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Advancing Wind Farm Layout Optimization: Genetic
Algorithms, Machine Learning, and Bibliometric Insights

Tayeb Brahimi  Rawan Asfour = Mohamed F. El Amin

Effat College of Engineering Energy and Technology Research Center, Effat University, Jeddah, Saudi Arabia

Abstract

The optimization of wind farm layouts (WFLO) is pivotal in maximizing energy production while reducing op-
erational costs and environmental impact. This chapter presents a comprehensive framework that investigates
Genetic Algorithms (GA) and Machine Learning (ML) techniques for WFLO. A parametric GA-based simulation
explores the influence of key parameters, such as population size, hub height, surface roughness, and cost mod-
els, on layout efficiency and power output. To enrich this computational foundation, a bibliometric analysis was
performed covering 2015-2025 using cleaned and merged data from Scopus and Web of Science, involving 483
unique documents. The analysis classifies WFLO research into major optimization categories such as GA, ML,
PSO, and hybrid techniques, and reveals an increasing reliance on data-driven models and hybrid frameworks. A
keyword heatmap confirms the growing prominence of ML algorithms like ANN, SVM, and Random Forest in
WEFLO. The results highlight the evolution of optimization strategies, the synergy between GA and ML, and the
emergence of intelligent layout designs that combine predictive accuracy with computational efficiency.

Keywords— Genetic Algorithm, Wind Farm, WFLO, Machine Learning, Optimization.

1 Introduction

The global urgency for climate action has significantly accelerated the deployment of renewable energy, with wind
energy experiencing substantial growth over the past decade. Installed wind capacity increased from 349.42 GW
in 2014 to more than 1 TW globally in 2024 [1], [2], reflecting over 185% growth. Offshore wind, a rapidly
expanding segment, grew from 7.1 GW in 2014 to 75.2 GW in 2023, and now accounts for 7.4% of total wind
capacity [1], [3]. Despite this progress, market concentration in key regions such as China, the EU, the US, and
India highlights the need for broader global participation, particularly from the Global South.

Wind farms, comprising multiple turbines strategically placed to capture wind energy, are central to this expan-
sion. As of 2024, there are 41,850 operational wind farms worldwide, with an additional 1,271 offshore projects
planned [4], [S]. The year 2025 is expected to set a record for offshore wind installations [5]. However, optimizing
wind farm layouts (WFLO) remains a critical challenge due to wake effects, where upstream turbines reduce wind
speed and turbulence intensity for downstream turbines. These interactions can result in power generation losses
of up to 20%, and in some configurations, even up to 30% [6]. This substantial loss underscores the importance
of accurate modeling of wake interactions and the design of efficient wind farm layouts that can mitigate such
effects.

To address these challenges, this chapter presents a Genetic Algorithm (GA)-based WFLO framework de-
signed to optimize turbine placement and enhance overall wind farm performance. A parametric study is con-
ducted to assess the influence of key factors, including population size, hub height, and surface roughness, on the
effectiveness and adaptability of the GA optimization process. These findings offer valuable insights into how
evolutionary algorithms can refine wind farm design and support the development of more efficient computational
models.

In parallel with GA, recent advancements in machine learning (ML) have introduced new possibilities for data-
driven optimization in wind energy systems [7]-[9]. ML techniques—particularly deep learning and predictive
modeling—are increasingly being employed to simulate complex wake dynamics, forecast wind behavior, and
enhance layout design strategies. In light of these developments, the chapter also includes a bibliometric analysis
that highlights emerging research trends in ML applications for wind energy. The analysis reveals a growing shift



toward intelligent hybrid strategies, where ML is integrated with traditional optimization frameworks to improve
accuracy, scalability, and adaptability.

The remainder of the chapter is structured as follows. Section 2 provides a comprehensive review of state-of-
the-art techniques in wind farm layout optimization, covering both deterministic and computational intelligence
methods, as well as recent machine learning developments. Section ?? outlines the methodology used in this
study, detailing the GA-based WFLO model and the bibliometric approach. Section 5 presents the results of
the optimization and parametric analyses, along with insights from the bibliometric study. Finally, Section 6
summarizes the key findings and suggests directions for future research, particularly in combining ML with GA-
based optimization frameworks.

