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Existing machine learning models for predicting transformer oil breakdown voltage (BDV) 

often depend on chemical properties, which require laboratory tests, thus making them time-

consuming and costly. Furthermore, these models are typically developed using standalone 

methods, which may fail to achieve satisfactory prediction accuracy. This study introduces an 

interpretable ensemble prediction model for transformer oil BDV, leveraging physical 

properties instead of chemical properties. The ensemble model integrates four standalone 

models: multilinear regression (MLR), multilayer perceptron (MLP) neural network, support 

vector machine (SVM), and long short-term memory (LSTM) neural network, to enhance 

prediction accuracy. A Local Interpretable Model-Agnostic Explanation framework was used 

to provide insights into the model's predictions. The model's performance was assessed using 

key metrices, including the correlation coefficient (R), determination coefficient (R²), root mean 

squared error (RMSE), and mean absolute error (MAE). Results revealed that the ensemble 

model outperformed individual models, achieving R = 0.9796, R² = 0.9596 during training and 

R = 0.9781, R² = 0.9567 during testing, along with RMSE = 1.7678, MAE = 1.2972 during 

training, and RMSE = 1.7347, MAE = 1.2985 during testing. The proposed model reliably 

predicted transformer oil BDV using physical properties, eliminating complex experiments 

while offering transparency to enhance applicability in the power industry 
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INTRODUCTION 

The transformer is the most important and expensive component 

in power system networks, due to its ability to use 

electromagnetic induction and connect circuits with different 

voltage levels in the most efficient way. Transformer oil is vital 

in electrical power transformers, functioning as both an insulator 

to endure high voltages and a coolant to dissipate operational heat 

[1]. However, over time the ability of insulating oils to serve as 

effective insulators and coolants are adversely affected by 

electrical stress and environmental condition; thus, affecting its 

breakdown voltage (BDV). Insulation plays a major role in the 

proper functioning of High Voltage equipment [2]. The BDV is 

the minimum voltage required for a small portion of the insulator 

to start conducting, thus losing its electrical insulating property 

and becoming a conductor. It is used to measure the integrity of 

the insulating medium; a low BDV indicates the existence of 

contaminants such as air bubbles, moisture, and suspended solid 

particles.  

 

Temperature is one of the main factors affecting transformer oil 

BDV; as the temperature of the transformer oil increases, its 

breakdown voltage decreases which can subsequently leading to 

transformer failure [3]. This is due to the fact that as the 

temperature increases, the viscosity of the oil decreases, and the 

mobility of the charged particles in the oil increases. This can lead 

to an increased likelihood of electrical breakdown and a decrease 

in the breakdown voltage. Transformer loading also affects the its 

oil insulating properties. The total amount of power a transformer 

delivers is termed as “loading”. As a transformer's loading 

increases, the temperature of the transformer also increases. This 

can cause the insulating properties of the transformer oil to 

deteriorate, which can lead to a decrease in the breakdown voltage 

of the oil [4]. Moreover, the loading of the transformer is not only 

related to temperature but also to many other factors affecting 

breakdown voltage such as acid number, ageing, flash point and 

moisture. Literature has shown that as transformer loading rises, 

breakdown voltage reduction intensity increases [5]. 

Furthermore, the breakdown voltage of aged transformer oil 

decreases with ageing time/service period [6-8]. This is due to the 

fact that ageing processes can lead to the formation of internal 

partial discharge and contaminants such as acids, sludge, and 

carbonaceous particles, which in turn increase the likelihood of 

electrical breakdown. Similarly, the ageing process is accelerated 

by factors such as temperature hot spots, highly localized electric 
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fields, moisture in paper, and dissolved oxygen in oil. The 

decrease in breakdown voltage is caused by an increase in 

particulate impurities, which increases the moisture and makes 

the oil non-homogeneous. As a result, the transformer oil 

resistance decreases, leading to a decrease in the maximum value 

of the breakdown voltage of the transformer oil. Additionally, 

ageing processes can also cause chemical changes in the oil that 

reduce its dielectric strength. 

