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Abstract—The growth of electrical energy consumption 

continues to increase, particularly during peak-load periods, 

posing significant challenges to power system reliability. 

Inaccurate peak-load forecasting can lead to supply–demand 

imbalances, reduced power plant operational efficiency, and an 

increased risk of power outages. This study aims to develop a 

machine learning-based peak-load forecasting model by 

integrating a Multilayer Perceptron (MLP) with the Grey Wolf 

Optimizer (GWO) algorithm to achieve more accurate and 

stable forecasting performance. The dataset consists of 

historical electricity load data collected from January 2024 to 

January 2025 and is supplemented with relevant weather 

variables. The proposed model is evaluated using Mean Squared 

Error (MSE), Root Mean Squared Error (RMSE), Mean 

Absolute Error (MAE), and Mean Absolute Percentage Error 

(MAPE). The results demonstrate that the integrated MLP–

GWO model achieves improved forecasting performance 

compared with the standard MLP, attaining a MAPE of 0.69%. 

The findings indicate that GWO-based optimization improves 

convergence and model stability while enhancing the ability of 

the MLP to capture nonlinear patterns in daily peak-load 

demand. Therefore, the proposed MLP–GWO model provides 

an effective approach for peak-load forecasting and can support 

power system planning, including generation capacity 

assessment, distribution network reinforcement, and renewable 

energy integration, thereby contributing to a more reliable and 

sustainable electricity system. 

Keywords—Electricity Demand; Grey Wolf Optimizer; 

Machine Learning; Multilayer Perceptron; Peak-Load 

Forecasting 

I. INTRODUCTION 

Electricity demand in Indonesia, including in Banda Aceh, 

has shown a consistent upward trend in line with population 

growth, economic development, and urbanization. As a center 

of government, education, and commerce, Banda Aceh has 

experienced a significant increase in electricity consumption, 

particularly during peak load periods. Peak load conditions are 

crucial because they are directly related to the reliability and 

efficiency of the power system. Inaccurate peak load 

forecasting can cause imbalances between supply and demand, 

reduce power plant operational efficiency, and potentially lead 

to power outages that adversely affect both the community and 

economic activities [1], [2]. 

Traditional approaches such as linear regression, 

Autoregressive Integrated Moving Average (ARIMA), and 

similar statistical models are still widely used for peak load 

forecasting. However, these methods exhibit limitations in 

capturing the nonlinear and complex patterns inherent in peak 

load behavior [2]. Electrical load data are influenced by 

various external factors, including weather conditions, 

calendar patterns, and human activities. These factors are 

often difficult to model accurately using purely statistical 

techniques. This situation highlights the need to develop peak 

load forecasting models based on Machine Learning (ML). 

ML methods are considered more adaptive and capable of 

generalizing nonlinear and complex patterns effectively. 

One of the promising ML methods for developing a peak 

load forecasting model is the MLP. MLP can learn nonlinear 

patterns in time-series data [3].  However, its predictive 

accuracy is highly dependent on the choice of network 

parameters, particularly the initial weights and biases. 

Improper parameter initialization may lead the network to fall 

into local minima or suffer from suboptimal convergence. To 

address this issue, an optimization technique is required to 

systematically determine the best initial weight and bias 

configuration. In this study, the GWO is specifically 

employed to globally optimize the initial weights and biases 

of a predefined MLP architecture. The structural 

hyperparameters, including the number of hidden neurons 

(fixed at 16), the learning rate (fixed at 0.001 using the Adam 

optimizer), and the training epochs (evaluated at 100 and 200) 

are kept constant throughout the optimization process and are 

not decision variables for GWO [3]. 

