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Abstract - Distribution transformers serve as critical components in electrical power distribution systems, directly
affecting service reliability and grid stability. With the increasing deployment of smart grid technologies and
distributed energy resources, the need for advanced health monitoring techniques has become paramount. This
paper presents a comprehensive review of modern diagnostic and prognostic techniques for distribution
transformer health assessment, including traditional methods, artificial intelligence approaches, and real-time
monitoring systems. The study evaluates various methodologies including health index calculations, fuzzy logic
systems, machine learning algorithms, and hybrid approaches. Additionally, this research discusses the integration
of Internet of Things (IoT) technologies and advanced metering infrastructure (AMI) for continuous monitoring.
The findings reveal that hybrid artificial intelligence approaches combined with real-time monitoring systems
offer superior accuracy and reliability for transformer condition assessment, enabling predictive maintenance
strategies that can significantly reduce operational costs and improve system reliability.

Keywords: Distribution Transformer, Health Assessment, Smart Grid, Machine Learning, IoT, Condition
Monitoring.

1. INTRODUCTION

The modern electrical power system relies heavily on distribution transformers to deliver electricity from medium
voltage distribution networks to end consumers. These transformers represent the final stage of voltage
transformation in the power delivery chain, converting medium voltage levels to low voltage levels suitable for
residential, commercial, and industrial applications. With millions of distribution transformers operating
worldwide, their health and reliability directly impact the overall performance of electrical distribution systems.
Recent developments in smart grid technologies, renewable energy integration, and electric vehicle adoption have
introduced new operational challenges for distribution transformers. These challenges include increased loading
variability, harmonic distortion, voltage fluctuations, and thermal stress, all of which can accelerate transformer
aging and increase failure rates. The economic impact of transformer failures extends beyond replacement costs,
encompassing service interruptions, customer dissatisfaction, and potential safety hazards.
Traditional maintenance approaches based on scheduled inspections and time-based replacements are increasingly
inadequate for modern distribution systems. The need for condition-based maintenance strategies has driven the
development of advanced health assessment techniques that can provide real-time insights into transformer
condition and enable predictive maintenance decisions. This paper provides a comprehensive analysis of current
health assessment methodologies and their applications in smart distribution grids.
The objectives of this research include:

» Review of existing health assessment techniques for distribution transformers

»  Evaluation of artificial intelligence approaches for condition monitoring

» Analysis of real-time monitoring systems and IoT integration

» Comparison of different methodologies in terms of accuracy, cost, and implementation complexity

» Identification of future research directions and emerging technologies

2. DISTRIBUTION TRANSFORMER FAILURE ANALYSIS
2.1 Common Failure Modes

Distribution transformers experience various failure modes that can be categorized based on the affected
components and underlying causes. Statistical analysis of transformer failures reveals that insulation degradation
accounts for approximately 41% of all failures, making it the most critical component for health monitoring. This
is followed by winding failures at 14%, bushing failures at 10%, and tap changer issues at 10%. The figure 2.1
shows Distribution transformer components and failure analysis.
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Table-2.1 Distribution Transformer Failure Statistics

Component Failure Rate (%) Primary Causes
Insulation 41 Thermal degradation, moisture ingress, oil contamination
Windings 14 Inter-turn shorts, ground faults, thermal stress
Bushings 10 Porcelain damage, gasket failure, flashover
Tap Changer 10 Contact wear, mechanical failure
Tank 8 Corrosion, oil leakage, structural damage
Core 5 Grounding faults, lamination damage
Others 12 Protection failures, operational errors

—
Bushings (10%)

Tap Changer (10%) 10%

Tank (8%) 8%

Core (5%)
Others (12%)

Fig. 2.1 Distribution Transformer Components and Failure Analysis
2.1.1 Insulation System Failures

Thermal degradation of oil and paper insulation, Moisture ingress leading to dielectric breakdown, Oil
contamination and oxidation processes and Partial discharge activity causing localized damage.

2.1.2 Winding Failures

Inter-turn short circuits due to insulation breakdown, Ground faults caused by insulation deterioration, Conductor
displacement and mechanical stress and Thermal hot spots leading to localized overheating.

