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Abstract - Transformers play an indispensable role in any power system. The health condition of these devices should be the top 

priority. Early fault detection of these devices is essential to have sustainable power flow. There are many routinary transformer 

tests like winding test, furan analysis, insulation resistance tests, but dissolved gas analysis stands to be one of the most critical 

tests among others. This is to the fact that the DGA test can evaluate the major condition of the transformer. Dissolved Gas 

Analysis (DGA) methods, while widely used, often struggle with accuracy and scalability under complex fault scenarios. This 

paper proposed a novel ML-based DGA framework that integrates the IEEE standard with Principal Component Analysis (PCA) 

and Gradient Boosting Machine (GBM) to enhance transformer fault diagnosis. PCA captures 95% of the variance with five 

principal components. The framework showed a test accuracy of 87.5% and a cross-validation accuracy of 86.05%, 

outperforming traditional methods such as the Duval Triangle (83.08%) and IEC Ratio Method (82.05%), as well as other 

machine learning models, including Random Forest (77%) and Support Vector Machines (37%). These findings demonstrate the 

effectiveness of the framework as a soft sensor in Transformer diagnostics. 

Keywords - Dissolved Gas Analysis, Gradient Boosting Machine, Transformer Health, Principal Component Analysis. 

1. Introduction 
Accurate and timely monitoring is essential for 

transformers to avert power outages and asset damage. 

Dissolved Gas Analysis (DGA) is a long-established 

pragmatic method for assessing transformer health by 

evaluating the concentrations of gases dissolved in insulating 

oil [1]. However, traditional interpretation techniques such as 

the Duval Triangle, Rogers Ratio, IEC Ratio, and the 

Doernenburg Method are often limited by human subjectivity 

and rigid thresholds [5, 6]. As power grids grow in 

complexity, the increasing necessity for scalable, automated 

diagnostic tools that can overcome the inconsistencies found 

in manual interpretation is limited, which have become a 

motivation for the integration of machine learning into 

transformer diagnostics to improve fault detection accuracy 

and adaptability over time [2]. Modernizing these diagnostics 

is often hindered by the inherent noise and high 

dimensionality of raw Dissolved Gas Analysis data, which 

frequently causes models to overfit rather than generalize to 

new transformer conditions. To mitigate this, Principal 

Component Analysis (PCA) has been shown to effectively 

reduce the dimensionality of high-dimensional DGA datasets 

while preserving critical information. Principal Component 

Analysis (PCA) has been proven effective in reducing the 

number of dimensions in large DGA datasets while still 

preserving important information [3].  

Given the inherent high dimensionality of these datasets, 

Principal Component Analysis (PCA) presents a valuable 

approach for improving both computational efficiency and 

model interpretability for engineering applications. The 

classification process needs to handle complex nonlinear 

relationships that exist in transformer gas patterns, despite 

dimensionality reduction making the data more manageable. 

The performance of Gradient Boosting Machines (GBMs) 

exceeds that of traditional methods because they use labeled 

data for their operation. Furthermore, Gradient Boosting 

Machines (GBMs), which are known for their ability to 

capture complex, non-linear relationships, are better than 

traditional methods because they learn directly from labeled 

data [4]. Despite the successes of these algorithms, many 

current machine learning models lack a validation step that 

considers the constraints of physical engineering.  

http://www.internationaljournalssrg.org/
http://www.internationaljournalssrg.org/
http://creativecommons.org/licenses/by-nc-nd/4.0/
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The operational success of these algorithms has been 

achieved through their implementation in machine learning 

models, which still need validation and testing based on 

physical engineering constraints. The existing gap exists 

because the current studies have not studied dimensionality 

reduction together with class imbalance and standards-based 

validation in one comprehensive diagnostic system used for 

transformer fault detection [8, 19].  

This research endeavors to solve existing deficiencies by 

proposing a diagnostic framework that synergizes Principal 

Component Analysis (PCA) and Gradient Boosting Machines 

(GBMs) with the IEEE C57.104-2019 standard for 

interpretability [7]. Through combining dimensionality 

reduction techniques with ensemble learning and using 

established industry benchmarks, this framework should 

become a more accurate and adaptable method for diagnosing 

faults.  