 

The BDV of transformer oil, which reflects its dielectric strength, 

is crucial for evaluating the condition and reliability of power 

transformers [9, 10]. Therefore, monitoring transformer oil BDV 

is critical to ensuring the safe, reliable, and effective operation of 

the power system. In addition, its accurate prediction is essential 

for effective condition monitoring, fault detection, timely 

maintenance, and prevention of costly failures thus ensuring an 

uninterrupted power supply [11].  

 

Traditionally, the prediction of transformer oil BDV has been 

tackled using empirical and statistical methods. However, due to 

the growing complexity of power systems and the demand for 

more precise and automated prediction models, Machine 

Learning (ML) techniques have gained attention [12-14]. 

Consequently, numerous researchers have developed data-driven 

models to enhance accuracy and robustness in these prediction 

tasks. Multiple Linear Regression (MLR), Multi-Layer 

Perceptron (MLP), Support Vector Machine (SVM), Long Short-

Term Memory (LSTM) and Ensemble are the most widely used 

algorithms in the field of machine learning and deep-learning 

each offering unique capabilities for regression and time-series 

analysis tasks [15, 16]. Although, several other algorithms and 

factors affecting transformer oil breakdown voltage have been 

used for the prediction of the breakdown voltage. 

 

In the literature, most of the recent researches focused on the 

prediction of transformer oil breakdown voltage based on either 

chemical or geometrical factors obtained from oil sample 

analyses in the laboratory such as moisture, acidity, dielectric 

loss, stress volume, interfacial tension, dissolve gases etc., but 

little research has considered physical factors. For example, in a 

study by [17], Artificial Neural Networks (ANNs) were employed 

to predict BDV using eight input variables, including gap space, 

the barrier location relative to the high-voltage electrode %, 

barrier diameter, barrier thickness, electrode configurations, the 

presence of contaminating particles, the weight of the 

contaminating particles and the temperature of the insulating oil. 

The study reported a high prediction accuracy of 95% but the 

ANN model needs data obtained via laboratory tests and 

dimensions that are not easily accessible. [18] employed Weibull 

distribution and normal distribution and drove a statistical model 

for prediction breakdown voltage. The accuracy was 

unexpectedly low despite the study using the complex Taguchi 

method for design experiments and the response surface 

methodology. Studies by [19-22] were based on chemical 

composition of the transformer oil where several factors such as  

interfacial tension, tan delta , acid number, dissipation factor, 

permittivity, moisture, and dissolved gases were used for 

predicting BDV using different AI models. The proposed models 

achieved more than 90% accuracy, however, the input variables 

used were difficult to access due to need to conduct series of 

laboratory tests. Similarly, nonlinearity in the data may not be 

captured. Furthermore, [23-25] developed  hybrid deep neural 

network and mathematical models that predicts breakdown 

voltage via  chemical anf physical factors . The accuracy of the 

models were good but were not cost-effective; while saving the 

cost of breakdown voltage test, the cost of testing chemical 

parameters  added to the maintenance cost. Also, Kernel extreme 

learning machine (KELM) based on relative transformation (RT) 

and Kernel principal component analysis (KPCA) to predict BDV 

and  optimized the parameters using differential evaluation 

algorithm. Many input variables and engineering features used in 

some of the models not only account for the high accuracy of the 

model but also for good generalization ability. However, the 

models are costly and time-consuming. It can be seen most of the 

transformer oil BDV prediction techniques reported which 

employed the use of AI in the literature involved the use of 

variables whose results have to be obtained from laboratory tests 

making methods costly and complex. 

 

In this work, a novel technique of predicting the transformer oil 

breakdown voltage using only  physical quantities (which do not 

need laboratory tests) and robustic Ensemble machine learning 

techniques is presented. The quantities have strong correlation 

with transformer BDV. Dataset from these quantities were used 

to train four machine learning models and finally combined using 

LSTM-Ensemble to predict BDV. Performance of the networks 

were analysed and compared using a variety of metrices.. 