Various studies integrating MLP and GWO have 

demonstrated positive results. Research in [4] showed that the 

combination of MLP and GWO achieves higher accuracy 

compared to a standalone MLP model or the Adaptive Neuro-

Fuzzy Inference System (ANFIS) in predicting solar diffuse 

fraction [5]. In the context of energy prediction for microgrid 

systems, the integration of GWO with Random Forest has 

produced high accuracy, with RMSE values ranging from 

0.03 to 0.05. For long-term electricity load forecasting, the 

combination of GWO and Least Squares Support Vector 

Machine (LSSVM) outperformed other methods, achieving a 

MAPE of 0.13% [5]. Additionally, the contribution of GWO 

has also shown positive outcomes in optimizing load 

frequency control devices in micro-hydropower plants, 

effectively enhancing system stability against load 

fluctuations [6]. 

Based on the above studies, the MLP–GWO approach 

consistently delivers more accurate forecasting results 

compared to other methods. However, its application has 

remained limited to large-scale and wide-area power systems. 

Therefore, this study aims to introduce a new contribution by 

applying the MLP and GWO hybrid model for peak load 

forecasting in Banda Aceh, thereby expanding the 

implementation of hybrid models within electrical power 

systems. This study integrates the MLP architecture with the 
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GWO algorithm to globally optimize the weights and biases 

of the MLP, thereby overcoming the limitations of 

conventional training and improving forecasting accuracy. 

The research focuses on energy consumption during peak 

load hours in Banda Aceh. By employing the hybrid MLP–

GWO model, this approach offers a more computationally 

lightweight alternative compared to complex deep learning 

architectures, while remaining robust in handling nonlinear 

and fluctuating patterns. This enables the development of a 

more precise peak-load forecasting model. This integrative 

approach is expected to produce a forecasting model that is 

not only more accurate but also more efficient in the training 

process and more adaptive to real-time data dynamics, 

ultimately supporting more informed decision-making in 

energy distribution system management. While the MLP–

GWO hybrid framework has been explored in general power 

systems, this study serves as an empirical validation and 

domain-specific confirmation on localized transformer-level 

load profiles (TD1, TD2, and TD3) in the Banda Aceh 

distribution network 

In addition, the main contributions of this paper are as 

follows: 

● Proposing a hybrid MLP–GWO model specifically 

designed for peak load forecasting in Banda Aceh, an 

application that has not been extensively explored in 

previous studies. 

● Demonstrating enhanced forecasting accuracy on real 

power system data, showing the capability of the hybrid 

model to handle nonlinear and highly fluctuating load 

characteristics. 

The rest of the paper is organized as follows: Section 2 

presents the related work and theoretical background; Section 

3 describes the proposed MLP–GWO methodology; Section 

4 discusses the experimental setup and results; and Section 5 

concludes the study with key findings and future work. 

II. RELATED WORK 

The demand for electrical energy in Banda Aceh has shown 

a consistent growth trend each year, driven by increasing 

economic activity, urbanization, and the digitalization of 

public services. However, the irregular and fluctuating nature 

of electricity consumption patterns presents a significant 

challenge for load forecasting. Inaccurate load predictions can 

lead to several serious consequences, including supply–

demand imbalances, increased operational burdens and 

generation costs for PLN, and the risk of system disturbances 

such as power outages, ultimately affecting the stability and 

reliability of the electrical power system. 

Previous studies have generally relied on conventional 

approaches such as regression models [7]–[9], time-series 

methods like ARIMA [10]–[12], or artificial intelligence 

algorithms that have not been fully optimized, such as 

standard MLP models [13]–[15]. These approaches exhibit 

limitations in accommodating the complexity of electrical 

load data, which are inherently nonlinear and strongly 

influenced by short-term dynamics, including weather 

variations, differences between weekdays and holidays, and 

shifting consumption patterns across industrial and 

residential sectors. Therefore, a more adaptive and highly 

accurate forecasting method is required to address these 

challenges. 

Research on the use of MLP architectures for developing 

electrical load forecasting models has been extensively 

conducted. Study [16] compares forecasting performance 

using several methods, including MLP and ARIMA, on the 

East Java and Bali subsystems. The results show that the 

MLP architecture provides better accuracy compared to 

ARIMA-based forecasting models. This finding offers an 

important foundation for applying MLP architectures to 

develop load forecasting models on a smaller scale, such as 

the Banda Aceh region. However, this prior work did not 

employ any metaheuristic optimization techniques to 

determine the optimal MLP architecture. 

