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Abstract 

West Africa benefits from strong solar resources, yet in Guinea the influence of climate change on photovoltaic availability has 

received little attention. This work evaluates the effects of climate change on the photovoltaic potential of Kankan (Guinea) 

using daily data from the NASA POWER database for 2000-2025. The study focuses on global solar irradiation, air temperature, 

relative humidity, and wind speed. A semi-empirical model is used to estimate daily photovoltaic potential, and trends are 

analyzed with linear regression and the non-parametric Mann-Kendall test. In parallel, a multilayer perceptron artificial neural 

network (MPANN) is developed to reproduce the estimated photovoltaic potential from the selected climatic inputs. The analysis 

shows significant declines in air temperature (-0.0559°C year-1) and wind speed (-0.0077 ms-1year-1), together with a significant 

rise in relative humidity (+0.6249% year-1). Global solar irradiation presents no statistically significant trend over the study 

period. Despite these changes, the photovoltaic potential remains broadly stable, with a small and statistically non-significant 

decrease of -0.0152 kWh day-1year-1 (p = 0.186 > 0.05). The MPANN delivers very high predictive performance, with the 

coefficient of determination of 0.99, the mean absolute error (MAE) of 0.0266 kWh day-1, the root mean square error (RMSE) 

of 0.0478 kWh day-1, and the mean absolute percentage error (MAPE) of 0.134%. Overall, the climatic shifts observed in Kankan 

during the last twenty-six years have not significantly altered the region’s photovoltaic potential. This stability supports the 

suitability of solar energy as a sustainable option to meet Guinea’s growing energy needs. The study also highlights the usefulness 

of artificial intelligence methods for assessing and forecasting renewable energy resources in tropical regions. 
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1. Introduction 

Rising global energy use, growing concern over climate 

change, and the gradual exhaustion of fossil fuels are speeding 

up the transition to more sustainable energy systems [1, 2]. 

Because the energy sector is a major source of anthropogenic 

greenhouse gas emissions, scaling up renewables is essential 

to cut emissions while keeping pace with increasing demand 

[1, 3, 4]. Among low-carbon technologies, solar photovoltaics 

has expanded the most rapidly worldwide, with installed ca-

pacity exceeding 1,400 GW in 2023, a surge supported by 

sharp declines in manufacturing costs and steady gains in 

module efficiency [5-7]. Sub-Saharan Africa, which benefits 

from some of the strongest solar resources on the planet, has 

clear opportunities to extend electricity access, enhance en-

ergy security, and foster socio-economic development [7, 8]. 

However, PV output is highly sensitive to local weather. Air 

temperature determines cell operating temperature, and higher 

values generally reduce conversion efficiency [9]. Relative 

humidity affects the amount of radiation reaching the modules 

and thus their output, while wind improves natural cooling and 

limits thermal losses [10, 11]. Climate change is expected to 

shift several atmospheric variables simultaneously, with im-

plications for both the solar resource and PV efficiency [12-

15]. Recent studies suggest that PV responses to climate are 

governed mainly by the combined influence of multiple mete-

orological factors rather than changes in irradiance alone [16, 

17]. Drawing on CORDEX-Africa simulations, Bichet et al. 

concluded that the continent is likely to preserve strong pho-

tovoltaic potential despite future climate change [18]. In a 

similar direction, Danso et al. [19] and Agbor et al. [20] re-

ported spatial differences in solar radiation and PV power pro-

duction across West Africa under various climate scenarios. 

Despite these contributions, notable gaps persist. First, many 

studies prioritize changes in solar irradiance without jointly 

examining other climatic variables such as air temperature, 

relative humidity, and wind speed, even though these param-

eters have significant effects on PV performance [21, 22]. 

Second, although artificial intelligence has demonstrated 

strong capabilities for PV modeling and forecasting, its appli-

cation to assessing climate change impacts on PV potential in 

West Africa remains limited, and predictive approaches are 

still at an early stage [23]. Third, Guinea has received rela-

tively little focused research despite its considerable solar po-

tential, and most analyses operate at regional or national scales, 

leaving a shortage of site-specific assessments for locations 

such as Kankan [24, 25]. With high annual insolation and ris-

ing electricity demand, Kankan region provides a relevant 

case study to advance Guinea’s renewable energy efforts [26]. 

