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A B S T R A C T   

Life Cycle Sustainability Assessment (LCSA) in the built environment has increasingly drawn researchers’ 
attention in the preceding years; however, the lack of an integrated LCSA based model is still a barrier for its 
effective implementation into the building design process. 

This paper proposes a new comprehensive LCSA model to be integrated into the design process of new 
buildings and energy refurbishment scenarios of existing ones. The proposed model consists of sets of mathematic 
equations to describe LCSA pillars of buildings, including Life Cycle Assessment (LCA), Life Cycle Costing (LCC), 
and Social Life Cycle Assessment (SLCA) as the intermediate indices. A final LCSA index is then provided to 
describe a design scenario’s performance from an LCSA perspective using the authors’ new formulation and 
weighting method. The model is also integrated into the optimization process and enhanced with Machine 
Learning (ML) methods to accelerate the design-assessment process while preserving its accuracy. Finally, given 
the transition towards buildings’ electrification by Renewable Energy Sources (RESs), as a supportive technol-
ogy, the size-optimization of a residential building’s short-term thermal and electrical Energy Storage Systems 
(ESSs) is chosen to demonstrate the model’s capabilities. For this purpose, the building case study is para-
metrically modeled in Grasshopper, Energy plus, and Matlab for energy analysis, data processing, and machine 
learning.   

1. Introduction 

The built environment is rapidly expanding in response to the 
growing needs of housing and development [1]. In this context, the 
significant shares of building construction and operations in the global 
final energy consumption and energy-related CO2 emission are esti-
mated at 36 and 39%, respectively [2]. At the European Union (EU) 
level, the building sector is accounted for about 40 and 32% of the en-
ergy consumption and carbon emission, correspondingly [3]. The 
noticeable contribution of the built environment expansion to the 
environmental impacts [4,5], economy, and societies [6], known as 
three pillars of sustainable development [7], has progressively drawn 
researchers’ attention inside academies, industries, and policy pro-
grams. The perception of considerable impacts of the construction and 
building sector on sustainability targets has led to establishing standards 
and guidelines to reduce the building sector’s environmental impacts. 
Given the sustainability concerns, the environmental aspects and eco-
nomic and social performance have been pursued by emerging studies to 
provide harmony and balance among the three sustainability pillars [8]. 

Energy efficiency directives such as Directive 2002/91/EC, Directive 
2006/32/EC, and Directive 2010/31/EC [9,10,11] have been designed, 
widely accepted, and implemented in the building sector to control and 
mitigate the energy consumption of the buildings within their opera-
tional phase. However, recent studies revealed that the successful 
implementation of the energy efficiency codes decreases the buildings’ 
energy consumption in the operational phase, but it might cause an 
environmental load-shift towards other life cycle phases [12,13]. As a 
piece of evidence, the buildings’ embodied impact is estimated to 
become equivalent to their operational impact by 2050 [14]. This up-
coming phenomenon highlights the importance of a whole life cycle 
thinking approach to the building sector. 

A Life Cycle Sustainable Assessment (LCSA) approach to building 
design aims to evaluate buildings’ environmental (LCA), economic 
(LCC), and social (SLCA) performance throughout the whole life cycle 
phases of the buildings [15,16]. LCSA is known and is applied as a 
comprehensive and promising method to evaluate the sustainability 
performance of the built environment [17]. 

The building sustainability assessment methodologies could be 
categorized into the frameworks developed by international standards 
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and guidelines, Green Building Rating Systems (GBRSs), and the 
methods developed by researchers in the literature. However, the pre-
viously published LCSA-related standards have delivered robust meth-
odologies for evaluating the buildings’ life cycle performance and will 
be used as the basis of LCA, LCC, and SLCA calculations in this paper; an 
integrated LCSA-based model to evaluate all three sustainability pillars 
is still a research gap [8]. An integrated approach can facilitate finding 
the balanced design scenarios from LCA, LCC, and SLCA perspectives 
simultaneously [8]. 

Although many research works have already been conducted to 
provide the frameworks of Life Cycle Assessment (LCA), Life Cycle 
Costing (LCC), and Social Life Cycle Assessment (SLCA) as the three 
LCSA pillars, the absence of a streamlined and integrated LCSA model 
into the building design process is still a barrier to employ it in decision- 
making and design process [8,18]. The complexity and dynamic nature 
of the building design process on the one hand [19,20], and the inherent 
complexity of LCSA [21,22], as well as existing ambiguity of the sus-
tainability concept [23] on the other hand, are the main reasons for 
limited application of LCSA methods in building design process. 
Therefore, a streamlined, integrated LCSA approach is essential to 
facilitate LCSA implementation into buildings’ design-assessment 
process. 

Apart from established standards of building sustainability assess-
ment frameworks and Green Building Rating Systems (GBRSs), various 
methods have been proposed and applied as individually developed 
methods in the literature. For instance, Amini Toosi & Lavagna [24,25] 
proposed a conceptual framework of integrating LCSA into energy 
retrofit design through a weighted-sum approach. In another study, 
Sherif, Tarek & Fahmy [26] developed a sustainability assessment tool 
for existing buildings based on experts’ opinions. They proved that the 
relative importance of sustainability criteria varies from one country to 
another. A similar method is employed by Akhanova et al. [27] to 
provide a multi-criteria decision-making framework for building sus-
tainability assessment. In a recent study, Janjua et al. [6] presented a 
methodology to choose Key Performance Indicators (KPIs) for sustain-
ability assessment of residential buildings where the selection and 
weighting of KPIs are carried out based on literature review and the 
expert panels. 

A recent review [8] revealed emerging trends in multi-dimensional 
LCSA studies. The cumulative number of multi-dimensional LCSA 
studies has been rapidly growing since 2011, and consequently, the 

application of optimization methods has increased. Table 1 presents 
recent LCSA-based building energy retrofitting studies by applying 
optimization methods and reports each paper’s sustainability pillars’ 
coverage. Among the papers published until 2020, those that addressed 
multiple LCSA pillars and applied optimization methods are summarized 
in Table 1. 

The application of optimization methods in LCSA studies has 
emerged as a practical tool to overcome multi-criteria problem-solving 
complexity. While the Non-dominated Sorting Genetic Algorithm 
(NSGA-II) is known as the most popular algorithm, new methods based 
on Artificial Intelligence (AI) and Machine Learning (ML) are found as 
computational-time efficient solutions for performance-based design 
processes [8,28]. Artificial Neural Network (ANN), Support Vector 
Machine (SVM), and Gaussian Process Regression (GPR) have been the 

Nomenclature 

AI Artificial Intelligence 
ANN Artificial Neural Network 
AP Acidification Potential 
BAU Business As Usual 
COP Coefficient of Performance of Heat Pump 
DHW Domestic Hot Water 
DoDbattery Battery’s Depth of Discharge 
DR Discount Rate 
EP Eutrophication Potential 
ERMs Energy Retrofit Measures 
ESSs Energy Storage Systems 
GBRSs Green Building Rating Systems 
GPR Gaussian Process Regression 
GWP Global Warming Potential 
HP Heat Pump 
Li-ion Lithium-ion 
ML Machine Learning 
LCA Life Cycle Assessment 
LCC Life Cycle Costing 

LCIA Life Cycle Impact Assessment 
LCSA Life Cycle Sustainability Assessment 
NPV Net Present Value 
ODP Ozone Depletion Potential 
PIR Price Inflation Rate 
POCP Photochemical Ozone Creation Potential 
RESs Renewable Energy Sources 
RMSE Root Mean Square Error 
RU-m Resource Use-minerals & metal 
RU-f Resource Use-fossils 
SD Standard Deviation 
SLCA Social Life Cycle Assessment 
SSE Sum of Square Errors 
TES Thermal Energy Storage tank 
TESDHW TES for Heating/Cooling 
TESHC TES for DHW 
U value Thermal transmittance (W/m2K) 
Ƞdistributin Efficiency of distribution systems 
Ƞregulation Efficiency of regulation systems 
Ƞemission Efficiency of emission systems  

Table 1 
Sustainability pillars coverage and the employed optimization methods/algo-
rithms in the recent building life cycle studies related to energy retrofit.  

Authors, year LCA LCC SLCA Optimization algorithm 

Chantrelle et al., 2011 
[34] 

✓ ✓ ✓ NSGA-II 

Antipova et al., 2014 
[35] 

✓ ✓ ⨯ – 

Carreras et al., 2015 
[36] 

✓ ✓ ⨯ NSGA-II 

Carreras et al., 2016 
[37] 

✓ ✓ ⨯ – 

Pal et al., 2017 [38] ✓ ✓ ⨯ NSGA-II 
Ramin et al., 2017 

[39] 
✓ ✓ ⨯ – 

Ylmén et al., 2017 
[40] 

✓ ✓ ⨯ NSGA-II 

Mauro et al., 2017 
[41] 

⨯ ✓ ✓ NSGA-II 

Mostavi, Asadi, & 
Boussaa, 2017 [42] 

✓ ✓ ✓ HS Algorithm 

Hester et al.,. 2018 
[43] 

✓ ✓ ⨯ Genetic, Unguided specification, 
Sequential specification 

Jokisalo et al., 2019 
[44] 

✓ ✓ ⨯ NSGA-II 

Sharif & Hammad, 
2019 [45] 

✓ ✓ ⨯ Artificial Neural Network, 
Machine Learning, NSGA-II 

Hirvonen et al., 2019 
[46] 

✓ ✓ ⨯ NSGA-II  
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most frequently used supervised ML algorithms in the literature [29,30]. 
Machine Learning, as an application of Artificial Intelligence (AI), en-
ables a system to learn from past experiences to predict future scenarios 
[31]. ML methods as data-driven techniques could be applied to predict 
buildings’ energy consumption based on a set of existing data set (e.g., 
historical data or simulation-based data). The application of data-driven 
methods such as ML is rapidly growing in the field of building perfor-
mance assessment, and many studies have already elaborated the 
state-of-the-art of this research field [29,31,32,33]. 

