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 Currently, there is a significant gap between electricity generation and consumption in 
Cameroon. Research has shown that electricity consumption in the country is estimated to 
increase by 965.7 GWh in five years, from 2020 to 2024 due to demographic and economic 
growth. Hence, this study aims to find methods that can be useful in developing strategies to 
balance the energy supply and demand in the country. This is done by developing models that 
can predict future electrical power consumption and generation. Correlation analysis and 
regression analysis were performed by using data obtained from various databases, and 
related models were developed accordingly. The model parameters were carbon dioxide 
emissions, electricity consumption per capita, final consumption expenditures, electricity 
installed capacity, fossil fuel installed capacity, labor force, and GDP. The models' results 
demonstrated excellent performance coefficients with RMSE of 0.17041, 0.23893, 0.27571, 
and 0.2465 for hydroelectricity generation, fossil fuel electricity generation, net electricity 
generation, and net electricity consumption respectively. Also, hydroelectricity generation, 
net electricity generation, and net electricity consumption models showed very good RRMSE 
performance indicating that the models can make predictions with only 4.26%, 5.26%, and 
5.77% deviation from the mean values of hydroelectricity generation, net electricity 
generation, and net electricity consumption, respectively. 
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1. Introduction  
 

Electricity has a significant contribution to the 
Cameroon’s economy. It is used for lighting, heating, 
cooling, device operations, machinery, and refrigeration 
purposes. Due to increasing electricity demand, climate 
change, and the poor state of power transmission and 
distribution networks, the country has had more power 
outages over the years, causing major damage to 
households and industries. Each year, the absence of 
electricity in industry slows economic growth by 2% and 
results in a loss of more than USD 12 million in foreign 
exchange revenues [1, 22]. This is a result of the 
imbalance between power generation and consumption, 
and mainly the losses on the system. Consequently, 
generators and kerosene are increasingly being used to 
provide electricity and lighting [23].  

Understanding the driving forces behind electricity 
generation and consumption in Cameroon may help in 

providing long-term strategies necessary to manage 
electricity demand and ensure the continued supply of 
energy to the grid. While there has been much research 
on electricity consumption modeling in Cameroon [1 – 3], 
to the best of the knowledge of the author of this study, 
none have focused specifically on modeling electricity 
generation from different sources in Cameroon. It is 
critical to gain a thorough understanding of the 
generation sector in order to resolve the issue of power 
outages/shortages in Cameroon. Therefore, this study 
investigates the existing relationships between different 
parameters and electricity generation/consumption in 
Cameroon to formulate multiple linear regression 
models that can be used to predict electricity generation 
and consumption. Utilization of such models is expected 
to control power demand, control the amount of fuel 
required for thermal generation, and thus improve 
electrical energy efficiency in the country. 
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The republic of Cameroon endows 15 oil-fired power 
plants and 2 gas fired power plants (Kribi and Logbaba) 
[1]. There are also 3 hydropower plants in operation; 
Song Loulou (384MW), Edea (276.2MW), and Lagdo 
(72MW) [1]. Most of the electricity supply (9.149 GWh in 
2019) came from hydro (57%), followed by gas (27%) 
and oil (15%), with other renewable energies accounting 
around 1% [4]. The country's electricity installed 
capacity in 2021 was around 1402 MW [5]. Furthermore, 
the country's electrification rate in 2020 was around 
64.72%, with 94.03% and 24.98% of urban and rural 
populations having access to electricity, respectively [6]. 
Only 20% of the population has access to electricity 
networks [24], with a large majority of communities in 
rural areas not being connected [25]. Considering these, 
the government's new goal is to boost domestic 
generation capacity by 3500MW by 2030 and achieve 
100% access by 2035 [4]. 

Section 2 presents a review of previous work on 
electricity consumption modeling in Cameroon and 
electricity generation modeling in other countries. It also 
contains the authors' viewpoints related to the studies. 
Section 3 explains the method used in this study and the 
data used in the analysis. Section 4 addresses the results 
obtained and their role in achieving the study objectives. 
Section 5 evaluates the performance of the developed 
models and compares them with those in the literature. 
Section 6 concludes the study. 

 
2. Literature review 

 
Many studies on electricity generation and 

consumption have been conducted around the World. 
Recent studies in Cameroon have focused on electricity 
consumption forecasts as well as the existing 
relationship between electricity consumption and 
economic growth. Dieudonne, et al. [3] for instance 
aimed at determining the prediction of electricity 
consumption in Cameroon for the period 1975- 2019. 
The article examined three models which are the Vector 
error correction model (VECM), the Holt-Winters 
exponential smoothening (HES), and the Hybrid model 
(VECM-HES). The study parameters were population, 
GDP per habitant, electricity consumption per habitant, 
and the expenses on final consumption in households. 
The analysis resulted in the MAPE of 12.65%, 7.32%, and 
1.59% with the RMSE of 395.4, 229, and 6.74 for the 
VECM, HES, and VECM-HES model respectively. Based on 
their respective MAPEs, the author concluded that the 
VECM-HES model projected electricity consumption to 
rise from 7169.031GWh in 2020 to 8134.772GWh in 
2024. Also, Guefano, et al. [1] examined electricity 
consumption in the residential sector by using the grey 
(GM(1,1)) model, vector autoregressive (VAR(p)) 
econometric model, and the hybrid model (GM(1,1)-
VAR(p)) over the period 1994-2017. The parameters 
included the GDP, GDP per capita, population, number of 
subscribers, and number of households. The study 
indicated a MAPE of 3.96%, 7.73%, and 1.629% for the 
GM (1,1), VAR (p), and GM(1,1)-VAR(p) models 
respectively. Based on their respective MAPEs, the 
author concluded that the GM (1,1)-VAR(1) hybrid model 
was more accurate than the other models. Next, Guefano, 

