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Abstract 

Distribution transformers are critical components of power distribution systems, and their reliability directly affects the continuity and 

quality of electrical energy supply. However, early-stage transformer faults are difficult to detect because their operational 

characteristics often closely resemble normal operating conditions, which can lead to undetected degradation and unexpected failures. 

This study aims to improve the accuracy and robustness of fault prediction in distribution transformers by proposing a hybrid approach 

that integrates the Grey Wolf Optimizer (GWO) with Support Vector Machine (SVM) and Multilayer Perceptron (MLP) models. The 

main contribution of this research is a direct and systematic performance comparison between baseline machine learning models and 

their GWO-optimized counterparts, highlighting the effectiveness of metaheuristic optimization in enhancing classification 

performance. GWO is employed to optimize key model parameters, enabling improved convergence behavior, higher classification 

accuracy, and better generalization capability. The proposed models are evaluated under four transformer operating conditions, namely 

Light Load Imbalance, Light Overload, Normal, and Normal High Temperature, which represent practical scenarios in power 

distribution networks. Model performance is assessed using standard classification metrics, including Accuracy, Precision, Recall, and 

F1-Score. Experimental results show that the baseline SVM achieved an accuracy of 68%, while the baseline MLP reached 87% 

accuracy. After GWO-based optimization, the SVM–GWO model demonstrated a significant improvement, achieving 92% accuracy, 

whereas the MLP–GWO model produced the best overall performance, achieving 93% accuracy, precision, recall, and F1-score. These 

findings confirm that GWO-based optimization substantially enhances transformer fault prediction performance and demonstrates the 

strong potential of the proposed hybrid models for real-time monitoring and preventive maintenance of power distribution transformers.  

Keywords: Distribution Transformer; Fault Prediction; Grey Wolf Optimizer; Multilayer Perceptron; Support Vector Machine 

1. INTRODUCTION  

Distribution transformers are one of the most crucial components in power systems because they serve as a direct link 

between the medium-voltage distribution network and the end consumers. The reliability of distribution transformers 

determines the continuity of the electricity supply, system stability, and the quality of service to customers [1]. Failure or 

disturbance in distribution transformers not only causes power outages but also results in significant economic losses, 

decreased customer trust, and increased operational and maintenance costs of the distribution network. As the complexity 

and load of modern electricity distribution systems increase, the need for more accurate condition monitoring methods 

and transformer damage prediction becomes increasingly urgent. Various recent studies show that conventional 

approaches based on periodic inspections and reactive maintenance are no longer adequate to ensure the reliability of 

power systems in the modern era [2][3][4]. 

Distribution transformer damage is generally triggered by a combination of various operational and environmental 

factors, such as prolonged overloading, current imbalance between phases, excessive operating temperature rise, 

insulation system degradation, and the influence of extreme environmental conditions. Conventional maintenance 

methods that are periodic and based on manual inspection tend to be reactive because they are only able to identify damage 

after a disturbance occurs [5][6]. Consequently, the potential for early failure is often not detected in a timely manner, 

thereby increasing the risk of system disturbance and permanent damage to the transformer [7], [8]. To overcome these 

problems, predictive maintenance approaches based on operational data have begun to be widely developed. Several 

studies show that the utilization of transformer historical data and operational parameters through machine learning-based 

approaches can significantly improve the effectiveness of early detection and the accuracy of damage prediction compared 

to conventional methods [9][10]. 

Among the various machine learning methods applied in distribution transformer fault prediction and diagnosis, 

the Support Vector Machine (SVM) and Multilayer Perceptron (MLP) algorithms are two of the most studied approaches. 

SVM is known for its good generalization ability, effectiveness in handling high-dimensional data, and ability to produce 

optimal decision boundaries [11][12]. Meanwhile, MLP, as part of artificial neural networks, has the advantage of 

modeling complex non-linear relationships between transformer operational parameters and damage conditions. Various 

studies show that both algorithms are capable of producing promising prediction performance in power system 

applications [13][14][15]. However, most existing studies evaluate SVM and MLP independently and rely on 

conventional or manually tuned parameter settings, which may not be optimal for dynamic distribution transformer 

operating conditions. Since the performance of SVM and MLP is highly dependent on the selection of appropriate 

parameters and hyperparameters, suboptimal configurations can lead to reduced accuracy, slow convergence, and model 

instability [16]. Therefore, a clear gap remains in the literature regarding the systematic optimization and comparative 
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evaluation of SVM and MLP models using advanced optimization techniques under identical experimental settings for 

distribution transformer fault prediction. 

