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Abstract: Electrical load forecasting is very crucial for electrical power systems’
planning and operation. Both electrical buildings’ load demand and meteorological datasets may contain hidden patterns that are required to be investigated and
studied to show their potential impact on load forecasting. The meteorological
data are analyzed in this study through different data mining techniques aiming
to predict the electrical load demand of a factory located in Riyadh, Saudi Arabia.
The factory load and meteorological data used in this study are recorded hourly
between 2016 and 2017. These data are provided by King Abdullah City for
Atomic and Renewable Energy and Saudi Electricity Company at a site located
in Riyadh. After applying the data pre-processing techniques to prepare the data,
different machine learning algorithms, namely Artiﬁcial Neural Network and Support Vector Regression (SVR), are applied and compared to predict the factory
load. In addition, for the sake of selecting the optimal set of features, 13 different
combinations of features are investigated in this study. The outcomes of this study
emphasize selecting the optimal set of features as more features may add complexity to the learning process. Finally, the SVR algorithm with six features provides the most accurate prediction values to predict the factory load.
Keywords: Electricity load forecasting; meteorological data; machine learning;
feature selection; modeling real-world problems; predictive analytics

1 Introduction
Global warming and energy security are the most critical problems that face the world today [1]. In
addition, energy efﬁciency is one of the most signiﬁcant issues that many countries attempt to improve.
Renewable energy resources, such as Photovoltaic systems and Wind, have proven their efﬁcacy to
minimize non-friendly emissions [2]. Furthermore, such resources lead to an increase in energy efﬁciency as
part of the electricity consumption is supplied from these sources. Nevertheless, the complexity
accompanied by the electricity consumption is somewhat still a challenge due to the variation in the
electricity demand, which causes an acute imbalance between the electricity supply and demand [3].
Therefore, predicting the actual behavior of the load is crucial for reliable operations of the electrical network.
In electrical power systems, machine learning algorithms have been used to tackle a variety of
forecasting applications, including load forecast, market price forecast, Photovoltaics power forecast, and
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fault detection forecast [4]. Among these applications, load forecasting plays a signiﬁcant role in different
electrical power system applications, including the development of power systems, promoting the
integration of solar and wind energy, and supporting demand-side management [5].
In Saudi Arabia, for example, the electricity consumption of residential, governmental, commercial,
educational, industrial, and mosque buildings has increased with the steady growth in the population.
According to the Saudi Energy Efﬁciency Center, 47% of Saudi Arabia's primary energy is consumed by
the industry sector [6]. This makes forecasting the industrial load building important not only to capture
the stochastic behavior of the load but also to facilitate embracing the ongoing renewable energy projects
to supply to such types of buildings. Hence, the main goal of this research is to forecast an industrial load
represented by a factory load.
To forecast the electricity load, three main steps need to be fulﬁlled to ensure accurate forecasting
outcomes [7]. First, there are pre-forecasting steps that should be accomplished and satisﬁed to make the
prediction results accurate. To create a load forecasting model, such models require input dataset to build
them. Second, to forecast the electrical load of a certain type of building requires coming up with a
forecasting model that mainly depends on different types of features. The meteorological features have
shown a signiﬁcant relationship with the electrical load consumption [8]. According to the recent
systematic review conducted in [1], meteorological data are used frequently as learning inputs for
building energy performance forecasts to train machine learning algorithms. These variables are highly
dependent on the geographic location and the type of weather conditions at the site. In addition, the
behavior of load tends to be repeated frequently, which shows that the historical load data (past electricity
load usage) could have an impact on the load forecast. Finally, the machine learning algorithm that is
responsible to predict the future load should be selected in a way that provides the most accurate
prediction results. All these steps are applied and investigated in this study.
2 Literature Review
Different load types have been forecasted in the literature, including commercial, residential, industrial,
educational buildings, and distribution feeders. In [9], a day-ahead residential load is predicted for a
granularity of 15, 60, and 120 mins. Weather data, historical load data, and calendar effect were
considered inputs to the forecasting methods. In this study, multiple linear regression (MLT), regression
trees (RT), artiﬁcial neural network (ANN), and support vector regression (SVR) are employed. This
work concludes that RT generally has the best performance, while SVR is the best in estimating the
household load for the next 24 h. The root mean squared error (RMSE) value using RT is the lowest with
0.516 kWh, followed by SVR and ANN with 0.53 and 0.531 kW, respectively.
The study in [10] uses a neural network algorithm to predict the short-term electrical load in Nepool city
from 2004 to 2008. In the training phase, the data from 2004 to 2007 are used to train the ANN, and the
2008 data were used for testing. To evaluate the load forecasting model, the mean absolute error (MAE)
and mean absolute percentage error (MAPE) are used. The study found that MAPE gave a rate of 1.38%
on weekdays, and 1.39% on weekly holidays. The results state that the forecasting model gives slightly
lower error rates on weekdays as compared to the weekends. The study also found that the weather factor
affects the prediction process, such as temperature and wind speed.
The authors in [11] predict the electrical load for a whole week from July 16 to July 22, where they
collected data from the local Electrical Distribution Company from March 2010 to July 2010. Their study
uses SVR and ANN as prediction algorithms. The study found that the SVR model gave the lowest
MAPE with a value of 1.6%, while the ANN model has a MAPE value of 2.18%.
The electrical load is predicted for the next day in urban areas using weather data in [12]. ANN and the
Bagged Regression Trees are used to forecast the electrical load. The two algorithms are compared to verify

