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A B S T R A C T

Increasing the share of renewables is crucial for accelerating the sustainable transitions of modern 
building and district heating systems. This study develops a hybrid co-simulation framework, 
integrating a Python-based model with an established district energy system (DES) TRNSYS 
model, to optimize the design and control of on-site renewables such as photovoltaic panels (PV), 
solar thermal collectors, a water-to-water heat pump, seasonal thermal storage, a domestic hot 
water tank, and auxiliary heaters. The methodology combines diverse simulation tools and data- 
driven control sequences, enabling interaction across system components for enhanced energy 
efficiency and performance. The findings indicate that the optimized framework reduces net 
present cost by approximately 14 % and environmental impacts by 11 %. The data-driven controls 
further minimized temperature deviations significantly better than traditional Rule-Based Con
trols, achieving nearly optimal comfort levels with minimal environmental impact. The developed 
co-simulation enhances energy efficiency and intelligent controls in building applications, min
imizes environmental impacts, and effectively covers the energy demand in building and districts 
(building clusters). These findings highlight the essential role of advanced hybrid co-simulation 
frameworks in improving DH system design and control, emphasizing their potential for sus
tainable urban energy transitions.

Nomenclature

ACOL total aperture area of solar collectors (m2)
APV total aperture area of photovoltaic collectors (m2)
βCOL inclination angle of the solar collectors (o)
IIC initial investment cost (€)
OC total discounted operational cost (€)
RC total discounted replacement cost (€)
DVEk design variable of equipment unit k
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(continued )

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 (€)
d annual discount rate (%)
DAMd indicator result for damage category d
BMFk 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)]
hconv convective heat transfer coefficient to the air W/(m2⋅K)
HDRSST seasonal storage tank aspect ratio (m/m)
HDRDHWT domestic hot water storage aspect ratio (m/m)
i annual inflation rate (%)
if annual inflation rate of natural gas (%)
ie annual inflation rate of electricity (%)
ṁ mass flowrate of the recirculating water pumps (kg/s)
NPC net present cost (€/MWh)
PCEk 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)
RCP ReCiPe 2016 aggregated impact factor (Pt/MWh)
SFDHW annual solar fraction for the DHW distribution circuit (%)
SFSH annual solar fraction for the SH distribution circuit (%)
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
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 (%)
δd normalization factor for damage category d
εd weighting factor for damage category d
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
DL deep learning
DRL deep reinforcement learning
HE heat exchanger
HEM home energy management
HVAC heating, ventilation, and air conditioning
LCA life cycle assessment
LCC life cycle cost
LQR linear-quadratic regulator
MOO multi-objective optimization
MPC model predictive control
DES district energy system
SH space heating
SST seasonal storage tank
RBC rule-based control
RL reinforcement learning
TES thermal energy storage
TRNSYS transient system simulation program
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(continued )

Indices
d damage category
i elementary factor
k equipment unit

1. Introduction

In the European Union, the energy consumption of buildings accounts for up to 40 % of the total energy usage [1], enhancing 
building energy efficiency a crucial element of the EU’s decarbonization agenda [2]. District energy systems (DES) are comprised of a 
collection of buildings sharing a facility that supplies the thermal energy demand (heating and cooling) and electricity. District Heating 
(DH) currently supplies approximately 13 % of the EU’s thermal energy needs [3] and has undergone significant evolution to lower 
operational temperatures [4]. This evolution has been marked by the adoption of 4th and 5th generation district heating technologies 
(4GDH, 5GDH), which operate efficiently at temperatures ranging from 45 ◦C to 55 ◦C and below [5,6]. This ongoing shift continues to 
facilitate the extensive integration of low-grade energy sources, such as distributed renewable energy systems (RES), waste heat from 
industrial plants and data centers into urban heating networks. The 4th and 5th generation DH systems are increasingly acknowledged 
as crucial technologies for the effective and cost-efficient decarbonization of Europe’s energy landscape [5–7].

In the complex landscape of DH and multi-energy systems simulations, the need for multi-domain approaches is critical to 
effectively address challenges of complicated systems [8,9]. The challenge in traditional single-discipline simulation environments lies 
in their limitations with modeling comprehensive systems that include various energy sources, heating and electrical network, and 
buildings’ HVAC system [8].

To overcome these hurdles, co-simulation facilitates the integration of multiple simulation tools and domains, thus providing a 
detailed and accurate representation of the entire DES system along with all associated subsystems [10]. Co-simulation’s advantage 
lies in its flexibility and modularity, which allow for the integration of domain-specific models and simulation tools that can be tailored 
to the unique characteristics of each subsystem [11]. This adaptability is crucial for modeling the interdependencies and feedback 
loops among the different components of the sub-system, thereby offering insights into behaviors and interactions that may be 
overlooked with single-domain simulations [12]. Its flexibility, scalability, and distributed nature make it a well-suited approach for 
simulating future energy systems [13]. The introduction of co-simulation frameworks into DH systems enhances the accuracy of 
simulations and optimizes control strategies. By facilitating real-time data exchange and dynamic interaction between various system 
components, co-simulation enables the effective implementation of advanced control techniques.