2 Literature Review

Wind Farm Layout Optimization (WFLO) is a complex, multidisciplinary research area that plays a critical role in
the evolution of modern wind energy systems. The process of selecting optimal wind turbine placement is influ-
enced by numerous factors, including environmental conditions, wake interactions, and site-specific constraints.
As electricity demand rises globally, wind energy has emerged as one of the fastest-growing renewable energy
sources. Its expansion is supported by global efforts to reduce reliance on fossil fuels and transition to sustainable
energy systems. To assess the state-of-the-art in Wind Farm Layout Optimization (WFLO) and the emerging inte-
gration of Machine Learning (ML) and Artificial Intelligence (AI) techniques, a systematic literature review and
bibliometric analysis were conducted covering publications from 2015 to 2024 in the Web of science database.
The search query was designed to capture the intersection of machine learning and optimization techniques with
wind farm layout challenges. Only peer-reviewed journal articles and conference proceedings were included to
ensure the quality and relevance of the data. The search yielded a robust set of publications that reflect both
the classical and emerging computational approaches to Wind Farm Layout Optimization (WFLO), especially
highlighting the increased use of machine learning and hybrid techniques over the past decade.

The literature reveals that Wind Farm Layout Optimization (WFLO) has traditionally been tackled with tradi-
tional deterministic methods [10], [11] such as linear programming (LP) and mixed-integer linear programming
(MILP), which are often used to design WFLO. These methods depend on basic assumptions that do not fully
account for variability in critical parameters such as wind speed, the impact of turbine wakes, or the nature of the
terrain complexity. They typically use simplified wake models and fixed parameters, which limit their flexibility
and scalability, especially in large-scale wind farm layouts. As a result, they can be computationally expensive
and may produce less-than-ideal layouts for large-scale wind farms [12]. In contrast, Computational Intelligence
(CI) techniques [13] such as Genetic Algorithms (GA) [14], Particle Swarm Optimization (PSO) [15], Ant Colony
Optimization (ACO) [16], Simulated Annealing (SA) [17], and Artificial Neural Networks (ANN) [18] adopt a
more adaptive and nature-inspired approach and offer higher flexibility and scalability. For example, evolutionary
algorithms such as Genetic Algorithms (GA) [19], [20] test and evolve many turbine arrangements over time,
adapting to variations in wind, wakes, and terrain to find practical wind farm layouts that effectively balance
energy output and cost. In fact, wake effects, caused by the interaction of upstream and downstream turbines,
remain one of the most critical limitations in WFLO. Modern research emphasizes refined wake modeling using
computational fluid dynamics (CFD) and machine learning to capture atmospheric stability, turbulence intensity,
and turbine arrangement impacts. The review article by Wang et al [21] underscores the transition from analyt-
ical models to sophisticated CFD and hybrid approaches, reflecting the ongoing efforts to optimize wind farm
performance through improved wake modeling techniques. Studies have shown that turbine spacing and align-
ment significantly impact the energy yield, with staggered layouts often performing better than aligned layouts
by minimizing wake overlap and turbulence intensities. Genetic Algorithms (GA), Particle Swarm Optimization
(PSO), Ant Colony Optimization (ACO), Whale Optimization Algorithm (WOA) are emerging as prominent tools
for handling the complex, nonlinear nature of WFLO problems [20], [22]-[24]. These stochastic methods are
well-suited for navigating the multimodal search spaces typical in WFLO, where traditional deterministic showed
low performance [25]. Hybrid methods combining genetic algorithms with reinforcement learning (RLGA) [26]
demonstrate a convergence that is three times faster than traditional GAs for complex layouts. El Mestari [27] un-
derscored the importance of systematic parameter tuning in wind farm layout optimization by applying a genetic
algorithm enhanced through a full factorial Design of Experiments (DOE) approach. The study achieved no-
table improvements in power output and turbine placement efficiency, validating that data-driven tuning methods
outperform traditional trial-and-error approaches, especially in constrained environments with wake effects. The
review study by ElJaadi [28] identified hybrid metaheuristics as a promising future direction in wind farm layout
optimization (WFLO). The review emphasizes that combining multiple algorithms can help overcome individual
limitations, such as local optima or slow convergence, seen in single-method approaches. The authors noted that



hybrid methods consistently outperform standalone algorithms in terms of efficiency, wake integration, solution
quality, and convergence speed. These methods are especially advantageous for complex, multi-objective WFLO
problems and are adaptable to different wind scenarios, such as constant vs. variable wind speed and direction,
allowing for more realistic and effective WFLO. According to comprehensive benchmarking study Thomas et
al. [29], they stated that while metaheuristic methods offer robust performance for WFLO, no single method is
universally best. Instead, hybrid or ensemble approaches may provide better balance between accuracy, speed,
and robustness for practical wind farm layout design.

