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Abstract
This study presents a precision computational framework to assess and optimize wind energy potential
across three major geographic zones in Nigeria: the northern highlands, coastal areas, and savannah
regions. By integrating high-resolution computational fluid dynamics (CFD), geographic information
systems (GIS), and hybrid optimization algorithms, region-specific wind flow characteristics and
turbine layouts were modeled and evaluated. Wind resource data from ERA5 reanalysis and local
meteorological observations were combined with digital elevation models to simulate site-specific
atmospheric conditions and topographic effects. The CFD simulations, validated against empirical
datasets, revealed that the northern highlands exhibit superior wind energy characteristics, with mean
wind speeds of 7.2 m/s at 80 m hub height and turbulence intensity below 10%. Optimized turbine
layouts in this region yielded an annual energy output of 3,600 MWh per turbine and a capacity
factor of 42%, with minimal wake losses. Coastal and savannah regions demonstrated lower wind
potential, with higher turbulence levels and reduced energy yields, highlighting the need for adaptive
deployment strategies. The findings underscore the importance of terrain-sensitive modeling and hybrid
optimization techniques in wind energy planning. This work provides actionable insights to guide wind
farm development and policy planning in Nigeria and similar regions with heterogeneous wind profiles.
Keywords: Wind Energy, Computational Fluid Dinamics, Turbine Optimization, GIS, Renewable
Energy

1. Introduction
The transition to renewable energy has become a

global priority, driven by the dual imperatives of mitigat-
ing climate change and ensuring long-term energy secu-
rity. Among renewable sources, wind energy offers several
strategic advantages, including scalability, low operational
emissions, and declining costs, making it a viable alter-
native to conventional fossil fuels. Recent advancements
in computational modeling—particularly computational
fluid dynamics (CFD) and geographic information systems
(GIS)—have enhanced the precision of wind flow analysis
and turbine placement strategies [1], [2]. In Nigeria, en-
ergy insecurity remains a persistent challenge, with over
40% of the population lacking access to reliable electric-
ity [3]. The country’s continued dependence on fossil
fuels contributes to environmental degradation and ex-
poses its energy sector to the volatility of international oil
prices. While Nigeria possesses significant renewable en-
ergy resources, particularly solar and wind, these remain
largely underutilized due to infrastructural, technical, and
policy-related barriers [4].

The urgency of developing sustainable and decentral-
ized energy solutions is underscored by Nigeria’s rapidly

growing population and industrial demands. However,
current energy policies and infrastructure strategies have
generally overlooked the potential of advanced computa-
tional tools in renewable energy planning, leading to inef-
ficient site selection and sub-optimal resource use [5], [6].
A key constraint in wind energy development is the diffi-
culty in identifying suitable turbine locations, especially
in regions with complex terrain and variable wind con-
ditions [4]. Nigeria’s geographic diversity—including
coastal areas, savannahs, and highland plateaus—presents
both challenges and opportunities for wind energy deploy-
ment. Elevated terrains such as the northern highlands
offer promising wind conditions, but variations in surface
roughness, atmospheric stability, and turbulence compli-
cate accurate resource assessment [7], [8], [9]. Over-
coming these challenges requires a region-specific and
data-driven approach to wind energy modeling.

Furthermore, Nigeria’s strategic position in sub-
Saharan Africa underscores the regional relevance of wind
energy research tailored to complex terrains. Successful
deployment of wind power systems in such environments
can serve as a blueprint for neighboring countries with
similar geographical challenges [10], [11], [12]. Despite
the progress in global wind energy modeling, there is a no-
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table lack of precision studies that account for the specific
terrain-induced variability found within the Nigerian land-
scape. To address this gap, this study employs a precision
computational framework that integrates CFD simulations,
GIS-based spatial analysis, and advanced optimization
algorithms to assess wind flow dynamics and energy po-
tential across three representative regions of Nigeria: the
northern highlands, coastal areas, and savannah zones.
Each of these regions presents distinct topographical and
atmospheric conditions that influence wind behavior, tur-
bine siting, and overall system performance.

