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Abstract: The dynamic evolution and variation of electrical loads is now a priority for optimum management
and, above all, forecasting. Indeed, these dynamic load variations require computer tools able to implement
optimal load forecasting models. Scientific research into automated models for forecasting electrical loads
therefore represents a challenge for scientific researchers. Several research studies have therefore been carried
out. These include machine learning approaches such as: LSTM (Long Short-Term Memory), Support Vector
Machine (SVM) and others. This article proposes a comparison study between a hybrid model based on the
wavelet transform coupled with the adaboost method, and LSTM, for forecasting electricity consumption loads.
Python 3.10 was used for the studies. The first results obtained consisted in the study of electricity load forecasts
over four (04) data sets of the year (January, April, August and December). These results are very satisfactory,
showing a good correlation between the real results of the electrical load consumption data, and the results of
the implemented model. The electrical load consumption data are collected from a renewable energy
production source: photovoltaic solar energy. The model test results (R2) obtained range from 0.919 to 0.958.
These results are representative of real data and reflect the model's performance. The second set of results
concerns a comparative study between the methods used by Y. Xie et al (CNN, MLP, LSTM-AM and LSTM-
AM-MLP), and our approach. The prediction results obtained between the approaches show a prediction gap
ranging from 0.15 to 0.78 for RMSE and 0.83 for MAPE. These results show significant differences between the
methods. The minimization of errors by our model, therefore, reflects the model's performance in terms of
accuracy, which is necessary for the optimal management of consumer electricity load forecasts in order to
ensure balance between supply and demand.

Keywords: optimal management; electricity demand; prediction model; ensemble regression; discrete wavelets

1. Introduction
1.1. Context and Issues

Electricity is a vector of development for countries. However, today it is a main priority to
optimize its production by integrating intermittent renewable energy sources into the power grid. It
is also a main challenge in efficiently managing the demand for electrical loads.

A large number of studies have been carried out in the literature. Indeed, Izquierdo-Monge O
and al, propose in their paper, a methodology for optimizing electrical energy consumption in a
distribution network by equipping the network with intelligence (Izquierdo-Monge et al. 2021);
Mohandes B. and al, optimize demand management by sizing the network powered by renewable
energy sources, solar with a storage system; in (E Silva et al. 2019), the authors propose a microgrid
optimization based on a hybridization system of renewable energy resources; Mah AXY and al.
present an optimization for the design and operation of an autonomous microgrid with electric and
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hydrogen loads showing a significant reduction in load costs (Mah et al. 2021); moreover, a strategy
for controlling and managing the energy supply of a microgrid in order to achieve higher efficiency,
reliability and economy, are proposed in (Anon 2020) (Nazari and Keypour 2020).

All these studies, consist in the proposal of scientific methods and approaches with the aim of
improving the management of renewable energy system for an efficient exploitation of these
resources in order to warrant the balance between supply and demand. Other studies carried out in
the reduction of systems exploiting non-renewable fossil energy resources and advocating renewable
resources, are presented in the articles (Tao et al. 2023)(Wang 2012) and (Rajamand 2020)(Herrera-
Guerra, Henao-Bravo, and Villegas-Ceballos 2023).

For developing countries, many works are done in electricity to achieve their development
(Mainali and Silveira 2013)(Winkler et al. n.d.). However, the increasing evolution of the population
nowadays, causes on the one hand, an increase in the electrical energy needs (Chen and Chen
2011)(Honoré Tchandao et al. 2023). The lack of electricity in rural areas is then, leading to a number
of challenges in mobilizing the resources needed for optimal electrification planning (Vinicius et al.
2021)(Kamal, Ashraf, and Fernandez 2021). For this, the need to electrify rural areas and areas on the
outskirts of cities based on power plants not far from these areas, is important to mobilize natural
resources existing locally (Mohtasham 2015)(Saini, Kanase-Patil, and Sharma 2009) in order to
minimize the distances and the electrical losses. So, these available natural resources can thus be
exploited to create that we call, microgrids (Xuan and Bin 2008)(Saeed et al. 2021). Now, the
management of these microgrids is often robust (C. Zhang et al. 2017)(C. Zhang et al. 2018) because
of the daily variation of short and long-term loads due to the ever-increasing energy needs of the
population. This difficulty related to the real time adaptation of the electricity production to the
demand for electrical energy is explained by the lack of an efficient management program for this
mini-grid. The lack of a modernized predictive model for the management of these mini-grids in most
sub-Saharan countries is a difficulty for the operational planning of these power generation systems.
It is therefore necessary to develop optimized prediction models for managing the evolution of
microgrid loads.