CSSE, 2023, vol.44, no.3

1975

the accuracy of the prediction. The comparison is evaluated based on the MAE, MAPE, and Daily Peak
MAPE. The study concludes that Bagged Regression Trees provide more accurate prediction results than
ANN. The results show that the Bagged Regression Trees give a MAPE of 1.54%, MAE of 136.39 MW,
and Daily Peak MAPE of 1.67%. On the other hand, the ANN algorithm’s error values were found to be
MAPE = 1.90%, MAE = 167.91 MW, and Daily Peak MAPE = 2.08%. In addition, the short-term
electrical load (for one day) in Jinan during 2016 was predicted using the LS-SVM regression model in
[13]. The load is trained based on data from June and July, while the maximum temperature and average
temperature are used as inputs. The proposed forecasting model gives a great prediction accuracy when
using the maximum temperature and average temperature. The study also ﬁnds that the accuracy of the
daily load depends on the accuracy of the prediction of the daily maximum and minimum load and, a
high temperature increases the load.
The researchers in [14] present the prediction of the daily electrical load in Thailand from January 1,
2013, to December 31, 2014. ANN is used to predict the daily load with the temperature factor, where
the electrical load data were tested for 30 minutes. The study results reveal that the prediction algorithm
gives a high prediction accuracy, and the prediction is more accurate when the temperature is included as
one of the input factors. Furthermore, the researchers in [15] conduct a comparison between ARIMA and
SVM algorithms to predict the daily electrical load (short term) from March 18 to May 18 for
28 consumers. The comparison is made using MAPE and MSE, and the results indicate that the SVM
algorithm provides better prediction accuracy than ARIMA.
In [16], the authors build a short-term electrical load forecasting model using the random forest
algorithm. The forecasted values are then compared to the measured electrical load for a given region
from January 1. The results show that the random forest gives a high degree of prediction where results
for MAPE = 1% and R2 is greater than 0.99. The study in [17] presents an analysis of electrical load data
for 365 days of 2019 in Macedonia using ANN. For model evaluation, the MAE (%), MSE (MW2), and
RMSE (MW) error metrics are used. The study concluded that the algorithm provides a great prediction
accuracy, and the percentages were as follows: MAE = 3.04%, MSE = 1397 MW, and RMSE = 37.38 MW.
Furthermore, the researchers in [18] predict the electrical load in Qingdao, China using ANN. The
datasets are collected for the electrical load data from January 1, 2016, to December 31, 2018. The study
ﬁnds that the evidence of electrical load varies between days, pointing out that the electrical load
decreases during the days of national festivals and long holidays. Also, the study ﬁnds that on hot
summer days, the electrical load increases as compared to other days when the weather is mild. This
implies that the past load observations may impact forecasting the future load.
From the aforementioned discussion, the meteorological and historical load data are the two types of
features that may have an impact on forecasting the electrical load. In addition, the machine learning
algorithms prove their efﬁcacy in a variety of forecasting applications. Hence, the main contributions of
this study are summarized as follows:
 To develop a data-driven forecasting model of the electrical load of a factory located in Riyadh, Saudi
Arabia. A short-term (24 h ahead with one-hour time step) load forecast is accomplished in this study
utilizing different machine learning algorithms, namely ANN and SVR based on Radial Basis,
Polynomial, and Linear Kernel functions.
 To study the impact of historical load and meteorological data on load forecast. The weather data
considered in this study are Air temperature, Cloud Capacity, Global Horizontal Irradiance,
Relative Humidity, Barometric Pressure, Wind Direction, and Wind Speed. The primary goal of
considering such variables is to investigate their inﬂuence on the electrical load, which may help
the decision-makers solve problems in an electrical load before they occur.
 To compare the performance of ANN and SVR in forecasting the electrical load of the factory.
 To build an electrical load forecasting framework that may help other researchers, who are interested
in load forecast, to start with.
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3 Framework of the Forecasting Models
This study uses different feature schemes to evaluate the impact of the meteorological variables on load
forecast. For that reason, all features schemes are compared with other selected features schemes to obtain the
optimal set of features that led to the most accurate prediction results. The selection of these features is based
on the Pearson autocorrelation values. Finally, the prediction results of the load of the factory are interpreted,
compared, and discussed. A total of 52 forecasting models are created for the goal of forecasting the factory
load. The forecasting objective and the forecasting models generated in this study are as follows:
Forecasting Objective: A forecasting model for the factory load





