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Abstract

Rising demands for reliable and efficient power distribution in modern electric control grid
increasingly call up for robust monitoring systems for critical substructure. Being a vital part of the
power conduction system, transformer are subjected to mechanical, electrical, and environmental
stresses, which, if not properly controlled, can cause failures. In this project, we propose a Transformer
Health Monitoring System (THMS) using machine learning (ML) models and real-time monitoring
method to assess the usable state and evaluate the health of transformer. The temperature, vibration,
and crude grade have established themselves as key parameters of transformer performance and
possible defect stipulation that the organization will monitor with an array of sensors. Data Points from
these sensors are sent to a centralized platform for real-time processing and analysis. Some examples
of machine learning algorithmic rules apply to the sensor data for anomaly detection, and fault
classification; and predictive sustenance models are provided to examine the datum, discover the
anomaly, and forecast possible defect before they find. By leveraging supervised and unsupervised
learning techniques, the system can classify fault types, forebode degradation trends, and notice
patterns in transformer demeanor. Decision trees, support vector machines (SVM), random forests, and
deep learning models are sophisticated methods that increase the effectiveness of fault spotting and
condition-based monitoring (CBM). Statistical analysis and machine learning driven insights lead to
predictive upkeep recommendations, thereby facilitating proactive maintenance planning and
operational optimization. The incorporation of machine learning greatly decreases false alarms and
improves the accuracy of defect detection.

Keywords: Transformer health monitoring, machine learning, predictive maintenance, real-time
monitoring

INTRODUCTION

Transformers constitute an important factor for efficient operation and dispersion of electrical energy.
These electric devices can either ill-treat up or pace down voltage and hence are vital for expedition and
transmission of electrical power. Transformers constantly face a large number of problems which could
leave to expensive breakdowns and outage because
of factors like mechanical wear, aging, electrical
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flooding, and environmental stress. Besides
disrupting the power supply, a failure in the
transformer can bring about the cost of repairs and
a foresighted duration in system outage. Traditional
transformer maintenance techniques for
maintaining a transformer system are mostly
reactive, which take remedial inspection drill or
consideration for fixing job after they arise. Such a
procedure may testify to guide to unexpected
failures and ineffective resource usage in the long
run [1].

So, now a real-time rule-based health monitoring
system is required to deal with these problems. With
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well-planned monitoring systems, it is entirely possible for THMS-based organizations to continuously
monitor for possible defects and detect them well before any serious problem occurs. The purpose of
this project is to contrive a system of rules that endlessly monitors the operational features of the
transformer with the help of sensors, data-collection devices, and advanced analytical methods. In doing
so, the organization could discover early signs of transformer damage and take to the prediction of
particular failure speckle by monitoring important variables such as temperature, vibration, oil levels,
and accelerator pedal concentrations [2]. The purpose of the monitoring systems is to act as an aide for
utilities in proactively managing the health of transformers, thus preventing from unplanned
malfunction, pass their operative lifetime and alleviate any maintenance scheme. The project intends to
bring sustenance cost and transformer failures downwards, ensure reliable and continuous power supply
to improve the efficiency and reliability of power distribution systems.

LITERATURE SURVEY

A reliable and efficient power distribution network depends on the condition and functionality of
transformers. Many methods and scheme have been explicated over time to monitor transformer
condition with the aim of reducing operating downtime and detecting faults early. With an emphasis on
current engineering science, methodology, and the significance of real-time monitoring, this section
presents important research and developments in transformer health monitoring [3].

Conventional Techniques for Transformer Monitoring

The traditional methods of assessing the health of transformer have been visual evaluations and
periodic reviews. These approaches are reactive in character, notwithstanding their relative strength.
When geological faults are detected, maintenance is usually carried out, which often leads to
unscheduled downtime. Other research highlights the drawbacks of depending exclusively on these
traditional methods, emphasizing that by the time a flaw is found through visual examinations, it may
be too late to prevent serious damage [4].

Monitoring Based on Conditions (CBM)

Many advantages have shifted to Condition-Based Monitoring (CBM) in an effort to increase
reliability. During operation, CBM evaluates the transformer's status using a variety of diagnostic tools
to spot abnormalities before they become serious, through the use of online monitoring systems that
record data in real-time, including electrical parameters, vibration, temperature, and humidity. CBM
systems can notify operators of any issues by comparing these data points with predetermined threshold
values, allowing for prompt intervention [5].