To improve the performance of SVM and MLP algorithms, various metaheuristic optimization methods have been 

developed, one of which is the Grey Wolf Optimizer (GWO). GWO is an optimization algorithm inspired by the social 

behavior and hunting strategies of grey wolves, which has a good balance between exploration and exploitation in the 

search for optimal solutions [17][18][19]. Compared to other commonly used metaheuristic algorithms, such as Genetic 

Algorithm (GA) and Particle Swarm Optimization (PSO), GWO has a simpler structure, requires fewer control 

parameters, and exhibits more stable convergence behavior, making it suitable for complex optimization problems. 

Several recent studies have reported that integrating GWO with machine learning algorithms, particularly SVM and MLP, 

can enhance prediction accuracy, stability, and reliability across various application domains, including power systems. 

However, most existing works focus on applying GWO to a single learning model or evaluate its performance 

independently, without providing a systematic and fair comparison between GWO-optimized SVM and MLP models 

under identical experimental conditions [20][21]. Furthermore, limited attention has been given to comprehensive 

performance evaluation using multiple classification metrics in the context of distribution transformer fault prediction. 

As a result, a clear research gap remains regarding the comparative effectiveness of GWO-based optimization over 

different machine learning models and its practical impact on transformer fault prediction accuracy and robustness 

[22][23] 

Therefore, this study aims to develop and evaluate distribution transformer fault prediction models based on SVM 

and MLP optimized using the Grey Wolf Optimizer. The proposed approach emphasizes systematic parameter 

optimization and a fair comparative analysis between baseline and GWO-optimized models under identical experimental 

conditions, using multiple performance evaluation metrics. By explicitly assessing the impact of GWO-based 

optimization on different learning models, this study addresses the existing research gap in comparative transformer fault 

prediction studies. The results are expected to enhance predictive accuracy, robustness, and model reliability, thereby 

contributing to more effective predictive maintenance strategies and supporting improved decision-making in modern 

power distribution networks [24]. 

2. RESEARCH METHODOLOGY 

2.1 Research Stages 

This study proposes a hybrid machine learning approach for predicting faults in distribution transformers by integrating 

the Grey Wolf Optimizer (GWO) with Support Vector Machine (SVM) and Multi-Layer Perceptron (MLP) models. The 

research methodology is structured into three main stages: data exploration and preprocessing, parameter optimization 

using GWO, and development and performance evaluation of hybrid SVM–GWO and MLP–GWO models, as illustrated 

in the research flowchart. 

 

Figure 1. Research Flowchart 
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2.2 Data Exploration 

a. Data Collection 

The data used in this study comes from operational data and conditions of distribution transformers. The dataset 

includes important parameters representing the transformer's working conditions and indications of disturbances, which 

are used as input for the prediction model [7]. 

b. Data Pre-processing 

The pre-processing stage is carried out to improve data quality and model reliability. This process includes 

handling missing values, removing outliers, and normalizing numerical data to be within a uniform range. Additionally, 

transformer condition labels are encoded into numerical form to support the machine learning process [7].  

c. Data Splitting 

The pre-processed data is then divided into training data and test data. The training data is used to build and 

optimize the model, while the test data is used to evaluate the model's generalization ability in predicting transformer 

faults [7]. 

2.3 Grey Wolf Optimizer Optimization 

Compared to other metaheuristic optimization algorithms such as Genetic Algorithm (GA), Particle Swarm Optimization 

(PSO), and Differential Evolution (DE), the Grey Wolf Optimizer (GWO) offers a simpler structure with fewer control 

parameters while maintaining an effective balance between exploration and exploitation. GA requires complex genetic 

operators and extensive parameter tuning, whereas PSO may suffer from premature convergence in complex search 

spaces, and DE often involves higher computational cost. In contrast, GWO utilizes a hierarchical leadership mechanism 

and cooperative hunting strategy to guide candidate solutions toward the optimal position [25][26]. This efficient search 

behavior enables stable and fast convergence when optimizing SVM and MLP hyperparameters. The fundamental 

working principle of GWO, including the roles of alpha (α), beta (β), and delta (δ) wolves in updating candidate solution 

positions toward the estimated prey, is illustrated in Figure 2. 