By capturing localized wind characteristics such as
turbulence intensity, surface roughness, and wake inter-
actions, the study aims to enhance the accuracy of wind
resource assessments and inform efficient turbine place-
ment. While regions such as the northern highlands
exhibit favorable wind conditions, traditional modeling
methods often fail to quantify the site-specific constraints
and performance trade-offs required for scalable deploy-
ment [7], [8], [9]. This research contributes to both
academic and practical domains by offering a geospatially
and aerodynamically informed methodology for wind en-
ergy planning. The expected outcomes include detailed
wind flow maps, optimized turbine layouts, and region-
specific performance metrics, all of which are intended to
support policymakers, energy planners, and developers in
designing sustainable wind energy systems across Nigeria.

2. Literature Review
2.1. Overview of Wind Deployment

Wind energy is increasingly recognized as a critical
pillar of global renewable energy strategies, offering a
clean, renewable, and cost-effective alternative to fossil
fuels. By 2023, global installed wind energy capacity sur-
passed 900 GW, driven by technological innovations in tur-
bine design and favorable government policies worldwide
[13], [14], [15]. The efficiency of wind energy systems
depends heavily on the ability to optimize turbine place-
ment, taking into account wind resource variability, terrain
complexity, and logistical constraints [16], [17], [18]. In
sub-Saharan Africa, wind energy development remains
limited, with less than 1% of the region’s total energy gen-
eration attributed to wind power [19]. Challenges such
as inadequate wind resource data, insufficient technical
expertise, and financing barriers have hindered large-scale
deployment. However, several studies highlight the un-
tapped potential for wind energy in Africa, with countries
like Nigeria showing promising wind resource availability,
particularly in the northern highlands [20].

2.2. Computational Modeling in Wind Flow Dynamics

Computational fluid dynamics (CFD) has revolution-
ized wind energy research by providing high-resolution
simulations of wind flow behavior over diverse terrains.
CFD models solve the Navier-Stokes equations to simu-
late airflow, capturing complex phenomena such as tur-
bulence, flow separation, and wake effects [21]. Turbu-

lence modeling, including large-eddy simulation (LES)
and Reynolds-averaged Navier-Stokes (RANS) methods,
has further improved the accuracy of CFD models, partic-
ularly in capturing small-scale wind dynamics [22].

GIS-based approaches complement CFD by enabling
spatially explicit analyses that integrate wind flow data
with terrain and land use information. Hybrid GIS-CFD
frameworks are especially effective for wind resource as-
sessments in regions with heterogeneous topographies,
such as Nigeria [23]. For instance, these methods have
been used to map wind potential across varying altitudes,
demonstrating the value of coupling computational mod-
els with geospatial data [24]. Advancements in compu-
tational power and machine learning techniques have
further enhanced CFD applications. For example, ma-
chine learning algorithms are now integrated into CFD
workflows to predict wind resource variability and opti-
mize computational efficiency [25]. These advancements
are particularly valuable for assessing wind energy po-
tential in regions like Nigeria, where diverse terrains and
limited empirical data complicate traditional modeling
approaches [26].

2.3. Optimization Techniques for Wind Energy Systems

Optimization is central to maximizing the efficiency
of wind energy systems. Multi-objective optimization
methods, including genetic algorithms (GAs), particle
swarm optimization (PSO), and differential evolution
(DE), are widely used to determine the optimal placement
and configuration of wind turbines [27]. These techniques
account for factors such as wake interactions, turbulence
intensity, and land use constraints, balancing energy yield
with economic and environmental considerations [28].

Machine learning (ML) has transformed wind energy
optimization by enabling data-driven decision-making.
Techniques such as artificial neural networks (ANNs) and
support vector machines (SVMs) have been employed
to model the complex relationships between wind dy-
namics and turbine performance [29]. Reinforcement
learning (RL) has also gained prominence for its ability
to adaptively optimize wind farm operations based on
real-time wind conditions [30]. Recent studies highlight
the benefits of hybrid optimization frameworks that com-
bine traditional algorithms with machine learning. These
approaches enhance the accuracy and computational effi-
ciency of optimization processes, making them particularly
suitable for regions with complex wind patterns, such as
Nigeria [31]. By leveraging these techniques, researchers
have demonstrated significant improvements in energy
yield and cost efficiency across diverse terrain types [32].