As for traditional control methods, Rule-based control (RBC) has long been employed in HP systems for DH due to its straight
forward implementation and operational simplicity [14]. RBC functions on a set of predefined rules aimed at achieving basic oper
ational goals like maintaining temperature setpoints and flow rates [15]. While these methods are effective in steady-state, they fall 
short in addressing dynamic and fluctuating demands typical of 4-5GDH. For instance, Thygesen and Karlsson [16] proposed a RBC 
strategy for PV-HP systems for domestic hot water storage, achieving a 7 % increase in the annual self-consumption rate. Allison et al. 
[17] presented an RBC for an exhaust HP with shifting operation modes, achieving relatively low energy performance but satisfactory 
thermal comfort. M.H. Abokersh et al. [18] conducted a RBC of an integrated HP; the results showed that the heating system’s total 
electrical consumption varied by 10 % between the best and worst scenarios, and a life cycle cost of up to 67.12 Euro/MWh. Katsa
vounis et al. [19] demonstrated that while RBC can maintain comfort levels in residential HP systems, its inability to adapt to real-time 
changes leads to suboptimal energy use and higher operational costs. Newer control methods, such as Model predictive control (MPC) 
outperform RBC by not only minimizing peak electricity demand but also ensuring better thermal comfort [14,20], thereby under
scoring the limitations of RBC in optimizing HP performance in dynamic environments.

MPC is widely regarded as a more advanced and effective control strategy for HP systems, leveraging predictive models to optimize 
system performance over a defined horizon. Studies such as Lie-Jensen et al. [21] and Verrilli et al. [22] illustrate MPC’s ability to 
integrate thermal energy storage, manage fluctuating loads, and achieve substantial cost savings [23]. However, MPC is not without its 
limitations. Its implementation requires accurate energy system models and substantial computational resources, which can pose 
practical challenges, especially in large-scale or complex systems [14,24,25]. Moreover, MPC frameworks often demand real-time data 
processing and frequent system parameter updates, making them less flexible in scenarios with incomplete or noisy data. Thus, despite 
its advantages over RBC, its practical deployment remains constrained by computational and data-related barriers [25].

Deep reinforcement learning (DRL) has emerged as a revolutionary approach to optimizing HP control in DH systems, addressing 
many of the limitations inherent in traditional strategies [26]. Unlike MPC, which relies on predefined models, DRL learns optimal 
control policies through interaction with the system environment, allowing it to adapt to varying conditions and uncertainties [27]. 
DRL’s ability to handle high-dimensional state spaces and partial observability makes it particularly suited for complex DH applica
tions.Furthermore, by employing neural networks for decision-making, DRL frameworks can dynamically adjust to real-time data, 
ensuring both system reliability and performance optimization [28].

In building-level applications, DRL has demonstrated potential for optimizing indoor temperature control and reducing heating 
energy consumption, with energy savings of 5–12 % reported compared to conventional control methods [29]. Similarly, DRL ap
proaches have been applied to control a set of rooms heated by the district network, showing improvements in both thermal comfort 
and energy cost reduction compared to baseline strategies [30].

Recent advancements in the design and control of DHS focus mainly on enhancing efficiency, reducing costs, and minimizing the 
environmental impact. Chan [31] introduced an Genetic Algorithm (GA) for optimizing the piping network of DHS, refining the search 
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Fig. 1. TRNSYS-Python co-simulation framework for optimizing the DES design.
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for optimal configurations by introducing a neighboring search method when local minima are detected. Arslan et al. [32]optimized a 
geothermal district heating system with thermal energy storage and heat pumps, achieving a 38 % reduction in relative exer
goeconomic cost and a 19 % decrease in relative exergoenvironmental impact. The system’s energy and exergy efficiencies were 74 % 
and 19 %, respectively. Arslan et al. [33] developed a novel multistage, multilevel artificial neural network model to optimize a 
geothermal heat pump-aided district heating system. To achieve optimal design parameters, the model utilized back-propagation 
learning algorithms, including Levenberg-Marquardt, Pola-Ribiere Conjugate Gradient, and Scaled Conjugate Gradient. The results 
indicated that the maximum error rate occurred in Pump 2 at 3.0092 %, while the minimum error was observed in the system’s 
coefficient of performance at 0.0018 %. Further, Arslan et al. [34] introduced a hybrid modeling approach for multi-criteria deci
sion-making in energy systems, applying it to a geothermal DHS. Their optimal design achieved an exergy efficiency of 20.25 %, a 
sustainability index of 1.25, and an NPV of $4.44 million, highlighting the model’s effectiveness in balancing economic and envi
ronmental objectives. Zhong et al. [35] employed granularity analysis for solar energy integration in DHS, using hierarchical clustering 
and pipeline optimization. Yang et al. [36] introduced a bi-level optimal configuration model for integrating renewable 
electricity-based heating in DHS substations, the findings show that during the heating season, the proposed strategy lowers operating 
and environmental benefit costs by 13.31 % and 5.35 %, respectively. Golmohamadi et al. [37] proposes an Economic MPC that 
optimizes heat demand in residential buildings within a DHS to minimize energy consumption costs while integrating thermal inertia 
for flexibility.