Moreover, daily climate data from the NASA POWER data-

base over twenty-six years offer a solid basis for investigating 

recent climate patterns and evaluating their potential effects 

on local solar resources [27]. This study stands out by inte-

grating a historical climate analysis, a semi-empirical model 

of PV potential, and artificial intelligence techniques, with 

particular attention to artificial neural networks [28-30]. We 

analyze how climate variability has affected the PV potential 

of Kankan from 2000 to 2025 by jointly considering global 

solar irradiance, air temperature, relative humidity, and wind 

speed, and we develop a neural network that reproduces PV 

potential derived from these climatic drivers. 

2. Materials and Methods 

This section presents the study area, climate dataset, data 

pre-processing procedure, photovoltaic potential modelling, 

statistical methods used for trend analysis, development of the 

artificial neural network and the metrics for performance 

adopted to evaluate the predictive model. 

2.1. Study Area 

In eastern Guinea’s Upper Guinea region, the study site was 

the city of Kankan (Figure 1). Its location is near 10.38°N and 

9.30°W, and it lies at a mean altitude of 376 m above sea level 

[26]. 

 
Figure 1. Map of Kankan prefecture. 
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2.2. Methodological Framework 

 
Figure 2. Flowchart illustrating of the study. 

Figure 2 presents the methodological framework used in 

this study. We first preprocessed the daily climate data re-

trieved from the NASA POWER database to ensure data qual-

ity and temporal coherence. We then used the processed da-

taset to estimate photovoltaic potential with a semi-empirical 

model that integrates global solar irradiation, air temperature, 

relative humidity, and wind speed. Climatic trends were ana-

lyzed using statistical techniques, and an artificial neural net-

work (ANN) was developed to reproduce the estimated pho-

tovoltaic potential. Finally, the ANN’s performance was as-

sessed using several statistical indicators, followed by an in-

terpretation of the results. 

2.3. Climatic Data 

Climate data for this analysis were sourced from the NASA 

POWER platform (Prediction Of Worldwide Energy Re-

sources) [27]. We extracted daily time series spanning 1 Jan-

uary 2000 to 31 December 2025. The dataset includes global 

solar irradiation, average air temperature, relative humidity, 

and wind speed recorded at 2 m above ground level. 

2.4. Data Preprocessing 

After downloading, the data underwent preprocessing that 

involved screening for missing entries, detecting outliers, and 

confirming the temporal consistency of the time series. To ex-

amine long-term climate patterns, we converted the daily rec-

ords into annual means, a standard method that reduces the 

impact of seasonal variability. 

2.5. Photovoltaic Potential Modeling 

Photovoltaic potential is evaluated with a semi-empirical 

scheme (Equations (1) to (5)) that jointly accounts for global 

solar irradiance (G), ambient air temperature (T), relative hu-

midity (HR), and wind speed (V). Cell temperature (𝑇𝑐𝑒𝑙𝑙) is 

derived from empirical relations validated in the literature 

(Equation (3)). The influence of relative humidity 

(𝐾𝐻𝑅: Equation (4)) is introduced through a correction factor 

informed by studies on atmospheric transmittance [9, 11, 21, 

31]. 

𝐸𝑃𝑉 = 𝐺. 𝑆. 𝜂𝑃𝑉 . 𝐾𝐻𝑅. 𝑃𝑅             (1) 

Where: 

𝜂𝑃𝑉 = 𝜂𝑟𝑒𝑓[1 − 𝛽(𝑇𝑐𝑒𝑙𝑙 − 20)]          (2) 

𝑇𝑐𝑒𝑙𝑙 = 𝑇 + (
1000𝐺

24
) (

𝑁𝑂𝐶𝑇−20

800
) − 𝛼𝑉        (3) 

𝐾𝐻𝑅 = 1 − 0.001(𝐻𝑅 − 𝐻𝑅𝑟𝑒𝑓)         (4) 

