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Abstract. The lack of forecast of the electricity consumption in Burkina
Faso is a great concern. This leads to selective power cut due to insuffi-
cient production. This situation leads to selective power cut, which has
a negative impact on economic activities. In this paper, we present a
model to forecast household energy consumption in the Middle West
region of Burkina Faso. We propose three predictive models of energy
consumption that we evaluate to select the best one in our context. The
proposed models are the Decision Tree Regressor, the Random Forest
Regressor, and the Neural Network. We assessed them through three
measures, namely the Root Mean Squared Error, the Mean Absolute
Error and the R2-Score. We found that the neural networks has more
satisfactory performance. The type of meter, the power of the meter,
and the month of the year are factors that influence household energy
consumption. Our contribution is an important step in the planning of
energy production to meet the growing consumption of households.

Keywords: Predictive model · Machine learning · Energy
consumption

1 Introduction

The need for electrical energy is growing all over the world. In southern countries
such as Burkina Faso, the population frequently suffers power cuts, thus depriv-
ing households and large companies of sufficient energy for the development of
their activities. Yet, availability of electricity is a condition for the country’s eco-
nomic development. With population growth, the improvement of the standard
of living of the population as well as the development of factories, this situa-
tion of energy deficit is a great challenge for Burkina Faso which is a developing
country [2,5,7].

The planning of energy needs then becomes an important element because
it will allow decision-makers to put in place the means of electricity production
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to meet those needs. This planning of energy needs cannot be done without a
good estimate of the evolution of consumption.

Machine learning offers a number of methods that make it possible to perform
predictions [3,9,10]. The purpose of this work is to explore these different means
in order to build an accurate model for predicting the energy consumption of
a town. We applied our study on the energy consumption data collected from
Middle West region of Burkina Faso.

We present in this paper the preliminary results of our research project.
The problem addressed in our project is to design standard models that will
characterize consumers. The prediction of energy consumption is a first step in
this work. This is a regression of household energy consumption, we have chosen
to compare the results of three regression models.

The rest of paper is structured as follows. Section 2 presents the related work.
In the Sect. 3, we present the data set and exploratory analysis. Section 4 shows
the modeling framework. We present and discuss results in Sect. 5. Section 6 gives
the conclusion and perspectives.

2 Related Work

A large number of studies have focused on energy prediction using different
machine learning methods [8,11–13]. These studies have been done in many
areas. [17] used the random forest model and the gradient boosting model to
predict the GDP growth. He evaluated the accuracy of the forecast by mean
absolute percentage error and root squared mean error and found the gradient
boosting model to be better. His approach is close to the one used in [11] which
applies the same method to predict home energy consumption.

There are many papers that obtained better prediction results with the neu-
ral networks model applied in various contexts [1,4,6,13–16]. The prediction of
energy consumption has been deal by different researchers. In [13], the authors
devised a recurrent neural network model (RNN) to make predictions (time hori-
zon of week), of electricity consumption profiles in commercial and residential
building for many cities in United States of America (USA). They compared the
recurrent neural network model with the conventional multi-layered perceptron
neural network model. They found the RNN model more accurate to predict
the commercial building’s load profiles. But in the other hand the conventional
multi-layered perceptron neural network is better than RNN to predict aggregate
electricity consumption in residential buildings.

We can conclude that in the literature there is no better model as such.
The context and data play an important key in the model building [3,10]. Our
contribution goes in the same way and propose for the first time a model to pre-
dict household energy consumption at town-scale in Burkina Faso. We obtained
similar results to previous work.
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3 Data and Exploratory Analysis

In this section we present the data collected from households in the Middle West
region of Burkina Faso1. This region is located 100 km from Ouagadougou, the
capital. We present the dataset and give some results of the Exploratory Data
Analysis, important for machine learning models training.

3.1 Dataset

In this paper, or study is based on electricity consumption data, measured from
households located in different localities(villages and sectors) in the Middle West
region of Burkina Faso. The data can be accessed from github2. We recorded
each household consumption and other information every month for a year. In
total, we have 29824 records with 10 columns each. Figure 1 shows the two first
records, after cleaning the data.

