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H I G H L I G H T S  G R A P H I C A L  A B S T R A C T  

• A data-driven framework for optimizing 
the residential renewable energy com
munity is framed. 

• The framework is applied to a real case 
study residential community in Tarra
gona, Spain. 

• Multi-objective optimization is applied 
to minimize LCC and LCA parameters 
while maximizing green energy use. 

• A multi-criteria decision-making 
approach is carried out to design opti
mized configurations for energy 
communities.  
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A B S T R A C T   

This research paper presents a data-driven framework for design optimization of renewable energy communities 
(RECs) in the residential sector, considering both techno-economic challenges and environmental impact. The 
study's focus is to determine suitable sizes for photovoltaic systems, wind turbines, and battery electrical energy 
systems by evaluating energy, economic, and environmental criteria. To achieve this, we develop a data-driven 
model that incorporates Homer Pro and an in-house tool developed in Python programming language that in
tegrates a machine learning algorithm, life cycle cost (LCC), life cycle assessment (LCA) calculations of the REC 
model. Furthermore, a multi-objective optimization model is established to minimize the LCC and LCA param
eters while maximizing green energy use. Moreover, a multi-criteria decision-making approach based on 
Weighted Sum Model (WSM) is proposed to help the stakeholders to see beyond the selection criteria based on 
LCC and LCA to choose the most appropriate scenario optimal solution for the desired energy community and 
interpret the effect of various economic parameters on the sustainable performance of REC. The framework 
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application is illustrated through a case study for the optimal design of REC for a residential community in 
Tarragona, Spain, consisting of 100 buildings. The results revealed a substantial improvement in economic and 
environmental benefits for designing REC, the optimal minimum cost solution with a levelized cost of energy 
(LCOE = 0.044 $/kWh) and a payback period of 7.1 years with an LCOE reduction of 85.04% compared to the 
base case. The minimum impact with an LCOE = 0.220 $/kWh and a payback period of 12.5 years with a 
reduction in environmental impact of 54.59% compared to the base case. Overall, the developed data-driven 
provides policy decision-making with an evaluation of REC in the residential sector.   

1. Introduction 

Due to its potential for addressing problems caused by climate 
change and the demand for sustainable energy, incorporating renewable 
energy sources has attracted considerable attention in recent years [1]. 
Exploring alternative energy options can help to reduce greenhouse gas 
emissions [2]. The building sector consumes a large amount of energy 
and natural resources, with negative impact on the environment. For 
instance, 50% of energy usage, 33% of water use, 50% of raw material 
extraction, and 40% of greenhouse gas emissions in Europe are 

attributed to buildings [3,4]. The Sustainable Development Goals 
(SDGs) of the United Nations (UN) emphasize the necessity of addressing 
these effects and identify the construction industry as a critical partici
pant in attaining environmental goals on a local and global scale [5]. 

Following this, the European Commission has established chal
lenging goals to make sure that by 2030, renewable sources will 
constitute 45% of its energy mix [6]. This commitment entails a sig
nificant boost in the ability to generate renewable energy, particularly 
emphasizing the quick adoption of solar photovoltaics (PV). In order to 
fuel the expansion of renewable energy, it is planned to install more than 
320 GW of PV by 2025 and approximately 600 GW by 2030 in the Eu
ropean Union [7]. 

Abbreviations 

ANN Artificial Neural Network 
BEES Battery Electrical Energy Storage 
CC Capital cost 
CRF Capital Recovery Factor 
EVS Explained Variance Score 
HOMER Hybrid Optimization Model for Electric Renewables 
LCA Life Cycle Assessment 
LCC Life Cycle Cost 
LCIA Life Cycle Impact Analysis 
LCOE Levelized Cost of Energy 
MAE Mean Absolute Error 
ML Machine Learning 
MOO Multi-Objective Optimization 
NPC Net Present Cost 
O&M Operation and Maintenance 
PV Photovoltaics 
R2 R-squared 
RC Replacement cost 
REC Renewable Energy Community 
RESs Renewable Energy Sources 
WT Wind Turbine 

Nomenclature 
Ah Ampere hours 
Cann,tot Annualized cost ($/year) 
CRF capital recovery factor 
DAMd indicator results for damage category d 
DOD battery system depth of discharge 
Eprim,AC AC primary load served (kWh/year) 
Eprim,DC DC primary load served (kWh/year) 
Egrid,sales total grid sales (kWh/year) 
Ed daily energy demand (kWh) 
fPV PV array's derating factor (%) 
GT incident solar radiation in the current time step (kW/m2) 
GT,STC incident solar radiation at the standard temperature 

condition (kW/m2) 
i real interest rate (%) 
LCIMP

i manufacturing processes associated with the elementary 
flow i 

LCIOP
i plant operation associated with the elementary flow i 

LCITOT
i total life cycle inventory associated with the elementary 

flow i 
LCITR

i transportation tasks associated with the elementary flow i 
nd days of autonomy 
PWTG power generation of wind turbine (kW) 
PWTG,STC wind turbine output at the standard condition (kW) 
RCP ReCiPe 2016 aggregated impact factor (Pts) 
Rproj project lifetime (year) 
TC PV's temperature (◦C) 
TC,NOCT nominal operating PV cell temperature (◦C) 
TC,STC PV array's temperature at the standard temperature 

conditions (◦C) 
Uanem wind speed at anemometer height (m/s) 
Uhub wind speed at the hub of the wind turbine (m/s) 
Vbat battery voltage (V) 
YPV PV output under typical operating conditions (kW) 
zhub anemometer height above the surface (m) 
z0 anemometer height (m) 

