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Abstract: The integration of renewable energy and flexible energy sources in buildings brings
numerous benefits. However, the integration of new technologies has increased the complexity and
despite the progress of optimization algorithms and technologies, new research challenges emerge.
With the increasing availability of data and advanced modeling tools, stakeholders in the building
sector are actively seeking a more comprehensive understanding of the implementation and potential
benefits of energy optimization and an extensive up-to-date survey of optimization in the context of
buildings and communities is missing in the literature. This study comprehensively reviews over
180 relevant publications on the management and optimization of energy flexibility resources in
buildings. The primary objective was to examine and analyze prior research, with emphasis on
the used methods, objectives, and scope. The method of content analysis was used to ensure a
thorough examination of the existing literature on the subject. It was concluded that multi-objective
optimization is crucial to enhance the utilization of flexible resources within individual buildings
and communities. Moreover, the study successfully pinpointed key challenges and opportunities for
future research, such as the need for accurate data, the complexity of the optimization process, and
the potential trade-offs between different objectives.

Keywords: energy optimization; buildings; energy communities; building energy management
systems; intelligent energy optimization

1. Introduction

It is expected that the building sector will contribute to 30% of global CO, emissions
and consume 40% of the total energy by 2030 [1], leading to a significant global impact. The
“Clean Energy for All Europeans” package [2] sets energy policies for 2030, with buildings
playing a crucial role in Europe’s transition to clean energy. Cutting energy demand and
boosting efficiency in buildings [3] and industries [4] through energy-saving programs is an
effective way to mitigate the impact of fossil-based resources. The “energy efficiency first”
principle [5] calls for taking the utmost account of cost-efficient energy efficiency measures
in shaping energy policy and making relevant investment decisions. The Renewable Energy
Directive [6] and Energy Performance of Buildings Directive (EPBD) [7] promote, among
other aspects, on-site renewable energy generation and self-consumption in EU countries.

The motivation behind the advancement of green technologies is the desire to diminish
the environmental consequences and alleviate the increasing costs associated with electricity.
In this context, photovoltaic (PV) systems are the most popular solutions among the
most favored technologies due to their ability to generate small-scale electricity and easy
integration into buildings [8]. End-users equipped with PV systems connected to the
grid can generate electricity for self-consumption and sell the generation surplus to other
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buildings or the grid [9]. Energy distribution losses are reduced by generating electricity at
the point of use [10] and the advances in technology have decreased the cost of PV panels,
making them more attractive for building use [11]. However, integrating solar energy into
buildings is challenging due to its variability [12]. Solar energy is only available during the
daytime and is affected by climate, location, season, and time [13]. Therefore, the increasing
integration of variable and intermittent renewables can cause a mismatch between supply
and demand, disrupting power system stability, efficiency, quality, and reliability [14-16].

1.1. The Evolution of Energy in Buildings

To better understand the efforts to reduce energy consumption in buildings, a brief
overview of the evolution of energy in buildings is presented in Figure 1. The building
sector has undergone a significant transformation, starting with a passive approach to
reducing energy consumption using passive solutions [17]. Then, nearly zero-energy
buildings (nZEBs) were developed to balance energy demand and renewable generation
through on-site RES production [18]. Later, the concept of energy-flexible buildings was
introduced by the IEA EBC Annex 67 [19], enabling buildings to manage energy generation
and demand based on factors such as weather conditions, user needs, and grid requirements.
The latest phase of this evolution is smart buildings, which participate in the energy
infrastructure, acting as both energy sellers and buyers [20].

| Objective ‘ ‘ Technology | | Performance | ‘ Domain |
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Figure 1. The evolution of buildings over time.

Integrating buildings into communities through the exchange of renewable generation
surplus is a suitable solution to tackle the technical and economic challenges of energy
management. The concept of a renewable energy community is defined in both the “Direc-
tive on the Promotion of the Use of Energy from Renewable Sources” [6] and the “Directive
on Common Rules for the Internal Electricity Market” [21]. It must be emphasized that
a building’s energy demand is variable, and the worst case is when several customers’
peak consumption occurs simultaneously, especially if this occurs during a period of low
renewable energy generation availability. This issue is a serious challenge to the balance of
renewable supply and demand. Energy systems require flexibility to align with the varying
energy demand over time, a necessity particularly emphasized in electric energy systems,
where demand and supply must be matched at every moment [22]. Therefore, energy
storage systems (ESS) and demand response (DR) play crucial roles in providing the needed
flexibility to ensure the matching between renewable generation and demand [23,24]. The
integration of PV and ESS systems into a community of buildings helps to ensure that
end-users can use energy locally produced according to their needs while minimizing the
negative impacts on the reliability of the grid [25]. The cost of static batteries has been
high in the past decades, which is one of the reasons for batteries not being already widely
used in the building sector. Fortunately, the cost of batteries has been decreasing due to
technological advancements and is expected to trend downwards [26].

Moreover, electric vehicles (EVs) complement static batteries with their flexibility.
With vehicle-to-building (V2B) systems, EV batteries” excess capacity can supply energy to
buildings [27]. EV batteries traditionally charge off-peak, or when energy is being produced
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locally, and provide energy during peak periods or later in the day when no local generation
is available [28-30]. As relevant demand-side consumers, building communities can apply
DR to optimize local generation integration and utilize energy storage systems [31]. In
this context, shiftable loads also play a critical role in DR programs by allowing them to
reduce peak demand [32]. Shiftable loads refer to electrical devices or appliances that can
be scheduled to operate during periods of lower energy demand or when energy is more
abundant and less expensive. Several loads in buildings are flexible, and their usage periods
or cycles can be changed without affecting the comfort required by the occupants [33]. DR
can be implemented via time-based and incentive-based programs [34].

In addition, building energy management systems (BEMS) play a critical role concern-
ing energy management in the building sector and can be used to monitor and control
energy demand [35]. Advanced energy management technologies, like BEMS, improve
reliability and lower energy costs in buildings. BEMS can be used to optimize the matching
between local energy generation and consumption and to reduce costs without sacrificing
residents” comfort in smart buildings [36,37]. In a literature review, Shareef et al. [38]
analyzed the use of artificial intelligence (Al)-based controllers, such as artificial neural
networks (ANN), fuzzy logic control, and adaptive neural fuzzy inference systems, in home
energy management systems (HEMS) based on DR and intelligent controllers, discussing
the strengths and weaknesses of each. Addressing the complexity of data is a common
challenge for BEMS to ensure effective functionality. However, using the Internet of Energy
(IoE) for the transfer of energy data at the required time and place, with applications in
electricity distribution, network monitoring, communication, and ESS, can significantly
reduce these issues [39,40].

Additionally, the Internet of Things (IoT), which connects new sensing and communi-
cation technologies to anything from anywhere at any time, is widely used in intelligent
buildings [41-43] and can have a significant impact on reducing energy consumption when
adequately integrated into BEMS systems [44]. In addition, the smart readiness indicator
(SRI), proposed to rate buildings based on their ability to adapt operations to residents’
requirements, optimize energy efficiency, ensure overall performance, and respond appro-
priately to grid signals [45] plays a vital role in this context [46,47]. According to the Energy
Performance of Buildings Directive (EPBD), buildings with a high SRI actively contribute
to an intelligent energy system [48].

1.2. Energy Optimization in Buildings

Energy optimization plays a critical role in the building sector, being the main goal
to minimize the energy consumption and energy costs of buildings while still providing
comfort for the occupants [49]. Nowadays, energy optimization can have complex objec-
tives, and the use of decision-making models and tools plays a crucial role. Operational
research (OR) models and methods, such as multicriteria analysis (MCA), used to analyze
possible alternatives and preferences and evaluate them under different criteria, and multi-
objective optimization (MOQO), which deals with optimizing solutions that satisfy multiple
objectives, are effective in the energy sector for decision-making [50,51]. A system that
considers technical, environmental, and economic factors is necessary for energy manage-
ment, and the decisions should encompass sometimes conflicting objectives [52,53]. The
importance of considering energy management is highlighted by A. Kumar et al. [54], and
decision-making is critical when decisions have to be made based on several contradictory
indicators [55].

In such a context, MCA involves evaluating multiple objectives and criteria to de-
termine preferences among options in decision-making [56]. Despite MCA'’s strengths
in structuring and framing complex issues, it has some weaknesses in achieving optimal
decisions and solutions [57]. For instance, in numerous applications of MCA, the selec-
tion of objectives and criteria often neglects proper consideration of the geographical and
temporal aspects of the analysis [58]. Furthermore, MCA-based methods do not provide
the designer with information on how sensitive each criterion is to changes in the other
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criteria. The literature shows a gap between theory and practice in MCA's application [57].
MOQO is important because it can model real-world problems with multiple conflicting
objectives [59,60]. To address the various challenges in the building energy sector, energy
optimization applying MOO is essential to meet users’ needs while also reducing technical
issues and energy usage in the building energy sector.

Currently, there is a lack of extensive and up-to-date survey investigation regarding
MOOQO in the context of buildings and communities. This gap in extensive and up-to-date
survey investigation can imply some points. First, it suggests that there might not be enough
information available to fully understand the potential of MOO in optimizing communities
of buildings. Without comprehensive surveys, it becomes difficult to identify the current
state of implementation, challenges faced, and potential benefits of applying MOO in
communities of buildings. Secondly, the lack of up-to-date investigations could indicate
that advancements in technology, computational methods, or sustainability practices might
not have been adequately incorporated into the studies. This hinders the development of
innovative approaches and hampers progress in optimizing building communities. This
study aims to partially fill this gap by conducting a more comprehensive review of MOO
issues and their analysis within the building sector. The primary focus of this research is to
examine the diverse objectives and constraints associated with optimization and explore
the utilization of various methods and techniques employed in buildings. The ultimate
objective is to present a broader understanding of the current state of MOO in the building
sector and provide valuable insights that can guide future research endeavors.

The remainder of this paper is structured as follows. Section 2 provides an overview
of the methodology used in the literature review. The methodology section outlines the
specific keywords of the literature review, the databases used to gather information and the
limitations that were encountered during the process. Section 3 presents a comprehensive
examination of MOO problem analysis in the building sector. The section provides a review
of MOO studies in the building sector since 2011, with a specific emphasis on the use of
flexible energy sources and different optimization approaches, especially in the context of
communities of buildings. Section 4 discusses the outcomes of the present work providing
an overview and analysis of the key findings and insights on this topic. Moreover, the
actual limitations of the literature are discussed, and a framework to guide forthcoming
investigations is suggested. Finally, the conclusions of this study are presented in Section 5.

2. Materials and Methods

The method of content analysis [61] was employed in conducting this literature review.
In this case, the method was used to examine a set of existing related articles and studies
which are published in databases, such as Google Scholar, Scopus, and Mendeley. The

Zai

search used keywords such as “multi-objective optimization”, “energy optimization in
buildings”, “energy optimization in a community of buildings”, “energy optimization
in building societies”, “building energy management systems”, and “intelligent energy
optimization methods in buildings”. The article titles, abstracts, and contents were then
skimmed to find the relevant articles. The selected articles were analyzed to find research

gaps, solutions, and suggestions to address the mentioned gaps.

2.1. Research Objectives

To the best of our knowledge, a comprehensive review of recent research on optimiza-
tion for buildings and communities, with a focus on MOQO, is lacking. This study aims
to partially fulfill this gap by providing a more in-depth review of MOO problems and
their analysis in the building sector. This paper is focused on examining various objectives
and constraints involved in MOO and exploring the application of several methods and
techniques used in the energy optimization of the building(s). The main goal is to present
a broader perspective on the state of the art of MOO in the building sector and provide
insights to guide potential future research.
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2.2. Limitations of Literature Review

To maintain a focus on more recent studies, the selection of articles for this study
was limited to those published between 2011 and June 2023. This time frame was chosen
because it represents the most recent works in the field and allows for an up-to-date
and comprehensive review of the current state of the arts and best practices. The used
keywords are another limitation, and in the future other keywords associated with new
topics can be added. This article presents a narrative review of relevant articles, which
means that a systematic perspective was not adopted. Moreover, the authors focused
on exploring articles concerning multi-objective optimization and paid limited attention
to single-objective optimization studies. Lastly, studies about another methodology in
operations research, namely MCA, were excluded from consideration.

3. Results

Nowadays, it is essential to prioritize actions aimed at reducing energy costs and con-
sumption, increasing efficiency, promoting sustainability, and preserving the environment.
As aresult, effective management and optimization of the energy sector play a crucial role
in society. With the advancement of technology in the energy sector, the optimization scale
has become more extensive and even more complex. In MOO, the need to satisfy multiple
goals, sometimes conflicting, makes these problems more challenging to solve.

As previously mentioned, buildings are big energy consumers and one of the main
reasons for greenhouse gas (GHG) emissions. For years, efforts have been made to reduce
energy consumption in buildings to minimize the impacts of excessive energy consumption
on the environment. In addition, energy cost reduction in buildings is an important
issue that must be addressed. Therefore, various stakeholders, including researchers,
policymakers, and industry professionals, are trying to reduce energy consumption by
modeling, controlling, managing, and optimizing energy for non-RES and RES in buildings
without compromising the comfort perceived by the users. In general, the articles in the
field of energy optimization can be divided according to the method used, objectives,
and/or scope (Figure 2).

Objectives Scopes

Envi tal ‘ E ical Single Communities |
nvironmenta conomica building ' | of Buildings

Heuristic il i
& Technical

Meta-Heuristic

Figure 2. A brief overview of articles in the field of optimization.

3.1. Method-Based Analysis

Optimization involves finding solutions for problems where the goal is to minimize
or/and maximize one or more objectives [62]. The problem must be defined and modeled
with mathematical logic and expressions, then solved using the appropriate technique to
obtain the optimal solution(s) [63,64]. However, finding the optimal solution may not be
easily possible in some cases, requiring a high computational time which might not be
acceptable in some contexts [65]. Approximate methods like ANN and heuristics can be
employed in these situations, instead of using conventional methods, chosen according to
the characteristics of the problems, such as linear programming (LP), Lagrangian relaxation,
Nelder-Mead simplex, quadratic programming (QP), and gradient-based methods, among
others [65].

Concerning MOQO, the Pareto method generates dominated and non-dominated so-
lutions via a continually updated algorithm, resulting in a compromise solution shown
on a Pareto optimality chart [66]. The Pareto frontier represents a set of optimal points
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that can be used as solutions [67]. As all points are valid, the optimal solution is chosen
based on the decision-maker’s preferences [68]. Energy consumption optimization through
the Pareto front was discussed in [69-71]. Another approach to deal with multiple and
sometimes conflicting objectives is the scalarization method, which aggregates the mul-
tiple objectives into a single function using equal weights, rank order centroid weights,
or rank sum weights being the solution of a scalar function [72]. In [73] a multi-objective
mixed-binary linear programming is presented to minimize the electricity consumption
cost, the electricity consumption from the power grid, and the peak load, considering the
scheduling of the charging/discharging process for electric vehicles and battery energy
storage system. As a result, the peak load and the total consumption cost of the residential
building were reduced by 45.52% and 35.56%, respectively.

3.1.1. Exact Optimization

Exact algorithms can provide the best solution (or group of solutions) for optimization
problems [74]. They can prove that the identified solution is the absolute best if the problem
size is finite. These algorithms can provide a solution within a finite amount of time that
may vary depending on the specific problem and can also show if there is no feasible
solution for the given optimization problem [74].

