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Abstract

Renewable energy is an important pillar of decarbonization in reducing the impact of

climate change. Among the renewable energy sources, solar photovoltaic energy is one of

the fastest-growing across West Africa, especially in Côte d’Ivoire. However, its dependence

on weather and climate could affect future power system operations. This study aims to

quantify how climate change could affect future solar PV potential in Côte d’Ivoire under

the RCP8.5 scenario. For this purpose, we used three regional climate model simulations

(RCMs) generated by the new high-resolution Coordinated Regional Climate Downscaling

Experiment (CORDEX) for the Africa domain (AFR-22). Future changes were computed for

two time slices: the near future (2021–2040) and the middle future (2041–2060), relative to

the reference period (1986–2005). The performance of the RCMs and their ensemble mean in

simulating relevant climate variables was first evaluated with respect to the ERA5 reanalysis

and satellite-based (SARAH-2) data during the reference period. Our results indicate that

all available RCMs and their ensemble mean reasonably simulate the annual cycle and

the spatial patterns features of surface solar radiation, near-air temperature and solar PV

potential in Côte d’Ivoire. We also conclude that Côte d’Ivoire is expected to experience

a moderate decrease in annual mean solar PV potential during the mid-21st century. The

average decrease in solar PV potential over Côte d’Ivoire could range from 0.55% to 2.16%

in the near future and from 1.30% to 3.50% during the middle future, according to the

considered RCMs. This decline in solar PV potential will be particularly noticeable during

the period from June to October in all climatic zones. Overall, these findings provide

valuable information for renewable energy planners to ensure the long-term success of

solar PV energy projects in the context of climate change in Côte d’Ivoire.

Keywords: climate change; solar photovoltaic potential; renewable energy; CORDEX-

CORE; Côte d’Ivoire
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1. Introduction

Climate change is one of the world’s foremost environmental challenges, affecting

several sectors, such as water security, electricity systems, food security, and human

well-being [1,2]. Climate change, however, has a negative impact on socio-economic devel-

opment in many countries worldwide, particularly in West African countries, which are

among the most vulnerable to climate change. According to the Intergovernmental Panel

for Climate Change (IPCC) Fifth Assessment Report (AR5), the impact of climate change

is expected to increase in the near and long-term future globally. In West Africa, climate

change will strongly impact different sectors compared with other African regions [3]. The

main driver of this phenomenon is the exponential increase in anthropogenic emissions

of greenhouse gases, due principally to the energy sector through the burning of fossil

fuels (such as coal, natural gas, and oil [4,5]. In 2024, the burning of fossil fuels contributed

around 74.5% of global greenhouse gas emissions since 1990 [5].

Despite abundant renewable energy resources, power generation in West Africa re-

mains dependent on fossil fuels. For instance, in Côte d’Ivoire, the electricity generation

mix is composed of 76% gas thermal plants, 24% hydropower, and less than 1% solar

energy [6,7]. Therefore, the growing demand for electricity, driven by economic and de-

mographic growth, will lead to a continuous increase in greenhouse gas emissions unless

drastic mitigation policies are implemented. Hence, the Earth’s climate and regional climate

can significantly change in the future [8].

To address the challenges of climate change, the first global climate agreement, called

the Paris Agreement, was established by 195 countries in 2015. In fact, countries pledged to

reduce their carbon emissions by making public their Nationally Determined Contributions

(NDCs), with the aim of limiting the global average temperature to below 2 ◦C above

preindustrial levels and pursing efforts to maintain it at 1.5 ◦C [9,10]. Indeed, around 99%

of the communicated NDCs cover the energy sector [9,11]. Most of the NDCs promote

the integration of low-carbon technologies and renewable energy as measures to reduce

greenhouse gas emissions from the power sector [12]. In this regard, West African countries

have taken action to mitigate climate change by adjusting their policies for electricity

generation, with a focus on increasing the share of renewable energy in their electricity mix

from 2020 to 2030 [13]. According to Abudu et al. [14], African countries have committed to

reducing greenhouse gas emissions by 32% by 2030. In line with the objectives of the Paris

Agreement, the government of Côte d’Ivoire has reviewed its energy policy and climate

regulations to reduce its greenhouse gas emissions to 28.25–30.41% by 2030 [15]. This

ambition implies the deployment of 42% renewable energy, such as hydropower, biomass,

and solar power, in the electricity sector by 2030 [16–18].

Among renewable energy sources, solar photovoltaic energy technology is expected

to rise significantly in the upcoming decades [19] due to its low operating cost, scalability,

near-zero emissions during operation, improved efficiency, and increasingly competitive

costs. The International Energy Agency has projected that the installed solar PV generation

capacity will increase from 7 GW in 2020 to approximately 130 GW by 2030 under its

Sustainable Africa Scenario [20]. For instance, many solar PV projects are currently installed

or planned in Côte d’Ivoire, with a total capacity of 678 MW by 2030 and around 1686 MW

by 2040 [21]. Moreover, the contribution of solar PV energy capacity, which is currently

less than 1%, is expected to increase to 9% of the national electricity mix by 2030 in

Côte d’Ivoire [22,23].

However, solar PV is highly influenced by local meteorological conditions, such

as near-surface wind speed, solar irradiance, and near-surface temperature, snow, and

dust [24,25]. Therefore, any changes in atmospheric conditions and climate change are
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likely to significantly affect solar PV power [26–28] and also impact its integration into

existing and future energy grids.

Accurate modeling is critical for maximizing the performance of solar PV systems, as

they are sensitive to climate conditions. Recent research by Adar et al. [29] demonstrate

that bond graph modeling combined with genetic algorithm optimization can produce

highly accurate solar PV system models. This approach allows for precise estimation of

key PV parameters, ensuring that system predictions remain reliable even under variable

environmental conditions. Integrating such optimized models is particularly relevant

in West Africa, where high temperatures and dust events can adversely affect solar PV

efficiency, and adaptive modeling strategies are necessary to maintain energy output.

