the 

SHDH system equipped with the heat pump in the presented optimization results. 

The additional investment cost due to the heat pump does not affect the SDHS 

configuration. Instead, it helps to improve the overall system efficiency by lowering 

the capital investment on the solar collectors and the seasonal storage by 4% as 

compared to baseline 2. Furthermore, the operation cost is also decreased in the 

current study by 11.2% because of the lower operating temperatures yield. 

However, the replacement cost increases due to the use of the heat pump over the 

system lifetime. 
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Table IV-3: The Pareto minimum cost-optimal configuration and its relative cost 

breakdown for the HP integrated SDHS under control strategy (B) in comparison 

to baseline 2. 

 Circuit Name Parameter Unit 
Baseline 

2 

Control 

(B) 

 

Supply Circuit 

Heat 

demand 
(MWh·a) 1913.4 1913.4 

Decision 

variables 

ACOL m2/(MWh·a) 0.54 0.47 

βCOL º 45.4 47.3 

NCOL - 4 4 

FCHP - - 0.17 

SH circuit 

VSST m3/(MWh·a) 4.96 5.58 

HDR m/m 0.68 0.64 

dRoof m 0.52 0.12 

dWall m 0.30 0.15 

dGnd m 0.42 0.12 

𝜆𝑐𝑜𝑛 W/(m·K) UHPC UHPC 

𝜆𝑖𝑛𝑠 W/(m·K) FG FG 

𝜆𝑖𝑛𝑠 𝑔𝑛𝑑 W/(m·K) FG FG 

FCAUX1 - 0.10 0.10 

DHW Circuit 

VDWHT m3/(MWh·a) 0.12 0.12 

HDRDHWT m/m 1.80 1.63 

FCAUX2 - 0.34 0.41 

𝐿𝐶𝑂𝐻 

parameters 

Investment 

cost 
𝐶𝐶 

Million 

Euros 
2.24 2.15 

Operational 

cost 
𝐶𝑂 

Million 

Euros 
1.87 1.66 

Replacement 

cost 
𝐶𝑅 

Million 

Euros 
0.67 0.69 

 

Additionally, Figure IV-16 shows the differences in temperature profiles within the 

solar thermal collectors and the seasonal storage tank over a year. Adding the heat 

pump under control strategy (B) has helped to keep the temperature low for the 

collector, especially during September, and it never exceeds 80oC. In contrast, it goes 

up to 104.5oC at baseline 2. Furthermore, the temperature inside the storage is also 

reduced to 85.4oC in October compared to 87.6oC in baseline 2. This lowers the 

temperature difference between the heat source (collector) and the heat sink 

(storage) for the heat pump resulting in a higher value of SST efficiency as well as a 

higher HP seasonal performance factor. 
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Figure IV-16: The monthly temperature profiles of the solar collector field and SST 

for the HP integrated with SDHS under control strategy (B) in comparison to 

baseline 2 for the minimum cost-optimal solution. 

IV.6.4 The impact of heat pump in SDHS for reaching 4GDH targets 

This section aims to answer the research question about whether the proposed 

configuration of SDHS enhanced with seasonal storage and heat pump for a district 

heating scenario can fulfill the target characteristics of a 4GDH system. The selected 

KPIs are based on the perspectives of three key stakeholders of district heating, as 

explained in section 3.4 and derived as a percentage of the target value of a 4GDH 

system for the minimum cost configuration of the SDHS among all the Pareto optimal 

points. 

It is evident from Figure IV-17 that the energy KPIs have the potential to reach the 

4GDH goals. Due to the implementation of the solar thermal collector with seasonal 

storage and heat pump technology using an optimal control strategy (B), the share of 

renewable energy, i.e. the solar fraction has been able to reach 86.1% of the total 

heating demand. This minimizes the use of fossil fuel for district heating and thus 

promotes a transition towards a low-carbon system. The coupling of the heat pump 

in order to directly supply the storage has resulted in a very high value of 

𝑆𝑃𝐹𝐻𝑃  (6.01), although it is operated for small durations. This complies with the KPI 

target value by 100%. The temperature barrier for low-temperature district heating 

appears to be removed since the supply and return temperature in the proposed 

SDHS is maintained at 50/30°C. This is in line with the target temperature range of 

the 4GDH network by 80%, which is a major feature to be present in a 4GDH system. 

Concerning the seasonal storage integration into 4GDH, the temperature inside the 

storage tank is at 93.2% of the desired value. Nevertheless, the proposed model has 
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been entirely successful in keeping the collector temperature low. The efficiency of 

the storage is found less than the expected level due to the heat losses to the 

ambient. Overall, the technical suitability of the SDHS model is established to 

transform into a 4GDH system. 

The financial KPIs in our study (𝐿𝐶𝑂𝐻) have shown that the cost at which the system 

must supply heat to the customers at 50°C is reduced by 34.2% compared to the 

local heat price for the natural gas-based district heating system. The reduction in the 

payback period is estimated to be about 35% as well. Hence, the SDHS carries 

potential economic benefits over the traditional district heat supply to be operated as 

a 4GDH for each potential district heating investor. This also highlights that the usage 

of low-temperature heat sources does not have financial disadvantages for the 

potential expansion of district heating networks into 4GDH. However, it calls for long-

term financial commitments to become competitive. 

 

Figure IV-17: KPI achievement rates for the HP integrated with SDHS under 

control strategy (B) as a part of the 4GDH target. 

When it comes to environmental impact and the policy decision-makers, the 

corresponding KPIs (𝑅𝐶𝑃 and 𝐸𝑃𝐵𝑃) reflect that SDHS can be successful in reducing 

the adverse environmental effects of the natural gas-based conventional system by 

82.5% while delivering energy for 40 years of operational lifetime. Therefore, the 

proposed configuration of SDHS can help to transform into a future 4GDH producing 
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a minimum carbon footprint. It also highlights the importance to orchestrate policies 

for deploying technologies as renewable as possible for building district heating 

systems in the future. 

The overall discussion with KPIs thus indicates that the SDHS model presented in 

this study can successfully integrate low- temperature renewable heat source, i.e., 

solar thermal with seasonal and short-term storages with the help of an intelligently 

controlled heat pump. These technical improvements result in significant economic 

and sustainability motivations for the concerning stakeholders as compared to the 

traditional heat supply structures. Therefore, this configuration can be implemented 

as a 4GDH system in the future district energy systems. 

With respect to potential district heating systems stakeholders, the KPIs mentioned 

above will allow them to have a better understanding of the business assets and to 

make informed decisions. For every KPI, however, not all the stakeholders have the 

same priority. DH companies interested in improving the thermal network would be 

more concerned about the energy and economic KPIs of 4GDH. The importance of 

environmentally friendly DH technologies typically goes unattended by both network 

operators and consumers at present. The environmental KPIs, however, provide the 

policymakers with valuable insight to encourage large-scale DH infrastructures. 

Furthermore, there may be incoherence between state and local governments with 

respect to energy policies. For this reason, it is expected that the introduction of 

sustainable technical solutions such as SDHS and transition towards the 4GDH 

would yield better results when local legislative authorities and DH operators/owners 

work together. 

IV.7  Conclusion 

This paper tends to optimize the performance of a heat pump (HP) enhanced solar 

assisted district heating system (SDHS) with seasonal storage to facilitate space 

heating (SH) and domestic hot water (DHW)for a hypothetical urban community 

located in Madrid, Spain. A multi-objective optimization methodology based on an 

artificial neural network (ANN) model is adopted through TRNSYS simulations. The 

objectives that are minimized in this study are cost and aggregated environmental 

impact while maximizing the energy efficiency of the SDHS model. Two different 

control strategies are applied to investigate the scope of improving the system 

stability and overall performance of the network to promote SDHS for implementation 

as a 4th generation district heating (4GDH). To compare the performance of the 

proposed system, two baseline scenarios are presented; the conventional heating 

systems based on natural gas and an optimized SDHS model without integrating the 

heat pump. The following is a summary of our study's principal findings: 

• The ANN model prediction is found to be highly accurate and hence used in 

our study to train and predict the performance of the SDHS model. 
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• Compared to the traditional district heating system fueled with natural gas, 

the estimated Min. cost-optimal solution for the configuration SDHS + HP 

achieves significant economic and environmental benefits. Under the control 

system (A), the life cycle cost is reduced to 72.1 €/MWh from 90.3 €/MWh 

while the environmental impact reduces by 80.6%. These values reduce 

further to 59.1 €/MWh and 82.5% when the control system (B) is applied. 

Also, control (B) has been able to outperform control (A) in reducing the 

consumption of grid electricity by the SDHS by 90%. 

• Similar to the economic and environmental results, the energy efficiency of 

the solar thermal collectors and the solar fraction of the proposed 

configuration is higher when SDHS is operated under control setting (B) as 

well as the heat pump has a better seasonal performance factor. The 

efficiency of seasonal storage is decreased by 17.5% due to the increased 

amount of heat loss from the storage tank in comparison to control (A). 

Furthermore, the annual thermal energy profiles of the Min. cost Pareto 

optimized solutions show that the optimal control strategy (B) can build a 

better balance between the different heat sources, i.e., the solar collector, 

storage tanks, heat pump and auxiliary heaters leading to stable performance 

of the system. This highlights the effectiveness of control (B) to properly 

integrate a heat pump and seasonal thermal energy storage into a SDHS so 

that overall efficiency is improved. 

• The techno-economic advantages of adding a heat pump into the SDHS with 

the aid of control strategy (B) is established further by comparing its 

performance with the second baseline system (SDHS without HP). The 

SDHS+HP configuration remarkably reduces the solar collector area and the 

SST insulation requirement, which causes the initial investment and 

operating cost to be reduced. This allows a return on the investment within 

the first 26 years of the project lifetime. The new configuration also lowers 

the temperature level of the collector and the SST, thereby raising the SH 

efficiency and total solar fraction. Considering the environmental impact, the 

SDHS+HP produces slightly lesser ecological damage. Thus, investing in a 

heat pump seems to be a smart policy. The cost associated with the heat 

pump is compensated by improved energy, economic and sustainable 

performance of the SDHS.  

• The optimization methodology has resulted in several KPI scores for the 

SDHS, which are consistent with the target KPIs of the 4GDH concept. The 

combination of the solar thermal with seasonal storage for space heating 

along with a heat pump to stabilize the overall system performance is close 

enough to a 4GDH. The supply and return temperature of the SDHS is 

maintained at 50/30°C while covering 86.1%of the heat demand using 

renewable energy. Finally, it shows that even if the initial cost of introducing 

a SDHS+HP system may look like a financial bottleneck for investors, in the 
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long run, this new configuration has huge potential to generate revenue and 

as well as helping in decarbonizing the DH sector.  

In conclusion, the presented research work shows SDHS assisted with HP can be an 

attractive energy solution that can lead to substantial techno-economic and 

environmental benefits over conventional heating systems if the influential design 

parameters are optimized using a smart control strategy. Furthermore, our study 

highlights the suitability of the combined configuration of solar thermal energy, 

seasonal storage, and heat pump as a 4GDH system. The results of this multi-

perspective analysis can be used by the key stakeholders as a starting point to 

develop necessary business models. Future research should concentrate on 

optimizing the architecture of the thermal distribution grid and improving energy 

efficiency at the end-user. This will allow the full competitiveness of SDHS for the 

sustainable energy transition. 
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IV.9  Nomenclature 

𝐴𝐶𝑂𝐿 total aperture area of solar collectors (m2/(MWh·a)) 

𝛽𝐶𝑂𝐿 inclination angle of the solar collectors (o) 

𝐶𝐶 total initial capital cost (€) 

𝐶𝑂 total discounted operational cost (€) 

𝐶𝑅 total discounted replacement cost (€) 

𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔 heating capacity of the HP (MW) 

𝑑𝑐𝑜𝑛 
construction material thickness of the seasonal storage tank 

(m) 

𝑑𝑅𝑜𝑜𝑓 
insulation material thickness for the seasonal storage tank 

roof (m) 

𝑑𝑊𝑎𝑙𝑙  
insulation material thickness for the seasonal storage tank 

wall (m) 
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𝑑𝐺𝑛𝑑 
insulation material thickness for the seasonal storage tank 

ground (m) 

𝐷𝐴𝑀𝑑 indicator result for damage category 𝑑 

𝐷𝐴𝑀𝑜𝑓𝑓 Indicator for the environmental damage limits 

FCAUX 
contribution of the auxiliary heater as a percentage of the 

maximum heating load (-) 

𝑓𝑐(𝑥) original objective function [𝐿𝐶𝑂𝐻(x) or 𝑅𝐶𝑃(x)] 

FCHP fraction capacity of the heat pump (-) 

𝑔(𝑥) inequality constraints 

ℎ(𝑥) equality constraints 

ℎ𝑐𝑜𝑛𝑣 convective heat transfer coefficient to the air W/(m2·K) 

HDR seasonal storage tank aspect ratio (m/m) 

HDRDHWT domestic hot water storage aspect ratio (m/m) 

𝑘 number of regressors 

𝐿𝐶𝑂𝐻 Levelized cost of heat (€/MWh) 

𝑚̇ mass flowrate of the recirculating water pumps (kg/s) 

𝑛 sample size 

𝑁𝐶𝑂𝐿 number of solar collectors in series 

𝑃̇ℎ𝑒𝑎𝑡𝑖𝑛𝑔 power drawn by the heat pump (MW) 

𝑄̇𝑆𝑂𝐿 useful energy rate received by the solar collector field (MW) 

𝑄̇𝑈𝑠𝑒𝑓𝑢𝑙 useful energy produced by the solar collector field (MW) 

𝑄̇𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 heat loss rate through the seasonal storage tank (MW) 

𝑄̇𝐷𝐻𝑊 𝑙𝑜𝑠𝑠 
heat loss rate through the domestic hot water storage tank 

(MW) 

𝑄̇𝐻𝐸 heat transfer rate through the heat exchanger (MW) 

𝑄̇𝐴𝑈𝑋 duty of auxiliary heater (MW) 

𝑄𝑆𝐻 𝑙𝑜𝑎𝑑 total space heating demand (MWh) 

Q𝐷𝐻𝑊𝑙𝑜𝑎𝑑  total domestic hot water demand (MWh) 

𝑄𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 
total energy losses through the seasonal storage tank 

(MWh) 

𝑅 seasonal storage tank radius (m) 

𝑟 interest rate (%) 

𝑅𝑎 revenue of the system (€) 

𝑅2  ̶ 𝑎𝑑𝑗 adjusted coefficient of determination 

𝑅𝐶𝑃 ReCiPe 2016 aggregated impact factor (Pt/MWh) 
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𝑆𝐹𝐷𝐻𝑊 annual solar fraction for the DHW distribution circuit (%) 

𝑆𝐹𝑔𝑙𝑜𝑏𝑎𝑙 overall solar fraction (%) 

𝑆𝐹𝑆𝐻 annual solar fraction for the SH distribution circuit (%) 

𝑆𝑃𝐹𝐻𝑃   seasonal performance factor (𝑆𝑃𝐹)of the heat pump 

𝑇𝑙𝑜𝑎𝑑,𝑖𝑛 temperatures of the liquid entering on the load side (°C) 

𝑇𝑙𝑜𝑎𝑑,𝑜𝑢𝑡 outlet temperatures of the load side (°C) 

𝑇𝑅𝑒𝑡𝑢𝑟𝑛 return temperature of the district heating network (°C) 

𝑇𝑠𝑜𝑢𝑟𝑐𝑒,𝑜𝑢𝑡 outlet temperatures of the source side (°C) 

𝑇𝑠𝑜𝑢𝑟𝑐𝑒,𝑖𝑛 temperatures of the liquid entering on the source (°C) 

𝑇𝑆𝑢𝑝𝑝𝑙𝑦 supply temperature of the district heating network (°C) 

𝑈𝑂𝑣𝑒𝑟𝑎𝑙𝑙 
overall heat loss coefficient of the seasonal storage tank 

(W/(m2·K)) 

𝑉𝐷𝐻𝑊𝑇 volume of the domestic hot water tank (m3/(MWh·a)) 

𝑉𝑆𝑆𝑇 volume of the seasonal storage tank (m3/(MWh·a)) 

𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 predicted value 

𝑦𝑑𝑎𝑡𝑎,𝑖 actual value 

Greek symbols 

 

𝜂𝐶𝑂𝐿 solar collector field efficiency (%) 

𝜂𝐷𝐻𝑊𝑇 domestic hot water storage tank efficiency (%) 

𝜂𝑆𝑆𝑇 efficiency of the seasonal storage tank 

𝜆𝑐𝑜𝑛 
construction material thermal conductivity of the seasonal 

storage tank (W/(m·K)) 

𝜆𝑖𝑛𝑠 
insulation material thermal conductivity for the seasonal 

storage tank roof and wall(W/(m·K)) 

𝜆𝐺 ground thermal conductivity (W/(m·K)) 

𝜆𝑖𝑛𝑠 𝑔𝑛𝑑 
insulation material thermal conductivity for the seasonal 

storage tank ground (W/(m·K)) 

𝛿𝑑 normalization factor for damage category 𝑑 

𝜀𝑑 weighting factor for damage category 𝑑 

∆𝑇𝑆𝑆𝑇 
temperature difference between the extracted and replaced 

water inside the space heating circuit 

∆𝑇𝐷𝐻𝑊 
temperature differences between the extracted and replaced 
water at storage tanks to cover the DHW load 

∆𝑇𝐿 
temperature difference between the exit and entrance of the 
auxiliary heater 
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Abbreviations 

4GDH 4th Generation District Heating 

ANN Artificial Neural Network 

AUX Auxiliary Heater (fuelled by natural gas) 

COL solar collector field 

DH District Heating 

DHW Domestic Hot Water 

DHWT Domestic Hot Water Tank 

EPBP Environmental payback period 

FG Foam Glass gravel 

GA Generic Algorithm 

HE Heat Exchanger 

HP Heat Pump 

HPC High-Performance Concrete 

KPI Key Performance Index 

LCA Life Cycle Assessment 

LCIA Life Cycle Impact Assessment 

MOO Multi-Objective Optimization 

MOGA Multi-Objective Genetic Algorithm 

MW Mineral Wool 

NC Normal Concrete 

P Centrifugal pump 

PB Payback Period 

SAHP Solar Assisted Heat Pumps 

SDHS Solar Assisted District Heating System 

SH Space Heating 

SST Seasonal Storage Tank 

STES Seasonal Thermal Energy Storage 

TES Thermal Energy Storage 

TRNSYS Transient system simulation program 

UHPC Ultra-High-Performance Concrete 

XPS Extruded Polystyrene 
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Indices 

 

𝑑 damage category 

𝑖 elementary factor 

𝑘 equipment unit 

IV.10 Appendix 

This section contains the supplemental materials for the article “Flexible Heat Pump 

Integration to Improve Sustainable Transition Toward 4th Generation District 

Heating”. The Appendix is organized as follows. First, the methods are explained 

including the description of (i) The System component modeling, (ii) The components 

of the levelized cost of heat and (iii) Eco-environmental input parameters. Finally, the 

nomenclature and acronyms are described, and the list of references is provided. 

IV.10.1 The System component modeling  ‒ SI 1 

The major component models used are presented below: 

• Flat-plate solar collector (type 1a): Modeling of flat–plate solar thermal 

collectors in TRNSYS was accomplished by using the component with an 

optical efficiency of 0.817 and a heat loss coefficient of 2.205 W/(m2·K). This 

component is able to model the thermal performance of the solar collector. 

The useful heat gain (𝑄𝑈𝑠𝑒𝑓𝑢𝑙) from a collector of area 𝐴𝐶𝑂𝐿 takes the following 

form as obtained from [73]: 

 

• 𝑄𝑈𝑠𝑒𝑓𝑢𝑙 = 𝐴𝐶𝑂𝐿𝐹𝑟[𝐺𝑡(𝜏𝛼) − 𝑈𝐿(𝑇𝑖 − 𝑇𝑎)] Eq. IV-14 

Here 𝐹𝑟 is the collector heat removal factor. The parameters 𝜏,𝛼,𝐺𝑡 and 

𝑈𝐿represent cover glazing transmittance, absorptance, irradiance and overall 

heat loss coefficient of solar collector, respectively. Temperature 𝑇𝑖 is the 

heat transfer fluid input temperature and 𝑇𝑎 is the ambient temperature. The 

heat removal factor 𝐹𝑟 can be calculated as: 

• 𝐹𝑟 =
𝑚̇𝐶𝑝

𝐴𝐶𝑂𝐿𝑈𝐿
[1 − exp (−

𝑈𝐿𝐹́𝐴𝐶𝑂𝐿

𝑚̇𝐶𝑝
)] Eq. IV-15 

In the above equation, 𝑚 ̇ , 𝐶𝑝 and 𝐹́ are the mass flow rate, specific heat and 

collector efficiency factor, respectively. 

 

• Storage tanks (type 4c): To model SST and DHWT, this type is considered 

from TRNSYS component libraries. The TRNSYS model permits thermal 

stratification based on the value of volume segments. The energy supplied 

by the SST (𝑄𝑆𝑆𝑇) can be calculated, as shown below [74]: 
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• 𝑄𝑆𝑆𝑇 = ∫ 𝑚̇𝑆𝐻𝐶𝑝∆𝑇𝑆𝑆𝑇
𝑡

0
 Eq. IV-16 

Here 𝑚̇𝑆𝐻 represents the mass flow rate of the water that passes through the 

SH distribution circuit, C𝑃 is the specific heat, and ∆T𝑆𝑆𝑇 is the temperature 

difference between water going in and out of the SST to meet the SH 

requirement. 

The performance of the SST depends greatly on the amount of heat losses 

through the top, sideways and bottom of the storage. Therefore, the Eq. IV-17 

- Eq. IV-19 are used to estimate the heat loss coefficients of the SST, as 

suggested by Hadorn [75]. 

𝑈𝑅𝑜𝑜𝑓 =
1

𝑑𝑐𝑜𝑛

𝜆𝑐𝑜𝑛
+

𝑑𝑅𝑜𝑜𝑓

𝜆𝑖𝑛𝑠
+

1
ℎ𝑐𝑜𝑛𝑣

 
Eq. IV-17 

𝑈𝑊𝑎𝑙𝑙 =
1

𝑑𝑐𝑜𝑛

𝜆𝑐𝑜𝑛
+

𝑑𝑊𝑎𝑙𝑙

𝜆𝑖𝑛𝑠
+

1
ℎ𝑐𝑜𝑛𝑣

 
Eq. IV-18 

𝑈𝐺𝑛𝑑 =
2

𝑅2
{𝑎 (

𝜆𝐺

𝜋
)

2

. ln [
𝑎

𝑎 − (
𝜋𝑅
𝜆𝐺

)
] −

𝑅. 𝜆𝐺

𝜋
} Eq. IV-19 

 

Where: 𝑎 =
𝜋𝑅

𝜆𝐺

+
(𝑑𝑐𝑜𝑛 + 𝑑𝐺𝑛𝑑)

𝜆𝐺

+
𝑑𝑐𝑜𝑛

𝜆𝑐𝑜𝑛

+
𝑑𝐺𝑛𝑑

𝜆𝐺𝑛𝑑

 
 

In these above equations 𝑈𝑅𝑜𝑜𝑓, 𝑈𝑊𝑎𝑙𝑙 ,and 𝑈𝐺𝑛𝑑 are the relative heat loss 

coefficients of the top, wall, and bottom of the SST. 𝑅 is the SST radius, 

𝑑𝑐𝑜𝑛represents the construction material thickness, whereas, 𝑑𝑅𝑜𝑜𝑓, 𝑑𝑊𝑎𝑙𝑙  

and 𝑑𝐺𝑛𝑑represent the top, wall, and bottom surfaces insulation thicknesses 

of the SST, respectively. In addition, 𝜆𝑐𝑜𝑛represents the thermal conductivity 

of the construction material,  𝜆𝑖𝑛𝑠and 𝜆𝐺𝑛𝑑represent the thermal conductivity 

of the insulating materials used for the roof, wall, and bottom surfaces of the 

SST, respectively. Parameter ℎ𝑐𝑜𝑛𝑣 is the convective heat transfer coefficient 

to the air, and it is assumed to be 10 W/(m2·K) for equations (3) to (5) [42]. 

The thermal conductivity of the ground 𝜆𝐺 is considered to be 3 W/(m·K). 

 

The performance of the DHWT is assessed by its capacity to deliver energy 

(𝑄𝐷𝐻𝑊) and it can be expressed as [74]: 
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• 𝑄𝐷𝐻𝑊 = ∫ 𝑚̇𝐷𝐻𝑊𝐶𝑝∆𝑇𝐷𝐻𝑊
𝑡

0
 Eq. IV-20 

The parameter 𝑚̇𝐷𝐻𝑊 is the mass flow rate of the water re-circulated within 

the DHW distribution circuits, 𝐶𝑝 is the specific heat capacity, and ∆𝑇𝐷𝐻𝑊 is 

the temperature variation between the supplied and returned water in the 

stratified storage tank for covering the DHW demand. The tank loss 

coefficient of DHWT is considered as 0.3125 W/(m2·K). 

• Water-to-water heat pump (type 927): This model is supplied with normalized 

data files containing the manufacturer’s catalogue data (WSHP-PRC026G-

TRANE) for the heat capacity and power consumption for various operating 

temperatures. The amount of energy in time absorbed from the source fluid 

stream (𝑄𝑎𝑏𝑠) by a heat pump operating in heating mode can be calculated 

by using Eq. (9) as shown below [76]. 

• 𝑄̇𝑎𝑏𝑠 = 𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔 − 𝑃̇ℎ𝑒𝑎𝑡𝑖𝑛𝑔 Eq. IV-21 

Here 𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔 is the heating capacity of the HP, and 𝑃̇ℎ𝑒𝑎𝑡𝑖𝑛𝑔 is the power 

drawn by of the HP. The temperature of liquid exiting the source side of the 

heat pump (𝑇𝑠𝑜𝑢𝑟𝑐𝑒,𝑜𝑢𝑡) and temperature of liquid exiting the load side of the 

heat pump (𝑇𝑙𝑜𝑎𝑑,𝑜𝑢𝑡) can then be calculated using: 

𝑇𝑠𝑜𝑢𝑟𝑐𝑒,𝑜𝑢𝑡 = 𝑇𝑠𝑜𝑢𝑟𝑐𝑒,𝑖𝑛 −
𝑄̇𝑎𝑏𝑠

𝑚̇𝑠𝑜𝑢𝑟𝑐𝑒𝐶𝑝,𝑠𝑜𝑢𝑟𝑐𝑒

 Eq. IV-22 

 

𝑇𝑙𝑜𝑎𝑑,𝑜𝑢𝑡 = 𝑇𝑙𝑜𝑎𝑑,𝑖𝑛 −
𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔

𝑚̇𝑙𝑜𝑎𝑑𝐶𝑝,𝑙𝑜𝑎𝑑

 
Eq. IV-23 

Here 𝑇𝑠𝑜𝑢𝑟𝑐𝑒,𝑖𝑛 is the temperature of liquid entering the source side of the heat 

pump and 𝑇𝑙𝑜𝑎𝑑,𝑖𝑛 is the temperature of liquid entering the load side of the 

heat pump. Meanwhile, the parameters 𝑚̇𝑠𝑜𝑢𝑟𝑐𝑒, 𝐶𝑝,𝑠𝑜𝑢𝑟𝑐𝑒, 𝑚̇𝑙𝑜𝑎𝑑 and 𝐶𝑝,𝑙𝑜𝑎𝑑 

represent mass flow rate and specific heat of liquid stream. 

• Auxiliary heaters (type 6): Traditional boilers that run on natural gas are used 

to maintain the required level of outlet temperature for distribution; one for 

the SH and another for the DHW. These boilers have an efficiency of 93% 

and are connected to the corresponding storage tanks in series. The auxiliary 

heating capacity (𝑄𝑎𝑢𝑥) can be expressed in the following form: 
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• 𝑄̇𝐴𝑈𝑋 = 𝑚̇𝐶𝑝∆𝑇𝐿 Eq. IV-24 

Where 𝑚̇ is the mass flow rate of water that re-circulates within the SH and 

DHW distribution network while ∆𝑇𝐿 is the temperature difference of the water 

at the entrance and exit of the auxiliary heater. 

• Heat exchanger (type 5b): A counter-flow heat exchanger with a heat transfer 

coefficient of 3942 W/(m2·K) is selected. 

• Flow circulation pump (type 3b): This component is a variable speed 

centrifugal pump. It forces the flow among the heat exchangers, collector, 

storage tanks, and heat pump base on an on/off signal generated by a 

differential controller. 

The other supporting components are Tee-valves (Type 11h), inlet and outlet pipe 

ducts (Type 709), flow diverters (Type 11b), weather data processor (Type 15), time-

dependent forcing functions for the heating and DHW demand profiles (Type 9), and 

controllers (Type 2). 

IV.10.2 The components of the levelized cost of heat  ‒ SI 2 

The overall initial cost of investment consists of several items such as the cost of the 

equipment purchase, installation, and transportation, including the cost of any 

contingencies and it can be expressed as follows [77]:  

𝐶𝐶 = (1 + 𝛼𝐶𝐹) ∑(𝑃𝐸𝐶𝑘 . 𝐹𝐵𝑀𝑘)

𝑘

 
Eq. IV-25 

Where 𝑃𝐸𝐶𝑘 represents the purchase cost of equipment unit 𝑘, while the bare module 

factor 𝐹𝐵𝑀𝑘 is responsible for the installation and transportation expense of unit 𝑘. 

𝛼𝐶𝐹 denotes the contingency factor. The cost component 𝑃𝐸𝐶𝑘 can be updated from 

the initial value in the base year A to the year of installation B based on the Chemical 

Engineering Plant Cost Index (CEPCI) using the following equation: 

𝑃𝐸𝐶𝑘 = 𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴 𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟𝐵

𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟𝐴
                                 ∀𝑘 Eq. IV-26 

The initial cost of purchasing unit 𝑘 in year A (𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

) can be estimated for various 

equipment units using Eq. IV-27 - Eq. IV-31. 
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𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                                   ∀𝑘 = 𝐶𝑂𝐿, 𝐷𝐻𝑊,𝐴𝑈𝑋 Eq. IV-27 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘(𝐶𝐴𝑃𝑘
𝛽𝑘)𝐶𝐴𝑃𝑘                                     ∀𝑘 = 𝐻𝑃 Eq. IV-28 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝐶𝐴𝑃𝑘
𝛽𝑘 . 10[𝛼𝑘(𝑙𝑜𝑔10𝐶𝐴𝑃𝑘)𝛽𝑘]                   ∀𝑘 = 𝐻𝐸1, 𝐻𝐸2, 𝐻𝐸3 Eq. IV-29 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘 𝑙𝑛 (
𝐶𝐴𝑃𝑘

1000
) + 𝛽𝑘                                 ∀𝑘 = 𝑃1, 𝑃2, 𝑃3, 𝑃4 Eq. IV-30 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝐼𝑛𝑠𝑆𝑆𝑇 + 𝐶𝑜𝑛𝑆𝑆𝑇                                      ∀𝑘 = 𝑆𝑆𝑇 Eq. IV-31 

Where: 𝐼𝑛𝑠𝑆𝑆𝑇 = 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                     ∀𝑘 = 𝑋𝑃𝑆,𝑀𝑊, 𝐹𝐺  

 𝐶𝑜𝑛𝑆𝑆𝑇 = 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                    ∀𝑘 = 𝑁𝐶,𝐻𝑃𝐶  

 𝐶𝑜𝑛𝑆𝑆𝑇 = 𝛼𝑘𝑒
(

𝛽𝑘
105 𝐶𝐴𝑃𝑘)

                            ∀𝑘 = 𝑈𝐻𝑃𝐶  

Here 𝛼𝑘 and 𝛽𝑘are the equipment cost parameters, 𝐶𝐴𝑃𝑘 is responsible for the design 

variables of equipment unit 𝑘. The design variables are the area of the solar collector 

(𝐴𝐶𝑂𝐿), the volume of the fully stratified storage tanks (𝑉𝑆𝑆𝑇 , 𝑉𝐷𝐻𝑊𝑇), types of 

insulation materials used for the SST (𝑋𝑃𝑆,𝑀𝑊, 𝐹𝐺) which includes extruded 

polystyrene, mineral wool, and foam glass gravel, respectively, types of the SST 

construction material (𝑁𝐶, 𝐻𝑃𝐶, 𝑈𝐻𝑃𝐶) comprising of normal concrete, high-

performance concrete, and ultra-high performance concrete, respectively, area of 

heat transfer for the heat exchangers (𝐴𝐻𝐸1, 𝐴𝐻𝐸2, 𝐴𝐻𝐸3), and the mass flow rates of 

discharge for the pumps (𝑚̇1, 𝑚̇2, 𝑚̇3, 𝑚̇4).The total operating cost (𝐶𝑜) is the 

discounted summation of all annual operating costs and can be expressed as follows: 

𝐶𝑂 = 𝐶𝑀𝑃𝑊𝐹𝑀 + 𝐶𝑃𝑃𝑊𝐹𝑃 + 𝐶𝐴𝑈𝑋𝑃𝑊𝐹𝐴𝑈𝑋 Eq. IV-32 

Where the 𝐶𝑀 indicate the annual maintenance, 𝐶𝑃 is the electricity cost due to the 

recirculation pumps, and heat pump. While 𝐶𝐴𝑈𝑋 is the energy cost of the auxiliary 

heaters (natural gas boilers). The term 𝑃𝑊𝐹 reflects the present worth factor which 

is calculated for the specific cost of operation taking into account the inflation rate (𝑖) 

and the rate of interest (𝑟) over the lifetime of the proposed system. The cost of 

replacing several equipment units of the proposed SDHS can be estimated as shown 

below: 

𝐶𝑅 = 𝑃𝑉𝐹𝑛 ∑(𝑃𝐸𝐶𝑘 . 𝐹𝐵𝑀𝑘)

𝑘

 
Eq. IV-33 

Here 𝑃𝑉𝐹 𝑛 is the present value factor of the future cash flows in the year 𝑛. The 

equipments which will incur a replacement cost in our study due to a high rate of 
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depreciation over the system’s lifespan are the solar collectors, storage tank used for 

DHW, heat pump, heat exchangers, and auxiliary heaters. 