Abugabbara et al. [38] provide a bibliographic analysis of the recent advancements in modeling and co-simulating DHS; the 
analysis shows that coupled simulation between district and building energy models is a novel research area and can benefit in 
reducing oversizing energy systems. In addition, the analysis demonstrates that the DHS requires advanced control strategies. Kun
tuarova et al. [39] conducted a systematic review of available DH network modeling and simulation tools, comparing their modeling 
approaches, application scope, and functional capabilities. Current DHS studies primarily rely on monolithic, case-specific simulation 
frameworks. While some research explores the benefits of co-simulation, significant gaps remain. Mazzarino et al. [40] Proposed a 
modular co-simulation platform to implement the demand side management to reduce the thermal peak arising in the morning due to 
the attenuation/shutdown of the heating systems during the night, which is typical in Mediterranean regions and negatively affects the 
performance of the entire production system. Hardy et al. [8] have developed HELICS, a co-simulation platform that enables 
multi-domain modeling and analysis of power systems, incorporating tools from domains such as electrical power grid, natural gas, 
transportation, and communications. A hybrid multi-model co-simulation infrastructure that integrates software and hardware sim
ulators to test and evaluate Distributed Energy Resources scenarios effectively is presented in Ref. [41]. Nageler et al. [42] propose a 
scalable DH simulation framework but exclude thermal storage. Vesaoja et al. [43] integrate control and physical aspects within DH 
networks but lack a generalized approach and renewable integration.

One of the main challenges in DHS modeling is fully representing complex system behavior, particularly when integrating 
renewable energy sources such as photovoltaic panels, solar thermal collectors, and heat pumps. Their interactions with thermal 
energy storage, including seasonal thermal storage and domestic hot water tanks, further complicate system optimization. A holistic 
co-simulation framework is needed to optimize the design and smart control of renewable energy-based DHS while balancing tech
nical, environmental, and economic factors. To address these gaps, this study proposes a co-simulation framework that enables dy
namic system simulations to optimize DHS design and control. The framework integrates multi-objective optimization and multi- 
criteria decision-making to minimize life cycle costs and environmental impact. The testbed configuration includes various on-site 
renewables and thermal storage solutions, incorporating DRL and RBC heat pump optimization strategies, providing a comprehen
sive comparative analysis from technical, environmental, and economic perspectives.

The structure of the paper is organized as follows: Section II outlines the proposed methodology. Sections III and IV detail the case 
study, results, and discussions, respectively. Section V concludes the paper (see Fig. 1).

Fig. 2. TRNSYS-Python co-simulation framework for optimizing the DES.
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2. Methodology

This section provides a detailed explanation of the methodology used for system modeling, design, and control optimization. Figs. 2 
and 3 illustrates the proposed methodological framework, which consists of four main phases. The first phase involves the develop
ment of a model for the DES. The second phase focuses on optimizing the design of the DES by minimizing both environmental and 
economic indicators across 10,000 different configuration scenarios through multi-objective optimizations. A multi-criteria decision- 
making TOPSIS approach is then used to identify the optimized system design configuration. In the third phase, two control strategies 
were developed for a water-to-water HP integrated into the DES. The goal is to minimize operational costs and reduce auxiliary natural 
gas consumption. The final phase includes an analysis of the energy performance, economic, and environmental indicators for each 
control strategy.

The proposed methodology centers around energy modeling, a foundational concept in renewable energy systems, essential for 
understanding and optimizing energy processes. This was achieved using the Transient System Simulation Tool (TRNSYS) integrated 
with Python. The integration utilized Python’s subprocess library to transfer necessary variables to TRNSYS and perform simulations. 
This approach enabled the exploration of diverse system configurations, overcoming geographical constraints and accommodating 
varied system characteristics, thereby facilitating effective solutions for renewable energy systems.

TRNSYS 18 operates by solving partial differential equations for mass and energy balances within predefined boundaries. However, 
it has notable limitations in developing and optimizing advanced energy system control algorithms. For instance, implementing smart 
control methods, such as DRL based approaches, inconvenient and difficult to use directly in the built-in software [44]. To address this, 
a co-simulation testbed was developed, integrating a DES TRNSYS model with a DRL-based control system to enable dynamic data 
transfer and interaction between the two, as illustrated in Fig. 2.

The integration of the TRNSYS model with Python is conducted in two main stages, ensuring a seamless data exchange to optimize 
the system design and control. In the first stage (i.e., system design optimization), TRNSYS sends all system design variables to Python 
for optimization during each simulation time step. This process leverages the "subprocess" Python library [45] to facilitate commu
nication, allowing the necessary variables to be passed efficiently to TRNSYS for simulation. The second stage of data exchange (i.e., 
control optimization) occurs at each time step of the TRNSYS simulation, where Python receives inputs from TRNSYS. This is 
accomplished using the "Calling Python (CFFI)" component, which invokes a Python module located in the same directory as the 
TRNSYS input file (the deck file). This script can utilize any installed Python package or library, enhancing flexibility and functionality. 
Communication between TRNSYS (implemented in Fortran) and Python is managed through a Foreign Function Interface using the 
CFFI Python package [46]. Based on the inputs from TRNSYS, Python then sends control signals back to TRNSYS, completing the 
feedback loop necessary for real-time simulation adjustments.

Given that DRL training requires extensive simulation data, parallel processing was employed to maximize computational resource 
efficiency and reduce experimentation time. A Python-based Gym environment [47] was developed to facilitate this, leveraging 
TRNSYS for parallel simulation data generation.

Fig. 3. District energy system DES descriptions.
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2.1. Energy system description

An overview of the analyzed DES system, which was developed in the TRYSYS 18 software, is presented in the schematic in Fig. 3. 
This software uses partial differential equations and imposes constraints on mass and energy conservation under specified boundary 
conditions. The system’s dynamic characteristics were well-captured thanks to the software’s ability to simulate the DES realistically. 
For computational efficiency, the DES model was simulated for three consecutive years. The results of these simulations were then 
extended across the project’s entire lifespan, which was assumed to be 40 years, based on the assumption that weather conditions and 
demand profiles would remain consistent during this period. The main components of the system are solar thermal (ST) collectors, 
photovoltaic collectors (PV), the DHW storage tank (DHWT), a half-buried sensible seasonal storage tank (SST), an auxiliary natural 
gas heater (AUX), and a water-to-water heat pump unit (HP).

