
MITOR: Jurnal Teknik ElektroMITOR: Jurnal Teknik Elektro

Copyright: © 2024 by the authors. This work is licensed under
a Creative Commons Attribution−NonCommercial 4.0 International
License (CC BY−SA 4.0)

Evaluation of ANN Training Methods: A Comparative Study of Back
Propagation, Genetic Algorithm, and Particle Swarm Optimization

for Predicting Electrical Energy Consumption

Giovanni Dimas Prenata∗, Ahmad Ridhoi
Fakultas Teknologi Elektro dan Informatika Cerdas Program Studi Teknik Elektro − Universitas 17 Agustus 1945

Surabaya, Indonesia
∗gprenata@untag-sby.ac.id

Abstract − This paper compares Artificial Neural Networks (ANNs) trained with three strategies—Backpropagation (BP),
Genetic Algorithm (GA), and Particle Swarm Optimization (PSO)—to predict electrical energy consumption at PT PLN UP3
Sidoarjo using five years of data (2015–2019). Inputs comprise six sectoral/customer features and population, with min–max
normalization. Models are evaluated by MSE/MAE and validated with two sliding-window scenarios: (S1) train 2015–2017,
test 2018; (S2) train 2016–2018, test 2019. Results show ANN–GA consistently attains low error and strong generalization,
yielding the lowest average absolute error (MAE ≈ 0.0099; SD ≈ 0.0218) and meeting the target MSE (≤ 10−4). ANN–BP
is reliable but less accurate (MAE ≈ 0.0185, SD ≈ 0.0231) and tends to require more iterations. ANN–PSO is sensitive
to hyperparameters: performance is suboptimal in S1 yet competitive in S2, with overall MAE ≈ 0.0189 and the largest
variability (SD ≈ 0.0357). These findings indicate that GA-based weight optimization provides the best accuracy–stability
trade-off for this dataset, BP remains a solid baseline, and PSO can be effective with careful parameter tuning. Future
work should enlarge the dataset and incorporate exogenous variables (e.g., weather, calendar) while benchmarking modern
sequence models (e.g., LSTM, CNN–BiLSTM) under identical preprocessing and validation protocols.
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I. INTRODUCTION

ELECTRICAL energy is essential for human life,
and its absence can hamper various activities. In

Indonesia, its supply is managed by PT PLN (State
Electricity Company), which requires national elec-
tricity demand data to adjust supply. Therefore, PLN
needs to forecast electricity demand to generate energy
according to demand, both now and in the future.

Research on predicting electrical energy needs has
been conducted using various methods. One study ana-
lyzed the prediction of electrical load at PT PLN in the
West Sumatra region using the Artificial Neural Net-
work method [1]. Monthly electrical energy demand
data from 2013 to 2015 was used as training data, while
monthly electrical energy demand data in 2016 was
used as test data. The results of this study showed an
error value of 0.08 with 10,000 epochs in testing elec-
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trical energy needs in 2016. Another study conducted
electrical load prediction using the back propagation
method [2]. The results showed the highest Mean Ab-
solute Percentage Error (MAPE) value of 4.32% and
the lowest of 2.71%.

Research on electricity load prediction in Ban-
jarbaru City has used the back propagation artificial
neural network method with a 12-12-1 architecture [3].
The variables used in model training include historical
electricity load data which is then processed to obtain
optimal parameters. The training results show a Mean
Absolute Percentage Error (MAPE) value of 6.597%
and a Root Mean Square Error (RMSE) of 0.032222. In
the testing phase, the model produced a MAPE value
of 12.366% and an RMSE of 0.070479, which indi-
cates an increase in errors in data outside the training
sample. A similar study in Central Java has proven that
the back propagation method has a reliable ability to
project long-term peak electricity loads, so it can be
used as a basis for decision making in electricity sys-
tem planning [4]. A similar condition occurs in Rokan
Hulu Regency, where population growth triggers an
increase in electricity consumption to exceed installed
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capacity, resulting in a supply deficit [5]. To address
this issue, a prediction of electricity demand for the
next five years was conducted using a time series-based
back propagation artificial neural network to support
more precise energy supply planning.

The use of artificial neural networks is a relevant
approach to predicting power consumption because ma-
chine learning technology continues to develop and
experience performance improvements. Artificial neu-
ral networks have various specialized methods tailored
to specific types of problems and conditions. CNN
(Convolution Neural Network) is used for object iden-
tification, while LSTM (Long Short Term Memory),
which is a development of RNN (Recurrent Neural Net-
work), is able to process information based on stored
historical data. The results of deep learning implemen-
tations to predict electricity consumption depend on the
type of method used [6]. The BDLSTM method has the
smallest MSE (Mean Squared Error) value compared
to other methods. Meanwhile, the CNN-M-BDLSTM
method has the smallest MAPE (Mean Absolute Per-
centage Error) value compared to other methods. Fore-
casting electricity needs can also be done using the
feed-forward back propagation method [7]. The results
are quite good, namely 3.29% for the MAPE value, be-
low the maximum requirement of 10%. Accurate elec-
tricity consumption prediction is important to support
energy distribution and savings. The NAP-BiLSTM
model combines attention mechanisms with BiLSTM
to effectively process time series data [8]. Tests on
electricity consumption and weather data show that this
model has a low error rate and outperforms other deep
learning methods.