As shown in Table 1, LCA and LCC are considered in most papers, 
whereas few studies have taken SLCA-related indicators into account. 
Among those few articles, only thermal comfort is evaluated as an SLCA- 
related indicator. Almost all papers considered LCSA pillars separately 
and have optimized them individually. However, these multi-objective 
optimization methods help find the optimum solutions in the design 
process; they rarely guide the final optimum decision among a set of 
quasi-optimum scenarios. The main challenges in the previous methods 
and studies are the limited number of evaluated indicators related to 
LCSA pillars, the lack of a streamlined LCSA-based decision-making 
model, and the extensive computational time required for assessment. 

A recent study conducted by Amini Toosi et al. [17] classified several 
challenges associated with life cycle sustainability assessment as a 
multi-criteria evaluation process in building and energy retrofit design. 
The lack of a transparent methodology to link and integrate the three 
LCSA pillars, harmonization of different metrics, the challenges of in-
dicators’ aggregation such as formulation, weighting, and normaliza-
tion, and the extensive time required for data analysis and result 
processing are introduced as of the most persistent challenges in 
implementing LCSA into sustainable building and energy retrofit design 
[17]. 

In such a context, the present work proposes a streamlined LCSA- 
Machine learning-based optimization model applicable to the design 
process of new buildings and Energy Retrofit Measures (ERMs) of 
existing ones. Therefore, a novel model is developed to reach this goal by 
proposing a mathematical definition and formulation of life cycle sus-
tainability assessment in compliance with EN standards for evaluating 
the environmental performance (EN 15978, 2011), economic perfor-
mance (EN 16627, 2015), and social performance (EN 16309, 2014) of 
buildings. Supported by a set of interconnected equations, normaliza-
tion, and weighting methods, the proposed LCSA-based model, can 
evaluate design scenarios’ performance from an LCSA point of view and 
assign intermediate and final LCSA indices to each design scenario. 
These indices will be employed to compare the LCSA performance of the 
design scenarios within an optimization process coupled with Machine 
Learning (ML) methods to accelerate the data analysis and the optimi-
zation process. In the end, as a recommended solution to cope with the 
technical aspects of the built environment’s electrification [14], the 
optimization of short-term Energy Storage Systems (ESSs) in an Italian 
residential building is chosen as an exemplary case study to show the 
proposed model’s capabilities in building design process. 

2. Methodology development 

This section aims to propose an integrated LCSA-based model to be 
applied in the building design process. The model consists of mathe-
matical definitions of LCSA criteria, including LCA, LCC, and SLCA 
performance in compliance with EN standards. Through a normalization 
method, the LCA, LCC, and SLCA indices will be defined as the inter-
mediate indices of the model. Then, a general form of an aggregated 
final LCSA index will be presented by proposing a new weighting 
method and a weighted-sum approach. Fig. 1 illustrates the steps of the 
weighted-sum procedure for computing the final aggregated LCSA 
index. The weighted sum procedure starts with the definition of LCA 
impact categories, LCC parameters, and related impact categories of 
SLCA. Then as described within section 2.1 and in compliance with the 
EN standards, LCA, LCC, and SLCA indicators will be computed. Next, 

LCA, LCC, and SLCA indicators will be normalized by a reference value 
as explained in section 2.1 to prepare the unitless LCA, LCC, and SLCA 
indices. Then, using the weighting method in section 2.2.1 and the new 
formulation of the final LCSA index in section 2.2.2, an aggregated LCSA 
index will be achieved for an overall life cycle sustainability assessment. 

In the next step, a set of composite functions to provide a parametric 
form of the final LCSA index are proposed. The parametric form of the 
indices in which all influential building parameters are involved can 
support the parametric analyses. Then as described in section 2.3, to 
integrate the proposed LCSA based model into the design process, the 
model is coupled with Machine Learning (ML) models to accelerate the 
design-assessment process. The selection and implementation of ML 
models are described in section 2.3. This model could be applied in the 
LCSA-based optimum design process of new buildings and retrofitting 
scenarios of existing ones. 

2.1. The mathematical definition of LCSA pillars: intermediate indices 
and normalization 

In this section, the calculation steps of LCA, LCC, and SLCA indicators 
are explained. These indicators must be normalized to be applied in a 
weighted-sum approach for computing the final aggregated LCSA index. 
The normalization factors must be based on a known and available 
reference and should have a meaningful quantitative relation to the 
building’s performance under study. Thus, division by baseline as an 
internal normalization method is taken in this step. The baseline could 
be defined as the Business as Usual model’s performance (BAU) for new 

Fig. 1. Weighted-sum approach to calculate the LCSA final aggregated index.  

H. Amini Toosi et al.                                                                                                                                                                                                                           



Building and Environment 209 (2022) 108656

4

building design or the pre-retrofit performance for retrofitting design. 

2.1.1. LCA index 
The LCA index is defined as a normalized index computed by Eq. (1) 

that shows the extent to which the design scenario has higher or lower 
environmental impacts than the baseline (BAU or pre-retrofit scenario). 
Values higher than one mean the design scenario has higher total 
environmental impacts than the baseline from an LCA perspective and 
vice versa. 

Eq. (1) LCA index 

LCA indexi =
LCA indicatori

LCA indicatorbaseline  

where: 
LCA indicator represents the total aggregated environmental impacts 

of the design scenario over its life cycle phases. According to Ref. [47], it 
can be calculated using Eq. (2). If there is only one environmental 
impact category, the normalization by baseline scenario (Eq. (1)) and 
weighting method proposed in the final LCSA index formula (Eq. (5)) are 
sufficient. Otherwise, if more than one environmental impact category is 
taken into account, it is necessary to follow the optional LCIA steps of 
normalization and weighting to produce an aggregated LCA indicator to 
be used in Eq. (1). 

Eq. (2) LCA indicator 

LCA indicatori =
∑D

i=A1

∑

j,k
Wj

Mijk

Nj
(Qik)

Where: 
Wj is the weighting factor for the impact category j. 
Nj is the normalization factor for the impact category j. 
Mijk is the quantity of impact of the impact category j, in the life cycle 

module i, caused by a unit of material and/or energy and/or activity k. 
Qik is the quantity of material and/or energy and/or activity k, in life 

cycle module i, causing. Mijk 

Although normalization and weighting methods are optional steps in 
LCIA methods, these steps are considered mandatory in this model to 
assign a final aggregated LCA indicator to the design scenarios. 
Weighting (Wj) and normalization (Nj) factors in LCA are still open 
challenges. This model suggests taking the most reliable and updated 
values reported in LCIA guidelines if consistent with the adopted LCIA 
method. Some examples of these values are presented in Ref. [48,49,50]. 
The model is flexible to adopt different LCIA methods to calculate (Mijk) 
provided by the relevant standards. Various environmental impact cat-
egories are suggested by LCA standards, such as Global Warming Po-
tential, Ozone Depletion Potential, Acidification Potential, etc. [47]. 
This model can adopt all suggested impact categories and urges to follow 
the relevant standards to analyze the environmental impacts in this step. 

2.1.2. LCC index 
The index shows the extent to which the design scenario has higher 

or lower life cycle costs than the baseline scenario. A higher LCC index 
corresponds with a lower economic performance. Any LCC index values 
below 1 indicate that the evaluated design scenario has lower life cycle 
costs and better economic performance than the baseline. Eq. (3) for-
mulates the LCC index. 

Eq. 3 LCC index 

LCC indexi =
LCC indicatori

LCC indicatorbaseline 

Where the LCC indicator should be selected according to the relevant 
standards [51,53], the standards already suggest some LCC indicators, 
such as Net Present Value (NPV) in Ref. [51] or payback period, net 
saving, Savings to Investment Ratio (SIR), and adjusted internal rate of 
return in Ref. [52]. However, this model can adopt different LCC in-
dicators in either building retrofitting projects or new building designs; 
the value calculated for the baseline scenario’s LCC indicator is not 
allowed to be zero or undefined. For example, suppose the baseline is 
defined as the pre-retrofit scenario. In that case, some LCC indicators are 
not applicable since they are equal to zero or undefined in the 
pre-retrofit scenario (e.g., net saving, SIR, payback time, etc.). While the 
baseline is defined as a BAU retrofitting plan, all suggested LCC in-
dicators by the standards are applicable in this model. 

2.1.3. SLCA index 
According to the EN 15643-3 [53], social impact in SLCA is defined 

as any change to the society or the quality of life (adverse or beneficial) 
expressed with quantifiable indicators in the following categories: 
Accessibility, Adaptability, Health, and Comfort, Loading on the neighbor-
hood, Maintenance, Safety and Security, Sourcing of materials and services, 
Stakeholder involvement. EN 15643-3 [53] has already provided the 
general SLCA framework, and the calculation methods for SLCA cate-
gories have been proposed by Ref. [54]. However, there are still several 
challenges in social impact assessment, such as the lack of consensus on 
social indicators [55], the choice of suitable SLCA indicators [56], the 
measurement, normalization, weighting, and aggregation of SLCA in-
dicators [57]. 

A recent review study suggested that each indicator’s relevance must 
be localized and justified in respective studies since they cannot be 
homogenized across all sectors and disciplines [58]. Likewise, we first 
propose choosing the most relevant SLCA categories according to each 
study’s goal and scope and then taking a quantitative measurement 
method for each selected indicator. Our proposed model can adopt any 
quantitative SLCA indicator in the calculation process regarding the 
design project’s goal and scope under evaluation. 

Since the goal/scope and the relevant SLCA indicators are considered 
to be determined by the designer’s perception, the binary weighting 
method in which the weights (Wj) are assigned according to the de-
signer’s opinion is selected as the appropriate weighting method among 
SLCA impact categories. Division on the baseline scenario is used as the 
normalization method for SLCA indicators to form the SLCA index (Eq. 
(4)). As already described for the previously proposed indices, the 
baseline scenario could be the BAU scenario for the new building design 
and the pre-retrofit scenario for the building retrofitting design. 

Eq. (4) SLCA index 

SLCA indexi =
∑

j
Wj

(
SLCA indicatorj

SLCA indicatorj, baseline

)

Where: 
SLCA indicatorj is the quantitative indicator for SLCA impact cate-

gory j. 
Wj is the weighting factor for the impact category j. 
Eq. (5) shows the general form of the SLCA index. This index shows 

the extent to which the design scenario has higher or lower performance 
compared to the baseline. A higher SLCA index means better SLCA 
performance, desirable in the design process. 