Study [17] developed and compared energy consumption 

forecasting models using an MLP architecture and 

regression-based models. The results indicated that the MLP-

based model demonstrated superior capability in capturing 

complex data fluctuations compared to the regression model. 

Nevertheless, the developed MLP model still exhibited 

weaknesses during the training phase, particularly in 

determining optimal network parameters such as initial 

weights and biases. Inaccuracies in this configuration may 

lead to overfitting or underfitting, which directly reduces 

forecasting accuracy. 

The study conducted by Insani and colleagues employed 

a multivariate time-series machine learning approach 

integrated with an optimization algorithm to develop a 

household electricity consumption forecasting model [18]. 

However, the study did not specifically utilize nature-

inspired metaheuristic algorithms such as GWO, which are 

known for their strong capabilities in exploring the solution 

space and achieving efficient convergence. Husni developed 

an MLP architecture to construct a short-term load 

forecasting model based on weekday and holiday 

classifications in the Aceh power system [19]. The model 

produced highly positive accuracy results. However, the 

study relied on a trial-and-error approach to determine the 

optimal MLP architecture. It did not examine the use of 

metaheuristic algorithms such as GWO, which could expand 

the search space for optimal solutions across more complex 

and globally distributed parameters. 

The study in [10] implemented an MLP architecture to 

develop a short-term electrical load forecasting model. 

However, the model relied on standard MLP training, which 

is susceptible to local minima and highly dependent on the 

initialization of weights. Based on these limitations, the 

present study integrates the MLP architecture with the GWO 

algorithm to globally optimize the weights and biases, 

thereby overcoming the constraints of conventional training 

and improving forecasting accuracy. This research focuses on 

energy consumption during peak load hours in Banda Aceh. 

By employing the hybrid MLP–GWO model, the proposed 

approach offers a computationally lighter alternative to 

complex deep learning architectures while remaining robust 

in handling nonlinear and highly fluctuating patterns, 

resulting in more precise peak-load forecasting. This 

integrative approach is expected to produce a forecasting 

model that is not only more accurate but also more efficient 

during training and more adaptive to real-time data dynamics, 

ultimately supporting more informed decision-making in 

energy distribution system management. 
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III. METHODS 

This study was conducted through several systematic 

steps, as illustrated in Fig. 1. Each stage will be described as 

follows.  

 

Fig. 1. The proposed framework 

A. Data Collection 

The required data consist of historical electrical load data 

for the city of Banda Aceh, along with 24-hour technical 

variables recorded at the Lambaro Substation [20]-[22], and 

NASA POWER Satellite Data. The peak load prediction 

model is further supported by additional variables, including 

air temperature, humidity, and solar radiation intensity. Air 

temperature is selected because it is the most dominant factor 

influencing electricity consumption. As temperature 

increases, the use of air conditioning rises significantly, 

leading to sharp increases in electrical load, especially during 

peak hours. A similar effect occurs with humidity levels. 

High humidity intensifies the sensation of heat, which in turn 

increases the use of cooling systems. This makes humidity an 

important factor for tropical regions such as Banda Aceh. In 

addition, solar radiation or sunlight intensity also contributes 

to increases in electricity demand. High solar radiation during 

daytime hours drives a greater need for cooling, resulting in 

a higher electrical load [23]-[24].  

The historical electrical load data were collected from 

three power transformers, which are denoted as TD1, TD2, 

and TD3 throughout this study. TD1 refers to Power 

Transformer 1, TD2 refers to Power Transformer 2, and TD3 

refers to Power Transformer 3. Each transformer represents a 

separate load source in the observed power system, and the 

corresponding load data were used to evaluate the forecasting 

performance of the proposed MLP-GWO model. The three 

transformer datasets were analyzed separately to examine the 

model's ability to predict peak-load patterns under different 

transformer operating conditions. 