 

 Figure 2. Research Flowchart 

a. Population and Parameter Initialization 

At this stage, the Grey Wolf Optimizer algorithm is initialized by determining the population size, the maximum 

number of iterations, and the algorithm's control parameters. Each individual (wolf) represents a combination of 

parameters for the SVM and MLP models [22]. 

b. Fitness Value Calculation 

The fitness value of each individual is calculated based on the performance of the resulting prediction model. 

Performance metrics such as classification accuracy are used as the fitness function to guide the optimization process 

[22]. 

c. Determination of Alpha (α), Beta (β), and Delta (δ) Wolves 

Based on the fitness value, the three best individuals are designated as alpha (α), beta (β), and delta (δ) wolves. 

These three individuals act as leaders in the search for the optimal solution [22]. 

d. Wolf Position Update 

The position of each wolf is updated using the Grey Wolf Optimizer mathematical equations that mimic the hunting 

behavior and social hierarchy of grey wolves. This process enables effective exploration and exploitation of the solution 

space [22]. 
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e. Iteration Termination Criteria 

The optimization process is carried out iteratively until the termination criteria are met, namely reaching the 

maximum number of iterations or obtaining solution convergence [22]. 

2.3 Hybrid model  

a. Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a supervised learning classification method that aims to find the optimal 

hyperplane to separate data between classes with a maximum margin. Mathematically, SVM is formulated as an 

optimization problem: 

min
𝑤,𝑏,ξ

1

2
||𝑤||2 + 𝐶 ∑ ξ𝑖

𝑛
𝑖=1      (1) 

with constraints: 

𝑦𝑖(𝑤 ⋅ ϕ(𝑥𝑖) + 𝑏) ≥ 1 − ξ𝑖    (2) 

The CC parameter regulates the balance between the margin and classification error, while the function ϕ(⋅) is 
represented through a kernel function. In this study, the RBF kernel is used: 

b. Multi-Layer Perceptron (MLP) 

Multi-Layer Perceptron (MLP) is a feedforward artificial neural network consisting of an input layer, hidden 

layers, and an output layer. Each neuron calculates the weighted sum of inputs: 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp(−γ||𝑥𝑖 − 𝑥𝑗||
2)    (3) 

and produces output through an activation function: 

𝑧𝑗 = ∑ 𝑤𝑖𝑗
𝑛
𝑖=1 𝑥𝑖 + 𝑏𝑗     (4) 

The MLP training process is performed using the backpropagation algorithm with the aim of minimizing the error 

function: 

𝐿 =
1

𝑁
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑁
𝑖=1      (5) 

c. SVM–GWO 

In the SVM–GWO model, the Grey Wolf Optimizer algorithm is used to optimize important SVM parameters, 

namely C and γ. Each wolf in GWO represents one parameter combination: 

𝑋 = [𝐶, γ]      (6) 

The performance of each solution is evaluated using a fitness function in the form of classification accuracy. The 

position of the wolves is updated following the GWO mechanism, and the best solution (alpha wolf) is selected as the 

optimal parameter for SVM. 

d. MLP–GWO 

MLP–GWO integrates GWO to optimize MLP parameters such as the number of neurons in the hidden layer and 

the learning rate. Each solution is represented as: 

𝑋 = [𝑛ℎ𝑖𝑑𝑑𝑒𝑛 , η]      (7) 

The fitness value is calculated based on the MLP prediction performance. The best parameters resulting from 

GWO optimization are used to train the final MLP model, thereby improving accuracy and reducing prediction errors. 

3. RESULT AND DISCUSSION 

3.1 Data Exploration 

a.   Data Collection 

The data used in this study comes from operational data and conditions of distribution transformers. The dataset 

includes important parameters representing the transformer's working conditions and indications of disturbances, which 

are used as input for the prediction model. 
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Figure 3. Distribution of Phase R, S, T Current Data and Temperature 

Figure 3 represents the data collection stage in the distribution transformer condition prediction study. The graph 

on the left shows the trend of three-phase currents (R, S, and T) recorded periodically throughout the observation period 

from 2023 to 2025. This current data was obtained from the measurement of transformer loads on each phase and reflects 

daily and seasonal load variations. Fluctuations in current values between phases illustrate the transformer's operating 

conditions, including indications of load imbalances that could potentially affect the performance and reliability of the 

distribution transformer. 

Meanwhile, the graph on the right displays the transformer temperature trend over the same period. Temperature 

data was obtained from the transformer's thermal sensors and used as an indicator of thermal conditions due to loading. 