2.1.3 External Component Failures

Tank corrosion and oil leakage, Bushing deterioration and flashover, Cooling system malfunctions and Protection
system failures.

2.2 Failure Impact Assessment

The operational impact of transformer failures varies significantly based on the failure mode and system
configuration. Critical failures such as internal arcing or catastrophic insulation breakdown can result in
immediate service interruption and potential safety hazards. Less severe degradation modes may allow continued
operation with reduced reliability and efficiency.

Understanding failure modes and their progression patterns is essential for developing effective health assessment
techniques. This knowledge enables the selection of appropriate monitoring parameters and the establishment of
meaningful threshold values for condition assessment algorithms.

3. HEALTH ASSESSMENT METHODOLOGIES
3.1 Traditional Health Index Calculation

The health index (HI) approach represents one of the most widely adopted methods for transformer condition
assessment. This technique aggregates multiple diagnostic test results into a single numerical index that quantifies
overall transformer health. The basic health index calculation follows the equation:

HI = X(SPi x WPi) / (Smax x X(WPi))

Where:
HI = Health Index metric (0-1 scale)
SPi = Score of each assessment condition
WPi = Weight of each assessment condition

Smax = Maximum score of assessment condition
The various advantages are simple to implement and understand, standardized approach across utilities, can work
with limited data sets and provides quantitative assessment. The limitations are heavily dependent on expert
knowledge for weight assignment, potential inconsistencies between operators, limited ability to handle
uncertainty and static weighting may not reflect actual transformer conditions.
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3.2 Fuzzy Logic Systems
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Fuzzy logic approaches address some limitations of traditional health index calculations by handling uncertainty
and imprecise information more effectively. These systems utilize linguistic variables and fuzzy rules to model
expert knowledge and decision-making processes.
The fuzzy logic system consists of three main components:

» Fuzzification: Converting crisp input values to fuzzy sets using membership functions

» Inference Engine: Applying fuzzy rules to determine outputs based on input conditions

» Defuzzification: Converting fuzzy outputs to crisp values for decision making
Fuzzy Rule Example: IF (Oil_Quality is POOR) AND (Temperature is HIGH) THEN (Health_Status is

CRITICAL)
Data Collection
(Sensors, AMI, Manual Testing)
v
Data Preprocessing
(Filtering, Normalization)
v

Fig. 3.1 Health Assessment Process Flow
The advantages are handles uncertainty and imprecise data, incorporates expert knowledge effectively, can
process qualitative assessments and robust to measurement noise. But also have some limitations like requires
expert knowledge for rule development, membership function definition can be subjective, may not capture
complex non-linear relationships and limited learning capability. The figure 3.1 shows process flow for health
assessment.

3.3 Machine Learning Approaches

Machine learning techniques offer significant advantages for transformer health assessment by automatically
learning complex relationships between input parameters and transformer condition. Several ML algorithms
have been successfully applied.

3.3.1 Artificial Neural Networks (ANN)

ANNs are computational models inspired by biological neural networks, capable of learning complex non-linear
relationships from data. The architecture includes; Input Layer: Measurement parameters (temperature, current,
oil quality, etc.), hidden Layers: Process and combine input information and output Layer: Health index or
condition classification. The advantages are excellent pattern recognition capabilities, ability to model non-linear
relationships, self-learning and adaptation features and can handle multiple input parameters simultaneously.

3.3.2 Support Vector Machines (SVM)

SVM is a supervised learning method that finds optimal decision boundaries for classification and regression
tasks. The various features are; uses kernel functions to handle non-linear problems, effective for small sample
sizes, good generalization capabilities and robust against over-fitting.

3.3.3 Random Forest (RF)

Random Forest is an ensemble learning method that combines multiple decision trees to improve prediction
accuracy and reduce over-fitting. The algorithm features are builds multiple decision trees using random subsets
of data and features, uses voting mechanism for final prediction, provides feature importance rankings.

Advantages are high accuracy and robustness, handles large datasets efficiently, provides feature importance
measures, less prone to overfitting.