The research employs a dataset comprising 318 Dissolved 

Gas Analysis samples, wherein the SMOTE-Tomek method is 

implemented to address intrinsic class imbalances. To validate 

the reliability of the findings, model performance is evaluated 

via stratified k- fold cross-validation. Overall, the system 

undergoes testing through its evaluation process, which 

assesses its performance against traditional diagnostic 

methods and current machine learning systems. 

2. Literature Review 
2.1. Dissolved Gas Analysis (DGA) Condition Assessment 

 Dissolved Gas Analysis (DGA) is a widely used 

technique for monitoring the condition of a transformer using 

insulating oil analysis. According to Patil et al. [8], this 

technique assists in the early detection of faults in a 

transformer. This occurs through the analysis of dissolved 

gases in insulating oil, which develop due to oil degradation. 

This process assists in the maintenance of a transformer. 

Recent studies have revealed that it is a complex process 

to analyze the DGA technique because of insufficient data and 

a subjective approach. To resolve this problem, a machine 

learning approach has been adopted for the accurate 

determination of faults in a transformer. This process was 

proposed in a recent study by Raghuraman et al. [9]. Nanfak 

et al. [10] also highlighted that DGA analysis is a powerful 

technique for identifying insulation failure in a transformer. It 

is a challenging task to handle a complex fault using 

conventional DGA analysis.  

2.2. Gradient Boosting Machine (GBM) 

 Gradient Boosting Machine (GBM) is regarded as a 

highly efficient machine learning technique with strong 

prediction capability. It was successfully used in the 

classification of transformer faults using DGA data, as 

confirmed in the latest literature. For example, Li et al. [4] 

confirmed the capability of the GBM technique in 

outperforming traditional diagnostic techniques by learning 

nonlinear relationships. The capability of the GBM technique 

in handling a large number of data points. Therefore, the GBM 

technique is regarded as a highly efficient technique in dealing 

with large-scale power systems. In addition, the GBM 

technique is able to automate the diagnosis. The other 

advantages of the GBM technique are its capability in creating 

robust models using the Extreme Gradient Boosting 

(XGBoost) technique through the application of 

regularization. The efficiency of the GBM models was 

confirmed in the literature compared to traditional models in 

terms of accuracy, precision, and reliability [11]. 

2.3. Principal Component Analysis (PCA) 

 Principal Component Analysis (PCA) has been used in 

machine learning models for data reduction and feature 

extraction. Gagne et al. [12] proved that PCA reduces data 

complexity by taking into account fundamental data features 

while maintaining crucial information. This enhances the 

performance of the machine learning model while reducing 

data analysis complexity. Kim et al. [13] proved that PCA 

enhances the interpretability of the machine learning model 

without losing crucial information. This is crucial when 

dealing with large amounts of data in transformer diagnostics. 

Although PCA has been applied in medical diagnostics 

and engineering diagnostics, there is still a gap identified by 

Hasan and Abdulazeez [14] regarding the direct application of 

PCA in transformer diagnostics. This proves that PCA should 

be evaluated regarding its application in transformer fault 

prediction. 

2.4. Machine Learning Approaches 

Machine learning is an integral part of health monitoring 

and diagnosing the condition of a transformer. The importance 

of intelligent monitoring systems for health monitoring of a 

transformer using machine learning models. The reliability of 

a transformer is improved with intelligent monitoring systems. 

The application of hybrid models for health monitoring of a 

transformer is also presented in this study. Zivkovic et al. [16] 

presented the application of a hybrid model consisting of a 

convolutional neural network model and XGBoost model for 

health monitoring of a transformer. 

2.5. Data Pre-processing and Feature Engineering 

  Data pre-processing and feature engineering are crucial 

in enhancing the efficiency of machine learning models in 

transformer diagnostic analysis. Potamias et al. [17] used a 

sliding time window technique in the diagnosis of transformer 

faults. Zhao et al. [18] developed a framework for data pre- 

processing, feature extraction, and classification. Yang et al. 

[19] developed a double-stacked autoencoder model for 

dealing with imbalanced DGA data in transformer diagnosis. 
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Privacy-preserving and secure machine learning models 

have been proposed for the protection of transformer data 

without compromising the efficiency of the models [13]. 