The temperature variations that occurred show the transformer's thermal response to changes in current and environmental 

conditions. At this data collection stage, all parameters of phase current and temperature were recorded continuously and 

integrated into one dataset, thus forming a representative historical database. This dataset is then used in the pre-

processing and machine learning modeling stages to predict operational conditions and potential faults in the distribution 

transformer. 

b.   Data Pre-processing 

The pre-processing stage is carried out to improve data quality and model reliability. This process includes 

handling missing values, removing outliers, and normalizing numerical data to be within a uniform range. Additionally, 

transformer condition labels are encoded into numerical form to support the machine learning process. 

 

Figure 4. Distribution of Data After Pre-processing 

Figure 4 shows the condition of the distribution transformer features after the pre-processing stage using the 

Standard Scaler. All input variables, namely phase R, S, T currents and Temperature, have been normalized to have a 

mean near zero and a standard deviation near one. This is visible from the data distribution which is in the range of 

approximately -2 to +2 on the standardized value axis. After the scaling process, no features dominate due to scale 

differences, so each parameter has a balanced contribution in the model learning process. This condition is crucial, 

especially for kernel-based SVM and MLP algorithms, as it helps improve optimization stability, speeds up convergence, 

and produces more optimal classification performance in predicting distribution transformer conditions. 

c.   Data Splitting 

The pre-processed data is then divided into training data and test data. The training data is used to build and 

optimize the model, while the test data is used to evaluate the model's generalization ability in predicting transformer 

faults. 
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Gambar 5. Data Splitting Visualization 

The figure displays a visualization of data splitting between training data and testing data based on the normalized 

(scaled) Temperature feature. The blue part represents the training data, which includes about 80% of the total samples, 

while the orange part shows the test data, which includes the remaining 20%. This separation is carried out in a controlled 

manner to ensure that the model is trained using most of the historical data but is still tested on data it has never seen 

before. The distribution of standardized temperature values in both data subsets is in a relatively similar range, which is 

about -1.5 to +1.7, indicating that the data splitting process was carried out representatively and did not cause significant 

distribution differences between training and test data. This condition is important to ensure that the model's performance 

evaluation, such as in SVM-GWO, reflects good generalization capability and is not biased towards certain data subsets. 

3.2 Grey Wolf Optimizer Optimization  

Several previous studies have demonstrated the effectiveness of metaheuristic algorithms, such as Genetic Algorithm 

(GA) and Particle Swarm Optimization (PSO), in optimizing machine learning models for fault prediction and 

classification tasks in power systems [27], [28]. However, these methods often require complex parameter tuning or 

exhibit premature convergence in high-dimensional search spaces. In comparison, Grey Wolf Optimizer (GWO) has been 

reported to achieve competitive or superior performance with fewer control parameters and more stable convergence 

behavior when applied to SVM and MLP optimization problems[29]. These characteristics make GWO particularly 

suitable for distribution transformer fault prediction, where robustness and generalization across multiple operating 

conditions are essential. 

a. Population and Parameter Initialization 

The Grey Wolf Optimizer process begins with random initialization of the wolf population in the specified parameter 

solution space. Each wolf represents one candidate solution in the form of a combination of SVM or MLP model 

parameters. Initialization is performed by generating random parameter values between the established lower and upper 

bounds to ensure the diversity of initial solutions. 

 

Figure 6. Initial Population Distribution of Grey Wolf Optimizer 

Figure 6 shows the initial population distribution of the Grey Wolf Optimizer in a two-dimensional search space. 

From the image, it can be seen that the wolf positions are spread evenly across the solution space, signifying the 
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algorithm's early exploration capability in exploring various possible parameter combinations. This broad initial 

distribution is important to avoid premature convergence to local solutions. 

b. Fitness Value Calculation 

After the initial population is formed, each solution is evaluated using an objective function that represents the 

performance of the machine learning model. The fitness value is calculated based on the prediction error, which is 1 - 

Accuracy, so a solution with a smaller fitness value indicates better model performance 

 

Figure 7. Fitness Value Distribution of the GWO Population 

Figure 7 shows the fitness value distribution of all wolves at the evaluation stage. The large variation in fitness 

values indicates that the quality of initial solutions is still diverse, so selection and position update mechanisms are needed 

to improve solution quality. This stage becomes the basis for determining the hierarchy of alpha, beta, and delta wolves 

in the next iteration. 

c. Determination of Alpha (α), Beta (β), and Delta (δ) Wolves 

Based on the results of the fitness evaluation, the population is sorted from best to worst solutions. The three solutions 

with the lowest fitness values are designated as alpha (α), beta (β), and delta (δ) wolves. The alpha wolf represents the 

best parameter combination in that iteration, while the beta and delta wolves serve as supporting solutions that help guide 

the optimization process. 