2.2. The general form of the final LCSA index 

Given the LCA, LCC, and SLCA indices proposed in the previous 
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sections, the final LCSA index will be defined through a weighted-sum 
approach. This index could be used in the comparative assessment of 
building products or building design scenarios. The mathematic defini-
tion and numerical results of the final LCSA index allow its application in 
a design-optimization process. 

2.2.1. Weighting method 
Weighting is a critical issue in multi-criteria decision-making [59]. 

Regardless of which weighting method is used, a critical associated risk 
of using weighting methods in the weighted-sum approach is that some 
weighting sets could lead to an unbalanced multi-criteria performance 
solution. It is known as the compensation issue in which the decrease of 
one index will be compensated by increasing another index. It happens 
when the maximum improvement of one index is remarkably lower than 
the others, and these indices do not behave similarly (e.g., increasing the 
first indicator requires a decrease in others). This phenomenon depends 
on the behavior of each index against input parameters and its potential 
improvement in the optimization process. The critical point is that this 
phenomenon is difficult to be predicted before running the optimization 
process and interpreting the results. 

A three-step weighting method (wtw method) is proposed in this 
LCSA-based model to avoid the above-described risk. This method starts 
with an optional weighting set (equal weighting), followed by the 
definition of thresholds for each index, and ends with a final weighting 
set. 

The first weighting set is optional and is considered only to help 
graphical representation of the LCSA initial results before the thresholds 
assignment (e.g., see case study 2). The threshold for each index gua-
rantees the desired improvement in each index. The threshold values 
could be defined according to either the regulations or the project’s 
goals. These values could also be expressed as a percentage of the 
desired indices’ improvement compared to the baseline performance or 
the maximum achievable value of each index. In this step, only those 
scenarios that satisfy all the thresholds will be kept to be processed in the 
final weighting step. 

The final weighting step facilitates choosing the solution leading to 
the highest possible LCSA index out of the previously filtered scenarios. 
Since thresholds guarantee the desired indices’ improvement, the model 
is flexible to adopt any weighting set in this step. 

2.2.2. Final LCSA index 
Given the proposed LCA, LCC, and SLCA indices, the adopted 

normalization method (division by baseline), and the proposed 
weighting method (wtw), the final aggregated index of LCSA will be 
calculated by Eq. (5). 

Instead of a simple summation over the weighted indices, this model 
proposes summing the weighted square-roots of SLCA, LCA, and LCC 
indices in Eq. (5). This configuration of the LCSA equation promotes 
those scenarios with a better balance and harmony among all LCSA 
pillars (a constructive mathematic proof is provided in Appendix 1). 

It should be reminded that the SLCA index is defined as a value aimed 

to be maximized. In contrast, LCA and LCC indices represent each sce-
nario’s environmental damages and monetary costs and need to be 
minimized. Therefore, the LCSA index in Eq. (5) will be maximized 
when the SLCA index tends to its maximum and LCA/LCC indices incline 
to their minimum values. LCSA index equal to 1 represents the baseline 
scenario’s performance. An LCSA index higher than 1 shows the LCSA 
performance improvement compared to the baseline scenario and vice 
versa. 

Eq. (5) LCSA index 

LCSA indexi = Wslca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
SLCA indexi

1

)√

+ Wlca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1

LCA indexi

)√

+ Wlcc

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1

LCC indexi

)√

= Wslca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
SLCA indicatori

SLCA indicatorbaseline

)√

+ Wlca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
LCA indicatorbaseline

LCA indicatori

)√

+ Wlcc

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
LCC indicatorbaseline

LCA indicatori

)√

Where: 
Wslca, Wlca and Wlcc are weighting factors for SLCA, LCA, and LCC 

indices according to wtw method (Wslca + ,Wlca + Wlcc = 1)
i is the design scenario for which the LCSA index needs to be 

calculated. 

2.3. A parametric form of the LCSA model; proposing composite functions 
to form the indices 

In implementing the proposed LCSA-based model into a parametric 
design process, a set of mathematical equations could be found among 
design variables and each sustainability pillar’s indicator/index. These 
equations could be mathematically complicated or straightforward 
depending on indicator behavior against variation of design variables. 

This section aims to rewrite the above-proposed indices by using 
composite mathematic functions. Then for each design-assessment 
process, each function’s unique form could be realized using regres-
sion/ML models. The final LCSA index is a composite function composed 
of the LCA, LCC, and SLCA functions. The LCA, LCC, and SLCA functions 
are merged to a final index by weighting and normalization values as 
described in section 2.2. 

LCA, LCC, and SLCA indicators can be described as different func-
tions of building design variables, the efficiency of energy systems, etc. 
For instance, there could be a mathematical definition of LCA composed 
of building energy consumption, environmental impacts of materials, 
building systems, energy flows (e.g., electricity or natural gas), service 
life span, etc. Likewise, the LCC and SLCA functions for a project can be 
defined according to its scope and system boundary. 

The following equations present the general form of composite 
functions that can relate design variables to LCSA assessment criteria: 

LCA index = f 1 (f (x, y…n), x, y…n)

LCC index= f 2 (f (x, y…n), x, y…n)

SLCA index = f 3 (f (x, y…n))

Where: 
f (x, y…n), relates design variables to the operational energy per-

formance (consumption/generation) x, y…n, are the design variable 
values f1 to f4 composite functions that relate design variables to LCA, 
LCC, SLCA, and LCSA indices, respectively. Wf1, Wf2, Wf3 are the 

LCSA index= f 4
(
f 1 (f (x, y…n), x, y…n), f 2 (f (x, y…n), x, y…n), f 3 (f (x, y…n)), Wf 1, Wf 2, Wf 3

)
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weighting factors of LCA, LCC, and SLCA indices, respectively (accord-
ing to wtw method). 

To solve these composite functions, it is fundamental to present a 
unique form for f and f1 to f4. Regression analysis or ML methods can 
achieve the unique form of functions f and f1 to f4. Fig. 2 illustrates our 
proposed approach to defining these functions, starting by determining 
design variables followed by energy simulation and regression-based ML 
methods. 

As shown in Fig. 2, the first step is to select the design variables. After 
running the parametric energy analysis for pre-selected design variables, 
a sufficient number of energy simulation results will be inserted in the 
ML process as inputs to predict the building energy performance for all 
possible design variable combinations. The adequate input number in 
the ML/regression model will be agreed upon when a perfect regression 
model is achieved within a trial-and-error process. The sufficient num-
ber of inputs depends on the parametric energy model’s complexity, 
design variables, and ML algorithm efficiency. The more design vari-
ables and the more complicated relationship among design variables and 
indicators lead to more required inputs. 

Among all ML models, Gaussian Process Regression (GPR) and 
Artificial Neural Network (ANN) are found as the commonly used and 
robust and efficient learning surrogate models for non-linear problem 
solving [30,60]. The efficiency and continuous application of these ML 
models in building energy performance predictions have been proved 
and reported in recent review studies [29,30,32,33,60]. To select the ML 
algorithm for different case studies, we recommend testing different 
algorithms and using the algorithm with the highest accuracy in each 
case study. The prediction accuracy of the ML model can be compared 
according to the coefficient of determination (R2) [30]. The following 
case studies in this paper use a Gaussian Process Regression ML model to 
predict the design scenarios’ performance. 

The adequate number of inputs will train the selected ML model to 
enable it for results prediction. The predicted results should be 
compared to the results achieved by the simulation-based (non-ML) 
process to check if the ML model’s accuracy is acceptable. After veri-
fying the ML model’s accuracy, all possible scenarios predicted by the 
ML model will be categorized based on the number of design variables. 
For instance, the energy consumption/performance could be defined as 
a single-variable polynomial function (f(x)) using regression analysis for 
a single variable optimization. Otherwise, it could be described as a two- 
variate function f(x, y). If more than two variables are selected in the 
design-assessment process, we propose using a regression learning- 
based ML model instead of a polynomial function to realize f(x, y, …,n). 

Then, unique forms of LCA, LCC, and SLCA functions could be solved 
using numerical methods to find the optimum design variables leading 
to maximum/minimum functions’ values. Finally, using the LCA/LCC/ 
SLCA functions, the LCSA function could be mathematically formed and 
solved to find the optimum results from an LCSA perspective. 

2.4. Implementing the integrated LCSA-based model into the design 
process-requirements, limitations, and uncertainties 

The first requirements are to define the goal, scope, and system 
boundary of the study. Thus, deciding what building life cycle modules 
must be included in the system boundary is required. However, it is 
recommended to take into account the whole life cycle phases (A1-D). 
Still, subject to the goal, the system boundary could be simplified to each 
case study’s dominant life cycle modules. It should then be determined 
how buildings interact with the adjacent systems, including environ-
mental, economic, and social contexts. Then, the building’s services, 
components, materials, and energy flows in selected life cycle modules 
could be identified and included in the assessment. The selection of 
impact categories and indicators related to each sustainability pillar is 
still challenging. The model is flexible to adopt different impact cate-
gories and indicators for each sustainability pillar but recommends 
following the previously established EN standards [47,51,54]. 

At present, the model’s main limitations and challenges are the 
choice of suitable SLCA indicators, the quantification method, and the 
aggregation of SLCA indicators. This model proposes considering the 
established impact categories by the relevant standards and is flexible to 
adopt new impact categories and indicators of all three sustainability 
pillars if provided by future research and standards. 

The uncertainty of input data accuracy must be kept in mind as a 
significant issue. Almost all LCA, LCC, and SLCA input data will be 

Fig. 2. Steps of implementing the proposed model in a parametric design/ 
assessment process. 
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collected from external sources such as LCI databases, manufacturers’ 
datasheets, governmental economic reports, etc. Consequently, low ac-
curacy or limited access to reliable input data will increase the uncer-
tainty of the results. It is paramount to use the most representative and 
well-known data resources to enhance the quality and reliability of 
results. 

Although the proposed wtw-weighting method in this model gua-
rantees a balanced design, the definition of thresholds and final 
weighting sets in this method might need external references to the 
social/economic and environmental programs’ targets defined by 
external parties such as the governmental, international bodies, or other 
stakeholders. While it could be appreciated as the model’s flexibility, it 
might be challenging when the thresholds are not defined by standards 
and depend on conflicting interests among stakeholders. 