Georgiou et al. [75] presented a review of convex optimization (CO) methods in
real time to reduce the energy demand in buildings. LP, mixed-integer linear optimiza-
tion or programming (MILP), QP, non-linear optimization or programming (NLP), and
mixed-integer non-linear optimization or programming (MINLP) are the most popular CO
methods to solve real-time energy management obstacles [75]. Concerning MINLP and
MILP, one of the main differences is the use of nonlinear functions and constraints. Also, the
processing time in the MINLP method is higher than MILP, and more processing power is
required. A QP optimization technique is suitable for specific applications where quadratic
functions are used. Among the mentioned techniques, MILP is the most popular because
of its simplicity, convexity, and ability to control different variables (electrical appliances,
ventilation and air conditioning (HVAC), thermal energy, and RES with ESS). It should be
noted that in most cases, the accuracy of convex methods is higher than other optimization
methods.

Georgiou et al. [76] aimed to minimize the power flow between one building and
the grid using LP optimization, considering the use of a PV system and ESS along with a
weighted sum approach. The results showed that the import and export of energy and the
stored energy could be adjusted. Using the same optimization method and considering
the PV system and ESS in a building, the optimal use of the produced PV energy was the
objective [77]. In addition, maximizing the benefit by maximizing the self-consumption
of generation, and using the energy stored in the ESS to feed the rest of the demand were
important results of the study.

Applying MILP, Henggeler et al. [78] developed an automated energy decision model
for buildings by considering the operation of shiftable, thermostatic, and interruptible loads
under dynamic tariffs. The results show that consumers achieved high savings on energy
costs. Similarly, Wang et al. [79] introduced an MILP for optimizing the dispatch of the ESS.
The stochastic MILP model reduced the operational cost but needed more computational
time compared to a deterministic DSM.

Using QP, Ref. [80] intended to optimally manage the microgrid’s (MG) energy, which
was equipped with ESSs, while ensuring the power reserve rate, peak power shaving, and
improving optimization speed. Based on a similar method, a model was developed to
minimize the operational costs of a system with PV and ESS and the impact of the voltage
increment due to high PV exports on the distributed network, being applied in residential
buildings [81]. The most important outcome was operational savings for most customers
based on incentives for electricity generation and the minimization of the peak demand.

A collaborative DR approach for nZEB that utilizes NLP and building clustering was
introduced [82]. The approach considers renewable energy generation, energy demand,
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and energy storage and aims to improve dynamic pricing. The developed method was com-
pared with a game-theory-based non-collaborative DR control. The results illustrated that
electricity bills and peak energy exchanges were reduced by 45.2% and 18%, respectively,
with remarkable computational demand reduction.

Based on MINLP, an optimized battery dispatch (charged only from the grid) was
presented to manage the energy demand of several heat pump water heaters, considering
local PV in a hotel [83], increasing the matching between local generation and demand.
Similarly, MINLP, under several operating scenarios with real data, was used to develop a
HEMS for improving the energy efficiency of conventional smart MG [84]. In addition to
reducing costs, the model ensured the required comfort levels.

3.1.2. Heuristic and Meta-Heuristic Methods

Heuristic methods do not necessarily provide optimal solutions but can quickly pro-
vide satisfactory solutions to complex problems. Generalized heuristic algorithms are called
meta-heuristics, employed for a wide range of problems, and require few rectifications to be
adjusted to a particular case [85]. In general, some widely used meta-heuristic algorithms
are Scatter Search [86], Genetic Algorithm (GA) [87], Evolutionary Algorithms (EA) [88],
Memetic Algorithms [89,90], Path Relinking [91], Differential Evolution (DE) [92], Particle
Swarm Optimization (PSO) [93], Ant Colony Optimization [94,95], Artificial Bee Colony
Optimization [96] and Estimation of Distribution Algorithm.

GA is one of the most well-known used algorithms for optimization in the building
sector. GA, proposed by Holland in 1992 [97], is classified in the meta-heuristic algorithms
class based on the biological evolution process of the Darwinian theory [98]. Among the
various building optimization methods, GA accounts for approximately 35% of the men-
tioned approaches [99]. In a comparative study, the MILP model and GA were compared to
be embedded in a HEMS, considering dynamic tariffs to minimize the electricity cost [100].
Based on the obtained results, GA had a better performance for implementation in HEMS.

The thermodynamic behavior in buildings was also optimized by applying GA [101].
This optimization aimed at controlling the heating/cooling systems operation to minimize
costs, considering renewable resources and hourly costs in the small MG. In another study,
an algorithm was developed to maximize energy self-sufficiency [102]. Furthermore, the
immediate environment factors, energy generation, and demand were predicted based on
weather information and consumers’ behaviors measured daily.

An integrated GA approach was presented in [103] to optimize all energy sources
using real-time data and based on the optimization of three objectives (the consumption of
external energy resources, the environmental impact, and the costs). Jean-Luc et al. [104]
proposed a method based on GA to manage the interaction between local renewable energy
production, power grid, and local ESS by considering users” habits and weather forecast
data. The objective function includes costs, energy independence, and environmental
criteria, simultaneously.

In [105], a building was optimized with Non-Dominated Sorting Genetic Algorithm II
(NSGA-II) to detect optimal solutions to renewable energy integration based on PV and
battery storage. The overall goal was the minimization of life cycle costs (LCC) and carbon
emissions by using MOO. Lu et al. developed a model [106] to optimally design renewable
energy systems in buildings by integrating simplified air conditioning models to reduce
GHG emissions, total costs, and the impact on the grid. In addition, a single-objective
optimization approach based on GA and a MOO method based on NSGA-II was developed.
The results show that the performance of the model has been evaluated as acceptable in
order to reduce all three mentioned objectives.

Izadi et al. [107], investigated a hybrid renewable energy system (HRES) for zero-
energy buildings (ZEB), in four different regions by applying neural network GA optimiza-
tion, achieving a higher share of RES when combining renewable resources with hydrogen
storage. Huang et al. [108] developed a model to analyze the effects of demand flexibility
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on solar-based distributed energy systems by applying NSGA-II to optimize the capacities
of the mentioned energy system. Reducing annual costs was the achievement of research.

By considering life-cycle environmental effects, a multi-objective model was intro-
duced to optimize HRES on a small scale [109], to reduce the environmental impact and
minimize the costs. X. Wu et al. [110] developed a grid-connected integrated energy system
by considering solar energy, geothermal energy, and heat storage. The MOO problem
was applied for the coupling mode of heat energy, cold energy, and electric energy. The
accomplishment of the research was the reduction of operational costs. Sala et al. [111]
presented a multi-variable and multi-objective energy optimization model by considering
the effects of local conditions based on EnergyPlus and NSGA-II. The objectives were the
reduction of annual energy demand, the minimization of annual energy operating costs,
and GHG emissions.

Applying Taguchi’s method and GA, a model was proposed to optimize thermal and
electrical efficiencies in a PV thermal water-based collector (PVT) [112,113]. In another
study, a model was introduced to optimize the energy demand of buildings by employing
GA and EnergyPlus to assess energy consumption, while using an ANN with a multi-layer
perceptron model [114].

In addition to the optimization methods already mentioned, researchers have also
been interested in exploring other algorithms and methods. Some of these will be discussed
below.

Based on a multi-objective DE optimization methodology, electrical energy manage-
ment was introduced in a residential building to implement an appliance scheduling routine
to decrease electrical energy costs [115]. Applying a similar algorithm, a single-objective
optimization aimed at keeping a net zero balance of energy for one year in a grid-connected
PV system in a Net-ZEB was presented in [116].

Fayaz et al. [117], proposed a method aimed at supplying electricity to the home,
based on PV generation and the priority of the loads, and ensuring the comfort level of
the residents. The energy consumption was minimized, and the customers’ welfare was
managed based on a bat algorithm (an exploratory algorithm operated by simulation of a
bat’s echolocation behavior to optimize problems) and fuzzy logic in residential buildings.
Similarly, using fuzzy logic [118], an energy management technique was presented to
supply a home equipped with a PV system and connected to the grid. Applying the
evolutionary neural fuzzy approach [119], an intelligent energy management system was
also developed based on a hybrid soft-computing-based frame to minimize the energy
demand.

Moreover, a real-time dynamic model was presented to integrate RES and an ESS to
supply the electrical and thermal energy needed for the building [120]. The model predic-
tive control (MPC) was used in a green building to satisfy environmental and economic
objectives. MPC updated the system state and predicted the demand variations and power
flows considering the impact of renewable sources. MPC was also used by [121] to reduce
the consumption of cooling and heating loads in a building. A cost function was needed to
set the benchmark output near the goal. With two various weight sets, the MPC efficiency
was analyzed by tuning the controller and changing the cost function, achieving a 2%
energy bill reduction.

Alzahrani et al. [122] formulated an online energy management system within the
Lyapunov optimization technique (LOT) framework using convex optimization. The
model possesses the advantages of both non-mandatory a priori knowledge of system
inputs and low computational complexity. The developed model reduces energy costs
and thermal discomfort. In [123], a hybrid algorithm based on Multi-Objective Particle
Swarm Optimization (MOPSO) and NSGA-II to satisfy MOO was developed. Moreover,
the technique for order preference by similarity to an ideal solution (TOPSIS) was utilized to
identify a solution that strikes a balance between conflicting objectives in the optimization
problem. Applying Harmony Search (HS) optimization, Ref. [124] focused on optimally
designing standalone PVBES and PV /BES/diesel generator systems. The objective of
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it was twofold: to minimize the total annual cost while simultaneously maximizing the
reliability of the system. As well, Khan et al. [125] also proposed a solution to the scheduling
problem in a smart building using a hybrid algorithm called Bacterial Foraging Ant Colony
Optimization (HB-ACO) which incorporated two pricing schemes, namely time of use and
critical peak pricing. It is worth mentioning that HB-ACO combines the properties of both
the Ant Colony Optimization (ACO) algorithm and the bacterial foraging optimization
(BFO) algorithm.

3.2. Objective-Based Analysis

In recent years, the building sector has shown increasing interest in MOO due to its
ability to help in the decision-making processes compared with approaches that achieve a
single solution, while still offering the flexibility to select from a set of solutions [126]. In
this sub-section, the studies carried out focusing on technical, environmental, and economic
goals are reviewed.

3.2.1. Technical Objectives

Achieving technical objectives is a crucial MOO goal in the building sector. Due to the
proven benefits of renewable energy, its use in buildings has recently received much more
attention. Given that the generation of RES is affected by weather conditions, there can be
an imbalance between renewable generation and demand. Therefore, the full integration
of renewables into the system brings technical challenges [127]. One of the most crucial
technical objectives is to maximize the balance between renewable energy generation and
energy demand in buildings.

Applying static batteries and EVs improves balance and increases flexibility [128].
Therefore, optimal battery charging and discharging plans should be determined according
to the conditions, which could be a technical aspect leading to electricity cost optimization.
In addition, demand-side management (DSM) is another crucial technical aspect that has the
potential to drive optimization [129]. In this case, the optimization includes rescheduling
and reducing some of the loads to achieve the desired objective. In addition, energy
use [130] and increasing residents’ comfort, such as thermal comfort [131,132], are technical
potential objectives.

Due to the importance of maximizing the balance between renewable energy production
and demand, researchers have paid particular attention to this issue. Luthander et al. [133]
reviewed articles about improving PV self-consumption focused on ES and DSM. Figure 3
illustrates the solar energy self-generation and load consumption in the building, which
shows the high potential of ES, DSM, and cooperation in a community of buildings. If
the generation is higher than the demand in the building, the surplus could be sold to the
grid or in a community of buildings. Additionally, with the use of ES and DSM, adequate
management strategies can be defined so that self-consumption is increased.

Vieira et al. [134] aimed to increase the matching between electrical generation and
consumption profiles and reduce bill costs by using lithium-ion batteries in residential
buildings with PV systems. It was found that, in most households, PV electricity generation
during sunnier months can exceed household consumption, and there is a low matching
between the peak demand and PV production.

Additionally, several studies, such as [135,136] examined various approaches to opti-
mize energy management in buildings through PV systems, building energy storage sys-
tems (BESS), vehicle-to-home (V2H) cooperation, and load matching algorithms. In [135],
stochastic programming optimized the cooperation between V2H and renewables aim-
ing at minimizing costs through optimal regulation of all resources and an optimized EV
charging—discharging pattern. Based on MILP and CPLEX solvers, the problem of matching
local load with on-site PV generation, using a storage system and DR solutions to maximize
PV utilization, was solved [136].

Kikusato et al. [137] presented a line drop compensator (LDC) method for managing
EV charging and discharging based on a simulation model of the Japanese distribution
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system, intending to maximize the use of energy produced by the PV system. An EV
charge-discharge management framework was introduced, to effectively utilize PV output
by coordinating information exchange between the home energy management system
(HEMS) and grid energy management system (GEMS). Finally, various energy-saving
methods that use home-distributed photovoltaics (HDPV) and/or vehicle-to-grid (V2G)
were studied in smart homes [138]. The study considered atmospheric conditions and
the distance traveled by EVs, along with PV sub-systems. By utilizing corresponding
power dispatching algorithms and cost-benefit models, the results demonstrated that
transferring PV and valley electricity through V2H enhances the utilization rate of both
valley electricity and PV, leading to significant economic advantages. Figure 4 shows a
schematic representation of HDPV-V2H.
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Figure 4. A schematic of HDPV-V2H.

Table 1 showcases various methods for matching renewable generation and demand
in buildings, along with the results obtained from simulation studies, and future works
proposed by the authors. It presents a comprehensive overview of diverse approaches
employed for effectively matching renewable generation with the demand in buildings as
one of the most important technical objectives to ensure optimal utilization and efficient
utilization of available energy sources. These methodologies were evaluated through
rigorous simulation studies, enabling the authors to gain valuable insights into their
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respective outcomes. The authors also provide future research directions and extensions to
enhance the current methods.

Table 1. Renewable generation and demand matching in buildings at a glance.

Method(s)

Aim Results Ref.

o Dynamic models of the
real systems

e Maximum power point tracking

(MPPT) models

o The energy injected and consumed
from the grid is reduced by 76% and
78%, respectively

o Energy bill reduction of 87.2%

e Matching between consumption
and demand increase
e Reduction of costs

[134]

Stochastic
programming

o Significant cost reduction when
operating all capacity resources
o Daily operational o Cost increment when, wind energy,
cost minimization diesel generator, DR program, and
V2H are not employed by 900%,
322%, 230%, and 84%

[135]

MILP

e Performance improvement
o The load-matching index (LMI)
improvements for the spring and
summer were 18.05 and 33.51% by
using storage

e Maximizing self-consumption e The LMI improvements for the [136]
spring and summer were 34 and
38.58% by using DR
e The LMI improvements for the
spring and summer were 46.05% and
53.7% by using storage and DR

LDC method

o Operating cost reduction

e PV restrictions reduction

o The minimum utilized state of
charge (SoC) range is 50.4%

o The maximum utilized SoC range
is 62.5%

e Minimizing operation cost [137]

e HDPV
e V2H model
o Cost-benefit

o Improvement of self-consumption
with and without V2H on sunny,
cloudy, and rainy days are 38%, 59%,

e Minimizing the net and 53%

electricity costs o Reduction of net electricity cost
only with V2H on short, mid and
long-distance journeys by 29.8%,
26.3%, and 22.9%

[138]

3.2.2. Environmental Objectives

This section presents an evaluation of the importance of environmental concerns by
analyzing various studies that employ different methods and algorithms. The analysis
includes a review of several articles that have been published in recent years, mainly
focused on the topics of life cycle assessment (LCA) and green building rating systems
(GBRS).

