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Transformer health condition assessment is essential for improving the reliability 

of electric power distribution networks. This paper presents a feature-im-

portance-based machine learning framework for classifying the health condition 

of oil-immersed distribution transformers using routine oil-test data. The dataset 

contained 3,373 cleaned diagnostic records after removing exact duplicates and 

incomplete key identifiers. Thirteen diagnostic inputs were used, including dis-

solved gas analysis variables, dielectric breakdown strength, moisture, neutrali-

zation value, interfacial tension, color and 2-furfural. The continuous transformer 

health index was converted into five practical classes: Good, Acceptable, Need 

Caution, Poor and Critical. Seven classifiers were compared using an 80:20 strat-

ified train-test split, namely logistic regression, k-nearest neighbours, support 

vector machine, multilayer perceptron, random forest, extra trees and gradient 

boosting. The best model was Gradient Boosting, which achieved 85.04% accu-

racy and 0.851 weighted F1-score on the independent test set. Feature importance 

analysis indicated that 2-furfural was the most influential diagnostic variable, 

followed by dissolved gas indicators such as C2H2, C2H4, C2H6 and CH4, as 

well as oil-quality variables including dielectric breakdown strength, interfacial 

tension, neutralization value and moisture. The results show that machine learn-

ing can provide a practical decision-support layer for rapid transformer health 

screening and maintenance prioritization. 

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, 

see https://creativecommons.org/licenses/by/4.0/ 
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Introduction: 

Oil-immersed distribution transformers are critical assets in 

electric power networks because their failure can interrupt 

supply, increase maintenance expenditure, and reduce ser-

vice reliability. Diagnostic oil testing is widely used be-

cause the insulation system retains chemical and electrical 

signatures of thermal, electrical, and ageing processes. Dis-

solved gas analysis (DGA), oil quality analysis (OQA) and 

furan analysis (FA) are therefore central to condition-based 

maintenance programmes for transformer fleets [1-7]. 

Conventional transformer health index (THI) methods com-

bine different diagnostic indicators into a single condition 

score using expert-defined limits, weighting factors, and 

condition classes. These approaches are useful because they 

are transparent and easy for asset managers to apply; how-

ever, fixed thresholds may not fully capture nonlinear rela-

tions between gases, oil quality, and paper-ageing indica-

tors [8-12]. In large fleets, a data-driven classifier can sup-

port faster screening by converting routine oil-test measure-

ments directly into health categories. 

Machine learning has been increasingly applied to power 

transformer diagnostics, especially for DGA interpretation, 

fault classification, and condition assessment [13-17]. 

Compared with rule-based diagnosis, machine learning 

methods can learn nonlinear relationships from historical 

data, identify influential variables, and provide repeatable 

decisions when many samples need to be screened. Never-

theless, model interpretability remains important in engi-

neering applications because maintenance decisions must 

be justified to asset owners  [18-21]. 

This paper develops a concise machine learning classifica-

tion framework suitable for practical implementation. The 

main contributions are: (i) a cleaned oil-test dataset is con-

verted into five THI-based health-condition classes; (ii) 

seven classical and neural machine learning classifiers are 

compared under the same train-test protocol; (iii) model ac-

curacy, precision, recall, F1-score and confusion-matrix be-

haviour are reported; and (iv) feature-importance analysis 

is used to identify diagnostic variables that most influence 

the health-condition decision. 

Related Work: 

DGA standards such as IEC 60599 and IEEE C57.104 

provide interpretation guidance for gases generated in 

mineral-oil-immersed transformers [1], [2]. OQA guides 

such as IEEE C57.106 and IEC 60422 describe the 

significance of dielectric breakdown strength, moisture, 
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acidity, interfacial tension, and other oil properties for 

equipment maintenance [3], [4]. Paper ageing is commonly 

assessed through furanic compounds, particularly 2-

furfural, because paper degradation products migrate into 

the oil and reflect insulation ageing [5], [22], [23]. 

Health-index methods were introduced to convert 

multiple diagnostic observations into practical asset-

condition indicators. Jahromi et al. used health index 

concepts for transformer asset management, while 

Naderian et al. proposed a health index approach for power 

transformer condition assessment [8], [9]. Later work 

explored fuzzy logic, multi-criteria scoring and utility-

oriented condition assessment for transformer ranking and 

maintenance prioritization [10-12]. These methods are 

valuable but still depend heavily on threshold selection and 

manually assigned weighting factors. 

Artificial intelligence methods have also been used for 

transformer diagnosis. Wang et al. reviewed early 

applications of artificial intelligence to incipient 

transformer faults, and later studies applied neural 

networks, support vector machines, ensemble learning, and 

fuzzy systems for fault or condition classification [13-17]. 