Greek symbols 
αP temperature coefficient of power measured in (%/◦C) 
α solar absorption 
τ solar transmittance of the PV array 
ηc electrical conversion efficiency of the PV array 
ηmp,STC the maximum power point efficiency under standard test 

conditions, expressed in (%) 
εd weight factor based on values recommended in the ReCiPe 

2016 framework 
δdis factor is based on the use of land and extraction of 

materials in the European setting 
ϴei characterization factor that connects endpoint impact 

category e with the elementary flow i 
ρ actual air density 
ρ0 air density at standard condition 

Indices 
d damage category 
i elementary flow 
N number of years  
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Energy communities have become a viable strategy to enable the 
integration of renewable energy into the building industry [8]. An en
ergy community is a gathering of energy producers and consumers who 
collaborate for the purpose of optimizing energy production, con
sumption, and distribution [9,10]. Local energy communities that pool 
resources and share energy encourage the use of renewable energy 
technology, enable energy independence, encourage sustainable be
haviors, and decrease dependency on fossil fuels [11]. 

Several technical, economic, and environmental problems arise with 
the idea of an energy community. The integration of renewable energy 
resources requires the use of cutting-edge technology [11], such as smart 
grids [12], energy storage systems [13,14], and demand response 
mechanisms [12]. These technologies allow for effective energy man
agement [15], grid stability [16], and optimum energy flows within the 
community [12]. Additionally, there are economic considerations since 
energy communities can result in cost reductions, income production via 
energy trading, and the development of jobs for the community's 
economy [17,18]. Furthermore, energy communities provide significant 
environmental advantages, such as lower carbon emissions, better air 
quality, and greater resilience to the consequences of climate change 
[19]. 

Renewable energy communities (RECs) are becoming more impor
tant worldwide. There are examples of practical applications, including 
those in Beijing [20], Wuhan [21], and Melbourne [22]. Additionally, 
since the EU RED II Directive was adopted in 2018 [23], RECs have 
become an important topic for European renewable energy systems. The 
design of the REC includes a number of elements, including the selection 
and size of renewable energy sources, energy storage systems, and the 
implementation of energy-efficient building design principles. The 
location and layout of the community, the local climate, the availability 
of renewable energy sources, the storage capacity, the demand profile, 
and the energy demand are all crucial elements in making the most use 
of the available resources. 

To optimize an energy community, it is necessary to maximize the 
usage of RESs and achieve the best possible energy balance [24,25]. This 
requires the development along with the implementation of complex 
modeling techniques and optimization algorithms [38]. These optimi
zation methods could assist a community in developing an energy mix 
that is both economically and environmentally sustainable, boosting 
energy independence and lowering dependency on the grid [26,27]. 
Several tools have been developed for this method of modeling, 
including the hybrid optimization model for electric renewables 
(HOMER) [28], the distributed energy resources-consumer adoption 
model (DER-CAM) [29], and REopt [30]. Tozzi et al. [31] conducted an 
extended comparison of the most used renewable energy simulation 
tools at the community level. Furthermore, the authors found that the 
accuracy of renewable energy simulation tools is enhanced through 
high-quality imported data containing relevant and specific 
information. 

Several studies have been conducted to investigate and develop 
efficient approaches with the goal of enhancing size and cost control as 
well as increasing overall efficiency. These methodologies include a 
variety of strategies, such as genetic algorithms [32], hybrid genetic 
algorithms [33], iterative techniques [34,35], graded particle swarm 
optimizations [36], and Meta Particle Swarm Optimization [31,32,37]. 

The best energy mix scenario within a community that uses renew
able energy sources could also be designed using machine learning 
techniques. These algorithms can evaluate and deal with complicated 
data sets, such as energy demand profile, weather predictions, and 
profiles of renewable energy generation [39]. in order to optimize en
ergy generation, consumption, and distribution. It is feasible to develop 
prediction models using machine learning approaches that allow for the 
identification of the optimum combination of renewable energy tech
nologies, storage systems, and energy management techniques [39]. 
There has been research employing machine learning, such as Ferrara 
et al. [40] developed a deep residual learning-based method to simplify 

the Nearly Zero Energy Building optimization design. Waqar et al. [41] 
proposed a machine learning algorithm-based energy management of 
the renewable energy community in the smart grid. Kumar et al. [42] 
employed artificial neural networks to predict the size, tilt, and azimuth 
angles of PV systems. Khatib and Elmenreich [43] employed a Gener
alized Regression Neural Network to predict the PV array and battery 
size ratio. Achieving the most effective and sustainable energy mix 
scenario could be achievable with the integration of machine learning 
algorithms, which could allow energy communities to make intelligent 
decisions. 

The novelty of our research is the development a data-driven 
framework to design the renewable energy community (REC) consid
ering its techno-economic failures and environmental impact. In order to 
assist the stakeholders' decision-making, the study tends to optimize the 
size of the REC source of energy technologies used (such as photovoltaic 
systems, wind turbines, and battery electrical energy systems) under 
energy, economic, and environmental criteria. In this context, Homer 
Pro and an in-house tool developed in Python programming that in
corporates a machine learning algorithm, life cycle cost (LCC), life cycle 
approach (LCA) calculations of REC model. Furthermore, A multi- 
objective optimization model is established to minimize the LCC and 
LCA parameters with consideration for maximizing green energy use. 
Additionally, a multi-criteria decision-making approach based on 
Weighted Sum Model (WSM) 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 energy community 
and interpret the effect of various economic parameters on the sus
tainability of REC. The proposed methodology can serve as valuable 
insights and practical guidelines for policymakers, energy planners, and 
building professionals interested in promoting the integration of 
renewable energy within the building sector by establishing energy 
communities. The paper is structured as follows: Sections 2 and 3 
illustrate the research methodology framework and the case study 
description of this study. Afterward, the optimization results and the 
findings of this study are reported and discussed in Section 4. The paper 
concludes by highlighting the main results in Section 5. 