2.4. Challenges in Wind Energy Deployment in Nigeria

Despite its significant wind energy potential, Nigeria
faces multiple barriers to large-scale deployment. Geo-
graphical diversity, including coastal areas, savannahs,
and plateaus, creates complex wind flow patterns that
require advanced modeling to accurately assess energy po-
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tential [33]. Additionally, inadequate wind resource data
and limited access to high-resolution terrain information
hinder precise assessments of wind energy viability [34].
Infrastructure deficits, such as a poorly developed elec-
tricity grid and insufficient transmission capacity, further
complicate wind energy deployment in Nigeria. Socio-
political issues, including regulatory uncertainty and land
ownership disputes, also deter investment in wind energy
projects [35]. However, regions such as the northern high-
lands, characterized by average wind speeds exceeding
6 m/s, present significant opportunities for wind energy
development if these challenges can be addressed [36].

2.5. Research Gaps and Opportunities

While advancements in computational modeling and
optimization have significantly improved wind energy
planning globally, their application in Nigeria remains
underexplored. Many studies on wind energy in sub-
Saharan Africa rely on generalized models that do not
account for the region’s unique geographical and climatic
conditions [37]. For example, most existing models fail to
address terrain-induced wind flow complexities and the
impact of land use constraints on turbine placement [38].
This study seeks to bridge these gaps by developing an
integrated computational framework tailored to Nigeria’s
diverse terrains. By combining advanced CFD modeling,
GIS analysis, and state-of-the-art optimization techniques,
the research aims to provide actionable insights for poli-
cymakers and developers. Furthermore, this framework
can serve as a replicable model for other regions facing
similar challenges, contributing to the global advancement
of renewable energy technologies [39].

3. Materials and Methods
3.1. Study Area Description

This study focuses on three representative regions
in Nigeria selected for their distinct topographical and
meteorological characteristics: the northern highlands,
coastal areas, and savannah zones. These regions were
chosen to reflect the geographical diversity of the country
and to evaluate the variability in wind energy potential
across different terrains. The coastal region includes ur-
banized zones such as Lagos and Calabar, where wind
patterns are influenced by maritime conditions, vegeta-
tion, and built environments. Savannah regions, located
in central Nigeria—including areas such as Abuja and
Minna—exhibit rolling landscapes that create intermedi-
ate wind flows with higher surface friction. The northern
highlands, including the Jos Plateau and its surrounding
areas, represent elevated terrains with reduced surface
roughness and relatively stable wind profiles. At 80-meter
hub heights, the highlands record average wind speeds
exceeding 6 m/s, making them particularly attractive for
utility-scale wind projects [40], [41], [42].

3.2. Data Collection and Preparation

To achieve accurate wind resource estimation, the
study integrates multiple high-resolution datasets. Wind
speed and direction data were sourced from the ERA5
global reanalysis dataset, which offers hourly climate vari-
ables at a spatial resolution of approximately 31 km. To
enhance local reliability, these data were validated using
point-based measurements obtained from the Nigerian Me-
teorological Agency (NiMet), thereby correcting for model
bias and increasing spatial fidelity. Digital Elevation Mod-
els (DEMs) were derived from Shuttle Radar Topography
Mission (SRTM) data with a resolution of 30 meters, pro-
viding detailed topographical inputs for terrain-sensitive
CFD simulations.

Preprocessing involved the application of statistical
smoothing algorithms to eliminate outliers and interpo-
late missing data points. Key wind parameters—including
wind speed, direction, and turbulence intensity—were
extracted and subjected to spatial interpolation for GIS
integration. The Weibull distribution function was applied
to model wind speed probability distributions across the
selected regions. This probabilistic model enabled the
calculation of site-specific mean wind speeds and energy
densities, both critical for evaluating turbine performance
and annual energy output [43], [44], [45], [46], [47].