In the broader machine learning literature, random forests, 

extremely randomised trees, support vector machines, k-

nearest neighbours, gradient boosting, and multilayer 

perceptrons provide complementary modelling 

assumptions for classification problems [24-29]. 

Evaluation should include multiple metrics because 

accuracy alone can be misleading when health classes are 

imbalanced [30-33].  

Existing machine learning studies on transformer diag-

nostics have mainly focused on dissolved gas analysis-

based fault classification, conventional fault interpretation, 

and direct transformer health index prediction [13-17]. 

However, most previous studies give less attention to multi-

class transformer health-condition classification using com-

bined routine oil-test data from dissolved gas analysis, oil 

quality analysis, and furan analysis [1-5],  [8], [9]. In addi-

tion, feature-importance-based interpretation is often lim-

ited, although it is important for explaining model decisions 

in maintenance planning. Therefore, this study addresses 

this gap by comparing seven machine learning classifiers 

for transformer health-condition classification and by ap-

plying feature-importance analysis to identify the diagnos-

tic variables that most influence the final health-condition 

decision. 

Methodology: 

The proposed workflow consists of data cleaning, health-

class labelling, feature preparation, model training, perfor-

mance evaluation, and feature-importance analysis. The in-

put data were obtained from routine transformer oil tests. 

Exact duplicate rows were removed, and records without a 

sample date or serial number were excluded. The final mod-

elling dataset contained 3,373 records, 564 transformer se-

rial numbers, and 189 sites. The sampling dates ranged 

from 2004 to 2015. 

 

 

 

Thirteen diagnostic features were used as model inputs: H2, 

CH4, CO, CO2, C2H4, C2H6, C2H2, dielectric breakdown 

strength, moisture, neutralization value (NV), interfacial 

tension (IFT), color and 2-furfural (2FAL). These variables 

represent combustible gases, oil dielectric/chemical quality, 

and cellulose ageing. Identifier variables such as site name, 

transformer number, serial number, and sampling date were 

excluded from model inputs to avoid identity-based learn-

ing. 

The health-condition label was derived from the calculated 

THI percentage. Five classes were assigned as follows: 

Good for THI greater than 80%, Acceptable for 60%-80%, 

Need Caution for 40%-60%, Poor for 20%-40%, and Criti-

cal for 20% or below. This structure converts a continuous 

maintenance indicator into operational classes suitable for 

practical asset prioritization. 

The dataset was split into training and testing subsets using 

an 80:20 stratified split with a fixed random seed. Stratifi-

cation preserved the class proportions in both subsets. 

Seven classifiers were evaluated: logistic regression, k-

nearest neighbors (KNN), radial-basis-function support 

vector machine (SVM-RBF), multilayer perceptron (MLP), 

random forest, extra trees, and gradient boosting. Standard-

ization was applied to distance-based and gradient-based 

models through a pipeline, while tree-based models were 

trained on the original feature scale. 

Model Parameter Selection: 

No exhaustive hyperparameter optimization was performed 

in this study. All models were implemented using baseline 

scikit-learn parameter settings to provide a transparent and 

reproducible comparison of commonly used machine learn-

ing classifiers. This choice was made because the main ob-

jective was to evaluate baseline classification performance 

for rapid transformer health screening rather than to opti-

mize a single model extensively. Logistic regression used 

L2 regularization with C = 1.0; KNN used five neighbours 

with uniform weighting; SVM used the radial-basis-func-

tion kernel with C = 1.0 and gamma = scale; MLP used one 

hidden layer with 100 neurons, ReLU activation and the 

Adam optimizer; random forest and extra trees used 100 es-

timators; and Gradient Boosting used 100 estimators with a 

learning rate of 0.1. A fixed random seed was used where 

applicable to improve reproducibility. 

Performance was measured using accuracy, weighted pre-

cision, weighted recall, weighted F1-score and macro F1-

score. Weighted metrics account for class frequency, while 

macro F1 gives equal importance to each class. The best 

model was selected based on weighted F1-score, and its 

confusion matrix and feature-importance profile were ana-

lyzed. 

Class THI (%) Maintenance meaning 

Good > 80 Normal monitoring 

Acceptable 60–80 Planned monitoring 

Need Caution 40–60 Closer inspection 

Poor 20–40 Maintenance planning 

Critical ≤ 20 Urgent attention 

Table 1. Transformer health-condition categories used 

for classification. 
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Item Value 

Records before cleaning 3,392 

Final modelling records 3,373 

Unique serial numbers 564 

Diagnostic features 13 

Sampling period 2004–2015 

Table 2. Dataset summary after cleaning. 