IV.10.3 Eco-environmental input parameters  ‒ SI 3 

The initial cost parameters are outlined in Table SIV-4. On the other hand, the annual 

maintenance costs are estimated to be 1.5% of its investment cost. Based on the 

EUROSTAT database [78], the natural gas and household electricity prices are 

0.0526 and 0.1873 Euro/kWh, respectively. In addition, an inflation rate of 5.9% and 

5% is selected for the natural gas and electricity, respectively. Aligning with 

Braungardt et al. [13] recommendation, an inflation rate of 2.3% is selected for the 

proposed system, whereas the discount rate is 3.5%. 
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Table SIV-4: The economic parameters for the initial cost of the heat pump 

integrated into SDHS 

Unit 
Options αk βk CAPk Range Base 

year 

Ref. FBMk 

Solar 

collector 

 
974.2 0.8330 

Aperture 

area (m2) 

4000-

15,000 
2007 

[79] 
1.00 

Heat pump 
 

2053.8 -0.348 
Thermal 

power (kW) 

600-

100,000 
2014 

[50] 
1.00 

DHWT 
 

3955 0.6500 Volume (m3) 
1-

100,000 
2007 

[80] 
1.00 

Auxiliary 

heater 

 
225.0 0.7460 Duty (kW) 

600-

10,000 
2001 

[77] 
2.10 

Heat 

exchanger 

 
3.133 0.3310 

Exchange 

area (m2) 

10-1000 

m2 
2001 

[77] 
3.29 

Pump (P1, 

P2) 

 
389.0 283.2 

Mass flow 

rate (kg/h) 

15000-

100,000 
2009 

[81] 
3.24 

Pump (P3, 

P4) 

 
389.0 717.0 

Mass flow 

rate (kg/h) 

15000-

100,000 
2009 

[81] 
3.24 

SST 

insulation 

𝑋𝑃𝑆 

561.09 0.397 

Material 

thickness 

(m) 

0.05-0.8 2017 

[82] 

1.00 

 

𝑀𝑊 

1902.7 0.942 

Material 

thickness 

(m) 

0.05-0.8 2018 

[83] 

1.00 

 

𝐹𝐺 

311.41 0.968 

Material 

thickness 

(m) 

0.05-0.8 2014 

[84] 

1.00 

STT 

construction 

𝑁𝐶 
4178.1 -0.394 Volume (m3) 

1-

100,000 
2000 

[85] 

1.00 

 
𝐻𝑃𝐶 

2575 -0.363 Volume (m3) 
1-

100,000 
2004 1.00 

 
𝑈𝐻𝑃𝐶 

90.83 -3 Volume (m3) 
1-

100,000 
2004 1.00 
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On the other hand, the LCA input parameters are extracted from the Ecoinvent 

database [86]. This database categorizes the damage associated with the SDHS 

equipment based on the Recipe 2016 approach, a summary of the impact of different 

components in the SDHS is shown in Table S2. 

Table SIV-5: The environmental impact of heat pump integrated SDHS equipment 

based on ReCiPe 2016 

Unit Option Impact factor (ReCiPe 2016) 

Solar collector  32.5 Pt/m2 

Heat pump  22.3 Pt/kW 

DHWT  173.1 Pt/m3 

Auxiliary boiler  1.57·103 Pt/kW 

Heat exchanger  2.515 Pt/m2 

Pump  62.8 Pt/kW 

SST insulation 𝑋𝑃𝑆 0.773 Pt/kg 

 𝑀𝑊 0.0016 Pt/kg 

 𝐹𝐺 0.266 Pt/kg 

SST construction 𝑁𝐶 0.008 Pt/kg 

 𝐻𝑃𝐶 0.002 Pt/kg 

 𝑈𝐻𝑃𝐶 0.0206 Pt/kg 

Natural gas  0.0245 Pt/kWh 

Electricity  0.0380 Pt/kWh 
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V.1 Introduction 

There are a new series of social hurdles, owing to the massive stress on 

organizational resources and the massive expansion of the worldwide population. 

The consumption of oil, food, water, components and other resources has risen, and 

suppliers are coping with this development [1]. The exponential progress of the world 

and the rapid growth of developing markets indicate that energy demand is growing, 

and costs have typically risen after the new century [2]. The European Union 

approved a new clean energy framework for a sustainable transition from fossil fuel 

usage to renewable energy following up the EU's 2030 greenhouse gases reduction 
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targets [3]. An important step to spread on the clean energy transition in the European 

Union and its Member States is renewable energy usage. Out of all renewable 

energy-based systems, the solar thermal system is the technology that can be 

expanded from residential applications to urban applications [4]. 

The concentrating solar power (CSP) plants are becoming the best option to produce 

clean thermal energy [5]. However, it presents a challenge as temporal fluctuations 

are experienced based on seasonality and daily patterns. However, this challenge 

can be overcome by implying energy storage, namely thermal energy storage [6]. 

The efficiency, as well as the flexibility of the thermal solar applications, can be greatly 

increased with the help of thermal energy storage systems (TES) where the excess 

energy produced by the system is stored and then used later when the thermal energy 

is needed [7]. It is one of the most common backup energy systems in the case of 

solar heating systems. Flexibility between supply and demand can be managed using 

the large scale TES and CSP [8]. The TES are classified into the following types on 

the basis of storage technologies [9]: (1) usage of chemical, which is known as 

chemical storage. (2) the use of phase change materials (PCM), which is known as 

latent heat storage (3) heat stored in the liquid media and solid media is known as 

sensible heat storage. 

Due to favourable properties such as higher specific heat, lower cost, mechanical 

properties, and easy processing, concrete is the material often chosen for sensible 

heat storage at high temperatures [5]. Whereas for the liquid media, materials such 

as mineral oils, molten salts, and synthetic oils can be used [10]. Due to the density 

difference between the hot and cold fluids, the material maintains natural thermal 

stratification. Due to the heat of fusion, heat can be stored nearly isothermally in some 

materials using latent heat [11]. According to the temperature range and the 

application, the correct PCM should be chosen [12]. The correct PCM in each system 

has to be chosen depending on the application and its working temperature range 

[13]. 

According to a recent study by Palacios et al.[9], the publications regarding TES have 

increased exponentially. However, most of those publications have neglected the 

sustainability aspect and have only addressed the technical aspects such as (new 

control, new applications, new enhancement in technologies, and new materials) [14]. 

Following the IEA energy storage roadmap, the importance of TES was also 

highlighted, with a potential for CO2 emissions reduction estimated to be 2.6 Gt [15]. 

Furthermore, A recent study shows that TES have significant environmental impacts 

[16]. One reason for the high impact is the absence for the closing of material loops 

in addition to the lack of sustainable redesigning concepts for thermal energy storage. 

Thus, a comprehensive environmental assessment such as life cycle assessment 

(LCA) [17] can be a key aspect to fulfil the European legislation [18] regarding the 

necessary decision support to minimize the environmental burdens associated with 

the utilization of the TES. Furthermore, technologies in integrated waste management 
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systems (WMS) such as waste treatment technologies and a combination of recycling 

and reused concept can also be useful in analyzing TES [19]. In this context, Guarino 

et al. [20] and Abokersh et al. [16] examined seasonal TES and its environmental 

impact in a complete district heating infrastructure. In addition, during the 

manufacturing and operation phase of the three different TES types for solar power 

plants, their impacts on the environment were compared by Oró et al.[21]. 

Furthermore, the LCA of two TES designs, namely indirect thermocline and indirect 

molten salt are compared by Heath et al. [22]. Most of the life cycle assessments of 

the TES have focused on the production, operation, as well as the end life as a single 

value [23]. Thus, all these studies did not focus on environmental analysis due to the 

potential of recycling and reuse of materials. 

Regarding this limitation and to revise the current linear economy with a 'take 

disposition' model, the circular economy (CE) is one of the techniques endorsed by 

the United Nations Environmental Program (UNEP) and the Ellen MacArthur 

Foundation for decoupling [24,25]. The CE can be defined in large part as an 

industrial system that is intentionally and in terms of design restorative or 

regenerative. The Ellen MacArthur Foundation replaces the idea of end-of-life with 

reorganization and shifts to use of sustainable resources and eliminate utilization by 

a more advanced level of substance, processes, and business designs of chemical 

pollutants that impact reusability and waste reversion [26]. This substitutes the notion 

of a deficit with the regenerative framework to differentiate financial growth from the 

use of new environmental assets. There are numerous definitions of circular economy 

in the literature. CE can be explained with the help of 10 circular strategies. (R0: 

refuse, R1: rethink, R2: reduce, R3: reuse, R4: repair, R5: refurbish, R6: re-

manufacture, R7: repurpose, R8: recycle, R9: recover, based on Potting et al.[27]. 

The CE has many links to sustainable development for economic prosperity, social 

equity, and environmental quality [28]. Globally, circularity can be achieved by 

implementing a clean cycle strategy which may start by improving material circularity 

through improving its environmental life cycle [29]. 

To assess CE, different methodologies have been proposed and applied, most 

prominently material flow analysis (MFA) and LCA [30,31]. MFA is a tool that helps 

to understand the flow of a waste management system as well as it is a starting point 

of the environmental assessment. Furthermore, the MFA reveal opportunities for 

improving and monitoring the recycling targets [32]. On the other hand, the LCA can 

be used to assess the system's environmental performance [21]. However, a 

complete LCA is laborious and complex as well [33]. Another approach is to use a 

shortened LCA form, also known as streamlined LCA [34]. Besides, Project PRO 

SUITE [35] has presented another approach that takes into account all activities and 

their effects on the economy, society, and environment. The assessment proposed 

by them is based on the five pillars which are (1) Impact on Exhaustible Resources, 

(2) Social Well-being, (3) Prosperity, (4) Natural Environment, and (5) Human Health. 
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However, the sustainability of TES has not been assessed using these methods. 

Following Cobo et al. [36], other assessment methodologies were proposed to assess 

CE including the life cycle costing [37], economic and environmental optimization 

[38], and the combination of MFA and LCA in multi-objective optimization [39]. Even 

though the previously mentioned strategies can be utilized for the appraisal of CE 

parts of the TES, an extensive and organized strategy for the frameworks that grasp 

CE features, while decreasing ecological effects for the TES, is as of now lacking. 

This study's main goal is to develop a method for sustainable circular system design 

(SCSD) that ecologically assesses the sustainability of TES technologies. The 

method can be utilized to increase circularity and the sustainability of those derived 

measures. TES is included in this new CE approach of considering our actions, as 

energy is part of the concept. Going ahead, when developing TES and materials, CE 

principles should be considered. These principles are territorial ecology, 

"functionality" economy, reuse, second use, recycle, reparation, industrial, eco-

design, and valorization. The technique draws from the pool of conceivable outcomes 

CE offers, minimal ecological damage, material quality aspects, product design 

considerations, circularity strategies within the production chain (R0-R9), and waste 

hierarchy. 

The developed SCSD methodology will be tested on high-temperature TES 

technology using liquid media system with molten salt. Furthermore, SCSD embraces 

the analysis for the most intensive processes within TES technology through 

proposing the different ecological scenario including (i) increasing recycling rates, (ii) 

increasing the reuse rates, and (iii) a combination of both. The article's structure is as 

follows: A general outline of the SCSD methodology aspects is proposed in section 

2. Section 3 describes the application of the methodology through high-temperature 

TES technology. Section 4 presents the article results and their relevant findings. The 

results summaries and work conclusion are shown in section 5.  

V.2 The sustainable circular system design (SCSD) framework 

The proposed methodology framework for evaluating the circularity of TES is 

illustrated in Figure V-1. The framework is structured in a 3-phases approach for 

sustainable evaluating of TES. The first phase (A) is mapping the overall waste 

movements and management procedures through introducing the material flow 

analysis (MFA) for TES bill of materials. Besides, it shows the residuals and 

contaminations need to be considered. Once this evaluation is implemented, the life 

cycle assessment (LCA) presents the environmental evaluation of the TES materials. 

In the second phase (B), the circularity metric is proposed to estimate product 

preservation through recycling and reuse techniques. The second step in phase (B) 

is to evaluate the overall sustainability of TES through combining the LCA indicator 

with the CE index. Finally, the third phase (C) offers a complete analysis for the effect 

of various scenarios on the TES circularity.  
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Figure V-1: The SCSD outlines 

V.2.1 MFA/LCA assessment 

This phase entails the environmental impact of the product (TES), where the 

proposed MFA/LCA module has been implemented following Haupt et al.[17] 

guidelines. 

V.2.1.1 Material flow analysis (MFA) 

The MFA offers the transfer factors for all residues processes in multiple entities that 

can be used for LCA calculations. To fabricate an input dependent model of waste 

management using LCAs, MFA can be used as the base. Knowledge of the transfer 

coefficients for all treatments (recycling, incineration, and landfilling) permits 

designing process inventories for arranging and reusing according to the MFA and 

ensures the preservation of the mass balance in the framework. MFA includes the 

comprehensive measurement of the content input and output flows into space at a 

time specified framework. The system in which input flows are equivalent to the output 

flows with addition to the accretion of substance in the system [40], as illustrated in 

Figure V-2, is handled as the black box. 
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Figure V-2: Schematic representation for the MFA [41] 

 

The MFA starts by establishing the boundaries of time and space. This strategy 

includes the examined process as an operation in the anthroposphere. The input 

flows involve all raw resources mined from nature, and the domestic extraction 

(DE). Hidden flows are products not evident from economic records but needed to 

produce the resource used at the end, for example, earth-removed products and 

overburdened mining materials or wood harvest reductions in forestry. Hidden 

flows, called environmental backpack or “Rucksack”, are measured by means of 

the Material Intensity per Unit of Service (MIPS) database, given by the Wuppertal 

Institute [42]. MIPS is a measuring unit designed by the Wuppertal Institute that 

monitors the material intensity of different products and services with respect to a 

particular product unit. MIPS measures how products are different from their normal 

extractions, as Ritthof et al. [43]. All content used is measured in relation to natural 

resource usages during the production, usage and recovery or disposal. The 

definition of the MIPS is based on the perception that the capacity for the product's 

environmental impact can be measured by the Material Input (MI) across its 

lifespan. Lesser raw materials utilized; lesser environmental impacts faced. As per 

Ritthof et al. [43], such items have their ecological impact as an intangible 

"ecological rucksack," i.e. as per the MIPS definition. The eco-backpack can be 

measured by extracting the product's total weight from the MI (Ecological Backpack 

= MI-net weight). 

V.2.1.2  Life cycle assessment (LCA) 

The LCA is a method for the environmental evaluation connected with material, 

products or operation under which resources, energy and atmosphere (from the 

cradle to the grave) are defined and quantified [44]. LCA contributes, including the 
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production, utilization and landfill process, for all resource and energy inputs and 

outputs of a product over its lifetime. The environmental impact measured by 

conducting an LCA practice must be transformed into a singular dimensionless value. 

The proposed procedure includes two sub-processes: standardization and weighting; 

two additional components of the LCA method of life-cycle impact assessment, as 

defined in the ISO 14044 International Standard [45]. Standardization is the 

magnitude measurement for the reference information of the section indicating 

findings. This will also help convey details on the relative value of the indicator's 

effects [46]. Weighting is a procedure using numerical variables to transform the 

findings of the impact category metrics, enabling the converted metrics to be 

aggregated further [47]. LCA intends to examine the unique influence of a product or 

service to the environmental burdens in its various life cycle phases. The ISO 

14040:2006 and ISO 14044:2006 [45,48,49] sets out four interrelated measures: (1) 

Goal and scope definition; (2) inventory analysis; (3) impact assessment; (4) 

interpretation which identifies relevant issues and formulates recommendations. 

These phases are explained in detail in the next subsections. 

a. Goal and scope definition 

Three key regions, system borders, and impact groups are included in this process. 

The whole product development (cradle to grave idea) must be evaluated on the 

system border. The environmental effects of the impact groups are measured using 

the ReCiPe 2016 [50] impact value. Eighteen metrics of middle point effect are 

chosen and clustered in three groups of endpoint damage. They are classified in three 

categories: (i) ecosystem quality, (ii) Human health, and (iii) natural resources. These 

results are given in classifications of impact and by specific measures determine the 

environmental burden. The ReCiPe is a measure that is broadly utilized for 

comprehending damage. The decision-maker considers this kind of measure as more 

comprehensible than the so-called mid-point concept [4]. 

b. Inventory analysis 

It takes into account input, performance and energy usage in connection with product 

in the second phase of the LCA sequence. In the impact evaluation step, they are 

further interpreted into waste and pollution. The material distribution and delivery to 

the factory are regarded during the entire project time. Besides the product effects 

and the energy usage (natural gas and electricity) in the framework, the product 

related reserves have been taken from the Ecoinvent 3.7 directory during its lifespan 

[51]. 

c. Impact assessment 

The inventory records are transcribed into sustainability reports during this step. As 

already stated, three separate areas of harm are covered: the environment, health 
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care, and risk to infrastructure centered on the 2016 ReCiPe framework [50]. The 

assisted system classification may be carried out for the midpoints depending on the 

endpoints scale. The damage can be represented as follows numerically for each 

impact section. 

𝐼𝑀𝑃𝑒 = ∑ 𝜃𝑒𝑖 . 𝐿𝐶𝐼𝑖
𝑇𝑜𝑇      ∀𝑒

𝑖

 Eq. V-1 

Where 𝐿𝐶𝐼𝑖
𝑇𝑜𝑇 is the life cycle inventory related to production, resource logistics and 

plants execution, correlated with the primary flow i. 𝜃𝑒𝑖 showed the damage material 

with respect to the elementary flow i impact factor e. This aspect encourages a 

connection between the inventory and the classifications of damage. 

𝐷𝐴𝑀𝑑 = ∑ 𝐼𝑀𝑃𝑒       ∀𝑑

𝑒∈𝐼𝐷𝑑

 Eq. V-2 

𝑅𝐶𝑃𝑑 = ∑𝛿𝑑𝜀𝑑𝐷𝐴𝑀𝑑       ∀𝑑

𝑑

 Eq. V-3 

Where 𝐼𝐷𝑑  describes a classification of endpoint effects in damage classification d. 

RCP is the standardized ReCiPe 2016 measure and 𝛿𝑑, and 𝜀𝑑 are the specific weight 

and normalization elements. The element of normalization is calculated on the basis 

of the EU damage computations for land use and emissions calculations [52]. The 

weighting variables are calculated based on suggested values as described in the 

ReCiPe 2016 [53]. 

d. Interpretation 

In addition to several suggestions that help improve system efficiency, this step offers 

an evaluation of the findings. In this sense, policymakers can recognize the weak 

points conveniently along the way, where additional effort must be made to decrease 

the environmental impact. Even so, there are no specific boundaries on how the 

decrease can be achieved. Besides, because of the range of possibilities accessible 

and differing targets (i.e. impact classifications) in many situations, assessment is 

highly complicated. The LCA findings can be implemented as variables in the 

statistical model in order to address these constraints. 

V.2.1.3 MFA/LCA combination 

Both MFA and LCA include production, use, and end-of-life of the products within the 

system, to allow for deriving measures at every step of the life cycle. The functional 

unit for both MFA and LCA should consider the service the investigated system 

provides over a determined time span [32]. The direct link between the MFA and the 
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LCA is established through the product-process-matrix proposed by Haupt et al.[17] 

where each process entails with a certain environmental impact. 

Combining the MFA and LCA is used to facilitate waste management and provide 

environmental impact data on multiple situations of mass flow. The integration of 

regional MFA and LCA makes environmental assessment evaluations thus 

maintaining continuity between factors such as the transition parameters of MFA and 

LCA process models with consideration for the capacity constraints on waste 

management systems and the accessibility of waste resources. Besides, the input 

reliance on process output and the related environmental impacts may be observed, 

both for specific waste management processes like urban waste combustion and for 

alternate materials used as feedstocks.    

V.2.2 Circular economy (CE) assessment 

The CE aims to represent circularity of product consisting of product level Material 

Circularity Indicator (MCI). These structures then comprise a collection of products 

and materials, including functionality and interlinked behaviour. The 'ideals' of the CE 

should be correlated to all such metrics; (1) planning of the waste (2) product 

resilience by variety, (3) dependency on electricity from sustainable resources, (4) 

thought of "systems," and (5) wastes as fuel, are some of the recommendations that 

can be followed from comprehensive work carried out by the Ellen MacArthur 

Foundation [54]. 

This part concludes the advancement of a circularity evaluation method and the 

design composition. Part of these assessment is based on the methodological work 

undertaken on the 'circularity metrics – a guide to the calculation of circularity' by the 

Ellen MacArthur Foundation and Granta [25]. They established metrics that could be 

applied to designers as help for implementing choices, along with being utilized to 

various other ends, including acquisition choices and company assessment rates. 

The metrics rely mainly on non-renewable sources of technological cycles and 

resources. Since the research topic does not respond to Ellen MacArthur Foundation 

& Granta methods, further growth of a product evaluation technique is made. 

V.2.2.1 Assessment methodology design 

The MCI expresses the amount to which virgin feedstock is minimized, and, as 

contrasted to a similar industrially average product [55]. The MCI consists 

fundamentally of three main features: (1) mass of virgin raw materials used in the 

manufacturing phase, (2) mass of unrecoverable waste assigned to this product and 

(3) utility factor which represents the duration and severity of MCI usage of this 

product. Figure V-2 describes the numerous MCI parameters. 

𝑀𝐶𝐼𝑝 is the fundamental step towards the product level material. A product's MCI can 

be classified by taking into consideration the product linear flow index (𝐿𝐹𝐼) and the 
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factor 𝐹(𝑋), which is constructed as a function 𝐹 of the utility 𝑋, which decides the 

impact of the product utility on its MCI. The formula of Ellen MacArthur and Granta 

[41] used for measuring the MCI for a material is: 

 

𝑀𝐶𝐼𝑃
∗ = 1 − 𝐿𝐹𝐼 · 𝐹(𝑋) Eq. V-4  

𝑀𝐶𝐼𝑝 = max {0|𝑀𝐶𝐼𝑃
∗} Eq. V-5 

 

V.2.2.2 Formulating product circulatory metric 

The Ellen MacArthur Foundation & Granta [41] evaluation process is the guiding 

principle. The CE tests the degree to which linear flows have been reduced, and 

restoration flows amplified and how frequently and rigorously it is utilized contrasted 

with a comparable system-average product. The concept behind the CE is to analyze 

the application, features and outcomes. The materials and products, as also the 

linkages and the assembly of the structure, should be taken into account in the 

implementation of the CE independently. Products and materials are recovered in the 

market in technical intervals to the best appropriate standard and by replacements, 

maintenance, reuse, restoration, analysis, and recycle for as long as feasible. 

However, non-toxic materials in a wide range of applications are preserved. The 

development of CE is confined to the material's technology process. The organic 

process is not considered because the evaluation of this period is entirely different. 

In developing the evaluation model, the first step is to develop a product level material 

circularity indicator (MCI) by evaluating the product's input, output, and effectiveness. 

The "theoretical" circularity attribute for a system without configurations and only the 

product itself may also be represented. The MCI will finally produce an MCI for a 

product for each material assessment. The input and output of materials include the 

content of virgin or non-virgin materials and then reusable or non-reusable materials. 

V.2.2.3 Material circularity indicator (𝑀𝐶𝐼) 

The Circularity Indicator production for product depends on the assumption that 

construction is an ensemble of materials attached in a particular manner where every 

product has its circularity and characteristics. The basic principle for circularity is 100 

% non-virgin content at end-of-life, and 100% recycled. The 𝑀𝐶𝐼 for a product 

measures to what degree the linear flow has been mitigated, the restorative flow of 

basic elements amplified, and how much longer (often an estimate) the item is used 

particularly in comparison to the systemic layer valuation of the construct [55]. 
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Figure V-3: The MCI Workflow [56] 

The MCI is mainly focused on the following features (see also Figure V-3): 

• Mass of virgin content in development. 

• Mass of waste that is ascribed as unrecoverable after the operation. 

• The utility factor 𝑋 with the item's lifespan/ functional value.  

These features are mainly utilized to calculate the Linear Flow Index and the Material 

Circularity Indicator (𝑀𝐶𝐼𝑝). 

For the determination of 𝑀𝐶𝐼, a differentiation between a fully linear product and a 

complete 100% circular product should be considered.  From a single product 

perspective, it is considered a linear product when 100% of the virgin feedstock goes 

to the landfill. Furthermore, it is considered as a circular product when 100% non-

virgin feedstock is utilized. All cumulative effects may be derived from this 

differentiation as an inference, which are the two extremes of MCI within a spectrum 

[0, 1], from 0% (linear) and 100% (circular). 

In order to evaluate 𝑀𝐶𝐼𝑝, various materials as part of the final product, are required 

to be evaluated using comprehensive information of parts and specifications in a 

product. Thus, it is critical that the bill of material is a complete and fully accurate 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

V.Thermal Energy Storage in Circular Economy 

 

   233 

 

material breakup. The 𝑀𝐶𝐼𝑝 is established first by analyzing the input and output of 

the material and then by analyzing the utility factor of the product. 

The amounts 'linear flow index' and 'material circularity measure' are successively 

explored in evaluating the products input, material performance, and utility factor. 

a. Determination of the material input 

As previously stated, there was a difference between virgin (raw material) or non-

virgin (reused, revamped, repaired or rehabilitated) material production. All materials 

that are a part of a product may be applied to a production process, by Virgin 

Feedstock, Non-Virgin Feedstock, Fraction Recycled materials, and Fraction 

Remanufactured materials. A product is then produced with a variety of parts: 

subassemblies, sections and/or materials. A Bill of material can define all materials 

centered on the scale of specifics. The Material Circularity Indicator can summarize 

all materials input predicated on all subassemblies, elements, and/or materials (𝑥). 

The virgin materials feedstock is presented for every assembly, portion and/or 

material (𝑥): 

𝑉(𝑥) = 𝑀(𝑥)(1 − 𝑁𝑉𝑅𝐶(𝑥)) Eq. V-6 

Where 𝑉(𝑥) is a portion of virgin feedstock for each manufacturing process, 𝑀(𝑥) is 

the whole assembly mass, 𝑁𝑉𝑅𝐶(𝑥) is the feedstock component for each assembly 

from the non-virgin material. 

The quantity of all distinct subsystems, materials or raw materials are the overall 

virgin component for a product (𝑉): 

𝑉 = ∑ 𝑉(𝑥)

𝑥

 Eq. V-7 

If the Virgin Feedstock is equivalent to zero, the entire intake comes from a material 

that has a full circular input. 

b. material performance evaluation 

The material output is the target after the lifetime of the product. Again, the products 

reusable portion is the maximum amount of resources which are found for a second, 

a third or at least a next life without distinguishing between the reused, renovated, 

remanufactured and recycled item. The other alternative is to use it to produce energy 

or to detect when it is unable to consider taking the next lifespan. 

A differentiation between the reusable percentage and the waste should be taken in 

this situation. The recovery of resources and/or deposition is then known as waste, 
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and the other proportion is seen to be reusable. The waste (𝑊) in an incinerator 

(energy recovery) or goes to the landfill can be expressed as: 

𝑊 = 𝑊𝑂 +
𝑊𝐶 + 𝑊𝐹

2
 

Eq. V-8 

Where 𝑊𝑂 is the unrecoverable waster amount, 𝑊𝐶 waste generated to produce 

recycled content, and 𝑊𝐹 is the waste generated during the recycling process. When 

the waste (𝑊) is equivalent to 0, then it offers all materials a subsequent existence 

(second or subsequent existence), implying a circular output. 

c. The material utility factor 

The utility of a product is related to the materials and the product's lifetime. The period 

of the product's use phase (𝐿𝑃) is the lifespan of a product. The period aspect reflects 

any decline (or increase) in waste streams for products that have a prolonged (or 

shorter) life cycle than certain products from various manufacturers over a given 

number of years. If a product's lifespan is doubled, waste is generated, and the virgin 

materials used every year are cut in half. The secondary element is the (𝐿𝑠𝑦𝑠) which 

is linked to the industrial lifespan of an industrial product. The determination of the 𝑋 

utility can be done as: 

𝑋 =
𝐿𝑃

𝐿𝑠𝑦𝑠

 Eq. V-9 

This means that if a product's lifetime (𝐿𝑃) is extended, a beneficial effect can be 

reflected in the utility. It is necessary to bring the product into perspective and to be 

part of a system that is either intensively or insufficiently utilized in the event of 

request adjustments (end of the deal or 'only' shifting requirements), and the ties to 

other products. A substance produced for excessive lives (utility 𝑋 is significant), 

which ends up as energy rehabilitation or landfill, is not a circular but instead a gradual 

linear operation. There seems to be a debate between environmentally-efficiency and 

eco-effectiveness. Consequently, eco-efficiency, which reduces the need for 

resources, has a constructive significance for this highlighted scenario, in comparison 

with eco-efficiency, which has a negative connotation (to do good instead of less). 

The aim of eco-effectiveness is not to reduce the flow of material from cradle to grave, 

but to create cradle-to-cradle metabolisms that allow materials to sustain its role as a 

resource. The connection between economy and ecology is, therefore strengthened 

in a positive way. This tool could include either eco-efficient or eco-effective 

collectively with productivity, based on the prerequisites. Presumption of the highest 

longevity in good materials is the best option. 
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d. The linear flow index 

The Linear Flow Index (𝐿𝐹𝐼) stands for the portion of materials that have a linear flow 

where 100% of the virgin stock feed goes to the landfill or energy recovery units at 

the end of the material lifetime, and it can be expressed as follows: 

𝐿𝐹𝐼 =
(𝑉 + 𝑊)

2𝑀(𝑥) +
𝑊𝐹 − 𝑊𝐶

2

 Eq. V-10 

If all the products are reused, remanufactured and/or recycled, the 𝐿𝐹𝐼 is in the 

reverse direction, and the entire path is circular. 

e. Determination of the material circularity indicator 

By evaluating the input, value and performance, the material circularity measure of a 

material can now be calculated. The MCI is established for a product: 

𝑀𝐶𝐼𝑃
∗ = 1 − 𝐿𝐹𝐼 · 𝐹(𝑋) Eq. V-11 

Where, 𝐿𝐹𝐼𝑃 is the Linear Flow Index (from the Virgin Feedstock and Waste), 𝐹(𝑋) is 

the function of the utility factor 𝑋. 

Where:  𝐹(𝑋) =
𝑎

𝑋
 with 𝑎 is a constant Eq. V-12 

Ellen MacArthur Foundation [41] established 𝑎 = 0.9. Accordingly, the usefulness of 

a product (e.g. through longer use) affects the MCI as it does reuse of materials 

which, in an amount of time (eco-efficiency), result to an equal amount of reduced 

virgin material use and waste not retrieved. 

V.2.2.4 Development of the Environmental Sustainability and Circularity 

Assessment Indicator 

The final phase is the interpretation of sustainability through combining their overall 

circularity and environmental impact. The circularity of the product is not taken into 

account in the LCA structure, and the MCI quantification structure does not take into 

account the ecological consequences of the respective manufacturing process. As 

already stated, efforts to increase the circularity of product may ultimately have 

negative environmental impacts; and efforts to mitigate the ecological consequences 

of the developed product may, then, theoretically contribute to a decline in circularity. 