As previously mentioned, due to the energy consumption in buildings worldwide,
environmental objectives in the building sector hold critical significance [139]. Thus,
improving energy efficiency in buildings is essential to achieve climate objectives [140].
A combination of various solutions might be utilized to meet environmental objectives,
including efficient solutions for windows, insulation thickness, material types, thermal
insulation, and RES [141,142]. The LCA method is a crucial tool for evaluating the potential
environmental effect in the building sector [143]. LCA is a methodology to estimate and
assess the environmental impacts related to a product’s life cycle [144], which includes
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construction, operation and maintenance, and demolition, as reported by the International
Organization for Standardization [145].

Considering weighted scalarization approaches to combine LCA and life-cycle environ-
mental impact, a GA model was applied to optimize life-cycle environmental impacts [146].
Results demonstrated that GA has a good performance in locating the optimal region in
the building. The drawback of weighted sum techniques is that only one solution is found
from an optimization (for each weight set).

Based on EA and risk analysis, a MOO was developed to optimize a combined cooling,
heating, and power system for full-load operation in urban areas [147]. The goal was
transformed into a cost function to evaluate the environmental objective.

Due to climate change and environmental concerns, the building and construction
sector’s significance in addressing these issues has led to the emergence of the concept
of net zero carbon building (NZCB), which intends to achieve zero emissions within the
building sector [148]. Another systematic review gathered related research to assess how
LCA is included at different phases of the building design and what improvements are
essential to achieve NZCB [149]. Feng et al. [150] a review of the Whole Building Life Cycle
Assessment, exploring its uncertainties and potential solutions. Additionally, the study
proposed a conceptual framework outlining its typology, catering to LCA practitioners.

GBRS is another approach generally applied to analyze environmental impact as-
sessment tools in the building sector. Generally, GBRS is based on a list of numerous
quality standards. LCA has been incorporated as part of the evaluation system into some
GBRS [151].

3.2.3. Economic Objectives

Satisfying economic objectives is another significant MOO goal in the building sector.
From the end-users’ perspective, the most crucial target is cost minimization, which consid-
ers investment and operating costs. In such a context, the life cycle cost (LCC) includes all
the costs and revenues during the life of the buildings [152]. Hasan et al. [153] introduced a
model to minimize LCC in a detached house, applying integrated optimization and simu-
lation. Based on NSGA-II, an approach was implemented to optimize LCC and life cycle
carbon footprint in a single building [154]. In another study, by applying a multi-objective
GA, a model was introduced to optimize the costs and energy performance levels during
the life cycle [155].

Furthermore, by considering net present value, studies [156,157] developed models
for the LCC analysis. These papers presented MOO models for LCC analysis based on DE
and NSGA-II, respectively. In addition, based on using NSGA-II and the mixture of grey
correlation multi-level comprehensive evaluation, an optimization method was developed
in which one of the most important objectives is the economic impacts [158].

Table 2 summarizes the analysis performed in this section based on LCC considera-
tions, which includes details regarding the regions examined, the software employed for
analysis purposes, and the specific algorithms utilized during the study. This approach
ensures a well-informed assessment of the subject matter, fostering scientific rigor and
enhancing the reliability of the results. The role of the regions in LCC is significant because
it takes into consideration cost variations, regulations and standards, maintenance and
repair factors, energy costs, and market demand in different regions.
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Table 2. Life cycle cost analysis.

Region Software/Algorithm Results Ref.
¢ IDA ICE 3.0 A considerable reduction in the optimized house [153]
e GPSPSOCCH]J algorithm heating energy (23-49%)
e Excel-based model
) ¢ IDA ICE The share of ECF is 28% of the life cycle carbon [154]
Finland e MOBO footprint, in the optimal cost
o NSGA-II
o MATLAB e High explor;‘ation speec} o
e GA ® The economic and environmental objectives do [155]
not necessarily contradict
. The effectiveness of cost and energy efficiency in
South Africa DE the developed the MOO model [156]
¢ jEPlus + EA A remarkable amount of energy savings
Canada e NSGA-II (33% annually). [157]
. e eQuest .. ..
China o NSGA-II Achieving economic issues [158]

3.3. Scope-Based Analysis

Studies on the building sector can focus on a single building or a community of
buildings. Most studies have traditionally examined individual buildings neglecting the
cooperation between buildings. The cooperation between buildings can enhance the per-
formance at the community level by allowing a controller to share renewable generation
surpluses and manage the combined use of flexibility resources. The International En-
ergy Agency (IEA) launched the Energy in Buildings and Communities Program (EBC),
Annex 67 [19], to explore “Energy Flexible Buildings”, which refers to residential and
non-residential buildings and clusters that can manage demand and self-generation based
on weather, user needs, and grid provisions.

Most studies conducted for communities demonstrate the potential for enhancing
diverse forms of flexibility to ensure multiple optimization objectives and their transforma-
tive impact on society. A community of renewable generation buildings can be managed
based on the predicted demand [159]. Bucking et al. [159] introduced a method to optimize
energy-saving trade-offs among buildings and regional energy systems to schedule energy.
Heine et al. [160] analyzed the potential of cool thermal ES in a single building and a
community of buildings. Applying MILP optimization, it was found that the total annual
cooling energy costs can be reduced by 17.8%, after accounting for the cost of storage.
Further, by applying GA, a hierarchical model for distributed static batteries in shared
solar power building communities was developed [161], which can reduce the capacity
of batteries and minimize energy losses in the sharing process. In the developed method,
surplus generation and storage can be shared in the community of buildings.

Sun et al. [162] evaluated the performance of a Net-ZEB community utilizing conven-
tional control strategies focusing on costs, grid interaction, and the matching between re-
newable generation and demand. Lopes, et al. [163] evaluated load-matching improvement
using GA in a community of Net-ZEBs. The evaluation considered the mismatch between
building generation and demand. In addition, multiple controllable energy-consuming
devices, and higher generation of on-site renewables for enhanced load matching at the
community level were considered. The findings indicated that Net-ZEBs can enhance the
coverage of electrical demand through on-site electricity generation by up to 21% over a
year. Additionally, the on-site generation utilized by the building can be increased by up to
15%.

Gao and Sun [164] suggested the utilization of a demand response control based on
GA to reduce the peak demand of a group of buildings while ensuring energy management.
The outcomes revealed that the proposed control had a better performance in limiting the
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peak demand of building groups and reducing additional energy consumption. Based on
the elitist GA-based algorithm [165], an approach for managing EV charging with on-site
PV generation was proposed. This approach involves a real-time, transactive energy system
for managing EV charging that was integrated into the BEMS. The proposed model enables
the BEMS to effectively schedule the exchange of electricity with the external grid, even
in the case of uncertainty surrounding EV parking and PV generation. Figure 5 shows an
overview of the interconnection of a Net-ZEBs community with the grid.

AR A2 &

l T l T Buildings Produced Energyl TCommunity Available Energy

Community Electrical Grid

Supply Grid
Figure 5. Overview of a Net-ZEBs community cooperation.

Additionally, an intelligent renewable generation and demand management system
in a networked environment was developed [166], applying NSGA-II optimization and
fuzzy controllers based on five objectives which were minimizing total power consumption
cost, total power consumption expenses, micro smart grid loss of power supply probability,
maximizing the amount of RES utilization, and end-users” welfare. By applying the inte-
gration of hydrogen storage, heat storage, and battery storage, Fan et al. [167] introduced a
near-zero energy community energy system. An energy management approach was then
developed using fuzzy logic to optimize the allocation of electricity between the hydrogen
and battery storage systems, without neglecting the health status of each of the components.

Using the Gurobi optimizer, Soares et al. [168] developed a framework for energy
storage optimization in a transactive energy community, located on a university campus.
The proposed methodology aimed at minimizing the total costs from the community
perspective by coordinating dedicated storage systems with renewable generation sys-
tems. According to the results, the community-level management of the energy systems
provided greater technical and economic advantages. Similarly, on a university campus,
Moura et al. [169] developed a model to address energy sharing in community microgrids
by utilizing static batteries and EVs through a transactive energy market. The findings
indicated that the proposed approach resulted in a rise in renewable self-consumption
levels for both individual buildings and the community, along with a reduction in the
overall electricity costs.

Likewise, a transactive control method for DR in commercial building heating, venti-
lation, and HVAC was proposed [170]. Results showed that this approach was extremely
effective in reducing peak energy demand, and load shifting in commercial buildings.
Moreover, Moura et al. [171] presented a method for effectively managing the sharing of
renewable generation surplus among buildings, utilizing EVs as a flexible resource. The re-
sults of simulations demonstrate that the approach can lead to increased self-consumption
of renewable energy both at the individual building and community levels while reducing
the overall electricity costs.

Ouammi [172] focused on optimal management in a smart network of residential build-
ings using bidirectional communication and MPC (model predictive control) technique
with a master controller to coordinate, manage and distribute power in the community.
MPC schedules the building community’s charging and discharging modes of static batter-
ies, EV charging modes, power exchange, etc. In another study, an LCMA (Lyapunov-based
cost minimization algorithm) was developed for the coordinated and decentralized opti-
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mization of flexible energy resources and intelligent appliances in smart buildings [173].
The algorithm’s performance was improved by increasing battery capacity and if energy
loads are mostly elastic.

Garcia et al. [174] used a simulation based on 3-year monitored historical PV data and
a random demand model (based on Markov chains probability theory and Monte Carlo
techniques) to predict the PV production and ES capacity at the community level, in order
to maximize the matching between generation and demand. Wu et al. [175] tackled the
obstacles of scheduling energy in office buildings with PV and workplace EV charging.
Stochastic programming was employed to handle the uncertainties that come with EV
charging demand.

Moreover, PV generation and electricity demand were analyzed for households and a
community of buildings on a 15-min basis, compared to a single home using a data-based
approach [176]. Further, Gupta et al. [177] looked at the energy flexibility and resilience
gained from PV systems and batteries in a community of buildings. By aggregating PV
and storage at a community level, the utilization of batteries resulted in an 8% reduction in
peak grid electricity demand. Fachrizal et al. [178] developed intelligent charging schemes
to minimize residential building load profile variability and specify optimal EV charging
schedules through self-consumption enhancement and peak shaving.

As an essential result, it can be mentioned that in a community of buildings, centraliz-
ing charging is more efficient, and in [179] the overall energy costs were minimized by incor-
porating EVs (V2B and V2G), flexible loads, batteries, clean energy sources, bi-directional
power flow, and an hourly pricing scheme based on MILP method. Henggeler et al. [180]
introduced a modular set of MILP models to facilitate their integration into HEMS. These
models enabled the integrated optimization of all energy resources, including exchanges
with the grid, EVs, static batteries, load management, and local microgeneration. Similarly,
a MILP optimization model was developed to evaluate multi-energy systems in a build-
ing’s energy community, while taking into account the difference between investors and
users [181]. In addition, using hourly consumption data for appliances, heating, and EVs,
the optimal configuration and dispatch of the energy system can be determined. Similarly
in [182], a collaborative decision model was proposed to optimize the flow of electricity
between commercial buildings, EV charging stations, and the power grid, applying MILP
and a two-stage stochastic programming model.

Additionally, customer satisfaction was maximized by planning energy consumption
across households and appliances while protecting user data through a PL-Generalized Ben-
ders Algorithm (PL-GBA), which satisfies the property (P) and is L-dual adequate [183,184].
Based on game theory, demand-side loads were managed through a grid-connected MG
method and community energy storage (CES)/PV systems [185]. The result was a Pareto-
efficient Nash balance solution that allows residents to optimize energy trading. Using PV
and ESSs in a community of buildings the objectives were the reduction of the consumption
from the electrical grid and the increase in self-consumption [186]. The results showed that
employing shared storage instead of individual storage increased the self-consumption
ratio.

J. Sardi et al. [187] developed an integrated CES unit model for a building community
with PV. They use three approaches to improve network performance: (1) determining the
CES location to minimize energy loss, (2) identifying the right CES capacity to increase
system load factor, and (3) flattening the daily load profile to improve the voltage profile
using the center of gravity (COG) theory, load-following control, and a method to estimate
optimal CES operational characteristics. The proposed framework considered both the
probability of PV generation and load variations. The PV generation model uses a beta
probability distribution function, and the model results are compared with exhaustive load
flow results.

Ebrahimi and Abedini [188] conducted a study that involved various shiftable loads
in the smart grid, such as residential, industrial, and commercial microgrids. The load shift
technique was then formulated as a MOO problem to manage the consumption of shiftable
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loads in the smart grid. Simulations were performed using two methods, namely simplex
and Improved Grey Wolf Optimization (IGWO), and the effects of implementation were
compared. The CPLEX solver generally yielded better results than the IGWO in several
cases. In [189], a zero-energy community was established through the effective utilization
of hybrid renewable energy systems. To achieve flexibility and economic efficiency, a
time-of-use grid penalty cost model was developed which evaluated both grid import
and export during on-peak and off-peak periods. In another study, a sharing economic
model was used to share both storage capacity and solar generation in a residential energy
community [190]. Based on the results, substantial cost savings can be attained when
compared to using these assets individually.

Table 3 provides a summary of various optimization techniques applied to an indi-
vidual or a community of buildings, the applied flexibility resources, and results obtained
from simulation studies.

Table 3. Multi-objective optimization in a building/a community of buildings at a glance.

Other

Main Method Methods Scope Aim Ref.
e Minimizing costs [101]
e Minimizing net electricity consumption
o Real-time energy generation and consumption optimization [102]
o Real-time storage optimization
- ® Reduction of the environmental impact [103]
o External energy consumption optimization
o Cost optimization [104]
e Ecological impact optimization
e Minimizing GHG emissions [105]
® Minimizing LCC N
NSGA-II ® Minimization of total costs
e Minimization of CO, emissions [106]
o Grid interaction
Single
ANN e o Reduction of dependency on the grid power [107]
o Reliability of the renewable system
o Economic performance
NSGA-II e Technical performance [108]
¢ Environmental performance
} ® Reduction of environmental impacts [109]
o Cost minimization
® Operation cost
GA o Energic efficiency [110]
e Pollution gas emission penalty cost
NSGA-II o Reduction of annual specific energy demand
® Reduction of construction installation costs [11]
® Reduction of annual energy operating costs
o Reduction of GHG emissions
. o Improvement of electrical efficiencies in PVT
Taguchi’s method o Improvement of thermal efficiencies in PVT (1131
ANN o Energy consumption reduction [114]
e Energy cost reduction
® Reducing the battery capacity [161]
® Reducing energy loss in the sharing process
o Evaluate the performance of a group of Net-ZEBs
e Economic cost reduction [162]
. e Load matching
o Load matching improvement in Net-ZEBs [163]
Community e Minimize the peak demand with energy efficiency [164]
Stochastic o Developing real-time EV charging management [165]
e Maximum user comfort
e Maximum amount of renewable energy employment
NSGA-II ® Minimize total power consumption cost [166]

® Minimize total energy consumption at peak time
® Minimize MSG loss of power supply probability
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Table 3. Cont.

