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Abstract

In the context of the global energy transition and China’s “double carbon” strategy, power
demand continues to grow, leading to expanded power plant construction that faces chal‑
lenges such as spatial resource conflicts and multi‑objective trade‑offs. Multi‑objective op‑
timization methods are widely used for coordinating economic, environmental, and social
objectives in power plant site selection. This paper systematically reviews the application
of multi‑objective optimization in power plant site selection using bibliometric and clas‑
sification methods. The review covers four dimensions, namely, research trends, objec‑
tive functions, constraints, and optimization algorithms, thereby constructing a reference
framework. The study revealed that research began in 2008, with wind farm site selec‑
tion now accounting for the greatest proportion. Objective functions can be summarized
into four dimensions: energy and utilization, costs or benefits, engineering feasibility, and
environmental and social impacts. There are six types of constraints for optimization: eco‑
nomic, technical, environmental, social, resource, and spatial. Genetic algorithms and their
variants are the most widely used. This framework enhances the scientific rigor of power
plant site selection and supports feasibility assessment, providing methodological refer‑
ences for site selection for power plants.

Keywords: power plant; site selection; multi‑objective optimization

1. Introduction
Power plant site selection in China is undergoing a transition from high‑speed devel‑

opment to high‑quality development. Influenced by global climate change, electrification,
and digitalization, under the backdrop of the global energy transition, China’s proposed
“double carbon” strategic goals (carbon peaking and carbon neutrality) pose significant
challenges to the energy transition of the domestic power industry [1]. According to the
International Energy Agency’s survey report, as of 2024, global electricity demand has
experienced the greatest growth on record, with electricity consumption increasing pro‑
gressively; China’s electricity consumption growth in 2024 exceeded 550 TWh, far surpass‑
ing that in other regions worldwide [2]. Under the combined effects of rapidly growing
electricity demand and stringent energy transition constraints, clean energy power plants,
such as hydropower, wind power, photovoltaic power, nuclear power, and pumped stor‑
age, have been constructed tomeet electricity demand. However, alongside the large‑scale
construction of these power plants, land requirements continue to grow annually, which
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overlaps with other land use demands [3]. Additionally, the reduction in available site
space further constrains power plant site selection, which faces challenges related to ge‑
ographical conditions, technical constraints, and social acceptance [4–6]. Furthermore,
previous power plant construction decisions tended to prioritize high‑quality spatial re‑
sources (i.e., spatial units that meet the following criteria: terrain suitability, low land‑use
conflicts, minimal ecological and policy constraints, manageable population density risks,
sufficient distance from sensitive facilities, and alignment with the resource and infrastruc‑
ture requirements of the specific power generation technology [7]), leading to a decrease in
developable high‑quality site resources [8]. Therefore, selecting themost suitable locations
for power plant construction within remaining land space has become an urgent priority
in current energy facility site selection.

In power plant site selection processes, decision‑makers typically aim to maximize
operational efficiency while minimizing development costs, construction complexity, and
environmental impacts. However, practical scenarios often reveal conflicts inwhich single‑
site selection plans fail to balance these objectives [9] or even create contradictions [10].
Typical examples include wind farm locations: proximity to urban areas makes power
transmission more convenient but frequently leads to noise pollution, while construc‑
tion may endanger nearby bird populations, necessitating the avoidance of avian habi‑
tat zones [11]. To address these competing objectives and ensure that power plant de‑
signs meet economic, environmental, and social requirements, multi‑objective optimiza‑
tion (MOO) methodologies have gained prominence in energy infrastructure planning.
Unlike single‑objective optimization, which seeks singular optimal solutions, MOO identi‑
fies a set of solutions termed the Pareto frontier. Within this framework, no solution univer‑
sally outperforms others across all criteria; however, each solution demonstrates superior‑
ity over alternatives in at least one objective [12,13]. By integratingmultiple evaluationmet‑
rics during Pareto frontier generation, MOO enables comprehensive optimization of site
selection strategies through balanced consideration of diverse assessment criteria. Com‑
pared with another commonly usedmethod for energy facility site selection, multi‑criteria
decision‑making (MCDM) [14], MOO does not generally require all objectives to be aggre‑
gated into a single weighted index before optimization. Instead, MOO generates a set of
Pareto‑optimal solutions that explicitly represent trade‑offs among conflicting objectives.

To date, the academic community has conducted extensive single‑site/regional stud‑
ies employing multi‑objective optimization methods for power plant site selection and
layout planning, covering diverse energy facilities, including wind power, photovoltaic
systems, and thermal power plants. However, a notable lack of systematic reviews specif‑
ically addressing “multi‑objective optimization‑based power plant site selection” remains,
particularly from modern perspectives on objective functions, constraint conditions, and
implementation methodologies. In light of this gap, conducting a systematic review fo‑
cusing on the current application status of multi‑objective optimization methods in power
plant site selection, methodological variations, and data constraint approaches holds sig‑
nificant theoretical and practical value.

In this study, power plant site selection based on multi‑objective optimization meth‑
ods is investigated, and four key components are systematically addressed: site selection
objects, objective functions, site selection constraints and algorithms for multi‑objective
optimization. The analysis firstly reviews various types of power plants and their site
selection characteristics, then systematically summarizes the objective functions and con‑
straints employed in existing studies, and integrates these objectives into a unified ana‑
lytical framework. Subsequently, the paper provides a comprehensive review of multi‑
objective optimization algorithms applied to power plant siting, examining their theoreti‑
cal properties, advantages, limitations, and applicable scenarios. By integrating these crit‑
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ical dimensions—site selection objects, objective functions, constraints and algorithms—
this research provides systematic methodological references and theoretical foundations
for future multi‑objective optimization applications in energy facility site selection. In ad‑
dition, in the subsequent use of professional terminology, this article consistently follows
the content of Table A1 in Appendix A.

2. Taxonomy and Bibliometric Analysis
2.1. Power Plant Classification System

The fundamental principle of energy facilities such as power plants lies in converting
primary energy sources into electrical energy. On the basis of existing reviews and reports
on various types of power plants [15–17], current power plants can be classified into the
following categories according to different energy sources (see Table 1). Since case studies
on site selection optimization using multi‑objective optimization methods are available
for only seven types of power plants—including coal‑fired power plants (thermal power),
nuclear power plants, biomass gasification power plants, hydropower plants, wind farms,
solar photovoltaic systems, and hybrid power generation systems—this section focuses
solely on the objective function systems of these seven categories.

Table 1. Power plant types by energy source classification.

Power Plants Classification Main Power Generation Type Typical Representative and Explanation

Fossil fuel power plant Coal‑fired power generation Traditional thermal power plants and coal
gasification combined cycle power generation

Electricity generation from
petroleum

Steam or gas power plant fuelled by petroleum or
heavy oil

Natural gas power generation Gas turbine and combined cycle power generation

Nuclear power plant Reactor nuclear power Nuclear power system using steam turbine driven
by fission heat

Biomass and waste‑to‑energy
power plant Biomass gasification power Power generation through biomass gasification

using wood chips, straw, and other materials

Generating electricity through refuse
incineration

Incineration power generation from urban solid
waste

Landfill gas power generation Power generation using methane gas produced
from landfill

Renewable energy power plant Hydroelectricity Conventional reservoir type, runoff type

Pumped storage Peak load regulation achieved through conversion
of electrical energy and potential energy

Wind electricity Onshore and offshore wind farms

Solar photovoltaic Photovoltaic modules convert light energy into
electrical energy

Solar Thermal Power Generation Concentrating solar power driven Rankine cycle

Geothermal power generation Utilization of geothermal water or steam for
power generation

Ocean power generation Tides, waves, ocean currents and ocean thermal
energy conversion

Fuel cell Fuel cell power generation Hydrogen fuel reacts with air to generate
electricity

Hybrid system power plant Hybrid power system
Multienergy complementary power plant
(e.g., wind–solar–hydropower–energy storage
systems)
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2.2. Bibliometric Analysis

In this study, bibliometric methods were employed to examine the research status of
energy facility site selection problems using multi‑objective optimization approaches. To
improve the reproducibility and completeness of the literature retrieval process, the scope
of the English literature search includes Google Scholar, ScienceDirect, SpringerLink, IEEE
Xplore, and Web of Science. The search was conducted for studies published from Jan‑
uary 2008 to May 2026, without restrictions on publication year or journal category. The
core English search string was constructed as follows: (“multi‑objective optimization” OR
“multiobjective optimization”OR “MOO”)AND (“site selection”OR “siting”OR “location
selection” OR “layout optimization”) AND (“power plant” OR “wind” OR “solar photo‑
voltaic”OR “PV”OR “thermal”OR “hydropower”OR “biomass”OR “nuclear power”OR
“hybrid” OR “tidal”). Additional iterative searches were conducted by combining multi‑
objective optimization terms with specific power generation types, including wind, solar,
thermal, hydro, biomass, nuclear, and hybrid power plants.

The inclusion criteria were as follows: (1) the study explicitly addressed power plant
site selection, siting, location selection, or layout optimization; (2) the study adopted a
multi‑objective optimization framework and generated or discussed Pareto‑optimal so‑
lutions; (3) the study focused on one or more power generation facilities; and (4) suffi‑
cient information on objectives, constraints, decision variables, or algorithms was avail‑
able for classification. Studies were excluded if they transformed all objectives into a sin‑
gle weighted objective, relied solely on multicriteria decision‑making methods without
multi‑objective optimization, lacked a clear site selection or layout optimization compo‑
nent, or were unrelated to power generation facilities. After duplicate removal, title and
abstract screening, and full‑text assessment, 36 relevant English articles were retained for
final analysis.

In addition, a Chinese literature search was performed using the China National
Knowledge Infrastructure (CNKI). Keywords such as “多目标优化”, “多目标” and “选址”
were used, supplemented by iterative searches with power generation‑type terms such as
“风电”, “光伏”, “水电”, “火电”, “生物质”, “核电”, “混合”, “潮汐” and “地热能”. Given the
limited number of relevant studies, no restrictions were placed on journal type or publica‑
tion year. Following the same exclusion criteria as in the English literature, only 6 Chinese
articles that strictly addressedmulti‑objective optimization for energy facility site selection
were ultimately included. The changes in the total number of literature articles specifically
retrieved and obtained are shown in Table A2 in Appendix A.