This study uses an Artificial Neural Network
(ANN) to predict the electricity load at PT PLN UP3
Sidoarjo. The ANN was trained using a backpropa-
gation mechanism combined with Genetic Algorithm
(GA) and Particle Swarm Optimization (PSO) optimiza-
tion methods to obtain more optimal neuron weights.
The weights were updated through optimization meth-
ods, while the feedforward process remained consistent
with the ANN concept.

II. LITERATURE REVIEW

i. ANN Algorithm Back Propagation

An Artificial Neural Network (ANN) is a computational
model that mimics the workings of the human brain.
An ANN consists of artificial neurons interconnected
by weights. Each neuron receives input, multiplies
it by a weight, sums the results, and then passes it
through an activation function to produce an output.
Typically, an ANN has three main layers: an input

layer to receive data, a hidden layer to process the data
into more complex representations, and an output layer
to produce predictions or final results [9].

Backpropagation is a supervised learning algo-
rithm commonly used in ANN training. It iteratively
adjusts the network weights to reduce the difference
between the output and the target. The process consists
of two stages: a forward pass, where the data is propa-
gated forward to generate the output, and a backward
pass, where the error is calculated using a loss function
(e.g., MSE or MAPE) and then propagated backward
to update the weights using gradient descent [10]. An
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Figure 1: ANN Back Propagation Architecture

artificial neural network (ANN) consists of an input
layer, one or more hidden layers, and an output layer.
The main processes in an ANN are forward propaga-
tion and back propagation. In forward propagation, the
incoming signal is calculated by summing the inputs
multiplied by the weights, followed by a bias:

Z j =
n

∑
i=1

Wi jXi +b j (1)

The value is then passed to an activation function,
for example sigmoid:

f (Z j) =
1

1+ e−Z j
(2)

The network output is compared to the target using
Mean Squared Error (MSE):

E =
1
N

N

∑
k=1

(tk − yk)
2 (3)

In the backpropagation method, the weights are
updated by decreasing the error gradient:

Wi j(t +1) =Wi j(t)−η
∂E

∂Wi j
(4)

where Wi j denotes the weight between neurons, η is
the learning rate, E is the error (loss) function, and ∂E

∂Wi j

is the derivative of the error function with respect to the
weight Wi j.
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ii. Genetic Algorithm (GA)

A genetic algorithm (GA) is a population-based opti-
mization method inspired by biological evolution and
natural selection. Introduced by John Holland in 1975,
GAs search for optimal solutions using reproduction,
mutation, and selection processes in each generation.
Solutions are represented as chromosomes (e.g., binary
strings or real numbers) that are evaluated with a fitness
function to assess their quality [11].

The main processes in Genetic Algorithm (GA)
include [12]:
1. Population initialization: form the initial popula-

tion randomly.
2. Fitness evaluation: assess the quality of each solu-

tion with an objective function.
3. Selection: choose the best individuals as parents

(e.g., roulette wheel, tournament, or rank selection).
4. Crossover: combine genes of two parents to pro-

duce new offspring.
5. Mutation: randomly change some genes to main-

tain diversity.
6. New generation formation: repeat the process

until a certain number of generations or an optimal
solution is reached.

In the context of ANN, network weights are represented
as chromosomes:

Chromosome = [w1,w2, . . . ,wn] (5)

Each chromosome is evaluated with a fitness func-
tion, which in this study is defined from the error value:

F =
1

1+MSE
(6)

The evolutionary process is carried out through se-
lection (choosing the best chromosome based on fitness
value), crossover (combining two parent chromosomes,
for example with one-point crossover), and mutation
(changing a small part of the gene with a random value).

iii. Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is a population-
based optimization algorithm introduced by Kennedy
and Eberhart in 1995. Inspired by the collective behav-
ior of birds or fish, PSO searches for optimal solutions
by modeling each solution as a particle with a position
and velocity. At each iteration, the particle’s motion is
updated based on its own best experience (personal best,
pbest) and the best experience of the entire population
(global best, gbest) [13].