3.3. Computational Modeling Framework

The core of the analysis relies on high-resolution CFD
simulations to model wind flow over complex Nigerian
terrains. OpenFOAM, an open-source CFD platform, was
used due to its flexibility in handling atmospheric bound-
ary layer simulations and its proven utility in wind en-
ergy applications. The Reynolds-Averaged Navier–Stokes
(RANS) equations were solved using the standard k − ε
turbulence model, which provides a reliable balance be-
tween computational cost and accuracy for simulating
turbulent wind flows in heterogeneous landscapes.

Simulation domains were constructed based on DEM
data, capturing elevation gradients, slope effects, and
surface roughness elements derived from land-use clas-
sifications. Boundary conditions were defined using cli-
matological data from validated wind profiles, with inlet
boundaries assigned logarithmic wind velocity profiles to
represent atmospheric boundary layer behavior. Lateral
boundaries were treated as symmetry planes, and the
ground surface was defined using rough wall functions to
simulate frictional losses due to terrain and vegetation.

Each simulation was run until residual convergence
was achieved, with time-step independence and mesh sen-
sitivity studies performed to ensure numerical stability.
Mesh refinement was applied near the surface and around
obstacles to capture fine-scale turbulence and flow separa-
tion effects. Outputs from CFD simulations were exported
into GIS platforms to spatially analyze wind flow char-
acteristics, overlay exclusion zones, and identify viable
turbine placement locations [48], [49], [50], [51]. Fig-
ure 1 shows the schematic diagram of the computational

27



Unegbu and Yawas/JMES The International Journal of Mechanical Engineering and Sciences/10/01(2026)

modelling framework.

Figure 1. Schematic diagram of the integrated
computational fluid dynamics (CFD) and geographic

information system (GIS) framework for wind turbine
siting.

3.4. Optimization Techniques

Turbine placement was optimized using a hybrid
framework that integrates Genetic Algorithms (GAs) and
machine learning (ML) techniques. The optimization ob-
jectives included maximizing net energy yield, minimizing
wake-induced losses, and reducing the environmental foot-
print of wind farm layouts. The Jensen wake model was
used to quantify wake effects based on turbine spacing and
prevailing wind direction, accounting for energy losses be-
hind upstream turbines. The GA component generated
multiple layout configurations across the defined study
areas, each evaluated using a custom fitness function.

This fitness function incorporated critical constraints,
including land-use restrictions (e.g., exclusion of urban
areas, agricultural zones, and protected lands), turbine
spacing requirements to reduce wake interference, and
simplified financial indicators such as land availability

and access considerations. To accelerate convergence and
enhance layout accuracy, machine learning models were
trained on CFD-derived wind field outputs, learning to
predict high-performance placement zones. Furthermore,
reinforcement learning (RL) was implemented to simulate
real-time adaptation of turbine positioning in response to
fluctuating wind conditions, enhancing the resilience of
optimized layouts [52], [53], [54].

3.5. Simulation Parameters and Assumptions

All simulations were conducted using standardized
specifications for modern onshore wind turbines. Turbine
hub heights were set at 80 meters, with rotor diameters
of 120 meters, reflecting utility-scale designs suitable for
the Nigerian context. The turbines’ operational thresholds
included a cut-in wind speed of 3 m/s and a cut-out speed
of 25 m/s, consistent with industry standards.

Surface roughness was incorporated into the CFD do-
main using land classification maps and vegetation indices,
allowing site-specific modeling of frictional drag. Rough-
ness lengths were assigned based on terrain type (e.g.,
urban areas, shrubs, open land), and logarithmic wind
profiles were applied near the ground surface to simulate
atmospheric boundary layer behavior. Exclusion zones
were enforced using GIS overlays of land-use categories,
ensuring compliance with national siting regulations and
international best practices [55], [56].

