
MODELING OF THE SOLAR RADIATION OUTPUT IN THE 

DEMOCRATIC REPUBLIC OF CONGO 

By 

Lusamba Yangindu Dieudonné 

Submitted 

to 

The University Of South Africa 

College Of Science, Engineering And Technology 

School Of Engineering 

Department Of Electrical Engineering And Smart Systems 

A dissertation submitted in partial  fulfillment of the requirement for the degree of 

Master of Engineering  at       the University of South Africa 

Master of Engineering in Electrical Engineering 

Supervisor: Professor Mbuyu Sumbwanyambe 

Johannesbourg, South Africa 

April  2026



MODELING OF SOLAR RADIATION OUTPUT   

IN THE DEMOCRATIC REPUBLIC OF CONGO 



i 

Abstract 

The Democratic Republic of Congo  is not only a geological contrast but also an energy 

contrast, as it possesses a great hydroelectric potential capable of satisfying its own needs and 

those of many African countries. However, according to the most optimistic studies, the 

electrification rate in the Democratic Republic of Congo is less than 19%. Photovoltaic solar 

energy therefore represents a viable solution to help meet national energy needs. Accurate 

knowledge of solar irradiance is essential for proper sizing and optimization of photovoltaic 

systems. 

This study aims to establish general statistical models to predict solar irradiance 

(kWh/m²/day) as a function of sunshine duration (h/day) for any province of the Democratic 

Republic of Congo. Global solar irradiance data were obtained from RETScreen through the 

Renewable Energy Atlas of the DRC, while sunshine duration data were collected from the 

European Centre for Medium-Range Weather Forecasts. Five models (linear, quadratic, cubic, 

logarithmic, and exponential) were developed using the least squares method and validated 

using normalized statistical errors (NMAE, NMBE, NRMSE), the Nash–Sutcliffe efficiency 

criterion (NS), and the coefficient of determination (R²). 

Two scenarios were analyzed: scenario 1: excluding the provinces of Nord and Sud 

Kivu, and scenario 2: including these provinces. 

By excluding these provinces, the quadratic and cubic models explained 88% and 93% 

of the relationship between annual average sunshine duration and solar irradiance, respectively. 

Including them reduced performance, with R² ≈ 0.70, indicating that additional climatic 

variables may be required. A national sunshine duration heat map identifying four main 

exposure zones was also produced, supporting photovoltaic planning across the Democratic 

Republic of Congo. 
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CHAPTER 1: GENERAL INTRODUCTION 

1.1 Background  

In the Democratic Republic of Congo (DRC), the energy needs are predominantly 

derived from the hydropower through the Congo river. This generation constitutes 

approximately 85% of the total energy consumption. Note that in this other forms of energy 

though being generated are not as consumed as hydro power.  Against all the other forms of 

energy generation, that is Biomass, solar, wind and the rest,   hydro Electricity  accounts for 

only 15% of the overall energy mix, with a 19.1% share in urban areas and a mere 1% in rural 

areas [1]. This disparity highlights the significant energy access gap between urban and rural 

populations. The country primary electricity provider, which is the  “Société Nationale 

d’Electricité” (SNEL), is responsible for 93% of the total electricity  and energy supply within 

the DRC. Most of this electricity is generated from hydropower, mainly sourced from the Congo 

River and other rivers across the country. Despite the substantial hydropower potential, the 

electricity access rate remains critically low, particularly in remote areas where grid extension 

is challenging. 

With an annual population growth rate of 3.2% [2], the demand for energy is anticipated 

to increase proportionally, placing even greater pressure on the already fragile energy 

infrastructure. The country’s hydroelectric generation, transmission, and distribution networks 

are severely strained, and without major investments in modernization, the situation is unlikely 

to improve. In rural regions, where grid expansion is unfeasible in the short term, communities 

often rely on biomass-based energy sources, particularly firewood and charcoal. However, the 

overexploitation of biomass contributes to deforestation, soil degradation, and increased 

greenhouse gas emissions, further exacerbating environmental challenges in the DRC. 

Considering that only 15% of the energy demand is currently met by electricity, it is 

highly improbable that SNEL will be able to bridge this gap within the next 5 to 10 years. The 

financial resources required for large-scale infrastructure expansion far exceed the capabilities 

of both SNEL and the Congolese government. Therefore,   alternative Renewable Energy 

Technologies (RETs) that do not depend on traditional grid connections must be explored. 

One promising approach is the development of micro-hydropower stations, which could 

harness the vast but underutilized hydroelectric potential available in the DRC. However, given 
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the country’s vast geographical size of 2,345,410 km², a significant portion of the population 

remains unconnected to the existing grid. For these isolated regions, solar energy emerges as a 

viable alternative, offering decentralized, clean, and sustainable power solutions that could help 

alleviate the ongoing energy crisis. 

 

1.2 Definitions of Key Solar Terms 

To ensure clarity and consistency in the analysis and discussion of solar resources across 

the DRC, the following definitions are adopted throughout this study. These definitions cover 

the key solar parameters relevant for solar energy assessment, physical analysis, and 

photovoltaic system planning. These definition are summarized in Table 1.1.  

Table 1.1: Key Definitions of Key Solar Terms 

Term Definition Unit / Notes 

Solar Radiation 

Total energy emitted by the Sun across the full 

electromagnetic spectrum, reaching the top of the 

atmosphere or the Earth’s surface. 

W/m² 

Solar Irradiance (SI) 

Instantaneous solar power per unit area on a surface 

perpendicular to Sun rays; measures the intensity of 

solar radiation at a specific moment. 

W/m² 

Solar Irradiation (Solar 

Energy) 

Total solar energy received per unit area over a time 

period; the temporal integration of irradiance, 

indicating solar resource availability. 

kWh/m², MJ/m² 

Direct (Beam) 

Radiation 

Portion of solar irradiance traveling straight from the 

Sun to the surface without atmospheric scattering. 
W/m² 

Diffuse Radiation 
Solar irradiance scattered by molecules, aerosols, or 

clouds, arriving at the surface from all directions. 
W/m² 
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Term Definition Unit / Notes 

Global Horizontal 

Irradiance (GHI) 

Total irradiance on a horizontal surface, combining 

direct and diffuse components; key for PV system 

design. 

W/m² 

Sunshine Duration 

(SD) 

Number of hours when direct irradiance exceeds a 

threshold (typically 120 W/m²), providing a practical 

measure of solar availability. 

hours/day 

Albedo (Surface 

Reflectivity) 

Fraction of incoming solar radiation reflected by a 

surface, affecting net radiation at ground level. 

Dimensionless 

(0–1) 

Atmospheric Opacity / 

Transmissivity 

Opacity: fraction of solar radiation absorbed or 

scattered by the atmosphere. Transmissivity: fraction 

reaching the ground. 

Dimensionless 

(0–1) 

Photovoltaic (PV) 

Yield 

Electrical energy generated per unit of incident solar 

irradiation on PV panels; essential for solar resource 

assessment. 

kWh/kWp 

1.3 Problem statement 

Photovoltaic solar energy presents a promising solution to address the persistent 

electrification deficit in many households across the DRC. However, designing and optimizing 

photovoltaic systems requires accurate solar radiation data, which is not readily available for 

all locations. As a result, there is a critical need for reliable models to estimate solar radiation 

based on accessible data. Currently, no model exists that can simulate solar radiation for any 

province of the DRC with sufficient accuracy. 

A central research question of this study is whether daily sunshine duration can 

effectively predict solar radiation across all DRC provinces. Existing literature on solar 

radiation for the country is limited and generally provides only broad mappings of sunshine, 

offering basic indications of solar potential across provinces. There is a clear gap in models that 

simulate solar radiation at specific sites using average annual or monthly sunshine duration 

data. 
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This study seeks to address this gap by developing statistical models capable of 

predicting the yearly mean of global solar radiation on a horizontal plane for any province in 

the DRC. In addition, it aims to create a map of yearly mean sunshine duration and analyze its 

spatial variation across the country. Understanding this mapping provides a foundation for 

interpreting daily sunshine characteristics and guides further investigation into the factors that 

influence solar radiation variability. 

By tackling these challenges, the study offers a practical approach to support solar 

energy planning and the deployment of photovoltaic systems, particularly in regions where 

ground-based solar measurements are scarce or nonexistent. 

 

1.4  Research  gap 

Previous studies have developed linear and nonlinear models to estimate global solar 

radiation from sunshine duration, including the Angstrom–Prescott model [3, 4], the quadratic 

model of Ögelman [5], and the exponential model of El-Metwally [6]. These models have been 

widely applied in several African countries such as Algeria [7, 8, 9], Nigeria [10], Chad [11], 

and Cameroon [12]. 

However, most of these models are developed for specific climatic zones and rely on 

locally calibrated coefficients. Their direct application to the  DRC remains questionable due 

to its vast geographical extent, equatorial positioning, and heterogeneous climatic conditions 

[13, 14, 15]. 

Although the 2014 Renewable Energy Atlas of the DRC provides a spatial description 

of solar potential [13], no generalized statistical model has been developed to establish a 

national relationship between sunshine duration and global solar radiation across all provinces. 

This gap justifies the present study. 

 

1.5 Objectives of study 

The main objective of this study is to improve the design and sizing of solar photovoltaic 

(PV) systems in the DRC by establishing a reliable statistical relationship between global solar 

irradiation (GSI) and daily sunshine duration (SD) for all provinces. Accurate estimation of 
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solar irradiation is essential due to the country’s vast geographical extent and heterogeneous 

climatic conditions, providing a practical and cost-effective approach to solar resource 

assessment, especially in remote and underserved areas [13, 14]. 

The specific objectives are as follows: 

i. Predict global solar irradiation across the DRC using provincial daily sunshine duration 

data. 

ii. Analyze correlations between daily sunshine duration and key meteorological variables, 

including humidity, rainfall, maximum temperature, and minimum temperature, to 

identify factors significantly influencing solar irradiation. 

iii. Develop a national map of annual mean sunshine duration, which will serve as a 

reference for solar resource distribution and as a tool to guide future research and 

planning for PV system deployment. 

iv. Validate statistical models using normalized errors (NMAE, NMBE, NRMSE), Nash–

Sutcliffe efficiency (NS), and the coefficient of determination (R² ≥ 0.7) [16] to ensure 

predictive accuracy and applicability across all provinces. 

By achieving these objectives, the study will provide both theoretical insights into solar 

irradiation variability in the DRC and practical guidance for engineers, policymakers, and 

researchers in designing, optimizing, and deploying photovoltaic energy systems nationwide. 

 

1.6 Methodology 

This study adopts a quantitative approach aimed at establishing statistical relationships 

between the annual mean SD (independent variable) and the annual mean GSI (dependent 

variable) for each province of the DRC [17]. 

SD data (1999–2019) are sourced from the European Centre for Medium-Range 

Weather Forecasts (ECMWF) [14], while SI data are obtained from the RETScreen database 

[13]. These reliable secondary sources cover the entire territory of the eleven former provinces, 

ensuring comprehensive representation of the different climatic zones. 
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Given the scarcity of direct solar irradiation measurements, SD is used as a proxy 

variable to estimate irradiation levels. The raw data undergo pre-processing to ensure accuracy 

and consistency, including handling missing values, detecting outliers, and normalization where 

necessary. 

At the provincial level, the weighted mean SD (𝑆̅) is calculated by considering 

administrative subdivisions (districts, territories, cities) to accurately reflect territorial 

variability [18, 19, 20]. The calculation follows the formula: 

 
𝑆̅ =

∑ 𝐴𝑖𝑆𝑖

∑ 𝐴𝑖
 

(1.1) 

where 𝐴𝑖 represents the area of the subdivision and 𝑆𝑖 its annual mean SD. 

For statistical analysis, MATLAB is used to develop five models: linear, quadratic, 

cubic, logarithmic, and exponential. Local coefficients are determined by comparing the 

relationships obtained with models available in the literature. Model performance is evaluated 

using the coefficient of determination (𝑅2 ≥ 0.7), along with normalized error metrics: NMAE, 

NMBE, NRMSE, and the Nash–Sutcliffe efficiency (NS) [21, 22]. 

Two scenarios are considered: 

 Sceanrio 1: Excluding the Grand Kivu provinces to avoid biases due to 

particular climatic conditions. 

 Sceanrio 2: Including all provinces to assess the effect of regional variations 

on model performance. 

Figure 1.1. Workflow of the proposed methodology used to estimate global solar 

radiation from sunshine duration across the provinces of the DRC. 
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Figure 1.1: Workflow of the proposed methodology 

The overall methodological framework adopted in this research is summarized in Figure 

1.1. describes the sequential process from data acquisition and preprocessing to statistical 

modelling, validation, and application for photovoltaic energy planning. 

 

1.7 Approach, Hypotheses, and Significance 

1.7.1 Approach 

This study establishes a statistical relationship between the annual mean daily sunshine 

duration (𝑆̅) and the annual mean global solar irradiation (𝐻̅) on a horizontal surface for all 

provinces of the DRC. The approach accounts for regional variations to ensure precise estimates 

across the entire territory. 

 

1.7.2 Testable hypothesis: 

Main Hypothesis (Solar Irradiation): Daily SD is the primary factor influencing the GSI 

incident on a horizontal surface. Other meteorological factors (humidity, temperature, cloud 

cover) are considered secondary [21, 23]. 

 

1.7.3 Significance of the study 

This study offers a dual significance, encompassing both theoretical and practical 

dimensions. From a theoretical perspective, it provides robust statistical models to understand 

Scenario 

Analysis 

Scenario 1 : 

Excluding Nord 

and Sud Kivu 

Scenario 2 : 

Including  Nord 

and SudKivu 
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the spatial and temporal variability of SI in the DRC. These models compensate for the lack of 

direct measurements and enrich the literature on solar resource assessment [13, 14, 23]. 

On a practical level, this study enables photovoltaic system designers to simulate annual 

SI for any province, improving the sizing and optimization of installations. The models also 

support energy planning and policymaking for the deployment of renewable energy in remote 

areas. 

The combination of a rigorous statistical modeling, validation through normalized 

indicators, and regional analysis ensures that the results are reliable, applicable, and 

scientifically sound for solar energy assessment and planning in the DRC. 

1.8 Positioning of the Present Work  with respect to Prior Publications 

This dissertation builds upon preliminary work presented in IEEE PowerAfrica 

Conference (PAC 2024). While those publications introduced initial findings on SD–GSI 

relationships, and some spatial and climatic factors influencing SD in the DRC, they were 

limited in scope and geographical coverage. This study advance prior works by explicitly 

integrating spatial heterogeneity into the modeling framework, resolving the apparent paradox 

of Sud Kivu, where high SD coincides with comparatively low global solar irradiation, and by 

demonstrating how the resulting models inform PV system planning and energy deployment 

strategies across the 11 former provinces of the DRC. 

These results call into question the validity of uniforme SD-GSI parameterizations at 

the national scale and highlight the nevessity of spatially adaptive modelling frameworks for 

reliable solar energy planning in tropical regions. As such, this dissertation should be regarded 

as the complete and consolidated version of the research, offering a deeper and more rigorous 

scientific contribution. 

 

1.9 Structure of the study 

This dissertation is organized into six chapters, following a logical and coherent 

progression from contextual analysis to statistical modeling and validation, in accordance with 

the research objectives. 
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Chapter 1 introduces the general background of solar energy assessment in the DRC. It 

presents the research problem, identifies the existing research gap, formulates the study 

objectives, and outlines the methodological approach. This chapter establishes the theoretical 

and scientific framework of the study and clearly defines the hypothesis guiding the research. 

 

Chapter 2 reviews the relevant literature on the estimation of global solar radiation from 

sunshine duration. It presents classical empirical models, including linear and nonlinear 

formulations, and discusses their applicability in different climatic contexts. This review 

provides the theoretical foundation for the statistical modeling developed later in the study. 

 

Chapter 3: Spatial Characterization of Sunshine Duration and Solar Potential in the DRC 

This chapter describes the spatial distribution of annual mean sunshine duration and solar 

potential across the national territory. It provides a geographical overview of solar resource 

availability and establishes the spatial context necessary for statistical modeling. The analysis 

highlights regional contrasts and identifies the main patterns of solar potential across provinces. 

 

Chapter 4: Spatial and Climatic variables influencing Sunshine Duration in the 

Democratic Republic of Congo 

This chapter examines the main spatial and climatic factors affecting SD across the DRC, 

focusing on Longitude, Maximum and Minimum temperatures, relative humidity, and rainfall. 

Correlation coefficients were established between each of these factors and the annual SD, 

providing a quantitative assessment of how they influence solar exposure in each province. 

These results form a critical foundation for developing reliable solar irradiation models in the 

following chapters.   

 

Chapter 5: Statistical Modeling and Validation of the SD–SR Relationship 

This chapter constitutes the scientific core of the dissertation. It presents the statistical models 

developed to establish the relationship between SD and GSI. Linear and nonlinear formulations 

are introduced, and the least squares method is applied to determine model coefficients. The 

performance of the models is evaluated using statistical indicators such as the coefficient of 

determination (R²), MAE, MBE, RMSE, and Nash–Sutcliffe efficiency. Two modeling 

scenarios are analyzed to assess the robustness of the results. The chapter emphasizes 

methodological rigor, and concision, focusing on model performance and validation. 
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Chapter 6: General Conclusion and Perspectives 

This final chapter synthesizes the main findings of the study and provides a response to the 

research problem and objectives. It discusses the scientific and practical contributions of the 

established models, identifies the limitations of the study, and outlines perspectives for future 

research in solar resource assessment and photovoltaic system optimization in the DRC. 

 

1.10  Summary 

The chapter 1 establishes the scope of the research by clearly defining its context and 

specifying the research problem. In view of the critical energy challenges in the DRC, where 

biomass dominates energy consumption and electricity access remains severely limited, 

particularly in rural areas, the study addresses this issue through the exploration of Renewable 

Energy Technologies (RET), with particular emphasis on photovoltaic solar energy. 

Beyond the general energy context, this chapter identifies the scientific gap related to 

the limited availability of reliable solar resource assessment models adapted to the DRC. It 

therefore formulates precise research objectives aimed at establishing a statistical relationship 

between annual mean SD and annual mean GSI. This ensures that the research remains focused, 

coherent, and scientifically grounded. 

The chapter also presents the working hypothesis and provides a detailed description of 

the methodological approach adopted in the study. It explains the tools used to collect, 

preprocess, and analyze data, as well as the statistical framework guiding the modeling process. 

This rigorous methodological foundation ensures the development of credible and validated 

solar irradiation models. 

Finally, this chapter outlines the overall structure of the dissertation, ensuring a logical 

progression from contextual analysis to spatial assessment and statistical modeling. Each 

subsequent chapter builds upon this foundation and gradually leads to the establishment and 

validation of models for estimating annual mean global solar irradiation incident on a horizontal 

surface across the provinces of the DRC. 
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CHAPTER 2:  LITERATURE REVIEW  

2.1 Introduction 

This chapter presents a critical review of the principal models used to estimate GSI, with 

particular emphasis on regression approaches based on SD. Rather than merely presenting 

general solar energy concepts, this chapter examines the theoretical foundations, 

methodological assumptions, statistical structures, and practical limitations of existing models. 

The objective is to evaluate their scientific robustness and their applicability to the climatic and 

geographical conditions of the DRC. 

The review is structured in three complementary parts: 

(i) the theoretical foundations related to solar geometry and extraterrestrial radiation, 

(ii) regression models developed for estimating GSI on horizontal surfaces from SD data, 

and 

(iii)a brief review of models used to estimate SI on inclined surfaces for photovoltaic 

applications.. 

Beyond a descriptive synthesis of previous works, this chapter seeks to identify 

methodological inconsistencies, geographical limitations, and gaps in spatial calibration. 

Particular attention is given to the transferability of regression coefficients across climatic 

zones. This analytical perspective is essential in order to justify the development of location-

specific statistical models adapted to the spatial heterogeneity of the DRC. 

 

2.2 Regression Models for Global Solar Irradiation on Horizontal Surfaces 

 

2.2.1 Classification of solar radiation models 

According to references [7, 13], solar radiation models can be systematically classified 

into three main categories: time-series and regression models, artificial intelligence models, and 

physically derived radiative transfer models, each reflecting different levels of complexity and 

data requirements. 

Regression models constitute the methodological core of this study due to their  

simplicity, interpretability and Moderate data requirements.  
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Artificial intelligence models may offer high predictive performance but require large, 

high-quality datasets and advanced computational infrastructure [24, 25]. Physically derived 

models require detailed atmospheric inputs rarely available at national scale in developing 

countries. 

However, regression models are inherently location-dependent, and their coefficients 

must be calibrated locally [26, 27]. 

 

2.2.2 Sunshine duration–based models 

Numerous empirical and semi-empirical models have been developed to estimate global 

or diffuse SI on a horizontal surface using meteorological variables such as cloud cover, 

temperature, precipitation, relative humidity, and sunshine duration, or combinations of these 

parameters. Among these variables, SD has historically received particular attention due to its 

strong correlation with surface solar radiation and the relative availability of long-term sunshine 

records in many meteorological stations. 

This section focus exclusively on models that describe GSI as a function of SD. This 

focus is motivated by practical and methodological considerations: in regions such as the DRC, 

long-term radiometric measurements remain scarce, whereas SD data are more widely available 

and sufficiently reliable. Hence, SD–based models constitute a parsimonious yet operationally 

robust framework for estimating GSI in data-limited environments 

From a physical standpoint, variables such as cloud cover, relative humidity, and 

precipitation are known to directly affect the SD recorded at a given location [1, 13, 21]. 

Therefore, daily SD can be interpreted as an integrated indicator of atmospheric transmissivity. 

Several empirical studies confirm strong correlations between SD and GSI [28, 29, 30]    

justifying its use in empirical models. 

However, the family of SD-SI empirical models presented in Equation (2.5)-(2.9) 

constitutes a progressive refinement of the functional relationship between SD and GSI on a 

horizontal surface [31, 32]. Beyond their mathematical formulation, each model embeds specifc 

physical assumptions that directly affect their suitability for PV system design and energy yield 

estimation [33]. 
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2.3.2.1. The Angström–Prescott formulation 

One of the earliest and most widely used models is the Angström equation [3], which 

expresses global solar radiation as a fraction of extraterrestrial radiation, modulated by the ratio 

of actual to maximum possible sunshine hours: 

 
𝐻̅

𝐻̅𝐶

= 𝑘 + (1 − 𝑘)
𝑆̅

𝑆0̅

       (2.1) 

In equation (2.1), the coefficient k is approximately 0.25, and the variables are defined as: 

 H : average global solar radiation on a horizontal surface 

 Hc : average solar radiation under clear-sky conditions 

 n : measured daily sunshine duration 

 N :  maximum possible sunshine duration (astronomical day length) 

2.3.2.2. Clearness index and modifications 

The ratio between measured global radiation and extraterrestrial radiation, called the 

clearness index, quantifies the atmospheric transmissivity. Prescott [4] introduced a modified 

Angström model incorporating empirical coefficients a and b to improve adaptability to local 

climatic conditions: 

 

 
𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

    (2.2) 

Here, a reflects baseline atmospheric transparency, while b describes the sensitivity of 

global radiation to SD. These coefficients vary across regions, a ranges from 0.06 to 0.44, b 

from 0.19 to 0.87 [34], highlighting the need for site-specific calibration, especially in tropical 

and equatorial climates [35]. This model represents a first-order linear transfer function between 

normalized SD and normalized GSI [31].  

The linear formulation provide first-order estimate of available solar energy, suitable 

for pre-feasibility studies and large-scale solar maping [33], it enables rapid estimation of 

annual PV yield (kWh/kWp) in data-scarce regions such as the DRC. However, this linear 

formulation may underestimate peak irradiance conditions, leading to potential bias in inverter 

sizing and storage planning [36].  
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2.3.2.3. Latitudinal corrections 

Glover and McCulloch [37],  proposed a latitude-dependent modification, multiplying 

a by cosφ: 

 

 
𝐻̅

𝐻̅0

= 𝑎 cos 𝜑 + 𝑏
𝑆̅

𝑆0̅

 (2.3) 

This introduces a geometrical correction reflecting solar declination effects, although 

for a fixed site, the term becomes constant, reducing the model to a form similar to Prescott: 

 

 𝑎 cos 𝜑 = 𝑎̂ (2.4) 

   

 Then, the model expressed in Eg.( 2.2) is reduced to a form similar to Prescott as in Eq. 

(2.5) : 

 
𝐻̅

𝐻̅0

= 𝑎̂ + 𝑏
𝑆̅

𝑆0̅

 (2.5) 

Such refinements improve global applicability but do not resolve regional coefficient 

variability. 

 

2.3.2.4. Higher-order and nonlinear extensions 

To capture potential nonlinearities, several extensions have been proposed such as: 

1. Quadratic term by Ögelman [5] [10] 

 
𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

  (2.6) 

The introduction of a quadratic term accounts for non-linear atmospheric effects, 

particulary the interaction between cloud cover variability and radiation transmission [32]. It 
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reflets the fact that increases in SD do not translate linearly into irradiation gains, especially 

under partially cloudy conditions.  

 The Equation (2.6) improves estimation of mid-range irradiance regimes, which are 

critical for daily PV production profiles. In addition, this Equation enhances accuracy in battery 

storage sizing, where errors in intermediate irradiance levels can accumulate significantly. 

Finally, this model is particularly relevant for tropical climates such as the RDC where 

interaction between high atmospheric humidity, persistent cloud cover,and strong convective 

activity induces non-linear responses in SI.  

2. Cubic term by  Bahel et al. [38] : 

 

 
𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

+ 𝑑 (
𝑆̅

𝑆0̅

)

3

  (2.7) 

The cubic model captures higher-order atmospheric variability, including complex 

interactions between cloud thickness, humidity, and solar attenuation. It allows the model to 

adapt to extreme conditions (very low or very high SD ratios).  

This formulation provides high-fidelity estimation of solar resource, essential for 

bankable PV projects, reduces uncertainty in long-term energy yield predictions. It is 

particularly useful for regions with strong climatic gradients, as observed across the DRC (See 

Chapter 3 and 4). 

3. Exponetial models – Almorox and Hontoria [25], El-Metwally [39] (2.8–2.9): 

 
𝐻̅

𝐻̅0

= 𝑎 + 𝑏𝑒
(

𝑆̅
𝑆̅0

)
  (2.8) 

 

Or the altenative form : 

 

 
𝐻̅

𝐻̅0

= 𝑎𝑒(1 𝑆̅ 𝑆̅0⁄⁄ )  (2.9) 
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This formulation introduces an exponential response, reflecting threshold behvior in 

atmopspheric transmissivity. Once a certain level of SD is reached, irradiation increaqes more 

rapidly due to reduced cloud persistence and improved atmospheric clarity. 

The model captures rapid increases in irradiance during  clear-sky transitions, critical 

for peak power estimation; it supports better sizing of inverters and protection systems, which 

must handle short-duration high-power events, also, this formulation is relevant for operational 

forecasting and grid integration studies. 

 

4. Logaritkmic model [40] 

 

 𝐻̅

𝐻̅0

= 𝑎 + 𝑏𝑙𝑜𝑔 (
𝑆̅

𝑆0̅

) 
(2.10) 

The logarithmic formulation reflects a diminishing return effect, where increases in SD 

yield progressively smaller gains in irradiation. This behavior is consistent with saturation 

effects in atmospheric transmissivity, especially in humid tropical environments. 

The logarithmic model is particularly suitable for cloudy and humid regions, where 

additional SD do not proportionally increase energy yield. It helps avoid overestimation of PV 

production, improving reliability of energie yield forecasts. However, this relationship is 

critical for mini-grid design in rural electrification, where overestimation can lead to undersized 

storage systems reliability issues. 

 

2.3.2.5. Critical synthesis: comparative overview 

Collectively  

The table  (2.1) summarizes the key characteristics, advantages, and limitations of the 

main SD–based models.  This synthesis follows the rigorous standards of critical reviews, 

enabling a clear understanding of methodological choices and their direct implications for the 

SD-GSI analysis. 
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Table 2.1: Key characteristics of the main SD based models 

Model Form 
Key 

Coefficients 
Advantages Limitations 

Recommended 

Application 

Angström 

Linear:  

𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

    
a, b 

Simple, widely used, 

requires minimal data 

Ignores nonlinearity, 

site-specific calibration 

needed 

Regional variability, 

tropical climates 

require calibration 

Data-scarce 

environments, first-order 

estimate 

Low-latitude and mid-

latitude sites 

Prescott 

Linear:  

𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

    
a, b 

Improved regional fit, 

widely validated 

Quadratic 

(Ögelman) 

𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

 a, b, c 

Captures 

nonlinearities, 

improved R² 

Overfitting risk, less 

physical 

interpretability 

Tropical regions with 

convective cloud patterns 

Cubic (Bahel 

et al.) 

𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

+ 𝑑 (
𝑆̅

𝑆0̅

)

3

 

a, b, c, d 
Captures higher-order 

effects 

Requires larger 

datasets, may overfit 

Tropical/subtropical 

zones with high 

variability 

Logarithmic 
𝐻̅

𝐻̅0

= 𝑎 + 𝑏𝑙𝑜𝑔 (
𝑆̅

𝑆0̅

) a, b 
Good for low n/N, 

smooth response 

Nonlinear regression 

complexity, less 

intuitive 

Hourly estimation, 

heterogeneous climates 

Exponential 

𝐻̅

𝐻̅0
= 𝑎 + 𝑏𝑒

(
𝑆̅

𝑆̅0
)
             or                                      

𝐻̅

𝐻̅0
= 𝑎𝑒(1 𝑆̅ 𝑆0̅⁄⁄ ) 

a, b 

Captures rapid 

increases at high 

sunshine duration 

Sensitive to outliers, 

may overpredict 

High sunshine-duration 

regions, tropical DRC 

 Overall, the literature summarized in Table 2.1 shows that SD-based models remain 

widely used for estimating global solar radiation, with numerous functional forms proposed to 

improve model flexibility under different climatic conditions. 

2.3.2.6. Implications for SD–GSI modelling 

These considerations support the assumption that SD implicitly integrates the combined 

atmospheric effects influencing GSI. The critical review demonstrates that: 

i. Linear models (Angström, Prescott) remain robust for first-order, site-specific 

estimates. 

ii. Higher-order or nonlinear models can improve statistical fit but require careful 

calibration to avoid overfitting. 

iii. Regional and tropical calibration is essential due to convective clouds, high humidity, 

and rapid variability in [41] sunshine hours. 
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In the present study, this analysis informs the selection of regression structures for the 

DRC, guiding the SD–GSI modelling that will underpin the spatial characterization of SD and 

solar potential in Chapter 3. Higher-order models may  improve statistical fit (R²) but may 

increase risk of overfitting and reduce physical interpretability, particularly in heterogeneous 

tropical climates [42]. 

 

2.3 Estimation of Solar Irradiation on an Inclined Plane 

Extensive scientific literature has addressed the estimation of solar irradiation on 

inclined surfaces, including isotropic sky models [43] and anisotropic approaches such as the 

Perez Punctual Source (PPS) [44, 45, 46, 47]and Perez All-Weather (PAW) models. These 

models, while indispensable for system-level PV and solar thermal design, involve complex 

corrections for surface orientation, tilt angle, circumsolar and horizon brightening, and local 

albedo effects. Their application at national or regional scales is constrained by the scarcity of 

precise local parameters and by the amplified uncertainties inherent to inclined-plane modeling. 