The main steps in PSO include: (1) particle initial-
ization, which places particles randomly with a certain
initial velocity; (2) fitness evaluation, which calculates

the quality of each particle with an objective function;
(3) personal best (pbest) update, which stores the best
position of each particle; (4) global best (gbest) update,
which determines the best position in the entire popula-
tion; and (5) velocity update, which adjusts the particle
velocity with the following formula:

vi(t +1) = w · vi(t)+ c1r1(pbesti − xi(t))

+ c2r2(gbest − xi(t))
(7)

The particle position is then updated with:

xi(t +1) = xi(t)+ vi(t +1) (8)

Where w is the inertia weight, c1 and c2 are the
acceleration coefficients, while r1 and r2 are random
numbers between 0 and 1. The last step is the stopping
criteria: the iteration is stopped if the maximum number
of iterations is reached or if the optimal fitness value
has been found [14].

III. RESULTS AND DISCUSSION

i. ANN Algorithm Back Propagation

This study used 5 years of electricity consumption data
(2015–2019). The training and test data went through
a min-max normalization process before being used
[15]. The training data was then trained on an Artificial
Neural Network Back Propagation. The following are
the training and test data after normalization.
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Figure 2: ANN Back Propagation Architecture for Predic-
tion
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The Back Propagation method begins by randomly
determining the weights for each neuron, then calculat-
ing the output for the second layer O1 and O2 (hidden
layer), then continuing to calculate the output on layer
3 O3 (output layer). The ANN architecture used in the
first layer (input layer) consists of 6 input neurons and
1 bias neuron. These 6 input neurons are based on the
parameters of population (X0), social sector customers
(X1), business sector customers (X2), industrial sector
customers (X3), household sector customers (X4), and
government sector customers (X5). The training data
includes data from 2015 to 2018. The 2019 data is used
as test data that will be tested on the model when the
training stage is complete.

At the end, the calculation of the final output value
(O3) will be matched with the target (electrical energy
consumption). If the MSE (Mean Squared Error) value
for the 4 conditions does not match the MSE target,
then the weight update will occur in each neuron as a
backward stage. After the update, the O1, O2, and O3
values will be calculated again as a forward stage. The
forward and backward stages will be carried out contin-
uously until the MSE target (0.0001) is reached. The
MSE value represents the average level of squared er-
ror between the model’s predicted value and the actual
target value.
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Figure 3: ANN Algorithm Back Propagation Flowchart

Once the MSE value meets the target, the next
stage is testing. Using 2019 data, the model’s success in
predicting electricity consumption will be determined.
The resulting predictions will then be calculated for
accuracy and used as a basis for further analysis.

ii. Artificial Neural Network – Genetic Algorithm

To optimize the results of using ANN Back Propagation,
a Genetic Algorithm (GA) was applied in this study.
The ANN architecture remains the same as in Figure 2,
with only a difference in the sequence/stages.

The data used is also the same as the previous
method and is normalized before being used as training
and test data. The GA implementation in this study
uses 10 chromosomes with 17 genes each. These 17
genes represent 17 weights in the ANN.

At the beginning of the GA model, the values of
the 17 genes for the 10 chromosomes are obtained by
generating random values. Then, the fitness function
value is calculated using the ANN concept. The ANN
concept is to calculate the O1, O2, and O3 values with
sigmoid activation for each of these outputs.

Next, calculate the MSE value for each chromo-
some based on 4 conditions/training data (2015–2019).
The next stage is the selection stage, finding the 2 best
MSE values (lowest MSE) from the 10 chromosomes
to be used as parent chromosomes. After obtaining
2 parent chromosomes, the crossover stage is contin-
ued, namely exchanging genes between the 2 parent
chromosomes.

Next is the mutation stage, namely replacing genes
on the parent chromosomes with random values gen-
erated if the mutation rate value is met. The mutation
stage produces 2 mutation chromosomes that will be
included in the population (regeneration). The regener-
ation stage will replace 2 chromosomes in the popula-
tion that have poor (high) MSE values with 2 mutation
chromosomes. If the MSE value of 2 mutation chro-
mosomes is worse (higher) than the 10 MSE values of
each chromosome in the population, then there is no
regeneration, and vice versa.
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the 10 chromosomes
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Figure 4: ANN Genetic Algorithm Flowchart
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iii. Artificial Neural Network – Particle Swarm Opt.

For comparison, this study used another optimization
method, Particle Swarm Optimization (PSO). The data
used remained the same and underwent a normalization
process. The following are the steps for ANN–PSO.

Start

Normalize

Generate random values for
17 positions and 17 ve-
locities for 10 particles

Calculate the fit-
ness function
(ANN concept)

Calculate the MSE
for 10 particles

A

B

A

Determine
pbest

Determine
gbest

Does the MSE value
of the gbest particle
meet the target?

Testing

Finish

Update the
position and velocity
values for 10 particles

B

Figure 5: ANN Particle Swarm Optimization Flowchart

This PSO implementation uses 10 particles, each
with 17 positions and 17 velocities. This represents
the 17 weights in the ANN. Initially, the 17 positions
and 17 velocities for the 10 particles are generated
randomly. Next, the fitness function for the 10 particles
is calculated using the ANN concept. The MSE value
is then calculated for all 10 particles, after which the
pbest and gbest values are determined.

