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Abstract

Substantial capital investments in vital assets, particularly power transformers, necessitate the application of precise
diagnostics. These diagnostics are crucial for assessing performance, identifying potential issues, and ensuring these
assets' long-term operational and maintenance efficiency. The primary objective is proactively mitigating asset failure
risk and the subsequent need for costly replacements. In recent years, significant progress has been made in developing
Al models for fault classification, primarily leveraging machine learning methodologies. However, a notable
characteristic of many machine learning approaches is their inherent black-box nature, which limits their
interpretability. The opacity of these models necessitates adopting Explainable Artificial Intelligence (XAI)
techniques to elucidate their decision-making processes. In this study, we have explored the application of various
machine learning algorithms, including Support Vector Machines (SVM), k-nearest Neighbors (KNN), Random
Forest (RF), eXtreme Gradient Boosting (XGBoost), and Artificial Neural Networks (ANN), for fault classification.
Among these models, the Random Forest algorithm yielded the most promising results. We applied XAl approaches
to enhance our understanding of its decision-making mechanisms and facilitate better-informed decision-making.
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1. Introduction

Fault detection and diagnosis in transformers are crucial for maintaining and managing power systems. Transformers
are critical for power distribution, and any problem can cause power disruption, equipment damage, and human safety
risks (Sharma et al. 2011; Faiz and Soleimani 2018). Therefore, it is essential to find and understand the issues to
prevent failures to keep the power system running smoothly. Earlier, Transformer Fault Diagnosis depended on visual
examinations, electrical assessments, and hands-on approaches (Stone 2005). These approaches require a significant
amount of time and money, and they may not always be successful in identifying potential problems or assessing a
transformer's condition. Al approaches have been recognized as a promising strategy in transformer fault diagnosis.
These approaches can analyze complex datasets and identify trends and abnormalities that may indicate transformer
faults (Li et al. 2022; Wang et al. 2023).

For better accuracy in fault diagnosis, complex machine-learning approaches are frequently used. As the complexity
of machine learning algorithms increases, they tend to behave like "black boxes," making them less transparent. When
we give inputs to the algorithm, it provides the outputs, but without a clear understanding, the algorithm's inner
workings remain hidden (Matzka 2020). In this situation, Explainable AI (XAI) becomes helpful. XAl improves the
transparency and interpretability of machine learning models. In the context of power transformer fault diagnosis,
XAl is also crucial. It gives us confidence in the model's decisions and helps us understand why the model chose a
particular choice. This transparency is critical because it helps us detect and treat transformer issues early on,
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improving power system reliability. As a result of using XAI, power transformer fault classification can be improved
by making it more accurate, transparent, and proactive in maintenance.

1.1 Objectives
The research's objectives unfold as follows:
e To develop a precise fault diagnosis system for power transformers using machine learning algorithms.
e Implement Explainable Al (XAI) techniques to enhance interpretability and assess their feasibility in the
context of power transformer fault diagnosis.

The article is organized as follows: Section 2 begins with a relevant literature review. The dataset is explained in detail
in Section 3. The methodology is outlined in Section 4, which discusses several machine learning models and XAI
methodologies. Results and discussion are presented in Section 5. In Section 6, the study concludes with a summary
of the essential findings and their implications.

2. Literature Review

Artificial intelligence algorithms have found widespread use in transformer fault diagnostics, producing impressive
results. These methods are appropriate for dealing with complex issues such as transformer fault diagnosis because
they address broader problem descriptions, which usually lack specific structural information. Al examines sensor
data for patterns and irregularities that may indicate a problem. Many studies have found that machine learning, in
particular, is effective at identifying transformer faults. Tamilselvan and Wang (2013) proposed an approach for health
diagnosis using a deep belief network (DBN) with multiple sensors. Fei and Zhang (2009) introduced a combination
of SVM and genetic algorithm (GA) for power transformer fault diagnosis. GA was used to optimize the hyper-
parameters of SVM. Yang et al. (2019) proposed a combination of probabilistic neural network (PNN) and bat
algorithm (BA) to improve the diagnosis performance of power transformers. Malik et al. (2020) introduced an
intelligent classifier for detecting early-stage faults in power transformers based on fuzzy reinforcement learning (RL).