Therefore, an index indicator is normalized and aggregated effects of the LCA as its 

base value (𝐿𝐶𝐴𝑇) at the power of the value (1-𝑀𝐶𝐼𝑝). Below you can find the equation 

defining the index [56]: 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

V.Thermal Energy Storage in Circular Economy 

 

   236 

 

𝐸𝑆𝐶𝑖 =
1

𝐿𝐶𝐴𝑇
(1−𝑀𝐶𝐼𝑝)

× 100 Eq. V-13 

The Environmental effects of the analyzed product and its material index must be 

measured in order to measure the Environmental Sustainability and Circularity 

Indicator as defined over the last sections. Consequently, in terms of sustainable 

development and circularity, this technique can be used to grade the alternative 

options of a certain product. The 𝐸𝑆𝐶 is various from 0% to 100% where the higher 

𝐸𝑆𝐶 value, the better it is contrasted with the lower-ranking indicators. An important 

factor of the 𝐸𝑆𝐶 is that it follows the same system borders for either type of 

evaluation, environmental sustainability and circularity. It is an essential factor that 

requires the results of all tests to be combined into a single metric. 

V.2.3 Development of scenarios 

Following the SCDS approach for assessing the product technologies circularity 

based on using the MFA/LCA in the first phase and the CE in the second phase, three 

future scenarios were proposed and compared to the current product circularity 

situation (baseline scenario) to complete the SCDS approach. These scenarios can 

highlight the possible improvement potential in the WMS, including increasing the 

recycling and reuse rates in order to create new treatment pathways. It is important 

to keep in mind that the developed scenarios are ordered based on the level of 

required changes where the third scenario would introduce radical changes in the 

WMS, whereas other scenarios can present changes which can be attained in the 

near future. 

V.2.3.1 Increase recycle rates scenario (Modest Scenario) 

Due to the current low circularity for the TES materials, an option to increase recycling 

is proposed as an initiation to support the sustainable deployment for TES 

technologies in the near future. In the scenario, all materials entered the closed-loop 

recycling pathways where the recycling rates of the most relative environmental 

impact materials in TES technologies is increased by 70% following the EU 2030 

target for waste management [57]. 

V.2.3.2 Increase low impact material usage (Medium Scenario) 

In the reuse increment rates scenario, we would propose the EU 2030 targets of 

increasing the reuse rates of relative materials by 30%. This scenario can contribute 

to the reduction in TES raw materials extraction and subsequently increase its 

circularity. The selection of the reuse construction materials and their relative reuse 

efficiency is shown in the case study section. 
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V.2.3.3 Optimistic scenario 

In the third scenario, we propose a combination of the two previous scenarios where 

the recycling rates are increased by 70% in parallel with reuse concept to contribute 

toward the EU 2030 targets. This scenario preserves an ambitious scenario where 

radical changes in climate change and human toxicity impacts can be reached by 

improving the current WMS situation. 

V.3 SCSD application — TES cases studies 

This paper demonstrates the developed approach by an application to high 

temperature TES technology. This TES have been engaged from the literature; this 

case has been built in a pilot plant scale following Abengoa Solar [58]. The functional 

unit for both the LCA and circularity assessment will be carried out per kWh of storage 

material. The proposed TES technologies used NaNO3 and KNO3 based molten salts 

to store sensible heat in the system [11]. 

V.3.1 Liquid media system description 

Abengoa Solar developed a demonstration project using TES based on molten salt 

as liquid media storage [58] in Seville (Spain) as shown In Figure V-2. This project is 

proposed as an upgrade in their conventional parabolic trough commercial plants. 

 

Figure V-4: A molten salt TES pilot plant located in Seville (Spain) [58] 

 

The proposed Abengoa Solar TES consists of two molten salt storage tanks. The first 

storage (Hot Tank) holds the salt at a high temperature up to 388oC, whereas the 

other storage (Cold Tank), holds the salt at a low temperature of 288oC. Both tanks 

are identical in dimension and shape identical to avoid complexity. These tanks have 

a cylindrical shape with a diameter of 22.4 m and a height of 11 m. The volume of 

each tank is around 4335 m3 as it needed to store 5500 tons of molten salt in order 

to store 600 MWhth. 
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As shown in Figure V-3, the molten salt storage tanks are constructed into different 

layers. For the lateral walls (inside out): A stainless steel flexible protective liner is 

used, next is insulating firebricks’ layer, a carbon steel made tank shell, an insulating 

layer of ceramic fiber, exterior insulation of ceramic fiber, and an aluminum sheet. 

The tank's bottom also has different layers, a stainless steel flexible protective liner, 

a layer of insulating firebricks, carbon steel tank shell, fine sand, insulating firebricks, 

foamglas®, reinforced concrete with a water-based cooling system, poor concrete, 

and foundation piles. The tank roof is also made up of different materials: a stainless 

steel flexible protective liner, ceramic fiber insulation, ellipsoid-shaped carbon steel 

sheet, and ceramic insulating material. The main characteristics of these storage 

tanks are shown in Table V-1. 

 

Figure V-5: A cross-section for the molten salts storage tank where:(a) roof & (b) 

construction base [58] 

 

Several equipments are required in the TES where each molten salt tank is connected 

to an electric pump in addition to water cooling and heating systems. The temperature 

of the concrete base is maintained below 100ºC through the water-cooling system. 

While the salt solidification is prevented through the heating system. Furthermore, 

molten salts pumps are installed to transfer the salts between the hot and cold tanks. 
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Table V-1: The molten salt storage tanks characteristics [21] 

 Units Value 

Diameter m 22.4 

Height m 11 

Storage unit volume m3 4335 

Weight of steel t 279 

Lantern material insulation thickness mm 125 

Roof insulating thickness mm 125 

Foamglas® thickness mm 40 

Number of brick foundation - 2 

Number of brick vessel - 1 

Number of brick bottom - 5 

 

V.3.2 LCA and CE input data 

The proposed methodology's application is illustrated through the molten salt TES 

where its material inventory is shown in Table V-2. Based on the proposed approach, 

the LCA includes the production, utilization, recycling, and landfill process, for all 

resource and energy inputs and outputs of a TES over its lifetime. The LCA data were 

retrieved from the Ecoinvent 3.7 database [59]. This database comprises the 

production, recycling and disposal stages of the proposed TES based on the ReCiPe 

2016 methodology. 

Table V-2: Material inventory during the manufacturing phase in the liquid media 

system [60]. 

Component Units Material Used 

KNO3 kg 3,300,000 

NaNO3 kg 2,200,000 

Concrete m3 551.71 

Poor Concrete m3 236.45 

Sheet metal m2 3360.95 

Firebricks kg 1,271,756.92 

Carbon steel kg 554,052.81 

Ceramic fibre kg 10419.79 

Aluminum sheet m2 1548.18 

Sand kg 417,726.27 

Foamglas kg 4256.08 

 

A summary for the total normalized damage categories of the TES comprising three 

main stages: (i) material market, (ii) recycled waste market and (iii) disposal waste 

market is shown in Table V-3 where no data is found regarding the recycling of 

molten salt as well as firebricks, ceramic fibre, sand and foamglas. Moreover, the 
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CE of molten salt storage is estimated based on counting for the recycling and reuse 

rates in addition to their relative efficiency. Following Boer et al.[33], the value of 

recycled content and their relative efficiency in the molten salt storage varies 

between different materials inventory. On the other hand, with the lag of data 

regarding the reuse concept in the molten salt material inventory, we excluded from 

reuse from the initial scenario calculations.  

Table V-4 shows a summary for the recycling rates of the TES material inventory 

which are extracted from CES Selector 2018 [61] whereas their relative efficiency is 

following the estimated values in Verberne work [55]. 

Table V-3: Total environmental life cycle impact at different life stages for molten 

salt TES represented in ReCiPe points (Pt) per characteristic dimension [59] 

  Material stage 

Component Unit 
Material 

market 

Recycled 

waste market 

Waste final 

disposal 

KNO3 (Pt./kg) 0.38 - 0.0025 

NaNO3 (Pt./kg) 0.73 - 0.0025 

Concrete (Pt./m3) 47.49 1.71 2.99 

Poor 

Concrete 
(Pt./m3) 43.00 1.71 2.99 

Sheet metal (Pt./m2) 0.36 0.01 0.001 

Firebricks (Pt./kg) 0.15 - 0.06 

Carbon steel (Pt./kg) 0.14 0.01 0.001 

Ceramic fibre (Pt./kg) 0.08 - 0.03 

Aluminum 

sheet 
(Pt./m2) 0.62 0.02 0.01 

Sand (Pt./kg) 0.01 - 0.001 

Foamglas (Pt./kg) 0.45 - 0.01 

 

 

Table V-4: The current recycling rates and their relative efficiency of the molten 

salt TES material inventory 

Component 
Recycling rate in current supply 

(%) [61] 

Recycling efficiency (%) 

[55] 

KNO3 - - 

NaNO3 - - 

Concrete 13% 90% 

Poor Concrete 13% 90% 

Sheet metal 39.9% 77.8% 
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Firebricks - - 

Carbon steel 39.9% 77.8% 

Ceramic fibre 16.5% 77.8% 

Aluminum 

sheet 
52.3% 77.8% 

Sand - - 

Foamglas - - 

V.4 Results and discussion 

V.4.1 Life Cycle Inventory 

The life cycle inventory of the studied liquid (molten salts) thermal storage media per 

three damage categories (i) ecosystem quality, (ii) Human health, and (iii) natural 

resources, is detailed in Figure V-5. Furthermore, Table V-5 lists the calculated total 

environmental impact of the three material stages, including material market, recycled 

waste market, and waste final disposal in point per kilowatt-hour (Pt./kWh). As shown 

in Figure V-5 and Table V-5, the material market contributes to the highest portion of 

the total impact per whole life cycle of the system studied (5.27 Pt./kWh out of 5.53 

Pt./kWh, accounting for 95% of the total environmental impact). According to the 

overall endpoint results, as indicated in Table V-5, the human health impacts receive 

greater consideration than natural resources and ecological impacts (59%). 

Table V-5: Total impact of TES per material and lifecycle stage based on ReCiPe 

2016 in Pt./kWh 

 
Ecosystem 

quality 

Human 

health 
Resources 

Total per 

lifecycle stage 

Material market 1.11 3.11 1.04 5.27 

Recycled waste 

market 
0.05 0.03 0.01 0.09 

Waste final 

disposal 
0.05 0.09 0.03 0.18 

Total per material 

stage 
1.21 3.24 1.09 5.53 

 

As shown in Figure V-5, the storage material which is a mix of two molten salts 

(NaNO3 and KNO3), represents the highest impact on all three separate areas of 

damage as of human health, the environment, and risk to the natural resources, 

accounting for 83%, 89%, and 82% of the total impact, respectively. In general, 86% 

of the total impact is generated by the storage material, followed by firebricks and 

carbon steel accounting for 8% and 2% of the overall impact, respectively. The impact 

received from all other materials is less than 4%, being most of them insignificant. 

These differences in the impact between the salts and other materials of the system 
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are due to the high amount of storage material used (5500 ton). This observation 

implies that the main way to reduce overall impact would be to find more 

environmentally friendly materials to be substituted with these storage materials. 

Figure V-6 also depicts that firebrick and aluminum sheets are the main contributors 

to the environmental impacts coming from waste final disposal and recycled waste 

market, respectively. These are related to the high mass of firebrick used (1272 ton) 

with its high disposal rate while the aluminum exhibits higher recyclability, and thus 

representing higher environmental impact originated from its recycled waste market. 

 
Figure V-6: The complete LCA for the TES with a capacity of 600 MWh. It includes 

the three damage categories:(a) ecosystem quality, (b) Human heath, and (c) 

Resources normalized to the storage capacity 
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Figure V-7 illustrates the LCA breakdown for all material stages including different 

damage category where the panel (a, d, and g) are depicted for the material market 

stage, while the recycle waste market stage is shown in panel (b, e, and h) and the 

waste final disposal is shown in panel (c, f, and i). As described in Section 3.2, the 

required inputs for quantifying the recycling of molten salts, firebricks, sand, and 

foamglas were not available, and therefore, there is no evaluation reported for their 

recycled waste market. Concerning the damage of different materials stages on the 

eight ecosystem quality categories considered in this study (panels a, b, and c), the 

natural land transformation and the climate change-ecosystems are affected more 

than the rest of the LCA impact categories. 

 

Figure V-7: LCA breakdown for the three material stages including the material 

market, the recycle waste market and the waste final disposal 

 

Among different impact categories in human health damage area (Figure V-7- panels 

d, e, and f), human toxicity and climate change-human are the main affected ones. In 

case of damages on the resources (Figure V-7- panels g, h, and I), the material 
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impact on endpoint categories varies for each material, however, the fossil depletion 

is dominant for the material market as well as, namely, the end of life (disposal and 

recycling).  

According to Table V-5, there is a substantial contribution from the molten salts 

affecting the human health damage area (52% of the overall LCA scores). This 

implies that human toxicity (i.e. emissions to soil, water, and air of substances that 

harm human health) and climate change-human health (i.e. emissions of greenhouse 

gases that cause an increase in temperature of the lower atmospheric layers with 

impact on human health) should be considered as the main two impact categories 

affected by molten salts TES systems. 

V.4.2 𝑴𝑪𝑰/𝑬𝑺𝑪 assessment 

Figure V-8 shows the TES materials Sustainable Circular System Design (SCSD) 

indicators, including the product Material Circularity Index (𝑀𝐶𝐼) and the 

Environmental Sustainability and Circularity indicator (ESC). Again, since no data 

was available on the recycling of molten salts (NaNO3 and KNO3), foamglas, sand, 

and firebrick, there are no data reported in panel (a) of Figure V-8. The level of 𝑀𝐶𝐼, 

ranging from 0% for the fully linear product to 100% for a fully circular product, which 

expresses the amount to which virgin feedstock is minimized as contrasted to a 

similar industrially average product [55]. The higher value of 𝑀𝐶𝐼, the higher level of 

circularity potential of the end-product is. Generally speaking, as shown in panel (a) 

of Figure V-8, currently the circularity of the TES materials is low (less than 50%). 

Among materials, metallic elements including aluminum sheet, stainless steel (sheet 

metal), and carbon steel, exhibit higher 𝑀𝐶𝐼 than those reported for non-metallic 

materials. This is as to be expected since metallic materials are more favorable for 

recycling. 

The value of 𝐸𝑆𝐶 serves as an indicator to evaluate the integration of combined 

circularity (using 𝑀𝐶𝐼) and environmental sustainability (i.e. LCA scores) under a 

closed-loop product system perspective. As depicted in panel (b) of Figure V-8, the 

stainless steel (metal sheets), ceramic fiber, and aluminum sheets exhibit the top 

three highest ESCs (1.21%, 0.42%, and 0.26% respectively), representing the most 

environmentally sustainable and circular materials among all investigated ones. This 

is due to the low environmental impacts in the case of stainless steel and ceramic 

fiber, and relatively high 𝑀𝐶𝐼 for the case of aluminum sheets. 
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Figure V-8: The TES material SDSC indicators where (a) the material inventory 

circularity indicator (𝑀𝐶𝐼) and (b) the combined environmental impact and 

circularity indicator (𝐸𝑆𝐶) 

 

V.4.3 The EU 2030 waste management scenarios analysis 

V.4.3.1 Increase recycle rates scenario (Modest Scenario) 

Figure V-9 shows the effect of increasing recycling rates by 70% on the SDCS 

indicators (e.g. 𝑀𝐶𝐼 and 𝐸𝑆𝐶) of the investigated TES materials, following the EU 
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2030 target for waste management [57]. In this figure, those materials with missing 

data are the items with no data available on their circularity potential. 

Increasing the recycling rate enhances the component circularity. As illustrated in 

Figure V-9 (panel a), the TES system modeled in this study exhibits a Material 

Circularity Index of 20.6% at the current situation, which can be escalated to 30.3% 

when the measures proposed by Modest Scenario are implemented. Aluminum 

sheets, carbon steel, and stainless steel (sheet metal) are the materials with the 

highest circularity. The reason behind this is that, as previously noted, aluminum -and 

metals in general- have high recycling potential as they can be recycled with very low 

loss of quality along with high energy saving in comparing to the primary production 

(for example, for recycling aluminum, only 5 percent of the energy needed for primary 

production is needed). 

Concerning Environmental Sustainability and Circularity assessment indicator (ESC), 

the current situation represents the ESC of 0.23% while Scenario S1 suggests 

reaching 1.20% (Figure V-9 panel b). An increase in the recycling rates not only 

improves the circularity of the system but also decreases the total environmental 

impacts through reducing material disposal. Consequently, according to Equation 13, 

the 𝐸𝑆𝐶 is improved for each material, and thus the overall 𝐸𝑆𝐶 increases 

accordingly. 

 

Figure V-9: The effect of increasing recycling rates by 70% on SDCS indicators 

where (a) 𝑀𝐶𝐼 indicator and (b) 𝐸𝑆𝐶 indicator 

V.4.3.2 Increase reuse rate scenario (Medium Scenario) 

Figure V-10 depicts the effect of increasing the reuse rates by 30% in the Medium 

Scenario, following the EU 2030 target for waste management, on the SDCS 
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indicators. Increasing the reuse rates of components and materials would increase 

the circularity of the system. As shown in Figure V-9 (panel a), the MCI of all materials 

as well as the overall system MCI of the Medium Scenario, are increased to a larger 

extent than the Modest Scenario, showing a higher circulatory improvement. 

Moreover, comparing panels (b) of Figure V-9 and Figure V-10, it can be seen that 

the composite indicator of Environmental Sustainability and Circularity (ESC) is 

higher in the case of Medium Scenario. In other words, the introduction of fewer virgin 

materials into the production system (by increasing reuse rate, as in the Medium 

Scenario) can be more effective than decreasing disposal waste (by increasing 

recycling, as in Modest Scenario) from both the circularity point of view as well as the 

overall environmental impacts, accordingly, resulting to a more environmentally 

sustainable and circular outcome (i.e. 𝐸𝑆𝐶) in the Medium Scenario. 

 

Figure V-10: The effect of increasing reuse rates by 30% on SDCS indicators 

where (a) 𝑀𝐶𝐼 indicator and (b) 𝐸𝑆𝐶 indicator 

V.4.3.3 Increase recycle/reuse rates scenario (Optimistic scenario) 

Figure V-11 depicts the effect of increasing simultaneously the recycling rates by 70% 

(i.e., Modest scenario) and the reuse rates by 30% (i.e., Medium scenario) on the 

SDCS indicators. As expected and is also shown in Figure V-11, a higher 𝑀𝐶𝐼 can 

be reached in this scenario rather than Modest and Medium scenarios. Moreover, the 

changes to be applied to the current waste management systems (WMS) and the 

circular flow of the materials, leads to a noticeable increase in 𝐸𝑆𝐶, by 30 times 

compared to the current situation. Thus, Optimistic scenario represents the most 

environmentally sustainable and circular scenario among all the investigated ones. 

However, this scenario should be considered as an optimistic case since the 

implementation of this scenario requires applying radical changes to the current 

waste management system.  
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Figure V-11: The effect of increasing recycle/reuse rates by 70% & 30% on SDCS 

indicators where (a) 𝑀𝐶𝐼 indicator and (b) 𝐸𝑆𝐶 indicator 

V.5 Conclusion 

Conceptually the circular economy (CE) suggests that environmental pressures are 

closely related to material use, and to reduce the environmental pressures, it is 

required to circulate and use efficiently the materials in the system life cycle. 

However, it is a proven fact that CE activities do not necessarily contribute to 

decreased environmental pressures. Therefore, there is a need to consider a 

methodology that includes the key environmental flows to assess the contribution of 

CE to environmental sustainability. 

In this paper, an extensive and organized strategy for the plan of frameworks that 

grasps the features of CE, while decreasing the ecological effects of TES systems, 

was developed. In so doing, an indicator that is defined as a relationship between the 

aggregated environmental impacts of the “cradle-to-grave” life cycle stage of TES 

and their product level Material Circularity Index, was utilized. To test the proposed 

methodology, three scenarios have been analyzed: (Modest scenario) increasing 

recycling rates by 70%; (Medium Scenario) increasing the reuse rates by  30%; and 

(Optimistic scenario) a combination of both scenarios Modest and Medium scenarios.  

The circularity analysis showed that by increasing the recycling at the end of life 

(Modest scenario), increasing reuse rate leading to less use of virgin materials 

(Medium Scenario), and a combination of both (Optimistic scenario), the Material 

Circularity Index (𝑀𝐶𝐼) moves from 20.6% for the current situation to 30.3%, 38.6%, 

and 46.4%, respectively. The results reveal that improving circularity generally 

reduces environmental impacts from the current situation by 15%, 18%, and 23% for 

Modest, Medium, and Optimistic scenarios, respectively. 

The findings showed that the optimistic scenario represents the most environmentally 

sustainable and circular alternative with the 𝐸𝑆𝐶 of 7.89%, where Modest and 

Medium scenarios exhibit 𝐸𝑆𝐶 of 1.20% and 2.16%, respectively. For this specific 
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case study, these 𝐸𝑆𝐶 results emphasize that achieving a CE goes beyond increasing 

reuse and recycling, particularly considering that to implement the most optimistic 

scenario, it is required to introduce radical changes in the waste management system. 

Major obstacles for a substantial increase of 𝐸𝑆𝐶 is the extremely high share of 

noncircular materials, here the molten salts, accounting for 86% of overall LCA 

scores. Therefore, any effort to improve the circulatory and the environmental 

benefits of this TES system should be reached by using more environmentally friendly 

materials for storage material or attempt to enhance the circularity of the molten salt. 

As a general concluding remark, the joint interpretation of 𝑀𝐶𝐼 and LCA scores 

carried out using 𝐸𝑆𝐶 indicator can provide a more appropriate ranking factor than 

evaluating environmental impacts and the level of circulatory of the products 

individually. This work also suggests that the integration of reusing and recycling at 

the initial design should be considered in order to achieve a more environmentally 

sustainable and circular result. 
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V.7 Nomenclature 
 

𝐶𝑅 
Fraction of mass of a product being collected to go to a 

recycling process 

𝐶𝑈 Fraction of mass of a product going to component reuse 

𝐷𝐴𝑀𝑑 Indicator result for damage category d 

𝐸𝑐 
Efficiency of the recycling process used for the portion of 

product collected for recycling 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

V.Thermal Energy Storage in Circular Economy 

 

   250 

 

𝐸𝑓 
Efficiency of the recycling process used to produce 

recycled feedstock for a product 

𝐹𝑅 
Fraction of mass of a product's feedstock from recycled 

resources 

𝐹𝑈 
Fraction of mass of a product's feedstock from reused 

resources 

𝐹(𝑋) Utility factor built as a function of the utility factor X 

𝐿 Actual average lifetime of a product 

𝐿𝑎𝑣 
Actual average lifetime of an industry average product of 

the same type 

𝐿𝐶𝐴𝑇 Normalized and Weighted Results of the LCA 

𝐿𝐹𝐼 Linear Flow Index 

𝐿𝑝 Lifespan of a product 

𝐿𝑠𝑦𝑠 lifespan of an industrial product 

𝑀𝐶𝐼 Material Circularity Indicator 

𝑀𝐶𝐼𝑝 Product Level Material Circularity Index 

𝑀𝐶𝐼𝑝
∗ Material Circularity Indicator for a product 

𝑀(𝑥) Total Mass of the product 𝑥 

𝑃𝐶𝐼 Product Circularity Indicator 

𝑅𝐶𝑃 ReCiPe 2016 aggregated impact factor (Pt/MWh) 

𝑈 
Actual average number of functional units achieved 

during the use phase of a product 

𝑈𝑎𝑣 

Actual average number of functional units achieved 

during the use phase of an industry average product of 

the same type 

𝑊𝑐 Waste generated to produce recycled content (kg) 

𝑊 Waste generated during the recycling process (kg) 

𝑊𝐹 Waste generated during the recycling process (kg) 

𝑊𝑜 Unrecoverable waster amount (kg) 

𝑉 Overall virgin component for a product 

𝑉(𝑥) Virgin feedstock for the product 𝑥 

𝑋𝑖 Product Utility for product 𝑖 
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Greek symbols  

𝛿𝑑 Normalization factor for damage category d 

𝜀𝑑 Weighting factor for damage category d 

Abbreviations  

CE Circular Economy 

CSP Concentrating solar power 

𝐸𝑆𝐶𝑖 Environmental Sustainability and Circularity Indicator 

𝐿𝐶𝐴 Life Cycle Assessment 

𝐿𝐶𝐼𝐴 Life Cycle Impact Assessment 

MFA Material Flow Analysis 

PCM Phase Change Materials 

SCSD Sustainable Circular System Design 

TES Thermal Energy Storage 

WMS Waste Management System 

Indices  

𝑑 damage category 

𝑖 elementary factor 
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VI.1  Introduction 

The world population is expected to consume 50% more energy by 2035 (compared 

to 1990) due to rapid growth in population, infrastructure, technology, and energy-

intensive systems. This aspect has a direct impact on building energy consumption 

[1]. In the European Union (EU), building sector alone accounts for approximately 

40% total energy consumption and 36% of the total CO2 emissions [2]. Consequently, 

a more sustainable and climate oriented efficient building stock is needed to achieve 

climate-neutral Europe's goals by 2050. Corporations in the infrastructure industry 

face an urgent need to change their traditional practices in terms of energy access 

and its use to reduce the energy needs of building stocks. International bodies set 

guidelines to follow the nearly/net-zero energy building (NZEB) route. The NZEB 

concept is vastly interpreted as the utilization of renewable energy to satisfy building 

energy need. Sustainable energy authority of Ireland defines NZEB as ‘a building that 

has a very high energy performance, and the nearly zero or very low amount of 
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energy required should be covered to a very significant extent by energy from 

renewable sources, including energy from renewable sources produced on-site or 

nearby’[3]. However, communities worldwide have not yet reached a consensus on 

the definition [4]. National Renewable Energy Laboratory of the United States has 

classified NZEB as a range of buildings, e.g., from a building that offsets all of its 

energy needs from renewable energy resources available on-site’ to a building that 

achieves an NZEB status through a combination of on-site renewables and off-site 

purchases of renewable energy credits [5]. The Energy Performance of Building 

Directive (EPBD) from the EU, requires all new buildings to be NZEB from 2021 and 

aims to achieve a highly decarbonized building stock by 2050 for existing and new 

buildings (Directives 2010/31/EU and 2018/844/UE) [6]. Driving forces for the rise of 

NZEBs have been explained in detail elsewhere [7], showing the social, economic 

and environmental benefits. To achieve this transition, centralized and decentralized 

renewable energy usage can contribute to push to net-zero energy buildings. 

Currently, Europe has 70% of the building stock needed by 2050 and improving the 

existing building stock's energy efficiency is an effective way to reduce energy 

demand [8], so this paper focuses on installable renewable energy solutions to satisfy 

the energy demand on building stock [9]. 

The transition of existing building blocks towards NZEB can be achieved by improving 

the building's energy efficiency, equipping the building block with renewable energy 

generation sources and connecting the building block with the district heating (DH) 

network. 4th generation district heating (4GDH) network is a promising concept to 

reduce high energy losses and installation and maintenance cost of previous 

generations district heating systems [10]. The high performance of 4GDH is attributed 

to its low-operation temperature (50–60°C). However, more research is required for 

broad implementation of 4GDH [11]. Use of renewable energy technology and DH 

networks can reduce the carbon footprint of the building block and, thus, building 

blocks with low carbon emission are called Low Carbon Buildings (LCB), building 

blocks with net-zero carbon emission called Net Zero Energy Building (NZEB). A 

plethora of research is available on the NZEB with different energy sources and 

different perspectives. While some of the researchers have used photovoltaics, solar 

thermal systems, geothermal systems [12], others have tried to measure the 

prospects of conventional smart energy systems and net metering [11]. While the 

research has been catching up to the target of carbon neutrality and NZEB concept 

[13], some researchers have also developed positive energy buildings (PEBs). PEB 

essentially means that the building or the building stock can satisfy its energy demand 

and be able to produce more energy to supply to the centralized district heating (DH) 

network (thermal energy) or the grid (electrical energy). Research in PEB is still in its 

nascent stage, and till now very few researchers have tried to make the transition 

from low carbon buildings to nearly zero energy buildings to positive energy buildings 

[14]. The concept of integrating smart energy systems to connect the building stock 

with grid and district heating network has also been studied [15] and the technical 
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feasibility of the building stock [16]. The smart energy system is a broader concept 

which suggests the load reduction on the electrical grid by connecting the demand to 

the respective energy networks (i.e., electricity demand to the electricity grid, heating 

demand to district heating networks, etc.). Smart energy system also incorporates 

the concept of net metering, thereby, addressing the component of direct financial 

benefit to the user for the implementation of such a system. The futuristic vision of 

high energy performance building stock can be achieved with smart energy system 

integration, especially in cold regions by connecting to 4GDH [17]. To implement 

EPBD regulations towards the NZEB transition, the Netherlands set the guidelines 

for achieving energy efficiency and the building's rating [6]. These indicators 

collectively form “EPC” (energy performance coefficient), which standardize the 

process of building energy efficiency rating [18]. 

Netherlands has a high potential for retrofit residential building stock and connects to 

renewable energy sources to reduce greenhouse gas emissions (GHG) [19]. 

Numerous efforts are being made to satisfy building energy consumption by 

renewable energy system installation (e.g., rooftop PV [20], geothermal heat pumps 

[21], solar-assisted heat pumps [22], passive heating and cooling [23]) Researchers 

have analyzed from the life cycle perspective [24] building integrated solutions with 

photovoltaics (PV) [25], increased renewable energy input with multiple systems [26], 

comprehensive solar energy solutions with PV and flat plate collectors [27] to satisfy 

the energy demand of the building and to assess the greenhouse gas emission. 

Extensive research has been done on case studies related to the application of 

photovoltaics [1], solar thermal applications [28] and technological design option for 

PV [29] in NZEBs and low carbon energy buildings. Given the environmental benefits 

associated with renewable energy utilization in buildings, a global rise has been 

observed in the area of NZEB and the low-carbon buildings (LCBs) application and 

research [4]. 

The availability of various green energy solutions has led to the adoption of different 

approaches by the researchers. In attempts to reach NZEB status, Dawood et al. [30] 

suggested a framework which includes the integration of energy simulation tools, 

national calculation methods and codes for low carbon buildings (LCB) and multi-

criteria decision making (MCDM) to support the building design process. However, 

this framework was specifically addressing the architects for retrofitting. To 

emphasize the impact of various key areas researchers have also used MCDM: for 

energy systems design optimization to encounter load uncertainty [31], for building 

design optimization methods [32], for assessment and ranking of renewable energy 

technology [33] to point out the key decision-makers. Hang et al.[34] has summed up 

the findings of major agencies and researchers to move from low carbon buildings to 

NZEB: (i) assessing the energy and GHG emissions; (ii) optimizing the on-site and 

off-site distribution of renewable energy; (iii) answering low carbon buildings (LCB) 
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potentials through high-performance energy end-use devices and occupants’ green 

behavior. 

Achieving NZEB or PEB status for a building requires optimization of numerous 

variables (e.g. selection of an optimal renewable energy technology [35], optimizing 

building energy design [36], optimizing the use of energy-efficient material). [37]. 

Classical and metaheuristic optimization methods are not able to effectively optimize 

a large number of variables simultaneously as require large computational resources. 

Optimizing a multivariate objective function is difficult for non-confluent variables with 

mathematical programming, and some researchers use machine learning  [38]. With 

the use of machine learning Rehman et al. [39] analyzed and optimized a building 

integrated photovoltaic panel, battery and use of electric vehicles in central European 

climatic condition, Han et al. [40] optimized the fault diagnosis of a building energy 

system, and Salah et al. [41] predicted the building energy performance to support 

deep energy retrofit. The use of machine learning by various researchers has been 

reviewed by Fathi et al. [42] in urban building energy performance forecasting, by 

Mishra [43] for structural health monitoring of heritage buildings, by Sun et al. [44] for 

building structural design and performance assessment, by Ayoub [45] to predict 

daylighting inside buildings and by Hong et al. [46] in the area of building life cycle. 

The use of machine learning in energy systems design, sizing and techno-economic 

analysis and environmental analysis to achieve NZEB targets is yet to be explored. 

We have used a machine learning approach based on artificial neural network (ANN) 

to optimize a multi-objective function that incorporating economic, environmental, and 

social variables. The robustness of these optimization approaches can be 

investigated with a global sensitivity analysis (GSA) against the uncertain 

parameters. GSA is an extensive tool to identify the major parameters causing 

uncertainty into an optimization model. Mavromtidis et al. [47] used GSA to determine 

the major causes of variation in economic and energy performance optimization of a 

distributed energy system. The use of GSA to provide the cushion against parameter 

uncertainty in energy system design is extensive [48]. Zhang et al have used GSA or 

key parameters identification of net-zero energy buildings for grid interaction 

optimization [49]. Hence, machine learning in conjugation with GSA is gaining 

popularity for energy systems optimization under uncertainty for NZEB. 