The MSE value of the particle selected as the best
particle will be compared to the target MSE value. If
the value does not match the target, the position and
velocity values for 10 particles will be adjusted. This
process will be repeated until the MSE value of the
best particle reaches the target MSE value. Once it has
reached the target, testing and accuracy calculations
will be performed.

iv. Data Normalization

In the process of training artificial neural networks, one
of the crucial stages is data normalization. Normaliza-
tion aims to equalize the scale between input variables
so that the learning process can proceed more stably
and efficiently. Without normalization, variables with a
large range of values will dominate the weight calcu-
lation, while variables with a small range will be less
influential. As a result, the training algorithm can con-
verge slowly or even get stuck in a suboptimal solution.
In general, there are several normalization methods
widely used in the literature, namely min–max nor-
malization, z-score standardization, and logarithmic
transformation.

Prior to training, all input features were normal-
ized using min–max normalization to rescale the values

into the range [0,1]. This method was chosen because
the ANN model in this study uses a sigmoid activa-
tion function, which performs best when the input is
bounded between 0 and 1, thus avoiding saturation and
accelerating convergence. Alternative normalization
techniques such as z-score standardization are more
suitable for data with a Gaussian distribution, while
logarithmic transformation is often applied to highly
skewed data. Since the electricity consumption data
in this study is strictly positive and varies across cus-
tomer sectors by different magnitudes, min–max nor-
malization was deemed the most appropriate approach
to maintain proportionality while ensuring compatibil-
ity with the selected activation function. The min–max
normalization formula is written as [16]:

x′ =
x− xmin

xmax − xmin
(9)

This method maps data to a range of 0–1. The ad-
vantage of min–max is that it maintains the proportional
relationship between the original data, preserving the
relative distribution between samples. This method is
particularly suitable for neural networks with sigmoid
or tanh activation functions, which perform optimally
when inputs fall within a limited range. Mapping to
0–1 minimizes the risk of neuron saturation and accel-
erates the convergence of the learning process. Z-score
standardization transforms data with the formula [16]:

x′ =
x−µ

σ
(10)

Where µ is the mean and σ is the standard devi-
ation of the variable. This method produces data with
a mean of zero and a variance of one. The z-score is
suitable when the data is normally distributed, as it can
stabilize variables with different variances. However,
if the data distribution is far from normal (e.g., highly
skewed or contains outliers), this method is less effec-
tive and can cause extreme values to remain strongly
influential. Logarithmic transformation is used to re-
duce skewness in data with highly skewed distributions.
The most common formula is [17]:

x′ = log(1+ x) (11)

With this transformation, very large values are
compressed so they do not dominate the scale. This
method is widely used in financial data, internet traffic,
or social data that tend to have a “heavy-tail” distribu-
tion. In this study, the normalization method chosen is
min–max normalization. This is based on the charac-
teristics of electricity consumption data which is posi-
tive, with a range of values that differs between years,
and does not strictly follow a normal distribution. In

https://journals2.ums.ac.id/emitor/article/view/12719
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addition, the ANN model used utilizes the sigmoid ac-
tivation function, which theoretically works best when
the input is within the [0,1] domain. With min–max
normalization, all input variables can be mapped to
a uniform range, resulting in a more stable training
process, reduced risk of neuron saturation, increased
convergence speed, and improved model generalization
on test data.

IV. RESULTS AND DISCUSSION

i. Model Performance Without Cross-Validation

This study uses the concept of MSE (Mean Squared
Error) to determine the results of AI model training.
The target MSE value is less than or equal to 0.0001.
If this value is achieved, the model training process is
complete. However, there is also a limit on the number
of iterations in model training of 50,000 iterations. If
the number of iterations has reached 50,000 but the
MSE value obtained is still not less than or equal to
0.0001, model training is also stopped. An MSE value
of 0 represents the model’s predicted results exactly the
same as the target value (without error). The smaller the
MSE value, the better the model performance because
the average prediction error is smaller. The larger the
MSE value, the worse the model performance because
the prediction error is large.

(a) (b)

(c)

Figure 6: ANN Back Propagation Results

In the ANN Backpropagation method, model train-
ing and testing were carried out three times. The first
test result (Figure 6a) required 30,420 iterations to ob-
tain an MSE value of less than 0.0001. The second test
result (Figure 6b) required 27,524 iterations, and the
third test result (Figure 6c) required 25,508 iterations.

