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Abstract: Wind plays a crucial role in various physical applications, including wind energy and pollutant transport
and diffusion. Wind varies from both temporal and spatial perspectives. This paper presents a statistical analysis
of wind energy potential in Mongo, the capital city of Guéra Province, Chad, using 11 years of data obtained from
the local meteorological station. Using the Weibull distribution function, we analyzed the wind speed probability
distributions based on the wind data obtained. The obtained results, based on average annual wind speed and
energy generation, indicate that Mongo is suitable only for small-scale wind energy applications. The average wind
speed within the chosen time interval is 3.2 m/s, which is classified as Class 1 according to the international system
of wind classification. Wind rose plots illustrate that the wind directions vary across the years. The temperature
data were also plotted, reporting an average temperature of 27.76°C over the 11-year study period. This indicates
that Mongo has a relatively hot climate, which may contribute to the modest but consistent wind speeds observed

in this city.
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1. Introduction

Access to electricity remains a critical challenge in
Chad, a landlocked Central African country with one
of the lowest electrification rates globally. As of 2021,
only about 8% of the total population had access to
electricity, with rural areas reporting coverage as low
as 1.3%."? This energy poverty significantly hinders
social and economic development by limiting access to

essential services, such as healthcare, education, clean
water, and communication.>* The government of Chad
has initiated efforts to diversify its energy portfolio by
integrating renewable energy sources, including solar
and wind, into its national energy mix.>’ Given Chad’s
challenging energy access and the low electrification
rates, especially in rural areas, such as Guéra Province,
where Mongo is located, assessing Mongo’s wind
energy potential is crucial for identifying viable local
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solutions that can foster sustainable development and
improve living standards. This focus aligns with the
national aims of expanding decentralized renewable
energy systems to underserved regions.*’

Wind energy, as a globally recognized clean and
renewable resource, has been extensively studied to
address energy access challenges. Recent scientific
literature provides a comprehensive and up-to-date basis
for assessing and deploying wind energy in contexts
comparable to Chad.®** These studies encompass
various statistical approaches to wind resource
assessment, which demonstrate the global relevance of
evaluating wind energy potential in developing regions.

Despite the country’s significant potential in
both fossil and renewable energy sources, including
solar irradiance levels exceeding 5.5 kWh/m*day
and moderate wind corridors in various regions, the
application of wind energy remains underdeveloped.®'°
In response to the pressing need for sustainable energy
and climate resilience, the Chadian government has
prioritized the development of renewable energy
through national energy planning and recent regulatory
reforms, such as the 2018 Renewable Energy Promotion
Law.!"!2 Wind energy, in particular, offers a promising
solution for off-grid and rural electrification, especially
in areas with moderate and consistent wind patterns.'>!4
Studies from countries with similar climatic conditions
have shown that even moderate wind regimes, when
well characterized statistically, can effectively support
micro-wind energy systems. !>

Mongo, the capital of Guéra Province, is situated
in a transitional climatic zone between the Sahel and
Sudanese ecological regions. Although it has not been
the focus of major national wind studies, its location,
topography, and meteorological conditions suggest that
Mongo is a potentially viable wind resource. Previous
studies, such as those by Soulouknga et al.> and Medjo
Nouadje et al.,** have explored wind potential in regions,
including Abéché and N’Djamena, applying the Weibull
distribution model to characterize wind patterns.
However, these analyses often rely on short datasets or
fail to evaluate wind behavior over extended periods.
Similar gaps have been observed in many developing
countries, where long-term wind datasets are rare and
modeling is often oversimplified.>*’ In particular, no
dedicated long-term study has been conducted to assess
Mongo’s wind energy potential using statistically robust
methods and decade-long data series.

This study aims to fill that gap by conducting a
comprehensive analysis of Mongo’s wind potential using
data collected over an 11-year period (2012 — 2022).

The combination of the Weibull distribution and the
maximum entropy principle (MEP) allows for a robust
and complementary characterization of the wind speed
distribution, where Weibull provides a widely accepted
parametric model, and Maximum Entropy offers a
flexible, information-theoretic approach that can capture
complex wind speed behaviors that are not always well
represented by standard distributions.?*

The goal is to determine whether Mongo is suitable
for small-scale wind energy systems that support rural
electrification initiatives and contribute to the national
renewable energy strategy. These methods have been
validated in similar assessments in North and West
Africa, Central Asia, and Latin America, proving
effective even in low-to-moderate wind conditions."”