As seen in Fig. 2, the HP functions as a heat source for the SST when connected with the solar field circuit. In this arrangement, the 
space heating (SH) and/or domestic hot water (DHW) demand can be accomplished efficiently by the thermal energy collected from 
the STC or it can be stored in the SST. An adequate design of the HP that is incorporated in DES is required to meet the SH and DHW 
needs of a residential community throughout the year. The thermal energy from the solar collectors is transferred to the DHWT in the 
DHW operation mode, with the intervention of pumps P1, P2, and P5, through HEs and using the ’Y’ valves. Meanwhile, the HP unit 
would be inactive while the DHW mode is activated. In the SH operation mode, heat is transferred from ST to SST through HE1 using 
pumps P1, P2, and P3, and ’Y’ valves. The heat generated by the HP is either provided to the SST for charging up the heat stored or 
delivered directly to the SH. While the daily DHW demand is supplied by the short-term storage DHWT, the SH demand is supplied only 
throughout the winter by the SST. The HP operation has two control strategies:

RBC – Here, the HP activates when the average temperature of the SST (TSST) falls below a predefined reference temperature (Tref). 
This setup serves as the base case scenario.

DRL – In this advanced control strategy, the HP is managed using a model-free strategy that relies on temperature readings from the 
solar collector (TCOL), and the Seasonal Storage Tank (TSST), as well as the set reference temperature (Tref). This approach aims to 
enhance the system’s efficiency by minimizing fluctuations in comfort levels within the SH and DHW systems. Additionally, it focuses 
on reducing operational costs and limiting the use of auxiliary energy over the course of 3 years. The strategy capitalizes on the 
adaptive learning capabilities of a DRL algorithm to continuously refine and optimize HP operation based on real-time data and 
performance outcomes.

In these modes of operation, the heat generated by the HP in controls RBC and DRL will be transferred to either the SST or the 
DHWT based on demand. In case of insufficient supply for SST or DHWT, the auxiliary heater will be activated as a backup. SH is 
supplied at a low temperature (50 ◦C), whereas DHW is supplied at a higher temperature (60 ◦C). If solar collectors, HP, and SST cannot 
satisfy the heat load, AUXs cover the shortfall. Additionally, electricity is provided by a combination of on-grid roof-mounted PV panels 
and the electricity grid, meeting the neighborhood’s electric demand and DES electric equipment.

2.2. Economic indicator

In this study, the Life Cycle Costing (LCC) approach was used to economically assess a novel co-simulation framework to optimize a 
DES. The LCC method takes a future cost perspective and calculates the current value of all expenses incurred over the system’s 40-year 
operational lifespan by applying a discount rate [48]. This includes the initial investment costs (IIC), ongoing operational expenses 
(OC), and the comprehensive costs of equipment replacement (RC) to determine the net present cost (NPC) [49]. 

NPC= IIC + OC + RC (1) 

The initial capital cost encapsulates the outset financial investment for the project, covering equipment purchase, installation, 
transportation, and all other contingency expenses [44]: 

IIC=(1 + αCF) +
∑

K
(PCEK.BMFK) (2) 

in equation (2), PCEk refers to the initial cost of purchasing equipment unit k, BMFk represents the bare module factor accounting for 
installation and transportation costs, and αCF is the contingency fee factor. The PCEk value is adjusted to its present value from the base 
year (year A) to the installation year (year B) using the Chemical Engineering Plant Cost Index (CEPCI) [44]. 

PCEK =PCEyear A
K

CEPCIyear B

CEPCIyear A ∀k (3) 

The initial purchase cost for each unit at year A was determined using the following equations [48]: 

PCEyearA
k =αkDVEβk

k ∀k = COL,DHW,AUX, PV,HP (4) 

PCEyearA
k =DVEβk

k .10[αk(log10DVEk)
βk ] ∀k=HE1,HE2,HE3 (5) 

PCEyearA
k =αk ln

(
DVEk

1000

)

+ βk ∀k=P1, P2,P3,P4 (6) 

Y. Elomari et al.                                                                                                                                                                                                        Journal of Building Engineering 104 (2025) 112405 

7 



PCEyearA
k = InsSST + ConSST ∀k = SST (7) 

Where : InsSST = αkDVEβk
k ∀k = XPS,MW, FG (8) 

ConSST = αkDVEβk
k ∀k = NC,HPC (9) 

ConSST = αke

(
βk

105 DVEk

)

∀k=UHPC (10) 

Here αk and βk represent the parameters for purchasing cost of equipment or materials, DVEk 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) indicating extruded polystyrene, mineral wool, and foam glass gravel) and its construction materials NC,HPC,UHPC 
comprising normal concrete, high performance concrete, and ultra-high performance concrete, respectively, along with the HP the 
heat exchanger areas (HE1,HE2,HE3), and the pumps discharge mass flow rates (ṁ1, ṁ2, ṁ3, ṁ4).

The operational cost (OC) includes yearly maintenance costs for different types of equipment, along with expenses related to 
electricity consumption and the use of auxiliary natural gas heaters, structured as follows [50]: 

OC=PWM + PWP + PWAUX + PWHP (11) 

in equation (16), PWM, PWapp, PWAUX and PWHP represent the annual maintenance cost, electricity purchased from the grid, natural 
gas consumption, and HP electricity consumption cost respectively.