3.4 Hybrid Artificial Intelligence Systems

Hybrid approaches combine multiple Al techniques to overcome individual method limitations and achieve
superior performance. Common combinations include:

3.4.1 Genetic Algorithm + Health Index
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It uses genetic algorithms to optimize weighting parameters in health index calculations, Evolves optimal weight
combinations through iterative selection and mutation and improves objectivity and consistency of assessments.

3.4.2 Particle Swarm Optimization + SVM
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It optimizes SVM hyperparameters using particle swarm optimization, finds optimal kernel parameters and
regularization constants, and enhances SVM classification accuracy.

3.4.3 Fuzzy Logic + Neural Networks

It combines fuzzy reasoning with neural network learning, neuro-fuzzy systems provide both interpretability and
learning capability, and adaptive fuzzy systems that can modify rules based on data.
Table-3.1 Performance Comparison of Assessment Methods

Method Accuracy Training Data Interpretability Computational Cost
Health Index 70-80% Low High Low
Fuzzy Logic 75-85% Low High Low
ANN 85-95% High Low Medium
SVM 80-90% Medium Low Medium
Random Forest 85-95% High Medium Medium
Hybrid Al 90-98% High Medium High

4. REAL-TIME MONITORING SYSTEMS
4.1 IoT-Based Monitoring Architecture

The integration of Internet of Things (IoT) technologies enables continuous monitoring of distribution
transformers with real-time data collection and analysis. Modern IoT-based systems utilize various sensors and
communication technologies to create comprehensive monitoring solutions. The figure 4.1 shows IoT based real
time monitoring architecture.

Communication
Layer

Data Processing

Sensor Layer Layer

Temperature, Current,
Voltage, Oil Level,
Vibration, Gas Analysis

GSM/GPRS, Wi-Fi,
LoRaWAN, Cellular
Networks

Edge Computing, Local
Analytics, Data
Filtering

Cloud Platform Decision Support

Application Layer
Data Storage, Machine
Learning, Historical
Analysis

Predictive Analytics,
Maintenance Planning,
Risk Assessment

Dashboard, Alerts,
Reports, Mobile Apps

Fig. 4.1 IoT based real time Monitoring Architecture
4.2 Sensor Systems
4.2.1 Thermal Monitoring

It includes fiber optic temperature sensors for winding hot spots, infrared sensors for external temperature
measurement, thermocouple arrays for oil temperature profiling and thermal imaging cameras for comprehensive
thermal analysis. The Electrical parameters are current transformers for load monitoring, voltage sensors for
supply quality assessment, power quality analyzers for harmonic content and partial discharge detectors for
insulation monitoring. The oil quality can be assessed through dissolved gas analysis (DGA) sensors, moisture
content analyzers, oil level indicators, and dielectric strength meters. For mechanical condition the employment
of vibration sensors for mechanical integrity, acoustic sensors for partial discharge detection, pressure sensors for
tank monitoring and tilt sensors for structural assessment. The figure 4.2 shows different monitoring sensors and
their parameters.
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Thermal Sensors Electrical Sensors
» Winding Temperature * Voltage Monitoring
* Top Oil Temperature * Current Measurement
» Ambient Temperature » Power Factor
» Hot Spot Detection * Harmonic Analysis
Oil Quality Sensors Mechanical Sensors
* Dissolved Gas Analysis + Vibration Monitoring
» Oil Level Monitoring * Acoustic Analysis
» Moisture Content » Tank Pressure
+ Dielectric Strength * Bushing Condition

Fig. 4.2 Monitoring sensors and parameters
4.2.2 Communication Technologies

GSM/GPRS for cellular communication, wi-Fi for local area network connectivity, LORaWAN for long-range,
low-power application, Zigbee for short-range sensor network and Bluetooth for local device communication.

4.3 Predictive Analytics

Real-time monitoring systems enable predictive analytics capabilities that can forecast transformer failures before
they occur. These systems utilize advanced algorithms to identify patterns and trends that indicate impending
problems.

4.4 Trending Analysis
4.4.1 Parameter Trending

It includes long-term trending of key health indicators, rate of change analysis for critical parameters, seasonal
pattern recognition and anomaly detection based on historical baselines.

4.4.2 Statistical Analysis

It includes moving averages and standard deviations, correlation analysis between parameters, regression analysis
for trend projection and time series analysis for pattern recognition.