B. Pre-Processing 

This stage includes data cleaning, data normalization, and 

data division into three parts, namely training data, validation 

data, and test data, with a composition of 70% training data, 

15% validation data, and 15% test data. 

C. Designing a prediction model with an MLP architecture 

The peak load prediction model is built using an MLP 

architecture consisting of three main components: an input 

layer, one hidden layer, and a single output layer [25]–[27]. 

As illustrated in Fig. 2, each neuron in these layers is fully 

connected to the neurons in the subsequent layer through 

trainable weights. The MLP possesses strong capabilities as 

a universal function approximator, allowing it to accurately 

capture complex nonlinear functions, which makes it highly 

suitable for time-series prediction and dynamic system 

modeling [28].  

In this study, the structural hyperparameters are 

predefined before the optimization phase: the network 

employs 12 input neurons (corresponding to the 12 

operational and meteorological features), 16 hidden neurons 

in a single hidden layer, and 1 output neuron predicting the 

daily peak load demand (kWh_out), establishing a fixed 12–

16–1 topology. The ReLU activation function is applied in 

the hidden layer to model complex non-linear relationships, 

while a linear activation function is used in the output layer.  

To ensure a controlled experimental baseline and isolate 

the impact of parameter initialization, structural parameters 

(12–16–1 architecture), the optimization algorithm (Adam 

optimizer with a predefined learning rate of 0.001), and the 

training epochs (evaluated at 100 and 200) are kept strictly 

constant. These architectural settings are fixed based on prior 

empirical setup and are not treated as decision variables in the 

GWO search process. Instead, GWO is specifically deployed 

to globally optimize the initial weight and bias configuration 

of this fixed architecture, preventing the network from getting 

trapped in local minima during backpropagation training. The 

complete fixed specifications and hyperparameters of the 

baseline MLP model are summarized in Table 1. 

 

Fig. 2. The MLP Architecture [27] 

Table 1.  MLP Hyperparameters 

Parameter Value Description 

Input_dim 12 Number of input features used in the MLP 

model (corresponds to the number of 

columns in features). 
Hidden_dim 16 Number of neurons (units) in the hidden 

layer of the MLP model. 

Output_dim 1 Number of outputs from the MLP model (in 
this case, predicting 1 value: kWh_out). 

Learning 

Rate 

0,001 Predefined learning rate for Adam 

optimization; not optimized by GWO 
Epochs 100 and 

200 

Predefined number of MLP training epochs 

used for experimental evaluation; not 
optimized by GWO 

D. MLP prediction model optimization with GWO 

optimization 

The peak load prediction model is constructed by 

integrating the MLP architecture with the GWO algorithm, as 

illustrated in Fig. 3. GWO is a nature-inspired metaheuristic 

algorithm that models the social hierarchy and hunting 

mechanics of grey wolves (encircling, hunting, and attacking) 

to locate global optima in complex search spaces [26], [29]. 

In this study, GWO is specifically employed to optimize the 

initial weights and biases of the predefined 12–16–1 MLP 

architecture. For the 12–16–1 architecture, the GWO search 

space consists of 225 decision variables, representing the 

input-to-hidden weights (12x16=192), hidden-layer biases 

(16), hidden-to-output weights (16x1 = 16), and output-layer 

bias (1).  

continuous range [-1, 1]. The GWO population consists 

of 50 wolves, evaluated across maximum iteration limits of 

100 and 200. The detailed GWO optimization settings, search 

bounds, population size, and decision dimension are 

presented in Table 2. 
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The fitness function guiding the GWO search process is 

defined as the MSE computed on the validation dataset:  

𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑋𝑖) =
1

𝑁𝑣𝑎𝑙

∑(𝑦𝑘 − 𝑦̂𝑘(𝑋𝑖))
2

𝑁𝑣𝑎𝑙

𝑘=1

 (1) 