The available literature on NZEB unanimously recommends the integration of 

renewable energy into the building footprints. Therefore, we aim to achieve the PEB 

targets by retrofitting a building stock situated in North-East Netherlands (Emmen). 

We are trying to achieve PEB status following the 4GDH principles to satisfy the 

heating and adding a rooftop PV system to meet the building stock's electricity 

demand. In addition, we connected the model to the electricity grid and centralized 

DH network. 

Hence, this work's novelty lies in demonstrating the sustainable aspects for 

integrating 4GDH at various residential community sizes located in the Netherlands 
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to achieve NZEB targets. Additionally, this paper develops a MCDM framework based 

on optimal scenarios to support the selection of the most sustainable system design 

at various residential community size. This work suggests a roadmap for a transition 

from LCBs to PEBs with the integration of seasonal storage, heat pumps, PV, and 

smart energy systems. The structure of this article is as follows: section 2 shows a 

complete description of the 4GDH system and neighborhood demand. Section 3 

describes the sustainable criteria to evaluate the DH performance. The ANN model's 

mathematical description and its coupling with a multi-objective optimization 

framework are presented and discussed in section 4. The post-analysis of the optimal 

solutions, including the MCDM and GSA, is shown in Section 5. Section 6 offers the 

required results and discussion. Finally, the work summary and conclusion are shown 

in section 7. 

VI.2 System Description 

VI.2.1 Roof-mounted hybrid solar assisted district heating 

A typology of solar assisted district heating system (SDHS) combined with heat pump 

(HP) is designed for a residential neighbourhood in the Netherlands to supply-

demand loads of space heating (SH), domestic hot water (DHW) and electricity for 

the whole year as shown in Figure VI-1 schematically.  

Figure VI-1: Schematic of roof-mounted hybrid solar assisted district heating 

network 

This system primarily incorporates roof-mounted solar thermal collectors (ST) and 

photovoltaic panels (PV), a seasonal thermal storage tank (SST), a domestic hot 

water tank (DHWT), central water to water HP unit, and auxiliary heaters fueled by 

natural gas. From Figure VI-1. HP serves as a heat input source for both SST and 

DHWT. For this arrangement, heat collected via the ST is used to meet SH/DHW 

demand where the heat is transferred across the distribution network through heat 

exchangers using ‘Y’ valves. Contingent to operational mode, the heat produced by 

HP is either used for SH or DHW with potential to use it for SST heat charging. For 
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the winter season, the SST is used to satisfy SH demand, whereas short-term DHWT 

meets the daily DHW. It is noteworthy that the heat is supplied at low-temperature 

(50 °C) for space-heating, while the heat to DHW is supplied at higher-temperature 

(60 °C). Lastly, when solar collectors, HP and SST are not able to satisfy the heat 

load, the disparity is overcome via auxiliary heaters. On the other hand, the electricity 

demand comprising both the neighbour and SDHS electric equipment is covered by 

a combination of the on-grid roof-mounted PV panels and the electricity grid. 

An efficient control strategy is adopted to meet the residential neighbourhood heating 

demand maximizing the use of solar energy and minimizing the network heat losses. 

Four modes of operation are planned considering the temperature levels of SDHS, 

which are enabled via on-off control switches. At the start: 

1) In the first operational Mode or DHW operation mode, the heat obtained by 

ST is transported to the DHWT with the help of P1, P2 and P5 pumps through 

HE2. When the solar thermal energy is not enough to satisfy the demand in 

the DHW network, the auxiliary heater (AUX2) is enabled. During DHW mode, 

the HP unit does not operate. 

2) In the second mode, the SH gets initiated when a suitable level of 

temperature in DHWT (TDWT) is reached while the temperature of the collector 

(TCOL) is at a higher temperature than the bottom of the SST (TSST). In this 

mode of operation, P1, P2, P3 pumps are used to transfer heat to SST from 

ST via HE1. 

3) In third operation mode, a concurrent operation of DHW and SH circuits gets 

initiated when the criteria for the DHW and SH operations are met, and TSST 

> TDHWT. 

In the fourth mode of operation, HP operates if the solar thermal system fails to satisfy 

the heating demand. Thus, in this mode of operation, the HP is activated when the 

TCOL < TSST which, subsequently is less than the reference turn-on temperature of the 

heat pump (Tref). Under the HP operation mode, the heat generated is transported to 

either SST or DHWT depending on the demand. In this case, the uncovered heat 

demand is met by using the auxiliary heaters as well. In cooperation with thermal 

SDHS part, the on-grid PV panels are integrated to reduce the purchased electricity 

from the supply grid while covering both the neighbourhood electric demand and 

SDHS electric equipment. 

VI.2.2 TRNSYS simulation model 

To model and analyse the SDHD system behaviour, TRNSYS 18 [50] has been used. 

This software uses partial differential equations and input constraints as limits for 

mass and energy conservation with defined boundary conditions. Due to the intrinsic 

dynamic nature of the system, it offers a realistic simulation of hybrid SDHS. In order 

to reduce the computational cost, the hybrid SDHS model has been simulated for 

three benchmarking operational years. The solution is then inferred over the project 

lifetime, assuming that weather data and demand profiles are constant over the 

project lifetime (40 years). This approach is inspired by the simulation models built by 
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Guadalfajara et al. [51], Tulus et al. [52] and Abokersh et al. [17], incorporating the 

hybrid solar circuits and its control schemes. Depicts the information flow diagram in 

detail for individual components, as shown in Figure VI-2 (Type – inside TRNSYS 

GUI). 

 

Figure VI-2: Info flow map of the SDHS system simulated in TRNSYS 18 with 

components and their interconnections 

Each component has information boxes for component-specific parameters and 

input-output variables. We mainly have used following types: flat plate solar collectors 

(Type 1a) with an optical efficiency of 0.817, heat loss coefficient of 2.205 W/m2·K; 

PV panel (Type 190) with a module conversion efficiency of 0.186; water to the water 

heat pump (Type 927); sensible storage tanks (Type 4c) with heat loss coefficient of 

0.3125 W/m2·K for the DHWT, respectively; counterflow heat exchangers (Type 5b) 

with overall heat transfer coefficient of 3.931 kW/m2·K; and auxiliary heaters (Type 6) 

with an efficiency of 93%. The secondary model types are: single speed centrifugal 

pumps (Type 3b), inlet and outlet pipe ducts (Type 709), three-way valves (Type 

11 h), controlled flow diverters (Type 11f), tempering valves (Type 11b), soil 

temperature profile for the SST (Type 77), weather data processor (Type 15-3), time-

dependent forcing functions for the heating and DHW demand profiles (Type 9c), and 

controllers (Type 2b). 
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VI.2.3 Decentralized reference case (Base case) 

In this setup, the heating demand (SH&DHW) of each building in the residential 

neighbourhood is satisfied through an individual air source heat pump (PUHZ-

SW50VHA) with a Coefficient of performance equal 5 [18]. The heat pump 

compressor controller managed the required flow temperature based on the weather 

compensation routine and the zone setpoint (user adjusted). While the dwelling 

electric demand is met through the national grid. A schematic drawing for this 

decentralized system is shown in Figure VI-3. 

 

Figure VI-3: A schematic drawing for the decentralized air source heat connected 

to the supply grid to cover an individual house demand 

VI.2.4 The neighbourhood description and demand profiles 

The neighbourhood consists of 10 newly retrofitted houses located in Emmen, 

Netherlands [18]. The dwelling layout is shown in Figure VI-4, where each floor area 

is 60 m2, and the ceiling height is 3 m. 

 

Figure VI-4: General view for the Emmen dwelling 
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The considered dwelling has two external façades with a total area of 33.7 m2, 

oriented to the East and West, whereas the opaque part represents 19.6 m2. The 

outer walls of each dwelling are made of two primary walls which are made using 

hollow bricks coated with plaster and insulation layers. The interior partition walls, 

made of gypsum boards, are finished with light concrete. The floor is made of two 

surfaces; the main ground surface composed using layers of insulation material, 

concrete, and stones, whereas the inward surface of the ground floor is made of light 

concrete with gypsum boards. Moreover, the top roof surface composed of multiple 

layers of light concrete and plaster with insulation. 

The solar radiation in Emmen (Netherlands) varies from 23 kWh/m2 in December to 

155 kWh/m2 in August. In summer (May, Jun, July, August) the solar radiation is 

towards the upper range of solar irradiance range. The thermal demand of the 

neighborhood consists of an annual DHW demand (5.29 MWh/house) and an annual 

SH demand (4.14 MWh/house) which are covered by HP. Apart from the heat 

demand, the annual electricity demand (5.53 MWh/house) is currently supported by 

the electricity grid. The total energy demand and its monthly variation for the dwelling 

are plotted in Figure VI-5 alongside monthly solar radiation and average monthly 

ambient temperature. DHW and electricity demand is decreased in the months of 

winter due to reduced activities of occupants in these months while the space heating 

demand is significantly higher in winter due to low ambient temperatures and 

increased indoor occupant hours. Energy demand profiles (heat demand load for SH, 

DHW, and demand load for electricity) are provided as inputs variables for the time-

dependent simulations of entire cases. 

 

Figure VI-5: Monthly average energy demand profile, solar radiation profile and 

ambient temperature profile 

VI.3 SDHS sustainability assessment 

In the context of nZEB, the developed framework assesses proposed SHDS based 

on four main criteria including the energy performance based on established energy 
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efficiency indicators for the dwelling, the social indicator for direct and indirect benefits 

of society, alongside economic performance and environmental impact throughout 

the system lifespan. A framework for the SDHS sustainability assessment criteria is 

shown in Figure VI-6. 

 
Figure VI-6: SDHS sustainability assessment criteria 

 

VI.3.1 Energy indicators 

The SDHS energy performance is evaluated through a couple of indicators to 

evaluated both its thermal and electric renewable energy equipment. 

Firstly, the 𝑅𝐸𝐹𝑡ℎ  is the renewable energy fraction calculated for the on-site utilization 

of solar thermal energy for SH and DHW demand. It can be defined as a ratio between 

the total solar thermal energy used to the total thermal energy demand, as shown in 

Eq. VI-1 [55]. 

𝑅𝐸𝐹𝑡ℎ = 1 − (𝑅𝐻𝑃 + 𝑅𝑓𝑢𝑒𝑙) Eq. VI-1 

Where: 

𝑅𝐻𝑃  =
∫ 𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔

𝑡

0

𝑄𝑆𝐻 𝑙𝑜𝑎𝑑 + 𝑄𝐷𝐻𝑊 𝑙𝑜𝑎𝑑

 

 

Eq. VI-1.1 

𝑅𝑓𝑢𝑒𝑙 =
∫ 𝑄̇𝐴𝑈𝑋1

+ ∫ 𝑄̇𝐴𝑈𝑋2

𝑡

0

𝑡

0

𝑄𝑆𝐻 𝑙𝑜𝑎𝑑 + 𝑄𝐷𝐻𝑊 𝑙𝑜𝑎𝑑

 Eq. VI-1.2 

Where 𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔 is the energy supplied by the heat pump. While the 𝑄̇𝐴𝑈𝑋1
 and 𝑄̇𝐴𝑈𝑋2

 

are the energy provided by the auxiliary heaters to cover the SH load (𝑄𝑆𝐻 𝑙𝑜𝑎𝑑) and 

DHW load (𝑄𝐷𝐻𝑊 𝑙𝑜𝑎𝑑) under the condition of insufficient solar energy. 
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In addition, solar electric energy is evaluated through the 𝑅𝐸𝐹𝑒𝑙𝑒𝑐 which represent the 

energy fraction calculated for the on-site utilization of renewable electrical energy to 

satisfy the electricity demand of the neighbourhood, and It is calculated as following: 

𝑅𝐸𝐹𝑒𝑙𝑒𝑐 =
∫ 𝐸𝐶𝑅𝐸

𝑡

0

𝑄𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 𝑙𝑜𝑎𝑑

 Eq. VI-2 

Where 𝐸𝐶𝑅𝐸 is the generated electricity by the PV array, and 𝑄𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 𝑙𝑜𝑎𝑑 is the total 

electricity demand. 

Besides evaluating the SDHS performance, it is important to assess the effect of the 

proposed SDHS to enhance the building energy performance to achieve a nearly zero 

energy consumption at both scales: individual buildings and community. In this 

context, Energy Performance Indicators (EPI) present an estimation for the energy 

performance of the building. This index is widely used in the Netherlands as ‘Dutch 

energy label for dwellings’ [19], and it is calculated as: 

𝐸𝑃𝐼 =
𝑄𝑡𝑜𝑡𝑎𝑙

155𝐴𝑓𝑙𝑜𝑜𝑟 + 106𝐴𝑙𝑜𝑠𝑠 + 9560
 Eq. VI-3 

 

Where: 𝑄𝑡𝑜𝑡𝑎𝑙 = 𝑄𝑆𝐻 𝑙𝑜𝑎𝑑 + 𝑄𝐷𝐻𝑊 𝑙𝑜𝑎𝑑 + 𝑄𝐴𝑈𝑋 + 𝑄𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 𝑙𝑜𝑎𝑑 − ∫ 𝐸𝐶𝑅𝐸
𝑡

0
−

∫ 𝐸𝐺𝑆
𝑡

0
 

Eq. VI-3.1 

where 𝑄𝑡𝑜𝑡𝑎𝑙 is the total energy consumption in the building, whereas 𝐸𝐺𝑆 is the 

generated thermal energy cover by the solar thermal energy system. The values 

obtained from Eq. VI-3 are categorized corresponding to Dutch energy labels, as 

shown in Table VI-1, where the lowest Value of EPI indicates the highest building 

energy efficiency. 

Table VI-1: Dutch energy labelling for building’s energy performance 

EPI 

A++ A+ A B C D E F G 

<0.50 
0.51 – 

0.70 

0.71 -

1.05 

1.06 - 

1.30 

1.31 – 

1.60 

1.61 – 

2.00 

2.01- 

2.40 

2.40 – 

2.90 
>2.90 

 

VI.3.2 Economic indicators 

The net present cost (𝑁𝑃𝐶) assess the life cycle cost (LCC) to evaluate the SDHS 

feasibility over the project lifespan [53]. The 𝑁𝑃𝐶 is performed as a summation of the 
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capital cost (𝐼𝐶), the operational cost (𝑂𝐶), and the replacement cost (𝑅𝐶). A detailed 

description of 𝑁𝑃𝐶 calculation is provided in the supplementary information - SI 1. 

𝑁𝑃𝐶 =  𝐼𝐶 + 𝑂𝐶 + 𝑅𝐶 Eq. VI-4 

An alternative common approach to evaluate the economic feasibility is the payback 

period (𝑃𝐵𝑇) which is the payback time of the proposed SDHS model, and it denotes 

the number of years taken by the proposed system to deliver the total life cycle cost 

[53]. It is calculated as the following: 

𝑃𝐵𝑇 =
𝑁𝑃𝐶

𝐴𝑛𝑛𝑢𝑎𝑙 𝑐𝑜𝑠𝑡 𝑠𝑎𝑣𝑖𝑛𝑔
 

 

Eq. VI-5 

 

VI.3.3 Environmental indicators 

The impact on environment of adding HP, SST and PV to SDHS system is determined 

using the life cycle approach (LCA) [54]. LCA can be performed using a variety of 

indicators to determine the environmental impact of any technology. For the 

developed SDHS system, we use the ReCiPe 2016 [55] framework to determine the 

environmental impact. The ReCiPe is among the widely used environmental indicator 

due to the methodological perspective, [56]. To calculate ReCiPe, Life Cycle 

Inventory Analysis (LCIA) data is transformed into endpoint scores, which are then 

categorized in three classes: human health, ecological systems, and resources 

depletion. Furthermore, theses damage classes are combined as a normalized 

indicator metric (𝑅𝐶𝑃) for the SDHS conformation. The 𝑅𝐶𝑃 can be expressed as: 

𝑅𝐶𝑃 =  ∑ 𝛿𝑑

𝑑

𝜀𝑑𝐷𝐴𝑀𝑑                   ∀𝑑 Eq. VI-6 

Where; 𝐷𝐴𝑀𝑑 is endpoint score for damage category 𝑑. 𝛿𝑑 is a factor based on the 

use of extraction of material and use of land in the European setting to normalize 

endpoint data for different damage categories while 𝜀𝑑 is the weight factor based on 

values recommended in the ReCiPe 2016 framework. The data and environmental 

impact of SDHS components can be found in SI 2. 

In addition, the environmental payback period (EPBP) is introduced to estimate the 

sustainability of the proposed SDHS model [17]. This indicator is estimated through 

calculating the total number of years required by the SDSH to replace the conventical 

system using the HP. 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VI.SDHS potential to achieve Zero Energy Buildings 

 

   271 

 

𝐸𝑃𝐵𝑃 =
𝑅𝐶𝑃

𝐴𝑛𝑛𝑢𝑎𝑙 𝑅𝐶𝑃 𝑠𝑎𝑣𝑖𝑛𝑔
 Eq. VI-7 

VI.3.4 Social indicators 

The proposed SDHS framework with the integration of multiple renewable energy 

technologies has a greater potential for providing social benefits improving the quality 

of life of the residents in the dwellings, providing more and better employment 

opportunities (𝐸𝑂).This value can be estimated as [57]: 

𝐸𝑂 = 𝜆𝐸.𝑔𝑟𝑖𝑑𝐸𝑛𝑜𝑚 + 𝜆ℎ𝑒𝑎𝑡𝑄𝑛𝑜𝑚,ℎ𝑒𝑎𝑡 + 𝜆𝑃𝑉𝑄𝑛𝑜𝑚,𝑃𝑉 Eq. VI-8 

Here 𝜆𝐸.𝑔𝑟𝑖𝑑  = 0.61 persons/MW is the grid electricity coefficient, 𝜆ℎ𝑒𝑎𝑡 = 0.38 

persons/MW is the solar thermal collector coefficient, and 𝜆𝑃𝑉 = 0.70 persons/MW is 

the PV module coefficient; all of them used to calculate the employment coefficients 

for technologies incorporated in the SDHS system [58]. 𝐸𝑛𝑜𝑚, 𝑄𝑛𝑜𝑚,ℎ𝑒𝑎𝑡,and 𝑄𝑛𝑜𝑚,𝑃𝑉 

are nominal capacities of the power plant, roof mounted solar thermal collectors and 

roof mounted PV module, respectively [57]. 

VI.4  Multi-objective optimization based on a surrogate model 

Our objective is to enhance the economic and environmental performance of the 

proposed SDHS system. We used a surrogate modelling approach to implement 

multi-objective optimization on the SDHS system. The objective function is to 

minimize the net present cost and the environmental impact of a SDHS for a 

residential community while tracking its technical and social performance. In this 

work, we used surrogate models, which uses simulation results obtained with the 

TRNSYS model validated in section 3 to train a neural network to predict the thermal 

performance of the SDHS. Running the SDHS TRNSYS model with a feasible range 

of decision variables provides with a set of feasible scenarios that are used as training 

data set for the ANN. The trained ANN is then coupled to a genetic algorithm to devise 

a multi-objective optimization (MOO) function for minimizing 𝑁𝑃𝐶 and 𝑅𝐶𝑃 under 

several technical constraints. 

VI.4.1 Data generation 

Dataset development is a key aspect when developing a surrogate model, as a valid 

dataset obtained from a large number of simulations is used to train the surrogate 

model. For this work, data generation is performed by identifying the uncertain 

independent variables (inputs) and providing them to the TRNSYS simulation tool to 

obtain the dependent variables (outputs). In this work, the independent variables 

comprising the performance of the solar circuit, the SH distribution circuit and the 

DHW distribution circuit are used to create a combination of inputs to obtain the 
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sample point. More details regarding the data generation are introduced in Abokersh 

et al. [17]. 

VI.4.2 Surrogate model convergence 

In developing a surrogate model, an intermediate step is developing a metamodel 

using ANN. In this work, the developed ANN metamodel’s input layer has 14 neurons 

followed by 3 hidden layers. To implement the ANN model simulation, the Bayesian 

regularization algorithm is used with a learning rate of 0.001, and momentum mean 

of 0.004. ANN model structure is influenced by the approach adopted by Abokersh et 

al. [53] for good convergence. The ANN model's output layer has 21 variables that 

include thermal and electrical and thermal energy produced by solar collectors, 

energy supplied by SST, HP, and auxiliary heaters. The performance of the 

metamodel is verified using the performance metrics: (i) adjusted R2 (𝑅2– 𝑎𝑑𝑗.) and 

(ii) variation coefficient (𝐶𝑉). Equations (V-9) to (V-10) shows the mathematical form 

of 𝑅2– 𝑎𝑑𝑗 and 𝐶𝑉. 

𝑅2 = 1 −
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑑𝑎𝑡𝑎,𝑖 − 𝑦
𝑑𝑎𝑡𝑎

)
2𝑛

𝑖=1

 Eq. VI-9 

 

𝑅2 − 𝐴𝑑𝑗. = 1 −
(1 − 𝑅2)(𝑛 − 1)

𝑛 − 𝑘 − 1
 Eq. VI-10 

 

𝐶. 𝑉(%) = √
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

𝑦
𝑑𝑎𝑡𝑎

× 100 Eq. VI-11 

Here, 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖  represents the value estimated at a time ‘𝑖’, 𝑦𝑑𝑎𝑡𝑎,𝑖 shows the value of 

output yat time ‘𝑖’, 𝑛 displays the sample size while 𝑘 shows the total number of 

regressors used. 

VI.4.3 Optimization algorithm and surrogate model integration 

After developing the surrogate model, the next step is to incorporate the heuristic 

optimization techniques with the robust ANN model to solve a MOO problem. MOO 

framework deals with the physical constraints systems to solve the objective function 

of two or more conflicting nature objectives. In this case study, the energy 

performance of the system is optimized by aligning the environmental and economic 

system requirements. Ultimately, the residential community size's impact is also 

examined on the SDHS performance in an extended optimization problem. For the 

proposed SDHS system, the objective function to optimize the 𝑁𝑃𝐶 and 𝑅𝐶𝑃 is given 

as: 
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𝑚𝑖𝑛 {𝑓1(𝑥), 𝑓2(𝑥)}  

𝑠. 𝑡.  ℎ(𝑥) = 0 

        𝑔(𝑥) ≥ 0 
 

𝑙𝑏𝑖 ≤ 𝑥𝑖 ≤ 𝑢𝑏𝑖                  𝑖 ∈ {1, … ,18} Eq. VI-12 

 

Here, f1 is 𝑁𝑃𝐶, f2 is 𝑅𝐶𝑃, ℎ represents equality constraints corresponding to the 

physics of physical systems solved in TRNSYS, and 𝑔 denotes inequality constraints 

corresponding to technical evaluation of SDHS. Through these constraints, annual 

solar efficiency is maintained > 60%, 𝑅𝐸𝐹𝑡ℎ is maintained > 50% as recommended 

by Bauer et al. [59] and Solites [60]. 

The solutions of multi-objective functions provide us with a non-dominated solution 

called Pareto solutions, which represent the optimal trade-off for the economic and 

environmental targets. To avoid obtaining sub-optimal solutions (which is probable in 

classical MOO using point by point search), an improved technique called Pareto-

ranking [61] is utilized to refine the solutions for 𝑁𝑃𝐶 and 𝑅𝐶𝑃. 

The performance for SDHS has been examined for various community sizes (10, 25, 

50, 100, and 500 houses) based on the decision variables explained in ensuing 

section. 

VI.4.4 Decision variables and parameters 

In the case study, 18 decision variables are used to formulate an optimization 

problem, including system components’ relative alignment, structure, operating 

criteria and sizing. To categorize these variables, they are classified into 3 field 

circuits namely (i) supply (ii) SH (iii) DHW (Figure VI-7).  

These decision variables are linked with mathematical equations to determine the 

equipment size for SDHS. The solar field circuit has 5 decision variables, i.e., area of 

photovoltaic panels (𝐴𝑃𝑉), area of solar thermal collector (𝐴𝑐𝑜𝑙), inclination angle of 

solar collectors (𝛽𝑐𝑜𝑙), number of solar thermal collectors in series (𝑁𝑐𝑜𝑙), heat pump 

capacity as function of the maximum heat demand supplied (𝐹𝐶𝐻𝑃), the turn on 

temperature of the heat pump (𝑇𝑟𝑒𝑓). The space heating circuit has 9 decision 

variables, i.e., volume of SST (𝑉𝑆𝑆𝑇), height to diameter ratio for SST (HDR), thickness 

of insulation for the wall (𝑑𝑤𝑎𝑙𝑙), roof (𝑑𝑟𝑜𝑜𝑓), and ground (𝑑𝐺𝑛𝑑), insulation material 

type represented by the conductivity of construction material (λ𝑐𝑜𝑛), roof and wall 

(λ𝑖𝑛𝑠) and ground (λ𝑖𝑛𝑠,𝑔𝑛𝑑), and auxiliary heating unit capacity as a fraction of the 

maximum heating demand (𝐹𝐶𝐴𝑈𝑋1
). Finally, the domestic hot water circuit has 3 

decision variables e.g. volume of DHWT (𝑉𝐷𝐻𝑊), height to diameter ratio of DHWT 

(𝐻𝐷𝑅𝐷𝐻𝑊𝑇) and the fraction capacity supplied by the auxiliary unit as a percentage of 

the maximum heating load (𝐹𝐶𝐴𝑈𝑋2
). 
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Figure VI-8: The decision variables in the SDHS optimization problem 

 

VI.5  Optimal solutions post analysis 

We have proposed a framework for the inclusive sustainability assessment of a solar 

assisted district heating system. The methodology framework is outlined in Figure 

VI-9. The framework starts with the simulation of SDHS in TRNSYS 18 and leads to 

defining most suited decision variables, their range and related output to showcase 

the thermal performance of the SDHS. To reduce the computational cost of the 

process, the TRNSYS model is coupled with MATLAB and an ANN with Bayesian 

optimization. Later, the multi-objective genetic algorithm (MOGA) is coupled with the 

neural network to perform the multi-objective optimization for economic and 

environmental objectives. MOO provides a Pareto frontier with the optimal solutions 

for different community sizes which are then subjected to multi-criteria decision 

making (MCDM) to facilitate the selection according to the needs/preferences of 

stakeholders. For MCDM, we used TOPSIS (Technique for Order of Preference by 

Similarity to Ideal Solution), which ranks the solutions based on the desired criteria. 

To illustrate the significance of uncertainty on the optimized objectives, we performed 

a global sensitivity analysis (GSA) [62]. 
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VI.5.1 MCDM development for SDHS evaluation 

VI.5.1.1 Indicators normalization 

The indicators used for the sustainability evaluation vary in nature and value range. 

Before the applying the MCDM, we normalize the indicators to a common range [0,1]. 

We used a distance-based normalization  (TOPSIS) for the MCDM[63]. The 

normalization method for the indicator being minimized is expressed in (Eq. VI-14 - 

Eq. VI-15), while for the indicator being maximized is expressed in Eq. VI-17. 

𝑣𝑖𝑗 =
𝑥𝑗

𝑚𝑖𝑛

𝑥̅𝑖𝑗

 Eq. VI-13 

𝑥𝑗
𝑚𝑖𝑛 = 𝑚𝑖𝑛(𝑥⃗𝑖𝑗) Eq. VI-14 

𝑣𝑖𝑗 =
𝑥⃗𝑖𝑗

𝑥𝑗
𝑚𝑎𝑥 Eq. VI-15 

𝑥𝑗
𝑚𝑎𝑥 = max (𝑥⃗𝑖𝑗) Eq. VI-16 

 

VI.5.1.2 Indicators weighting method 

The importance of each criteria might be different for each stakeholder. There are 

subjective and objective methodologies to apply weighting factors [64]: objective 

methods are based on mathematical models and more suited for numerical data. One 

of the widely used objectives is entropy-based weighting approach, and it is easily 

adaptable [65]. Suppose, a set ‘𝐷’ which represent our sustainability criteria 

characterized by a vector 𝑑𝑗 = (𝑑𝑗1 , 𝑑𝑗2 , … , 𝑑𝑗𝑚) in terms of normalized indicator ‘𝑖’ is 

defined as: 

𝐷𝑗 = ∑𝑑𝑖𝑗𝑗
= 1,2, … ,𝑚

𝑚

𝑖=1

 Eq. VI-17 

Then, the entropy of 𝑗𝑡ℎ indicator is given by: 

𝑒𝑗 = −
1

ln(𝑚)
∑

𝑑𝑖𝑗

𝐷𝑗

ln
𝑑𝑖𝑗

𝐷𝑗

𝑚

𝑖=1

 Eq. VI-18 

In the end, normalized weight is calculated as: 

𝑤𝑗 =
1 − 𝑒𝑗

∑ (1 − 𝑒𝑗)
𝑚
𝑗=1

 
Eq. VI-19 

 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VI.SDHS potential to achieve Zero Energy Buildings 

 

   276 

 

VI.5.1.3 TOPSIS method 

The TOPSIS algorithm, developed by Hwang et al. [66]. This method uses the 

normalized values obtained from Eq. VI-20 and assumes a distance-based criterion 

signifying that ideal solution lies at the shortest distance from the positive ideal 

solution and the longest distance from the negative ideal solution. The calculated 

distances are then compared to find out the best plausible solution. The advantage 

of TOPSIS is that it can provide a ranking of each solution for each criterion [67]. 

To determine the rank, first, we identify the positive ideal solution (A+) and negative 

ideal solution (A-) as below: 

𝐴+ = {(𝑚𝑎𝑥⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼) , (𝑚𝑖𝑛⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼′) , 𝑖 = 1,2,… ,𝑚}

=  {𝑣1
+, 𝑣2

+, … , 𝑣𝑚
+} 

Eq. VI-20 

 

𝐴− = {(𝑚𝑖𝑛⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼) , (𝑚𝑎𝑥⏟
𝑖

𝑣𝑖𝑗|𝑗 ∈ 𝐼′) , 𝑖 = 1,2, … ,𝑚}

=  {𝑣1
−, 𝑣2

−, … , 𝑣𝑚
−} 

Eq. VI-21 

Here, I = {j = 1, 2,…, n} and I’= {j = 1, 2,…, n} represents the sets of economic and 

environmental criterion. Then, we measure the Euclidean distance for each solution 

from positive and negative ideal solutions using following equations: 

𝑆𝑖
+ = √∑(𝑣𝑖𝑗 − 𝑣𝑗

+)
2

𝑛

𝑗=1

,               𝑓𝑜𝑟 𝑖 = 1,2, … ,𝑚 Eq. VI-22 

𝑆𝑖
− = √∑(𝑣𝑖𝑗 − 𝑣𝑗

−)
2

𝑛

𝑗=1

,               𝑓𝑜𝑟 𝑖 = 1,2, … ,𝑚 Eq. VI-23 

Lastly, proximity index (Ci ∈ [0;1] for i = 1, 2,…, m) is calculated to find the remoteness 

from the positive and negative ideal solutions for ranking, as: 

𝐶𝑖 =
𝑆𝑗

−

𝑆𝑗
+ + 𝑆𝑗

− 

 

Eq. VI-24 

VI.5.2 Global sensitivity analysis (GSA) 

The final step of this methodology is to perform a sensitivity analysis to offer an 

understanding of the most sensitive system parameters. Given the advantage of GSA 

over LSA, a Bayesian-based GSA approach (BACCO) [68] is employed. This 
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approach can cover an extensive range of parameters with an interaction for their 

relative distribution under uncertainty. It also reduces the computational time 

compared to Monte-Carlo based GSA approach. 

 

Figure VI-9: Framework for the inclusive, sustainable system optimization of 

SDHS 

 

BACCO methodology has two main stages: (i) acting as emulator (statistical 

representative model) and (ii) uncertainty analysis. The emulator is trained with the 

data obtained from the simulation-optimization model. This dataset covers the 

feasible domain of solutions in a Latin hypercube design. Once the emulator is 

working, it is cross-validated to check its efficiency. The second stage covers the 

multidimensional domain of design variables to quantify the sensitivity of the 

parameters. The GSA is performed with respect to 𝐸𝑃𝐼, 𝑁𝑃𝐶, 𝑅𝐶𝑃, and 𝐸𝑂 in terms 

of percentage variation of each input to estimate the impact of ten economic decision 

variables. These variables comprise natural gas price (𝐶𝑛𝑔), uying (𝐶𝑒𝑙) and selling to 

the grid electricity prices (𝑆𝑒𝑙), atural gas (𝑖𝑛𝑔), electricity inflation rate (𝑖𝑒), investment 

cost (𝐼𝐶), operational cost (𝑂𝐶), replacement cost (𝑅𝐶), in addition to system inflation 

(𝑖) and discount rates (𝑑). 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VI.SDHS potential to achieve Zero Energy Buildings 

 

   278 

 

VI.6 Results and discussion 

This work provides a sustainable insight on the applicability of surrogate modelling 

for the economic-environmental-social optimization of transient SDHS model. The 

surrogate model was used to optimize the SDHS framework for different community 

sizes ranging from 10 houses to 500 houses under different scenarios (i.e. scenario 

1 - minimum cost, scenario 2 - 25% less environmental damage, scenario 3 - 50% 

less environmental damage, scenario 4 - 75% less environmental damage and 

scenario 5 - minimum environmental damage) addressing the impact on environment 

and project costing. The wide range of the decision variables produced multiple 

results which are discussed in the following sections. The first portion of the results 

and discussion section addresses the metamodel's fittingness for the SDHS 

framework optimization. The second portion sheds light on the SDHS optimization 

results for economic-environmental-social indicators and physical and technical 

constraints.  In this section, optimal solutions are analyzed for all community sizes 

under each scenario. The third portion provides an insight into the ranking of the 

optimal solutions based on weighted criteria using multi-criteria-decision-making. The 

final portion checks the robustness of the metamodel using the global sensitivity 

analysis. 