3.6. Model Validation

The validity of the computational modeling frame-
work was assessed using empirical data from small-scale
wind installations in regions with similar topographic
and climatic conditions to the study areas. Simulated
wind speeds and energy outputs were compared against
observed data using statistical performance indicators,
including Mean Absolute Error (MAE) and Root Mean
Square Error (RMSE). The results showed strong corre-
lation, with coefficient values exceeding 0.9, indicating
high model reliability in predicting wind behavior and
turbine performance. To further ensure robustness, cross-
validation was performed by splitting the available data
into training and test subsets, allowing independent ver-
ification of model accuracy. CFD wind fields were also
qualitatively validated using wind rose diagrams and ve-
locity contours to confirm realistic flow patterns. These
validation steps ensured that the integrated CFD-GIS-
optimization framework could produce reliable and ac-
tionable insights for wind energy planning [57], [58].

4. Results and Discussion
4.1. Wind Flow Dynamics Across Selected Regions

The CFD simulations revealed distinct wind flow
characteristics across the northern highlands, coastal ar-
eas, and savannah regions, with strong correlations be-
tween geographic features and local wind behavior. In the
northern highlands, the elevated terrain and low surface
roughness created stable atmospheric boundary layers, re-
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Table 1. Wind flow characteristics across regions.

Region Average Wind Speed
(m/s)

Turbulence Intensity (%) Key Features

Northern Highlands 7.2 10 High elevation, low
roughness

Coastal Areas 5.1 18 Maritime influence,
urban-induced roughness

Savannah Regions 4.8 15 Seasonal variability,
moderate roughness

Figure 2. Simulated wind speed distribution across
selected regions.

sulting in an average wind speed of 7.2 m/s at an 80-meter
hub height. Turbulence intensity in this region remained
below 10%, primarily due to the uniform topography and
minimal obstructions, which favored consistent wind ac-
celeration and lower vertical shear.

In contrast, the coastal areas exhibited more irreg-
ular wind behavior. Although maritime influence con-
tributed to moderate average wind speeds of 5.1 m/s,
turbulence intensity reached 18%, significantly impacting
wind quality. This high turbulence was attributed to a
combination of vegetation cover, urban infrastructure, and
humidity-related thermal gradients, all of which disrupted
laminar flow and introduced frequent directional shifts.

The savannah regions demonstrated intermediate
wind performance, with mean wind speeds of 4.8 m/s
and turbulence intensity around 15%. These patterns
were shaped by undulating terrain and seasonal vegetation
changes, which introduced moderate surface roughness
and variable thermal conditions. Seasonal flow reversal
and diurnal thermal shifts were particularly evident, result-
ing in increased directional variability during dry-to-wet
transitions. Figure 2 illustrates spatial wind speed distribu-
tion across all three regions, emphasizing the strong wind
corridors observed in the highlands. The model captured
micro-scale accelerations at ridge crests and wind chan-
neling effects in valleys, both critical for siting high-yield

turbines. These effects were visualized using horizontal
velocity contours and vertical profile plots, which provided
insight into shear gradients and flow stratification.

4.2. Optimal Turbine Placement Strategies

Using the hybrid optimization framework combin-
ing Genetic Algorithms (GAs), Machine Learning (ML),
and Reinforcement Learning (RL), region-specific turbine
layouts were developed based on simulated wind flow
characteristics and wake loss minimization strategies. In
the northern highlands, the optimal layout maintained a
600-meter spacing between turbines. This distance was
sufficient to suppress wake overlap due to strong pre-
vailing wind directionality and low turbulence, limiting
energy loss to 8%.

For the coastal region, the optimization algorithm
recommended a denser 300-meter turbine spacing to com-
pensate for lower wind speeds. However, this configu-
ration led to a higher wake loss of 12%, as increased
turbulence and multidirectional wind flow reduced wake
recovery distance. The savannah zone adopted an inter-
mediate spacing of 450 meters, balancing land availability,
wind variability, and wake interactions. Here, wake losses
reached 15%, due to less predictable flow paths and in-
creased vertical turbulence. GIS-based spatial overlays
were used to integrate land-use constraints, ensuring that
all optimized layouts avoided protected zones, densely
populated areas, and agricultural corridors. Figure 3
shows the turbine placement map for the northern high-
lands, highlighting wind corridors and exclusion zones
derived from GIS layers.