For the ANN GA method, three models were also
trained and tested. The first model (Figure 7a) required
11,613 iterations to achieve an MSE value of less than

Table 1: Absolute error from ANN Back Propagation
method

Model Data Output target Output model Absolute error

1 Train 0 0.0188348 0.019
0.469862 0.465502 0.004

0.5674222 0.57171 0.004
0.804996 0.803193 0.002

Test 1 0.938455 0.062
2 Train 0 0.0185816 0.019

0.469862 0.465144 0.005
0.5674222 0.572214 0.005
0.804996 0.802954 0.002

Test 1 0.93886 0.061
3 Train 0 0.0189147 0.019

0.469862 0.465575 0.004
0.5674222 0.571548 0.004
0.804996 0.803347 0.001

Test 1 0.93424 0.066

(a) Model 1 (b) Model 2

(c) Model 3

Figure 7: ANN Genetic Algorithm Results

0.0001. The second model (Figure 7b) required 22,189
iterations, and the third model (Figure 7c) required
23,931 iterations.

Table 2: Absolute error from ANN GA method

Model Data Output target Output model Absolute error

1 Train 0 0.0002379 0.000238
0.469862 0.489103 0.019241
0.567422 0.565013 0.002409
0.804996 0.802448 0.002548

Test 1 1 0.000000
2 Train 0 0.00000037 0.00000037

0.469862 0.558817 0.088955
0.567422 0.572214 0.004792
0.804996 0.814715 0.009719

Test 1 1 0.000000
3 Train 0 0 0.000000

0.469862 0.472429 0.002567
0.567422 0.572721 0.005299
0.804996 0.792183 0.012813

Test 1 0.999947 0.000053

The ANN PSO method also yielded three mod-
els. However, the results were poor compared to the
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(a) Model 1 (b) Model 2

(c) Model 3

Figure 8: ANN Particle Swarm Optimization Results

ANN Backpropagation and ANN GA methods. With
the same target MSE value of 0.0001 and a maximum
iteration limit of 50,000 times, it still failed to achieve
the MSE target.

Table 3: Absolute error from ANN PSO method

Model Data Output target Output model Absolute error

1 Train 0 0.0000592609 0.000059260
0.469862 0.477718 0.0078560

0.5674222 0.563351 0.0040712
0.804996 0.808341 0.0033450

Test 1 0.999964 0.0000360
2 Train 0 0.000085066 0.000085066

0.469862 0.464859 0.0050030
0.5674222 0.560096 0.0073262
0.804996 0.811662 0.0066660

Test 1 0.880598 0.1194020
3 Train 0 0.0000106824 0.000010682

0.469862 0.483755 0.0138930
0.5674222 0.562752 0.0046702
0.804996 0.791858 0.0131380

Test 1 0.901576 0.0984240

From the three graphs above, the MSE value ex-
perienced convergence at a low iteration (below 2000
iterations), even though the maximum iteration limit is
50,000. This illustrates that even though the iterations
were carried out with many opportunities, the result-
ing MSE value was unable to reach the target (0.0001).
Meanwhile, for testing using training data and test data,
the results also did not meet the target. The results were
all off, this is because the desired MSE target was not
met. So when the model was tested, the results were
all-off.

Based on Table 4, the absolute error value of the
model is getting smaller (approaching zero). This
means that the model’s prediction/output is getting
closer to the target. Meanwhile, if the absolute error
value is larger (farther from zero), it means that the

Table 4: Absolute error from ANN PSO method

Model Data Output target Output model Absolute error

1 Train 0 0.0000592609 0.000059260
0.469862 0.477718 0.0078560

0.5674222 0.563351 0.0040712
0.804996 0.808341 0.0033450

Test 1 0.999964 0.0000360
2 Train 0 0.000085066 0.000085066

0.469862 0.464859 0.0050030
0.5674222 0.560096 0.0073262

0.804996 0.811662 0.0066660
Test 1 0.880598 0.1194020

3 Train 0 0.0000106824 0.000010682
0.469862 0.483755 0.0138930

0.5674222 0.562752 0.0046702
0.804996 0.791858 0.0131380

Test 1 0.901576 0.0984240

prediction/output is getting further from the target. The
model output value in the ANN PSO method is based
on the gbest value obtained at each iteration. If in the
next iteration the gbest value is not better than the pre-
vious gbest value, then the gbest value does not change
and remains the same as in the previous iteration.

The PSO method is based on swarm intelligence,
where each particle tends to move toward the gbest
value obtained by the group. While each particle has
its own pbest, the gbest value is selected from the best
pbest among all particles.

ii. Model Performance with Sliding Window Cross-
Validation

The use of two sliding window cross-validation scenar-
ios allows for evaluation of the model’s robustness to
variations in time periods. If the model’s performance
is relatively consistent across both scenarios, it can be
concluded that the model has good generalization ca-
pabilities. Conversely, if significant differences in the
results occur, this provides additional insight into the
model’s limitations in addressing changes in electricity
consumption patterns between periods. Thus, this val-
idation approach also addresses reviewers’ criticisms
regarding the lack of cross-validation in previous stud-
ies, as the model is now evaluated on different test data
to avoid bias towards the training data.