Recent advancements in machine learning (ML) have further enhanced the capabilities of these optimization
techniques, enabling better wake modeling and real-time adaptation to environmental conditions [8], [30]. Bouab-
dallaoui et al. [31] applied four Al models—SVM, Decision Trees, ANFIS, and ANN to predict wind energy
output at a wind farm in Yalova, Turkey, using wind speed and direction as inputs. The author’s objective was
to improve the weaker models by integrating them with metaheuristic optimization algorithms. SVM performed
best with a R? of 0.95. Ayele et al. [32] compared six machine learning models, models—Elastic Net, Random
Forest, SARIMA, XGBoost, Prophet, and a combined Prophet-XGBoost, to forecast long-term power production
at the Adama II wind farm using six years of SCADA data (Supervisory Control and Data Acquisition). The
results showed that SARIMAX excelled in short-term forecasting while the combined Prophet-XGBoost model
achieved the best long-term accuracy for yearly predictions. In a review of applications of Al algorithms in wind
farms, Wang et al. [33] reported that machine learning techniques, especially ANNs, SVMs, and hybrid models
are highly effective for prediction-based optimization in wind farms. They noticed that ANNs are favored for
their adaptive learning, fault tolerance, and high predictive accuracy, making them ideal for nonlinear, uncertain
environments like wind farms, while SVMs are more precise with small datasets but require careful parameter tun-
ing, and hybrid methods outperform individual models due to better feature extraction and parameter optimization.
The recent review study of various ML techniques used for wind power prediction by Liu et al. [34], highlights the
effectiveness of hybrid models that combine different ML algorithms or integrate ML with statistical methods. It
also discussed several challenges faced in applying ML, including the variability of wind, the lack of high-quality
data, and the complexity of modeling nonlinear relationships.

To synthesize the findings from the reviewed literature and clarify the landscape of optimization techniques ap-
plied to WFLO, Figure 1 provides a comprehensive classification of methods. It categorizes existing approaches
into four major groups: heuristic algorithms, metaheuristic algorithms, artificial intelligence (AI)-based tech-
niques, and hybrid methods. This hierarchical organization reflects the methodological evolution in the field from
basic rule-based algorithms to sophisticated hybrid frameworks that integrate machine learning and evolutionary
computation. The inclusion of emerging strategies such as Reinforcement Learning (RL), Whale Optimization
Algorithm (WOA), and CFD-ML hybrids illustrates the growing complexity and adaptability of modern WFLO
approaches. This flowchart serves as a visual summary of the tools currently shaping the optimization of wind
farm layouts and offers a foundation for identifying research gaps and future directions.

Overall, a wide range of optimization techniques have been developed for Wind Farm Layout Optimization
(WFLO), several important gaps remain. Many existing studies rely on idealized assumptions, with limited con-
sideration of flowfield complexity, site-specific parameters, or terrain-induced variability. In particular, aspects
such as population size, hub height, and surface roughness—which are crucial for real-world performance—are
often overlooked or simplified. Additionally, there is a lack of systematic parametric analysis to understand how
such factors influence the performance and adaptability of optimization algorithms, especially in large-scale sce-
narios. Another key gap lies in the disconnect between traditional optimization methods and emerging machine
learning (ML) techniques. While Genetic Algorithms (GA) and other evolutionary algorithms have shown strong
capabilities in navigating the nonlinear search space of WFLO problems, their predictive modeling capacities
remain limited. In contrast, ML models offer enhanced potential for learning wake behavior, forecasting power
output, and adapting to complex environmental conditions. However, these approaches have yet to be fully inte-
grated into mainstream WFLO research. The integration of machine learning for real-time WFLO and adaptive
control remains a significant research opportunity [8].
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To address these gaps, this chapter presents a GA-based framework tailored to wind farm layout optimization,
with a focus on evaluating its performance under varying parameter settings such as population size, hub height,
and surface roughness. The findings offer valuable insight into the operational behavior and flexibility of GA in
real-world conditions. Furthermore, this study includes a bibliometric analysis that captures the recent surge of
interest in machine learning applications within wind energy optimization. By synthesizing trends and emerging
methods, the analysis supports the development of future hybrid strategies that combine GA with ML for enhanced
prediction, optimization, and overall energy system sustainability.

3 Mathematical Modeling and Optimization Method

This study presents a comprehensive mathematical and computational framework to optimize the layout of onshore
horizontal-axis wind turbines (HAWTS) in wind farms. The objective is to maximize total energy output while
minimizing the cost of energy (COE). The proposed methodology integrates wake modeling, cost modeling, and
genetic algorithm (GA)-based optimization, all implemented within a MATLAB environment.