In practice, the total irradiation incident on a tilted surface comprises three components: 

direct beam radiation, sky-diffuse radiation, and ground-reflected radiation. Diffuse radiation 

modeling ranges from simplified isotropic assumptions to advanced anisotropic formulations 

(PPS/PAW) [43] [48], which improve realism but primarily impact surface-specific system 

optimization rather than large-scale solar resource assessment. 

For climate-scale solar potential estimation, the critical challenge remains the reliable 

quantification of GSI on horizontal surfaces. Horizontal irradiation represents the foundational 

metric for national and regional solar mapping, estimation of photovoltaic energy yield, and 

integration with SD metrics to capture atmospheric clarity and seasonal variability. 

The integrated SI–SD approach adopted in this study leverages this horizontal reference. 

While SI quantifies the energy magnitude, SD provides a temporal and atmospheric 

complement, reflecting cloud persistence, sky clarity, and effective solar exposure duration [26, 

27]. This synergy is pivotal for accurate daily and monthly PV yield predictions, capturing 

intra-annual variability critical for storage sizing and grid integration, and providing a robust, 

physically consistent basis for subsequent horizontal irradiance modeling in Chapter 5. 
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In summary, while inclined-plane models remain scientifically relevant for localized PV 

system design, the horizontal-surface framework offers a methodologically coherent and 

operationally reliable foundation for large-scale solar resource modeling. By explicitly linking 

SI to SD, this framework ensures that PV yield assessments are both physically grounded and 

statistically robust, aligning with the primary objective of the study: establishing predictive 

models of GSI on horizontal surfaces.. 

 

2.4 Critical Synthesis and Identified Research Gap 

This review of SD–based models underscores several fundamental insights relevant to 

SI modelling in tropical regions such as the DRC: 

i. The Angström–Prescott framework remains the most widely adopted approach for 

estimating GSI from SD, providing a robust first-order approximation that balances 

simplicity and operational applicability. 

ii. Empirical coefficients (a, b, c, d) exhibit significant spatial and climatic variability, 

reflecting local atmospheric conditions, cloud dynamics, and latitudinal influences; 

consequently, site-specific calibration is essential to achieve reliable estimates. 

iii. Higher-order extensions (quadratic, cubic, logarithmic, exponential) can improve 

statistical performance metrics such as R², but may compromise physical interpretability 

and transferability, particularly under the highly variable convective cloud regimes of 

equatorial climates. 

iv. Most empirical validations of these models have been conducted at single stations or 

over limited regional scales, limiting their generalizability across broad and 

heterogeneous climatic zones. 

Despite the extensive development and refinement of regression models, several critical 

gaps remain, particularly in the context of the DRC: 

 There is a lack of spatially consistent calibration of Angström–Prescott and higher-order 

models across all DRC provinces, which is crucial given the country’s wide latitudinal 

and longitudinal span. 

 The statistical stability of annual mean SD and its impact on SD–GSI regression 

coefficients has received limited evaluation. 
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 Comparative analyses of multiple regression scenarios within a unified national 

framework remain largely absent. 

 Insufficient attention has been given to spatial variability and heterogeneity, which are 

particularly pronounced in large equatorial countries with diverse topography and 

microclimates 

Given the geographical extent, equatorial positioning, and complex climatic variability 

of the DRC, the direct adoption of regression coefficients derived from other regions is 

scientifically questionable. Coefficients calibrated in mid-latitude or arid regions may not 

adequately capture the combined effects of high humidity, rapid convective cloud formation, 

and frequent daily fluctuations in SD characteristic of tropical DRC. 

These considerations justify the development of a spatially calibrated and statistically 

validated SD–GSI modelling framework, explicitly accounting for provincial differentiation, 

local atmospheric conditions, and methodological robustness. Such a framework not only 

addresses existing empirical gaps but also provides a critical foundation for the spatial 

characterization of solar potential presented in Chapter 3, ensuring that derived models are both 

physically meaningful and operationally reliable across the heterogeneous landscapes of the 

DRC. 
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CHAPTER 3: SPATIAL CHARACTERIZATION OF 

SUNSHINE DURATION AND SOLAR POTENTIAL IN 

THE DRC 

  This chapter focuses on the spatial characterization of SD and solar potential in the 

DRC. Due to the vast size of the country, which spans nearly eight degrees of latitude across 

the Equator and over 19 degrees of longitude, solar potential and SD are unevenly distributed 

across its territory. Understanding the spatial variability of SD is essential for accurately 

assessing the solar energy potential and identifying regions suitable for PV energy deployment. 

After a brief overview of the country’s physical geography, the chapter presents the 

distribution of SD across provinces, highlighting areas with low, medium, high, and very high 

solar potential. This information is then combined with energy demand data to evaluate the 

feasibility of solar energy solutions in different provinces. This chapter is designed to serve as 

a conceptual and analytical bridge to Chapter 4, which provides a detailed examination of the 

observed SD data in order to identify the dominant spatial and climatic drivers governing its 

variability, and to identify the spatial and climatic factors that indirectly control the total solar 

irradiation received on a horizontal surface. The insights derived from this analysis constitute 

the foundational basis for the development and calibration of the SD–SI models presented in 

Chapter 5 for the DRC [49, 50, 51, 52]. 

 

3.1 General Information 

3.1.1 Physical geography 

The DRC is located in Central Africa, within the inter-tropical zone (5°N–13°S latitude, 

12°E–31°E longitude) [15]. Covering an area of 2,345,410 km², it is the second-largest country 

in Africa after Algeria [13]. Straddling the Equator, the DRC occupies a central position 

between Central Atlantic Africa, East Africa, Sudano-Sahelian Africa, and Southern Africa 

[15]. 

The country possesses about 52% of Africa’s freshwater reserves and is home to            

155 million hectares of natural forests, representing 60% of the Congo Basin forest area [15]. 

These forests make the DRC a key player in global efforts to reduce greenhouse gas emissions 

and preserve biodiversity. 
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In terms of energy, the DRC is rich in natural resources, allowing exploitation of various 

renewable energy sources, including solar, biomass, hydroelectricity, and wind [13]. Significant 

reserves of hydrocarbons, including methane gas from Lake Kivu, mineral coal, and geothermal 

resources, further complement the energy landscape [13]. 

 

3.1.2  Renewable energy and solar potential 

The distribution of solar potential and SD is not uniform across the DRC. According 

to the “Atlas of Renewable Energies in the DRC” (2014) [13], the country can be classified 

into four solar potential zones: low, medium, high, and very high. These zones reflect 

differences in average solar irradiation and SD, influenced by latitude, altitude, and cloud 

cover [13, 53]. 

 

3.1.2.1. Low Solar Potential Area 

A. Location and SI Characteristics: 

 Sud Kivu (latitude 1°36’S–5°S, longitude 26°47’E–29°20’E) is the only province in this 

category [15]. 

 Average solar irradiation  ranges between 3.5 and 4.5 kWh/m²/day [13]. 

 Main cities: Bukavu, Kamitunga, Baraka, and Uvira [13]. 

 

B. Photovoltaic Energy Opportunity: 

In 2014, energy demand was estimated at 39.7 MW, while available capacity was only 

33 MW [13, 54]. Assuming a 4% annual growth rate, the current energy demand is estimated 

at 52.2 MW using Equation estlabished by  Lusamba-Yangindu  et al. [55]. Although the solar 

potential is the lowest in the DRC, PV systems are feasible, especially in areas difficult to 

connect to the SNEL grid [13]. 
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Fig. 3.1: GHI solar resource map of the Democratic Republic of Congo   [13] 

 

3.1.2.2. Medium Solar Potential Area 

A. Location and SI Characteristics: 

Average SI: 4.5–6 kWh/m²/day [13] 

 

Legend 

Solar potentail (kW/m²/day) 

3.5-4.5  Low 

4.5 -5    Middle 

5-5.5     High 

More than 6,6 Very high 

Sources : - UNDP ( 2012-2013). Diagnostic Studies des provinces,of the 
Energy Situation in the provinces, 
                    

Main city of province 
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Provinces: Kinshasa, Kongo Central, Bandundu, Kasai-Occidental, Province Orientale [13]. 

  

B. Photovoltaic Energy Opportunity: 

 Bandundu:  

 household demand = 356 MW;  

 installed capacity = 3.57 MW [13] 

 Current demand ≈ 468 MW; projected 2030 demand ≈ 667 MW [55] .        

 PV energy can address the supply gap. 

 Kinshasa:  

 demand = 852 MW; projected 2030 demand = 1,596 MW [13]. 

 supply = 410 MW; 

 PV energy is promising for rural and semi-urban districts. 

 Kongo Central:  

 SI ~4.5 kWh/m²/day [13]. 

 PV can supplement rural household energy needs. 

 Kasai-Occidental:  

 demand = 233 MW (households), 296 MW (all sectors);  

 2030 projected demand = 472 MW (households), 600 MW (all sectors) [13]. 

 

 PV could mitigate future energy deficits. 

 

 Province Orientale: 

 Electrification rate = 3.6%;  

 SI 3.5–5 kWh/m²/day [13]. 

 PV is a cost-effective solution. 

Figure 3.2 presents the projected evolution of energy demand in the DRC based on 

historical data and growth assumptions 
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The figure highlights a sustained upward trend in energy demand, driven by 

demographic growth and increasing socio-economic activities. The widening gap between 

projected demand and existing generation capacity underscores the structural deficit of the 

national energy system. This dynamic justifies the integration of alternative energy solutions, 

particularly decentralized renewable systems such as photovoltaics, to complement 

conventional supply infrastructures. 

 

3.1.2.3. High Solar Potential Area 

A. Location:  

 

 Former provinces of Équateur, Kasai-Oriental, and Nord Kivu [13]. 

 Average  SI: 6–6.5 kWh/m²/day [13]. 

 

B. PV Opportunities: 

 Kasai-Oriental: 

 Household demand (2012) = 303 MW; projected 2030 demand = 614 MW [13]. 

 Hydropower is unreliable; PV complements energy supply. 

 Nord Kivu:  

 2014 demand = 153 MW; projected 2030 demand = 287 MW [13]. 

 PV viable where grid connection is costly. 

Figure 3.2: DRC projection enery demand [89] 
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 Équateur:  

 2012 demand = 426 MW; projected 2030 demand = 863 MW [13]. 

 

 

3.1.2.4.  Very High Solar Potential Area 

A. Location: 

 

 Katanga and Maniema [13]. 

 Solar irradiation >6.5 kWh/m²/day  

 Key cities: Lubumbashi, Kolwezi, Likasi (Katanga); Kindu, Lubutu, Punia, Kibombo 

(Maniema)  

B. PV Opportunities: 

 Katanga:  

 installed capacity(2014) = 567 MW;  

 demand = 900 MW; projected 2030 demand >2,100 MW  

 PV can meet mining sector needs. 

 Maniema:  

 Installed capacity = 2.1 MW;  

 2012 household demand = 105 MW; projected 2030 demand >221 MW   

 PV is a cost-effective solution. 

 

3.2 Sunshine Duration Characteristics 

The theoretical SD is defined as the interval between sunrise and sunset. However, the 

actual length of the day, calculated from sunrise to sunset, varies throughout the year [56] 

Theoretical SD assumes an entirely clear sky [57]; increased cloud cover reduces the actual 

sunshine received [58].. According to the World Meteorological Organization (WMO), SD is 
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measured as the total time during which direct solar irradiance exceeds 120 W/m², taking into 

account cloud cover or the proportion of the sky obscured by clouds [50], [59, 60, 61, 62, 63]. 

Understanding SD is essential for solar energy also for several sectors, including 

tourism, public health, agriculture, vegetation [49], [61, 62, 64]. The DRC, located on the 

Equator within the inter-tropical zone, is about half covered by dense forest, mainly in the 

central basin, while the remainder consists of wooded savannahs, particularly in Kongo Central, 

Kasai, northern Équateur, Katanga, and Kivu [63]. Its equatorial position results in high annual 

rainfall [51, 52], generating frequent cloud cover. The dry season, lasting roughly four months, 

is the period with the clearest skies [63]. 

Despite its geographic location, which limits seasonal SD variation compared to higher-

latitude countries, cloudiness significantly influences observed SD [65, 66], varying across 

provinces and months. For practical applications, especially in solar energy, only observed SD 

can reliably convert solar radiation into electrical energy using PV [65] systems. SD thus 

becomes a key parameter in assessing recoverable energy at any site. 

Data on SD from various sites across the DRC were compiled to determine provincial 

SD characteristics. These include average SD (hours per day or per year), months with 

minimum and maximum SD, spatial patterns of SD influenced by longitude, temperature, 

relatve humidity and rainfall. The following section focuses on provincial analysis. 

 

3.2.1 Analysis of sunshine duration by province 

 

3.2.1.1. Bandundu Province 

The former Bandundu Province is subdivided into three districts: Kwango, Kwilu, and 

Maï-Ndombe. SD is analyzed for each district to determine the provincial characteristics. Table 

3.1 presents the monthly weighted averages of SD for Bandundu Province, derived from the 

three districts. Details on the SD of distrcts are provided in Appendix A. 
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                                  Table 3.1: Weigted MASD for Bandundu Province 

Aire (Km²) 89 974 78 219 127 465 Weighted averages 

District Kwango Kwilu Mai-Ndombe in h/day 

January 6,4 6,3 6,5 6,4 

February 6,5 6,3 6,4 6,4 

March 6,2 6,1 6,2 6,2 

April 5,5 5,5 5,6 5,5 

May 6,5 5,7 5,9 6,0 

June 7,6 7,1 6,8 7,1 

July 7,8 7,5 7 7,4 

August 7,4 6,9 6,5 6,9 

September 6,4 5,9 6,1 6,1 

October 5,5 5,3 5,8 5,6 

November 5,3 5,3 5,7 5,5 

December 5,8 5,8 5,9 5,8 

Averages 6,4 6,1 6,2 6,2 

 

                            Source: Compiled from [14]. 

The aggregated data indicate an annual provincial average of approximately 6.2 h/day. 

The monthly distribution shows a clear seasonal structure, with maximum values in July and 

minimum values in November. The relatively narrow range of variation suggests a consistent 

solar resource across the province.  

Figure 3.3 illustrates the overall temporal evolution of sunshine duration at the 

provincial scale in Bandundu. 
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Figure 3.3: Temporal Trend of Monthly  SD for Bandundu Province [15]. 

The figure synthesizes the district-level patterns into a coherent provincial trend, 

highlighting the strong seasonality of sunshine duration. The alignment of peaks and minima 

across the province confirms the dominant influence of regional climatic dynamics, particularly 

cloud cover and rainfall regimes, in shaping solar availability. 

The relatively narrow range of annual averages between districts indicates that 

Bandundu Province benefits from a spatially coherent solar resource, with moderate intra-

provincial variability. 

A. Key Provincial-Level Analytical Observations 

 The average SD of 6.2 h/day confirms that Bandundu Province possesses a moderately 

high and relatively stable solar resource throughout the year. 

 Seasonal variability is essentially governed by cloud cover and rainfall dynamics, rather 

than astronomical factors, due to the province’s inter-tropical location. 

 The dry season constitutes a natural peak period for photovoltaic productivity, whereas 

the rainy season introduces temporary reductions in effective solar input. 

 The limited spatial variability between districts suggests that solar energy planning at 

the provincial scale can rely on relatively uniform baseline assumptions. 

 

 

B. Implications for Decentralized and Grid-Connected PV Planning 

In the context of rural electrification and isolated communities: 
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 The relatively stable annual SD supports the technical viability of solar home systems 

(SHS) and mini-grids. 

 System sizing should be based on the lowest monthly SD values (≈5.5 h/day) to ensure 

reliability. 

 Battery storage must be dimensioned according to rainy-season conditions rather than 

annual averages. 

 Territories with SD values above the provincial mean (e.g., parts of Kwango) may be 

prioritized for decentralized PV deployment. 

 

For utility-scale or grid-integrated installations: 

 The moderate seasonal amplitude limits long-term production volatility. 

 Peak SD during the dry season can complement hydropower generation, 

particularly when reservoir levels fluctuate. 

 The relative homogeneity of SD across districts facilitates provincial-scale solar 

investment planning and reduces the risk of significant spatial production 

imbalance. 

C. Synthesis for Bandundu Province 

The spatial analysis of SD in Bandundu Province demonstrates that: 

 The province benefits from consistent and technically exploitable solar 

conditions. 

 Cloud dynamics constitute the primary regulator of seasonal solar variability. 

 The observed SD regime is sufficiently stable to justify both decentralized rural 

electrification initiatives and grid-connected photovoltaic expansion. 

 Planning strategies must systematically integrate minimum monthly SD values 

in order to guarantee long-term technical reliability and economic viability. 

 

3.2.1.2. Province of Equateur 

The former Province of Equateur1 is subdivided into four former districts: Equateur, Mongala, 

Nord-Ubangi and Sud-Ubangi  and Tsuapa. The spatial characterization of SD is presented below 

                                                           
1 also referred to as Grand Equateur. It should not be confused with the District of Equateur, which 

constitutes only one component of the former Province of Equateur. 
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following the same analytical structure adopted for Bandundu Province. The aggregated monthly 

averages for the four districts are presented in the table 3.2. Details on the SD of distrcts are 

provided in Appendix B. 

Table 3.2: Weigted MASD for Equateur Province 

 
Equateur 

Mongala 
Nord 

Ubangi 

Sud 

Ubangi 
Tshuapa 

Provincial 

mens 

January 6.7 7.0 7.5 7.4 6,4 7,0 

February 6.5 6.7 7.2 7.1 6,2 6,8 

March 6.2 6.3 6.8 6.8 5,9 6,4 

April 5.6 5.7 6.2 6.2 5,1 5,9 

May 5.4 5.4 5.9 5.9 5 5,6 

June 6.0 5.6 6.0 6.0 5,8 5,9 

July 6.0 5.6 5.9 5.9 6,1 5,9 

August 5.6 5.1 5.3 5.3 5,4 5,4 

September 5.3 5.0 5.1 5.1 5,2 5,2 

October 5.3 4.8 4.8 4.9 4,9 5,0 

November 5.1 4.7 5.3 5.1 4,7 5,1 

December 6.0 6.1 6.8 6.5 5,4 6,3 

Averages 5.8 5.7 6.1 6.0 5,5 5.9 

                          

      Source: Compiled from [14]. 

 

The comparative data reveal a relatively narrow range of annual SD values 

(approximately 5.5–6.1 h/day), indicating a globally homogeneous solar resource at the 

provincial scale. However, Nord-Ubangi consistently exhibits slightly higher values, reflecting 

its more favorable climatic conditions. Figure 3.4 synthesizes the temporal trends of SD across 

the four districts of Former Equateur. 
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Figure 3.4: Temporal Trend of Monthly SD for Equateur Province 

                        Source : Compiled from [15] 

The superposition of district-level curves highlights a strong temporal coherence, with 

synchronized seasonal peaks and minima. This alignment confirms that large-scale atmospheric 

dynamics, rather than local geographical differences, primarily govern SD variability across the 

province. 

Based on weighted district averages, the following provincial characteristics are 

established: 

 Annual weighted provincial average SD: 5.9 h/day 

 Highest district annual SD: Nord-Ubangi (6.1 h/day) 

 Lowest district annual SD: Tshuapa (5.5 h/day) 

 Highest SD territory: Bosobolo (6.6 h/day) 

 Lowest SD territory: all territories of Tshuapa (5.5 h/day) 

 Month of maximum provincial SD: January 

 Month of minimum provincial SD: October 

The province therefore exhibits a moderate but spatially structured sunshine regime, 

with a north–south gradient in solar availability. 
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A. Key Provincial-Level Analytical Observations 

 The provincial average of 5.9 h/day confirms that Equateur possesses a moderate but 

exploitable solar resource. 

 The highest SD values are concentrated in Nord-Ubangi, suggesting a spatial gradient 

associated with forest density and cloud persistence. 

 The minimum SD occurring in October–November corresponds to peak rainfall intensity 

across the province. 

 The annual variability remains limited in amplitude compared to higher latitude regions, 

which is consistent with inter-tropical climatic dynamics. 

 

B. Link Between Sunshine Duration and PV Potential 

SD serves as an operational proxy for solar resource assessment, particularly in regions 

where high-resolution solar irradiance measurements remain limited. 

It is also worth noting that: 

 An annual average of 5.9 h/day supports the feasibility of decentralized photovoltaic 

deployment. 

 Higher SD values in Nord-Ubangi indicate priority zones for PV investment. 

 Seasonal minima in October–November must be incorporated into system sizing to 

ensure reliability. 

 The relatively stable inter-district variability allows provincial-scale planning without 

major spatial production imbalance. 

 Suitable for rural electrification given stable annual SD. 

 Battery storage must be dimensioned based on October–November conditions. 

 Nord-Ubangi presents favorable conditions for mini-grid expansion. 

 Moderate seasonal amplitude reduces long-term production volatility. 

 Spatial coherence facilitates regional planning. 

 Integration with hydropower should consider seasonal complementarity. 

 

3.2.1.3. Kasaï occidental 

Unlike other former provinces, Kasaï Occidental is relatively compact in spatial extent. 

For this reason, the analysis is not structured according to district subdivision, but rather 
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conducted directly at the level of major cities and territories. The following locations were 

considered: Kananga, Tshikapa, Demba, Dekese, Dimbelenge, Ilebo, Kazumba, Luebo, Luiza, 

and Mweka. 

Table 3.3 presents the MASD across selected cities and territories of Kasaï-Occidental. 

Table 3.3: Weigted MASD for Kasaï-Occidental  (h/day) 

Latitude 5°53'32''S 5°30'S 5°33'S 6°25'S 7°12'S 3°27'S 4°19'48''S 4°50'00''S 6°25'00''S 

Longitude 22°24'10''E 22°15'E 23°06'E 22°09'E 22°25'E 21+23'E 20°35'14''E 21°34'00''E 20°48'00''E 

Area (Km²) 
847 14 702 12 881 8 961 13 223 25 175 15 654 13 223 382 

Cities Kananga Demba Dimbel. Kazumba Luiza Dekese Ilebo Mweka Tshikapa 

January 5.9 5.6 5.9 5.8 5.7 5.8 5.6 5.5 6.0 

February 6.0 5.6 5.9 5.9 5.9 5.7 5.7 5.5 6.2 

March 5.7 5.3 5.6 5.6 5.4 5.3 5.2 5.0 5.6 

April 5.6 5.0 5.4 5.6 5.9 4.6 4.6 4.4 5.4 

May 6.1 5.6 6.1 6.4 7.1 5.0 5.0 5.1 6.6 

June 7.4 7.1 7.3 7.4 7.7 6.5 6.5 6.7 7.7 

July 7.6 7.4 7.6 7.7 7.8 7.1 7.1 7.1 7.8 

August 6.6 6.5 6.7 6.7 7.1 6.2 6.2 6.2 7.2 

September 5.2 5.3 5.4 5.2 5.6 5.5 5.5 5.4 5.9 

October 4.6 4.7 4.9 4.6 4.7 5.1 5.1 4.9 5.2 

November 4.8 4.7 4.8 4.7 4.7 4.9 4.9 4.7 5.0 

December 5.4 5.0 5.3 5.2 5.1 5.1 5.1 4.8 5.4 

Averages 5.9 5.7 5.9 5.9 6.1 5.6 5.5 5.4 6.2 

 

Source: Compiled from [14]. 

 

The data reveal a relatively homogeneous spatial distribution of SD, with annual 

averages ranging narrowly between approximately 5.4 and 6.2 h/d. A clear seasonal pattern 

emerges, characterized by maximum values during the dry season (June–July) and minimum 

values during the rainy season (October–November). This limited spatial variability suggests 

that, at the provincial scale, SD is primarily governed by regional climatic conditions rather 

than local geographical differences. 

Figure 3.5 illustrates the temporal evolution of monthly SD for the different localities 

of Kasaï-Occidental. 
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                    Figure 3.5: Trend of monthly Average of SD for Kasaï Occidental 

The superposition of SD curves highlights a strong temporal coherence between 

locations, confirming the dominance of seasonal climatic forcing. The absence of significant 

divergence between curves reinforces the reliability of using a provincial average for modeling 

purposes. However, the observed deviation from the theoretical solar trend suggests the 

influence of atmospheric factors such as cloud cover and humidity. 

A. Key Provincial-Level Analytical Observations 

 

The key provincial-level analytical observations deriverd from preceding analysis are 

presented below: 

 The average SD of 5.7 h/day indicates a moderate but technically exploitable solar 

resource. 

 The dry season (June–August) provides a clearly defined high-production window for 

photovoltaic systems. 

 The rainy season introduces a pronounced but predictable reduction in sunshine 

duration. 

 The relatively limited spatial variability across territories facilitates provincial-scale 

planning with standardized baseline parameters. 
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B.  Link Between SD and PV Potential 

SD provides a robust operational proxy for evaluating solar resource adequacy in the 

absence of high-resolution irradiance data. 

 An annual average of 5.7 h/day supports decentralized photovoltaic deployment. 

 The strong seasonal peak in July suggests optimal production conditions during the dry 

season. 

 System design must integrate the minimum monthly SD (≈4.7 h/day) to ensure 

reliability. 

 Territories such as Tshikapa and Luiza may be prioritized for PV development due to 

their higher annual SD values. 

Decentralized systems are particulary relevant for remote and underseved areas, where 

grid extension remains technically or economically challenging. According to precedent 

observations: 

 The moderate but stable annual SD in Kasaï Occidental supports solar home systems 

and rural mini-grids. 

 Battery storage should be dimensioned according to November conditions. 

 Seasonal performance variability must be integrated cinto load forecasting models. 

For grid-connected systems, the following key considerations can be 

highlighted : 

 The pronounced seasonal peak during July enhances predictability of dry-season output. 

 Complementarity with hydropower resources should be explored. 

 Provincial-scale PV deployment is technically feasible due to limited spatial SD 

dispersion. 

 

3.2.1.1.1 Synthesis for Kasaï Occidental 

The spatial characterization of SD in Kasaï Occidental demonstrates that: 

 The province possesses a moderate yet reliable solar resource; 

 Seasonal variability is primarily cloud-driven; 
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 Empirical SD patterns diverge from theoretical astronomical expectations, confirming 

the need for ground-based assessment. 

 The SD regime supports both decentralized electrification and grid-integrated 

photovoltaic expansion, provided that minimum monthly values are incorporated into 

system design. 

 

3.2.1.4. Kasaï Oriental2 

The former province of Kasaï Oriental was subdivided in 2015 into three daughter 

provinces, which are: Kasa-Oriental (new province), Lomami and Sankuru.The spatial 

characterization of SD is explored at the level of these three new provinces, while maintaining 

the perspective of the former territorial configuration. The influence of Sankuru, whose large 

surface area significantly affects the provincial weighted average of MASD is highlighted. The 

MASD values for the former Kasai-Oriental districts are summarized in Table 3.4. Details on 

the SD of distrcts are provided in Appendix C. 

Table 3.4: Weighted MASD for Kasaï-Oriental  (h/day) 

Area (Km²= 9 481 56 426 104 331 

Weigted 
Averages 

Districts 
Kasaï-

oriental 
Lomami Sankuru 

January 6,2 5,9 5,9 5,9 

February 6,4 6,2 5,9 6,0 

March 6,0 5,9 5,4 5,6 

April 6,0 6,2 4,9 5,4 

May 6,9 7,3 5,2 6,0 

June 7,6 7,7 6,5 7,0 

July 7,7 7,8 7,1 7,4 

August 7,1 7,3 5,8 6,4 

September 5,6 6,0 5,4 5,6 

October 5,1 5,3 5,1 5,2 

November 5,2 5,1 4,9 5,0 

December 5,7 5,6 5,1 5,3 

Averages 6,0 5,8 5,5 5,6 

 

                                                           
2 Unless otherwise stated, in this study, “Province Orintale “ refers to the former Province Orientale. When 

reference is made to the new province, this will be explicitly specified. 
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It is observed that the new provinces of Kasaï oriental (9.535Km²) and Lomami (56.426 

km²) which represent together 38.7% of the total area of the province, exhibit yearly mean  of 

daily SD equal  respectively to 6.0h/d and 5.8 h/d against to 5.5h/d for the district of Sankuru 

which occupies 104,331Km² or 61.3%. The province's weighted MASD is 5.6 h/d.  This finding 

highlights the influence of Sankuru in the calculation of the weighted average of SD for the 

whole province. 

The curves in Figure 3.6 illustrates the temporal trend of SD for the districts of the 

former province of Kasaï-Oriental. 

  

Figure 3.6: Temporal trend of monthly SD for Kasaï-Oriental 

The aggregation of all curves highlights the dominant influence of Sankuru, whose 

lower SD values reduce the provincial weighted average. This demonstrates the importance of 

spatial weighting in regional solar assessments and confirms that large-area provinces require 

careful consideration of internal heterogeneity. 

 

A. Key Provincial-Level Analytical Observations 

 

Key provincial-level analytical findings for the former Kasaï Oriental province are 

outlined as follows: 

 A moderate solar availability (5.6 h/day), suitable for PV exploitation. 

 The strong dry-season peak (June–July) is consistent across all daughter provinces. 
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 Sankuru significantly lowers the weighted provincial average due to its large area and 

lower SD values. 

 Spatial heterogeneity is moderate but structurally coherent across the province. 

 Cloud cover remains the primary driver of SD variability, rather than latitudinal 

positioning 

 

From a photovoltaic planning perspective it is noted that: 

 An average SD of 5.9 h/day supports decentralized solar electrification strategies. 

 Lomami represents the most favorable sub-region for PV deployment. 

 Sankuru requires more careful system sizing due to lower SD values. 

 The minimum monthly SD (≈4.9 h/day) must guide battery and storage dimensioning 

for off-grid systems. 

 Seasonal predictability enhances production forecasting for grid-connected systems. 

 

 

3.2.1.1.2 Synthesis for the Former Kasaï Oriental Province 

The spatial characterization of Sunshine Duration in the former Kasaï Oriental province 

demonstrates that: 

 The province presents exploitable solar resources with moderate seasonal variability. 

 Large-area provinces with lower SD (such as Sankuru) strongly influence weighted 

averages. 

 Empirical SD analysis provides a more realistic planning framework than theoretical 

sunshine models. 

 Both decentralized and grid-connected photovoltaic systems are technically viable, 

provided that system design incorporates minimum seasonal thresholds. 

 

3.2.1.5. Katanga 

Katanga 3 covered a vast southern portion of the DRC. It has since been subdivided 

into four provinces:Haut-Katanga, Haut-Lomami, Lualaba, Tanganyka. 

                                                           
3 The former Katanga 3province, before the 2015 territorial reform 
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Given its large latitudinal extent and diversified climatic zones, Katanga presents one 

of the most structurally differentiated SD regimes in the country. The spatial characterization 

is therefore conducted separately for each daughter province before establishing the weighted 

synthesis of the former Katanga entity. Table 3.5 presents the MASD across districts of 

Katanga. Details on the SD of distrcts are provided in Appendix D. 