3. Materials and Methods 
3.1. Study Design, Population, and Setting 

The diagnostic reference used in the IEEE standard for 

fault labeling and benchmarking is the IEEE C57.104-2019 

standard. The standard defines the threshold limits of the 

recognized gases used in the classification of the health 

conditions of the transformer. There are a total of 318 samples 

used in the research, which were collected from publicly 

available datasets. There are 201 samples from [4] and 117 

from the IEC TC10 database. The samples used in the research 

are from a wide range of conditions, verified through visual 

inspection. 

Table 1 and Figure 1 show the number of samples in the 

data set before preprocessing for different types of faults. As 

shown in Figure 1, the data set is imbalanced since the number 

of High Energy Discharge (D2) faults is 41.2%, while the 

number of Partial Discharge (PD) faults is only 7.3%. This is 

a major weakness in the data set for accurate classification 

using machine learning techniques. 

Table 1. Dataset distribution 

Fault Type No. of Datasets Percentage 

Partial Discharge (PD) 17 7.3% 

Low Energy Discharge (D1) 52 22.3% 

High Energy Discharge (D2) 96 41.2% 

Thermal Fault (T1 & T2) 32 13.73% 

Thermal Fault (T3) 36 15.45% 

 

 
Fig. 1 Datasets Distribution Pie Chart 

3.2. Preprocessing of the Dataset 

The input variables of the dataset (in ppm) are Hydrogen 

(H2), Methane (CH4), Ethane (C2H6), Ethylene (C2H4), 

Acetylene (C2H2), Carbon Monoxide (CO), and Carbon 

Dioxide (CO2). These gases were used as predictors 

(independent variables). The output of the dataset is classified 

based on IEC 60599 into five categories: Partial Discharge 

(PD), Low Energy Discharge (D1), High Energy Discharge 

(D2), Low to Medium Temperature (T1/T2), and High 

Temperature Thermal Fault (T3). 

3.2.1. SMOTE Tomek 

The official dataset was imbalanced. This may affect the 

output of the framework. To address this challenge, SMOTE-

Tomek was used-an oversampling and undersampling hybrid 

technique that combines: SMOTE (Synthetic Minority 

Oversampling Technique) for generating synthetic minority 

class examples and Tomek Links for removing borderline or 

overlapping majority class instances. 
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Fig. 2 Dataset statistics 

 
Fig. 3 Pairplot between features 

3.2.2. Dimensionality Reduction with PCA 

The curse of dimensionality exists in every machine 

learning endeavor. The study employs Principal Component 

Analysis to address this challenge. PCA is a statistical 

technique that determines high-variance principal components 

of the dataset, reducing memory usage and enhancing the 

speed of calculations. The first component has the highest 

information of the dataset (highest dispersion of datapoints), 

followed by the next principal component.  

PCA constructs these components by using a 

standardization method and computing the covariance matrix. 

Consequently, get the eigenvectors ranking based on the 

eigenvalues of the covariance matrix.  Those ranked 

eigenvectors will now be the principal components. As shown 

in Figure 4, the principal component is the purple line in the 

scatter plot, and it is the line on which the red dots, which 

represent the variance, are scattered (the highest variance 

value). 
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Fig. 4 PCA Illustration

3.3. Model Development and Training 

3.3.1. Gradient Boosting Machine 

Gradient Boosting Machine (GBM) is an ensemble 

sequential method known for handling non-linear 

relationships.  

Unlike the Random Forest algorithm, which does 

majority voting and parallel computations, GBM is trained to 

correct the errors of the previous decision trees, and it reduces 

bias in the computations, as shown in Figure 5.  

The advantages of Gradient Boosting Machines are 

numerous. These advantages include the ability of the model 

to handle high-dimensional data, the model’s robustness when 

dealing with a limited dataset, and the model’s immunity from 

overfitting and noise. In addition, the model is able to provide 

insights into the importance of the features used in the model. 

As a result, the model is able to assist in the selection of 

features.  

However, the model’s success is dependent on the tuning 

of the model’s parameters. These parameters include the 

number of trees in the model, the learning rate, and the depth 

of the trees. The search space for hyperparameters consisted 

of learning rate (0.01-0.20), maximum tree depth (3-10), and 

number of estimators (50- 300). 

