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intelligence and impart their knowledge and data, without vast
computing knowledge and resources.
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1. Introduction

The 21st century is marked by an ever-increasing reliance on electricity, driving economic development,
technological innovation, and the improvement of the quality of life worldwide. The availability of reliable and
sustainable electricity is essential for human well-being and plays a paramount role in achieving the United
Nations' Sustainable Development Goals (SDGs) [1]. Transformers serve as the backbone of electricity distribution
networks, making their dependable operation pivotal in realizing the vision of universal electricity access outlined
in SDG 7. The integration of machine learning with fault diagnosis of transformer presents an innovative and
efficient approach to transformer health monitoring. This approach not only enhances the availability of power
distribution networks, but also aligns with the goals of SDG 9 by promoting resilient infrastructure and
technological innovation. This present work explores the integration of machine learning techniques in
transformer fault diagnosis based on dissolved gas composition, aiming to contribute to more efficient,
dependable, and sustainable energy landscape. By leveraging the power of data analytics and automation, fault
diagnosis accuracy can be enhanced, enable proactive maintenance strategies, and contribute to the achievement
of SDGs.

1.1 Transformer Fault Diagnosis via Dissolved Gas Composition

Transformers are considered critical assets because of their complex internal construction and the significant cost
associated with their manufacture [2]. Hence, transformer health assessment, in the form of a series of field tests
are conducted regularly to identify potential problems. It ranges from routine visual inspection, online
measurements and monitoring to minor and major shutdown maintenance and overhaul [3]. [4] proposed a range
of maintenance actions, which include condition assessment actions, which include electrical testing, oil testing
and inspections, and maintenance actions to improve condition, such as dry outs and oil treatment. However,
transformers are subjected to multifactorial stresses which involve mechanical, chemical, electrical and
environmental factors [5]. Hence, despite their rigorous maintenance regimes, transformers are susceptible to
various faults, which can compromise their performance and lead to operational failures. Swift and efficient fault
diagnosis of transformers is crucial for enhancing power grid reliability, preventing cascading failures, and
ensuring overall resilience. Historical events like the 2003 North America blackout, the 2006 Europe
interconnected grid blackout, and the 2009 Brazil blackout, highlight the importance of this [6]. It minimizes
downtime and economic losses by enabling proactive maintenance and early detection of potential failures,
reducing repair costs by 75% and mitigating revenue loss by 60% [7]. Additionally, it prevents catastrophic
failures, reducing risks of severe disruptions and safety hazards. Effective fault diagnosis also optimizes
maintenance strategies, lowers costs, and aligns sustainable practices by extending transformer longevity [8].

Oil-filled transformers comprise cellulose insulated copper windings tightly wound on a ferromagnetic core
and housed in a sealed tank of insulating fluid that also serves to cool the windings [5]. As electrical and thermal
stresses accumulate, the transformer insulating materials will break down and release several different gases [9].
Dissolved Gas Analysis (DGA) is a very effective diagnostic strategy that is widely used to diagnose early faults in
oil-immersed transformers [10]. DGA determines the types and quantities of gases generated, which depend on
the nature and intensity of the fault. If the dissolved gasses are above typical concentration values and/or rates of
increase, an actual fault in the transformer is probable.

Numerous interpretation methods (or “fault identification” method as per [11]) are available for fault
identification of transformer based on its dissolved gas composition. The conventional interpretation methods
include the Key Gas Method, IEC Ratios, Rogers Ratios, Doernenburg Ratios, Duval Triangles and Duval Pentagons.
The key gasses or ratio, diagnosable fault and limitations of each conventional interpretation methods for
dissolved gas are discussed [11], [12], [13]. Key Gas Method is one of the main and simplest methods. Apart from
that, in general, the conventional methods can be divided into 2 distinct types, i.e. the ratios method and the
pictographic method [14]. The ratios method is based on pre-determined values of gas ratios to classify the fault.
The most well-known ratios methods are elaborated in [11]. They are the IEC Ratios, Rogers Ratios and
Doernenburg ratios methods. The pictographic method includes the Duval Triangle and Duval Pentagon, which
classify faults based on relative percentages of gasses plotted on each side of the polygon and lines drawn across
the polygon for each gas. The zone where the lines intersect indicates the fault type [13]. The ratio methods may
result in “no interpretation” due to incomplete ratio ranges of the methods, while the pictographic method by
Duval requires pre-determination if a transformer has issue as there is no fault-free area in the triangles and
pentagons. Consequently, the diagnosis results are influenced more by engineers' knowledge and engagement
than by strict mathematical computations. There is a significant probability of obtaining different conclusions
when analyzing one sample using various techniques. These divergent conclusions may result in inaccuracies and
errors in fault identification. Under extreme conditions, these errors could potentially lead to mishandling and
unnecessary cost management [15].
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Due to challenges associated with conventional methods, researchers have redirected their focus toward
artificial intelligence (AI) techniques, leading to a revolutionary development in fault analysis with notable results
characterized by high accuracy and efficiency [16]. Computational intelligence incorporates elements of
adaptation, learning, evolution, and evidence to formulate intelligent conclusions that address the discrepancies
found in outcomes from conventional methods [17].

