
Received April 11, 2022, accepted April 22, 2022, date of publication April 29, 2022, date of current version May 10, 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3171270

A Performance Comparison of Machine Learning
Algorithms for Load Forecasting in Smart Grid
THAMER ALQUTHAMI 1, (Member, IEEE), MUHAMMAD ZULFIQAR2,
MUHAMMAD KAMRAN2, AHMAD H. MILYANI 1,
AND MUHAMMAD BABAR RASHEED 3,4, (Senior Member, IEEE)
1Electrical and Computer Engineering Department, King Abdulaziz University, Jeddah 21589, Saudi Arabia
2Department of Electrical Engineering, University of Engineering and Technology Lahore, Lahore 54890, Pakistan
3Department of Electronics and Electrical Systems, The University of Lahore, Lahore 54000, Pakistan
4Escuela Politécnica Superior, Universidad de Alcalá, Alcalá de Henares, 28805 Madrid, Spain

Corresponding authors: Muhammad Babar Rasheed (muhammad.rasheed@uah.es) and Thamer Alquthami (tquthami@kau.edu.sa)

This work was supported in part by the Deanship of Scientific Research (DSR) at King Abdulaziz University, Jeddah, Saudi Arabia, under
Grant RG-34-135-42; and in part by the European Union Horizon 2020 Research and Innovation Program through the Marie
Sklodowska-Curie under Grant 754382, GOT ENERGY TALENT.

ABSTRACT With the rapid increase in the world’s population, the global electricity demand has increased
drastically. Therefore, it is required to adopt efficient energy management mechanisms. Since the energy
consumption trends are rather dynamic. Therefore, precise energy demand estimation and short and/or
long-term forecasting results with higher accuracy are required to develop the optimization and control
mechanism. Consequently, the machine learning (ML) techniques along with distributed demand response
programs are being adopted to predict the future energy demand requirement with satisfactory results. In this
paper, different state-of-the-art ML algorithms such as logistic regression (LR), support vector machines
(SVM), naive Bayes (NB), decision tree classifier (DTC), K-nearest neighbor (KNN), and neural networks
(NNs), have been implemented to analyze their performance. The main objective of this paper is to present
a comparative analysis of ML algorithms for short-term load forecasting (STLF) regarding accuracy and
forecast error. Based on the implementation and analysis, we have identified that, among other algorithms,
the DTC provides comparatively better results. Therefore, we devised the enhanced DTC (EDTC) by
integrating fitting function, loss function, and gradient boosting in DTC mathematical model for fine-tuning
the control variables. The implementation results show that the proposed EDTC algorithm provides better
forecast results (i.e., 99.9 % recall, 100% F1, 100% precision, 99.21 % training accuracy, and 99.70% testing
accuracy.)

INDEX TERMS Smart grids, electric load forecasting, machine learning algorithms, logistic regression,
decision tree.

I. INTRODUCTION
The tremendous increase in the world economy and
population, along with rapid development in urbanization,
can enhance the need for energy usage in the years ahead.
Electricity, a vital energy source, can be generated from
various sources, including water, wind, solar cells, fossil
fuels, and thermal & nuclear reactors. Furthermore, as our
population grows and progresses, the demand for electric-
ity rises, prompting the need for increased energy produc-
tion. The essential concerns in energy management (EM)
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are electricity generation, transmission, and distribution. The
electric grid (EG) is a well-known interconnected network
that connects customers to energy providers and transports
energy from producer to consumer. It consists of power plants
that generate electricity, substations that regulate electrical
voltage based on usage, transmission lines (the transporter
of electricity), and distribution lines that link customers [1].
As described above, classical EGs use a centralized network
with thousands of units. Enhancing the EG load introduces
the potential for generating overhead, resulting in power qual-
ity issues. As a result, the installation of new plants becomes
necessary. On the other hand, these grids lack a reliable
forecast system for predicting intermittent power failures,
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their reasons, reaction latency, memory space, and resource
utilization [2]–[5].

Scientists determined that the current electrical power sys-
tem (PS) has remained unchanged for several decades [6]–[9].
With the population growth, there is a massive electricity
demand. The shortcomings of the traditional PS include a
lack of visibility, mechanical switches, which results in a
slower response time, and a lack of monitoring and power
control. Metamorphoses in climatic conditions, component
failure, the demand for energy, population growth, demand
for fossil fuels, a drop in electric power output, a shortage of
energy storage, unilateral communication, and various other
issues all contribute to the need for new grid technology.
Hence, a new grid framework is crucial to handle such issues.
The smart grid (SG), a next-generation energy infrastruc-
ture, appears as a critical technology to meet high-priority
demands and enhance modern human life quality [10].
According to a comparison, the conventional EG provides
one-way communication confined to energy users, whereas
SG provides vast two-way communication. In the traditional
EG, power quality concerns are resolved slowly; however,
in the case of SG, a rapid self-healing facility is proffered.
The traditional EG system ismore vulnerable to cyber-attacks
and natural calamities, responding considerably more slowly.
The SG, on the other hand, is significantly more resistant
to natural disasters and cyber threats. The conventional EG
system responds gradually to system disturbances, whereas
the SG automatically detects and responds to problems and
has a far lower impact on customers. Power flow control is
completely limited in the traditional EG system; however, it is
immense in SG [11], [12].