The test results with the division of training data
(2015–2017) and test data (2018) show a significant
difference in performance between the ANN Backprop-
agation, ANN GA, and ANN PSO methods. First, in
terms of convergence, the ANN GA method is able
to achieve the target MSE faster (417–599 iterations)
with the best MSE values ranging from 2.6×10−5 to
3.2×10−5. This indicates that the crossover and muta-
tion mechanisms in GA are effective in exploring the

https://journals2.ums.ac.id/emitor/article/view/12719
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Table 5: Sliding Window Cross-Validation (Training data
2015–2017)

Model Name Max Iterations Best MSE

GA-ANN (1) 568 0.0000266615
GA-ANN (2) 417 0.0000304883
GA-ANN (3) 599 0.0000328330
PSO-ANN (1) 206 0.0000912207
PSO-ANN (2) 130 0.0000149662
PSO-ANN (3) 87 0.0000833698
BP (1) 4537 0.0000999995
BP (2) 3342 0.0000999751
BP (3) 3408 0.0000999805

Table 6: Model output on training data (2015–2017) and
test data (2018)

Model Name 2015 2016 2017 2018

GA-ANN (1) 0 0.46095 0.568195 0.629789
GA-ANN (2) 0.0018364 0.46143 0.563287 0.611912
GA-ANN (3) 0 0.47827 0.571897 0.774707
PSO-ANN (1) 0.0064848 0.47659 0.553776 0.589952
PSO-ANN (2) 0.0013792 0.46381 0.569948 0.583135
PSO-ANN (3) 0.0027538 0.48338 0.575151 0.583899
BP (1) 0.0169091 0.46699 0.569485 0.579008
BP (2) 0.0169908 0.46712 0.569098 0.578291
BP (3) 0.0170587 0.46739 0.568837 0.581477

solution space and finding optimal ANN weights. In
contrast, the Backpropagation method requires a much
larger number of iterations (3,300–4,500 iterations) to
achieve an MSE of around 1×10−4, so although the re-
sults are quite stable, the training process is slower and
computationally wasteful. In the ANN PSO method,
there are relatively few iterations (87–206 iterations)
with varying MSE (1.4×10−5 to 9.1×10−5), but they
are inconsistent between experiments, thus indicating
that there is a trap in a local solution.

Second, on the training data (2015–2017), ANN
GA produced the closest output to the target with the
smallest absolute error compared to the other two meth-
ods. Backpropagation was relatively stable but tended
to produce deviations of ±0.01–0.02 from the target.
ANN PSO was also able to produce values quite close
to the target, but with lower accuracy than GA. Third,
on the test data (2018), only ANN GA was able to pro-
duce predictions close to the target value (0.774707
compared to the target of 0.804996 in one model).
Meanwhile, the Backpropagation and PSO methods
tended to provide lower predictions (∼ 0.58), thus indi-
cating limitations in generalization capabilities.

Overall, these results confirm that ANN GA has
advantages in both convergence speed and generaliza-
tion capability, while Backpropagation can still be used

but with higher computational costs. However, ANN
PSO requires further parameter sensitivity analysis to
improve its performance, thus becoming an opportunity
for future research.

Table 7: Sliding Window Cross-Validation (Training data
2016–2018)

Model Name Max Iterations Best MSE

GA-ANN (1) 7479 0.0000503272
GA-ANN (2) 14949 0.0000651318
GA-ANN (3) 31187 0.0000674051
PSO-ANN (1) 1631 0.0000923351
PSO-ANN (2) 321 0.0000249741
PSO-ANN (3) 135 0.0000390909
BP (1) 1322 0.0000999333
BP (2) 1481 0.0000999496
BP (3) 1434 0.0000998868

Table 8: Model output on training data (2016–2018) and
test data (2019)

Model Name 2016 2017 2018 2019 (Test)

GA-ANN (1) 0.466582 0.555619 0.804041 1
GA-ANN (2) 0.46626 0.566734 0.791507 1
GA-ANN (3) 0.475307 0.576436 0.814552 1
PSO-ANN (1) 0.474073 0.551370 0.804996 0.997624
PSO-ANN (2) 0.466042 0.572674 0.799274 0.999796
PSO-ANN (3) 0.472219 0.575236 0.812114 0.996140
BP (1) 0.462679 0.579691 0.796562 0.914100
BP (2) 0.462545 0.579818 0.796782 0.926353
BP (3) 0.463144 0.579170 0.795808 0.908651

Test results with two cross-validation scenarios
(Scenario 1: training data 2015–2017, test data 2018;
Scenario 2: training data 2016–2018, test data 2019)
show significant performance variations between the
ANN Backpropagation, ANN GA, and ANN PSO meth-
ods. In Scenario 1, the ANN GA method is able to
achieve the target MSE in 417–599 iterations with the
best MSE values ranging from 2.6×10−5 to 3.2×10−5.
In contrast, Backpropagation requires 3,300–4,500 it-
erations to achieve an MSE of around 1×10−4. PSO
is relatively fast (87–206 iterations) with varying MSE
(1.4×10−5 to 9.1×10−5), but results are inconsistent.
On the test data (2018), only ANN GA produced pre-
dictions close to the target, while Backpropagation and
PSO under-predicted.