Thus, the development of Machine Learning techniques (Yu et al. 2022)(Ahmadiahangar et al.
2019) in solving societal problems using regression methods by several methods have been developed
for forecasting electrical energy consumption. In particular, we can cite prediction work based on
neural network methods (Hernandez et al. 2013)(Hernandez et al. 2014) such that, its radial basis
functions (Ko and Lee 2013)(Ranaweera et al. n.d.), its multilayer perceptrons (MLP), convolution
(CNN) (Xie et al. 2021)(Dudek 2020), etc. Now, let’s note that artificial neural network have the
capacity to imit biological neural systems (Systems and 2011 2011)(Shubiao et al. 2021); the
applications in science and engineering are presented in (Abiodun et al. 2018)(Mohammad, Hussen,
and Akeiber 2023). Some models are also developed, such as, the LSTM (Long Short-Term Memory)
technique (Xie et al. 2021)(Agga et al. 2022)(Guo et al. 2020), support vector regression (Ceperic,
Ceperic, and Baric 2013)(Emhamed and Shrivastava 2021) ; fuzzy polynomial regression methods
(Cevik, and, and 2016 n.d.)(Hernandez et al. 2013), multiple (D. Wu et al. 2020)(Yu et al. 2022); deep
learning (Moradzadeh et al. 2021)(Fahiman et al. 2017) ; probabilistic methods (Bracale et al. 2020)(W.
Zhang, Quan, and Srinivasan 2019) and others (Cui et al. 2020)(L. Wu et al. 2020). Each of these
methods has its own specificities, among which the number of hyperparameters to be defined
according to the model to be developed is often high, and the forecasting time is sometimes long.

Table 1 below provides an overview of the various methods used to forecast short- and long-
term expenses.

Table 1. Summary of electrical loads forecasting models.

Methods References
LSTM-MLP (Xie et al. 2021)(Agga et al. 2022)(Guo et al. 2020)
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SVM, kmeans-SVM (Dong, Deng, and Wang 2022) (Ceperic, Ceperic,
and Baric 2013)(Emhamed and Shrivastava 2021)
Electrical
loads deep learning (Moradzadeh et al. 2021)(Fahiman et al. 2017)
forecasting Multilayer perceptrons

(Xie et al. 2021)

Hybrid methods (Cui et al. 2020)(L. Wu et al. 2020)(Xie et al. 2021)
adaboost -
Hybrid : DWT + adaboost -
DWT = Discete Wavelet Transform.

1.2. Contributions to Scientific Research

So, in order to combine the predictions of several basic estimators built with a given learning
algorithm to improve the speed and accuracy of the electrical load forecasting model, the hybrid
discrete wavelet method coupled with adaboost, was used. This method, which has not yet been
studied for the prediction of the evolution of electrical load consumption, is a possible avenue for
prediction. The aim of this of this study is therefore to forecast on short- and long-term, loads using
a combination of wavelet and adaboost methods by the comparison of methods.

An application was made to the real case of electrical load consumption data, and a comparative
study of methods was carried out. These electrical load consumption data are derived from solar
energy, which is a renewable production source. The results obtained are very conclusive, with a very
minimized error gap between the prediction model and actual load consumption curves.