1.2 Challenges and Motivation

Field engineers, from either technical services or maintenance department, need to review and analyze the
transformer DGA results submitted by the laboratories. The resultant value of each dissolved gas is compared
against standards and guidelines. If there is any abnormal reading, the whole result set needs to be interpreted
properly. The engineers need to classify the fault type and severity in order to determine the next course of action.
Typically, minor fault may require more frequent oil sampling and close monitoring, while major faults may
require immediate shut down for inspection and rectification. From the fault classification, the location(s) of the
fault can be narrowed down to facilitate monitoring and inspection.

Conventional interpretation methods raise persistent concerns regarding failure to diagnose and
misdiagnosis. Expert judgment is crucial resulting in diverse interpretations and mitigations [13]. Conventional
methods also exhibit inflexible standards, struggling to adapt to evolving transformer designs, materials, and
issues. Their rigidity, set until formal intervention, hinders responsiveness to industry changes, necessitating
tedious updates through organizations like CIGRE.

Despite the remarkable advancements in machine learning in recent years, several significant challenges
persist [18]. A key challenge lies in the necessity for a substantial volume of high-quality data for effective training
and validation. The necessity for domain expertise in selecting, tuning, and interpreting machine learning models
further complicates the process, often requiring the involvement of specialized programmers and data scientists.
This reliance on external expertise not only incurs additional costs but also extends project timelines,
encompassing phases such as bidding, evaluation, contract award, requirements gathering, data collection, model
development, and multiple review and validation sessions. These limitations hinder field engineers from
independently developing, training, and validating machine learning models, despite being the subject matter
experts with comprehensive knowledge and data. Consequently, the current approach results in inefficiencies and
delays, as engineers must rely on external resources to perform tasks that could otherwise be managed internally.

Additionally, the computational complexity and resource requirements of certain machine learning
algorithms may pose practical challenges, particularly in real-time fault diagnosis applications. As outlined by
[19], Artificial Neural Networks (ANN) present challenges such as a high computational load, slow convergence
speed, and susceptibility to local minima, necessitating ongoing research for optimization and enhancement. In
comparison, Support Vector Machines (SVM) exhibit greater efficiency than ANN, yet challenges persist in
determining kernel function parameters and regularization parameters, potentially resulting in misjudgments
and omissions due to the non-divisibility of certain regions. Despite the strong generalization ability of deep
learning models, they still lack comprehensive mathematical theoretical support.

In summary, there is absence of a singular diagnostic method for field engineers to distinguish between
healthy and faulty transformer, and accurately identify the fault type and severity, due to limitations of
conventional interpretation methods. It is also a challenge for field engineers to harness the advantages of artificial
intelligent techniques without necessitating machine learning domain expertise, extensive data volume and
computational resources.

1.3 Proposed Solution and Contribution

This research aims to develop a machine learning model using a no-code or low-code approach, which is capable
of distinguishing healthy and faulty transformers and identify the fault type and severity, based on dissolved gas
composition. Attempts will be made to optimize and assess the performance of the machine learning model using
various preprocessing techniques and compare the performance with the conventional method in terms of
accuracy and false negative. Lastly, performance of the machine learning model will be validated through field
trials on actual transformers that have experienced faults during operation in real-world conditions.

The significance of this research lies in its potential to reform and elevate transformer fault diagnosis for field
engineers. By developing a single, unified method to differentiate between healthy and faulty transformers and
accurately identify fault types and severity, this research addresses the critical need in the industry. The adoption
of no-code or low-code approach in developing the machine learning model empowers field engineers to develop,
train, and test the models themselves, without the need for extensive programming knowledge or reliance on
specialized data scientists. This not only saves time and money but also allows engineers to incorporate their
insights, expertise, and experiences into the model, leading to more accurate and contextually relevant
diagnostics. The no-code or low-code approach also addresses the challenge of requiring significant
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computational resources. This research offers significant benefits to field engineers and industry by providing a
more accurate, efficient, adaptable and accessible method for transformer fault diagnosis. The integration of
machine learning techniques not only enhances the accuracy and reliability of fault detection but also empowers
engineers to take control of the diagnostic process, leading to improved maintenance strategies and overall system
reliability.

The rest of this paper is organized as follows: The Methodology section details the use of Microsoft Azure
Machine Learning for developing multiclass classification models, including data collection, preprocessing, model
training and evaluation, as well model deployment for fault prediction. The Results and Discussion section
presents experimental results, analyzing model performance, the impact of preprocessing techniques, comparison
with Duval Triangle, the results of field trials, the comparison with recent Al-based DGA diagnosis methods, the
rankings of feature importance and limitations of the study. Finally, the Conclusion summarizes key findings,
discusses implications, and suggests future research directions.

2. Methodology

A detailed and structured approach to developing and deploying machine learning models for fault diagnosis of
transformers is presented in Figure 1. The detailed implementation of each step is presented in the subsequent
sections.

Start

5 v

Train the model using the
selected input features with
data split for training

Determine the input features
and output classes of the ML
model to be developed

Select the best performing
modelsfor field trial

Collect data for model training,
and testing

Tune model hyperparameters
to determine the optimum
hyperparameters

Conduct field trial and evaluate
the model performance in
terms of accuracy

Prepare the data, including
data cleaning and
preprocessing

Perform crossvalidation to
improve model reliability and
generalization

Acceptable accuracy?