The research’s strengths lie in its long-term dataset,
robust statistical approach, and focused geographic
scope, which provide detailed, actionable insights.
However, there are limitations, such as the absence of
economic and technical feasibility analyses, which are
proposed for future work. The study contributes to the
scientific field by addressing a critical data gap for Chad
and demonstrating a replicable methodology for wind
resource assessment in comparable developing regions.

Therelevance of this study lies in its potential to inform
policy decisions and guide investment in decentralized
wind energy systems for rural regions in Chad.
Unlike previous research, which often covers broader
geographic scopes or lacks temporal depth, this work
provides a detailed, localized, and data-driven analysis
focused on a specific site of strategic interest. It not only
contributes to the sparse academic literature on Chad’s
wind energy prospects but also provides actionable
insights for energy planners, engineers, and stakeholders.
To guide this investigation, the following research
questions are posed:

(1) What is the average annual and monthly wind speed
in Mongo over the period 2012 — 20227

(i1) What are the dominant wind directions, and how do
they vary seasonally?

(i) What is the estimated wind power density and its
suitability for energy generation?

(iv)Does Mongo meet the criteria for deploying
small-scale wind turbines for decentralized power
generation?

In response to these questions, several hypotheses are

formulated:

(1) The availability of 11 years of data allows for
statistically reliable wind speed estimation using
Weibull and entropy-based models
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(i) The average wind speed in Mongo is > 3.0 m/s,
corresponding to wind power Class 1, which is
suitable for limited applications

(ii1)) The prevailing wind direction is predominantly
south-southwest, consistent with regional climatic
patterns

(iv) The estimated wind power density is sufficient
to support standalone micro-generation systems
(<30 W/m?).

These hypotheses were tested through descriptive
statistical ~ analysis, parameter estimation, and
comparison with international wind classification
standards. The study also analyzed wind power potential
using both annual and monthly assessments, accounting
for variability and reliability. Although this study does
not include a full economic feasibility assessment,
indicative metrics, such as average power output and
temporal consistency, help to determine the viability of
wind exploitation in the region.

In short, this research addresses a significant
knowledge gap by providing the first long-term,
data-driven assessment of Mongo’s wind energy
potential. It contributes to national efforts to expand
renewable energy access in underserved areas and offers
a replicable framework for similar assessments in other
regions of Chad or comparable developing contexts.
While focused on localized wind resource evaluation,
the study acknowledges limitations, such as the
absence of economic feasibility analysis, which can be
addressed in future research to strengthen deployment
strategies.

2. Materials and methods

2.1. Study area and data acquisition

This study focuses on Mongo, the capital of Guéra
Province in central Chad, located between latitudes
12°18’and 13°18’north and longitudes 18°07’and 19°07°
east. The town lies at an elevation of approximately 415
+ 5 m above sea level on alluvial deposits, covering an
area of 63.5 km? Mongo features a Sahelian climate
characterized by two distinct seasons: A rainy season
from April to October and a dry season from November
to March.!

Meteorological data for the period 2012 — 2022 were
collected from the Mongo weather station, including
monthly averages of wind speed, wind direction,
and ambient temperature computed from hourly
measurements. The data originate from the official
Mongo meteorological station, with all instruments

complying with World Meteorological Organization
standards, ensuring measurement precision of + 0.1 m/s
for wind speed and £ 0.5°C for temperature. The
temporal resolution of the data used in this study is
monthly, derived as averages from hourly recordings.
The collected data underwent rigorous quality control
to detect anomalies and interpolate missing values to
ensure reliability.”*

2.2. Statistical modeling of wind speed using the
Weibull distribution

The statistical modeling of wind speed is crucial for
accurate wind energy assessment. Among the various
models proposed in the literature, the two-parameter
Weibull distribution remains the most widely used due
to its flexibility and good fit to empirical data across
many geographical regions.'>!® The Weibull probability
density function (PDF) is expressed in Equation 1.

ol ]

where v is the wind speed (m/s), £ is the dimensionless
shape parameter, and c is the scale parameter (m/s).
The cumulative distribution function is expressed in
Equation II.

f(v)=1—exp[—HJ

The Weibull distribution was chosen for this study
due to its proven versatility and widespread acceptance
in wind energy assessment worldwide. Compared
to other distributions, such as Rayleigh, Lognormal,
Gamma, or Beta, the Weibull distribution provides
a better balance between model simplicity and the
ability to accurately capture a wide range of wind speed
frequency patterns across diverse climatic conditions.!>!¢
Its two parameters allow flexibility in adjusting both the
shape and scale of the distribution, making it suitable
for representing skewed and variable wind speed data
like those observed in the Sahelian climate of Mongo.