2. Materials and Methods
Python 3.10 was used in this work.

2.1. Scenario Generation

The statistical analyses of the data presented in the rest of our work are based on the minimum
value of the data used, the maximum value, the mean of these data, the standard deviation and the

median:
min = min(x;) ; =max (x;):i=1,....N (1.1)
X=13lix (12)
o= |ZIN(x —X)? (1.3)

Where X, x et 0 represent the mean, the variable and the standard deviation respectively

2.2. General Forecasting Approach

Forecasting is the study of a given quantity whose future evolution can be estimated by
calculation. Let be a training set D, containing T pairs of input vectors x and scalar y according to the
relation (1.4):

D = {(xt,yt)lt = 1,...,T} (]..4)
where yt is a time series and x: is a vector of dimension d defined by the relation (1.5):
X = [xq, e, xq]7 (1.5)

All input vectors are often combined into a matrix X, and the output values into an output vector
Y (relation (1.6)):

x] N
T

x=|%| v=|" (1.6)
xX yVr
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The general model of a time series is given by relation (1.7) :

ye = f(x,0) + € (1.7)

Where f is a function ; x; , observation over time t; 6 the parameter vector and

€;, a Gaussian noise.The forecast at horizon h is obtained by evaluating the function

f at the test point xr,, according to the relation (1.8)

Yr+n = }:(XTHU ) (1.8)

where 6 is the vector of parameters from the training on the training data set D (Li et al. 2020).

2.3. General Forecasting Approach

The wavelet transform is a technique for applying multiple-resolution analysis to a given signal.
The time-scale analysis of the wavelet transform is equivalent to an atomic decomposition. Indeed,
each atom can be interpreted as a local projection of the analyzed signal and, is obtained from a
unique W(t) wavelet function thanks to the characteristics of dilation and contraction, as well as
translation, to ensure proper signal processing. The discrete wavelets exploited, enable useful data to
be chosen that allow the signal to be represented without loss of information using parameters m and
n (with m> 0 and n € IR) such as:

Wi (8) = 7= W(ED) (1.9)

Y.n(t) represents the family of wavelets generated (a combination of wavelets) by translations
and dilations of W(t).

The coefficients C(m,n) of this combination are scalar products defined by:

Con(®) = 7= 17 s(OW(ED )t (2.0)

Where s(t) is the signal.

The reconstruction of the original signal s(t) from the wavelet coefficients is given by the
following relationship:

s'(t) = BE XL Crn (W (D) (2.1)

The hybrid methodology adopted involves the application of discrete wavelet decomposition to
the electric charge data set, which is then predicted using the adaboost ensemble regression method.

2.4. Mathematical Approach of Regression Ensemble

The regression ensemble method is a collection of regression models to make prediction much
faster and more efficient.
Indeed, it is defined by :

e  the space of hypothesis H;
e amethod of combining prediction elements ht such as hi-1.1 € H

Among the regression ensemble method, there is the adaboost regression method which is a set
of machine learning procedures that consists in combining several sub-predictors to better optimize
the prediction.

The ensemble method thus provides a predictor H(x) such that :

H(x) = sign (X{=; ;- he(x)) (2.2)
H = [(hy,@)]t=1.r € (H,IRD)" (2.3)
Hy(x) = He_1(x) + a;. hy(x) (2.4)

The goal is to find a sequence of predictor elements h: and weights ot such that the previous
global predictor, achieves low error.

The calculation of errors (Taraji et al. 2017)(Schubert et al. 2017) implemented to the model
allowing to appreciate the difference between the predicted model and the real curve, is formulated

The mean square error :

1
MSE = ;Z(J@rui - ypred)z (2~5)
The average of the absolute errors:

1
MAE = ;Z [Yorai — ypredl (2.6)
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The square root of the mean square error :

1
RMSE = \/;Z(%zrai - ypred)z (2.7)
Coefficient of determination:
Rz =1- Z(YVrai_J’pred)Z (28)

Z(J’vrai_Ypred)z
All of these regression metrics are calculated in order to evaluate the error, assumed to be
minimal.