Where Fitness 𝑋𝑖   denotes the fitness value of the i-th wolf 

(candidate solution) in the GWO population. 𝑁𝑣𝑎𝑙  represents 

the total number of samples in the validation dataset. 𝑦𝑘  is the 

actual target peak load value (kWh_out) for the k-th 

validation sample. 𝑦̂𝑘(𝑋𝑖) is the predicted load value 

generated by the MLP model when initialized with the 

candidate weights and biases represented by 𝑋𝑖. For each 

wolf candidate 𝑋𝑖, the corresponding initial weights and 

biases are assigned to the MLP, and the validation error is 

calculated as its fitness value. GWO iteratively updates the 

wolf positions to minimize this validation error. Upon 

reaching the maximum iteration limit, the best solution (𝑋𝛼) 

is extracted to initialize the MLP network. 

Finally, the optimized MLP is trained using 

backpropagation with the Adam optimizer. Model evaluation 

is performed on the unseen test set using RMSE, MAE, 

MAPE, and R² Score metrics. The forecasting performance is 

compared against the standalone MLP benchmark to validate 

the effectiveness of GWO weight optimization 

 

Fig. 3. The MLP architecture and the GWO algorithm optimization 

Table 2.  MLP_GWO Hyperparameters 

Parameter Value Description 

Input_dim 12 Number of input features used in the 

MLP model (corresponds to the 
number of columns in features). 

Hidden_dim 16 Number of neurons in the predefined 

hidden layer. This parameter is fixed 
and is not optimized by GWO. 

Output_dim 1 Number of outputs from the MLP 

model (in this case, predicting 1 
value: kWh_out). 

lb -1 Lower bound for the initial weights 

and biases optimized by GWO 
ub 1 Upper bound for the initial weights 

and biases optimized by GWO. 

dim 225 

Dimension of the GWO search space, 
corresponding to the total number of 

MLP weights and biases. For the 12–

16–1 architecture, the total number of 
decision variables is 225. 

n_wolves 50 
Number of wolves (candidate 

solutions) in the GWO population 

n_iteration 
100 and 

200 

Maximum number of GWO iterations 

used to optimize the initial weights 
and biases. 

 

Each decision variable is constrained within the 

Performance Evaluation 

The optimized model is evaluated using MSE, RMSE, 

MAE, MAPE, and R². The prediction results are then 

compared with the MLP model without optimization to 

demonstrate the superiority of the MLP-GWO model. MSE 

measures the average of the squared differences between 

predicted and actual values. This method imposes a heavier 

penalty on predictions with large errors because each 

difference is squared. This makes MSE sensitive to outliers. 

The formula is as follows [30]: 

𝑀𝑆𝐸 =
1

𝑛
 ∑(𝑦𝑖 − 𝑦̂𝑖)2 

𝑛

𝑖=1

 (2) 

The MSE measures the average squared difference 

between the actual and predicted values. In this equation, 𝑦𝑖  

represents the actual value of the (i)-th data point, 𝑦̂𝑖 denotes 

the predicted value for the (i)-th data point, and 𝑛 represents 

the total number of data points. A lower MSE value indicates 

a smaller prediction error and, consequently, better 

forecasting performance. RMSE measures the square root of 

the average of the squared differences between predicted and 

actual values. This metric is sensitive to large errors because 

errors are squared before averaging, thereby imposing a 

heavier penalty on predictions that deviate significantly from 

actual values. RMSE is frequently used when large errors are 

considered significant and need to be minimized. RMSE is 

represented by the following equation [30]: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛

𝑖=1

 (3) 

Where n is the total number of data points, 𝑦𝑖 is the actual 

value of the i-th data, and 𝑦̂𝑖  is the predicted value of the 𝑖-
th. MAE calculates the average of the absolute differences 

between predicted and actual values. This metric provides a 

direct overview of the average error without accounting for 

the direction of the error (positive or negative). MAE is 

expressed by the following equation [30]: 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖| 

𝑛

𝑖=1

 (4) 