3. Exemplary case studies: implementation of the proposed 
model 

An Italian residential building is chosen as the case study to test and 
verify the proposed LCSA-based model’s capability. The case study is a 
multi-family house in Bagnolo in Piano, Reggio Emilia, Italy, con-
structed in 1985 (Fig. 3). It consists of four floors -including three resi-
dential floors-with an overall volume of 1900 m3 and a net floor surface 
of 636 m2 divided into 12 apartments with a window to wall ratio of 
13%. It has a concrete structure, and the envelope is built with brick 
cavity walls and single glass-wood frame windows. The roof and floors 
are made of concrete and hollow brick structure. 

The building is also the demo case of the Horizon 2020 HEART 
"Holistic Energy and Architectural Retrofit Toolkit” project and has been 
retrofitted during 2020 and 2021, installing new energy-efficient tech-
nologies. More in detail, the toolkit includes both envelope solutions 
(thermal insulation and windows) to reduce the thermal loads and 
HVAC/energy generation technologies (multicrystalline photovoltaic 
tiles, high-efficiency air-to-water heat pumps, low-temperature fan- 
coils, water tanks for thermal storage, and Li-Ion batteries) to ensure the 
energy efficiency and RES exploitation. The general scheme of the 
proposed technical system is represented in Fig. 4. The energy modeling 
in this case study is parametrically performed by EnergyPlus, using the 
grasshopper plugins. 

3.1. The goal, scope, and system boundary of the case study 

Six pillars have already been identified for decarbonizing the built 
environment, including zero-carbon electricity, electrification of the end 
uses, green synthetic fuels, smart power grids, materials efficiency, and 
sustainable land use [14]. A paradigm shift towards distributed and 
renewable energy generation, including the photovoltaic systems, is 
observable and indispensable in achieving decarbonization targets. En-
ergy storage technologies, both in the short-term and long-term, are of 
those technologies supporting this transition. At the building level, one 
of the strategies toward decarbonization is to maximize on-site or 

Fig. 3. Residential building, Bagnolo, Italy.  

Fig. 4. Working scheme and system boundary, A: Direct use, B1: export to the 
grid (if excess PV > 0 and hourly need = 0), B2: thermal storage in TES (if 
excess PV, and hourly need >0), B2-1: Discharge TES, B3: Charge batteries (if 
TES is full, excess PV and need >0), B3-1: discharge batteries when PV is not 
enough and heat pump is in operation, C: import electricity from grid when PV 
and stored energy are lower than needs. 

Table 2 
Building and energy modelling parameters in the case study.  

Parameters Values 

Internal Floors U value = 1.18 W/m2K 
Ground Floor U value = 3.49 W/m2K 
Roof U value = 0.55 W/m2K 
External Walls U value = 0.266 W/m2K 
Windows U value = 1.2 W/m2K, SHGC = 0.6 
COP of HP units = 0.001 (water_temp - Ext_temp+10)2 - 

0.17 (water_temp - Ext_temp+10)+10 
Ƞdistribution, Ƞregulation, Ƞemission 0.95 
Inlet water temperature to HP units 15 ◦C 
Outlet water temperature from HP 

units 
35 ◦C in space heating mode, 
10 ◦C in space cooling mode 
45 ◦C in DHW mode 

Heating demand 28884 kWhTh 

Cooling demand 10785 kWhTh 

DHW demand 13226 kWhTh 

Electricity demand 14320 kWhel 

The inverter efficiency 0.95 
PV module efficiency 0.16 
PV system losses (wiring, 

connections, etc.) 
5% 

PV size (Peak power) 8.5 kWp 

DoD Li-ion battery 0.80 
Safety factor for battery system losses 1.20 
Thermal transmittance of TES walls U value = 0.35 W/m2K 
TES size for heating/cooling Variable (0–10000 L) 
TES size for DHW Variable (0–5000 L) 
Battery Capacity Variable (0–20 kWh) 
Storage is designed for 1 day ahead 
The building’s service life and all 

Components’ technical life span 
30 years equal to the study period  
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nearby renewable energy production and self-consumption of the elec-
trified buildings with the minimum exchange of energy with the grid by 
applying ESSs coupled with non-programmable RESs such as solar 
photovoltaic panels [14]. 

This case study aims to find the optimum size of thermal/electrical 
energy storage systems in the above-described building regarding the 
critical role of ESSs towards decarbonization targets. Therefore, the 
study’s scope is limited to the size of the short-term Thermal Energy 
Storage tanks (TES) and electrical batteries. Fig. 4 illustrates the work-
ing scheme, components, and streams in the system boundary of this 
study. Assuming equal technical life span for the ESSs’ components and 
the building study period (30 years), the replacement phase of ESSs is 
excluded from the study. It is also presumed that the component’s re-
sidual values will compensate for the disposal costs at the end of the life 
phase. 

In this case study, ESSs sizing is considered the second phase of 
designing ERMs while within the initial steps, it is assumed that the 
building envelope’s thermal properties have been improved to the 
values shown in Table 2. It was also assumed that the air to water heat 
pump units and Photovoltaic (PV) panels have already been defined 
according to the annual heating, cooling, and DHW demand; more in 
detail, in the selected case-study building, two heat pumps with a rated 
thermal power of 25 kW each and a PV system of 8.5 kWp were designed 
to meet buildings energy needs. The COP of heat pump units can be 
calculated using the equation in Table 3 according to the performance 
map of the components [61]. The operational temperature of thermal 
energy storage tanks is 35, 10, and 45 Celsius in heating, cooling, and 
domestic hot water, accordingly. The temperature drop in TESs due to 
thermal energy loss will be compensated by heat pump units. Table 2 
summarizes the building’s characteristics and energy modeling param-
eters . 

Different ESSs sizes affect the building-grid interaction in terms of 
imported/exported electricity from/to the electricity grid. Therefore, 
only the TES size and battery size expressed in liters and kWh alongside 
the resulting imported/exported electricity between the building and 
grid are included in the system boundary (Fig. 4). It should be remarked 
that each litre of heated-up/cooled-down water stored in TES could be 
equalized to kWh of electricity consumed by heat pump units. The 
required electricity for heat pump operation is provided by PV when 
solar radiation is available. When PV generation is lower than electricity 
consumption, electricity needs to be imported from the grid. The storage 
is feasible when hourly PV generation is higher than hourly electricity 
consumption. In this case, two potential scenarios exist instead of 
exporting the excess PV generation to the electricity grid:  

1. To force heat pump units to produce more thermal energy to be 
stored in TESs and consume the stored energy when the PV genera-
tion is not enough (e.g., at nights and on cloudy days). In this case, 
the excess PV generation must be exported to the grid if TESs are 

fully charged or the energy need is lower than the TESs capacity 
within the next 24 h.  

2. To use the battery system as the secondary ESSs after charging TESs. 
In this case, the batteries will be charged if TESs are fully charged, 
and there is still hourly electricity demand due to insufficient hourly 
PV generation to operate heat pumps. 

Both scenarios will decrease electricity purchasing from the grid and 
reduce the export of PV-generated electricity to the grid. Considering 
different tariffs of imported/exported electricity, these scenarios at an 
optimum ESSs size would be cost-beneficial and provide environmental 
benefits through maximum use of PV-generated electricity. It also re-
duces the load on local/national electricity grid infrastructures by 
decreasing the exported electricity to the grid. 

3.2. LCSA input data: intermediate indicators, impact categories, and 
input parameters 

To start defining the LCA, LCC, and SLCA indicators, first, it is 
necessary to determine the environmental impact categories, LCC pa-
rameters, and SLCA impact categories. To cover a wide range of envi-
ronmental impacts, seven impact categories including Global Warming 
Potential (GWP), Ozone Depletion Potential (ODP), freshwater and 
terrestrial Acidification Potential (AP), freshwater Eutrophication Po-
tential (EP), Photochemical Ozone Creation Potential (POCP), Resource 
Use (RU, minerals & metals, and fossils) are included. Related to the 
application of eq. (2), equal weighting among these impact categories is 
considered according to the recommendation for the EU context [62]. 
For the normalization of environmental impact categories, the proposed 
values in Ref. [48] are considered. To calculate the life cycle environ-
mental impacts in Table 3, the ecoinvent v3.6 2019 and ILCD 2.0 2018 
are used as the LCI database and the Life Cycle Impact Assessment 
methodology (LCIA) [63]. The values proposed in the JRC report [80] 
are adopted as the normalization factors for each environmental impact 
category to sum-up them together in a unitless LCA indicator. 

In this paper, the baseline scenario for both case studies 1 and 2 is the 
scenario before installing the EESs where the building energy systems 
are fully electrified, and the LCA indicator is calculated based on envi-
ronmental impacts of grid-supplied electricity, LCC is calculated based 
on the price of grid-supplied electricity, and the tariffs of sold PV- 
supplied electricity to the grid and SLCA is calculated according to 
building-grid interaction. In the baseline scenario, all excess PV- 
generated electricity is injected into the grid, and the hourly elec-
tricity demand is imported from the grid when the hourly PV-generated 
electricity is not enough to meet the building’s demand. Therefore, in 
the baseline scenario, only the market of low-voltage Italian electricity 
mix is considered for the building’s environmental impacts. In case 
study 1, hot water tank production (CH) is also considered to calculate 
the environmental impacts of thermal energy storage systems according 

Table 3 
Environmental and economic input data for LCSA analysis.   