Technology for Sensors

Transformer monitoring systems are now far more accurate and efficient due to recent advancements
in sensor technology. Temperature, atmospheric pressure, oil level, and gas concentrations (in particular
dissolved gases, which indicate internal transformer problems) are among the variables that sensors can
measure. Dissolve gas analysis (DGA) sensors are now a common method to detect transformer faults
such as overheating, arcing, or insulation deterioration. These sensors are able to identify fault
conditions long before they affect operations [6].

Monitoring Shaking and Name Faults

Another significant diagnostic technique for evaluating the health of transformer is vibration
monitoring. Due to their size and operating weight, transformers can vibrate, which may be a sign of
interior short circuits, mechanical problem, or misaligned cores. A study examined the role of vibration
analysis in transformer fault forecasting. It found that operators could identify early indicators of
transformer problems by analyzing vibration data using advanced signal processing methods like Fast
Fourier Transform (FFT) [7].

Predictive Analytics and Machine Learning
Combining predictive analytics and simple machine learning is an important new drift in transformer
health monitoring. By analyzing sensor inputs and historical data, the application of artificial
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intelligence (AI) can be used to predict transformer failures. Large datasets from transformers have been
submitted to machine learning algorithms, such as decision trees, Support Vector Machines (SVM), and
Neural Networks, in order to identify patterns that predict faults. By using predictive maintenance
technique, public utilities can reduce unnecessary inspections and increase system reliability thanks to
this prognostic capability [8].

Transformer Health Monitoring Difficulties

Even though transformer health monitoring has improved significantly, there are still obstacles to
overcome. A study found that the main obstacles to effective monitoring are issues such as sensor
calibration, data overload, and the difficulty of fault detection. Moreover, advanced information fusion
techniques are necessary to integrate data from various sensors (such as vibration, gas analysis, and oil
temperature). Furthermore, a constant problem is the prerequisite for real-time analysis and the updating
of predictive models to reflect changing transformer conditions [9].

RELATED WORK

The overall aim of this research work is to remotely gather and analyze real-time data with respect to
transformers through the Internet of Things (IoT). This study covers the design and implementation of
an IoT-based system to measure the oil level, temperature, voltage, and current in a transformer. The
Transformer Health Monitoring system will increase our reliability and enable us to anticipate and
detect unforeseen events before they become catastrophic failures [10]. Whereas fault monitoring and
testing of the current system are done manually, leading to a greater risk of errors and expenditure of a
lot of time and human energy, clearly this has been a big limitation of the current system, thus the
system discussed here has been implemented by employing sensors and monitoring parameters such as
temperature, voltage, current, and oil level of the transformer.

METHODOLOGY

To improve transformer dependability, the Transformer Health Monitoring System (THMS) combines
predictive maintenance techniques, machine learning-based analysis, and real-time sensor data
collection. The system continuously collects and sends data to a centralized processing unit, using
temperature, vibration, and oil level sensors to monitor the health of the transformer. The
preprocessing of this data includes normalization and noise reduction to ensure accuracy. Sensor inputs
are then analyzed using machine learning techniques, including anomaly detection, fault classification,
and predictive modelling [7]. To identify fault patterns and predict failures, the system makes use of
both supervised and unsupervised learning models, such as decision trees, support vector machines
(SVM), random forests, and deep learning algorithms. Trends in historical data and statistical analysis
help to further improve the model’s prediction accuracy. In order to minimize transformer downtime
and enable proactive maintenance scheduling, the system also provides automated alerting and
condition-based maintenance recommendations. The entire system provides a real-time, scalable
monitoring solution that maximizes transformer performance and maintains its operational life.
Moreover, Figures 1 and 2 represent the block diagram and circuit diagram of the system to understand
the methodology in a better way.