VI.6.1 Surrogate model convergence results 

In this work, K-fold cross-validation strategy is adopted to fit the surrogate model. The 

2048 samples (i.e., simulation results) are organized in k subsets [69]. The ANN 

model is trained with k-1 subsets while k subsets are used to test the trained model 

in each run. Table VI-2 displays a summary of the ANN model performance. 

From the results shown in Table VI-2, the surrogate metamodel prediction agrees 

with TRNSYS simulation outputs where 𝐶. 𝑉 shows that model inaccuracy does not 

fall below 8.87% for any surrogate model output as the 𝑅2 − 𝐴𝑑𝑗.. is always above 

95.5% for any output through the ANN model. Hence, we can be confident about the 

ANN model's predictability for the proposed SDHS framework's thermal performance 

for the given training data range. The advantage of metamodeling offers the benefit 

of significantly reduced computational time over the conventional heuristic 

optimization techniques. 
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Table VI-2: Performance of ANN model in predicting the TRNSYS simulation 

output 

 Solar circuit SH circuit DHW circuit 

 𝑄𝑆𝑂𝐿 𝑄𝑃𝑉 𝑄𝑈𝑠𝑒𝑓𝑢𝑙 𝑄𝑎𝑏𝑠 𝑃𝑒𝑙𝑒𝑐 𝑄𝑆𝑆𝑇 𝑄𝑆𝑆𝑇 𝑙𝑜𝑠𝑠 𝑄𝐴𝑈𝑋1
 𝑄𝐷𝐻𝑊 𝑄𝐷𝐻𝑊 𝑙𝑜𝑠𝑠 𝑄𝐴𝑈𝑋2

 

𝑅2

− 𝐴𝑑𝑗. 

99.

8% 

99.

7% 

98.3

% 

97.

7% 

97.

8% 

99.

5% 

97.7

% 

99.

2% 

95.

5% 

98.9

% 

99.

4% 

𝐶. 𝑉 
1.9

8% 

1.8

7% 

3.97

% 

8.8

7 

8.1

6% 

2.8

7% 

8.54

% 

8.1

5% 

0.4

9% 

2.70

% 

3.0

8% 

 

VI.6.2 Multi-objective optimal solutions 

Successfully tested ANN-based surrogate model is employed to optimize the 

economic and environmental performance of the proposed SDHS framework for 

various community sizes and under different scenarios. All the scenarios are 

compared to the base case (decentralized heat pump) explained in section 2. The 

first set of optimal results for the economic criteria are shown in Figure VI-10. 

Economic criterion (𝑁𝑃𝐶) is simplified to €/m2 for the considered building blocks. Base 

case has 𝑁𝑃𝐶 at 66.6 €/m2, which is constant for all the scenarios. For the smallest 

community size (10 houses), the optimal solution for scenario 1 (minimum cost) has 

an economic performance akin to base case equal to 70.1 €/m2. The economic 

performance for 10 houses community size decreases with the decrease in 

environmental damage factor of SDHS as the 𝑁𝑃𝐶 for scenario 5 (minimum 

environmental damage) is 125 €/m2. However, as the community sizes increase from 

10 to 25, 50, 100 and 500 houses, the economic performance increases significantly 

and proportionally. For 25 houses community sizes, the economic performance is 

improved for scenarios 1, 2, 3 and 4 by 32%, 28%, 23% and 12% respectively over 

the base case. While the scenario 5 has an unfavourable performance for 25 

community size compared to the base case as the base case outperforms the former 

by 22%. For 50 houses community size, optimal SDHS solution surpasses the base 

case's economic performance for scenario 5 (minimum environmental damage) and 

has an 𝑁𝑃𝐶 of 64.7 €/m2. For community sizes higher than 50 houses, the proposed 

SDHS has economic and environmental solutions at par the base case for every 

scenario considered here. The best economic solution is obtained for the minimum 

cost scenario in 500 houses community (21 €/m2). For scenario 4 and scenario 5, the 

economic performance is similar at 𝑁𝑃𝐶 of 30.7 €/m2. 
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Figure VI-10. Optimal solutions of SDHS for various community sizes under 

different scenarios where (a) the economic criteria, whereas (b) the environmental 

criteria 

 

Looking at the environmental damage factor in Figure VI-10, all the optimal solutions 

showed a better environmental performance compared to the base case which has 

𝑅𝐶𝑃 value of 10.1 Pt./m2 while the least environmental friendly optimal solution is the 

minimum cost (scenario 1) for 10 houses community size which has a 𝑅𝐶𝑃 value 3.2 

Pt./m2 giving 3 times better environmental performance compared to the base case. 
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Therefore, all the optimal solutions perform extremely well for environmental criterion 

against the base case. Like the economic performance, the environmental 

performance of the SDHS improves as we move to bigger community sizes. The case 

of 500 houses community gives the best environmental performance for scenario 4 

and 5 with 𝑅𝐶𝑃 value of 2.1 Pt./m2 which shows 4 folds improvement over the base 

case's economic performance. Thus, we witness that the ANN model's optimal 

solutions have improved environmental and economic performance compared to this 

study's base case. 

 

Figure VI-11. Guideline for key parameters values to design optimal SDHS 

solution under various scenarios 

 

To arrive at the optimal solutions described above and depicted in Figure VI-10, the 

metamodel considers multiple decision variables for different scenarios and 

community sizes. The optimal design and sizing of the SDHS system also become 

an important consideration to achieve the desired economic and environmental 

performance. An in-depth analysis of the optimal solutions obtained from the ANN 

model provides us with a guideline for the SDHS system design and sizes of its 

components. SDHS was divided into three circuits, namely: (i) Space heating circuit, 
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(ii) Solar field circuit and (iii) Domestic hot water circuit. Each circuit consists of 

specific components to serve the specific purpose in the SDHS network. These 

decision variables vary due to multiple scenarios and provide a guideline to follow for 

optimal system design. This range of decision variables for optimal solutions has 

been shown in Figure VI-11, in the form of candles. Each candle has lower wick 

(representing minimum cost scenario), a center body (representing the scenario 2, 3 

and 4) and the upper wick (representing minimum environmental damage scenario). 

 

Figure VI-12. Key performance indicators for best ranked optimal solutions and 

base cases under different community sizes 

To facilitate a comprehensive sustainable analysis of optimal SDHS solutions, a 

breakdown of the key performance indicators mentioned in section 3 is shown in 

Figure VI-12 for all 5 scenarios and the base case. The performance indicators are 

divided into 4 main categories: (i) Energy (ii) Economical (iii) Environmental, and (iv) 

Social. All scenario solutions perform better for the smallest community size of 10 

houses than the base case for energy indicators. The performance of energy 

indicators improves from minimum cost scenario to minimize environmental damage 

scenario in general for all the community sizes, although the gradient for improvement 

from scenario 1 to scenario 5 is high for 10 houses community size. A comparison 
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between the scenario 1 and the base case for 10 houses shows 2.5 folds improved 

EPI performance (building energy performance grade = A+) for the optimal solution 

against the base case (building energy performance grade = D). In contrast, the 

optimal solution of scenario 5 has 4 times improved EPI performance over the base 

case to achieve a building energy performance grade A++. For social indicator, the 

10-houses community size has 3.5 times improved performance for all the scenarios. 

As we move towards bigger community sizes, EPI's performance increases from 0.56 

to 0.16 (NZEB), giving us a significant improvement range from 3 to 10 times in the 

energy performance over the base case for different scenarios. The building energy 

performance grade is reflected in the energy covered by the solar energy where the 

solar thermal fraction can increase from 80.8% on a community of 10 houses up to 

95% on community size of 500 houses. On the other hand, the installed PV system 

provides extra electricity of around 70% for all community sizes to be sold to the 

national electricity grid, which can support the PEB state. Furthermore, the increment 

in solar energy usage with increasing the community size is reflected in the reduction 

of natural gas usage where it diminishes from 23% at the scenario 1 community size 

of 10 houses to only 5.6% under the same scenario at community size of 500 houses. 

For economic indicators, the base case presents with an economical solution in the 

case of 10 houses community size, but optimal solutions have a better scope in the 

long term because of the PBT indicator. In contrast, the base case is depreciative 

and has no payback, optimal solutions have a payback and, therefore, provide a 

better option for long term planning. However, as we move to bigger community sizes, 

from 25 to 500 houses, economic indicators overcome the base case, and we find 

that for 50 houses community size even the most environment-friendly solution 

presents with better economic performance than that of the base case where the 

payback period is reduced to 26 years. Furthermore, with the movement toward a 

bigger community size of 500, the PBT can be reduced to 13.6 years. The 

environmental indicator has shown an improved performance for all the community 

sizes under all scenarios, where the environmental performance is improved from 

11.7 years at community size of 10 houses to 8.4 years at community size of 500 

houses. Similarly, the social indicator shows improved performance, for the optimal 

solutions over the base case, ranging from 1.3 times for 10 houses community size 

to 4 folds for 500 houses community size. 

VI.6.3 Optimal solutions ranking based on MCDM 

A large set of optimal solutions obtained from the ANN model under different 

scenarios for different community sizes provide stakeholders with multiple options to 

choose from. To facilitate the stakeholders' decision-making, a ranking system is 

developed using multi-criteria decision making. The criteria considered for this 

ranking system are energy, economic, environmental, social and a hybrid of all the 

criteria. A summary of indicators used for each criterion alongside their weightage 
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considered is shown in Table VI-3. A weighted entropy TOPSIS approach described 

in section 5.1 is used to rank the solutions under various scenarios. 

Table VI-3. Weighted indicators to apply TOPSIS for MCDM 

 Indicators Weights 

Energy (𝑊𝑅𝐸𝐹𝑡ℎ
,𝑊𝑅𝐸𝐹𝑒𝑙𝑒𝑐

,𝑊𝑅𝐻𝑃
,𝑊𝑅𝑓𝑢𝑒𝑙

,𝑊𝐸𝑃𝐼) 
(1.2%, 0%, 38.2%, 

30.3%, 30.3%) 

Economic (𝑊𝐼𝐶 ,𝑊𝑁𝑃𝐶 ,𝑊𝑃𝐵𝑇) 
(43%, 28.5%, 

28.5%) 

Environmental (𝑊𝑅𝑒𝐶𝑖𝑃𝑒 ,𝑊𝐴𝐷𝑆𝑅) (50%, 50%) 

Social (𝑊𝐸𝑂) (100%) 

Hybrid system (𝑊𝐸𝑛𝑒𝑟𝑔𝑦 ,𝑊𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐 ,𝑊𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡𝑎𝑙 ,𝑊𝑆𝑜𝑐𝑖𝑎𝑙) 
(28.8%, 67.8%, 

3.2%, 0.2%) 

 

The ranking of optimal solutions for different community sizes under the considered 

5 scenarios is shown in Table VI-4. Under the assigned weightage, 50% 𝐷𝑀𝐺𝑜𝑓𝑓 

scenario gets priority for 10, 25 and 100 houses community size while it turns out 2nd 

ranked for 50 houses community and 3rd for 500 houses community. For 50 houses 

community size 25% 𝐷𝑀𝐺𝑜𝑓𝑓 is best ranked while for 500 houses community 75% 

𝐷𝑀𝐺𝑜𝑓𝑓 is best ranked solution. It is worth noting that in 500 houses community, more 

environment-friendly solutions (i.e. scenario 4 and 5) make the top ranks by a clear 

margin and stand out as a clear choice for higher residential communities having 500 

or more houses. 

Table VI-4. Ranking of optimal solutions based on community size and scenario 

Community 

size 
10 houses  25 houses  50 houses  100 houses  500 houses 

Scenario 𝑷𝒊 Rank  𝑷𝒊 Rank  𝑷𝒊 Rank  𝑷𝒊 Rank  𝑷𝒊 Rank 

Min. cost 0.73 3  0.71 4  0.77 3  0.76 3  0.64 5 

25% DMGoff 0.75 2  0.73 3  0.80 1  0.77 2  0.71 4 

50% DMGoff 0.76 1  0.76 1  0.77 2  0.79 1  0.73 3 

75% DMGoff 0.70 4  0.75 2  0.75 4  0.75 4  1.00 1 

Min. impact 0.65 5  0.65 5  0.72 5  0.71 5  0.99 2 
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VI.6.3.1 Technical analysis 

To analyze optimal solutions' thermal and energy performance, the technical analysis 

has been performed for optimal solutions. The thermal energy is used for space 

heating and hot water demands. As shown in Figure VI-13, the plots depict the energy 

demand and energy supplied (𝑄𝑐𝑜𝑣) by the solar collectors (thermal and PV) for all 

the community sizes throughout the year. Space heating demand (kWh/m2) is high 

for winter months (November, December, January and February). For November, 

December, and January, the proposed SDHS system can provide thermal energy to 

satisfy the demand in every community size fully. The SH demand is not met by 𝑄𝑐𝑜𝑣  

in the months of February and March for 10, 25 and 50 houses communities and the 

excess demand in these cases is satisfied by the auxiliary unit. The plot also shows 

that as the community size increases the 𝑄𝑐𝑜𝑣 is able to cover more SH demand and 

for community size of 100 houses and above the SDHS can satisfy SH demand fully 

on its own suggesting a reduction in environmental damage with SDHS for bigger 

community sizes. 

Figure VI-13. Energy demand and supply (per m2) for all community sizes 

throughout the year 
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The DHW demand exists throughout the year, unlike SH demand. The DHW demand 

has 20% to 50% increase in the months of winter and 𝑄𝑐𝑜𝑣  needs to be supplemented 

with auxiliary units to meet this extra demand for DHW. 𝑄𝑐𝑜𝑣  shows a very small 

increasing gradient with the increase in community sizes, as shown in Figure VI-13. 

The electricity demand also has a similar nature as the SH and DHW demand over a 

year. Electricity demand is more in October, November, December, January, 

February and March than the 𝑄𝑐𝑜𝑣  produced by PV panels for the all the community 

sizes. Therefore, the excess electricity demand is met by grid electricity through smart 

metering. In April, May, June, July and August, PV collectors' electricity is more than 

the demand. This extra production of electricity is supplied to grid through smart 

metering to earn credits. These results show the transition not only to the NZEB 

concept, but it can serve the transformation from LCB to PEB for community sizes ≥ 

100 houses. 
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VI.6.3.2 Economic analysis 

The economic performance of optimal solutions is further analyzed by breaking 

down the 𝑁𝑃𝐶 into its various components. 

 

 
 

Figure VI-14. Cost analysis of optimal solutions for different community sizes 

compared to base case for respective community sizes 

 

Figure VI-14 shows the cost distribution of SDHS components for the top-ranked 

solutions for every community size, mentioned in section Multi-objective optimal 

solutions Analysis of the cost components for the base case has a very low capital 

cost (6.2%) and replacement cost (7.8%) while the operational cost is extremely 
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high (86%) which makes the base case a depreciating project as each operational 

costs adds to the cost of the project. 

On the other hand, for optimal solutions, the project's capital cost varies from 46.6% 

to 56.1%, operational cost varies from 13.2% to 1.6%, and replacement cost varies 

from 40.4% to 42.3%. The capital cost percentage of the optimal solutions increases 

as the community size increase because bigger community sizes corresponding to 

scenario 4 and scenario 5 (less environmental damage) have more infusion of 

renewable energy technology hence the high capital cost. The operational cost of the 

SDHS system reduces as we approach bigger community sizes while SDHS solution 

also provides more than 40% of the 𝑁𝑃𝐶 as replacement costs which suggest that 

the depreciation of the SDHS project is reduced by at least 5-fold. 

VI.6.3.3 Environmental analysis 

The environmental indicator is an important part of this study. Therefore, a detailed 

analysis of optimal SDHS solutions is performed to see each ranked solution's 

environmental impact is constituting components. 

 

Figure VI-15. Comparison of results of environmental analysis under different 

optimal scenarios for various community sizes 

 

Figure VI-15 shows the distribution of environmental damage caused by each 

component of the SDHS solutions compared to the base case below for the same 

community size. 𝑅𝐶𝑃 points measure the environmental damage of each 

component. For the base case, the main cause of environmental damage is the 

electricity consumption from the grid. For 10 houses and 100 houses community 

sizes, under 50% 𝐷𝑀𝐺𝑜𝑓𝑓 scenario, the environmental damage is almost 10 times 
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less than that of the base cases of same community sizes while it is comparable for 

25 houses community size under the same scenario. For 25% 𝐷𝑀𝐺𝑜𝑓𝑓 and 75% 

𝐷𝑀𝐺𝑜𝑓𝑓 scenario, environmental damage is more than 10 times less compared to 

the base cases for corresponding community sizes. Component wise environmental 

analysis of SDHS solutions provides us with a better understanding of the damage 

caused by each system. Figure VI-16, entails that as we increase the community 

size, environmental damage due to the consumption of natural gas reduces 

significantly as we see that in case of optimal SDHS system for 10 houses, the 

environmental damage caused by natural gas consumption is 38% of the total 

damage while that in case of 500 houses is 17%. The percentage of environmental 

damage due to solar collectors (PV + thermal) is the major constituent (49 % to 

67%) for environmental impact for all SDHS solutions. A third major contributor to 

environmental damage in optimal solutions is SST, which constitutes 4% to 6% of 

total damage. Other components for environmental damage are auxiliary units (1% 

- 2%), heat exchangers (2%), DHW tank (2% - 3%) and pumps (1%). Following the 

above analysis, onsite constructed SST has a major influence on economic and 

environmental indicators. Therefore, a deeper analysis of the SST is performed, 

and Figure VI-17 depicts the finding of the analysis for SST. 

 

 

Figure VI-17: Design parameters of SST for various community size and optimal 

solution scenarios 

 

The table in Figure VI-17 represents the optimized values for the different 

parameters of SST for each optimal solution. It is evident from the table that 𝑈𝑜𝑣𝑒𝑟𝑎𝑙𝑙 

= 0.14 W/m2 is maximum for the optimal solution of the largest community size 

whereas SST of SDHS for 25 houses community has the lowest 𝑈𝑜𝑣𝑒𝑟𝑎𝑙𝑙 = 0.10 
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W/m2. ANN model optimizes the design parameters of SST to enhance the 

technical, economic and environmental performance of the SST. Optimal 

configurations of SST have listed in Figure VI-17 the variation in the parameter 

values aren’t consistent with the increase in VSST and community size where the 

𝑑𝑅𝑜𝑜𝑓 is around 0.34 m for community size of 10 house and it reduces to 0.12 m, 

and the 𝑑𝑊𝑎𝑙𝑙 reduces from 0.79 m to 0.6 m. On the other hand, the 𝑑𝐺𝑛𝑑 stayed 

around 0.13 ± 0.02 m. For the SST construction material, the UHPC with 𝜆𝑐𝑜𝑛 = 1.6 

W/m·K has a superiority over other construction materials due to its techno-

economic and environmental benefits. Regarding the insulation materials, most of 

the optimal solutions insulate the SST ground using foam glass gravel with thermal 

conductivity of 0.06 W/m·K. In contrast, the SST walls use the foam glass only at 

the community size of 25 houses and other community sizes introduce extruded 

polystyrene usage due to its low price. The optimal size of SST for 500 houses 

community size solution has the most efficient and economical values of design 

parameters where the SST uses mineral wool in both walls and ground. Thermal 

performance and the SST's efficiency for the selected optimal solutions are plotted 

in Figure VI-18, where we see an increase in the SST efficiency performance of 

optimal solutions from 68.01% at 10 houses up to 89.7% at community size of 500 

houses. 

 

 

Figure VI-18: Thermal performance of SST with increased community sizes for 

optimal solutions 
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VI.6.4 GSA results 

To understand the influence of critical parameters on the objective function, a global 

sensitivity analysis is performed. The analysis implies BACOO for its low 

computational cost. Here we have taken 10 houses community size minimum cost-

optimal solution as the reference case to study the effects of parameters on the 

objective function. The reason to select the mentioned case for GSA is to have the 

closest economic performance to the base case. The parameters for BACOO 

analysis for GSA (as explained in section 5.2) includes prices of natural gas, 

electricity, inflation rate for gas and electricity, investment cost, replacement cost, 

operational cost and discount rate. 

Figure VI-19: Results of the global sensitivity analysis following BACOO method to 

indicate the influence of critical parameters on (a) Energy indicator (b) Economic 

indicator (c) Environmental indicator and (d) Social indicator for minimum cost 

solution of 10 houses community size. 

 

The effect of these parameters is shown in Figure VI-19 on energy performance 

Figure VI-19. a, economic performance Figure VI-19.b, environmental performance 

(Figure VI-19c) and on social performance (Figure VI-19d). Figure VI-19.a shows that 

energy performance presented by the EPI, which is highly affected by the cost of 

natural gas and electricity followed by inflation in electricity price, selling cost of 

electricity to the grid. The major factors affecting the economic performance 
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presented by 𝑁𝑃𝐶 are the operational cost, price of natural gas and investment cost. 

An interesting observation was in the case of environmental performance where the 

inflation seemed to affect it greatly, and the other costs (investment, operational and 

salvation) have a tiny impact on the environment performance under uncertainty as 

shown in Figure VI-19c. Similarly, in Figure VI-19d, GSA for social performance 

indicated that variables like cost of natural gas and electricity have the extreme impact 

on social performance followed by operational cost, inflation in electricity price and 

discount rate. Hence, GSA's results cumulatively suggest that natural gas and 

electricity prices, operational cost, and inflation rates are the most critical factors to 

ensure the proposed SDHS system's expected performance. 

VI.7 Conclusion 

This paper presents an investigation for the sustainable potential of solar assisted 

district heating system (SDHS) for retrofitted residential communities with different 

sizes located in Emmen, Netherlands to achieve Nearly Zero Energy Building (NZEB) 

concept. The work tends to optimize the performance of SDHS under energy, 

economic, environmental, and social criteria to facilitate the stakeholders in Europe 

regional network (ERN) in making the transition from low-carbon buildings (LCBs) to 

positive energy buildings (PEBs). In this context, a machine learning algorithm in 

cooperating TRSNYS is developed to simulate the SDHS thermal performance. A 

multi-objective optimization model is established to minimize the life cycle cost and 

environmental impact with consideration for maximizing the green energy use and 

social benefits. This ensures the system performance and implementation of the 

smart energy metering system for connecting to the grid. To estimate the SDHS 

system's performance from the perspective of sizing, different community sizes (10, 

25, 50, 100, 500) were considered under 5 scenarios representing the effect of cost 

and environmental damage. A multi-criteria decision-making approach based on 

TOPSIS incorporating global sensitivity analysis (GSA) is proposed to help the 

stakeholders to see beyond the LCC and LCA based on selection criteria to choose 

the most appropriate scenario optimal solution for the desired community size and 

interpret the effect of various economic parameters on the sustainable performance 

of SDHS. The summary of the findings is the following: 

• Compared to the existing base case (Decentralized heat pump), the 

minimum cost-optimal SDHS solution for 10 houses community size 

increases by 5.5 %, which failed to improve economic potential. However, 

the environmental performance improved 3.5 times, with 38% more social 

benefits. 

• As the community size increases, more cost-effective and environment-

friendly SDHS system. The most environment-friendly optimal SDHS solution 

for 500 community size is 50% more cost-effective, 4.5 times more 

environment friendly and has 1.5 times more social benefits compared to the 

500 houses community size using the decentralized heat pump. 
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• The technical analysis of the optimal solution suggests that with the proposed 

SDHS system, it is possible to achieve a NZEB status for any community size 

with solar fraction up to 95% at 500 houses. However, it is possible to achieve 

PEB status only for a community size ≥ 50 houses due to its economic 

feasibility supported by 25 years of a payback period. 

• Economic analysis of the optimal solutions suggests that seasonal storage 

tank has the biggest impact on the project cost of the SDHS model. In 

contrast, the environmental analysis shows that solar collectors (PV) 

constitute for the greatest part of environmental impact caused by any 

optimal SDHS solution. 

• Global sensitivity analysis suggests that cumulatively a change in natural gas 

prices has the highest effect on the SDHS model’s economic, environmental, 

and social performances. 

• The adopted methodology has also resulted in providing a guideline for the 

SDHS system sizing with the optimal size range of SDHS system 

components. 

This work concludes that SDHS provides an attractive energy sources option for cost-

effectively transitioning to NZEB for medium to long term residential projects. 

Moreover, our proposed SDHS framework is in line with the 4GDH, which allows for 

the transition of existing buildings from LCBs to PEBs. 

VI.8  Nomenclature 

𝐶𝑎𝑝ℎ𝑒𝑎𝑡𝑖𝑛𝑔 Energy supplied by heat pump 

𝐶𝑐 Capital cost of the SDHS 

𝐶𝑂 Operational cost of SDHS 

𝐶𝑅 Replacement cost of SDHS 

𝐷𝐴𝑀𝑑 End point score for environmental damage category 

𝐸𝐶𝑅𝐸 Electricity generated by PV array 

𝐸𝐺𝑆 electricity purchased from the grid 

𝐸𝑂 Employment opportunity 

LCC Life cycle cost 

NPC Net present cost 

PBT Payback time 

𝑄𝐴𝑈𝑋 Total thermal energy demand supplied by auxiliary units 

𝑄̇𝐴𝑈𝑋1
 Energy supplied by auxiliary heater 1 

𝑄̇𝐴𝑈𝑋2
 Energy supplied by auxiliary heater 2 

𝑄𝐷𝐻𝑊 𝑙𝑜𝑎𝑑 Total thermal energy demand for hot water 

𝑄𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐 𝑙𝑜𝑎𝑑 Total electricity demand 

𝑄𝑆𝐻 𝑙𝑜𝑎𝑑 Total thermal energy demand for space heating 

𝑄𝑡𝑜𝑡𝑎𝑙 Total energy consumption 

𝑅𝑓𝑢𝑒𝑙 Ratio of total energy supplied by fossil fuels 
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𝑅𝐶𝑃 Normalized indicator metric for environmental damage 

𝑅𝐸𝐹𝑒𝑙𝑒𝑐 Renewable energy fraction for electrical energy 

𝑅𝐸𝐹𝑡ℎ renewable energy fraction for thermal energy  

𝑅𝐻𝑃 Ratio of total energy supplied by heat pump 

Abbreviations  

ANN Artificial neural network 

DHWT Domestic hot water tank 

EPBP Energy performance building parameter 

EPI Energy performance indicators 

GSA Global sensitivity analysis 

HP Heat pump 

IC Investment cost 

LCIA Life Cycle Inventory Analysis 

MCDM Multi criteria decision making 

NZEB Net zero energy building 

PEB Positive energy building 

PV photovoltaic 

SDHS Solar assisted district heating system 

SST Seasonal storage tank 

 

VI.9  Appendix 

VI.9.1 The components of the of net present cost ‒ SI.1 

The overall initial cost of investment consists of several items such as the cost of the 

equipment purchase, installation, and transportation, including the cost of any 

contingencies and it can be expressed as follows [53]: 

𝐼𝐶 = (1 + 𝛼𝐶𝐹)∑(𝑃𝐸𝐶𝑘 . 𝐹𝐵𝑀𝑘)

𝑘

 
Eq. VI-25 

Where 𝑃𝐸𝐶𝑘 represents the purchase cost of equipment unit 𝑘, while the bare module 

factor 𝐹𝐵𝑀𝑘 is responsible for the installation and transportation expense of unit 𝑘. 

𝛼𝐶𝐹 denotes the contingency factor. The cost component 𝑃𝐸𝐶𝑘 can be updated from 

the initial value in the base year A to the year of installation B based on the Chemical 

Engineering Plant Cost Index (CEPCI) using the following equation: 

𝑃𝐸𝐶𝑘 = 𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴 𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟𝐵

𝐶𝐸𝑃𝐶𝐼𝑦𝑒𝑎𝑟𝐴
                      ∀𝑘 Eq. VI-26 

The initial cost of purchasing unit 𝑘 in year A (𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

) can be estimated for various 

equipment units using Eq. VI-27 - Eq. VI-31. 
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𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                        ∀𝑘 = 𝐶𝑂𝐿, 𝑃𝑉, 𝐷𝐻𝑊,𝐴𝑈𝑋 Eq. VI-27 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘(𝐶𝐴𝑃𝑘
𝛽𝑘)𝐶𝐴𝑃𝑘                          ∀𝑘 = 𝐻𝑃 Eq. VI-28 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝐶𝐴𝑃𝑘
𝛽𝑘 . 10[𝛼𝑘(𝑙𝑜𝑔10𝐶𝐴𝑃𝑘)𝛽𝑘]        ∀𝑘 = 𝐻𝐸1, 𝐻𝐸2, 𝐻𝐸3 Eq. VI-29 

 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝛼𝑘 𝑙𝑛 (
𝐶𝐴𝑃𝑘

1000
) + 𝛽𝑘                      ∀𝑘 = 𝑃1, 𝑃2, 𝑃3, 𝑃4 Eq. VI-30 

𝑃𝐸𝐶𝑘
𝑦𝑒𝑎𝑟𝐴

= 𝐼𝑛𝑠𝑆𝑆𝑇 + 𝐶𝑜𝑛𝑆𝑆𝑇                                      ∀𝑘 = 𝑆𝑆𝑇 Eq. VI-31 

Where: 𝐼𝑛𝑠𝑆𝑆𝑇 = 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                     ∀𝑘 = 𝑋𝑃𝑆,𝑀𝑊, 𝐹𝐺 Eq. VI-31.1 

 𝐶𝑜𝑛𝑆𝑆𝑇 = 𝛼𝑘𝐶𝐴𝑃𝑘
𝛽𝑘                                    ∀𝑘 = 𝑁𝐶,𝐻𝑃𝐶 Eq. VI-31.2 

 𝐶𝑜𝑛𝑆𝑆𝑇 = 𝛼𝑘𝑒
(

𝛽𝑘
105 𝐶𝐴𝑃𝑘)

                            ∀𝑘 = 𝑈𝐻𝑃𝐶 Eq. VI-31.3 

Here 𝛼𝑘 and 𝛽𝑘are the equipment cost parameters, 𝐶𝐴𝑃𝑘 is responsible for the design 

variables of equipment unit 𝑘. The design variables are the area of the solar collector 

(𝐴𝐶𝑂𝐿), the volume of the fully stratified storage tanks (𝑉𝑆𝑆𝑇 , 𝑉𝐷𝐻𝑊𝑇), types of 

insulation materials used for the SST (𝑋𝑃𝑆,𝑀𝑊, 𝐹𝐺) which includes extruded 

polystyrene, mineral wool, and foam glass gravel, respectively, types of the SST 

construction material (𝑁𝐶, 𝐻𝑃𝐶, 𝑈𝐻𝑃𝐶) comprising of normal concrete, high-

performance concrete, and ultra-high performance concrete, respectively, area of 

heat transfer for the heat exchangers (𝐴𝐻𝐸1, 𝐴𝐻𝐸2, 𝐴𝐻𝐸3), and the mass flow rates of 

discharge for the pumps (𝑚̇1, 𝑚̇2, 𝑚̇3, 𝑚̇4).The total operating cost (𝐶𝑜) is the 

discounted summation of all annual operating costs and can be expressed as follows: 

𝑂𝐶 = 𝐶𝑀𝑃𝑊𝐹𝑀 + 𝐶𝑃𝑃𝑊𝐹𝑃 + 𝐶𝐴𝑈𝑋𝑃𝑊𝐹𝐴𝑈𝑋 Eq. VI-32 

Where the 𝐶𝑀 indicate the annual maintenance, 𝐶𝑃 is the electricity cost due to the 

recirculation pumps, and heat pump. While 𝐶𝐴𝑈𝑋 is the energy cost of the auxiliary 

heaters (natural gas boilers). The term 𝑃𝑊𝐹 reflects the present worth factor which 

is calculated for the specific cost of operation taking into account the inflation rate (𝑖) 

and the rate of interest (𝑟) over the lifetime of the proposed system. The cost of 

replacing several equipment units of the proposed SDHS can be estimated as shown 

below: 

𝑅𝐶 = 𝑃𝑉𝐹𝑛 ∑(𝑃𝐸𝐶𝑘 . 𝐹𝐵𝑀𝑘)

𝑘

 Eq. VI-33 

Here 𝑃𝑉𝐹 𝑛 is the present value factor of the future cash flows in the year 𝑛. The 

equipments which will incur a replacement cost in our study due to a high rate of 
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depreciation over the system’s lifespan are the solar collectors, storage tank used for 

DHW, heat pump, heat exchangers, and auxiliary heaters. 