ANN with 13 different sets of features (Fi) (ANN–Fi ).
SVR based on the Radial Basis function with 13 different sets of features (Fi) (SVR–RB–Fi ).
SVR based on a Polynomial function with 13 sets of features (Fi) (SVR–Poly–Fi).
SVR based on a Linear function with 13 sets of features (Fi) (SVR–Linear–Fi).
where (Fi) is the set of features and i is the number of features in that set.

This study uses MATLAB R2021 and the ﬁtrsvm function to implement SVR-based kernel functions.
On the other hand, for the ANN network, the backpropagation network (BPNN) is selected, and the ANN
Tool in MATLAB is used to implement the network. Fig. 1 shows the main framework used to construct
this study and to predict the load of the factory.

Figure 1: Framework of the factory load forecast
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In the ﬁrst step of the framework, the data are collected and organized. The data include the factory load
and the meteorological datasets. Similarly, in the next step, the data preprocessing techniques are applied to
prepare the data. These include data collection, data cleaning, data monitoring, and data normalization
processes. The data pre-processing techniques are discussed in detail in Section 4. Moreover, in the third
step, different sets of features (13), as shown in Tab. 1, are constructed based on the Pearson
autocorrelation values.
Table 1: List of variables used
Feature description

Unit

Abbreviation

Input feature

Month
Day
Hour
Power at the previous hour
Power on last day at the same hour
Power last week at the same hour
Air temperature
Cloud capacity
Global horizontal irradiance
Relative humidity
Surface pressure
Wind direction
Wind speed