METHODS 

Figure 1 depicts the methodology employed in this work. The 

dataset was pre-processed for the ML modelling, which was then 

split into training and testing datasets. The training dataset was 

used to train multiple standalone models, including Multiple 

Linear Regression (MLR), Multilayer Perceptron (MLP), Support 

Vector Machine (SVM), and Long Short-Term Memory (LSTM). 

These individual models were then combined into an ensemble 

model to exploit their collective strengths and improve the 

prediction performance. The trained models and ensemble were 

evaluated using the testing dataset to validate their effectiveness 

and generalization. Finally, model interpretation was performed 

using Local Interpretable Model-agnostic Explanations (LIME) 

to provide insights into the decision-making process of the 

models, enhancing transparency and trust in the predictions. 

  

 
Figure 1. Methodology 
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A. Data Processing 

 

In this study, 8-years data on the transformer oil BDV tests, 

service period, oil temperature and loading were used. The data 

were obtained from the Kano Electricity Distribution Company 

(KEDCO) 33/11 kV injection sub-stations on 19 medium voltage 

power transformers. BDV test results conducted on each of 19 

transformer units over a period of 96 months (8 years) were 

obtained. The BDV tests carried out followed the IEC 60156 

testing protocol. Each BDV value was averaged from six repeated 

tests to ensure accuracy. The service period refers to a length of 

time obtained by subtracting the manufacture year or year of 

operation of a transformer from the year the transformer oil 

samples were tested for BDV. The service period of the 

transformers in this study ranged from 24 to 456 months. The oil 

temperature (measured in degrees Celsius) was recorded from the 

transformers’ direct mount transformer oil temperature indicator 

(OTIs). The transformer loading data (in megawatts) were 

collected from the wattmeter measurements on the 11 kV incomer 

panel of the nineteen (19) 33/11 kV power transformers within 

the injection substations. Hourly data of the transformer oil 

temperature and loading data were obtained from the 

transformers’ respective sub-station logbooks/reading sheets. The 

data for 8 years was collected. Close to 72,000 data points were 

collected for the four quantities (transformer BDV, service 

period, oil temperature and loading) 

 

The collected data underwent a thorough pre-processing and 

cleaning phase, which involved replacing outliers using 

winsorization 5th and 95th percentiles, correcting errors and 

inconsistencies, addressing missing data, and formatting the 

dataset for analysis. The oil temperature, transformer load, and 

service periods were used as input features for the AI models, 

while oil BDV served as the output. The pre-processed data were 

split into training and testing subsets in a 70:30 ratio. The training 

data (70%) were used to determine the model parameters, while 

the testing data (30%) were used to evaluate the models' accuracy. 

The AI models were developed, simulated, and assessed for 

performance using MATLAB version 2019b on a personal 

computer with a CORE i7 processor. 

 

B. Standalone Models 

 

1) Multi-Linear Regression (MLR) 

In this work, the MLR model developed consisted of a dependent 

variable (Y) as the transformer oil BDV while the independent 

variables were the temperature (𝑥1), load (𝑥2) and service period 

(𝑥3).  

 

2) Multi-Layer Perceptron (MLP) 

 

In this work, the MLP consisted of an input layer having three 

inputs viz. temperature, loading and service period, four hidden 

layers (each containing 20 neurons) and a single output layer was 

selected after experimenting with different configurations. The 

output layer was the transformer oil BDV. The model was trained 

using the Levenberg-Marquardt algorithm; chosen for its fast 

convergence and ease of implementation [26]. The weights and 

biases were initialized randomly. 