VI.9.2 Eco-environmental input parameters ‒ SI.2 

The initial cost parameters are outlined in Table SIV-4. On the other hand, the annual 

maintenance costs are estimated to be 1.5% of its investment cost. Based on the 

EUROSTAT database [74], the natural gas and household electricity prices are 

0.0526 and 0.1873 Euro/kWh, respectively. 

Table VI-5: The economic parameters for the initial cost of the heat pump 

integrated into SDHS 

Unit 
Options αk βk CAPk Base 

year 

Ref. FBMk 

Solar collector  974.2 0.8330 Aperture area (m2) 2007 [71] 1.00 

Photovoltaic 

panels 

 
300 1 Aperture area (m2) 2016 

 
1.00 

Heat pump  2053.8 -0.348 Thermal power (kW) 2014 [72] 1.00 

DHWT  3955 0.6500 Volume (m3) 2007 [73] 1.00 

Auxiliary heater  225.0 0.7460 Duty (kW) 2001 [52] 2.10 

Heat 

exchanger 

 
3.133 0.3310 Exchange area (m2) 2001 

[52] 
3.29 

Pump (P1, P2)  389.0 283.2 Mass flow rate (kg/h) 2009 [74] 3.24 

Pump (P3, P4)  389.0 717.0 Mass flow rate (kg/h) 2009 [74] 3.24 

SST insulation 𝑋𝑃𝑆 561.09 0.397 Material thickness (m) 2017 [75] 1.00 

 𝑀𝑊 1902.7 0.942 Material thickness (m) 2018 [76] 1.00 

 𝐹𝐺 311.41 0.968 Material thickness (m) 2014 [77] 1.00 

SST 

construction 

𝑁𝐶 
4178.1 -0.394 Volume (m3) 2000 

[78] 

1.00 

 𝐻𝑃𝐶 2575 -0.363 Volume (m3) 2004 1.00 

 𝑈𝐻𝑃𝐶 90.83 -3 Volume (m3) 2004 1.00 
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In addition, an inflation rate of 5.9% and 5% is selected for the natural gas and 

electricity, respectively. Aligning with Braungardt et al. [13] recommendation, an 

inflation rate of 2.3% is selected for the proposed system, whereas the discount rate 

is 3.5%. 

On the other hand, the LCA input parameters are extracted from the Ecoinvent 

database [79]. This database categorizes the damage associated with the SDHS 

equipment based on the Recipe 2016 approach, a summary of the impact of different 

components in the SDHS is shown in Table S2. 

Table VI-6: The environmental impact of heat pump integrated SDHS equipment 

based on ReCiPe 2016 

Unit Option Impact factor (ReCiPe 2016) 

Solar collector  32.5 Pt/m2 

Photovoltaic panels  26.3 Pt/m2 

Heat pump  22.3 Pt/kW 

DHWT  173.1 Pt/m3 

Auxiliary boiler  1.57·103 Pt/kW 

Heat exchanger  2.515 Pt/m2 

Pump  62.8 Pt/kW 

SST insulation 𝑋𝑃𝑆 0.773 Pt/kg 

 𝑀𝑊 0.0016 Pt/kg 

 𝐹𝐺 0.266 Pt/kg 

SST construction 𝑁𝐶 0.008 Pt/kg 

 𝐻𝑃𝐶 0.002 Pt/kg 

 𝑈𝐻𝑃𝐶 0.0206 Pt/kg 

Natural gas  0.0245 Pt/kWh 

Electricity  0.0380 Pt/kWh 
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VII.1  Introduction 

From the Brundtland Report “Our Common Future” in 1987 [1] to UN Climate 

Conference of Parties, 21 of 2015 through the Kyoto Protocol stipulation in 1997, the 

increase of awareness regarding the sustainability can be identified on a global level. 

A vital footstep to spread on the sustainable communities concept relies on the 
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energy efficiency in the building sector. A fraction of 40% of the total energy utilized 

in the Union [2] and 36% of the total emissions of CO2 come from the buildings [3]. 

Thus, in the building sector, the EU environmental and energy policy has progressed, 

and it has covered the sustainability and resource efficiency for reducing the CO2 

emissions and energy consumption [4]. The objective of the European Commission 

is to reduce the CO2 emissions from the building sector in 2050 by 88-91% compared 

to CO2 emission 1990 levels [5]. 

The Netherlands is working on increasing the energy efficiency of buildings since 

1975. They are limiting the transmission losses by controlling the insulation values 

[6]. In 1995,’EPC’ (Energy Performance Coefficient) was added to these limits. It is a 

non-dimensional quantity that uses the energy required for space heating, cooling, 

hot water, humidification, and lighting as an indicator of energy performance. The 

ratio of calculated energy demand to a standard energy performance yields the Dutch 

EPC calculation where the total heated area of the dwelling and the heat transfer 

surface defines the standardized energy performance [7]. In 1996, the value of EPC 

was set to 1.4 that could be achieved through the construction techniques. In 1998, 

the value of EPC was reduced to 1.2. It was further reduced to 1.0 in 2000, 0.8 in 

2006, and 0.6 in 2011. With the introduction of the concept of the nearly zero energy 

buildings (nZEB), the EPC value was further reduced to 0.4 in 2015 [8]. 

The estimation of the heating systems impact and the accurate size of the renewable 

energy system with mutually and multiple different design criteria are the biggest 

challenges during the design of nZEB [9]. That is why; the literature has focused on 

learning the thermal performance of these buildings. In the research papers, the 

objective is achieved through the monitoring studies as given in [10] or through the 

model simulations as provided in [11,12]. The thermal performance of a building helps 

in foreseeing the consequence of the renovation measures of potential energy, and 

then, recognizing the optimized option for energy, comfort as well as addressing the 

economic issues [2]. 

In this context, building energy simulation (BES) can be utilized for studying the 

behavior of the nZEBs under many engineering and design conditions, such as 

thermal properties of the building [13], occupant’s behavior [14], different weather 

conditions [15], as well as energy supply systems [16]. There are several 

uncertainties and driving factors involved in building performance. Such aspects 

require detailed inputs to the BES tool for modelling the thermal performance. 

Software such as EnergyPlus, BLAST, TRNSYS, practices a transient method to 

simulate the cooling and heating loads of the building. Such tools require modelling 

expertise and professional knowledge because they provide reliable, detailed, and 

sophisticated modelling and simulations dynamically inherent into the calculations 

[17]. Another type of simulations is the Black box or statistical approach [18]. This 

approach is used in the case of incomplete information about the building. This 

approach uses the measured data for the identification of the parameters and selects 
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a mathematical model (ARMAX, polynomial, transfer function) to represent the 

thermal behavior of the building [19]. The generation of the training database by using 

the simulation engines is the major challenge of this method because it consumes 

significant computational resources. Heuristic optimization has the same issues when 

it is used for the identification of the objective function specified in relation to the 

building energy use, the thermal comfort level, and economic benefits [20]. 

Apart from the above-described approaches, research has been conducted to define 

a lighter modeling method that can be utilized for the comparative study of the energy 

use and building heating and cooling loads. In one of these researches, RC 

(resistance and capacitance) model is used for modelling the building thermal 

behavior; this approach works on the phenomenon of electrical analogue [21]. In this 

context, researchers have indicted the RC model for modelling the building’s thermal 

reaction under the effect of outdoor and indoor thermal conditions. Berthoua et al.[22] 

simulated the heating and cooling needs of a multi-zone office building by using four 

RC models with different complexity. From the simulation results, it was observed 

that the two-order 6R2C semi-physical model is the best-compromised model out of 

all the tested models. The accuracy of the model for predicting the indoor air 

temperature and thermal needs during the cooling and heating periods was around 

84%. Terés-Zubiaga et al.[23] used monitored data and developed a sophisticated 

RC model for the dwelling. In the first stage, an empty social housing dwelling was 

monitored for 3 months to analyze its thermal performance. Afterwards, the monitored 

data was used for the development of the proposed model. The development of the 

model and some of the results are evaluated and presented later. Asadi et al. [24] 

worked on the development of a multi-objective mathematical model that assists the 

stakeholders in making decisions regarding the energy-minimizing cost-effectively. 

They evaluate the effectiveness of all the combinations of the retrofit actions on a 

simultaneous basis by using an RC model. Liao and Dexter [25] simulated the 

dynamic behavior of the existing heating system by developing a second-order RC 

physical model. The results illustrated that the simple low-order RC model had been 

verified to have a good performance in modeling the heating and cooling need of a 

simple building that usually has one zone or single-use. The shortcoming of the RC 

model is that it presents the performance for a shorter period, such as a few days to 

several weeks. In this way, the long-term prediction is not possible from the RC 

model. Moreover, the simplified models show a lag in quantifications of occupant 

behaviors, building operations, and dynamic behavior of weather conditions. These 

factors strongly influence the RC network’s performance [26]. Thus, the energy 

savings output from simulation models of existing buildings has indicated 

discrepancies often significant in some cases (up to 100% differences), between BES 

model-predicted and the actual metered building energy use [27]. 

In this context, the researchers have conducted several ways to reduce the variations 

between the real-time energy measurements and the model results. A detailed audit 
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is conducted to get a real insight into the different characteristics of the building. It 

was the primary approach used for the calibration of the energy model [28]. All the 

parameters that affect the energy performance of the building must be included in 

these characteristics. Some of the essential parameters are material properties, 

building geometry, lighting and equipment schedules, and type of schedule and 

occupancy [29]. This approach is constructive for the correction of the model, but it 

involves many uncertainties, and it consumes a lot of time [27]. Because of these 

issues, statistical analysis methods such as Bayesian method is utilized to perform 

uncertainty analysis (UA) and calibrate the energy model [30]. For instance, Booth et 

al. [31] used the macro-level data to calibrate micro-level models by utilizing the 

Bayesian method. Bayesian inferences and a combination of regression models were 

used for the estimation of the average consumption intensity. Bayesian methods can 

illustrate the uncertainties involved in the consumption intensities, and that is why 

they are known as bottom-up methods. In simple words, the Bayesian approach 

predicts the range of consumption level with decent probability because it works on 

the basis of the detailed measured data. 

By involving UA into the calculations, many other studies are convinced to use this 

method for the calibration of the energy model [32]. Over the last few decades, 

sensitivity analysis (SA) [33], optimization search algorithms [34], and objective 

penalty function [35] are utilized for calibrating the energy models. Monetti et al. [36] 

have presented an optimization-based calibration procedure. They used GenOpt [37] 

for developing a simulation-based optimization algorithm that minimized the 

variations in the simulation results and the measured data to calibrate the energy 

model. In another paper, Reddy and Sun [35] calibrated a building energy model by 

utilizing an analytical optimization approach. There were four steps in their calibration 

procedure: sensitivity analysis, identifiability analysis, optimization, and uncertainty 

analysis. The sensitivity analysis performed by them was very comprehensive, and 

their results contain the occupant’s behavior during the calibration of the buildings. 

Liu and Henze [38] calibrated the building energy model by utilizing a common 

optimization outline and GenOpt. They majorly focused on cooling loads. They 

exhibited that the model can perform energy model calibration with appropriate 

accuracy. However, for reducing the optimization problem dimensions, the number of 

parameters were kept lower. Therefore, occupants’ behaviors’ effect in the context of 

different factors of consumption is not undertaken in this study. As evidenced from 

the literature review, the majority of these researches focused on quantifying the 

uncertainty associate with building energy model based on the time-independent 

approach with ignoring the temporal variation for some parameters. In other words, 

the underlying occupancy behavior and weather variation are estimated in a 

deterministic manner instead of considering its stochastic nature [39,40]. 

In practice, the construction companies that lead the development of nZEB in the 

Netherlands indicate a substantial obstacle to guarantee the nZEB performance and 
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thus to improve their market position. An additional challenge is that the guarantee of 

building data quality where monitoring a thousand of homes simultaneously isn’t 

feasible since sensors may not function properly and it can be out of budget. 

Therefore, the need for a generic approach to monitor and guarantee the building 

performance is essential. Furthermore, this approach should be based on minimal 

monitoring data for individual homes to find out what is the cause for the current 

situation of the deviations between the actual and expected performance as analyses 

based on wrong data lead to wrong conclusions, wrong decisions, extra costs and 

loss of support. 

Following the challenges facing the construction companies and the limitations 

associate with various strategies for BES regarding the verification and calibration 

processes, this study aims to propose a methodology framework to address these 

shortcomings via the following contributions: 

i. The Development of a Multizone RC-Network on an hourly base. This model 

offers an extended period prediction for the heating demands and indoor air 

temperature with quantifications for the occupant behaviors as well the 

dynamic behavior of weather conditions and building operations. 

ii. Trace the limitations associated with the current building energy models 

calibration through considering the temporal variation associate with the 

climate change projections and the occupant behaviors in the calibration 

process. 

iii. The development of a modelling scheme for defining the difference between 

the predicted and actual energy and indoor performance at an individual 

nZEB based on uncertainty analysis (UA) incorporating Bayesian 

optimization to minimize the required monitoring data. 

iv. The application of the proposed framework is demonstrated through a case 

study to insight the uncertainty importance using a global sensitivity analysis 

approach (GSA). 

Hence, the main novelty is to develop a diagnostic tool to guarantee and proactively 

maintain the indoor climate performance of nZEBs with consideration for the temporal 

variation associate with the climate data and occupant behavior during the operation 

stage of the building. Furthermore, with the data analysis model based on UA 

incorporating GSA, additional knowledge in the future can be added to the builders, 

installers and occupants, which can bridge the nZEB concept with the client 

anticipations. The structure of the paper is: (i) The methodology for developing a 

Multizone RC-Network incorporating the Bayesian optimization for calibration 

purposes is given in Section 2. In addition, it shows the quantification for Uncertainty 

Characterization (UC) based on global sensitivity analysis approach. (ii) The case 

study of the paper for nZEB diagnostic tool is given in Section 3. (iii) The paper’s 

results regarding the developed framework performance are presented and 

discussed in Section 4. Finally, (iv) the concluding marks are given in Section 5 can 
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be useful for the construction and installation companies working with buildings 

performance diagnosis. 

VII.2  Methodology structure 

Figure VII-1 shows the outlines of the proposed methodology framework for 

diagnosing nZEB energy performance which consist of two main phases.  

 

Figure VII-1: General workflow for the diagnostic tool of nZEB energy performance 

Phase 1 includes the development of RC model and its calibration where step (A) 

consists of the development of a RC model for building energy performance. This 

model includes different building thermal properties, occupancy behavior, as well as 

the supply energy systems. In step (B), the Uncertainty Characterization (UC) that 

contains the uncertain RC model parameters are identified and described in a 

probabilistic manner. Once the RC model uncertain parameters are quantified, the 

dimension reduction is implemented to screen the important parameters that affect 

the energy model prediction. In step (C), the Bayesian calibration is carried out to 

minimize the gap between the field observations and the RC-Network simulations 

output. On the other hand, phase 2 comprises the estimation for the uncertainty 

associate with calibrated RC model and the parameters responsible for these 

uncertainties. Therefore, in step (D), Monte Carlo (MC) simulations are used to 
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perform uncertainty analysis (UA) to estimate the variation in the RC Network output. 

In the end, step (E) provides the two-step Global Sensitivity Analysis (GSA) to 

highlight the important effects of uncertain on the energy performance of the nZEB. 

VII.2.1 RC Model formulation 

The core of the RC model relies on two-node model (6R2C) thermal-electric analogy 

that is programmed in MATLAB. This approach based on adapting the electric analog 

to simulate the thermal performance of multi zones dwelling in a dynamic manner. 

The RC model follows the Kirchhoff’s law which is able to provide the temperature 

and the heat flow rate at each simulation time step [20]. 

The key parameters for the heat transfer in the modelling approach are Ø𝑖𝑛𝑡(internal 

heat gain by occupants and appliances, in kW) , Ø𝐻 (heat flow rate sourced from the 

heaters based on heat pump, in kW), Ø𝑒𝑥𝑐ℎ (exchange heat flow rate with other zones, 

in kW),  Ø𝑠𝑜𝑙 ( heat flow rate sourced from solar, in kW), Ø𝑛𝑒𝑖𝑔ℎ (heat flow rate 

exchange with the neighbour, in kW), Ø𝑣𝑒𝑛𝑡 (ventilation and infiltration losses of the 

zone, in kW), Ø𝑡𝑟𝑎𝑛𝑠 (heat flow rate transmitted through the windows, in kW) and Ø𝑔𝑛𝑑, 

(heat loss to the ground, in kW). All energy flows through Zone ith are indicated in 

Figure VII-2, where the blue dashed rectangle describes the inner and outer node. 

 

Figure VII-2: Energy Flow Through Zone ith and its interaction with the surrounding 

The basic idea of the proposed model relies on two specific thermal mass nodes. The 

first node is typically consisting of the indoor envelopes thicknesses including the 

walls, floor, and roof and it counts to a few centimetres in addition to the furniture. 
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This part of the thermal mass is called the ‘indoor mass’, 𝐶𝑖𝑛𝑡. While the second node 

states for the heat exchange between the indoor thermal mass and the ambient 

through the 𝑅𝑒𝑥𝑐ℎ, and it is called the ‘outdoor mass’, 𝐶𝑤𝑎𝑙𝑙. The thermal capacity of 

the air is neglected since it is relatively small compared to the indoor walls’ capacity. 

The RC Network representing the building by the two thermal masses is illustrated in 

Figure VII-3. For estimating the total thermal mass of the building, a simplified formula 

derived using volume and density of the building materials is utilized, and it can be 

expressed as following [41]: 

𝐶 = 𝛼. 𝑉𝛽 . 𝑓𝑐 Eq. VII-1 

where 𝛼 & 𝛽 coefficients are 0.18 and 0.92, respectively. While 𝑓𝑐 is a correction factor 

which is defined as the ratio between the indoor mass and the total mass, which is 

initially set to 0.3. 

To better take into account the heat transmitted through the envelope in each zone, 

the proposed model has three temperature nodes which are 𝑇𝑖𝑛𝑡 (indoor zone 

temperature, in oC), 𝑇𝑤𝑎𝑙𝑙 (envelope zone temperature, in oC), and 𝑇𝑜𝑢𝑡 (outdoor 

temperature, in oC). It can be described based on stochastic differential equations in 

the following way: 

𝑑𝑇𝑖𝑛𝑡𝑖

𝑑𝑡
=

1

𝐶𝑖𝑛𝑡𝑖

(Ø𝑖𝑛𝑡𝑖
+ Ø𝑠𝑜𝑙𝑖

+ Ø𝑣𝑒𝑛𝑡𝑖
− Ø𝑒𝑥𝑐ℎ𝑖

+ Ø𝑒𝑥𝑐ℎ𝑖,𝑖𝑛
+ Ø𝑛𝑒𝑖𝑔ℎ𝑖

+ Ø𝑛𝑒𝑖𝑔ℎ𝑖+1
+ Ø𝐻𝑖

) 

Eq. VII-2 

Where: Ø𝑣𝑒𝑛𝑡𝑖
= 𝑈𝐴𝑣𝑒𝑛𝑡𝑖

(𝑇𝑜𝑢𝑡 − 𝑇𝑖𝑛𝑡𝑖
) Eq. VII-2.1 

             Ø𝑒𝑥𝑐ℎ𝑖
= 𝑈𝐴𝑒𝑥𝑐ℎ𝑖

(𝑇𝑖𝑛𝑡𝑖
− 𝑇𝑤𝑎𝑙𝑙𝑖

) Eq. VII-2.2 

             Ø𝑒𝑥𝑐ℎ𝑖, 𝑖𝑛
= 𝑈𝐴𝑒𝑥𝑐ℎ𝑖, 𝑖𝑛

(𝑇𝑖𝑛𝑡𝑖𝑛
− 𝑇𝑖𝑛𝑡𝑖

) Eq. VII-2.3 

             Ø𝑛𝑒𝑖𝑔ℎ𝑖
= 𝑈𝐴𝑛𝑒𝑖𝑔ℎ𝑖

(𝑇𝑛𝑒𝑖𝑔ℎ𝑖
− 𝑇𝑖𝑛𝑡𝑖

) Eq. VII-2.4 

            Ø𝑛𝑒𝑖𝑔ℎ𝑖+1
= 𝑈𝐴𝑛𝑒𝑖𝑔ℎ𝑖+1

(𝑇𝑛𝑒𝑖𝑔ℎ𝑖+1
− 𝑇𝑖𝑛𝑡𝑖

) Eq. VII-2.5 

𝑑𝑇𝑤𝑎𝑙𝑙𝑖

𝑑𝑡
=

1

𝐶𝑤𝑎𝑙𝑙𝑖

(Ø𝑡𝑟𝑎𝑛𝑠𝑖
+ Ø𝑔𝑟𝑜𝑢𝑛𝑑 + Ø𝑒𝑥𝑐ℎ𝑖

) Eq. VII-3 

Where: Ø𝑔𝑟𝑜𝑢𝑛𝑑𝑖
= 𝑈𝐴𝑔𝑛𝑑𝑖

((𝑇𝑔𝑟𝑜𝑢𝑛𝑑 + 𝑇𝑜𝑢𝑡)/2 − 𝑇𝑤𝑎𝑙𝑙𝑖
) Eq. VII-3.1 

             Ø𝑡𝑟𝑎𝑛𝑠𝑖
= 𝑈𝐴𝑡𝑟𝑎𝑛𝑠𝑖

(𝑇𝑜𝑢𝑡 − 𝑇𝑤𝑎𝑙𝑙𝑖
) Eq. VII-3.2 

In general, the inverse of the heat loss coefficient (𝑈) through different building skin 

is used to represent the thermal resistances in the proposed model. For the internal 

temperature node, the solar and internal heat gains tend to raise the indoor zone 

temperature. While the ventilation, infiltration and conduction heat losses tend to 

reduce it. The conduction heat losses to the ambient are represented through the 

sum of the 𝑅𝑒𝑥𝑐ℎ. 𝑅𝑒𝑥𝑐ℎ𝑛
 is presented to represents the transfer of heat between the 

floor and internal walls if the zone thermal coupling will be considered. Moreover, the 
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ventilation and infiltration losses of the building are represented by the thermal 

resistance 𝑅𝑣𝑒𝑛𝑡. On the other hand, the heat flow in the envelope zone temperature 

node is made up of the sum of the heat flow rate transmitted to the ground 𝑅𝑔𝑟𝑜𝑢𝑛𝑑, 

windows 𝑅𝑡𝑟𝑎𝑛𝑠 and ambient 𝑅𝑒𝑥𝑐ℎ. 

In the proposed method, the internal heat gain is counting for heat gains by 

occupants, appliances, and lighting devices where occupants heat gain is estimated 

based on a schedule for the number of occupants in each zone. In order to 

incorporate the heat gain caused by the appliance, the net electricity consumption for 

the dwelling is determined by using the measured data of the electricity consumption 

from the grid, generation from PV panels, electricity consumption by a heat pump and 

the surplus electricity fed to the grid from the PV panels. 

 

Figure VII-3: Thermal network for the simplified model of Multizone dwelling 

In calculating solar gains, solar radiation is not always perpendicularly oriented on 

the window. Thus solar fraction factor (𝑠𝑓) is introduced to covert the solar radiation 

on a horizontal surface to a vertical surface, and it can be expressed as [42]: 
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Ø𝑠𝑜𝑙 = 𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔 . 𝑄𝑠𝑜𝑙 . 𝐴𝑔𝑙𝑎𝑠𝑠 . 𝑠𝑓. 𝐺𝑣𝑎𝑙𝑢𝑒 Eq. VII-4 

Where 𝑄𝑠𝑜𝑙 is the amount of global solar radiation as a function of envelope shading 

reduction factor 𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔, effective solar collecting area 𝐴𝑔𝑙𝑎𝑠𝑠, and 𝐺𝑣𝑎𝑙𝑢𝑒 is the solar 

energy transmittance. 

Based on the measured data, mechanical ventilation, and the natural ventilation 

comprising infiltration and occupant behavior regarding opening/closing windows and 

doors are quantified. For mechanical ventilation, it can be easily seen that it varies 

depending on the position of ventilation. However, there is no specific sensor data to 

obtain the ventilation position. Therefore, the energy consumption of the mechanical 

ventilation for all dwellings is used to estimate the position of ventilation in each zone, 

and subsequently, the mechanical ventilation volumetric flow rate. 

For the occupant behavior regarding the windows and doors opening, the volumetric 

flow rate through windows that are opened on a single side is estimated through 

counting for the fresh air into buildings based on the pressure difference across the 

window, and it can be expressed as [43]: 

𝑞(𝑡) = 𝑂𝑝𝑒𝑛𝑖𝑛𝑔 𝑠𝑒𝑛𝑠𝑜𝑟(𝑡). 𝐶𝑑. 𝐴(𝜃(𝑡)). √
2|𝛥𝑃𝑡ℎ(𝑡)|

𝜌
 Eq. VII-5 

where: ∆𝑃𝑡ℎ(𝑡) =
1

2
𝜌. 𝐶𝑝. 𝑉𝑤𝑖𝑛𝑑(𝑡)2   

Where 𝐶𝑑 is the discharge airflow rate coefficient, which represents the fractional loss 

of airflow due to windows’ geometry. 𝐴(𝜃(𝑡)) is the window opening area only for the 

ingoing airflow, and it is a share of the total operable building’s window area 

depending on the windows open percentage ‘𝜃’ at the given time ‘𝑡’, 𝜌 is the air 

density, and 𝛥𝑃𝑡ℎ is the difference of pressure across the window opening. The ∆𝑃𝑡ℎ 

across the window opening is approximated estimated as a function of the local air 

velocity ‘𝑉𝑤𝑖𝑛𝑑 ’, for a given configuration of the building at a given time ‘𝑡’, and 𝐶𝑝 is 

the wind pressure coefficient [44]. 

The volumetric airflow through infiltration can be modeled by Power Law below which 

is the function of an air pressure differential across a building envelope and the flow 

characteristic of the shell. 

𝑄𝑣 = 𝐶𝑣 ∗ ∆𝑃𝑛 Eq. VII-6 

where 𝐶𝑣 is air permeability coefficient, ∆𝑃 is pressure difference and 𝑛 flow exponent. 

Theoretically, the flow exponent lies between n = 1 and n=0.5. n=1 shows the fully 

developed laminar airflow and n = 0.5 given the fully developed turbulent airflow. 

Measured infiltration rate (𝑄𝑣10
) for the dwelling is 1 l/s.m2 at 10 Pa pressure 
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difference. Then 𝑄𝑣10
 is extrapolated back to more typical pressures inside dwellings 

(1-5 Pa). The pressure difference inside the dwelling is assumed 1 Pa, and the n is 

assumed 0.5 in this model. Although the pressure difference inside the dwelling 

changes over the year based on wind orientation and wind speed, however, it is 

assumed constant in this model. 

Finally, we estimate the energy provided by the heat pump. Firstly the temporary 

temperatures are calculated for the next time step by state Eq. VII-2 and Eq. VII-3. 

After that, the required heating powers for each zone are calculated based on setpoint 

zone temperatures (𝑇𝑠𝑒𝑡𝑖
) and temporary temperatures. Then the heating capacity is 

evenly distributed based on the heating needs in each zone. Finally, the temperatures 

in the next time step are calculated based on adjusted heating powers for each zone. 

 

Figure VII-4: A flow chart for the RC Model inputs 

A flowchart summarizes the RC model inputs is shown in Figure VII-4. This model is 

using the hourly bases for the metrological data, including the hourly-radiation on a 

horizontal surface, hourly-outdoor temperature, hourly wind speed, and average 

ground temperature. In terms of the building’s envelopes, the zone geometry, the 

infiltration rates as well the building envelopes comprising the walls, floors and roof 

materials are defined. For the occupant behavior impact on the building performance, 

the RC model uses the hourly-setpoint temperature, the daily occupancy schedule, 
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and the hourly-opening/closing schedules for windows and doors. Finally, in terms of 

the equipment operation, the mechanical ventilation performance as well the heat 

pump performance and energy consumed by lighting and appliances are considered 

as inputs in the developed model. 

VII.2.2 Calibration of the building model 

In the building industry, the simplified simulation models is a common approach used 

for the analysis of the building performance [45]. However, there are a lot of variations 

between the actual consumption of real buildings and the simulation results. 

Therefore, these models can be calibrated to identify savings and analyze retrofit 

options for supporting the investments grade Energy Conversion Measures [46]. 

When the forward energy simulation program that involves various numerical inputs 

are calibrated against the building energy data, a highly under-determined problem 

occurs with non-unique solutions [45]. Kaplan et al. [47], have noticed that sensitivity 

issues and the exact solutions of the calibration problems have primary significance 

in the field of the calibration. According to another perspective, a dynamic matching 

between the measured values and the computed data over one year is required for 

the calibration. Calibration cannot be performed at a static one at one condition [48].  

To understand the concept of model calibration, model uncertainty is essential to 

understand, especially, for the indeterminate models of complex systems. The recent 

BES studies have neglected this vital issue, and it is not considered in any validation 

criteria of BES [27]. Østergård et al. [49] have classified the different uncertainty 

sources in BES as follows: 

• Specification Uncertainty: occurs because of the inaccurate and 

incomplete specifications of the modelled building. Plant schedules, HVAC 

specifications, geometry, system, and material properties, etc. are the 

exposed model parameters that are included in the specification uncertainty.  

• Modelling Uncertainty: It occurs because of the assumptions and 

simplifications of the complex models. These assumptions can be hidden 

from the tool (calculation algorithms) or maybe explicit to the modeler.  

• Scenario Uncertainty: It occurs because of the external conditions that are 

imposed on the building. For instance, occupant’s behavior and outdoor 

climate conditions.  

In the current study, we are considering only the specification uncertainty and 
scenario uncertainty associated with the RC-model, and they are classified into four 
main categories comprises climate input data, building envelope, equipment system, 
and occupant behavior. 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VII.Allocation for Nearly Zero Energy Building Constraints 

 

   318 

 

VII.2.3 Uncertainty characterization (UC) 

Uncertainty Characterization (UC) identifies the uncertain parameters associate with 

the RC model development and assign a mathematical description for their 

uncertainty. The uncertain parameters can be classified based on their time 

dependency, as shown in Figure VII-5. In the time-independent uncertain parameters, 

the uncertainty associated with these parameters is constant over its whole 

simulation period. While the time-dependent uncertain parameters are temporal 

variables where they change at the time step of each simulation. The parameter 

uncertainty is described through the probabilistic methods. These probabilistic 

methods consider each parameter as a random variable by following the probability 

density function (PDF) [50]. Coakley et al. [27] gave a review of different UC 

approaches for describing the uncertain parameters of BES models. The next 

sections of the report discuss the UC approaches that are used for all the parameter 

categories of BES model. At each zone of the RC Model, 18 different uncertain 

parameters are found. 

 
Figure VII-5: Types of uncertain parameters: (a) time-independent parameters, (b) 

time-dependent parameter 

a. Climate input data 

Due to weather nature, there are high uncertainties in weather data. It further causes 

variations in building energy usage. In BES, Finkelstein-Schafer method is used for 

applying the chosen meteorological year from actual weather data over several 

decades [51]. Currently, concerns have arisen that a single weather file (that consists 

of 8760 hours values) does not contain sufficient and reliable information on credible 

weather conditions. In this way, it can’t be reliable for assessing the building energy 

performance [52]. The simulated energy consumption based on typical weather data 

is not able to represent the weather data for actual meteorological years. 

Furthermore, historical weather conditions do not affect building performance. 

However, future climate affects building performance. Most of the weather data that 

is obtained from the historical data do not help forecast the building energy usage in 
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the future [53]. The uncertainty associated with the weather data comprises; the solar 

radiation ‘𝑄𝑠𝑜𝑙 ’, wind speed ‘𝑉𝑤𝑖𝑛𝑑 ’, the ambient temperature ‘𝑇𝑜𝑢𝑡 ’, and ground 

temperature ‘𝑇𝑔𝑟𝑜𝑢𝑛𝑑 ’. 

Kaplanis and Kaplani [54] performed an outstanding analysis regarding solar 

radiation uncertainty. They used their observed data for analyzing the stochastic 

characteristics of global solar radiation based on an hourly basis. They deduct the 

following conclusions from their study: 

• In hourly global solar radiation, the fluctuation is high in winter and lower in 

summer.  

• In a day, the fluctuations are higher in the morning and late afternoon and 

lower around the solar noon.  