Table-4.1 Anomaly Detection

Statistical Methods Machine Learning Methods
Control charts and statistical process control Clustering algorithms for normal behavior modeling
Z-score analysis for outlier detection One-class SVM for anomaly detection
Multivariate statistical analysis Isolation forest algorithms
Time series decomposition Autoencoders for pattern recognition

Table-4.2 Failure Prediction

Risk Modeling Prognostic Models
Probabilistic failure models Remaining useful life (RUL) estimation
Weibull analysis for reliability assessment Time-to-failure predictions
Markov models for state transition analysis Confidence interval calculations
Monte Carlo simulation for risk quantification Maintenance window optimization

5. COMPARATIVE ANALYSIS AND IMPLEMENTATION CONSIDERATIONS
5.1 Performance Evaluation

Different health assessment methods exhibit varying performance characteristics in terms of accuracy,
computational requirements, and implementation costs. The selection of appropriate techniques depends on
specific utility requirements and constraints. The figure 5.1 shows comparison of different health assessment
methods.
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Data g Implementation | Real-time
i od R racy Requirements REepioxity Cost Capability
Health -
Index Moderate Low Low Moderate Limited
Fuzzy .
Logic Good Low Medium Moderate Good
Neural . . .
Networks High High Medium Low Excellent
el High High Medium Low Excellent
Forest
Hybrid Al Very High High High Moderate Excellent
ll.)T ' High Continuous Medium High Excellent
Monitoring
Fig. 5.1 Health Assessment Method Comparison
Table-5.1 Detailed Method Comparison
Criteria Health Fuzzy ANN SVM Random Hybrid IoT
Index Logic Forest Al Monitoring
Accuracy (%) 70-80 75-85 85-95 80-90 85-95 90-98 85-95
Data Low Low High Medium | High High Continuous
Requirements
Training Time N/A Low High Medium | Medium High Medium
Real-time Limited Good Excellent | Good Excellent Excellent | Excellent
Capability
Interpretability High High Low Low Medium Medium | High
Implementation | Low Medium | Low Medium | Low Medium | High
Cost
Maintenance Low Low Medium | Medium | Low High Medium
Effort
CONCLUSIONS

This paper has presented a comprehensive review of health assessment techniques for distribution transformers in
smart grid applications. The analysis reveals significant evolution from traditional scheduled maintenance
approaches to advanced predictive analytics systems. The key findings are;
» Failure Mode Analysis: Insulation degradation remains the dominant failure mode (41%), emphasizing
the importance of thermal and electrical monitoring.
» Assessment Method Evolution: Traditional health index calculations provide a foundation, but machine
learning and hybrid Al approaches offer superior accuracy (90-98% vs. 70-80%).
» Real-time Monitoring Benefits: [0T-based systems enable proactive maintenance strategies, potentially
reducing failure rates by 30-50% and extending transformer life by 10-20%.
» Cost-Effectiveness: AMI integration provides a cost-effective solution for large-scale monitoring,
leveraging existing infrastructure investments.
» Technology Integration: Hybrid approaches combining multiple techniques achieve the best
performance, though with increased complexity and cost.

REFERENCES

[1] Murugan, R., & Ramasamy, R. (2019). Understanding the power transformer component failures for health
index-based maintenance planning in electric utilities. Engineering Failure Analysis, 96, 274-288.

[2] Jahromi, A., Piercy, R., Cress, S., Service, J., & Fan, W. (2009). An approach to power transformer asset
management using health index. IEEE Electrical Insulation Magazine, 25(2), 20-34.

[3] Abu-Elanien, A. E. B., & Salama, M. M. A. (2012). Calculation of a health index for oil-immersed

DOI Number: https://doi.org/10.30780/1JTRS.V10.111.006 pg. 42
www.ijtrs.com, www.ijtrs.org
Paper Id: IJTRS-V10-111-006 Volume X Issue XI, November 2025

@2017, IJTRS All Right Reserved


http://www.ijtrs.org/

ISSN Number: 2454-2024(Online)

J R

transformers rated under 69 kV using fuzzy logic. IEEE Transactions on Power Delivery, 27(4), 2029-2036.