Both classical (time-series) and computational intelli-
gence methods are used in the literature for ELF [13].
Both approaches have their drawbacks. The limitations of
the previous classical methods in dealing with non-linear
data are cited. On the other hand, computational intelli-
gence approaches are chastised for their handcrafted features,
restricted learning ability, ineffectual learning, erroneous
appraisal, and insufficient motivating importance. Despite
this, specific current ML models are used for ELF, which
partially solves the problems mentioned above and improves
performance due to an innovative technique [14]. Since
low prediction accuracy results in significant economic loss,
a proper system must overcome the concerns mentioned
above. A 1% increase in forecast error results in a 0.01 billion
rise in overall utility costs. As a result, electric utility compa-
nies are attempting to design an STLFmodel that is fast, accu-
rate, robust, and accessible. Furthermore, explicit forecasting
might help spot failures and ensure reliable grid operation.
Aside from forecasting accuracy, forecasting stability, or the
ability of the forecasting model to maintain a constant degree
of forecasting accuracy, is also critical for a forecasting
model to ensure the safe operation of the energy system.
However, forecasting stability is frequently overlooked based
on previously proposed forecasting models [15]. Artificial
intelligence and its subset ML algorithms [16]–[19] can be

used to predict faults in SG, which aids in the implemen-
tation of precautionary measures The most major technical
challenge, predicting an SG’s stability, is considered in this
study because it determines the effective energy transfer in
over 60% of the SGs. [20]. The SG environment with AI
technology is depicted in Fig. 1.

A. MOTIVATIONS
With the rapid increase in the world’s population and indus-
trial revolutions, the global electricity demand has increased
drastically [21]. Consequently, the increased load demand
is fulfilled by combining traditional and distributed energy
generation technologies such as photovoltaic energy, energy
storage system, and electric vehicles [19]. However, their
integration into the primary grid or residential premises has
posed severe problems regarding prediction and forecasting.
This is also due to dynamic load demand and consumption
trends [22]. Furthermore, numerous works are being pre-
sented involving load demand management through active or
passive involvement of prosumers. The main objective was
to reduce the energy consumption cost and customer dissatis-
faction without considering SG stability and control [23]. The
first solution is to invest in the generation and transmission
infrastructure. At the same time, the second solution is to
manage the demand requirements through customer engage-
ment and ML-based optimal control strategies [24]. This
former is a long-term solution and requires more investment
cost. However, the latter is a short-term solution without more
investment costs on infrastructure [25]. However, to opti-
mally utilize the full potential of ML algorithms for stability
and control, it is a prior requirement to identify the most
suitable and reliable algorithm for prediction, forecasting,
and estimation before any decision making. In this context,
the present work has explored different state-of-the-art ML
algorithms such as LR, SVM, NB, DTC, KNN, and NNs,
for STLF. The main focus of this paper is to identify the
best suitable algorithms for STLF through implementation
and comparison. Through implementation, we determine that
the DTC algorithm has provided significant results compared
to other counterpart algorithms. Furthermore, recent research
has concentrated on feature engineering and classical meth-
ods such as decision tree (DT), ARIMA, and ANN. Despite
overfitting issues, the DT outperforms training and performs
poorly in forecasting, whereas ANN has low generalization
power. It is not an easy task to control the rate of conver-
gence. Furthermore, these learning models are not ideal for
large amounts of data because their performance degrades
as the size of the data increases. Moreover, the optimization
module must be integrated with the forecaster to achieve
exceptional performance. A DT was used in several ML and
data mining tasks as a classifier. In this study, we discuss
several recent works about the DT in Table 2. The selection
and adjustment of hyper-parameters have a significant impact
on the forecast accuracy of ML systems [23]. Therefore,
optimal and accurate hyper-parameters tuning is a substantial
challenge with ML models [26]. These individual/single ML
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algorithms are not helpful in all aspects (accuracy, conver-
gence rate, stability) because every individual approach has
its imperfections and inherent limitations [27], [28]. They
depend on random weights, biases [29], thresholds [30],
and hyper-parameters tuning [31]. These problems influence
ELF and cause unstable performance. These shortcomings
deprive individual methods of achieving all objectives (accu-
racy, convergence rate, stability) simultaneously [32]–[34].
However, by properly tuning hyper-parameters and optimiz-
ing random weight and bias initialization, the DTC model
can be assumed to be promising and effective in improving
forecast accuracy [22], [35]–[37]. Furthermore, none of these
models evaluated accuracy, stability, and convergence rate
simultaneously [38], [39]. As a result, a robust, enhanced
model is required to address the shortcomings of existing
models while simultaneously improving forecast accuracy
and stability with a fast convergence rate.

B. REAL CONTRIBUTIONS
With this motivation, in this work, a novel, robust, enhanced
forecasting algorithm is developed by integrating fitting func-
tion, loss function, and gradient boosting analysis with DTC,
called the EDTC forecasting model. The novelty and signifi-
cant technical contributions are highlighted below.

• The state-of-the-art ML algorithms such as SVM, KNN,
NN, DTC, and LR are compared for predicting the
forecast accuracy. While DTC gives more effective and
efficient results with comparatively high accuracy, good
speed, and low memory usage among these classifiers.

• Since hyperparameters highly affect the stable perfor-
mance of ML algorithms in ELF. It is a challenge to
select and modify these parameters for accurate and
stable performance. To overcome the hard-to-tune hyper
parameters problem of theML algorithm, we proposed a
novel and enhanced DTC EDTC) by optimizing random
weights and bias initialization of the DTC. The proposed
EDTC improves the accuracy by adding fitting function,
loss function, and gradient boosting in DTC mathemat-
ical model for fine-tuning the control variables.

• Experiments on real datasets acquired from the New
York ISO (NYISO) are performed to validate the effec-
tiveness of the proposed methodology. Experimental
results show that our proposed EDTC model outper-
forms other benchmarkMLmodels such as SVM, KNN,
NN, LR, and DTC in accuracy, stability, and conver-
gence rate.