The replacement cost can be calculated using the following formula, which factors in the present value of the equipment [44]: 

RC=PVFn

∑

K
(PCEK.BMFK) (12) 

Where PVFn is the present value factor of future cash flow at year n.

2.3. Environmental impact indicators

In conjunction with the Life Cycle Costing (LCC) methodology, which assesses the economic viability of DES, the environmental 
impacts of the DES systems are evaluated through Life Cycle Assessment (LCA). The LCA methodology provides a comprehensive 
evaluation of the entire lifecycle of a product or system, from its production to its disposal. This approach follows the "cradle-to-grave" 
principle,which means that every stage of the product’s lifecycle is taken into account. According to the ISO14040 standards [49] 
standardizes the LCA process, which includes four main phases: goal and scope definition, inventory analysis, impact assessment, and 
interpretation [51].

For this study, the initial phase of LCA establishes the system boundary and functional unit, adopting a "cradle to gate" perspective 
that omits the end-of-life disposal phase. This approach is typical in LCA studies, where the disposal phase’s impact is often considered 
minimal relative to the production and usage phases. Similarly, the recycling phase is not emphasized due to its complexity and the 
challenges associated with accurate forecasting. During the life cycle inventory and impact assessment phase, data on material inputs 
and outputs, along with associated energy consumption, are collected from various databases for the duration of the system’s con
struction and operation. This analysis included the manufacturing impacts of equipment and the DES’s consumption of utilities such as 
natural gas and electricity over its entire lifetime. Additionally, the transportation of materials to the construction site and the 
operational impact of system components are evaluated, with impact data sourced from the Ecoinvent 3.9.1 database [52].

The gathered inventory data are then classified into various impact categories, such as human health, ecological systems, and 
resource depletion. This study employs the ReCiPe 2016 framework, which uses the aggregated endpoint indicator metric (RCP) 
instead of midpoint indicators. This approach helps avoid potential misinterpretations of the DES’s environmental performance, 
especially when comparing systems of different sizes. The RCP calculations are defined as follows [53]: 

RCP=
∑

d
δdεf FIDd ∀d (13) 

Where FIDd denotes the final impact of the damage category d, and δd, represent the specific normalization and weighting factors. The 
weighting factors are derived from guidelines provided in the ReCiPe 2016 framework [48].

3. Case study

The small residential community of Falset (41◦08′46″N 0◦49′12″E), located in the Tarragona province of Spain, was chosen to apply 
the proposed DES concept. The energy community comprises 1058 buildings with 1712 individual dwellings. The proposed system has 
been developed to meet the requirements for SH at 50oC, DHW at 60oC, and to fulfill the electricity demand as well.
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3.1. Climate and demand profiles

The cluster types of residential buildings in Falset were identified to compute the SH demand using cadastral records [52]. Energy 
demand estimates per 100 m2 for each cluster type within Tarragona province were gathered from Ref. [54]. The hourly SH demand 
was determined by evaluating the difference in temperature between the hourly outdoor air temperature and a constant indoor 
temperature of 18 ◦C during the typical heating season (October–May 2023). The meteorological data used for these calculations was a 
location-specific TMY file from the Photovoltaic Geographical Information System (PVGIS) platform [55]. The hourly SH demand was 
determined by dividing the annual total according to the temperature difference for each hour.

For DHW, the residential sector’s hourly fractional demand was established, as shown in Table 1, with the daily and hourly tap 
water supply temperatures Tw calculated accordingly.

The formula for the daily DHW energy demand QDHW(J) for the municipality is defined as [48]: 

QDHW =P . V . ρ . C .
(
Tsup − Tw

)
(14) 

Where P is the municipality’s population, V is the recommended volume per person per day, 0.03 m3 [55] ρ , C, Tsup and ,Tw are the 
density of water in (kg/m3), the specific heat capacity of water (J/kg◦C), the supply temperature of hot water, and the tap water 
temperature, ◦C, respectively.

A Python-based script was used to gather the hourly electrical consumption data for Falset via the Datadis platform [56].
Fig. 4 shows the monthly DHW, SH, and electricity demand for a neighborhood in Falset that consists of 1058 residential buildings. 

Each building is equipped with a DHW system and radiant underfloor heating system to meet the requirement for SH and DHW at 50 ◦C 
and 60 ◦C, respectively. Each building requires yearly 1514 kWh, 11425 kWh, and 3989 kWh of domestic heating water, SH, and 
electricity consumption, respectively (see Fig. 5).

3.2. Economic and environmental input data

The parameters for the LCC assessment are outlined in Table 2. Based on [57], the maintenance cost is estimated to be 1.5 % of the 
initial purchase cost of the equipment. According to the EUROSTAT database [58], natural gas and electricity prices are 0.0862 
Euro/kWh and 0.2871 Euro/kWh, respectively. The price of electricity injected into the grid is 0.10 Euro/kWh [59]. In addition, the 
inflation rate associated with natural gas and electricity is 5.6 % and 3.9 %, respectively. The inflation rate associated with the 
proposed system throughout its lifetime was set to be 1.61 %, with a discount rate of 0.64 % [57]. The detailed parameters for the 
initial investment are presented in Table 2.

The input parameters for the LCA were selected from the Ecoinvent v. 3.9.1 database [52]. It categorizes the damage associated 
with the DES components based on the Recipe 2016 approach. The cumulative endpoint environmental impact is calculated with 
Equation (13) and the specific impact of different components of the DES is shown in Table 3.