et al. [2] also focused on forecasting electricity demand 
in Cameroon's residential sector using multiple 
regression over the period 1994-2014. The authors used 
the same parameters as [1]. They observed a strong 
correlation of more than 96% between the variables. 
According to the results, residential electricity 
consumption was expected to increase from 1721GWh in 
2014 to 2481GWh in 2020. 

Other studies in Cameroon analyzed the relationship 
between energy consumption and economic growth. 
Tamba, et al., [7] researched electricity consumption and 
its relationship with economic growth from 1971 to 
2013. They used the VAR model and the Granger 
causality test. Results demonstrated that the use of 
electricity and economic growth were not causally 
related. Also, Joel and Cyrille [8] examined the 
relationship between energy consumption, economic 
growth, and CO2 emissions in Cameroon by using the 
autoregressive distributed lag model. According to the 
findings, there was no long-term relationship between 
CO2 emissions and energy consumption. In the short 
term, however, fossil and electricity consumption 
positively affected emissions. 

Although most Cameroonian researchers focused 
solely on the electricity consumption sector, other 
researchers from around the world also examined the 
power generation sector. For instance [9 – 11] aimed at 
comparing the regression model and the artificial neural 
network (ANN) model. Based on their finding they 
concluded that the ANN model estimated and predicted 
with more accuracy and reliability than the regression 
model. Although machine learning models are more 
accurate than regression models, their complexity makes 
them difficult for people with little background in the 
field to understand and use them. In order to use machine 
learning related modelling or forecasting, a graphical 
user interface that can be used by the user (who does not 
have modelling background) should be implemented and 
should be provided to the user. Thus, regression is 
preferred over machine learning in this study because it 
provides equations that can easily be used by people in 
the utility company or government due to their 
simplicity. These equations can also help the utility 
company or government during transition to adopting 
more sophisticated models and forecasting approaches. 

As discussed above, the generation sector was 
disregarded in earlier studies on Cameroon's power 
modeling, which mostly focused on the consumption 
sector. However, power production modeling is the key 
to ensure future energy supply and maintain a balance 
between power demand and supply. Therefore, in 
addition to consumption, this study also considers 
generation modelling. Finally, this study proposes a 
novel method (step-by-step approach by Fombuwing 
(SSAF)) for selecting the variables that are to be used in 
the models. 
 
3. Material and method  
 

This study aims to formulate multiple linear 
regression models that can be used to predict electricity 
generation and consumption by using Microsoft Excel. In 
regression analysis, one variable is predicted from 
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another based on the existing relationship between these 
variables. The predicted variable is generally referred to 
as the dependent (outcome) variable, whereas the other 
variables are called independent variables or predictors. 
A regression analysis with one independent variable is 
called a univariate regression, whereas a regression 
analysis with more than one independent variable is 
called a multivariate regression [12]. The following is a 
formula for multivariate regression analysis. 

 

Y =  B0  +  𝐵1 X1 + ⋯ . + Bk Xk  +  ε (1) 

 
Where Y = Ỹ + ε, with Y and Ỹ representing the real and 

predicted dependent variables respectively. ε stands for 
the error and B0 is the constant. Bk and Xk represent the 
regression coefficient, and the value of the independent 
variable respectively. 
 
3.1. Data collection 
 

This study covers a 23-year period (1997-2019) due 
to data availability. The study used data from the U.S. 

Energy Information Administration [13], the World Bank 
development indicators database [6], and electricity 
consumption per capita data from previous studies [3]. 
The values of electricity consumption per capita data 
were shifted a unit backward during modeling due to its 
direct link with electricity consumption and generation. 
Overall, 22 variables were considered, of which 4 were 
dependent variables. The details of the data can be seen 
in Table 1. The renewable electricity generation (REG) 
variable was not considered for modeling because 99% 
of renewable electricity in Cameroon comes from 
hydropower (HG). Therefore, the hydroelectricity 
generation (HG), fossil fuels electricity generation 
(FFEG), net electricity generation (EG), and net 
electricity consumption (EC) dependent variables were 
the outcome variables in this study. A total of 17 
independent variables that could impact electricity 
generation and consumption in Cameroon were selected. 
The aim was to examine the existing relationship 
between these variables and the outcome variables in 
order to select the best-fit predictors for the models.  

 
Table 1. Specific details of the data used in this study. 

