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Abstract: Power transformers are high-value grid assets whose failure can cause service interruption, safety risk, and high replacement cost. 
This paper develops a machine learning-based predictive maintenance framework that uses dissolved gas analysis, thermal measurements, 
loading history, moisture indicators, vibration features, partial-discharge indicators, and maintenance records. Actual model training was 
carried out on a controlled 6667-record secondary-data benchmark prepared from published transformer diagnostic and predictive-
maintenance data structures. A late-fusion XGBoost-LSTM model was evaluated against SVM, Random Forest, XGBoost, and LSTM 
baselines. The proposed model achieved 97.2% test accuracy, 96.6% macro-F1, 2.41 health-index mean absolute error, and 93.8% remaining 
useful life band accuracy on the independent test set. The framework converts heterogeneous transformer condition data into fault class, 
health index, remaining useful life band, and maintenance priority level for utility decision support. 

Keywords:  Dissolved gas analysis, health index, machine learning, power transformer, predictive maintenance, remaining useful life, sensor 
data, smart grid. 

 

I. INTRODUCTION 

Power transformers are central components in transmission and distribution networks because they enable voltage 
transformation, network interconnection, load transfer, and reliable delivery of electricity. Their failure can interrupt supply, 
damage nearby equipment, reduce system stability, and create high repair or replacement cost. Transformer degradation is 
usually caused by the combined effect of thermal stress, electrical stress, mechanical vibration, moisture, insulation ageing, oil 
contamination, partial discharge, and overloading. 

Traditional maintenance practices are dominated by corrective maintenance, fixed periodic inspection, and condition-based 
maintenance. Corrective maintenance is reactive and exposes utilities to unplanned outages. Fixed periodic maintenance may 
replace or inspect components too early. Condition-based maintenance improves asset management, but it may still depend on 
threshold rules that do not capture complex multivariate patterns. Machine learning offers a better way to learn hidden patterns 
from sensor data and maintenance records. 

The availability of dissolved gas analysis (DGA), oil temperature, winding temperature, load current, voltage, vibration, 
moisture, pressure, acoustic emission, and partial-discharge measurements provides a basis for predictive maintenance. These 
variables provide complementary evidence of transformer condition. DGA indicates thermal and electrical faults in oil and 
insulation. Thermal and load data indicate operating stress. Moisture and oil-quality measurements indicate insulation 
weakness. Vibration and acoustic features indicate mechanical looseness and winding deformation. 

This paper presents a practical predictive maintenance framework that converts multi-source transformer sensor data into four 
utility-oriented outputs: fault class, transformer health index, remaining useful life band, and maintenance priority level. The 
study focuses on a transparent machine learning workflow that can be reproduced with DGA records, thermal measurements, 
loading history, moisture indicators, vibration features, partial-discharge indicators, and maintenance logs. 
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A. Research Problem 

Unexpected transformer failures remain difficult to prevent because early-stage degradation may be weak, multivariate, and 
intermittent. Single-source diagnostic systems can miss developing faults when one measured variable is still within an 
acceptable range. Utilities also need more than a fault label. They need a health score, a remaining useful life band, and a 
recommended maintenance action. Therefore, a sensor-driven predictive maintenance system should integrate several 
condition indicators and translate model outputs into clear operational decisions. 

B. Aim and Contributions 

The aim of this paper is to develop and evaluate a multi-source machine learning framework for predictive maintenance of 
power transformers. The main contributions are as follows: 

i. A layered predictive maintenance architecture is proposed for integrating transformer sensors, SCADA, asset records, 
machine learning prediction, and maintenance decision support. 

ii. A hybrid XGBoost-LSTM model is formulated to combine static asset indicators, slow condition-monitoring 
variables, and time-series sensor windows. 

iii. Actual model training is carried out on a 6667-record controlled secondary-data benchmark prepared from published 
transformer predictive-maintenance and DGA fault-diagnosis data structures. 

iv. The benchmark construction, class labels, training split, augmentation policy, hyperparameter tuning, and 
repeatability testing are described to improve experimental transparency. 

v. Maintenance decision levels are linked to predicted health index, fault probability, and remaining useful life band, 
thereby translating model outputs into utility actions. 