Main Method

Other
Methods

Scope

Aim

DE

Fuzzy logic

Bat
Algorithm

Single

o Electrical energy cost saving
® Minimum electrical energy discomfort
e Minimization of carbon footprints

o Achieve a net zero balance energy
e Cost savings
¢ Carbon footprint reduction

[116]

o Energy consumption reduction
o Increase user comfort

[117]

o Energy demand satisfaction by PV generation
o User’s comfort

[118]

o Optimization of energy resources
o Energy consumption reconciliation

[119]

NSGA-II

Community

o Community energy system that combines electricity,
hydrogen, and heat storage
¢ Energy management of the stored energy

[167]

MPC

Single

o Dynamic optimization model

[120]

o Consumption reduction
o Cost reduction

[121]

Transactive mechanisms

Gurobi

Stochastic
Programming

LCMA

e Markov chains
e Monte Carlo

CPLEX

o Stochastic
Programming
o ANN

IGWO

MILP

Stochastic programming

Community

¢ Controlling an interconnected network of smart residential
buildings.

o Scheduling and management of energy exchanges at the grid
level

[172]

e Developing a framework for the optimization of energy
storage

[168]

o Addressing energy sharing through a transactive energy
market

[169]

e Developing a transactive control model to engage several
HVAC subsystems

e Developing a double-auction market structure and
mechanism to coordinate them for DR

[170]

e Developing a model to aggregate and manage the sharing of
generation surplus

® Minimization of the total energy cost in a household
eMinimization of the total energy cost in a neighborhood

o Evaluating the PV power
e Evaluating storage capacity

¢ Reducing total costs

® Reducing the cost of customer bills
® Reducing the peak load

® Reducing losses

o Improving network voltage

[188]

o Total energy procurement cost minimization

[179]

o The integrated optimization of all energy resources

[180]

® Developing a fundamental techno-economic model of
optimal energy system configurations

[181]

o Design an efficient collaborative scheme between the
charging stations and commercial buildings

[182]

Other methods and
algorithms

Convex in LOT framework

e MOPSO
o NSGA-II
e TOPSIS

HS

HB-ACO

Single

o Total cost reduction
e Thermal discomfort reduction
o Batteries and EV charging/discharging optimization

[122]

e DSM to optimize the operation of appliances
o Electricity bill minimization
o User dissatisfaction minimization

® Development of an EMS for smart building electrification in
remote areas

e Minimizing the total annual cost

e Maximizing the reliability of the system

o Shifting demand from on-peak to off-peak hours
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Table 3. Cont.
: Other .
Main Method Methods Scope Aim Ref.
Clustering o Investigation of battery storage role in individual household [176]
and community level
e Empirical o Evaluation of energy resilience achieved through the [177]
® Socio-technical deployment of several solar PV systems and batteries
o Distributed
charging © Minimize the net load variability [178]
o Centralized charging o Flatten the net load profile
® Quadratic programming
Generalized © Multi-residential electricity load scheduling [184]
Benders © Maximize satisfaction levels of residences
Game theory Community ® Energy trading management [185]
. ® Self-consumption
Shared tgrlcl o Integration of battery [186]
connection ® Peak shaving
«COG © Minimizing energy loss, annually
. o Flattening the daily demand profile [187]
® Load following . .
o Improving the voltage profile
o Improving self-consumption
: ERII\LSSY_'_SE A o Improving load coverage [189]
JEp ® Grid penalty cost reductions
Economy model o Sharing solar generation and storage capacity by an [190]

economy model

Upon analyzing Table 3, it was concluded that 45.28% of the studies are focused on
MOO within a single building, while 54.72% present MOO for communities of buildings.
Upon analysis of the studies conducted in a single building, it was determined that GA
was utilized as the primary method in 54.18% of the studies. Additionally, DE, MPC, and
fuzzy logic accounted for 8.33%, 8.33%, and 12.5%, respectively. The remaining 16.66% of

studies employed various other methods and algorithms, as presented in Figure 6.
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Figure 6. Algorithms and methods applied for MOO in single buildings.

An analysis was also conducted on the statistical data about the research conducted on
building communities. In this case, the majority of the studies (20.69%) were also focused
on GA. Meanwhile, MILP, transactive mechanisms, CPLEX, stochastic programming, MPC,
and fuzzy logic accounted for 13.8%, 13.8%, 6.9%, 6.9%, 3.45%, and 3.45% of the studies,
respectively. The remaining 31% of studies utilized other methods and algorithms, as

presented in Figure 7.
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Figure 7. Algorithms and methods applied for MOO in a community of buildings.

Within the last decade, the world has faced a significant increase in the amount of
available distributed energy resources [191]. In addition, a more decentralized and open
energy market can be achieved because of the proliferation of prosumers [191]. Thus, the
peer-to-peer (P2P) energy trading paradigm emerges, allowing consumers and prosumers
to exchange energy without the need for a broker [191]. In addition, P2P energy trading
seems essential for increasing system adaptability for the shift to low-carbon energy. As
P2P energy trading is still a relatively new field, more research is needed to implement the
real-world approach successfully [191].

In the building sector, P2P energy trading enables buildings to sell renewable genera-
tion surplus, such as PV, to other buildings within the same community. Energy producers
and consumers can benefit from P2P by reducing losses and costs. Articles [192-196] are
examples of research that has been conducted in this field.

In Table 4, various mechanisms of P2P energy trading, along with the challenges
and results gained from the simulations, are illustrated. An effort was undertaken to
explore the potential of communities of buildings that can efficiently share renewable
energy surplus and energy resources. The table highlights the resources considered in the
optimization process, which can include on-site renewable energy generation, integrated
energy management systems, and energy storage technologies. The used techniques to
provide flexibility are focused on the use of demand response and energy storage systems.
Furthermore, the table outlines the results achieved from the simulation studies conducted
for each optimization approach. These results demonstrate the improvements achieved
in terms of energy consumption reduction, peak demand management, carbon footprint
mitigation, cost savings, and overall building performance enhancement.

Table 4. P2P mechanism at a glance.

Method(s) Limitations Opportunities Ref.
® The local market in the smart grid
Two-stage environments the proposed local market was only e P2P trade reduces bills by 20-30%
stochastic compatible with the smart grid.  Battery storage reduces bills by 20-30% [192]
programming o Assuming full information exchange o P2P trade and battery reduce bills by 60%

between all technological devices.

Iterative double
auction mechanism

® Balancing electricity supply and demand
o Data security [193]
® Social well-being increment

® Does not consider other applicable business
models.
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Table 4. Cont.

Method(s) Limitations Opportunities Ref.
Mixed methods o Failure to evaluate the generalizability of the ® Load-shifting
aporoach findings in larger experiments and different o Self-consumption increase [194]
PP socio-economic contexts. ® DREs development

Canonical coalition game

o User participation in P2P trading under grid
limitations such as voltage constraints.

® The proposed coalition stability is affected by
multiple P2P energy trading platform providers in
the network that offer different pricing schemes.

o Cost saving to each prosumer

o Consumer-centric property [195]

Quadratic programming

o How the first optimization procedures are

affected if some P2P market price information is ® Reduction of EV charging effects on the power
available in advance. grid during peak hours. [196]
o Failure to take into consideration, other © Reduction of energy expenses up to 71%, daily

applicable business models.

4. Discussion

The discussion section aims to provide the key findings on this topic. Based on
the tables presented in the previous section(s), the outcome of this literature review on
optimization in the building sector concerning flexible resources is expected to provide
insights into state-of-the-art research in this field. By summarizing and analyzing the
existing literature, researchers could identify the most effective methods and strategies for
optimizing flexible resources in buildings and building communities and highlight key
challenges and opportunities for future research. Hence, the outcomes of the study and
research gaps in the literature are analyzed, aiming to pave the way for future research.

4.1. Outcomes

The reviewed studies demonstrate the significant potential for MOO in the building
sector to reduce energy consumption, costs, and environmental impacts, in a context
with PV generation, flexibility resources, and communities of buildings. Several potential
outcomes include:

e  Assessment of potential benefits of MOO in the building sector: There is a potential
for MOO to improve the utilization of flexible resources in both single buildings and
building communities, with a range of sources of flexibility identified as key areas
for optimization. It is important to assess the potential benefits of these optimization
strategies in terms of reducing energy costs, minimizing environmental impacts, and
increasing the efficiency and resilience of energy systems in buildings.

e Identification of key challenges and opportunities for future research: This review also
identifies the key challenges and uncertainties associated with MOO in the building
sector, such as the need for accurate data, the complexity of the optimization process,
and the potential trade-offs between different objectives. It is important to explore
these challenges and suggest potential avenues for future research, such as exploring
emerging technologies and market models, developing new optimization algorithms
and methods, and integrating uncertainty and risk into the optimization process.

Overall, the paper reviews the potential of MOO in the building sector, considering PV
generation, flexibility resources, and communities of buildings, highlighting the benefits of
MOQO, including reduced energy consumption, costs, and environmental impacts.

4.2. Gaps and Future Work

It was possible to identify challenges and opportunities for future research, including
accurate data collection, optimization complexities, and integrating uncertainty, namely:

e  Data availability: To conduct effective MOQ, it is important to have access to accurate
and comprehensive data on energy demand, PV generation, and other key factors.
However, data availability can be a significant challenge in some communities, partic-
ularly in older buildings that may not have advanced monitoring, control, and data
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logger systems in place. More research is needed to explore how to effectively collect,
analyze data, and fill in missing data in these contexts.

Accurate forecasting: To implement the control of flexible resources, accurate forecast-
ing of renewable energy generation and demand is crucial. The impact of weather
conditions on renewable generation and of weather conditions and human behavior
on energy demand is significant, and these factors are characterized by a high degree of
uncertainty. Therefore, there is a clear need for further research to enhance prediction
accuracy in these domains.

Interoperability: As building communities become more complex, it will be important
to ensure that different systems and technologies can work together effectively. This
requires a focus on interoperability, or the ability of different systems to communicate
and exchange information seamlessly. More research is needed to explore how to
design and implement interoperable systems in these contexts.

Scaling and replicability: While the implementation of communities of buildings has
demonstrated potential in various contexts, scaling and replicating such initiatives
in different communities can be challenging. Factors such as funding, regulatory
frameworks, and community engagement can all impact the ability to successfully
implement these approaches in new contexts. More research is needed to explore how
to effectively scale and replicate successful energy communities with MOO.
Long-term performance: While many building communities have shown promising
results in the short term, it is important to understand how these systems will perform
over the long term. Factors such as maintenance, system degradation, and changes in
occupancy patterns can all impact the long-term performance of these systems. More
research is needed to explore how to design and implement communities that are
durable and sustainable over time.

Health and well-being: It will also be important to understand how the implemented
control options impact the health and well-being of residents within a community.
MOO is a process of balancing multiple objectives, and as a result, the optimal solution
cannot fully satisfy all goals. Therefore, it is crucial to give particular consideration
to the well-being of occupants, including their visual and thermal comfort, as well as
indoor air quality. Therefore, the well-being of occupants can be included as one of
the objectives.

Social and behavioral factors: While most of the research on the building sector with
MOO has focused on technical aspects, most MOO studies typically overlook the
influence of behaviors related to consuming energy and do not address the effective-
ness of implementing initiatives. Future research could investigate how different
communication strategies might be used to encourage residents to adopt the intended
behaviors.

Other aspects: Due to the relatively recent topic of the P2P mechanism and its high
potential in the energy sector, sufficient studies have not been carried out in this field.
Moreover, MOO in buildings has mostly been completed using GA and less attention
has been paid to other algorithms and methods [99]. Therefore, future research can be
more focused on the optimization of energy considering the potential of the commu-
nity, paying more attention to the P2P mechanism, applying different and less used
meta-heuristic optimization algorithms and methods, such as Teaching Learning Based
Optimization Algorithm, Ant Colony Optimization, and Simulated Annealing, and
comparing the results with those from GA. The importance of comparing the results
with those from GA lies in their importance for validating the effectiveness and perfor-
mance of the alternative optimization algorithms and methods being proposed. By
comparing the outcomes obtained from different optimization techniques, researchers
can gain insights into the strengths and weaknesses of each method. Comparisons
help in assessing which algorithm performs better in specific scenarios, and how they
fare concerning efficiency and accuracy. It allows researchers to understand whether
the new approaches offer improvements over GA or if they need further refinement.
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5. Conclusions

The building sector is known to be a significant contributor to energy consumption
and GHG emissions, making it a crucial area for implementing measures to reduce its
environmental impact. To address this problem, building communities can offer significant
value in the transformation of the energy sector by enabling the deployment of distributed
generation and embracing sustainable energy practices. In addition, the MOO approach
can help to address the challenges faced by the building sector while meeting the needs of
both the residents and the utilities.

To provide insights for future research, a study was conducted to comprehensively
review the current state of MOO in the building sector. The primary focus of the study was
to review the available works on building communities in the energy sector. By integrating
building communities, consumers can pursue both their individual and collective economic,
environmental, and technical goals while also contributing to the decarbonization of the
energy sector. The reviewed articles were categorized based on their methods, objectives,
and scopes using a content analysis approach.

The findings of the study indicate that MOO can provide a comprehensive framework
for addressing energy flexibility, and environmental sustainability issues in the building
sector. In addition, studies have been conducted on optimization methods like exact and
meta-heuristic methods in individual buildings and building communities, considering
renewable energy and flexible sources. The article reviews both the advantages and areas for
future improvement and explores various technical objectives, such as balancing renewable
generation and demand, environmental objectives, including LCA, as well as economic
objectives, such as LCC.

Despite limited research in the community of buildings sector, there is great potential
to maximize self-consumption, reduce costs, and decrease GHG emissions. Building
communities can serve as a comprehensive framework for conducting multi-dimensional
trade-off analyses of the mentioned benefits. Therefore, this article can provide valuable
insights for community members, policymakers, utilities, and investors in making informed
decisions regarding energy community development. The energy community concept
presents a significant opportunity for energy researchers to delve deeper. Given the recent
emergence of the P2P mechanism and its vast potential, there remains a dearth of research
on the subject. Moreover, the application of GA in MOO for buildings has received greater
attention. Future studies should thus concentrate on optimizing energy consumption while
harnessing the potential of the community, with particular emphasis on exploring the P2P
mechanism. In addition, utilizing a variety of lesser-known meta-heuristic optimization
algorithms and methods, and comparing their results with those obtained using GA
will also be insightful to comprehend the capabilities of various algorithms in particular
scenarios. Furthermore, this comprehensive analysis also sheds light on the primary
obstacles and uncertainties related to MOO within the building sector. These challenges
encompass the indispensable requirement for precise data, intricacy in the optimization
procedure, and the possibility of compromising conflicting objectives. Delving into these
challenges is crucial to propose potential prospects for forthcoming research.

Author Contributions: O.P: conceptualization; data curation; investigation; methodology;
roles /writing—original draft; E.A.: conceptualization; methodology; project administration; re-
sources; supervision; review and editing; B.C.: Conceptualization; investigation; methodology;
resources; review and editing; P.M.: supervision; review and editing. M.G.d.S.: supervision; review
and editing. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the European Regional Development Fund (FEDER), and
national funds through the projects Building HOPE (POCI-01-0247-FEDER-045930), and EVAICharge
(CENTRO-01-0247-FEDER- 047196), by the human resources from the CCDRC project (RH—2020:
CENTRO-04-3559-FSE000144) and by the Portuguese Foundation for Science and Technology (FCT)
through the project ML@GridEdge (UTAP-EXPL/CA/0065/2021).

Data Availability Statement: Not applicable.