Regarding the sensitivity of solar PV energy to climate conditions, multiple stud-

ies have examined how climate change may affect solar PV power generation across

different regions of Africa. They used the output of climate models from the Regional

Climate Downscaling Experiment (CORDEX), the Coupled Model Intercomparison Project

Phase 5 (CMIP5), and Phase 6 (CMIP6) under various climate scenarios. For example,

Sawadogo et al. [30] employed the RegCM4 from the CORDEX-CORE ensemble to assess

the impact of climate change on solar energy potential over Africa under low-end (RCP2.6)

and high-end (RCP8.5) emission scenarios. Their results showed a general decrease in solar

PV potential across the continent, except in some parts of Central Africa. On the other

hand, some researchers [28,31,32] have revealed that solar PV power output is expected to

decrease in most Africa countries based on CORDEX-AFRICA data. In addition, CORDEX-

CORE simulations for Africa [33] and the Coupled Model Intercomparison Project Phase 6

(CMIP6) models [27] have been employed to evaluate the future evolution of solar power

generation across West Africa. The authors concluded that solar PV potential is expected to

generally decrease in West Africa under the worst-case climate scenario.

Moreover, these previous studies have clearly demonstrated that changes in solar

irradiance and temperature induced by ongoing global warming can influence solar power

potential, and the positive or negative impacts are likely to vary regionally. Some re-

searchers revealed that intense cloudiness, higher temperatures, and dust observed in

West Africa could negatively affect solar PV potential [27,34–36]. In Côte d’Ivoire, studies

examining the impact of climate change on solar PV production are scarce in the literature.

The contribution of the present work is to evaluate the projected change in solar PV

energy potential in Côte d’Ivoire under the high-emission scenario using CORDEX-CORE

simulations. The work will be carried out for the near-future period as well as the middle-

future period. The results of this study will help investors in the energy sector plan their

investments in Côte d’Ivoire more carefully. To reach this aim, this paper is organized as

follows: Section 2 presents the study area, the data, and the methodology. The results and

discussions are summarized in Section 3. Finally, conclusions are given in Section 4.

2. Materials and Methods

2.1. Study Area

Côte d’Ivoire is located in West Africa along the Gulf of Guinea between 2◦30′ and

8◦30′ west longitudes and between 4◦30′ and 10◦30′ north latitudes (Figure 1). The country

is approximately square in shape, and its southern border consists of a 515 km coastline

along the Gulf of Guinea in the North Atlantic Ocean. It is divided into three climatically

homogeneous zones based on weather and climate patterns [37–39]. These zones are the

southern equatorial region (4–6◦ N), the central tropical region (6–8◦ N) and the northern

semi-arid climatic region (8–10.5◦ N) (Figure 1). In Côte d’Ivoire, the regional climate is

characterized by the north–south shift of the Intertropical Convergence Zone, which is
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warm and humid, ranging from equatorial conditions along the southern coast to tropical

conditions in the central regions and semi-arid conditions in the far north.

Figure 1. Geographical location of Côte d’Ivoire and climatic zones considered here based on the

suggestion made by [37–39].

2.2. Data Used

2.2.1. Regional Climate Models

In this study, we quantify the impact of climate change on solar PV generation. To do

this, we first downloaded two climate variables, namely, surface downwelling shortwave

radiation (in W m−2) and the near-surface air temperature (in ◦C), at a daily frequency

from the CORDEX-CORE simulation over the entire Africa domain (Afri-22) with a spatial

resolution of 0.22◦ by 0.22◦ (~25 km × 25 km) for the historical and future periods under

the Representation Concentration Pathway (RCP) 8.5 scenarios. RCP8.5 is a rising path-

way scenario (high-emission scenario), where the global mean temperature could reach

a maximum of 4 ◦C by the end of the century. This scenario assumes that greenhouse

gas emissions will lead to an equivalent CO2 concentration greater than 1000 ppm by

2100. Moreover, CORDEX-CORE provides high-resolution regional climate model (RCM)

projections with greater detail and more accurate representation of localized events [40].

Many studies have demonstrated the accuracy of CORDEX-CORE models in providing

consistent and high-resolution regional climate change projections [33,41–43].

The CORDEX-CORE models employed in this study are available on the Earth System

Grid Federation (ESGF). They are based on three Regional Climate Models (RCMs), which

include the German Climate Service Centre’s REMO model, namely (REMO) [44], the

Abdus Salam International Center for Theoretical Physics’ RegCM4, namely (RegCM) [45],

and the Consortium for Small-Scale Modeling (COSMO) community’s CCLM (CCLM) [46].

The three RCMs are driven by three global climate models (GCMs), i.e., the Met Office

Haley Centre Earth System model (HadGEM2-ES [47], the Max Planck Institute for Meteo-

rology Earth System Model (MPI-ESM-MR [48], and the Norwegian Earth System Model

(NorESM1-M [49], from the Coupled Model Intercomparison Project 5 (CMIP5 [50]). Ac-

cording to Giorgi et al. [45], these GCMs are among the best-performing models in the

CORDEX domains within the CMIP5 ensemble. The simulation outputs are all from the
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same ensemble members (i.e., realization, initialization, and perturbation 1; r1i1p1). The

selected RCMs and their characteristics are summarized in Table 1.

Table 1. Parameterizations of the CORDEX-CORE models used in this study.

Regional Climate Model Institute Microphysics Driving Model Aerosol

RegCM4-
Abdus Salam International
Center for Theoretical Physics
(ITCP)

[51] ✔ MOHC-HadGEM2-ES Organic and black carbon, SO4 [52],
dust [53], and sea salt [54].

CCLM

Consortium for Small-Scale
Modeling (COSMO)
community, the German
Weather Service (DWD)

[55] ✔ MPI-M-MPI-ESM-LR No aerosol module is included.

REMO
Climate Service Centre
Germany (GERICS)

[56] ✔ NCC-NorESM1-M

No aerosol module is included. The
information about aerosols, for
example in the radiation scheme, is
based on climatology [57]

We then compute the multi-model ensemble mean of each RCM (RegCM, REMO, and

CCLM) and also the ensemble mean (Rmean) of all the models used. Rmean is calculated as

the arithmetic mean of a variable from the nine models under CORDEX-CORE downloaded

in this study.