1) NOVELTY ASPECT
This paper has compared different ML algorithms from a
load forecasting perspective. Firstly, SVM, KNN, LR, ANN,
and DTC are implemented to analyze the results in terms
of features and classification parameters, as depicted in the
Table 1. Results show that, among other algorithms, the DTC
gives more accurate and efficient output with comparatively
high speed. One of the main reasons for the high speed and

accuracy of DTC is the optimal memory utilization to store
the rule-set in the form of smaller trees. Furthermore, the
classification process in DTC has occupied lower memory
than other techniques because it generates fewer rules to
develop the optimal output. The accuracy is also higher as
the error rate is low on unseen cases due to the develop-
ing pruned trees. Therefore, we have identified that DTC
could generate more accurate results if the control parameters
are further optimized based on comparative analysis. This
paper has proposed an enhanced EDTC to perform feature
selection, cross-validation, reduced error pruning, and model
complexity to optimize the error ratio. The feature selection
is used for dimensionality reduction. Where it minimizes the
attribute space of the feature set, it is also analyzed that the
classification accuracy can be further increased if the model
complexity is increased. Therefore, by applying the reduced
error pruning technique, the overfitting problem of theDTC is
solved. Results show that the proposed EDTC has improved
the accuracy by 1-2%. The classification error rate is also
reduced compared to the existing algorithms. Eqs. 20-24 in
the revised version describe the mathematical formulation
that was used tomodify the DTC algorithm.Whereas in DTC,
only the Eqs. 18 and 19 are used to handle the control variable,
causing reduce accuracy and slow convergence.

C. PAPER ORGANIZATION
The following is how the paper’s material is structured.
Section I provides a concise introduction and motivation for
ELF and ML approaches for ELF difficulties. Section II is
devoted to studying the existing literature on the applica-
tion of ML approaches to ELF. In section III, ML-models
are depicted. Section IV characterizes the devised method-
ologies. Whereas section V confers the simulation results
and discussions. Section VI explains the critical analysis.
Section VII concludes by clarifying the research and its out-
comes and concluding remarks.

II. LITERATURE SURVEY
This section contains an overview of various research solu-
tions, methodology, outcomes, and limitations of existent
works on SGs. The SG, which will replace the definitive
energy grid, will be capable of two-way communication.
To distribute the electricity transferred from various sources,
a convoluted system is employed with the assistance of
EVs [41]. Since it regulates its features to maximize per-
formance, this adds new overhead to the SG modeling.
As a result, stability, robustness, efficiency, and dependability
must be monitored frequently under various operating con-
ditions. Researchers have employed ML methods such as
LR, KNN, SVM, ANN, random forest (RF), ridge regres-
sion (RR), gradient boosting (GB), extra trees regressor
(ETR), stochastic gradient descent (SGD), and gradient
boosting (GB) to evaluate load in SG.

SGs are transitioning to demand-based power supply
services for customers. As a result, forecasting consumer
load is obligatory. An endeavor is made to confine if the
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TABLE 1. Characteristics comparison between proposed and existent ML algorithms.

FIGURE 1. AI technology embedded into the SG context.

existent short-term load forecasting (STLF) framework or
anthropological-structural data accurately foretells individual
consumer household load [42]. An STLF framework was
developed based on anthropological structural data from the
residential consumers to identify the optimal LF framework
for an individual load. The devised model can forecast devi-
ated loads using a particular instance at different time series.
The researchers used back-propagation (BP), NN, and SVM
to predict the proposed STLF framework. According to the
results, devised STLF is 7% more accurate than SLTF and
reduces inaccuracy by 60%. The study affirmed the enhance-
ment of the SLTFmodel by employing anthropological struc-
tural data correctness. The week ahead household data were
used to learn an ANN to forecast the energy consumption
hourly for the subsequent day.

Hernandez et al. devised an ELF based ANN technique
in SGs that involved three main stages: segmentation using
K-means classification, a self-organizing map (SOM)
approach uses pattern recognition, and demand forecast-
ing (DF) in individual clusters [43]. Realtime data from a
Spanish corporation was used to validate the ANN model.
Periodic values were used to train the model (weekahead and
month ahead). This framework outperformed benchmarks
based on generalized regression NN and radial basis function
NN. The sustainability of the SG is reliant on the ability

TABLE 2. DT algorithms based accuracy in latest literature survey.

to generate uninterrupted electricity based on usage. Chen
and Ahmad used three diverse ML frameworks for MTLF
and LTLF in the SG [44]. They use nonlinear ANN com-
prising of ada boost, multivariate linear regression (MLR),
and auto-regressive exogenousmultivariate inputs framework
(AEMIF). The researchers diverged the load into three inter-
vals based on aggregated exhaustive consumption metrics:
one month ahead, seasonal perspective, and one year ahead.
The models enhanced predictability while accurately defin-
ing energy differences, modifications, and coming energy
prediction prospects. Because of its superior prediction abil-
ity, the Ada boost model outperformed the other models.

Khan et al. presented a comprehensive review of dynamic
pricing (DP) and EL in the SG [45]. The study focused on
the relationship between real-time pricing (RTP), time of use
(TOU), and critical peak price (CPP). Computational and AI
models were presented as procedures to LF. In AI frame-
works, ANN, RNN, auto-regressive integrated moving aver-
age (ARIMA)-SVM, generalized regression neural networks
(GRNN), SVM, wavelet transformation (WT)-ANN, wavelet
transformation error correction (WTEC)-ANN, probabilistic
NN (PNN), Expert systems, and fuzzy logic (FL) were used.
According to the study results, forecasting algorithms based
on AI outperformed other stochastic approaches.

Muhammad et al. recently completed a survey on
projecting yields of photo-voltaic (PV) [45]. Because the
overwhelming majority of studies endeavored to predict PV
output using conventional, analytic, and AI approaches. This
study discovered that ANN might provide more accurate
forecasts than traditional and quantitative models. According
to the survey, the precision of any prediction technique varies
depending on the day, seasonal variance, infusion factors, and
other appraisal matrices. In the recent SG [45], Muhammad
and Abbas explored AI-ELF algorithms. The performance of
these frameworks were determined by its structure, input fac-
tors, activation function, and ML algorithms used for training
and creating predictive errors. It was discovered that the BP
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training method was often used to train NN, despite the fact
that it posed various problems. ANN, on the other hand, was
better suited for ELF and produced better results than BP.
It was eventually able to confirm that integrated techniques
had more significant effects.