 

3) Support Vector Machine (SVM) 

 

The SVM model was constructed using a Gaussian kernel 

function, which effectively captures the non-linear relationships 

between input features and the target variable. This kernel is 

highly flexible and adept at modelling both linear and non-linear 

decision boundaries. The regularization parameter (C) and 

gamma (γ) hyperparameter were fine-tuned to balance overfitting 

and underfitting. The optimal values for C and γ were determined 

to be 43 and 8, respectively. 

 

 

4) Long Short-Term Memory (LSTM) 

 

The LSTM network was designed using a layer-by-layer 

approach. Its architecture consisted of a sequence input layer, an 

LSTM layer, a fully connected layer, and a regression output 

layer. A single hidden layer with 40 LSTM units was employed, 

along with a maximum of 1000 epochs, a batch size of 100, and 

a validation frequency of 10 for faster convergence. 

 

C. Ensemble Machine Learning 

 

The LSTM-ensemble model was developed by integrating the 

trained SVM, MLP, and LSTM models as inputs to a new LSTM 

model. The LSTM-ENS ensemble architecture featured a hidden 

layer with 50 LSTM units, a maximum of 1000 epochs, and a 

batch size of 30.  

 

Ensemble techniques had been widely applied in several fields 

such as prediction, classification, time series, and regression 

problems. In this study, LSTM-ensemble techniques were used 

based on the four different stand-alone models (MLR, SVM, 

LSTM and BPNN) to improve the performance of single models. 

 

D. Model Evaluation 

 

The performances of the models during the training and testing 

were evaluated using four widely used statistical metrices viz. 

coefficient of determination (R2), the Root-Mean-Squared-Error 

(RMSE), Mean Absolute Error (MAE) and Mean Absolute 

Percentage Error (MAPE). The metrics were computed using 

equations (1) to (4). 
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where 𝑥𝑖, 𝑥̂, 𝑥̅ and n stand for the original values, predicted 

values, an average value of the original data and the total number 

of data instances [27]. 

 

The R2 assesses how well a regression model fits the data points. 

It ranges from 0 to 1, indicating the proportion of the variance in 

the dependent variable that is predictable from the 

independent(s). An R² value of 1 signifies a perfect fit, while an 

R² value of 0 indicates that the model does not explain any of the 

variation in the dependent variable [28]. The RMSE measures the 

average deviation of predicted values from actual values. Lower 

values of RMSE indicate better predictions. Moreover, lower 

values of MAE indicate smaller errors in prediction. However, 

compared to RMSE, MAE is less sensitive to outliers, since it 

only considers the absolute differences between predicted and 

actual values [29-31]. 

 

RESULTS AND DISCUSSION 

A. Statistical Analysis 

 

Table 1 shows the correlation and descriptive statistical analysis 

of the dependent (predictor) and independent variables 

(response). 

 

Table 1. Correlation Analysis 

Parameters Xmin Xmax Correlation 

with BDV 

Temperature (℃) 18 114 -0.65869 

Load (MW) 0.6 11.4 -0.70667 

Period (months) 24 456 -0.72444 

 

It can be seen from Table 1 that all predictors have a good 

negative correlation coefficient with the response, thus 

implying a linear relationship between predictors and the 

response with Service period having the highest correlation 

with BDV. Consequently, they can be used for modelling 

the breakdown voltage. 

 

To improve the regression model, a set of four different 

linear regression models (M1, M2, M3 and M4) were derived 

on the basis of significant input variables as shown in Table 

2 

 

Table 2. R2 and SE results of the Linear Regression Models 

Model Regression Equation R2 Standard 

Error 

(SE) 

𝑀1 𝑦 = 53.01 + 0.15𝑥1 − 3.62𝑥2 0.506 

 

6.642 

𝑀2 𝑦 = 72.46 − 0.26𝑥1 − 0.05𝑥3 0.840 

 

3.772 

 

𝑀3 𝑦 = 65.64 − 2.07𝑥2 − 0.05𝑥3 0.8504 

 

3.658 

 

𝑀4 y = 67.78 − 0.08𝑥1 −  1.48𝑥2

− 0.05𝑥3 

0.852 3.652 

 

It can be seen from Table 2 that Model M4 had the highest 

R2 (0.852) and lowest SE (3.62) values thus signifying the 

strength of the model. Hence, a combination of oil 

temperature, transformer loading and service period was 

used as input combinations for four different machine-

learning models. 