2.2.2. Reference Datasets

In this work, two types of reference data were used. Firstly, air surface temperature

(TAS) was downloaded from the fifth-generation global climate reanalysis (ERA5). ERA5

is a reanalysis product [58] of the European Centre for Medium-Range Weather Forecasts

(ECMWF). It was developed by combining outputs from models and in situ data from mete-

orological stations across the globe [59]. ERA5 has a horizontal resolution of 0.25◦ × 0.25◦

covering the period from 1979 to the present. ERA5 is a dataset that serves as the official

validation database for the CORDEX models [60]. It is widely used in previous studies for

model evaluation [30,33,61,62].

Finally, we used daily shortwave solar radiation retrieved from the Application Facility

on Climate Monitoring (CM-SAF), specifically the second version of the Surface Solar Radi-

ation Dataset-Heliosat Edition 2 (SARAH-2) [63,64] (see https://wui.cmsaf.eu; accessed on

31 January 2023). It is used for further model evaluation in numerous works [28,30,32,43].

SARAH-2 is a product derived from satellite observations of the visible channels of the

MVIRI and SEVIRI instruments onboard the geostationary Meteosat satellites. The data are

available from 983 to 2015 and have a spatial resolution of 0.05◦ × 0.05◦.

2.3. Methodology

To understand the future impact of climate change on solar PV generation in Côte

d’Ivoire, the RCMs used must realistically reproduce historical climate conditions. In the

first step, we assessed the ability of CORDEX-CORE models to accurately reproduce the key

climate variables (TAS and RSDS) used to compute solar PV potential during the reference

period. Based on data availability, we used the period from 1986 to 2005 as the reference

period for both observational datasets and climate model datasets.

To evaluate the simulated TAS and RSDS in the present day (1986–2005), we used

surface temperature from the reanalysis dataset ERA5 and RSDS from the satellite-based

climate dataset (SARAH-2). Further, it is noted that reanalysis datasets (ERA5) and satellite

datasets (SAHRA-2 dataset) are used as substitutes and alternatives to ground observations

in evaluating CORDEX-CORE models [62,65–67].

To address the difference in spatial resolution between the CORDEX-CORE simula-

tions and the reference datasets, we used Climate Data Operators (CDO [68]) for remapping

all the data to a common grid corresponding to the grid used by the fifth-generation global
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climate reanalysis (ERA5), with a horizontal resolution (0.25◦ × 0.25◦). The interpolation

method used was bilinear interpolation, as in previous works [31,62]. In addition, we com-

bined three statistical approaches: root mean square difference (RMSE), Pearson correlation

coefficient (r), and mean absolute error (MAE) to evaluate the performance and consistency

of the three RCMs and their ensemble mean over the study area. In addition, systematic

biases between RCM simulations and observational data were also analyzed to evaluate

the ability of the RCMs to reproduce the observed dataset. Afterwards, we analyzed the

projected change through the difference between the estimated future values and their

values in the reference period, considering the plausible greenhouse gas scenario RCP8.5.

This high-emission pathway was chosen to assess the upper-bound climate response. In-

deed, RCP8.5 enables clear, robust estimates of maximum projected changes, which are

particularly relevant for climate risk assessment and adaptation planning.

In this section, the reference period, namely the historical period, spans 1986 to 2005.

This reference period is widely used in many climate studies, such as [69,70]. We consider

two future periods, namely the near future (2021–2040) and the middle future (2041–2060).

The projected change is expressed as absolute changes for TAS and relative changes for

RSDS and solar PV power potential with respect to the reference period. The statistical

significance of projected changes in solar PV potential is assessed via the paired Wilcoxon

signed-rank test. The null hypothesis assumes a median difference of zero, evaluated at a

95% confidence level (p < 0.05).

2.3.1. Estimation of Solar Photovoltaic Potential

The solar PV power output at a given site depends not only on its solar PV energy

potential (PVpot) but also on the installed capacity. The instantaneous solar PV power

production can be estimated by multiplying the solar PV potential by the nominal installed

capacity. In this study, we estimate solar PV energy potential using the energy rating

method, as in previous studies [28,31,71,72]:

PVpot =
PR(t)× RSDS(t)

RSDSSTC
(1)

where RSDSSTC represents the surface downwelling shortwave radiation under Standard

Test Conditions (STCs), which equals 1000 W/m2. RSDS(t) is surface downwelling short-

wave radiation at time (t), and PR indicates the performance ratio of the PV cells [31,71],

expressed as follows:

PR(t) = 1 + γ(Tcell(t)− TSTC) (2)

where TSTC = 25 ◦C is the ambient air temperature under Standard Test Conditions (STCs).

The constant γ depends on the physical parameters of the solar PV cell. In this study, we

use a monocrystalline silicon solar cell (the most commonly used in Africa), for which

γ takes the value of (−0.005 ◦C−1) [28,71]. Tcell denotes the solar cell temperature, which

depends on surface downwelling shortwave radiation, near-surface air temperature, and

wind speed [73], and is calculated as follows:

Tcell(t) = c1 + c2 Tas(t) + c3 RSDS(T) + c4W10(t) (3)

where Tcell is the ambient temperature around the cells (◦C), RSDS is the surface down-

welling shortwave radiation (W m−2), W10 is the wind speed (m s−1), and c1, c2, c3, and c4

are coefficients that depend on the PV material properties.
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Recent studies have shown that the contribution of wind speed and relative humidity

to changes in PVP is negligible in Africa [28,31]. Therefore, Tcell is expressed as a function

of surface downwelling shortwave radiation (RSDS) and air temperature (TAS) as follows:

Tcell(t) = c1 + c2 Tas(t) + c3 RSDS(T) (4)

The coefficients c1 = 3.75 ◦C, c2 = 1.14, and c3 = 0.0175 C m2 W−1 for a monocrystalline

silicon cell were taken from Lasnier and Ang [74] and used in [30,75].