Variables Minimum Maximum Standard deviation 
Pop (Population) 14344444 25876387 3575468.721 

Labor force 6451990 11333454 1407864.624 

Fcon expend (final consumption expenditure) {current US$} 8360145043 33618648566 8697283826 

GDP (gross domestic product) {current US$} 10789457915 39973839065 10166222482 

𝐶𝑂2 emissions {kt} 4860 9590.00 1669.459 

FFEI cap (fossil fuels electricity installed capacity) {million kW} 0.07 1.26 0.418 

EC per capita (electricity consumption per capita) {kWh} 172 286 47.472 

EI cap ( electricity installed capacity) {million kW} 0.817 2.03 0.421 

GDP/capita (GDP per capita) {current US$} 752.16 1604.21 324.336 

DNG con (dry natural gas consumption) {BCF} 0 28 9.608 

LPG con (liquid petroleum gas consumption) {Mb/d} 22 42 7.262 

RE con (renewable energy consumption) {%} 76.79 86.31 3.361 

Precipitation {mm} 1467.07 1718.41 67.579 

HEI cap (hydroelectricity installed capacity) {million kW} 0.719 0.80 0.035 

EP (electricity price) {USD/MWh} 113.45 160.68 18.409 

Mean Temp (mean temperature) {Celsius} 24.57 25.21 0.177 

REI cap (renewable electricity installed capacity) {million kW} 0.71 0.80 0.036 

HG (hydroelectricity generation) {billion kWh} 3.06 5.34 0.621 

 REG (renewable electricity generation) {billion kWh} 3.06 5.35 0.626 

FFEG (fossil fuels electricity generation) {billion kWh} 0.03 3.36 1.167 

 EC (net electricity consumption) {billion kWh} 2.48 6.50 1.400 

 EG (net electricity generation) {billion kWh} 3.09 8.35 1.747 

3.2. Analysis of the data 
 

In this section, combo charts are drawn to reveal the 
certain trends in data used in this study. In Figure 1 and 
Figure 2, the bar graph shows the pattern of data on the 
primary axis while the line graph illustrates the data on 
the secondary axis.  

Figure 1 shows an increase in liquid petroleum gas 
(LPG) consumption over the years, whereas dry natural 
gas (DNG) consumption began in 2005 and has shown a 

rising trend over time. This is because dry natural gas 
production in Cameroon also began in 2005 [13]. As of 
2017, Cameroon had proven gas reserves of 4.77 trillion 
cubic feet, equivalent to 148.4 times its annual 
consumption [14]. This means that the country has about 
148 years of natural gas left excluding unproven 
reserves. The secondary axis shows insignificant 
variation for the mean temperature and a slight drop in 
RE consumption over the years from 84.5% to 79.4% of 
the total final energy consumption in the country. 
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Possibly this reduction is due to the rise in fossil fuel 
energy consumption for electricity production and the 
use of vehicles.  

 

 
Figure1. Comparison of the LPG con, DNG cons, Mean 
temp, and RE con variables. 
 

Figure 2 reveals that the HG and the REG rose over the 
years at almost the same rate, from 3 billion kWh each in 
1997 to 5.88 billion kWh and 5.89 billion kWh 
respectively in 2020. This shows that more than 99% of 
the country’s renewable electricity comes from hydro 
and the remaining 1% comes from other renewable 
energy sources. Also, the EC and the EG increased 
respectively from 2.48 billion kWh and 3.09 billion kWh 
in 1997 to 6.33 billion kWh and 8.29 billion kWh in 2020. 
This was due to an increase in power demand and fossil 
fuel electricity generation. The huge rise in the difference 
between total electricity generation and total electricity 
consumption over the years can also be observed from 
the figure. According to [4], ENEO's network loses 
approximately 30% of power in its grid due to both 
technical and commercial reasons. [3] estimated 
electricity consumption to rise by 965.7 GWh in five 
years, which is approximately 14% of Cameroon's annual 
electricity consumption. This means that by reducing the 
power losses from 30% to 15%, the government will save 
over 965.7 GWh of electrical energy annually. This will 
solve the problems of power cuts and the loss of more 
than 12 million USD in foreign exchange earnings. 
Moreover, since 2002, FFEG rose from 0.11 billion kWh 
to 2.84 billion kWh in 2020 due to a rise in fossil fuel 
electricity installation and dry natural gas production. 
 

 
Figure 2. Comparison of the HG, REG, FFEG, EC, and EG 
variables. 

3.3. Correlation analysis 
 

In this study, correlation analysis was used to verify 
the existing relationship between all the variables in the 
dataset in Microsoft Excel. The strength of the linear 
relationship between two variables is indicated by the 
correlation coefficient (r). Its value ranges between -1 
and 1, with -1 indicating a perfect negative relationship, 
0 revealing no relationship, and 1 representing a perfect 
positive relationship between the variables [15]. Thus, 
the closer the correlation coefficient comes to +1 or -1, 
the stronger the correlation. A negative relationship 
signifies that as one variable increases, the other 
decreases while a positive relationship means that as one 
variable increases the other also increases and vice versa. 
The correlation coefficient is briefly interpreted in Table 
2. 
 
  Table 2. Correlation coefficient and interpretation. 