Identify suitable ML algorithms
and develop the training

Evaluate the model with data

Deploy the model via Azure ML

pipeline split for testing inference pipeline
Legend:
End

:] Data Transformation

[ ] Model Training
[] Model Evaluation

Fig. 1 End-to-end workflow for developing and deploying machine learning model

2.1 Input Features and Output Labels

Input features are the variables used to train a model and predict a target. In this work, the input features selected
were derived from the concentrations of 5 key dissolved gases obtained through DGA. The specific gases and their
significance are detailed in Table 1. The concentrations of these gases are measured in parts per million (ppm)
and served as the primary data points in numerical features for the machine learning model.

Output labels or target variables are values that a model aims to predict based on the input features. In this
work, the output label was the predicted transformer fault class based on the concentrations of the dissolved
gases. The model classified the fault into 1 of the 6 categories, each representing a specific type of fault or a no-
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fault condition. The output labels are presented in Table 2. T1 and T2 faults were combined into one fault class to
accommodate the fault classes of the ground truth data available, specifically from [20].

Table 1 Input features selected for the machine learning model

No. Dissolved Gas Significance

Methane is typically produced during low-temperature thermal

1  Methane (CH ; L . .
ethane (CH,) faults. Its concentration can indicate overheating of oil or paper.

Ethylene is generated during higher temperature thermal faults. Its
2 Ethylene (C;H,) presence suggests overheating of oil or paper. High levels of ethylene
can indicate severe thermal stress.

Acetylene is created from arcing in oil or paper at very high
3 Acetylene (C,H,) temperatures and high-energy discharges. Its detection is crucial for
identifying electrical faults such as arcing in oil or paper insulation.

Ethane is produced during low to moderate temperature thermal

4  Ethane (CzHg) faults. It often accompanies methane and ethylene, providing
additional information about the thermal condition of the
transformer.

Hydrogen is a general indicator of various fault types. Its presence in
5 Hydrogen (H,) significant quantities can signal the occurrence partial discharge and
electrical discharges.

Table 2 Output labels selected for the machine learning model

No. Fault Class Abbreviation
1  Discharges of Low Energy D1
2 Discharges of High Energy D2
3 Partial Discharge PD
4 Thermal Faults below 300°C (T1) and between 300°C and 700°C (T2) T1/T2
5  Thermal Faults above 700 °C T3
6  No Fault NF

2.2 Datasets

Datasets are required for training and testing of the machine learning model. In this work, the machine learning
models were exclusively trained and tested with 100% of ground truth datasets. Ground truth data represents the
actual outcomes, labels, or values that the model aims to predict. Ground truth data is essential in supervised
learning, where models are trained on input-output pairs. During training, the model learns patterns and
relationships in the input data to make predictions. Ground truth data provides the correct answers or target
values for the input data, allowing machine learning models to learn and improve their predictive capabilities.

A total of 639 ground truth datasets were sourced from [20], [21], [22], [23] and expert networks. These
transformers were either healthy for a year since the oil samples were taken or have encountered faults during
operation and have subsequently been taken out of service. They underwent visual inspection by experienced
engineers and maintenance experts, leading to the clear identification of the fault classes. The distribution of fault
classes is shown in Figure 2. The datasets were imbalance, for example, only 7% of the datasets were for PD, where
there was 23% for T1/T2. There was an attempt to address this issue via “oversampling” - a data preprocessing
technique, and the results were presented and discussed in the Section 3.3.
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NF, 18% D1,17%
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Fig. 2 Distribution of fault classes for ground truth datasets

2.3 Data Preparation

Data preparation involved transforming raw data into a suitable format for analysis and model training. There
were 2 steps in data preparation, first was data cleaning and transformation, second was data preprocessing. 5
data cleaning and transformation components in Microsoft Azure Machine Learning were applied to ensure that
the datasets meet the requirements of downstream components in the training pipeline in terms of data quality
and usability. Table 3 explains the data cleaning and transformation performed. Data preprocessing prepared the
data in a way that could enhance the performance of machine learning models. The data preprocessing applied in
this work were splitting data, oversampling and outlier treatment. The details are discussed in Section 3.

Table 3 Data cleaning and transformation

No. Component Description

Mark columns as features and indicate column that contains the

1 Edit metadata target variable

Replace diagnosis column indicating T1 and T2 fault classes with
T1/T2 fault class to be consistent with the selected output label

Remove rows containing T1/T2/T3, D1/D2 and DT as diagnosis
in the datasets, as these fault classes are not selected as output
labels for the machine learning model

Remove rows which are entirely identical to ensure that each row
is unique

5  Clean missing data Remove rows with missing values

2 Convert to dataset

3 Apply SQL
transformation

4  Remove duplicate rows

2.4 Machine Learning Model Selection

This research utilized the Microsoft Azure Machine Learning in transformer fault diagnosis. Microsoft Azure
Machine Learning is a cloud-based service which empowers users to construct, train, deploy, predict outcomes,
and cluster data through a user-friendly web browser [24]. A very important feature of Microsoft Azure Machine
Learning is its no-code web user interface, allowing business domain experts to train models on their data without
the need to write a single line of code. Multiclass classification was employed to identify transformer fault classes
based on dissolved gas composition. Random Forest, Gradient Boosting, and Logistic Regression were selected
due to their proven effectiveness in classification problems with tabular data.

