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1. INTRODUCTION

Short—term load forecasting is essential for the electrical system to operate in a reliable way. When
making decisions about unit dedication, cost—effective supply, automated generating control, safety
evaluation, planned maintenance, and distribution of energy, the power system must take future load
behavior into account [1]. In markets where power is competitive, load estimates are crucial for every
electrical transaction [2]. In order to maintain a constant supply of electricity and support the expansion of
the financial system, power providers must anticipate loads. Therefore, the financial system and the
management of the operation of electrical structures are greatly impacted by the forecasts' correctness. Thus,
significantly more advanced and accurate forecasting technologies are required for today's power systems.
[3], [4]. In recent decades, research in this field has led to the development of more precise forecasting
techniques because of the significance of short—term load forecasting (STLF). The majority of methods rely on
the recording and assessment of time. The majority of time collection models rely on statistical techniques [1],
[3]-[6]. The time cumulative estimate for each day of the week or month is the main basis for calculating the 24
load projections in this paper's autoregressive integrated moving average (ARIMA) model for STLF [7]-[10].
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Statistical models employ intricate computations to forecast the present value of a variable by utilizing
mathematical aggregates of the variable's historical values. This article's goal is to present an ARIMA model
[11]-[17] for STLF that, mostly using time—cumulative estimates, computes 24 load projections for each day
of the week and month. In order to determine the minimum MAPE value and, consequently, precise short—
term load projections, a description of the suggested version of the order property and a parameter estimation
process are given. A collection of time series load patterns are studied using this method.

2. MACHINE LEARNING

The scientific study of statistical models and methods that computer systems employ to do certain
tasks without explicit programming is known as machine learning, or ML. Many domains use ML
techniques, such as predictive analytics, data mining, image processing, and many more. A learning
algorithm that has found out how to rank webpages is one of the reasons why an online search engine like the
internet works so efficiently each time it is used to search the internet. The capacity of algorithms to do tasks
automatically once they have learnt how to handle data is the main advantage of ML. Algorithms in ML are
created to assist computers in learning from their experiences by training them to generate a result by
utilizing a set of input data. ML algorithms are trained on datasets and subsequently provide output for test
data. These methods make use of computational techniques to train the model and extract information from
the pre—existing data. As the number of samples increases, algorithm performance improves. Several
methods and strategies are used in this iterative learning process, such as reinforcement learning,
unsupervised learning, and supervised learning. Algorithms that are trained on labeled datasets using
supervised learning map input data to corresponding output labels. While reinforcement learning focuses on
decision—-making through interacting with an environment and getting feedback in the form of rewards or
penalties, unsupervised learning focuses on finding patterns and structures within unlabeled data. The
efficacy of ML is contingent upon the algorithms' capacity to extrapolate patterns and correlations from
training data in order to generate precise predictions or judgments on novel data. Additionally, major
developments in tasks like image recognition, natural language processing, and autonomous systems have
been made possible by advances in ML techniques, such as deep learning neural networks [18], [19]. All
things considered, ML gives computers the ability to learn and adapt on their own, which advances
automation, efficiency, and decision—making in a variety of fields and applications. As algorithms advance
and change throughout time, there is still a lot of promise in using ML to tackle challenging issues and create
new possibilities.

In ML, a statistical model is a framework that is used to depict the connection between the goal
variable and the input data without directly stating a mathematical expression. As an alternative, statistical
models capture trends and relationships found in the data, enabling the creation of forecasts or conclusions
based on fresh, unforeseen information. Fundamentally, a statistical model outlines a series of presumptions
regarding the generation of data and the relationships between variables. The model uses these presumptions
to inform its learning from the data and to help it formulate predictions and conclusions. Different types of
data and activities require different types of statistical models, which can vary from basic linear models to
intricate non-linear models. A statistical model uses variables or characteristics from the input data to predict
the target variable. By estimating parameters that most accurately characterize the link between attributes and
the objective, the model gains knowledge from past data. After being trained, the model may be used to fresh
data to forecast outcomes or learn more about the underlying processes that produced the data. Significantly,
statistical models offer metrics of uncertainty in addition to predictions. By putting a number on the
uncertainty around forecasts, they enable users to assess the predictability of the model's output and base
their judgments on the degree of trust in the predictions. All things considered, statistical models are effective
ML tools that provide a versatile framework for identifying patterns in data, generating predictions, and
coming to insightful conclusions. They are extensively used to gather information and guide decision—
making processes in a variety of industries, including as marketing, finance, healthcare, and more.

2.1. Autoregressive integrated moving average

A generalization of an autoregressive moving average model is the autoregressive integrated moving
average model. To get a deeper understanding of the data or forecast future series points, these two models
are fitted to time series data. If statistics show that the mean function is non-stationaristic, the non-
stationarity can be eliminated from the mean function by implementing an initial differencing step once or
more times. ARIMA models are employed in these circumstances. When the seasonal component appears in
a time series, seasonal—differencing can be employed to eliminate it. The Wold's decomposition theorem, for
example, asserts that the ARIMA model is theoretically sufficient to explain a regular wide—sense stationary
time series, which motivates us to make stationary a non—stationary time series [20]-[25]. The ARIMA model
can be understood by outlining all its components as follows:
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a) Autoregression: this method explains a model that displays the regression of a variable versus its lag or
previous values.
b) Integrated: it represents the process of taking raw observations and stabilizing the time series (i.e., by
replacing the data values with the prior values).
€) Moving average: this technique comprises the correlation between the observation and the residual error
of the moving average model used to the delayed observation.
In conclusion, an ARIMA model is represented by the notation ARIMA (p, d, q), where p is the
autoregressive component's order. The amount of differencing needed to reach stationarity is denoted by d.
The moving average component's order is denoted by g.