Energies 2023, 16, 6111 23 of 30

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Li, Y; Zhu, N,; Qin, B. What Affects the Progress and Transformation of New Residential Building Energy Efficiency Promotion in
China: Stakeholders’ Perceptions. Energies 2019, 12, 1027. [CrossRef]

2. Capros, P; Kannavou, M.; Evangelopoulou, S.; Petropoulos, A.; Siskos, P; Tasios, N.; Zazias, G.; DeVita, A. Outlook of the
EU Energy System up to 2050: The Case of Scenarios Prepared for European Commission’s “Clean Energy for All Europeans”
Package Using the PRIMES Model. Energy Strategy Rev. 2018, 22, 255-263. [CrossRef]

3. Belussi, L.; Barozzi, B.; Bellazzi, A.; Danza, L.; Devitofrancesco, A.; Fanciulli, C.; Ghellere, M.; Guazzi, G.; Meroni, I.; Salamone, E,;
et al. A review of performance of zero energy buildings and energy efficiency solutions. J. Build. Eng. 2019, 25, 100772. [CrossRef]

4. Chen, H;; Shi, Y.; Zhao, X. Investment in renewable energy resources, sustainable financial inclusion and energy efficiency: A case
of US economy. Resour. Policy 2022, 77, 102680. [CrossRef]

5. Mandel, T,; Pat6, Z.; Brog, J.-S.; Eichhammer, W. Conceptualising the energy efficiency first principle: Insights from theory and
practice. Energy Effic. 2022, 15, 41. [CrossRef]

6.  European Parliamentary Research Service (EPRS). DIRECTIVE (EU) 2018/2001 of the European Parliament and of the Council
of 11 December 2018 on the Promotion of the Use of Energy from Renewable Sources, Official Journal of the European Union.
Available online: https:/ /eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32018L.2001 (accessed on 30 July 2023).

7. The European Parliament and The Council of the European Union. Directive 2010/31/EU of the European Parliament and of
the Council of 19 May 2010 on the Energy Performance of Buildings (Recast), Official Journal of the European Union. Available
online: https:/ /eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32010L0031 (accessed on 30 July 2023).

8. Chomacé-Pierzecka, E.; Rogoziniska-Mitrut, J.; R6zycka, M.; Sobon, D.; Stasiak, J. Energy Innovation for Individual Consumers in
Poland—Analysis of Potential and Evaluation of Practical Applications in Selected Areas. Energies 2023, 16, 5766. [CrossRef]

9. Li, Y; Gao, W,; Ruan, Y. Performance investigation of grid-connected residential PV-battery system focusing on enhancing
self-consumption and peak shaving in Kyushu, Japan. Renew. Energy 2018, 127, 514-523. [CrossRef]

10. Koskela, J.; Rautiainen, A.; Jarventausta, P. Using electrical energy storage in residential buildings—Sizing of battery and
photovoltaic panels based on electricity cost optimization. Appl. Energy 2019, 239, 1175-1189. [CrossRef]

11. Kavlak, G.; McNerney, J.; Trancik, J.E. Evaluating the causes of cost reduction in photovoltaic modules. Energy Policy 2018, 123,
700-710. [CrossRef]

12.  Nwaigwe, K.; Mutabilwa, P.; Dintwa, E. An overview of solar power (PV systems) integration into electricity grids. Mater. Sci.
Energy Technol. 2019, 2, 629-633. [CrossRef]

13.  Ahmed, R,; Sreeram, V.; Mishra, Y.; Arif, M.D. A review and evaluation of the state-of-the-art in PV solar power forecasting:
Techniques and optimization. Renew. Sustain. Energy Rev. 2020, 124, 109792. [CrossRef]

14. Kaushik, E.; Prakash, V.; Mahela, O.P,; Khan, B.; El-Shahat, A.; Abdelaziz, A.Y. Comprehensive Overview of Power System
Flexibility during the Scenario of High Penetration of Renewable Energy in Utility Grid. Energies 2022, 15, 516. [CrossRef]

15.  Ranjan, M.; Shankar, R. A literature survey on load frequency control considering renewable energy integration in power system:
Recent trends and future prospects. |. Energy Storage 2022, 45, 103717. [CrossRef]

16. Basit, M.A,; Dilshad, S.; Badar, R.; Rehman, SM.S.U. Limitations, challenges, and solution approaches in grid-connected
renewable energy systems. Int. |. Energy Res. 2020, 44, 4132-4162. [CrossRef]

17.  Vigna, L; Pernetti, R.; Pasut, W.; Lollini, R. New domain for promoting energy efficiency: Energy Flexible Building Cluster.
Sustain. Cities Soc. 2018, 38, 526-533. [CrossRef]

18. Paoletti, G.; Pascuas, R.P.; Pernetti, R.; Lollini, R. Nearly Zero Energy Buildings: An Overview of the Main Construction Features
across Europe. Buildings 2017, 7, 43. [CrossRef]

19. Jensen, S.J.; Marszal-Pomianowska, A.; Lollini, R.; Pasut, W.; Knotzer, A.; Engelmann, P.; Stafford, A.; Reynders, G. IEA EBC
Annex 67 Energy Flexible Buildings. Energy and Buildings 2017, 155, 25-34. [CrossRef]

20. Hakimi, S.M.; Hasankhani, A. Intelligent energy management in off-grid smart buildings with energy interaction. J. Clean. Prod.
2019, 244, 118906. [CrossRef]

21. The European Parliament and the Council of the European Union. DIRECTIVE (EU) 2019/944 of the European Parliament and
of the Council of 5 June 2019 on Common Rules for the Internal Market for Electricity and Amending Directive 2012/27/EU
(Recast), Official Journal of the European Union. Available online: https:/ /eur-lex.europa.eu/legal-content/EN/TXT/HTML/
2uri=CELEX:32019L.0944 (accessed on 30 July 2023).

22. Leonard, M.D.; Michaelides, E.E.; Michaelides, D.N. Energy storage needs for the substitution of fossil fuel power plants with
renewables. Renew. Energy 2020, 145, 951-962. [CrossRef]

23. Barreto, R.; Gongalves, C.; Gomes, L.; Faria, P; Vale, Z. Evaluation Metrics to Assess the Most Suitable Energy Community
End-Users to Participate in Demand Response. Energies 2022, 15, 2380. [CrossRef]

24. Bintoudi, A.D.; Bezas, N.; Zyglakis, L.; Isaioglou, G.; Timplalexis, C.; Gkaidatzis, P,; Tryferidis, A.; loannidis, D.; Tzovaras, D.
Incentive-Based Demand Response Framework for Residential Applications: Design and Real-Life Demonstration. Energies 2021,
14, 4315. [CrossRef]

25. Ranaweera, I.; Midtgard, O.-M. Optimization of operational cost for a grid-supporting PV system with battery storage. Renew.

Energy 2016, 88, 262-272. [CrossRef]


https://doi.org/10.3390/en12061027
https://doi.org/10.1016/j.esr.2018.06.009
https://doi.org/10.1016/j.jobe.2019.100772
https://doi.org/10.1016/j.resourpol.2022.102680
https://doi.org/10.1007/s12053-022-10053-w
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32018L2001
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32010L0031
https://doi.org/10.3390/en16155766
https://doi.org/10.1016/j.renene.2018.04.074
https://doi.org/10.1016/j.apenergy.2019.02.021
https://doi.org/10.1016/j.enpol.2018.08.015
https://doi.org/10.1016/j.mset.2019.07.002
https://doi.org/10.1016/j.rser.2020.109792
https://doi.org/10.3390/en15020516
https://doi.org/10.1016/j.est.2021.103717
https://doi.org/10.1002/er.5033
https://doi.org/10.1016/j.scs.2018.01.038
https://doi.org/10.3390/buildings7020043
https://doi.org/10.1016/j.enbuild.2017.08.044
https://doi.org/10.1016/j.jclepro.2019.118906
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32019L0944
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32019L0944
https://doi.org/10.1016/j.renene.2019.06.066
https://doi.org/10.3390/en15072380
https://doi.org/10.3390/en14144315
https://doi.org/10.1016/j.renene.2015.11.044

Energies 2023, 16, 6111 24 of 30

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

Conway, G.; Joshi, A.; Leach, F,; Garcia, A.; Senecal, PK. A review of current and future powertrain technologies and trends in
2020. Transp. Eng. 2021, 5, 100080. [CrossRef]

He, Z.; Khazaei, J.; Freihaut, ].D. Optimal Integration of Vehicle to Building (V2B) and Building to Vehicle (B2V) Technologies for
Commercial Buildings. Sustain. Energy Grids Netw. 2022, 32, 100921. [CrossRef]

Lokesh, B.T.; Hui Min, J.T. A Framework for Electric Vehicle (EV) Charging in Singapore. Energy Procedia 2017, 143, 15-20.
[CrossRef]

Casals, L.C.; Amante Garcia, B.; Canal, C. Second life batteries lifespan: Rest of useful life and environmental analysis. J. Environ.
Manag. 2019, 232, 354-363. [CrossRef]

Hassan, A.S.; Cipcigan, L.; Jenkins, N. Optimal battery storage operation for PV systems with tariff incentives. Appl. Energy 2017,
203, 422-441. [CrossRef]

Rasouli, V.; Gomes, V.; Antunes, C.H. An optimization model to characterize the aggregated flexibility responsiveness of
residential end-users. Int. J. Electr. Power Energy Syst. 2023, 144, 108563. [CrossRef]

Cui, Q.; Zhu, J.; Chen, J.; Ma, Z.; Shu, J. Optimal operation of CCHP microgrids with multiple shiftable loads in different auxiliary
heating source systems. Energy Rep. 2022, 8, 628-638. [CrossRef]

Klein, K.; Herkel, S.; Henning, H.-M.; Felsmann, C. Load shifting using the heating and cooling system of an office building:
Quantitative potential evaluation for different flexibility and storage options. Appl. Energy 2017, 203, 917-937. [CrossRef]
Aghamohamadi, M.; Hajiabadi, M.E.; Samadi, M. A novel approach to multi energy system operation in response to DR programs;
an application to incentive-based and time-based schemes. Energy 2018, 156, 534-547. [CrossRef]

Martirano, L.; Parise, G.; Greco, G.; Manganelli, M.; Massarella, F.; Cianfrini, M.; Parise, L.; Frattura, P.d.L.; Habib, E. Aggregation
of Users in a Residential /Commercial Building Managed by a Building Energy Management System (BEMS). IEEE Trans. Ind.
Appl. 2018, 55, 26-34. [CrossRef]

Nizami, M.; Hossain, M.; Amin, B.R.; Fernandez, E. A residential energy management system with bi-level optimization-based
bidding strategy for day-ahead bi-directional electricity trading. Appl. Energy 2019, 261, 114322. [CrossRef]

Manic, M.; Wijayasekara, D.; Amarasinghe, K.; Rodriguez-Andina, ].J. Building Energy Management Systems: The Age of
Intelligent and Adaptive Buildings. IEEE Ind. Electron. Mag. 2016, 10, 25-39. [CrossRef]

Shareef, H.; Ahmed, M.S.; Mohamed, A.; Al Hassan, E. Review on Home Energy Management System Considering Demand
Responses, Smart Technologies, and Intelligent Controllers. IEEE Access 2018, 6, 24498-24509. [CrossRef]

Hannan, M.A.; Faisal, M.; Ker, PJ.; Mun, L.H.; Parvin, K.; Mahlia, T.M.L; Blaabjerg, F. A Review of Internet of Energy Based
Building Energy Management Systems: Issues and Recommendations. IEEE Access 2018, 6, 38997-39014. [CrossRef]

Miglani, A.; Kumar, N.; Chamola, V.; Zeadally, S. Blockchain for Internet of Energy management: Review, solutions, and
challenges. Comput. Commun. 2020, 151, 395-418. [CrossRef]

Hossain, M.; Weng, Z.; Schiano-Phan, R.; Scott, D.; Lau, B. Application of IoT and BEMS to Visualise the Environmental
Performance of an Educational Building. Energies 2020, 13, 4009. [CrossRef]

Jia, M.; Komeily, A.; Wang, Y.; Srinivasan, R.S. Adopting Internet of Things for the development of smart buildings: A review of
enabling technologies and applications. Autom. Constr. 2019, 101, 111-126. [CrossRef]

Nguyen, V.T,; Luan Vu, T.; Le, N.T.; Min Jang, Y. An Overview of Internet of Energy (IoE) Based Building Energy Management
System. In Proceedings of the 2018 International Conference on Information and Communication Technology Convergence
(ICTC), Jeju, Republic of Korea, 17-19 October 2018; pp. 852-855. [CrossRef]

Nagbi, A.A.; Alyieliely, S.S.; Talib, M. A.; Nasir, Q.; Bettayeb, M.; Ghenai, C. Energy Reduction in Building Energy Management
Systems Using the Internet of Things: Systematic Literature Review. In Proceedings of the 2021 International Symposium on
Networks, Computers and Communications (ISNCC), Dubai, United Arab Emirates, 31 October-2 November 2021; pp. 1-7.
[CrossRef]

Mirzinger, T.; Osterreicher, D. Supporting the Smart Readiness Indicator—A Methodology to Integrate A Quantitative Assessment
of the Load Shifting Potential of Smart Buildings. Energies 2019, 12, 1955. [CrossRef]

Al-Obaidi, K.M.; Hossain, M.; Alduais, N.A.M.; Al-Duais, H.S.; Omrany, H.; Ghaffarianhoseini, A. A Review of Using IoT for
Energy Efficient Buildings and Cities: A Built Environment Perspective. Energies 2022, 15, 5991. [CrossRef]

Ozadowicz, A. A Hybrid Approach in Design of Building Energy Management System with Smart Readiness Indicator and
Building as a Service Concept. Energies 2022, 15, 1432. [CrossRef]

The European Parliament and the Council of the European Union. Directive (EU) 2018/488 of the European Parliament
and of the Council of 30 May 2018 Amending Directive 2010/31/EU on the Energy Performance of Buildings and Directive
2012/27/EU on Energy Efficiency (Text with EEA Relevance), Official Journal of the European Union. Available online:
https:/ /eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:320181.0844 (accessed on 30 July 2023).

Chenari, B.; Lamas, FE.B.; Gaspar, A.R.; da Silva, M.G. Simulation of Occupancy and CO 2 -based Demand-controlled Mechanical
Ventilation Strategies in an Office Room Using EnergyPlus. Energy Procedia 2017, 113, 51-57. [CrossRef]

Asadi, E.; da Silva, M.G.; Antunes, C.H.; Dias, L. Multi-objective optimization for building retrofit strategies: A model and an
application. Energy Build. 2012, 44, 81-87. [CrossRef]

Asadi, E.; da Silva, M.G.; Antunes, C.H,; Dias, L. A multi-objective optimization model for building retrofit strategies using
TRNSYS simulations, GenOpt and MATLAB. Build. Environ. 2012, 56, 370-378. [CrossRef]


https://doi.org/10.1016/j.treng.2021.100080
https://doi.org/10.1016/j.segan.2022.100921
https://doi.org/10.1016/j.egypro.2017.12.641
https://doi.org/10.1016/j.jenvman.2018.11.046
https://doi.org/10.1016/j.apenergy.2017.06.043
https://doi.org/10.1016/j.ijepes.2022.108563
https://doi.org/10.1016/j.egyr.2022.02.161
https://doi.org/10.1016/j.apenergy.2017.06.073
https://doi.org/10.1016/j.energy.2018.05.034
https://doi.org/10.1109/TIA.2018.2866155
https://doi.org/10.1016/j.apenergy.2019.114322
https://doi.org/10.1109/MIE.2015.2513749
https://doi.org/10.1109/ACCESS.2018.2831917
https://doi.org/10.1109/ACCESS.2018.2852811
https://doi.org/10.1016/j.comcom.2020.01.014
https://doi.org/10.3390/en13154009
https://doi.org/10.1016/j.autcon.2019.01.023
https://doi.org/10.1109/ICTC.2018.8539513
https://doi.org/10.1109/isncc52172.2021.9615641
https://doi.org/10.3390/en12101955
https://doi.org/10.3390/en15165991
https://doi.org/10.3390/en15041432
https://eur-lex.europa.eu/legal-content/EN/TXT/HTML/?uri=CELEX:32018L0844
https://doi.org/10.1016/j.egypro.2017.04.013
https://doi.org/10.1016/j.enbuild.2011.10.016
https://doi.org/10.1016/j.buildenv.2012.04.005

Energies 2023, 16, 6111 25 of 30

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.
73.