3.1 Wake Effect Modeling

To estimate the wake losses caused by upstream turbines, the analytical Jensen wake model is applied jensen1983.
The model, illustrated in Figure 2, is based on momentum conservation and assumes a linear expansion of the wake
downstream of the turbine. The wind speed u; experienced at a location j behind turbine i, after accounting for

the wake deficit, is given by:
2a
uj =uo (1= udef,ij) = uo ll— (ﬁ)] (1
(1oc7)

where: ug is the free-stream wind speed, « is the axial induction factor, & is the wake decay (entrainment)
constant, x;; is the downstream distance between turbines i and j, r is the initial wake radius (equal to the rotor
radius).

The axial induction factor a is calculated from the thrust coefficient C7 as:

L 1—\/21—CT )

The wake expansion constant &, which determines the growth rate of the wake, depends on the hub height &
and surface roughness length zg of the terrain:
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Figure 2: Schematic representation of the Jensen wake model.

When multiple upstream wakes influence a turbine, the effective wind speed u; at turbine i is obtained by
superimposing the kinetic energy deficits from all relevant upstream turbines using the following expression:

Ny 1/2
Ui = Uo; — (Z(u()juij)2> )
j=1

where: Nr is the number of upstream turbines affecting turbine 7, ug; is the free-stream wind speed before
turbine j, u;; is the wake-influenced wind speed from turbine j at the location of turbine i.

This model enables the prediction of wake-induced energy losses in large wind farms and is often used within
optimization algorithms to improve turbine placement and farm efficiency.

Figure 3 provides a 3D visualization of wake velocity in the axial direction, offering insight into how wind
speed recovers with downstream and radial distance from a turbine. This surface plot captures the velocity field
resulting from wake expansion and mixing with ambient flow, with wind speed increasing as the flow moves away
from the turbine. The gradient from blue to red illustrates this velocity recovery, moving toward the undisturbed
free-stream wind speed. The observed behavior confirms the fundamental principles of wake aerodynamics, where
velocity deficits are greatest near the turbine and diminish further downstream. Such visualizations are critical for
assessing wake recovery and guiding optimal spacing strategies in wind farm layout planning.

To further illustrate the behavior of wake interactions within a wind farm, Figure 4 presents a simulation
generated using the Jensen wake model. In this model, the wake expands linearly downstream, and the velocity
deficit is derived based on the thrust coefficient Cr, which reflects the energy extracted by the turbine rotor. The
color gradient in the figure indicates the variation in wind speed, with cooler tones representing areas of higher
velocity deficit. For this simulation, key parameters include a thrust coefficient Cr = 0.75, representative of
modern utility-scale turbines, a wake decay constant k = 0.0813 associated with moderate onshore turbulence,
and a free-stream wind speed 1y = 8 m/s. The wake expansion is modeled as D,, = D(1 + 2ks), where D is the
rotor diameter (30 m) and s is the downstream distance normalized by rotor diameter.

The color scale highlights the reduced wind speed, underlining the importance of optimal turbine spacing in
minimizing wake losses and improving overall wind farm efficiency. The figure demonstrates how downstream
turbines experience a significant reduction in wind speed when located within the wake of upstream units. This
highlights the critical importance of wake-aware layout optimization to ensure high energy efficiency and minimal
performance loss across the farm.
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3.2 Power and Efficiency Modeling

The total farm power is the sum of individual turbine powers. Between the cut-in speed and rated speed, the power
P (in kW) is given by:

Nr
Pt = Y 0.3u] (5)
i=1

The wind farm efficiency can be calculated as the ratio of the energy produced by N7 turbines in a wind farm
to the energy produced by N isolated wind turbines.
Pow _ Li0-3 xuf
NrP — Nr(0.3 xu})

Efficiency =1 = (6)

3.3 Cost Modeling

Two cost models are used in this study to compare the influence of simplified versus detailed economic for-
mulations on layout optimization outcomes. The first is the simple empirical model proposed by Mosetti [20],
commonly used in wind farm optimization literature. It estimates cost as a nonlinear function of the total number
of turbines N7:

2 1
Cost = Ny (3 + 3g0.001741v%> )

This formulation provides a convenient cost approximation for farms using identical turbines and is widely
adopted in benchmark studies.

The second, more complex model is adopted from Chen [35], It is specifically designed to account for multiple
types of wind turbines. It incorporates rated turbine power, number of turbines, and their interactions. The cost of
the ith wind turbine type is calculated using:

Cost; = —0.1539 x P, —0.001 x N; +2 x P, x N; +0.2504 8)

where P, is the rated power of the ith wind turbine, and »; is the number of ith turbine type installed in the
wind farm. When multiple turbine types are used, the total cost is computed as

n
Costyoy = Z Cost; )
i=0

where 7 is the number of different turbine types considered in the layout.