Using Equations (1), (2) and (4), PVpot can be expressed as follows:

PVpot =
RSDS(t)× (1 + γ[(c1 + c2 Tas(t) + c3 RSDS(t)− TSTC)])

RSDSSTC
(5)

Considering a, b and c such that

a =
(1 + γ(c1 − TSTC))

RSDSSTC
= 1.10625 × 10−3 m2w−1

b =
γc2

RSDSSTC
= −5.7 × 10−6 m2w−1/◦C

c =
γc3

RSDSSTC
= −8.75 × 10−8 m4w−2

PVpot = RSDS(t) [a + bTas(t) + cRSDS(t)] (6)

From Equation (5), we calculate the change in future solar PV potential relative to the

historical period as follows:

∆PVpot=
PVpot.fut − PVpot.his

PVpot.his
× 100% (7)

where PVpot.his and PVpot.fut are the historical and future solar PV potentials, respectively.

2.3.2. Evaluation Criteria for Model Performance

In this work, we combined three statistical approaches: root mean square difference

(RMSE), Pearson correlation coefficient (r), and mean absolute error (MAE) to assess the

performance and consistency of the three RCMs and their ensemble mean over the study

area. All the statistical metrics used in this work are widely used in many studies to

evaluate the performance of CORDEX-AFRICA-RCMs [31,76,77].

The Pearson correlation coefficient is a measure that shows the linear relationship

between observations and model simulations. It ranges from −1 to 1, where −1 indicates

a perfect negative correlation and 1 indicates a perfect positive correlation between the

simulated model and the observed data [78,79]. The interpretation of the values of the

Pearson correlation coefficient is based on Table 2 [80].

The mathematical formula of the Pearson correlation coefficient is:

r =
∑

N
i=1 ((RCMi − RCMavg) × (OBSi − OBSavg))

√

∑
N
i=1 (RCMi − RCMavg)

2∑
N
i=1 (OBSi − OBSavg)2

(8)

The RMSE measures how accurately climate models simulate observed data.
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Table 2. Pearson correlation coefficient (source: Evans [80]).

Pearson Correlation Coefficient Relationship

0.00–0.19 very weak
0.20–0.39 weak
0.40–0.59 moderate
0.60–0.79 strong
0.80–1.00 very strong

It represents the distance between the means of climate models and those of the

observed data. The smaller the value of RMSE, the better the model performance and vice

versa [81,82]. The mathematical formula of RMSE is:

RMSE =

√

∑
N
i=1(RCMi − OBSi)

2

N
(9)

The MAE is a calculation of the average absolute differences between the climate

model and observed data. Similar to RMSE, the lower the value of MAE, the more accurate

the model will be. The mathematical formula of MAE is given below:

MAE =
∑

N
i=1(|RCMi − OBSi|)

N
(10)

where RCM is the simulated model, OBS is the observed value at timestep i, and OBSavg and

RCMavg are the corresponding average values for observed and simulated data, respectively.

N is the total number of years.

3. Results and Discussion

3.1. Evaluation of Climate Models

In this section, we evaluate the capability of the RCMs and their ensemble mean to

reproduce the spatial distributions and the mean annual cycle of TAS and RSDS, as well as

the solar PV potential, during the historical period (1986–2005) over Côte d’Ivoire.

3.1.1. Annual Patterns of Climate Variables

Figures 2 and 3 present the simulated and observed spatial patterns of TAS and RSDS,

respectively, during the reference period 1986–2005. All three RCMs, with their ensemble

mean (Rmean), reproduce well the spatial distribution of TAS and RSDS over Côte d’Ivoire,

with spatial correlations ranging from 0.79 to 0.89 for RSDS and from 0.65 to 0.93 for

TAS. The analysis of the spatial distribution of TAS shows that the statistical metrics MAE

and RMSE are close to zero (Figure 2). Indeed, the MAE is 0.29, 0.48, 0.51, and 0.64 for

Rmean, RegCM, REMO, and CCLM, respectively. The RMSE is 0.36, 0.55, 0.75, and 0.76 for

Rmean, RegCM, REMO, and CCLM, respectively. This confirms that the models Rmean,

RegCM, REMO, and CCLM can practically simulate the spatial annual mean of near-surface

temperature in Côte d’Ivoire. Rmean and RegCM performed better in simulating near-

surface temperature than the other RCMs considered in this study. CCLM performed less

well over the study area than the other RCMs. In agreement with observations, Rmean

and RegCM showed the highest TAS values in the northern part of Côte d’Ivoire and the

lowest in the southern part. The high temperatures in the northern part could be due to

less vegetation cover in this region.
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Figure 2. Mean annual patterns of near-surface air temperature (TAS) for the observational data,

RCMs and their ensemble mean (Rmean) during the present climate (1986–2005) over Côte d’Ivoire.

The mean absolute error (MAE), root mean square error (RMSE), and spatial correlation (r) between

observations and simulations are indicated in the corresponding plots.

 
Figure 3. Similar to Figure 2, but for downwelling surface shortwave radiation (RSDS).

Referring to surface downwelling shortwave, as depicted in Figure 3, all the models

show that RSDS gradually increases from the southern part to the northern part of Côte

d’Ivoire, as observed. Indeed, the highest RSDS values occur in the northern part of Côte

d’Ivoire, where most solar farms will be implemented in the future, followed by the central

part of Côte d’Ivoire. Additionally, the lowest RSDS values are found in the southern part

of Côte d’Ivoire. The north of Côte d’Ivoire generally experiences clear conditions, thereby

having high values of RSDS. In contrast, the southern part of Côte d’Ivoire has lower RSDS

values due to cloud cover throughout the year. From the statistical analysis, the RegCM

model has the lowest MAE and RMSE, indicating that RegCM performs better than the

other models in simulating RSDS over Côte d’Ivoire. Similar results have been found in
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previous works [29,32]. According to Ndiaye et al. [33], the spatial distributions of the

annual mean are captured by the RCMs as well as their ensemble mean in West Africa. It is

also noticeable that RegCM4 performs well in TAS and RSDS in West Africa [30,33].