Fig. 1. Overview of the data after cleaning step

Table 1 summarizes key statistics of the data.

Table 1. Electricity consumption statistics for households in the center West region
over one year.

Number of localities Consumption(kWh) Meter Meter power(Ah)

12 1 − 7523 1-phase and 3-phase 3 − 30

3.2 Exploratory Analysis

In order to choose the appropriate predictive models for the dataset at our
disposal, we proceed to its basic analysis. Visualization of our data through box
plots or boxplot revealed the presence of outliers. It also allowed us to better
understand the structure of our data. We study in particular the centering, the
dispersion and the normality of our data.

1 The country is administratively divided into 13 regions and the Middle West is the
third most important.

2 https://github.com/fredoued/Armel ml code.

https://github.com/fredoued/Armel_ml_code
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We present here in particular the energy consumption according to the
month. Figure 2 presents the distribution of the energy consumption of the house-
holds according to the month of the year. The months are encoded in numbers
from 1 to 12 so that January corresponds to 1, February to 2 and so on.

The median values of energy consumption depending on the month are not
equal. There is a connection between the amount of energy consumed and the
month of the year. Figure 2 also indicates that household consumption in August
is lowest. This could be explained by the fact that the month of August in
Burkina Faso generally experience heavy rainfall and that energy consuming
household equipment and devices such as fans, freezers and air conditioner are
rarely used in this period. All this therefore contributes to the decrease in energy
consumption observed.

Fig. 2. Energy consumption according to the month

We used the Bartlett test to study the dispersion of the data. It makes it
allows to test whether the variances of the samples considered are significantly
different or not by making the following hypothesis.:

– H0: The variances of the samples are equal if the p-value > 5%.
– H1: The variances of the samples are not all equal if the p-value < 5%.

We sample the household consumption according to 3 perspectives: the
month, the meter type and the meter power. We found the p-value equals to
2.27e−10 for the meter power sampling. The hypothesis H0 is therefore rejected
so we deduce that the variances are not all equal. Similarly, the p-value of the
monthly sampling is greater than 5%. This means that the variances of the
monthly consumption are not the same. Contrary to the previous ones, the H0
hypothesis is verified for the meter type sampling. We found the p-value equal
to 0.16 which is greater than 5.
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In summary, the househ0old energy consumption is related to different factors
such as meter power, type of meter and month of the year. Household energy
consumption increases when meter power increases. Similarly, it goes up when
switching from the 1-phase type meter to the 3-phase type meter.

4 Modeling Framework

There is a panoply of algorithms for prediction in machine learning. We can
therefore rightly ask ourselves the question: How to choose the right algorithm
for its predictive model ? Several criteria are taken into account for the choice
of predictive model. We will mention a few of them.

One of the criteria is the amount of data available. Indeed, in machine learn-
ing, there are models adapted to large data sets such as those based on logistic
regression algorithms or neural networks [6,10]. Conversely, there are also models
that are not efficient on large dataset such as Support Vector Machines (SVM) or
K-Nearest Neighbors [10]. Another criterion relates to the structure of the data.
Data like images, sounds, and text are considered unstructured data. Conversely,
tabular data such as those contained in excel files are considered structured data.
And, in the presence of unstructured data, it is advisable to useneural networks
[9]. Certain types of models, in particular decision trees and their derivatives,
are not very effective when a lot of quantitative variables are manipulated. On
the other hand, when you have a lot of qualitative variables, it is advisable to use
decision trees. Figure 3 summarizes the criteria set out to facilitate the choice of
the predictive model.

Based on the stated criteria and the background and form analysis of the data
collection, we propose three machine learning models that we compare using the
performance indicators in order to find the best one. These are decision tree,
random forests and neural networks.

In order to assess the accuracy of the three models, we calculate different
performance measures after training so that at the end we can compare them.

We use three metrics: Root Mean Squared Error (RMSE), the Mean Absolute
Error (MAE) and the coefficient of determination or R2-Score. These metrics
are among the most used to evaluate the regression problem’s accuracy.