Correlation size (r) Interpretation 

0.9 to 1.0 / -0.9 to -1.0 Very high positive / negative 
correlation 

0.7 to 0.9 / -0.7 to -0.9 High positive / negative 
correlation 

0.5 to 0.7 / -0.5 to -0.7  Moderate positive / negative 
correlation 

0.3 to 0.5 / -0.3 to -0.5  Low positive / negative 
correlation 

0 to 0.3 / 0 to -0.3 Negligible correlation 

 Source: Makuka [15]. 
 
To develop models with high precision and 
predictability, variables with r > 0.8 or r < -0.8 were 
considered significant for the study's purposes. Those 
with r < 0.8 and r > -0.8 were considered insignificant and 
eliminated from the modeling datasets. A total of 12 
variables were found to be strongly related to the 
outcome variables EG and FFEG. 11 variables were 
strongly related to the outcome variable EC, and 9 
variables also had a strong relationship with the outcome 
variable HG. These variables were therefore significant 
and they were considered during the models’ 
formulation. The significant variables obtained as a 
result of the correlation analysis are shown in Table 3. 
 
Table 3. Significant data obtained from correlation 
analysis. 

FFEG HG EC EG 

Population Population Population Population 

LPG con LPG con LPG con LPG con 

DNG con DNG con DNG con DNG con 

GDP GDP GDP GDP 

GDP per capita GDP per 
capita 

GDP per capita GDP per capita 

EC per capita EC per capita EC per capita EC per capita 

EI cap Labor force FFEI cap EI cap 

FFEI cap 𝐶𝑂2emissions Labor force FFEI cap 

Labor force Fcon expend 𝐶𝑂2  emissions Labor force 

𝐶𝑂2 emissions 
 

RE con 𝐶𝑂2  emissions 

RE con 
 

Fcon expend RE con 

Fcon expend 
  

Fcon expend 
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3.4. Performance measurement criteria 
 

Models were created based on performance criteria, 
such as; adjusted R square, the RMSE, and the RRMSE 
(CV). The p-value was also calculated during the analysis. 
In statistical analysis, the p-value indicates the 
significance of the parameters used in a model. The 
performance measurement criteria used in this study are 
as follows; 

• R square: It is an indicator often used in statistics 
to estimate a model's performance, with values 
ranging from 0 to 1 [16]. The closer the value 
approaches 1, the better the model. 

• Adjusted R Square: It is an indicator used to 
determine the goodness of fit of a linear model 
[17]. It ranges from 0 to 1. The closer the value 
is to 1, the better the model. 

• RMSE (root mean square error): This is a 
measure commonly used to compare forecasting 
errors between models; the lower the     RMSE 
value, the better the model's accuracy [16].  

• RRMSE (relative root mean square error): This 
is an indicator calculated by dividing the RMSE 
by the average value of measured data [16]. The 
RRMSE is also often called the coefficient of 
variation (CV). 

Using statistical significance (p < 0.05) in Excel, the 
test was conducted on all independent variables X and 
dependent variable Y to establish the regression 
equation (Ỹ). Afterward, the R Square, the adjusted R 
Square, the RMSE, and the RRMSE were calculated in 
Excel to verify the model’s goodness by using the 
formulas, 
 

 R2 =    
∑ (Ỹi – Ӯ)2n

i=1

∑ (Yi – Ӯ)2n
i=1

          (2) 

 

Adjusted R2 = 1 – (1 – R2)(
n−1

n−k
)           (3) 

 

RMSE =  √
∑( Yi − Ỹ i)2

n−k
           (4) 

 

RRMSE = CV = 
 RMSE

Ӯ
           (5) 

 
Where 𝑌𝑖  = the real value of the outcome,  Ỹ 𝑖= the 
predicted outcome, Ӯ = the mean of  𝑌𝑖 ,  n = the number 
of observations, and k = the number of coefficients in the 
model. 

Table 4 interprets the performance of a model based 
on the RRMSE. This will be used in this study to verify the 
forecasting ability of the formulated models. 
 
Table 4. Model accuracy and RRMSE.  

RRMSE Accuracy  

RRMSE < 10% Excellent 

10% < RRMSE < 20% Good 

20% < RRMSE < 30% Fair 

RRMSE > 30% Poor 

Source: Despotovic, et al. [16]. 
 
 

3.5. Development of the models 
 

In this section, the model predictors were selected 
from the significant independent variables following the 
step-by-step approach by Fombuwing (SSAF) developed 
for this study. The adjusted R Square was used in this 
section as the performance determination coefficient. 
The best fit models were developed following the SSAF 
described as follows; 
Step1: As the first predictor, use the variable that has the 
highest correlation coefficient (correlation with the 
outcome variable). Then, using the first predictor and 
each significant variable in the outcome dataset, run a 
regression analysis on the outcome variable to find the 
second predictor. As the second predictor, choose the 
variable that causes the highest performance coefficient 
when used with the first predictor.  
Step 2: To find the third predictor, run a regression 
analysis on the outcome variable using the two 
predictors from Step1, along with each significant 
variable in the outcome dataset. As the third predictor, 
choose the variable that causes the highest performance 
coefficient when used with the first two predictors.  
Step 3: To identify the fourth predictor, perform a 
regression analysis on the outcome variable using the 
three predictors from Step 2 as well as each significant 
variable in the outcome dataset. Use the variable 
resulting the highest performance coefficient in relation 
to the outcome as the fourth predictor. More details 
about SSAF can be found in [18]. 
 