Environmental data Economic data 

GWP (kg 
CO2 eq) 

ODP (kg 
CFC-11 eq) 

AP (mol H 
+ Eq) 

EP (kg P- 
Eq) 

POCP (kg 
NMVOC-Eq) 

RU-m (kg 
sb eq) 

RU-f 
(MJ) 

LCA 
indicator* 

Prices and 
tariffs (€) 

PIR DR 

TES component (1 L) 1.201 7.6E-8 6.8E-3 6.5E-4 5.2E-3 4.1E-5 16.9E-7 1.94E-10 300 + (TES 
volume in 
Liters/2) 

2.1% 3.68% 

Li-ion Battery (1 
kWh) 

3.785 3.24E-7 7.28E-2 8.14E-3 2.17E-2 6.7E-4 57.93 1.45E-3 420 
€/kWh 

Electricity (1 kWh), 
Italian mix 

4.26E-1 5.8E-8 2.29E-3 1.2E-4 9.72E-4 3.3E-6 6.8764 3.78E-8 0.18 € (p*) 
0.10 € (s*) 

Normalization 
factors 

5.79E13 1.61E8 3.83E11 5.06E9 2.08E11 4.39E8 4.5E14  

LCA indicator* expresses the total aggregated environmental impact through normalization and weighting (optional LCIA steps). (p*) and (s*) stand for the tariffs of 
purchasing the grid-supplied and selling the excess PV-supplied electricity. 
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to ILCD 2.0 2018 in ecoinvent 3.6 2019. Moreover, in case study 2, the 
rechargeable Li-ion battery production (GLO) is also added to calculate 
the environmental impact of battery systems. The environmental impact 
of electricity and the EESs components are reported in Table 3. As a 
simplification, the values of TES and battery components’ environ-
mental impacts are divided on the reference component’s capacity in LCI 
database. Therefore, TES and Li-ion battery components’ environmental 
impacts are reported for 1 L and 1 kWh storage capacity, respectively 
(Table 3). 

To calculate the LCC index, NPV is selected as described in section 
3.1.2. The grid-supplied electricity price and the remuneration for the 
excess PV-supplied electricity to be exported to the grid are taken from a 
recent study in Italy [61]. Furthermore, the macroeconomic parameters 
such as energy Price Inflation Rate (PIR) and Discount Rate (DR) are 
retrieved and calculated from economic reports based on ten years’ 
average data [64,65,66]. For the sake of simplicity, the hourly electricity 
tariffs for imported and exported electricity from and to the grid are 
considered constant, as reported in Table 3. 

This example includes ESSs and building grid interaction (imported/ 
exported electricity) in the system boundary (Fig. 4). An associated risk 
of one-site PV electrification of buildings is to increase exported elec-
tricity load to the grid when hourly PV generation is surplus than hourly 
energy (electricity) consumption in the building. Since power grids are 
generally designed according to the peak energy demand and not based 
on the peak exported electricity from prosumers to the grid, an expan-
sion of excess hourly PV generation might lead to an overload on the 
national electricity grid [67]. This overload on the electricity grid might 
cause damages to the electricity grid and reduce the safety and security 
of the electricity infrastructures [68]. One solution to avoid this risk is to 
promote self-consumption by applying EESs in electrified buildings [14, 
69]. 

Therefore, given that safety/security-security against interruptions of 
utility supply has already been identified as an SLCA impact category in 
Ref. [54], the self-consumption of PV-generated electricity as an indi-
cator of overload-mitigation is chosen as the SLCA indicator in paper. 
This indicator could be computed by Eq (6): 

Eq. (6) SLCA indicator 

SLCA indicatorj =

(

1 −
∫

hourly Exp PVgeneration, jdt
∫

hourly PVgenerationdt

)

Where: 
hourly Exp PVgeneration, j is the hourly exported PV generation in 

(kWh) for the scenario j; 
hourly PVgeneration is the hourly PV generation (kWh) by the installed 

PV panels. 
SLCA indicator ranges between 0 and 1, where "0” means all PV- 

generated electricity is injected into the grid, and "1” means all PV 
generation is self-consumed in the building. 

3.3. The parametric form of the LCSA model: configuration of equations 

After defining the goal, scope, and the system boundary of the case 
study and providing the input parameters for intermediate indicators 
calculation (LCA, LCC, and SLCA indicators), it would be possible to 
continue configuring the composite functions for sustainability pillars as 
proposed in section 2.3. 

To configure the final form of these functions, it is required to pro-
vide the functions that relate the design variables to the case study’s 
operational energy performance. This case study is divided into two 
cases to conduct this step and show the proposed model’s functionality 
with different design variables. In the first case, only two variables, 
including the TES sizes for heating/cooling (TESHC) and Domestic Hot 
Water (TESDHW), are taken into optimization. In the second case, the size 
of the electrical battery is included as the third design variable. After 
providing the polynomial functions relating design variables to 

operational energy performance, these functions will be used as the el-
ements of the composite functions for LCA, LCC, and SLCA indicators 
and indices. 

3.3.1. Case study 1: multi (two) variables optimization (TESHC and 
TESDHW) 

According to the steps illustrated in Fig. 2, the energy simulation is 
carried out using parametric energy analysis. A GPR-Machine learning 
model is used to predict all possible scenarios (including all allowed 
capacities of TESHC and TESDHW in liters). Then through the regression 
analyses (curve fitting), the building’s energy performance functions are 
realized. In this case study, equations (7) and (8) and the values in 
Table 4 present as the energy performance functions and can be 
considered as the surrogate models of energy simulations by which the 
designer will be enabled to realize the electricity consumption and 
excess PV generation more rapidly without advanced prior knowledge in 
energy simulation. Equation (7) f(x,y) relates the x and y correspond-
ingly as TESHC and TESDHW to the annual electricity demand (imported 
from the grid in kWh). Similarly, g(x,y) in equation (8) relates the 
annual excess PV generation to be exported to the grid in kWh. Then 
these functions are used to configure the functions of LCA, LCC, SLCA, 
and LCSA indices as presented by equations (9)–(12). 

Eq. (7) Required annual electricity to be imported from the grid in 
kWh (f(x,y)) 

f(x,y)=p00+p10.x+p01.y+p20.x2+p11.x.y+p02.y2+p30.x3+p21.x2.y 
+p12.x.y2+p03.y3+p40.x4+p31.x3.y+p22.x2.y2 +p13.x.y3+p04.y4 

+p50.x5+p41.x4.y+p32.x3.y2+p23.x2.y3+p14.x.y4̂+p05.y5̂ 

Eq. 8 Excess annual PV-generated electricity to be exported to the 
grid in kWh (g(x,y)) 

g(x,y)=p00+p10.x+p01.y+p20.x2+p11.x.y+p02.y2+p30.x3+p21.x2.y 
+p12.x.y2+p03.y3+p40.x4+p31.x3.y+p22.x2.y2 +p13.x.y3+p04.y4 

+p50.x5+p41.x4.y+p32.x3.y2+p23.x2.y3+p14.x.y4̂+p05.y5̂  

Where: 

f (x, y) is the anuual needed  electricity  from  the  grid  in  kWh  (to  buy)

Table 4 
Coefficients (with 95% confidence bounds).  

Coefficients f (x,y) g (x,y) 

p00 11410 11300 
p10 − 0.7888 − 0.7998 
p01 − 2.413 − 2.491 
p20 0.0001257 0.0001285 
p11 0.00005061 0.00004058 
p02 0.001905 0.001944 
p30 − 1.039E-08 − 1.13E-08 
p21 − 1.156E-08 − 9.89E-09 
p12 1.32E-08 1.53E-08 
p03 − 7.001E-07 − 7.14E-07 
p40 2.534E-13 3.65E-13 
p31 2.064E-12 1.91E-12 
p22 − 3.968E-12 − 4.11E-12 
p13 8.007E-13 5.27E-13 
p04 1.194E-10 1.22E-10 
p50 6.968E-18 2.17E-18 
p41 8.345E-17 − 7.73E-17 
p32 − 1.38E-17 − 1.18E-17 
p23 5.607E-16 5.68E-16 
p14 − 5.49E-16 − 5.32E-16 
p05 − 7.666E-15 − 7.83E-15  

Goodness of fit: Goodness of fit:  
SSE: 6.995e+05 SSE: 7.22e+05  
R2: 0.9996 R2: 0.9996  
Adjusted-R2 R2:0.9996 Adjusted-R2 R2: 0.9996  
RMSE: 11.68 RMSE: 11.86  
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g (x, y) is the annual excess  electricity  to  grid  in  kWh  (to  sell)

x is the TES size for heating/cooling in liters. 
y is the TES size for DHW in liters. 
Therefore, the equations of LCA, LCC, and SLCA indicators could be 

expressed as the following composite functions: 
Eq (9) LCA indicator 

LCA indicator= f 1(f(x, y), x, y)= f (x, y)× env impactelectricity × s+ (x+ y)

× env impactTES 

Eq (10) LCC indicator 

LCC indicator= f 2(f(x, y), g(x, y), x, y)=NPV(f (x, y)) − NPV (g(x, y))
+ (x+ y) × TES price 

Eq (11) SLCA indicator 

SLCA indicator= f 3(g(x, y))= 1 −

(
g(x, y)

∫
hourly PVgenerationdt

)

Where   

NPV (f(x,y)) is Net Present Value of f (x,y) =
∑s− 1

s=0
f (x,y)(El P1)

(
1+PIR1

1+DR

)s  

NPV (g(x,y)) is Net Present Value of g(x,y) =
∑s− 1

s=0
g(x,y)(El P2)

(
1+PIR2

1+DR

)s  

x and y are the size of TES for heating/ cooling and domestic hot water (liters)

s is the study period (table 3)

PIR is the annual energy price inflation rate (table 3)

DR is the discount rate (table 3)

TES price is the price of the TES for each 1 Liter storage capacity (table 3)

Then, according to the model described in section 2.1, LCA, LCC, and 
SLCA indices are computed by dividing each scenario’s LCA, LCC, and 
SLCA indicators over the baseline scenario’s indicators. The baseline in 

this case study is the pre-retrofit scenario before installing TESs. Then 
the LCSA index is defined and calculated by the following Eq. (12). 

Eq (12) LCSA index 

LCSA index=Wlca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1

LCA index

)√

+ Wlcc

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1

LCC index

)√

+ Wslca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
SLCA index

1

)√

= f4(f 1(f(x, y), x, y), f 2(f(x, y), g(x, y), x, y), f 3(g(x, y)),WLCA,WLCC,WSLCA )

= Wlca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
f1(f (x0, y0), x0, y0)

f1(f (x, y), x, y)

)√

+Wlcc

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
f2(f (x0, y0), g(x0, y0), x0, y0)

f2(f (x, y), g(x, y), x, y)

)√

+ Wslca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
f3(g(x, y))

f3(g(x0, y0))

)√

Where: 
WLCA , WLCC , WSLCA are the weighting factors (will be employed ac-

cording to wtw method) 

x0, y0  refers  to  the  baseline  scenario 
(
in  this  case, x0, y0 = 0

)

3.3.2. Case study 2: multi (three) variables optimization (TESHC, TESDHW, 
and battery) 

In this case study, the size of a Lithium-ion battery system is added to 
the design variables to store PV-generated electricity when excess PV 
generation exists. The priority of storage is given to the thermal energy 
storage; therefore, the battery is charged only when the TESs are fully 
charged and the need for electricity in the next 24 h exists. Fig. 5 il-
lustrates the control logic of thermal-electrical energy storage systems. 