Tableau 3.5: Weighted MASD for Katanga (h/day) 

Area (km²) 131 443 108 204 121 308 134 940 
Weighted 

Annual Averages Months/Districts Haut Katanga Haut Lomami Lualaba Tnnganyika 

January 6.1 5.6 5.7 6.1 6,0 

February 6.1 5.7 6.0 6.4 6,2 

March 5.6 5.3 5.6 6.1 5,8 

April 6.1 6.4 6.5 6.6 6,5 

May 7.4 7.8 7.7 7.5 7,6 

June 7.7 7.8 7.8 7.8 7,8 

July 7.8 7.8 7.8 7.9 7,8 

August 7.9 7.9 8.0 7.8 7,9 

September 7.9 7.5 7.8 7.2 7,6 

October 7.6 6.5 7.1 6.6 7,0 

November 6.6 5.3 5.8 5.9 6,1 

December 5.9 5.2 5.2 5.7 5,7 

Averages  6.6 6.8 6.8 6,8 

 

Table 3.5 reveals a pronounced seasonal structure in SD across the districts of Katanga, 

characterized by a clear transition from relatively low values at the beginning of the year to a 

marked peak during the mid-year period. Beyond this seasonal cycle, the limited inter-district 

variability suggests a relatively homogeneous regional atmospheric regime, indicating that 

large-scale climatic controls dominate over local geographical effects. This spatial coherence 

strengthens the reliability of the weighted averages and supports their use in regional-scale solar 

resource assessment. 

Complementary infomration is provided by Figure 3.7, which  illustrates the temporal 

evolution of MASD across the Katanga province. 
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                Figure 3.7: Temporal trend of monthly of SD for Katanga  

Among all provinces of the DRC, Katanga exhibits the highest annual average SD. In 

light of this distinctive characteristic, its solar regime is synthesized into three key analytical 

components; namely the provincial-level analytical synthesis, the relationship between SD and 

PV potential, and the implications for both decentralized and grid-connected PV systems, which 

are developed in the following subsec 

Provincial-Level Analytical Synthesis 

 

From a provincial-level analytical synthesis perspective, it can be observed that :  

  

 Katanga exhibits one of the most structurally stable and elevated SD regimes in the 

DRC. 

 The dry-season peak is remarkably consistent across all four daughter provinces. 

 Spatial heterogeneity remains moderate despite large territorial extent. 

 Atmospheric clarity during the austral winter significantly enhances solar availability. 

 The SD curves show empirical dominance over purely theoretical astronomical 

expectations. 

 

The high annual SD (≈6.9 h/day) confirms that the former Katanga region represents a 

strategic solar development corridor within the DRC. 

From a PV planning perspective: 

 High dry-season SD enhances generation reliability. 

0,0
1,0
2,0
3,0
4,0
5,0
6,0
7,0
8,0
9,0

M
A

D
SD

Months

Curves of Effective MADSD

Haut Katanga Haut Lomami Lualaba Tanganika

 



 42  
 

 Minimum monthly SD (≈4.7 h/day) remains sufficiently elevated to support stable PV 

output. 

 Spatial uniformity allows standardized technical sizing across provinces. 

 Industrial mining zones (Haut-Katanga, Lualaba) could benefit from hybrid solar 

integration. Regarding the implications for decentralized PV systems, it is observed 

that :   

 Strong solar availability supports rural electrification via solar mini-grids. 

 Storage sizing can be optimized due to relatively high minimum SD values. 

 Seasonal predictability reduces performance uncertainty. 

            With respect to grid-connected systems, it is worth  noting that : 

 Katanga is suitable for large-scale solar farms. 

 Complementarity with hydroelectric resources enhances grid stability. 

 Industrial demand centers align geographically with high SD zones. 

 

3.2.1.1.3 Synthesis for Katanga 

The spatial characterization of Sunshine Duration in the former Katanga province 

demonstrates that the region possesses one of the most favorable solar climates in the DRC, 

seasonal variability is strong but highly predictable, empirical SD data provides robust input 

for long-term photovoltaic planning, both decentralized and utility-scale PV systems are 

technically and economically justified. 

 

3.2.1.6. Kinshasa 

Kinshasa is divided into four districts. However, unlike the other provinces, the data 

analysis was conducted for the entire city as a whole. Monthly average SD for Kinshasa are 

presented in table 3.6. 

                                                                         Table 3.6: MASD for Kinshasa 

 Months 
 MASD 

(h/day) 

January 5.1 

February 

February 

4.9 

March 5.2 
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 Months 
 MASD 

(h/day) 

April 5.1 

May 4.4 

June 3.9 

July 3.9 

August 3.2 

September 3.5 

October 4.4 

November 4.9 

December 5.2 

Average 4.5 

                

                                                     Source: Compiled from [14].  

SD values are relatively low (~4.4–4.5 h/d), reflecting persistent cloudiness during the 

long wet season. August represents the annual minimum due to peak cloud cover. 

Figure 3.8 shows the temporal evolution of SD for Kinshasa. 

 

Figure 3.8: Temporal Trend of monthly SD for Kinshasa 

Kinshasa exhibits a low yearly average of daily SD, evaluated at 4.5h/d.   It is observed 

that the average monthly of daily SD decreases from March to June, stabilizes from June to 

July, and then drops again until September before rising again through December    

A. Analytical Interpretation 

From a climatological perspective, the comparatively modest annual mean SD for 

Kinshasa (4.4 h/day) can be explained by the combined influence of equatorial atmospheric 
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dynamics, high relative humidity, and persistent cloud formation processes characteristic of the 

western part of the DRC. 

Kinshasa lies within the humid tropical belt and is strongly influenced by the seasonal 

migration of the Intertropical Convergence Zone (ITCZ), a low-pressure belt near the equator 

where the northeast and southeast trade winds converge, leading to intense convective activity 

and cloud formation. The proximity of Kinshasa to the Atlantic Ocean further enhances 

moisture advection into the lower troposphere. The resulting high precipitable water content 

favors frequent cloud development, particularly convective and stratiform clouds, which reduce 

direct solar radiation and consequently limit sunshine duration. Even during relatively drier 

periods, residual atmospheric moisture and aerosol concentrations contribute to partial 

attenuation of incoming solar radiation through scattering and absorption mechanisms. 

The maximum monthly SD of 5.2 h/day occurs in March and December, while the 

minimum monthly SD of 3.2 h/day is recorded in August. This seasonal pattern differs 

markedly from that observed in southern provinces, where maximum sunshine generally 

coincides with the dry season (June–July). 

In Kinshasa, the occurrence of peak SD in March and December can be associated with 

transitional climatic phases linked to the northward and southward displacement of the 

Intertropical Convergence Zone (ITCZ). During these transitional periods, cloud cover may be 

temporarily reduced compared to peak rainy months, allowing increased sunshine hours. 

Conversely, the minimum SD observed in August, despite being within the broader dry season 

of western DRC, can be attributed to: 

 The presence of persistent low-level stratiform cloud decks, 

 Increased atmospheric stability, 

 Maritime air mass influence, 

 Possible aerosol loading and mist formation. 

These atmospheric conditions can significantly reduce effective SD even when 

precipitation levels remain relatively low. 

The relatively narrow range between maximum and minimum weighted SD values (5.2 

h/day and 3.2 h/day) indicates moderate intra-annual variability. From a statistical standpoint, 

this limited amplitude suggests that Kinshasa experiences a relatively stable but consistently 

moderate solar regime rather than pronounced seasonal extremes. However, despite this 
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moderate variability, the overall annual average remains structurally lower than that of eastern 

and southern provinces, where continentality effects, lower humidity levels, and clearer dry-

season skies favor longer sunshine duration. 

In radiative terms, the reduced SD in Kinshasa implies: 

 Lower cumulative annual GHI, 

 A higher proportion of diffuse radiation relative to direct beam radiation, 

 Greater atmospheric attenuation due to water vapor content and cloud optical thickness. 

These characteristics are critical for solar resource assessment and photovoltaic 

performance modeling, particularly when distinguishing between technologies highly sensitive 

to direct irradiance (such as concentrated solar systems) and those capable of efficiently 

utilizing diffuse radiation (such as conventional photovoltaic modules). 

Although Kinshasa exhibits lower SD compared to provinces such as Katanga, its solar 

potential remains sufficient to support PV systems, particularly, Rooftop PV installations for 

residential and commercial buildings, Grid-connected distributed generation systems and 

Hybrid PV systems combined with battery storage.  

PV system sizing in Kinshasa must account for: 

 Lower average daily solar input compared to high-SD provinces 

 Seasonal variability, particularly the reduced SD observed in August 

 Urban atmospheric effects, including pollution and humidity 

For national energy planning, Kinshasa represents a strategic priority due to its high 

population density and strong electricity demand. Even with moderate SD values, large-scale 

rooftop solar deployment could significantly reduce pressure on the national grid and improve 

energy reliability. 

Therefore, while Kinshasa does not belong to the highest solar potential zone identified 

in section 3.1.2.4, its solar resource remains technically viable and economically relevant for 

urban PV development. 

3.2.1.1.4 Synthesis for Kinshasa 

               The comprehensive analysis of SD for Kinshasa can be summarized as follows: 
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 The annual weighted average sunshine duration in Kinshasa is 4.4 h/day, one of the 

lowest among the analyzed provinces. 

 The maximum monthly SD (5.2 h/day) occurs in March and December, while the 

minimum (3.2 h/day) is observed in August. 

 The city shows moderate intra-annual variability but generally lower SD compared to 

southern and eastern provinces. 

 Despite this, solar energy remains viable for PV deployment, particularly for rooftop 

and distributed urban systems. 

 Proper system sizing and consideration of seasonal variability are essential for 

optimizing PV performance in Kinshasa. 

 

 

3.2.1.7. Kongo Central 

Similar to Kinshasa, Kongo Central is relatively small in geographical extent. Therefore, the SD 

analysis was conducted without subdividing the province into districts. The data analysis was carried 

out for the following cities and territories: Banana, Boma, Kasangulu, Kimvula, Madimba, Matadi, 

Mbanza-Ngungu, and Songolo. Table 3.7 presents SD values across multiple sites in Kongo 

Central. 

Table 3.7: MASD for Kongo-Central 

Latitude 5°56'S 5°50'55''S 4°35'S 5°44'S 4°58'S 5°49'03''S 5°16'S 5°42'S 4°58'S 

Averages 
Longitude 12°21'E 13°03'22''E 15°11'E 15°58'E 15°09'E 13°28'15''E 14°51'E 14°02'E 12°56'E 

Area 

(Km²) 
4,265 65 4,680 3,371 8,260 110 8,460 3,620 3,099 

January 5.3 4.2 5.0 6.2 4.6 4.0 4.6 3.9 3,5 4,7 

February 5.1 4.2 4.9 6.3 4.7 4.0 4.8 4,1 3,6 4,8 

March 5.4 4.5 5.3 6.3 5.0 4.3 5.2 4,4 4,0 5,1 

April 5.0 4.1 5.0 5.5 4.9 3.8 5.0 4,0 3,6 4,8 

May 3.8 2.6 4.4 6.2 4.3 2.6 4.1 2,9 2,3 4,1 

June 3.1 1.6 4.1 7.2 4.4 2.0 4.3 2,6 1,7 4,0 

July 3.1 1.5 4.2 7.6 4.9 2.1 4.9 3,2 1,6 4,4 

August 2.6 0.8 3.3 6.9 3.7 1.1 3.4 1.7 0.8 3.3 

September 2.3 0.5 3.5 6.1 3.6 0.7 2.9 1.1 0.5 3.0 

October 2.6 1.7 4.4 5.5 3.9 1.8 3.6 2.1 1.6 3.5 

November 4.4 3.8 5.0 5.6 4.6 3.6 4.5 3.7 3.1 4.5 

December 5.0 4.1 5.0 5.9 4.6 3.8 4.6 3.8 3.2 4.6 

Averages 4.0 2.8 4.5 6.3 4.4 2.8 4.3 3.1 2.4 4.2 
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Wide SD ranges confirm significant spatial variability, reflecting the influence of 

coastal proximity and topographic diversity while, figure 3.9 compares temporal SD evolution 

across Kongo Central sites. 

 

Figure 3.9: Temporal Trend  of monthly  SD for Kongo Central 

The figure reveals deviations from theoretical seasonal patterns, emphasizing the need 

for localized calibration when modeling solar radiation in coastal areas.  

Analysis of the Observed Characteristics 

 

The annual weighted SD for Kongo Central is 4.2 h/day, which is slightly lower than 

that of Kinshasa (4.4 h/day) and considerably lower than the values recorded in southern 

provinces. This relatively moderate provincial average reflects the strong maritime and humid 

tropical influence affecting the western corridor of the Democratic Republic of Congo. 

However, a remarkable feature of Kongo Central is the very high spatial variability 

observed between its territories. The maximum monthly SD reaches 7.6 h/day in Kimvula, 

while the minimum monthly SD drops to 0.5 h/day in Tshela. This very large monthly 

amplitude (7.1 h/day difference) indicates strong local climatic contrasts within the province. 

Such variability may be explained by the differences in altitude and local topography, the 

orographic cloud formation in certain territories, the proximity to maritime air masses, and the 

local convective activity patterns. 
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Kimvula, which records the highest annual mean SD of 6.3 h/day, appears to benefit 

from more favorable atmospheric transparency and reduced persistent cloud cover compared to 

other territories. In contrast, Tshela, with the lowest annual mean SD of 2.5 h/day, likely 

experiences more frequent cloudiness, higher atmospheric moisture retention, or local 

microclimatic effects that significantly reduce effective sunshine duration. 

At the provincial level, the weighted SD maximum is 5.1 h/day, while the weighted 

minimum is 3.0 h/day, showing moderate intra-annual variability when aggregated across the 

province. The maximum SD for the province occurs in March, whereas the minimum occurs in 

September. This seasonal behavior suggests a transitional peak period around March linked to 

reduced cloud persistence, and a relative solar minimum in September possibly associated with 

atmospheric stability and residual moisture accumulation. 

From a climatological perspective, the coexistence of very high local monthly values 

(7.6 h/day) and extremely low values (0.5 h/day) within the same province highlights the 

importance of territorial-scale solar resource assessment rather than relying solely on provincial 

averages. 

 

The observed characteristics have important implications for PV planning in Kongo 

Central: It is noted that:  

1. The strong spatial heterogeneity means that PV system sizing should be performed at 

the territorial level rather than using only the provincial weighted average 

2. Territories such as Kimvula, with an annual mean SD of 6.3 h/day and monthly peaks 

of 7.6 h/day, are highly favorable for utility-scale PV plants, grid-connected solar 

farms and hybrid PV–battery systems with high yield performance. 

3. While territories like Tshela, with an annual mean SD of 2.5 h/day and extreme 

monthly lows (0.5 h/day), require oversized PV arrays, larger battery storage 

capacity, hybridization with other energy sources (diesel, hydro, or biomass),and 

more conservative performance ratio assumptions. 

4. With a provincial weighted SD of 4.2 h/day, Kongo Central remains suitable for 

decentralized rooftop PV systems, particularly in urban centers such as Matadi and 

Boma. However, system optimization must account for seasonal dips, especially 

around September. 
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Overall, while Kongo Central does not present uniformly high solar potential, certain 

territories offer very strong solar opportunities, making the province strategically interesting 

for targeted solar investments. 

 

3.2.1.1.5 Synthesis of Kongo centrals 

The overall findings of SD study for Kongo Central can be summarized as follows:  

 The annual weighted SD of Kongo Central is 4.2 h/day. 

 Strong spatial variability exists between territories. 

 The highest monthly SD (7.6 h/day) and highest annual mean SD (6.3 h/day) are 

recorded in Kimvula. 

 The lowest monthly SD (0.5 h/day) and lowest annual mean SD (2.5 h/day) are observed 

in Tshela. 

 The provincial weighted SD maximum is 5.1 h/day (March), and the minimum is 3.0 

h/day (September). 

 PV planning in Kongo Central must be territory-specific due to strong local climatic 

contrasts. 

 High-potential zones can support large-scale PV deployment, while low-SD areas 

require hybrid and storage-optimized solutions. 

 

 

3.2.1.8. Province of Maniema 

Data analysis was carried for the city of Kindu and the territories of Kasongo, Kibombo, 

Lubutu, Pangi and Punia. Table 3.8 presents monthly averages SD for selected locations in 

Maniema. 

Table 3.8: Weighted MASD for Maniema 

Latitude (°) 4°27'S 3°54'S 2°57'00''S 0°44'S 3°11'00''S 1°28'S 

 

Averages 

Longitude 

(°) 
26°39'E 25°55'E 25°57'00''E 26°35'E 26°38'00''E 26°27'E 

Area (Km²) 17,000 24,953 101 16,055 14,542 19,805 

Sites Kasongo Kibombo Kindu Lubutu Pangi Punia 

January 5.2 5.3 5.5 6.0 5.5 5.9 5.6 
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Latitude (°) 4°27'S 3°54'S 2°57'00''S 0°44'S 3°11'00''S 1°28'S 

 

Averages 

Longitude 

(°) 
26°39'E 25°55'E 25°57'00''E 26°35'E 26°38'00''E 26°27'E 

Area (Km²) 17,000 24,953 101 16,055 14,542 19,805 

Sites Kasongo Kibombo Kindu Lubutu Pangi Punia 

February 5.3 5.3 5.5 5.9 5.6 5.9 5.6 

March 5.0 5.0 5.0 5.5 5.0 5.3 5.2 

April 5.0 4.8 4.5 5.0 4.7 4.7 4.8 

May 5.7 5.0 4.5 4.7 4.8 4.5 4.9 

June 7.1 6.4 5.6 5.2 5.9 5.0 5.9 

July 7.4 7.1 6.4 5.6 6.8 5.7 6.5 

August 6.7 6.2 5.7 5.0 6.0 5.0 5.8 

September 5.7 5.4 5.2 4.7 5.2 4.7 5.2 

October 5.0 5.0 4.9 4.5 4.7 4.5 4.8 

November 4.5 4.7 4.7 4.7 4.7 4.6 4.6 

December 4.5 4.7 4.7 5.2 4.8 5.1 4.9 

Anual 

average  
5.6 5.4 5.2 5.2 5.3 5.1 5.3 

 

Moderate SD values with limited spatial variability indicate stable solar conditions. 

Peak SD occurs in June–July, with minima in November. Figure 3.10 illustrates the temporal 

evolution of SD in Maniema. 

 

Figure 3.10: Tempotal Trend of monthly SD for Maniema 
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Figure 3.10 outlines smooth seasonal cycles, suggesting minimal local disturbances. The 

stability supports reliable predictive modeling for PV systems.  

 

Analysis of the Observed Characteristics 

 

The province of Maniema presents an annual weighted SD of 5.3 h/day. At first glance, 

this value may appear moderate when considered alone. However, Maniema belongs, together 

with Katanga, to the Very High Potential Area (sction 3.1.2.3) of SI in the DRC, characterized 

by an average annual GHI of approximately 6.5 kWh/m²/day. 

This apparent contrast between a moderate SD (5.3 h/day) and a very high irradiation 

level (≈ 6.5 kWh/m²/day) is scientifically coherent. In equatorial continental climates such as 

Maniema the solar elevation angles are high throughout the year, the extraterrestrial solar input 

is strong, while diffuse irradiation contributes significantly under partially cloudy conditions. 

Therefore, even when SD is not extremely high in terms of hours, the energy intensity per hour 

of sunshine remains elevated, explaining the classification of Maniema within the very high 

irradiation zone. 

Unlike coastal western provinces, Maniema benefits from its inland continental 

positioning, the reduced maritime moisture influence, a strong dry-season atmospheric 

transparency, and the high solar zenith angles near the equator. These factors jointly enhance 

annual irradiation levels. 

 

Implications for Photovoltaic (PV) System Planning 

 

Belonging to the Very High Potential Area (≈ 6.5 kWh/m²/day) significantly strengthens 

Maniema’s strategic value for solar development. 

Despite an SD of 5.3 h/day, the high irradiation intensity implies: elevated PV module 

output per installed kWp, favorable performance ratios, Competitive LCOE. Maniema can 

therefore sustain: utility-scale PV plants, hybrid PV–hydro systems (given regional 

hydrological resources), rural mini-grids, off-grid electrification programs. 

Since June corresponds to maximum SD and atmospheric clarity, then performance 

testing and benchmarking should use June as peak reference. Also, Grid injection studies should 
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consider June for maximum feed-in scenarios. Conversely, November should be used for 

conservative yield modeling in off-grid systems. 

Because seasonal variation remains moderate thus, battery storage sizing can remain 

optimized rather than oversized,hybridization needs are strategic rather than mandatory, and 

system reliability remains high even during lower SD months. 

Based on provincial weighted data, Kasongo (5.6 h/day) emerges as a strong candidate 

for large-scale PV installations. While Punia (5.1 h/day) remains fully viable but may require 

marginal array oversizing for identical annual output. 

 

3.2.1.1.6 Synthesis for Maniema 

Maniema Province, together with Katanga, belongs to the Very High Solar Irradiation 

Zone of the DRC (≈ 6.5 kWh/m²/day). Although the annual weighted SD is 5.3 h/day, the high 

irradiation intensity compensates for moderate sunshine hours, ensuring strong photovoltaic 

performance. Key characteristics of this province include: 

 Maximum monthly SD of 7.4 h/day in June (Kasongo), 

 Minimum monthly SD of 4.5 h/day around November, 

 Highest annual mean SD of 5.6 h/day (Kasongo), 

 Lowest annual mean SD of 5.1 h/day (Punia), 

 Provincial weighted SD range between 4.6 and 5.9 h/day. 

The seasonal maximum in June and minimum in November confirm a clear ITCZ-

driven climatic modulation. 

Overall, Maniema offers structurally strong and strategically attractive conditions for 

PV development, combining high irradiation intensity, moderate seasonal variation, spatial 

homogeneity, and favorable long-term energy predictability. 

 

3.2.1.9. Nord Kivu 

Data analysis was carried out for the city of Goma and the territories of Beni, Butembo, 

Goma, Lubero, Masisi, Rutshuru and Walikale. The findings are described in the Table 3.9. 
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Table 3.9: Weigted MASD for Nord Kivu 

Latitude (°) 0°07'40''S 1°41'36''S 0°09'S 1°24'S 1°11'S 1°25'S 
Weighted 

averages 

(h/d) 

Longitude (°) 29°17'15'' 13°31''E 29°14'E 28°48'E 29°27'E 28°02'E 

Aire (Km²) 190 900 18,096 4,734 5,289 23,475 

City/Town Butembo Goma Lubero Masisi Rutshuru Walikale 

January 6.4 6.3 5.5 5.9 7.1 7.2 6.5 

February 6.6 6.3 5.9 5.9 7.1 7.1 6.5 

March 5.7 5.9 4.8 5.2 6.6 6.5 5.8 

April 5.3 5.9 4.6 5.3 6.5 6.2 5.6 

May 5.4 6.1 5.0 5.6 6.5 5.9 5.6 

June 5.6 6.8 5.3 6.1 7.0 6.1 5.9 

July 5.5 7.3 5.4 6.5 7.4 6.5 6.2 

August 5.1 7.1 5.0 5.7 7.1 5.9 5.7 

September 5.0 6.6 4.8 4.6 6.7 5.3 5.2 

October 4.8 5.9 4.6 4.1 6.3 5.3 5.1 

November 5.0 5.6 4.3 4.4 6.1 5.9 5.2 

December 5.7 5.9 4.8 5.3 6.5 6.6 5.9 

Anual average 

(h/d) 
5.5 6.3 5.0 5.4 6.7 6.2 5.8 

   

 Source: Compiled from [14]. 

Table 3.10 highlights moderate SD values (~5.8 h/d) with an atypical seasonal peak in 

January–February highlight regional climatic peculiarities, while Figure .3.11 illustrates its the 

temporal trend of MASD. 

 

Figure 3.11: Tempotal Trend of monthly SD for Nord Kivu 

0

1

2

3

4

5

6

7

8

Su
n

sh
in

e 
D

u
ra

ti
o

n
 (

h
/d

)

Months

Sunshine Duration for Nord Kivu

Butembo Goma Lubero Masisi Rutshuru Walikale

 



 54  
 

The shifted seasonal pattern outlined in figure 3.11 can be explained by high-altitude 

and volcanic influences, indicating that province-specific PV modeling approaches are 

necessary, as standard tropical assumptions may not apply.   

 

Analysis of the Observed Characteristics 

 

Nord Kivu presents an annual weighted SD of 5.8 h/day, which is slightly higher than 

several equatorial western provinces. This aligns with its classification within the “High Solar 

Potential Area” of the DRC. Although Nord Kivu does not reach the “Very High Potential 

Area” category (such as Katanga or Maniema in terms of irradiation), it benefits from elevated 

terrain (high-altitude plateaus), reduced atmospheric density at higher elevations, lower optical 

air mass, enhanced solar transmissivity. 

The difference between the highest annual mean SD: 6.8 h/day (Rutshuru) and the 

lowest annual mean SD: 5.0 h/day (Lubero) indicates a 1.8 h/day dispersion, which is more 

pronounced than in Maniema. This variability can scientifically be explained by topographic 

contrasts, orographic cloud formation, localized microclimates, volcanic highlands influencing 

atmospheric circulation. Such heterogeneity requires territory-specific solar assessment before 

large-scale installations. 

 

Nord Kivu’s classification within the High Solar Potential Area offers strong strategic 

opportunities with its weighted SD of 5.8 h/day. Thus,  PV systems can achieve a good annual 

capacity factors, reliable production profiles, competitive LCOE compared to thermal 

alternatives. While its elevated terrain provides higher module efficiency due to cooler 

temperatures, reduced performance losses, and improved long-term yield stability [67]. 

This is particularly advantageous for utility-scale PV. Because the minimum SD occurs 

in October, system sizing should account for lower production during this month, integrate 

adequate storage for off-grid systems and consider hybridization in isolated zones. 
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3.2.1.1.7 Synthesis of Nord Kivu 

Nord Kivu, located within the High Solar Potential Area of the DRC, exhibits: 

 Annual weighted SD of 5.8 h/day, 

 Maximum monthly SD of 7.4 h/day (Rutshuru), 

 Minimum monthly SD of 4.1 h/day (Masisi), 

 Highest annual mean SD of 6.8 h/day (Rutshuru), 

 Lowest annual mean SD of 5.0 h/day (Lubero), 

 Provincial SD variation between 6.5 and 5.3 h/day. 

Its high-altitude equatorial positioning can explain its strong solar resource despite 

seasonal cloud dynamics. Overall, Nord Kivu presents solid technical and economic conditions 

for photovoltaic deployment, with particular advantages linked to elevation-driven efficiency 

gains and strong annual irradiation levels. 

 

3.2.1.10. Province Orientale 

Former Province Orientale was the largest province in the DRC. To facilitate the 

analysis of its SD, this province was categorized into its four former Districts: Bas-Uele, Haut 

Uele, Ituri and Tshopo.  The MASD values for former Province-Orientale districts are 

summarized in Table 3.10. Details on the SD of distrcts are provided in Appendix E. 

Table 3.10: Weighted MASD for Province-Orientale 

 Bas-Uele Haut Uele Ituri Tshopo Tshuapa 

January 7,3 7,5 7,1 6,4 6,2 

February 7,0 7,3 7,0 6,3 5,9 

March 6,4 6,7 6,1 5,7 5,6 

April 5,6 6,0 5,6 5,0 4,9 

May 5,1 5,3 5,3 4,6 5,0 

June 5,2 5,1 5,1 4,8 6,1 

July 5,3 5,3 5,1 5,0 6,5 

August 4,9 5,1 4,9 4,7 5,7 

September 4,6 4,8 4,7 4,6 5,4 

October 4,0 4,2 4,5 4,4 5,1 

November 4,8 5,5 4,9 4,3 4,8 

December 6,5 6,9 6,2 5,3 5,2 

Averages 5,6 5,8 5,5 5,1 5,5 
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Analysis of the Observed Facts 

 

Province Orientale belongs to the zone classified as Medium Solar Potential Area, with 

solar irradiation ranging from 4.5 to 6 kWh/m²/day. However, its weighted annual average SD 

of 5.5 h/day indicates that this province benefits from relatively moderate SD throughout the 

year. This Province exhibits a structured spatial variability as folloows: 

 Haut-Uele (5.8 h/day) appears as the most sun-exposed district, suggesting relatively 

stable atmospheric transparency and less persistent cloud cover. 

 Tshopo (5.1 h/day) remains the least sun-exposed district, likely due to stronger 

convective activity and higher humidity influence. 

 

Figure 3.12 presents the temporal trend of this province as follows:. 

 

  Figure 3.12: Tempotal Trend of MASD (in h/day) for Province-Orientale 

The Figure 3.12 exhibits a seasonal distribution, which follows a coherent equatorial 

pattern: 

 This seasonal January (followed by February) records the highest SD, corresponding to 

a relatively drier atmospheric window. 

 October records the lowest SD, generally associated with increased cloud formation and 

rainfall intensity. 
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This behavior can be explained by the strong influence of atmospheric convection and 

cloud dynamics on SD variability. 

Although Province Orientale and Equateur Province are located almost at the same 

latitudes, they do not present identical annual SD nor identical solar irradiation levels. Four 

scientific factors can explain this difference: 

i. Cloud Cover Persistence 

a. Equateur Province is deeply embedded within the central Congo Basin forest 

ecosystem, where high atmospheric moisture and dense cloud cover persist 

throughout the year. This reduces effective solar irradiation transmission. 

ii. Convective Rainfall Intensity 

a. The frequency and intensity of convective systems differ between the two 

provinces. Even small regional differences in atmospheric circulation can 

significantly affect solar radiation reception. 

iii. Land Cover and Surface Energy Balance 

a. Province Orientale includes transitional zones between dense forest and more 

open areas, which influence local albedo and microclimatic behavior. These 

differences impact solar energy absorption and atmospheric transparency. 

iv. Difference Between SD and Solar Irradiation 

a. Sunshine Duration (h/day) measures time, whereas solar irradiation 

(kWh/m²/day) measures energy. 

A province may experience long sunshine hours but with reduced intensity due to 

atmospheric scattering, humidity, and aerosols. This explains why Province Orientale, remains 

within the Medium Solar Potential classification. Thus, latitude alone does not determine solar 

potential. Atmospheric physics and regional climatic dynamics play a decisive role. 

From a planning perspective, Province Orientale presents strong but carefully structured 

opportunities for PV deployment, such are. 

(i) Favorable Conditions for Decentralized Systems 

 

With 5.5 h/day annual weighted SD, the province is suitable for: stand-alone PV 

systems, rural mini-grids, institutional electrification (health centers, schools), 

agricultural productive-use systems. 
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(ii) Seasonal Optimization Requirement 

Since October presents the lowest SD, system sizing must account for slight 

oversizing of PV arrays, adequate battery storage capacity, optimized tilt angle to 

maximize dry-season production. 

(iii) District-Based Planning Strategy 

 Haut-Uele (5.8 h/day): highly favorable for large PV farms and commercial solar 

installations. 

 Tshopo (5.1 h/day): requires reinforced storage strategy and potentially 

hybridization with other sources. 

(iv) Medium Solar Potential Optimization Strategy 

In a Medium Solar Potential Area, high-efficiency modules are recommended, 

performance ratio optimization becomes critical, and proper maintenance to reduce 

soiling losses is essential. 