2. Methodology framework 

The proposed methodology framework for the optimal design of the 
renewable energy community is outlined in Fig. 1. The framework 
consists of five primary phases: renewable energy community modeling 
(A) using Homer Pro software to design and generate scenarios, a Python 
in-house tool was used for; sustainability parameters calculations (B), 
and also for machine learning model development (C), Pareto solutions/ 
multi-objective optimization (D) for economic and environmental ob
jectives. and later multi-criteria decision-making (E) to facilitate the 
selection according to the needs/preferences of stakeholders. 

2.1. Energy system description 

A typology of a renewable energy community system is designed for 
a residential neighborhood of 100 buildings in Tarragona, Spain, to 
cover the energy demand, as shown in Fig. 2. The system architecture 
incorporates a solar photovoltaic unit, wind turbine unit, energy storage 
unit, inverter, the power source from the utility, and the residential 
community load. Homer Pro software has been used to model and 
simulate the renewable energy community system. 

2.1.1. Mathematical model  

a. Photovoltaic system 

The photovoltaic system incorporates renewable energy into the 
system by supplying the DC-BUS with renewable electricity. The PV 
power generation can be calculated as stated in Eq. (1) below: 
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PPV = YPV fPV
(

GT

GT,STC

)
[
1+ αP

(
TC − TC,STC

) ]
(1) 

Where YPV stands for the PV output under typical operating condi
tions (kW), GT and GT,STC represents incident solar radiation in the 
current time step (kW/m2), at the standard temperature condition (kW/ 
m2), respectively. fPV is the PV array's derating factor (%), αP refers to 
the temperature coefficient of power measured in (%/◦C), TC represents 
for the PV's temperature in ◦C, and TC,STC stands for the PV array's 
temperature at the standard temperature conditions (i.e., 25 ◦C). the TC 
is calculated using the following equation: 

TC =

⎛

⎜
⎜
⎝
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)
(
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)
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τα

⎞

⎟
⎟
⎠

(2)  

where α is the solar absorption, τ is the solar transmittance of the PV 
array, ηc is the electrical conversion efficiency of the PV array, ηmp,STC is 
the maximum power point efficiency under standard test conditions, 
expressed in (%),αP is the temperature coefficient of power (%/◦C), Tc 

and Ta are the cell and ambient temperature, Tc,STC and TC,NOCT are the 
cell temperature under; standard test conditions (25 ◦C); and nominal 
operating cell temperature, respectively.  

b. Wind turbine 

In Homer, the wind turbine is modeled as a device that converts wind 
kinetic energy into DC or AC electricity. The wind electricity production 
is calculated using a three-stage approach; First, HOMER calculates the 
wind speed at the wind turbine's hub height. The amount of electricity 
the wind turbine produces at the given wind speed and constant air 
density is then calculated. Finally, HOMER adjusts the power output 
figure as needed to reflect the actual air density. HOMER employs the 
following equation to calculate the wind speed at the hub height: 

Uhub = Uanem.

ln
(

zhub
z0

)

ln
(

zanem
z0

) (3) 

Where Uhub, Uanem, zhub, and z0are the wind speed at the hub of the 
wind turbine, and the wind speed at anemometer height (m/s), the wind 

Fig. 1. Framework for the renewable energy community system design optimization.  
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velocity at the wind turbine hub height, the anemometer height above 
the surface roughness length, and the anemometer height, respectively. 
The wind turbine power generation can be calculated using the equation 
below: 

PWTG =

(
ρ
ρ0

)

.PWTG,STC (4) 

Where PWTG, PWTG,STC are the power generation of wind turbine, and 
the wind turbine output at the standard condition (kW), ρ and ρ0 are the 
actual air density, and the air density at standard condition, 
respectively.  

c. Battery and charge controller 

The mathematical model used by HOMER defines a single battery as 
a device with the capacity to store a certain amount of direct current 
(DC) power with a fixed energy efficiency. In order to provide power 
regulation to and from the battery, the system needs a charge controller. 
It monitors if the battery is completely charged or needs to be recharged. 
By performing this, the battery is protected from damage. The system's 
battery capacity can be determined using following equation Eq. (5): 

Nbat =
Ed.nd

Vbat.Ah.DOD
(5) 

Where nd, Ed, Vbat ,Ah, and DOD are the days of autonomy, the daily 
energy demand, the battery voltage score, the ampere hours, and the 
battery system depth of discharge, respectively. 

2.2. Economic assessment 

In this work, the economic evaluation of 2000 energy system sce
narios is carried out using the LCC approach. The LCC technique's core 
idea is the use of a future-cost approach. This involves employing a 
discounting method to determine the present value of all costs spent 
over the system's lifespan. The levelized cost of energy (LCOE) and net 
present cost (NPC) are the two primary economic measures used in the 
LCC approach. 

The NPC of a system is the present value of all costs minus the present 
value of all income generated throughout the system's lifespan. Capital 
expenses, replacement costs, operations and maintenance costs, and the 
purchased electricity from the grid are all included in the costs. Salvage 
value and grid sales revenue are among the revenues, mathematically 
expressed as stated in Eq. (6): 

CNPC =
Cann,tot

CRF
(
i,Rproj

) (6) 

Where Cann,tot ,CRF,i,Rproj,are the annualized cost ($/year), the capital 
recovery factor, the real interest rate (%), and the project lifetime (year), 
respectively. The Capital Recovery Factor (CRF) is calculated using the 
following formula: 

CRF(i,N) =
i(1 + i)N

(1 + i)N − 1
(7) 

Where N, and i are the number of years, and the real interest rate (%), 
respectively. 