 
Fig. 5 Gradient boosting workflow

3.3.2. Stratified K -Fold Cross Validation 

The Model training involved a stratified 80-10-10 split of 

the dataset for training, validation, and testing, respectively. 

Stratified k-fold cross-validation (k=5) was repeated 5 times 

ensuring that each fold serves as the test set exactly once, to 

check for any class imbalance to mitigate the risk of 

overfitting, as shown in Figure 6. 
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Fig. 6 The k-fold cross-validation workflow

3.3.3. Hyperparameter Tuning 

In this study, the process of hyperparameter tuning was 

performed by using Randomized Search CV, which specifies 

the search space for learning rate, tree depth, and number of 

estimators, unlike 'grid search,' which tries all possible 

combinations of hyperparameters. It uses a random search 

strategy that mimics 'intuitive exploration' to find good 

combinations of hyperparameters, which makes it useful when 

working with high-dimensional search spaces, where grid 

search is too expensive to perform, as shown in Figure 7. A 

Randomized Search Cross-Validation (CV) method was 

utilized to efficiently search through the defined search space 

and arrive at an optimal combination of learning rate of 0.05, 

maximum depth of 5, and number of estimators of 200. 

 
Fig. 7 Hyperparameter tuning illustration

4. Results and Discussion 
4.1. Data Preprocessing Results 

4.1.1. SMOTE-Tomek 

Before the Application of SMOTE-Tomek, the skewed 

distribution of fault types in the raw dataset showed a 

significant dominance of D2 and underrepresentation of PD 

and T1&T2. This visual emphasizes the risk of biased learning 

and poor generalization, necessitating a balancing method.  

After the application of SMOTE- Tomek, the adjusted 

dataset is displayed, where each fault type is equally 

represented with 77 samples, as shown in Figure 8. 



ApolinarioAwit et al. / IJETT, 74(6), 244-260, 2026 

 

250  

 
(a) 

 
(b) 

 
(c) 

0

20

40

60

80

100

120

140

1 2 3 4 0

C
o
u

n
t

Fault Type

Class Distribution Before SMOTElomek



ApolinarioAwit et al. / IJETT, 74(6), 244-260, 2026 

 

251  

 
(d) 

Fig. 8 SMOTE-Tomek dataset distribution (a) and (b) is before SMOTE, and (c) and (d) are after SMOTE 

4.1.2. Principal Component Analysis 

PCA transformed the original seven correlated variables 

into five principal components that retained 95% of the 

dataset’s variance, which was based on a balance between 

computational efficiency and diagnostic accuracy. In this way, 

the dimensionality of the dataset was reduced. Thus, it reduces 

computational cost while retaining the important 

characteristics of the dataset. The idea was to discard minimal 

variance while ensuring that a majority of the information 

contained in the dissolved gas features was preserved. The 

PCA cumulative Variance Plot displays the total variance 

captured by the first five principal components. Figure 4 

confirms that five components are sufficient to retain critical 

diagnostic information, justifying the dimensionality 

reduction from seven features. It was realized that after the 

fifth component, the returns were diminishing. This was in 

line with the scree plot selection criterion. Figure 9 showed 

that although PC1 and PC2 combined accounted for 65%, 

which was the majority of the variance. Figure 10 showed that 

the loading was dominated by gases such as acetylene and 

ethylene, which are highly related to discharge-related faults. 

Also, Figure 11 displays the pairplot for the PCA components, 

where the spread and grouping of the points substantiate the 

diagnostic separability between the fault types. This helped in 

relating the PCA components to the fault mechanisms in the 

transformer. (RandomSearch) and got an accuracy of 87.5%.  
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Fig. 9 Principal components of the dataset 

 
Fig. 10 Heatmap of PCA loadings 

The PR curve in Figure 13 shows an Average Precision 

(AP) of 0.93, confirming that the model maintains high 

precision in identifying true positives. Meanwhile, the ROC 

yields an AUC of 0.98 (micro-average) and 0.97 (macro- 

average), indicating good discrimination. The 5-fold stratified 

cross-validation average score is 86.05%. Varied scores per 

fold mean that there is no overfitting during the computation 

process. 
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Fig. 11 PCA component pairplot 

 
Fig. 12 Performance of the developed model 
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Fig. 13 Confusion matrix of the developed GBM mode

4.2. Performance of the developed model 

The confusion matrix demonstrates that the developed 

model achieved good classification across all fault categories. 