3.4 Objective Function

The objective function is designed to balance the trade-off between minimizing installation and operational costs
and maximizing total power production. It is formulated as the cost per unit of energy generated by the wind farm:

ost

C
Objective =
total

10)

This objective function encourages configurations that not only increase energy output but also penalize ex-
cessive turbine counts or suboptimal placements that lead to diminishing returns. By minimizing this ratio, the
optimization framework promotes economically efficient wind farm layouts. The genetic algorithm iteratively
evolves candidate solutions to reduce this metric, thus achieving a design that is both cost-effective and energy-
efficient.

3.5 Genetic Algorithm Framework

A Genetic Algorithm (GA) is a computational method that evolves solutions over time, drawing inspiration from
biological evolution [36]. It operates by initializing a population of candidate solutions and refining them through
processes similar to natural selection, crossover, and mutation. Originally introduced by John Holland in the
1960s [37] and expanded by David Goldberg in the 1980s [38], GAs are designed to iteratively enhance the
quality of solutions across generations. Their success heavily relies on tuning algorithm parameters to the spe-
cific problem, allowing effective exploration of complex solution spaces. Often, GAs are integrated with other



optimization methods to increase their flexibility and strength. Each candidate solution is structured like a chro-
mosome, engaging in evolutionary exchanges to improve performance. The adaptability and efficiency of GAs
have made them valuable tools across a wide spectrum of optimization challenges.

In this study, a customized Genetic Algorithm (GA) was developed and implemented in MATLAB to optimize
wind farm layouts. The optimization process begins by generating an initial population based on a staggered
mesh grid, with turbines spaced 5 rotor diameters (5D) apart. Each individual in the population represents a
specific turbine configuration, and its fitness is evaluated by taking the inverse of its relative error compared to the
minimum objective function value.

The GA operates with the following parameters: a population size of 1500 individuals, 100 generations, a
crossover rate of 0.5, and a mutation rate of 0.02. Tournament selection is used to choose parents for reproduction.
Crossover is performed using a single-point method, while mutation randomly flips turbine states to introduce
diversity into the population.

Figure 5 shows the basic structure of a Genetic Algorithm (GA) begins with the generation of an initial popu-
lation, either randomly or using heuristic methods. From this population, individuals are selected as parents, and
crossover and mutation operators are applied to produce offspring. These new solutions replace existing individ-
uals, and the process repeats iteratively. This evolutionary approach is inspired by natural selection, where fitter
individuals are more likely to propagate their traits. The three key genetic operators—selection, crossover, and
mutation—drive the exploration and exploitation of the solution space. Figure 3.7 illustrates the main steps of the
GA process applied to wind farm layout optimization.
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Figure 5: Flowchart if WFLO using GA

The algorithm is tested on a hypothetical 1.6 km x 1.4 km wind farm. Parameters include a rotor radius of 20
m, hub height of 80 m, axial induction factor of 0.33, and an initial wind speed of 12 m/s. Terrain roughness and
wake entrainment constants are also included. The model is validated against published benchmarks and shows
convergence toward optimal solutions within 55 generations.

Numerical experiments are conducted to assess the influence of four key parameters: population size, cost
model, hub height, and surface roughness. These parameters are examined through four structured case studies
targeting the objective function, fitness, average power, and wind turbine distribution. Population sizes of 500,
1000, 1500, and 2000 are tested to determine the optimal setting. It is found that a population size of 1500
provides the most effective trade-off between convergence speed and solution quality. Notably, when the number
of generations exceeds 55, population sizes of 1500 and 2000 yield very similar fitness values, indicating that
increasing the population beyond 1500 does not lead to substantial gains.



The optimized layout achieved a significant increase in energy production and a lower Cost of Energy (COE)
compared to traditional layouts. The use of the GA allowed for the strategic placement of additional turbines
without increasing wake losses. The study underscores the effectiveness of integrating wake modeling and evolu-
tionary algorithms for wind farm layout optimization, offering a robust method for future real-world applications.

4 Bibliometric Analysis and Data Sources

To complement the technical modeling and simulation presented in this chapter, a bibliometric analysis was con-
ducted to assess the trends, scope, and scholarly impact of wind farm layout optimization (WFLO) using Genetic
Algorithms (GA) and Machine Learning (ML) techniques. Bibliometric analysis is a robust quantitative approach
that leverages publication metadata—such as titles, keywords, authorship, affiliations, and citations—to map the
intellectual structure and thematic development of a research field [39].