 

3.2.1.1.8 Summary 

A direct comparison between Province Orientale and Équateur Province, both located 

within the equatorial belt, reveals a non-negligible divergence in sunshine duration (SD) despite 

their similar latitudinal positioning. While Équateur records a slightly higher weighted SD (~6.0 

h/day), Province Orientale exhibits lower values (~5.4 h/day), with a broader intra-provincial 

variability (5.1–5.8 h/day). This contrast cannot be attributed to solar geometry, which remains 

nearly identical, but rather reflects differences in regional atmospheric regimes. Province 

Orientale is more strongly influenced by persistent convective systems, higher cloud cover 

frequency, and moisture recycling processes, leading to reduced atmospheric transmissivity. In 

contrast, Équateur—although also humid—appears to benefit from relatively more stable cloud 

dynamics or shorter cloud persistence durations. 

This comparison provides compelling evidence of spatial non-stationarity within the 

equatorial climate zone itself, demonstrating that even minimal geographic displacement can 

induce measurable differences in solar resource availability. From a modeling standpoint, this 

result strongly supports the need for region-specific calibration of SD–GSI relationships, as 
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assuming homogeneity within the equatorial band would introduce systematic bias in solar 

resource assessment and, consequently, in photovoltaic (PV) system design and energy yield 

predictions. 

 

3.2.1.11. Sud Kivu 

In Sud Kivu, data analysis was conducted for the city of Bukavu and the territories of 

Fizi, Kabare, Kalehe, Mwenga, Shabunda, Uvira and Walungu. Table 3.11 presents the monthly 

Sunshine Duration (SD) across selected territories of Sud Kivu, providing a detailed spatial and 

temporal characterization of solar availability within the province. 

Table  3.11: Monthly SD for Sud Kivu 

Latitude 

(°) 
2°30'55''S 4°18'S 2°30'S 2°07'S 3°03'S 2°42'S  2°38’S 3°26'S 

Longitude 

(°) 
28°50'42E 28°57'E 28°48'57''E 28°55'E 28°26'E 27°21'E  28°40’E 29°08'E 

Aire (Km²) 60 15,788 1,960 5,125 11,172 25,116 1,800 3,148 

City Bukavu Fizi Kabare Kalehe Mwenga Shabunda Walungu Uvira 

January 5.5 7.6 6.5 7.3 6.3 5.8 5.5 7.7 

February 6.0 7.7 6.5 7.4 6.7 5.6 6.0 7.7 

March 5.9 7.4 5.9 7.2 6.5 5.3 5.9 7.4 

April 5.8 6.8 5.8 7.0 6.7 6.5 5.8 6.5 

May 6.3 7.4 5.9 7.0 7.0 5.3 6.3 6.6 

June 6.9 7.7 6.1 7.4 7.0 6.9 6.9 7.6 

July 7.3 7.8 6.4 7.7 7.1 6.8 7.3 7.8 

August 7.2 7.9 5.9 7.7 6.7 6.2 7.2 7.9 

September 6.8 7.9 5.3 7.5 5.9 5.4 6.8 7.8 

October 5.9 7.7 4.9 7.1 5.3 5.0 5.9 7.4 

November 5.3 7.4 5.3 7.0 5.6 5.0 5.3 7.2 

December 5.3 7.4 6.1 7.1 5.9 5.1 5.3 74 

Anual 

average  
6.2 7.6 5.9 7.3 6.4 5.7 6.2 7.4 

 

Source: Compiled from [14]. 

The dataset reveals a marked intra-provincial heterogeneity, with annual averages 

ranging from 5.7 h/day (Shabunda) to 7.6 h/day (Fizi). This dispersion highlights the strong 
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influence of local geographic controls, particularly topography, proximity to Lake Tanganyika, 

and forest cover. 

From a temporal perspective, the monthly values suggest a well-defined seasonal 

structure, yet with attenuated variability compared to purely continental climates. The relatively 

elevated SD values observed in several territories indicate that, despite its classification within 

a lower irradiation zone, Sud Kivu maintains a non-negligible solar resource in terms of 

sunshine duration. 

This confirms that SD alone is insufficient to fully characterize solar energy potential, 

reinforcing the need to integrate additional atmospheric variables in irradiance modeling. 

Figure 3.13 illustrates the temporal evolution of monthly SD across the selected 

territories of Sud Kivu, highlighting seasonal dynamics and inter-territorial variability. 

 

Figure 3.13: Temporal Trend of monthly SD for  Sud Kivu 

The figure 3.13 clearly emphasizes a coherent seasonal cycle dominated by atmospheric 

dynamics, with a systematic peak during the dry season (June–August) and a minimum during 

the onset of the rainy season (October–November). 

Beyond this general pattern, the divergence between curves reveals the role of 

mesoscale climatic effects, including orographic lifting, localized convection, and lake-induced 

atmospheric stabilization. In particular, territories such as Fizi and Uvira exhibit persistently 
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higher SD, suggesting reduced cloud persistence and enhanced atmospheric transparency, while 

inland forested areas such as Shabunda display dampened SD profiles due to high humidity and 

convective cloud development. 

Importantly, the moderate seasonal amplitude (~1.3 h/day) indicates a relatively stable 

solar regime, which is advantageous for PV system predictability, even though irradiance levels 

may remain constrained by cloud optical properties.  

The statistical indicators confirm a moderately high but structurally constrained SD 

regime, with a provincial weighted average of 6.5 h/day. The relatively narrow gap between 

maximum (7.2 h/day) and minimum (5.9 h/day) weighted SD values suggests limited intra-

annual variability, reinforcing the notion of a stable yet climate-regulated solar regime. 

However, the coexistence of relatively high SD values with low SI levels points to a 

decoupling between SD and effective solar energy yield, primarily driven by cloud optical 

thickness, atmospheric moisture content, and scattering processes. This highlights a critical 

implication for the study:  Accurate solar irradiance modeling in Sud Kivu cannot rely solely 

on SD, but must incorporate climatic parameters such as humidity, temperature, and rainfall, 

which directly affect atmospheric transmissivity. 

Overall, Sud Kivu exemplifies a climatically complex solar regime where relatively 

favorable SD coexists with reduced irradiance efficiency, underscoring the necessity of multi-

variable modeling approaches for reliable PV resource assessment. 

 

3.2.1.1.1.2.  Comparison with Nord Kivu 

Sud Kivu and Nord Kivu share a similar equatorial-altitude climatic regime. However, 

Nord Kivu is classified within the High Solar Potential Area, with annual irradiation between 

6 and 6.5 kWh/m²/day, almost double that of Sud Kivu. The difference can be explained by: 

1. Volcanic and Atmospheric Conditions 

Nord Kivu benefits from: 

 More frequent clear-sky windows 

 Lower persistent cloud layers in certain zones 
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 Different atmospheric circulation influenced by the Rift Valley structure 

2. Cloud Persistence Differences 

Sud Kivu experiences: 

 Stronger lake–mountain convection 

 Higher annual humidity 

 Greater cumulative cloud cover 

Thus, even if SD values appear comparable in duration, the quality and intensity of SI 

differ significantly. 

This confirms that: SD alone does not fully determine solar potential; but, irradiance 

intensity and atmospheric transmissivity are decisive factors. 

 

3.2.1.1.9 Photovoltaic Development Opportunities in Sud Kivu 

Despite being classified as a Low Solar Potential Area, Sud Kivu still presents 

significant opportunities for PV deployment. 

Given the dispersed rural population and limited grid coverage, technics such are solar 

home systems, community mini-grids; hybrid solar-diesel systems can be viable and 

economically justified. The peak SD during the dry season (June–August) coincides with  

reduced hydroelectric output in some micro-hydro plants [68] and increased agricultural 

processing demand. Thus, PV can complement hydro resources effectively. 

Urban zones with stable SD around 6–7 h/day are suitable for commercial rooftop PV, 

institutional solarization (universities, hospitals) or public lighting systems. Compared to Nord 

Kivu, which is more suitable for higher-yield grid-scale installations, Sud Kivu’s comparative 

advantage lies in distributed generation rural electrification, hybridization strategies 
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3.3 Analysis of Sunshine Duration  

3.3.1 Provinces Sunshine Duration 

Table 3.12 provides a synthetic overview of the spatial distribution of SD across both 

the former and the newly established provinces of the DRC. It enables a comparative 

assessment of solar resource variability at different administrative scales. 

Table 3.12: Provinces' SD 

Provinces 

(Former) 

Weighted SD 

(h/day) 

Districs /New 

Provinces  

Weighted SD 

(h/day) 

Bandundu 6.2 

Kwilu 6.1 

Kwango 6.4 

Mai-Ndombe 6.2 

Equateur 5.9 

Équateur 6.0 

Mongala 5.7 

Nord-Ubangi 6.1 

Sud-Ubangi 6.0 

Tshuapa 5.5 

Kasaï-Occidental 5.6 
Kasaï-Central 5.9 

Kasaï 5.5 

 Kasaï-Oriental 5.9 

Kasaï-Oriental 5.6 

Lomami 6.4 

Sankuru 5.6 

Katanga 6.8 

Haut-Katanga 6.8 

Haut-Lomami 6.6 

Lualaba 6.8 

Tanganyika 6.8 

Kinshasa 4.5 Kinshasa 4.5 

Kongo-Central 4.2 Kongo-Central 4.2 

Maniema 5.3 Maniema 5.3 

Nord Kivu 5.8 Nord-Kivu 5.8 

Province-Orientale 
5.4 

Bas-Uele 5.6 

Haut-Uele 5.8 

Ituri 5.5 

Tshopo 5.1 

 Tshuapa 5.5 

Sud Kivu 6.5 Sud-Kivu 6.5 

 

Table 3.12 reveals a marked spatial heterogeneity of SD across the country, with values 

ranging from 4.2 h/day to 6.8 h/day, indicating significant regional contrasts in solar resource 
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availability. This contrast can be primarily explained by the interaction between large-scale 

atmospheric circulation and regional climatic regimes. This is particularly pronounced in 

regions located within or near the equatorial belt , such as Équateur, which are subject to 

persistent convective activity and high cloud cover driven by the recurrent passage of the ITCZ,  

reducing effective SD. In contrast, southeastern regions, particularly the former Katanga, 

experience more stable atmospheric conditions, characterized by reduced cloud persistence and 

longer clear-sky periods, leading to higher SD values. 

Additionally, local factors such as altitude, land cover, and moisture availability further 

modulate this pattern by influencing cloud formation and atmospheric transparency. As a result, 

the observed spatial variability reflects a coupled climate–surface control, where both macro-

scale circulation and meso-scale environmental conditions jointly determine the distribution of 

solar resources.  

Figure 3.14 presents a heat map visualization of the spatial distribution of sunshine 

duration (SD), highlighting regional variability and intensity patterns across the study area. 

 

          Figure 3.14: Provincial-level Heat Map of Weighted Daily SD across the DRC 

The latitudinal analysis of SD across the RDC reveals that solar resource variability 

cannot be explained by solar geometry alone. Provinces located at comparable latitudes exhibit 

substantial differences in SD, with equatorial regions such as Équateur (~6.0 h/day) and 

Province Orientale (~5.1–5.8 h/day) showing clear divergence, while low-latitude western 

provinces (Kinshasa: 4.5 h/day; Kongo Central: 4.2 h/day) contrast sharply with southeastern 
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regions (Haut-Katanga: 6.8 h/day; Haut-Lomami: 6.6 h/day). These discrepancies highlight the 

dominant role of longitudinal atmospheric gradients, moisture advection, and cloud dynamics, 

which override latitudinal control. Consequently, SD in the DRC must be interpreted as a 

climate-driven rather than geometry-driven variable, providing strong justification for spatially 

explicit SD–GSI modeling frameworks. 

 

3.3.2 Synthetic Scientific Analysis of the Spatial Distribution of SD in the DRC 

The heat map summarizes provincial SD patterns, complementing the monthly tables 

and figures. Provinces such as Katanga ( Haut-Katanga, Lualaba, Tanganyika), and Sud-Kivu 

fall in the Very High (red) category, confirming their prime solar potential for both 

decentralized and grid-connected PV systems. Kwango (in the former province of Bandundu), 

Lomami (in the former province of Kasaï-Oriental), and Haut-Uele (in the former Province-

Orientale)  appear in the High (yellow) category, still favorable for PV deployment. Central 

and northern provinces, including Équateur, Nord-Ubangi, and Tshopo, lie in the Medium or 

Low (green and blue) zones, reflecting moderate to low SD. 

3.3.2.1. Spatial Distribution Insights  

A synthetic analysis of provincial SD reveals that spatial variability is not governed 

solely by latitude. Instead, atmospheric and climatic controls, particularly cloud cover 

dynamics, play a dominant role. Seasonal migration of the ITCZ modulates rainfall and cloud 

formation, shaping effective SD patterns across the country. This explains why southern and 

southeastern provinces experience the highest SD, while central equatorial and coastal 

provinces are less sun-exposed. 

Interpretation by Heat Map Zones: 

The Heat Map Zones can be interpreted as follows: 

 Low SD (blue): Provinces like Kongo Central, Kinshasa, and Maniema experience 

reduced SD due to oceanic influence, or dense equatorial forests, and persistent cloud 

cover. These areas are less favorable for solar PV deployment. 

 Medium SD (green): Central and northern provinces, including Équateur, Nord-Ubangi, 

Tshopo, Bas-Uele, and Ituri, exhibit moderate SD. Seasonal dry periods improve 

sunshine hours, but equatorial humidity and cloud formation limit annual totals. 
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 High SD (yellow): Provinces such as Kwango, Lomami, and Haut-Uele enjoy favorable 

SD with fewer annual clouds, suitable for efficient PV systems. Elevation in eastern 

areas also enhances solar exposure. 

 Very High SD (red): Haut-Katanga, Lualaba, Tanganyika, and Sud-Kivu record the 

highest SD nationally. These provinces benefit from continental climatic influence, 

longer dry seasons, making them the priority zones for solar energy development. 

This heat map provides a strategic, visually integrated summary of provincial solar 

potential, complementing all previous tables and figures, and enabling immediate identification 

of priority areas for PV deployment. 

Interpretation of Extreme MASD Areas 

The classification discussed above was based on SD magnitudes. The present analysis 

shifts the focus from absolute values to the timing of provincial extreme MASD (maximum and 

minimum), providing deeper insight into the seasonal dynamics governing solar availability. 

The results indicate that MASD divides the DRC into four distinct climatic–radiative regimes: 

 

(i) Area 1 (Max in July, Min in November): 

This regime reflects provinces dominated by a pronounced mid-year dry season, 

during which reduced cloud cover leads to peak solar availability. The sharp decline 

toward November corresponds to the onset of convective rainfall and increased 

atmospheric opacity. This pattern is characteristic of continental tropical climates, 

where SD variability is strongly controlled by seasonal cloud dissipation rather than 

astronomical factors. 

(ii) Area 2 (Max in January–February, Min in October): 

This area corresponds to equatorial bimodal rainfall regimes, where two rainy seasons 

structure the annual cycle. The SD maxima observed at the beginning of the year 

coincide with relatively clearer atmospheric conditions between rainfall peaks, while 

the October minimum aligns with intensified cloud formation. This indicates a cloud-

modulated radiative regime, typical of equatorial environments. 

(iii)Area 3 (Max in March, Min in August–September): 
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Provinces in this zone are influenced by Atlantic maritime dynamics, which alter the 

seasonal distribution of cloud cover. The early-year maximum suggests a transient 

period of reduced marine cloud intrusion, while the late dry-season minimum reflects 

persistent low-level cloudiness and humidity. This regime highlights the role of 

ocean–atmosphere interactions in modulating SD. 

(iv) Area 4 (Katanga: Max in September, Min in March): 

This regime is indicative of a southern tropical climate with a delayed seasonal cycle, 

where the dry season peaks toward the end of the austral winter. The high SD in 

September results from minimal cloud cover and enhanced atmospheric transparency, 

whereas the March minimum corresponds to peak rainy season conditions. This area 

exhibits the strongest seasonal contrast in SD. 

(v) Synthesis and Implications for Solar Energy Modelling 

The absence of a uniform national pattern demonstrates that SD variability in the DRC 

is fundamentally controlled by regional climatic regimes rather than by simple latitudinal 

gradients. The temporal distribution of MASD extremes reveals that cloud cover dynamics, 

driven by the seasonal migration of the ITCZ, continentality, and maritime influence, constitute 

the primary regulator of effective solar availability. 

From a solar energy perspective, this zonation has direct implications for photovoltaic  

system planning and optimization. Provinces within Area 1 and Area 4, characterized by well-

defined dry seasons and high seasonal peaks of SD, are particularly suitable for both grid-

connected and decentralized PV systems, as they offer predictable periods of high solar yield. 

In contrast, Areas 2 and 3 require adaptive system design, accounting for intra-annual 

variability and cloud-induced intermittency. 

Furthermore, this MASD-based classification provides a critical foundation for the 

modelling of SI across the provinces of the DRC, which constitutes the main objective of this 

study. By incorporating not only the magnitude but also the seasonal timing of SD extremes, 

the proposed approach enables a more accurate representation of solar resource variability, 

thereby improving the reliability of irradiance estimation models and their applicability for 

energy planning at both provincial and national scales. 
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3.4 SUMMARY OF CHAPTER 3 

This chapter has examined the national distribution of solar resources in the DRC 

through two complementary indicators: 

(i) Annual mean daily SI (kWh/m²/day), 

(ii) Annual mean daily SD (h/day). 

The analysis of  SI allowed the identification of four solar potential zones: low, medium, 

high, and very high. The highest irradiation levels are mainly concentrated in the Southeast 

(Katanga) and parts of the East, while comparatively lower values are observed in western 

coastal provinces. The subsequent analysis of SD confirmed a structured but not identical 

spatial distribution. The DRC can be divided into three SD zones, with values ranging from 4.2 

h/day in Kongo Central to 6.8 h/d in Katanga. 

A comparative East–West analysis at similar latitudes reveals a consistent longitudinal 

gradient, with eastern and southeastern provinces generally recording higher SD than western 

provinces. This pattern suggests that maritime influence, continentality, altitude, and cloud 

dynamics play a critical role in modulating effective SD. Furthermore, the absence of a 

theoretical June minimum in most provinces indicates that cloud cover associated with seasonal 

ITCZ migration exerts a stronger control on SD than astronomical day length alone. 

Overall, the combined analysis of irradiation and sunshine duration demonstrates that 

the most favorable zones for solar energy development are located in the Southeast and parts 

of the Eastern highlands, whereas western coastal and central basin regions present 

comparatively lower, though still significant, solar potential. These results provide a 

scientifically grounded framework for regional solar energy planning and constitute a solid 

basis for the subsequent modeling and simulation analyses developed in the following chapters. 

 

3.5 Physical and Methodological Justification for the Combined Use of 

Solar Irradiation and Sunshine Duration 

While the joint use of SI (kWh/m²/day) and SD(h/day) is introduced in the 

methodological framework, its full relevance emerges at the interpretation stage, where both 

indicators provide complementary insights into the solar resource 
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This joint use  in this study is methodologically justified by the complementary physical 

nature of these two indicators. SI represents the total amount of radiant energy received per unit 

surface over a given period. It directly determines the theoretical energy yield of photovoltaic 

(PV) systems and constitutes the primary design parameter for solar power assessment. SD, by 

contrast, measures the effective number of hours during which direct solar radiation exceeds a 

defined threshold (typically 120 W/m² for Campbell–Stokes instruments). Although SD does 

not quantify energy intensity, it reflects atmospheric transparency, cloud persistence, and 

seasonal sky conditions. 

Using irradiation alone may lead to incomplete interpretation because two regions with 

similar annual irradiation values may exhibit different temporal distributions of sunshine. 

Conversely, SD alone does not capture variations in solar intensity during clear-sky conditions. 

The combined analysis therefore allows:verification of coherence between energy 

magnitude (irradiation) and atmospheric clarity (SD), identification of regions where high 

irradiation may be associated with shorter but more intense radiation periods, permits better 

understanding of seasonal variability, which is crucial for PV sizing, storage requirements, and 

grid integration. 

Thus, the integrated use of irradiation and Sunshine Duration enhances both the physical 

interpretation of the solar resource and the reliability of energy system planning conclusions. 

This combined approach also provides a robust foundation for subsequent irradiance modeling, 

where SD serves as a key explanatory variable for capturing atmospheric modulation of solar 

radiation. 

 

 

 

 

 

 



 70  
 

CHAPTER 4: SPATIAL AND CLIMATIC FACTORS 

INFLUENCING  SUNSHINE IN THE  DEMOCRATIC 

REPUBLIC OF CONGO 

 

While Chapter 3 analysed the spatial distribution and zonal structure of SD  across the 

DRC from a territorial and energy-resource perspective, the present chapter investigates the 

underlying geographic and climatic mechanisms responsible for the observed patterns. The 

objective is not merely to describe how SD is distributed across the country, but to identify the 

principal spatial gradients and atmospheric processes that govern its variability. 

SD over a territory of continental scale such as the DRC is supposed to be influenced 

by a combination of geographic position, altitude contrasts, continentality effects, large-scale 

atmospheric circulation, rainfall regimes, and cloud persistence dynamics. Understanding these 

drivers is essential for interpreting regional disparities in solar resource availability and for 

ensuring the statistical consistency of subsequent irradiance modelling. 

Although numerous international studies have established relationships between SD and 

meteorological variables such as temperature, humidity, and precipitation over long-term 

temporal scales [69, 70, 71, 72, 73], these investigations predominantly focus on time-series 

variability. In contrast, the present research adopts a spatial analytical framework. Long-term 

averaged SD values are assumed to characterise the prevailing climatic regime of each province 

and are therefore analysed in relation to geographic and climatic gradients across the national 

territory. 

Particular emphasis is placed on longitudinal variation, relative humidity and rainfall 

processes. In a country marked by equatorial rainforest, extensive basin topography, and high-

elevation eastern plateaus, such factors may produce differentiated SD regimes. These regional 

climatic contrasts may, in turn, influence the stability and transferability of a unified national 

relationship between GSI and SD. 

The central question addressed in this chapter is whether SD behaves as a spatially 

homogeneous predictor across the DRC or whether certain regions exhibit statistically 

significant deviations from the general trend. Identifying such heterogeneity is critical for 

assessing the robustness of the GSI–SD regression models developed in Chapter 5 and for 
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determining whether differentiated modelling scenarios may be required in climatically 

complex areas. 

To quantify these relationships, Pearson’s correlation coefficient and associated 

confidence intervals are employed to evaluate the strength and significance of associations 

between SD and selected spatial variable, particularly longitude. The statistical findings are 

interpreted within a climatological framework integrating atmospheric circulation patterns, 

cloud persistence mechanisms, and orographic influences. 

By clarifying the dominant geographic and meteorological determinants of SD, this 

chapter establishes the explanatory and methodological foundation necessary for the 

formulation, validation, and interpretation of the solar irradiance prediction models presented 

in Chapter 5. It therefore represents a critical step in ensuring the physical coherence and 

statistical reliability of photovoltaic resource assessment across the DRC. 

 

4.1 Spatial variables  

Data analysis focuses on how SD varies with site longitude across the DRC. The 

objective is to evaluate whether a longitudinal gradient exists at a macro-spatial scale. 

For each province, one site with complete and reliable SD records was selected, and its 

SD and longitude were recorded. The selection criterion was strictly based on data completeness 

and measurement reliability in order to avoid missing-data bias and ensure statistical 

consistency. Since one qualified station was retained for each province, this procedure does not 

introduce systematic spatial bias and preserves the geographic representativeness of the dataset 

at the provincial scale. 

The monthly average SD for the province is substituted by the SD from the nearest 

selected city, ensuring that the substitution error does not exceed 3%. This small deviation 

indicates a strong agreement between Provincial Monthly Averages (PMA) and Site Monthly 

Averages (SMA). In solar climatology studies, discrepancies below 5% are generally 

considered acceptable and do not indicate systematic bias. In practical terms, a 3% deviation 

corresponds to less than 0.2 hours per day (approximately 10 minutes), which remains within 

the expected natural variability range under tropical atmospheric conditions. Therefore, this 
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substitution does not significantly affect the statistical analysis nor the estimation of correlation 

coefficients. 

Although the number of spatial observations is limited to the eleven provincial units, 

each value represents a long-term climatological average, thereby integrating substantial 

temporal information and ensuring statistical stability at macro-territorial scale. Longitudes are 

converted from degrees, minutes, and seconds to decimal degrees to ensure uniformity in 

statistical computation.  

Given the large west–east spatial extension of the DRC and the transition from Atlantic-

influenced western regions to elevated eastern plateaus, longitude is considered a relevant 

spatial variable for detecting potential geographic gradients. The purpose of this section is not 

to model intra-provincial microclimatic variability but to examine large-scale spatial patterns. 

At this macro-spatial level, one representative and reliable station per province is sufficient to 

capture broad longitudinal trends. To quantify the strength and direction of the relationship 

between SD and longitude, Pearson’s correlation coefficient is employed. Confidence intervals 

are computed to assess the statistical reliability of the estimated correlation. This approach 

ensures that any observed spatial relationship is evaluated not only in terms of magnitude but 

also in terms of statistical significance. 

Overall, the adopted methodology provides a coherent and statistically defensible 

framework for analysing the spatial structure of SD across the national territory. Table 4.1 lists 

the eleven former provinces of the DRC and the corresponding sites (city) selected for analysis, 

while Table 4.2 compares the Provincial Monthly Average SD (PMA) with the Site Monthly 

Average SD (SMA). 

Table 4.1: Mapping of Provinces to Representative Observation Sites 

Province  Former Bandudu Fomer Equateur 
 Former Kasaï-

Occid. 

 Form Kasaï 

Or. 
 Former Katanga Kinshasa prov. 

City 3Maisons Gbadolite city Kananga city 
Mbuji Mayi 

city 
Lubumbashi city 

Kinshasa 

province 

Province Kongo-Central 
Maniema 

province 
Nord-Kivu 

Former Prov. 

Orientale 
Sud Kivu  

City Boma city Kindu city Sake city Aba city Uvira city  

 

Adapted from [69] 
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                                            Table 4.2:Results for PMA and SMA 

 PMA SMA 

January 6.0 6.2 

Februay 6.0 6.1 

March 5.7 5.8 

April 5.4 5.5 

May 5.5 5.5 

June 6.0 6.0 

July 6.3 6.2 

August 5.7 5.8 

September 5.3 5.3 

October 5.0 5.2 

November 5.1 5.4 

December 5.5 5.7 

Yearly 

Mean 
5.6 5.7 

                                                     Adapted from [69] 

The results presented in Table 4.2 indicate a strong consistency between the Provinces 

Monthly Averages (PMA) and the Site Monthly Averages (SMA), with only marginal 

deviations observed throughout the year. The differences remain systematically small across all 

months, leading to a negligible discrepancy in the annual mean (5.6 h/day for PMA against 5.7 

h/day for SMA). 

From an analytical perspective, this close agreement suggests that the selected site 

effectively captures the dominant atmospheric and climatic conditions governing SD at the 

provincial scale. The absence of systematic bias between PMA and SMA further indicates that 

local variability within the province does not significantly distort the monthly SD signal when 

aggregated at the annual scale. Consequently, SMA can be considered a statistically reliable 

proxy for PMA in subsequent spatial analyses for this study. 
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4.1.1 Pearson’s Correlation Coefficient  And Confidence Interval 

Pearson’s correlation coefficient is employed to analyze the relationship between SD 

and the longitude of the selected sites. This coefficient measures the strength and direction of 

the linear association between two quantitative variables. Its value ranges from –1 to +1. A 

positive value indicates a positive linear correlation, whereas a negative value indicates a 

negative linear correlation. The absolute value |r| ranges from 0 to 1 and reflects the strength of 

the association. A coefficient close to ±1 denotes a strong linear relationship, whereas a 

coefficient approaching 0 indicates a weak linear association. A value of 0 implies no linear 

correlation between the variables [80]. 

In the present spatial framework, the two variables are defined as follows: 

 X represents the longitude of the selected sites, expressed in decimal degrees (°). 

 Y represents the corresponding long-term mean SD recorded at each site. 

Each observation therefore corresponds to one province–site pair. This design ensures 

territorial representativeness while preserving statistical independence between observations at 

national scale. Given the provincial scale of aggregation and the use of long-term climatological 

means, small-scale spatial autocorrelation effects are assumed to be limited and do not 

compromise the validity of the national-scale correlation analysis. 

The Pearson correlation coefficient r between the two variables X and Y is defined by 

Equation (4.1) [82]. The magnitude and statistical significance of r will determine whether SD 

exhibits a sufficiently structured longitudinal gradient to justify its subsequent use as a stable 

explanatory variable in the irradiance regression modelling developed in Chapter 5. 

 
𝑟 =

∑ (𝑋𝑖 − 𝑋̅). (𝑌𝑖 − 𝑌̅)𝑛
𝑖=1

√∑ (𝑋𝑖 − 𝑋̅)2𝑛
𝑖=1 ∗ ∑ (𝑌𝑖 − 𝑌̅)2𝑛

𝑖=1

 
(4.1) 

 

The confidence interval is obtained using some steps as in [70]:  

4.1.1.1. Slope and trend of  correlation 

The least squares method was employed to determine the slope of the relationship 

between SD and longitude for each month. The slope highlights the months during which SD 
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varies most rapidly with longitude. This helps to explore why this phenomenon occurs in a 

given month and to explain the tendency of the least squares line obtained. The relationship of 

the least squares line is expressed as follows: 

 𝑌 = 𝑎𝑋 + 𝑏 (4.2) 

Where X is the independent variable and Y the dependent variable, a is the slope of the 

line, and b is the intercept. The coefficients a and b are obtained using relationships described 

as in [71]. 

The coefficient a represents the slope of the line. A large value of a indicates a 

substantial change in SD per degree of longitude. As longitude increases from the western to 

the eastern DRC, a large positive value of a implies a significant increase in SD per degree of 

longitude, whereas a small positive value of a indicates only a slight increase in SD across the 

same longitudinal span. 

4.1.1.2.Results 

(i) Pearson correlation coefficient 

To examine the spatial distribution of sunshine duration (SD) across the Democratic 

Republic of Congo (DRC), the Pearson correlation coefficient was calculated between the 

monthly SD values and the corresponding longitude of each observation site. The analysis 

covers the twelve months from January to December. The objective is to determine whether a 

longitudinal gradient exists in the spatial variability of sunshine duration over the national 

territory. 

The results show a positive relationship between SD and site longitude throughout the 

year. In other words, sunshine duration tends to increase progressively from the western part of 

the country toward the eastern regions. This pattern appears consistently across most months, 

although its intensity varies slightly over the year. 

The confidence interval at the 95% level was also calculated for each monthly 

correlation coefficient. The results indicate that the correlation remains relatively strong during 

most months, with values ranging from 0.55 to 0.76. A slightly weaker relationship is observed 

during February and March, where the coefficients are 0.49 and 0.44, respectively. These values 
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still indicate a moderate positive relationship, suggesting that longitude remains a relevant 

spatial indicator of sunshine duration even during these months.  

Table 4.3 reports the longitudinal coordinates associated with the selected provincial 

sites used to investigate the spatial dependence of sunshine duration across the DRC. 

Table 4.3: Provinces and corresponding Longitudes 

Prov. Band. Eq . 
Kas. 