2.5 Model Training

Training a model in Microsoft Azure Machine Learning began with setting up the workspace, which acted as a
central hub for managing all machine learning resources. The next step involved preparing the data by uploading
it to the workspace and ensuring it was clean and properly formatted for training. Once the data was ready, an
experiment was created in Microsoft Azure Machine Learning. A compute target was then selected for running the
pipeline steps. Each step could include data preprocessing, model training, and evaluation. The pipeline was then
submitted to Microsoft Azure Machine Learning, initiating the training process. Throughout this process, progress
could be monitored and logs viewed in Microsoft Azure Machine Learning to ensure everything runs smoothly.
The “Tune Model Hyperparameters” component in Azure Machine Learning was employed in this study to
systematically optimize the hyperparameters of model performance. It identified the combination of
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hyperparameters that yields the best model performance. Table 4 presents the parameters selected to execute
tuning. Random sweep was selected as the sweeping mode with a maximum of 200 runs. Accuracy is the metric
selected for evaluating the classification models. The default value of 9666613 was applied to seed the random
number generator.

Table 4 Parameters for hyperparameter optimisation

Parameter Selection for Execution

Sweeping Mode Random Sweep
Maximum Number of Runs on Random 200
Sweep
Random Seed 9666613
Metric for Measuring Performance for

e Accuracy
Classification

2.6 Model Evaluation

The performance of the machine learning models was evaluated using several key metrics, including accuracy,
false negatives, and the confusion matrix, with particular emphasis on false negatives due to their implications for
transformer operational risk. Stratified k fold cross validation was applied to ensure robust performance
assessment across imbalanced fault classes. The number of folds applied was 9 and the number of examples in
each fold was 64.

2.7 Model Deployment

Once machine learning models were trained and tested, they were deployed to production for inference. Inference
involved applying new input data to a machine learning model or pipeline to generate outputs, commonly referred
to as "predictions”. Deployment and retraining of the machine learning model via inference and training pipelines
in Microsoft Azure Machine Learning is illustrated in Figure 3.

Structured feedback mechanisms are critical to sustaining the long-term performance of Al systems. Regular
performance assessments, combined with input from relevant stakeholders, facilitate the identification of
necessary refinements and support continued optimal operation [25]. To continuously benchmark the
performance of the machine learning model, dissolved gas composition data can be systematically uploaded into
the Microsoft Azure Machine Learning inference pipeline. This data can be used to rapidly diagnose faults and
allow for immediate comparison with conventional diagnostic tools such as the Duval Triangle. Furthermore,
incorporating additional ground truth data into the Microsoft Azure Machine Learning training pipeline enables
the continuous retraining and improvement of the model. By regularly updating the model with new and accurate
data, the system adapts to evolving fault patterns and improves its diagnostic accuracy over time. This iterative
learning process ensures that the model remains robust and reliable, thereby providing consistent and high-
quality fault diagnosis for transformer maintenance.

For long-term deployment in industrial settings, it is essential to establish a robust model lifecycle plan. This
includes implementing a periodic retraining schedule, such as quarterly or bi-annually, based on newly acquired
DGA data to ensure the model adapts to evolving fault patterns. A data governance strategy should be enforced to
maintain data quality, consistency, and traceability. Additionally, integrating drift detection mechanisms can help
monitor model performance over time and trigger retraining when significant deviations in prediction accuracy
or data distribution are detected. These practices ensure the model remains reliable, accurate, and aligned with
operational realities.

To contextualize the ease of use and adoption potential of the developed models in Microsoft Azure Machine
Learning, Figure 4 presents the user interface in Microsoft Azure Machine Learning to make prediction with new
data via the inference pipeline.
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Fig. 3 Deployment and retraining of the machine learning model
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3. Results and Discussion

This section presents a comprehensive analysis of the machine learning models developed for diagnosing faults
in oil-filled transformers using Microsoft Azure Machine Learning. The performance of the base case and 3
experiments involving different data preprocessing methods are presented. The analysis of false negatives is
discussed, followed by the results of field trials which validated the models’ applicability in real-world conditions
and the rankings of feature importance analysis which measured how much each input feature contributed to the
model’s predictive performance. Finally, the limitations encountered in the study are presented.

3.1 Base Case

Base case refers to a standard or reference scenario against which other scenarios or variations are compared. It
serves as a control or benchmark to understand the impact of changes or interventions. Figure 5 presents the
performance of the 3 selected machine learning models, i.e. Random Forest (RF), Gradient Boosting (GB), and
Logistic Regression (LR), at base case. The train-test ratio used was 70:30 and no other pre-processing technique
was applied.

The Gradient Boosting model demonstrated the highest accuracy of 78.53%, resulting in 5 false negatives.
This performance was closely followed by the Random Forest model, which achieved an accuracy of 73.82% with
7 false negatives. The Logistic Regression model did not have any false negative, but the accuracy was very low at
35.08%. Duval Triangle’s accuracy is 68.06% with 11 false negatives. 70:30 train-test ratio was selected for the
base case as it was a common practice and industry standard in machine learning development due to its
effectiveness in various applications. It provided a good starting point for most machine learning tasks, widely
accepted and understood by practitioners. This ratio provided a balanced allocation of data between training and
testing, where the model had enough data (70%) to learn the underlying patterns and relationships and sufficient
data (30%) to evaluate the model’s performance and generalization ability. This ratio could detect and mitigate
overfitting, where the model learned the training data too well, including noise and outliers, which negatively
impacted its performance on new, unseen data. However, while the 70:30 ratio was common, it was not a one-
size-fits-all solution. In the subsequent section, the impact in varying the train-test ratio was investigated.