Notably, to clarify the scope of this review, studies based solely on MCDM methods
were not included unless they were combined with a MOO model. MOO and MCDM are
related but distinct approaches. In general, MOO aims to generate a set of Pareto‑optimal
solutions that represent trade‑offs among conflicting objectives, whereas MCDMmethods
are often used to rank, evaluate, or select alternatives according to preference information.
However, MOO is not completely free from preferences. In practical applications, pref‑
erences may still be introduced through constraint thresholds, objective normalization or
reference points. Therefore, MOO and MCDM should not be regarded as mutually exclu‑
sive approaches. Hybrid MOO–MCDM frameworks can be useful in energy facility site
selection when both optimization results and transparent decision support are required.

We collected the relevant literature and conducted a statistical analysis of the re‑
search content and publication timelines, summarizing the research trends in this field
through a visual representation. As shown in Figure 1, studies on power plant site se‑
lection based on multi‑objective optimization methods experienced a surge starting in
2016, with significant increases in published papers during two periods: 2016–2018 and
2023–2025. The right panel shows that among the 42 collected literature articles, 27 fo‑
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cused on wind farms [18–44], 3 on hybrid wind–solar power plants [45–47], 3 on biomass
energy stations [48–50], 2 on thermal power plants [51,52], 3 on photovoltaic power
plants [53–55], 3 on hydropower plants [56–58], and 1 on nuclear power plants [59]. As
shown in Figure 2, wind farm site selection usingmulti‑objective optimizationmethods ac‑
counted for approximately 65% of all the studies and dominated the field. This dominance
of wind farm studies can be interpreted from both bibliometric and technological perspec‑
tives. In the reviewed corpus, wind farm site selection and layout optimization accounted
for the largest share, with 27 out of 42 studies focusing on wind‑related applications. This
pattern is consistent with broader renewable‑energy decision‑making research, in which
wind energy has been identified as the most extensively studied technologies in MCDM‑
related renewable energy studies [60]. In particular, wind farm site‑selection research has
already developed into a mature and specialized research field. Previous systematic re‑
views on onshore and offshore wind farm siting have summarized a large body of stud‑
ies involving site‑selection methodologies, exclusion criteria, assessment criteria, spatial
planning scales, wind resource analysis, stakeholder participation, policy constraints, and
micro‑siting configuration of wind turbines [61]. This imbalance may also be related to the
physical and computational characteristics of different power generation facilities. Wind
farm micro‑scale layout optimization usually involves discrete turbine coordinates, wake
interactions, turbine spacing, terrain ruggedness, fatigue loads, and cable topology, which
naturally generate conflicting objectives and complex spatial constraints.

Figure 1. Annual publication trend of the reviewed studies from January 2008 to May 2026. The
bar chart shows the number of studies published each year, and the line chart shows the cumulative
number of publications. The data for 2026 are incomplete and only reflect studies collected up to
May 2026.

In addition, recent developments in renewable energy technologies have led to the
development of photovoltaic power plants and multi‑energy hybrid complementary sys‑
tems (e.g., wind–solar hybrid plants), which collectively represent approximately 18% of
the research outputs, highlighting their strategic significance. Although studies on multi‑
objective optimization for biomass energy stations, hydropower plants, thermal power
plants, and nuclear power plants remain limited, they demonstrate the method’s appli‑
cability across diverse power plant site selection scenarios.

The distributions of keywords, study regions, institutional affiliations, and publica‑
tion sources reveal a clear methodological orientation, regional differentiation, and inter‑
disciplinary character in the reviewed literature. First, the keyword structure is dominated
by methodological terms such as “multi‑objective optimization”, “Pareto optimization”,
“NSGA‑II” and “NSGA‑III”, togetherwith spatial decision‑related terms such as “site selec‑
tion”, “layout optimization” and “spatial planning”. This indicates that the central concern
of this research field is the coordination of trade‑offs among multiple objectives in energy
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facility planning. Second, the distribution of study regions reflects the influence of resource
endowment and planning demand. China appears most frequently as a study region, fol‑
lowed by the United States, India, the United Kingdom, and several European countries,
while cases from Vietnam, Mozambique, Brazil, and the Amazon Basin, highlight spatial
trade‑offs between energy development and environmental constraints in developing re‑
gions or ecologically sensitive areas. The distribution of institutional affiliations similarly
shows that China, the United States, the United Kingdom, and India are major contribu‑
tors to knowledge production in this field. The relationship between institutional coun‑
tries and study regions can be characterized by both domestic studies conducted by local
institutions and cross‑regional or international studies conducted through collaboration
or methodological transfer, indicating that this field combines local engineering practice
with global diffusion of optimization methods. Finally, publication sources show a strong
energy engineering orientation and interdisciplinary nature. Most studies are published
in energy‑related journals such as Energy Conversion and Management, Renewable Energy,
and Energy, while others appear in journals such asOcean Engineering, Applied Soft Comput‑
ing, Swarm and Evolutionary Computation, Environmental Science & Policy, and Sustainability.
This pattern suggests that the field has extended beyond the application of optimization
algorithms alone toward an integrated research framework involving spatial data process‑
ing, environmental constraints, policy analysis, and sustainable decision support.

Figure 2. Distribution of the reviewed studies by power plant type. The figure summarizes the
number and proportion of studies associated with different power plant types in the final litera‑
ture corpus.

3. Optimization Objectives for Site Selection
In the power plant site selection decision‑making process based onmulti‑objective op‑

timization methods, the formulation of objective functions constitutes the core component
of the site selection problem. The rationality of the objective function design directly af‑
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fects the scientific validity of the entire site selection plan and the reliability of its outcomes.
Owing to variations in operational characteristics, resource dependencies, environmental
impacts, social acceptance levels, and technoeconomic conditions among different types
of power plants, the optimization objectives involved may differ slightly. In this study,
all objective function areas from the relevant literature are systematically aggregated, as
presented in Table 2.

Table 2. The optimization objective areas considered by each type of power plant in the site selec‑
tion tasks.

Power Plant Type/
Objective Dimension Energy Economy Technical

Feasibility
Environmental

Effects Social Impacts

Wind farm [18–20,22–28,30,31,35–
37,39,41,43,44]

[18,19,22–24,27,29,32,
33,36,38,40,42–44]

[18,21,22,24–
28,31–36,39–41] [27,36,39,40,43] [26,29,30,37,38,42]

Thermal power plant [51,52] [51]

Hydroelectric station [56,58] [57] [56–58]

Photovoltaic plant [53–55] [54] [53–55] [53]

Biomass energy power
plant [48] [49,50] [48] [49,50]

Nuclear power plant [59] [59] [59] [59]

Hybrid energy power
plant [46,47] [45] [45–47]

Generally, the objective functions for power plant facility site selection based onmulti‑
objective optimization can be broadly categorized into multiple dimensions, including en‑
ergy, economic, technical, environmental, and social aspects, with these objectives often
exhibiting constraints or conflicts. In this study, classified discussions on various types of
power plants, are presented providing an analytical summary of their respective objective
functions for site selection decisions.

It must also be mentioned that, to reduce ambiguity in the classification of objective
functions and constraints, this review classified each item according to its modeling role
and dominant function in the original study. An item was coded as an objective func‑
tion when it was explicitly maximized or minimized in the optimization model. An item
was coded as a constraint when it was used to restrict the feasible solution space through
thresholds, exclusion rules, buffer distances, or mandatory feasibility requirements. When
the same indicator could belong to more than one category, the classification followed its
primary role in the original formulation rather than its possible secondary implications.

For example, the distance to transmission lines was coded as a technical objective
when it was optimized to improve grid accessibility or reduce transmission complexity,
as an economic objective when it was explicitly converted into construction or connection
cost, and as a spatial constraint when it was used as a mandatory distance threshold or
exclusion rule. Similarly, land‑use restrictions were coded as spatial constraints when they
defined available or prohibited construction areas, as environmental constraintswhen they
referred to protected areas, ecological reserves, wetlands, or biodiversity‑sensitive zones,
and as social constraints when they concerned residential areas, cultural heritage sites,
or public acceptance. This coding rule was applied consistently when constructing the
objective and constraint classifications in Tables 2 and 3 in the following section.

Table 3.Constraint areas considered for each type of power plant in the site selection tasks.

Power Plant Type/
Constraint Type

Economic
Constraints

Technical
Constraints

Environmental
Constraints

Social
Constraints

Resource
Constraints

Spatial
Constraints

Wind farm [24,33] [18–34,36–39,41–44] [18,24,28,35–37,40] [28,35,40,41] [24,35,40] [18–23,25–44]
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Table 3.Cont.

Power Plant Type/
Constraint Type

Economic
Constraints

Technical
Constraints

Environmental
Constraints

Social
Constraints

Resource
Constraints

Spatial
Constraints

Thermal power plant [52] [51,52] [52] [51,52]

Hydroelectric station [56–58] [55] [56,58]

Photovoltaic plant [53–55] [53,54] [54,55] [53]

Biomass energy
power plant [48–50] [48] [49] [50]

Nuclear power plant [59]

Hybrid energy power
plant [45–47] [45,47] [45,47] [45,46] [46]

3.1. Wind Farm

A wind farm is a facility that uses wind energy to drive wind turbines, which in turn
generate electricity through generators. Among the various forms of power generation,
wind power has become a crucial pillar of global energy structure transformation because
of its mature technology, abundant resources, and low carbon emissions.

Existing studies on wind farm site selection based on multi‑objective optimization
methods emphasize that, in addition to the objective function for determining the qual‑
ity of wind energy resources, which is essential for operational reliability, factors such as
technical complexity, environmental impact, and economic benefits must also be consid‑
ered. Academic research on multi‑objective optimization for wind farm site selection be‑
gan as early as 2010 [33], with contemporary objective function frameworks encompassing
resource requirements, economic indicators, engineering layout, and social impacts. This
study systematically reviews the literature on objective functions and categorizes multi‑
objective site selection optimization objectives into four key dimensions.

3.1.1. Maximization of Energy Supply and Utilization

During wind farm site selection, the adequacy of wind resources directly determines
the suitability of a location and serves as a critical factor in ensuring economic benefits
and other outputs. Ideal regional wind energy resources are characterized by stable wind
speeds, consistent wind directions, and appropriate air density. In the macro‑scale site
selection study of offshore wind farms conducted by Zhang et al. [19], the authors consid‑
ered the positive effects of air density and wind speed on wind farm efficiency, employing
maximized wind energy density as one of the objective functions.