month
day
hour
kW
kW
kW
°
C
CU
Wh/m2
%
hPa
°N
m/s

M
D
H
P-1
P-24
P-168
Temp
CC
GHI
Hum
Pre
WD
WS

x1
x2
x3
x4
x5
x6
x7
x8
x9
x10
x11
x12
x13

In the fourth step, the data are divided into two sets: training and testing. The training data are utilized to
train the machine learning algorithms and the test set is used to examine the accuracy of the prediction
models. Later, in the ﬁfth step, SVR and ANN are applied to build the forecasting models for each
forecasting objective using the formulated set of feature schemes. All the training models are exposed to
the same set of data. Lastly, in the sixth step, the test dataset is used to evaluate each of the prediction
models, and the best forecasting model is then selected. The evaluation is done based on the following
evaluation metrics: RMSE, normalized Root Mean Square (nRMSE), MAE, and MAPE.
4 Data Preprocessing Techniques
Machine learning algorithms need data pre-processing and cleaning stages to prepare the data for the
learning algorithm. For instance, the data used in this research work are obtained from different sources.
Therefore, the data are required to be organized to create the set of data that are fed to the learning
algorithms. In the ﬁeld of data analysis, three main observations need to be acquired: data, information,
and knowledge [19,20]. In this sense, the data can be transformed and integrated into information that
can later be visualized and interpreted to obtain the desired knowledge. This knowledge can later help in
taking the necessary decision. Fig. 2 shows the big data transformation and analysis process. These
processes are followed and applied in this study.
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Figure 2: Big data analysis process [19]
4.1 Big Data Sources
The data to be analyzed can come from different data providers. This can add difﬁculty to the data and
impact their reliability if they come from unreliable sources. In addition, these data are subjected to be
imprecise which adds difﬁculties to deal with. Therefore, importing and collecting data from reliable
sources is very signiﬁcant that results in accurate data analysis [20]. In this study, the data are collected
from different reliable sources. The data are obtained from SEC and King Abdullah City for Atomic and
Renewable Energy (K.A.CARE). The data from SEC are real-world data gathered in real-time from the
electrical meter of a factory, while the KACARE's data are obtained from different data sensors located at
the same site as that of the factory.
4.2 Data Extraction
After getting the data from reliable data sources, the data are required to be extracted. Some of the data
providers make the data publicly available. In other words, the data can be downloaded freely. On the other
hand, prior permission is required by some data resources due to their conﬁdentiality. Other providers are
offering the data with fees, which vary depending on the data amount. In this study, the data are collected
from SEC and K.A.CARE with prior permission to use these data.
4.3 Data Transformation
In this stage, the data are converted to a consistent form. That is, they are transformed from the form of
the extraction to the structure of data to be utilized [21]. All the data have the same format, which helps in
dealing with this data. In this study, all the data are transformed to be on one workstation.
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4.4 Data Integration
Data integration is a crucial step in data processing. The data need to be integrated uniquely and
uniformly [22]. The data used in this study are organized consistently to become analyzable by machine
learning algorithms. As mentioned previously, the data used in this work are obtained from different
sources. Therefore, the data are merged based on the timestamp. Furthermore, the time is obtained in this
form: “YYYY-MM-DD-HH”. For data preparation, the time is separated into different variables.
4.5 Data Analysis
Data analysis is the step when we go deep into the data. In this step, many hidden features in the dataset
will be revealed that helps in forecasting the future values of the factory load [19]. Moreover, the data
analysis allows us in exploring the hidden patterns existing in the extracted data. One of the key elements
of data analysis is statistical features [23]. The statistical features, such as average, variance, minimum
value, maximum value, and correlation values, are important in evaluating the data. The following are the
four key steps associated with the data analysis process: input data, data collection, data processing
(organize the data into columns and rows), and data cleaning.
Data are subjected to be missing or imprecise. The data used to forecast the factory load are usually
based on the past readings of different variables. Using faulty input data will impact the accuracy of the
forecasting algorithms [24]. Hence, cleaning the data and detecting the unwanted data is a very crucial
step in data pre-processing. Dealing with a huge amount of data makes manual cleaning of data a very
sophisticated process.
With data cleaning, we can attain different objectives in the interest of building a precise load forecasting
model. Some of the beneﬁts of applying data cleaning process are as follows [25]:
 In data extraction, a variety of observations is expected to be obtained. These observations may be
redundant or irrelevant to the problem at hand. The data cleaning helps in removing such
observations to create a set of data that are manageable and meaningful.
 As mentioned previously, the data are transformed into one structure which could create structural
errors. Data cleaning can help in capturing such errors that could be ﬁxed in the data
transformation step.
5 Data Sources
Both electrical buildings’ load and meteorological datasets are forms of data that may contain hidden
patterns that are required to be investigated and studied. In this study, the meteorological data are
analyzed through different data mining techniques aiming to predict the electrical load of a factory. The
factory selected in this study is located in Riyadh, Saudi Arabia. Therefore, the meteorological data are
gathered from a station located in Riyadh, and these data are recorded hourly from 2016 to 2017 by K.A.
CARE. On the other hand, the factory load is recorded also hourly from 2016 to 2017 and is collected
from the Saudi Electricity Company (SEC). The data of one year is sufﬁcient since it covers all seasons
(fall, winter, spring, and summer) and the electrical load variation due to the seasonality will be captured
by machine learning algorithms. Fig. 3 shows the solar map of Saudi Arabia.
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Figure 3: Solar map of Saudi Arabia [26]
6 Pearson Correlation
Obtaining the correlation values is a critical step for comprehending and visualizing the datasets. The
Pearson correlation coefﬁcient is used to determine the degree of correlation between two variables.
Pearson correlation is represented in Eq. (1), where cov is the covariance, σWeather and σLoad are the
standard deviations of weather variables xWeather and the load values xload, respectively.
qxWeather ; xload ¼

covðxWeather ; xload Þ
rWeather :rLoad

(1)