Where 𝑛 is the total number of data points, 𝑦𝑖 is the actual 

value for the 𝑖-th data point, and 𝑦̂𝑖 is the predicted value for 

the 𝑖-th data point. MAPE measures the error as a percentage 

relative to the actual values. This metric provides an overview 

of the average magnitude of prediction errors relative to the 

actual values. However, MAPE is sensitive to actual values 

near zero, which can result in indefinitely large or undefined 

MAPE values. The formula is expressed as follows [30]: 

𝑀𝐴𝑃𝐸 =  
100%

𝑛
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖
|

𝑛

𝑖=1

 (5) 

Where 𝑦𝑖 represents the actual value for period I, 𝑦̂𝑖 
represents the predicted value for period I, and n denotes the 

total number of data points.  
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IV. RESULTS AND DISCUSSIONS 

The development of the load prediction model using the 

integration of MLP and GWO was carried out through 

training and testing stages using the load data from three 

power transformers, namely TD1, TD2, and TD3. Each 

transformer dataset was evaluated using two training settings, 

100 and 200 epochs, to assess the effect of training duration 

on model performance. 

A. Experimental Results and Model Performance 

Table 3 presents the performance comparison between the 

standard MLP and the proposed MLP–GWO model across 

three power-transformer datasets (TD1, TD2, and TD3) using 

100 and 200 training epochs. The results demonstrate that the 

effectiveness of the proposed model varies across the 

transformer datasets, indicating that its forecasting 

performance is dataset-dependent rather than uniformly 

consistent. For TD1, the MLP–GWO model achieved an R² 

of 0.89 at 100 epochs and improved to 0.99 at 200 epochs. 

The corresponding RMSE decreased from 577.33 kWh to 

109.76 kWh, while the MAPE decreased from 4.30% to 

0.69%. These results indicate that the optimized model was 

able to capture the load patterns in TD1 effectively, 

particularly at 200 epochs. The substantial reduction in 

prediction errors indicates that the 200-epoch configuration 

produced better predictive performance for the TD1 dataset 

than the 100-epoch configuration. 

Table 3.  Performance comparison of the standard MLP and MLP-GWO 

models across different test-data configurations and training epochs 

Model Dataset Epoch 
RMSE 

(kWh) 

MAE 

(kWh) 

MAPE 

(%) 
R2 

MLP TD1 100 5160.28 4764.29 34.56 −11.38 
MLP TD1 200 1399.22 1136.94 7.64 0.08 

MLP TD2 100 2672.75 2488.68 17.84 −1.60 

MLP TD2 200 1451.00 1252.00 9.19 0.23 
MLP TD3 100 3700.28 3249.85 25.14 −0.15 

MLP TD3 200 635.94 502.12 3.42 0.96 

MLP-
GWO 

TD1 100 577.33 539.33 4.30 0.89 

MLP-

GWO 

TD1 200 109.76 87.21 0.69 0.99 

MLP-

GWO 

TD2 100 9358.78 568.44 2.48 −16.28 

MLP-
GWO 

TD2 200 1460.59 264.90 1.74 0.57 

MLP-

GWO 

TD3 100 373.99 243.90 1.73 0.98 

MLP-

GWO 

TD3 200 544.15 406.19 2.86 0.97 

 

In contrast, TD2 exhibited substantially different 

behavior. At 100 epochs, the MLP–GWO model obtained an 

R² of −16.28 and an RMSE of 9358.78 kWh, despite an MAE 

of 568.44 kWh and a MAPE of 2.48%. The substantially 

larger RMSE compared with the MAE indicates that the 

RMSE is strongly affected by relatively large prediction 

errors. However, the aggregate metrics do not allow the 

number, magnitude, or specific observations responsible for 

these errors to be identified. Increasing the training duration 

to 200 epochs improved the R² to 0.57 and reduced the MAPE 

to 1.74%. The RMSE also decreased to 1460.59 kWh, while 

the MAE decreased to 264.90 kWh. Although these results 

indicate a substantial improvement compared with the 100-

epoch configuration, the R² of 0.57 and the relatively high 

RMSE suggest that considerable prediction errors persisted 

in the TD2 test set. 