74.
75.

76.

77.

78.

79.

Nemati, M.; Braun, M.; Tenbohlen, S. Optimization of unit commitment and economic dispatch in microgrids based on genetic
algorithm and mixed integer linear programming. Appl. Energy 2018, 210, 944-963. [CrossRef]

Brans, J.-P; De Smet, Y. PROMETHEE Methods. In Multiple Criteria Decision Analysis: State of the Art Surveys; Greco, S., Ehrgott,
M., Figueira, ].R., Eds.; International Series in Operations Research & Management Science; Springer: New York, NY, USA, 2016;
pp. 187-219; ISBN 978-1-4939-3094-4.

Kumar, A,; Sah, B.; Singh, A.R.; Deng, Y.; He, X.; Kumar, P.; Bansal, R.C. A review of multi criteria decision making (MCDM)
towards sustainable renewable energy development. Renew Sustain. Energy Rev. 2017, 69, 596—609. [CrossRef]

Rigo, P.D.; Rediske, G.; Rosa, C.B.; Gastaldo, N.G.; Michels, L.; Junior, A.L.N.; Siluk, ].C.M. Renewable Energy Problems:
Exploring the Methods to Support the Decision-Making Process. Sustainability 2020, 12, 10195. [CrossRef]

Yannis, G.; Kopsacheili, A.; Dragomanovits, A.; Petraki, V. State-of-the-art review on multi-criteria decision-making in the
transport sector. J. Traffic Transp. Eng. 2020, 7, 413—431. [CrossRef]

Dean, M. Chapter Six—Multi-Criteria Analysis. In Advances in Transport Policy and Planning; Mouter, N., Ed.; Standard Transport
Appraisal Methods; Academic Press: Cambridge, MA, USA, 2020; Volume 6, pp. 165-224.

Dean, M. Multi-Criteria Analysis. In Advances in Transport Policy and Planning; Elsevier: Amsterdam, The Netherlands, 2020;
Volume 6, pp. 165-224. ISBN 978-0-12-820821-2. [CrossRef]

Karimi, N.; Feylizadeh, M.R.; Govindan, K.; Bagherpour, M. Fuzzy multi-objective programming: A systematic literature review.
Expert Syst. Appl. 2022, 196, 116663. [CrossRef]

Hasson, S.T.; Ayad Khudhair, H. Developed NSGA-II to Solve Multi Objective Optimization Models in WSNs. In Proceedings of
the 2018 International Conference on Advanced Science and Engineering (ICOASE), Duhok, Iraq, 9-11 October 2018; pp. 19-23.
[CrossRef]

Neuendorf, K.A. The Content Analysis Guidebook; Sage Publications: Thousand Oaks, CA, USA, 2002; ISBN 978-0-7619-1977-3.
Bandyopadhyay, S.; Saha, S. Some Single- and Multiobjective Optimization Techniques. In Unsupervised Classification: Similarity
Measures, Classical and Metaheuristic Approaches, and Applications; Bandyopadhyay, S., Saha, S., Eds.; Springer: Berlin/Heidelberg,
Germany, 2013; pp. 17-58. [CrossRef]

Marler, R.T.; Arora, J.S. Survey of multi-objective optimization methods for engineering. Struct. Multidiscip. Optim. 2004, 26,
369-395. [CrossRef]

Schrijver, A. On the History of Combinatorial Optimization (Till 1960). In Handbooks in Operations Research and Management Science;
Aardal, K., Nemhauser, G.L., Weismantel, R., Eds.; Discrete Optimization; Elsevier: Amsterdam, The Netherlands, 2005.

Bafios, R.; Manzano-Agugliaro, F; Montoya, F,; Gil, C.; Alcayde, A.; Gémez, J. Optimization methods applied to renewable and
sustainable energy: A review. Renew. Sustain. Energy Rev. 2011, 15, 1753-1766. [CrossRef]

Petchrompo, S.; Coit, D.W.; Brintrup, A.; Wannakrairot, A.; Parlikad, A K. A review of Pareto pruning methods for multi-objective
optimization. Comput. Ind. Eng. 2022, 167, 108022. [CrossRef]

Cui, Y.; Geng, Z.; Zhu, Q.; Han, Y. Review: Multi-objective optimization methods and application in energy saving. Energy 2017,
125, 681-704. [CrossRef]

Luo, W.; Shi, L.; Lin, X.; Zhang, J.; Li, M.; Yao, X. Finding Top-K Solutions for the Decision-Maker in Multiobjective Optimization.
Inf. Sci. 2022, 613, 204-227. [CrossRef]

Jahani, M.T.G.; Nazarian, P; Safari, A.; Haghifam, M. Multi-objective optimization model for optimal reconfiguration of
distribution networks with demand response services. Sustain. Cities Soc. 2019, 47, 101514. [CrossRef]

Prebeg, P.; Gasparovic, G.; Krajacic, G.; Duic, N. Long-term energy planning of Croatian power system using multi-objective
optimization with focus on renewable energy and integration of electric vehicles. Appl. Energy 2016, 184, 1493-1507. [CrossRef]
Mahbub, S.; Viesi, D.; Cattani, S.; Crema, L. An innovative multi-objective optimization approach for long-term energy planning.
Appl. Energy 2017, 208, 1487-1504. [CrossRef]

Gunantara, N. A review of multi-objective optimization: Methods and its applications. Cogent Eng. 2018, 5, 1502242. [CrossRef]
Foroozandeh, Z.; Ramos, S.; Soares, J.; Vale, Z. Energy Management in Smart Building by a Multi-Objective Optimization Model
and Pascoletti-Serafini Scalarization Approach. Processes 2021, 9, 257. [CrossRef]

Fakhravar, H. Combining Heuristics and Exact Algorithms: A Review. arXiv 2022, arXiv:2202.02799.

Georgiou, G.S.; Christodoulides, P.; Kalogirou, S.A. Real-time energy convex optimization, via electrical storage, in buildings—A
review. Renew. Energy 2019, 139, 1355-1365. [CrossRef]

Georgiou, G.S.; Christodoulides, P.; Kalogirou, S.A. Optimizing the energy storage schedule of a battery in a PV grid-connected
nZEB using linear programming. Energy 2020, 208, 118177. [CrossRef]

Georgiou, G.S.; Christodoulides, P.; Georgiou, A.; Kalogirou, S.A. A Linear Programming Approach to the Optimal Utilization
of Renewable Energy Sources in Buildings. In Proceedings of the 2017 52nd International Universities Power Engineering
Conference (UPEC), Heraklion, Greece, 28-31 August 2017; pp. 1-6.

Antunes, C.H.; Rasouli, V.; Alves, M.].; Gomes, A. A Mixed-Integer Linear Programming Model for Optimal Management of
Residential Electrical Loads under Dynamic Tariffs. In Proceedings of the 2018 International Conference on Smart Energy Systems
and Technologies (SEST), Sevilla, Spain, 10-12 September 2018; pp. 1-6.

Wang, Y.; Wang, B.; Chu, C.-C.; Pota, H.; Gadh, R. Energy management for a commercial building microgrid with stationary and
mobile battery storage. Energy Build. 2016, 116, 141-150. [CrossRef]


https://doi.org/10.1016/j.apenergy.2017.07.007
https://doi.org/10.1016/j.rser.2016.11.191
https://doi.org/10.3390/su122310195
https://doi.org/10.1016/j.jtte.2020.05.005
https://doi.org/10.1016/bs.atpp.2020.07.001
https://doi.org/10.1016/j.eswa.2022.116663
https://doi.org/10.1109/ICOASE.2018.8548860
https://doi.org/10.1007/978-3-642-32451-2_2
https://doi.org/10.1007/s00158-003-0368-6
https://doi.org/10.1016/j.rser.2010.12.008
https://doi.org/10.1016/j.cie.2022.108022
https://doi.org/10.1016/j.energy.2017.02.174
https://doi.org/10.1016/j.ins.2022.09.001
https://doi.org/10.1016/j.scs.2019.101514
https://doi.org/10.1016/j.apenergy.2016.03.086
https://doi.org/10.1016/j.apenergy.2017.08.245
https://doi.org/10.1080/23311916.2018.1502242
https://doi.org/10.3390/pr9020257
https://doi.org/10.1016/j.renene.2019.03.003
https://doi.org/10.1016/j.energy.2020.118177
https://doi.org/10.1016/j.enbuild.2015.12.055

Energies 2023, 16, 6111 26 of 30

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

Yoon, C.; Park, Y,; Sim, M.K,; Lee, Y.I. A Quadratic Programming-Based Power Dispatch Method for a DC-Microgrid. IEEE Access
2020, 8,211924-211936. [CrossRef]

Ratnam, E.L.; Weller, S.R.; Kellett, C.M. An optimization-based approach to scheduling residential battery storage with solar PV:
Assessing customer benefit. Renew. Energy 2015, 75, 123-134. [CrossRef]

Huang, P,; Sun, Y. A collaborative demand control of nearly zero energy buildings in response to dynamic pricing for performance
improvements at cluster level. Energy 2019, 174, 911-921. [CrossRef]

Sichilalu, S.M.; Xia, X. Optimal power dispatch of a grid tied-battery-photovoltaic system supplying heat pump water heaters.
Energy Convers. Manag. 2015, 102, 81-91. [CrossRef]

Anvari-Moghaddam, A.; Monsef, H.; Rahimi-Kian, A. Cost-effective and comfort-aware residential energy management under
different pricing schemes and weather conditions. Energy Build. 2015, 86, 782-793. [CrossRef]

Elshaer, R.; Awad, H. A taxonomic review of metaheuristic algorithms for solving the vehicle routing problem and its variants.
Comput. Ind. Eng. 2020, 140, 106242. [CrossRef]

Kalra, M.; Tyagi, S.; Kumar, V.; Kaur, M.; Mashwani, WK.; Shah, H.; Shah, K. A Comprehensive Review on Scatter Search:
Techniques, Applications, and Challenges. Math. Probl. Eng. 2021, 2021, 5588486. [CrossRef]

Mirjalili, S. Genetic Algorithm. In Evolutionary Algorithms and Neural Networks: Theory and Applications; Mirjalili, S., Ed.; Studies in
Computational Intelligence; Springer International Publishing: Cham, Switzerland, 2019; pp. 43-55. ISBN 978-3-319-93025-1.
Slowik, A.; Kwasnicka, H. Evolutionary algorithms and their applications to engineering problems. Neural Comput. Appl. 2020,
32, 12363-12379. [CrossRef]

Wilson, A J.; Pallavi, D.R.; Ramachandran, M.; Chinnasamy, S.; Sowmiya, S. A Review on Memetic Algorithms and Its Develop-
ments. Electr. Autom. Eng. 2022, 1, 7-12. [CrossRef]

Neri, E; Cotta, C. Memetic algorithms and memetic computing optimization: A literature review. Swarm Evol. Comput. 2012, 2,
1-14. [CrossRef]

Resende, M.G.C; Ribeiro, C.C.; Glover, E; Marti, R. Scatter Search and Path-Relinking: Fundamentals, Advances, and Applications.
In Handbook of Metaheuristics; Gendreau, M., Potvin, J.-Y., Eds.; International Series in Operations Research & Management Science;
Springer: Boston, MA, USA, 2010; Volume 146, pp. 87-107. ISBN 978-1-4419-1663-1.

Bilal; Pant, M.; Zaheer, H.; Garcia-Hernandez, L.; Abraham, A. Differential Evolution: A review of more than two decades of
research. Eng. Appl. Artif. Intell. 2020, 90, 103479. [CrossRef]

Wang, D.; Tan, D.; Liu, L. Particle swarm optimization algorithm: An overview. Soft Comput. 2018, 22, 387—408. [CrossRef]
Dorigo, M.; Stiitzle, T. Ant Colony Optimization: Overview and Recent Advances. In Handbook of Metaheuristics; Gendreau, M.,
Potvin, ].-Y., Eds.; International Series in Operations Research & Management Science; Springer International Publishing: Cham,
Switzerland, 2019; Volume 272, pp. 311-351. ISBN 978-3-319-91085-7.

Mohan, B.C.; Baskaran, R. A survey: Ant Colony Optimization based recent research and implementation on several engineering
domain. Expert Syst. Appl. 2012, 39, 4618-4627. [CrossRef]

Kaya, E.; Gorkemli, B.; Akay, B.; Karaboga, D. A review on the studies employing artificial bee colony algorithm to solve
combinatorial optimization problems. Eng. Appl. Artif. Intell. 2022, 115, 105311. [CrossRef]

Katoch, S.; Chauhan, S.S.; Kumar, V. A review on genetic algorithm: Past, present, and future. Multimed. Tools Appl. 2021, 80,
8091-8126. [CrossRef]

Michalewicz, Z.; Schoenauer, M. Evolutionary Algorithms for Constrained Parameter Optimization Problems. Evol. Comput.
1996, 4, 1-32. [CrossRef]

Li, T.; Shao, G.; Zuo, W.; Huang, S. Genetic Algorithm for Building Optimization: State-of-the-Art Survey. In Proceedings of the
9th International Conference, Singapore, 24 February 2017; pp. 205-210. [CrossRef]

Rasouli, V.; Goncalves, I.; Antunes, C.H.; Gomes, A. A Comparison of MILP and Metaheuristic Approaches for Implementation
of a Home Energy Management System under Dynamic Tariffs. In Proceedings of the 2019 International Conference on Smart
Energy Systems and Technologies (SEST), Porto, Portugal, 9-11 September 2019; pp. 1-6. [CrossRef]

Morales Gonzélez, R.; Torbaghan, S.S.; Gibescu, M.; Cobben, ].EG.; Bongaerts, M.; de Nes-Koedam, M.; Vermeiden, W. Optimizing
Electricity Consumption of Buildings in a Microgrid through Demand Response. In Proceedings of the 2017 IEEE Manchester
PowerTech, Manchester, UK, 18-22 June 2017; pp. 1-6.

Favre, L.; Schafer, T.M.; Robyr, J.-L.; Niederhduser, D.E.-L. Intelligent Algorithm for Energy, Both Thermal and Electrical,
Economic and Ecological Optimization for a Smart Building. In Proceedings of the 2018 IEEE International Energy Conference
(ENERGYCON), Limassol, Cyprus, 3-7 June 2018; pp. 1-5.

Favre, L.; Robyr, J.-L.; Gonon, F.; Niederh"auser, E.-L. Improvement of the Environmental Impact of the Global Energy Manage-
ment of Buildings by Genetic Algorithm Optimization. In Proceedings of the 2018 5th International Conference on Electric Power
and Energy Conversion Systems (EPECS), Kitakyushu, Japan, 23-25 April 2018; pp. 1-6.