The software tool VOSviewer was employed to perform this analysis. Developed by Van Eck and Walt-
man [40], VOSviewer is widely used for constructing and visualizing bibliometric networks such as co-authorship,
co-citation, and keyword co-occurrence maps. Prior studies have successfully applied VOSviewer to domains
ranging from Al trends [41], rhetorical evolution [42], the metaverse [43], to climate-related studies in the
GCC [44].

A structured query was constructed to retrieve relevant records from two major databases: Scopus and Web of
Science (WoS) [45]. The query combined terms related to WFLO, optimization algorithms, and ML methods:

("wind farm" OR "wind turbine layout" OR "wind farm optimization" OR "wind farm
planning" OR "wind turbine placement" OR WFLO OR "wind energy optimization") AND
("genetic algorithm" OR "evolutionary algorithm" OR "greedy algorithm" OR "hill
climbing" OR "particle swarm optimization" OR PSO OR "simulated annealing" OR

SA OR "whale optimization algorithm" OR WOA OR "ant colony optimization" OR ACO

OR "artificial neural network*" OR ANN OR "deep learning" OR "support vector machinex"
OR SVM OR "k-nearest neighbor*" OR KNN OR "reinforcement learning" OR RL OR "decision
treex" OR DT OR "random forest" OR "machine learning" OR "computational intelligence"
OR "artificial intelligence" OR "hybrid method*" OR "hybrid optimization" OR "CFD"

OR "AI" OR "XGBoost")

Searches were limited to 2015-2025. From WoS, a total of 241 documents were retrieved from the Web of
Science (WoS) database, and 453 documents were obtained from Scopus. To enhance the quality and reliability
of the dataset, a data cleaning process was undertaken. This involved removing duplicate records, eliminating
irrelevant publications, and filtering out entries with incomplete metadata.

The process followed six main steps, summarized in Figure 6:

a) Define the research focus and objective.

b) Select databases (Scopus and WoS).

¢) Construct search queries and collect data.

d) Clean and filter the dataset (removing duplicates and unrelated entries).

e) Analyze the data using bibliometric techniques (keyword frequency, co-authorship).

f) Visualize the research landscape using VOSviewer (clusters, overlays, and timelines).
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Figure 6: Main stages of the bibliometric analysis.

5 Results and Discussion

5.1 Genetic Algorithm-Based WFLO Simulation

The Genetic Algorithm (GA)-based optimization framework was applied to a hypothetical wind farm layout con-
sisting of 60 turbines within a 1.6 km x 1.4 km area. The GA was configured with a population size of 1500, a
crossover rate of 0.5, a mutation rate of 0.02, and run for 100 generations. The results demonstrate a rapid de-
crease in the objective function value (cost per unit power) during the initial iterations, with convergence occurring
around the 55th generation. This behavior confirms the GA’s effectiveness in exploring and exploiting the search
space to produce energy-efficient and cost-effective layouts.

To evaluate the adaptability of the GA under varying conditions, a parametric study was conducted focusing
on four key factors: population size, hub height, surface roughness, and cost model. Each parameter was system-
atically tested to assess its influence on the objective function, fitness, total power output, and turbine distribution.

Results showed that increasing the population size from 500 to 1500 significantly improved optimization
performance by enhancing solution diversity and reducing premature convergence [46]. However, increasing the
size to 2000 did not yield significant improvements beyond those obtained with 1500, indicating that this value is
optimal for the current problem scale.

To evaluate the influence of cost modeling, two cost models were compared: the simplified Mosetti model
and the more detailed Chen model [20], [35]. As shown in Figure 7, the resulting layouts differ in both turbine
distribution and density. Mosetti’s model [20] led to more dispersed configurations, while the Chen model fa-
vored fewer, more strategically placed turbines. This contrast emphasizes how cost structure impacts optimization
outcomes, with Chen’s model better capturing long-term economic trade-offs.
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Figure 7: Optimal wind farm layout generated using Mosetti’s and Chen’s cost models.

In addition to cost modeling, the height of the hub was examined as a key design parameter. As shown in
Figure 8, increasing the height of the hub increases the exposure of the turbine to higher wind speeds and reduces
the effects of turbulence, leading to improved fitness values. Taller turbines improve energy capture and overall
optimization performance, confirming industry practices that favor higher towers in flat or low-roughness sites.
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Figure 8: Fitness value across generations for different hub heights.