It is well known that regular power outages cause a slew of
catastrophic failures. To address this issue in SG, improved
surveillance of blackout situations has become necessary.
Gupta et al. indicated prior blackout incidents using a time
series model, particularly SVM, which they verified using an
IEEE 30-bus testing ground [46]. SVM was learned to use
a historical database that was created by evaluating system
efficiency in static and transient modes. This resource doc-
umented both normal and aberrant events (cascading failure
conditions). Pan and Lee conducted a comparison between
ANN and SVM in the SG [47] midterm LF. ANN was
typically used for forecasting; recently, researchers adapted
SVM. The parameters for the day ahead, the week ahead,
the month ahead, and the year ahead LF were analyzed.
Mitchell et al. utilized these hyper-parameters for ELF on
several loads [48]. SVM produced the global minimum on
some occasions, according to the results. Both systems per-
formed severely, with more than 4% deflection on intermit-
tent load, while 2.3% variation on steady load.

Climate change, seasonal variability, sea-level rise, and
natural calamities all impact ELF. As a result, SG demand
management (DM) determines its dependability and stability
in satisfying the consumer’s regular power requests. The
demand schedule can be efficiently derived from a reason-
able projection of users’ electricity usage patterns. Ali and
Azad used ML approaches for DM and LF, such as LR,
SVM, and MLP [49], which beat the other frameworks.
The restricted quadratic optimization problem was used in
support vector regression (SVR), which transferred the input
characteristics into high dimensional space using a ker-
nel.The support vector regression (SVR), which used a kernel
to transfer the input characteristics into high-dimensional
space, is employed to solve the restricted quadratic opti-
mization (RQO) problem. SVR beat the BP-trained NN and
other LR approaches. It also produced high-quality results
when time series data was unavailable. As a result, the study
advised SVR for LF. In other forecasts, SVM, like DM, per-
formed admirably. When estimating lake water levels, SVM
outperformed ANN and regression techniques, particularly
the seasonal auto-regressive (SAR) paradigm, demonstrating
coherence and a great outcome (long-term prognosis) [50].
SVM fused with the time series forecasting (TSF) module
is employed for financial analysis, which assisted in over-
coming two typical issues, namely noisy and non-stationary
data [51], [52]. Furthermore, SVM with sparse representa-
tion outperformed statistical models and GRNN [53]. The
fusion of chaotic GA and SVR algorithms improved the
precision of chaotic LF [54]. Furthermore, SVM outper-
formed MLP in forecasting wind speed. Alazab et al. created
a multi-directional LSTM (MDLSTM) framework to antici-
pate the SG’s resilience, and the results show that MDLSTM

FIGURE 2. Flow chart of ML frameworks.

outperforms classical LSTM, RNN, and gated recurrent units
(GRUs) [19].

It is clear from the prior studies that ML approaches are
pretty valuable for LF. Statistical models are simple to build
and require few computations, yet they are inaccurate. How-
ever, a vast amount of data and calculations are necessary
to create these models. LF is influenced by various factors,
including building material, size, individual loads, the num-
ber of loads, occupant behavior, and weather, among others.
Furthermore, regardless of data set size, it is clear that most
SG research has been conducted utilizing DL methods. How-
ever, due to the magnitude of the SG data set, ML techniques
coped better than DLmodels. Thus, the current effort focuses
on the application of ML techniques to the SG data set. The
problemswere described in an overview of the survey. Table 3
shows the frameworks employed and the conclusions drawn
from their approach.

III. ML MODELS
This study covers the supervised ML algorithms based on
regression. In this study, all the ML models are used to fore-
cast the hourly load consumption. The general flow adopted
in all the algorithms is depicted in Fig. 2.

A. LR
The LR algorithm is a supervisedML technique that conducts
regression. It only determines the linear relationship between
the input and output variables.When their relationship is non-
linear, it is considered as multi-variable regression (MVR).
The following is how the LR is defined:

y = θ0 + θ1 · x (1)

Here,

x - input training data
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TABLE 3. Literature review on SGs.

y -output (supervised learning)

θ0 - intercept

θ1 - coefficient of x (2)

The optimal values of θ0 and θ1 are discovered to have the
best-fit forecast line. The cost function is then determined
using these values. This model essentially seeks the most
appropriate value of ywith themostminor difference between
the valid and forecasted values. As a result, updating the val-
ues of θ0 and θ1 is required to minimize the mistake. In Eq. 3,
the cost functionz is defined often known as gradient descent
(GD):

z =
1
n

n∑
i=1

(zi − yi)2 (3)

In this case, yi represents the actual value, and zi is the
anticipated value. As can be seen, this technique essentially
returns the z and y values of RMSE. The values of θ0 and θ1
are chosen at random here, and they are changed with each
iteration, reducing the RMSE value and determining the best
fit line for the model via GD.

B. NN
After executing certain mathematical computations, the NN
translates the input values to the suitable output unit [60]. The
NN is composed of two layers: a layer that accepts attributes

considered as input, while layers reside between the input and
output levels taken as hidden layers. The hidden layer should
converge the input layer parameters and depart the yielded
values to activation functions. Forecasting is assembled at
the final layer, which is suggested as an output layer. Fig. 1
illustrates the general architecture of NNs. The working of
hidden layer is represented in Eq. 4:

Hn = φ1 +

(
k∑
i=1

Wmn + θn

)
(4)

nth input and mth hidden layers having weightWmn and θn is
the value of bias factor.

C. KNN
KNN is frequently used for classification and regression in
data recognition and consistency. KNN is a supervised ML in
a family of algorithms. It is a non-parametric strategy used to
consider statistics. In both cases, the input is obtained from a
training block, which is the training input, and then a corre-
sponding target and output model are formed. Because infer-
ences are produced directly from training examples, K-NN is
a type of memory-based learning. The neighbors are derived
from a known class’s set of objects. If K = 1, the class is
assigned to the class’s single nearest neighbor. A straight line
will always be formed under a standard clustering algorithm
when there is the shortest distance between two peers, and
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this distance is known as the Euclidean distance [61]. The
result of KNN regression is the mean of its KNNs. The
disadvantages of the KNN algorithm include that it is not
the fastest algorithm, works with a limited number of inputs,
requires homogeneous features, and is sensitive to local data
alignment. Equations for KNN are as follows: Euclidean
equation (Ee) is represented in Eq. 5:

Ee =

√√√√√ H∑
j=1

(αj − βj)2 (5)

Manhattan equation (Me) is presented in Eq. 6:

Me =

H∑
j=1

|αj − βj| (6)

Minkows equation (Mke) is presented in Eq. 7:

MKe =

 H∑
j=1

(|α − βj|)p

1/p

(7)

D. SVM
The classification method is described mathematically as:

f (u, v) =
D∑
j=1

vjXj (u)+ k, (8)

where v∞j (j = 1, 2, 3, . . .) are the forecaster parameters
computed The dimensional space is marked by D, and k
is determined by the distribution of data and classification
variables. SVM tries to define a hyper-plane that separates
data points in a D-dimensional subspace. In this study, the
hyper-plane is defined by Eq. 8. The regularized risk function
Rf is therefore defined as follows:

Rf (v) =

D∑
j=1

∣∣∣La
j − f (u, v)

∣∣∣
~
+ σv2

D
, (9)

where σ is the feature selection regulating threshold, ~ is
the insensitive loss function parameter, and La

j is the targeted
load consumption pattern. The parameter v must be obtained
through minimization of thisRf . The robust error function u
is calculated as follows:

u =

0if
∣∣∣La

j − f (u, v)
∣∣∣ < ~∣∣∣La

j − f (u, v)
∣∣∣ otherwise.

(10)

Eq. 10 employs a function to minimize Eq. 9 and can be
modeled as follows:

f
(
u, π, π∗

)
=

M∑
j=1

(
π∗ − π

)
K∗
(
u, uj

)
+ κ (11)

where π∗ ≥ 0 for all I values. K∗ (u, z) is the SVM kernel
function that shows the multiplication of radial basis KPCA

in the feature space f∗ as:

K∗ (u, z) =
D∑
j=1

Xj (u)Xj (z) (12)

In an infinite feature space, theK∗ eliminates the requirement
forXj feature will be calculated. Bymaximizing the quadratic
form, the π and π∗ can be obtained:

R
(
π∗, π

)
= −~

M∑
j=1

(
π∗j + πj

)
+

M∑
j=1

La
j

(
π∗j − πj

)
(13)

−
1
2

M∑
j,k=1

(
π∗j + πj

) (
π∗j − πj

)
K∗
(
uj, zj

)
. (14)

The generalized versions of kernel functions are as follows,
where P indicates the principal component:
(i). Linear kernel function: It is a function that is used in

conjunction with SVM to provide identical data points
in a dataset [62].

K (r, z) = 〈r, z〉 (15)

(ii). Logistic Sigmoid based kernel function: It is also known
as the Hyperbolic tangent kernel, which developed in
the NN research area. The Sigmoid function has been
employed as an activation function for NNs in the major-
ity of cases.

K (r, z) = tanh
(
a0〈r, z〉d + a1

)
(16)

(iii) Radial basis kernel: It is an ubiquitous kernel func-
tion that is commonly utilized in a wide range of
kernel-based ML techniques. It is indeed commonly
used for SVM classification tasks.

K (r, z) = exp
(
−θ‖r − z‖2

)
(17)

E. DTC
DTC is one of the few classification approaches that allow us
to comprehend the whole reasoning that the classifier applies
when making a specific classification [63]. DTC displays
a graphical representation of all possible decision options
based on certain circumstances. It, like a tree, starts with a
root and then spreads to various viable answers. The training
data set is added to the tree by the root node, and each node
subsequently asks a true or false question about one of the
features. The dataset is now separated into two independent
subsets. Eq. 18 gives the equation for entropy:

E : I (p1, p2, . . . pn) =
n∑
i=1

(pi log (1/pi) (18)

(p1, p2, . . . pn) indicates the class label probabilities The
Gini-index (GI) was used to partition the data in the proposed
model. It is determined by subtracting the sum of each class’s
squared probabilities from one. It prefers larger partitions that
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are simple to implement, whereas information gain prefers
smaller partitions that have different values. Mathematically,
GI is presented in Eq. 19:

GI = 1−
∑

(P(x = k))2 (19)

where P(x = k) is the probability that a target feature takes a
specific value, k.

F. PROPOSED EDTC
A DT that incorporates fitting functions, loss functions, and
gradient descent analysis is known as an enhanced DTC
[9]. The DT in this work creates starting values for fitting
functions with multiple regression, which handles with a
large number of input variables. The errors between observed
data sets and output values are then determined using a loss
function. Furthermore, popular loss functions include square-
error, absolute-error, and unfavorable binomial log-likelihood
functions. The gradient boosting (GB) approach is then uti-
lized to find the fitting function with the lowest predicted loss
function value. The preceding phase is repeated to acquire the
best fitting procedure.

Following the input vector p and the output variable q,
which contains training samples (pm, qm) are provided, when
the value of loss function (L(q,F(p))) is reduced, a fitting
function (Fp) is chosen. Fp is a linear combination of a cluster
of basis functions fr (p) after R iterations, which is depicted
in Eq. 20:

F(p) =
R∑
r=1

δr fr (p)+ c (20)

where c is the constant value.The gradient boosting algorithm
uses the gradient descent analysis to approximate targeted
Eq. 20. The specific method is described as follows: Let
f0(p) = 1 then find the constant coefficient δ0 from a sum
of the minimum loss function L(qj, δ):

F0(p) = δ0f0(q) = δ0 = argmin
δ

J∑
j=1

L(qj, δ) (21)

After getting f0(p), we can use the recursive idea to solve this
problem. F0(p), F1(p), Fr−1(p) are derived by the Eq. 22:

Fr (p) = Fr−1(p)+ δr · fr (p) (22)

We derive δr as a sum of minimum loss function

δr =

J∑
j=1

L(qj, [Fr−1(pj)+ δfr (pj)]) (23)

while fr (p) is the sum of the negative gradient of Fr−1(pj):

fr (p) = −
J∑
j=1

1FL(qj, Fr−1(pi)) (24)

The procedure of E-DTC is described in algorithm 1.