With respect to the optimization of the layout of the micro‑scale layout optimization
of wind farms, the range of the wind energy resources within the study area does not sig‑
nificantly change. Therefore, in addition to methods for directly evaluating wind energy
resources, the power generation obtained by wind farms utilizing wind energy resources
is also the most critical objective function in numerous micro‑scale layout optimization
studies of wind farms. Almost all research employing multi‑objective optimization meth‑
ods for wind farm micro‑scale layout optimization uses power generation as the objec‑
tive function [18,20,23,25–28,30,34,36,37], which essentially reflects the degree of utiliza‑
tion of regional wind energy resources by wind farms through power generation. Taking
the micro‑scale layout optimization study of China’s Xinjiang wind farms conducted by
Liu et al. as an example [18], the objective of maximizing annual power generation is set
to achieve the most dispersed arrangement of wind turbines to reduce wake effects and
enhance the utilization efficiency of wind energy resources.

https://doi.org/10.3390/app16136727

https://doi.org/10.3390/app16136727


Appl. Sci. 2026, 16, 6727 9 of 31

3.1.2. Cost Minimization and Profit Maximization

The economic dimension objective function serves as themost direct indicator for eval‑
uating power plant construction effectiveness. Common objective functions include two
approaches: minimizing associated costs and maximizing economic returns. Since power
plant economic returns are influenced not only by site location but also by subsequent op‑
erational performance and market policies, most researchers adopt the “minimized asso‑
ciated costs” approach as the economic dimension objective function, which more directly
reflects construction outcomes.

Power plant site selection constitutes a long‑term process, requiring initial invest‑
ments to be strategically allocated across all lifecycle phases—including surveys, le‑
gal compliance, project management, engineering activities, emergency response, and
monitoring—to ensure successful project execution. For instance, in Mytilinou et al.’s UK
offshore wind farm micro‑scale layout optimization study [22], a four‑dimensional eco‑
nomic objective function was developed based on life cycle cost theory: minimizing up‑
front development and regulatory approval costs, production and procurement expenses,
installation and commissioning costs, and operational and maintenance expenditures. In
contrast, certain wind farm site selection optimization studies incorporating noneconomic
dimensions typically also employ single‑objectivemetrics of the economic dimension, such
as initial investment costs [23,32], the cost of electricity [24,32] or the levelized cost of elec‑
tricity [28,36].

3.1.3. Maximization of Technical Feasibility

Technical dimension objective functions are typically employed to quantify the engi‑
neering feasibility of wind farm construction and long‑term reliable operation and serve as
critical factors influencing plant performance. Inwind farm site selection optimization pro‑
cesses, technical dimension objective functions include but are not limited to total power
capacity, turbine count, cable length, and transmission/distribution losses.

The objective functions in the technical dimension can be roughly divided into two
usage scenarios. The first is for power generation facility layout objectives, such as in the
wind farm site selection study conducted by Spielhofer et al. in Switzerland [35], where ob‑
jective functions were employed across three technical dimensions: minimizing the num‑
ber of wind turbines, minimizing the spatial fraction of turbines, and maximizing the en‑
ergydensity (annual power generation divided by thewind farmarea). Additionally, there
are common cases where minimizing the cable length is used as one of the objectives to
prevent excessive distances between turbines [18,21,27,28]. The second scenario pertains
to power plant operations, exemplified by the wind farm site selection study conducted by
Verma et al. in Madhya Pradesh, India [24], where minimizing interregional transmission
and distribution losses was included as one of the objectives. Rodrigues et al. maximized
the energy utilization efficiency of wind farms in terms of microscale wind farm layout
optimization [25], whereas Biswas et al. employed both total wind farm output power
and wind farm efficiency as objective functions [31]. There are also intermediate objec‑
tives reflecting variations in power generation facilities during power plant operations; for
example, Zhang et al.’s wind farm layout optimization study in China’s Sichuan Province
employedminimizingmaximumdamage equivalent loads representing turbine structural
fatigue damage as the objective function to minimize the negative impact of turbine instal‑
lation environments on equipment [28].

3.1.4. Minimization of Environmental Effects

The objective functions in the environmental dimensions primarily reflect the effects
of power plant construction on ecosystems. With respect to environmental effects, wind
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farms utilize clean energy (wind power) for electricity generation, and their construction
and operation have relatively minor effects on regional ecosystems. Consequently, envi‑
ronmental objectives in wind farm site optimization are often indirectly addressed—for
instance, by minimizing land use [27,36]—rather than being explicitly quantified through
ecological damage metrics.

3.1.5. Minimization of Social Impacts

The objective functions in the social dimensions reflect the influences of power plant
construction on human communities. The impacts of wind farms on human communi‑
ties can be categorized into direct and indirect effects. Direct impacts involve the power
supply–demand balance between wind farms and society. Verma et al. [24] quantified
the disparity between regional electricity demand and wind farm generation capacity and
established a monthly root‑mean‑square error minimization objective function to achieve
supply–demand alignment. Indirect impactsmanifest primarily as persistent auditory and
visual disturbances. Acoustic interference stems from continuous noise pollution affecting
nearby residential areas during construction, while visual disturbances caused by land‑
scape modifications also contribute to public discontent. Mitigating these effects funda‑
mentally requires locating wind farms as far from residential zones as possible. To reduce
noise impacts, researchers have employed sound pressure level minimization objectives
to restrict wind farm distances from residential areas [26,30,37]. For visual mitigation,
Gonzalez‑Rodriguez et al. [29] developed a visual impact function based on geometric
parameters such as the field of view (lower values indicating reduced visual interference),
implementing distance constraints through optimization algorithms.

3.2. Thermal Power Plants

A thermal power plant is a power facility that uses fossil fuels such as coal and natural
gas to generate electricity by heating working fluids through combustion. Since thermal
power plants employ nonrenewable energy sources for power generation, their environ‑
mental impact ismore pronounced. The site selection quality directly affects energy supply
efficiency, environmental sustainability, and socioeconomic benefits.

Existing thermal power plant site selection optimization methods based on multi‑
objective optimization focus primarily on economic dimension objective functions. In their
study on thermal power plant site selection in northern Hunan, China [51], Bao et al. em‑
ployed three objective functions: minimizing economic criteria, minimizing environmen‑
tal criteria, and maximizing reliability criteria. One set of economic criteria refers to in‑
vestment and operational costs, including initial capital investment and coal supply con‑
sumption; another economic criteria are reflected by the sum of construction and main‑
tenance costs for emission control equipment and environmental loss costs of the power
plant; additionally, the authors defined the product of load transmitted by transmission
lines and transmission line length as the load moment and the sum of load moments from
the thermal power plant to various load points as the reliability criterion. Song et al. [52]
exclusively used economic dimension objective functions formacro‑scale site selection and
microlayout optimization of a thermal power plant in Guangyuan County, Sichuan, China,
achieving economic objectives pursued by decision‑makers at different levels by minimiz‑
ing annual investment and operational costs, maximizing site layout profits, and minimiz‑
ing environmental impacts quantified through environmental costs.

3.3. Hydropower Plants

A hydropower plant is a renewable energy facility that converts water potential or
kinetic energy into electrical energy. By constructing projects such as river dams andwater
diversion systems, a hydropower plant transforms water head or flow into mechanical
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energy to drive generators for power generation. This type of plant serves as a key energy
source for ensuring energy security and achieving China’s “double carbon” goals in the
global energy transition.

The site selection of hydropower plants relies primarily on water bodies such as
rivers, whose locations are typically near these water bodies. In the Brazilian Paru River
hydropower plant dam site selection study conducted by de Paula [56], the authors for‑
mulated a objective function focusing on two dimensions: maximizing the total power
generation capacity from an energy perspective and minimizing the total reservoir inun‑
dation area while maximizing the undisturbed river segment length from environmental
and social perspectives. In contrast, Piao et al.’s hydropower plant site selection study [57]
integrated economic and social benefits into a combined benefit objective function, sum‑
marized geological and topographical risks along with natural disaster risks using risk in‑
dex objective functions, and established a dual‑objective function system combining profit
maximization with risk‑level coefficient minimization.

3.4. Photovoltaic Power Plants

Photovoltaic power plants (PV plants) are renewable energy facilities that directly
convert solar energy into electricity through photovoltaicmodules and represent one of the
fastest‑growing forms of renewable energy generation worldwide. Like wind farms, PV
plants also require the consideration of microscale layouts for multiple power generation
facilities (solar panels) in certain site selection scenarios.

In their study on photovoltaic power plant site selection in KaMavota District, Ma‑
puto City, Mozambique, Sicuaio et al. established six objective functions covering en‑
ergy and technical dimensions: maximizing solar radiation, minimizing the distance to
the grid, minimizing the distance to road networks, minimizing the distance to urban ar‑
eas, minimizing the slope, and maximizing the slope orientation [53]. Deng et al. con‑
ductedmicroscale layout optimization for photovoltaic power plants in the administrative
building area of Leshan Vocational and Technical College, Leshan City, Sichuan Province,
China [55], using energy dimension objectives such as maximizing power generation per
unit area and technical dimension objectives such as maximizing the overall operational
efficiency of photovoltaic systems. In contrast, Verma et al. [54] focused on environmen‑
tal and social dimensions in their research on site selection and layout optimization for
photovoltaic power plants on abandoned land inMadhya Pradesh, India. They conducted
experiments using two objective functions (minimizing the monthly supply–demand root
mean square error at the district level and minimizing generation costs) and four objective
functions (adding minimizing the monthly supply–demand root mean square error at the
interconnected district‑group level and minimizing transmission and distribution losses
to the former two) for macro‑scale photovoltaic power plant site selection.

3.5. Biomass Energy Power Plant

A biomass power plant is an eco‑friendly energy facility that converts biomass re‑
sources such as agricultural waste, forestry residues, and livestock manure into electric‑
ity through combustion or gasification processes, combining renewable energy attributes
with waste resource utilization. Like thermal power plants, biomass power plants require
efficient fuel energy transportation systems and use combustion‑based power generation
methods. Therefore, when the site selection of multi‑objective biomass power plants is op‑
timized, critical considerations should include supporting energy supply sources and the
environmental impacts of power plant operations.