The Weibull parameters, k& and ¢, were estimated
using two complementary approaches to ensure
robustness and accuracy: The method of moments and
the energy pattern factor (EPF) method.

The method of moments involves calculating the
shape parameter k and scale parameter ¢ from the sample
mean and standard deviation o, of the wind speed data,
as shown in Equations III and I'V.

D
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where I' denotes the gamma function. The EPF
method, based on the ratio of the third moment to the
cube of the first moment of the wind speed, is defined
in Equation V. The shape parameter £ is calculated with
Equation VI, followed by parameter ¢ derived from &
and the mean wind speed.
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By applying both methods, the parameter estimates
were cross-validated to ensure consistency and to improve
the fit of the Weibull model to the observed wind speed
data. Beyond the Weibull distribution, several other
statistical models have been proposed for calculating
wind speed distributions, each with its specific advantages
and limitations. The Rayleigh distribution, a special case
of Weibull with k= 2, has been used due to its simplicity,
but may lack flexibility for complex wind regimes.'""”
The Lognormal distribution has also been employed,
especially when the Weibull does not efficiently capture
skewness in data.!”** Advanced parametric models, such
as the Gamma and Beta distributions, can fit wind speed
data with multimodal features or specific skewness and
kurtosis patterns.'®?7*! However, these models typically
require more data and computational effort, which may
not always be feasible.

Weibull distribution is chosen in this study due to
its proven robustness, simplicity, and widespread
acceptance in wind energy studies, which makes it
suitable for the available Mongo dataset. Nevertheless, to
overcome limitations linked to parametric assumptions,
complementary methods are considered.

2.3. Statistical modeling using the MEP
In addition to parametric methods, non-parametric
approaches, such as the MEP have been applied to

wind speed modeling.'****> The MEP maximizes the
Shannon entropy subject to constraints derived from
empirical data, resulting in the least-biased probability
distribution consistent with known information.

To provide a more intuitive understanding, the
MEP can be viewed as a method for deriving the most
unbiased probability distribution when only limited
information (such as average values or moments) is
known. By maximizing entropy, the approach avoids
introducing unwarranted assumptions or bias beyond
the constraints imposed by the data. This leads to a
distribution that best represents the true uncertainty
inherent in the wind speed data. The advantage of using
MEP lies in its flexibility and minimal assumptions,
allowing it to adapt to complex wind speed behaviors
that may not be well captured by standard parametric
models, such as Weibull. This makes MEP especially
useful in environments where wind regimes are highly
variable or poorly characterized by simple distributions.
The constraints are: (i) The total probability within the
defined speed interval must be equal to one, as shown
in Equation VII; (i) The M-low statistical orders for the
theoretical and empirical distributions must be equal, as
shown in Equation VIII. The general solution is shown
in Equation IX.

J-Omaxf(v)f(v)dv -1 (VII)
[ vf (v)dv =7 (VIID)
(IX)

f(v) = exp(ztlaivi)

where a. is the Lagrangian multiplier found using
the Newton-Raphson method. Other non-parametric
methods, including kernel density estimation and
empirical distribution functions, have also been used
to model wind speed without assuming a predefined
functional form. These data-driven approaches can
capture complex distribution shapes, but they might
requirelargedatasetstoachievetheireffectiveness. 3273334
The combined use of Weibull distribution and MEP in
this study leverages the robustness and simplicity of
a classical parametric model with the flexibility of a
non-parametric approach, providing a comprehensive
characterization of the wind speed regime at Mongo.

2.3.1. Wind power density estimation
The wind power density represents the kinetic energy
flux per unit area, as shown in Equation X.
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_P_1 “VF(v)dy X
E_A_ijo f(v)d X)

where E is the power density (W/m?), p is the air
density (1.225 kg/m?), and f{v) is the wind speed PDF
(Weibull or MEP). Accurate modeling of the wind
speed distribution is crucial for realistic energy yield
estimates.®

2.3.2. Wind direction analysis using a wind rose

An assessment of wind direction was performed using
monthly averaged data collected from 2012 to 2022.
The directional values were categorized into 16 equally
spaced compass sectors, each covering 22.5°, to ensure
adequate angular resolution over the full 360° range.
This segmentation enables the systematic quantification
of the directional distribution of the wind over the study
period.