2.5. LSTM Method

Long short-term (LSTM) memory belongs to the recurrent neural networks (RNNs) models, with
remarkable improvements in performance. The LSTM architecture deploys memory blocks to
overcome the vanishing and exploding gradient problems rather than the conventional RNNs unit
that simple neural networks utilize Hochreiter S.. Furthermore, the method used cell state to save
long-term states [34]. The formulation model is presented in [28] with:

]2 = o(Wy. [he—1, Xe] + by) (2.9)
C; = tanh(Wg. [hy_q, X1 + be (3.0)
ip = o(W;.[he—y, Xe] + by 3.1)

G = it*5t+ft*Ct_1 (3.2)

0y = o(Wp. [he—1, Xe] + by (3-3)
h; = o; * tanhC; (3.4)

Where f; is the calculation of the forget gate; Wy and b, are the weight matrix and bias of the
forget layer; h;_; is the output at time t —1; X, is the input of curent state and o, the sigmoid
activation function; Wi and bi are the weight and bias of the Sigmoid layer of the input gate,
respectively; Wo and bo are the weight and bias of the Sigmoid layer of the output gate, respectively;
the tanh layer creates a candidate of the input. Meanwhile, the input gate will generate a value i,
between 0 and 1 through the Sigmoid layer.

The results are presented and discussed.

3. Results and Discussions

This section presents two global studies: a study based on forecasting results and a comparison
study.

3.1. Forecast Results with the Hybrid Discrete Wavelet Method + Adaboost

The electrical load consumption data recorded are averaged over a population of more than 500
households. The results are presented.

As the adaboost approach alone is limited in certain cases of data for forecasting, it is then
necessary to reconsider the signal by discrete wavelet decomposition. The following Figure 1 shows
an example of the raw signal that needs to be decomposed before forecasting.
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Figure 1. Example of extracted load data.
The different results from the various decompositions and forecasts are presented.
a. Forecast results on selected monthly data (¥2)

The forecasting results obtained were based on load data recorded over 4 months at mid-month
intervals, the statistical indicators of which are shown in Table 2.

Table 2. Satistical data indicators.

points  Step min max mean std median
Months (min)
January 0 71.97 16.3 16.44 10.237
April 0 80.59 16.37 15.67 10.64
4300 0.05
August 0 93.5 15.9 15.21 9.68
December 0 65.0 16.25 15.6 9.37

std = standard deviation.

Table 2 shows the minimum, maximum, mean, standard deviation and median values of the
electrical load data. The maximum value recorded during these half-months is 71.974. The overall
mean was 16.2, with a standard deviation of around 15.7, showing the non-homogeneity of load
consumption for each month: the load of the installed microgrid therefore varies dynamically.

The forecast results are shown in the following figures.

Figures 2 and 3 respectively show the actual and predicted electrical loads for the month of
January. During this month, the electrical consumption loads recorded are of the order of 70 KW.
These loads are dynamically variable over the course of the month. The results of the learning and
test model are shown in the following Table 3.
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Loads variation: january
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Figure 2. Real load- %2 january month.

Loads_profile_model: january

—— forecast curve
@ real curve
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[
(=]

=
(=]
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Figure 3. Forecast load- %2 january month.

Table 3. Results on the forecasting model's measurable performance indicators.

Months/ indicators MAE RMSE Learning (R?) Test (R?)
January 1.62 3.39 0.9995 0.958
April 2.19 4.46 0.9996 0.919
August 1.38 4.11 0.9997 0.928
December 1.66 3.4 0.9996 0.953

The results for April are also shown in Figures 4 and 5.
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Figure 4. Real load- %2 april month.

Loads_profile_model: april
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Figure 5. Forecast load- %2 april month.