Li et al. (2018) utilized the Cuckoo Search (CS) algorithm to enhance the performance of fault diagnostics models for
power transformers by optimizing the Back-propagation (BP) neural network. Islam et al. (2017) employed the k-
nearest neighbor (KNN) algorithm to index the three nearest clusters from an unfamiliar data point related to a
transformer. This approach facilitates cluster voting to determine one or more fault categories. Luo et al. (2022)
introduced a fault diagnosis approach for power transformer fault detection, which relies on canonical Variate Analysis
and support Vector Machine (CVA-SVM). Prasojo et al. (2023) created an accurate model for fault identification
using machine learning. This model utilizes the random forest algorithm along with the synthetic minority over-
sampling technique (SMOTE) preprocessing method. Li et al. (2023) introduced a novel method for diagnosing faults
in dry-type transformers using vibration signals. An enhanced Convolutional Neural Network (CNN) model was
formulated to recognize faults in transformer images. Subsequently, the CNN model, as proposed, was trained and
tested using the gathered data, and its optimal structure and hyper parameters were determined.

3. Dataset description

Power transformers are critical in the electrical power system, facilitating efficient energy transmission and
distribution. Although power transformers are renowned for their reliability, they remain susceptible to failures from
various factors within the transformer or external influences. These potential contributors to severe transformer
breakdown can generally be categorized into two significant groups:

1. Mechanical Failure: This encompasses issues related to the physical components and structure of the
transformer.

2. Dielectric Failure: These failures are linked to problems in the insulating materials used within the
transformer.

A comprehensive dataset was collected using Internet of Things (IoT) devices to research power transformer health
monitoring and fault detection (shreshtal40, n.d.). The dataset covers the period from June 25, 2019, to April 14,
2020, with data updates every 15 minutes. Measurements from various sensors that monitor vital parameters such as
phase voltages, current, temperature, and other critical operational variables are included in the dataset. To aid clarity,
the abbreviations of these sensors, as well as their full names, are listed in table 1 below:
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The phase line is critical for monitoring the electrical potential or voltage at the transformer's first phase, which is
necessary for maintaining a balanced and stable power supply. The current line is responsible for measuring current
levels. It assists in assessing the transformer's electrical load, which is critical for ensuring that it operates within its
designed capacity and does not overload, which can result in overheating and damage. The oil temperature indicator
is a sensor that measures the temperature of the insulating oil in the transformer. Oil temperature monitoring is critical
because it can indicate abnormal heating within the transformer, which could be caused by overloading or
malfunctioning components. The oil level indicator monitors the insulating oil level within the transformer.
Maintaining the oil level is essential for effective cooling and insulation. Deviations in oil levels can signify leaks or
other problems that need attention. An oil temperature indicator alarm is associated with the oil temperature indicator.
It is triggered when the measured oil temperature surpasses a predefined threshold, alerting operators to potential
overheating issues. The oil temperature indicator trip mechanism is related to the oil temperature indicator. When
activated, it indicates that the oil temperature has exceeded a critical limit, which may necessitate shutting down the
transformer to prevent further damage. These sensors collectively contribute to the ongoing health monitoring of the
transformer, helping to prevent faults, improve safety, and ensure reliable power distribution.

Table 1. Sensor abbreviations and descriptions

Sensor Abbreviation Full Sensor Name

VLI Phase Line 1

VL2 Phase Line 2

VL3 Phase Line 3

IL1 Current Line 1

L2 Current Line 2

IL3 Current Line 3

VLI2 Voltage Line 1 2

VL23 Voltage Line 2 3

VL31 Voltage Line 3 1

INUT Neutral Current

OTI Oil Temperature Indicator

WTI Winding Temperature Indicator
ATI Ambient Temperature Indicator
OLI Oil Level Indicator

OTI A Oil Temperature Indicator Alarm
OTL T Oil Temperature Indicator Trip
MOG A Magnetic Oil Gauge Indicator