• The normal distribution is experienced in hourly solar radiation. 

A summary of the probability distribution of hourly global solar radiation is shown in 

Table VII-1. For depicting the frequency distribution of wind speed, probability density 

function (PDF) is a widely used technique. Several PDF approaches are proposed 

for wind speed estimation [55]. Among all the PDF approaches for wind energy, 

Weibull distribution is the most reliable and authentic approach [56]. It is illustrated in 

Table VII-1. Moreover, for the ground and ambient temperatures, a normal 

distribution is used by applying the mean equal to normal values as given in Table 

VII-1 [57,58]. 

b. Building envelope 

The windows properties, building insulation materials thickness, and other properties 

such as building thermal correction factor and infiltration rate are the building 

envelope properties that affect the BES model’s performance. The differences 

between the design specifications and the construction outcomes cause uncertainties 

in the insulation materials’ thickness and subsequently changes its insulation 

capacity. Wei Tiana et al. [53] followed the assumption that the parameter of materials 

thickness follows a normal distribution that contains a standard deviation of 5% of the 

mean value. Gaussian distribution is used for describing different parameters such 

as U-value of windows ‘𝑈𝑔𝑙𝑎𝑠𝑠 ’, G-value of windows ‘𝐺𝑣𝑎𝑙𝑢𝑒 ’, and shading factor 

reflecting the blinds effect ‘𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔 ’, and they were described based on a Gaussian 

distribution [59–61]. For the infiltration rate that depends on the construction quality, 

weather conditions, function of age, and building use [44]. It is counted as one of the 

most uncertain parameters because it is not easy to determine in buildings [62]. In 

this study, a Normal distribution that contains a standard deviation of 12.5% of its 

mean is considered. Finally, for the  𝑓𝑐𝑖
 at zone 𝑖 which as always unknown 

parameters in the RC model, we assume it as a uniform distribution ranged between 
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10% and 90%. A summary for the uncertainty associated with the building envelopes 

parameters is shown in Table VII-1. 

c. Equipment system 

Based on the manufacturer data, engineering judgement, and experience and 

recommendations of Smith et al. [63], the systematic and random uncertainty values 

for the heat recovery efficiency ‘𝜂𝑓𝑎𝑛’ are taken as ±0.5% of its mean value. Following 

the recommendation by Zhang [61], the uncertainty associated with the mechanical 

ventilation ‘𝑣𝑒𝑛𝑡.𝑖 ’ at zone 𝑖 is considered as a normal distribution with a standard 

deviation 2.5% of its mean value. 

d. Occupant behavior 

The relationship between the thermal performance of a building and its occupant 

behavior has emerged as an essential topic for research [64]. Occupant behavior is 

capable of introducing significant uncertainties in BES [65]. The detailed studies have 

shown that occupancy behavior in comparable buildings can lead to different energy 

consumption [26,66]. 

Most of the energy building simulation programs consider the factors linked to the 

occupant’s behavior as deterministic by allowing the users to postulate fixed temporal 

schedules for occupancy-related variables, such as zone-heating set points, 

occupants, and closing/opening of the windows. These schedules can be easily 

implemented, but they are not responsible for the human behavior’s stochastic nature 

or its interaction with the indoor environment of the buildings [53]. Following Sun et 

al. [67] recommendation, normal distributions are assigned to the occupant schedule 

‘𝑂𝑐𝑐𝑢𝑝𝑠𝑐ℎ𝑖
’ and their relative internal heat gain ‘𝑂𝑐𝑐𝑢𝑝𝑖𝑛𝑡𝑖

’ at zone 𝑖 with a standard 

deviation 25% of its mean value. Furthermore, the same distribution is used with zone 

setpoint temperature ‘𝑇𝑠𝑒𝑡𝑖
’ at zone 𝑖 with a 14% standard deviation to its mean value 

[53]. Finally, the angle of opening/closing the windows and doors ‘𝜃𝑖 ’ at zone 𝑖 are of 

the most controversial issues regarding the BES. We assume that the fraction of 

opening windows is following a uniform distribution ranged between 1% and 90% with 

an initial value of 10%. In reality, many other occupant behaviors parameters such as 

the opening/closing windows schedule can contribute significantly to the BES 

performance especially in the nZEB case. However, due to the lack of information 

regarding the uncertainty associates with such these parameters, we define them 

only in a deterministic manner. A summary of the uncertainty associated with the 

occupant behavior parameters is shown in Table VII-1. 
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Table VII-1: Parameter-uncertainty distributions affecting the RC model 

performance 

Parameter 

category 

Uncertain 

parameter 

Time frame Probability 

distribution 

Ref. 

Input climate 

data 

𝑄𝑠𝑜𝑙 

November–April, 

9:00 am–3:00 pm 

𝑁(𝜇, 0.12𝜇) 

[54] 

November–April, the 

rest of the day 

𝑁(𝜇, 0.25𝜇) 

May–October, 9:00 

am–3:00 pm 

𝑁(𝜇, 0.03𝜇) 

May–October, the 

rest of the day 

𝑁(𝜇, 0.08𝜇) 

𝑉𝑤𝑖𝑛𝑑  Time-dependent 𝑊𝑒𝑖(1.6,4.6) [56] 

𝑇𝑜𝑢𝑡 
Time-dependent 𝑁(𝜇, 0.067𝜇) [57] 

𝑇𝑔𝑟𝑜𝑢𝑛𝑑 Time-dependent 𝑁(𝜇, 0.01𝜇) [58] 

Building 

envelope 

𝑅𝐶𝑟𝑜𝑜𝑓 Time-independent 𝑁(𝜇, 0.05𝜇) [53] 

𝑅𝐶𝑓𝑙𝑜𝑜𝑟  Time-independent 𝑁(𝜇, 0.05𝜇) [53] 

𝑅𝐶𝑓𝑎𝑐𝑎𝑑𝑒 Time-independent 𝑁(𝜇, 0.05𝜇) [53] 

𝑈𝑔𝑙𝑎𝑠𝑠 Time-independent 𝑁(𝜇, 0.004𝜇) [59] 

𝐺𝑣𝑎𝑙𝑢𝑒 Time-independent 𝑁(𝜇, 0.006𝜇) [60] 

𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔 Time-dependent 𝑁(𝜇, 0.25𝜇) [61] 

𝐼𝑛𝑓𝑙.𝑖 
Time-independent 𝑁(𝜇, 0.0125𝜇) [61] 

 𝑓𝑐𝑖
 Time-independent 𝑈(1%, 90%) - 

Equipment 

system 

𝜂𝑓𝑎𝑛 Time-independent 𝑈(75%, 85%) [63] 

𝑣𝑒𝑛𝑡.𝑖 
Time-independent 𝑁(𝜇, 0.025𝜇) [61] 

Occupant 

behavior 

𝑂𝑐𝑐𝑢𝑝𝑠𝑐ℎ  Time-dependent 𝑁(𝜇, 0.25𝜇) [67] 

𝑂𝑐𝑐𝑢𝑝𝑖𝑛𝑡 
Time-dependent 𝑁(𝜇, 0.25𝜇) [67] 

𝜃𝑖 
Time-dependent 𝑈(0%, 90%) - 

𝑇𝑠𝑒𝑡𝑖
 Time-dependent 𝑁(𝜇, 0.14𝜇) [53] 
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VII.2.4 Dimension reduction using Morris analysis 

The dimension reduction strategy is used to identify the key uncertain parameters out 

of various uncertainty variables given in Table VII-1, which influence the performance 

of the BES based on RC model. It facilitates an accurate prediction within the BES 

performance. As shown in Figure VII-6, the first step of the dimension reduction 

technique is to generate an input matrix. It is generated by grouping the design 

parameters on the basis of the distribution of the parameters with consideration of its 

time-dependent nature. 

 

Figure VII-6: Dimension reduction process 

The simulation scenarios are designed by using the input matrix. The design is used 

for determining the BES performance data based on the simulation of RC model as 

given in section 2.1. The simulation results were then used to calculate the zone 

temperature and its thermal energy consumption to generate the element effects, and 

the mean values and standard deviations of the element effects. The final step was 

to compare the standard deviations and mean values for determining the effect of 

each uncertain parameter so that the key uncertain parameters can be found out. 
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Morris global sensitivity analysis is a dimension reduction process that is used in this 

study. It offers the handling of large samples at low computational costs. Furthermore, 

it helps achieve optimized cooperation between efficiency and accuracy [68]. The 

following equation is used for determining the minimum number of required 

simulations in Morris analysis [69]. 

𝑁𝑠 = 𝑟(𝑘 + 1) Eq. VII-7 

Where 𝑁𝑠 is the number of total simulations, 𝑟 is the number of elementary effects 

per parameter, and 𝑘 represents the number of design parameters. 

From Morris analysis, two sensitivity indicators, i.e. mean value (𝜇) and standard 

deviation (𝜎) of the absolute values of the elementary effects as defined in Eq. VII-8 

and Eq. VII-9 respectively [69]. The input parameter’s influence on the output value 

can be determined with the help of the mean value. Moreover, the interactions among 

the non-linear effects or the parameters can be determined with the help of the 

standard deviation. A plane (𝜇, 𝜎) is used for presenting these methods in Morris 

analysis. The presentation of the plane also helps in comparing their relative influence 

[70]. 

𝜇 = ∑|𝐸𝐸𝑖|/𝑟

𝑟

𝑖=1

 Eq. VII-8 

𝜎 = √∑ |𝐸𝐸𝑖 − 𝜇|2/𝑟
𝑟

𝑖=1
 Eq. VII-9 

where 𝐸𝐸 is the elementary effect, and 𝑟 shows the total number of elementary effects 

for each parameter. 

The elementary effect 𝐸𝐸 is derived from a model 𝑦 =  𝑦(𝑥1, … , 𝑥𝑗) with 𝑗 input 

parameters, i.e. 𝑥1, … , 𝑥𝑗. The 𝐸𝐸 for the 𝑖𝑡ℎ input parameter at the 𝑘th sampling 

point is calculated by Eq. VII-10. 

𝐸𝐸𝑖
(𝑘)

=
𝑦(𝑥1

(𝑘)
, 𝑥2

(𝑘)
, … . , 𝑥𝑖−1

(𝑘)
, 𝑥𝑖

(𝑘)
+ 𝛥, 𝑥𝑖+1

(𝑘)
, … , 𝑥𝑗

(𝑘)
) − 𝑦(𝑥1

(𝑘)
, … , 𝑥𝑗

(𝑘)
)

𝛥
 Eq. VII-10 

The proper sampling of each input variable within its defined range is required for the 

success of the Morris sensitivity analysis. This study used the Latin hypercube 

sampling method that can generate a specific amount of discretized values within the 

range of every parameter. This method helps improve the efficiency of the Morris 

method [71]. 
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VII.2.5  Bayesian optimization 

Following the proposed framework, the Bayesian calibration [72] tends to incorporate 

the uncertainty of the parameters in the calibration process, and correct any 

inadequacy associate with them to keep the difference between the model prediction 

and observed values minimum. 

In this study, a Bayesian approach is used for calibrating the uncertain parameters 𝜃. 

The calibration of energy simulation models is performed in accordance with the 

building specifications and the observed data 𝑦. The calibration process aims to find 

the closest match between the observed data and the energy simulation data by 

deriving the values for 𝜃. The method of Bayesian calibration (mathematical 

formulation) devised by Kennedy and O’Hagan [73] is used in this study. Three types 

of uncertainties are captured by the statistical formula: (i) discrepancy between the 

true behavior of building and the simulation model, (ii) parameter uncertainty in the 

energy simulation model, and (iii) errors because of the observations. Known 

conditions x are used for quantifying these uncertainties. Eq. VII-11 gives the 

relationship between the model outputs and the observations: 

𝑦(𝑥) = 𝜂(𝑥, 𝜃) + 𝛿(𝑥) + 𝜀(𝑥) Eq. VII-11 

𝑦(𝑥) denotes the observations, the simulation model outputs that are computed at 

the given conditions 𝑥 are given by 𝜂(𝑥, 𝜃). Known occupancy and external 

temperatures are examples of the known input conditions 𝑥. Even with the help of the 

calibration parameters, simulated models cannot perfectly predict the energy 

consumption of a building. Indeed, building energy models are based on 

approximations of the heat transfer processes occurring in a building. 𝛿(𝑥) represents 

the discrepancies between the physical behavior and simulated behavior of the 

building. This term helps in the over-estimation of the calibration values. It also 

indicates the shortages of the energy model. All the errors that occur during the 

recording of observations are given by 𝜀(𝑥). 

In the Bayesian paradigm, expert judgement is used for assigning the prior 

distributions 𝑝(𝜃) to the uncertain parameters. Several sources can be used for 

deriving it. Observations obtained from the formal set up are used for updating the 

prior distributions. In this system, the chances of obtaining observations from the 

simulated model drive the updating process of the prior distributions. As a result of 

this, plausible distributions of calibration parameters that are also known as posterior 

distributions are collected.  

For characterizing the performance of the developed model, the accuracy is 

evaluated by utilizing a group of performance metric of the metamodel. Following 

standard evaluation measures are included in the performance metrics: (i) R-squared 
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(𝑅2), (ii) Coefficient of Variation (𝐶. 𝑉), and (iii) Symmetric mean absolute percentage 

error (𝑆𝑀𝐴𝑃𝐸), their formulas are expressed in Eq. VII-12 to Eq. VII-14. 

𝑅2 = 1 −
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑑𝑎𝑡𝑎,𝑖 − 𝑦
𝑑𝑎𝑡𝑎

)
2𝑛

𝑖=1

 Eq. VII-12 

𝐶. 𝑉(%) = √
∑ (𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 − 𝑦𝑑𝑎𝑡𝑎,𝑖)

2𝑛
𝑖=1

𝑦
𝑑𝑎𝑡𝑎

× 100 Eq. VII-13 

𝑆𝑀𝐴𝑃𝐸(%) =
1

𝑛
∑

|𝑦𝑑𝑎𝑡𝑎 − 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡|

(|𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡| + |𝑦𝑑𝑎𝑡𝑎|) 2⁄
× 100

𝑛

𝑡=1

 Eq. VII-14 

In the above equations, 𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖  gives the predicted value at time point 𝑖. 𝑦𝑑𝑎𝑡𝑎,𝑖 is the 

actual value at time point 𝑖, 𝑛 represents the total number of the data points, and 𝑘 

gives the number of regressors. There are two main reasons for which the 𝐶. 𝑉 is 

used as an objective function in the model set. The first reason is that its index allows 

to determine how well a model fits the data by capturing offsetting errors between 

measured and simulated data. Therefore, it does not suffer from the cancellation 

effect [27]. The second reason is the recommendation of ASHRAE for using 𝐶. 𝑉 in 

evaluating the BES models [74].  

VII.2.6 Uncertainty analysis (UA) 

The uncertainty analysis requires two basic functions; the deterministic model 𝑦 =

𝑔(𝑥) of the inspected system (section 2.1) and a probabilistic framework for the 

uncertain variables of the model (Section 2.2.1), The initial step of UA is to generate 

𝑁 samples for every 𝑘 uncertain variables by utilizing their probability distributions. 

Then, the samples are kept in a matrix 𝑿 Eq. VII-15. The 𝑗𝑡ℎ sample of a parameter 

𝑋𝑖  is given by 𝑥𝑖,𝑗 based on Latin hyper cube design, In the space-filling design, we 

consider the range [0,1] divided into 𝑁 intervals of the equal length 1/𝑁. One point is 

selected at random from each interval forming a sequence of 𝑁 points in 

𝐻1 {1}, 1, . . , 𝑖 𝑥 𝑖 =  𝑁. Similarly, but independently we construct another sequence 

{𝑥𝑖
2}, 1, . . , 𝑖 𝑥 𝑖 =  𝑁. The two sequences {𝑥𝑖

1}, 1, . . , 𝑖 𝑥 𝑖 =  𝑁 𝑎𝑛𝑑 {𝑥𝑖
2}, 1, . . , 𝑖 𝑥 𝑖 =  𝑁 

can be paired to populate a bidimensional space. These 𝑁 pairs can in turn randomly 

be combined with the 𝑁 values of {𝑥𝑖
3}, 1, . . . , 𝑖 𝑥 𝑖 =  𝑁 to form 𝑁 triplets, and so on 

until an n-dimensional sequence of N is formed. The Latin hypercube has better 

space-filling properties than another random sampling since it allows us to obtain a 

full distribution of the output in less time than Monte Carlo; that is why; it is used for 

sampling from the parameter distribution [71]. 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VII.Allocation for Nearly Zero Energy Building Constraints 

 

   326 

 

𝑿 = [

𝑥1,1 𝑥2,1 ⋯ 𝑥𝑘,1

𝑥1,2 𝑥2,2 ⋯ 𝑥𝑘,1

⋮
𝑥1,𝑁

⋮
𝑥2,𝑁

⋱
⋯

⋮
𝑥𝑘,𝑁

] Eq. VII-15 

After developing the sample matrix, the next step is to evaluate 𝑁 Monte Carlo of the 

deterministic model. It is evaluated one per row of a matrix to get the model 

response, 𝒚, see Eq. VII-16. The uncertainty impact can be quantified through the 

evaluation of the statistical and variability characteristics. 

𝒚 = [

𝑦1

𝑦2

⋮
𝑦𝑁

] =

[
 
 
 
𝑔(𝑥1,1, 𝑥2,1, … . . , 𝑥𝑘,1)

𝑔(𝑥1,2, 𝑥2,2, … . . , 𝑥𝑘,2)

⋮
𝑔(𝑥1,𝑁 , 𝑥2,𝑁 , … . . , 𝑥𝑘,𝑁)]

 
 
 

 Eq. VII-16 

While using the Monte Carlo simulations, a random question arises regarding the 

number of iterations for the sufficient accuracy of the results. Based on the availability 

of the competitional resources, 10,000 simulations are selected as a thumb rule for 

the current study.  

VII.2.7 Sensitivity analysis (SA) for building performance 

After identifying the uncertainty associate with the parameters in the calibrated BES 

model based on Monte Carlo simulations, SA is performed to identify the most 

influential uncertain parameters in the building performance. The main output 

indicators are; the total energy thermal consumption at each building zone (𝑄𝐻𝑒𝑎𝑡) 

and the total over/underheating hours (𝑡𝑜/𝑢) in which the operating temperature at 

each zone gets out of the thermal comfort conditions (20:24 oC) identified by the 

ISO7730 [75]. 

Given the drawbacks in the local sensitivity analysis approach [76], a two-step global 

sensitivity analysis (GSA) approach is proposed in this study, as shown in Figure 

VII-7. In the first step, the Morris analysis is applied to screen the insignificant 

uncertain parameters and rank them in a low computational cost, as mentioned in Eq. 

VII-7 in terms of two objective outputs (𝑄𝐻𝑒𝑎𝑡 and 𝑡𝑜/𝑢). Noting that this ranking and 

screening phase is only qualitative approach, thus it cannot quantify the important of 

each parameter. Following this limitation, another GSA technique is proposed in the 

second step to provide more quantitative information regarding the uncertain 

investigated parameters. 
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Figure VII-7: Two-steps GSA approach including screening phase (first step) 

based on Morris analysis and a second step using BACOO method using the 

subset of candidate parameters from the first step 

In the second step, the Bayesian analysis of computer code outputs (BACCO) [73] is 

employed. The advantage of this method includes investigating a full range of the 

input parameters and their distribution. In addition, it offers a substantial declination 

in the computational cost compared to other GSA methods [77]. The BACCO 

approach has two main key stages. In the first stage, a set of training data are utilized 

to develop a statistical model derived from the RC model simulations. The training 

data tends to cover the whole problem domain based in a multidimensional filling 

algorithm (Latin hypercube design). In order to verify the model accuracy, cross-

validation is applied to the developed model. In the second stage, the statistical model 

is proposed to in quantifying the importance of parameters in interest and their relative 

interaction due to its low computational expenses [78]. 

VII.3 Case study 

VII.3.1 Building general description 

The application of the proposed framework is illustrated through a two-story dwelling 

located in a district of Emmen at the Netherlands. A layout for the dwelling is shown 

in Figure VII-8 where the total floor area is 60 m2, and the ceiling height is 3 m. The 

considered dwelling has two external façades with a total area of 33.7 m2, oriented to 

the East and West, whereas the opaque part represents 19.6 m2. The first floor 

consists of living room, kitchen and the entrance. While the second floor has 3 

bedrooms, one storage room, one bathroom and the hallway. 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VII.Allocation for Nearly Zero Energy Building Constraints 

 

   328 

 

 

Figure VII-8: A layout for the two-story Emmen’s dwelling: (a) first floor (Zone 1) 

highlighted in red, and (b) second floor (Zone 2&3) highlighted in blue and green, 

respectively 

A 3-zone model is applied in Emmen’s dwelling. The first floor is an open kitchen and 

living room with two temperature sensors. Therefore, as it is seen in Figure VII-8 all 

first floor is defined as Zone 1. All bedrooms have temperature sensors, and the 

orientation of the bedrooms is different. Whereas bedroom 1 and 2 face towards the 

west and bedroom 3 faces towards east. Moreover, it can be possible that 2 

bedrooms are heated, and one is unheated and vice versa. Therefore, to distinguish 

the conditioned and unconditioned area and for the more accurate consideration of 

the solar gain, floor 2 is divided into 2 zones as it is seen in Figure VII-8 60% of the 

total floor area is considered as Zone 2, and the rest is Zone 3. 
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VII.3.2 Building construction feature 

This building is a newly renovated home where all insulation of roof, floor, walls and 

glazing are reconstructed in passive level to enhance the dwelling energy-efficiency. 

The external walls are composed of two main walls; the outer walls comprise hollow 

bricks covered with layer insulation and plaster. While the inner walls are gypsum 

boards over light concrete. The ground surface composed of two main surfaces; the 

ground surface which comprises stones, concrete and insulation materials, whereas 

the inner floor surface composed of light concrete, and floor layer over gypsum 

boards. Finally, for the roof surface, it composes of three layers, including concrete 

and plaster over insulation materials. 

As far as the windows are in concern, double-glazing windows with a total area of 

12.1 m2 are constructed in the western façade and 11 m2 for the eastern façade. A 

summary of the construction material properties is shown in Table VII-2. 

Table VII-2: Thermal properties of the building envelopes 

Parameter name Unit Value 

𝑅𝐶𝑟𝑜𝑜𝑓 [m2K/W] 5 

𝑅𝐶𝑓𝑙𝑜𝑜𝑟  [m2K/W] 5 

𝑅𝐶𝑓𝑎𝑐𝑎𝑑𝑒 [m2K/W] 4.7 

𝑈𝑔𝑙𝑎𝑠𝑠 [W/m2K] 1.1 

𝐺𝑣𝑎𝑙𝑢𝑒 - 0.7 

 

VII.3.3 RC Model boundary conditions 

For the development of the RC model, several monitoring data are required to trace 

the occupant behavior and equipment operation effects in the development of an 

accurate predictive model. The acquisition was performed for nine months 

(September 2017 to May 2018). This data collection guarantees to provide a quality 

data set during the whole heating period (autumn, winter and spring). On the other 

hand, the summer period was excluded in the data acquisition process since these 

dwelling doesn’t have a cooling system. Thus, the summer period does not influence 

the annual energy thermal consumption of the building. The dwelling measurements 

were carried out while the dwelling was occupied in order to reflect the occupant 

behavior interaction with the dwelling. The measurement was taken within 10 min 

frequency and integrated over 1 hour, which is a more suitable frequency for building 

measurements over long periods. The measurement comprises the climate input 

data, the equipment operation and occupant activities. 
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VII.3.4 Climate input data 

To obtain real-time weather data for the dwelling, the climate data are obtained from 

a KNMI weather station. The nearest KNMI weather station to the dwellings in Emmen 

is in the Hoogeveen (STN:279, LON(east):6.574, LAT(north):52.750, ALT(m):15.80) 

which is approximately 25-30 km away from the dwellings. The monthly average 

ambient temperature and its relative incident solar radiation on a horizontal surface 

are shown in Figure VI-10. 

 

Figure VII-9: The climate conditions in the dwelling in Emmen from September 

2017 to May 2018 

In addition, the wind speed, as well, was extracted from the KNMI weather data. While 

the wind pressure coefficient on the building envelope is assumed to be 0.1. On the 

contrary, the ground temperature data is not available in the KNMI weather data file. 

Therefore 𝑇𝑔𝑟𝑜𝑢𝑛𝑑 is assumed as 10 °C and constant during the all year (although it 

varies from 7 °C to 13 °C during the year). However, the dwellings have a crawlspace 

which is naturally ventilated. Therefore, the average of the ground and outside 

temperature (
𝑇𝑔𝑟𝑜𝑢𝑛𝑑+𝑇𝑜𝑢𝑡

2
) is used in the model to calculate the transmission loss 

through the ground floor. Finally, to consider the shading by surrounding objects and 

the dwelling itself, the shading factor (𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔) is introduced. The monthly shading 

factor values are in Table VII-3. 

Table VII-3: Monthly shading factor 

Month Sep Oct Nov Dec Jan Feb Mar April May 

Shading factor [%] 0.3 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.3 
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VII.3.5 Equipment operation 

The building is heated up through radiators on all levels that are primarily provided 

by an air source heat pump (PUHZ-SW50VHA). The heat pump compressor 

controller managed the required flow rate based on the thermostats and the zone 

setpoint (user adjusted). Therefore, a variation in the heat pump performance factor 

(COP) is recognized with the variation in the ambient air temperature where the 

observed COP is up to 5, More details regarding the heat pump model is found in SI. 

Base on the time-dependent of the COP and its relative heat pump electricity 

consumption (𝐻𝑃 𝑃𝑜𝑤𝑒𝑟𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐), the thermal heat pump power (𝐻𝑃 𝑃𝑜𝑤𝑒𝑟𝑡ℎ𝑒𝑟𝑚𝑎𝑙) is 

estimated as following: 

𝐻𝑃 𝑃𝑜𝑤𝑒𝑟𝑡ℎ𝑒𝑟𝑚𝑎𝑙 = 𝐶𝑂𝑃(𝑡𝑖𝑚𝑒) ∗ 𝐻𝑃 𝑃𝑜𝑤𝑒𝑟𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐  Eq. VII-17 

As shown in Figure VII-10, the maximum monthly thermal energy consumption occurs 

during February (1028.9 kWhth). 

 

Figure VII-10: The pump heat performance during the heating period 

For the mechanical ventilation, the hourly flow rate at each zone is estimated through 

the measurement of ventilation position throughout the operation period, and flow 

rate for the different ventilation positions at all the three zones. Since there is no 

specific sensor data to obtain the ventilation position, the energy consumption of the 

heat-recovery/ventilation for all dwelling is utilized for ventilation position. The 

mechanical ventilation system has three main positions during its operation, as 
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shown in Figure VII-11-(a). The relative heat recover, and the mechanical ventilation 

flow rate at each zone is shown in Figure VII-11-(b),(c),(d). 

 

Figure VII-11: The mechanical ventilation position throughout the heating season 

aligning with its relative flow rates and heating recovers at each zone where; (a) 

The mechanical ventilation position, whereas (b), (c) and (d) mechanical 

ventilation flow rate and its relative heat recovery in Zone 1, 2 and 3, respectively 

VII.3.6 Occupant activities 

Since the occupant activities have a significant effect in the building energy 

performance, the measurements are taken under normal operating conditions in 

order to calculate the thermal response of the building under the different possible 

realistic operating conditions accurately. The occupant activities, including the 

setpoint temperature, the occupancy schedule, neighbour temperature and 

open/closing of window and doors are utilized as inputs in the developed RC model. 

Occupancy data and their relative internal heat gain for each zone-type were 

determined based on human resources interviews, personnel counts, and multiple 

day/night occupancy surveys, as shown in Table VII-4. Furthermore, the internal heat 

gain is estimated to be 100 W per person during daylight and 70 W per person during 

night period where the distribution of occupants is 75% in zone 1 and 25 % in zone 
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2&3 during the daylight. While this percentage changes to 0% for zone 1 and 100% 

in zone 2&3 during the night period. 

Table VII-4: Occupancy schedules for dwelling in Emmen 

 Sunday Monday Tuesday Wednesday Thursday Friday Saturday 

Morning 
(08:00 - 
13:00) 

5 3 3 3 3 3 5 

Afternoon 
(13:00 - 
18:00) 

5 5 5 5 5 5 5 

Evening 
(18:00 - 
23:00) 

5 5 5 5 5 5 5 

Night 
(23:00 - 
08:00) 

5 5 5 5 5 5 5 

In the dwelling at Emmen, the opening sensors are available in all windows and 

doors. Thereby, it is possible to detect when the window and door are closed or open. 

The results of opening sensors are available for Emmen’s dwelling in Figure VII-12. 

The opening and closing windows/doors operation include the detection of its opening 

and its relative period where 1 means that the window/door is opened for 1 hour while 

zero represent a complete closing for an hour.  

 

Figure VII-12: Windows and doors opening schedule for dwelling in Emmen 
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In addition to the occupancy and window operation schedules, the neighbour 

temperature is projected based on it is the neighbour’s indoor temperature. It is used 

to calculate the heat loss or gain through the neighbour/s. Finally, the heating set-

point temperature is also measured for zone 1, and it is utilized to calculate the 

required heating power. In contrast, the setpoint temperature for zone 2&3 is 

considered in a fixed proportional band to zone 1. A summary for the utilized 

equipment in the measurements and their error is shown in Table VII-5. 

Table VII-5: Measurement equipment and their relative error 

 Sensor Name Measurement error 

Temperature Wireless M-Bus - CMa12w 0.2 degrees 

Power Energy meter - SDM630 
< 1% of range / Power 

factor 0.01 

Open/close 

windows 
Window Sensor - FGK-101 NONE / Binary sensor 

Weather data 
KNMI (Dutch national weather 

institute) 
 

VII.4 Result and discussion 

The results in the current study are divided into three main parts. The first part depicts 

the calibration of the RC model based on the Bayesian optimization approach 

incorporating Morris analysis for dimension reduction. The main purpose of this 

phase is first to define the most relevant uncertain parameters in the RC model and 

then calibrate them with consideration for the temporal variation (Time dependency) 

inherent in the relative uncertain parameters. Once the RC model performance is 

verified and calibrated in terms of the energy performance and zones temperature, 

the second part purposes a quantification for the uncertainty associate with RC model 

based on Monte Carlo simulations. Finally, a two-steps global sensitivity analysis is 

purposed to express the contribution of the uncertain parameters to the variation in 

the dwelling performance adequately. 

VII.4.1 Model calibration 

VII.4.2 Dimension reduction results 

In order to carry out the dimension reduction based on Morris analysis for the 

developed RC model, 31 uncertain candidates are select for the three zones in 

Emmen’s dwelling, as shown in Table VII-6. The Morris analysis in this stage is 

utilized to estimate all parameters that affect the accuracy of the RC model 

performance in terms of predicting the total thermal energy consumption and the 

zones temperatures. Given a total number of parameters 𝑘 =31, the number of 

elementary effects 𝑟 is selected as 100, leading to 𝑟(𝑘 + 1)  = 3200 model 
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performance evaluation. For all candidate design parameters, the performance of 

Morris analysis was quantified based on the mean value (𝜇) for the element effect 

and the standard deviation (𝜎) for its potential for interaction with other parameters. 

Table VII-6: Candidate uncertain parameters at Emmen zones classification 

based on the parameter category 

 Uncertain parameter 

Parameter 

category 

Whole 

building 
Zone 1 Zone 2 Zone 3 

Input climate 

data 

1. 𝑄𝑠𝑜𝑙 - - - 

2. 𝑉𝑤𝑖𝑛𝑑  - - - 

3. 𝑇𝑜𝑢𝑡 - - - 

4. 𝑇𝑔𝑟𝑜𝑢𝑛𝑑 - - - 

Building 

envelope 

5. 𝑅𝐶𝑟𝑜𝑜𝑓 - - - 

6. 𝑅𝐶𝑓𝑙𝑜𝑜𝑟  - - - 

7. 𝑅𝐶𝑓𝑎𝑐𝑎𝑑𝑒  - - - 

8. 𝑈𝑔𝑙𝑎𝑠𝑠 - - - 

9. 𝐺𝑣𝑎𝑙𝑢𝑒 - - - 

10. 𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔 - - - 

- 11. 𝐼𝑛𝑓𝑙.1 12. 𝐼𝑛𝑓𝑙.2 13. 𝐼𝑛𝑓𝑙.3 

- 14. 𝑓𝑐1
 15. 𝑓𝑐2

 16. 𝑓𝑐3
 

Equipment 

system 

17. 𝜂𝑓𝑎𝑛 - - - 

- 18. 𝑣𝑒𝑛𝑡.1 19. 𝑣𝑒𝑛𝑡.2 20. 𝑣𝑒𝑛𝑡.3 

Occupant 

behavior 

21. 𝑂𝑐𝑐𝑢𝑝𝑠𝑐ℎ  - - - 

22. 𝑂𝑐𝑐𝑢𝑝𝑖𝑛𝑡 - - - 

- 23. 𝜃𝐿𝑖𝑣𝑖𝑛𝑔 𝑟𝑜𝑜𝑚 
27. 