It only had 3 mislabels: two of which are from D1 mislabeled 

as D2, and one in D2 mislabeled as T3. It correctly classified 

all instances of PD and T1&T2 and T3.  

The developed model has an accuracy of 75%. It also has 

a macro average precision score of 74%, a recall score of 76%, 

and an F1-score of 73%, as shown in Figure 12. These results 

confirm the model’s robustness in learning from the data and 

classifying even subtle gas signature variations. Since the 

accuracy of the proposed model has a decent value of 75%, 

this research applied a hyperparameter tuning method 

4.3. Benchmarking with Other Methods 

4.3.1. Accuracy Benchmarking 

Figure 14 showed that the Duval Triangle achieved the 

highest accuracy of 83.08%, while the lowest is the 

Doernenburg ratio method, which is 76.07%. The developed 

model, in comparison, achieved 87.5% accuracy, surpassing 

Duval by 4.42%. This is not a surprise since Duval established 

its name as one of the highly accurate traditional methods. The 

developed model was compared with other machine learning 

methods. The decision tree got the highest accuracy (83%) for 

ML methods in comparison. But still fall short of the 

developed model by 4.5%, as shown in Figure 15. These 

findings support the idea that the developed method is more 

effective in classification tasks with both traditional and ML 

counterparts. 

 
Fig. 14 Accuracy of traditional methods 
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Fig. 15 Accuracy in comparison to other machine learning algorithms

4.3.2. Confusion Matrix Benchmarking 

It is shown in Figure 16 that the Artificial Neural Network 

(ANN) showed moderate performance as it frequently 

misidentified T3 and T5 faults, which it classified as T2, along 

with producing excessive false positives for T1 and T4 

categories. The Decision Tree system enhanced T1 detection 

capability while facing difficulties with T3 and T5 fault 

identification through its system, which misidentified those 

two faults. The Random Forest model achieved improved 

performance through its balanced results, but it continued to 

mix up T2 and T3 results because of its difficulties with 

identifying similar gas signature patterns. The Support Vector 

Machine achieved high precision for T1 and T2, while it 

suffered from poor performance on T4 and T5 because it 

misidentified almost half of the T4 cases as T1. Naïve Bayes 

had the weakest matrix because it created confusion across all 

classes, which demonstrated its inability to deal with 

multivariate distributions. K-Nearest Neighbor displayed 

acceptable detection results for main classes, but it 

experienced major false positives through T3 detection errors. 

AdaBoost improved the matrix density through improved 

prediction results, which extended from T1 to T4, but it 

produced unpredictable results for T5. 

 
Fig. 16 Confusion matrix of ML models (a) Artificial Neural Network; (b) Decision Tree Algorithm; (c) Random Forest Algorithm; (d) Support 

Vector Machines; (e) Naïve Bayes; (f) K-Nearest Neighbor; (g) AdaBoost Algorithm; (h) Develop a Gradient Boosting Machine. 
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The system achieved correct prediction results for T1 

through T2, with 48 accurate predictions out of 50 total 

predictions, and T2 and T3 classes achieved 96% and 94% 

classification accuracy, which exceeded the performance of 

Random Forest and AdaBoost ensemble models. The GBM 

confusion matrix showed exceptional clarity about T4 and T5 

classes, which other models typically misclassified, because it 

showed only 1–2 misclassifications. Demonstrating the 

capability and ability of the model to learn from the 

distribution patterns of the imbalanced data to identify the 

changes happening in the gas concentration throughout the 

test. The results demonstrate that the GBM model serves as 

the most effective model for diagnosing transformer faults 

because every error results in the loss of critical equipment 

failure alerts. The Gradient Boosting Machine (GBM) 

demonstrated the most powerful confusion matrix, which 

remained stable across all evaluations.The system achieved 

near-perfect classification performance because it classified 

nearly all fault types with only a few off-diagonal elements, 

which represented false positive and false negative results. 