Despite the capability of the three RCMs and their ensemble mean to reproduce the

observed spatial distributions of RSDS and TAS over Côte d’Ivoire, the analysis shows

biases in the different variables across the study area (see Appendix A, Figures A1 and A2).

For instance, Rmean, REMO, and CCLM underestimate RSDS over most parts of the study

area. The magnitude of biases varies from −45.30 to −5.26 W/m2, −43.77 to −2.077 W/m2,

and −81.64 to −28.78 W/m2 for Rmean, REMO, and CCLM, respectively. The negative bias

of RSDS is more important in the southern part of Côte d’Ivoire, while RegCM overestimates

RSDS over most parts of Côte d’Ivoire, with biases ranging from −12.86 to 29.10 W/m2.

These biases related to RSDS may be attributed to cloud back-scattering or albedo and

cloud absorption, but also to aerosols represented in climate models and the SARAH-2

datasets [30,83–85]. In addition, biases in RSDS could provide difficulties in representing

clouds in climate models [62,86–88].

Concerning near-surface temperature, the results show that Rmean and CCLM un-

derestimate the mean annual temperature of TAS in most parts of Côte d’Ivoire, with

a prominent cool bias from north to south. Compared with the observations, there is a

small bias ranging from −0.94 ◦C to 0.18 ◦C for Rmean and from −1.56 ◦C to 0.35 ◦C for

CCLM over the study area. On the other hand, RegCM overestimates the annual mean

TAS in the northern and most of the central parts of the study area but underestimates it

in the southern part of Côte d’Ivoire. The biases range from –1.45 ◦C to 1.02 ◦C over the

study area for RegCM. While REMO overestimates the annual mean TAS in the southern

part of the study area, it underestimates it (from −1.24 ◦C to 0.81 ◦C) in the northern and

central parts.

3.1.2. Annual Patterns of Solar PV Potential (PVpot)

Figure 4 describes the spatial distribution of the annual mean of observed and sim-

ulated PVpot with the three regional climate models (RCMs) and the ensemble mean

(Rmean) during the period from 1986 to 2005 over Côte d’Ivoire.

Figure 4. Similar to Figure 2, but for solar PV potential.

https://doi.org/10.3390/en19071589

https://doi.org/10.3390/en19071589


Energies 2026, 19, 1589 11 of 26

The analysis of Figure 4 shows that all three RCMs and the Rmean can capture well

the spatial distribution of solar PV potential over Côte d’Ivoire, with a spatial correlation

greater than 0.7 (0.87 for Rmean, 0.77 for RegCM, 0.87 for REMO and 0.88 for CCLM). This

result is also shown by low RMSE values (1.94, 0.75, 1.78, and 4.26 for Rmean, RegCM,

REMO, and CCLM, respectively) and low mean absolute errors (1.82, 0.59, 1.59, and 4.16

for Rmean, RegCM, REMO, and CCLM, respectively). These results align with previous

works using observational data and climate models [33]. One can notice that the annual

mean of PVpot decreases gradually from north to south across the models. The northern

part of Côte d’Ivoire exhibits the largest PVpot, while the southern part of Côte d’Ivoire

displays the smallest values.

It can be seen from Figures 3 and 4 that the spatial distribution of the annual mean

PVpot is positively correlated with RSDS. This indicates that PVpot is primarily determined

by RSDS. This result coincides with a study conducted in West Africa, where a strong

positive correlation between RSDS and PVpot was found (r > 0.93) [31].

Despite the performance of the RCMs in reproducing the spatial distribution of the

annual mean PVpot, there are some biases (see Appendix A, Figure A3). Indeed, Figure A3

shows that Rmean, REMO, and CCLM underestimate the annual mean of PVpot compared

to the reference PVpot over Côte d’Ivoire, with biases ranging from −4.17% to −0.43% for

Rmean, −4.09% to −0.12% for REMO, and −7.5% to −2.6% for CCLM. In contrast, RegCM

overestimates PVpot in some parts of Côte d’Ivoire, such as the eastern north and eastern

south, and underestimates it in other parts of the country. In general, the RegCM bias

ranges from −1.3% to 2.8%.

3.1.3. Mean Annual Cycle of Climate Variables

In this section, the annual cycle averaged over the three homogeneous climatic zones

(northern, southern, and central) of Côte d’Ivoire was examined to know the capability

of all the models to reproduce the annual cycle of TAS, RSDS, and PVpot, as well as their

minima and peaks (phase and amplitude), in the three climatic zones of Côte d’Ivoire.

Near-Surface Temperature (TAS)

Figure 5 illustrates the performance of the three RCMs (RegCM, REMO, and CCLM)

and their ensemble mean (Rmean) in simulating the mean monthly near-surface temper-

ature cycle over the three climatic subregions during the period 1986–2005. The data are

monthly averages for the period 1986–2005. The results revealed that the three RCMs

and their ensemble mean were good at representing the monthly pattern of observed air

temperature across all climatic zones and the whole country. In fact, the monthly variation

patterns of all the models are very similar to the observations. The maxima and minima

of the TAS are well captured by these RCMs in the three climatic zones, with different

magnitudes. All the models simulate the maximum TAS during the dry period of the year,

from February to April. The minimum TAS is observed in August for all models. However,

a few disagreements between the models and the observations can be highlighted. All the

models underestimate the observed TAS from July to February and overestimate it from

March to May in each climatic zone.
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Figure 5. Mean annual cycle of near-surface air temperature in the observation data and simulated

data (Rmean, RegCM, CCLM, and Rmean) over the three climatic zones for the period 1986–2005.