The difference between TD2 and the other datasets 

highlights that the optimization process does not guarantee 

uniform performance across all transformer load sources. In 

this study, GWO is used to search for suitable weight and bias 

configurations by minimizing validation error, as described 

in the methodology. However, the resulting forecasting 

performance remains dependent on the characteristics of the 

underlying dataset and the relationship between the input 

variables and the target load. Potential factors that may 

contribute to the observed differences include variations in 

load fluctuation patterns, the presence of extreme 

observations, and differences in the distribution of the 

training and test data. These factors represent possible 

explanations rather than confirmed causes, as the current 

study does not include detailed dataset-level statistical or 

residual analyses to establish their direct effects on the TD2 

results. For TD3, the MLP–GWO model achieved an R² of 

0.9891 at 100 epochs, with an RMSE of 373.99 kWh, an 

MAE of 243.90 kWh, and a MAPE of 1.73%. At 200 epochs, 

the R² remained high at 0.97, although the RMSE and MAE 

increased to 544.15 kWh and 406.19 kWh, respectively, 

while the MAPE increased to 2.86%.  

This result indicates that increasing the number of 

training epochs did not improve all performance metrics for 

TD3. Although the R² remained relatively high, the increase 

in RMSE, MAE, and MAPE indicates that the 200-epoch 

configuration did not provide a consistent improvement over 

the 100-epoch configuration. Therefore, the effect of training 

duration differs across the transformer datasets. 

The quantitative results in Table 3 are further examined 

using the actual-versus-predicted curves presented in Fig. 4, 

which illustrate the forecasting behavior of the MLP–GWO 

model at 200 epochs for TD1, TD2, and TD3. The visual 

comparison shows differences in the degree of agreement 

between the actual and predicted load values across the three 

transformer datasets. For TD1, the predicted values generally 

follow the actual load variations, consistent with its high R² 

of 0.99 and low MAPE of 0.69%. TD3 also exhibits a 

relatively close agreement between the actual and predicted 

curves, although some deviations remain. In contrast, TD2 

shows larger deviations between the actual and predicted 

values in parts of the test sequence, consistent with its lower 

R² of 0.57 and higher RMSE of 1460.59 kWh. These visual 

observations support the quantitative results and indicate that 

the forecasting accuracy of MLP–GWO varies across the 

transformer datasets. However, the actual-versus-predicted 

curves alone cannot establish the specific causes of the 

observed deviations. 

Although the proposed MLP–GWO model demonstrates 

exceptional accuracy on TD1 (MAPE= 0.69%, R2 = 0.99 at 

200 epochs) and TD3 (MAPE = 1.73%, R2 = 0.9891 at 100 

epochs), the performance on TD2 exhibits higher variability 

(RMSE = 1460.59 kWh, R2 = 0.57 at 200 epochs). This 

performance disparity indicates that metaheuristic 

optimization performance is intrinsically dataset-dependent. 

In TD2, extreme isolated load drops (e.g., operational 

maintenance shut-offs observed around index 180 in  

Fig. 4(b)) heavily penalize quadratic error metrics like 

RMSE. Furthermore, metaheuristic algorithms initialized on 
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datasets containing steep non-stationary spikes are prone to 

localized fitness plateaus. This finding emphasizes that while 

GWO successfully optimizes initial parameters, raw dataset 

characteristics and anomalous physical perturbations remain 

critical determinants of final prediction stability. 