[4] Sujit Kumar, Himani Paliwal, Shripati Vyas, Sasanka Sekhor, Vikramaditya Dave and Srawan Singh Rao.
Dynamic Wireless Power Transfer in Electric Vehicles. 2021 J. Phys.: Conf. Ser. 1854.
https://doi.org/10.1088/1742-6596/1854/1/012014

[5] et al,S.V...(2021). Life Extension Of Transformer Mineral Oil Using Al-Based Strategy For Reduction
Of Oxidative Products. Turkish Journal of Computer and Mathematics Education (TURCOMAT), 12(11),
264-271. https://doi.org/10.17762/turcomat.v12i11.5869

[6] Tirole, R.,Joshi, R.R., Yadav, V.K., Maherchandani, J.K. and Vyas, S. (2022). Intelligent Control Technique
for Reduction of Converter Generated EMI in DG Environment. In Intelligent Renewable Energy Systems
(eds N. Priyadarshi, A.K. Bhoi, S. Padmanaban, S. Balamurugan and J.B. Holm-Nielsen).
https://doi.org/10.1002/9781119786306.ch4

[7] Chhipa, A.A., Vyas, S., Kumar, V., Joshi, R.R. (2021). Role of Power Electronics and Optimization
Techniques in Renewable Energy Systems. In: Kumar, R., Singh, V.P., Mathur, A. (eds) Intelligent
Algorithms for Analysis and Control of Dynamical Systems. Algorithms for Intelligent Systems. Springer,
Singapore. https://doi.org/10.1007/978-981-15-8045-1 17

[8] Abrar Ahmed Chhipa, Shripati Vyas, Vinod Kumar, and R.R. Joshi. MPPT optimisation techniques and
power electronics for renewable energy systems: wind and solar energy systems. International Journal of
Swarm Intelligence 2022 7:2, 141-167

[9] Vyas, M., Yadav, V.K., Vyas, S., Swami, R.K. (2022). An Intelligent Control Strategy for Power Quality
Improvement of DFIG-Based Wind Energy Conversion System. In: Kumar, J., Tripathy, M., Jena, P. (eds)
Control Applications in Modern Power Systems. Lecture Notes in Electrical Engineering, vol 870. Springer,
Singapore. https://doi.org/10.1007/978-981-19-0193-5 21

[10] Vyas, M., Vardia, M., Kumar, V., Vyas, S., Joshi, Y. (2022). Power Quality Improvement by Using
STATCOM for DFIG-Based Wind Energy Conversion System. In: Bansal, R.C., Zemmari, A., Sharma,
K.G., Gajrani, J. (eds) Proceedings of International Conference on Computational Intelligence and Emerging
Power System. Algorithms for Intelligent Systems. Springer, Singapore. https://doi.org/10.1007/978-981-
16-4103-9 22

[11] Alqudsi, A., & El-Hag, A. H. (2019). Application of machine learning in transformer health index prediction.
Energies, 12(14), 2694.

[12] Jaiswal, G. C., Ballal, M. S., Venikar, P. A., Tutakne, D. R., & Suryawanshi, H. M. (2018). Genetic
algorithm-based health index determination of distribution transformer. International Transactions on
Electrical Energy Systems, 28(6), €2529.

[13] Tran, Q. T., Davies, K., Roose, L., Wiriyakitikun, P., Janjampop, J., Riva Sanseverino, E., & Zizzo, G.
(2020). A review of health assessment techniques for distribution transformers in smart distribution grids.
Applied Sciences, 10(22), 8115.

[14] Garg, V., Jangid, R., Jain, C., Sisodiya, M. “Performance Analysis of a PV-BESS-Grid Integrated Fast EV
Charging System”, Journal of Emerging Technologies and Innovative Research (JETIR), Volume 12, Issue
6,2025.