Annual Cycles of Monthly Climatology RSDS

Figure 6 represents the magnitude and distribution of the mean monthly observed and

simulated (Rmean, RegCM, CCLM, and Rmean) output of RSDS over the three climatic

zones for the period 1986–2005. The analysis of Figure 5 reveals that all the RCMs and the

ensemble mean capture the annual cycle of solar radiation very well, including the peak,

across the three climatic zones. In fact, all the models, in agreement with the observations,

estimate the highest solar radiation (RSDS) during the dry period of the year, from February

to March. The lowest solar radiation levels are estimated during the wet period, from June

to September. The reduction in RSDS magnitude at this time of the year coincides with the

rainfall season. The atmosphere at this time of year is largely moisture-laden, with abundant

precipitation, clouds, and an overall increase in convective activity, reducing the amount

of solar radiation reaching the ground. However, Figure 6 shows a few disagreements

between the observation and the RCMs in all the climatic zones. For the RCMs (Rmean,

RegCM and REMO), RSDS is predominantly overestimated from November to March and

underestimated from April to October. CCLM underestimates RSDS throughout all months

of the year across all regions.

Figure 6. Similar to Figure 4, but for surface downwelling shortwave radiation (RSDS).
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3.1.4. Mean Annual Cycle of Solar PV Potential (PVpot)

Figure 7 depicts the annual cycle of solar PV potential over the three climatic zones of

Côte d’Ivoire during the period 1986–2005. It can be observed that the three RCMs and their

ensemble mean capture the pattern of solar PV potential across all regions, indicating that

all models reproduce the annual cycle of observed solar PV potential. The minimum solar

PV potential is observed during the wet period from June to September. The maximum solar

PV potential is estimated during the dry period of the year, from December to February.

A similar pattern is also observed for solar radiation (Figure 6). The RCMs (RegCM and

REMO) and Rmean underestimate PVpot from March to November and overestimate it

from April to September. CCLM consistently underestimates PVpot in most months of the

year, especially in the southern part of Côte d’Ivoire. Among the models, RegCM shows

a better representation across the different areas. CCLM is the less efficient model for

PVpot simulations.

Figure 7. Similar to Figure 4, but for solar photovoltaic potential (PVpot).

3.2. Projection of Future Changes in Solar Photovoltaic Potential

In this section, we analyze the future projections of solar PV solar potential under the

RCP8.5 scenario.

3.2.1. Changes in Future Annual Mean of Solar PV Energy Output

Herein, the climate change signal of the CORDEX-CORE models for the high-end

scenario (RCP8.5) during the near-future and middle-future periods of solar PV generation

is discussed.

Figure 8 shows the projected changes in solar PV potential for two future periods

(near-future and middle-future) relative to the historical period in Côte d’Ivoire under the

RCP8.5 scenario. As shown in Figure 7, the annual mean solar PV potential is projected to

vary due to climate change across the country during both future periods. The analysis

of Figure 8 reveals that all three RCMs (RegCM, REMO, and CCLM) and their ensemble

mean (Rmean) project a general decrease in the annual mean solar PV potential during

the near future relative to the historical period. In the near future, the average reduction

is approximately 1.24%, 0.55%, 2.16%, and 1.05% for Rmean, RegCM, REMO, and CCLM,
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respectively (Table 3). However, the magnitude of these changes depends on the climate

model. The changes in the annual mean solar PV potential relative to the historical period

range from −2.42% to −0.74% (Rmean), from −1.71% to 0.07% (RegCM), from −3.37%

to −1.52% (REMO), and from −2.86% to −0.07% (CCLM). One can observe that RegCM

presents a moderate decrease in solar PV potential compared to the other models in the

near-future period. Moreover, the spatial distribution of these expected changes in solar PV

potential is similar for all the models across Côte d’Ivoire but differs in terms of magnitude.

All models show a clear south–north gradient, with the highest decrease located in the

southern part of Côte d’Ivoire. In some parts of this region, the changes in solar PV potential

reach up to −1% for RegCM and approximately −3% for the other models (Rmean, REMO,

and CCLM) in the near future. The smaller decrease is located in the northern part of

Côte d’Ivoire, with around −0.7% for Rmean and 1.5% for REMO. We can also observe a

negligible decrease in some places in the north with CCLM and RegCM (−0.07%).

Table 3. Average changes in solar PV potential (%) during the near future and the middle future

under the RCP8.5 scenario relative to the historical period (1986–2005) over Côte d’Ivoire.

Rmean RegCM REMO CCLM

Middle-future −2.14 −1.559 −3.456 −1.3647
Near-future −1.2361 −0.5524 −2.162 −1.0461

Concerning the middle future, all the models present similar signs of changes in the

annual mean of solar PV potential to those in the near future, except CCLM, which shows

a slight increase in some areas of the northern part of Côte d’Ivoire (around 0.03%). The

projected changes in solar PV potential vary between −4.17% and −2.14%, −3.40% and

−1.56%, and −4.63% and −1.36% for Rmean, RegCM, REMO, and CCLM, respectively.

From the results, it can be noted that the reduction in solar PV potential will be stronger in

the middle future across the country. Indeed, the average reduction in the annual mean

solar PV potential over the whole Côte d’Ivoire is around −2% for Rmean, −1.6% for

RegCM, −3.5% for REMO, and −1.4% for CCLM in the middle future (Table 3).

As in the near future, the spatial distribution of projected solar PV potential changes

relative to the historical period is characterized by the south–north gradient during the

middle future. In that future period, the southern part of the region is also projected to

experience the most pronounced reduction in solar PV potential with values up to 4%, 3%,

5%, and 4.6% for Rmean, RegCM, REMO, and CCLM, respectively.

Furthermore, analysis of the 25th and 75th percentiles across the RCM ensemble

under RCP8.5 (see Appendix A, Figure A4) reveals that both quartiles remain negative

throughout the study area. This consistency across the interquartile range underscores

robust agreement among the RCMs regarding the projected decline in annual average solar

PV potential.

On the other hand, Figure 9 displays predominantly negative changes in solar PV

potential across all RCMs and their ensemble mean under RCP8.5. The near- and middle-

future periods exhibit median values below zero for all the simulated RCMs. This demon-

strates a projected reduction in solar PV potential over the study area relative to the

reference period. The decline appears more pronounced in the middle future, suggesting a

gradual intensification of the signal toward the late century. Although inter-model vari-

ability is evident, the general agreement among the model outputs regarding the negative

direction change increases confidence in the robustness of the projected decline of annual

mean solar PV potential over Côte d’Ivoire. Moreover, the wider interquartile range in the

middle future indicates increasing uncertainty in long-term projections.
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Figure 8. Annual potential solar photovoltaic power generation change (%) for the near future

(2021–2040) and middle future relative to the historical period (1986–2005) under the RCP-8.5 scenario.