𝐸𝑃𝑉 = 𝐺. 𝑆. 𝑃𝑅. 𝜂𝑟𝑒𝑓 . [1 − 𝛽 (𝑇 + 1000𝐺
(𝑁𝑂𝐶𝑇−20)

800
. 24) − 𝛼𝑉 − 25] . (1 − 𝛾(𝐻𝑅 − 𝐻𝑅𝑟𝑒𝑓  ))           (5) 

Where S is the total PV panel area, 𝜂𝑟𝑒𝑓 is the reference 

module efficiency, 𝜂𝑃𝑉 is module efficiency, PR is the per-

formance ratio, 𝛽 is the temperature coefficient, NOCT is the 

nominal operating cell temperature, 𝛼 is the wind cooling co-

efficient, 𝛾 is the humidity correction coefficient and 𝐻𝑅𝑟𝑒𝑓  

is the reference relative humidity. The numerical values of 

these parameters are listed in Table 1. 
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Table 1. Numerical values of the parameters adopted in the semi-empirical photovoltaic model. 

Symbol Value Unit 

S 30 m2 

𝜂𝑟𝑒𝑓 0.18 – 

PR 0.80 – 

𝛽 0.004 °C-1 

NOCT 45 °C 

𝛼 1.5 – 

𝛾 0.001 %-1 

𝐻𝑅𝑟𝑒𝑓 50 % 

 

2.6. Statistical Analysis of Climatic Trends 

Examining climate trends is crucial for evaluating how cli-

mate variability affects photovoltaic potential. In this work, 

we apply several statistical techniques to describe the tem-

poral evolution of global solar irradiation (G), air temperature 

(T), relative humidity (RH), wind speed (V), and photovoltaic 

potential (𝐸𝑃𝑉) from 2000 to 2025. The approach combines 

linear regression, the coefficient of determination (R2), per-

centage variation, the non-parametric Mann–Kendall test [32], 

and Kendall's Tau coefficient. These techniques are widely 

used in climate and environmental research to detect and 

quantify trends over time [32-36]. The related formulations 

are presented in Equations (6)-(10). 

Where: 

Let 𝑦 = {𝐺, 𝑇, 𝐻𝑅, 𝐸𝑃𝑉}, where G, T, RH, and V corre-

spond to global solar irradiation, air temperature, relative hu-

midity, and wind speed, and 𝐸𝑃𝑉 denotes the photovoltaic po-

tential. For a given year i, 𝑦𝑖  is the observed value, 𝑦̂𝑖 is the 

value predicted by the linear regression model, and 𝑦
𝑖
 is the 

mean of the corresponding time series for each of these varia-

bles. The study spans n years, with n = 26. 

2.6.1. Linear Regression 

We applied linear regression, as specified in Equation (6), 

to measure the average change of the variable over time by 

estimating the slope of the fitted trend line. A positive slope 

reflects an upward trend in the variable under study, whereas 

a negative slope reflects a downward trend [35]. 

𝑦(𝑡) = 𝑎𝑡 + 𝑏                 (6) 

2.6.2. Coefficient of Determination of the Trend 

(𝑹𝑻𝒓𝒆𝒏𝒅
𝟐 ) 

Following Equation (7), we used the trend’s coefficient of 

determination to evaluate how well the fitted trend line 

matches the observed data. This coefficient indicates the share 

of the total variance accounted for by the linear regression 

model [21]. 

𝑅𝑇𝑟𝑒𝑛𝑑
2 = 1 −

∑ (𝑦𝑖−𝑦̂𝑖)22025
𝑖=2000

∑ (𝑦𝑖−𝑦𝑖)
22025

𝑖=2000

           (7) 

2.6.3. Percentage Variation 

Equation (8) defines the percentage variation, a straightfor-

ward and useful measure of how much a variable changes 

from the start to the end of a period. This metric is commonly 

applied in climate science and photovoltaic research to quan-

tify relative differences and to evaluate the strength of ob-

served trends [23]. 