The frequency of wind blowing from each sector is
calculated with Equation XI.

=" 100 (XI)
1=y

where f; is the frequency (in percent) of wind coming
from direction sector i; . is the number of wind direction
observations in that sector, and N is the total number of
valid wind direction records.

The data were processed using meteorological
statistical tools capable of handling directional
classification and frequency analysis. No filtering based
on wind speed threshold was applied in this computation
phase to preserve the full angular distribution of wind
occurrence. The results of this procedure served as input
for constructing a wind rose diagram, which reflects the
statistical dispersion of wind direction at the site.®*

2.4. Temperature analysis and wind temperature

relationship assessment

Air temperature affects atmospheric pressure gradients

and convective flows, shaping wind dynamics.?®*

Monthly average temperatures from 2012 to 2022 were

analyzed through:

(i) Time series analysis to identify seasonal and
interannual variability

(i1) Graphical superimposition of temperature and wind
speed for concurrent trend detection

(ii1) Scatter plots to assess preliminary correlations

(iv) Regression modeling (linear and non-linear) to
quantify relationships, evaluated by determination
coefficient (R?)

(v) Hysteresis analysis to detect phase lag or cyclical
wind—temperature interactions.>*’

This methodology aims to elucidate the role of
temperature as a modulator of wind patterns in Mongo’s
Sahelian climate, supporting refined assessments of
wind energy potential.

3. Results and discussion

3.1. Wind speed analyses
Table 1 summarizes the monthly and annual mean wind
speeds over the 2012 — 2022 period. All annual mean
values exceed the minimum exploitable wind speed
threshold of 2.0 m/s, demonstrating that Mongo has
a usable, albeit modest, wind resource. The highest
annual average wind speed was recorded in 2012, with
4.61 m/s, and the lowest in 2022, at 1.80 m/s. This range
aligns with wind regimes classified as Class 1 under
International Electrotechnical Commission standards,
generally suited for small-scale or hybrid wind power
applications.®!7-23.28

Figure 1 illustrates the monthly wind speed
evolution over 11 years, presenting a 3D temporal
profile (Figure 1A) and a 2D projection (Figure 1B).
The temporal signal (Figure 2A) illustrates bursting
behavior characterized by short-term spikes in wind
speed, which may be attributed to local convective
phenomena and regional climate influences.®'*'® The
long-term monthly mean (Figure 2B) reveals a seasonal
pattern with higher wind speeds during specific months,
consistent with similar patterns observed in semi-arid
regions, such as Central Iran and Northern India.'®"
These temporal and seasonal variations underscore the
importance of temporal resolution in wind resource
assessment and planning. The relatively low but stable
wind speeds suggest Mongo’s wind energy applications
should focus on micro or small wind turbine systems
designed for low-wind regimes.'”->%8

3.2. Probability distribution and wind power

The Weibull distribution parameters, shape factor
(k) and scale factor (c), were computed numerically
(Equations [ —-1V) and are presented in Table 2 for annual
data, and Table 3 for monthly data. These parameters
were used to construct the wind speed PDF shown in
Figure 3, where the mode centers around 3.25 m/s, close
to the mean wind speed. This confirms the adequacy
of the Weibull model for this dataset, as supported by
studies in Turkey, Iran, and Canada.'>!3-15:1823
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Table 1. Monthly and annual mean wind speeds (m/s) in Mongo from 2012 to 2022
Month 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 Mean