In a study conducted by Nandimandalam et al. on dual‑site selection for biomass
power plants and supply sources in Grenada County, Mississippi, USA [49], two objective
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functions were employed: minimizing the total system cost and reducing greenhouse gas
emissions, with a focus on both economic and environmental dimensions. In the site se‑
lection study for biomass energy power plants in southern Vietnam conducted by Nguyen
et al. [50], total cost and other environmental factors were taken into the consideration. In
contrast, Zhang et al.’s study on biomass power plant site selection in Hubei Province [48]
included objective functions aimed at maximizing straw collection volume and minimiz‑
ing the distances between resource collection points and power plants. These examples
demonstrate that the objective functions applied in biomass energy plant site selection op‑
timization studies cover a wide range of scenarios.

3.6. Nuclear Power Plants

Nuclear power plants are high‑efficiency energy facilities that utilize energy released
through nuclear fission reactions to heat working fluids and generate electricity. With
advantages such as high energy density, extremely low carbon emissions, and stable oper‑
ation, these plants serve as crucial strategic energy sources for ensuring a baseload power
supply and addressing climate change. Site selection for nuclear power plants imposes
stringent safety requirements, necessitating compliance with rigid constraints, including
geological stability, adequate water supply, distance from residential areas, and suitable
emergency conditions. Consequently, the objective functions for nuclear power plant site
selection are replaced by multiple evaluation indicators, with the content increasingly em‑
phasizing technical, environmental, and social dimensions.

In a U.S. nuclear power plant site optimization study conducted by Erdem et al. [59],
multiple core attributes were utilized as objective functions for plant site selection. The
authors defined 22 objectives across three dimensions. The socioeconomic dimension in‑
cluded eight criteria—state nuclear capacity limits, annual average electricity prices, nu‑
clear inclusion policies, public attitudes towards nuclear energy, net electricity imports,
five‑year average labour costs, social vulnerability, and energy market regulation. The
safety dimension comprised eight parameters—intersections with protected lands, haz‑
ardous facility density within 5 miles, fault line crossings, landslide risks, peak ground
acceleration below 0.3 g, flood disaster records over the past century, proximity to open
water/wetlands, and slope gradients below 12%. The accessibility dimension covered six
metrics—proximity to population centres, distribution of nuclear R&D facilities within
100 miles, distances to grid substations and transportation networks, proximity to decom‑
missioned plants within 20 years, and water flow distribution patterns within a 20‑mile ra‑
dius (50,000 gallons per minute). Through this comprehensive evaluation of 22 objectives,
the authors ranked more than 10,000 candidate sites to identify the most geographically
compatible locations.

3.7. Hybrid Power Plants

Ahybrid power plant is a composite energy facility that integrates two ormore energy
sources, increasing energy supply reliability and utilization efficiency through the comple‑
mentary characteristics of different energy types. Given that hybrid power plant site selec‑
tion based on multi‑objective optimization methods involves multiple energy sources, the
objective function must simultaneously consider demand requirements from various en‑
ergy sources. Additionally, incorporating grid compatibility objectives specific to hybrid
power plants into the evaluation framework is needed.

In a study on site selection for offshore wind–solar hybrid power plants within In‑
dia’s exclusive economic zone, Srinivas et al. first established two objective functions in
the energy dimension, namely, maximizing the wind speed and solar radiation, to ensure
an adequate energy supply for both wind and solar power generation facilities [53]. Ad‑
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ditionally, they set five technical dimension objective functions and environmental/social
dimension objective functions, namely, maximizing water depth adaptability, minimiz‑
ing the distance to transmission lines, minimizing the distance to substations, maximizing
the distance to ports, and maximizing the distance to protected areas, to reduce technical
risks, operational and construction costs, and the impact of power plants on surrounding
shipping and ecology. In a spatial layout optimization study of offshore wind–solar hy‑
brid power plants within China’s exclusive economic zone conducted by Jiang et al. [45],
the authors established an economic dimension objective function to minimize investment
costs and control the project’s full life cycle cost, supporting project feasibility. They also
set a technical dimension objective function to minimize facility quantity to reduce oper‑
ation and maintenance complexity, along with two energy dimension objective functions,
namely, minimizing the proportion of external power andminimizing the curtailment rate,
to improve regional energy self‑sufficiencywhile reducing energywaste. In a site selection
study of onshore and offshore wind–solar hybrid power plants across Australia and its ex‑
clusive economic zone conducted byWu et al. [46], an energy dimension objective function
was established tomaximizemedian power generation, power fluctuations caused bymul‑
tiple types of power plants were considered and a technical dimension objective function
was proposed to minimize the median absolute deviation, thereby reducing grid dispatch‑
ing pressure.

4. Constraints in Multi‑Objective Optimization‑Based Site Selection
In practical power plant site selection processes, some solutions may be feasible only

under ideal conditions, while real‑world implementation often faces challenges because of
various constraints. Sites identified through manual searches or alternative methods may
be limited by natural environmental factors, economic conditions, and government land
development policies. Therefore, before addressing site selection tasks that consider math‑
ematical programming problems, it is essential to first convert potential quantifiable con‑
straints into operational requirements. The establishment of a more realistic site selection
framework through this approach can significantly increase the credibility and validity of
the final outcomes.

In this study, the evolution of power plant energy sources is integratedwith literature
analysis, and common constraints in power plant site selection are categorized into six
types: economic constraints, technical condition constraints, environmental constraints,
social constraints, resource constraints, and spatial constraints. Table 3 lists the constraints
considered for each type of power plant in site selection tasks based on multi‑objective
optimization methods.

4.1. Economic Constraints

Power plant construction typically involves profit‑driven economic activity. From an
economic perspective, such projects require substantial capital investment (costs) while
generating revenue through electricity sales to recover expenditures. Decision‑making
processes must be grounded in economic feasibility studies, incorporating factors such as
return on investment and cost control to ensure profitability. In existing studies on multi‑
objective power plant site selection optimization, economic constraints remain a critical
limiting factor in site selection decisions.

Cost is a critical factor in determining site layout in power plant location studies and
serves as the primary constraint on potential site selection areas. For power generation
facilities that require cable connections, cost limitations often restrict the scope of potential
sites. Taking hybrid wind–solar power plant construction as an example [46], researchers
have establishedmaximumdistance requirements between power plants and both the grid
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and substations to reduce transmission costs. In some case studies [46], authors limited
construction costs by defining site selection within “renewable energy zones” identified
through Australian energy market operator surveys. A more direct approach is demon‑
strated in Şişbot et al.’s wind farm location study [33], where a $20 million cost ceiling was
explicitly imposed to regulate wind farm site planning.

4.2. Technical Constraints

Any power plant that aims to convert natural energy into grid‑ready electricity must
rely on a series of interconnected technical systems. Only appropriate technical conditions
can ensure the technical feasibility of power plant projects. In site selection for power
plants represented by wind farms and photovoltaic plants, factors beyond geographical
location may include the choice of installed equipment models. Photovoltaic plants may
also optimize micro‑scale site layout parameters such as array size and tilt angle.

Such constraints are typically encountered in complex power plant site selection sce‑
narios involving wind farms and photovoltaic plants. Most micro‑scale layout optimiza‑
tion studies for wind farms establish turbine spacing requirements prior to site selection
to ensure construction and operational safety [34,36,37], while photovoltaic plants also
specify solar panel tilt angles [55]. Beyond spatial constraints, some research, including
the Round 3 UK Offshore Wind Farm site selection optimization project conducted by
Mytilinou et al. [22], introduces additional technical constraints such as “selecting turbine
models and installation quantities with different parameters”. Furthermore, hydropower
plant site selection involving simultaneous multisite evaluations must incorporate these
constraints. For instance, the Paru River Basin hydropower plant site selection study in
Brazil [56] implemented mutually exclusive constraints to prevent the simultaneous con‑
struction of overlapping projects, along with free‑flow river segment determination crite‑
ria to identify non‑dam‑connected river sections between plants, ensuring that selected
hydropower plants operate without mutual interference.

4.3. Environmental Constraints

The implementation of power plant projects depends not only on current technolog‑
ical capabilities but also on whether the selected site and surrounding environment are
suitable for construction. Throughout the lifecycle of a power plant—from initial construc‑
tion through operation to decommissioning—it will serve as a long‑term environmental
intervenor, affecting adjacent land, water bodies, and ecosystems. Therefore, environmen‑
tal constraints and the potential impacts of power plant development on surrounding areas
must be rigorously considered in site selection.

Environmental constraints are primarily reflected in the delineation of the study area
for site selection. The main applications include two scenarios. The first scenario involves
constraints such as prohibited development zones represented by ecologically sensitive
areas and specific land use types. Before conducting experiments, such areas should be
directly excluded from the candidate area, or buffer zones should be established around
them. In a study of the layout optimization of micro‑scale sites of onshore wind farms [30],
the authors designated lakes, private lands, and ecological reserves as prohibited devel‑
opment zones. In a wind farm site selection study in Sichuan, China [28], in addition to
excluding villages and infrastructure areas, a slope limit of less than 26.57◦was imposed for
turbine placement. In a micro‑scale layout optimization study of offshore wind farms con‑
ducted by Zhang et al. [19], the authors, in compliance with the National Energy Admin‑
istration’s requirements, established a 10 km buffer zone centred on the coast to prevent
turbines from being installed too close to the shore. In spatial discretization site selection
tasks, environmental constraints are also necessary to limit the selection area. In practical
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site selection problems using this method, the candidate location set typically consists of
a binary raster reflecting the geographical location of the study area or a set of uniformly
distributed binary point coordinates, where binary values of 0/1 indicate whether the se‑
lected facility is within the pixel or whether a point coordinate is chosen. In a thermal
power plant site selection study in Hunan, China [51], the authors directly excluded pixels
representing unsuitable areas such as mountainous regions and urban zones. Similarly,
in a study of the layout optimization of the selection of micro‑scale sites of wind farms in
Xinjiang, China [16], the authors calculated the ruggedness index for each candidate pixel
and excluded those with high ruggedness indices.