The LCOE is commonly used as a benchmark to compare the cost of 
different power generation technologies, the LCOE calculates the sys
tem's average cost per kWh of electrical energy and is computed utilizing 
Eq. (8): 

LCOE =
Cann,tot

Eprim,AC + Eprim,DC + Egrid,sales
(8) 

Where Cann,tot is the annualized cost ($/year), Eprim,AC is the AC pri
mary load served (kWh/year), Eprim,DC is the DC primary load served 
(kWh/year), Egrid,sales is the total grid sales (kWh/year). 

2.3. Environmental assessment 

Along with the LCC approach for evaluating the configurations of the 
renewable energy community systems' economic performance, the 
environmental impact of each configuration is evaluated from an using 
the life cycle assessment (LCA). By examining the product lifecycle from 
a global viewpoint, this technique offers a comprehensive assessment of 

Fig. 2. Schematic of the proposed renewable energy community system.  
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the local impacts on the environment. LCA evaluates the product under 
the “cradle-to-grave” approach [44] while considering several envi
ronmental factors. Goal and scope definition, inventory analysis, impact 
assessment, and interpretation are the four key steps that follow a spe
cific sequence to set the LCA methodology, the LCA approach was 
standardized under the ISO14040 series [45–47]. The following sub
sections comprehensively explain these stages: 

2.3.1. Goal and scope definition 
The system, its boundaries, and the functional unit are the three 

primary scopes included in this phase. The system boundary would be 
established using the “cradle-to-gate” concept, with the end user dis
tribution networks excluded. The functional unit in this study is the 
capacity of renewable energy community system (i.e., photovoltaic 
system, wind turbine, battery capacity installed), and the quantity of 
energy amount purchased from the grid. 

2.3.2. Inventory analysis 
The second stage of the LCA procedure, inventory analysis, quan

tifies the input and output materials and the energy consumed 
throughout the installation and operation of the renewable energy 
community. In the current study, takes into account a number of impact 
sources, including the operation of the plant over the course of the entire 
time horizon (LCIOP

i ), transportation of materials and finished equip
ment units to the site (LCITR

i ),and utility energy consumption and the 
manufacturing of equipment by the system over the course of its lifetime 
(LCIMP

i ). The inventory entries can be stated mathematically in Eq. (9): 

LCITOTi = LCIMP
i +LCITRi +LCIOPi (9) 

Where LCITOT
i , LCIMP

i , LCITR
i , and LCIOP

i represent the total life cycle 
inventory, the manufacturing processes, the transportation tasks, and 
the plant operation associated with the elementary flow i, respectively. 

2.3.3. Impact assessment 
In this step, the ReCiPe method involves converting Inventory data 

into endpoint scores, which are then classified into three categories: 
human health, ecological systems, and resource depletion [48]. These 
categories are combined to create a normalized indicator metric (RCP) 
for each residential renewable energy community system configuration. 
The impact values related to each effect category can be stated mathe
matically in Eq. (10): 

IMPe =
∑

i
ϴei.LCITOTi (10)  

where ϴei represents for the characterization factor that connects 
endpoint impact category e with elementary flow i. 

The endpoint impact categories e are then combined into damage 
categories (DAMd), which are then normalized and combined into a 
single final indication RCP for each residential renewable energy com
munity system configuration. Mathematically, the RCP score can be 
expressed as shown in Eqs. (11 to 12): 

DAMd =
∑

eϵIDd

IMPe∀d (21)  

RCP =
∑

d
δdεdDAMd∀d (32) 

The provided equation includes DAMd, which is the endpoint score 
for damage category d. To normalize endpoint data for different damage 
categories, the δdis a factor is based on the use of land and extraction of 
materials in the European setting. While εd is the weight factor based on 
values recommended in the ReCiPe 2016 framework. 

2.3.4. Interpretation 
An analysis of the findings is provided at this stage. In this context, 

the LCC approach, which employs NPC for estimating the future cost and 
levelized cost of energy as first objective function, and the environ
mental impact indicator RCP as second objective function to evaluate 
each renewable energy community system configuration using a mul
tiobjective function optimization algorithm. As a result, Pareto set op
timum solutions can be obtained. They provide more insight about 
various renewable energy community system configurations and, 
consequently, encourage decision-makers to choose the options that best 
suit their needs/preferences. 

2.4. Data generation and preparation 

For machine learning algorithms to be effective, training data gen
eration is essential for decision tree algorithms. The quantity and quality 
of the training data have a direct impact on the generalization and ac
curacy of the model. The local optimal algorithm may converge to a 
suboptimal solution without sufficient and representative training data. 
Therefore, it is essential to carefully design and generate the training 
dataset for local optimization algorithms to ensure they can effectively 
identify the proper optimal solution [49]. 

First, we developed a renewable energy community system using 
Homer Pro software, considering the specific energy demands of the 
community. We then identified all feasible and possible combinations of 
scenarios. To design each configuration, we focused on changing the size 
of different components such as the PV system, wind turbine, battery 
energy system, dispatch strategy, and the amount of energy purchased 
and sold to the grid. This allowed us to explore different combinations of 
renewable energy systems and generate all the possible ways to meet 
community energy demands. After collecting data from the HOMER Pro 
software, we obtained an extensive dataset of 2000 renewable energy 
community system scenarios that are feasible to cover the community's 
energy demand. 