4. Results and discussion

This study organizes its findings into three sections: the first examines optimal design configurations of the DES through multi- 
objective optimization and multi-criteria decision-making using TOPSIS; the second evaluates thermal energy performance with 
two control strategies in a residential community of 1058 buildings in Falset, addressing demands for SH, DHW, and electricity; the 
third section assesses LCC and environmental impacts of the optimal design, integrating various control strategies.

Fig. 6 presents an optimum system design of the DES, illustrating the trade-offs between Specific Economic Cost (SEC) (€/MWh) 
and environmental impacts - RCP (Pt/MWh) across various design scenarios. The Pareto front presented in the plot highlights the 
balance between minimizing costs and reducing environmental impacts, with data ranging from €29.87 to €65 per MWh for specific 
economic costs and from 3.4 to 5.8 Pt/MWh for environmental impacts. Notably, the minimal cost solution is 29.87 Euro/MWh with an 
environmental impact of 5.8 Pt/MWh. In contrast, the minimal RCP solution presents an RCP of 3.4 Pt/MWh at a significantly higher 
SEC of €65 per MWh. When comparing the minimal cost solution to the minimal RCP solution, there is a substantial increase of 

Table 1 
The hourly fractional DHW demand.

Hour fh Hour fh Hour fh

0h 0.01 8h 0.07 16h 0.04
1h 0.00 9h 0.07 17h 0.04
2h 0.00 10h 0.06 18h 0.05
3h 0.00 11h 0.06 19h 0.07
4h 0.00 12h 0.05 20h 0.06
5h 0.01 13h 0.05 21h 0.06
6h 0.03 14h 0.04 22h 0.05
7h 0.01 15h 0.03 23h 0.05

* fh refers to the fraction concerning the daily total DHW demand.
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approximately 116 % in SEC when moving from the minimum SEC solution at €29.87 to the minimum RCP solution at €65. Simul
taneously, there is a significant decrease in environmental impact by about 41 % from 5.8 Pt/MWh to 3.4 Pt/MWh. The balanced 
solutions, which aim to give equal weight to economic cost and environmental impact, are particularly intriguing. This solution is €34 
per MWh for SEC and exhibits RCP values between 4.6 Pt/MWh. They represent a practical middle ground, with about a 13.8 % 
increase in SEC and a decrease in RCP of 20.7 % compared to the minimal-cost solutions.

Fig. 7 provides a detailed analysis of the optimal system design for DES, focusing on four main decision variables: PV area, STC area, 
SST volume, and DHWT volume. Each box represents the optimal size range for these components, with whiskers indicating the 
optimization boundaries and the solid box defining the interquartile range, highlighting the most likely values. From the optimization 
results, different system design approaches emerge based on cost, balance, and environmental impact. The minimum cost solution 

Fig. 4. Demand profiles for DHW, SH and electricity per month for the investigated energy community of Falset.

Fig. 5. The monthly climatic conditions of the investigated energy community of Falset.
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Table 2 
The economic parameters of DES equipment.

Equipment, material Options αk βk DEVk Base year BMFk Ref.

STC ​ 974.2 0.8330 Aperture area (m2) 2007 1.00 [20]
PV ​ 190.92 0.833 Aperture area (m2) 2022 1.00 ​
HP ​ 2053.8 − 0.348 Capacity(kW) ​ 1.40 ​
DHWT ​ 3955 0.6500 Volume (m3) 2007 1.00 [21]
Aux ​ 225.0 0.7460 Duty (kW) 2001 2.10 [22]
HE ​ 3.133 0.3310 Exchange area (m2) 2001 3.29 [22]
Pump (P1, P2) ​ 389.0 283.2 Mass flow rate (kg/h) 2009 3.24 [23]
Pump (P3, P4) ​ 389.0 717.0 Mass flow rate (kg/h) 2009 3.24 [23]
SST insulation XPS 561.09 0.397 Material thickness (m) 2017 1.00 [24]
​ MW 1902.7 0.942 Material thickness (m) 2018 1.00 [25]
​ FG 311.41 0.968 Material thickness (m) 2014 1.00 [26]
STT construction NC 4178.1 − 0.394 Volume (m3) 2000 1.00 ​
​ HPC 2575 − 0.363 Volume (m3) 2004 1.00 [27]
​ UHPC 90.83 − 3 Volume (m3) 2004 1.00 ​

Table 3 
The environmental impact of DES equipment based on ReCiPe 2016 [48].

Unit Option Impact factor (ReCiPe 2016)

ST ​ 10.17 Pt/m2

PV ​ 15.70 Pt/m2

HP ​ 7.052 Pt/kW
DHWT ​ 85.96 Pt/m3

Auxiliary boiler ​ 4.11 Pt/kW
Heat exchanger ​ 2.515 Pt/m2

Pump ​ 4.531 Pt/kW
SST insulation XPS 0.889 Pt/kg
​ MW 0.0018 Pt/kg
​ FG 0.166 Pt/kg
SST construction NC 0.008 Pt/kg
​ HPC 0.002 Pt/kg
​ UHPC 0.0206 Pt/kg
Natural gas ​ 0.0265 Pt/kWh
Electricity ​ 0.0380 Pt/kWh

Fig. 6. Multi-objective optimization for optimal scenario selection: Pareto sets analysis.
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Fig. 7. Optimal system design ranges for district energy system.