 

Figure 8. Positions of Alpha, Beta, and Delta Wolves 

Figure 8 shows the positions of alpha, beta, and delta wolves among the rest of the population. It can be seen that 

these three wolves are in the solution area with the lowest fitness values. This hierarchy mimics the social behavior of 

wolves in nature and is the primary mechanism for directing the population movement toward the optimal solution. 

d. Wolf Position Update 

The position update stage is the core of the Grey Wolf Optimizer process. The position of each wolf is updated 

based on the combined influence of the alpha, beta, and delta wolves. This process is done by balancing exploration and 

exploitation through a control parameter 'a', whose value decreases linearly as the number of iterations increases. 
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Figure 9. Wolf Population Movement 

Figure 9 shows the changes in wolf positions before and after the update process. It is visible that the population 

moves closer to the alpha wolf position, indicating the exploitation process of the best solution. This position update 

causes the quality of the solutions to improve gradually at each iteration. 

 

Figure 10. Grey Wolf Optimizer Convergence Curve 

Furthermore, the effectiveness of the position update process is visualized through the GWO convergence curve 

in Figure 10. The curve shows a significant decrease in error values from the initial iteration to the final iteration. In the 

initial iterations, the error decreases relatively quickly due to global exploration, while in the final iterations, the curve 

tends to be stable, indicating that the algorithm has reached a convergent condition. 

e. Iteration Termination Criteria 

The optimization process is carried out iteratively until the termination criteria are met, namely reaching the 

maximum number of iterations or obtaining solution convergence. The best solution produced by the alpha (α) wolf is 

selected as the optimal model parameter. Based on the visualization results at each stage of optimization, the Grey Wolf 

Optimizer is proven capable of performing parameter searches systematically and efficiently. Wide-spreading population 

initialization supports global exploration, fitness evaluation enables selection of the best solution, alpha–beta–delta 

hierarchy determination guides the optimization process, and position updates produce stable convergence. This shows 

that GWO is effectively used as a parameter optimization method for hybrid GWO–SVM and GWO–MLP models to 

improve prediction performance. 

3.3 Hybrid Model 

The hybrid SVM–GWO and MLP–GWO models are built by integrating the Grey Wolf Optimizer (GWO) as a parameter 

optimization method for SVM and MLP models. In SVM–GWO, GWO is used to find optimal parameter combinations, 

such as kernel and regularization parameters, to improve class separation capability. Meanwhile, in MLP–GWO, GWO 

optimizes neural network parameters, including weights and learning parameters, thereby enhancing the model's ability 

to capture non-linear patterns in transformer operational data. The integration of GWO aims to improve the accuracy, 

sensitivity, and stability of the model in predicting transformer disturbance conditions. 

a. Analysis of Confusion Matrix 
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A confusion matrix is used to compare the performance of four classification models, namely SVM and MLP as 

baseline models and SVM–GWO and MLP–GWO as hybrid models, in classifying four distribution transformer 

operational conditions: Light Load Imbalance, Light Overload, Normal, and Normal High Temperature. This evaluation 

focuses on the model's ability to reduce classification errors in early disturbance conditions. 

 

Figure 11. Confusion Matrix 

The baseline SVM model shows high accuracy in the Normal class but still experiences significant errors in the 

Light Load Imbalance class, which is mostly misclassified as a normal condition. This indicates the limitation of SVM 

without optimization in distinguishing light disturbance patterns. Meanwhile, the baseline MLP shows fairly good 

performance in the Normal and Light Overload classes but is still less sensitive to Light Load Imbalance and Normal 

High Temperature, due to suboptimal network parameters. After applying the Grey Wolf Optimizer, both models show 

significant performance improvements. SVM–GWO is able to drastically increase classification accuracy in the Light 

Load Imbalance class without decreasing performance in the Normal class. This shows that optimizing SVM parameters 

using GWO is effective in increasing the model's sensitivity to light disturbances. On the other hand, MLP–GWO provides 

the most balanced performance, especially in the Normal High Temperature class, with very low error rates, indicating 

an improvement in the model's generalization capability. 

b. Model Comparison 

Model comparison is carried out to evaluate the effectiveness of the hybrid approach based on Grey Wolf Optimizer 

(GWO) in improving classification performance. The compared models include Support Vector Machine (SVM) and 

Multilayer Perceptron (MLP) as base models, as well as the hybrid SVM–GWO and MLP–GWO models. Performance 

evaluation is performed using Accuracy, Precision, Recall, and F1-Score metrics to assess the ability of each model to 

predict fault conditions in distribution transformers. 