Jan 3.98 3.73 3.73 4.33 4.08 3.72 4.2 3.72 4.37 4.28 4.44 4.05
Feb 4.34 4.34 4.39 4.18 4.23 4.39 3.77 4.09 4.58 4.45 4.38 4.29
Mar 4.61 3.64 3.82 4.12 4.17 4.09 3.48 4.20 4.29 4.21 4.28 4.08
Apr 4.11 3.93 3.08 4.34 3.35 3.67 3.36 3.47 3.38 3.94 3.29 3.63
May 3.53 3.27 3.60 341 3.44 3.74 3.67 3.47 2.81 3.27 3.23 3.40
Jun 3.41 3.34 3.72 3.62 3.38 3.23 3.57 3.27 3.40 3.55 3.41 3.45
Jul 2.48 3.17 3.04 2.90 2.65 2.96 2.72 2.75 2.86 3.11 2.77 2.86
Aug 2.20 247 248 2.11 2.30 2.18 2.35 2.28 2.35 2.15 231 2.29
Sept 1.88 2.13 2.08 2.10 1.98 2.38 1.96 2.09 1.82 2.09 1.80 2.03
Oct 2.05 1.93 2.08 2.47 241 2.36 2.55 1.95 1.98 2.09 2.10 2.18
Nov 2.27 2.14 2.62 2.57 2.98 2.65 2.80 2.70 2.87 2.90 2.64 2.65
Dec 3.25 3.70 3.21 4.16 3.99 3.87 3.70 3.03 3.17 3.38 3.48 3.54

Mean 3.18 3.15 3.15 3.36 3.25 3.27 3.18 3.09 3.16 3.29 3.18 3.20

Table 2. Annual Weibull distribution parameters and estimated wind power density (W/m?) from 2012 to 2022
Parameter 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 Mean

EPF 1.26 1.17 1.15 1.19 1.16 1.14 1.12 1.16 1.23 1.18 1.22 1.16
K 3.34 3.69 3.80 3.62 3.75 3.83 3.92 374 3434  3.63 3.50 3.73
C 3.54 3.49 3.49 3.73 3.60 3.62 3.51 3.42 3.511 3.64 3.53 3.55
Power 1857 1690 17.58 16.65 1592 1784 16.09 1545 1857 18.05 1749 17.19

Abbreviations: C: Scale factor; EPF: Energy pattern factor; K: Shape factor.
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Figure 1. Monthly wind speed profiles from 2012 to 2022. (A) 3D temporal evolution illustrating impulsive
wind bursts; (B) 2D projection showing seasonal patterns.
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Figure 2. Temporal evolution of wind speed in Mongo. (A) Raw monthly data from 2012 to 2022 showing
burst-like variations; (B) Long-term average wind speed highlighting seasonal trends.
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Table 3. Monthly Weibull distribution parameters and wind power density (W/m?)

Parameter Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
EPF 1.01 1.01 1.02 1.03 1.02 1.01 1.01 1.01 1.02  1.03 1.02 1.03
K 4.59 4.64 4.57 4.46 4.58 4.65 4.59 4.63 456 448 4.51 4.47
C 4.44 4.67 4.47 3.98 3.73 3.77 3.12 2.50 222 239 2.90 3.88
Power 1470  12.00 1436  20.59 2457 2419 2891 10.45 1.99 6.60 25.15 22.03
Abbreviations: C: Scale factor; EPF: Energy pattern factor; K: Shape factor.

The estimated annual wind power density (Table 2) DA —
ranges from a minimum of 15.45 W/m? (2019) to a os0 F ) 4 -
maximum of 18.57 W/m? (2012 and 2020), which %3 ——
classifies Mongo as a Class 1 site, suitable for small- | 4 i |
scale wind energy projects or hybrid systems combined Soxn | L,
with solar photovoltaic.!"721:283% Monthly variations y \o\ [
(Table 3, Figure 4) indicate July as the peak month =1 R To R
for wind power density (28.91 W/m?), and September 020
as the lowest (1.99 W/m?), consistent with the o1e

regional climatology marked by wet and dry seasonal
wind shifts.’*?!? Compared to high-potential sites
(often > 100 W/m?), Mongo’s wind power density is
modest but not negligible. This level is favorable for
off-grid rural electrification or to supplement other
renewables, especially in the context of Chad’s low
electrification rates.>*3°

3.3. Wind direction analyses

The wind rose diagrams derived from Table 4
(Figures 5 and 6) illustrate a dominant south-southwest
wind direction throughout most of the years (2015 —
2022), with exceptions of northwest winds in 2013 and
2017. Seasonal analysis shows northeast and east winds
predominate during dry months, while south-southwest
and southwest directions dominate the wet season (June
— September), a pattern consistent with the influence
of Harmattan and monsoonal airflows.>*!%*! These
directional trends inform optimal turbine orientation
and layout, as turbines aligned with prevailing winds
achieve higher efficiency and reduced mechanical wear.
The seasonal variability highlights the necessity for
adaptable turbine systems or hybrid configurations to
maintain steady power output year-round.’!-¥