 

B. Models Prediction Performance 

 

Table 3 presents the performance of the five models. The training 

and testing results indicated that the LSTM model outperformed 

the classical MLR, SVM, and MLP models. The model had the 

highest R2, and lowest MAPE, RSME and MAE. Furthermore, 

the results demonstrated that the proposed LSTM-ENS model 

significantly outperformed the LSTM model. 

 

Table 3. Comparison of Machine Learning model performances. 

TRAINING 

Models MAPE R2 RMSE MAE 

MLR 5.4227 0.8572 3.3231 2.5538 

SVM 4.3667 0.9072 2.6799 1.9772 

MLP 4.3302 0.9133 2.5903 1.9301 

LSTM 4.1192 0.9323 2.1686 1.6265 

LSTM-ENS 2.8207 0.9596 1.7678 1.2972 

TESTING 

Models MAPE R2 RMSE MAE 

MLR 8.9707 0.7536 4.1363 2.9314 

SVM 7.5542 0.8069 3.6620 2.4592 

MLP 6.4002 0.8726 2.9746 2.2637 

LSTM 4.4540 0.9217 2.4606 1.8452 

LSTM-ENS 3.3350 0.9567 1.7347 1.2985 

 

Figure 2 presents a radar chart comparing the performance of the 

models based on their R2 values, a metric that measures the 

goodness of fit. Models with R2 values closer to 1 (100%) 

demonstrate higher accuracy. Consequently, the models were 

ranked in descending order of predictive accuracy. In this study, 

all models achieved over 75% accuracy in both training and 

testing stages, surpassing the 70% baseline for acceptable 

performance. The chart clearly shows that the LSTM-ENS model 

outperformed all other models, demonstrating the best fit for the 

BDV data. Conversely, the MLR model exhibited the lowest 

performance, likely due to its inability to capture the data's non-

linear characteristics [32]. A significant improvement in 

performance is observed as the models progress from simple 

machine learning algorithms (MLP and SVM) to deep learning 

algorithms (LSTM). Furthermore, the ensemble algorithm 

(LSTM-ENS) enhanced performance by 20.3% and 10.3% in the 

training and testing stages, respectively, compared to the 

standalone algorithms. The models' predictive accuracy can be 

ranked in descending order (for both training and testing datasets) 

as follows: LSTM-ENS > LSTM > SVM > MLP > MLR. 
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Figure 2. Models’ performance comparison based on 

Determination Coefficient 

 

Figure 3 presents a time series plot comparing the performance of 

the MLR, MLP, SVM, LSTM, and LSTM-ENS models in 

predicting the observed BDV data for transformer oil samples. 

The LSTM-ENS model closely aligned with the observed BDV 

data, demonstrating superior predictive accuracy and robustness 

in capturing complex nonlinear patterns. The LSTM model also 

performed well but is slightly less precise than the LSTM-ENS. 

In contrast, the MLP and SVM models showed moderate 

alignment with the experimental data, while the MLR model, 

being linear, failed to effectively capture the nonlinear trends, 

particularly at peak values. Figure 3 further emphasized the 

progression in performance as the models advance from simple 

machine learning algorithms (MLP and SVM) to deep learning 

models (LSTM) and, ultimately, to the ensemble approach 

(LSTM-ENS), which leverages the complementary strengths of 

the individual models to achieve improved predictions [33]. 

These results emphasize the importance of using advanced 

algorithms for complex time-series tasks, Robustness of this 

model can be seen consistanly from the multiple evaluation 

matrics,with the LSTM-ENS model proving the most reliable for 

accurate BDV predictions. This reliability makes the LSTM-ENS 

model particularly suitable for practical applications such as load 

forecasting and predictive maintenance in power systems, where 

precise modelling of nonlinear and temporal data is critical for 

operational efficiency and system reliability [34]. 