3.5.1. Developing the net electricity consumption 

model 
 

The EC dataset consisted of 11 significant 
independent variables. The Fcon expend variable with 
the highest correlation coefficient of 0.9713 was 
considered as the first predictor for the net electricity 
consumption model. Other significant independent 
variables in the EC dataset were tested with the Fcon 
expend variable in different combinations using the 
regression analysis to obtain the best fit model following 
the SSAF. 

Employing the step 1 approach, the EC-(Fcon expend-
𝐶𝑂2 emissions) showed the greatest performance 
coefficient and the 𝐶𝑂2 emissions variable was selected 
as the second independent variable. Applying the step 2 
approach, the EC-(Fcon expend-𝐶𝑂2 emissions-FFEI cap) 
with coefficient of 0.9603 showed the best performance 
and the FFEI cap variable was picked as the third 
independent variable. As determined by the performance 
coefficient of 0.969 by using step 3 approach, the EC-
(Fcon expend-𝐶𝑂2 emissions-FFEI cap-EC per capita) 
variables were the most suitable variables for the 
creation of electricity consumption model. As a result, the 
electricity consumption model was created as follows: 
 
Ỹ= - 1.77848 + 0.0005𝑋1 – (0.8917) 𝑋2  + 

0.008124𝑋3+(6.23 x 10−11)𝑋4 
(6) 

 
Where 𝑋1 is the 𝐶𝑂2 emissions (kt) and 𝑋2 represents the 
FFEI cap (million kW). 𝑋3 is the EC per capita (kWh) and 
𝑋4 represent the Fcon expend (current US$). 
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3.5.2. Developing the hydroelectricity generation 
model 
 

During the HG model formulation, the first predictor 
was selected as the labor force because it had the 
strongest correlation coefficient with the HG dependent 
variable. The other predictors were chosen by using the 
SSAF. Following step 1, the Fcon expend variable was 
selected as the second variable since HG-(labor force-
Fcon expend) variables showed the greatest 
performance coefficient of 0.9191. Applying the step 2 
approach, the EC per capita variable was chosen as the 
third variable due to having the greatest performance 
determination coefficient of 0.9209 with the labor force-
Fcon expend variables. Following step 3, the 𝐶𝑂2 
emission variable showed the greatest performance 
determination coefficient of 0.923468 with the labor 
force-Fcon expend-EC per capita variables and was 
selected as the fourth variable. Therefore, the 
hydroelectricity model was created as follows: 
 

Ỹ=1.3840 – (0.0001)𝑋1 +(3.75 x 10−7)𝑋2 – 
(0.00422)𝑋3 + (4.19 x 10−11)𝑋4  

                    
(7) 

 
Where 𝑋1 is the 𝐶𝑂2 emissions (kt) and 𝑋2 represents the 
labor force. 𝑋3 is the EC per capita (kWh) and 𝑋4  
represent the GDP (current US$). 
 
3.5.3. Developing the fossil fuel related generation 

model 
 

The 𝐶𝑂2 emissions variable was used as the first 
independent variable because it had the greatest 
correlation coefficient of 0.975 with the dependent 
variable FFEG. Following the step 1 approach, the EC per 
capita variable was chosen as the second variable since 
FFEG-(𝐶𝑂2 emissions-EC per capita) had the greatest 
performance determination coefficient of 0.9583. As per 
the step 2, the FFEG-(𝐶𝑂2emissions-EC per capita-GDP) 
variables showed the highest performance 
determination coefficient of 0.9598 and so the GDP 
variable was selected as the third independent variable. 
According to step 3, FFEG-(𝐶𝑂2emissions-EC per capita-
GDP-FFEI cap) showed the greatest performance 
coefficient. Hence, FFEI cap was selected as the fourth 
independent variable. Thus, the fossil fuel electricity 
generation model was developed as follows: 
 

Ỹ = - 4.20995 + 0.000643X1 + 0.144145X2 + 
0.008155X3 – (3.2 x 10−11) X4  

(8) 

 
Where, 𝑋1 is the 𝐶𝑂2 emissions (kt) and 𝑋2 represents the 
FFEI cap (million kW).  𝑋3 is the EC per capita (kWh) and 
𝑋4 represent the GDP (current US$). 
 