Another aspect involves evaluating site selection schemes to ensure their feasibility
for construction in specific environments. In a Yarlung Zangbo River hydropower plant
site selection study [57], the authors considered geological topography, natural disasters,
and hydrometeorological risks associated with hydropower plant site selection. They es‑
tablished a “total risk constraint” as a limiting indicator to restrict potential site options.

4.4. Social Constraints

In multi‑objective power plant site selection optimization studies, social constraints
are relatively uncommon. Moreover, most constraints involve assessments of the impacts
on the power plant itself after its construction.

In social‑level research on multi‑objective power plant site selection optimization, the
primary constraints involve limiting distances from residential areas or human activity
zones to mitigate environmental impacts. For instance, the photovoltaic power plant site
selection project in Mozambique [53] required locations far from urban areas to reduce
noise pollution. In offshore wind farm site selection studies [19], researchers evaluated
navigation risk levels across study areas, excluded high‑risk zones, and restricted turbine
placement from shipping routes to prevent radar shadow interference with nearby ves‑
sels. For environmentally sensitive sites such as nuclear power plants [59], safety regula‑
tions mandate “locations at least 4 miles away from population centres with more than
25,000 residents” to ensure public safety. Less frequent but equally critical social con‑
straints stem from government policies. In a wind farm site selection study in Switzer‑
land [35], researchers developed seven policy scenarios aligned with Swiss wind energy
regulations, explicitly prohibiting turbine installation in prohibited zones throughout the
site selection process.

4.5. Resource Constraints

Natural resources are not uniformly distributed geographically and exhibit seasonal
fluctuations, competitive utilization, and transportation radius limitations. For the ma‑
jority of power plant types, whether the energy supply meets demand also serves as one
of the factors restricting site selection. In coal‑based thermal power plant site selection
study [51,52], the investment cost objective function considered supply constraints from
coal sources and explicitly specified coal demand requirements for power plants. In a
study on photovoltaic power plant site selection in Maputo’s KaMavota region, Mozam‑
bique [53], given that Mozambique lies in the Southern Hemisphere, where solar panels
must face northwards for maximum sunlight exposure, Sicuaio et al., imposed a slope ori‑
entation constraint of 10–12◦ on site units. In a solar power plant study inMadhya Pradesh,
India [54], Verma et al. calculated capacity utilization on the basis of global horizontal ir‑
radiance, excluding areas with utilization rates below 18%. In a nuclear power plant site
selection study in the U.S. [59], Erdem et al. required runoff exceeding 50 kGPM within
20 miles of candidate sites because of substantial freshwater demands for cooling systems.
In a biomass energy plant and supply point site selection study in Mississippi, USA [49],
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Nandimandalam et al. imposed constraints on biomass yield and flow balance. In a Hubei
Province biomass power plant site selection study [48], Zhang included straw availability
within rawmaterial collection zones as a key constraint. Hybrid power plant site selection
tasks such as wind–solar hybrid projects require resource constraints for diverse energy
sources. For instance, studies on the exclusive economic zone power plant site in India
have established threshold requirements for regional wind speed and solar radiation in‑
tensity [46]. In a micro‑scale layout optimization study of wind farms in Madhya Pradesh,
India [24], the requirements for the wind speed were more stringent, with strict upper and
lower bounds defined to characterize the effective wind speed.

4.6. Spatial Constraints

Themost common and essential spatial constraint in spatial planning is the boundary
constraint, which confines the power plant site selection processwithin predefinedparame‑
ters, as demonstrated in the preceding section. Spatial constraints also occur in other appli‑
cation scenarios. In a nuclear power plant site selection study in the U.S. [59], researchers
integrated brownfield datawith historical coal plant site locations and analysed 34,476 can‑
didate sites. To eliminate computational redundancy, all the geographic coordinates of all
the sites were rounded to 0.01◦ precision, and duplicate coordinates were filtered out, re‑
ducing the candidate pool to 16,057 sites—a process that decreased the computational time
required for experimental simulations bymore than 64%. Similar approacheswere applied
in wind–solar hybrid power plant site selection studies [46], where the authors employed
K‑means clustering algorithms to streamline 55,741 candidate sites to 1000 for optimized
simulation efficiency.

In addition to ensuring operational efficiency, spatial constraints also serve the direct
needs of decision‑makers. In a study on wind farm site selection conducted by Gonzalez‑
Rodriguez et al., all the wind turbines were required to be uniformly distributed in a par‑
allelogram configuration [29].

5. Algorithms for Multi‑Objective Optimization‑Based Site Selection
In multi‑objective optimization, it is rare for any single solution to dominate all the

others comprehensively. Therefore, the primary objective of such optimization is to ob‑
tain a solution set (i.e., the Pareto frontier) where no solution can dominate another within
this set. The methods for acquiring such a solution set are referred to as multi‑objective
optimization algorithms. From this perspective, this study categorizes multi‑objective op‑
timization algorithms into the following types. All the power plant types listed in Table 4
employ these methods for location optimization.

Through a systematic literature survey, this study identifiedmulti‑objective optimiza‑
tion algorithms applied to power plant site selection. For brevity and consistency in
the following subsections, these algorithms are hereafter referred to using their standard
abbreviations as follows: NSGA‑II, NSGA‑III, VdRBNSGA‑II, MOEA/D‑DRA, SPEA2,
MOGOMEA, DMOSTA, ε‑constraint method, BiPSO, MOECPO, NDMCSA, PMOCSA,
MO_HH, MOEA/D‑P, MORSA, VEPSO, PG‑MOO and MOPSO.

Although Table 4 summarizes the application of different multi‑objective optimiza‑
tion algorithms across power plant types, these algorithms differ substantially in com‑
putational cost, convergence behavior, diversity preservation, and scalability to high‑
dimensional objective spaces. NSGA‑II has been widely used in general multi‑objective
site selection problems because of its robust performance, relatively simple implemen‑
tation, and acceptable convergence speed when the number of objectives is limited. Its
crowding‑distance mechanism is effective for maintaining solution diversity in low‑ or
moderate‑dimensional objective spaces. However, as the number of objectives increases to
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three or more, the proportion of non‑dominated solutions usually increases, which weak‑
ens the selection pressure of NSGA‑II and may lead to slower convergence and a less uni‑
formly distributed Pareto front.

Table 4.MOOmethods used by each type of power plant in the site selection tasks.

Power Plant Type/
Optimization Algorithm Genetic Algorithm VdRBNSGA‑II MOEA/

D‑DRA SPEA 2 IBEA MOGOMEA

Wind farm [19,21,22,24,25,27–30,32,33,35–40] [26] [31] [22,27] [27] [23,25]

Thermal power plant [51]

Hydroelectric station

Photovoltaic plant [53–55]

Biomass energy power
plant

Nuclear power plant

Hybrid energy power plant [45–47]

PowerPlantType/
OptimizationAlgorithm DMOSTA ε‑constraint

method BiPSO MOECPO NDMCSA PMOCSA

Wind farm [18] [34]

Thermal power plant [52]

Hydroelectric station [56,57]

Photovoltaic plant

Biomass energy power
plant [49,50] [48]

Nuclear power plant [59]

Hybrid energy power plant

PowerPlantType/
OptimizationAlgorithm MO_HH MOEA/D‑P MORSA VEPSO PG‑MOO MOPSO

Wind farm [27] [43] [44] [42] [41]

Thermal power plant

Hydroelectric station [58]

Photovoltaic plant

Biomass energy power
plant

Nuclear power plant

Hybrid energy power plant

Compared with NSGA‑II, NSGA‑III is more suitable for many‑objective optimization
problems because it introduces a reference‑point‑based selection mechanism. This mech‑
anism helps maintain diversity and distribution uniformity when several conflicting ob‑
jectives are optimized simultaneously, such as cost, energy output, engineering feasibility,
environmental impact, and social acceptance in power plant site selection. Nevertheless,
NSGA‑III may require additional computational effort because the number and distribu‑
tion of reference points must be properly defined, and larger populations are often needed
to approximate high‑dimensional Pareto fronts.

Other algorithms also present different trade‑offs. SPEA2 and IBEA can improve so‑
lution quality evaluation through archive‑based or indicator‑based selection, but theymay
increase computational overhead when the population size or number of objectives grows.
MOGOMEA is more suitable for discrete or combinatorial layout optimization problems
because it can exploit linkage structures among decision variables, although its model‑
building process may be computationally demanding. VdRBNSGA‑II and related hybrid
evolutionary algorithms are useful for mixed‑variable problems, such as wind farmmicro‑
scale layout optimization involving turbine coordinates, spacing constraints, wake effects,
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and cable routing. The ε‑constraint method is computationally interpretable and useful
when one objective can be treated as the primary objective while the remaining objectives
are converted into constraints, but its performance depends strongly on the selection of
constraint thresholds.

Therefore, algorithm selection should not be based solely on frequency of use. For
macro‑scale site selection with moderate objective dimensions and GIS‑based spatial vari‑
ables, NSGA‑II remains a practical and robust option. For problems involving three or
more conflicting objectives, NSGA‑III is generallymore appropriate because of its stronger
diversity‑preservation ability in high‑dimensional objective spaces. For micro‑scale layout
optimization with discrete, continuous, or mixed decision variables, problem‑specific evo‑
lutionary or combinatorial algorithms may be more effective despite their higher compu‑
tational burden.

5.1. Classical Genetic Algorithms

The principle of genetic algorithms (GAs) lies in “population iteration”, where the
initial solution set is modelled as a chromosome population. By simulating evolutionary
operations such as selection, crossover, and mutation from biological populations, the al‑
gorithm conducts parallel searches acrossmultiple solution spaces to generate a diverse set
of nondominated solutions rather than being confined to a single optimal solution. During
solution set updates, genetic algorithms actively pursue diversity to ensure that solutions
are evenly distributed throughout the target space, effectively preventing the algorithm
from becoming trapped in local optima.

The method of solving multi‑objective optimization problems using genetic algo‑
rithms is referred to as multi‑objective genetic algorithms. Its workflow comprises six
steps: population initialization, selection, crossover, mutation, nondominated sorting, and
population update. Initially, each solution is assigned a value as a chromosome to ensure
that the initial population covers the solution space preliminarily. To maintain both so‑
lution diversity and convergence trends, chromosomes undergo processing through selec‑
tion operators, crossover operators, andmutation operators. After processing, the original
solutions and new solutions are combined. On the basis of the dominance relationships be‑
tween solutions, all the solutions are hierarchically sorted according to dominance status.
Solutions from higher dominance levels (i.e., those capable of dominating other solutions)
are prioritized as new population members. This iterative process continues until a pop‑
ulation with a diverse distribution across the objective space and no mutual dominance
relationships is obtained—the Pareto frontier.