The dataset comprises sensor readings, including '"WTL' 'OTL_A,' 'OTL _T,' and ™MOG_A.' These sensors provide
binary indications, with '0' representing normal data and 'l' indicating faulty data. To transform the problem into a
binary classification task, a new column, "Faulty Transformer," was introduced. If any of the four sensors detect a
fault, the entry is marked as "Yes," signifying a faulty transformer. Conversely, if all four sensors report normal
behavior, the label is "No," indicating a healthy transformer. Subsequently, the original four sensor columns were
removed. Following this initial data manipulation, standard data preprocessing techniques, such as standard scaling,
were applied to prepare the dataset for model input. This meticulous data preparation and transformation process
enhances the dataset's suitability for robust model training and analysis within the context of transformer health
diagnosis.

4. Methodology

This section describes the methodology used to analyze and diagnose power transformer health using the Al
Transformer Monitoring Dataset. As described in the preceding section, the dataset provides valuable insights into
transformer performance through a series of sensor readings with binary indications of normal and faulty states. We
begin with precise data preprocessing to ensure that the dataset is suitable for training and evaluating machine learning

© IEOM Society International 133



Proceedings of the 14" Annual International Conference on Industrial Engineering and Operations Management

models. Standard scaling was applied to normalize the feature values and bring them to a uniform scale, minimizing
the impact of varying measurement units and enhancing model convergence.

Given the binary nature of the sensor data, we transformed the problem into a binary classification task. Four key
sensors ("WTL' 'OTL_A,' 'OTI T, and 'MOG_A") were selected. For each data point, if these sensors reported a 'l,’
indicating a fault, the corresponding label was "Yes" to signify a faulty transformer. Conversely, if all four sensors
registered '0,' exhibiting normal behavior, the label was marked as "No" to denote a healthy transformer. These labels
were used as the ground truth for model training and evaluation.

4.1 Machine Learning Models: We leveraged a selection of machine learning algorithms to perform the
transformer health diagnosis. The following models were employed:

e Support Vector Machine (SVM): SVM is a robust classification algorithm known for its versatility in
handling linear and non-linear data. It was applied to classify transformers as "Faulty" or "Healthy" based on
the transformed labels.

e Random Forest: Random Forest is an ensemble learning method that combines multiple decision trees to
improve classification accuracy. It was utilized to capture complex relationships within the dataset.

e k-Nearest Neighbors (KNN): KNN is a simple yet effective classification algorithm that assigns labels based
on the majority class of its nearest neighbors. It was employed to determine transformer health.

o cXtreme Gradient Boosting (XGBoost): XGBoost is a gradient-boosting algorithm known for its high
performance. It was harnessed to model the transformer health classification task.

o Artificial Neural Network (ANN): ANN, a deep learning approach, was applied to capture intricate patterns
in the data by utilizing multiple layers and neurons.

4.2 Model Evaluation: Various evaluation metrics were used to assess model performance, such as accuracy,
precision, recall, and F1-score.

4.3 Explainability Methods - LIME and SHAP: Two XAI approaches are used to interpret models' decision-
making processes and recognize the key factors influencing their predictions: LIME (Local Interpretable Model-
Agnostic Explanations) and SHAP (SHapley Additive exPlanations). LIME provides local, instance-specific
explanations, whereas SHAP offers a global view of feature importance. These explainability tools are critical in
simplifying the models' inner workings, giving transparency and valuable insights for model validation and improved
decision support.

The methodology described above employs a variety of machine learning algorithms to provide a comprehensive
approach to transformer health diagnosis. These models and detailed preprocessing steps are critical in accurately
classifying transformers as faulty or healthy, contributing to the power transformer health assessment field.