Algorithm 1 EDTC
Require:

1. F0(p) = argmin
δ

J∑
j=1

L(qj, δ)

2. J : Number of data sets
Ensure: F(p) = FR(P)
3. R: Iteration times
For r = 1toR

4. fr (p) = −
J∑
j=1

1FL(qj, Fr−1(pi))

5. δr =
J∑
j=1

L(qj, [Fr−1(pj)+ δfr (pj)])

6. Fr (p) = Fr−1(p)+ δr · fr (p)
end

FIGURE 3. EDTC algorithm processes.

1) PROPOSED EDTC DESCRIPTION
Algorithm 1 is an improved top-down algorithm of DTC,
and it uses information gain presented in Eq. 19 as split-
ting criteria to build a DT. The criteria of EDTC is Gain
Rations which is a modification of the information gain. The
benefit of EDTC is noticeably low error rates, less memory,
and high optimization. Therefore, ETDC algorithm is more
accurate and much faster. EDTC has tree like structures,
prunes the original dtc, and creates DT in the way of ‘‘divide
and rule’’. In addition, the most improvement in DTC is
through gradient boosting technique. Algorithm 1 illustrates
that objective function of proposed EDTC is to get boosting
factor δ from the minimum loss function L(qj, δ) as depicted
in Eq. 21. The principle of algorithm is repeatedly calling
weak learners and giving these weak learners high weight
vote value. By doing so, the training process can focus more
on the cases that caused error, which tends to reduce bias.
With respect to EDTC, the most critical feature of EDTC
is boosting technique, and another is the construction of a
cost-sensitive as formulated in Eqs. 21 and 23. The proposed
EDTC algorithmic process is depicted in Fig. 3.
Definition 1: Let the input data which is expected to clas-

sify correctly.
Proof: Input to algorithm consists of a collection of

training cases, each having a tuple of values for a fixed set
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FIGURE 4. The work-flow of the devised framework.

of attributes (or independent variables) A = {A1, A2, . . .,
Ak} and a class attribute (or dependent variable). An attribute
A2 is described as continuous or discrete, if it is the EDTC
algorithm. In case of the DTC, Attributes are of type only
numerical or nominal. The class attribute (target attributes)
C is discrete and has values C1,C2, . . . ,Cx �
Remark 1: EDTC which classifies the data correctly.

IV. PROPOSED METHODOLOGY
The designed system comprises four major components,
as illustrated in Fig. 4. The first section contains the datasets,
which consist of four years of publicly available NYISO
datasets (2017-2020). Pre-processing is the second stage,
in which we attempt to clean the data. Pre-filtering is critical
for enhancing the quality of data and the importance of ML
algorithms, both of which can aid in successful forecasting.
The third component features engineering, which improves
classification accuracy, reduces data dimensions to avoid
complexity, and speeds up the processing time [64]. Two ML
methods are used for feature engineering in the proposed
system. DTC determines the relevance of characteristics first.
RFE is then used to remove low-importance features from the
datasets. The vital components are kept, which can help with
accuracy. Before being fed to classifiers, data is separated
into training and testing sets in a 3:1 ratio. The first nine
months of data from each year are used as the training set,
with the remaining three months serving as the testing set.
The classifiers employed are SVM, LR, KNN, DTC, ANN,
and E-DTC. For LF, we improved DTC and proposed EDTC.

A. DATA-SET DESCRIPTION
Python is used to carry out the experiments. Four years of
NYISO data are used [65]. The data contains sixteen features
and 1095 instances, as well as system load data for each
day and a variety of additional parameters. We extract the
essential characteristics in the first stage because all aspects
are incompatible.

B. DATA SETTING AND PREPROCESSING
Pre-processing is critical for increasing the quality of the data
as well as the effectiveness of ML algorithms [66]. Normal-
ization and data transformation are two typical pre-processing

strategies utilized in any ML model. The variables in an SG
dateset are distributed across several ranges, which typically
results in a bias favoring values with higher weights, reducing
the effectiveness of the devised framework. Since attribute
normalization aids in the convergence rate and numerical
stability of NN training, a zero-mean normalization strategy
is used in the study for data normalization on the load and
temperature variables. Normalization is performed according
to Eq. 25:

y′j =
xj − ν
κ

(25)

where y′j refer to the zero average score of the j instance,
ν is the mean in time series dataset, while κ correspond to
standard deviation of the dataset, respectively. To normalize
the test data, the mean and standard deviation of the training
data were employed. For final predictions, test data outcomes
are normalized. we used dunce variables to control for these
characteristics, as most previous ELF research has been done
and described in the literature [24], [67], [68].

Machines process data using mathematical formulae;
therefore, data must be quantitative. Since the majority
of the dataset comprises both categorical and numerical
information, data encryption is achieved during data pre-
processing [69], which converts quasi inputs to numeric ones
before supplying them to ML frameworks. After that, data is
divided into training and testing datasets. The training dataset
is used to prepare the ML algorithms, then considered with
a new dataset to enhance their performance. In this work,
30% is used to evaluate the performance of the produced ML
algorithms, while 70% of the dataset is used to understand
the ML algorithms, while diverse ML techniques, rather than
DL-based algorithms, are used for classification depending
on the magnitude of the dataset. To classify the SG dataset,
conventional ML schemes such as LR, KNN, NN, SVM, and
DTC were used in this work. F1-score, accuracy, receiver
operating characteristic (ROC), and precision are then used to
test the efficiency of the ML algorithms. The acquired results
are similar to previous work on the SG datasets. The ML
methods employed in this work are detailed in the following
subsections.

C. FEATURE ENGINEERING
In the AEMO (NWS) data-set, DTC-based FE is used to
select the essential traits and reduce outliers; feature patterns
are considered vectors. The feature values in these vectors
have separate timestamps. Features for EL are regarded as
load demand, and those with a minor impact on EL forecast-
ing may be removed. DT, the most advanced and efficient
feature extraction technique, determines the importance of
features. The DT method assigns a score to each character-
istic individually. Then, features are selected using recursive
features elimination (RFE) depending on their score. The
score given by DT is shown in Fig. 5a. Let 0.5 be the feature
selection threshold (Tfs). When the grades of features are
greater than the Tfs, these features may be kept and be used
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FIGURE 5. Importance of features calculations by devised DT &
forecasting trends of different techniques.