Jean-Luc, R.; Gonon, F; Favre, L.; Niederhduser, E.-L. Convergence of Multi-Criteria Optimization of a Building Energetic
Resources by Genetic Algorithm. In Proceedings of the 2018 International Conference on Smart Grid and Clean Energy
Technologies (ICSGCE), Kajang, Malaysia, 29 May-1 June 2018; pp. 150-155.

Bingham, R.D.; Agelin-Chaab, M.; Rosen, M.A. Whole building optimization of a residential home with PV and battery storage in
The Bahamas. Renew. Energy 2018, 132, 1088-1103. [CrossRef]


https://doi.org/10.1109/ACCESS.2020.3039237
https://doi.org/10.1016/j.renene.2014.09.008
https://doi.org/10.1016/j.energy.2019.02.192
https://doi.org/10.1016/j.enconman.2015.03.087
https://doi.org/10.1016/j.enbuild.2014.10.017
https://doi.org/10.1016/j.cie.2019.106242
https://doi.org/10.1155/2021/5588486
https://doi.org/10.1007/s00521-020-04832-8
https://doi.org/10.46632/eae/1/1/2
https://doi.org/10.1016/j.swevo.2011.11.003
https://doi.org/10.1016/j.engappai.2020.103479
https://doi.org/10.1007/s00500-016-2474-6
https://doi.org/10.1016/j.eswa.2011.09.076
https://doi.org/10.1016/j.engappai.2022.105311
https://doi.org/10.1007/s11042-020-10139-6
https://doi.org/10.1162/evco.1996.4.1.1
https://doi.org/10.1145/3055635.3056591
https://doi.org/10.1109/sest.2019.8849064
https://doi.org/10.1016/j.renene.2018.08.034

Energies 2023, 16, 6111 27 of 30

106.

107.

108.

109.

110.

111.

112.
113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

Lu, Y,; Wang, S.; Zhao, Y.; Yan, C. Renewable energy system optimization of low/zero energy buildings using single-objective
and multi-objective optimization methods. Energy Build. 2015, 89, 61-75. [CrossRef]

Izadi, A.; Shahafve, M.; Ahmadi, P. Neural network genetic algorithm optimization of a transient hybrid renewable energy system
with solar/wind and hydrogen storage system for zero energy buildings at various climate conditions. Energy Convers. Manag.
2022, 260, 115593. [CrossRef]

Huang, C.; Bai, Y,; Yan, Y.; Zhang, Q.; Zhang, N.; Wang, W. Multi-objective co-optimization of design and operation in an
independent solar-based distributed energy system using genetic algorithm. Energy Convers. Manag. 2022, 271, 116283. [CrossRef]
Mayer, M.].; Szilagyi, A.; Grof, G. Environmental and economic multi-objective optimization of a household level hybrid
renewable energy system by genetic algorithm. Appl. Energy 2020, 269, 115058. [CrossRef]

Wu, X,; Liao, B.; Su, Y,; Li, S. Multi-objective and multi-algorithm operation optimization of integrated energy system considering
ground source energy and solar energy. Int. ]. Electr. Power Energy Syst. 2023, 144, 108529. [CrossRef]

Salata, F.; Ciancio, V.; Dell’Olmo, J.; Golasi, I.; Palusci, O.; Coppi, M. Effects of local conditions on the multi-variable and
multi-objective energy optimization of residential buildings using genetic algorithms. Appl. Energy 2020, 260, 114289. [CrossRef]
Karna, S.K. An Overview on Taguchi Method. Int. ]. Math. Eng. Manag. Sci. 2012, 1, 1-17.

Ben Seddik, Z.; Ben Taher, M.; Laknizi, A.; Ahachad, M.; Bahraoui, F.; Mahdaoui, M. Hybridization of Taguchi method and
genetic algorithm to optimize a PVT in different Moroccan climatic zones. Energy 2022, 250, 123802. [CrossRef]

Ilbeigi, M.; Ghomeishi, M.; Dehghanbanadaki, A. Prediction and optimization of energy consumption in an office building using
artificial neural network and a genetic algorithm. Sustain. Cities Soc. 2020, 61, 102325. [CrossRef]

Madathil, D.; Vpandi, R.P; Nair, M.G.; Jamasb, T.; Thakur, T. Consumer-focused solar-grid net zero energy buildings: A
multi-objective weighted sum optimization and application for India. Sustain. Prod. Consum. 2021, 27, 2101-2111. [CrossRef]
Madathil, D.; Pandi, V.R.; Nair, M.G.; Jamasb, T.; Thakur, T. Net Zero Energy in a Residential Building Using Heuristic
Optimization Solution. J. Control. Autom. Electr. Syst. 2021, 32, 458-471. [CrossRef]

Fayaz, M.; Kim, D. Energy Consumption Optimization and User Comfort Management in Residential Buildings Using a Bat
Algorithm and Fuzzy Logic. Energies 2018, 11, 161. [CrossRef]

Chekired, F.; Mahrane, A.; Samara, Z.; Chikh, M.; Guenounou, A.; Meflah, A. Fuzzy logic energy management for a photovoltaic
solar home. Energy Procedia 2017, 134, 723-730. [CrossRef]

Akhtar, S.; Bin Sujod, M.Z.; Hussain Rizvi, S.S. A Hybrid Soft Computing Framework for Electrical Energy Optimization. In
Proceedings of the 2021 6th International Multi-Topic ICT Conference (IMTIC), Jamshoro & Karachi, Pakistan, 10-12 November
2021; pp. 1-5. [CrossRef]

Dagdougui, H.; Minciardi, R.; Ouammi, A.; Robba, M.; Sacile, R. Modeling and optimization of a hybrid system for the energy
supply of a “Green” building. Energy Convers. Manag. 2012, 64, 351-363. [CrossRef]

Godina, R.; Rodrigues, E.M.G.; Pouresmaeil, E.; Matias, ].C.O.; Catalao, ].P.S. Model Predictive Control Technique for Energy
Optimization in Residential Sector. In Proceedings of the 2016 IEEE 16th International Conference on Environment and Electrical
Engineering (EEEIC), Florence, Italy, 7-10 June 2016; pp. 1-6. [CrossRef]

Alzahrani, A.; Sajjad, K.; Hafeez, G.; Murawwat, S.; Khan, S.; Khan, F.A. Real-time energy optimization and scheduling of
buildings integrated with renewable microgrid. Appl. Energy 2023, 335, 120640. [CrossRef]

Liu, Y,; Li, H,; Zhu, J.; Lin, Y.; Lei, W. Multi-objective optimal scheduling of household appliances for demand side management
using a hybrid heuristic algorithm. Energy 2023, 262, 125460. [CrossRef]

Zhang, Z.; Wen, K.; Sun, W. Optimization and sustainability analysis of a hybrid diesel-solar-battery energy storage structure for
zero energy buildings at various reliability conditions. Sustain. Energy Technol. Assess. 2023, 55, 102913. [CrossRef]

Alam Khan, E; Ullah, K.; Rahman, A.U.; Anwar, S. Energy optimization in smart urban buildings using bio-inspired ant colony
optimization. Soft Comput. 2022, 27, 973-989. [CrossRef]

Costa-Carrapico, I.; Raslan, R.; Gonzalez, ].N. A systematic review of genetic algorithm-based multi-objective optimisation for
building retrofitting strategies towards energy efficiency. Energy Build. 2020, 210, 109690. [CrossRef]

Stluka, P.; Godbole, D.; Samad, T. Energy Management for Buildings and Microgrids. In Proceedings of the 2011 50th IEEE
Conference on Decision and Control and European Control Conference, Orlando, FL, USA, 12-15 December 2011; pp. 5150-5157.
Zhou, Y.; Cao, S. Energy Flexibility Investigation of Advanced Grid-Responsive Energy Control Strategies with the Static Battery
and Electric Vehicles: A Case Study of a High-Rise Office Building in Hong Kong. Energy Convers. Manag. 2019, 199, 111888.
[CrossRef]

Mariano-Hernandez, D.; Hernandez-Callejo, L.; Zorita-Lamadrid, A.; Duque-Pérez, O.; Garcia, ES. A review of strategies for
building energy management system: Model predictive control, demand side management, optimization, and fault detect &
diagnosis. J. Build. Eng. 2020, 33, 101692. [CrossRef]

Ascione, E; Bianco, N.; De Masi, R.F.; Mauro, G.M.; Vanoli, G.P. Design of the Building Envelope: A Novel Multi-Objective
Approach for the Optimization of Energy Performance and Thermal Comfort. Sustainability 2015, 7, 10809-10836. [CrossRef]
Chenari, B.; Dias Carrilho, J.; Gameiro da Silva, M. Towards sustainable, energy-efficient and healthy ventilation strategies in
buildings: A review. Renew. Sustain. Energy Rev. 2016, 59, 1426-1447. [CrossRef]

Gilles, F; Bernard, S.; Ioannis, A.; Simon, R. Decision-making based on network visualization applied to building life cycle
optimization. Sustain. Cities Soc. 2017, 35, 565-573. [CrossRef]


https://doi.org/10.1016/j.enbuild.2014.12.032
https://doi.org/10.1016/j.enconman.2022.115593
https://doi.org/10.1016/j.enconman.2022.116283
https://doi.org/10.1016/j.apenergy.2020.115058
https://doi.org/10.1016/j.ijepes.2022.108529
https://doi.org/10.1016/j.apenergy.2019.114289
https://doi.org/10.1016/j.energy.2022.123802
https://doi.org/10.1016/j.scs.2020.102325
https://doi.org/10.1016/j.spc.2021.05.012
https://doi.org/10.1007/s40313-020-00685-7
https://doi.org/10.3390/en11010161
https://doi.org/10.1016/j.egypro.2017.09.566
https://doi.org/10.1109/IMTIC53841.2021.9719856
https://doi.org/10.1016/j.enconman.2012.05.017
https://doi.org/10.1109/EEEIC.2016.7555815
https://doi.org/10.1016/j.apenergy.2023.120640
https://doi.org/10.1016/j.energy.2022.125460
https://doi.org/10.1016/j.seta.2022.102913
https://doi.org/10.1007/s00500-022-07537-3
https://doi.org/10.1016/j.enbuild.2019.109690
https://doi.org/10.1016/j.enconman.2019.111888
https://doi.org/10.1016/j.jobe.2020.101692
https://doi.org/10.3390/su70810809
https://doi.org/10.1016/j.rser.2016.01.074
https://doi.org/10.1016/j.scs.2017.09.006

Energies 2023, 16, 6111 28 of 30

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

155.

156.

157.

158.

159.

160.

Luthander, R.; Widén, ].; Nilsson, D.; Palm, J. Photovoltaic self-consumption in buildings: A review. Appl. Energy 2015, 142, 80-94.
[CrossRef]

Vieira, FM.; Moura, PS.; de Almeida, A.T. Energy storage system for self-consumption of photovoltaic energy in residential zero
energy buildings. Renew. Energy 2017, 103, 308-320. [CrossRef]

Mehrjerdi, H.; Hemmati, R. Coordination of vehicle-to-home and renewable capacity resources for energy management in
resilience and self-healing building. Renew. Energy 2019, 146, 568-579. [CrossRef]

Bashir, A.A.; Kasmaei, M.P,; Safdarian, A.; Lehtonen, M. Matching of Local Load with On-Site PV Production in a Grid-Connected
Residential Building. Energies 2018, 11, 2409. [CrossRef]

Kikusato, H.; Mori, K.; Yoshizawa, S.; Fujimoto, Y.; Asano, H.; Hayashi, Y.; Kawashima, A.; Inagaki, S.; Suzuki, T. Electric Vehicle
Charge-Discharge Management for Utilization of Photovoltaic by Coordination Between Home and Grid Energy Management
Systems. IEEE Trans. Smart Grid 2019, 10, 3186-3197. [CrossRef]

Chen, J.; Zhang, Y.; Li, X.; Sun, B.; Liao, Q.; Tao, Y.; Wang, Z. Strategic integration of vehicle-to-home system with home distributed
photovoltaic power generation in Shanghai. Appl. Energy 2020, 263, 114603. [CrossRef]

Kiss, B.; Szalay, Z. Modular approach to multi-objective environmental optimization of buildings. Autom. Constr. 2020, 111,
103044. [CrossRef]

Sajn, N. Energy Efficiency of Buildings: A Nearly Zero-Energy Future? European Parliamentary Research Service (EPRS). May
2016. Available online: https:/ /www.europarl.europa.eu/thinktank/en/document/EPRS_BRI(2016)582022 (accessed on 30 July
2023).

da Graga Carvalho, M. EU energy and climate change strategy. Energy 2012, 40, 19-22. [CrossRef]

Ionescu, C.; Baracu, T.; Vlad, G.-E.; Necula, H.; Badea, A. The historical evolution of the energy efficient buildings. Renew. Sustain.
Energy Rev. 2015, 49, 243-253. [CrossRef]

ISO 14040:2006; Environmental Management—Life Cycle Assessment—Principles and Framework. International Organization
for Standardization (ISO): Geneva, Switzerland, 2006. Available online: https://www.iso.org/cms/render/live/en/sites/isoorg/
contents/data/standard /03/74/37456.html (accessed on 8 July 2022).