 
(a) 

 
(b) 

 
(c) 

Fig. 4. Comparison of actual and predicted load values using the MLP-

GWO model at 200 epochs: (a) TD1, (b) TD2, and (c) TD3 

 

Fig. 5. Daily load prediction for 2024-2025 using a linear regression-

based prediction model 

Fig. 5 compares the actual daily electricity load with the 

prediction generated by a baseline linear model during the 

2024–early 2025 observation period. The linear trendline in 

Fig. 5 is obtained by fitting a Simple Linear Regression 

model via Ordinary Least Squares (OLS) on the daily average 

load time series, represented by the linear equation 𝑦 = 𝑎𝑥 +
𝑏, where x denotes the daily time index, and y represents the 

average load (kWh_out). The actual load exhibits substantial, 

dynamic fluctuations ranging from approximately 2500 kWh 

to over 4500 kWh. In contrast, the linear trendline only 

captures the general long-term downward slope and 

completely fails to represent short-term daily variations, peak 

demands, and valleys. This baseline comparison clearly 

highlights the inherent limitations of linear regression models 

in handling highly fluctuating time series and justifies the 

necessity of non-linear hybrid optimization techniques like 

the proposed MLP–GWO model. 

To quantitatively evaluate the linear trendline presented in 

Fig. 5 alongside the neural network models, the Simple Linear 

Regression baseline was assessed across the daily average load 

dataset using the same evaluation metrics. The linear model 

yielded an RMSE of 342.15 kWh, an MAE of 278.40 kWh, a 

MAPE of 7.35%, and a low R2 score of 0.21. While the linear 

baseline provides a lower absolute error magnitude on 

aggregated daily averages than an unoptimized standard MLP 

on hourly sequence spikes, its low R2 score (0.21) 

quantitatively confirms its structural inability to capture daily 

non-linear load volatility. In contrast, the MLP–GWO model 

achieves superior variance capture (R2 = 0.99 on TD1 and R2 

= 0.98 on TD3), demonstrating that the improvement is 

specifically driven by GWO's capability to discover non-linear 

weight initializations that avoid local minima. 

V. CONCLUSION 

This study presented a hybrid peak-load forecasting 

model that integrates an MLP with the GWO for electricity 

load forecasting in the Banda Aceh power system. The model 

was evaluated using three transformer datasets, namely TD1, 

TD2, and TD3, under 100- and 200-epoch training 

configurations. 

The experimental results demonstrate that MLP–GWO 

can achieve substantial forecasting improvements for 

selected datasets, particularly TD1, where the model 

achieved an RMSE of 109.76 kWh, an MAE of 87.21 kWh, 

a MAPE of 0.69%, and an R² of 0.99 at 200 epochs. TD3 also 

demonstrated high predictive performance, achieving an R² 

of 0.9891 at 100 epochs and 0.97 at 200 epochs. However, 

the results for TD2 were less consistent, with an R² of −16.28 

at 100 epochs and 0.57 at 200 epochs, accompanied by a 

relatively high RMSE of 1460.59 kWh at 200 epochs. 

These findings indicate that the effectiveness of MLP–

GWO is dependent on the characteristics of the transformer 

dataset and training configuration. Although GWO 

optimization improved forecasting performance in several 

experimental settings, the results do not establish uniformly 

stable performance across all three datasets. The substantial 

differences in TD2 performance emphasize the importance of 

further investigating dataset characteristics, error 

distributions, and model robustness. 

Therefore, the proposed MLP–GWO model should be 

considered a promising approach for transformer-level peak-
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load forecasting, rather than a universally consistent solution 

across different load sources. Based on the findings and 

methodological insights of this study, several key 

recommendations are outlined for future research to further 

enhance model robustness. First, advanced data 

preprocessing should incorporate automated anomaly 

detection techniques, such as Isolation Forest or DBSCAN, 

before model training to effectively filter or smooth non-

operational extreme load spikes, like those observed in TD2. 

Second, to improve statistical rigor, future evaluations should 

conduct non-parametric significance tests, including the 

Wilcoxon signed-rank and Friedman tests across at least 30 

independent runs to statistically validate the convergence 

stability of GWO-based weight initialization over standard 

random initialization. Finally, while this study focused on 

isolating the effect of GWO parameter initialization against a 

standard MLP baseline, future work should extend the 

comparative evaluation to include additional non-linear time-

series baselines (such as Support Vector Regression, 

ARIMA, and Long Short-Term Memory networks) under 

identical experimental conditions to further benchmark the 

competitive edge of the proposed MLP–GWO architecture. 
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