Fig. 4 displays the correlation values of each of the considered features with the load of the factory.
7 The Set of Features
As mentioned previously, some of these variables have no impact on the forecasting outcomes and may
add complexity to the forecasting process. From this, a total of 13 sets of features are formulated that contain
different features. Tab. 2 lists the different sets of features for which the goal is to select the best set of features
that provide the most accurate prediction values.
In this study, 13 sets of features are created to predict the factory load. These features are formulated
based on their correlation values with the factory load, as presented in Fig. 4. For instance, the feature set
(F1) contains one feature that has the highest correlation value. This feature is (P–1), which is the power
at the previous hour in kW. Similarly, the F2 contains F1 and has the second-highest correlation value,
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which is the power last week at the same hour in kW (P–168). A similar analogy exists with the remaining set
of features. The variables used in this study to forecast the factory load have different numerical scales. For
example, the variable D, which is the Day, has values between 1 and 31, while the variable GHI, which is the
Global Horizontal Irradiance, has values from 0 to 1038 Wh/m2. This variation of numerical values among
the input variables affects negatively the learning process. That is, the machine learning algorithms will add
higher weight to the variables with greater numerical values, which will eventually impact the prediction
outcomes. Therefore, and to avoid this obstacle, all the prediction variables need to be normalized to be
between a speciﬁc range. Through using data normalization or what is called dimensionality reduction,
the data have the same weight without losing information in the input data. In this study, the input data
listed in Tab. 1 are normalized between 0 and 1 using Eq. (2).
xi  xmin
(2)
xni ¼
xmax  xmin
where xi is the actual data value; xin is the normalized value, while xmax and xmin are the maximum and
minimum values corresponding to the actual dataset, respectively.

Figure 4: Correlation values of the variables with the factory load
Table 2: The set of features used to predict the factory load
Set of features
F1
F2
F3
F4
F5
F6
F7
F8
F9
F10
F11
F12
F13

x4
x4, x6
x4, x6, x5
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,
x4, x6, x5,

x7
x7,
x7,
x7,
x7,
x7,
x7,
x7,
x7,
x7,

x3
x3, x9
x3, x9, x10
x3, x9, x10, x11
x3, x9, x10, x11, x13
x3, x9, x10, x11, x13, x12
x3, x9, x10, x11, x13, x12, x1
x3, x9, x10, x11, x13, x12, x1, x2
x3, x9, x10, x11, x13, x12, x1, x2, x8
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8 Machine Learning Algorithms
8.1 Artiﬁcial Neural Networks
ANN is an information computing system that mimics the approach that the human brain analyzes the
information. ANN is created similar to the human brain where a huge number of neuron nodes are
interconnected to tackle problems that represent the uniqueness of this network.
In this research, the number of hidden layers is selected and identiﬁed based on trial and error until we
attain the most suitable number of hidden layers that provide an ANN model with high accuracy. The optimal
number of hidden layers is obtained when the nodes are equal to the number of input features. For example,
three nodes are used with F3, while seven nodes with F7. The model output, therefore, can be calculated using
Eq. (3) [27]:
yi ¼ a0 þ

n
X
j¼1

m
X
aj f ð
bij yti þ b0j Þ þ Et

(3)

i¼1

where m is the number of nodes at the input layer, n is the number of nodes in the hidden layer, f is a sigmoid
1
. {αj, j = 0, 1,
transfer function, which will be the logistic function in this research. Similarly, f ðxÞ ¼ 1þexpðxÞ
…, n} is the weight vector that links the hidden layer and output layer and {βij, i = 1, 2, …, m; j = 0, 1, …, n}
are weights that link the input nodes with the hidden nodes. α0 and β0j are the weights’ magnitude of arcs
leading from the bias terms, which have values always equal to 1.
8.2 Support Vector Regression
Support vector machine (SVM) is a supervised learning approach utilized for classiﬁcation, regression
problems, or outliers’ detection. When two classes cannot be separated, a kernel function is employed to map
the input space to a higher-dimensional space. In that new space, the input space may be separated linearly
[10]. To conduct the separation, there are three known kernel functions which are: radial basis (RB),
polynomial (Poly), and linear functions [28]. Hence, SVR inherently employs some of the SVM
properties. Unlike SVM, SVR conducts the classiﬁcation based on the regression process error measures
based on a predeﬁned threshold, as shown in Fig. 5 [29].