5.1.1. NSGA‑II

NSGA‑II, developed by Deb et al. as an improvement over the original NSGA [62],
was the first to be applied in multi‑objective optimization for power plant site selection.
This algorithm addresses the shortcomings of the initial algorithm, including poor solution
distribution across the objective space andhigh computational complexity. To date, NSGA‑
II remains a benchmark for multi‑objective optimization and was the first methodology
employed in power plant site selection optimization research [51].

NSGA‑II follows the traditional genetic algorithm framework, with its most notable
distinction being the introduction of the “crowding distance” during population updat‑
ing. This metric considers the spatial dispersion of solutions by measuring their distances
from neighbouring solutions within the objective space. In addition to dominance sort‑
ing, NSGA‑II implements crowding factor sorting during population updates, prioritizing
solutions with higher crowding values to prevent excessive clustering of the solution set.
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5.1.2. NSGA‑III

While NSGA‑II represents significant improvements over earlier genetic algorithms,
it still faces challenges in handling excessive objectives because of the computational inef‑
ficiency of crowding factor calculations in high‑dimensional spaces, resulting in reduced
solution set uniformity and slower convergence rates when dealing with a large number
of objective functions. To address these limitations, Deb et al. refined this algorithm and
introduced it as NSGA‑III [63,64].

NSGA‑III is an enhanced algorithm specifically designed for high‑dimensional multi‑
objective optimization problems and maintains the same overall workflow as NSGA‑II
does. Unlike NSGA‑II, which preserves solution diversity through crowding factor calcu‑
lations, NSGA‑III introduces a reference point mechanism. Strategic placement of refer‑
ence points uniformly distributed in high‑dimensional space provides clear guidance for
solution exploration in the objective space. During solution set updates, the algorithm pri‑
oritizes solutions that exhibit strong proximity to reference points (i.e., low distance) and
remain undominated, ensuring a uniform distribution of solutions across the target space.

In power plant site selection optimization using NSGA‑III, the algorithm is typically
employed for multi‑objective optimization scenarios involving three or more objectives.
In Spielhofer et al.’s study on Pareto‑optimal site selection for Swiss onshore wind farms,
three objective functions were utilized: minimizing the turbine count, reducing the spa‑
tial clustering density of turbines, and maximizing the energy density [35]. Moreover,
Manikowski et al. implemented six objective functions in their wind farm micro‑scale lay‑
out optimization process: wind turbine quantity, farm area, power cable length, normal‑
ized energy cost, annual power generation, and farm efficiency [36]. Through comparative
simulations using NSGA‑II and NSGA‑III, Manikowski et al. demonstrated that NSGA‑
III outperforms NSGA‑II in terms of metrics such as solution distribution uniformity and
spacing evaluation [36].

5.2. VdRBNSGA‑II

VdRBNSGA‑II builds upon NSGA‑II by employing variable decomposition and real
binary hybrid encoding to address the challenge of efficiently handling scenarios where
continuous and discrete variables coexist, which is a common limitation in traditional al‑
gorithms [26]. Its core innovation lies in integrating the global search capability of evolu‑
tionary algorithms with variable decomposition techniques for dimensionality reduction,
making it particularly suitable for multi‑objective problems requiring the simultaneous
optimization of discrete and continuous decision‑making processes.

In a wind farm site selection study [26], Mittal et al. aimed at maximizing annual
power generation and minimizing sound pressure levels. A micro‑scale layout optimiza‑
tion scheme was first established using a binary‑coded format comprising two segments:
continuous segments represented turbine coordinates through real numbers, while dis‑
crete segments indicated the turbine placement status via binary values. This approach
not only provides comprehensive decision‑making support for wind farm site selection
but also empirically validates the effectiveness and practicality of VdRBNSGA‑II in solv‑
ing engineering optimization problems involving mixed variables.

5.3. MOEA/D‑DRA

MOEA/D‑DRA is an enhanced variant of decomposition‑based multi‑objective evo‑
lutionary algorithms, it decomposes complex problems into interconnected subproblems
and employs dynamic resource allocation with neighbourhood collaboration to prioritize
convergence performance for high‑efficiency subproblems [31].

https://doi.org/10.3390/app16136727

https://doi.org/10.3390/app16136727


Appl. Sci. 2026, 16, 6727 20 of 31

In a micro‑scale layout optimization study of wind farms conducted by Biswas
et al. [31], 600 weight vectors were established to simultaneously maximize annual power
generation and wind farm efficiency. By assigning weights to these dual objectives, the
multi‑objective optimization problemwas transformed into 600 single‑objective problems,
yielding 600 potential solutions. The iterative update phase involved identifying 60 neigh‑
bouring weight vectors for each target vector on the basis of spatial relationships. Three
neighbouring vectors were selected as parent solutions for crossover/mutation operations,
generating new solutions with updated objective function values. Solution updates were
determined by evaluating newobjective function values relative to existing solutions. After
50 iterations, each solution’s utility value was assessed: solutions demonstrating optimiza‑
tion potential or generating superior new solutions over existing ones received higher util‑
ity values, whereas others experienced value reduction. Through this process, high‑utility
solutions are consistently selected for iteration updates, ultimately constructing a Pareto
frontier through multiple iterations.

5.4. SPEA 2

SPEA2 is a multi‑objective optimization algorithm based on evolutionary mecha‑
nisms. Its principle involves maintaining nondominated solutions through an additional
independent archive pool while assessing solution quality and diversity using strength
evaluation and density estimator metrics.

This algorithm was applied to solve a seven‑objective optimization problem for off‑
shore wind farm site selection in the UK’s Round 3 project. After the solution set was
initialized, dominance relationships were used to calculate the solution intensities. The
conventional population and independent archive pool were merged to screen nondomi‑
nant solutions, with the archive pool size adjusted through K‑nearest neighbour density
estimation. Parent solutions were selected on the basis of intensity values, followed by
single‑point crossover mutation to generate offspring populations. Experimental compar‑
isons with NSGA‑II and NSGA‑III methods demonstrated that the solution set coverage
of SPEA2 in the objective space falls between those of NSGA‑II and NSGA‑III [22].

5.5. IBEA

The core design philosophy of IBEA lies in quantifying the relative quality of solutions
within the objective space through binary quality metrics and replacing the Pareto ranking
dependency inherent in traditional multi‑objective optimization algorithms to solve such
problems. IBEA typically employs binary indicators with dominance‑preserving proper‑
ties, such as the ε‑indicator (which measures solution dominance) or the supervolume dif‑
ference (which reflects solution convergence and diversity).

Scholars have utilized IBEA to solve micro‑scale layout optimization problems for
wind farms [27]. In practical applications, this algorithm resolves the trade‑off between so‑
lution quality through ε‑indicator quantification and narrows the Pareto frontier via pro‑
gressive elimination. Experimental comparisons with NSGA‑II and SPEA2 demonstrate
that IBEA outperforms NSGA‑II in terms of supervolume metrics and objective function
optimization but falls short of SPEA2 in terms of the solution uniformity distribution and
nondominated individual proportion. This disparity stems from IBEA’s lack of explicit
diversity maintenance mechanisms for solutions.

5.6. MOGOMEA

MOGOMEA is a metaheuristic multi‑objective optimization algorithm based on dis‑
crete variables. Its core mechanism employs “gene pool hybrid mutation, objective space
clustering, and variable‑dependent adaptive optimization” to efficiently generate Pareto‑
optimal solutions that cover the entire trade‑off space in combinatorial optimization and
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practical engineering problems. The innovations of MOGOMEA can be summarized as
follows. First, an initial population composed of discrete solutions is initialized. After‑
wards, the population is clustered on the basis of objective space proximity, with mutation
operations performed only within clusters to avoid invalid combinations across clusters.
In variable dependency identification, traditional statistical analysis methods are replaced
with inherent problem attributes to measure variable correlations, and linkage trees are
constructed to identify dependencies and ensure that critical variable combinations are
preserved. With respect to population size, a dynamic expansion strategy that gradually
increaseswith iterations is adopted to avoid local optimization traps. Additionally, an elite
archive is established to store solutions that remain undominated by any other solutions.

In existing multi‑objective optimization location studies, MOGOMEA is frequently
employed for selecting the layouts of offshore wind farms. Compared with algorithms
such as NSGA‑II, MOGOMEA demonstrates superior solution diversity, higher computa‑
tional efficiency, and stronger engineering adaptability in offshore wind farm micro‑scale
layout optimization [23,25].

5.7. DMOSTA

DMOSTA is amulti‑objectivemetaheuristic algorithm specifically designed for binary
coding combinatorial optimization problems and is fundamentally derived from the dis‑
cretized application extension of state transition algorithms.

DMOSTA treats candidate solutions as discrete distribution states and iteratively up‑
dates them within a discrete space through four deterministic state transition operators—
exchange, movement, symmetry, and substitution—to achieve global solution exploration.
The algorithm employs fast nondominated sorting and crowding distance maintenance
strategies to update the solution set after each generation, enabling solutions to progres‑
sively converge towards the Pareto frontier. Given that most application scenarios involve
discrete distribution results of multiple location options, this method is widely applied
to complex power generation facility site selection problems, such as micro‑scale layout
optimization for wind farms [18].

5.8. ε‑Constraint Method

The ε‑constraint method is a classical multi‑objective optimization algorithm that
transforms multi‑objective problems into a series of single‑objective subproblems. By pro‑
gressively adjusting the constraint ranges of the secondary objectives, all the complete
Pareto frontiers are generated.