– RMSE provides an indication of the dispersion or variability of the quality
of the prediction. RMSE can be related to the variance of the model. For
example, an RMSE of 10 is relatively low if the average of the observations is
200. However, a model has a high variance if it leads to an RMSE of 10 while
the average of the observations is 15. Indeed, in the first case, the variance
of the model corresponds to only 5 of the mean of the observations, whereas
in the second case, the variance reaches more than 65 of the mean of the
observations.

– MAE is the sum of the absolute differences between our target and the fore-
cast. It therefore measures the average magnitude of errors in a set of predic-
tions, regardless of their directions. Thus an MAE of 5 kWh indicates that
on average the model is 5 kWh from the real value.
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Fig. 3. Decision tree for the choice of predictive model

– The R2-Score metric shows the effectiveness of the adjustment of the regres-
sion analysis. The best possible score is 1.0.

After describing the modeling framework, we present in the next section the
results of the training and evaluation of models.

5 Results and Discussion

Table 2 summarizes the results obtained by the training and evaluation of the
models on the same dataset. It is easily noticed that the neural network has
the best score, especially with the MAE metric, we obtained the value 2.64. In
other words, the predicted value is −2.64 or +2.64 relative to the value actual
power consumption. Moreover, the neural network has a much better R2-score
which is 0.93, which means that the linear regression is in line with the collected
data. The RMSE metric of 16.31 kWh for the neural network indicates a more or
less acceptable variability of the prediction, the average consumption per month
being 102 kWh, which needs to be improved.

Table 2. Assessing performance of models through three metrics

RMS Error MA Error R2-Score

Model 1 Decision tree 19.45 5.13 0.89

Model 2 Random forests 20.41 6.74 0.88

Model 3 Neural networks 16.31 2.64 0.93
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(a) Model 1 Decision Tree (b) Model 2 Random Forest

(c) Model 3 Artificial neural
network

Fig. 4. Machine learning predictive models of energy consumption.

The results we obtained are different from those of [8] who deal with predic-
tion problem in another context. They compared Neural Network and Random
Forest to predict the output current of photovoltaic plant. Figure 4 shows the
results of the three machine learning models. The blue dots represent the right-
ness of the prediction. Each dot has on the horizontal axis the reel consumption
of a household and on the vertical axis the model predicted value. The closer
the dots are to red line(y = x), the better the model.

In other words, the red line is the expected values (household energy con-
sumption) and the blue dots are the predictions of the proposed models. We
can notice that model 3 based on neural networks manages to have predictions
much closer to the real value of the energy consumed compared to models 2 and
3. The latter have predictions much further from the actual power consumption
concerning this interval of power consumption, much higher than the average.
So, we can say that model 3 manages to have predictions quite close to the real
energy consumption despite a much lower number of training samples.

The size of samples according to meter power is not distribute evenly, The
meter power 3 and 5 represent more than 90% of the total household. We have
very few households with meter power of 15 or 30, less than 5%.

6 Conclusion

Most west africa countries face low power production. Since many years, this
problem remains a challenge for the different government in these countries.
There are many causes of this lack of energy for household but one is main: a
bad forecast of electrical energy needs. The population frequently suffers power



72 B. A. Yameogo et al.

cuts, thus depriving households of lighting and large companies of sufficient
energy for the development of their activities. With the sustained increase of the
population, the energy deficit is a problem that is likely to persist if adequate
measures are not taken. Good planning is the first measure that will allow to
solve the problem. This planning requires a good prediction of the energy needs.
Our contribution in this paper showed how the prediction of need can be done
with machine learning tools.

We collected data on household consumption in the center-west region of
Burkina Faso. Measurements were made monthly for a year. We chose 3 models
of machine learning decision tree regressor, random forest and Neural networks
to build the prediction framework. These models are among the most widely
used in the literature.

After pre-processing the data, we performed an upfront analysis that allowed
us to detect significant correlations through statistical tests. We trained the
three models and we compared their performance with 3 metrics which are the
Root Mean Squared Error, the Mean Absolute Error and the R2-Score. The
results obtained showed that model 3 which is the neural network model is better
than the other two models. Nevertheless, we are aware of the smallness of the
sample particularly for certain categories of consumers. Future work will consist
to increase the data by carrying out more measurement in order to improve the
modeling.
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