Oc 
Kas. or Kat. Kin. Kong.c Man. N.Kiv. Pr.or. S.Kiv. 

Long. (°) 17.39 20.91 22.42 23.59 27.47 15.32 13.06 25.95 29.04 30.23 29.14 

 

The longitudinal distribution exhibits a wide spatial span (~13°E to ~30°E), providing 

a robust gradient for assessing east–west atmospheric variability. This range is sufficiently large 

to capture variations in synoptic circulation patterns, moisture advection, and cloud formation 

regimes. Consequently, longitude can be treated as a proxy variable for large-scale climatic 

transitions, particularly between Atlantic-influenced western regions (Kongo-Central and 

Kinshasa) and more continental or rift-influenced eastern zones (Katanga and Sud Kivu). 

Table 4.4 presents the monthly SD values across the selected provincial sites, forming 

the empirical basis for subsequent spatial correlation analysis. 

Table 4.4: Adapted Provinces MASD 

Prov. Band. Eq . Kas.oc 
Kas.or

. 
Kat. Kin. 

Kong.

c 
Man. N.Kiv. Pr.or S.Kiv. 

January 6.1 7.7 5.9 6.2 6.0 5.0 4.2 5.5 5.5 8.0 7.7 

February 6.1 7.4 5.7 6.4 5.9 4.9 4.2 5.5 5.6 7.9 7.7 

March 5.8 7.1 5.3 6.0 5.4 5.2 4.5 5.0 4.8 7.6 7.4 

April 5.1 6.5 4.7 6.0 5.9 5.0 4.1 4.5 4.9 7.1 6.5 

May 5.2 6.2 5.0 6.9 7.4 4.4 2.6 4.5 5.5 6.7 6.6 

June 6.9 6.3 6.5 7.6 7.6 3.8 1.6 5.6 5.9 6.6 7.6 

July 7.4 6.2 6.9 7.7 7.7 3.8 1.5 6.4 6.5 6.7 7.8 

August 6.8 5.6 6.1 7.1 7.9 3.2 0.8 5.7 6.2 6.4 7.9 

September 5.7 5.4 5.6 5.6 8.1 3.5 0.5 5.2 5.3 5.9 7.8 

October 5.1 5.2 5.3 5.1 8.1 4.4 1.7 4.9 4.4 5.8 7.4 

November 5.1 5.8 5.0 5.2 7.2 4.9 3.8 4.7 4.1 6.8 7.2 

December 5.4 7.1 5.2 5.7 6.0 5.0 4.1 4.7 4.9 7.7 7.4 

Source : Reproduced from [69] 
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The dataset reveals a structured spatio-temporal organization of SD rather than random 

dispersion. The persistence of higher SD values in eastern provinces compared to western ones 

suggests a systematic longitudinal gradient, likely driven by differential cloud cover regimes 

and atmospheric transparency. Moreover, the seasonal coherence across provinces indicates 

that large-scale climatic forcing dominates over purely local effects, thereby justifying the use 

of simplified spatial predictors such as longitude in first-order modeling approaches. 

The monthly SD values reveal a structured spatio-temporal organization of SD rather 

than random dispersion. The persistence of higher SD values in eastern provinces compared to 

western ones suggests a systematic longitudinal gradient, likely driven by differential cloud 

cover regimes and atmospheric transparency. Moreover, the seasonal coherence across 

provinces indicates that large-scale climatic forcing dominates over purely local effects, thereby 

justifying the use of simplified spatial predictors such as longitude in first-order modeling 

approaches. 

In table 4.5, the “national average” column provides national monthly averages of SD, 

obtained by taking the weighted monthly averages of all DRC provinces. The “territorial 

average” column provides monthly average of eleven sites chosen from whole eleven provinces 

of DRC. For each province, the longitude of corresponding site was employed. The error 

occurred by this substitution does not exceed 7%. 

In order to verify whether the selected observation sites adequately represent the spatial 

conditions of the country, national averages of SD were compared with territorial averages 

calculated from the eleven selected locations. Table 4.5 compares national weighted averages 

of SD with territorial averages derived from representative provincial sites. 
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Table 4.5: National MASD vs  Territorial MASD 

Months National Averages (h/day) Territorial averages(h/day) Relative error (%) 

January 6.0 6.2 3% 

February 6.0 6.1 2% 

March 5.7 5.8 2% 

April 5.4 5.5 2% 

May 5.5 5.5 1% 

June 6.0 6.0 0% 

July 6.3 6.2 1% 

August 5.7 5.8 2% 

September 5.3 5.3 1% 

October 5.0 5.2 -4% 

November 5.1 5.4 7% 

December 5.5 5.7 5% 

Annual Average 5.6 5.7 3% 

The low relative error (generally ≤3%) indicates that the selected sites provide a 

statistically representative sampling of national SD variability. The isolated deviation observed 

in November (7%) can be attributed to increased atmospheric instability during the transition 

to the rainy season, where localized convective activity introduces higher spatial variability. 

From a statistical standpoint, this level of discrepancy remains within acceptable bounds for 

geophysical datasets characterized by high natural variability. 

The observed discrepancy (≤7%) falls within the standard representativeness error range 

reported in climatological and solar radiation studies, particularly in regions characterized by 

strong convective variability [20, 72]. 

The monthly Pearson correlation coefficients, together with their 95% confidence 

intervals, are presented in Table 4.6 to assess the statistical robustness of the relationship 

between longitude and SD. 

 

Table 4.6: Pearson correlation coefficient 

Between SD  and Longitude across the Year 

Months 𝑟 Borne inf. CI Borne sup. CI 

January 0.59 -0.01 0.88 

February 0.49 -0.16 0.84 

March 0.44 -0.22 0.82 

April 0.55 -0.07 0.87 
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Months 𝑟 Borne inf. CI Borne sup. CI 

May 0.72 0.21 0.92 

June 0.69 0.16 0.91 

July 0.71 0.20 0.92 

August 0.76 0.29 0.93 

September 0.76 0.29 0.93 

October 0.68 0.14 0.91 

November 0.57 -0.04 0.87 

December 0.55 -0.07 0.87 

                                   Reproduced from [69] 

The results reveal a temporally heterogeneous but structurally consistent relationship 

between longitude and SD. While moderate correlations persist throughout the year, the 

widening of confidence intervals during February–March indicates increased atmospheric 

stochasticity, likely associated with enhanced convective activity and cloud variability. 

Conversely, the strengthening and statistical stabilization of correlations from May to 

September suggest a more spatially organized radiative regime, where longitudinal gradients 

become a dominant control factor. This seasonal modulation highlights that longitude acts as a 

secondary but non-negligible proxy for SD, whose explanatory power is conditional upon 

atmospheric stability. Such behavior is particularly relevant for SD-based irradiance modeling, 

as it implies that spatial predictors gain reliability under reduced cloud-driven variability. 

(ii) Slope and trend of  correlation 

To quantify the longitudinal variation of SD, the least squares method was applied in 

order to estimate the slope of the linear relationship between SD and longitude. The slope 

represents the rate at which SD changes for each degree of longitude across the national 

territory. Table 4.7 presents the monthly slopes derived from the linear regression between SD 

and longitude, quantifying the spatial gradient of SD across the national territory. 

Table 4.7: Monthly slopes 

Months Slope (h/d/°) 

January 0.12 

February 0.12 

March 0.08 

April 0.09 

May 0.17 

June 0.22 

July 0.23 



 80  
 

Months Slope (h/d/°) 

August 0.27 

September 0.26 

October 0.19 

November 0.11 

December 0.11 

The consistently positive slopes confirm the existence of a persistent west-east radiative 

gradient, reflecting large-scale atmospheric circulation patterns and regional differences in 

cloud cover regimes. The marked amplification of slope values between May and September 

indicates a seasonal reinforcement of spatial contrast, likely driven by reduced convective and 

enhanced eastern atmospheric transparency. From a modeling perspective, this non-stationary 

gradient suggests that the sensitivity of SD to longitude is not constant but seasonally 

modulated. This has direct implications for regression-based SI estimation, as it justifies the 

inclusion of season-dependent spatial coefficients in SD–SI transfer functions to improve 

predictive accuracy. 

Figures 4.1 to 4.13 illustrate the monthly linear variation between SD and longitude, 

highlighting the seasonal evolution of spatial gradients across the study domain. 
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Figure 4.1 SD variation from longitude on January            Figure 4.2 SD variation from longitude on February 

 

 

 

 

 

 

 

 

 

      Figure 4.3 SD variation from longitude on March                  Figure4.5 SD variation from longitude on April 

 

 

 

 

 

 

 

 

 

Figure 4.6 SD variation from longitude on May                         Figure 4.7 SD variation from longitude on June 
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Figure 4.8 SD variation from longitude July                                        Figure 4.9 SD variation from longitude on August 

 

 

 

 

 

 

 

 

 

 

Figure 4.10 SD variation from longitude September                             Figure 4.11 SD variation from longitude on October 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.12 SD variation from longitude on November                       Figure 4.13 SD variation from longitude on December 
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The graphical representation confirms the progressive structuring of the SD–longitude 

relationship over the annual cycle. During the early months (January–March), the dispersion of 

data points reflects weak spatial organization, consistent with lower correlation coefficients and 

reduced slope magnitudes. As the year progresses toward the dry season (May–September), the 

alignment of observations along a clearer positive linear trend indicates a strengthening of the 

longitudinal control on SD, with reduced variance and improved linearity. This transition 

reflects a shift from convection-dominated to radiation-dominated atmospheric conditions. 

4.1.1.3. Discussion 

Seasonal atmospheric conditions may also contribute to the variations observed in the 

statistical indicators. The central basin is generally characterized by high humidity and frequent 

cloud cover, which can reduce the effective SD [87, 88]. In contrast, several eastern regions 

experience periods with reduced cloud cover during certain parts of the year when  the effective 

SD is increased [80, 89].This seasonal contrast appears in the statistical results. Between May 

and October, both the correlation coefficients and the regression slopes become larger, 

indicating that the spatial gradient in SD becomes more visible during this period. During 

months with more frequent cloud cover, the spatial differences in SD become less pronounced, 

which may explain the lower correlations observed during some months. 

The positive correlation observed between longitude and SD is consistent  with the 

spatial distribution of atmospheric conditions across the DRC. The positive slope obtained in 

the regression model indicates a gradual increase in SD from western provinces toward the 

eastern part of the country. Ths statistical behaviour suggests that the regression captures a real 

climatic gradient reflecting the transition from humid Atlantic-influenced environements to 

more continental atmospheric conditions further inland.  

Moving eastward, the terrain gradually rises toward a series of plateaus and 

mountainous regions associated with the western branch of the East African Rift 

system[85,86],. These areas include elevated regions such as the Uélé plateaus, the Kasaï 

uplands, and the Rwenzori Mountains, which reach 5,109 m, as well as the Virunga volcanic 

chain, including Nyiragongo (3,470 m). 



 84  
 

Taken together, these observations suggest that the distribution of SD across the DRC 

reflects the combined influence of terrain structure, seasonal atmospheric conditions, and 

regional climatic variability. 

The spatial patterns identified in this analysis are not only of climatological interest but 

also provide useful insights for energy planning. In particular, understanding how SD varies 

across the territory can help inform strategies for solar energy development. 

 

4.1.1.4. Implications for photovoltaic system planning across the DRC 

The spatial gradient in SD identified in this analysis has practical implications for the 

deployment and optimization of PV energy systems across the DRC.. 

The positive relationship between SD and longitude observed indicates that eastern 

provinces generally benefit from slightly longer SD particularly during the mid-year period 

when the correlation is strongest. This suggests that eastern provinces may offer slightly higher 

photovoltaic productivity potential, especially for large-scale solar installations operating 

during the dry season. 

However, the relatively moderate slopes obtained from the regression analysis indicate 

that the increase in SD from west provinces to east provinces remains progressive rather than 

abrupt. This means solar resources are broadly available across most provinces of the country, 

even in western and central provinces where SD is slightly lower. 

For national energy planning, this finding implies that photovoltaic development should 

not be geographically restricted to a limited area. Instead, PV deployment strategies should 

consider the entire national territory, while integrating the longitudinal gradient as one of 

several decision-making criteria. 

In addition to SD, other factors such as local electricity demand, grid infrastructure, land 

availability, accessibility, and regional climate variability must be considered in order to 

identify the most suitable locations for solar power development. 
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Thus, by combining spatial solar resource assessment with infrastructure and demand 

considerations, it could be possible to design a balanced photovoltaic expansion strategy 

capable of supporting energy access across both western and eastern provinces of the DRC. 

 

4.2 Climatic Variables  

The climatic parameters considered in this analysis include monthly maximum 

temperature (MAXT) expressed in degrees Celsius, monthly minimum temperature (MINT) 

expressed in degrees Celsius, relative humidity (HUM) expressed in %, and rainfall (RNF) 

expressed in mm. The selection of maximum temperature, minimum temperature, relative 

humidity, and rainfall reflects a deliberate focus on variables that are both physically 

meaningful and operationally accessible at large spatial scales [73]. These parameters 

collectively capture the key processes influencing solar radiation transfer through the 

atmosphere, including moisture content, cloud formation, and convective activity. 

While other variables such as altitude, cloud cover fraction, aerosol optical depth, or 

atmospheric pressure could provide additional explanatory power, their integration often 

requires higher-resolution datasets or introduces additional sources of uncertainty, particularly 

in data-sparse regions. The present choice therefore reflects a trade-off between physical 

completeness and modeling robustness. 

Importantly, this study does not exclude the relevance of these additional variables. 

Rather, it establishes a baseline modeling framework upon which future research can build. 

Subsequent studies could extend this approach by incorporating more advanced atmospheric 

descriptors and comparing their contribution to predictive performance against the 

parsimonious structure adopted here. Such comparative analyses would be particularly valuable 

for refining SD–SI transfer functions and improving the physical interpretability of solar 

resource models. 

From a modeling standpoint, the selected variables ensure a balance between physical 

interpretability, statistical stability, and scalability, thereby making them well-suited for 

integration into SD-driven SI models and subsequent PV performance simulations. 
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4.2.1 Correlation between sunshine duration and climatic variables 

To evaluate the statistical relationships between monthly SD and the selected climatic 

variables, the Pearson correlation coefficient was calculated for each month from January to 

December. This procedure permits to determine both the direction and the strength of the linear 

association between SD and each atmospheric parameter. 

For each correlation coefficient obtained, the 95% confidence interval was also 

estimated in order to provide a statistical indication of the reliability of the calculated values. 

Table 4.8 provides a comprehensive monthly dataset of SD and key climatic variables 

(temperature, humidity, and rainfall) across representative locations of the DRC, forming the 

empirical basis for subsequent correlation and modeling analyses. 

Table 4.8: DRC Climativ Variables 

    Band Eq. K .oc K .or Kat. Kin. K.cent. Man. N. Kivu Pr.Or. S. Kiv 

Months Variables Value Value Value Value Value Value Value Value Value Value Value 

JANUARY 

SD (h/d) 6.1 7.7 5.9 6.2 6 5 4.2 5.5 5.5 8 7.7 

MAXT (° C) 30.4 30.5 29,8 29.8 29.9 29.4 29.7 29.2 23.4 33.1 22.7 

MINT (°C) 23,1 22.8 21.6 20.8 21.8 22.5 23.3 22 17.1 21.6 15.9 

Humidity (%) 82 47 85 81 84 83 86 86 78 35 71 

RNF (mm) 137 147 154 149 149 126 178 153 196 18 138 

FEBRUARY 

SD 6.1 7.4 5.7 6.4 5.9 4.9 4.2 5.5 5.6 7.9 7.7 

MAXT (° C) 31 30.8 30,1 30.7 30.4 30 30.1 29.9 24 33.9 23.3 

MINT (°C) 23.4 23 21.9 21.1 22.1 22.8 23.7 22.3 17.4 22.5 16.1 

Humidity (%) 82 55 85 80 83 82 86 85 78 37 68 

RNF (mm) 135 146 143 137 143 110 151 143 196 29 92 

MARCH 

SD 5.8 7.1 5.3 6 5.4 5.2 4.5 5 4.8 7.6 7.4 

MAXT (° C) 31.1 23 30 30.5 30.1 30.4 30.4 26.9 23.6 31.8 22.9 

MINT (°C) 23.5 30.4 21.8 21.1 22.1 23 23.9 22.3 17 21.7 16.2 

Humidity (%) 84 69 86 81 82 81 86 87 84 58 69 

RNF (mm) 152 166 159 186 167 118 154 168 317 102 84 

APRIL 

SD 5.1 6.5 4.7 6 5.9 5 4.1 4.5 4.9 7.1 6.5 

MAXT (° C) 30.3 29.8 29.4 30.5 29.6 29.8 29.9 29 23.1 29.6 22.2 

MINT (°C) 23.3 23 21.8 21.1 22 22.9 23.8 22.4 16.7 20.8 15.9 

Humidity (%) 86 79 88 81 70 84 87 89 85 74 71 

RNF (mm) 172 165 157 148 172 146 189 170 292 212 110 

MAY 

SD 5.2 6.2 5 6.9 7.4 4.4 2.6 4.5 5.5 6.7 6.6 

MAXT (° C) 30.8 30.2 29.6 31.8 30 29.7 29.1 29.1 23.2 28.2 22.3 

MINT (°C) 23.4 22.9 21.8 20.7 22 22.5 23 22.3 16.9 20 15.5 

Humidity (%) 83 80 87 69 52 82 86 88 82 81 68 

RNF (mm) 111 99 115 40 100 83 33 118 182 219 55 
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    Band Eq. K .oc K .or Kat. Kin. K.cent. Man. N. Kivu Pr.Or. S. Kiv 

Months Variables Value Value Value Value Value Value Value Value Value Value Value 

JUNE 

SD 6.9 6.3 6.5 7.6 7.6 3.8 1.6 5.6 5.9 6.6 7.6 

MAXT (° C) 31.9 31.2 30.3 32.9 31.4 29.8 27.6 29.7 23.3 27.1 21.8 

MINT (°C) 23 22.3 21.2 19 21.1 20.7 20.3 21.8 17 19.2 14.9 

Humidity (%) 69 81 78 50 47 73 81 81 76 83 65 

RNF (mm) 28 27 44 7 25 6 9 45 96 179 13 

JULY 

SD 7.4 6.2 6.9 7.7 7.7 3.8 1.5 6.4 6.5 6.7 7.8 

MAXT (° C) 32.7 32.2 31 33.6 32.6 30 27 30.7 23.8 26.8 21.8 

MINT (°C) 22.9 22.2 21.1 19 21.1 19.8 18.7 21.6 17.1 18.7 14.6 

Humidity (%) 58 82 71 41 43 67 78 73 69 83 62 

RNF (mm) 15 21 43 3 18 1 7 37 54 200 3 

AUGUST 

SD 6.8 5.6 6.1 7.1 7.9 3.2 0.8 5.7 6.2 6.4 7.9 

MAXT (° C) 32.6 31.6 30 32.9 31.7 30.2 26.7 30.2 23.9 27.1 22.6 

MINT (°C) 23.2 22.6 21.3 20.5 21.8 20.3 19.1 21.8 17.2 18.7 15.1 

Humidity (%) 66 84 81 55 36 65 78 79 71 83 58 

RNF (mm) 49 69 118 33 69 7 13 81 108 22.6 4 

SEPTEMBER 

SD 5.7 5.4 5.6 5.6 8.1 3.5 0.5 5.2 5.3 5.9 7.8 

MAXT (° C) 31.9 30.7 29.6 30.9 30.5 31.3 27.9 29.4 23.5 27.6 23.6 

MINT (°C) 23.1 22.4 21.2 20.8 21.6 21.7 20.6 21.7 17 18.8 15.9 

Humidity (%) 78 84 86 75 31 66 79 84 79 82 56 

RNF (mm) 107 135 177 119 141 20 21 145 233 219 7 

 

 

OCTOBER 

SD 5.1 5.2 5.3 5.1 8.1 4.4 1.7 4.9 4.4 5.8 7.4 

MAXT (° C) 30.3 29.9 29.4 29.8 29.7 30.4 29.4 28.9 22.9 27.6 23.2 

MINT (°C) 22.8 22.4 21.3 20.7 21.6 22.5 22.4 21.7 16.7 19.5 16 

Humidity (%) 84 84 86 82 38 75 79 87 85 82 60 

RNF (mm) 186 196 206 170 192 120 64 218 384 158 29 

SD 5.1 5.8 5 5.2 7.2 4.9 3.8 4,7 4.1 6.8 7.2 

MAXT (° C) 29.7 29.9 29.1 29.4 29.1 29 29.9 28.4 22.6 30.8 22.4 

MINT (°C) 22.8 22.4 21.3 20,6 21.5 22.3 23.3 21.7 16.4 20.3 15.8 

Humidity (%) 85 79 87 83 67 84 84 88 86 73 67 

RNF (mm) 192 192 193 191 197 192 161 215 399 158 60 

DECEMBER 

SD 5.4 7.1 5.2 5.7 6 5 4.1 4.7 4.9 7.7 7.4 

MAXT (° C) 29.6 29.7 29.1 29.2 29.2 28.8 29.4 28.3 22.8 30.8 22.2 

MINT (°C) 22.9 22.6 21,4 20.7 21.7 22.3 23.2 21.8 16.7 20.3 15.8 

Humidity (%) 85 65 87 83 81 85 67 89 82 51 71 

RNF (mm) 185 177 179 179 178 166 194 199 259 32 158 

Reproduced from [69] 

The structure of the dataset in the Table 4.7 reveals that SD variability is not governed 

by a single dominant atmospheric parameter but rather emerges from a coupled 

thermodynamic–radiative regime. The apparent anti-phase behavior between SD and both 

 
NOVEMBER 
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HUM and RNF suggests that cloud optical depth and persistence act as first-order modulators 

of solar availability. Conversely, the weaker and less consistent association with temperature 

indicates that thermal variables operate more as indirect indicators of atmospheric state than as 

direct controls on radiative transmission. 

This multi-variable interaction highlights a key modeling implication: SD should not be 

interpreted as a purely geometric or astronomical variable, but as an emergent proxy of 

atmospheric transmissivity. As such, its integration into SI modeling frameworks is physically 

justified, particularly in regions where cloud dynamics dominate radiative attenuation. The 

dataset therefore supports the use of SD as an intermediate state variable linking large-scale 

atmospheric conditions to surface solar energy availability. 

 

4.3.1.1. Monthly Maximum Temperature (MAXT) 

The Pearson correlation coefficient between SD and MAXT [73]  was calculated for 

each month of the year. The associated confidence intervals were also determined in order to 

evaluate the statistical consistency of the relationships observed. 

The results indicate that the statistical relationship between SD and MAXT remains 

weak during most months of the year. A very weak positive correlation is observed in January 

and February, with coefficients of 0.04 and 0.28 respectively at the 95% confidence level. 

Similar weak positive relationships appear again during June, July, and August. 

During the remaining months, the correlation becomes slightly negative, with 

coefficients ranging approximately from −0.04 to −0.23, as shown in Table 4.9. 

                                               Table 4.9:  Pearson correlation coefficient  

                                Between SD and MAXT across the Year 

Months 𝑟 
Lower Bound 

CI 

Upper Bound 

CI 

January 0.04 -0.57 0.63 

February 0.28 -0.38 0.76 

March -0.23 -0.73 0.43 

April -0.11 -0.57 0.52 

May -0.08 -0.65 0.55 

June 0.09 -0.54 0.66 
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Months 𝑟 
Lower Bound 

CI 

Upper Bound 

CI 

July 0.15 -0.50 0.69 

August 0.08 -0.55 0.65 

September -0.11 -0.67 0.53 

October -0.21 -0.72 0.45 

November -0.05 -0.63 0.57 

December -0.04 -0.63 0.57 

                                Reproduced from [69] 

From a physical standpoint, these results suggest that MAXT is not a primary 

determinant of SD variability at the spatial scale considered. Surface temperature responds 

partly to incoming solar radiation, but it is also influenced by surface heat exchanges, 

atmospheric mixing, and regional circulation processes. Consequently, variations in maximum 

temperature do not systematically translate into proportional changes in SD. 

4.3.1.2. Monthly Minimum Temperature (MINT) 

The Pearson correlation coefficient between SD and MINT was also calculated for each 

month of the year, together with the associated confidence intervals. The results indicate that 

the SD–MINT relationship is predominantly negative throughout the annual cycle. Only March 

and July display weak positive correlations (0.07 and 0.03 respectively at the 95% confidence 

level). For all other months, the correlations remain negative. The smallest negative value 

(−0.02) occurs in August, whereas the strongest negative value (−0.39) is observed in May, as 

indicated in Table 4.10. 

                        Table 4.10: Pearson Correlation Coefficients between SD and MINT 

Months 𝑟 
Lower Bound CI Upper Bound 

CI 

January -0.30 -0.76 0.36 

February -0.33 -0.78 0.34 

March 0.07 -0.56 0.64 

April -0.04 -0.62 0.58 

May -0.39 -0.80 0.27 

June -0.18 -0.70 0.47 

July 0.03 -0.58 0.62 

August -0.02 -0.61 0.59 

September -0.23 -0.73 0.43 

October -0.34 -0.78 0.33 
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November -0.28 -0.75 0.38 

December -0.35 -0.79 0.31 

                       Reproduced from [69] 

Minimum temperature largely reflects nocturnal radiative balance and the thermal 

inertia of the lower atmosphere. Nights characterized by higher humidity or persistent cloud 

layers tend to maintain higher minimum temperatures while simultaneously reducing the 

amount of direct SI reaching the surface during the following day. This mechanism explains 

why the statistical association between MINT and SD tends to be weakly negative in most 

months. 

4.3.1.3. Relative Humidity (HUM) 

The Pearson correlation coefficient between SD and HUM) was calculated for each 

month of the year, together with the associated confidence intervals. 

The results reveal a moderate negative correlation between June and September, with 

coefficients ranging from −0.45 to −0.53 at the 95% confidence level. During the remaining 

months, the relationship becomes strongly negative, with values ranging approximately 

between −0.65 and −0.92, as presented in Table 4.11. 

Tableau 4.11: Correlation between SD and humidity 

Months 𝑟 
Lower 

Bound CI 

Upper Bound 

CI 

January -0.81 -0.95 -0.41 

February -0.76 -0.93 -0.28 

March -0.92 -0.98 -0.72 

April -0.84 -0.96 -0.47 

May -0.74 -0.93 -0.24 

June -0.53 -0.86 0.1 

July -0.49 -0.84 0.16 

August -0.45 -0.83 0.2 

September -0.49 -0.84 0.15 

October -0.66 -0.9 -0.1 

November -0.92 -0.98 -0.71 

December -0.65 -0.9 -0.08 

                               Reproduced from [69] 
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The results could be explained by this fact:  HUM is closely linked to the moisture 

content of the lower troposphere and therefore to the likelihood of cloud formation and 

atmospheric opacity [74], [75]. When humidity increases, the probability of cloud development 

and aerosol condensation also increases, which reduces the duration of direct solar radiation 

reaching the ground. The consistently negative correlation observed between SD and humidity 

therefore reflects the fundamental role played by moisture-controlled cloud processes in 

regulating sunshine duration. 

4.3.1.4. Rainfall (RNF) 

The Pearson correlation coefficient between SD and RNF was calculated for each month 

of the year, together with the associated confidence interval. 

The results show a weak positive correlation between May and September, with 

coefficients ranging from 0.14 to 0.32 at the 95% confidence level. In contrast, strong negative 

correlations appear during January, March, November, and December, with coefficients 

ranging from −0.53 to −0.68. A weak negative correlation is observed in April and October, 

whereas February exhibits a moderate negative correlation. Figure 4.14 illustrates the 

distribution of relative monthly rainfall, providing a visual framework to identify seasonal 

variations and pluviometric transition periods within the study area. 
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Figure 4.14 Relative Monthly Rainfall 
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The examination of Figure 4.14 reveals a pronounced cyclicity, suggesting that the local 

hydrological regime is directly influenced by the mechanisms of the Intertropical Convergence 

Zone (ITCZ). Beyond mere fluctuations in precipitation depth, the observed seasonal 

asymmetry indicates a differentiated water recharge dynamic. This configuration implies that 

solar radiation (SD) prediction models must rigorously account for these seasonal shifts, as the 

cloud cover associated with peak rainfall represents a critical attenuation factor for direct 

irradiance. Table 4.12 exhibits the correlation coefficients between SD and the Rainfall for all 

months of the year. 

Table 4.12: Correlation between SD and the Rainfall 

Months 𝑟 
Lower 

Bound CI 

Upper 

Bound CI 

January -0.6 -0.88 -0.01 

February -0.46 -0.83 0.19 

March -0.53 -0.86 0.1 

April -0.19 -0.71 0.46 

May 0.24 -0.42 0.73 

June 0.16 -0.48 0.69 

July 0.14 -0.5 0.68 

August 0.28 -0.38 0.75 

September 0.32 -0.35 0.77 

October -0.02 -0.61 0.59 

November -0.55 -0.86 0.07 

December -0.68 -0.91 -0.13 

Rainfall reflects the presence of organized convective or stratiform cloud systems, 

which directly modulate the penetration of solar radiation through the atmosphere. During 

months characterized by intense precipitation activity, extended cloud cover tends to reduce 

SD, producing negative correlations between rainfall and SD. During relatively drier periods, 

precipitation events may remain localized or short-lived, allowing sunshine duration to remain 

relatively high despite moderate rainfall amounts. 

4.3.1.5. Discussion 

The observed between SD and MAXT, MINT, humidity, and rainfall The statistical 

correlations identified between SD and the climatic variables considered in this analysis reflect 

the radiative and thermodynamic processes governing the lower tropical atmosphere over the 

DRC and align with findings from other studies [86], [88], [71], [87]. 
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 Among the variables examined, HUM exhibits the most consistent influence on SD. 

From a climate-physics perspective, this result is expected because atmospheric moisture 

directly controls cloud nucleation, cloud optical thickness, and atmospheric transmissivity. As 

humidity increases, the probability of cloud formation rises, leading to a reduction in the 

duration of direct solar radiation reaching the surface. 

RNF represents the macroscopic expression of these moisture-driven processes. Periods 

characterized by strong convective activity and persistent cloud systems tend to coincide with 

reduced SD, explaining the negative correlations observed during several months of the year. 

During transitional or comparatively drier periods, RNF events may occur without maintaining 

long-lasting cloud cover, which explains the weaker or occasionally positive correlations 

observed between RNF and SD. 

Temperature variables, by contrast, appear to exert a secondary influence on SD 

variability. MAXT and MINT mainly reflect the resulting thermal state of the atmosphere and 

the land surface, which depends on multiple energy-balance mechanisms including radiation, 

latent heat flux, and atmospheric mixing. For this reason, their statistical association with SD 

remains relatively weak. 

A comparison between RNF distribution and SD across provinces also reveals that 

spatial differences in SD across the DRC cannot be fully explained by precipitation totals alone.. 

For instance, although Nord Kivu records one of the highest annual rainfall totals, it does not 

systematically display the lowest SD values. Conversely, Kongo Central and Kinshasa, where 

rainfall amounts are comparatively moderate, present relatively low SD values. This apparent 

inconsistency indicates that SD is influenced not only by RNF intensity but also by regional 

atmospheric circulation, cloud persistence, and local geographical conditions such as 

topography and proximity to maritime air masses. 

