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Abstract. Load forecasting is a process of predicting the future load demands. It
is important for power system planners and demand controllers in ensuring that
there would be enough generation to cope with the increasing demand. Accurate
model for load forecasting can lead to a better budget planning, maintenance
scheduling, fuel management and to avoid energy wasting and prevent system
failure.

Therefore, finding an appropriate forecasting model for a specific electricity net-
work is not an easy task. Although many forecasting methods were developed,
none can be generalized for all demand patterns.

The aim of this paper is to find the appropriate decomposition models for elec-
tricity load forecasting of Morocco towards 2030. The multiplicative decomposi-
tion with different models of trend is applied to monthly energy data of Moroccan
electricity load.

The accuracy of these models are calculated and compared. The paper utilizes the
coefficient of determination R? and the mean absolute percentage error (MAPE)
as a measure of forecast accuracy. Results show that these time series models can
accurately predict the load demand and that the multiplicative decomposition with
linear and exponential models slightly outperforms respectively.

Keywords: Load forecasting, Times series, multiplicative decomposition, trend
models, Seasonal indices, mean absolute percentage error.

1 Introduction

Morocco is a country in full economic emergence, it is clear that the national demand
for primary energy has increased on average by almost 5% in recent years, driven by
growth in electricity consumption, which has increased on average by 6% per year be-
tween 2003 and 2017 because of the virtual generalization of rural electrification and
the dynamism of our economy and especially the policy of major projects in infrastruc-
ture, industry, agriculture, tourism, low-income housing [1].

Morocco faces a heavy dependence on imports which today cover nearly 90% of the
country's energy needs because in order to produce its energy and provide itself with
electricity, the country still uses fossil resources (mainly petroleum products and coal)
which import it from international markets [2].

In order to reduce the dependence of energy, to meet this growing energy demand
and accelerate the transition to an energy future with greater energy security and lower
carbon emissions by reducing greenhouse gas (GHG) emissions. Morocco's National
Energy Strategy (NES) was approved in 2009 with aims for 2020. It was updated with
additional targets till 2030 before to the 21% climate negotiations in Paris at the end of
2015 [3-4].



For this, the determination of electricity load is a central and integral process for
planning periodical operations and facility expansion in the electricity sector [5]. There-
fore, finding an appropriate forecasting model for a specific electricity network is not
an easy task.

Although many forecasting methods were developed, none can be generalized for
all demand patterns.

Several techniques have been traditionally used for load forecasting. Between them,
the classical decomposition models [6-7], regressive methods like Autoregressive Inte-
grated Moving Average (ARIMA), Seasonal Autoregressive Integrated Moving Aver-
age (SARIMA) [1,8] and Artificial Intelligence (Al) approaches as artificial neural net-
work (ANN) [9-10], were widely used and reviewed in different works in literature [11-
14].

This research will be devoted to decomposition techniques especially multiplicative
decomposition which is employed with different trend models in order to find the ade-
quate model for forecasting the monthly electricity load in Morocco towards 2030.

This paper is organized as follows. Section 2 introduces the time series method.
Then, section 3 describes the implementation of decomposition model. The validation
of forecasting model is discussed in section 4. While, the forecasting the electricity load
on perspective 2030 is presented in section 5. Finally, section 6 is dedicated to the con-
clusions and perspectives.

2 Time series method

2.1  Generalities

A time series or chronological series is a series of numerical observations of a same
phenomenon, ordered in time. Observation dates are usually ordered from regularly
over time.

A time series can be decomposed into separated components which can be identified
as [15-16]:

- Component trend: corresponds to the long-term effect, evolution of the series, the
fundamental evolution of the series. She can be linear or non-linear;
- Cyclical component: A cyclic pattern occurs where the fluctuations are not of fixed
period in the data series;
- Seasonal component: Seasonal variations or effect are periodic fluctuations within a
year, which reoccur more or less permanently from one year to the next;
- Error or residual variations: are irregular and unexplained fluctuations. They are as-
sumed in general low amplitude. These hazards are caused by unpredictable or non-
repeating events in time usually assumed to be due to chance;

Yt:f(Tt,Ct,St,et) (l)

Where Y. is the time series (or observation) at time t, T; is the trend, C; is cyclical
component, S; is the seasonal component, e is the error (or residual).

A time series model is an equation specifying how the components fit together rela-
tive to each other to form the time series. There are many models, and among them, the
most common forms are known as additive and multiplicative decompositions, which
are expressed in (2) and (3) equations, respectively [17-18].



In an additive model, it is assumed that the four components: trend (T+), cyclical
component (Ci), seasonal variations (S:) and accidental variations (e;) are independent
of each other. We consider that the series Y is written as the sum of these four compo-
nents [19-20].

Y=Ti+Ci+Si+ et (2)

Graphically, the amplitude of the variations is constant around the trend.

In a multiplicative model, both seasonal variations and accidental variations depend
on the trend, in this case the Y is written as follows [21-25]:
Y= T x Cix S X e (3)

Graphically, the amplitude of the variations isn’t constant.