𝛥𝑦(%) =
𝑦2025−𝑦2000

𝑦2000
. 100            (8) 

2.6.4. Mann–Kendall Test 

The Mann–Kendall test, described by Equation (9), is a widely 

used non-parametric statistical test for detecting monotonic 

trends in climatic, hydrological, and environmental time series. 

Its main advantage is that it does not require any assumption re-

garding the underlying distribution of the data [23, 35]. 

𝑆𝑦 = ∑ ∑ 𝑠𝑔𝑛(𝑦𝑗 − 𝑦𝑖)𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1          (9) 

𝑠𝑔𝑛(𝑦𝑗 − 𝑦𝑖) = {

1 𝑖𝑓 𝑦𝑗 > 𝑦𝑖

0 𝑖𝑓 𝑦𝑗 = 𝑦𝑖

−1 𝑖𝑓 𝑦𝑗 < 𝑦𝑖

 

2.6.5. Kendall's Tau Coefficient 

The strength and direction of the trends found by the Mann–

Kendall test are measured by the Kendall’s Tau coefficient as 

shown in Equation (10). It provides an important additional 

index for analysing climatic and environmental time series, as 
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it measures both the strength and the direction of the observed 

trends [23, 35]. 

𝜏 =
𝑆𝑦

𝑛(𝑛−1)

2

                 (10) 

−1 ≤ 𝜏 ≤ 1 

A positive Kendall’s Tau reflects an upward trend, a nega-

tive value reflects a downward trend, and a value near zero 

suggests no monotonic trend. 

2.7. Development of an Artificial Neural 

Network 

A multilayer perceptron (MLP) was designed to reproduce 

the estimated photovoltaic potential using global solar irradi-

ation (G), air temperature (T), relative humidity (RH), and 

wind speed (V). The approach follows Mellit and Kalogirou 

[29], who showed that ANNs are effective for modeling pho-

tovoltaic systems. The dataset included 9,497 daily records. 

All variables were standardized with the StandardScaler and 

then partitioned into training and test sets in an 80%–20% split. 

The adopted architecture comprised four input neurons, three 

hidden layers with 32, 16, and 8 neurons, and a single output 

neuron, yielding a 4-32-16-8-1 topology. The hidden layers 

used the Rectified Linear Unit (ReLU) activation function, 

while the output layer used a linear activation suited to regres-

sion. Figure 3 presents the architecture of the implemented 

network. The model was trained with the Adam optimizer by 

minimizing the mean squared error (MSE) loss. 

 
Figure 3. Architecture of the artificial neural network. 

The ANN’s performance was assessed using standard sta-

tistical indices commonly applied in energy modeling: the co-

efficient of determination (R2), mean absolute error (MAE), 

mean squared error (MSE), root mean square error (RMSE), 

and mean absolute percentage error (MAPE). This choice 

aligns with recommendations from the National Renewable 

Energy Laboratory (NREL, 2020) and with established prac-

tice in the field [22, 23, 37-39]. The metrics are defined in 

Equations (11)-(15), where: 

N denotes the number of samples in the test set; 𝐸𝑃𝑉,𝑖
𝑐𝑎𝑙  is 

the photovoltaic potential computed by the semi-empirical 

model for sample i; and 𝐸𝑃𝑉,𝑖
𝑝𝑟𝑒

 is the photovoltaic potential 

predicted by the ANN for the same sample. The study used 

9,497 daily observations, with 80% allocated to training and 

20% reserved for testing. 

2.7.1. Coefficient of Determination (𝑹𝑨𝑵𝑵
𝟐 ) 

As stated in Equation (11), the coefficient of determination 

measures the proportion of variance in the estimated photo-

voltaic potential that the ANN explains. An 𝑅𝐴𝑁𝑁
2  value close 

to 1 indicates that the model delivers very strong predictive 

performance. 