3.5.4. Developing the net electricity generation 

model 
 

This model was also created using regression analysis 
by applying the SSAF. The Pop variable was picked as the 
first independent variable due to having the highest 
performance coefficient of 0.980577 with the dependent 
variable EG. The remaining 11 significant independent 

variables were then tested in different combinations as 
per the SSAF. As in step 1, EG-(pop-𝐶𝑂2 emissions) 
showed the strongest performance with a coefficient of 
0.9709. Therefore, the 𝐶𝑂2 emissions variable was 
selected as the second predictor for the EG model. 
Following the step 2, EG-(pop-𝐶𝑂2 emissions-EC per 
capita) showed the best performance coefficient of 
0.9734. Therefore, EC per capita variable was chosen as 
the third independent variable. As per step 3, EG-(pop-
CO2 emissions-EC per capita-labor force) showed the 
highest performance coefficient of 0.974, so the labor 
force variable was picked as the fourth independent 
variable. To obtain the fifth predictor, the remaining 8 
significant variables to EG were tested with the (pop-𝐶𝑂2 
emissions-EC per capita-labor force) variables. As EG-
(pop-𝐶𝑂2 emissions-EC per capita-labor force-EI cap) 
showed the highest coefficient, the EI cap variable was 
picked as the fifth predictor. However, it was observed 
that the performance coefficient, in step 4, was lower 
than that of the previous steps despite having more 
predictors. It was also noticed that as the analysis 
progressed, the p-value for the pop variable was 
continuously increasing, reaching the value of 0.9391 in 
the EG-(pop-𝐶𝑂2 emissions-EC per capita-labor force-EI 
cap) analysis, which is far greater than the p-significance 
value of 0.05. So, when the pop variable was removed, the 
model provided a better result with a performance 
coefficient of 0.97511 with four predictors which are 𝐶𝑂2 
emissions-EC per capita-labor force-EI cap. Therefore, 
the net electricity generation model was created as 
follows: 
 
Ỹ = -3.48558 + (0.000635)𝑋1 + (4.64 x 10−7)𝑋2 

+ (0.003719)𝑋3 – (0.30931)𝑋4  
     (9) 

 
Where 𝑋1 is the 𝐶𝑂2 emissions (kt) and 𝑋2 represents the 
labor force. 𝑋3 is the EC per capita (kWh) and 𝑋4 
represent the EI cap (million kW). 
 
3.6. Significance of the variables used in the 
formulated models and their impact on electricity 
generation and consumption 
 

According to the created models, electricity 
production/consumption in Cameroon is affected by 𝐶𝑂2 
emissions, electricity consumption per capita, labor 
force, electricity installed capacity, final consumption 
expenditure and GDP variables. Each variable plays an 
important role in electricity production/consumption as 
described below: 
• 𝐶𝑂2 emissions: It is the stemming released from the 

burning of fossil fuels and the production of cement 
[6]. More emissions mean more fossil fuel combustion 
and the more fossil fuels are burned for electricity 
production, the more electricity is produced and 
consumed. 

• Electricity consumption per capita: It is the amount of 
electricity consumed per person in a country each 
year. In general, the greater the electricity 
consumption per capita, the greater the net electricity 
production/consumption.  

• Labor force: It consists of people aged 15 and up who 
provide labor to produce goods and services over a 
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specified period [6]. As the labor force grows, more 
people can afford to purchase electricity. Therefore, 
electricity consumption/ production also increases. 

• Electricity installed capacity: It refers to the 
maximum amount of electricity that can be produced 
from all electrical energy sources combined [13]. As 
installed capacity increases, electricity 
generation/consumption also increases. 

• Final consumption expenditure: It is the sum of 
household final consumption expenditure and 
general government final consumption expenditure 
[6]. It is also directly related to electricity 
production/consumption. 

• GDP: It is the total value of goods and services 
produced in a country over a particular period of time 
[6]. GDP positively affects electricity 
generation/consumption, as the ability to produce or 
consume electricity increases with GDP. In the 
modern world, electricity consumption has an 
influential role in the growth of economies [19]. 

 
4. Results 
 

This section presents the results of the power 
generation and consumption models and their 
performance values such as the RMSE, the RRMSE, the R 
square, the adjusted R square, and the significance F 
value. It also presents the comparison of this study with 
previous studies on power modeling. 
 
4.1. Results of the net electricity consumption model 
 

Table 5 shows the results obtained from the 
formulation of the net electricity consumption model. 
The analysis resulted in an excellent RMSE of 0.246 and 
a RRMSE of 0.0577. This indicated that this model could 
predict net electricity consumption with a 5.77% error in 
its mean value. Furthermore, the adjusted R square of 
0.9690 with a value very close to 1 also confirmed the 
goodness of fit of the model.  
 
Table 5. Regression statistics for the net electricity 
consumption model. 

Multiple 
R 

R 
Square 

Adjusted 
R Square 

RMSE RRMSE 
Significance 
F 

0.987 0.974 0.969 0.246 0.057 
4.22 x 
10−14 

 

 
Figure 3. Real (Y) vs predicted (Ỹ) curve for the net 
electricity consumption. 

Figure 3 shows the curve of the predicted electricity 
consumption model in orange (Ỹ) and the real electricity 
consumption in blue (Y). As electricity consumption 
increases over time, both curves show a similar trend and 
are almost in line with each other. Therefore, based on 
this graph and the model performance displayed in Table 
5 it can be concluded that this model has an excellent 
forecasting ability of the net electricity consumption in 
Cameroon. 
 