In Scenario 2, PSO performance improved signif-
icantly. PSO converged faster (135–1,631 iterations)
with the best MSE of 2.4×10−5 – 9.2×10−5 and pro-
duced predictions on the test data (2019) that were
very close to the target (0.996–0.999). ANN GA still
provided accurate results (1.0 on the test data), but
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required 7,479–31,187 iterations. Backpropagation re-
quired 1,322–1,481 iterations with an MSE close to
1×10−4, but its predictions on the test data were lower
(0.908–0.926).

Overall, the results of both scenarios show that
ANN GA excels in accuracy and consistency, despite
requiring more iterations. ANN PSO exhibits fluctuat-
ing performance: suboptimal in Scenario 1, but nearly
perfect in Scenario 2. This confirms that PSO perfor-
mance is strongly influenced by parameter selection
(c1, c2, and w) and data conditions. Backpropagation
remains stable, but its limitations are seen in the high
iteration requirement and lower prediction accuracy.
Thus, ANN GA can be recommended as a more re-
liable method for electricity consumption prediction,
while PSO has the potential to be competitive with
more systematic parameter tuning.

iii. Comparison with Previous Research

To strengthen the claims of this study, it is important
to place the findings within the context of previous lit-
erature. Several studies have used population-based
optimization methods and deep learning architectures
to improve the accuracy of electricity consumption pre-
dictions. Chafi and Afrakhte [18] reported that the
use of Particle Swarm Optimization (PSO) in tuning
Artificial Neural Network (ANN) weights improved
short-term load prediction performance compared to
standard ANNs. This approach reduces error by av-
eraging several error indices as the objective function,
effectively avoiding the local minima trap that often
occurs in pure backpropagation. These results are con-
sistent with the findings of this study, where PSO-ANN
can produce reasonably good accuracy after proper pa-
rameter optimization.

Furthermore, Al-Qaysi [19] showed that the Ge-
netic Algorithm (GA) used to optimize ANN and AN-
FIS (Adaptive Neuro-Fuzzy Inference System) weights
in a case study in Iraq produced lower error rates than
conventional ANN methods. GA has the advantage
of exploring a wide solution space and avoiding pre-
mature convergence, making it more stable in finding
optimal weight configurations. This is in line with
the results of this study, where GA-ANN consistently
provides the best prediction performance compared to
backpropagation and PSO.

On the other hand, research trends in the last
decade have largely focused on the use of deep learn-
ing, particularly Long Short-Term Memory (LSTM)-
based Recurrent Neural Network (RNN) architectures.
Kong [20] and Tang [21] demonstrated that both LSTM
and hybrid CNN-BiLSTM models have superior capa-
bilities in capturing long-term temporal dependencies,

Table 9: Comparison of previous research results related to
energy consumption prediction

Study Main method Dataset Key Results

[18] PSO optimizes
NN parame-
ters/architecture
(PSO-ANN)

Short-term load
data (Math. Prob-
lems in Engineer-
ing)

Shows that PSO
can optimize NN
parameters and
improve accuracy
compared to NN
without optimiza-
tion.

[19] GA for ANN
weight optimiza-
tion (GA-ANN)
and comparison
with ANFIS

Iraqi regional
electricity load data
(real case)

GA-ANN (or hy-
brid GA) provides
improved accuracy
vs ANN/ANFIS on
the dataset used.

[20] LSTM (RNN) for
short-term residen-
tial load forecasting

Residential smart-
meter data (pub-
lic/real)

LSTM outperforms
several traditional
baselines at the
residential level.
Evidence that
RNN/LSTM is
more robust on
granular temporal
data.

[21] Hybrid CNN + BiL-
STM

Tie-line data /
power system un-
certainty conditions

CNN-BiLSTM
outperforms LSTM
and ResNet, show-
ing modern hybrid
architectures are
often superior on
complex tempo-
ral/spatial patterns.