Surface roughness was also found to significantly impact layout performance. Figures 9 and 11 illustrate how
smoother terrains (e.g., zo = 0.005) lead to faster convergence and higher fitness values, while rougher terrains
(e.g., zo = 1.0) experience slower improvement and increased wake interference. Lower roughness coefficients re-
sult in more compact and efficient layouts with minimized wake losses. These findings emphasize the importance
of incorporating site-specific terrain characteristics in wind farm design.
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Overall, the GA-based WFLO framework effectively balances energy maximization and cost minimization
while adapting to different environmental and operational parameters. The observed trends validate its scalability
and robustness. The results of this study also provide a solid foundation for integrating machine learning in future
work to enhance wake modeling accuracy and real-time adaptability further.

5.2 Bibliometric Trends in Annual WFLO Research (2015-2025)

Building on the computational findings, a bibliometric analysis was conducted to examine the scholarly landscape
of Wind Farm Layout Optimization (WFLO) research, with a particular focus on the use of Genetic Algorithms
(GA) and Machine Learning (ML) techniques. The bibliographic data, collected from Scopus and Web of Science,
was cleaned and analyzed using VOSviewer, as detailed in Section ??. Together, the bibliometric insights and GA-
based results provide a comprehensive understanding of both the theoretical and scholarly evolution of WFLO,
bridging engineering simulations with academic discourse.

In WoS, 241 documents were retrieved (2015-2025, topic field only). In Scopus, 453 documents were retrieved
within the same period. The data were filtered to exclude unrelated entries or those missing author data. Figure 12
illustrates the annual publication highlighting the number of WFLO-related publications indexed in Scopus and
Web of Science. The data indicates a strong and consistent upward trend in publication output, particularly in
the Scopus database, which exhibits a more rapid acceleration in recent years. Between 2015 and 2020, both
databases showed a steady increase, but from 2021 onward, the number of Scopus-indexed publications increased
significantly, more than doubling by 2025. The findings indicate that the growing literature volume implies a
diversification in methodological approaches, including the emergence of hybrid models, deep learning-based
wake modeling, and real-time optimization frameworks, all of which are further explored in the thematic keyword
and ML trends discussed in the next sections.
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Figure 12: Annual publication trends in Scopus and WoS (2015-2025)

5.3 Categorization, Co-occurrence, Network Visualization of WFLO Evolution

To conduct a comprehensive bibliometric analysis of wind farm layout optimization (WFLO) methods, data were
collected from the two major scientific databases, with an initial dataset including a total of 694 documents, 453
papers retrieved from Scopus and 241 from WoS. After merging the datasets, a cleaning process was performed
to remove duplicated titles, incomplete records, and documents missing essential metadata such as title or author
information. In total, 211 documents were excluded, resulting in a final dataset of 483 unique and eligible doc-
uments spanning the years 2015 to 2025. Each document was then carefully categorized based on the primary
optimization or modeling technique it employed. The major identified categories included Genetic Algorithms
(GA), Machine Learning (ML) techniques such as Artificial Neural Networks (ANN) and Random Forest (RF),
Computational Fluid Dynamics (CFD) based modeling, hybrid optimization methods that combine GA or other
heuristics with ML, and other metaheuristic algorithms such as Particle Swarm Optimization (PSO) and Simulated
Annealing (SA). Minor techniques that appeared infrequently were logically grouped into broader categories to
avoid unnecessary fragmentation.

Figure 13 illustrates the annual distribution of WFLO-related publications from 2015 to 2024 across several
optimization techniques including Genetic Algorithms (GA), Machine Learning (ML), Particle Swarm Optimiza-
tion (PSO), Ant Colony Optimization (ACO), Computational Fluid Dynamics (CFD)-based methods, Simulated
Annealing, and a category labeled as “Other Methods”. The large number of publications marked as “Uncate-
gorized,” especially after 2019, limits the interpretability of evolving trends; however, our query is based on the
title, so any document not explicitly indicating the method in the title is not considered. Also many documents are
mainly reviews.

The year 2025 was intentionally excluded from the figure due to the fact that many of its records are early-
access or in-press articles that may not reflect finalized publication counts. Overall, the graph shows a steady rise
in the use of GA and ML techniques in WFLO..

The heatmap of the emergence of keywords in Figure 14 provides a temporal visualization of these trends,
confirming the increasing importance of ML and hybrid techniques in the WFLO literature since 2019. As illus-
trated in the Figure 14, publication activities in wind farm layout optimization (WFLO) using GA and Machine
Learning (ML) techniques has shown substantial growth between 2015 and 2025, reflecting increased academic
and industrial interest in these approaches. Notably, ML techniques have seen a pronounced uptick in usage since
2020, with deep learning, random forest, and ensemble models emerging alongside dominant tools like artificial
neural networks (ANN). Furthermore, a growing number of studies are exploring hybrid optimization frameworks
that combine GA with ML models such as ANN and support vector machines (SVM) to improve layout accuracy
and computational efficiency. This trend signals a shift toward intelligent and adaptive wind farm systems.
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Figure 13: Categorization of WFLO-related publications across several optimization techniques.
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Figure 14: Heatmap of Machine Learning algorithm used in WFLO research (2015-2024).