3. RESULTS AND DISCUSSION

The results are discussed in the following section. Tables 1 and 2 shows the raw data and the
resampled data respectively. Data are fetched from the Kaggle (data science library) and the data are in the
form of national demand, date, transmission load and the data contains of five years load. Table 1 provides
a sample set of input raw data.

For analysis purpose, the date and national demand are considered since the data is to be converted
into a time series for to be forecasted. The data are in hourly order and the data has to be reordered in weekly
order and 273 weekly data are obtained after resample. A sample set of resampled data is given in Table 2.

Table 1. Data sample
Date and time  Nat demand T2Mtoc QV2Mtoc  TQLtoc  W2Mtoc  T2Msan
1/3/2015 1:00  970.345 25.86526 0.018576  0.016174 21.85055 23.48245
1/3/20152:00  912.1755 25.89926 0.018653  0.016418 22.16694 23.39926
1/3/20153:00  900.2688 25.93728 0.018768  0.01548  22.45491 23.34353
1/3/2015 4:00  889.9538 25.95754  0.01889 0.016273 22.11048 23.23879
1/3/20155:00  854.9157 25.99355 0.018986  0.015926 22.41266 22.99508
1/3/20156:00  829.6077 26.02504 0.019091 0.015862 22.51944 24.28524
1/3/2015 7:00  804.2996 26.05653 0.019197  0.015798 22.62622  26.18969

Table 2. Resampled data
Date (mm\dd\lyy)  National demand

1/11/2015 181919.6224
1/18/2015 188082.3152
1/25/2015 179448.7184
2/1/2015 184393.4256
2/8/2015 187290.1846
2/15/2015 180467.2458
2/22/2015 170497.6427
3/1/2015 189914.1826
3/8/2015 190115.6758
3/15/2015 193286.758

3/22/2015 184950.965

3/29/2015 186503.6539
4/5/2015 176822.2559
4/12/2015 188654.9909

3.1. Training data set

The information that the computer uses to learn how to process information is called the training
dataset. ML makes use of algorithms to replicate the ways in which the human brain processes various inputs
and evaluates them to generate synaptic activations in individual neurons. A large portion of this process is
replicated by artificial neurons using software, such as ML and neural network applications that offer
incredibly accurate representations of how human brain processes and operate. Here, datasets are trained for
five years (i.e, the training data is 273 training weeks).

3.2. Test data set

Next step is to test the model using the test dataset once it has been trained using the training dataset.
This dataset assesses the model's performance and verifies that it can effectively generalize to new or
untested datasets. The load data forecast occurs in the interval between the datetime and the weekly load. The
pictoral representation of prediction without exogenous variables in the ARIMA model is given in Figure 1.
The graph show the prediction of next five year and the predicted data are not accurate due to lack of
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sufficient data. To overcome it is necessary to involve the exogenous variable like weekly transmission load
data, yearly load data to get accurate results.
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Figure 1. The pictoral representation of training data and prediction without exogenous variables

3.3. Exogenous variables

A variable in a mathematical or statistical model that is independent of other variables is called an
exogenous variable. It is often referred to as an independent or predictor variable since it is used to forecast
the values of other variables in the model. Exogenous variables, which are frequently employed to describe
the behavior of the dependent variable, are generally seen as being outside the model's control.

3.4. Features of exogenous variables

Exogenous variables are added to the model to make more accurate and these variables data are
resampled weekly to match with the model. In others hands these are like a sufficient data for insufficient
model to get a clear prediction. The transmission station load (T2M) and substation load (QV2M) are as
exogenous parameters.

3.5. Prediction after adding exogenous variable dataset

To overcome the deawback shown in Figure 1, the exogenous variable data set is added to the
ARIMA model. By doing so the output obtained coincides with the training data which is shown in blue and
the output obtained for the test data is given in orange. The pictoral representation of prediction with
exogenous variables included in the ARIMA model is given in Figure 2.
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Figure 2. The pictoral representation of training data and prediction with exogenous variables
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The output from the training dataset are matching with the testing dataset which is load prediction.
In others hand, the load data from 2020 to 2025 are resemble of load data of year 2015 to 2020. The result
from this graph is aligned and resembles with the precious year.

4. CONCLUSION

When utilizing time series data for short—term electric load prognostic, the ARIMA model has
shown to be a useful tool. It provides a dependable technique for projecting power demand over brief time
horizons by recognizing and forecasting intricate patterns in the data. The ARIMA model gives utilities and
energy suppliers critical insights for controlling grid stability, optimizing resource allocation, and improving
operational efficiency by utilizing historical load data and adding seasonality, trends, and cyclical patterns.
Although additional investigation and enhancement may be required to tackle certain issues and enhance
precision, the ARIMA model remains a viable strategy for fulfilling the dynamic requirements of the
contemporary energy environment. To sum up, the ARIMA model has shown to be a useful tool for short—
term electric load forecasting since it provides precise estimates based on time series data. ARIMA shows its
effectiveness in modeling and predicting power demand by capturing both trend and seasonal components.
This helps with resource allocation, grid management, and decision—making processes within the energy
sector. Further improvements and tinkering with ARIMA and other forecasting approaches promise to
consistently increase the accuracy and dependability of short—term electric load projections as technology
and methodology advance, enabling a more robust and sustainable energy infrastructure. In conclusion, there
have been encouraging outcomes when short—term electric load forecasting has been done using the ARIMA
model. Through the use of time series data, ARIMA is able to accurately anticipate power consumption by
capturing trends and seasonal patterns. In the energy sector, this strategy helps with resource management
and decision-making. ARIMA and related forecasting approaches are well-positioned to significantly
improve the accuracy and dependability of short-term electric load projections as technology and
methodology continue to evolve, assisting in the creation of an energy infrastructure that is more robust and
efficient.
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