𝑅𝐴𝑁𝑁
2 = 1 − 

∑ (𝐸𝑃𝑉,𝑖
𝑐𝑎𝑙 −𝐸𝑃𝑉,𝑖

𝑝𝑟𝑒
)

2
𝑁
𝑖=1

∑ (𝐸𝑃𝑉,𝑖
𝑐𝑎𝑙 −𝐸

𝑃𝑉,𝑖
𝑝𝑟𝑒

)
2

𝑁
𝑖=1

           (11) 

2.7.2. Mean Absolute Error (MAE) 

According to equation (12), the mean absolute error (MAE) 
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is the average of the absolute differences between the photo-

voltaic potential produced by the semi-empirical model and 

that predicted by the ANN. It reflects the typical size of the 

prediction error and uses the same unit as the photovoltaic po-

tential. 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝐸𝑃𝑉,𝑖

𝑐𝑎𝑙 − 𝐸𝑃𝑉,𝑖
𝑝𝑟𝑒

|𝑁
𝑖=1            (12) 

2.7.3. Mean Squared Error (MSE) 

Equation (13) introduces the mean squared error (MSE) as 

the average of the squared discrepancies between the semi-

empirical estimate of photovoltaic potential and the ANN pre-

diction. 

𝑀𝐴𝐸 =
1

𝑁
∑ (𝐸𝑃𝑉,𝑖

𝑐𝑎𝑙 − 𝐸𝑃𝑉,𝑖
𝑝𝑟𝑒

)
2𝑁

𝑖=1           (13) 

2.7.4. Root Mean Square Error (RMSE) 

The root mean square error (RMSE), defined in Equation 

(14), is the square root of the MSE. It summarizes the overall 

prediction error of the ANN and is reported in the same unit 

as the photovoltaic potential (kWh day-1). 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝐸𝑃𝑉,𝑖

𝑐𝑎𝑙 − 𝐸𝑃𝑉,𝑖
𝑝𝑟𝑒

)
2𝑁

𝑖=1
         (14) 

2.7.5. Mean Absolute Percentage Error (MAPE) 

The mean absolute percentage error (MAPE), specified in 

equation (15), gives the average relative difference between 

the semi-empirical estimate and the ANN prediction of pho-

tovoltaic potential. Expressing errors as percentages enables 

performance comparisons that do not depend on the magni-

tude of the photovoltaic potential. 

𝑀𝐴𝑃𝐸 =
100

𝑁
∑ |

𝐸𝑃𝑉,𝑖
𝑐𝑎𝑙 −𝐸𝑃𝑉,𝑖

𝑝𝑟𝑒

𝐸𝑃𝑉,𝑖
𝑐𝑎𝑙 |𝑁

𝑖=1            (15) 

3. Results and Discussion 

3.1. Evolution of Annual Mean of Climate 

Parameters 

Figure 4 indicates a steady decline in the annual mean air 

temperature in Kankan from 2000 to 2025. The estimated an-

nual slope of −0.0559°C year-1 points to a moderate downward 

trend, and the Mann–Kendall test shows that this trend is sta-

tistically significant (p = 0.047 < 0.05). The negative Kendall's 

Tau value (−0.28) also supports this decline (Table 2). This 

decrease contrasts with the global patterns reported by the 

IPCC, which generally describe warming at the global scale. 

Nevertheless, many studies have shown that local climate 

trends can temporarily diverge from global tendencies be-

cause of regional characteristics, rainfall variability, and local 

atmospheric processes [40-43]. From a photovoltaic stand-

point, cooler air temperatures are advantageous. Higher pho-

tovoltaic cell temperatures typically lower module electrical 

efficiency. Therefore, the gradual cooling observed in Kankan 

is likely to reduce thermal losses and modestly improve the 

potential energy output of photovoltaic systems. 

 
Figure 4. Evolution of the annual mean air temperature in Kankan from 2000 to 2025, showing the fitted linear trend. 

Figure 5 shows how annual mean global solar irradiation has 

changed over the study period. The solar resource appears 

highly stable overall. The estimated linear slope is very small at 

-0.0012 kWh m-2day-1 per year, and the coefficient of determi-

nation for this trend is also low (𝑅𝑇𝑟𝑒𝑛𝑑
2  = 0.0129), indicating 
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no clear long-term signal (Table 2). The Mann-Kendall test sup-

ports this conclusion, with a non-significant result (p = 0.454 > 

0.05). Although there is a modest total decline of 2.86% across 

the period, year-to-year variability remains fairly limited (Table 

2). These results are in line with Bichet et al. [18] and Soares et 

al. [44], who reported that solar resources across Africa are ex-

pected to remain broadly stable despite climate change. This 

stability is encouraging for solar energy development in Guinea, 

as the solar resource has remained virtually unchanged for more 

than two decades. 