The process is as follows. First, the maximum values of the objective functions for all
the objectives in the multi‑objective optimization problem are identified, and the feasible
range is determined for each objective. Second, one objective is selected as the main objec‑
tive, and the other objectives are converted into constraints, with one or more ε values set
for each converted constraint, which is adjusted within the extreme range of that objective.
For each ε value combination, a single‑objective optimization subproblem is constructed,
and the optimal solution of the main objective function under the constraints is solved.
After all the optimal solutions of the subproblems are collected, the nondominated solu‑
tions are screened through Pareto ranking to output the Pareto frontier. The ε‑constraint
method has been applied to optimize hydropower plant site selection for the Paru River
Basin in Brazil [56], Xizang Yarlung Zangbo River Basin hydropower plant site selection
optimization in China [57], and biomass power plant site and supply chain site selection
optimization in Mississippi, USA [49].
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5.9. BiPSO

The BiPSO algorithm represents an improvement over traditionalmulti‑objective PSO
algorithms. In single‑objective PSO problems, particle positions are updated by compar‑
ing their objective function values with those after position updates. Since multi‑objective
optimization problems typically lack a solution that completely dominates all others, an
external archive set is used to select “leading particles” to replace gBest, guiding the swarm
search. To prevent the swarm from becoming trapped in local optima, the multi‑objective
PSO algorithm adopts methods similar to those of genetic algorithms, adjusting leading
particles through crowding factor calculations and mutation operators. This approach en‑
sures both convergence and diversity during the search process.

The BiPSO algorithm operates through a dual‑layer collaborative optimization frame‑
work to address optimization problems involving multiple decision‑making entities and
multi‑objective coupling. Structurally, it decomposes the optimization problem into two
layers, typically implemented via a two‑stage iterative process. First, the optimal solu‑
tion is identified in the upper layer, and then, in the lower layer, each candidate solution
from the upper layer is evaluated to find corresponding optimal solutions, which are sub‑
sequently fed back to update the positions of the upper‑layer particles.

In the study by Song et al. on thermal power plant site selection [52], BiPSO was
employed to address the joint optimization problem of coal‑fired power plant location and
construction site layout. The authors modelled decision‑makers at two hierarchical levels:
project owners and specialized subcontractors. The upper‑level model uses a combined
objective function of annual total costs and environmental protection costs as the fitness
function for upper‑level particles, whereas the lower‑level model adopts an annual profit
maximization objective function as the fitness criterion. This approach enabledmicro‑scale
layout optimization of site‑specific layout arrangements for each potential plant location.

5.10. MOECPO

The MOECPO algorithm is an innovative swarm intelligence algorithm developed
on the basis of charge particle optimization methods. It simulates the physical principle of
“like charges repel and opposite charges attract”. In this algorithm, each candidate solution
is modelled as a particle whose “charge level” is determined by a fitness function. High‑
quality solutions exert attractive forces on other particles, guiding the swarm to concentrate
in high‑fit regions, whereas inferior solutions generate repulsive forces to prevent particle
aggregation, thereby enhancing global search capabilities.

In a study on the layout of selectedwind farms onmicro‑scale site conducted byRamli
et al. [34], the MOECPO algorithm was applied to jointly optimize the spatial distribution
of turbines and tower height. Each particle represents a potential site selection solution.
The algorithm first generates a particle swarm, calculates objective function values for in‑
dividual particles, performs Pareto hierarchical sorting, allocates charge quantities on the
basis of dominance rankings, and updates positions accordingly. Through this evolution‑
ary mechanism, the particle swarm progressively converges within the solution space, ul‑
timately forming a Pareto front with a balanced distribution across the target space.

5.11. NDMOCSA

NDMOCSA is a multi‑objective optimization algorithm designed for scenarios with
many objective functions. When dealing with multiple objectives, performing nondom‑
inated sorting in high‑dimensional space simultaneously may result in a sparse solution
distribution across the high‑dimensional objective space, leading to most solutions exhibit‑
ing complementary dominance and making distinguishing between superior and inferior
solutions difficult.
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The nondominated multi‑objective combinatorial optimization algorithm generates
all possible objective function combinations ranging from single‑objective functions to
multi‑objective combinations for every potential objective function variable. For each ob‑
jective combination, the Pareto ranking method is applied to determine the corresponding
Pareto front, with each solution (i.e., site selection scheme) being labelled as belonging
to that front. Then, the frequency of solutions appearing on the Pareto front are statis‑
tically analysed to quantify their aggregate dominance under varying objective quantity
scenarios. Finally, normalized scores are calculated for each solution, where higher scores
indicate stronger adaptability.

In a case study on nuclear power plant site selection in the United States [59], the au‑
thors extracted 22 objective function values from all the candidate sites and constructed
4,194,303 objective function combinations. Nondominated sorting was performed for each
candidate site under every possible combination scenario. The authors subsequently sta‑
tistically analysed the frequency of each site appearing on the Pareto frontier, normalized
the observed ratios on the basis of total combinations of varying lengths, aggregated all ob‑
served ratios across combination lengths, and recalibrated the aggregated ratios through
normalization to obtain final scores for each solution. The optimal sites were identified on
the basis of these scoring evaluations.

5.12. PMOCSA

PMOCSA is a multi‑objective optimization algorithm inspired by artificial immune
clonal selection theory and is capable of generating a uniformly distributed Pareto front
under complex constraints. In location optimization tasks, the multi‑objective optimiza‑
tion problem and location schemes are mapped to antigens and antibodies, respectively,
with the affinity between antibodies and antigens defined as the degree to which the can‑
didate solutions satisfy the objective function.

Zhang and colleagues conducted a biomass power plant site selection study in Hubei
Province [48]. After the complete set of candidate solutions was obtained, the multidimen‑
sional coding method was employed to integrate attributes such as candidate site coordi‑
nates, straw volume, and distance constraints into antibody genes. During the iterative
process, PMOCSA first screened high‑affinity antibodies on the basis of the objective func‑
tion and constraint conditions. Following high‑affinity antibody cloning and differential
frequency mutation processing, the Pareto solution set was updated through nondomi‑
nated sorting.

5.13. MO_HH

TheMO_HHalgorithm fundamentally operates as a high‑level search framework that
avoids direct manipulation of the solution space. Instead, it dynamically selects and in‑
tegrates underlying multi‑objective optimization algorithms to leverage their respective
strengths, thereby achieving efficient solutions for multi‑objective optimization problems.
The algorithm establishes scheduling rules to identify optimal optimization algorithms.
Upon generating new solutions through underlying algorithms, MO_HH applies screen‑
ing criteria to evaluate these solutions, selecting the best candidates to form the next gen‑
eration of the input population. Upon completing the iterations, the algorithm outputs the
final Pareto frontier.

Scholars have applied the MO_HH algorithm to optimize the micro‑scale layout opti‑
mization of wind farms [27]. The authors employed three existing algorithms—NSGA‑
II, SPEA2, and IBEA—as the underlying multi‑objective optimization framework for
MO_HH, implementing three scheduling rules and three result screening criteria. Nine
scenario experiments were conducted to comprehensively evaluate the algorithm’s perfor‑
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mance, revealing its advantages over standalone multi‑objective optimization algorithms.
MO_HH effectively integrates the strengths of various optimization methods to achieve
broader Pareto frontier coverage in objective space. Additionally, its solution set is more
uniformly distributed across objective space, providing decision‑makers with more di‑
verse trade‑off options.

5.14. MOEA/D‑P

MOEA/D‑P is a probability‑guided variant of the multi‑objective evolutionary algo‑
rithm based on decomposition. Similar to the classical MOEA/D framework, it decom‑
poses a multi‑objective optimization problem into a set of scalar subproblems and solves
them simultaneously through neighbourhood‑based evolutionary search. Its distinctive
feature lies in the introduction of a probability distribution mechanism to guide turbine
placement. In wind farm layout optimization, each candidate location can be associated
with a placement probability, which is updated according to the information extracted
from high‑quality solutions during the evolutionary process. Therefore, MOEA/D‑P im‑
proves the reuse of historical search information and reduces the randomness of turbine
placement. Thismethod is particularly suitable for discrete wind farm layout optimization
with multiple conflicting objectives, such as maximizing power output while minimizing
land occupation and total cost [43].

5.15. MORSA

MORSA is an extension of the reptile search algorithm for solving multi‑objective
optimization problems. In power plant site selection and layout optimization, MORSA in‑
troduces elite nondominated sorting to identify Pareto‑optimal individuals and employs
crowding distance to maintain the diversity of solutions. In addition, an external archive
and grid indexing mechanism are used to store andmanage nondominated solutions. The
grid indexing strategy helps select or delete archive members according to their density
in the objective space, thereby preventing the Pareto front from becoming excessively con‑
centrated in local regions. This algorithm has been applied to wind farm layout optimiza‑
tion [44], where themain objectives includemaximizing power generation andminimizing
turbine cost. Compared with conventional single‑objective search methods, MORSA can
provide decision‑makers with a set of trade‑off solutions under conflicting economic and
energy objectives.

5.16. VEPSO

VEPSO is a multi‑objective extension of particle swarm optimization. It uses differ‑
ent swarms or information channels to represent different objective functions. During the
search process, each swarm evaluates one objective, while the position update of particles
is influenced by the information obtained from other swarms. This structure allows the
algorithm to maintain the search direction of each objective while promoting information
exchange among objectives. In floating offshore wind farm layout optimization, VEPSO
has been used to minimize the levelized cost of electricity and visual impact simultane‑
ously [42]. Thismethod is suitable for continuous spatial layout problems inwhich turbine
positions directly affect both economic performance and social acceptance.

5.17. PG‑MOO

For clustered offshore wind farms, the layout optimization problem is not limited to
the internal arrangement of turbines within a single wind farm. Adjacent wind farms may
interact through inter‑farmwake effects, and different wind farms may belong to different
stakeholders. To address this issue, potential game theory has been introduced into multi‑
objective wind farm layout optimization [41]. In this framework, each wind farm in the
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cluster is regarded as an independent player, its layout decision variables are mapped to
strategies, and its feasible spatial and engineering constraints are mapped to the strategy
set. The optimization objectives, such as maximizing generated power and minimizing
turbulence intensity, are treated as payoff functions. A hybrid evolutionary algorithm
combining GA such as NSGA‑II can then be used to generate Pareto‑optimal strategies,
while a best‑strategy‑response iterative process is applied to search for the Nash equilib‑
rium of the game. This method extends conventional wind farm layout optimization from
single‑owner planning to multi‑stakeholder coordinated decision‑making.