TABLE 4. The devised DTC based FS with different Tfs values. (Threshold:
Tfs, Time: T, Error: E, Dropped features: Fd.)

for further processing. Besides, the grade of features smaller
than the fixed Tfs value may be pitched. Distinguishable
Tfs weights are employed to restrain the FS process for
considering the significance of feature extraction. The results
are depicted in Table 4. Simultaneously, it boosts the Tfs

values from 0.5, resulting in dropping more features. It is
evident from the results that increment inTfs value is directly
proportional to the more feature drop (Fd). It would enhance
the training momentum but lessen the forecasting accuracy.

With feature extraction, the retrieved features are sent to
classifiers; however, the data was split into testing and train-
ing sets before feeding the data to classifiers. The information
for nine months of each year is retained in the training set,
while the data for the remaining three months is preserved in
the evaluation set. With that, the models are trained using a
training set. The fundamental reason for writing this work is
to compare basic ML methods with one upgraded DTC for
LF. These five strategies (SVM, LR, NN, KNN, and EDTC)
are often employed for LF, but it is unclear which one is
best suited. After training, the performance of classifiers was
assessed using a testing set.

D. PERFORMANCE METRICS
Four statistical measures assess classifier accuracy: RMS,
MSE, MAPE, and MAE. MSE and MAE have built-in func-
tions, and RMS andMAPE have defined roles. The study also
considers performance aspects, including recall, F1 score,
precision, and accuracy, to evaluate theML algorithms. In the
most delinquent research, 70% of the SG data-set can be used

for training, whereas 30% for verification and validation. The
parameters mentioned above and the ROC curve are used to
evaluate the ML frameworks, increasing the confirmation of
the outcomes.

V. SIMULATION RESULTS AND DISCUSSION
A. PREDICTION TRENDS AND STATISTICAL MEASURES
RESULTS
The forecasted trend is depicted in Fig. 5b. When the predict-
ing trend is compared to the actual trend, it is obvious that
DTC and EDTC closely reflect the real trend. This signifies
that these two algorithms are operating admirably. Further-
more, in terms of trend following, EDTC outperforms DTC.
Furthermore, the comparison is shown using other statistical
indicators. MAE is depicted in Fig. 6a. EDTC has a very
low MAE, which indicates it causes very little error when
compared to other approaches. Moreover, in our scenario
described in Tables 1 and 7, the EDTC processing time is
relatively short. MAE for EDTC is ranked on first and is
better than DTC. MAPE is also calculated for the STLF
as shown in Fig. 6b. In MAPE, the error rate of KNN is
more unpredictable than that of EDTC. In this case, EDTC
outperforms all other approaches. The performance of KNN
may improve as the number of instances rises. Tables 1 and 7
show that EDTC works well and has a very quick emergence
time. RMS performance is depicted in Fig. 6c. RMS follows
the same pattern as MAPE. EDTC’s performance is superior
to those of its competitors. DTC is ranked second. A function
is defined to calculate RMS using the conventional RMS
formula. Finally, the MSE score is illustrated in Fig. 6d. For
MAE and MSE, sklearn’s built-in functions are employed.
The MSE for NN is close to 0, indicating that it has an
extremely lowMSE. Once again, LR comes in second. DTC’s
score is nearly comparable to EDTC’s, but EDTC outper-
forms DTC in this category as well. Based on the foregoing
extensive explanation of outcomes, it is obvious that DTC and
EDTC are excellent for STLF due to their ease of use, rapid
emergence, and high accuracy. Furthermore, DTC and EDTC
can capture non-linear and noisy LF data quite effectively.
Furthermore, as time passes, the data load increases, but the
performance of EDTC does not decline, but rather improves.
As a result of our experiments, we recommend using DTC
and EDTC for STLF among the previously stated ML
algorithms.

B. PERFORMANCE METRICS RESULTS
1) NN RESULTS
The confusion metric (CM) for NN classification in Table 5
shows that we achieved 97.5% accuracy with 1057 records
out of 1084 and 2.5% false positive rate (FPR) in case of
stable class, while in unstable/faulted case, the accuracy and
FPR attained are 98.00% with 1887 out of 1916 records and
1.5% respectively. The classification report (CR) for NN in
Table 6 represents that we got 98.5%, 97.60%, and 99.50%F1
score, precision, and recall respectively in stable class, while
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TABLE 5. Confusion metrics (CM) for the proposed EDTC and other ML algorithms.

TABLE 6. Classification report (CR) for proposed EDTC and existing ML models.

FIGURE 6. MAE, MAPE, RMS, & MSE scores.

FIGURE 7. ROC for NN, SVM, KNN, & DTC.

in the unstable category, F1-Measure scores, the precision,
and recall are 97.30%, 99.00%, and 95.70%, and 97.30%,
respectively. The ROC for the NN classifier is depicted in
Fig. 7a, where the area under the curve (AUC) is 97.96%.

2) SVM RESULTS
The CM for SVM classifier in Table 5 shows that we achieved
90.1% forecasting accuracy with 977 records out of 1084 and
9.9% FPR in case of stable class, while in unstable/faulted
case, the accuracy and FPR attained are 91.80%with 1759 out
of 1916 records and 8.2% respectively. The classification
report (CR) for SVM in Table 6 represents that we got
86.4%, 83.00%, and 90.10% F1 score, precision, and recall
respectively in stable class, while in the unstable category,

F1-Measure scores, the precision, and recall are 91.80%,
94.10%, and 89.60%, respectively. The ROC for the SVM
classifier is depicted in Fig. 7b, where the AUC is 90.21%.