2.5. Optimization procedure 

2.5.1. Training of the machine learning model 
The training of a Random Forest Regression model using a dataset of 

2000 scenarios for community-based renewable energy systems gener
ated from the HOMER Pro software is the first step in the optimization 
process. This dataset includes several renewable energy system config
urations together with the associated economic metrics (e.g. levelized 
cost of energy and net present cost) and environmental impact in
dicators (e.g. ReCiPe scores). Notably, Python was used to execute the 
LCA and LCC calculations, providing the essential economic and envi
ronmental indicators for the machine learning model's training. 

The Random Forest Regression algorithm is used for establishing a 
functional relationship between the system configurations used as input 
parameters and the economic metrics and environmental impact in
dicators utilized as output variables. Each tree in the Random Forest is 
constructed using a different subset of the training data and a random 
subset of features. The final prediction is then made by aggregating the 
predictions of all the individual trees in the forest. The dataset is pro
vided to the model during training to assist it in identifying correlations 
and patterns between system parameters and related metrics. The model 
develops the capacity to predict the economic and environmental per
formance of various system configurations as a result of this training 
process. The inherent trade-offs between the cost of energy and envi
ronmental impact could be captured by the machine learning model, 
which leads to the enhancement of decision-making and design 
optimization. 

2.5.2. Performance evaluation 
Following the training phase, the trained Random Forest Regression 

model's performance is evaluated using the right metrics. A validation 
dataset distinct from the training dataset is used to do this. The model's 
capacity for predicting economic metrics and environmental impact 
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indicators is assessed using metrics like Mean Absolute Error (MAE), 
Explained Variance Score (EVS), and R-squared (R2). These perfor
mance indicators offer insightful information about the model's accu
racy and generalizability, given in Eqs. (13 to 15): 

MAE =
1
n
∑n

i=1

⃒
⃒yi − y′

i

⃒
⃒ (43)  

R2 = 1 −

∑n

i=1

(
yi − y′

i

)2

∑n

i=1
(yi − yˆi )

2
(54)  

EVS = 1 −
Var(y − y′)

Var(y)
(65) 

Where yi,y′
i, and yˆ

i , are the actual value, the predicted value, and the 
mean of the predicted value, respectively, and Var represents the 
variance. 

2.5.3. Prediction of objective function values 
After the Random Forest Regression model has been successfully 

trained and assessed, it is used to predict the values of the objective 
functions, especially the levelized cost of energy (LCOE) and the envi
ronmental effect (RCP), for a certain system configuration. The trained 
model produces predictions of the LCOE and RCP values when the 
desired system configuration is introduced into it. Despite the need for 
costly simulations or computations, this predictive capacity allows the 
examination of various system designs. 

2.5.4. Identification of optimal design 
In order to provide insight into decision-making, we varied the 

weights for each objective function, specifically the levelized cost of 
energy (LCOE) and environmental impact (RCP). Moreover, a multi- 
criteria decision-making approach based on Weighted Sum Model 

(WSM) 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 energy community and interpret the 
effect of various economic parameters on the sustainable performance of 
REC. Using this method, we can determine the optimum designs for 
achieving a balance between reducing energy costs and decreasing the 
impact on the environment. We can identify the configurations that offer 
the best balance between cost and environmental sustainability using 
methods such Pareto optimization, which considers the predicted values 
of LCOE and RCP for various system configurations. The outcome is 
identifying one or more optimum designs which satisfy the intended 
objectives. 

Our objective is to design a REC, through the development of a 
framework that integrates life cycle assessment and life cycle cost 
analysis approaches through a machine learning model. 

3. Case study 

The proposed renewable energy community model will be applied to 
a residential community in Tarragona, Spain, that consists of a neigh
borhood of 100 buildings as depicted in Fig. 3. The major inputs for the 
energy community system modeling in HOMER Pro are electrical load, 
solar irradiation, air temperature, components cost, and energy prices. 

3.1. Electricity consumption data 

A python programming in-house tool was used the gather the real 
hourly electricity consumption per household in kWh within the resi
dential sector of Spain on an hourly basis from the Datadis platform 
[50]. The daily and seasonal demand profiles are depicted on Fig. 4. The 
daily average power consumption is 691.34 kWh with a peak of 70.35 
kW. 

Fig. 3. 3 Location of the simulated renewable energy community in the city of Tarragona, Spain.  
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Fig. 4. Daily profile (the upper figure) and the seasonal profile (the below figure) for electricity demand of an energy community for 100 residential buildings in 
Tarragona, Spain. 

Fig. 5. Climatic condition of the renewable energy community location in Tarragona, Spain.  
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3.2. Climate profile 

We have collected the climatic data specifically for our renewable 
energy community case study in Tarragona. These data were obtained 
from a weather station located in Tarragona and the gathered data were 
processed and prepared for utilization in Homer Pro. The dataset com
prises of wind speed, ambient temperature, and sun radiation. The 
average monthly values for various climate variables are shown in Fig. 5. 

3.3. Economic and environmental data 

The project parameters such as the discount rate, inflation rate, 
annual capacity shortage and the project lifetime as well as the eco
nomic data including the capital cost, operation and maintenance cost 
and replacement cost for all the requirements of the renewable energy 
community can be found in Table 1. 

The LCA data are extracted from the Ecoinvent database [51], these 
data include the impact of various REC units and grid utility based on 
ReCiPe 2016 methodology are given in Table 2. 