 
Figure 5. Evolution of the annual mean global solar irradiation in Kankan from 2000 to 2025, showing the fitted linear trend. 

Figure 6 indicates a marked rise in the annual mean relative 

humidity. The linear trend shows a slope of 0.625% per year, 

and the associated coefficient of determination is relatively 

high (𝑅𝑇𝑟𝑒𝑛𝑑
2 = 0.5736), which means the temporal trend ex-

plains a substantial share of the observed variability (Table 2). 

The Mann-Kendall test independently confirms this pattern, 

revealing a significant upward trend (p < 0.001) with a Ken-

dall’s Tau of 0.5754 (Table 2). Among the climatic variables 

examined, relative humidity displays the most pronounced 

temporal signal. The increase in atmospheric moisture can al-

ter the transfer of solar radiation through the atmosphere by 

amplifying scattering and absorption. Moreover, high relative 

humidity can accelerate certain degradation processes in pho-

tovoltaic components. Overall, the rise in relative humidity 

appears to be one of the principal adverse climatic factors 

identified in this study. 

 
Figure 6. Evolution of the annual mean relative humidity in Kankan from 2000 to 2025, showing the fitted linear trend. 
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Figure 7 indicates a progressive decline in the yearly aver-

age wind speed. The annual trend is −0.0077 m s-1 per year, 

which is modest in magnitude but statistically significant ac-

cording to the Mann–Kendall test (p = 0.017) (Table 2). This 

reduction matters for photovoltaic systems. Wind enhances 

the natural cooling of photovoltaic panels and helps limit the 

rise in cell temperature. As a result, lower wind speeds reduce 

this cooling effect. Faiman [45] and Skoplaki and Palyvos [9] 

showed that wind speed is a crucial factor in the thermal be-

havior of photovoltaic modules. Consequently, the observed 

decline in wind speed may slightly lower the efficiency of 

photovoltaic systems, even though global solar irradiation re-

mains generally stable. 

 
Figure 7. Evolution of the annual mean wind speed in Kankan from 2000 to 2025, showing the fitted linear trend. 

Table 2. Evolution of annual mean temperature, solar irradiation, relative humidity and wind speed. 

 Temperature Solar irradiation Relative humidity Wind speed 

Annual slope -0.055°C/year -0.001 kWh/m2/day/year 0.624%/year -0.008 m/s/year 

Trend R2 0.3247 0.0129 0.5736 0.238 

Total variation (%) 2.197 -2.864 5.787 0.533 

Mann-Kendall test decreasing no trend Increasing Decreasing 

Kendall Tau -0.28 -0.1077 0.5754 -0.335 

p-value 0.0472 0.453 4.136−5 0.017 

Significant at 5%: Yes No Yes Yes 

 

3.2. Evolution of Photovoltaic Potential 

Figure 8 and Table 3 depict how the annual mean photovol-

taic potential has changed based on the semi-empirical model 

developed in this study. Across the study period, a modest 

downward trend appears, with an estimated linear rate of 

−0.0152 kWh day-1 year-1. However, the Mann-Kendall test 

shows that this trend is not statistically significant (p = 0.186 > 

0.05). In line with this, the coefficient of determination for the 

linear fit is low (𝑅𝑇𝑟𝑒𝑛𝑑
2 = 0.096; see Table 3), pointing to 

marked interannual variability. Taken together, the results in-

dicate that the climatic changes observed in Kankan have not 

led to a significant decline in photovoltaic potential. The rela-

tive stability of global solar irradiation and the decrease in air 

temperature partly offset the negative effects of rising relative 

humidity and declining wind speed. 
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Figure 8. Evolution of the annual photovoltaic potential in Kankan from 2000 to 2025, showing the fitted linear trend. 