Fig. 8. Operations temperatures of the DHW and seasonal thermal storage tanks and coefficient of performance of the DES under a RBC and DRL 
controllers.
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favors a larger PV area (28,900 m2) and SST volume (129,826 m3) to achieve cost efficiency, while maintaining a moderate DHWT 
volume (605 m3) and a STC area (10,818 m2). The balanced solution reduces the PV area to 19,300 m2 and the SST volume to 108,188 
m3, optimizing trade-offs between cost and sustainability. It also lowers the DHWT volume to 504 m3, indicating an efficient balance 
between thermal storage components. The minimum impact solution minimizes the PV area to 9700 m2 and SST volume to 97,369 
m3, prioritizing environmental impact reduction while keeping STC and DHWT volumes unchanged at 10,818 m2 and 605 m3, 
respectively.

After achieving the optimal system design through the Multi-objective optimization, the heating control systems were evaluated, 
particularly the comparison between a RBC, and DRL controller; the analysis focused on performance over a three-year period, spe
cifically 26,280 h of operation.

Fig. 8 illustrates the average temperatures inside the DHWT in blue, the average temperatures inside the SST in red, and the COP in 
green for both controllers. By using the DRL controller, the fluctuations in the DHWT temperature seem slightly more subdued 

Fig. 9. Comparative analysis of the annual thermal energy management of the optimal system design under RBC and DRL controllers.
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compared to the RBC controller; additionally, the DRL controller demonstrated a higher consistency in DHWT temperature control, 
adhering closely to set temperatures with minimal deviations (− 0.48 K for DHW and − 0.51K for SH set temperatures), indicating 
superior control precision compared to the RBC, which exhibited larger deviations (− 2.06 K for DHW and 3.51 K for SH). These 
deviations signify control accuracy and suggest differences in energy efficiency, as closer adherence to set temperatures generally leads 
to reduced energy consumption. In the first part of the reward function formulation of the controller’s DRL algorithm, the goal was to 
minimize the comfort deviations for both SH and DHW, which justified why the DRL overperforms the RBC.

In assessing the operational dynamics of the DRL and RBC controllers within the context of system operation t, a critical point of 
comparison emerges in the functioning and impact of the HP, particularly evident in their respective contributions to the overall COP. 
This analysis shows that the DRL controller achieves a seasonal COP of 3.95 and a maximum COP of 5.71, with the HP contributing 
approximately 17 % to the total heating demand. In contrast, the RBC controller achieves a lower seasonal COP of 3.29 and a maximum 
COP of 4.42, with a minimal HP contribution of only 1 %. The higher COP values and significant HP contribution under the DRL 
controller indicate a more active engagement of the HP in thermal energy management. This suggests a strategic use of the HP to 
enhance system efficiency, an approach that not only improves overall energy efficiency but also ensures that the HP is utilized to 
maximize its potential benefits and reduce reliance on natural gas auxiliary heaters. Conversely, the strategy employed by the RBC 
controller, which results in lower COP values and negligible HP usage, implies a potentially underutilized capacity of the HP, leading to 
less efficient system operation.

Fig. 9 illustrates a comparative analysis of the annual thermal energy management under RBC and DRL controllers within the DES. 
The figure showcases the monthly energy contributions from the various components including the solar collectors, stored solar en
ergy, HP, and auxiliary heaters. Notably, energy stored in the SST from February to September is depicted as negative in grey, 
indicating periods of energy accumulation rather than usage. This stored energy is then utilized during autumn and early winter, 
demonstrating the system’s ability to effectively balance supply and demand. The thermal energy provided by the solar collectors, SH 
auxiliary heater, and HP are presented in yellow, red, and green colors, respectively.

The RBC shows marked seasonal fluctuations, especially in the coldest months, heavily relying on stored energy and auxiliary 
heating due to minimal HP contribution, less than 1 %. In contrast, the DRL controller manages a more efficient and stable energy 
output, significantly incorporating the HP throughout the year, accounting for approximately 17 % of the energy consumption profile. 
This optimized strategy enhances the HP’s seasonal performance, reduces the need for auxiliary heating, and stabilizes the SST’s 
temperature and internal energy change.The DRL controller provides a balanced and integrated approach to managing the heat 
sources, including solar collectors, storage tanks, HPs, and auxiliary heaters, ensuring reliable and efficient heating for 1058 residential 
buildings in Falset, Spain. The enhanced control strategy of the DRL not only optimizes energy utilization but also maintains consistent 
service levels, showcasing its superiority over traditional RBC systems in complex heating operations. This analysis highlights the 
benefits of implementing advanced DRL techniques for energy management in DH systems, promoting sustainability and operational 
efficiency.

Fig. 10 provides a comparative analysis of solar fraction and efficiency metrics across different components of an DES, controlled by 
either a RBC or a DRL controller. The figure is segmented into two primary categories: Solar Fraction (SF) and Efficiency, each further 
divided into subcategories for SH, DHW, and solar collectors. The metrics demonstrate the DRL controller’s superior performance in 
harnessing solar energy, with a global solar fraction of 87.98 % compared to the RBC’s 77.26 %. This enhanced performance extends to 
SH, where the DRL achieves an 86.80 % solar fraction compared to the RBC’s 74.81 %. Both controllers show high system’s efficiency 
in the provision of DHW, with the DRL slightly outperforming the RBC (96.84 % vs. 95.74 %). In terms of efficiency, the DRL controller 
exhibits improved collector efficiency at 80.47 %, against the RBC’s 77.63 %, indicating more effective solar energy conversion. SH 
efficiency is slightly higher under the RBC at 97.15 %, compared to 96.77 % for the DRL, a marginal difference that might reflect 
specific operational strategies of the RBC. Both controllers achieve nearly identical high efficiencies in DHW heating at 99.80 %.