4. Results and discussions 

The results of the current study are presented in three main areas. 
First, the developed data-driven model is comprehensively analyzed 
through key indicators such as R-squared score, mean absolute error, 
and explained variance. The study's second section analyzes the effec
tiveness of REC sizes in an optimization framework using a developed 
Machine Learning model taking into account the environmental and 
economic parameters. The goal is to improve the feasibility of the REC 
by optimizing the design parameters of the photovoltaic system, wind 
turbine, and battery electrical energy system. Finally, by including 
multi-objective optimization/Pareto solutions and using multi-criteria 
decision-making approaches in order to assist the decision-making 
process, the study successfully shows the optimal design of the REC. 
This comprehensive approach ensures an in-depth evaluation and pro
motes well-informed REC decision-making. 

4.1. Data driven performance metrics 

We have examined the performance of our LCOE and RCP models, 

using a variety of measures to assess their accuracy and reliability. The 
performance indicators R-squared score, mean absolute error, and 
explained variance for the LCOE and RCP models are presented in 
Table 3. 

As shown in the table, a significant R-squared score of 0.9498 was 
attained by the LCOE model, which indicates a strong linear relationship 
between the predicted and actual values of the levelized cost of energy; 
this indicates that the model can account for approximately 94.98% of 
the uncertainty in the LCOE. 

Furthermore, the low mean absolute error (MAE) of 0.004 demon
strates the precision of the LCOE model prediction. Similarly, the RCP 
model showed an excellent R-squared score of 0.99968, indicating an 
almost perfect fit of the predicted values to the actual RCP data. Ac
cording to the strong R-squared value, the model can explain almost 
99.97% of the RCP variance. It is important to note that the mean ab
solute error (MAE) of 398.08(representing 0.03%) provides insights into 
the average magnitude of the errors made by the model. Fig. 6. illus
trates the comparison of the actual and predicted values of LCOE on the 
left side and RCP on the right side; the color bar employing absolute 
error integrated into the figures represents the prediction accuracy, with 
darker blue indicating a higher level of accuracy. 

4.2. Optimization results 

In Fig. 7, a parallel coordinate plot illustrates the relationships be
tween design parameters, including photovoltaic system (PV), wind 
turbine (WT), and battery electrical energy storage (BEES) capacities 
and target variables as ReCiPe 2016 aggregated impact factor (RCP) and 
levelized cost of energy (LCOE) for various energy mix scenarios. The 
lines linking the axes reflect several energy mix possibilities, and each 
axis represents a different variable value. Fig. 7a shows how the lines are 
colored using a gradient color scale (Viridis) depending on the LCOE 
values (Fig. 7b shows the RCP as the target variable), visually depicting 
the range and magnitude of LCOE within the dataset. The LCOE values 
corresponding to the selected colors are displayed in the figure's color 
bar on the right side. The parallel coordinate provides insightful infor
mation as well as support for decision-makers in selecting the optimal 
energy mix scenario. Decision-makers can easily evaluate the links be
tween parameters and variables across several scenarios by visually 
comparing the energy mix scenarios based on the design parameters and 
target variables. As illustrated in Fig. 7a, the figure identifies the design 
parameters associated with the lowest LCOE, enabling the determina
tion of the most cost-effective energy mix combination. Similarly, 
Fig. 7b depicts the design parameters associated with the lowest impact 
on the environment (RCP). 

In Fig. 7, a parallel coordinate plot showcases insightful findings 
regarding the sizing patterns of various objective functions, specifically 
cost optimization and environmental optimization, in various energy 
mix scenarios. The plot reveals that scenarios with the lowest LCOE 
prioritize larger allocations of PV capacity, signaling its cost- 
effectiveness. Conversely, scenarios focused on minimizing environ
mental impact feature a more equitable distribution of PV and WT ca
pacities, highlighting the importance of renewable energy source 
diversification for environmental sustainability. Furthermore, Fig. 7 
provides insights into the impact of changing design parameters on 
other variables, supporting informed decision-making based on prior
ities and requirements. 

Fig. 8 represents the Multi-Objective Optimization for Optimal Sce
nario Selection by Pareto Sets Analysis. It comprises two sub-figures, 
Fig. 8a and Fig. 8b. In Fig. 6a, the focus is on the Pareto sets analysis. 
It showcases the trade-off objectives: Levelized Cost of Energy (LCOE) 
and its environmental impact in terms of RCP for all solutions and the 
equal weights of the two objective functions (balanced weight = 0.5), 
which presents a significant reduction of the environmental impact with 
a relatively low cost increase. The base case represents the current sit
uation, in which all the energy comes from the grid. On the other hand, 

Table 1 
The project and economic data of renewable energy community systems 
parameters.    

Value Ref. 

Project parameters Discount rate (%) 7 [52] 
Inflation rate (%) 5.89 [52] 
Annual capacity shortage (%) 0 [53] 
Project lifetime (years) 25 [53] 

Grid parameters Grid Power Price ($/kWh) 0.298 [54] 
Grid sellback Price ($/kWh) 0.06 [54] 

PV system parameters ($/kW) Capital cost ($) 1073 [55] 
Replacement cost ($) 1073 [55] 
O&M cost ($) 10 [55] 
Lifetime (years) 25 [55] 

Converter parameters ($/kW) Capital cost ($) 300 [55] 
Replacement cost ($) 300 [55] 
O&M cost ($) 0 [55] 
Lifetime (years) 15 [55] 

Wind turbine ($/kW) Capital cost ($) 2100 [53] 
Replacement cost ($) 2100 [53] 
O&M cost ($) 36 [53] 
Lifetime (years) 25 [53] 

Storage parameters ($/kWh) Capital cost ($) 189 [56] 
Replacement cost ($) 189 [56] 
O&M cost ($) 1.36 [56] 
Lifetime (years) 5 [56] 
Nominal-voltage (Volts) 12 [56] 
Round Trip Efficiency (%) 85 [56]  
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Fig. 8b complements Fig. 8a by offering insights into decision-making. 
The Pareto optimum solutions are represented clearly for various 
weights. 