4.3. Energy Yield and Performance Metrics

The energy yield analysis confirmed the superior
performance of the northern highlands in wind energy
generation. With a stable wind regime and low turbu-
lence, turbines in this region produced an average of
3,600 MWh/year per unit, achieving a capacity factor
of 42%. This performance is attributed to consistent wind
alignment, minimal shear distortions, and reduced wake
interference due to effective turbine spacing. The CFD-
predicted flow fields indicated uniform flow structures
with minimal velocity deficits downstream of turbines, va-
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Table 2. Optimized turbine configurations and wake losses.

Region Turbine Spacing (m) Wake Loss (%) High-Potential Zones (%)

Northern Highlands 600 8 70

Coastal Areas 300 12 45

Savannah Regions 450 15 55

Figure 3. GIS-based optimized turbine placement for the
northern highlands.

lidating the placement strategy. In contrast, coastal areas
achieved an average energy yield of 2,200 MWh/year per
turbine and a capacity factor of 28%. This lower yield
reflects the compounded effect of higher turbulence, mul-
tidirectional flow, and wake overlapping in denser layouts.
Although wind speeds were moderate, flow instability re-
duced effective operating hours, increasing wake-induced
variability in turbine output.

The savannah region, with its transitional wind con-
ditions and moderate terrain complexity, yielded approx-
imately 1,900 MWh/year per turbine at a 24% capacity
factor. Intermittent wind flow, seasonal variability, and
elevated turbulence intensity limited overall system ef-
ficiency. Despite a relatively open terrain profile, wake
losses and frequent directional shifts reduced the opera-
tional performance of turbines. Performance metrics such
as wake losses, turbulence impacts, and efficiency were
extracted from CFD results and optimization outputs to
quantify inter-regional differences. The results validate
the suitability of the highlands for large-scale deployment,
while coastal and savannah regions may be better suited
for hybrid or distributed systems.

Figure 4. Energy density distribution for the northern
highlands.

4.4. Visualization of Results

Visual outputs from the CFD-GIS integration were
crucial in interpreting the spatial distribution of wind
potential and guiding turbine siting decisions. Figure
2 depicted the wind speed distribution, while Figure 3
presented the GIS-based turbine layouts. Figure 4 pro-
vided an energy density map of the northern highlands,
highlighting regions with annual average wind power den-
sity exceeding 450W/m2, a threshold typically favorable
for commercial-scale turbines. These visualizations re-
vealed key aerodynamic features such as wind channeling
through valleys, acceleration zones along ridgelines, and
shadow zones behind elevated terrain. Such flow charac-
teristics were captured through horizontal velocity fields,
vertical shear profiles, and turbulence intensity contours,
all extracted from OpenFOAM post-processing.

Furthermore, Figure 5(a) & 5(b) compared the
turbine layout maps for the coastal and savannah re-
gions, demonstrating how turbine spacing and orientation
adapted to regional constraints. The use of layered GIS
maps—combining terrain, land-use, and wind resource
data—allowed the identification of exclusion zones and
high-potential micro-siting opportunities within broader
regions. This integrative visual analysis supported not
only performance prediction but also practical deployment
planning.
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(a) (b)

Figure 5. (a) Optimized turbine layout coastal region; (b) Optimized turbine layout savannah region.

Table 3. Energy yield and capacity factors across regions.

Region Energy Yield (MWh/year) Capacity Factor (%) Turbulence Impact (%)

Northern Highlands 3600 42 10

Coastal Areas 2200 28 18

Savannah Regions 1900 24 15

4.5. Discussion of Findings

4.5.1. Interpretation of Results in the Context of Nige-
ria’s Energy Goals

The results of this study strongly support the via-
bility of wind energy as a strategic component of Nige-
ria’s renewable energy transition. The northern highlands
demonstrated a high potential for utility-scale wind power
deployment, achieving a capacity factor of 42%, which is
competitive with global wind farm benchmarks [59], [60].
The region’s favorable wind regime, low turbulence inten-
sity, and topographic consistency make it ideal for large-
scale, grid-connected wind projects.