Statistically significant areas are indicated with black dots.
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Figure 9. Box-and-whisker plots of the projection changes in solar PV potential for the RCMs (Rmean,

RegCM, REMO and CCLM) during the near and middle future relative to the historical period

(1986–2005) under the RCP8.5 scenario. The model median is indicated by the center line in the box

plots. The red and blue dots represent the 75th and 25th percentiles, respectively. The black lines

indicate the medians.

The reduction in future solar PV potential over Côte d’Ivoire found in this work

is in line with previous studies that examined the adverse impact of climate change on

solar energy generation over West Africa [27,31,33] and even across the entire African

continent [28,30,32]. They found that solar PV potential is projected to decrease over

West Africa in the future. The magnitude of the decrease varies among researchers; this

difference may be due to the method used to compute the solar cell temperature, the future

period used, and the climate model used. For instance, Sawadogo et al. [31] showed that

the maximum decrease in photovoltaic power generation potential is less than 3.8% over

any country in West Africa under the RCP 8.5 scenario using 14 RCM simulations from the

Coordinated Regional Climate Downscaling Experiment (CORDEX) at 50 km resolution.

With the RegCM CORDEX-CORE, solar PV potential is projected to decrease by up to 2%

over the African continent in the mid-century period under the RCP8.5 scenario, as reported

by Sawadogo et al. [30]. Ndiaye et al. [33] also found that the future solar PV potential

could reduce from ~−2 in the near future to −4% in the far future using CORDEX-CORE

data. In contrast, Danso et al. [27] indicate a larger decline in solar PV potential of up to

12% using CMIP6 models. The general reduction in solar PV potential observed across

Côte d’Ivoire could be attributed to changes in RSDS and TAS induced by accelerating

warming under a business-as-usual scenario, as suggested in previous studies [30,31,33].

These findings underscore the importance of incorporating climate change impacts into

long-term solar PV energy planning.

3.2.2. Changes in Future Mean Annual Cycles of Solar PV Energy Output

Figure 10 presents the mean annual cycle of future solar PV potential changes in the

near and middle future under the RCP8.5 scenario. In both future periods, all models agree

on the seasonal evolution of solar PV potential changes across all climatic zones of Côte

d’Ivoire. However, the magnitude of change varies across months. In general, all models

project weak changes in solar PV potential from December to May over the three climatic

zones for both future periods. The largest solar PV changes are observed from June to

November across the three climatic zones in both future periods.

https://doi.org/10.3390/en19071589

https://doi.org/10.3390/en19071589


Energies 2026, 19, 1589 17 of 26

Figure 10. Relative changes in the mean annual cycle of solar PV potential for the near future

(2021–2040) and the middle future relative to the historical period (1986–2005) under the climate

scenario RCP-8.5 in the three climatic zones of Côte d’Ivoire. The orange dashed indicates no change

relative to the historical period.

In the near future, the reduction in solar PV potential from June to October could reach

about −4.5% for Rmean and RegCM, −10% for REMO, and −6% for CCLM in the southern

part of Côte d’Ivoire. In the central part of Côte d’Ivoire, this decrease is around −3.9% for

the models (Rmean, RegCM, and CCLM) and −8.5% for REMO. In the northern part, the

decrease in the change in solar PV potential is around −2% for Rmean and RegCM, −6%

for REMO, and −4.9% for CCLM.

In the middle future, solar PV potential changes are predominantly negative through-

out the year, with larger decreases during the period from June to November in all climatic

zones. The highest decrease in solar PV potential could reach up to −6%, −4%, −14%, and

−7% in the south of Côte d’Ivoire with Rmean, RegCM, REMO, and CCLM, respectively.

In the central part of Côte d’Ivoire, the decrease could be up to −6%, −4.5%, −12.5%, and

−6.7% with Rmean, RegCM, REMO, and CCLM, respectively. In the northern part of Côte

d’Ivoire, the decrease in solar PV potential is up to −4.2%, −3.5%, −8.6%, and −7% with

Rmean, RegCM, REMO, and CCLM, respectively.

The analysis of Figure 8 reveals that the smaller decrease in future solar PV potential

seems to be in the north of Côte d’Ivoire. The highest decrease is located in the southern

part of Côte d’Ivoire, especially from June to October. Moreover, the annual cycle of future

PV change does not always have negative values throughout the year. Some models project

a slight increase in solar PV potential in the near and middle future. For instance, during

the near-future period, positive changes could be seen in May (up to 1.35% for REMO
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and 0.25% for Rmean) and August (up to 3.5% for CCLM ) in the southern part of Côte

d’Ivoire. During the middle-future period, REMO projects an increase in May (up to 0.85%),

while CCLM projects increases in June and August (up to 2%) in the same climatic zone.

In the central zone, slight increases could be observed in the near future in June (up to

1.75% and 1% for CCLM and RegCM, respectively) and August (up to 2.15% for CCLM).

Furthermore, increases of about 1% and 7% could be projected in June for the models

(Rmean and RegCM), and for CCLM, respectively. In the north of Côte d’Ivoire, increases

are projected from May to July with CCLM during the near future and with RegCM, Rmean,

and CCLM during the middle future.

These results generally agree with the findings of Danso et al. [27]. They pointed

out that solar PV potential production is projected to decrease highly from June to Oc-

tober, with changes of up to about −15% (−7%) and −11% (−5%) during the far future

(near future) in the Guinea area of West Africa under the SSP5-8.5 scenario using CMIP6

climate models.

4. Conclusions

This study quantified how future solar PV potential output in Côte d’Ivoire is likely

to change by the mid-21st century under the RCP8.5 scenario. To achieve this target, this

study utilized three regional climate models from CORDEX-CORE simulation over the

African domain and the ensemble mean of the RCMs, which is widely used for climate

change impact studies in Africa. The projected changes were carried out for the near future

(2021–2040) and the middle future (2041–2060) relative to the baseline period (1986–2005).