The results of multi-objective optimization provide valuable insight 
into the trade-offs between levelized energy cost and environmental 
impact. By examining different options, we can observe considerable 
differences in the Levelized Cost of Energy (LCOE) and the Environ
mental Impact (RCP). The results indicate a significant increase in LCOE 
of roughly 396.64% when comparing the minimum cost solution to the 
minimum environmental impact solution. In addition to this increase, 
there has been a significant reduction in the environmental impact of 
around 61.65%. Moreover, there is a significant difference in the LCOE 
of around 44.66% between the minimal cost solution and the balanced 
solution, while the environmental impact increases by almost 55.75%. 
Compared to the base case scenario, the minimum environmental 
impact solution shows a drop in LCOE of approximately 25.95%, 
demonstrating improved cost-efficiency while emphasizing environ
mental sustainability. Additionally, a 9.89% rise in environmental 
impact above the basic scenario indicates a reduced environmental 
impact. We also observe a notable drop in LCOE of roughly 85.04% 
when comparing the base case solution to the minimum cost solution. 
Conversely, the environmental impact has increased by around 18.71%. 

Similarly, the balanced solution shows a notable increase in cost- 
effectiveness, with a significant drop in LCOE of about 72.86% 
compared to the base scenario. There is a trade-off between cost and 
environmental sustainability. Nevertheless, the Environmental Impact 
increased by about 27.02% compared to the basic scenario. These 
comparisons reveal the effectiveness of the multi-objective optimization 
in achieving trade-offs and improvements compared to the base-case 
scenario. Fig. 9 complements Fig. 8b, by providing insightful informa
tion about the capacities of PV (Photovoltaic), WT (Wind Turbine), and 
BEES (Battery Electrical Energy Storage) for each weight. As well as 
comparing the capacity installed of each technology and emphasizing 
the influence of weights on these values. 

As shown in Fig. 9, the min impact solution (weight = 0), the focus is 
to get the optimal energy mix scenario that minimizes the impact on the 
environment; in this energy mix scenario, we have a relatively balanced 
capacity allocation among the PV, WT, and BEES reflects a strategy that 
aims to reduce the overall environmental footprint. The capacity 
installed for each technology is given as follows: PV (115.3 kW), WT 
(231 kW), and BEES (192 units); this is a moderately balanced approach 
towards utilizing multiple renewable energy sources while considering 
the environmental consequences. Moving to the balanced solution 
(weight = 0.5), in this solution, the aim is to get the optimal energy mix 
scenario by balancing the economic benefits and the environmental 
impact; this energy mix scenario, compared to min impact solution, 
showcases an increase in the PV and WT capacities by approximately 
69.30%(195 kW), 112.55% (310 kW), respectively. However, the BEES 
capacity decreases from the min impact solution (192 units) to the 
balanced solution (25 units) by 86.98%. Lastly, the main objective of the 
min cost solution (weight = 1) is to get the most cost-effective energy 
mix by minimizing the LCOE. In this scenario, the PV capacity has a 

Table 2 
The environmental impact of the renewable energy community system based on ReCiPe 2016.   

Functional unit Damage category (Pt)  

Unit  Ecosystem quality Human health Resource depletion Specific ReCiPe 2016 impact factor (final score) (Pt) 

Photovoltaic system kW 47.53333 126.01000 123.75000 297.29333 
Wind turbine kW 8.70550 15.24500 63.82000 87.77125 
Battery energy storage system kg 0.07520 0.27666 0.66785 1.01970 
Electricity kWh 0.01166 0.0025494 0.014206 0.035961  

Table 3 
Performance Metrics for LCOE and RCP Models.  

Metric LCOE RCP 

R-squared Score 0.9498 0.99968 
Mean Absolute Error 0.0040 398.08 
Explained Variance 0.9490 0.99968  

Fig. 6. Comparison of actual and predicted LCOE (left figure) and RCP (right figure).  
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higher capacity of 555 kW; this represents an increase of 184.62% and 
381.56% compared to the balanced and min impact solutions, respec
tively. The min-cost solution has a lower WT capacity of 87 kW. This 
decrease represents 82.45% and − 62.81% compared to the balanced 
and min impact solutions, respectively. These comparisons emphasize 
the variation in capacity installed through different solutions; the min
imum cost solution highlights cost effectiveness, leading to a higher PV 
capacity while a lower WT capacity and no energy storage. The Balanced 
solution strives for a balanced approach with a large WT capacity and 
modest PV and energy storage capacities. The minimum impact 
approach prioritizes reducing the impact on the environment, leading to 
a balanced capacity distribution across all technologies. 

Fig. 10 displays a pie chart for the “Min impact” solution, which 
highlights the distribution of impacts across three categories: resource 
depletion, human health, and ecosystem quality. The largest segment of 
impact is resource depletion at 54.1%, followed by human health at 

32.3%, and the smallest category is ecosystem quality at 13.6%. In 
addition, the corresponding bar chart below shows that the PV system, 
wind turbine, and BEES system have varying levels of impact on these 
three categories. Notably, the grid has the least visible impact. 

Fig. 11 displays the “Min cost” solution, which presents a pie chart 
that exhibits a distinct distribution: human health and resource deple
tion each make up 42%, while ecosystem quality accounts for 16.1%. 
The accompanying bar chart reflects these priorities, displaying 
different impacts for the PV system, wind turbine, BEES system, and 
grid, with the focus on cost minimization. On the other hand, the “Min 
impact” solution appears to prioritize reducing resource depletion more 
than the “Min cost” solution, which takes a more balanced approach 
between resource depletion and human health impacts. Moreover, the 
“Min cost” solution seems to assign slightly more importance to 
ecosystem quality than the “Min impact” solution. 