Results and Discussion: 

The final data were converted into five health-condition 

classes. The distribution was moderately imbalanced: Need 

Caution was the largest class with 993 samples, followed 

by Acceptable with 879, Good with 716, Poor with 659, and 

Critical with 126. The Critical class represented only 3.74% 

of the data, making macro-level evaluation important. 

Gradient Boosting achieved the strongest overall perfor-

mance, with 85.04% accuracy, 0.852 weighted precision, 

0.850 weighted recall, and 0.851 weighted F1-score. Ran-

dom forest and MLP also produced competitive perfor-

mance, while KNN and logistic regression were weaker, in-

dicating that the decision boundaries between THI classes 

are nonlinear. 

The confusion matrix indicates that most classification er-

rors occurred between adjacent health categories. This is 

expected because the class labels are derived from continu-

ous THI thresholds; samples close to a threshold may share 

similar oil-test profiles but belong to different classes. From 

a maintenance perspective, adjacent-class errors are less se-

vere than large jumps between Good and Critical condi-

tions, but they still require careful interpretation when deci-

sions affect inspection intervals. 

Feature importance analysis shows that 2FAL was the dom-

inant variable in the Gradient Boosting model. This is phys-

ically meaningful because 2FAL is a key indicator of cellu-

lose paper insulation degradation, and paper ageing is 

closely related to the long-term remaining life of oil-im-

mersed transformers. Dissolved gas variables such as 

C2H2, C2H4, C2H6 and CH4 also appeared among the in-

fluential features because they are associated with thermal 

and electrical stresses inside the transformer. Oil-quality 

variables, including dielectric breakdown strength, interfa-

cial tension, neutralization value and moisture, further con-

tributed to the classification because they reflect the insu-

lating strength, ageing condition, acidity and water contam-

ination of transformer oil. Therefore, the feature ranking 

agrees with established transformer diagnostic knowledge 

and indicates that maintenance prioritization should not rely 

on one test only, but should consider the combined condi-

tion of paper insulation, dissolved gases and oil quality. 

The proposed framework is not intended to replace expert 

judgement or standard diagnostic rules. Instead, it provides 

a repeatable screening tool that can rank many transformer 

oil samples quickly and highlight the variables most respon-

sible for the predicted health class. The model should be 

retrained and validated when applied to new utilities, trans-

former designs, or sampling practices because the present 

label is based on a conventional THI calculation and the 

available historical data. 

Class Samples Percent (%) 

Good 716 21.23 

Acceptable 879 26.06 

Need Caution 993 29.44 

Poor 659 19.54 

Critical 126 3.74 

Table 3. Distribution of THI-based health-condition 

classes. 

 
Fig 1. Distribution of transformer health-condition 

classes in the final dataset (N = 3,373) 

 
Fig 2. Comparison of machine learning classifiers 

based on weighted F1-score on the independent test set. 

 

Model Acc. Prec. Rec. F1 Macro F1 

GB 0.850 0.852 0.850 0.851 0.847 

RF 0.843 0.844 0.843 0.840 0.803 

MLP 0.824 0.825 0.824 0.823 0.810 

ET 0.801 0.802 0.801 0.797 0.742 

SVM 0.759 0.762 0.759 0.759 0.739 

KNN 0.668 0.666 0.668 0.663 0.611 

LR 0.631 0.643 0.631 0.633 0.587 

Table 4. Test-set performance comparison of classifica-

tion models. 
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Fig 3. Confusion matrix of the Gradient Boosting 

model for five transformer health-condition classes. 

 
Fig 4. Top ten diagnostic variables ranked by feature 

importance from the Gradient Boosting model. 

Rank Feature Importance 

1 2FAL 0.340 

2 C2H2 0.094 

3 C2H4 0.068 

4 C2H6 0.066 

5 CH4 0.064 

6 BDV 0.059 

7 IFT 0.058 

8 NV 0.057 

9 Moisture 0.057 

10 CO2 0.049 

Table 5. Top ten diagnostic variables according to fea-

ture importance. 

Conclusion: 

This paper presented a feature-importance-based machine 

learning approach for classifying distribution transformer 

health conditions using routine oil-test data. Seven super-

vised learning models were compared, and Gradient Boost-

ing achieved the best performance with 85.04% accuracy 

and 0.851 weighted F1-score on the independent test set. 

The most influential diagnostic variables were 2FAL, dis-

solved gas indicators such as C2H2, C2H4, C2H6, CH4, 

and oil-quality indicators such as dielectric breakdown 

strength, interfacial tension, neutralization value and mois-

ture. From a practical utility perspective, the results suggest 

that 2FAL, DGA gases and oil-quality indicators should be 

prioritized for early warning, health screening, and mainte-

nance planning. However, the model is based on historical 

data from a specific transformer population; therefore, re-

training and validation are required before applying the 

framework to other utilities, transformer designs or sam-

pling practices. 
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