From an energy resource perspective, these climatic interactions are particularly 

relevant because SD represents an important proxy indicator of SI availability. Understanding 

the atmospheric mechanisms controlling SD therefore provides useful information for assessing 

the spatial and seasonal variability of solar energy potential across the DRC. 

 



 94  
 

4.3 Summary 

The analysis conducted in this chapter highlights several correlation between SD and 

the principal climatic variables across the DRC. The results reveal a strong negative correlation 

between SD and HUM, indicating that increased atmospheric moisture is generally associated 

with shorter SD. This behaviour reflects the effect of cloud formation processes that limit the 

transmission of solar radiation through the atmosphere. 

The correlation between SD and RNF varies according to the seasonal rainfall regime. 

A weak positive correlation appears from May to September, whereas negative correlations 

dominate during the remaining months, when precipitation activity and cloud cover are more 

frequent. 

The correlation between SD and MAXT remains generally weak throughout the year. 

Slight positive correlations are observed in January, June, and August, while weak positive 

correlations occur in February and July. In contrast, very weak negative correlations appear in 

November and December, with weak negative correlations also observed in September and 

October. 

Similarly, the relationship between SD and MINT is predominantly negative over most 

of the year. Only March and July show weak positive correlations. The weakest negative 

correlation occurs in August, whereas the strongest negative value (−0.35) is recorded in 

December. Thus, these results indicate that SD variability across the DRC is primarily governed 

by atmospheric moisture and precipitation dynamics, whereas temperature variables play a 

more limited role. Combined with the spatial patterns identified earlier, the findings also 

indicate that SD tends to increase progressively from the western regions toward the eastern 

part of the country, reflecting the combined influence of climatic and geographical factors. 
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CHAPTER 5: STATISTICAL MODELING AND 

VALIDATION OF THE SD-GSI RELATIONSHIP  

 

Chapter 2 reviewed the principal theoretical and empirical models commonly used to 

estimate global solar irradiation on both horizontal and inclined surfaces. The mathematical 

formulations of these models were presented in detail in Eqs. (2.1–2.33) and apply to global 

solar irradiation on horizontal surface. Chapter 4 examined the spatial and climatic factors 

controlling sunshine duration across the DRC and analyzed their relationship with the 

variability of solar irradiation. 

Building upon these foundations, the present chapter investigates the relationship 

between SD and GSI across the provinces of the DRC. The objective is to establish reliable 

predictive models capable of estimating SI in regions where direct measurements remain 

unavailable. 

From a radiative transfer perspective, the GSI reaching the Earth’s surface is determined 

by the combined effects of extraterrestrial solar radiation and atmospheric attenuation 

processes. As solar radiation travels through the atmosphere, it undergoes scattering by 

molecules and aerosols, absorption by atmospheric gases, and extinction by cloud droplets. 

These processes collectively determine the fraction of incoming solar radiation that ultimately 

reaches the surface. 

A convenient dimensionless measure of this atmospheric attenuation is the clearness 

index 𝐾𝑇, defined as the ratio of global solar radiation at the surface to extraterrestrial solar 

radiation at the top of the atmosphere. This parameter encapsulates the integrated effects of 

atmospheric transmissivity, including cloud cover, aerosol loading, and water vapor absorption. 

In equatorial regions such as the Congo Basin, seasonal variability in extraterrestrial 

radiation is relatively weak due to the near-equatorial solar geometry. Consequently, variations 

in surface solar radiation are largely controlled by atmospheric processes, particularly cloud 

formation associated with tropical convection. 

The DRC lies within the equatorial belt strongly influenced by the ITCZ. The seasonal 

migration of the ITCZ governs the regional distribution of convective cloud systems, rainfall 
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patterns, and atmospheric humidity. These processes strongly modulate solar radiation 

transmission through the atmosphere and therefore play a central role in determining the spatial 

distribution of solar energy resources across the country. 

Given the limited availability of ground-based pyranometer measurements across the 

national territory, empirical models linking SD to SI provide an effective approach for 

estimating solar energy potential. Such models have been widely applied in tropical regions 

where SD observations are more readily available than direct irradiation measurements [76] 

[77]. 

This chapter calibrates five local statistical models—linear, quadratic, cubic, 

logarithmic, and exponential—to predict solar irradiation across the eleven former DRC 

provinces from weighted daily sunshine, assessing performance under two scenarios (with and 

without North and South Kivu) using R², NMAE, NMBE, NRMSE, and Nash–Sutcliffe 

efficiency, providing a concise, province-specific evaluation of model accuracy. 

 

5.1 Modeling Framework: From Spatial Variability of SD to SD–GSI Formulations 

The spatial analysis conducted in Chapter 4 demonstrates that SD exhibits a pronounced 

longitudinal gradient across the DRC, primarily controlled by variations in atmospheric 

moisture, including relative humidity and rainfall. This spatial structure suggests that the 

relationship between SD and GSI cannot be assumed to be spatially uniform. 

To account for this variability, the SD–GSI relationship is formulated using normalized 

variables of the form: 

 𝐻̅

𝐻̅0

= 𝑓 (
𝑆̅

𝑆0̅

) 
(5.1) 

where 
𝐻̅

𝐻̅0
 denotes the clearness index and 

𝑆̅

𝑆̅0
represents normalized SD. 

In this chapter, five functional models are established in order to capture different levels 

of atmospheric complexity as described in Equatns 2.2-2.10: 
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Given the spatial variability identified in Chapter 4, the coefficients of these models are 

not assumed to be constant at the national scale but are expected to depend on regional 

atmospheric conditions: 

 𝑎, 𝑏, 𝑐, 𝑑 = 𝑓(𝜃, 𝐻𝑈𝑀, 𝑅𝑁𝐹) (5.2) 

where 𝜃 is longitude. 

This framework provides the basis for the province-level calibration of SD–GSI models, 

enabling the evaluation of their performance under contrasted climatic regimes across the 

country. 

 

5.2 Data Analysis 

5.2.1 Sunshine Duration Dataset 

As previously described in Section 1.6, the SD data  used in this study were obtained 

from the ECMWF climate database for the period 1999–2019. Satellite-derived SD estimates 

provide a valuable alternative to ground observations in regions where meteorological 

monitoring networks are sparse. However, satellite retrieval algorithms infer SD indirectly from 

cloud detection schemes and radiative measurements at the top of the atmosphere. In tropical 

regions characterized by deep convective cloud systems [57], these algorithms may slightly 

overestimate effective surface SD because they do not fully resolve the vertical structure and 

optical thickness of cloud systems [78]. 

Convective clouds typical of equatorial climates often exhibit large cloud optical depths, 

which significantly reduce the direct component of solar radiation reaching the surface. 

Multiple scattering processes within these clouds increase the diffuse radiation fraction while 

reducing the duration of direct sunshine observed at the surface. 

To account for this systematic discrepancy, a correction factor of 0.75 was applied to 

the satellite-derived SD values.  This correction can be interpreted physically as an adjustment 

for the attenuation of direct beam radiation caused by convective cloud systems and high 

atmospheric humidity typical of the Congo Basin. Similar correction magnitudes have been 

reported in tropical radiation studies where satellite sunshine estimates were compared with 

ground observations [79]. The corrected dataset therefore represents the effective SD 
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contributing to surface SI, which is the quantity most relevant for photovoltaic energy 

applications. 

5.2.2 Modeling 

The empirical solar radiation models evaluated in this chapter correspond to the 

formulations introduced in Chapter 2–. These include the linear Ångström–Prescott model(Eq. 

(2.2) ), polynomial extensions :quadratic and cubic formulation (Eqs. (2.6 and 2.7)), logarithmic 

and exponential formulations (Eqs. (2.8-2.10)). 

These models describe the relationship between the clearness index  (Eq. 2.26) and the 

sunshine fraction and therefore provide a simplified representation of atmospheric 

transmissivity as a function of cloud cover variability. 

Table 5.1 presents the mean GSI on horizontal surfaces across the provinces of the DRC: 

                            Table 5.1: Annual averages GSI across DRC provinces 

Provinces 
Average 

(Kwh/m²/d) 

Bandundu 5.75 

Equateur 5.25 

Kasaï-occidental 4.77 

Kasaï-Oriental 5.21 

Katanga 6.50 

Kinshasa 4.50 

Kongo central 4.10 

Maniema 6.35 

Nord Kivu 4.75 

Province Orientale 4.96 

Sud Kivu        3.68 

                                Reproduced from [80] 

The apparent availability of provincial-scale SI data provided by the Table 5.1. should 

not be interpreted as evidence of data sufficiency. Rather, it highlights a critical scale mismatch: 

in a country as vast and climatically heterogeneous as the DRC, provincial averages mask 

substantial intra-regional variability. Reliance on such aggregated values may therefore lead to 

significant bias in PV system sizing, through overestimation or underestimation of the actual 

resource. This apparent contradiction is not a limitation, but the very motivation of this study, 
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which seeks to restore spatial representativeness through normalized SD–GSI modeling. The 

SD data for the DRC are presented in table 5.2 .  

                          Table 5.2 : Weighted MASD across DRC provinces 

 

 

 

 

 

 

 

                                                                         

The table highlights the spatial gradient of SD across DRC provinces, with generally 

higher values in the south eastern regions, consistent with the longitudinal trends disccussed in 

Chapter 4 (See Section 4.1), while table 5.3 presents the AASD and the corresponding GSI for 

the provinces of the DRC.                                                 

Table 5.3: Annual Averages SD and corresponding GSI 

Provinces  SD (h/d) Average (Kwh/m²/d) 

Bandundu 6.2 5.75 

Equateur 5.9 5.25 

Kasaï-occidental 5.6 4.77 

Kasaï-Oriental 5.9 5.21 

Katanga 6.8 6.50 

Kinshasa 4.4 4.50 

Kongo central 4.2 4.10 

Maniema 5.3 6.35 

Nord Kivu 5.8 4.75 

Prov. Orientale 5.4 4.96 

Sud Kivu 6.5 3.68 

                                  Source: Reproduced from [80] 

Provinces SD (h/d) 

 Bandundu 6.2 

Equateur 5.9 

Kasaï-Occidental 5.6 

 KasaÏ-Oriental 5.9 

 Katanga 6.8 

Kinshasa 4.4 

Kongo central 4.2 

Maniema 5.3 

Nord Kivu 5.8 

Province 

Orientale 
5.4 

Sud Kivu 6.5 

Source: Reproduced from [80] 
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Overall, the data presented in the table 5.3 empirically confirm the general relationship 

between the weighted annual average of  SD and the corresponding annual averages of GSI 

across the eleven provinces of the DRC in their former administrative configuration. 

Nevertheless, an apparent inconsistency emerges: despite relatively high SD values, Sud Kivu 

records lower GSI levels than western provinces such as Kinshasa and Kongo Central, which 

exhibit some of the lowest SD values in the country. This apparent discrepancy is consistent 

with the regional climatic mechanisms discussed in Chapter 4, Section 4.2. 

 

 5.1.2.1. Scenario 1: Nord and Sud Kivu excluded 

Table 5.4 presents the polynomial models for the scenario 1, where the provinces of 

Nord and Sud Kivu are excluded.  

Table 5.4: GSI-SD polynomial models 

Model Linear model Quadratic model Cubic model 

Relationship 

𝐻̅

𝐻̅0
= 𝑎 + 𝑏

𝑆̅

𝑆̅0
                                                                              

 

 

𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

 

𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

+ 𝑑 (
𝑆̅

𝑆0̅

)

3

 

𝑅2 0.79 0.88 0.93 

NS 0.94 0.97 0.97 

Nomalized MAE  6.05% 3.92% 3.97 

Normalized MBE 4.06% 0.09% 0.84 

Normalized RSME  7.94% 5.07% 0.26 

Model coefficients 𝑎 𝑏 𝑐 𝑎 𝑏 𝑐 𝑎 𝑏 𝑐 𝑑 

Coefficient Confidences 

bounds 
95% 95% - 95% 95% 95% 95% 95% 95% 95% 

Grand Bandundu 0.12 0.63 - 1.34 -1.68 1.06 1.07 -3.10 4.15 -1.12 

Grand Equateur 0.13 0.63 - 1.35 -1.70 1.07 1.10 -3.18 4.26 -1.15 

Kasaï-occidental 0.12 0.63 - 1.34 -1.68 1.06 1.06 -3.07 4.11 -1.11 

Kasaï-Oriental 012 0.63 - 1.34 -1.68 1.06 1.06 -3.06 4.10 -1.10 

 Katanga 0.12 0.63 - 1.34 -1.67 1.06 1.04 -3.01 4.03 -1.08 

Kinshasa 0.12 0.63 - 1.34 -1.68 1.06 1.07 -3.09 4.13 -1.11 

Kongo central 0.12 0.63 - 1.34 -1.68 1.06 1.06 -3.07 4.11 -1.11 

Maniema 0.12 0.63 - 1.34 -1.68 1.06 1.08 -3.11 4.16 -1.12 

Province Orientale 0.13 0.63 - 1.35 -1.69 1.07 1.10 -3.17 4.25 -1.14 

Source : Reproduced from [80] 
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The results presented in Table 5.4 indicate that the predictive performance of the 

polynomial models improves with increasing model order. The cubic model provides the 

highest explanatory power (R² = 0.93) and the lowest normalized RMSE (0.26), while the 

relatively small variation of the model coefficients across provinces suggests a spatially 

consistent SD–GSI relationship over most regions of the DRC. 

Table 5.5 presents the logarithmic and exponential regression models established to 

describe the relationship between SD and GSI for the provinces of the DRC, excluding Nord 

and Sud Kivu. 

Table 5.5 : GSI-SD Logarithmic and Exponential models 

Models Logarithmic Exponential 

Relationship 
 

𝐻̅

𝐻̅0
= 𝑎 + 𝑏𝑙𝑜𝑔 (

𝑆̅

𝑆̅0
)                                                                                   

𝐻̅

𝐻̅0
= 𝑎 + 𝑏𝑒

(
𝑆̅

𝑆̅0
)
                                                                                          

 

𝑅2 0.74 0.80 

NS 0.92 0.94 

Nomalized MAE  5.46% 0.05% 

Normalized MBE 0.15% -0.09% 

Normalized RSME  7.08% 6.06% 

Model coefficients 𝑎 𝑏 𝑎 𝑏 𝑐 

Coefficient Confidences 

bounds 

95% 95% 95% 95% - 

Bandundu 0.75 1.47 0 0.35 - 

Equateur 0.76 1.48 0 0.35 - 

Kasaï-occidental 0.75 1.46 0 0.35 - 

Kasaï-Oriental 0.75 1.46 0 0.34 - 

Katanga 0.75 1.46 0 0.34 - 

Kinshasa 0.75 1.46 0 0.35 - 

Kongo central 0.75 1.46 0 0.35 - 

Maniema 0.75 1.47 0 0.35 - 

Province Orientale 0.76 1.48 0 0.35 - 

Source : Reproduced from [80] 

An important observation emerging from Table 5.5 is the remarkable stability of the 

regression coefficients across provinces for the logarithmic and the exponential models. Their 

parameters exhibit very limited variation between regions, suggesting that the statistical 

relationship between SD and GSI remains spatially consistent across most parts of the DRC. 

This stability indicates that the derived models may be applicable at a broader national scale.  



 102  
 

To further illustrate the behaviour of the proposed models, the regression relationships 

derived from the SD–GSI dataset are presented graphically in the following figures. The 

empirical relationships between SD and GSI obtained from the statistical models are illustrated 

in Figures 5.1(a–e), which present the regression curves corresponding to the five tested models 

(linear, quadratic, cubic, logarithmic, and exponential). 
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As shown in Figures 5.1(a–e), the polynomial models, particularly the cubic 

formulation, provide a closer fit to the observed data points, indicating their greater ability to 

capture the nonlinear behaviour of the SD–GSI relationship across the studied provinces. 

 

 

 

 

 

 

  

  

 

Figure 5.1. Correlation between GSI and  SD  

Source: Reproduced from [80]. 
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 5.1.2.2. Scenario 2: Nord and Sud Kivu included 

Table 5.6 presents the polynomial models for the scenario 2, where the provinces of 

Nord and Sud Kivu are included.  

Table 5.6: GSI-SD polynomial models 

Models Linear  Quadratic Cubic  

Relationship form 

𝐻

𝐻0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

 

 

 
𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

 

𝐻̅

𝐻̅0

= 𝑎 + 𝑏
𝑆̅

𝑆0̅

+ 𝑐 (
𝑆̅

𝑆0̅

)

2

+ 𝑑 (
𝑆̅

𝑆0̅

)

3

 

𝑅2 0.64 0.70 0.71 

NS 0.87 0.90 0.70 

Nomalized MAE  6.30% 6.18% 12.28% 

Normalized MBE 0.51% 0.46% 6.40% 

Normalized RSME  7.55% 7.10% 6 .94% 

Model coefficients 𝑎 𝑏 𝑐 𝑎 𝑏 𝑐 𝑎 𝑏 𝑐 𝑑 

Coefficient 

Confidences bounds 
95% 95% - 95% 95% 95% 95% 95% 95% 95% 

Grand Bandundu 0.23 0.60 - 1.27 -1.69 1.07 -3.03 17.65 -29.27 16.60 

Grand Equateur 0.23 0.60 - 1.28 -1.69 1.06 -3.11 18.10 -30.02 17.03 

Kasaï-occidental 0.23 0.60 - 1.26 -1.69 1.07 -3.00 17.48 -28.98 16.44 

Kasaï-Oriental 0.23 0.60 - 1.26 -1.69 1.07 -2.99 17.42 -28.88 16.38 

Grand Katanga 0.23 0.59 - 1.26 -1.68 1.06 -2.94 17.12 -28.38 16.10 

Kinshasa 0.23 0.60 - 1.27 -1.69 1.08 -3.02 17.56 -29.12 16.52 

Kongo central 0.23 0.60 - 1.26 -1.69 1.07 -3.00 17.44 -28.93 16.41 

Maniema 0.23 0.60 - 1.27 -1.69 1.07 -3.04 17.69 -29.33 16.64 

Nord Kivu 0.23 0.60  1.28 -1.69 1.06 -3.10 18.04 -29.92 16.97 

Province Orientale 0.23 0.60  1.27 -1.69 1.06 -3.08 17.93 -29.73 16.87 

Sud Kivu 0.23 0.60  1.27 -1.70 1.07 -3.16 18.36 -30.45 17.27 

Source: Reproduced from [80] 

The results presented in Table 5.6 show that the inclusion of Nord and Sud Kivu 

significantly reduces the explanatory power of the regression models, as reflected by the lower 

coefficients of determination (R² = 0.64–0.71). This decline suggests that the SD–GSI 

relationship becomes less consistent when these provinces are considered, likely due to the 

distinct meteorological and topographic conditions of the eastern highland region. 

Table 5.7 presents the logarithmic and exponential regression models established to 

describe the relationship between SD and GSI for the provinces of the DRC, including Nord 

and Sud Kivu. 
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Table 5.7: Exponential and Logarithmic models 

Model Logarithmic model Expoential model 

Relationship form 

 

𝐻̅

𝐻̅0

= 𝑎 + 𝑏𝑙𝑜𝑔 (
𝑆̅

𝑆0̅

) 

𝐻̅

𝐻̅0

= 𝑎 + 𝑏𝑒
(

𝑆̅
𝑆̅0

)
 

 

𝑅2 0.61 0.66 

NS 0.85 0.87 

Nomalized MAE  6.37% 0.14% 

Normalized MBE 0.54% 0.25% 

Normalized RSME  7.81% 7.33% 

Model coefficients 𝑎 𝑏 𝑐 𝑎 𝑏 𝑐 

Coefficient Confidences bounds 95% 95% 95% 95% - i 

 Bandundu 0 0.38 - 0.81 1.22 - 

Equateur 0 0.38 - 0.81 1.23 - 

Kasaï-occidental 0 0.37 - 0.81 1.22 - 

Kasaï-Oriental 0 0.37 - 0.81 1.21 - 

 Katanga 0 0.37 - 0.80 1.21 - 

Kinshasa 0 0.37 - 0.81 1.22 - 

Kongo central 0 0.37 - 0.81 1.21 - 

Maniema 0 0.38 - 0.81 1.22 - 

Nord Kivu 0 0.38 - 0.81 1.23 - 

Province Orientale 0 0.38 - 0.81 1.22 - 

Sud Kivu 0 0.38 - 0.81 1.22 - 

Source: Reproduced from [80] 

As shown in Table 5.7, the logarithmic and exponential models exhibit relatively modest 

predictive performance when all provinces are included, with R² values not exceeding 0.66. 

This outcome further indicates that the nonlinear SD–GSI relationship becomes more difficult 

to capture statistically when the particular climatic conditions of Nord and Sud Kivu are 

incorporated into the dataset. 

The corresponding regression relationships obtained when Nord and Sud Kivu are 

included in the dataset are presented in Figures 5.2(a–e), which illustrate the statistical 

behaviour of the five models under the full national dataset. 
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 Figure 5.2. Correlation between GSI and  SD.  

 

Source: Reproduced from [80] 
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Compared with the previous case, the dispersion of the data points appears more 

pronounced, reflecting the reduced strength of the SD–GSI relationship when the particular 

climatic conditions of North and South Kivu are taken into account. 

 

5.3 Model Validation  

In this study, model validation is performed using a combination of complementary 

criteria that capture different aspects of model performance, including explanatory power, 

predictive accuracy, and systematic bias. 

 

5.3.1 Explanatory power and predictive accuracy 

1. Coefficient of determination (R²): 

The coefficient of determination, R², quantifies the fraction of variance in the dependent 

variable (GSI) that is explained by the independent variable (SD). A higher R² indicates that 

the model captures more of the observed variability in SI, reflecting strong explanatory 

capability. In this study, R² is considered acceptable if it exceeds 0.7, a threshold commonly 

adopted in solar resource modeling studies to ensure meaningful predictive strength, 

particularly when working with spatially heterogeneous datasets. 

2. Nash–Sutcliffe efficiency (NS): 

The Nash–Sutcliffe efficiency coefficient (NS) [22], also called the model 

acceptability index, evaluates the overall predictive skill of a model relative to the observed 

mean. Values of NS approaching 1 indicate high model reliability, while NS values below 0 

suggest that the model performs worse than the mean of the observed data. In this work, models 

are considered robust if NS falls within the range of 0.7–1.0 [81].which guarantees that the 

model sufficiently captures the temporal and spatial dynamics of GSI across the provinces . The 

NS is defined as in [22]. 
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5.3.2 Normalized error metrics: 

To complement R² and NS, three normalized error metrics or Non-dimensional (ND) 

versions of these metrics are employed: NDMAE, NDMBE and NDRSME, expressed as a 

percentage and defined as in [21]. 

5.3.3 Integration of complementary criteria: 

By evaluating models simultaneously using R², NS, NMAE, NMBE, and NRMSE, a 

multidimensional assessment of performance is achieved. This ensures that a model is not 

selected solely based on its fit to the data (high R²) while neglecting systematic errors or 

deviations (bias and normalized errors). In this Chapter, only models that satisfy all criteria 

simultaneously are retained for further analysis, ensuring both statistical robustness and 

physical plausibility. 

 

5.3.4 Justification in the context of the DRC: 

Given the scarcity of direct SI measurements across the DRC, and the reliance on SD as 

a proxy, rigorous validation is essential. The combination of these metrics provides a 

comprehensive assessment, accounting for both the nonlinearity of the SD–GSI relationship 

and the spatial heterogeneity of solar resources across provinces. This multi-criteria approach 

strengthens the credibility of the derived statistical models, facilitating their application for PV 

system planning and solar energy assessments across diverse climatic zones. 

In summary, the validation framework adopted in this study ensures that the developed 

models are not only statistically significant but also operationally reliable, providing a sound 

basis for both theoretical insights and practical applications in solar energy deployment in the 

DRC 

 

5.3.5  Analysis of Coefficient of Determination (𝑹𝟐 ) 

Scenario  1: Nord and Sud Kivu excluded 

Table 5.8 presents the coefficients of determination (R²) for the five statistical models 

(linear, quadratic, cubic, logarithmic, and exponential) obtained when the provinces of Nord 
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Kivu and Sud Kivu are excluded. These values quantify the proportion of variance in annual 

mean GSI that is explained by the annual mean daily SD for each model. 

Table 5.8: Coefficients of Determination (𝑅2)of the Evaluation Models 

Models Linear Quadratic Cubic Logarithmic Exponential 

R2 0.79 0.88 0.93 0.74 0.80 

Source : Compiled and processed by the author. 

Excluding Nord and Sud Kivu reveals that the polynomial models—particularly the 

cubic formulation—capture the SD–GSI relationship with the highest fidelity. Specifically, the 

quadratic and cubic models explain 88% and 93% of the observed variance, respectively, 

indicating their superior ability to represent the underlying nonlinear dynamics of solar 

radiation across the DRC provinces. In contrast, the logarithmic model exhibits the lowest 

explanatory power (R² = 0.74), suggesting a limited capacity to capture complex spatial patterns 

when these two climatically distinct provinces are omitted. 

Scenario  2: Nord and Sud Kivu included 

Table 5.9 reports the coefficients of determination for the same set of models, this time 

including the Nord and Sud Kivu provinces. The inclusion of these regions, characterized by 

distinct meteorological regimes, allows for assessment of model robustness across the full 

diversity of climatic conditions within the DRC. 

Table 5.9: Coefficients of Determination (𝑅2)of the Evaluation Models 

Models Linear Quadratic Cubic Logarithmic Exponential 

𝑹𝟐 0.64 0.70 0.71 0.66 0.61 

Source : Compiled and processed by the author. 

When Nord and Sud Kivu are incorporated, the explanatory power of all models declines 

due to the increased climatic heterogeneity. Only the quadratic (R² = 0.70) and cubic (R² = 0.71) 

models maintain moderate predictive capability, capturing approximately 70% of the variance 

between SD and GSI. The linear, logarithmic, and exponential models fall below the 70% 

threshold, indicating inadequate representation of the complex SD–GSI relationship across the 

full national territory. This contrast highlights the sensitivity of simpler models to regional 
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climatic anomalies and reinforces the necessity of higher-order polynomial formulations for 

robust solar radiation estimation in diverse tropical contexts. 

5.3.6 Analysis of Nash-Sutcliffe Efficiency Values 

5.2.6.1. Scenario 1:  Nord and Sud Kivu excluded 

Table 5.10 reports the NS efficiency values for the five statistical models (linear, 

quadratic, cubic, logarithmic, and exponential) obtained when the provinces of Nord and Sud 

Kivu are excluded. NS quantifies the predictive power of each model, with values 

approaching 1 indicating superior performance and values below 0.7 considered insufficient 

for reliable predictions. 

Table 5.10 : Performance Assessment of Models Using Nash-Sutcliffe Efficiency 

Models Linear Quadratic Cubic Logarithmic Exponential 

NS value 0.94 0.97 0.97 0.74 0.80 

                  Source : Compiled and processed by the author. 

All models satisfy the NS acceptance threshold of 0.7, confirming their overall 

adequacy. Notably, the cubic and quadratic models exhibit NS values near 1, demonstrating 

their superior capacity to capture the nonlinear relationship between SD and GSI. Although the 

logarithmic model meets the minimum criterion, its lower NS value reflects a reduced 

predictive robustness compared to the polynomial formulations. These results indicate that 

higher-order models are more appropriate for precise solar radiation estimation when the 

climatically unique Nord and Sud Kivu provinces are excluded. 

5.2.6.2. Scenario 2:  Nord and Sud Kivu included 

Table 5.11 presents the NS values obtained for the same set of models when all 

provinces of the DRC are included. The inclusion of Nord and Sud Kivu introduces increased 

climatic heterogeneity, allowing an assessment of model robustness across the entire national 

territory.                                
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Table 5.11: Model NS values 

Models Linear Quadratic Cubic Logarithmic Exponential 

NS 0.87 0.89 0.70 0.85 0.87 

Source : Compiled and processed by the author. 

All models remain above the 0.7 acceptance threshold, confirming general robustness. 

However, the cubic model now exhibits the lowest NS value, while the quadratic model 

maintains the highest efficiency. This suggests that although polynomial models generally 

perform well, climatic and topographic variability in the eastern highlands (Nord and Sud Kivu) 

reduces the effectiveness of higher-order models. Consequently, quadratic formulations may 

offer a more stable and reliable approach for solar radiation prediction under full national 

conditions. 

 

5.3.7 Statistical Performance Assessment 

5.2.7.1. Scenario 1:  Nord and Sud Kivu excluded 

Table 5.12 summarizes the normalized statistical error metrics (NMAE, NMBE, and 

NRMSE) obtained for the five regression models when Nord and Sud Kivu provinces are 

excluded. 

Table 5.12: Normalized Performnce  Metrics 

Models Linear Quadratic Cubic Logarithmic Exponential 
Nomalized MAE  6.05% 3.92% 3.97 5.46% 0.05% 

Normalized MBE 4.06% 0.09% 0.84 0.15% -0.09% 

Normalized RSME  7.94% 5.07% 0.26 7.08% 6.06% 

 

The relatively low error values (all below 10%) confirm the robustness of the models 

under this scenario, with the quadratic and cubic formulations providing the lowest prediction 

errors and therefore the most reliable estimation of GSI from SD. 
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5.2.7.2. Scenario 2:  Nord and Sud Kivu included 

Table 5.13 presents the normalized statistical errors of the regression models obtained 

when all provinces of the DRC, including Nord and Sud Kivu, are incorporated into the 

analysis. 

Table 5.13: Normalized Performnce  Metrics 

Models Linear Quadratic Cubic Logarithmic Exponential 

Nomalized MAE  6.30% 6.18% 12.28% 5.46% 0.05% 

Normalized 

MBE 
0.51% 0.46% 6,40% 0.15% -0.09% 

Normalized 

RSME  
7.55% 7.10% 6 ,94% 7.08% 6.06% 

The increase in prediction errors—particularly the higher NMAE observed for the cubic 

model—reflects the influence of regional climatic anomalies in eastern DRC, which introduce 

greater uncertainty in the empirical SD–GSI relationship. 

 

5.4 Discussion of Model Performance and Implications 

5.4.1 Performance Across Scenarios 

The statistical analysis performed in this chapter highlights several important 

characteristics of the relationship between SD and GSI across the DRC. 

First, the results demonstrate that polynomial models—particularly the quadratic and 

cubic formulations—provide the most accurate representation of the SD–GSI relationship. 

These models consistently exhibit higher coefficients of determination (R²), higher Nash–

Sutcliffe efficiency values, and lower statistical errors compared to the linear, logarithmic, and 

exponential models. This finding confirms that the relationship between SD and GSI in tropical 

environments is inherently nonlinear. 

Second, the comparative analysis between the two scenarios clearly reveals the 

influence of regional climatic conditions on model performance. When Nord and Sud Kivu 

provinces are excluded, the models explain up to 93% of the variance in SI, indicating a very 

strong statistical relationship between SD and GSI across most provinces of the country. 
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However, when these provinces are included, the explanatory power of the models decreases 

significantly. 