Figure 5: The boundary margin and loss setting for a linear SVR [29]
In this study, the performance of the three kernel functions to predict the factory load is compared with
ANN. The leading optimization can be formulated in Eq. (4), and the kernels that are used in this work with
SVR are provided in Eqs. (5)–(7) [13]. The SVR requires to solve the following optimization problem:
‘
X
1
2
k
w
k
þC
ðni þ ni Þ
minimize
2
i¼1
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8
< yi  , w; xi .  b  E þ ni
, w; xi . þ b  yi  E þ ni
subject to
:
ni ; ni
0

(4)

where C > 0 is a constant that identiﬁes the trade-off between the ﬂatness of f and assesses the tolerated
amount of deviation to values larger than ε, see Fig. 5. As mentioned earlier, our input space is
represented by the input features, or the training dataset is transferred into a new space with high
dimensions while using the function ϕ. This is known as the kernel trick (xi, xj) = ϕ(xi)T(xj). The kernel
functions used in our models can be written as:
Radial Basis

ðRBÞ :

Polynomial ðPolyÞ :
Linear ðlinearÞ :

Kðxi ; xj Þ ¼ ec ðkxi xj k Þ
2

(5)

Kðxi ; xj Þ ¼ ðxTi xj Þd

(6)

Kðxi ; xj Þ ¼ xTi xj

(7)

where γ (Gamma) and d are the kernel parameters. In this study, the parameters associated with RB and Poly
kernel functions are set to the default values.
9 Evaluation Measures
To evaluate the models that are built in this study, different statistical indicators are used. These include Root
Mean Square Error (RMSE), normalized Root Mean Square (nRMSE), Mean Absolute Error (MAE), and Mean
Absolute Percentage Error (MAPE). These metrics can be expressed by Eqs. (8)–(11), respectively [30]:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
(8)
ðyi  ybi Þ2
RMSE ¼
n i¼1

nRMSE ¼

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1 Xn
ðyi  ybi Þ2
i¼1
n
ymax

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
n
1X
MAE ¼
jyi  fi j
n i¼1
n
1X
jb
yi  yi j
MAPE ¼
n i¼1
yi

(9)

(10)

(11)

where n is the length of the testing set, yi is the measured or observed electrical load values to estimate, ~y is the
average value of the observed values, and ybi is the predicted electrical load value produced by the forecasting
models. Similarly, ymax is the maximum value in the testing set, MAPE measures the mean absolute error of
the forecasting model in percentage [31], while RMSE represents the standard deviation between predicted
electrical load values and measured load values [9]. Lastly, MAE measures the absolute error between the
actual load and forecasted values [32].
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10 Results and Discussion
10.1 Factory Building
In this subsection, the results of forecasting the factory load are presented. This includes the results of the
best forecasting algorithm and the best set of features that result in the best forecasting values for the
considered load. Fig. 6 displays the RMSE and the MAE in kW for all the forecasting models built to
forecast the factory load.

Figure 6: RMSE and the MAE in kW for all the forecasting models
In addition, Tab. 3 lists the statistical results of all the forecasting models with a set of features
considered in this study (F6 and F10).
Table 3: Statistical errors of different sets of features with different machine learning algorithms
F6

RMSE (kW)
nRMSE (%)
MAE (kW)
MAPE (%)

ANN

SVR-RB

SVR-Poly

SVR-Linear

12.3961
3.4251
8.6882
6.5594

11.6330
3.2142
8.2069
6.0224

13.8013
3.8134
9.5621
6.9861

15.7639
4.3556
10.6447
7.8331

F10
RMSE (kW)
nRMSE (%)
MAE (kW)
MAPE (%)