Rebitzer, G.; Ekvall, T.; Frischknecht, R.; Hunkeler, D.; Norris, G.; Rydberg, T.; Schmidt, W.-P,; Suh, S.; Weidema, B.P.; Pennington,
D.W. Life cycle assessment: Part 1: Framework, goal and scope definition, inventory analysis, and applications. Environ. Int. 2004,
30, 701-720. [CrossRef]

Han, G.; Srebric, ]J.; Enache-Pommer, E. Variability of optimal solutions for building components based on comprehensive life
cycle cost analysis. Energy Build. 2014, 79, 223-231. [CrossRef]

Wang, W.; Rivard, H.; Zmeureanu, R.G. Optimizing Building Design with Respect to Life-Cycle Environmental Impacts. In
Proceedings of the Eighth International IBPSA Conference, Eindhoven, The Netherlands, 11-14 August 2003; pp. 1355-1362.
Abdollahi, G.; Meratizaman, M. Multi-objective approach in thermoenvironomic optimization of a small-scale distributed CCHP
system with risk analysis. Energy Build. 2011, 43, 3144-3153. [CrossRef]

Ohene, E.; Chan, A.P; Darko, A. Prioritizing barriers and developing mitigation strategies toward net-zero carbon building sector.
Build. Environ. 2022, 223, 109437. [CrossRef]

Roberts, M.; Allen, S.; Coley, D. Life cycle assessment in the building design process—A systematic literature review. Build.
Environ. 2020, 185, 107274. [CrossRef]

Feng, H.; Zhao, ]J.; Zhang, H.; Zhu, S.; Li, D.; Thurairajah, N. Uncertainties in whole-building life cycle assessment: A systematic
review. J. Build. Eng. 2022, 50, 104191. [CrossRef]

Palumbo, E. Effect of LCA Data Sources on GBRS Reference Values: The Envelope of an Italian Passive House. Energies 2021, 14,
1883. [CrossRef]

Longo, S.; Montana, F.; Sanseverino, E.R. A review on optimization and cost-optimal methodologies in low-energy buildings
design and environmental considerations. Sustain. Cities Soc. 2019, 45, 87-104. [CrossRef]

Hasan, A.; Vuolle, M.; Sirén, K. Minimisation of life cycle cost of a detached house using combined simulation and optimisation.
Build. Environ. 2008, 43, 2022-2034. [CrossRef]

Pal, S.K.; Takano, A.; Alanne, K; Siren, K. A life cycle approach to optimizing carbon footprint and costs of a residential building.
Build. Environ. 2017, 123, 146-162. [CrossRef]

Hamdy, M.; Hasan, A,; Siren, K. A multi-stage optimization method for cost-optimal and nearly-zero-energy building solutions
in line with the EPBD-recast 2010. Energy Build. 2013, 56, 189-203. [CrossRef]

Wang, B.; Xia, X.; Zhang, ]. A multi-objective optimization model for the life-cycle cost analysis and retrofitting planning of
buildings. Energy Build. 2014, 77, 227-235. [CrossRef]

Tokarik, M.S.; Richman, R.C. Life cycle cost optimization of passive energy efficiency improvements in a Toronto house. Energy
Build. 2016, 118, 160-169. [CrossRef]

Wu, W,; Guo, J.; Li, J.; Hou, H.; Meng, Q.; Wang, W. A multi-objective optimization design method in zero energy building study:
A case study concerning small mass buildings in cold district of China. Energy Build. 2018, 158, 1613-1624. [CrossRef]

Bucking, S.; Dermardiros, V. Distributed evolutionary algorithm for co-optimization of building and district systems for early
community energy masterplanning. Appl. Soft Comput. 2018, 63, 14-22. [CrossRef]

Heine, K.; Tabares-Velasco, P.C.; Deru, M. Design and dispatch optimization of packaged ice storage systems within a connected
community. Appl. Energy 2021, 298, 117147. [CrossRef]


https://doi.org/10.1016/j.apenergy.2014.12.028
https://doi.org/10.1016/j.renene.2016.11.048
https://doi.org/10.1016/j.renene.2019.07.004
https://doi.org/10.3390/en11092409
https://doi.org/10.1109/TSG.2018.2820026
https://doi.org/10.1016/j.apenergy.2020.114603
https://doi.org/10.1016/j.autcon.2019.103044
https://www.europarl.europa.eu/thinktank/en/document/EPRS_BRI(2016)582022
https://doi.org/10.1016/j.energy.2012.01.012
https://doi.org/10.1016/j.rser.2015.04.062
https://www.iso.org/cms/render/live/en/sites/isoorg/contents/data/standard/03/74/37456.html
https://www.iso.org/cms/render/live/en/sites/isoorg/contents/data/standard/03/74/37456.html
https://doi.org/10.1016/j.envint.2003.11.005
https://doi.org/10.1016/j.enbuild.2013.10.036
https://doi.org/10.1016/j.enbuild.2011.08.010
https://doi.org/10.1016/j.buildenv.2022.109437
https://doi.org/10.1016/j.buildenv.2020.107274
https://doi.org/10.1016/j.jobe.2022.104191
https://doi.org/10.3390/en14071883
https://doi.org/10.1016/j.scs.2018.11.027
https://doi.org/10.1016/j.buildenv.2007.12.003
https://doi.org/10.1016/j.buildenv.2017.06.051
https://doi.org/10.1016/j.enbuild.2012.08.023
https://doi.org/10.1016/j.enbuild.2014.03.025
https://doi.org/10.1016/j.enbuild.2016.02.015
https://doi.org/10.1016/j.enbuild.2017.10.102
https://doi.org/10.1016/j.asoc.2017.10.044
https://doi.org/10.1016/j.apenergy.2021.117147

Energies 2023, 16, 6111 29 of 30

161.

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.

172.

173.

174.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

Huang, P,; Sun, Y.; Lovati, M.; Zhang, X. Solar-photovoltaic-power-sharing-based design optimization of distributed energy
storage systems for performance improvements. Energy 2021, 222, 119931. [CrossRef]

Sun, Y,; Huang, G.; Xu, X,; Lai, A.C.-K. Building-group-level performance evaluations of net zero energy buildings with
non-collaborative controls. Appl. Energy 2018, 212, 565-576. [CrossRef]

Lopes, R.A.; Martins, J.; Aelenei, D.; Lima, C.P. A cooperative net zero energy community to improve load matching. Renew.
Energy 2016, 93, 1-13. [CrossRef]

Gao, D.-C,; Sun, Y. A GA-based coordinated demand response control for building group level peak demand limiting with
benefits to grid power balance. Energy Build. 2016, 110, 31-40. [CrossRef]

Liu, Z.; Wu, Q.; Shahidehpour, M.; Li, C.; Huang, S.; Wei, W. Transactive Real-Time Electric Vehicle Charging Management for
Commercial Buildings with PV On-Site Generation. IEEE Trans. Smart Grid 2018, 10, 4939-4950. [CrossRef]

Mohammadi, Y.; Shakouri, H.; Kazemi, A. A Multi-Objective Fuzzy Optimization Model for Electricity Generation and Consump-
tion Management in a Micro Smart Grid. Sustain. Cities Soc. 2022, 86, 104119. [CrossRef]

Fan, G,; Liu, Z; Liu, X; Shi, Y.; Wu, D.; Guo, J.; Zhang, S.; Yang, X.; Zhang, Y. Energy management strategies and multi-objective
optimization of a near-zero energy community energy supply system combined with hybrid energy storage. Sustain. Cities Soc.
2022, 83, 103970. [CrossRef]

Soares, A.; Gongalves, G.; Moura, P. Management of Energy Storage in Transactive Energy Communities. In Proceedings of the
2022 International Conference on Smart Energy Systems and Technologies (SEST), Eindhoven, The Netherlands, 5-8 September
2022; pp. 1-6. [CrossRef]

Moura, P; Sriram, U.; Mohammadi, J. Sharing Mobile and Stationary Energy Storage Resources in Transactive Energy Communi-
ties. In Proceedings of the 2021 IEEE Madrid PowerTech, Madrid, Spain, 9-13 June 2021; pp. 1-6. [CrossRef]

Hao, H.; Corbin, C.D; Kalsi, K.; Pratt, R.G. Transactive Control of Commercial Buildings for Demand Response. IEEE Trans.
Power Syst. 2017, 32, 774-783. [CrossRef]

Moura, P; Yu, G K.W.; Mohammadji, ]. Management of Electric Vehicles as Flexibility Resource for Optimized Integration of
Renewable Energy with Large Buildings. In Proceedings of the 2020 IEEE PES Innovative Smart Grid Technologies Europe
(ISGT-Europe), The Hague, The Netherlands, 26-28 October 2020; pp. 474-478. [CrossRef]

Ouammi, A. Optimal Power Scheduling for a Cooperative Network of Smart Residential Buildings. IEEE Trans. Sustain. Energy
2016, 7, 1317-1326. [CrossRef]

Guo, Y.; Pan, M,; Fang, Y.; Khargonekar, P.P. Decentralized Coordination of Energy Utilization for Residential Households in the
Smart Grid. IEEE Trans. Smart Grid 2013, 4, 1341-1350. [CrossRef]

Palacios-Garcia, E.J.; Moreno-Munoz, A.; Santiago, I.; Moreno-Garcia, L. M.; Milanés-Montero, M.I. Smart Community Load
Matching Using Stochastic Demand Modeling and Historical Production Data. In Proceedings of the 2016 IEEE 16th International
Conference on Environment and Electrical Engineering (EEEIC), Florence, Italy, 7-10 June 2016; pp. 1-6. [CrossRef]

Wu, D.; Zeng, H.; Lu, C.; Boulet, B. Two-Stage Energy Management for Office Buildings With Workplace EV Charging and
Renewable Energy. IEEE Trans. Transp. Electrif. 2017, 3, 225-237. [CrossRef]

Barbour, E.; Parra, D.; Awwad, Z.; Gonzalez, M.C. Community energy storage: A smart choice for the smart grid? Appl. Energy
2018, 212, 489-497. [CrossRef]

Gupta, R.; Bruce-Konuah, A.; Howard, A. Achieving energy resilience through smart storage of solar electricity at dwelling and
community level. Energy Build. 2019, 195, 1-15. [CrossRef]

Fachrizal, R.; Munkhammar, J. Improved Photovoltaic Self-Consumption in Residential Buildings with Distributed and Central-
ized Smart Charging of Electric Vehicles. Energies 2020, 13, 1153. [CrossRef]

Paterakis, N.G.; Erdinc, O.; Pappi, I.N.; Bakirtzis, A.G.; Catalao, J.P.S. Coordinated Operation of a Neighborhood of Smart
Households Comprising Electric Vehicles, Energy Storage and Distributed Generation. IEEE Trans. Smart Grid 2016, 7, 2736-2747.
[CrossRef]

Antunes, C.H.; Alves, M.].; Soares, I. A comprehensive and modular set of appliance operation MILP models for demand response
optimization. Appl. Energy 2022, 320, 119142. [CrossRef]

Braeuer, F.; Kleinebrahm, M.; Naber, E.; Scheller, F.; McKenna, R. Optimal system design for energy communities in multi-family
buildings: The case of the German Tenant Electricity Law. Appl. Energy 2022, 305, 117884. [CrossRef]

Quddus, A.; Shahvari, O.; Marufuzzaman, M.; Usher, ].M.; Jaradat, R. A collaborative energy sharing optimization model among
electric vehicle charging stations, commercial buildings, and power grid. Appl. Energy 2018, 229, 841-857. [CrossRef]
Bagajewicz, M.; Manousiouthakis, V. On the Generalized Benders Decomposition. Comput. Chem. Eng. 1991, 15, 691-700.
[CrossRef]

Moon, S.; Lee, J.-W. Multi-Residential Demand Response Scheduling with Multi-Class Appliances in Smart Grid. IEEE Trans.
Smart Grid 2016, 9, 2518-2528. [CrossRef]

Mediwaththe, C.P; Stephens, E.R.; Smith, D.B.; Mahanti, A. A Dynamic Game for Electricity Load Management in Neighborhood
Area Networks. IEEE Trans. Smart Grid 2015, 7, 1329-1336. [CrossRef]

Luthander, R.; Widén, J.; Munkhammar, J.; Lingfors, D. Self-consumption enhancement and peak shaving of residential
photovoltaics using storage and curtailment. Energy 2016, 112, 221-231. [CrossRef]

Sardji, J.; Mithulananthan, N.; Hung, D.Q. Strategic allocation of community energy storage in a residential system with rooftop
PV units. Appl. Energy 2017, 206, 159-171. [CrossRef]


https://doi.org/10.1016/j.energy.2021.119931
https://doi.org/10.1016/j.apenergy.2017.11.076
https://doi.org/10.1016/j.renene.2016.02.044
https://doi.org/10.1016/j.enbuild.2015.10.039
https://doi.org/10.1109/TSG.2018.2871171
https://doi.org/10.1016/j.scs.2022.104119
https://doi.org/10.1016/j.scs.2022.103970
https://doi.org/10.1109/SEST53650.2022.9898494
https://doi.org/10.1109/PowerTech46648.2021.9494999
https://doi.org/10.1109/TPWRS.2016.2559485
https://doi.org/10.1109/isgt-europe47291.2020.9248808
https://doi.org/10.1109/TSTE.2016.2525728
https://doi.org/10.1109/TSG.2013.2268581
https://doi.org/10.1109/EEEIC.2016.7555885
https://doi.org/10.1109/TTE.2017.2659626
https://doi.org/10.1016/j.apenergy.2017.12.056
https://doi.org/10.1016/j.enbuild.2019.04.012
https://doi.org/10.3390/en13051153
https://doi.org/10.1109/TSG.2015.2512501
https://doi.org/10.1016/j.apenergy.2022.119142
https://doi.org/10.1016/j.apenergy.2021.117884
https://doi.org/10.1016/j.apenergy.2018.08.018
https://doi.org/10.1016/0098-1354(91)85015-M
https://doi.org/10.1109/TSG.2016.2614546
https://doi.org/10.1109/TSG.2015.2438892
https://doi.org/10.1016/j.energy.2016.06.039
https://doi.org/10.1016/j.apenergy.2017.08.186

Energies 2023, 16, 6111 30 of 30

188.

189.

190.

191.

192.

193.

194.

195.

196.

Ebrahimi, J.; Abedini, M. A two-stage framework for demand-side management and energy savings of various buildings in multi
smart grid using robust optimization algorithms. J. Build. Eng. 2022, 53, 104486. [CrossRef]

Liu, J.; Chen, X,; Yang, H.; Shan, K. Hybrid renewable energy applications in zero-energy buildings and communities integrating
battery and hydrogen vehicle storage. Appl. Energy 2021, 290, 116733. [CrossRef]

Henni, S.; Staudt, P.; Weinhardt, C. A sharing economy for residential communities with PV-coupled battery storage: Benefits,
pricing and participant matching. Appl. Energy 2021, 301, 117351. [CrossRef]

Soto, E.A.; Bosman, L.B.; Wollega, E.; Leon-Salas, W.D. Peer-to-peer energy trading: A review of the literature. Appl. Energy 2021,
283,116268. [CrossRef]

Zepter, ].M.; Liith, A.; del Granado, P.C.; Egging, R. Prosumer integration in wholesale electricity markets: Synergies of
peer-to-peer trade and residential storage. Energy Build. 2019, 184, 163-176. [CrossRef]

Kang, J.; Yu, R.; Huang, X.; Maharjan, S.; Zhang, Y.; Hossain, E. Enabling Localized Peer-to-Peer Electricity Trading Among
Plug-in Hybrid Electric Vehicles Using Consortium Blockchains. IEEE Trans. Ind. Inform. 2017, 13, 3154-3164. [CrossRef]
Ableitner, L.; Tiefenbeck, V.; Meeuw, A.; Worner, A.; Fleisch, E.; Wortmann, F. User behavior in a real-world peer-to-peer electricity
market. Appl. Energy 2020, 270, 115061. [CrossRef]

Tushar, W.; Saha, TK.; Yuen, C.; Liddell, P; Bean, R.; Poor, H.V. Peer-to-Peer Energy Trading with Sustainable User Participation:
A Game Theoretic Approach. IEEE Access 2018, 6, 62932-62943. [CrossRef]

Alvaro-Hermana, R.; Fraile-Ardanuy, J.; Zufiria, PJ.; Knapen, L.; Janssens, D. Peer to Peer Energy Trading with Electric Vehicles.
IEEE Intell. Transp. Syst. Mag. 2016, 8, 33—44. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.jobe.2022.104486
https://doi.org/10.1016/j.apenergy.2021.116733
https://doi.org/10.1016/j.apenergy.2021.117351
https://doi.org/10.1016/j.apenergy.2020.116268
https://doi.org/10.1016/j.enbuild.2018.12.003
https://doi.org/10.1109/TII.2017.2709784
https://doi.org/10.1016/j.apenergy.2020.115061
https://doi.org/10.1109/ACCESS.2018.2875405
https://doi.org/10.1109/MITS.2016.2573178

	Introduction 
	The Evolution of Energy in Buildings 
	Energy Optimization in Buildings 

	Materials and Methods 
	Research Objectives 
	Limitations of Literature Review 

	Results 
	Method-Based Analysis 
	Exact Optimization 
	Heuristic and Meta-Heuristic Methods 

	Objective-Based Analysis 
	Technical Objectives 
	Environmental Objectives 
	Economic Objectives 

	Scope-Based Analysis 

	Discussion 
	Outcomes 
	Gaps and Future Work 

	Conclusions 
	References