These findings align with Nigeria’s Vision 30:30:30
plan, which aims to generate 30 GW of electricity by 2030,
with at least 30% from renewable sources. Harnessing
highland wind resources could contribute significantly to-
ward meeting this target, while also enhancing energy
access in underserved northern communities. By contrast,
the coastal and savannah regions may be more suitable
for small-scale or hybrid systems that combine wind, solar,
and storage technologies to buffer intermittency and site
constraints [61].

4.5.2. Comparison with Prior Studies

This study significantly extends existing research
on Nigeria’s wind energy potential by applying high-
resolution CFD-GIS modeling and hybrid optimization.
Earlier studies, such as those by Ajayi and Adaramola [62],
relied primarily on empirical wind measurements and sta-
tistical extrapolation, often lacking terrain-specific turbu-
lence modeling or wake effect analysis.

Unlike previous works that treated Nigeria’s wind
potential as uniform or broadly regional, this study intro-
duces spatially differentiated insights based on topography,
land use, and atmospheric dynamics. The inclusion of tur-
bulence intensity, wake modeling, and performance valida-
tion provides a much more realistic estimate of achievable
energy yield across regions. This enhanced approach al-
lows policymakers and developers to make data-driven
siting and investment decisions [63].

4.5.3. Implications for Large-Scale Wind Energy Deploy-
ment

The energy yield and wake loss results for the north-
ern highlands indicate strong technical feasibility for grid-
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Table 4. Summary of key performance metrics across regions.

Metric Northern Highlands Coastal Areas Savannah Regions

Average Wind Speed (m/s) 7.2 5.1 4.8

Turbulence Intensity (%) 10 18 15

Wake Loss (%) 8 12 15

Energy Yield (MWh/year) 3600 2200 1900

scale wind farms. The region’s capacity factor of 42%
places it well above the industry threshold (typically 30-
35%) for financial viability. These outcomes support pri-
oritizing infrastructure investment in transmission lines,
substations, and access roads for highland wind corridors.
For coastal and savannah regions, where wind conditions
are more variable, the integration of wind energy into
distributed systems or hybrid configurations is more ap-
propriate. For example, coastal microgrids could combine
wind with solar and battery storage to serve fishing and
off-grid communities. In these cases, the turbine layout
must be carefully adapted to minimize wake interactions
under unstable atmospheric conditions [64], [65].

Overall, the differentiated deployment strategy
suggested by this study allows for resource optimiza-
tion across Nigeria’s diverse landscapes, reducing over-
dependence on fossil fuel infrastructure and supporting
decentralized energy access.

4.5.4. Limitations of the Study and Areas for Improve-
ment

While the integrated CFD-GIS-optimization frame-
work presented in this study offers a robust tool for wind
energy planning, several limitations remain. First, the
study relies on simulated data, which—although validated
against available observations—may not fully capture ex-
treme weather events, long-term seasonal shifts, or mi-
croclimatic anomalies. The limited availability of high-
resolution local wind measurements in many parts of
Nigeria restricts empirical validation [66].

Second, the study does not incorporate detailed fi-
nancial modeling, including capital cost estimation, pay-
back periods, or levelized cost of electricity (LCOE).
These are essential for investment-grade feasibility as-
sessments. Lastly, social, regulatory, and land acquisition
challenges—especially in rural or protected areas—were
not explicitly modeled, though they could impact real-
world implementation.

4.5.5. Recommendations for Policy and Infrastructure
Development

To support wind energy deployment in Nigeria, sev-
eral policy and infrastructural actions are recommended:

• Invest in Wind Resource Assessment

Establish more meteorological monitoring stations
across diverse terrains, and deploy remote sensing
technologies such as LiDAR and SODAR for accurate
vertical wind profiling [67].

• Expand Grid Infrastructure

Develop transmission corridors connecting high-
yield wind zones (particularly in the highlands) to
major demand centers. This includes substations,
smart grid integration, and load management sys-
tems [68].