The cyclical component indicates the changes in the data that are not in a fixed pe-
riod, but usually associated with cycles.

The residual component can be neglected so this irregular component is taken as
one. Thus, simplified time series model has only two terms, seasonal component S; and
trend component T
2.2 Decomposition of a time series
The main steps in the classical decomposition method used in this research are as fol-
lows:

- Graphical presentation of data;

- Calculation of moving average;

- Determination seasonal indexes;

- Seasonal adjustment of the load;

- Determination the trend models;

- Validation the model of forecasting;

- Forecasting the load on perspective 2030.

In this study, we exploited from the data of Higher Planning Commission the
monthly electricity load in Morocco during the entire period from 2008 to 2023 which
presented in Fig.1.
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Fig.1. Monthly electricity load in Morocco between 2008 and 2023.
As shown in Fig.1, the electricity load has an increasing amplitude of the seasonal

variations isn’t constant for this reason the multiplicative model is used.




Therefore, the development of a multiplicative decomposition for the monthly elec-
tricity load in Morocco can be expressed as follow [26].
Y. =T, xS, (4)
In this research, the data from 2008 to 2021 is used to determine the adequate mul-
tiplicative decomposition model and 2022-2023 to validate this model.

3 Implementation of decomposition model

3.1  Calculation of moving average

In order to determine the seasonal indexes, it is first necessary to smooth the curve in

order to dampen cyclical, seasonal and accidental movements. There are many smooth-

ing methods such as the moving average method, the least squares method, the expo-
nential smoothing methods and parametric methods.

In our case, we used the method based on moving averages. This method makes it
possible to smooth the series directly without a priori hypothesis on the shape of the
underlying model. It is therefore valid regardless of the model of decomposition. This
method, which is simple to implement, has the following advantages:

- Removal of the seasonal component: If the series has a seasonal component, the ap-
plication of a moving average makes it possible to remove this seasonality;

- Attenuation of the residual component: By construction, a moving average consists
of making partial averages step by step. We therefore obtain a smoothing of the se-
ries. The effect of the irregular component is all the more attenuated as the order of
the moving average is big;

- Keeping the trend: For simple or centered moving averages, the application of a
moving average (of any order) does not modify a constant trend.

In our case study, which relates to monthly electricity load, the centered moving av-
erage length is 12 [27-29]. The centered moving average is written as follows:

MA= (Yi.6/2+Yi.5+... JFYi+5+Yi+6/2)/12 i=l...n (5)

Where MA is centered moving average and Y is the monthly load.
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Fig.2. The moving average and seasonal adjustment of electricity load




3.2 Determination of seasonal indexes
After curve smoothing, the factor must be calculated Sii season of month i of year j
whose arithmetic mean per month gives the seasonal factor uncorrected month i in
question St [15,22]. These two factors are defined as follows:

Stji:Ytij/ MA| (6)

Si= Tk S, ()
With n: the number of years over which the observations are made.
If ¥12 S,;#12, it is necessary to correct using a factor making it possible to have the
sum of the factors equal to 12. The factor f and the seasonal indexes S; are as follows:

feerr (8)

212, St
St:Stin (9)
These equations are applied on data of electricity load in Morocco between 2008 and

2021 to determine the seasonal indexes. The results obtained are presented in table 1.
Table 1. seasonal indexes for electricity load

Month St (%) Month St (%)
Jan 98 Jul 112
Feb 89 Aug 111
Mar 97 Sep 103
Apr 95 Oct 102
May 101 Nov 94
Jun 103 Dec 97

3.3  Seasonal adjustment of the load

Seasonal adjustment of data is an operation whose objective is to eliminate the effects
of seasonal variation that may exist. The application of this step makes it possible to
obtain values adjusted called seasonally adjusted values. [20-22,24]

The seasonally adjusted coefficients are given by the following equation:

Ysa:;(—z (10)

Where Y, is seasonally adjusted coefficient, Y: monthly load and S; seasonal indexes.
The seasonal adjustment of the data applied to the monthly electricity load in Mo-
rocco between 2008 and 2021 are presented in the Fig.2.
3.4 Determination of the trend models
After the seasonal adjustment of the monthly data, the modeling of this seasonally ad-
justed series provides the equation of corresponding trend with coefficient of determi-
nation R?[15-16,21-22,26-27].
The coefficient of determination R? is expressed by (11) equation.
2 _ i (Ti-Tp?
RT=1 T (Ti=Tp? (11
Where n is the number of trend value, T; it the value of trend, T, the value of pre-
dicted trend and T; the average of trend.
In this study, we determined several models of trend, linear, quadratic, exponential
and logarithmic equations. These models are presented in table 2
Table 2. Several models of trend
Typical Trend Trend equation T R? (%)
Quadratic T =-0,0353t? + 13,974t + 1964,6 94,17
Linear T =8,009t + 2133,6 90,85




Exponential T = 2164,5e0.003 88,97
Logarithmic T =389,04In(t) + 1198 81,56
From the results of the table we can show that the ranking of equation trend based
on the coefficient of determination R? are the quadratic, linear, exponential and loga-
rithmic respectively.
4  Validation of forecasting model

In order to select the adequate model of forecasting, we compare the actual load and
predicted load for the period of study (2008-2021) and the period of validation (2022-
2023).