Co-occurrence network of author keywords generated using VOSviewer, based on documents retrieved through
a title-only search using combined Scopus and WoS databases is shown in Figure 15. Each node represents
a unique keyword, with size indicating frequency of occurrence. Edges represent co-occurrence links, where
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stronger connections indicate frequent joint appearances in the same documents. Keywords are grouped into
color-coded clusters reflecting thematic associations. The central yellow cluster, with terms like wind farm, wind
power, and optimization, highlights the core research focus on data-driven wind energy optimization. The blue
cluster emphasizes aerodynamic modeling and environmental factors (e.g., wake, CFD, micro-siting). The red
cluster centers on electrical infrastructure and grid integration (electric power system, load flow). Green nodes
correspond to Al-driven forecasting methods (deep learning, reinforcement learning), while peripheral clusters
touch on operational topics (maintenance, decision trees) and strategic planning (infrastructure, decision making).
The map underscores the interdisciplinary nature of wind energy research, integrating physical modeling, machine
learning, and system-level optimization.

Figure 16 shows the density visualization of author keyword co-occurrence, offering additional insight into the
concentration of research themes within the dataset. The color gradient reflects the frequency and significance of
terms: warmer colors (yellow to red) indicate high-density areas with frequent and central keywords, while cooler
colors (green to blue) highlight lower-density or more specialized terms.

The most intense area, shown in red, is centered on wind farm, machine learning, and optimization, confirming
their pivotal role in the literature. Surrounding terms such as genetic algorithm, swarm optimization, and power
generation fall within the high-to-medium density zones, suggesting their strong relevance and interconnection
with the core topics. In contrast, blue regions contain keywords like wake loss, hub height, fault detection, and
convolutional neural network, which, while less frequent, indicate emerging or specialized areas of study.

This visualization reinforces the centrality of Al-based optimization approaches in wind energy research and
highlights the breadth of supporting topics contributing to this interdisciplinary field.

The overlay visualization highlights emerging areas of research based on the average publication year associ-
ated with each keyword, suggesting a growing focus on aerodynamic complexities involved in wind farm layout
optimization. Recent research reflects a shift toward solving challenges associated with siting turbines in complex
terrains. This trend points to the need for advanced modeling techniques and decision-support tools that incorpo-
rate terrain features, wake interactions, and performance losses—particularly in the context of maximizing energy
output and minimizing costs under real-world environmental constraints.

Machine learning continues to play a pivotal role in this evolution, offering scalable and adaptive approaches
to optimization, prediction, and pattern recognition. Its integration with spatial modeling and aerodynamic sim-
ulations is expected to enhance the accuracy and efficiency of wind farm design and operation in increasingly
challenging environments.
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6 Conclusion

This chapter presents a dual perspective on Wind Farm Layout Optimization (WFLO): computational modeling
using Genetic Algorithms (GA), and a systematic bibliometric review of scholarly trends based on Scopus and
WoS databases. Together, the bibliometric insights and GA-based results provide a comprehensive understanding
of both the theoretical and academic evolution of WFLO. The GA-based simulations demonstrate the effectiveness
of evolutionary algorithms in optimizing turbine placement while accounting for environmental parameters and
cost trade-offs. The parametric study confirms that GA performance is sensitive to population size, hub height,
and terrain roughness—insights that are critical for real-world wind farm design.

In parallel, a bibliometric analysis conducted on a dataset of 483 documents from Scopus and Web of Science
reveals a growing academic focus on data-driven methods in WFLO. The analysis categorized research into major
algorithmic families such as GA, ML, PSO, and hybrid approaches, as well as tracked the rise of specific ML
techniques such as deep learning, SVM, and ensemble methods. The keyword heatmap illustrates this algorithmic
shift over time, especially post-2020, where ML-based and hybrid strategies become more prominent.

The study concludes that integrating GA with ML provides a promising pathway for intelligent, adaptive
WFLO systems. Future research should focus on real-time optimization, hybrid frameworks, and integrating
terrain-aware, aerodynamics, and CFD models with learning algorithms to achieve sustainable and efficient wind
energy solutions.
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