Figures 4 and 5 show, respectively, the variations in the consumption of electrical loads in April
and those predicted in the figures, with maximum capacity reaching 80 KW.

The same results are shown for August and December in Figures 6 and 8 respectively. Prediction
results are obtained.
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Figure 6. Real load- %2 august month.
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Figure 7. Forecast load- %2 august month.
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Figure 8. Real load- %2 december month.
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The different results obtained for the various months show a variance in the demand for
electrical loads. In fact, these loads are dynamically variable and show a good correlation with the
predicted data.

The results of the forecasting model's performance indicators in relation to actual load are shown
in Table 3.

From these forecast performance results, the model's learning and test results are obtained.

Analysis of the various indicators of model performance (Table 3), shows the level of variation
present in the data compared with the model through the forecast Figures 3, 5, 7 and 9. In fact, these
results show a fairly significant coefficient of determination, representing real data with low
indicators such as MAE, MSE and RMSE. This reflects the minimization of the errors committed by
the model, showing that the errors are much lower than the variance present in the data: which
explains the model's performance.

Loads_profile_model (decembre)

—— forecast curve
60 - e real curve

Loads (KW)
w ey wu
o (=] o

g
o
L

[y
[=]
L

0 1000 2000 3000 4000
Hour

Figure 9. Forecast load- %2 december month.

b. Correlation results between actual and predicted data

The correlation results between microgrid generation consumption loads and predicted loads
consumption are shown in Figures 10-13.

Test model: january

70 { = test:r2 = 0.958 e
® sample

forecast values (KW)

0 10 20 30 40 50 60 70
real values (KW)

Figure 10. Correlation — January.
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Test model: april
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Figure 11. Correlation — april.
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Figure 12. Correlation - august.

Test model: december
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Figure 13. Correlation — December.
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These figures show the different test results of the developed model by month. In fact, more
points are near on the line, best is the prediction performance. It should be noted that, however, the
model is not actually fitted directly to the test data, as the latter have the effect of minimizing the
model's overfitting for testing purposes. These results therefore show a good correlation between
measured and predicted values. The very dynamic variation in loads by month, as shown in the
figures above, demonstrates the usefulness of this study and, above all, the accuracy with which a
model should forecast. Initial results from forecasting studies are conclusive, with satisfactory
performance indicators.

The study was also reduced to a single day, in order to visualize and really compare the daily
variation in loads for each month.

3.2. Comparative Studies of Methods

Comparative studies of methods were discussed in this section. These studies were based in
particular on a comparison between the methods in the work of Y. Xie et al. [19] and our model.
Figure 14 shows the results of the method comparison.

Loads variation: comparison

34 -
2
30 1
5 28 -
ui
=
3
S 26 — real curve
e CNN
24 — | STM
LSTM_AM
22 1 — | STM_AM_MLP
@ adaboost
0 5 10 15 20
Hour

Figure 14. Methods comparison.

The various results obtained from Figure 14 show observable deviations of the MLP and CNN
models studied by Y.Xie et al. from real load data before 10 hours of daily time. The same observations
are seen with the LSTM_AM, LSTM_AM_MLP models after 10h. On the other hand, a good
correlation is observed with the adaboost approach developed and the actual load data.

From these results, we derived the performance indicators for the different models, shown in
Table 5 below.

Table 5. Comparative performance indicators for forecasting methods.

Methods References MPAE (%) RMSE
CNN 3.24 1.63
LSTM 2.88 1.53
MLP Y. Xie et al. (Xie 2.65 1.19

LSTM-AM et al. 2021) 2.82 1.54
LSTM-AM- 2.00 1.00

MLP
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adaboost Our results 1.17 0.85

The comparison results show a MAPE result of 2.0 for the LSTM-AM-MLP method and of more
than 2 with the other methods obtained by Xie, in contrast to our method, which presents a result of
1.17. In fact, the difference in accuracy between our method and the previous results is 0.83 and more
for the other methods studied previously.