• Incentivize Private Sector Participation

Introduce feed-in tariffs, tax credits, and low-interest
financing to attract investment in wind farms and
manufacturing components [69].

• Promote Local Research and Capacity Building

Support academic-industry partnerships, workforce
training, and university research programs focused
on renewable energy system design, modeling, and
optimization [70].

4.5.6. Future Research Directions

Future work should integrate long-term climate pro-
jections to understand how changing wind patterns might
affect turbine performance and regional energy planning.
The use of downscaled regional climate models (RCMs)
can provide insight into climate-induced shifts in wind
behavior over decadal time scales. Additionally, future
models should include multi-objective economic optimiza-
tion, factoring in capital cost, operation and maintenance
(O&M), LCOE, and land-use costs to support bankable
feasibility studies. The integration of socio-environmental
factors—such as community acceptance, ecological im-
pacts, and legal frameworks—would also provide a more
holistic assessment.

Finally, expanding the modeling framework to in-
clude hybrid energy systems that integrate solar photo-
voltaics (PV), wind, and battery storage will be crucial for
improving energy resilience in variable wind zones [71],
[72].
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5. Conclusions
This study presented a comprehensive, data-driven

framework for evaluating and optimizing wind energy po-
tential across Nigeria’s diverse geographical terrains using
an integrated approach combining computational fluid dy-
namics (CFD), geographic information systems (GIS), and
hybrid optimization techniques. By simulating wind flow
dynamics over three representative regions— the north-
ern highlands, coastal zones, and savannah areas—the
research highlighted the significant spatial variability in
wind resources, turbulence characteristics, and turbine
performance. The northern highlands emerged as the
most viable region for large-scale wind energy deployment,
with average wind speeds of 7.2 m/s, low turbulence in-
tensity, and a capacity factor of 42%. Optimized turbine
layouts in this region achieved annual energy yields of
3,600 MWh per turbine with minimal wake losses, making
it well-suited for grid-connected utility-scale wind farms.
In contrast, coastal and savannah regions demonstrated
moderate wind potential, with higher turbulence and di-
rectional variability. These areas are more appropriate
for distributed or hybrid systems that combine wind with
solar photovoltaic and energy storage technologies.

The use of CFD allowed for high-resolution mod-
eling of terrain-induced wind behaviors, including flow
acceleration, shear, and wake effects, which are often
overlooked in conventional resource assessments. The
integration of GIS enabled spatial filtering of turbine sit-
ing zones based on land-use, topographic constraints, and
exclusion criteria, ensuring practical deployment feasibil-
ity. Hybrid optimization—leveraging genetic algorithms
(GA), machine learning (ML), and reinforcement learning
(RL)—further improved turbine layout efficiency under
site-specific constraints.

The validated modeling framework demonstrated
strong correlation with observed data, confirming its ro-
bustness for wind energy planning in complex terrains.
The results offer not only technical insights but also strate-
gic direction for national energy development. In the
context of Nigeria’s Vision 30:30:30 energy policy, the
northern highlands represent a high-impact opportunity
for integrating wind energy into the national grid and
reducing dependence on fossil fuels. However, realizing
this potential will require complementary investments in
grid infrastructure, localized wind resource monitoring,
financial incentives for private developers, and regulatory
reform to streamline project approvals. Equally important
is the development of local capacity through academic
research, workforce training, and public-private partner-
ships in renewable energy technology development.

Future research should focus on incorporating cli-
mate change projections to assess long-term shifts in wind
regimes, performing full economic feasibility studies in-
cluding levelized cost of electricity (LCOE), and expanding
the modeling framework to support hybrid systems. Fur-
thermore, including socio-environmental impact assess-
ments will be critical to ensure that wind energy deploy-

ment is sustainable, equitable, and aligned with national
development goals. Overall, this study provides a replica-
ble, terrain-sensitive computational framework that can
guide both policymakers and developers in the strategic
deployment of wind energy infrastructure across Nigeria.
By combining high-resolution simulation with spatial in-
telligence and optimization, the research advances the
precision and reliability of wind energy planning and con-
tributes to a cleaner, more resilient energy future.
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