[22] Review and exper-
iments on CNN-
LSTM

NTDC dataset (Pak-
istan)

Comprehensive re-
view shows hybrid
DL (CNN-LSTM
/ BiLSTM) often
provides better
RMSE/MAPE on
STLF; supports
claim that DL meth-
ods outperform
classical ANNs.

thus reducing electricity load prediction errors com-
pared to classical ANN methods. Furthermore, a com-
prehensive review by Ullah [22] confirmed that hybrid
deep learning models, such as CNN-LSTM, consis-
tently outperform in terms of RMSE and MAPE on
large, high-resolution datasets (e.g., hourly or daily
data).

However, it should be noted that these inter-study
comparisons are not entirely apple-to-apple. Each study
used different datasets, both in terms of time resolution
(daily, monthly, seasonal), number of input features
(e.g., weather variables, calendar data, or demographic
data), and preprocessing methods chosen. Therefore,
claims of superiority of one method over another must
be viewed in the context of the dataset and experimen-
tal setup used. Given the limited data in this study
(only five years from a single region), the benchmark-
ing was conducted primarily as a qualitative reference
to demonstrate this study’s position among previous
studies. For a truly fair quantitative comparison, repeat

https://journals2.ums.ac.id/emitor/article/view/12719
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experiments by retraining the benchmark models on
the same dataset and preprocessing as this study are
necessary.

The evaluation results of the ANN–
Backpropagation model show that this method
has an average absolute error of 0.0185. The maximum
error value obtained is relatively lower compared to
other methods, which is 0.0660, while the minimum
error is recorded at 0.0020. This indicates that
ANN–Backpropagation is quite stable in producing
predictions, although the average absolute error value
is still higher than the ANN–GA method. The level of
error variation indicated by the standard deviation of
0.0231 also shows that the error fluctuations between
samples are relatively controlled. Comparisons
were made for the ANN Backpropagation method,
ANN Genetic Algorithm, and ANN Particle Swarm
Optimization using the MAE (Mean Absolute Error)
concept.

Figure 9: Comparison of ANN BP, ANN GA, and ANN
PSO based on MSE values [23]

The ANN–PSO model yielded an average abso-
lute error of 0.0189, slightly higher than both ANN–
Backpropagation and ANN–GA. Although this method
yielded a minimum error close to zero in some samples,
ANN–PSO also demonstrated weaknesses, with the
highest maximum error of 0.1194. This indicates pre-
diction instability in some cases. Furthermore, the stan-
dard deviation error of 0.0357 was the highest among
the three methods, concluding that ANN–PSO tends to
produce less consistent errors.

Meanwhile, the analysis results of the ANN–GA
model showed better performance compared to the
other two methods. The average absolute error value
obtained was 0.0099, the lowest among all the models
tested. ANN–GA was also able to produce a minimum
error close to zero, indicating excellent predictive abil-
ity across a number of samples. However, this method
still had one case with a relatively large error of 0.0889.
Nevertheless, the error variation in ANN–GA was rel-
atively small with a standard deviation of 0.0218, so
the resulting predictions were more stable and accu-

Figure 10: Comparison of MAE for ANN BP, ANN GA,
and ANN PSO

rate overall compared to ANN–Backpropagation and
ANN–PSO. Thus, ANN–GA provided the lowest abso-
lute error and the most stable distribution compared to
ANN–PSO and ANN–Backpropagation.

Figure 11: Absolute error distribution for ANN BP, ANN
GA, and ANN PSO

V. CONCLUSION

This study compared three ANN training strate-
gies—Backpropagation (BP), Genetic Algorithm (GA),
and Particle Swarm Optimization (PSO)—for predict-
ing electrical energy consumption. Overall, ANN–GA
delivered the most accurate and stable performance: it
consistently reached low MSE targets and produced
the smallest average absolute error among all models.
ANN–BP remained reliable and comparatively stable,
though it required more iterations and yielded higher
average errors than GA. ANN–PSO showed mixed
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results: it was suboptimal in the first sliding-window
scenario but nearly matched the target in the second,
confirming that PSO’s effectiveness is highly sensi-
tive to parameter choices (e.g., c1, c2, and w) and data
regime.

Sliding-window cross-validation reinforced these
findings. With training on 2015–2017 and testing on
2018, GA converged faster to low MSE and generalized
better than BP and PSO. With training on 2016–2018
and testing on 2019, PSO improved markedly yet still
depended on careful tuning, while GA retained strong
accuracy albeit with higher iteration counts. Across
experiments, min–max normalization supported faster
convergence and reduced saturation for the sigmoid-
based networks.

In practice, GA is the recommended optimizer
for this problem setting due to its balance of accuracy
and robustness; BP remains a dependable baseline; and
PSO can be competitive with systematic parameter tun-
ing. Future work should enlarge the dataset and feature
set (e.g., weather and calendar variables), perform for-
mal sensitivity analyses for PSO/GA hyperparameters,
and benchmark against modern sequence models (e.g.,
LSTM, CNN–BiLSTM) under identical preprocessing
and evaluation protocols.
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