Tabel 1. Model Comparison 

Model Accuracy Precision Recall F1-Score 

SVM 68 73 68 60 

SVM-GWO 92 93 92 92 

MLP 87 88 87 87 

MLP-GWO 93 93 93 93 

The performance table presents a comparison of the performance of four classification models: SVM, SVM–GWO, 

MLP, and MLP–GWO, evaluated using Accuracy, Precision, Recall, and F1-Score metrics. These four metrics are used 

to provide a comprehensive overview of the model's ability to detect fault conditions in distribution transformers. The 

SVM model without optimization produced an accuracy of 68%, with a precision of 73%, recall of 68%, and F1-score of 

60%. These results show that although SVM is capable of basic classification fairly well, the model is still inconsistent 

in detecting all fault conditions, especially light disturbances. The relatively low F1-score indicates an imbalance between 

precision and recall, making the model less than optimal for early detection systems. 

After optimization using Grey Wolf Optimizer, the SVM performance improved significantly. The SVM–GWO 

model reached 92% accuracy, 93% precision, 92% recall, and 92% F1-score. This improvement shows that GWO 
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successfully found the optimal combination of SVM parameters, thereby improving the model's sensitivity to faults while 

reducing classification errors. The MLP model without optimization showed better performance than the baseline SVM, 

with 87% accuracy and relatively balanced precision, recall, and F1-score values. This indicates that MLP is more 

adaptive in capturing non-linear patterns in transformer condition data. However, there is still room for performance 

improvement through parameter optimization. The MLP–GWO model showed the best performance among all models, 

with accuracy, precision, recall, and F1-score values of 93% each. Consistency across all metrics shows a very good 

balance between the accuracy and completeness of predictions. This confirms that GWO is effective in optimizing MLP 

weights and parameters, thus improving the model's generalization capability. 

Overall, the evaluation results show that the integration of Grey Wolf Optimizer consistently improves the 

performance of SVM and MLP models. MLP–GWO provides the most optimal and stable performance, while SVM–

GWO shows a significant improvement over the baseline model. These findings prove that the metaheuristic-based hybrid 

approach is very effective for supporting reliable and high-precision distribution transformer fault prediction systems. 

 

Figure 12. Model Accuracy Comparison 

Figure 12 shows a radar chart comparing the accuracy values of four distribution transformer fault prediction 

models: SVM, MLP, SVM–GWO, and MLP–GWO. The distance of a point from the center of the chart represents the 

level of accuracy, where values further from the center indicate better performance. The visualization results show that 

models without optimization, especially SVM, have the lowest accuracy. The MLP model shows improved performance 

compared to SVM, indicating its ability to capture non-linear data patterns. Hybrid models based on GWO, namely SVM–

GWO and MLP–GWO, show higher accuracy, with MLP–GWO occupying the outermost position as the best-performing 

model. Overall, this graph confirms that the application of Grey Wolf Optimizer consistently improves model accuracy 

and demonstrates the superiority of MLP–GWO as the most optimal approach for distribution transformer fault prediction. 

4. CONCLUSION 

This study concludes that the application of a hybrid model based on Grey Wolf Optimizer (GWO) can significantly 

improve the fault prediction performance of distribution transformers. Based on the evaluation results, the SVM model 

without optimization only achieved 68% accuracy with a 60% F1-score, indicating limitations in detecting light 

disturbances. The baseline MLP model provided better performance with 87% accuracy and 87% F1-score, but still has 

room for improvement in prediction consistency. The integration of GWO into SVM drastically improved performance 

with 92% accuracy, 93% precision, 92% recall, and 92% F1-score, signifying an improvement in model sensitivity and 

stability. Meanwhile, MLP–GWO produced the best and most balanced performance with accuracy, precision, recall, and 

F1-score of 93% each. Analysis of the confusion matrix and radar chart shows that the GWO-based model is able to 

reduce classification errors, especially in light disturbance and high-temperature conditions. Overall, MLP–GWO is 

recommended as the most optimal model for distribution transformer fault prediction systems, while SVM–GWO remains 

competitive with significant performance improvements. This hybrid approach has the potential to support early fault 
detection as well as improve the reliability and operational life of distribution transformers. 
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