3.2 Varying Train-Test Ratio

The first preprocessing executed was splitting the data into training and testing using various ratios. The train-
test ratios were varied to investigate the impact on the performance of the machine learning models. The choice
of these split ratios was driven by the need to balance between having sufficient data for training the model and
enough data for testing to ensure reliable evaluation of its performance. A higher proportion of training data (e.g.
90:10) allowed the model to learn more from the dataset, potentially improving its accuracy and robustness.
However, it also reduced the amount of data available for testing, which could lead to less reliable performance
evaluation. Conversely, a lower proportion of training data (e.g. 60:40) provided more data for testing, offering a
more robust evaluation but potentially limiting the model's learning capability. By experimenting with different
split ratios, the research aimed to identify the optimal balance that maximizes model performance while ensuring
reliable evaluation.

Figure 6 presents the performance of the 3 machine learning models with different train-test ratios.
Increasing the training data did not uniformly improve accuracy across all models. Different models had varying
sensitivity to the amount of training data. For instance, ensemble methods like Random Forest and Gradient
Boosting could leverage more data to improve their predictions, while Logistic Regression might not see the same
level of improvement due to its simpler nature. Random Forest and Gradient Boosting were more complex and
could handle larger datasets better, reducing overfitting. However, simpler models like Logistic Regression might
not benefit as much from additional data if they were already capturing the underlying patterns well. Duval
Triangle’s performance consistently took the third place after Gradient Boosting and Random Forest. In this
experiment, the best accuracy was achieved by the Gradient Boosting model when the train-test ratio was 90:10
with an accuracy of 81.25% and 2 false negatives. This train-test ratio was used for the next 2 experiments.
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3.3 Oversampling

The second preprocessing method executed was oversampling to treat imbalanced data which might lead to poor
performance in predicting the minority classes. Oversampling increased the number of underrepresented cases
in the datasets. “Synthetic Minority Oversampling Technique” (SMOTE) was applied in this work. It was a
statistical method used to increase the number of cases in a dataset in a balanced manner. It increased the number
of rare cases and returns a dataset that contains the original samples, as well as a number of synthetic minority
samples equivalent to the number of observations from the imbalanced class.

Figure 7 compares the performance of the 3 machine learning models with and without oversampling. The
accuracy gain was negative for all models, indicating decrease in accuracy with oversampling. However, for
Gradient Boosting, there was a reduction in false negative from 2 to 1. Gradient Boosting trees grew in a sequential
fashion, with each new growth repairing the mistakes of the older one. Gradient Boosted trees performed well in
imbalanced circumstances because of their ability to concentrate on misclassified occurrences through sequential
learning. Random Forests were made up of many decision trees that had been trained using arbitrary subsets of
features and data. Random Forests improved generalization by reducing overfitting and strengthening robustness
against imbalanced datasets by mixing numerous trees. As such, oversampling did not have significant impact on
Gradient Boosting and Random Forest. Logistic regression assumed a linear relationship between the features
and the log-odds of the outcome. When the oversampled data introduced non-linearities or noise, the model might
struggle to fit the data accurately, resulting in worse performance. Duval Triangle’s performance was not impacted
in this experiment as oversampling of only applied to the machine learning models. The best accuracy was
achieved by the Gradient Boosting model, without oversampling, with an accuracy of 81.25% and 2 false negatives.

3.4 Outlier Treatment

An outlier is defined as an observation that lies an abnormal distance from the mass volume of the data. These
outliers might create bias in the diagnosis. Pre-processing the data with outlier treatment involved applying the
“ClipPeaks” function by specifying an upper boundary. Values greater than the boundary values were replaced
with the specified threshold value. This method ensured that extreme values are moderated without completely
removing the outliers, thereby retaining the essential variability in the data. The threshold values for each gas
type were determined with reference to [12], applying a factor of 20 to the upper range of typical gas
concentration values observed in power transformers. The upper boundaries for each input feature can be
referred in Figure 9 (after outlier treatment).

Figure 8 compares the performance of the 3 machine learning models with and without outlier treatment.
Outlier treatment uniformly improved accuracy across all models. Random Forest showed a notable improvement
in accuracy and reduction in false negatives with outlier treatment. Outliers could distort the decision boundaries
of the individual trees in the Random Forest, leading to less accurate predictions. By removing these outliers, the
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model could focus on the more representative data points, resulting in a more stable and accurate ensemble
prediction. Gradient Boosting’s accuracy gain was minimal, but the elimination of false negatives suggested that
outlier treatment helped the model better identify the minority class. Gradient Boosting built models sequentially,
where each new model aimed to correct the errors (residuals) of the previous model. Where outliers were present,
the residuals could become skewed as the model tries to fit these extreme values. Outlier treatment allowed the
residuals to become more representative of the actual patterns in the data. The model could better focus on
learning the true pattern including those of the minority class. There was substantial increase in accuracy for
Logistic Regression, but the increase in false negatives indicated a trade-off. Logistic Regression was particularly
sensitive to outliers because it relied on a linear decision boundary. Outliers could disproportionately influence
the model's coefficients, leading to poor performance. By removing outliers, the model's coefficients were not
skewed by extreme values, resulting in a more accurate model overall. While the overall accuracy improved, the
increase in false negatives suggested that the model might be overfitting to the majority class. This happened
because the model became less flexible in handling variations in the minority class after outlier removal.
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In this experiment, the best accuracy was achieved by the Random Forest model, with outlier treatment, with
an accuracy of 85.45% and no false negatives. It is crucial to note that, as the predetermined upper boundary
values were applied in the value clipping process, some datasets with different fault classifications (i.e. D2, T1/T2,
and T3) now had similar values across all 5 input features. This inconsistency could confuse the model, as identical
input feature values corresponded to different output fault classes. Such examples are shown in Figure 9.