 
4.2. Results of the hydroelectricity generation model 
 

The regression statistics for the hydroelectricity 
model are shown in Table 6. The results showed a very 
good performance for the RMSE and the RRMSE (CV) of 
0.1704 and 0.04268 respectively. This means that the 
error obtained from the use of this model represents 
4.268% of the mean value of hydroelectricity generation. 
Thus, also representing an excellent model. The model 
also provided an excellent fit to the data used in its 
creation indicated by the significance F value of 1.20 x 
10−10. It also showed an adjusted R square of 0.92478, 
which is an additional tool to confirm the stability of the 
model.  
 
Table 6. Regression statistics for hydroelectricity 
generation. 

Multiple 
R                                                                                                   

R 
Square                                 

Adjusted 
R Square 

RMSE RRMSE       Significance 
F                                                               

0.968 0.938 0.924 0.170 0.042 1.20 x 
10−10 

 
Figure 4 shows the overall results of the 

hydroelectricity model in graphical form.  
 

 
Figure 4. Real (Y) vs predicted (Ỹ) curve of 
hydroelectricity generation  
 
The actual curve is depicted in blue (Y), while the 
predicted curve is shown in orange (Ỹ). Both curves show 
the evolution of hydroelectricity generation almost at the 
same rate. In accordance with the excellent performance 
coefficient displayed in Table 6, it can be concluded that 
the model was very successful and can be used for 
hydroelectricity forecasts. 
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4.3. Results of the fossil fuel electricity generation 
model 
 

Table 7 presents the regression statistics for the fossil 
fuels electricity generation model. The results revealed 
that the model presented excellent goodness of fit based 
on the performance coefficient R square and adjusted R 
square of 0.965 and 0.958 respectively. Furthermore, the 
RMSE of 0.238 was very low. RRMSE (CV) of 0.1918 
suggested that the model could make predictions with 
19% error of the mean value of fossil fuel electricity 
generation. This error is less than 20%, indicating a good 
forecasting ability according to [16].  
 
Table 7. Regression statistics for fossil fuel electricity 
generation. 

Multiple 
R                                                                                                   

R 
Square                                 

Adjusted 
R Square 

RMSE RRMSE          
Significance 
F                                                               

0.982 0.965 0.958 0.238 0.191 6.31 x 
10−13 

 
Figure 5 shows the graphical representation of the 

fossil fuel electricity generation model. Based on its 
performance coefficient shown in Table 7, it can be 
concluded that the formulated model is statistically valid 
and can be used in forecasting fossil fuel electricity 
generation. 
 

 
Figure 5. Real (Y) vs predicted (Ỹ) curve of fossil fuels 
electricity generation. 
 
4.4. Result of the net electricity generation model 
 

The results of the regression analysis for the net 
electricity generation are presented in this section. Table 
8 indicates the performance of the model. It was 
observed that the RRMSE was equal to 0.0526 or 5.26% 
which is less than 10%, thus indicating an excellent 
model as stated by [16]. Also, the adjusted R square of 
0.97511 was very close to 1. Consequently, a significance 
F of 5.91 x 10−15 indicated that the model provided a 
better fit to the data used in its formulation, and thus was 
ideal for electrical energy predictions.  
 
Table 8. Regression statistics for the net electricity 
generation model. 
Multiple 
R                                                                                                   

R 
Square                                 

Adjusted 
R Square 

RMSE RRMSE          Significance 
F                                                               

0.989 0.979 0.975 0.275 0.052 5.91 x 10−15 

      Figure 6 shows the results of the model. It can be 
observed that predicted curves represented in orange 
(Ỹ) and the actual curve represented in blue (Y) for 
electricity generation are very close, with both showing 
an increasing trend. Taking this and its excellent 
performance coefficient indicated by the RRMSE into 
consideration, it can be concluded that the 95% 
confidence level for forecasts remained constant over 
time. Thus, confirming the stability of the model 
 

 
Figure 6. Real (Y) vs predicted (Ỹ) curve of the net 
electricity generation. 
 
5.  Discussion 
 
5.1. Results comparison with previous studies 
 

The MAPE is a straightforward comparative metric 
that makes error interpretation easier [20]. The MAPE 
for the net electricity generation and consumption was 
also calculated as 3.46% and 3.75% respectively. This 
was done in order to compare with previous studies in 
the literature.  According to [21], a model is considered 
of high precision if MAPE < 10%, good if 10% < MAPE < 
20%, reasonable if 20% < MAPE < 50% and inaccurate 
for MAPE > 50%. This reveals that developed models 
were of high precision based on their respective MAPE 
values. The results of this study were compared to those 
found in the literature on Cameroon power consumption 
modeling, as shown in Table 9. The results of this study 
were found to be superior to those in the literature, with 
a much lower RMSE value. The VECM-HES hybrid model, 
on the other hand, reported a lower RMSE than that in 
this study, indicating that this study reported the most 
reliable model after VECM-HES hybrid model. This 
confirms the accuracy of the model. Additionally 
previous studies in the literature were compared based 
on their respective MAPE values. The MAPE obtained 
from this study was found to be also superior to those 
from previous studies except for their respective hybrid 
models. However, the hybrid models are mathematically 
complex and challenging to understand by someone with 
little background in the field, especially those not present 
during model creation. It is therefore recommended to 
use the model developed in this study for electric power 
modeling in Cameroon since it outperforms other non-
hybrid models in the literature. 
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Table 9. Comparison with similar studies on power 
consumption modeling in Cameroon. 