Table 3. Evolution of annual mean photovoltaic potential in Kankan. 

Annual slope -0.0152kWh/day/year 

𝑅Trend 
2  0.096 

Total variation -3.431% 

Mann-Kendall test no trend 

Kendall Tau -0.1877 

p-value 0.186 

Significant at 5%: No 

3.3. Performance of the Artificial Neural 

Network 

Table 4. Complete ANN model evaluation. 

R2 0.99 

MAE 0.0266 kWh/day 

MSE 0.00229 

RMSE 0.0478 kWh/day 

R2 0.99 

MAPE 0.134% 

The performance of the developed artificial neural network 

(ANN) for photovoltaic potential estimation was evaluated us-

ing the statistical metrics given in Table 4. The results show 

an extremely high coefficient of determination (𝑅𝐴𝑁𝑁
2  = 0.99) 

which means that the model explains more than 99.98% of the 

variance in the estimated photovoltaic potential. The low error 

values, MAE of 0.0266 kWh day-1, RMSE of 0.0478 kWh day-

1 and MAPE of 0.134% are indicative of the model’s strong 

prediction accuracy. Overall, these results show that the ANN 

can successfully supply the nonlinear relations between global 

solar irradiation, air temperature, relative humidity, wind 

speed and the estimated photovoltaic potential. 

Figure 9 shows the time evolution of the photovoltaic po-

tential calculated using the semi-empirical model and the val-

ues predicted by the ANN for the whole test data set. The two 

curves are nearlу іndіstіnguіshable over the complete range of 

samрles, іndіcatіng that the ΑΝΝ reрlіcates the varіatіons іn 

рhotovoltaіc рotentіal wіth verу hіgһ fіdelіtу. This visual 

agreement is in line with the strong values reported for the 

statistical performance indicators. 
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Figure 9. Comparison between the photovoltaic potential estimated by the semi-empirical model and that predicted by the ANN model for the 

testing dataset. 

The correlation between the semi-empirical estimates and 

the ANN predictions of photovoltaic potential is presented in 

Fig. 10. The data points are firmly clustered along the identity 

line (y=x) indicating a very close correspondence between the 

two sets. This pattern confirms that there is no systematic bias, 

no consistent underestimation or overestimation by the ANN. 

 
Figure 10. Correlation between estimated and ANN-predicted photovoltaic potential. 

Figure 11 indicates that the prediction residuals are tightly 

clustered around zero. This pattern points to the absence of 

any noticeable systematic bias in the ANN outputs. The nar-

row dispersion of errors also supports the model’s stability 

and its capacity to deliver accurate estimates under a wide 

range of climatic conditions. 
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Figure 11. Distribution of the prediction errors of the ANN model for the testing dataset. 

As shown in Figure 12, the learning curves exhibit a sharp 

drop in both training and validation losses during the initial 

epochs, followed by a steady convergence to very low values. 

The close match between the two curves throughout training 

suggests minimal overfitting and strong generalization of the 

ANN. This rapid and stable convergence further supports the 

effectiveness of the chosen 4–32–16–8–1 architecture and the 

Adam optimizer for reproducing the estimated photovoltaic 

potential. 

 
Figure 12. Training and validation loss curves of the developed ANN model. 

Taken together, the results indicate that the ANN developed 

here is a dependable and accurate approach for modeling pho-

tovoltaic potential in Kankan. The very low prediction errors, 

together with the close correspondence between the estimated 

values and the ANN outputs, confirm the adequacy of the pro-

posed method. These outcomes are consistent with the work 

of Mellit and Kalogirou [29], who demonstrated that artificial 

neural networks are among the most effective methods for 

modeling and predicting the performance of photovoltaic sys-

tems under complex climatic conditions. 