In this case, three design variables are included in the LCSA-based 
optimization process. Therefore the aforementioned functions of en-
ergy performance could be expressed as f(x,y,z) and g(x,y,z), where x, 
y, and z stands for the size of TESHC, TESDHW, and the battery capacity, 

respectively. As already proposed in Fig. 2, in the case studies with more 
than two design variables, an ML model is recommended to find the 
relation between design variables and energy performance. Therefore, 
instead of the polynomial functions, A Gaussian Regression Process ML 
model will predict and produce the results of all possible variables’ 
combinations. Finally, LCA, LCC, SLCA indicators, and LCSA index are 
expressed in equations (13)–(16) where f(x,y,z) and g(x,y,z) stands for 
the ML models that predict the required grid-supplied electricity and the 
excess PV-generated electricity in kWh respectively. 

Eq (13) LCA indicator 

env impactelectricity is the total environemtal impacts of 1 kWh electricity provided by the grid (table 3)

env − impactTES is the total envoronmental impacts of TES component with 1 Liter capacity (table 3)

El P1 it the price of electricuty to buy from the grid (Euro per kWh) presented in table 3  

El P2 it the price of electricuty to sell to the grid (Euro per kWh) presented in table 3   
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LCA indicator= f 1(f(x, y, z), x, y, z)= f (x, y, z)× env impactelectricity × s+
(x+ y)× env impactTES + z × env impactBattery 

Eq (14) LCC indicator 

LCCindicator=f 2(f(x,y,z),g(x,y,z),x,y,z)=NPV(f (x,y,z))− NPV(g(x,y,z))
+(x+y)×TES price+z×Battery price 

Eq (15) SLCA indicator 

SLCA indicator= f 3(g(x, y, z))= 1 −

(
g(x, y, z)

∫
hourly PVgenerationdt

)

Then according to the general definition of LCSA index: 
Eq (16) LCSA index 

LCSA index=Wlca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1

LCA index

)√

+ Wlcc

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
1

LCC index

)√

+ Wslca

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
SLCA index

1

)√

= f 4(f 1(f(x, y, z), x, y, z), f 2(f(x, y, z), g(x, y, z), x, y, z), f 3(g(x, y, z)), WLCA,

WLCC,WSLCA )

Where:   

NPV (f(x,y,z)) is Net Present Value of f (x,y) =
∑s− 1

s=0
f (x,y)(El P1)

(
1+PIR
1+DR

)s  

NPV (g(x,y,z)) is Net Present Value of g(x,y) =
∑s− 1

s=0
g(x,y)(El P2)

(
1+PIR
1+DR

)s     

s is the service life span (table 3)

El P1 it the price of electricity to buy from the grid (Euro per kWh) presented 
in table 3  

El P2 it the price of electricity to sell to the grid (Euro per kWh) presented in 
table 3  

PIR is the annual energy price inflation rate (table 3)

DR is the discount rate (table 3)

TES price is the price of the TES for each 1 Liter storage capacity (table 3)

Batterypriceis the price of the battery for each 1 kWh storage capacity  

WLCA , WLCC , WSLCA are the weighting factors  

x0, y0 , z0refers to the pre − retrofit baseline scenario (= 0)

3.4. Results and discussion 

The results of exemplary case studies are presented and discussed in 
two following sections according to the methodology developed in the 

previous sections for case study 1 with two design variables and case 
study 2 with three design variables. 

Each case study is discussed separately, and the optimum solutions of 
the EESs sized are reported according to LCA, LCC, SLCA, and final 
aggregated LCSA indices. By comparing the results, the performance and 
accuracy of implementing the Machine Learning algorithm is discussed, 
and the performance of the proposed LCSA-Machine Learning-based 
optimization model is highlighted. 

= WLCA

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
f1(f (x0, y0, z0), x0, y0, z0)

f1(f (x, y, z), x, y, z)

)√

+WLCC

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
f2(f (x0, y0, z0), g(x0, y0, z0), x0, y0, z0)

f2(f (x, y, z), g(x, y, z), x, y, z)

)√

+ WSLCA

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅(
f3(g(x, y, z))

f3(g(x0, y0, z0))

)√

env impactelectricity is the total environmental impacts of 1 kWh electricity provided by the grid (table 3)

env impactTES is the total environmental impacts of the TES with 1 Liter storage capacity (table 3)

env − impactBattery is the total environmental impacts of the battery system with 1 kWh storage capacity (table 3)

x, y and z are the TESs size for heating / cooling, and DHW (liters) and the battery capacity (kWh)
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3.4.1. Results in case study 1: LCSA-based optimization for TESHC and 
TESDHW 

The optimization of the TESs size for heating/cooling and domestic 
hot water is performed using the materials and methods described in the 

previous sections. To select the suitable ML algorithm, the prediction 
accuracy of different available algorithms in Matlab machine-learning 
toolbox are compared according to the coefficient of determinations, 
and Gaussian Process Regression (GPR) algorithm representing a perfect 
R2 equal to 1, is selected and employed to predict all possible scenarios’ 
performance (various TESs sizes). The application of the ML model 
resulted in significant computational time and power saving. The 
following heat graphs (Figs. 6–8) present LCA, LCC, and SLCA indices for 
different TESs sizes. Then using the wtw weighting method, the LCSA 
index is also computed, and the results are presented in Figs. 9 and 10. 

As shown in Fig. 6, the lowest LCA index representing the best 
environmental performance occurs when the TES size for heating/ 
cooling and DHW are 3800 and 900 L, respectively. This scenario’s LCA 
index is reduced to 0.840, representing almost 16% improvement 
compared to the baseline scenario. This is the maximum achievable 
improvement in LCA performance by installing ESSs in the building case 
study. The dotted area in Fig. 6 shows the scenarios by which at least 
50% of the maximum possible improvement (8%) could be achieved. 
This area includes all the design scenarios in which the LCA index is 
lower than 0.9195 (LCA_index threshold). 

Similarly, according to Fig. 7, the best economic performance is 
obtained when the TES size for heating/cooling and DHW are 3100 and 
900 L, respectively. This scenario decreases the LCC index to 0.868 and 
provides almost 13.2% maximum possible improvement in LCC per-
formance than the pre-retrofit baseline scenario. LCC index in this case 
study is the most sensitive index to TES sizes’ variation due to its con-
tingency of being highly affected adversely or slightly beneficial. The 
dotted area in Fig. 7 represents the scenarios in which the LCC index is 
lower than 0.934 (LCC_index threshold), corresponding to 50% of the 
maximum achievable improvement in LCC performance. Figs. 6 and 7 
show that the LCA and LCC indices increase sharply for large TES sizes. 
This sharp increase in LCA and LCC indices can be explained by the fact 
that in the scenarios with huge TES sizes, the extra capacity of the TES 
will never be in operation and therefore does not benefit the building in 
reducing energy consumption, costs, and environmental impacts of the 
operational phase. In contrast, it directly increases the costs and 
embodied environmental impacts of the installed ESSs. 

The SLCA index behaves differently and shows a continuous and 
progressive improvement by increasing TES sizes for heating/cooling 
and domestic hot water. This behavior is explicable since the increase of 
TES size results in less electricity export to the grid. Therefore, as shown 
in Fig. 8, the highest SLCA index corresponding to the best SLCA per-
formance occurs at the maximum allowed size of TESs. SLCA index can 

Fig. 5. Control logic of ESSs scheme work priority.  

Fig. 6. Results of LCA index for different combination of TES sizes, the colors represent the value of LCA index. Lower LCA index (dark blue) means better LCA 
performance. The dotted area represents the scenarios with at least 50% of the maximum achievable LCA index improvement (LCA_index threshold). (For inter-
pretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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reach the value of 1.697, corresponding to 69.7% improvement when 
the TES size of heating/cooling and DHW are 10000 and 5000 L. 
However, as shown in previous figures, LCA and LCC indices in this 
scenario have lower performance compared to the pre-retrofit baseline 

scenario. Like previous indices, the dotted area with at least 50% of the 
maximum possible SLCA improvement (SLCA_index >1.3488) is shown 
in Fig. 8. 

While the decision-making is straightforward to choose the optimum 
TES size according to each index, the different behavior of LCA, LCC, 
and SLCA indices brings complexities to the decision-making when all 
three indices are set as the optimization targets. 

To resolve this complexity and avoid the risk of an unbalanced 
design, as already described in section 2.2.1 a new weighting method is 
used. To use wtw weighting method and provide a single LCSA index, it 
is required to define the desired thresholds of LCA, LCC, and SLCA 
performance first. Then set of weighting factors for all three indices will 
be applied according to the project’s targets and priorities. 

In this case, it is assumed that all three indices must be improved at 
least to 50% of their maximum achievable performance as the desired 
indices’ thresholds (the dotted area in Figs. 6–8 and 10). Therefore, the 
thresholds are 0.9195, 0.9340, and 1.3488 for LCA, LCC, and SLCA 
indices accordingly. Figs. 9 and 10 represent the LCSA index results for 
all combinations of design variables that satisfy the thresholds. Since 
this case study is presented just as an application of the model and does 
not intend to make a value-choice decision on LCSA pillars, equal 
weighting factors are also applied in the last step of wtw weighting 

Fig. 7. Results of LCC index for different combination of TES sizes, the colors represent the value of LCC index. Lower LCC index (dark blue) means better LCC 
performance. The dotted area represents the scenarios with at least 50% of the maximum achievable LCC index improvement (LCC_index threshold). 

Fig. 8. Results of SLCA index for different combination of TES size, the colors represent the value of SLCA index, Higher SLCA index (dark red) means better SLCA 
performance. The dotted area represents the scenarios with at least 50% of the maximum achievable SLCA index improvement (SLCA_index threshold). (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 9. Three dimensional view of the LCSA index’s results versus different TES 
sizes. Higher index value (dark red) corresponds with higher LCSA perfor-
mance. wtw method is used as the weighting method as described in the text. 
(For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 
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method to calculate the final LCSA index. As shown in Fig. 10, the LCSA 
results are constrained in the overlapping area of LCA, LCC, and SLCA 
thresholds. 