3.4. Temperature analyses

Table 5 illustrates the monthly and annual temperature
data, revealing Mongo as a hot region with mean annual
temperatures ranging from 27.27°C to 28.57°C, and
monthly extremes from 24.55°C to 33.19°C. These
thermal conditions foster atmospheric convection, likely
contributing to the impulsive wind bursts identified in
the temporal wind speed data.®'*!®

15 20 ?‘5 30 35 40 4‘5 50
Speed (m/s)

Figure 3. Weibull probability density functions for

annual wind speed in Mongo (2012 — 2022)

Figure 7A and B show the temperature trends in
3D and 2D views, while Figure 8A and B depict the
raw and mean temporal signals, both exhibiting quasi-
periodic bursting signals. The dependency between
temperature and wind speed demonstrates a non-linear
relationship in the hysteresis form, a phenomenon
arising from complex interactions involving air density
changes, local pressure gradients, and boundary
layer dynamics.'#22437%41 Qther influences, such as
topographical features, humidity, and diurnal solar
heating cycles, may affect this non-linear dependency,
highlighting the need for finer temporal and spatial
resolution data, as well as more advanced modeling to
accurately characterize wind-temperature dynamics in
Mongo.?*37

3.5. Environmental and sustainability implications
The results show that although Mongo’s wind resource
is modest, its temporal stability makes it viable for
decentralized applications. In a country like Chad —
where rural electrification remains below 12% and
energy access relies primarily on diesel generators and
biomass***3% — the use of small wind systems could
help reduce environmental degradation, particularly
deforestation and indoor air pollution, while contributing
to national climate commitments.*>*

Moreover, combining wind power with solar energy,
which is abundant across the Sahel, can increase energy
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Figure 4. Wind power density in Mongo. (A) Annual averages from 2012 to 2022; (B) Monthly variations
highlighting seasonal energy potential.

Table 4. Annual and monthly wind direction (°) for Mongo (2012 — 2022)

Month 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 Mean
Jan 38.25 3481 28.19 34.06 33.00 49.44 45.44 18.69 52.5 51.31 17.88 36.69
Feb 59.19 4194 37.19 2600 40.94  41.56 32.00 15.81 35.12 3338  30.12 3575
Mar 46.75 6125 40.19 5825 38.44 30.88 56.44 54.12 4644  65.12 5544  50.30
Apr 124.50 86.00 180.62 56.69 104.81 121.25 89.25 83.75 98.12  83.88 196.19 111.37
May 184.75 197.19 187.06 171.00 184.50 185.31 204.62 212.12 201.00 158.00 214.25 190.89
Jun 219.25 204.06 195.56 213.44 200.06 210.75 19194 196.38 205.75 19544 199.44 202.92
Jul 223.38 206.75 213.31 202.94 21538 21625 205.62 20244 209.75 20838 219.62 211.26
Aug 22494 22856 215.00 211.06 210.81 231.75 220.00 216.12 227.88 193.38 230.25 219.07
Sept 221.62 236.75 187.38 206.31 197.56 196.88 180.44 178.12 201.06 183.38 199.75 199.02
Oct 196.12 150.69 144.62 196.06 127.5 120.62 123.88 124.19 70.19 93.50 98.31 131.43
Nov 69.62 50.44 10544 53.19 95.12 70.12 96.81 92.88 57.31 80.44 5531 75.15
Dec 40.50 47.19 51.19 3594 65.19 4831 42.19 58.50 70.69  49.56  58.56  51.62
Mean 137.41 128.80 132.15 122.08 126.11 12693 124.05 121.09 12298 11631 131.26 126.29

Table 5. Monthly and annual mean temperatures (°C) recorded in Mongo (2012 — 2022)
Month 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 Mean