5.18. MOPSO

MOPSO extends the conventional particle swarm optimization algorithm to multi‑
objective problems by incorporating Pareto dominance concepts, an external archivemech‑
anism, and global best selection strategies, enabling the algorithm to simultaneously han‑
dlemultiple conflicting objectives and generate a Pareto front composed of non‑dominated
solutions that provide diverse trade‑off options for decision‑makers. In the context of re‑
newable energy station optimization, Manzoni et al. employed MOPSO in their study
on sustainable dam planning in the Amazon basin to balance the maximization of elec‑
tricity generation and the minimization of carbon emission intensity, validating the al‑
gorithm’s effectiveness in identifying efficient dam configurations and revealing energy–
environment trade‑offs through comparative analysis of three parameter variants [58].

Overall, the reviewed algorithms show different levels of suitability depending on
the spatial scale of the site selection problem, the structure of decision variables, and the
number of objectives. For macro‑scale site selection problems based on candidate sites,
GIS layers, exclusion zones, and regional suitability indicators, algorithms such as NSGA‑
II, ε‑constraint methods, and particle‑swarm‑based approaches are practical choices be‑
cause they can handle moderate‑dimensional objective spaces with relatively clear deci‑
sion variables and interpretable Pareto solutions. For micro‑scale layout optimization, es‑
pecially wind farm layout optimization, the decision space is usually more complex be‑
cause turbine coordinates, spacing constraints, wake effects, cable routing, terrain condi‑
tions, and equipment interactions must be optimized simultaneously. In such cases, al‑
gorithms such as MOGOMEA, DMOSTA, MOEA/D‑P, VdRBNSGA‑II and MO_HH are
more suitable because they can better handle discrete, continuous, or mixed decision vari‑
ables and maintain solution diversity in complex spatial layouts. For many‑objective
problems involving three or more objectives, NSGA‑III, MOEA/D‑DRA and NDMOCSA
provide stronger scalability than conventional NSGA‑II because they introduce reference‑
point, decomposition‑based, or combinatorial dominance mechanisms to improve diver‑
sity preservation and solution distribution in high‑dimensional objective spaces. However,
these advantages are often accompanied by higher computational burden, larger popula‑
tion requirements, or more complex parameter settings. Therefore, no single algorithm
can be regarded as universally superior. Algorithm selection should be based on the ob‑
jective dimension, decision‑variable structure, computational cost, required Pareto‑front
diversity, and whether the problem belongs to macro‑scale site selection or micro‑scale
layout optimization.

6. Conclusions
In this study, a systematic literature reviewon the current research status anddevelop‑

ment trends of power plant site selection optimization based on multi‑objective optimiza‑
tion methods was conducted. From three perspectives—the objective function, constraint
conditions, and optimization methods—the following conclusions were drawn.
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Through bibliometric analysis, this study revealed that research on multi‑objective
optimization methods for power plant site selection has experienced rapid growth since
2016. The analysis covered seven types of facilities, including wind farms, hydropower
plants, thermal power plants, photovoltaic plants, nuclear power plants, biomass energy
plants, and hybrid wind–solar power plants, with wind farms dominating the literature
corpus. This trend indicates substantial untapped potential for multi‑objective optimiza‑
tion methods in site selection studies across diverse power plant categories.

This study categorizes and summarizes site selection objective functions through clas‑
sification analysis. During multi‑objective site selection optimization experiments for vari‑
ous power plant types, a objective function systemwas established across four dimensions:
maximizing energy acquisition and utilization, minimizing construction costs while maxi‑
mizing returns, ensuring operational feasibility, andminimizing environmental and social
impacts. For each power plant category, this study identified and summarized their respec‑
tive objective function systems in multi‑objective optimization, highlighting key consider‑
ations in system construction: wind farms, solar power plants, and hybrid wind–solar
plants prioritize resource utilization and microscale layout engineering feasibility opti‑
mization; thermal power plants focus on economic objectives; nuclear power plants em‑
phasize safety and socioeconomic dimensions; while hydropower plants balance energy
output with ecological conservation.

Through a systematic review of the relevant literature, this study identified six major
categories of constraints in power plant site selection: economic, technical, environmen‑
tal, social, resource, and spatial considerations. Economic constraints focus on lifecycle
cost management; technical constraints address construction and operational safety; en‑
vironmental constraints emphasize ecological preservation and land use limitations; so‑
cial constraints consider impacts on local communities; resource constraints reflect energy
source availability limitations; and spatial constraints primarily define geographic bound‑
aries and enhance computational efficiency. These integrated constraints collectively en‑
sure the feasibility and scientific validity of site selection decisions.

Through optimization method analysis, 12 types of existing multi‑objective site selec‑
tion algorithms, including genetic algorithms, ε‑constraint methods, and particle swarm
optimization, were identified in this study. Each algorithm has distinct advantages in
terms of convergence speed and solution diversity. Practical applications require algo‑
rithm selection on the basis of objective quantity and problem characteristics. For in‑
stance, NSGA‑II remains the most widely adopted approach, NSGA‑III is optimized for
high‑dimensional objective optimization, and VdRBNSGA‑II is effective in hybrid vari‑
able scenarios.

To provide clearer practical guidance, the selection of an appropriate multi‑objective
optimization method should be linked to the available data, the number of objectives, the
form of decision variables, and the spatial scale of the site selection problem. For macro‑
scale site selection, GIS‑based spatial datasets, including energy resource distribution, land
use, terrain, environmental protection zones, population distribution, transportation net‑
works, and grid infrastructure, provide the fundamental data basis. When the number of
objectives is moderate and the decision variables are relatively standard, NSGA‑II remains
a robust and widely applicable method. When the problem involves four or more objec‑
tives, NSGA‑III ismore suitable because its reference‑pointmechanism can bettermaintain
solution diversity in high‑dimensional objective spaces.

For micro‑scale layout optimization, especially in wind farm applications, more de‑
tailed engineering data are required, including turbine coordinates, wake effects, terrain
conditions, turbine spacing, cable length, and equipment‑related constraints. In such cases,
algorithms such asMOGOMEA,VdRBNSGA‑II, DMOSTA, and other evolutionary or com‑
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binatorial optimization methods may be more appropriate because they can better handle
discrete, continuous, or mixed decision variables. For hydropower and biomass plant sit‑
ing, where one objective can be treated as the primary objective and the remaining ob‑
jectives can be transformed into constraints, the ε‑constraint method provides an inter‑
pretable way to generate Pareto solutions. Therefore, the “best” optimization performance
should not be understood as the result of a single universally superior algorithm, but as the
best match among data availability, objective dimensions, decision‑variable types, spatial
scale, and engineering characteristics of the specific power plant site selection problem.

On the basis of the aforementioned analysis, this study revealed that comprehen‑
sive and systematicmethodologies for optimizing existingmulti‑objective site selection for
power plants have been established. Future research on power plant site selection using
multi‑objective optimization approaches can be advanced in four key directions. First, the
objective function dimensions can be expanded by incorporating emerging influencing fac‑
tors such as policy adjustments and energymarket fluctuations to refinemultidimensional
objective function frameworks. Second, algorithm integration and optimization can be en‑
hanced through collaborative optimization models to improve computational efficiency
and solution uniformity in high‑dimensional scenarios. Third, the research scope should
be broadened by applyingmulti‑objective optimization algorithms to site selection studies
of tidal power plants, geothermal power plants, and other hybrid energy facilities, thereby
addressing gaps in facility‑specific research. Finally, artificial intelligence and machine
learning techniques are integrated to develop intelligent site selection decision platforms
that replace traditional manual site selection tasks.
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Abbreviations
The following abbreviations are used in this manuscript:

MOO Multi‑objective Optimization
MCDM Multi‑criteria Decision‑making
GA Genetic Algorithm
CNKI China National Knowledge Infrastructure
NSGA‑II Nondominated Sorting Genetic Algorithm II
NSGA‑III Nondominated Sorting Genetic Algorithm III

VdRBNSGA‑II
Variable Decomposed Evolutionary Real‑binary Codified Multi‑objective
Genetic Algorithm II

MOEA/D‑DRA
Composition‑based Multi‑objective Evolutionary Algorithm with Dynamic
Resource Allocation

SPEA2 Strength Pareto Evolutionary Algorithm 2
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IBEA Indicator‑based Evolutionary Algorithm
MOGOMEA Multi‑objective Gene‑pool Optimal Mixing Evolutionary Algorithm
DMOSTA Discrete Multi‑objective State Transition Algorithm
PSO Particle Swarm Optimization
BiPSO Bilevel Particle Swarm Optimization
MOECPO Multi‑objective Electric Charged Particles Optimization
NDMOCSA Nondominated Multi‑objective Combined Search Algorithm
PMOCSA Pareto Multi‑objective Clonal Selection Algorithm
MO_HH Multiobject Hyperheuristic

MOEA/D‑P
Composition‑based Multi‑objective Evolutionary Algorithm with
Probability

MORSA Multi‑objective Reptile Search Algorithm
VEPSO Vector Evaluated Particle Swarm Optimization
PG‑MOO Potential Game‑based Multi‑objective Optimization
MOPSO Multi‑objective Particle Swarm Optimizer

Appendix A

Table A1.Terminology and scope definitions used in this review.

Term Definition in This Review

Power plant site selection The general decision‑making process of identifying suitable locations for power
generation facilities under multiple objectives and constraints.

Macro‑scale site selection
Regional‑ or landscape‑scale screening of candidate areas or locations for power plant
construction, usually based on resource availability, land use, accessibility,
environmental restrictions, and social constraints.

Micro‑scale layout optimization
Fine‑scale spatial arrangement of generation units or internal infrastructure within a
selected site, such as wind turbine placement, photovoltaic panel layout, cable routing,
or facility configuration.

Objective function
A quantitative criterion to be maximized or minimized in a multi‑objective
optimization model, such as energy output, cost, environmental impact, or technical
feasibility.

Constraint A condition that restricts the feasible solution space, such as prohibited land‑use zones,
minimum distance requirements, slope thresholds, or resource availability limits.

Multi‑objective optimization An optimization approach that simultaneously considers two or more conflicting
objectives and usually generates a set of Pareto‑optimal solutions.

Pareto‑optimal solution A solution that cannot be improved in one objective without worsening at least one
other objective.

Table A2.Results of literature screening and selection.

Screening Stage Number of Records

Records identified 900
Records screened approximately 90
Duplicates removed approximately 15
Full texts assessed 68
Final studies included 42
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