To address this issue, all values equal to or exceeding the upper boundary across all 5 input features were
removed. This resulted in the elimination of 92 rows, reducing the dataset from 639 to 547 rows. While outlier
treatment might slightly improve accuracy of the best model (by approximately 0.04), it also led to significant data
loss. Consequently, the model might struggle to make accurate predictions if the test data fell outside the
established boundaries. As such, Gradient Boosting model without outlier treatment was still considered as the
best model. It was also observed that there was slight change in the accuracy of Duval Triangle due to removal of
rows.

3.5 False Negatives

As false negatives are costly errors in fault detection, this section takes a deep dive into the only 2 false negatives
produced by the best machine learning model, i.e. the Gradient Boosting model, with train-test ratio of 90:10,
without oversampling and outlier treatment. Table 5 presents the 2 datasets where the model failed to detect a
fault. A deep dive into these false negatives revealed that the dissolved gas concentrations for all 5 types of gases
were considerably low and did not meet the gas threshold for fault detection. The threshold was determined based
on the midpoint of the ranges of typical gas concentration values observed in power transformer in [12], except
for C2H2. This was because C2H2 is an indication of sparking discharges and arcs, which was not normally present.
As such, a low concentration would require attention and further investigation. Both the Gradient Boosting model
and conventional plotting of Duval Triangle 1 diagnosed these transformers as “No Fault,” whereas, in reality,
T1/T2 faults were observed when the transformers were de-energized and inspected. Although not ideal, the
consequence of the false negatives in this study was not considered as catastrophic since T1/T2 were considered
low risk faults where no immediate shutdown was required. The recommended action was more frequent
sampling and monitoring.

The Gradient Boosting model failed to detect faults in 2 datasets because the dissolved gas concentrations
were too low to meet the detection thresholds. There could be several possible reasons for the discrepancies: (1)
Fault Progression- It was possible that the faults in the transformers were in an early stage during the oil sampling,
making them less apparent. Over time, these faults might have progressed and became more evident during
subsequent inspections; (2) Sensitivity of diagnostic method- Different diagnostic tools and techniques have
varying levels of sensitivity. Duval Triangle 1 might not have been sensitive enough to detect the T1/T2 faults,
especially at early stage. Triangle 1 is known to be more sensitive to CH4 and faults T3; (3) External Factors-
External factors should not be discounted as potential influencers of diagnostic accuracy. Elements such as the
presence of Dibenzyl Disulfide (DBDS) in the oil, the age of the equipment, the manufacturers of both the
equipment and the oil, environmental conditions (e.g., temperature, humidity), and operational loading could
collectively introduce variability into the diagnostic process, potentially resulting in erroneous diagnoses.

Table 5 Datasets of false negatives predictions

Gas Concentration (pl/1) Fault Prediction
Machine
H2 CHa C2He C2Ha4 Cz2H: Learning Duval Triangle Ground Truth
Models
86 8 2.5 2.5 0 GB NF T1/T2
34 30 34 2.5 0 GB NF T1/T2
100 80 55 170 2 Threshold for Fault Detection

3.6 Field Trials

A field trial entails deploying the model and validating it with actual field data, which includes known faults. This
exercise aimed to assess the practicality and robustness of the model and to provide an opportunity to verify the
ease of model deployment, retraining and improvement. The best Gradient Boosting model, with train-test ratio
0f 90:10, without oversample and outlier treatment was selected for field trials.

The field trials were conducted using datasets from 4 failed transformers in different operating units in the
company. Table 6 presents the DGA datasets of the 4 transformers. From the forensic investigation, TR-1 had a
burnt connection at tap 4 connection 3 of the de-energized tap changer (DETC), with carbon particles present.
This was suspected to be due to a loose connection, which resulted in high resistance and caused a high-
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temperature thermal fault. This coincides with a T3 fault. TR-2 showed signs of arcing at the copper winding
between high voltage winding layers 20 and 21. Sulphur was detected on both the copper winding and the
insulation paper at layer 20. It is suspected that copper sulfide weakened the insulating paper, resulting in
electrical conductivity between the windings and ultimately causing a turn-to-turn fault, which fits the description
of a D1 fault. TR-3 exhibited visible burn marks on its paper insulation after the primary winding was removed.
The secondary winding showed slight deformation and burn marks on the frame, indicating D2 fault. TR-4
experienced an internal flashover due to the reaction between corrosive sulfur and a hotspot at aloose connection
in the red phase of the de-energized tap changer (DETC). This resulted in a high-temperature thermal fault and
the formation of carbon particles at the DETC, signifying T2 fault.