4. Discussions

The different forecasting and comparison results obtained through calculated performance
indices such as MAPE, MSE, RMSE and R? have allowed to evaluate and appreciate our model.

In fact, these different indicators, according to the month, reflect the minimization of error
between electrical load consumption data and those predicted. Firstly, the first information on the
MAE according to the different months studied: January, April, August and December, present values
ranging from 1.38 to 2.69. These differences can be explained by the variances in the data for each
month, due to the variations in the dynamic loads recorded. Although these values are low, they
provide information on the difference between actual values and those predicted on average. The
results obtained on the MAE therefore show the minimum variation between actual and predicted
data. In addition, the values recorded on our forecasting model with the MSE and RMSE, enabled us
to appreciate whether deviating values would interfere with our forecasting data. These values, being
relatively low, indicate that the accuracy of our model is high. Finally, the R? coefficient of
determination data, which expresses the correlation between actual and predicted data, shows that
over 90% on average of the actual load data is represented by our model. This indicates the accuracy
of the predictive model in relation to the data.

Secondly, the minimization of performance indicators, on the one hand, reflects an optimal
forecast of power demand, to minimize the cost of energy supply or its production. Indeed, if the
deviations (errors) between actual and predicted data are significant, this would mean that the model
would be less efficient and, consequently, could lead to significant financial losses; hence the
importance of developing models that minimize errors as much as possible.

On the other hand, the comparison studies carried out on other methods such as CNN, LSTM,
MLP, LSTM-AM and LSTM-AM-MLP, results obtained by Xie et al. show a difference in values
between the performance indicators of the different forecasting methods. Indeed, the MPAE of these
methods fluctuates from 3.24 to 2.0, compared with 1.17 for our method. The deviations calculated
between the results obtained and those compared, range from 0.15 to 0.78 for the RMSE and 0.83 for
the MAPE. These fairly significant deviations represent the difference between the models' prediction
results and the actual data. In addition, these observed differences mean non-negligible losses for
financial forecasts.

The adaboost model, or adaboost with discrete wavelets, learns better than the other methods
mentioned above, which minimize significant errors less. Network operators are therefore advised
and recommended to opt for more accurate models with minimal error. Such was the interest of this
work. Our forecasting method has proved its worth, especially for forecasting electrical loads. The
minimization of performance coefficients such as MAE, MSE, RMSE and R?, show the performance
of our forecasting method, in its accuracy.

Finally, in the past, several studies have been carried out to improve the learning accuracy of
forecasting models; these studies continue to be carried out today, with the aim of minimizing the
error that forecasting models can commit to real data. This article proposes a new approach to electric
load forecasting that minimizes error deviations as far as possible, and would contribute to optimal
decision-making in the management of electric load systems. The approach can be applied to daily,
monthly and annual forecasts for small, medium and large loads.

5. Conclusions

The study of the efficient management of the electrical consumption loads evolution, is essential
to satisfy demand, ensuring a balance between supply and demand. Now, this study has therefore
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proposed a hybrid discrete wavelet model coupled with the ensemble regression method by the
comparison with the LSTM methods, based on the Machine Learning technique, to predict the
temporal evolution of the dynamic variation of the electrical load. Initial tests of the model have
produced satisfactory results, minimizing the error gap between actual and predicted data. These
different test results led to values of between 0.919 and 0.958. The comparison results, also carried
out on other daily load consumption data with a peak of 33 GW, are satisfactory, with a minimization
of learning errors to 0.85 against 1.0, as compared with methods such as LSTM-AM-MLP and others.
In reality, this error minimization is a necessity for optimal technical and, above all, financial
management. The model thus obtained proves to be very efficient, with a coefficient of determination
in perfect agreement with the experimental results obtained and required. This coefficient is therefore
representative enough for the actual prediction of electrical loads for future forecasting.
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