The calculation of the forecast load is based on the trend equations previously ob-
tained in table 2. Indeed, to obtain the forecast of the month, we must replace the t of
these equations by the index of the month and multiply the result by the corrected sea-
sonal factor (equation 4). These results are presented respectively in Fig.3 and Fig.4.
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Fig.3. Actual and forecast load (2008-2021) for different models
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Fig.4. Actual and forecast load (2021-2023) for different models
From the figures 3 and 4, we show that the curve of linear and exponential models
is closer the actual load.




In order to compare precisely these different models, the MAPE is calculated for
each models by equation (12) as follow [15-17, 20-24, 26-31]:

MAPE = ~yn  [f=h (12)
n Y

Where Y; means the i actual load value, Y, represents the it" predicted load and n de-
notes the number of forecasts made.
The results of MAPE for each models on the period of study (2008-2021) and the
period of validation (2022-2023) are presented in table 3.
Table 3. Comparison between several models

Typical Trend MAPE (2008-2021) MAPE (2022-2023)
Quadratic 2,59% 7,08%
Linear 3,58% 1,97%
Exponential 4,22% 3,91%
Logarithmic 5,00% 10,28%

From the results of table 3 we note:

- For the quadratic model, the MAPE in (2008-2021) is the lowest (2,59%) but in-
creases and diverges (7,08%) in (2022-2023);

- For the linear model, the MAPE in (2008-2021) equal 3,58% and performs in the
(2022-2023) with 1,97%;

- For the exponential model, the MAPE in (2008-2021) equal (4,22%) and (3,91%)
in (2022-2023);

- For the logarithmic model, the MAPE in (2008-2021) is the higher (5,00%) and
increases, diverges (10,28%) in (2022-2023);

From the comparison of these results, we can conclude:

- The best model is the linear because there its MAPE is the lowest (1,97%) in the
validation period (2022-2023);

- The exponential model is classified the second best model for prediction because
its MAPE equal 4,22% in study period (2008-2021) and decreases to 3,91% in the pe-
riod validation (2022-2023).

5 Forecasting the electricity load on perspective 2030
The linear and exponential model are respectively selected models to forecast the
monthly load on perspective 2030. Table.4 presents the results obtained.
Table 4. Forecast monthly load up to 2030
Forecast load (GWh)

Month Linear model Exponential model
Jan 4164,0 4689,5
Feb 3788,7 4271,6
Mar 4137,0 4669,6
Apr 4059,3 4587,0
May 4323,7 4891,4
Jun 4417,6 5003,2
Jul 4812,6 5456,7
Aug 4778,5 54243
Sep 44423 5048,5
Oct 4407,3 5014,5
Nov 4069,2 4635,1

Dec 4206,8 47974
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Fig.5. Monthly actual and forecast load for selected models

From the Fig.5 and table 4 we can show that the forecast load follows the same
profile of historical data and the exponential model is superior than the forecast load of
linear model.
The results obtained in table 4. are very close to the results of the research article ac-
complished by (Azeroual et al., 2018) using the monthly load data from 2008 to
2016.[32]

The linear model can be as base scenario with supposition the country follows the
same economic and demographic evolution of historical data.

The exponential model can be an excellent ambition scenario especially Morocco
experiencing an accelerated evolution in several sectors.

6 Conclusions

In this research, the multiplicative decomposition approach with different models of
trend is applied to monthly energy data of Moroccan electricity load in order to find the
appropriate decomposition models for electricity load forecasting of Morocco on per-
spective 2030.

For that, the data of monthly electricity load in the period 2008-2021 is used to deter-
mine the adequate multiplicative decomposition model and 2022-2023 to validate this
model.

Firstly, the ranking of trend models based on R? (the coefficient of determination) is
the quadratic, linear, exponential and logarithmic respectively.

Secondly, based on MAPE of multiplicative decomposition with different trend
models in the period of study (2008-2021) and the period of validation (2022-2023),
we can conclude that the linear and exponential model are respectively selected models
to forecast the monthly load on perspective 2030.

Ultimately, the linear model can be as base scenario with supposition the country
follows the same economic and demographic evolution of historical data.

The exponential model can be an excellent ambition scenario especially Morocco
experiencing an accelerated evolution in different sectors :



- Industry: decarbonization, desalination plants, green hydrogen, aeronautics, automo-
tive, electrical interconnections with others countries.
- Infrastructure: high-speed train, train, high ways, ports, airports, electric cars.

These structural projects will be accelerated in preparation for important events up
2030 like the FIFA World Cup which will host in Morocco with Spain and Portugal.

As a perspectives, the regression methods and artificial neural networks will be used
to forecasting the electrical load in Morocco around 2030 and their results will be com-
pared with the results of this paper.
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