4.3.3. Classification Report Benchmarking 

According to Figure 17, Gradient Boosting Machine 

(GBM) achieved the highest performance among nine tested 

models, which included Naïve Bayes, KNN, Decision Tree, 

Random Forest, AdaBoost, SVM, ANN, and GBM, and 

reached 94.32% accuracy while maintaining precision, recall, 

and F1-scores above 0.93 for most fault categories. Naïve 

Bayes underperformed because it relied on independence 

assumptions, which KNN classified incorrectly when classes 

overlapped, while Decision Tree and Random Forest had 

minority class recall issues. The two systems showed 

moderate performance because they produced unstable results 

when identifying infrequent fault types. The GBM technology 

successfully achieved three objectives by handling non-linear 

data patterns, working with uneven data distributions, and 

preventing false negatives, which are essential for detecting. 

faults in their initial stages. The system achieved overfitting 

protection through PCA-based feature noise reduction while 

GBM maintained its ability to provide accurate transformer 

health status predictions for actual maintenance needs.  

 
Fig. 17 Classification report of ML methods 

4.3.4. PR - ROC Curve Benchmarking 

As shown in Table 2, the developed model achieved the 

highest micro-average AUC (0.95), followed by Random 

Forest (0.98 ROC but slightly lower PR). Naïve Bayes and 

SVM performed the lowest. Low AUC and steep PR curve 

drop-offs due to sensitivity to feature overlap. The developed 

model sustained precision across the full recall spectrum, and 

consistent curve elevation validates its robustness for real-

world deployment. The overall results of the ROC and PR 

models are shown in Figure 18. 
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Table 2. PR and ROC curve summary 

Algorithm PR Curve Score ROC Score 

Artificial Neural Network (ANN) 96% 88% 

Decision Tree (DT) 92% 79% 

Random Forest (RF) 95% 98% 

Support Vector Machine (SVM) 92% 73% 

Naïve Bayes (NB) 98% 94% 

K-Nearest Neighbor (KNN) 88% 93% 

AdaBoost 87% 90% 

Proposed Model 93% 98% 
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fig. 18 ROC and PR curve of ML models 



ApolinarioAwit et al. / IJETT, 74(6), 244-260, 2026 

 

259  

5. Conclusion 
This study proposed and validated a novel diagnostic 

framework for transformer health using Principal Component 

Analysis (PCA) as a preprocessor and GBM as the main ML. 

Also, using the IEEE standard as an initial watchdog. The 

proposed model demonstrated excellent classification 

capability across all fault types, including minority classes, 

thereby affirming its reliability for real- world application in 

transformer monitoring systems. Secondly, it outperformed 

traditional techniques such as the Duval Triangle, IEC Ratio, 

and Rogers Ratio methods. Also surpasses other algorithms, 

including Random Forest, ANN, and SVM. This confirms that 

the integration of PCA and GBM within an IEEE-guided 

diagnostic pipeline offers a significant advancement in 

transformer fault analysis. The result also shows that the 

combination of the PCA and GBM techniques in an IEEE-

guided diagnostic framework is a remarkable achievement in 

the analysis of transformer faults. Therefore, the proposed 

diagnostic framework is a powerful and accurate diagnostic 

tool for transformer health condition assessment. The model 

shows a high cross-validation result of 86.05%. The model 

also shows high ROC-AUC values of approximately 97-98%. 

These results show the reliability of the model in the diagnosis 

of transformer faults. The model is also IEEE C57.104-2019 

standard-compliant and may also be integrated with Internet 

of Things (IoT) and SCADA technologies. These results show 

the reliability and efficiency of the model in the diagnosis of 

transformer faults. The model is also a precise and efficient 

diagnostic tool for the predictive maintenance of power 

transformer health conditions. The model does not consider 

the cost-sensitive analysis because the framework is based on 

a publicly available dataset with only 318 samples. Therefore, 

the absence of real-time data from the utility companies also 

means the absence of real-time context in the dataset for the 

diagnosis of different types of faults. As a result, the model 

does not show the relative severity of misclassifying one type 

of fault against another type of fault. Therefore, the research 

not only meets but also exceeds the expectations of the IEEE 

standard in the diagnosis of transformer faults in the modern 

era of power transformer health condition assessment. 
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