ANN

SVR-RB

SVR-Poly

SVR-Linear

13.3891
3.6995
9.6872
7.0207

11.6557
3.2205
8.2536
6.1628

14.2854
3.9471
9.8615
7.0984

15.8223
4.3718
10.6500
7.8341
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10.2 Best Forecasting Algorithms to Forecast Factory Load
As mentioned earlier, four forecasting algorithms are built to forecast the factory load. According to
Fig. 6 and Tab. 3, the SVR-RB models have the best forecasting results. The ANN can be considered the
second-best prediction algorithm, while the SVR-Poly and SVR-Linear are the third and the fourth-best
forecasting algorithms, respectively. Taking, for example, the results with the feature set F10, the SVR-RB
forecasting model has an RMSE value of 11.66 kW and an MAE of 8.25 kW, while the ANN model has
an RMSE value of 13.39 kW and an MAE value of 9.69 kW. Similarly, with all other forecasting models,
the SVR-RB leads to the best forecasting results followed by ANN and SVR-Poly models. The SVRLinear model can be considered the worst as it leads to the largest statistical errors.
10.3 The Best Set of Features to Forecast Factory Load
According to Fig. 6 and Tab. 3, set F6 led to the best forecasting results as compared to the other sets. As
listed in Tab. 2, this set includes power at the previous hour (P–1), power last week at the same hour (P–168),
power on the last day at the same hour (P–24), Temperature (Temp), Hour (H), and GHI. Therefore, to predict
the factory load, 6 out of 13 features are sufﬁcient to predict the load. On the actual operation of the factory,
these time, historical load readings, and the outdoor heating variables have a major impact on electrical
consumption. The load of the factory is frequently repeated, hourly, and weekly, as the factories usually
follow speciﬁc production lines, which justify the time and historical reading variables. Also, the
efﬁciency of the factory's equipment is highly dependent on the outdoor temperature and solar radiation.
Therefore, more features or attributes do not always bring about good prediction results, and selecting the
appropriate features is very crucial, which is accomplished in this study.
Figs. 7 and 8 show the regression plots of the forecasted values with a set of features F1, F6, F10, and F13,
respectively, when they are plotted against the measured factory load readings using the SVR-RB forecasting
algorithm. It can be shown that SVR-RB with F6 has the best regression plot as the data concentrate around
the regression line.

Figure 7: Regression plot of the measured vs. forecasted load with F1 and F6
The best forecasting model to predict the factory load is by using the SVR-RB algorithm with the feature
set F6 (SVR-RB-F6). Tab. 3 shows that the statistical error with this model is the minimum with RMSE of
11.63 kW, nRMSE of 3.21%, MAE of 8.21 kW, and MAPE of 6.02%. For further visualization, Fig. 9 shows
the performance of the four forecasting algorithms to forecast the factory load with the feature set F6 on three
different test days. It can be noticed that SVR-RB has the best performance as it can track the measured
factory reading compared to other forecasting models.
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Figure 8: Regression plot of the measured vs. forecasted load with F10 and F13

Figure 9: The performance of the four forecasting algorithms to forecast the factory load with the feature set
F6 on three different test days
11 Conclusion and Future Work
In this study, a factory load located in Riyadh, Saudi Arabia, is forecasted using four machine learning
algorithms, namely Artiﬁcial Neural Network, Support Vector Regression based on Radial Basis function
(SVR-RB), Support Vector Regression based on Polynomial function, and Support Vector Regression
based on Linear function. To predict the factory load, 13 independent variables are used. However, and
from the fact that more features do not always provide accurate forecasting outcomes, 13 sets of features
are formulated to identify the set that provides the most accurate forecasting values. The selection of
these sets was conducted based on the features correlation values with the actual reading of the factory
load. To evaluate the performance of the built forecasting models, some statistical indicators are used,
namely Root Mean Square Error (RMSE), normalized Root Mean Square Error (nRMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE).
The results show that SVR-RB is the best forecasting algorithm to forecast the factory load. For the
factory load, the SVR-RB with six features (SVR-RB-F6) resulted in the lowest statistical error with
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RMSE of 11.63 kW, nRMSE of 3.21%, MAE of 8.21 kW, and MAPE of 6.02%. The SVR-RB proves its
ability to forecast the factory load with high accuracy results. Moreover, the selection of the best features
is very important to create forecasting models that best predict the factory loads. Finally, in this study
four machine learning algorithms are investigated. Other algorithms, such as random forest, decision
trees, or deep learning algorithms, can be also investigated to forecast the load and their forecasting
results can be compared with the results of this study.
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