Table 7 shows the prediction results of the field trials. The results of Duval Triangle prediction were included
as well for comparison purposes. The models successfully predicted the faults correctly for all 4 transformers,
which were consistent with the forensic findings (ground truth). There was no false negative produced by the
Gradient Boosting model. This demonstrates the model's potential for integration into real-world transformer
health monitoring systems, providing accurate and timely diagnostics.

Table 6 Datasets for field trials
Gas Concentration (ul/1)

Tag
H> CH4 C2He C2H4 Cz2H2
TR-1 2241 9841 3724 10443 0
TR-2 85 62 8 64 86
TR-3 689 89 104 8 248
TR-4 156 508 129 424 0
Table 7 Results of field trials
Model Type TR-1 TR-2 TR-3 TR-4
Ground Truth T3 D2 D1 T2
Duval Triangle T3 D2 D1 T2
Gradient Boosting T3 D2 D1 T1/T2

3.7 Comparison with Recent Al-Based DGA Diagnosis Methods

A study is conducted to compare the proposed work against recent Al-based DGA diagnosis methods, considering
diagnostic accuracy, implementation platform, no-code or low-code approach, inclusion of no-fault classification,
false negative analysis and field validation. These aspects directly relate to the practical challenges faced by field
engineers, as discussed in Section 1.2. Table 8 presents comparison of this work with 20 published research works
from 2021-2026.

Most studies employed advanced Al techniques and often reported high diagnostic accuracy exceeding 90%.
These approaches were predominantly implemented using code-intensive platforms such as MATLAB or Python,
requiring specialized machine learning expertise. As a result, field engineers remain dependent on data scientists
for model development, tuning, and retraining, limiting adaptability when new fault data emerge. Majority studies
included a no-fault class to distinguish healthy transformers, but false negatives which represented missed fault
detections with direct implications for asset integrity and operational risk, were rarely analyzed or reported. Field
validation was also not commonly implemented.

In this work, a Gradient Boosting model developed using a no-code approach in Microsoft Azure Machine
Learning was presented as a practical alternative. Although the achieved accuracy is lower than some code-based
approaches, the model was trained using verified ground truth datasets and included explicit evaluation of false
negatives. The model was validated through field trials on failed transformers with known forensic outcomes. This
demonstrated a deliberate trade-off between prediction accuracy and practical usability, positioning the proposed
approach as a field-deployable diagnostic tool that directly addressed the operation needs of field engineers.
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Table 8 Comparison with recent Al-Based DGA diagnosis methods

Al Model Diagnosis Field Trial
No. Ref. Implemen- Diagnostic No-Fault False . Field
© ¢ Me{c\}]lo d tation E;)M(,:ggg/e Accuracy Class Negative Val;il(;;(:e d Data
Platform (%) Included Analyzed Size
MCSV Not
1 [16] M MATLAB No 88.9 No considered No -
IF & Not
2 [26] KNN Python No 88.0 Yes considered No -
Not
3 [27] BO-GB Python No 99.9 Yes considered Yes 5
4 [28] MNN  MATLAB No 96.0 No Not No .
considered
Not Not
5 [29] ANN disclosed No 99.0 Yes considered No i
Not Not
6 [30] SVM disclosed No 98.4 Yes considered No i
7 [31] DT SPINA No 99.4 No NOt No -
considered
RS & Not Not
8 [32] CART disclosed No 92.3 Yes considered No i
Not Not
9 [15] ~ MMNB disclosed No 85.7 Yes considered No i
RBPN
10 [33] N& . Not No 92.0 Yes Not No i
disclosed considered
SVM
Not Not
1 [34] SKFSF disclosed No oL.2 No considered No i
12 [35s] RFE Mot No 98.8 Yes Yes Yes 305
disclosed
13 [36] TMF MATLAB No 84.9 Yes NOt No -
considered
14 [37] ANFIS MATLAB No 82.1 Yes NOt No -
considered
Not Not
15 [38] FL disclosed No 65.3 No considered Yes 1
16 [39] BTC MATLAB No 99.5 Yes NOt No -
considered
17 [40]  ETC Not No 98.0 Yes Not No i
disclosed ) considered
Not Not
18 [41] RF disclosed No 97.0 Yes considered No i
19 [42] ANN  MATLAB No 85.0 Yes Not No i
considered
Not Not
20 [43] RE disclosed No 100 No considered No i
This work GB Azure ML Yes 81.25 Yes Yes Yes 4
Note:

MCSVM: Multi-Class Support Vector Machine;

IF: Isolation Forest;

KNN: K-Nearest Neighbor;

BO-GB: Bayesian Optimization-Based Gradient Boosting;
MNN: Middle Neural Network;
ANN: Artificial Neural Network;
DT: Decision Tree;
RS: Random Search;
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CART: Classification Regression Tree;

MMNB: Multi-Methods Naive Bayes;

RBPNN: Residual BP Neural Network;

SKFSF: Sequential Kalman Filter Sensor Fusion;
RFE: Recursive Feature Elimination;

TMF: Triangular Membership Functions;
ANFIS: Adaptive Neuro-Fuzzy Inference System;
FL: Fuzzy Logic;

BTC: Bagged Tree Classifier;

ETC: Extra Tree Classifier;

RF: Random Forest;

GB: Gradient Boosting.