We began this study by evaluating the abilities of RCMs and their ensemble mean in

simulating TAS, RSDS, and PVpot over Côte d’Ivoire. The main findings of this study can

be summarized as follows:

➢ Rmean, RegCM, REMO, and CCLM were able to capture the observed annual cycle

and spatial patterns of TAS, RSDS, and PVpot, but with some biases.

➢ The overall solar PV potential is predicted to decline slightly in Côte d’Ivoire during

the mid-21st century due to the impacts of climate change.

➢ In the near future, the annual decrease is, on average −1.24%, −0.55%, −2.16%, and

−1.05% for Rmean, RegCM, REMO, and CCLM, respectively. In the middle future,

Côte d’Ivoire is projected to experience a large decrease in solar PV potential, on

average −2% for Rmean, −1.6% for RegCM, −3.5% for REMO, and −1.4% CCLM. In

addition, for both future periods, this reduction could be more noticeable during the

months from June to October across all climatic zones, with different magnitudes.

➢ It is noted that the southern region of Côte d’Ivoire is the most affected by this decrease

in solar PV potential. In contrast, a slight decrease in solar PV potential is found in

the northern part of Côte d’Ivoire.

Regarding the impact of climate change on the future reliability of solar PV potential in

Côte d’Ivoire, it will be useful to develop robust plans to successfully integrate solar energy

into the power grid (off-grid and grid-connected systems), such as identifying synergies

with other energy sources (example: hydropower, fossil fuels, and biomass) and investing

in energy storage systems in order to increase the flexibility of power systems.

This study provides useful information on the impact of climate change on solar PV

energy production in Côte d’Ivoire. The foundation of this work could help policymakers

and stakeholders build strategies for climate change adaptation and plan large-scale solar

energy projects in Côte d’Ivoire. However, the current projections could be improved

in several ways: (1) Our results are based on a single scenario, the RCP8.5 scenario, the

business-as-usual scenario, to predict future solar PV potential. It is therefore important

to also explore the future outlook of solar PV potential under other climate scenarios
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(i.e., other RCPs or shared socio-economic pathways (SSPs)). (2) Future studies could also

assess the robustness of the projected change in solar energy from CORDEX-CORE over

the study area. (3) Aerosols and clouds are well known to be strong modulators of solar

radiation. Therefore, it may be useful to assess the combined effect of clouds and dust

on solar irradiance in the study area. (4) Future work should incorporate aerosol–climate

interactions and dynamic dust modeling to better constrain PV projections in West Africa.

(5) Several large-scale solar power plants will be located in the northern part of Côte

d’Ivoire in the coming years. Thus, future work may investigate future solar PV potential

by focusing on regions where major solar power plants are located. Nevertheless, the

results of this study provide useful information for sustainable energy planning using PV

technologies in Côte d’Ivoire.
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CDO Climate Data Operators

CM SAF Satellite Application Facility on Climate Monitoring

CMIP5 Climate Model Intercomparison Project Phase 5

CMIP6 Climate Model Intercomparison Project Phase 6

CORDEX Coordinated Regional Climate Downscaling Experiment

CORE Common Regional Experiment

ECMWF European Centre for Medium-Range Weather Forecasts

GCMs General climate models

HadGEM2-ES
Hadley Center Global Environment Model Version 2

Met Office Haley Centre Earth System Model

https://doi.org/10.3390/en19071589

https://esg-dn1.nsc.liu.se/search/cordex/
https://esg-dn1.nsc.liu.se/search/cordex/
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=download
https://cds.climate.copernicus.eu/datasets/reanalysis-era5-single-levels?tab=download
https://wui.cmsaf.eu/safira/action/viewDoiDetails?acronym=SARAH_V002
https://wui.cmsaf.eu/safira/action/viewDoiDetails?acronym=SARAH_V002
https://doi.org/10.3390/en19071589


Energies 2026, 19, 1589 20 of 26

IPCC Intergovernmental Panel on Climate Change

MAE Mean absolute error

MPI-ESM-MR Max Planck Institute for Meteorology Earth System Model

MVIRI Meteosat Visible and InfraRed Imager

NorESM1-M Norwegian Earth System Model

OBS Observation value

PR Performance ratio of solar photovoltaic cells

PV Photovoltaic

PVpot Solar photovoltaic power generation potential

r Pearson correlation coefficient

RCM Regional climate model

RCP Representative Concentration Pathway

RegCM4 Regional climate model version 4

RMSE Root mean square error

RSDS Surface downwelling shortwave radiation

SARAH-2 Surface Solar Radiation Data Set—Heliosat Edition 2

SEVIRI Spinning Enhanced Visible and InfraRed Imager

SSPs Shared socio-economic pathways

STC Standard test conditions

TAS Near-surface air temperature

TCell Solar cell temperature

TSTC Ambient air temperature at standard test conditions

UNFCCC United Nations Framework Convention for Climate Change

W10 Wind speed at 10 m above the ground

WASCAL West African Science Service Center on Climate Change and Adapted Land Use

Appendix A

Figure A1. Bias maps (simulations minus observations) for the climatological mean of annual TAS

for the models RegCM, REMO, CCLM, and Rmean in comparison with ERA5 TAS data during the

period 1986–2005 over Côte d’Ivoire.
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Figure A2. Bias maps (simulations minus observations) for the climatological mean of annual RSDS

for the models RegCM, REMO, CCLM, and Rmean in comparison with SARAH-2.1 data during the

period 1986–2005 over Côte d’Ivoire.

Figure A3. Bias maps (simulations minus observations) of the annual mean of solar PV power

potential (PVpot) during the present climate (1986–2005) of the models RegCM, REMO, CCLM, and

their ensemble mean (Rmean).
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Figure A4. Spatial distribution of the 25th and 75th percentile projected change in solar PV potential

(%) for the near- and middle-future period relative to the historical period 1986–2005, derived from

the RCMs (RegCM, REMO, and CCLM.
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