II. LITERATURE REVIEW 

DGA remains one of the most widely used diagnostic tools for oil-immersed transformers because abnormal thermal and 
electrical activities produce characteristic gases in transformer oil. IEEE Std C57.104-2019 provides guidance for interpreting 
gases generated in mineral oil-immersed transformers [1]. Machine learning studies have extended this rule-based 
interpretation by using data-driven classifiers and ensemble learning models. 

Liu et al. proposed a correlation coefficient-DBSCAN approach for DGA-based fault diagnosis and showed that clustering can 
improve the interpretation of correlated gas patterns [2]. Taha et al. developed a convolutional neural network for transformer 
fault diagnosis under noisy DGA measurements and demonstrated that deep learning can improve robustness when gas 
readings contain uncertainty [3]. Wang et al. proposed a TPE-XGBoost method for transformer fault diagnosis with incomplete 
data, which is relevant because real transformer records are often sparse or partially missing [4]. Sutikno et al. used machine 
learning-based multi-method interpretation to enhance DGA diagnosis [5]. 

Predictive maintenance extends beyond fault classification because utilities require asset-level decision support. Bravo et al. 
published a dataset of distribution transformers for predictive maintenance, which supports repeatable evaluation of 
transformer maintenance methods [6]. Vita et al. presented a predictive maintenance approach for distribution system operators 
to improve transformer reliability [7]. Chintia et al. studied power transformer insulation health index prediction with missing 
data using Random Forest [8]. Arsya et al. integrated conventional and machine learning techniques for transformer health-
index analysis [9]. Recent review and application studies confirm the continued relevance of machine learning, ensemble 
models, and interpretable approaches in DGA-based transformer diagnosis and health prediction [10]-[14]. 

Recent studies may be grouped into five streams. The first stream uses DGA for fault diagnosis because hydrogen, methane, 
ethane, ethylene, acetylene, carbon monoxide, and carbon dioxide provide strong evidence of thermal, discharge, and 
insulation-related faults. The second stream applies machine learning to transformer health-index estimation by combining 
DGA, oil quality, loading, age, and maintenance indicators. The third stream studies remaining useful life prediction, where 
historical trend behavior is more important than one-time sensor values. The fourth stream combines several sensor families, 
including DGA, temperature, moisture, vibration, and partial-discharge signals, for broader asset condition assessment. The 
fifth stream introduces interpretable machine learning so that maintenance engineers can understand why a transformer is 
classified as normal, warning, serious, or critical. 

A. Research Gap 

Existing work has achieved useful progress, but four gaps remain. First, many studies still rely mainly on DGA and do not 
fully integrate thermal, load, moisture, vibration, and partial-discharge indicators. Second, some models report fault labels 
without converting the result into a practical maintenance action. Third, several studies present high accuracy but provide 
limited information about data preprocessing, validation, repeatability, and benchmark construction. Fourth, many predictive 
maintenance studies do not explain how the result can be integrated into SCADA, asset management, and field inspection 
workflows. This paper addresses these gaps by presenting a multi-source framework, an actual model-training procedure, and 
maintenance decision levels that are linked to model outputs. 
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B. Fault Detection, Classification, and Ablation Analysis 

The proposed hybrid model achieved the highest performance because the XGBoost component captured nonlinear relations 
among gas concentrations, gas ratios, temperature stress, and moisture, while the LSTM component captured temporal changes 
in loading, temperature, gas generation, and vibration indicators. Across five independent runs, the proposed hybrid model 
achieved 97.2% accuracy with a standard deviation of 0.4 percentage points and 96.6% macro-F1 with a standard deviation of 
0.5 percentage points. XGBoost achieved 96.1% accuracy with a standard deviation of 0.5 percentage points. The 
improvement is modest, but it is consistent across runs and technically reasonable. 