Table 4 presents a life cycle costing comparison for an optimal design solution of an integrated HP into a DES, employing two 
distinct control strategies: RBC and DRL. The table details various cost aspects, including initial capital costs, replacement costs, 
operation and maintenance costs, NPC, and the economic cost per megawatt-hour. We used the same optimal system design, resulting 
in identical initial capital and replacement costs of €7.22 million and €2.74 million, respectively. This ensures that operational effi
ciency differences stem solely from the controllers’ management strategies, not system design variations.

The DRL controller significantly reduces operational and maintenance costs to €9.81 million compared to €13.22 million for the 
RBC, primarily due to its optimized utilization of the HP. This efficient management leads to a lower NPC of €19.77 million for DRL, 
against €23.18 million for RBC, and reduces the economic cost per MWh to €34.01, compared to €35.53 under RBC. Furthermore, as 
highlighted in Figs. 7 and 8, the DRL’s strategic advantage in maximizing HP usage significantly contributes to the system’s energy 
profile throughout the year and minimizes auxiliary heater reliance. In contrast, the RBC exhibits high dependence on auxiliary heaters 
due to underutilization of the HP, resulting in increased operational costs.

Fig. 11 presents a detailed comparison of the environmental impact of the optimal design solution under RBC and DRL control 
strategies of an integrated HP into DES. The environmental impact of electricity usage, denoted as Impact_e, is slightly higher for the 
DRL at 2.12 Pt/MWh compared to 2.02 Pt/MWh for the RBC. This indicates a potentially higher electricity consumption under the 
DRL, suggesting that the DRL engages the HP more actively, as illustrated in green color in Fig. 6. Both controllers demonstrate 
identical impacts from solar collector (Impact_COL), photovoltaic collector (Impact_PV), domestic hot water tanks (Impact_
TankDHW), and HP (Impact_HP), this similar impact is due to the same optimal system design. Thermal energy storage (Impact_TTES) 
shows insightful variations. While the impact from thermal energy storage remains constant between the controllers, the DRL shows a 
heightened impact from seasonal thermal storage, suggesting a more pronounced utilization of this storage tank, as illustrated in Fig. 9, 
during the months of January and February. The DRL controller exhibits a 1.56 % decrease in total environmental impact measured in 
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Pt/MWh compared to the RBC. The DRL controller’s reduction in total environmental impact is primarily due to its enhanced operation 
control of the HP, which is powered by solar energy rather than relying on auxiliary heaters fueled by natural gas.

Overall, the design and control optimization facilitated by the DRL controller has demonstrated an exemplary integration of heat 
sources—solar collectors, storage tanks, HP, and auxiliary heaters ensuring a reliable and continuous supply of SH and DHW to the 
residential community of 1058 residential buildings in Falset, Spain. This strategy optimizes energy utilization and significantly en
hances the sustainability of the system. The findings clearly highlight the superior performance and efficiency of advanced control 
strategies like DRL in managing DES, offering benefits from energy, economic, and environmental perspectives.

5. Conclusion

This study provides a comprehensive analysis of optimizing DES through a co-simulation framework developed between TRNSYS 
and Python. The framework was applied to a medium-sized residential community of Falset municipality of the Tarragona province, 
Spain. The co-simulation framework contains the dynamic TRNSYS model of the DES, with HP and seasonal thermal storage tank. A 
Python model was used for the system’s design and the smart control optimization as well as the technical, environmental, and 
economic assessments. 

• Through multi-objective optimization and multi-criteria decision-making, we identified optimal configurations that reduce net 
present cost by 14.71 % and reduce environmental impacts by 11.09 %.

• The optimal system design configuration was found to be a PV area of 19,300 m2, SST volume of 108,188 m3, STC area of 10,818 
m2, and DHWT volume of 504 m3, providing a balanced solution between cost reduction and environmental impact.

• Comparative performance analysis revealed that the DRL controller maintained tighter control over temperature settings, with 
deviations as minimal as − 0.48 K for DHW and − 0.51 K for SH; this outperformed the RBC, which showed larger deviations (− 2.06 
K for DHW and 3.51 K for SH). This precision in temperature management under the DRL controller indicates a higher efficiency 
and leads to substantial energy savings by minimizing unnecessary heating.

Fig. 10. Solar fraction of the SH, DWH circuits, and efficiency of solar collectors, SH, and DHW under the RBC and DRL controllers.

Table 4 
Economic comparison for the optimal design solution under RBC and DRL controllers.

RBC DRL

Initial investment cost (M€) 7.22 7.22
Replacement cost (M€) 2.74 2.74
Operation and maintenance cost (M€) 13.22 9.81
Net present cost (M€) 23.18 19.77
Specific economic cost (€/MWh) 35.53 34.01
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• The life cycle cost analysis further supports DRL’s economic viability, showing annual savings in operations and maintenance costs 
of approximately €0.08 million and a 4.28 % reduction in economic net present cost.

• Additionally, the DRL approach cuts environmental impacts by 1.56 %, primarily through optimized HP operations reliant on solar 
energy, thus reducing dependence on auxiliary natural gas heaters. The HP accounts for 17 % of total energy consumption and 
achieves a global solar fraction of 87.98 %.

These findings highlight the essential role of advanced hybrid co-simulation frameworks in improving DES design and control, 
emphasizing their potential for sustainable urban energy transitions.
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