3.8 Model Interpretability and Feature Contribution Analysis

While prediction accuracy is an important indicator of model performance, interpretability is equally important
for gaining the confidence of field engineers and supporting practical deployment. To better understand how the
best-performing Gradient Boosting model arrived at its predictions, model behavior was examined at a global
level using the Permutation Feature Importance component Microsoft Azure Machine Learning. It computed a set
of feature importance scores for the dataset.

Figure 10 shows the global feature importance ranking of dissolved gases from the Gradient Boosting model
in Microsoft Azure Machine Learning. C,H; and C,H, were the most influential input features across the different
fault classes, followed by CH,, C;Hg and H,. This ranking was consistent with established transformer diagnostic
practice in [11] and [12], where C;H; is commonly associated with high energy electrical discharges (D1/D2),
while elevated levels of C,H, are indicative of high-temperature thermal faults (T2/T3). In comparison, CH, and
C,H¢ showed moderate influence and were particularly relevant for distinguishing low-temperature thermal
faults (T1/T2) from normal operating conditions. Lastly, H,, being a broad indicator across multiple fault types,
carried lower global feature importance score in the model.

Feature Importance (Relative Score)

. N 25125
czne N 02375

Dissolved Gas Features

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

Fig. 10 Global feature importance ranking for the Gradient Boosting model

Overall, the relative importance of the dissolved gases aligned well with conventional dissolved gas analysis
principles, suggesting that the model has learnt diagnostically meaningful patterns rather than relying on
incidental correlations, supporting confidence in its use for field diagnosis.

3.9 Limitations

One of the primary challenges faced in this study was the availability and quality of data. Machine learning models
require substantial volumes of high-quality data for effective training and validation. Ground truth data, being the
most accurate and reliable, is ideal for this purpose. However, acquiring such data can be difficult and expensive.
The ground truth datasets used in this study were sourced from various publications and expert networks, but
the amount and diversity of the data were sometimes lacking. Due to data unavailability, it was also not feasible
to develop a machine learning model which could also distinguish arching fault in paper (which signified high
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consequence fault) and oil. The issue of imbalanced data was a significant challenge in this study. Certain fault
classes were underrepresented in the dataset, which could bias the model towards the majority classes.

Oversampling technique like SMOTE was applied to address this issue, but it led to a decrease in model
accuracy. Balancing the dataset without introducing noise or overfitting remained a delicate task. Model
interpretability was addressed at a global level through feature importance analysis and alignment with
established dissolved gas-fault relationships. It answered which gases are generally most important for fault
diagnosis. However, instance-level explainability, which answers why this transformer is classified as this fault,
was beyond the scope of this study. While the field trials provided valuable insights into the model's performance
in real-world conditions, they were limited by the number of transformers tested. The results were promising, but
a larger sample size would be necessary to fully validate the model's robustness and reliability. Additionally, the
field trials were conducted within a specific operational context, which might not fully represent the diversity of
conditions encountered in different industries and environments.

4. Conclusion

This research successfully addressed the critical need for a more accurate, efficient, and accessible method of
transformer fault diagnosis based on dissolved gas composition. The Gradient Boosting model consistently
demonstrated superior performance, achieving the highest accuracy and lowest false negatives across
experiments using various preprocessing techniques, including variation of train-test ratio, oversampling and
outlier treatment. It outperformed both Random Forest and Logistic Regression models, as well as the
conventional Duval Triangle method. Field trials validated the model’s robustness in real-world conditions, with
successful fault predictions for all tested transformers. These results highlight the model’s practical applicability
and reliability in operational environments. The deployment framework in Microsoft Azure Machine Learning
further supported continuous improvement through retraining pipelines, enabling the model to adapt to evolving
fault patterns and maintain diagnostic accuracy over time. Model interpretability was addressed through feature
importance analysis at a global level and alignment with established dissolved gas-fault relationships, providing
transparency into the model’s fault classification. This could help to build trust with domain users and improve
field acceptance.

By integrating machine learning techniques with a no-code methodology, the study empowered field
engineers to independently create, train, and deploy models without requiring programming expertise or reliance
on data scientists. This provided greater autonomy, accelerated innovation, and enhanced maintenance strategies.
The ability to differentiate between healthy and faulty transformers while precisely identifying fault types and
severity contributed to optimized operational efficiency and system reliability. Additionally, the proposed
framework demonstrated strong scalability potential. Its modular design allowed for seamless extension to other
electrical assets such as switchgears, generators, and cables. With tailored input features and output fault classes,
engineers could rapidly develop high-performing diagnostic models across diverse asset types.

Future work could focus on expanding access to larger and diverse datasets with verified ground truth to
improve model generalization. With sufficient data, the model can be expanded to distinguish more specific faults,
such as arching faults in paper and oil. Advanced resampling techniques, such as Adaptive Synthetic Sampling
(ADASYN) could be explored to better address class imbalance and improve minority fault classification
performance. The model interpretability could be extended by incorporating instance-level explainability
techniques, such as Shapley Additive Explanations (SHAP), to quantify each input feature’s contribution to a
prediction. This would enable engineers to understand the specific role of each dissolved gas for a given
transformer, supporting more informed decision making in critical maintenance and risk management scenarios.
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