This reduction in predictive performance can be attributed to the particular climatic and 

geographical conditions of the eastern highlands of the DRC. Nord and Sud Kivu are 

characterized by high altitudes, complex topography, frequent cloud formation, and strong 

convective atmospheric processes associated with the Great Rift Valley system. These 

conditions modify the relationship between SD and GSI by increasing atmospheric attenuation 

and cloud variability. 

Consequently, the empirical SD–GSI relationship becomes less stable in these regions 

than in the central and western parts of the country. 

5.4.2  Implications for National PV System Planning 

These results have direct implications for solar energy planning in the DRC: 

 The robust correlation between SD and GSI across most provinces enables reliable 

estimation of solar potential in regions lacking direct irradiance measurements. 

 Quadratic models provide a balance between predictive accuracy and stability, making 

them suitable for large-scale PV resource assessment. 

 The observed reduction in predictive performance in Nord and Sud Kivu emphasizes 

the need for localized calibration or hybrid models when designing PV systems in 

highland or climatically complex regions. 

 Accurate regional modeling of SI is crucial for optimally sizing PV installations, 

forecasting energy generation, and informing national energy policy and investment 

decisions. 

 

5.5 Synthesis: Spatial Non-Stationarity of the SD–GSI Relationship 

The results obtained in this chapter demonstrate that the relationship between SD and 

GSI, expressed through normalized formulations is inherently spatially non-stationary across 

the DRC. The calibration of the five models reveals significant variability in the coefficients a, 

b, c, d between provinces. This variability is consistent with the spatial patterns identified in 

Chapter 4, where longitudinal gradients and moisture-related atmospheric processes were 
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shown to control SD distribution. In particular, regions such as Nord and Sud Kivu exhibit 

distinct model responses, reflecting complex atmospheric dynamics and high cloud variability. 

Their inclusion in a unified calibration systematically degrades model performance, thereby 

providing empirical evidence of structural heterogeneity in the SD–GSI relationship. 

These findings indicate that the coefficients of empirical SD–GSI models cannot be 

treated as universal constants, but must be interpreted as location-dependent parameters 

governed by regional climatic conditions. 

From a modeling perspective, this confirms the necessity of:adopting province-specific 

calibrations, and selecting functional forms capable of capturing non-linear atmospheric effects. 

Also, from an application standpoint, the results highlight that neglecting spatial 

variability may lead to biased solar resource estimation, with direct implications for PV system 

sizing, energy yield prediction, and regional energy planning. 

 

5.6 Summary  

This chapter comprehensively evaluated the statistical relationships between annual 

mean daily sunshine duration (SD) and global solar irradiation (GSI) across the provinces of 

the DRC. Key findings include: 

 High model fidelity in most provinces: Polynomial models, especially quadratic and 

cubic, consistently achieved R² ≥ 0.88 and NS ≥ 0.97 when Nord and Sud Kivu were 

excluded. 

 Impact of climatic heterogeneity: Including the eastern highlands reduced model 

performance, with R² values decreasing to 0.70–0.71 and NS ranging from 0.70–0.89, 

highlighting the influence of topography and microclimate on solar irradiation 

variability. 

 Statistical validation: Normalized errors (NMAE, NMBE, NRMSE) remained within 

acceptable thresholds for all validated models, confirming their reliability for solar 

radiation estimation. 

 Practical implications: Quadratic models provide a robust, nationally applicable tool for 

PV system planning, while highland provinces may require additional calibration. 
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Conclusion: The comparative analysis conducted in this chapter demonstrates that the 

SD–GSI relationship is fundamentally robust across most provinces. However, the inclusion of 

Nord and Sud Kivu reveals the significant impact of specific climatic and topographic 

conditions on model performance, reinforcing the need for context-specific adjustments in solar 

resource planning and PV system optimization across the DRC. 

 

5.7 Comparison with Other Tropical Regions 

Empirical sunshine-based solar radiation models have been widely applied across 

tropical regions including Africa, Southeast Asia, and Latin America. Studies conducted in 

West Africa have reported similar relationships between sunshine duration and clearness index 

under humid tropical conditions [82, 83], Comparable results have also been obtained in 

Southeast Asia, where monsoon-driven cloud systems produce radiative regimes similar to 

those observed in equatorial Africa [32, 84]. 

In Latin America, particularly within the Amazon Basin, the relationship between 

sunshine duration and solar radiation exhibits similar characteristics due to comparable 

atmospheric moisture conditions and convective cloud dynamics [85]. 

These comparisons suggest that the empirical relationships identified in this study are 

consistent with broader patterns observed in tropical climates worldwide. 
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GENERAL CONCLUSION AND PERSPECTIVES 

6.1 Problem 

Reliable solar radiation data remain scarce in the DRC, which significantly constrains 

evidence-based PV planning and energy policy development. The limited number of 

radiometric stations across the country makes direct measurement of GSI difficult, while the 

strong spatial variability in cloud cover, atmospheric humidity, and topography further 

complicates solar resource assessment. 

Under these conditions, SD represents one of the most consistently recorded 

meteorological variables and therefore offers a valuable proxy for estimating GSI. The present 

research was motivated by the need to develop robust and transferable empirical models capable 

of estimating GSI from SD data across the heterogeneous climatic environments of the DRC. 

 

6.2 Method 

To address this challenge, empirical regression models linking SD to GSI were 

developed using long-term ground observations and satellite-derived datasets. Satellite-based 

SD values were corrected using an empirical adjustment factor in order to account for 

atmospheric attenuation and local cloudiness. Five regression formulations were systematically 

evaluated: linear, quadratic, cubic, logarithmic, and exponential models. 

 In order to obtain spatially representative values of SD at the provincial level, a 

hierarchical area-weighted aggregation method was implemented, allowing territorial and 

district-level data to be combined into provincial averages. 

Two modelling scenarios were analysed to evaluate the influence of regional climatic 

heterogeneity: 

 Scenario 1: exclusion of Nord Kivu and Sud Kivu provinces, whose mountainous 

topography and particular climatic conditions may influence the SD–GSI relationship. 

 Scenario 2: inclusion of all provinces, allowing a full national assessment of solar 

resource variability. 
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Model performance was evaluated using multiple complementary statistical indicators, 

including the coefficient of determination (𝑅2), the Nash–Sutcliffe efficiency coefficient (NS) 

and normalized error metrics (NMAE, NMBE, and NRMSE), ensuring both predictive 

accuracy and statistical robustness. 

 

6.3 Results 

The results demonstrate that SD constitutes a reliable predictor of GSI across most 

provinces of the DRC. Among the tested models, the quadratic and cubic regressions 

consistently provided the highest predictive performance, effectively capturing the nonlinear 

nature of the SD–GSI relationship. 

In the first modelling scenario, excluding Nord Kivu and Sud Kivu, the models achieved 

strong statistical performance, with coefficients of determination reaching approximately 93% 

for the cubic model, indicating a strong relationship between SD and GSI under relatively 

homogeneous climatic conditions. 

When the two eastern provinces were included in the analysis, the statistical 

performance of the models slightly decreased, reflecting the influence of the complex 

topography and convective cloud systems characteristic of the eastern highlands. Nevertheless, 

the quadratic and cubic models maintained acceptable predictive skill, confirming the 

robustness of the SD–GSI relationship at the national scale. 

A particularly notable finding of this research is the solar paradox observed in Sud Kivu, 

where relatively high SD does not translate into proportionally high GSI. This phenomenon 

highlights the strong influence of local atmospheric dynamics and mountainous terrain on solar 

radiation availability. 

The spatial analysis further revealed clear regional variations in solar resources. Based 

on the annual average SD, three broad solar potential zones can be distinguished within the 

DRC. The Katanga region exhibits the highest solar potential, with approximately 2717 hours 

of sunshine per year, whereas Kongo Central shows the lowest value, with approximately 1783 

hours. Despite these variations, all provinces demonstrate sufficient solar resources to support 

photovoltaic energy development. 
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6.4 Interpretation 

The results confirm that SD can serve as a reliable proxy for estimating GSI in tropical 

environments characterized by limited observational infrastructure. The remarkable stability of 

the regression coefficients across most provinces indicates that the SD–GSI relationship is 

relatively robust and transferable within the Congolese climatic context. 

However, the comparison between the two modelling scenarios demonstrates that 

regional climatic heterogeneity plays a significant role in modulating this relationship. The 

lower model performance observed when including Nord Kivu and Sud Kivu suggests that 

mountainous regions with strong convective activity may deviate from the generalized SD–GSI 

behaviour observed elsewhere in the country. 

The Sud Kivu paradox therefore illustrates the importance of integrating local 

topographic and atmospheric factors when interpreting sunshine-based solar resource estimates. 

 

6.5 Impact 

Beyond its scientific contributions, this research provides practical tools for solar energy 

planning in the Democratic Republic of Congo. The developed empirical models allow reliable 

estimation of solar radiation using sunshine duration data that are more widely available than 

direct radiometric measurements. 

These results can support engineers, policymakers, and investors in identifying 

favourable locations for photovoltaic system deployment and optimizing system design. The 

modelling framework proposed in this thesis also provides a scalable methodological approach 

that may be applied in other tropical countries facing similar data limitations. 

By highlighting spatial heterogeneities in solar potential and identifying climatic 

anomalies such as the Sud Kivu paradox, this work contributes to more realistic and data-driven 

strategies for renewable energy development. 
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6.6 Future Directions 

Future research should focus on improving the predictive accuracy of solar radiation 

models by incorporating additional atmospheric variables such as cloud cover, humidity, 

aerosol concentration, and precipitation. Expanding the meteorological observation network 

across the country would also significantly enhance the spatial resolution of solar resource 

assessments. 

Furthermore, advanced modelling approaches, including machine learning techniques 

and hybrid statistical–physical models, could be explored to better capture complex nonlinear 

interactions between meteorological variables. 

Integrating climatic, geographic, and socio-economic factors into solar energy planning 

models will ultimately enable high-resolution forecasting and support the sustainable expansion 

of photovoltaic energy systems throughout the Democratic Republic of Congo. 

 

6.7 Closing Statement 

Although the Democratic Republic of Congo enjoys abundant sunshine, unlocking its 

full solar potential requires robust empirical modelling capable of capturing both the large-scale 

climatic patterns and the subtle local effects of topography and atmospheric dynamics, thereby 

providing a scientific foundation for a sustainable and resilient solar energy future. 
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APPENDIX A:   

BANDUNDU-SPECIFIC SOLAR DATA RESULTS 

Appendix A.1 Kwango District 
Table A.1 presents the MASD for Kwango District, highlighting the seasonal variability between dry and 

rainy season. 

 

Table A.1: Monthly averages SD for Kwango District (h/day) 

Cities/Towns Feshi Kahemba 
Kasongo-

Lunda 
Kenge Popokabaka 

Weighted  

Averages 

January 6.5 6.5 6.2 6.4 6.5 6.4 

February 6.5 6.5 6.4 6.5 6.5 6.5 

March 6.2 6.0 6.0 6.4 6.5 6.2 

April 5.7 5.9 4.9 5.6 5.3 5.5 

May 6.5 7.4 6.5 5.9 6.0 6.5 

June 7.6 7.7 7.7 7.3 7.3 7.6 

July 7.8 7.9 7.9 7.7 7.7 7.8 

August 7.3 7.6 7.6 7.1 7.3 7.4 

September 5.9 6.3 6.8 6.5 6.5 6.4 

October 5.1 5.3 5.6 5.6 5.8 5.5 

November 5.1 5.0 5.2 5.6 5.7 5.3 

December 5.9 5.9 5.6 5.9 6.0 5.8 

Yearly 

average 
6.3 6.5 6.4 6.4 6.4 6.4 

 

    Source: Compiled from [14].  

Figure A.1 illustrates the temporal evolution of monthly SD across the Kwango District. 
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Figure A.1: Temporel Trend of Monthly SD in the  Kwango District  

The figure highlights the clear seasonal pattern of SD, characterized by a progressive 

increase toward a peak in July, followed by a decline toward the end of the year. The 

consistency of the curves across territories confirms the strong regional coherence of solar 

availability. Notably, the observed maximum during the dry season contrasts with purely 

astronomical expectations, emphasizing the dominant role of cloud cover in controlling SD 

variability. 

Key Observations: 

 The annual mean SD in Kwango is 6.4 h/day. 

 Maximum SD occurs in July, peaking in all territories. 

 Kahemba has the highest average SD (6.5 h/day), while Feshi has the lowest (6.3 h/day). 

 The observed SD pattern contrasts with theoretical SD, which predicts minimum 

sunshine in June–August due to cloud cover. 

 

 

 

 

 

 

0
1
2
3
4
5
6
7
8
9

Su
n

sh
in

e 
D

u
ra

ti
o

n
 (

h
/d

)

Months

Sunshine Duration

Feshi Kahemba Kasongo-Lunda

Kenge Popokabaka

 



c 
 

Appendix A.2 Kwilu District 
City and territories analyzed:  Bandundu, Bagata, Bulungu, Gungu, Idiofa, Masi-

Manimba. Table A.2 summarizes the monthly averages of SD for the main cities and territories 

of Kwilu District. 

Table A.2: Monthly averages SD for District of Kwilu (h/day) 

Cities/Towns Bagata Bandundu Bulungu Gungu Idiofa 
Masi-

Manimba 

January 6,2 6,2 6,2 6,6 6,2 6,5 

February 6,2 6,2 6,2 6,6 6,3 6,4 

March 5,9 6,1 5,9 6,3 5,9 6,2 

April 5,2 5,3 5,3 5,7 5,6 5,6 

May 5,3 5,5 5,4 6,4 5,9 5,6 

June 7 6,9 7,1 7,5 7,1 7,2 

July 7,4 7,2 7,5 7,7 7,5 7,7 

August 6,8 6,8 6,9 7 6,7 7,1 

September 6,2 6,3 5,9 5,8 5,6 6,2 

October 5,5 5,7 5,2 5,3 5,1 5,4 

November 5,3 5,6 5,2 5,5 5,3 5,5 

December 5,6 5,6 5,6 6,2 5,7 5,9 

 

Source: Compiled from [14]  

The data reveal an annual mean SD of approximately 6.1 h/day, slightly lower than that 

of Kwango District. Seasonal fluctuations remain evident, with minimum values observed 

during the peak rainy months. The relatively small differences between localities indicate a 

spatially homogeneous distribution of sunshine duration within the district. The corresponding 

curves are shown in the figure A.2.  
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Figure A.2: Temporel Trend of Monthly SD in the  Kwilu District 

The graphical representation clearly emphasizes the seasonal dynamics of SD, with a 

pronounced peak in July and a marked during October–November. Compared to the tabular 

data, the figure better captures the smooth temporal transitions and confirms the dominant 

influence of seasonal cloud cover patterns over astronomical factors. 

A. Analytical Observations 

The annual mean SD in Kwilu District is approximately 6.1 h/day, which is slightly 

lower than that recorded in Kwango (6.4 h/day). Although the difference remains moderate, it  

reflects a real spatial variability linked to localized cloud cover patterns and rainfall distribution. 

The maximum SD values are systematically observed in July, corresponding to the peak 

of the dry season. During this period, the reduction in atmospheric humidity and cloud density 

significantly enhances solar availability. In contrast, the lowest SD values occur mainly in 

October and November, which coincide with intensified rainfall and increased nebulosity. 

At the territorial level, Gungu and Masi-Manimba present relatively higher SD values, 

while Bulungu and Idiofa tend to record lower averages. Nevertheless, the observed differences 

between territories remain limited, suggesting that Kwilu District is characterized by a 

relatively homogeneous solar regime at the district scale. 

From a theoretical perspective, astronomical SD would normally indicate seasonal 

variations due to solar declination. However, the observed distribution of SD clearly shows that 
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cloud cover exerts a stronger control than astronomical factors in shaping seasonal variability 

within this equatorial context.       

Appendix A.3  Maï-Ndombe 

Territories analtzed: Bolobo, Inongo, Kutu, Kwamouth, Mushie et Yumbi.  Table A.3 

presents the monthly sunshine duration values for the main territories of Maï-Ndombe District, 

along with their geographical characteristics and weighted averages. 

Table 3.3.: Monthly Averages SD for Maï-Ndombe District (h/day) 

Latitude (°) 2°09'S 1°55'39''S 2°43'S 3°10'S 3°01'S 1°54'S  

 

Weighted 

averages 

(h/d) 

 

Longitude 

(°) 
16°14'E 18°17'08''E 18°05'E 16°12'E 16°55'E 16°34'E 

Area (Km²) 4 056 24 149 18 674 14 552 11 860 2 549 

Cities/Towns Bolobo Inongo Kutu Kwamouth Mushie Yumbi 

January 6.6 6.9 6.2 6.0 6.4 6.6 6.5 

February 6.6 6.8 6.1 6.1 6.4 6.6 6.4 

March 6.5 6.5 5.8 6.0 6.2 6.5 6.2 

April 5.9 6.1 5.2 5.5 5.6 5.9 5.6 

May 6.0 6.4 5.3 5.6 5.7 5.9 5.9 

June 6.8 7.1 6.5 6.7 6.9 6.8 6.8 

July 6.9 7.3 6.8 6.8 7.1 6.9 7.0 

August 6.3 6.8 6.3 6.2 6.5 6.4 6.5 

September 6.2 6.4 5.8 5.9 6.2 6.2 6.1 

October 5.9 6.3 5.4 5.3 5.6 5.9 5.8 

November 5.8 6.3 5.3 5.3 5.6 5.9 5.7 

December 6.0 6.4 5.6 5.5 5.8 6.1 5.9 

Anual 

average (h) 
6.3 6.6 5.9 5.9 6.2 6.3 6.2 

 

The results indicate an annual mean SD of approximately 6.2 h/day, positioning Maï-

Ndombe between Kwango and Kwilu. The data also reveal moderate spatial variability between 

territories, with slightly higher values observed in Inongo and lower values in Kutu and 

Kwamouth. This suggests the influence of localized environmental factors such as vegetation 

cover and proximity to water bodies. 

Figure A.3 shows the temporal trend of monthly sunshine duration in Maï-Ndombe 

District. 
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                   Figure A.3: Temporal Trend of Monthly SD in the Maï-Ndombe District 

The figure confirms a relatively stable seasonal pattern, with a peak in July and lower 

values during the rainy season. The limited amplitude of variation reflects the equatorial 

context, where seasonal contrasts are primarily driven by atmospheric conditions rather than 

solar geometry. 

 

A. Analytical Observations 

The annual mean SD in Maï-Ndombe District is approximately 6.2 h/day, positioning it 

between Kwango and Kwilu. This intermediate value can be explained by its geographical 

location within the central basin, where forest cover and atmospheric humidity remain relatively 

significant. 

The highest monthly SD is recorded in July, while the lowest values are generally 

observed in October and November, in direct correspondence with peak rainfall periods. The 

seasonal amplitude remains moderate, which confirms the limited astronomical variation 

associated with equatorial latitudes. 

Among the territories, Inongo records the highest annual average (≈6.6 h/day), whereas 

Kutu and Kwamouth show comparatively lower averages (≈5.9 h/day). These variations may 

be attributed to microclimatic factors, including proximity to water bodies, vegetation density, 

and local atmospheric circulation patterns. 

Overall, the SD regime in Maï-Ndombe confirms that cloudiness, rather than latitude, 

constitutes the dominant controlling factor of solar availability within the province. 
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APPENDIX B:   

EQUATEUR-SPECIFIC SOLAR DATA RESULTS 

8.1 Appendix B.1 Equateur District 

SD data analysis was conducted for the city of Mbandaka and the territories of 

Basankusu, Bikoro, Lukolela, and Makanza. Table B.1 presents the monthly averages of SD 

for the main localities of Equateur District, together with their weighted averages. 

Table B.1: Monthly  SD in the Equateur District 

Latitude 1°14'N 0°45'S 1°04'S 1°36'N 0°02'52''N 
Weighted 

averages 
Longitude 19°47'E 18°°7'E 17°12'E 17°09'E 18°15'21"E 

Area (Km²) 21 239 13 274 17 952 7 570 460 

Cities/Towns Basankusu Bikoro Lukolela Makanza Mbandaka (h/d) 

January 6.9 6.7 6.4 7.1 6.4 6.6 

February 6.6 6.5 6.2 6.7 6.5 6.4 

March 6.2 6.2 5.9 6.5 6.3 6.1 

April 5.5 5.8 5.5 5.8 5.6 5.7 

May 5.3 5.7 5.4 5.6 5.9 5.5 

June 5.6 6.5 6.2 5.7 7.3 6.2 

July 5.4 6.6 6.5 5.6 7.7 6.4 

August 5.0 6.1 6.1 5.3 7.2 6.0 

September 4.9 5.7 5.6 5.2 6.4 5.6 

October 4.7 5.8 5.6 5.0 5.5 5.5 

November 4.7 5.6 5.4 5.0 5.5 5.4 

December 5.9 6.2 5.8 6.2 5.9 6.0 

Averages 5.5 6.1 5.9 5.8 6.4 6.0 

 

The tabulated data indicate a moderate annual SD level, with a weighted average of 

approximately 6.0 h/day. A relatively limited spatial dispersion is observed between localities, 

although Mbandaka exhibits slightly higher values. The seasonal structure remains evident, 

with a gradual decrease from the beginning of the year toward a minimum during the peak rainy 

season. 

Figure B.1 illustrates the temporal evolution of monthly sunshine duration in Equateur 

District. 

 



h 
 

  
 

 

 

The figure B.11 highlights a smooth and coherent seasonal pattern, with a peak 

occurring around mid-year and a decline toward October–November. Compared to the tabular 

data, the graphical representation emphasizes the temporal continuity of SD variations and 

confirms the dominant role of cloud cover in shaping solar availability in this equatorial 

environment 

A. Analytical Observations 

The weighted annual mean SD for Equateur District is 6.0 h/day. Seasonally, SD values 

increase during the middle of the year, with a clear maximum reached in July, corresponding 

to the dry season period. June and August also exhibit relatively high values. Conversely, lower 

SD values are observed between September and November, in direct relation to increased cloud 

cover and rainfall activity. At the territorial level, Mbandaka records the highest annual mean 

SD (6.4 h/day), while Basankusu presents the lowest value (5.5 h/day). The inter-territorial 

range remains moderate, suggesting a relatively coherent solar regime within the district. The 

observed seasonal profile could be explained by cloud dynamics, which constitute the dominant 

regulating factor of sunshine availability in this equatorial environment, overriding purely 

astronomical considerations. 
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Figure B.1: Temporal Trend of monthly SD in the Equateur District 
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Appendix B.2 Mongala District 

The analysis covers the city of Lisala and the territories of Bumba and Bongandanga. 

Table B.2 presents the monthly averages of sunshine duration for the main territories of 

Mongala District 

Table B.2: Monthly Averages of  SD for Mongala District  

Latitude 1°31'N 2°10'N 2°09'N 
Weighted 

averages 

(h/d) 

Longitude 21°00E 22°32'E 21°31'E 

Area (Km²) 33 912 15 598 14 733 

Cities/Towns Bongandan. Bumba Lisala 

January 6.9 7.1 7.1 7.0 

February 6.6 6.8 6.7 6.7 

March 6.2 6.4 6.4 6.3 

April 5.6 5.8 5.8 5.7 

May 5.2 5.6 5.6 5.4 

June 5.5 5.6 5.6 5.6 

July 5.6 5.6 5.7 5.6 

August 5.0 5.3 5.2 5.1 

September 4.9 5.2 5.1 5.0 

October 4.7 4.9 4.9 4.8 

November 4.7 4.7 4.8 4.7 

December 6.0 6.2 6.2 6.1 

Averages 

(h/d) 

5.6 5.8 5.8 5.7 

 

                         Source: Compiled from [15]  

 

The data reveal a relatively lower annual SD (≈5.7 h/day) compared to other districts of 

the province. The spatial variability remains weak, suggesting a uniform solar regime. 

However, a more pronounced during the last quarter of the year indicates a stronger influence 

of seasonal atmospheric conditions. 

Figure B.2 shows the temporal variation of monthly sunshine duration in Mongala 

District. 
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                      Figure B.2: Temporal Trend of Monthly SD in the Mongala District 

The figure clearly illustrates a progressive decline in SD from the beginning of the year 

toward a minimum in November, followed by a recovery in December. This asymmetric 

seasonal pattern reflects the persistence of cloud cover during the extended rainy period. 

A. Analytical Observations 

The annual weighted mean SD for Mongala District is approximately 5.7 h/day, which 

is slightly lower than that of Equateur District. SD remains above 6.0 h/day during the first 

quarter of the year, then progressively decreases, reaching a minimum of 4.7 h/day in 

November. The seasonal amplitude is therefore more pronounced compared to Equateur 

District. However, among the territories, Bongandanga receives the lowest annual average 

sunshine (5.6 h/day), while Bumba and Lisala both exhibit higher values (5.8 h/day). 

The seasonal decline toward October–November is clearly associated with intensified 

rainfall and cloud density. Once again, atmospheric conditions dominate over astronomical 

factors in shaping the SD profile. The Mongala’s SD is practically uniform anywhere. It’s above 

6.0h/d during the first quarter of the year, then bottomed out at 4.7h/d in November. In general, 

the territory of Bongandanga receives the least sunlight throughout the year, with an yearly 

mean of daily SD equal to 5.6h while the territories of Bumba and Lisala exhibit an average 

annual daily sunshine duration of 5.8h. 
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Appendix B.3: Nord Ubangi District 

Data analysis was carried out for the City of Gbadolite and the territories of Bosobolo, 

Businga and Yakoma . Table B.3 summarizes the monthly SD values for selected territories of 

Nord-Ubangi District. 

Table B.3.: Monthly Averages of SD for Nord Ubangi District 

Latitude 4°11'N 3°21'N 4°14'42''N 3°52'32'' 
Weighted 

average of 

SD(h/d) 

Longitude 19°53'E 20°53E 20°54'51''E 22°18'01'' 

Area (Km²) 13 277 17 441 278 15 397 

Cities/Towns Bosobolo Businga Gbadolite Yakoma 

January 7.7 7.3 7.7 7.6 7.5 

February 7.4 6.9 7.4 7.3 7.2 

March 7.2 6.5 7.1 6.8 6.8 

April 6.8 5.9 6.5 6.2 6.3 

May 6.5 5.6 6.2 5.8 5.9 

June 6.6 5.7 6.3 5.8 6.0 

July 6.5 5.7 6.2 5.7 5.9 

August 5.9 5.1 5.6 5.1 5.3 

September 5.6 4.9 5.4 5.0 5.1 

October 5.6 4.6 5.2 4.5 4.9 

November 6.0 4.9 5.8 5.2 5.3 

December 7.2 6.5 7.1 7.0 6.9 

Averages (h/d) 6.6 5.8 6.4 6.0 6.1 

 

             Source: Compiled  from [14]. 

 

The results indicate relatively high SD values, with an annual average of approximately 

6.1 h/day. Compared to other districts, Nord-Ubangi exhibits higher sunshine levels during the 

first quarter of the year, suggesting a more favorable solar regime influenced by its northern 

geographical position.  

Figure 3.15 presents the temporal trend of monthly sunshine duration in Nord-Ubangi 

District. 
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                   Figure 3.1: Temporal Trend of Monthly  SD for Nord Ubangi District 

The graphical trends reveal a marked seasonal gradient, with high SD values at the 

beginning and end of the year and a noticeable gradient during the mid-to-late rainy season. 

This pattern reflects a transition between equatorial and sub-equatorial climatic influences. 

 

           Analytical observations 

 

Nord-Ubangi exhibits the highest annual weighted average SD among the four districts, 

estimated at 6.1 h/day. The highest monthly values are recorded in January (≈7.5 h/day), while 

the lowest occur in October (≈4.9 h/day). Unlike Equateur District, the maximum SD occurs at 

the beginning of the year rather than mid-year. At the territorial level, Bosobolo presents the 

highest annual average (6.6 h/day), while Businga records the lowest (5.8 h/day). This 

northward district, located farther from the equatorial forest core, benefits from relatively higher 

sunshine availability. The seasonal pattern still reflects rainfall-driven modulation 
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Appendix B. 4: Sud Ubangi 

 
The analysis includes the city of Gemena and the territories of Kungu, Libenge, and 

Zongo. Table B.4 presents the monthly averages of SD for the main territories of Sud-Ubangi 

District. 

                          Table B.4: Monthly averages of SD for Sud-Ubangi District 

Latitude 3°15'N 2°47'09''N 3°39'N 4°20'36''N 
Weighted 

Average of 

SD (h/d) 

Longitude 19°47'E 19°12'19''E 18°38'E 18°35'34''E 

Area (Km²) 11,488 12,848 12,833 495 

Cities/Towns Gemena Kungu Libenge Zongo 

January 7.3 7.3 7.5 7.7 7.4 

February 7.0 7.0 7.2 7.4 7.1 

March 6.7 6.7 6.9 7.1 6.8 

April 6.2 6.0 6.5 6.7 6.2 

May 5.9 5.7 6.2 6.6 5.9 

June 5.9 5.8 6.4 6.7 6.0 

July 5.9 5.6 6.2 6.5 5.9 

August 5.3 5.0 5.6 5.9 5.3 

September 5.0 4.9 5.3 5.6 5.1 

October 4.7 4.7 5.2 5.5 4.9 

November 5.0 5.0 5.4 5.6 5.1 

December 6.5 6.4 6.8 7.1 6.6 

Averages 

(h/d) 
6.0 5.8 6.3 6.5 6.0 

 

              Source: Compiled from [14]. 

 

The annual mean SD is approximately 6.0 h/day, with moderate spatial variability 

between territories. Zongo exhibits relatively higher values, while Kungu records lower 

averages, indicating localized climatic influences within the district. 

Figure B.4 illustrates the temporal evolution of monthly sunshine duration in Sud-

Ubangi District. 
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                     Figure B.4: Temporal Trend of Monthly SD for Sud Ubangi District 

The figure B.4 shows a clear decreasing trend from January to November, followed by 

a recovery in December. This pattern suggests a strong seasonal control driven by rainfall 

intensity and cloud persistence, which significantly reduce solar availability during the late 

rainy season. 

 

            Analytical observations 

 

The annual weighted average SD for Sud-Ubangi is 6.0 h/day. The SD decreases 

progressively from January to November, reaching its minimum before increasing again in 

December. The seasonal behavior is therefore relatively monotonic. 

At the territorial level, Zongo records the highest annual average (6.5 h/day), while 

Kungu shows the lowest value (5.8 h/day). 

The intra-district variability remains moderate, confirming spatial coherence of the solar 

regime. The average SD of Sud-Ubangi is 6.0h/d. The SD decreases continuously from January 

to November, when it reaches its low value before rising again in December. Zongo is exposed 

to the highest SD : 6.5h/d while Kungu shows the lowest in this province : 5.8h/d. 
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           Appendix B.5: Tshuapa 

 
The analysis includes the territories of Befale, Boende, Bokungu, Djolu, Ikela and 

Monkoto. Table B.5 presents the monthly averages of SD for these territories. 