5. Results and Discussion

In this section, we present the results of our transformer fault classification models and delve into the insights provided
by local and global explainability techniques. Our methodology incorporated various machine learning algorithms,
with the Random Forest model emerging as the top performer, as evident in Figure 1. The precision, recall, and F1-
score values for the "No Fault" and "Fault" categories are notably high, reflecting the model's accuracy and
effectiveness. The "No Fault" category demonstrates a precision of 0.96, a recall of 0.92, and an F1-score of 0.94. The
"Fault" category exhibits a precision of 0.86, a recall of 0.93, and an F1-score of 0.90. Overall, the model achieved an
impressive accuracy of 92%, further reinforcing its ability to discern between healthy and faulty transformers
accurately. These results indicate the model's robustness in transformer fault classification, holding significant promise
for real-world power system maintenance and reliability applications.
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5.1 Local explanation using LIME
We offer a detailed glimpse into the decision-making process of the Random Forest model through a local explanation
using a random sample. The local explanation provides insights into the model's prediction probabilities for both "No
Fault" and "Fault" labels, shedding light on the key features and their respective values that drive these predictions.
For example, for a specific data point, the model assigns a probability of 0.82 for "No Fault" and 0.18 for "Fault,"
guided by particular feature values in Figure 2.
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5.2 Global explanation using SHAP

The SHAP (SHapley Additive exPlanations) method is implemented for a comprehensive understanding of feature
importance. SHAP offers a global view of feature importance, revealing the impact of each feature on model
predictions in Figure 3. Notably, the features 'OLI' (Oil Level Indicator), 'VL23' (Voltage Line 2-3), and 'OTT' (Oil
Temperature Indicator) displayed the highest mean SHAP values. These features are pivotal in the model's decision-
making process, indicating their significance in transformer fault classification.
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Figure 3. Global feature importance based on the SHAP values

To provide visual insights into the impact of feature values, a BeeSwarm SHAP plot is generated, as shown in Figure
4. In this plot, blue signifies low feature values, while red corresponds to high ones. The x-axis depicts SHAP values.
This visualization enables a clear understanding of how feature values influence model predictions, highlighting the
varying degrees of importance. In the real world, features such as 'OLI,' 'VL23,' and 'OTI" hold substantial importance
in transformer fault classification. For instance, 'OLI' is critical for monitoring oil levels ensuring proper cooling and
insulation. 'VL23' is instrumental in assessing voltage stability, while 'OTI' provides insights into oil temperature,
which can indicate potential overheating.
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6. Conclusion

In this study, we have explored the application of various machine learning algorithms for transformer fault diagnosis,
explicitly focusing on enhancing the interpretability of the algorithms. The results demonstrate that the random forest
excelled compared to other algorithms, demonstrating its effectiveness in accurately classifying transformer health.
The high precision, recall, and Fl-score values for both the "No Fault" and "Fault" categories underscore the
robustness of the Random Forest model. Through local explanations, we gained valuable insights into the model's
decision-making process for individual data points. Specific features and their values were examined to understand
their influence on predictions. Furthermore, we employed global explanation techniques such as SHAP (SHapley
Additive exPlanations) to understand feature importance at a broader scale. Notably, features like 'OLI' (Oil Level
Indicator), '"VL23' (Voltage Line 2-3), and 'OTI' (Oil Temperature Indicator) were identified as significant factors in
transformer fault classification. XAl techniques like SHAP and LIME enhance the transparency of complex machine
learning processes, fostering trust and confidence in Al-driven decision-making. Applying XAl techniques is vital for
ensuring the reliability and safety of power systems.

In conclusion, our research provides a data-driven approach to preventing failures and improving power transformer
reliability. Machine learning algorithms, interpretability techniques, and domain-specific knowledge work well to
enhance transformer fault diagnosis and maintenance practices. As the power sector continues to evolve, integrating
Al and XAI will be pivotal in ensuring the stability and efficiency of power distribution systems. As we look to the
future, several exciting avenues exist for further research and development in transformer fault diagnosis. One of the
promising directions is the exploration of ensemble models and hybrid approaches. These ensemble models can
effectively capture diverse patterns in the data, leading to improved diagnostic accuracy. A wealth of XAl techniques
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beyond SHAP and LIME warrant exploration, such as Integrated Gradients, DeepLIFT, and Counterfactual
Explanations, each offering unique insights into the model's behavior and opportunities for enhancement.
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