Fig. 7. Parallel coordinate plot: design parameters and targets analysis for LCOE (a) and RCP(b) optimization.  
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4.3. Comparison of the proposed optimization and NSGA-II 

This section compares the proposed optimization optimal solution 
against Non-dominated Sorting Genetic Algorithm II (NSGA-II), in the 
comparative analysis of multi-objective optimization results, the Pareto 
front generated by our optimization algorithm (illustrated in blue in 
Fig. 12) exhibits a broader coverage across the objective space than the 
NSGA-II Pareto front (depicted in red), indicating a more extensive 
exploration of the solution space, particularly with respect to the envi
ronmental impact metric, RCP. While the NSGA-II Pareto front appears 
to converge upon a more narrowly defined region, suggesting a poten
tially more focused search for economically efficient solutions, our 
Pareto front presents a diversity of trade-offs, affording decision-makers 

a wider spectrum of options to balance economic and environmental 
objectives. Notably, there are regions where our Pareto front achieves 
lower RCP values at comparable levels of LCOE, and vice versa, 
underscoring areas where one approach outperforms the other. To 
quantitatively substantiate these observations, further analysis is war
ranted, utilizing metrics such as hypervolume to assess the coverage and 
convergence properties, and diversity metrics to evaluate the distribu
tion of solutions. Additionally, sensitivity analysis could elucidate the 
robustness of these solutions, while statistical testing across multiple 
optimization runs might confirm the significance of the observed dif
ferences. The preliminary visual assessment suggests that our optimi
zation approach can generate a set of diverse solutions, which is 
instrumental for decision-makers needing to navigate complex trade-off 

Fig. 8. Multi-Objective Optimization for Optimal Scenario Selection: Pareto Sets Analysis.  
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scenarios. 
In conclusion, the results of each energy mix scenario rely on their 

unique objectives and preferences. If cost-effectiveness is the main pri
ority, PV is the preferred choice due to its lower LCOE, although it may 
have a more significant environmental impact than WT. On the other 
hand, when minimizing environmental impact is the primary objective, 
WT is the better option as it has a lower environmental footprint. In 
contrast, BEES tend to have a moderate allocation in different situations. 
These situations illustrate the trade-offs and relationships between cost, 
environmental sustainability, and the characteristics of each technology 
when designing renewable energy systems. 

The results presented in this study are based on our specific case 

study data, which includes the geographical location, resource avail
ability, local environmental and economic data, and energy demand. It 
is important to note that if the same methodology framework is used for 
a different case study, the results may vary significantly. 

5. Conclusion 

In this research paper, we developed a data-driven framework to 
design the renewable energy community (REC) considering its techno- 
economic failures and environmental impact. In order to assist the 
stakeholders' decision-making, the study tends to optimize the size of the 

Fig. 9. Comparative analysis of capacity for different energy sources at varying weights.  

Fig. 10. Graphical features of the environmental impact assessment of the min 
impact solution. 

Fig. 11. Graphical features of the environmental impact assessment of the min 
cost solution. 
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REC source of energy technologies used such as: photovoltaic systems, 
wind turbines, and battery electrical energy systems under energy, 
economic, and environmental criteria. 

In this context, Homer Pro and an in-house tool developed in Python 
programming language that incorporates a machine learning algorithm, 
life cycle cost (LCC), life cycle assessment (LCA) calculations of REC 
model. Furthermore, a multi-objective optimization model is established 
to minimize the LCC and LCA parameters with consideration for maxi
mizing green energy use. 

A multi-criteria decision-making approach based on Weighted Sum 
Model (WSM) 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 energy community and inter
pret the effect of various economic parameters on the sustainable per
formance of REC. The summary of the findings for our case study is the 
following:  

• Compared to the existing base case (LCOE = 0.297 $/kWh, RCP 
=2.734 105 Pts) (all demand is covered from the grid), the minimum 
environmental impact solution (LCOE = 0.220 $/kWh, RCP =1.242 
105 Pts) shows a drop in LCOE by 25.95%, demonstrating improved 
cost-efficiency while emphasizing environmental sustainability.  

• The balanced solution (LCOE = 0.080 $/kWh, RCP =1.965 105 Pts) 
shows a notable increase in cost-effectiveness, with a significant drop 
in LCOE by 72.86% compared to the base scenario. Nevertheless, the 
Environmental Impact increased by about 27.02% compared to the 
basic scenario.  

• The LCOE in the minimum cost-optimal solution (LCOE = 0.044 
$/kWh, RCP =2.237 105 Pts) is approximately 85.04% lower than 
the base case, while the environmental impact of the minimum cost 
solution is about 18.32% higher than the base case.  

• The results revealed a significant increase in LCOE by 3.96 times 
when comparing the minimum cost solution to the minimum envi
ronmental impact solution. Additionally, there was a significant 
61.65% reduction in environmental impact.  

• The data-driven framework suggests that PV installed capacity has 
the biggest impact on the cost-effectiveness of the REC model, while 

the low PV, WT, and BEES capacity is suggested for the min envi
ronmental impact.  

• The developed methodology has also provided a guideline for the 
REC system sizing with the optimal size range of REC system 
components. 

Overall, this study provides an effective tool for the techno-economic 
and environmental assessment of the REC in the residential sector, 
which can be applied to plan its integration into the existing energy 
community. 
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