[15] Jain, C., Jangid, R., Sisodiya, M., Garg, V. “ANN-Based DVR for Fault Mitigation and Performance
Optimization in Hybrid PV-Wind Energy Conversion Systems ”, International Journal of Technical
Research & Science. Volume X, Issue VI, June 2025. DOI Number:
https://doi.org/10.30780/IJTRS.V10.106.007

[16] Sisodiya, M., Jangid, R., Jain, C., Garg, V. “Short-Term Load Forecasting (STLF) Using Machine Learning
Models: A Comparison Based Study to Predict the Electrical Load Requirements”, International Journal of
Technical Research & Science. Volume X, Issue VI, June 2025. DOI Number:
https://doi.org/10.30780/1IJTRS.V10.106.007

[17] Sharma, S.S., Joshi, R.R., Jangid, R. et al. “Intelligent Techniques for Mitigation of Transient Over-Voltages
in Gas Insulated Sub-Station and Effects of VFTO”, Journal of Critical Reviews, Volume 7, Issue 14, pp.
3378-3392, 2020.

[18] Ashkezari, A. D., Ma, H., Saha, T. K., & Ekanayake, C. (2013). Application of fuzzy support vector machine
for determining the health index of the insulation system of in-service power transformers. IEEE
Transactions on Dielectrics and Electrical Insulation, 20(3), 965-973.

[19] Illias, H. A., Chai, X. R., Abu Bakar, A. H., & Mokhlis, H. (2015). Transformer incipient fault prediction
using combined artificial neural network and various particle swarm optimisation techniques. PLoS ONE,
10(6), €0129363.

[20] Zhang, X., & Hanshan, L. (2019). Research on transformer fault diagnosis method and calculation model by
using fuzzy data fusion in multi-sensor detection system. Optik, 176, 716-723.

[21] Kari, T., Gao, W., Zhao, D., Abiderexiti, K., Mo, W., Wang, Y., & Luan, L. (2018). Hybrid feature selection
approach for power transformer fault diagnosis based on support vector machine and genetic algorithm. IET
Generation, Transmission & Distribution, 12(21), 5672-5680.

International Journal of Technical Research & Science

DOI Number: https://doi.org/10.30780/IJTRS.V10.111.006 pg. 43
www.ijtrs.com, www.ijtrs.org
Paper Id: IJTRS-V10-111-006 Volume X Issue XI, November 2025

@2017, IJTRS All Right Reserved


http://www.ijtrs.org/

	1. INTRODUCTION
	2. DISTRIBUTION TRANSFORMER FAILURE ANALYSIS
	2.1 Common Failure Modes
	Table-2.1 Distribution Transformer Failure Statistics
	Fig. 2.1 Distribution Transformer Components and Failure Analysis
	2.1.1 Insulation System Failures
	2.1.2 Winding Failures
	2.1.3 External Component Failures
	2.2 Failure Impact Assessment
	3. HEALTH ASSESSMENT METHODOLOGIES
	3.1 Traditional Health Index Calculation
	3.2 Fuzzy Logic Systems
	3.3 Machine Learning Approaches
	3.3.1 Artificial Neural Networks (ANN)
	3.3.2 Support Vector Machines (SVM)
	3.3.3 Random Forest (RF)
	3.4 Hybrid Artificial Intelligence Systems
	3.4.1 Genetic Algorithm + Health Index
	3.4.2 Particle Swarm Optimization + SVM
	3.4.3 Fuzzy Logic + Neural Networks
	4. REAL-TIME MONITORING SYSTEMS
	4.1 IoT-Based Monitoring Architecture
	4.2 Sensor Systems
	4.2.1 Thermal Monitoring
	Fig. 4.2 Monitoring sensors and parameters
	4.2.2 Communication Technologies
	GSM/GPRS for cellular communication, wi-Fi for local area network connectivity, LoRaWAN for long-range, low-power application, Zigbee for short-range sensor network and Bluetooth for local device communication.

	4.3 Predictive Analytics
	4.4 Trending Analysis
	4.4.1 Parameter Trending
	4.4.2 Statistical Analysis
	Table-4.1 Anomaly Detection
	Table-4.2 Failure Prediction
	5. COMPARATIVE ANALYSIS AND IMPLEMENTATION CONSIDERATIONS
	5.1 Performance Evaluation
	Fig. 5.1 Health Assessment Method Comparison
	Table-5.1 Detailed Method Comparison
	CONCLUSIONS
	REFERENCES