3) KNN RESULTS
The CM for KNN classifier in Table 5 shows that we achieved
64.7% forecasting accuracy with 701 records out of 1084 and
35.3% FPR in case of stable class, while in unstable/faulted
case, the accuracy and FPR attained are 86.60%with 1641 out
of 1916 records and 14.4% respectively. The classification
report (CR) for KNN in Table 6 represents that we got
68.1%, 71.80%, and 64.70% F1 score, precision, and recall
respectively in stable class, while in the unstable category,
F1-Measure scores, the precision, and recall are 83.30%,
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FIGURE 8. ROC for EDTC, Training/testing loss, Training/testing accuracy, & Metrics performance in CR.

TABLE 7. Analysis of proposed and existent ML models based on
classification parameters.

81.10%, and 85.60%, respectively. The ROC for the KNN
classifier is depicted in Fig. 7c, where the AUC is 76.45%.

4) DTC RESULTS
The CM for DTC classifier in Table 5 shows that we
achieved 96.8% forecasting accuracy with 1050 records out
of 1084 and 3.13% FPR in case of stable class, while in unsta-
ble/faulted case, the accuracy and FPR attained are 96.50%
with 1850 out of 1916 records and 3.44% respectively. The
classification report (CR) for LR in Table 6 represents that
we got 95.9%, 92.10%, and 93.20% F1 score, precision,
and recall respectively in stable class, while in the unstable
category, F1-Measure scores, the precision, and recall are
96.10%, 94.30%, and 96.90%, respectively. The ROC for
the DTC classifier is depicted in Fig. 7d, where the AUC is
90.21%.

5) EDTC RESULTS
The CM for EDTC in Table 5 shows that we achieved 100%
forecasting accuracy with 1084 records out of 1084 and 0%
FPR in case of stable class, while in unstable/faulted case,
the accuracy and FPR attained are 99.90% with 1915 out
of 1916 records and 0.1% respectively. The classification
report (CR) for EDTC in Table 6 represents that we got
100%, 99.9%, and 100% F1 score, precision, and recall
respectively in stable class, while in the unstable category,
F1-Measure scores, the precision, and recall are 100%, 100%,
and 99.00%, respectively. The ROC for the EDTC is depicted
in Fig. 8a, where the AUC is 99.95%.

C. TRAINING AND TESTING LOSS AND ACCURACY
Training and testing accuracy along with loss of ML algo-
rithms are described in Table 6. Graphical representation in

Fig. 8c shows that SVM training accuracy and loss is 97.20%
and 0.07 respectively, while its testing accuracy is 97.50%
with 0.07 data loss. NN classifier having training and testing
accuracy 98.45% and 98.90% with data loss 0.07 respec-
tively.In the case of LR, data loss is 0.05 for both training
and testing, and accuracy is 97.98% and 98.50%, respectively.
The effectiveness of KNN training and testing is 94.23%
and 94.80%, respectively. For both training and testing with
KNN, the data loss is 0.08. EDTC achieved 99.07% accuracy
and 0.02 loss for training and testing. The EDTC obtained
1.98% higher accuracy compared to SVM,KNN,NN and LR.

D. METRICS PERFORMANCE IN CLASSIFICATION REPORT
Table 6 shows the effectiveness ofMLmodels in terms of pre-
cision, recall and F1-score. The EDTC achieved a 100.00%
F1-score, 99.00% recall and 100% precision, which is more
remarkable than the ML models stated above for stable class.
Similarly, in terms of precision, recall, and F1-score, the
EDTC model beat the standard models in the unstable class.

E. ACCURACY ACHIEVED BY PROPOSED EDTC
The proposed EDTC framework has the highest forecast
accuracy of 99.89% compared to other classifiers employed
in this work, as shown in Table 9. ETDC outperforms dif-
ferent algorithms used in this work regarding prediction
accuracy, recall, precision, and F1-Measure because it is
a probability-based algorithm. while Table 10 depicts the
comparison of proposed EDTC with other existing frame-
works. We observed that Authors of [12], [70], [71] achieved
99.01%, 97.82% and 95.37% AUC using MLSTM, EKNN
and Adaboost respectively while proposed EDTC achieve
99.42% AUC.
Remark 2: The following conclusions can be drawn from

the results:
(i): Compared to DL models, ML techniques are better

suited for classifying the SG dataset due to their small size.
(ii): Because the number of attributes is relatively low, the

EDTC outperforms the other ML methods considered.

VI. CRITICAL ANALYSIS
Aside from performance, ML algorithms have several advan-
tages over other AI and classical models for LF, including
noise tolerance, pattern generation rather than assumption,
handling non-linearity, and ease of use [72]. We employed
five strategies in particular (EDTC, SVM, LR, KNN,
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TABLE 8. Advantages EDTC over other ML Algorithms.

TABLE 9. The accuracy achieved after a comparison of ML algorithms and
devised EDTC.

TABLE 10. Comparison of proposed EDTC with other existing works in
terms of accuracy.

and NN). Tables 1, 7, and 8 provide a brief explanation of
the logic behind the use and performance of each strategy.

VII. CONCLUSION AND FUTURE SCOPE
The stability of the SG is essential for efficient power distri-
bution to the control stations. ML techniques play an integral
part in signifying the resilience of the SGs. With the emer-
gence of different Ml algorithms, the foremost challenge is
to find the most appropriate algorithm to predict the stability
of the SG. To accomplish this, a comprehensive survey of
the state-of-the-art ML algorithms has been performed to
predict the stability of SGs. In this work, a novel EDTC
model is introduced to predict the stability of the smart grid.
The proposed model has experimented on the smart grid
dataset fromNYISO. The performance of EDTC is compared
with traditional ML models like SVM, KNN, NN, LR, and
DT. The experimental results proved that the DTC algorithm
outperforms SVM, KNN, LR, and NN. The comparative
analysis proves the superiority of the proposed model con-
cerning the accuracy, precision, loss, and ROC curve metrics.
The proposed model achieved 99.07% training and testing
accuracy, which is 3% times higher than other traditional
ML algorithms. As part of the future work context aware
paradigm, dynamic power requirements can bemet while also
making the SGs more reliable.
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