The ablation results are presented in Table V and it shows that each part of the proposed framework contributes to the final result. The 
fused model improves classification and health-index prediction compared with the separate branches. The risk-score layer improves the 
practical maintenance output by linking fault probability, health index, and remaining useful life band.  The test-set confusion matrix is 
presented in Table VI. The confusion matrix in Table VI contains 1000 final test records and 972 correct predictions, which is 
consistent with the reported 97.2% accuracy. Most remaining errors occurred between neighboring condition levels, especially 
warning and serious, or serious and critical. This pattern is expected because transformer degradation is gradual and the 
boundary between adjacent maintenance states may be narrow. 

 

Table V. Ablation analysis of the proposed hybrid framework. 

Model variant Accuracy 
(%) 

Macro-F1 
(%)

HI MAE RUL band 
accuracy (%) Interpretation 

XGBoost only 96.1 95.4 2.89 92.1 Strong tabular baseline 
LSTM only 95.3 94.7 3.07 91.7 Captures temporal trends 

XGBoost-LSTM without risk layer 96.8 96.1 2.55 93.0 Fusion improves prediction 
Full XGBoost-LSTM with risk 

layer 97.2 96.6 2.41 93.8 Best overall balance 
 

Table VI. Confusion matrix of the proposed hybrid model on the test set. 

Actual condition Predicted normal Predicted warning Predicted serious Predicted critical
Normal 288 4 0 0 
Warning 5 259 5 1 
Serious 0 6 228 6 
Critical 0 0 1 197 

 

C. Health Index and RUL Band Prediction 

The proposed model was also evaluated for health-index regression and remaining useful life band prediction after the 
classification stage. Health index was scaled from 0 to 100. RUL was grouped into four maintenance-oriented bands: high 
RUL above 5 years, medium RUL from 3 to 5 years, low RUL from 1 to less than 3 years, and urgent RUL below 1 year. 
These bands were used because maintenance planning often requires clear action categories rather than exact life values. The 
health-index and RUL band results are presented in Table VII. 

Table VII. Health-index and RUL band prediction results. 
Model HI MAE HI RMSE RUL band accuracy (%) Comment 

Random Forest 3.42 4.36 90.5 Stable and interpretable, but less sensitive to trend sequence
XGBoost 2.89 3.67 92.1 Strong tabular model with good handling of nonlinear DGA patterns

LSTM 3.07 3.91 91.7 Good for trend signals, weaker for sparse asset variables

Proposed hybrid 2.41 3.12 93.8 Best balance of tabular condition features and temporal trend 
information 

 

D. Feature Importance Analysis 

Feature importance indicates that DGA gases remain dominant, especially acetylene, hydrogen, carbon monoxide, and 
ethylene. These gases are associated with electrical, thermal, and insulation-related faults. Temperature rise, moisture, 
vibration, and partial-discharge indicators also contribute because they show the operating stress and degradation path of the 
transformer. The normalized importance ranking is shown in Fig. 5. 
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an independent 1000-record test set used for final evaluation. The proposed late-fusion XGBoost-LSTM model achieved 
97.2% test accuracy, 96.6% macro-F1, 2.41 health-index MAE, and 93.8% RUL band accuracy. More importantly, the 
framework converts heterogeneous transformer condition data into fault class, health index, RUL band, and maintenance 
priority level. It is therefore most useful as a utility decision-support layer for inspection planning, maintenance prioritization, 
and intervention scheduling. 

VII. FUTURE WORK 

Future work should validate the framework on real utility transformer fleets with online sensor feeds, maintenance work 
orders, and confirmed fault events. Additional research should include uncertainty-aware prediction, explainable artificial 
intelligence dashboards, domain adaptation across transformer ratings, and continuous learning under sensor drift. Field trials 
should also evaluate how the proposed risk score affects outage planning, spare-part management, inspection scheduling, and 
transformer replacement decisions. 
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