 

 

Figure 3. Times series plot of Transformer Oil BDV prediction 

results for all models 

 

 

 

 

B. Model Prediction Interpretation using LIME 

 

The interpretability of the proposed prediction pipeline was 

evaluated by generating the LIME explanation for the LSTM-

ENS prediction on the testing dataset. This provided insights into 

how the predictors (period, temperature, and loading) influenced 

the model's attack predictions. Figure 4 presents the LIME 

interpretation, demonstrating the interaction of period, load, and 

temperature on the predicted BDV. The prediction, with a 

moderate output of 0.49, reflects the complex interaction of these 

variables, highlighting their roles in determining the oil's 

dielectric strength. 

 

The period (0.39 < Period ≤ 0.72) had a significant negative 

impact on BDV, with a contribution of 0.67. This aligns with the 

fact that transformer oil degrades over time due to heat, moisture, 

and chemical reactions, leading to impurities that reduce 

dielectric properties. Regular oil monitoring, filtration, and 

regeneration are essential to mitigate aging effects. 

 

The load (0.20 < Load ≤ 0.34) positively influenced BDV, 

contributing 0.24. Moderate, consistent loading helps maintain 

the oil's properties by minimizing thermal and mechanical 

stresses, which could otherwise accelerate degradation. 

Optimizing load distribution and operational stability can 

enhance transformer performance. 

 

Temperature (0.30 < Temperature ≤ 0.45) positively affects BDV, 

contributing 0.38. Controlled temperatures improve oil 

performance by reducing viscosity and allowing impurities to 

settle, supporting better insulation properties. However, 

excessive temperatures can cause oxidation and degradation, 

reducing BDV. Proper cooling and temperature monitoring are 

essential to balance this effect. 

 

   

 

 

Figure 4. LIME interpretation of LSTM-ENS prediction 

scenario 
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CONCLUSIONS 

This study presented a novel technique of predicting the 

transformer BDV using in-situ physical quantities that have 

strong correlation with transformer oil ageing thereby eliminating 

the need for laboratory analyses using deep-learning method. 

Transformer oil breakdown voltage (BDV) was predicted using 

three physical factors viz. temperature, loading, and service 

period. Four different machine learning models and an LSTM-

ensemble machine learning model were developed and used to 

predict the BDV. The study found strong correlations between 

these physical quantities and BDV, making them suitable for 

BDV prediction. During the testing phase models developed has 

the following accuracy, Multiple Linear Regression (MLR): 

75.4%, Support Vector Machine (SVM): 80.7%, Multilayer 

Perceptron (MLP): 87.3% and Long Short-Term Memory 

(LSTM): 92.2%. The LSTM-ensemble model, which combined 

predictions from individual LSTM models, achieved 95.7% 

accuracy, demonstrating improved prediction accuracy and 

robustness by leveraging the diversity of individual models. This 

ensemble approach increased model performance by 20.3% in the 

training phase and 10.3% in the testing phase compared to the 

MLR model, indicating a promising method for BDV predictions.  

The use of these quantities eliminates need of data from 

laboratory analyses of the oil for prediction of the BDV which 

hitherto was the practice; thus, saving time. The application of 

machine learning models, particularly the LSTM-ensemble 

approach, presents an effective and non-destructive method for 

predicting transformer oil breakdown voltage (BDV). The LIME 

interpretation provided actionable insights into the impact of 

operational factors, making this approach highly valuable for 

real-time transformer maintenance and reducing reliance on 

costly laboratory tests. This combination of predictive accuracy 

and interpretability holds significant potential for improving the 

reliability and efficiency of transformer operations in power 

systems. For future work, larger data sets and deep machine 

learning models may improve the accuracy and reliability of the 

proposed models. 
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