3.4. Synthesis of the Climatic Effects on 

Photovoltaic Potential 

To better gauge how pronounced the observed climatic 

changes are across the study periods, Figure 13 reports the rel-

ative shifts in climate variables and photovoltaic potential for 

2011–2020 and 2021–2025, with 2000–2010 serving as the 

baseline. According to Figure 13, relative humidity changed 

the most, rising by 14.45% in 2011–2020 and by 18.44% in 
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2021–2025. By contrast, both air temperature and wind speed 

showed gradual declines, while global solar irradiation stayed 

essentially unchanged, with fluctuations under 0.3%. In line 

with this stability, the photovoltaic potential fell only slightly, 

by 0.38% and 1.00% relative to the reference period. This 

near-constancy in photovoltaic potential is largely due to the 

very small variation in global solar irradiation, which remains 

the main determinant of photovoltaic output. Recent studies 

also indicate that solar resources are relatively robust to cli-

mate change when irradiation changes are limited [19, 35, 46, 

47]. The results for Kankan are consistent with this evidence 

and show that the observed shifts in air temperature, relative 

humidity, and wind speed did not produce a marked decrease 

in photovoltaic potential [21]. In addition, the combined ef-

fects of the climatic variables are not uniformly aligned. 

Lower air temperatures can enhance module efficiency by re-

ducing thermal losses, whereas higher relative humidity tends 

to reduce performance. This partial offset between variables 

helps explain the modest change in photovoltaic potential and 

underscores the value of an integrated perspective when eval-

uating climate impacts on photovoltaic systems [47]. The 

strong performance of the artificial neural network in this 

study further shows that AI-based methods are suitable for 

modeling the complex links between climatic variables and 

photovoltaic potential. The ability of the developed ANN to 

reproduce the estimated photovoltaic potential with high ac-

curacy highlights its usefulness for assessing and forecasting 

solar energy resources in tropical contexts [48]. Overall, the 

findings indicate that the climatic changes observed in Kankan 

between 2000 and 2025 have had only a limited effect on pho-

tovoltaic potential. This resilience of the solar resource is an 

advantage for the long-term rollout of photovoltaic energy in 

Guinea and, more broadly, in West Africa, where the energy 

transition increasingly depends on the sustainable use of re-

newable resources [49]. 

 
Figure 13. Relative variations of climatic variables and photovoltaic potential with respect to the reference period (2000–2010). 

4. Conclusion 

This work examined how climate variability affects the 

photovoltaic potential of Kankan, Guinea, using daily records 

from the NASA POWER database spanning 2000 to 2025. We 

identified marked trends in air temperature, relative humidity, 

and wind speed, while global solar irradiation showed little 

change. Despite these shifts, the estimated photovoltaic poten-

tial did not exhibit a significant trend, indicating that Kankan’s 

solar resource has remained suitable for photovoltaic develop-

ment over the past twenty-six years. An artificial neural net-

work (ANN) built for this study reproduced the estimated pho-

tovoltaic potential with high accuracy using the climatic vari-

ables as inputs. Together, these results highlight the value of 

approaches based on artificial intelligence for analyzing and 

modeling renewable energy resources in tropical contexts. 

Several limitations should be acknowledged. The analyses re-

lied on satellite-derived climate data from NASA POWER 

and a semi-empirical model to estimate photovoltaic potential. 

In addition, the ANN was trained on potential values gener-

ated by this semi-empirical model rather than on real photo-

voltaic production data. Even so, the approach provides an in-

itial quantitative appraisal of how climate variability influ-

ences photovoltaic potential in Kankan. Future work should 

integrate measurements from local photovoltaic installations 

and climate projections from CMIP6 scenarios to evaluate the 

long-term evolution of the region’s photovoltaic potential un-

der future climate conditions. Such efforts would help 

strengthen sustainable energy planning in Guinea and, more 

broadly, across West Africa. 
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Abbreviations 

AI Artificial Intelligence 

MPANN Multilayer Perceptron Artificial Neural 

Network 

GHI Global Horizontal Irradiation 

MAE Mean Absolute Error 

MAPE Mean Absolute Percentage Error 

MSE Mean Squared Error 

NASA POWER National Aeronautics and Space 

Administration – Prediction Of 

Worldwide Energy Resources 

NOCT Nominal Operating Cell Temperature 

PV Photovoltaic 

RMSE Root Mean Squared Error 

STC Standard Test Conditions 
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