Jan 25.00 26.69 2533 2283  23.61 2730 22.69 2685 2247 2547 2470 2481
Feb 29.18  29.15  27.76 2894 2682 2738 2948 2833 2648 2649 2596 27.82
Mar 30.05 3158 31.65 31.63 33.19 3088 31.31 31.90 3146 31.84 3097 31.50
Apr 33.37 3253  33.04 31.66 3398  33.81 3289 33770 33.80 32.73 33.60 33.19
May 31.18 3255 31.80 33.86 3359 3375 3198 3343 3296 32.65 3136 32.65
Jun 27.78 2999 3056  30.58 2943  29.15 2944 2932  30.09 29.88 2850 29.52
Jul 2530  26.88 2698  27.61 26.14  27.01 26.61 2735 2722 2666 2644 26.75
Aug 2445 2440 24.64 2533 2506 2552 2498 2479 2485 2540 2448 24.90
Sep 25.05 2533 2519 2555 2585 2597 2549 2579 2503 2530 25.11 2542
Oct 2598 2653 2580  26.78  26.60 27.77  26.09  25.01 2541 26.64 2551 26.19
Nov 26.01 2712 2564 2592 2720 2783 2630 24.04 2400 2573 24.13 2581
Dec 2394 2521 2474 2244 2587 2642 2564 22,02 25.14 25.65 23.01 24.55

Mean 2727 2816 2776 27776  28.11 28.57 27774 2771 2741 2787 2698  27.76

reliability for off-grid systems. Hybrid solutions have = while supporting essential services, such as healthcare,
been shown to enhance energy access in rural settings  education, and agriculture.®®* This aligns with the
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Figure 5. Annual wind rose diagrams (2012 — 2022)
for Mongo, depicting prevailing wind directions and
interannual variability

Abbreviations: E: East, ENE: East-northeast; ESE: East-
southeast; N: North; NE: Northeast; NNE: North-
northeast; NNW: North-northwest; NW: Northwest;
S: South; SE: Southeast; SSE: South-southeast;
SSW: South-southwest; SW: Southwest; W: West;
WNW: West-northwest; WSW: West-southwest.
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Figure 6. Monthly wind rose diagrams showing
seasonal changes in wind directions influencing
turbine siting strategies

Abbreviations: E: East, ENE: East-northeast; ESE: East-
southeast; N: North; NE: Northeast; NNE: North-
northeast; NNW: North-northwest; NW: Northwest;
S: South; SE: Southeast; SSE: South-southeast;
SSW: South-southwest; SW: Southwest; W: West;
WNW: West-northwest; WSW: West-southwest.
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Figure 7. Temperature profiles in Mongo (2012 — 2022).
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Figure 8. Temporal temperature signals. (A) Raw monthly data; (B) Long-term average illustrating quasi-

periodic burst patterns.

Sustainable Development Goals (SDG 7: Affordable
and clean energy, and SDG 13: Climate action).*

The observed seasonal and directional variations also
underline the importance of adapting turbine technology
and layout to local wind regimes. Appropriate turbine
orientation can maximize efficiency and extend
its lifespan.>!%24¢ In similar climatic contexts,
locally optimized systems have demonstrated better
environmental integration and operational stability.'*!*3

Overall, wind energy in regions, such as Mongo
should not be neglected due to low average speeds.
Instead, it should be considered a strategic component of a
diversified, low-carbon energy mix that supports inclusive
development and environmental sustainability.”%4748

4. Conclusion

This study presented a comprehensive statistical analysis
of Mongo’s wind energy potential over 11 years,
applying the Weibull distribution to characterize wind
speed patterns. The average annual wind speed of
3.2 m/s places Mongo in wind power Class 1, indicating
a low-to-moderate wind resource suitable mainly for

small-scale and decentralized wind energy applications.
The wind direction analysis reported predominant south-
southwest winds with notable temporal and seasonal
variability, emphasizing the importance of adaptive
turbine placement and orientation to maximize energy
capture. In addition, the warm climate with an average
temperature of 27.76°C, combined with the observed
non-linear relationship between temperature and wind
speed, reflects complex local atmospheric dynamics
that affect wind availability.

While the study highlights Mongo’s modest but
stable wind resource, some limitations should be
acknowledged. The reliance on monthly-averaged
data may mask short-term fluctuations and finer
temporal wind variations that are important in assessing
turbine performance. Furthermore, the use of a single
meteorological station limits spatial representativeness,
and some data gaps were present. These constraints
suggest the need for higher-resolution temporal data and
more extensive spatial measurements to fully capture
the variability of wind resource.

Looking ahead, future research should focus on site-
specific turbine optimization considering the variability
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in wind direction and speed. Integrating wind energy
with complementary renewable sources, such as solar
power, could enhance energy reliability and supply for
rural electrification. Moreover, economic feasibility
studies and detailed spatial resource mapping will be
crucial for designing effective, sustainable wind energy
systems in Mongo and other similar regions.
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