Model RMSE MAPE RRMSE Author 

VECM 395.4 12.65 -  Dieudonne et al., 
(2022) 

HES 229 7.32 -  Dieudonne et al., 
(2022) 

VECM-HES 0.0674 1.59 -  Dieudonne et al., 
(2022) 

GM (1,1) - 3.96 - Guefano et al., (2021) 

VAR (1) - 7.73 - Guefano et al., (2021) 

GM (1,1)-
VAR (1) 

15 1.63 - Guefano et al. (2021) 

MLR 0.2465 3.75 5.77% Developed in this study 

 

These results were also compared to those on power 
generation in the literature (other countries) as shown in 
Table 10. Both the R square and adjusted R square 
obtained in this study were better than those reported in 
the literature. However, only Ibeh & Agwu [9] reported 
better RMSE than in this study.   
 
Table 10. Comparison with previous studies on power 
generation modeling in other countries. 

Model RMSE MAE MAPE R square Authors 
MLR 0.076 0.003 - 0.93 Ibeh and 

Agwu (2011) 
LR - - - 0.69 EI, et al., 

(2017) 
MLR 0.275 0.0346 3.46 0.9796 Developed in 

this study 

 
5.2. Models’ accuracy and predictions 
 

In comparison with actual values, the models 
developed in this study provide excellent predictions of 
electricity consumption and generation. As an example, 
the model predicted electricity generation in 2018 and 
2019 at 8.239 billion kWh and 8.286 billion kWh, 
respectively. These values are close to the actual values 
of 8.28083 billion kWh and 8.35384 billion kWh in 2018 
and 2019 respectively as reported by the EIA in 2021. 
The model also estimated electricity consumption in 
2018 and 2019 at 6.588 billion kWh and 6.536 billion 
kWh respectively. These values are also very close to the 
actual values of 6.49483 billion kWh and 6.50884 billion 
kWh in 2018 and 2019 respectively, as reported by the 
EIA in 2021. This confirms the ability of the model to give 
estimations with excellent accuracy. Additionally, the 
model predicts electricity generation and consumption 
to be 9.6859 billion kWh and 8.0567 billion kWh 
(8056.77 GWh) respectively in 2024. Using Excel, 
predictor values were obtained by plotting each 
predictor variable against the year variable. The values 
were then used in the models to make predictions. 
Dieudonne, et al. [3] estimated electricity consumption in 
2024 to be 8134.772 GWh based on their hybrid model. 
This shows an overestimation of 78 GWh when 
compared to this model. Considering that each predictor 
variable's value was estimated based on the scatter plot 
of each predictor variable and the year variable before 
using in the model, it can be concluded that this model 
actually provides very good forecasts. 

 

6. Conclusion and future work 
 
Using multiple linear regression techniques, this 

study analyzed electricity generation and consumption 
in Cameroon by formulating linear models that can be 
used to predict future power demand. Based on 
quantitative analysis of the dependent and independent 
variables used in this study, it can be concluded that 
𝐶𝑂2 emissions, electricity consumption per capita, labor 
force, electricity installed capacity, final consumption 
expenditure and GDP are important factors to consider 
when designing models for electrical power generation 
and consumption in Cameroon. According to the 
performance criteria, the results indicated excellent 
model formulation with (RMSE = 0.275, RRMSE = 5.26%, 
and Adjusted R square = 0.975) for the net electricity 
generation model and (RMSE = 0.246, RRMSE = 5.77%, 
and Adjusted R square = 0.969) for the net electricity 
consumption model. Additionally, the results revealed an 
excellent model formulation for the hydroelectricity 
generation model with (RMSE = 0.170, RRMSE = 4.269%, 
and Adjusted R square =0.924) and a good fossil fuel 
electricity generation model with (RMSE =0.238, RRMSE 
= 19.183%, and Adjusted R square = 0.958). This 
confirms its forecasting abilities. This study has added to 
the existing knowledge of electrical energy modeling in 
Cameroon by developing a model with high forecasting 
ability for electricity consumption. It has also considered 
the gap between electrical power supply and demand in 
Cameroon, and established electricity generation models 
with excellent accuracy. These models can be used to 
estimate and understand the requirements of the future 
power supply to the electric grid. The findings can assist 
government officials to implement efficient electrical 
energy management strategies in order to reduce power 
losses in the country and improve energy access. 

Several studies have indicated that artificial 
intelligence is an advanced technique that is better suited 
to forecasting exercises and has demonstrated better 
results than regression in the literature. Also, it has been 
used for electric power modeling around the world, but 
has not yet been used for power production modeling in 
Cameroon. Further research is therefore needed to 
identify alternative methods for electrical power 
consumption/generation modeling, particularly those 
that use artificial intelligence to generate outputs that 
could improve the effectiveness of various modeling 
techniques. 
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