The colors in Figs. 9 and 10 show the LCSA index’s values. As illus-
trated in these figures, the final optimum TES sizes for heating/cooling 
and DHW are 4500 and 1000 L, where the highest LCSA index equal to 
1.1364 is achieved. This optimum scenario leads 13.64% improvement 
in LCSA performance compared to the pre-retrofit scenario’s perfor-
mance. It also results in 15.8, 12, and 57.4% improvement in LCA, LCC, 
and SLCA indices equivalent to 98.22, 91.03, and 82.28% of the 
maximum achievable improvement in LCA, LCC, and SLCA indices, 
respectively. Table 5 summarizes the optimum scenarios’ results from 
LCA, LCC, SLCA, and LCSA perspectives. 

These results confirm that the proposed LCSA-based model can 
efficiently find the balanced optimum solution concerning all three 
LCSA pillars by which the LCSA index is maximized, and all LCA, LCC, 
and SLCA performance are improved significantly. It should be noted 
that this method can find the highest LCSA performance and provide the 
results of all possible scenarios to inform the designers with the required 
information to choose quasi-optimum solutions. 

Given the relation between design variables and operational energy 
consumption, there are two methods to configure the indices’ equations: 
1) applying regression analysis and creating polynomial functions and 2) 
the machine learning methods to realize the correlation among design 
variables and operational energy performance of the scenarios. Both 
methods are proven to be highly accurate; however, it is necessary to 
adopt machine learning with higher accuracy for case studies with more 
than two design variables or a complicated relationship between design 
variables and energy performance. 

In this case study, the prediction accuracy of the polynomial func-
tions and GPR-ML model as the surrogate models for energy simulations 
are compared for 100 random scenarios and shown in Figs. 11 and 12. 
By comparing the relative errors in Figs. 11 and 12, it is perceived that 
both f(x,y) and g(x,y) are predicted with the same accuracy level, 

although by comparing the two surrogate models, the GPR-ML model 
provided a significantly higher accuracy in predicting the results of both 
f(x,y) and g(x,y) functions. 

The relative error reveals to what extent the predicted results by 
regression analysis are lower or higher than the simulation results. As 
shown in Figs. 11 and 12, the maximum absolute error in predicting f(x, 
y) and g(x,y) by polynomial functions are 2.82% and 2.85%, while the 
maximum absolute error of predicted results by machine learning is 
considerable lower equal to 0.132% and 0.138% for f(x,y) and g(x,y) 
respectively. Likewise, the mean absolute relative error of the predicted 
results by polynomial functions equals 0.218% and 0.221%. The appli-
cation of machine learning to predict f(x,y) and g(x,y) has the mean 
absolute error equal to 0.010 and 0.011 that represents a significant 
accuracy. 

Although both methods provide a high level of accuracy, it is para-
mount to use machine learning as the most accurate method since minor 
errors in prediction might affect the final optimum solutions in some 
cases. In this case study, the optimum scenarios predicted by polynomial 
composite functions were presented first. However, the user is encour-
aged to apply machine learning to configure the indices’ equations. The 
final results by application of machine learning are shown in Table 6. 

The optimum results shown in Table 5 are more accurate and reliable 
due to the higher accuracy of machine learning in predicting f(x,y) and g 
(x,y). The difference between optimum results presented in Table 5 and 
Table 6 lies in the different accuracy between the prediction by GPR- 
machine learning model and linear regression analysis applied to form 
polynomial functions in this case study. Both methods to configure f(x,y) 
and g(x,y) have pros and cons. Although implementing polynomial 
functions to realize f(x,y) and g(x,y) is nearly accurate, straightforward, 
and does not require prior knowledge of machine learning, imple-
menting machine learning enhances the model’s performance and re-
sults’ precision significantly. Furthermore, although the results in 
Table 6 highlight only the LCA, LCC, SLCA, and LCSA benefits of 
installing the energy storages systems coupled with heat pump units and 
photovoltaic panels, it is worthy of mentioning that the LCSA-based 
optimum size of energy systems in this case study, has also resulted in 
24.27% reduction in grid-supplied electricity consumption. 

3.4.2. Results in case study 2: LCSA-based optimization for TESHC and 
TESDHW and battery size 

Following the similar steps in the first case study and by imple-
menting the configured equations presented in section 3.3.2 for case 
study 2, the LCA, LCC, and SLCA indices for each combination of design 
variables (different scenarios) are calculated. Then, through the appli-
cation of the wtw weighting method, the final LCSA index for each 
scenario is computed, and all results are presented in Figs. 13 and 14. 
These figures display a different form of results presentation necessary in 
case studies with more than three variables. In those cases, the three- 
dimensional graphs in which the indices’ values are displayed on the 
graph’s axes are the most informative and comprehensive form of re-
sults’ presentation. Each point in Figs. 13 and 14 represents one possible 
combination of variables as a scenario. The colors represent the value of 
the LCSA index of the scenarios. In Fig. 13, equal weighting for LCA, 
LCC, and SLCA indices is employed to compute the LCSA index (the first 
optional step of wtw method). 

Fig. 10. Two dimensional view of the LCSA index’s results versus different TES 
sizes. Higher index value (dark red) corresponds with higher LCSA perfor-
mance. wtw method is used as the weighting method as described in the text. 
The LCSA optimum results are located in the overlapping dotted areas in which 
LCA, LCC and SLCA index are improved at least 50% of their maximum 
achievable improvement. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 

Table 5 
The summary of optimum results in case study 1.   

ESSs Size Index value The improvement compared to the baseline (%) 

TESHC (Liters) TESDHW (Liters) LCA_index LCC_index SLCA_index LCSA_index LCA LCC SLCA LCSA 

Baseline (pre-retrofit) 0 0 1 1 1 1 – – – - 
LCA_optimum 3800 900 0.84 0.871 1.543 1.1352 16 12.9 54.3 13.52 
LCC_optimum 3100 900 0.842 0.868 1.51 1.1308 15.8 13.2 51 13.08 
SLCA_optimum 10000 5000 1.67 2.428 1.697 0.9065 − 67 − 142.8 69.7 ¡9.35 
LCSA_optimum 4500 1000 0.842 0.88 1.574 1.1364 15.8 12 57.4 13.64  
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The optimum ESSs sizes from an LCA perspective are found equal to 
1900 L, 600 L, and 20 kWh for TEShc, TESdhw, and the battery, 
respectively. Likewise, regarding the LCC index, the design variables’ 
optimum values are 3500, 1000, and 0 for TEShc, TESdhw, and the battery 
accordingly. The SLCA index behaves differently; it is found that the 
maximum allowed size of ESSs leads to the heights SLCA index. There-
fore 10000 L, 5000 L, and 20 kWh are seen as the optimum design 
variables regarding the SLCA index; however, they adversely affect the 
LCA and LCC index. Table 7 summarizes the results of optimum sce-
narios for all indices and shows their relative improvements concerning 
the baseline scenario and the maximum achievable performance of each 
index. 

As proposed in the wtw weighting method, to select the LCSA- 
optimum scenario, first, the indices’ thresholds are applied to guar-
antee the desired level of improvement in all three LCA, LCC, and SLCA 
indices. Similar to the previous case study, the thresholds are defined as 
50% of each index’s maximum achievable improvement. Therefore, the 
thresholds are equal to 0.8987, 0.9578, and 1.2983 for LCA, LCC, and 
SLCA indices. 

Fig. 14 represents the scenarios located in the thresholds box, where 
the scenarios satisfy all indices’ thresholds. Following the third step of 
the wtw method and using equal weighting among LCA, LCC, and SLCA 
indices, the final LCSA index’s values are computed to be compared and 
find the final optimum scenario. 

The optimum design variables are equal to 6000, 1000 L, and 0 kWh 
for TEShc, TESdhw, and the battery accordingly. In this scenario, the LCSA 

index is 1.0994, leading to 9.94% improvement compared to the base-
line. It also results in 11.1, 7.1, and 44.1% improvement in LCA, LCC, 
and SLCA index. Moreover, the LCSA-based optimum results reduced the 
consumption of grid-supplied electricity by 24.27% compared to the 
baseline scenario in which no EESs is installed. 

Two reasons explain why the electrical battery application is not 
found among optimum solutions from LCC, and LCSA viewpoints in case 
study 2. First, in this study, it is assumed that the ESSs are designed only 
to provide thermal energy demand and not to support the electrical 
appliances’ energy consumption. Therefore, the immediate use of the 
excess PV-generated electricity to be stored as thermal energy in TESs is 
a more efficient solution than the battery charge/discharge cycle. Sec-
ondly, the electrical battery system is considered as the secondary en-
ergy storage strategy. Therefore, since the priority in energy storage 
scheme-works is given to thermal energy storage (TESs), The low en-
ergy storage potential after charging TESs is insufficient to justify the 
high battery systems’ costs. 

Given the results in case studies 1 and 2, it is possible to compare the 

Fig. 12. The relative error of the results of g(x,y) predicted by polynomial 
functions and machine learning. SD of results by polynomial functions = 0. 
623SD of results by GPR-machine learning = 0.029. 

Table 6 
The summary of optimum results in case study 1 predicted by GPR-ML model.   

ESSs Size Index value The improvement compared to the baseline (%) 

TESHC (Liters) TESDHW (Liters) LCA_index LCC_index SLCA_index LCSA_index LCA LCC SLCA LCSA 

Baseline (pre-retrofit) 0 0 1 1 1 1 – – – - 
LCA_optimum 4400 1000 0.884 0.918 1.4 1.0969 11.6 8.2 40 9.69 
LCC_optimum 3500 1000 0.886 0.915 1.368 1.0924 11.4 8.5 36.8 9.24 
SLCA_optimum 10000 5000 0.993 1.073 1.506 1.0654 0.7 − 7.3 50.6 6.54 
LCSA_optimum 6000 1000 0.889 0.929 1.441 1.0994 11.1 7.1 44.1 9.94  

Fig. 13. Results of LCSA index for all possible scenarios, colors represent the 
value of LCSA index based on equal weighting (1st step of wtw weighting 
method). Each dot shows a possible scenario of ESSs size combination. The 
threshold box contains those scenarios that satisfy the thresholds of all indices. 
(For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.) 