𝜃𝐵𝑒𝑑𝑟𝑜𝑜𝑚 1 
29. 𝜃𝐵𝑒𝑑𝑟𝑜𝑜𝑚 3 

- 24. 𝜃𝐾𝑖𝑡𝑐ℎ𝑒𝑛 
28. 
𝜃𝐵𝑒𝑑𝑟𝑜𝑜𝑚 2 

- 

- 25. 𝜃𝐸𝑛𝑡𝑟𝑎𝑛𝑐𝑒 - - 

- 26. 𝜃𝐸𝑥𝑖𝑡 - - 

- - 30. 𝑇𝑠𝑒𝑡2 31. 𝑇𝑠𝑒𝑡3 

All the Morris analysis results for the total thermal energy consumption and 

temperature at each zone are shown in Figure VII-13. In the plot analysis, we consider 

the most 14 influential parameters from the Morris method and label them according 

to their 𝜇 and 𝜎 values. The important parameters are marked with circles, whereas 

the remain parameters are considered less important and marked with X. For the 

prediction of the total thermal energy consumption, it can be seen that the infiltration 

rate in zone 2 (i.e. factor 12) followed by the infiltration rate in zone 1 (i.e. factor 11) 

are the most influential parameters due to their high 𝜇. While the correction factor of 

thermal mass fraction in zone 1 (i.e. factor 14) followed by the window opening angle 
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of kitchen room (i.e. factor 24) have the highest possibility for interactions with other 

parameters due to their high 𝜎. In term of the temperature at zone 1, the window G-

value (i.e. factor 9) and the correction factor of thermal mass fraction in zone 1 (i.e. 

factor.14) are the most influential parameters since they have the highest 𝜇 and 𝜎. 

This is followed by the infiltration rate in zone 1 (i.e. factor 11). Furthermore, the 

window opening angle of kitchen room (i.e. factor 24) followed by wind speed (i.e. 

factor 2) have a high potential for interaction with other parameters due to their high 

𝜎. For the temperature prediction in zone 2, the correction factor of thermal mass 

fraction in zone 2 (i.e. factor.15), followed by the window G-value (i.e. factor 9) and 

the infiltration rate in zone 2 (i.e. factor 12) have the highest influence in the 

temperature in Zone 2. Furthermore, the window opening angle of bedroom 1 (i.e. 

factor 27) have high interaction potential. Finally, for the temperature in zone 3, the 

most influential parameter is the correction factor of thermal mass fraction in zone 3 

(i.e. factor.16). The second most influential parameter is the window G-value (i.e. 

factor 9), followed by the window opening angle of bedroom 3 (i.e. factor 29). Noting 

that occupant behavior has a significant impact on the performance of the model 

accuracy, as mentioned by [64]. 

 

Figure VII-13: Results of the Morris sensitivity analysis to evaluate the parameters 

affect the RC model accuracy in predicting; (a) the total thermal energy 

consumption, (b) temperature at zone 1, (c) temperature at zone 2, and (d) 

temperature at zone 3 
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Therefore, including more occupant behavior parameters such as opening/closing 

window schedule can significantly change the contribution of each uncertain 

parameter to the model accuracy. However, due to the lack of extensive knowledge 

regarding the uncertainty associate with these parameters, we keep them as 

deterministic parameters. 

The remaining uncertain parameters can be considered as the parameters with a less 

impact on the prediction of the RC model performance, and they set as constant 

values (see Table VII-7) based on the case study data entry mentioned in section 3. 

Table VII-7: Low sensitivity parameters and values used 

Parameter Value 

1. 𝑄𝑠𝑜𝑙 KNMI weather station 

3. 𝑇𝑜𝑢𝑡 KNMI weather station 

4. 𝑇𝑔𝑟𝑜𝑢𝑛𝑑 10 oC 

10. 𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔 Monthly shading factor (Table 

VII-3) 

13. 𝐼𝑛𝑓𝑙.3 0.31 l/s 

18. 𝑣𝑒𝑛𝑡.1 / 19. 𝑣𝑒𝑛𝑡.2  / 20. 𝑣𝑒𝑛𝑡.3 Ventilation position profile (Figure 

VII-11) 

21. 𝑂𝑐𝑐𝑢𝑝𝑠𝑐ℎ  Occupant questionnaire (Table 

VII-4) 

22. 𝑂𝑐𝑐𝑢𝑝𝑖𝑛𝑡 100 W (daylight) & 70 W (night) 

23. 𝜃𝐿𝑖𝑣𝑖𝑛𝑔 𝑟𝑜𝑜𝑚 / 26. 𝜃𝐸𝑥𝑖𝑡 / 28. 𝜃𝐵𝑒𝑑𝑟𝑜𝑜𝑚 2 10%  

30. 𝑇𝑠𝑒𝑡2 / 31. 𝑇𝑠𝑒𝑡3 𝑇𝑠𝑒𝑡1 profile 

 

VII.4.3 RC Model setting (Bayesian optimization) 

Following the screening phase using Morris analysis to eliminate the less important 

uncertain parameters, the Bayesian optimization is proposed in this stage to calibrate 

and produce an accurate RC model that can predict the dwelling thermal energy 

consumption as well as the zones temperature more accurate. Based on 500 

iterations in the Bayesian model, the optimal values for uncertain parameters are 

estimated for the time-independent and dependent uncertainty parameters. 

A summary of the time-independent parameters is shown in Figure VII-14. For the 

building envelope parameters, a large diversion from the initial construction materials 

design is observed in the optimal parameters where the thermal resistances are 

higher by 38% and 34% for the roof and floor surfaces, respectively. While the thermal 

resistances of the façade surface is lower by 17% from its initial value. The difference 

between the initial and the Bayesian optimal values are due to the aging and the 

difference between the design specifications and the construction outcomes. For the 

windows construction properties, a limited deviation is detected for the 𝑈𝑔𝑙𝑎𝑠𝑠 where 
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it is lower by 19% from the initial values, whereas the 𝐺𝑣𝑎𝑙𝑢𝑒 is higher by 32%. In terms 

of the infiltration rates, the deviation between the initial value and optimal estimate 

values is about 80% for zone 1 and 43.3% for zone 2. This deviation in the infiltration 

rate is a function of several parameters comprising the construction quality, the 

building use as well as the weather conditions. For the equipment operation 

presented by the 𝜂𝑓𝑎𝑛, a deviation of 5% is estimate from the equipment specification. 

Finally, for the correction of the thermal mass parameter, this value was set to 0.3 for 

all zones. However, a big deviation from the initial values is observed for all 𝑓𝑐 where 

the optimal value is 0.81, 0.14 and 0.45 for zone 1, 2 and 3, respectively. 

 
Figure VII-14: The initial vs optimal values for time-independent parameters 

On the other hand, a summary of the time-dependent uncertain parameters is 

illustrated in Figure VII-15. For the wind speed, the optimal scenario over the 36 

weeks (heating seasons) has a limited difference from the data extracted from the 

KNMI weather station. The maximum deviation is about 9% in week 24 (February). 

While for the parameters related to the opening angle of windows and doors ‘𝜃𝑖 ’, a 

big deviation is indicated in all windows and doors from the initial proposed values. 

This deviation is expected since the 𝜃𝑖 is one of the most controversial uncertain 

parameters in the BES models. For the 𝜃𝐸𝑛𝑡𝑟𝑎𝑛𝑐𝑒, the angle of opening is stayed 

around 45.5%±3.5 for the whole 36 weeks. Moreover, the windows 𝜃𝐾𝑖𝑡𝑐ℎ𝑒𝑛, 

𝜃𝐵𝑒𝑑𝑟𝑜𝑜𝑚 1, 𝜃𝐵𝑒𝑑𝑟𝑜𝑜𝑚 3 stay around for the 45%±3 over all the operation period.  
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Figure VII-15: The initial vs optimal values for time-dependent parameters 

VII.4.4 Calibration performance 

Following the calibrated parameters based on the Bayesian optimization approach, 

the developed RC network for the digital dwelling using zone thermal coupling method 

is compared with the measured hourly data of 9 months of operation (heating 

seasons). The developed model performance is validated in terms of the indoor air 

temperature at the three investigated zones and the cumulative thermal energy 

consumption by the dwelling. According to the indoor air temperature profiles shown 

in Figure VII-16, a good agreement is indicated between the prediction of the RC 

model and the indoor measured temperatures at all the dwelling zones. In zone 1, 

the 𝐶. 𝑉 is 3.63% and 𝑆𝑀𝐴𝑃𝐸 is 5.04%. While the maximum error of 4.5 oC is indicated 

during the end of the spring season (April). For upper floor (Zone 2 and 3), a higher 

error is indicated within the RC model prediction for indoor temperature where the 

C.V is 5.53%, and 7.03% for zones 2, and 3, respectively. While the SMAPE stayed 
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around 3.54% and 4.35% for both zones 2 and 3, respectively. Furthermore, the 

maximum error of around 9 oC for the prediction of the indoor temperature is zone 2, 

and 3 is indicated during the winter season (end January). 

Figure VII-16: Hourly indoor air temperature in °C for the RC model prediction in 

comparison to the Emmen’s dwelling monitoring data 

Figure VII-17 represents the cumulative heating demand results of the RC model in 

the Emmen’s dwelling during 9 months of operation. In this plot, the results of the RC 

model (Predicted 𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙) are compared to the measured heating demand for 

dwellings (Measured 𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙). A good performance is indicated in the RC model 

for the prediction of the 𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙 where the predicted value is 4.05 MWh with an 

error of 2.2% from the measured 𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙. In addition, the C.V and SMAPE show 

that the prediction error doesn’t excess 2%. Finally, the residual analysis shows that 

the maximum cumulative thermal energy consumption difference between the 

measured and the predicted 𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙 is around 0.25 MWh. 
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Figure VII-17: The predicted cumulative thermal energy consumption at Emmen’s 

dwelling in comparison to the monitoring data 

In order to test the performance of the RC model at a different scale of prediction, the 

energy signature results for the Emmen’s dwelling is presented in Figure VII-18.  

 

Figure VII-18: The weekly predicted vs. measured energy signature for the 

Emmen’s dwelling 

In this plot, the results of the RC model (predicted thermal power) are compared to 

the measured thermal power of dwellings. The energy demand and the outdoor 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VII.Allocation for Nearly Zero Energy Building Constraints 

 

   342 

 

temperature is averaged on a weekly basis. The dots in the figure represent the data 

points, and the lines are obtained from these data points by fitting where the energy 

demand decreases with the increase in outside temperature. The results confirm an 

agreement between the measured and predicted weekly thermal power where the 𝑅2 

equal to 93%. The validation of the hourly indoor air temperature and the building 

thermal energy performance reflect the ability of our methodology approach cover the 

limitation associate with the RC models in predicting the thermal energy performance 

for a long-term period successfully. 

VII.4.5 Uncertainty analysis (UA) results 

In recent years, several contractors in Netherlands (e.g. Van Wijnen and BAM) offer 

energy-neutral housing in both the construction market and existing construction 

market. However, there is a burden of proof with the builder for zero on the gauge of 

the housing due to the uncertainty associate with the performance of the building. 

This burden increases due to the residents who have not yet confidence regarding 

the building performance guarantees. Therefore, it is important to guarantee of 

performance of these building independently on uncertain dwelling parameters. The 

long-term guarantee of the quality of the home, both in terms of thermal energy 

consumption and indoor climate, will lead to forecast the demand for these homes, 

and subsequently will boost energy savings of the housing, both new construction 

and renovation. 

In this context, once the RC model is calibrated, and its performance is validated in 

comparison to the monitoring data. The UA based on Monte Carlo simulations is 

performed to quantify the uncertainty associate with the performance of the 

developed digital dwelling in terms of the indoor temperature at each zone and the 

total thermal energy consumption which is reflected in the building energy efficiency 

rating. For the UA step of the methodology, 10,000 MC evaluations of the developed 

model are performed using the uncertain parameters proposed in Table VII-6. 

Figure VII-19 illustrates the variation in the zone indoor temperature using the blue 

plots and its relative 𝑡𝑜/𝑢 using the dotted circles. In zone 1, a limited variation is 

indicated in the indoor temperature throughout the heating operation seasons where 

the maximum variation reveals by the end of the operation period (May). This limited 

variation is reflected in 𝑡𝑜/𝑢 in which the zone indoor temperature gets out of the 

thermal comfort conditions mentioned by ISO7730 [75].The over/underheating hours 

varies between 1147 hrs to 1730 hrs throughout 9 months of operation. In zone 2, 

almost the same behavior is indicated as zone 1 except for two regions. First during 

weeks between 10 and 18 (November and December). While the second region 

appears by the end of the operation (May) where a limited variation in the indoor zone 

temperature is indicated in comparison to zone 1. This variation is reflected in the 𝑡𝑜/𝑢 

and it ranged between 1624 hrs. and 2606 hrs. Besides, zone 3 follows the zone 1 

as well as 2 behaviors with a larger range of variation in the indoor temperature, 

especially during the winter season. This variation expansion is reflected in 𝑡𝑜/𝑢 and 
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it varies between 2044 hrs. and 3292 hrs. In general, the increment in the 𝑡𝑜/𝑢 

associated with zone 2 and 3 demonstrates a high impact for the uncertain 

parameters on the thermal comfort conditions at these zones. 

 

Figure VII-19: The indoor temperature range at different zones based on the UA 

where (a) indoor temperature in zone 1, (b) indoor temperature in zone 2, (c) 

indoor temperature in zone 3. The blue filled areas represent a range for the 

indoor temperature at different zone under uncertainty, the light green region 

represents the temperature thermal comfort conditions (20:24 oC), and the dotted 

circles between A and B anchor points represent the upper and lower limited 

number of hours out of the thermal comfort conditions 
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Figure VII-20: The total thermal energy consumption variation range where the 

dotted circles between A and B anchor points represent the upper and lower 

limits. The blue filled areas represent a variation range for total thermal energy 

consumption vs the monitoring data in dotted line 

Figure VII-20 illustrates the variation in the total dwelling thermal energy consumption 

(𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙) using the blue plots and the dotted circles. The UA shows a significant 

impact for the uncertain parameters in the thermal energy building performance 

where the 𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙 ranges between the 4.03 MWh (67 kWh/m2/yr) to 6.01 MWh (100 

kWh/m2/yr) due to the uncertainty associate with climate data, the building envelope 

and occupant behavior. Accordingly, the high thermal energy consumption due to the 

possibility of uncertainty can decline the motivate the prospective owners or new 

tenants of the building to purchase or rent the building and subsequently reduce the 

market for energy-efficient renovation [79]. 

VII.4.6 Global sensitivity analysis results 

The UA results demonstrated the significant effects of uncertainty on the RC model 

output scopes comprising the indoor zone temperature and its relative 𝑡𝑜/𝑢 and 

𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙. The GSA is able to produce additional understanding by recognizing the 

uncertain parameters that are majorly accountable for the output variations. The GSA 

technique can be used for investigating the main sources behind the variability in the 

RC model output. In this paper, the GSA technique is used for identifying the 
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significant factors that are related to the variations in the total thermal energy 

consumption and indoor zone temperature, as shown in following figure. 

 
Figure VII-21: The Morris analysis mean and the BACCO analysis method indices 

to specify the most influencing uncertain parameters with regards to the Emmen’s 

dwelling where (a) the total thermal energy consumption in the Emmen’s dwelling, 

(b) 𝑡𝑜/𝑢 at zone 1, (c) 𝑡𝑜/𝑢  at zone 2, (d) 𝑡𝑜/𝑢  at zone 3 

According to Table VII-6, there are total 31 uncertain parameters in the two-step GSA, 

the Morris analysis setting is selected, as mentioned in section 4.1.1. Then, for the 

ten most influential parameters, 400 sample points are used for the BACCO analysis. 

Latin hypercube sampling design is used for obtaining these sample points. The 

analysis is performed by formulating the sensitivity analysis problem and then using 

the Gaussian Emulator Machine Sensitivity Analysis Software (GEM-SA). 

In each graph, 𝜇 value is used for presenting and ranking the ten most uncertainty 

parameters obtained from the Morris method. The BACCO analysis is quantified 

based on the main effect (𝑆𝑖) and the total effect (𝑆𝑇𝑖). The initial observation of the 

graphs revealed the fact that the ranking of parameters obtained from the Morris 

method is in accordance with the BACCO analysis results where the 𝜇 value and the 

BACCO main effect (𝑆𝑖) follow the same decreasing trend. Therefore, the Morris 
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method is applicable for performing the GSA analysis in case of the quantitative 

ranking. Although the essential parameters are identified with the help of the Morris 

method, the BACCO analysis tells about the contribution of these parameters towards 

the output’s variance that is also given by adding the first-order indices and total-order 

indices. 

For the thermal energy consumption in the dwelling (𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙). The total effect 

indices are almost following the first-order effect indices in the BACCO analysis where 

the infiltration rate in zone 1 is the most significant parameter in the building 

performance, followed by the 𝑈𝑔𝑙𝑎𝑠𝑠. In addition, the total effect indices showed a 

noticeable effect for the infiltration rate in zone 2 followed by the building envelope 

materials of the floor and façade (𝑅𝐶𝑓𝑙𝑜𝑜𝑟, 𝑅𝐶𝑓𝑎𝑐𝑎𝑑𝑒). In terms of the 𝑡𝑜/𝑢 at zone 1, the 

total effect indices show that the infiltration rate at zone 1&2 are the most influential 

parameters followed by the 𝑇𝑔𝑟𝑜𝑢𝑛𝑑 and building envelope characterization 

comprising the 𝑈𝑔𝑙𝑎𝑠𝑠, 𝑅𝐶𝑓𝑙𝑜𝑜𝑟  and 𝑅𝐶𝑓𝑎𝑐𝑎𝑑𝑒 . On the other hand, the 𝑡𝑜/𝑢 in the zone, 

2&3 is only affected by the infiltration rate in zone 2. In general, the two-step GSA 

encompass a significant influence for the air tightness represented by the infiltration 

rate at each zone. This influence is a function of various parameters, including the 

building age, construction materials, weather conditions and building use. Since in 

the current study, the parameters related to the climate conditions and building 

construction are already included in the sensitivity analysis, which approve the 

building performance independency on these parameters. Therefore, the uncertain 

parameters regarding the building use presented by opening/closing doors& windows 

for natural ventilation may be responsible for the significant impact for the infiltration 

rate.  

In general, the minimum ventilation rate should be around 41 L/s based on the Dutch 

standard (NEN 1087) [80]. However, it completely changes with the occupant 

behavior (opening/closing window schedule). The lack of extensive knowledge 

regarding such these parameters present a constraint in the performance of our 

framework when we preform uncertainty analysis. It can significantly change the 

contribution of each uncertain parameter to the model energy performance. 

Therefore, we keep them as deterministic parameters. Besides the most important 

parameters, the GSA results also showed that the uncertainty associate with the 

occupant behavior including the occupant schedule and zone temperature setting 

have less impact on the performance of the dwelling in terms of the 𝑄ℎ𝑒𝑎𝑡 𝑡𝑜𝑡𝑎𝑙 and 

𝑡𝑜/𝑢 objectives. In general, the two-step GSA is a valuable decision support technique 

that can offer the builders and construction companies an evaluation for the main 

drivers of the uncertainty associate the dwelling performance. 

UNIVERSITAT ROVIRA I VIRGILI 
DECISION MAKING TOOLS FOR SUSTAINABLE TRANSITION TOWARD LOW CARBON ENERGY TECHNOLOGIES 
IN THE RESIDENTIAL SECTOR 
Mohamed Abokersh  
 



UNIVERSITY OF ROVIRA I VIRGILI 

XXXXXXXXXXXXX 

XXXXXXX  

VII.Allocation for Nearly Zero Energy Building Constraints 

 

   347 

 

VII.5 Conclusion 

Improving the building energy efficiency is widely considered as a promising 

technique to meet the European Commission 2050 targets in reducing the CO2 

emission. In Netherland, Association of Dutch Municipalities is working on expanding 

this concept through the introduction of the nearly zero energy building (nZEB) 

approach [81]. However, the construction companies that lead the development of 

nZEB in the Netherlands indicate a substantial obstacle to guarantee the nZEB 

performance and thus to improve their market position. This work tends to propose a 

methodology framework to benefit the guarantee and assist proactively in maintaining 

the indoor climate performance of nZEBs. This methodology is implemented through 

developing a calibrated RC (resistance and capacitance) model for estimating the 

building energy performance. The first step in the calibration process is the dimension 

reduction strategy using Morris sensitivity analysis to estimate the influential 

parameters that contribute to the proposed model accuracy. Then the calibration 

process is implemented based on Bayesian optimization with consideration for the 

temporal variation associate with the climate data as well as the occupant behavior. 

Once the calibrated model is established, the uncertainty analysis (UA) incorporating 

global sensitivity analysis (GSA) is performed to quantify and assess the uncertainty 

associate with the performance of the developed digital dwelling. In this context, the 

developed methodology is applied for a newly renovated two-story home located in a 

district of Emmen at the Netherlands to close the gap between the initial retrofitting 

design and the monitoring operation throughout the heating seasons (9 months), a 

summary of the methodology framework key findings is the following: 

• The Morris sensitivity analysis for the RC model accuracy drivers shows that 

the infiltration rates are main drivers for the prediction of the energy 

performance. While the indoor temperature zones mainly depend on the 

zone correction factor of the thermal mass fraction. 

• The developed digital dwelling based on RC model illustrates a high accuracy 

in predicting the dwelling performance where the model offers a prediction 

accuracy of 2.2% for the total thermal energy consumption. Moreover, the 

developed model provides acceptable estimations for the indoor zone 

temperature with 𝐶. 𝑉 of 7.03%. 

• The UA results show a large variation associate with digital dwelling output 

due to uncertain parameters including the climate data, the building envelope 

and occupant behavior. The uncertainty associates with indoor temperature 

can increase the over/underheating hours up to 3292 hrs. While the 

uncertainty associates with total thermal energy consumption can change the 

building performance from 4.03 MWh (67 kWh/m2/yr) to 6.01 MWh (100 

kWh/m2/yr) . 

• Finally, the GSA based on the Morris analysis and BACCO analysis reveals 

that the variation in building energy performance is due to the infiltration rates 
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followed by the construction properties comprising the 𝑈𝑔𝑙𝑎𝑠𝑠, 𝑅𝐶𝑓𝑙𝑜𝑜𝑟  and 

𝑅𝐶𝑓𝑎𝑐𝑎𝑑𝑒. Without losing the generality of the results, including more in 

parameters regarding the occupant behavior can contribute significantly to 

the GSA results. 

In the real application, the developed methodology can serve as a diagnostic tool to 

improve and guarantee the performance of nZEB buildings during its operation stage 

which can be useful for the construction and installation companies to maintain the 

performance of their products proactively. Furthermore, it can promote a clear 

statement toward the EU approach to sustainable development. 
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VII.7 Nomenclature  

𝐴(𝜃(𝑡)) window opening area only for the ingoing airflow (m2) 

𝐴𝑔𝑙𝑎𝑠𝑠 effective solar collecting area (m2) 

𝐶. 𝑉 coefficient of variation (%) 

𝐶𝑑 discharge airflow rate coefficient 

𝐶𝑝 wind pressure coefficient  

𝐶𝑣 air permeability coefficient 

𝐶 total thermal mass of the building (kW) 

𝐶𝑖𝑛𝑡 indoor thermal mass (kW) 

𝐶𝑤𝑎𝑙𝑙 outdoor thermal mass (kW) 

𝐸𝐸 elementary effect 

𝑓𝑐 correction factor of the thermal mass 

𝑓𝑠ℎ𝑎𝑑𝑖𝑛𝑔 envelope shading reduction factor 

𝐺𝑣𝑎𝑙𝑢𝑒 solar energy transmittance (-) 

𝐼𝑛𝑓𝑙.𝑖 Infiltration rate at zone 𝑖 (m3/s) 

𝑛 flow exponent 

𝑁𝑠 number of total simulations 

𝑂𝑐𝑐𝑢𝑝𝑠𝑐ℎ𝑖
 occupant schedule at zone 𝑖 

𝑂𝑐𝑐𝑢𝑝𝑖𝑛𝑡𝑖
 internal heat gain at zone 𝑖 (kWh) 

∆𝑃 air pressure differential across a building envelope (Pa) 
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𝛥𝑃𝑡ℎ difference of pressure across the window opening (Pa) 

𝑄𝑠𝑜𝑙 amount of global solar radiation (W/m2) 

𝑄𝑣 calculated volumetric airflow through infiltration (m3/s) 

𝑄𝑣10
 measured volumetric airflow through infiltration (m3/s) 

𝑄𝐻𝑒𝑎𝑡 
total thermal energy consumption at each building zone 

(kWh) 

𝑟 number of elementary effects per parameter 

𝑅2 R-squared (%) 

𝑅𝐶𝑟𝑜𝑜𝑓 thermal resistance of the roof (m2·K/W) 

𝑅𝐶𝑓𝑙𝑜𝑜𝑟  thermal resistance of the floor(m2·K/W) 

𝑅𝐶𝑓𝑎𝑐𝑎𝑑𝑒 thermal resistance of the façade (m2·K/W) 

𝑠𝑓 solar fraction factor 

𝑆𝑀𝐴𝑃𝐸 symmetric mean absolute percentage error (%) 

𝑇𝑖𝑛𝑡 indoor zone temperature (oC) 

𝑇𝑔𝑟𝑜𝑢𝑛𝑑 ground temperature (oC) 

𝑇𝑤𝑎𝑙𝑙 envelope zone temperature (oC) 

𝑇𝑜𝑢𝑡 outdoor temperature (oC 

𝑇𝑛𝑒𝑖𝑔ℎ neighbour temperature (oC) 

𝑇𝑠𝑒𝑡𝑖
 setpoint zone temperatures (oC) 

𝑡 operation time (hour) 

𝑡𝑜/𝑢 total over/underheating hours 

𝑈 heat loss coefficient (W/m2·K) 

𝑈𝑔𝑙𝑎𝑠𝑠 U-value of windows W/(m2·K) 

𝑣𝑒𝑛𝑡.𝑖 mechanical ventilation at zone 𝑖 (m3/s) 

‘𝑉𝑤𝑖𝑛𝑑 ’ local air velocity (m/s) 

𝑦𝑑𝑎𝑡𝑎,𝑖 actual value at time point 𝑖 

𝑦𝑝𝑟𝑒𝑑𝑖𝑐𝑡,𝑖 predicted value at time point 𝑖 

  

Greek symbol  

𝜂𝑓𝑎𝑛 heat recovery efficiency (%) 

𝜇 mean value 

𝜃 opening/closing the windows and doors (º) 

𝜎 standard deviation 

𝜌 air density (m3/kg) 

Ø𝑖𝑛𝑡 internal heat gain by occupants and appliances (kW) 

Ø𝐻 
heat flow rate sourced from the heaters based on heat 

pump (kW) 

Ø𝑒𝑥𝑐ℎ exchange heat flow rate with other zones (kW) 

Ø𝑠𝑜𝑙 heat flow rate sourced from solar (kW) 

Ø𝑣𝑒𝑛𝑡 ventilation and infiltration losses (kW) 

Ø𝑛𝑒𝑖𝑔ℎ heat flow rate exchange with the neighbour (kW) 
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Ø𝑡𝑟𝑎𝑛𝑠 heat flow rate transmitted through the windows (kW) 

Ø𝑔𝑛𝑑 heat loss to the ground (kW) 

  

Abbreviations  

BACCO Bayesian analysis of computer code outputs 

BES Building energy simulation 

COP Heat pump performance factor 

EPC Energy Performance Coefficient 

GEM-SA Gaussian Emulator Machine Sensitivity Analysis Software 

GSA Global sensitivity analysis 

MC Monte Carlo 

nZEB Nearly zero energy building 

PDF Probability density function 

RC Resistance and capacitance 

SA Sensitivity analysis 

UA Uncertainty analysis 

UC Uncertainty Characterization 

VII.8 Appendix. Supplementary information ‒ SI 

The building is heated up through radiators on all levels that are primarily provided 

by an air source heat pump (PUHZ-SW50VHA). Table S1 shows the heating capacity 

and the coefficient of performance (COP) of the heat pump (HP) which is taken from 

the data book for the nominal operating conditions at 45 °C outlet temperature of the 

water. In this table, it can be observed that COP is limited by 5. 

Table S1. Heat Pump Specification 

Outside temperature [oC] Capacity [kW] COP 

-15 3.15 1.46 

-10 4 1.77 

-7 4.4 1.98 

2 5 2.47 

7 6 3.32 

12 7.07 3.63 

15 7.54 3.89 

20 8.04 4.19 

25 8.54 4.49 

30 9.04 4.79 

35 9.54 5.09 

 

Therefore, a variation in the COP is recognized with the variation in the outside 

temperature. Figure S1 represents the time-dependent COP data in the first plot 
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which is used for calculating heat pump thermal power. Furthermore, the second plot 

represents the variation of COP with the variation in the outside temperature. 

 

Figure VII-S1: Heat pump performance factor and its relative outside temperature 

Finally, the measured heat pump electricity consumption data and the time-

dependent COP data in first plot of Figure S2 is utilized to estimate the thermal power 

of the heat pump through the following formula (𝐻𝑃 𝑃𝑜𝑤𝑒𝑟𝑡ℎ𝑒𝑟𝑚𝑎𝑙 = 𝐶𝑂𝑃(𝑡𝑖𝑚𝑒) ∗

𝐻𝑃 𝑃𝑜𝑤𝑒𝑟𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐), where the thermal power of heat pump is obtained and it is 

represented in the second plot. 

 

Figure VII-S2: The electric and thermal heat pump power 
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Solar Assisted District Heating in the German Market,” 14th International Conference 

on Energy Sustainability (ASME 2020), June 2020. DOI: 10.1115/ES2020-1668. 

 

[3]. MH Abokersh, M Vallès, L Jiménez, D Boer, “Cost-Effective Processes of Solar 

District Heating System Based on Optimal Artificial Neural Network,” 30th European 

Symposium on Computer Aided Process Engineering (ESCAPE 2020), May 2020. 

DOI: 10.1016/B978-0-12-823377-1.50068-9. 

 

[4]. MH Abokersh, M Vallès, LF Cabeza, D Boer, “Challenges Associated with the 
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System: A Multi-Objective Optimization Approach,” 14th International Renewable 

Energy Storage Conference (IRES 2020), March 2020. DOI: 

10.2991/ahe.k.210202.023. 

[5]. MH Abokersh, V Tulus, LF Cabeza, M Vallès, L Jiménez, D Boer, “A Sustainable 

Pathway for the Deployment of Central Solar Heating Plant Coupled with Seasonal 

Storage in Spain,” XI National and II International Engineering Thermodynamics 

Congress (CNIT 11), June 2019. 

 

VIII.2.2 Poster presentations 

[1]. MH Abokersh, M Vallès, LF Cabeza, D Boer, “The Community Size Effect on the 

Techno-Economic Performance of Solar District Heating Systems,” 14th International 

Renewable Energy Storage Conference (IRES 2020), March 2020. DOI: 

10.2991/ahe.k.210202.021. 

 

[2]. MH Abokersh, M Vallès, D Boer. “Tackling the challenges facing the deployment 

of solar assisted central heating plants in Mediterranean conditions: A multi-objective 

optimization approach,” URV doctoral day, May 2019. 

 

VIII.3 Master thesis co-supervision 

Title: “The potential barriers for the Solar-assisted Heat Pump: From Building to 

Neighbourhood Scale”, JF Fernández, Supervisors: D Boer, MH Abokersh, Master of 

Industrial Engineering, Universitat Rovira i Virgili (2019-2020). 
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Decision Making Tools for Sustainable Transition Toward 

Low Carbon Energy Technologies in the Residential Sector 

Aligning with the ambitious EU 2030 climate and energy package for cutting the 

greenhouse emissions and replacing conventional heat sources through the 

presence of renewable energy share to achieve net-zero-energy community, the 

stakeholders at residential sector are facing several technical, economic, and 

environmental issues to meet the EU targets in the near future. 

This thesis is focusing on two key structural transformations needed for 

sustainable transition towards clean energy production: the low carbon energy 

technologies problem represented by the solar district heating systems coupled 

with seasonal energy storage, and its application to achieve Nearly Zero Energy 

Buildings. The Tackling for these challenges is instigated through using design 

and optimization of clean energy systems incorporated with machine learning and 

data analysis to develop Computer-Aided Process Engineering tools. These tools 

would help in addressing the stakeholder’s challenges, thus contributing to the 

transition towards a more sustainable future. 
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