                                Table B.5: Monthly averages of SD for Tshuapa District 

Area (Km²) 33 200 31 000 52 800 25 000 46 000 Weighted 

Average of 

SD (h/d) 
Cities/Towns Befale Bokungu Boende Djolu Ikela 

January 6,6 6,2 6,4 6,6 6,4 6,2 

February 6,5 6,1 6,2 6,3 6,2 5,9 

March 6 5,7 5,9 6 5,9 5,6 

April 5,2 5 5,1 5,3 5,1 4,9 

May 5,1 5 5 5,1 5 5 

June 5,6 5,8 5,7 5,6 5,9 6,1 

July 5,8 6,2 6 5,8 6,2 6,5 

August 5,2 5,3 5,4 5 5,6 5,7 

September 5 5,2 5,1 5 5,3 5,4 

October 4,8 4,9 5 4,8 5 5,1 

November 4,6 4,7 4,7 4,6 4,8 4,8 

December 5,7 5,3 5,4 5,7 5,4 5,2 

Averages 

(h/d) 
5,5 5,5 5,5 5,5 5,6 5,5 

 

              Source: Compiled from [14]. 

 

Table B.5 highlights a remarkably homogeneous SD regime across the territories of 

Tshuapa, with annual averages tightly clustered around 5.5–5.6 h/day. The monthly distribution 

reveals a bimodal seasonal pattern: 

 A primary maximum in January–February (~6.2–6.6 h/day), 

 A secondary increase in June–July (~5.8–6.2 h/day), 

 A pronounced minimum in October–November (~4.6–5.1 h/day). 

This limited inter-territorial variability indicates a strong spatial coherence, suggesting 

that SD is predominantly controlled by large-scale atmospheric dynamics rather than local 

effects. The slight enhancement observed in Ikela (5.6 h/day) may reflect localized 

microclimatic advantages or reduced cloud persistence. 

 

Figure B.5 illustrates the temporal evolution of monthly SD (h/day) in Tshuapa District. 
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                          Figure B.5: Temporal Trend of Monthly SD for Tshuapa 

 

             Analytical observations 

Figure 3.17 confirms and dynamically extends the results of Table 3.11 by illustrating 

the temporal structuring of SD variability across the annual cycle in Tshuapa. Unlike a 

monotonic interpretation, the curve clearly exhibits a nonlinear seasonal regime characterized 

by two distinct phases: 

1. A progressive decline from the major peak in January toward a 

transitional minimum around April–May, 

2. A secondary recovery phase in June–July, followed by a steady decrease 

toward the minimum in October–November, before a final rebound in December. 

This temporal behavior suggests the influence of interacting atmospheric mechanisms, 

likely linked to the latitudinal migration of the ITCZ, and the seasonal modulation of cloud 

cover and convective activity.  
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APPENDIX C:  

KASAÏ ORIENTAL-SPECIFIC SOLAR DATA RESULTS 

Appendix C.1: Kasaï Oriental (New Province) 

 
The analysis concerns the city of Mbuji-Mayi and the territories of Lupatapata and 

Tshilenge. Table C.1 provides the monthly sunshine duration averages for key locations in the 

Kasaï-Oriental province. 

Table C.1: Monthly SD for Kasaï Oriental 4 

Latitude 6°08'13''S 6°10'39'' 6°15'S 
Weighted 

Average of 

SD 

Longitude 23°35'23''E 23°32'E 23°46'E 

Area (Km²) 135 2 397 2 021 

City/Town Mbuji-Mayi Lupatapata Tshilenge 

January 6.2 5.9 5.9 5.9 

February 6.4 6.2 5.9 6.1 

March 6.0 5.9 5.4 5.7 

April 6.0 6.2 4.9 5.6 

May 6.9 7.3 5.2 6.3 

June 7.6 7.7 6.5 7.2 

July 7.7 7.8 7.1 7.5 

August 7.1 7.3 5.8 6.6 

September 5.6 6.0 5.4 5.7 

October 5.1 5.3 5.1 5.2 

November 5.2 5.1 4.9 5.0 

December 5.7 5.6 5.1 5.4 

Averages 6.0 5.8 5.5 5.6 

                    

                          Source: Compiled from [14]. 

 

The results indicate a high degree of consistency between locations, with average SD 

values around 5.5–6.0 h/d. Seasonal variability remains pronounced, with peak values in June–

July and minimum values in October–November, reflecting typical equatorial climatic 

dynamics. 

Figure C.1 shows the monthly variation of sunshine duration across the studied locations 

in Kasaï-Oriental. 

                                                           
4 In this context, Kasaï-oriental refers to the new province rather the former province bearing the same name. 



r 
 

 

                 Figure C.1: Temporal Trend of Monthly SD for the (new) Kasaï-Oriental  

The graphical representation confirms the uniformity observed in the tabulated data 

while emphasizing the smooth seasonal transitions. The alignment of curves suggests that 

spatial interpolation or regional modeling approaches are appropriate for this province. 

           Analytical Observations 

 

 The annual weighted mean SD for the new Kasaï Oriental province is approximately 

5.6 h/day. 

 The maximum SD values are observed in June and July, with a peak of approximately 

7.5 h/day. 

 The minimum values occur in October and November, reaching approximately 5.0 

h/day. 

 Spatial variability between Mbuji-Mayi, Lupatapata and Tshilenge remains limited 

(range ≈0.5 h/day), suggesting a relatively homogeneous solar regime at this spatial 

scale.  

The seasonal behavior follows a classical inter-tropical pattern: progressive increase 

toward the dry season peak (June–July), and sharp decrease during the rainy season (October–

November). Astronomical factors alone cannot explain this amplitude; cloud cover and rainfall 

remain the dominant regulating variables. 
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Appendix C.2: Lomami Province (New-Province) 

 
Data were analysed for the following territories : Kabinda, Ngandajika and Lubao. Table 

C.2 presents the monthly sunshine duration averages for selected cities in Lomami province. 

Table C.2: Monthly SD for Lomami 

Latitude 6°08'S 6°45'00''S 5°18'S 7°00'00''S 
Weighted 

Average of 

SD 

Longitude 24°29E 23°58'01''E 25°43'E 23°46''E 

Area (Km²) 14 273 5 726 22 480 150 

City/Town Kabinda Ngandajika Lubao Mwene-Ditu 

January 6.0 6.2 5.6 6.2 5.8 

February 6.2 6.4 6.3 6.3 6.3 

March 5.9 6.0 5.9 5.9 5.9 

April 6.1 6.2 6.2 6.2 6.2 

May 7.2 7.4 7.4 7.4 7.3 

June 7.7 7.7 7.7 7.7 7.7 

July 7.8 7.8 7.8 7.8 7.8 

August 7.1 7.3 7.4 7.4 7.3 

September 5.8 6.0 6.1 6.1 6.0 

October 5.2 5.3 5.3 5.3 5.2 

November 5.0 5.3 5.2 5.2 5.1 

December 5.5 5.7 5.7 5.7 5.6 

Averages 6.3 6.4 6.4 6.4 6.4 

             

            Source: Compiled from [14]. 

 

 

The data exhibit very limited spatial dispersion, with nearly identical SD values across 

all locations (≈6.3–6.4 h/d annually). This indicates a highly uniform solar regime, making 

Lomami particularly suitable for generalized solar modeling without significant loss of 

accuracy. 

Figure C.2 depicts the temporal evolution of sunshine duration in Lomami province. 
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                  Figure C.2: Trend of monthly average of SD for Lomami (New province) 

The near-perfect overlap of the curves further confirms the spatial homogeneity of SD. 

This strengthens the validity of using aggregated datasets and supports the robustness of 

regression-based solar radiation models in the Lomami province. 

Analytical observations 

 

 It is noticed that Lomami exhibits a higher annual mean SD compared to Kasaï Oriental, 

with a weighted average of approximately 6.4 h/day. 

 The peak SD is consistently recorded in July (≈7.8 h/day), while the minimum is 

observed in November (≈5.1 h/day). 

 One of the most striking characteristics of Lomami is the remarkable uniformity of SD 

across territories. The inter-territorial differences are almost negligible, indicating a 

stable regional solar regime. 

 The seasonal amplitude remains moderate and well-defined, reinforcing the dominant 

influence of dry-season atmospheric stability on solar availability. 
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Appendix C.3: Sankuru  

 
Data analysis  in the Sankuru covers the following territories: Katako-Kombe, Kole, 

Lodja, Lomela, Lubefu, and Lusambo, while table C.3 presents monthly SD values for these 

territories.  

Table C.3: Monthly SD for  Sankuru 

Latitude 3°24'S 3°28'S 3°29'S 2°17'S 4°44'S 4°58'S 

Averages 
Longitude 24°25'E 22°27' 23°26'E 23°16'E 24°26'E 23°26''E 

Area (Km²) 25,942 16,192 12,054 26,346 12,229 16,508 

City/Town Katakokombe Kole Lodja Lomela Lubefu Lusambo 

January 5.9 5.8 5.8 5.9 6.0 5.7 5.9 

February 5.9 5.7 5.8 5.9 6.1 5.7 5.9 

March 5.4 5.3 5.3 5.5 5.7 5.4 5.4 

April 5.0 4.7 4.7 4.6 5.6 5.0 4.9 

May 5.3 5.0 5.0 4.7 6.2 5.6 5.2 

June 6.6 6.5 6.5 5.9 7.2 7.1 6.5 

July 7.1 7.0 7.1 6.5 7.5 7.5 7.0 

August 6.1 6.1 6.0 5.4 6.6 6.5 6.0 

September 5.6 5.5 5.3 5.0 5.6 5.5 5.4 

October 5.3 5.2 5.1 4.9 5.3 5.0 5.1 

November 5.0 4.9 4.8 4.7 5.1 4.9 4.9 

December 5.2 5.0 5.0 5.0 5.5 5.2 5.1 

Averages 5.7 5.6 5.5 5.3 6.0 5.8 5.6 

 

   Source: Compiled from [14]. 

 

Compared to other districts of the Province Kasaï-Oriental, Sankuru exhibits slightly 

lower SD values and greater spatial variability (≈5.3–6.0 h/d). This suggests a stronger 

influence of localized climatic conditions, possibly linked to higher cloud persistence or 

humidity levels. Figure C.3 illustrates the monthly evolution of SD across Sankuru territories. 
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                           Figure C.3: Temporal Trend of monthly SD for Sankuru 

 

The dispersion between curves is more pronounced than in other regions, indicating 

reduced spatial uniformity. This suggests that localized calibration may be necessary when 

modeling solar radiation in Sankuru 

              Analytical Observations 
 

The analytical observations for Sankuru can be summarized as follows: 

 Sankuru presents the lowest annual SD among the three daughter provinces, with a 

weighted average of approximately 5.6 h/day. 

 The highest annual SD is observed in Lubefu (≈6.0 h/day), while the lowest is recorded 

in Lomela (≈5.3 h/day). 

 The monthly peak occurs in July (≈7.0 h/day), whereas the minimum is reached in 

November (≈4.9 h/day). 

Compared to Lomami, Sankuru exhibits slightly greater spatial dispersion, which may 

be attributed to the higher forest density, the increased atmospheric humidity, the central basin 

climatic influence. 
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APPENDIX D:  

KATANGA-SPECIFIC SOLAR DATA RESULTS 

 

Appendix D.1: Haut-Katanga 

 
The analysis includes Lubumbashi, Kasumbalesa, Kipushi, Likasi, Pweto, and Sakania. 

Table 4.1 presents the monthly averages of SD across selected locations in Haut-Katanga.  

Table 4.1: Monthly SD for Haut Katanga 

Latitude 10°52'S 10°24'S 11°46'S 10°59'00''S 11°40'00''S 8°38'S 10°52S Weighted 

Average of 

SD 

 

Longitude 26°38'E 28°36'E 27°14'E 26°44'00''E 27°29''00E 28°54'E 26°38'E 

Area (Km²) 22,235 24,691 8,969 280 747 24,933 22,421 

Cities/Towns Kambo. Kasenga Kipushi Likasi Lubum. Mitwaba Pweto 

January 5.6 6.5 5.8 6.1 6.0 5.5 6.8 6.1 

February 5.6 6.4 5.7 6.1 5.9 5.8 6.7 6.1 

March 5.0 6.0 5.2 5.5 5.4 5.3 6.3 5.6 

April 5.5 6.3 5.8 5.9 5.9 5.9 6.6 6.1 

May 7.0 7.6 7.4 7.5 7.4 7.4 7.7 7.4 

June 7.7 7.7 7.6 7.7 7.6 7.7 7.8 7.7 

July 7.7 7.8 7.7 7.7 7.7 7.8 7.8 7.8 

August 7.9 7.9 7.9 7.9 7.9 7.9 7.9 7.9 

September 8.0 8.1 8.1 8.1 8.1 7.7 7.9 7.9 

October 7.8 8.2 8.1 8.0 8.1 6.7 7.6 7.6 

November 6.5 7.4 7.0 7.1 7.4 5.6 6.6 6.6 

December 5.6 6.5 5.7 6.2 6.0 5.3 6.5 5.9 

The data reveal relatively high SD values with moderate spatial variability across the 

district. Peak values occur between August and September, reflecting the dry-season maxima 

typical of this tropical continental region. Localized divergences indicate altitude and land 

cover effects, but large-scale atmospheric conditions primarily control SD. 

Figure D.1 illustrates the temporal evolution and inter-site variability of MASD across 

Haut Katanga. 
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                         Figure D.1:Temporal Trend of Monthly SD for Haut-Katanga  

Figure D.1 highlights a strong seasonal signal and confirms the coherence of SD patterns 

among sites. Minor differences between curves suggest local modulation by topography, 

reinforcing the importance of considering both regional and local factors for solar resource 

assessment. 

 

Analytical Observations 

 

The results for Haut-Katanga may be summarized as follows:   

 Haut-Katanga records one of the highest SD regimes in the country. 

 The annual weighted mean SD is approximately 6.8 h/day, corresponding to nearly 

2,482 sunshine hours per year. 

 The maximum monthly SD occurs in July (≈8.1 h/day), while the minimum is observed 

in December (≈5.4 h/day). 

The seasonal structure is clearly marked by strong increase toward the dry season (May–

July) and pronounced stability during peak dry months. Gradual decline toward the rainy season 

(November–January). Spatial variability across territories remains moderate (≈0.6 h/day range), 

indicating a coherent regional solar regime dominated by dry subtropical atmospheric 

conditions. 
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Annexe D.2: Haut Lomami  

 
The SD data for the folloing locations were analyzed: the City of Bukama and the 

territories of Kabongo, Kamina, Kaniama and Malemba-Nkulu. The findings are summarized 

in the table 4.2. 

Table 4.2: Monthly SD for Haut Lomami 

Latitude 9°12'S 7°22'S 8°23'55''S 7°31'S 8°00'S 

Avergaes 
Longitude 25°50'E 25°35'E 24°39'32''E 24°11'E 26°50'E 

Area (Km²) 19 398 20 898 41 887 13 894 15 298 

Cities/Towns Bukama Kabongo Kamina Kaniama Malemba-Nkulu 

January 5.1 7.1 5.4 5.6 4.9 5.6 

February 5.4 7.1 5.9 6.1 5.4 5.7 

March 5.0 6.5 5.8 5.8 5.6 5.3 

April 6.5 6.5 6.7 6.5 6.9 6.4 

May 7.8 7.4 7.7 7.7 7.8 7.8 

June 7.7 7.8 7.7 7.8 7.7 7.8 

July 7.8 7.9 7.8 7.8 7.8 7.8 

August 8.0 8.0 8.0 8.0 8.0 7.9 

September 7.8 8.0 8.0 8.0 8.0 7.5 

October 7.0 7.4 7.6 7.4 7.3 6.5 

November 5.3 6.3 6.5 6.3 5.9 5.3 

December 4.9 5.6 5.3 5.6 4.9 5.2 

Averages 6.5 7.1 6.9 6.9 6.7 6.6 

The curves are nearly overlapping, indicating a highly homogeneous solar regime. SD 

peaks during June–September, characteristic of the dry season, supporting the suitability of 

generalized solar modeling. 

Figure D.2 presents the temporal trends of SD across Haut-Lomami. 
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Figure D.2: Temporal Trend of monthly SD for Haut Lomami  

Figure D.2 confirms uniform seasonal behavior with minimal spatial deviation. This 

suggests that regional climatic control dominates, providing stable conditions for PV system 

planning. 

           Analytical Observations 

 

Analytical findings for Haut Lomami are outlined as follows: 

 

 Haut-Lomami presents an annual weighted SD of approximately 6.6 h/day. 

 The highest monthly SD is recorded in July (≈8.0 h/day), while the lowest occurs in 

November (≈4.9 h/day). 

 Compared to Haut-Katanga, the seasonal amplitude remains similar but slightly 

attenuated. 

 Spatial dispersion between territories is minimal, suggesting strong climatic 

homogeneity across the province. 

 The upward concavity of the SD curve during the dry season again confirms the 

dominance of atmospheric transparency rather than astronomical declination effects. 
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Appendix D.3: Lualaba 

 
The SD data for these locations were analyzed: the City of Kolwezi and the territories 

of Dilolo, Kapanga, Lubudi, Mutshathsa and Sandoa. These SD are presented in Table D.3. 

Table D.3: Monthly SD for Lualaba (h/day) 

Latitude 10°41'12''S 10°42'S 10°43''00''S 9°55'S 10°39'S 9°42'S 

Averages 

  

Longitude 22°20'37''E 22°39'E 25°28'00E 25°58'E 24°27'E 22°52'E 

Area (Km²) 25,648 25,509 213 18,939 18,859 25,557 

Cities/Towns Dilolo Kapanga Kolwezi Lubudi Mutshatsha Sandoa 

January 5.1 7.1 5.4 5.6 4.9 5.6 5.7 

February 5.4 7.1 5.9 6.1 5.4 5.7 6.0 

March 5.0 6.5 5.8 5.8 5.6 5.3 5.6 

April 6.5 6.5 6.7 6.5 6.9 6.4 6.5 

May 7.8 7.4 7.7 7.7 7.8 7.8 7.7 

June 7.7 7.8 7.7 7.8 7.7 7.8 7.8 

July 7.8 7.9 7.8 7.8 7.8 7.8 7.8 

August 8.0 8.0 8.0 8.0 8.0 7.9 8.0 

September 

 
7.8 8.0 8.0 8.0 8.0 7.5 7.8 

October 7.0 7.4 7.6 7.4 7.3 6.5 7.1 

November 53 6.3 6.5 6.3 5.9 5.3 5.8 

December 4.9 5.6 5.3 5.6 4.9 5.2 5.2 

Averages 6.5 7.1 6.9 6.9 6.7 6.6 6.8 

 

Spatial variability is slightly higher than in Haut-Lomami but remains limited. SD 

maxima occur in August–September, minima in December, reflecting the transition between 

wet and dry seasons. Figure D.3 shows the temporal evolution of SD across Lualaba. 

 

                Figure D.3: Temporal Trend of monthly SD for Lualaba  
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Figure D.3 confirms consistent seasonal behavior and indicates cloud cover variability 

as the main driver of SD fluctuations. This reinforces the need for temporal modeling 

adjustments in PV simulations. 

 

 Analytical Observations 

 

 Lualaba exhibits an annual weighted SD of approximately 6.5 h/day. 

 The peak SD is reached in July (≈8.0 h/day), while the minimum is observed in 

December (≈4.9 h/day). 

 The province shows slightly higher variability between western (Dilolo, Kapanga) and 

central zones (Kolwezi), possibly reflecting localized moisture dynamics. 

Nevertheless, the overall SD regime remains highly favorable for solar exploitation. 
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District of Tanganyika 

 
The territories analyzed include Kalemie, Kongolo, Kabalo, Manono, Moba, and 

Nyunzu. Table 3.21 presents SD values for selected locations in Tanganyika. 

Table 3.21: Monthly SD for Tanganyika  

Latitude 6°03'S 5°56'S 5°24'S 7°18'S 7°04'S 5°57'S 

Averages 
Longitude 26°55'E 29°11'E 27°00'E 27°25'E 29°43'E 28°01'E 

Area (Km²) 14 779 21 155 13 171 34 615 23 079 15 471 

Cities/Towns Kabalo Kalemie Kongolo Manono Moba Nyunzu 

January 5.4 7.1 5.4 5.4 7.1 5.7 6.1 

February 5.8 7.2 5.9 5.9 7.1 6.0 6.4 

March 5.6 6.8 5.6 5.9 6.5 5.9 6.1 

April 6.3 6.5 6.2 6.9 6.5 6.5 6.6 

May 7.5 7.4 7.2 7.7 7.4 7.6 7.5 

June 7.8 7.9 7.7 7.9 7.8 7.8 7.8 

July 7.9 8.0 7.8 7.9 7.9 7.9 7.9 

August 7.5 8.0 7.3 7.8 8.0 7.7 7.8 

September 6.5 8.0 6.2 7.1 8.0 6.8 7.2 

October 5.8 7.7 5.4 6.2 7.8 6.0 6.6 

November 5.2 7.2 5.0 5.3 7.1 5.1 5.9 

December 5.0 7.0 5.0 5.1 6.8 5.2 5.7 

Averages 6.4 7.4 6.2 6.6 7.3 6.5 6.8 

 

      Source: Compiled  from [14]. 

 

SD values are relatively high with noticeable spatial contrasts. Maxima are slightly 

earlier compared to other districts, reflecting local climatic influences. 

Figure D.3 illustrates the seasonal dynamics of SD in Tanganyika. 
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                       Figure D.3: Temporal Trend of monthly SD for Haut Tanganika  

The figure highlights the modulation of SD by proximity to Lake Tanganyika, 

suggesting that local humidity and cloud formation must be considered in solar resource 

assessments for PV deployment. 

 

          Analytical Observations 

 

 Kalemie is the territory in Tanganyika receiving the highest annual sunshine, with a 

yearly mean daily SD of 7.4 h/day. 

 Kongolo is the territory with the lowest annual sunshine, with a yearly mean daily SD 

of 6.2 h/day. 

 The maximum daily SD occurs in July, reaching 8.0 h/day. 

 The minimum daily SD occurs in December, dropping to 5.0 h/day 
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APPENDIX E:  

PROVINCE ORIENTALE-SPECIFIC SOLAR DATA 

RESULTS 

 

Appendix E.1: Bas-Uele  

 
Data analysis was conducted for the territories of Aketi, Ango, Bambesa, Bondo, Buta 

and Poko. Table E.1 reports the monthly SD across these territories, providing the empirical 

basis for assessing spatial uniformity and its implications for solar resource modeling. 

Table E.1: Monthly SD for Bas Uele  

Latitude 2°45'N 4°01'N 3°28'N 3°49'N 2°49'N 3°06'N 

Longitude 23°46'E 25°42'E 25°42'E 23°41'N 24°44'E 26°58'E 

Area (Km²) 25,417 34,304 9,130 38,075 8,098 22,909 

City/Town Aketi  Ango Bambesa Bondo Buta Poko 

January 7.1 7.4 7.2 7.3 7.0 7.2 

February 6.8 7.2 7.0 7.1 6.8 7.0 

March 6.3 6.7 6.3 6.3 6.2 6.3 

April 5.6 6.0 5.5 5.6 5.3 5.4 

May 5.2 5.4 5.0 5.2 5.0 4.7 

June 5.3 5.4 5.0 5.3 5.0 4.7 

July 5.5 5.6 5.2 5.3 5.3 4.8 

August 5.0 5.1 4.8 4.8 4.8 4.6 

September 4.7 4.7 4.5 4.6 4.6 4.3 

October 4.4 4.4 4.1 4.2 4.2 4.0 

November 4.6 5.3 4.8 4.7 4.4 4.7 

December 6.2 6.8 6.5 6.5 6.0 6.5 

Averages 5.6 5.9 5.5 5.6 5.4 5.3 

     

     Source: Compiled from [14]. 

 

The narrow SD range (≈5.3–5.9 h/day) indicates weak spatial gradients and a quasi-

homogeneous radiative regime. This suggests that cloud cover persistence and convective 

activity operate at a mesoscale level, leading to spatially consistent solar attenuation. From a 
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modeling perspective, such homogeneity is advantageous, as it reduces the need for complex 

spatial parameterization when estimating GSI from SD-based models. 

Figure E.1 illustrates the temporal evolution of SD across Bas-Uele, highlighting 

seasonal variability relevant for irradiance reconstruction. 

 

                Figure E.1: Temporal Trend of monthly SD for Bas-Uele  

The highly synchronized seasonal pattern, with maxima in January–February and 

minima in October, reflects the dominant control of the ITCZ on cloud dynamics. This temporal 

regularity provides a robust basis for calibrating empirical SD–irradiance relationships, as it 

ensures predictable seasonal modulation of atmospheric transmissivity. 
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Appendix E2: Haut-Uele  

 
Table E.2 presents the monthly SD distribution across Haut-Uele, enabling the 

assessment of spatial variability and its implications for solar resource estimation. 

Table E.2: Monthly averages of SD for Haut-Uele District 

Latitude 3°37'N 3°44'N 2°46'N 3°40'N 2°09'N 3°02'N 

Longitude 28°34'E 29°43'E 27°37'07''E 27°53'E 28°00'E 29°31'E 

Area (Km²) 32,446 12,702 9,406 9,369 9,838 16,463 

January 7.6 8.0 7.0 7.7 6.8 7.7 

February 7.4 7.8 6.7 7.4 6.5 7.5 

March 6.8 7.4 5.9 6.9 5.6 6.9 

April 6.2 6.5 5.0 6.2 4.9 6.3 

May 5.3 6.2 4.5 5.3 4.4 5.8 

June 5.0 6.4 4.4 5.0 4.3 5.6 

July 5.2 6.2 4.4 5.3 4.4 5.6 

August 5.1 5.6 4.3 5.1 4.3 5.6 

September 4.7 5.6 4.1 4.7 4.1 5.1 

October 4.5 5.5 3.9 4.5 4.0 5.0 

November 5.5 6.5 4.4 5.5 4.3 5.9 

December 7.1 7.7 6.1 7.1 5.5 7.3 

Averages 5.9 6.6 5.1 5.9 4.9 6.2 

 

   Source: Table compiled by ourselves on basis of data taken from [14]. 

 

The higher SD levels (up to 6.6 h/day) and moderate dispersion suggest improved 

atmospheric clarity relative to Bas-Uele. This indicates reduced cloud persistence and enhanced 

solar transmissivity. For irradiance modeling, this implies higher expected global solar radiation 

and potentially lower model bias when using SD-based empirical correlations. 

Figure E.2 depicts the temporal variability of SD in Haut-Uele, emphasizing both 

seasonal forcing and spatial differentiation. 
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                            Figure E.2: Trend of monthly SD for Haut Uele District 

The increased amplitude of seasonal variation compared to Bas-Uele suggests stronger 

radiative contrast between wet and dry periods. This enhances the sensitivity of SD-based 

irradiance models, making Haut-Uele a suitable region for validating model responsiveness to 

seasonal atmospheric changes. 
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Appendix E.3: Ituri 

 
In Ituri, data analysis was carried out for the territories of Aru, Djugu, Irumu, Mahagi, 

Mambassa. Table E.3 provides monthly SD values across the Ituri District, highlighting spatial 

heterogeneity relevant to solar resource modeling. 

Table E.3: Monthly SD for Ituri  

Latitude 2°53'N 1°564N 1°27'N 2°18'N 1°22'N 

Longitude 30°51'E 30°29'E 29°52'E 30°59'E 29°03'E 

Area (Km²) 6,740 8,184 8,730 5,221 36,783 

City/Town Aru Djugu Irumu Mahagi Mambasa 

January 7.9 6.8 7.2 8.0 6.8 

February 7.9 6.7 7.1 8.0 6.7 

March 7.6 5.4 6.4 7.8 5.7 

April 7.1 5.1 6.1 7.5 5.0 

May 6.9 5.6 5.8 7.6 4.4 

June 6.8 5.7 5.4 7.9 4.2 

July 6.8 5.6 5.4 7.8 4.2 

August 6.4 5.2 5.2 7.7 4.1 

September 6.3 4.7 4.9 7.6 3.8 

October 6.3 4.4 4.7 7.4 3.8 

November 6.9 4.6 5.1 7.4 4.1 

December 7.6 5.9 6.5 7.8 5.7 

Averages 7.0 5.5 5.8 7.7 4.9 

 

            Source: Compiled from [14]. 

The wide SD range (≈4.9–7.7 h/day) reveals strong spatial heterogeneity, likely driven 

by topographic complexity and localized convective processes. This variability introduces 

significant challenges for irradiance estimation, as uniform SD–irradiance relationships may 

not hold across the district without spatial calibration. 

Figure E.3 shows the temporal evolution of SD across Ituri, illustrating the coexistence 

of distinct local regimes. 

 



jj 
 

 

                               Figure E.3: Temporal Trend of Monthly SD for Ituri  

 

The divergence between curve patterns indicates multiple microclimatic regimes within 

the same district. This suggests that irradiance modeling in Ituri requires region-specific 

parameterization, as a single empirical model may fail to capture localized atmospheric effects 

influencing solar radiation. 
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Appendix E. 4: Tshopo  
 

For Tshopo District, Kisangani and the territories of Bafwasende, Banalia, Basoko, 

Isangi, Opala, and Yahuma were selected. Table E.4 summarizes their monthly SD values, 

representing the most cloud-affected regime within Province Orientale. 

Table E.4: Monthly SD for Tshopo 

Latitude 1° 01′ N 1° 32′ N 1° 14′ N 0° 47′ N 0° 31′ 09″N 0° 37′ SUD 0° 21′ SUD 

Longitude 27° 10′ E 25° 20′ EST 23° 36′ EST 24° 14′ EST 25° 11′ 46″  24° 21′ EST 25° 25′ EST 

Area (Km²) 48 818 23 631 22 677 13 769 1 910 26 453 41 537 

City/Town Bafwasende Banalia Basoko Isangi Kisangani Opala Ubundu 

January 6.7 6.3 7.0 6.5 6.0 6.1 5.9 

February 6.5 6.3 6.8 6.4 6.1 6.1 5.9 

March 5.7 5.7 6.4 5.9 5.6 5.7 5.4 

April 4.9 5.0 5.6 5.3 4.8 4.9 4.7 

May 4.3 4.5 5.4 4.9 4.4 4.6 4.4 

June 4.1 4.7 5.6 5.3 4.7 5.3 4.7 

July 4.3 5.0 5.8 5.6 5.0 5.7 5.1 

August 4.1 4.5 5.2 5.0 4.5 5.0 4.7 

September 4.1 4.5 5.3 5.0 4.5 4.9 4.5 

October 4.2 4.3 5.0 4.7 4.4 4.7 4.4 

November 4.1 4.0 4.7 4.4 4.1 4.5 4.2 

December 5.6 5.3 6.1 5.5 5.0 5.0 4.9 

Averages 4,9 5.0 5.7 5.4 4.9 5.2 4.9 

Source: Compiled from [14]. 

The persistently low SD values (≈4.9–5.7 h/day) indicate strong atmospheric attenuation 

due to continuous cloud cover and high humidity. This implies reduced solar irradiance levels 

and highlights the limitations of SD-based models, which may underestimate the impact of 

diffuse radiation under such conditions. 

Figure E.4 illustrates the temporal SD dynamics in Tshopo, with implications for low-

irradiance environments. 
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                Figure E.4: Temporal Trend of monthly SD for Tshopo      

 The flattened seasonal profile confirms limited variability in atmospheric transmissivity 

throughout the year. For modeling purposes, this suggests a relatively stable but low irradiance 

regime, where model calibration must account for persistent cloud-induced attenuation rather 

than seasonal extremes. 
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