Fig. 14. LCSA results of the scenarios within the thresholds box. Colors 
represent the value of LCSA index based on 3rd step of wtw weighting method 
(described in the text). The dark red color represents the scenarios with highest 
achievable LCSA index as the final optimum solution. (For interpretation of the 
references to color in this figure legend, the reader is referred to the Web 
version of this article.) 

Fig. 11. The relative error of the results of f(x,y) predicted by polynomial 
functions and machine learning. SD of results by polynomial functions = 0.619 
SD of results by GPR-machine learning = 0.028. 
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accuracy of the ML-based prediction against the polynomial functions 
obtained by a curve-fitting regression-based forecast of the energy per-
formance. Since the electrical storage was not found as the LCSA opti-
mum solution, both case studies’ optimum results are expected to show 
the same optimum solutions and indices. However, different solutions 
and indices’ values were found in these case studies (see Tables 5 and 7). 
Whereas, if the same ML model is used to predict the energy perfor-
mance functions in case studies 1 and 2, similar results would be ach-
ieved for both cases since the accuracy of the predictive models is the 
same (see Tables 6 and 7). 

This difference in results shown in Tables 5 and 7 for LCC and LCSA 
optimum solutions is caused by the different precisions of the predictive 
models used to configure energy performance functions in these case 
studies that were analyzed and discussed in section 3.4.1. In the first 
case study, f(x,y) and g(x,y) were formulated as polynomial functions of 
degree five while a more accurate ML model to predict f(x,y,z) and g(x, 
y,z) were employed in the second case study. The main advantage of the 
first case with lower accuracy is its straightforward application. In this 
case, once the polynomial functions are realized, the designer would be 
able to use them without previous advanced knowledge or the need for 
ML models. In contrast, the ML model will achieve higher accuracy in 
the second case to predict the energy performance functions for the 
indices’ calculation. The difference between these two methods’ accu-
racy depends on the complexity of energy performance functions’ 
behavior against the design variables. Our study recommends using an 
ML-based model to predict energy performance functions if a complex 
correlation exists between design variables and energy performance. 

4. Conclusion 

In this paper, following a review and clarification of the methodo-
logical gaps in the literature, a novel LCSA-ML based model is proposed 
to design new buildings and building retrofitting. All three sustainability 
pillars are described mathematically by providing mathematic equations 
and respecting the existing standards. Then three intermediate indices 
covering LCA, LCC, and SLCA are provided. A final life cycle sustain-
ability (LCSA) index is then defined through a weighted-sum approach 
using a new weighting method to guarantee the balance among inter-
mediate indices. 

The proposed LCSA model is also structured to be integrated into the 
optimization-based design process. Machine learning is integrated into 
the proposed model to facilitate the design/assessment process by 

reducing computational time and power and preserving its accuracy. 
Eventually, to provide an example of the model functionality, the model 
is tested in designing short-term Energy Storages Systems (ESSs) of an 
Italian residential building. The results showed that our proposed model 
application could effectively optimize the ESSs size from an LCSA 
perspective. The model is flexibly designed to be employed in designing 
all building types in different environmental, economic, and social 
contexts. The proposed model demonstrated its capability to facilitate 
the LCSA application in the sophisticated building design and assess-
ment processes by delivering an efficient method and providing precise 
and tangible results. The results could be shared readily with designers 
and stakeholders who might not be LCSA experts. 

The main model’s limitations lie in the SLCA impact assessment and 
input data collection. The selection of SLCA impact categories/in-
dicators and environmental data availability in the building sectors is 
still challenging; however, ongoing and future research projects are 
expected to resolve them. In this model, we proposed to choose SLCA 
indicators according to each case study’s goal and scope. It could also be 
described as the model’s flexibility since each project may target or 
encompass different social aspects. The model is flexibly designed to 
adopt new impact categories and indicators for all sustainability pillars 
if the future standards and studies deliver more robust quantitative in-
dicators in LCSA. It should be stated that the application of the model is 
not limited to the exemplary case studies in this paper, and it could be 
applied in more diverse building design projects. 

The model integration into new design/assessment tools could be 
suggested as a future research objective to expand its application for all 
building designers and engineers. 
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Appendix 1 

This section provides a mathematical (constructive) proof of two statements that support why instead of simple summation of intermediate indices 
(LCA, LCC, and SLCA indices), we proposed summing up the square roots of intermediate indices to formulate the final aggregated index.  

• 1st statement: If all intermediate indices are equal and similarly weighted and simply summed up, in case one index decreases and the other one 
increases equally; the results of the simple weighted sum will remain constant (compensation problem)  

• 2nd statement: If the square roots of intermediate indices are similarly weighted and summed up, then the scenario with more harmony among 
intermediate indices results in a higher final aggregated index (helps avoid the compensation problem). This statement would be mathematically 

Table 7 
The summary of optimum results in case study 2.   

ESSs Size Index value The improvement compared to the 
baseline (%) 

TESHC (Liters) TESDHW (Liters) Battery (kWh) LCA_index LCC_index SLCA_index LCSA_index LCA LCC SLCA LCSA 

Baseline (pre-retrofit) 0 0 0 1 1 1 1 – – – - 
LCA_optimum 1900 600 20 0.798 1.127 1.478 1.0925 21.2 − 12.7 47.8 9.25 
LCC_optimum 3500 1000 0 0.887 0.915 1.368 1.0924 11.3 8.5 36.8 9.24 
SLCA_optimum 10000 5000 20 0.949 1.338 1.596 1.0514 5.1 − 33.8 59.6 5.14 
LCSA_optimum 6000 1000 0 0.889 0.929 1.441 1.0994 11.1 7.1 44.1 9.94  
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approved if we can conclude that the final aggregated index will be maximized when the values of all intermediate indices are equal (perfect 
balance). 

Therefore, assume: 

• 1
LCAindex

= a , 
• 1

LCCindex
= a ,  

• SLCAindex = a  
• Weighting factor = w 

Then, in the 1st case (simple summation: equal indices): 

LCSAindex = w
(

1
LCAindex

)

+ w
(

1
LCCindex

)

+ wSLCAindex = 3wa 

Let us assume that the value x decreases one index and the other is increased equally.  

• 1
LCAindex

= a − x , 

• 1
LCCindex

= a + x ,  
• SLCAindex = a 

in 2nd case (simple summation and unequal indices): simple summation of intermediate indices: 

LCSAindex = w
(

1
LCAindex

)

+ w
(

1
LCCindex

)

+ wSLCAindex = w(a − x) + w(a+ x) + wa = 3wa 

Obviously, +x and -x could be crossed out. Therefore, the result of the LCSAindex is equal to case 1, where all indices were equal. It simply shows 
that the decrement of one indicator is fully compensated by increasing the other index. (Statement 1 is approved by comparing the results of case 1 and case 
2). 

The compensation problem must be resolved. In other words, the different combination of intermediate indices must not result in an equal final 
aggregated index, and the case with better balance among indices should be promoted by receiving a higher final index. For this purpose, we proposed 
our new formulation of the final aggregated LCSA index by summing up the square roots of indices. Therefore, in case 3, we continue to verify the 2nd 
statement that supports our new formula of the final aggregated index. 

In 3rd case (sum up square roots of unequal indices): Now, regarding our new formula in which the summation of square roots of intermediate 
indices are considered in formulating the final aggregated index: 

LCSAindex =w
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
LCAindex

√ )

+w
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
LCCindex

√ )

+w

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
SLCAindex

1

√ )

=w
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(a − x)
√

w
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(a + x)

√
+

̅̅̅
a

√ )

Therefore: 

(LCSAindex)
2
= w2

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1

LCAindex

√

+

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1

LCCindex

√

+

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
SLCAindex

1

√ )2

= w2
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(a − x)
√

+
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(a + x)

√
+

̅̅̅
a

√ )2

= w2

⎡

⎢
⎣[(a − x) + (a + x) + a]
⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟

Constant  phrase  =3a

+ 2
[( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

a(a − x)
√ )

+
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(a − x)(a + x)
√ )

+
( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

a(a + x)
√ )]

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟
f(x)=Promoting phrase

⎤

⎥
⎦

The second phrase is called the promoting phrase and is a function of x. Since the first phrase is constant, to maximize the LCSA index, f(x) as the 
promoting phrase must be maximized. 

The promoting phrase (f(x)) is the difference between case 2 and case 3 and depends on the value of x. If the maximum value of the promoting 
phrase occurs at x = 0, we can conclude that this phrase will promote those scenarios in which LCA, LCC, and SLCA indices are balanced. 

Therefore, let us find the extremum value of f(x): 

d f (x)
dx

=
d
[
(
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
a(a − x)

√
) +

( ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(a − x)(a + x)

√ )
+ (

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
a(a + x)

√
)
]

dx
= 0 

→ xextermum = 0, then. f (xextermum) = 3a 
(The 2nd statement is approved since the maximum value of the promoting phrase is found at x = 0). 
The boundaries of f(x) are: 

if x≤ − a, then f (x) = not defined  

if x= − a, then f (x) = a
̅̅̅
2

√

xextermum = 0, then f (xextermum) = 3a 
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if x= a, then f (x) = a
̅̅̅
2

√

if x≥ a, then f (x) = not defined 

As illustrated in Fig A1, the promoting phrase’s value decreases by increasing the value of x. The boundary values of f(x) show that f(x) as the 
promoting phrase will be maximized when x = 0 indicates that the LCSA index will be maximized when a harmony among indices exists. It approves 
our statement that despite the simple summation of intermediate indices, summing up the square roots of intermediate indices will increase when a 
harmony among indices exists (x = 0); therefore, the scenario with a better balance among all indices will be promoted.

Fig. A.1. The graph of f(x).  
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optimization coupled with life cycle assessment for retrofitting buildings, Energy 
Build. 82 (Oct. 2014) 92–99, https://doi.org/10.1016/j.enbuild.2014.07.001. 

[36] J. Carreras, D. Boer, G. Guillén-Gosálbez, L.F. Cabeza, M. Medrano, L. Jiménez, 
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