ESP32 microcontroller

The Transformer Health Monitoring System (THMS) uses a number of hardware element to provide
a real-time assessment of transformer status (Figure 3). Together, these components gather, process,
and deliver critical operational data that enable prompt fault identification and predictive maintenance.
The ESP32 microcontroller, which manages data collection, processing, and communication, is the
central component of the system. Real-time monitoring applications can benefit from its dual-core
processor, integrated Wi-Fi and Bluetooth connectivity, and low power consumption. The ESP32
ensures consistent transformer health monitoring by efficiently processing sensor inputs and sending
alerts or status updates to a centralized system [5].
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Figure 3. ESP32 microcontroller.
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Ultrasonic Sensor

It uses an ultrasonic sensor to detect any deformation or structural problems (Figure 4). It measures
the time it takes for the echo to return after sending out ultrasonic vibrations. This allows for accurate
position and distance measurement, ensuring the detection of any physical displacement or
misalignment in transformer components. Furthermore, the DHD level detector is crucial for
monitoring the transformer's oil quality. Any notable drop in oil quality could be a sign of leaks or
degradation, which may lead to overheating and transformer failure since oil is necessary for insulation
and cooling. The technology can generate alerts for maintenance teams to take preventive action by
continuously monitoring oil levels. Applications of ultrasonic sensors are numerous and include level
detection, obstacle avoidance, object detection, and distance measurement. They operate by emitting
ultrasonic waves and measuring how long it takes for them to return to the detector after bouncing off
an object. Using the known speed of sound in air, one can determine the object's distance based on this
time delay [9].

16x2 Liquid Crystal Display LCD

One common type of alphanumeric display module is a 16x2 LCD (Liquid Crystal Display)
(Figure 5), which can show two lines of text with a maximum of 16 characters per line. Many electronic
projects, gadgets, and software make extensive use of these displays to present information to users [3].

DHT11 Temperature Humidity Sensor

A simple and popular digital temperature and humidity sensor module is the DHT11 (Figure 6). Many
applications, including industrial monitoring arrangement, weather stations, and home automation,
frequently use it to measure environmental conditions. Because of its low cost and ease of use, the
sensor is a popular choice for electronics enthusiasts and beginner programmers [5].
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Figure 4. Ultrasonic sensor.
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Figure 5. 16x2 liquid crystal display LCD.
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Figure 6. DHT11 sensor. Figuré 7. Vibration sensor.

Vibration Sensor

One sensor that can detect motion and vibration is the SW-420 shake sensor (Figure 7). It provides a
digital output signal when it detects a vibration. Common uses in projects include creating interactive
devices that respond to movement, monitoring systems, or alarms [1].

The first step involves the installation of some commonly used sensors IoT sensors on transformers
to monitor critical parameters such as temperature, humidity, oil level, dissolved gas content, load
current, and voltage sensors.

These sensors are connected to a microcontroller or an IoT-enabled device like ESP32 or Arduino,
which collects and transmits data to a cloud platform via Wi-Fi, GSM, or LoRa modules.

The collected sensor data is transmitted securely to a centralized cloud server for storage. MQTT or
HTTP protocols are commonly used for efficient and reliable data transmission. The cloud platform
(e.g., AWS, Azure, or Google Cloud) facilitates data management, preprocessing, and analytics.

Data Preprocessing

Raw sensor data often contains noise and inconsistencies. Preprocessing techniques include:

Data cleaning to remove erroneous or missing values.

Normalization to scale data within a uniform range.

Feature extraction to identify key indicators.

Machine Learning Model Development: The core of the THMS is its predictive capability, where
machine learning models are trained on preprocessed sensor data to detect anomalies, forecast
potential failures, and recommend timely maintenance actions.

Model selection: Algorithms such as Support Vector Machines (SVM), Random Forest, Decision
Trees, and Neural Networks are evaluated based on accuracy and computational efficiency.

Training and validation: Historical data is used to train the model, while a separate dataset is reserved
for validation to prevent overfitting.

Model optimization: Hyperparameter tuning and cross-validation techniques are applied to enhance
model performance.
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The trained model predicts potential faults, efficiency degradation, and maintenance needs based on
real-time data inputs.

The system continuously analyzes incoming data streams to detect anomalies. Anomalies trigger
alerts sent to maintenance teams via SMS, email, or mobile applications. The system dashboard
visualizes:

o Real-time transformer status.

e Historical trends and performance metrics.

e Predictive maintenance schedules.

The final stage integrates ML predictions with a decision support system to guide maintenance
actions.

System Feedback and Improvement
Continuous feedback loops allow the system to learn from new data, improving its predictive
accuracy over time. Periodic model retraining ensures adaptability to changing operational conditions.

RESULT AND ANALYSIS

Evaluation criteria for the Transformer Health Monitoring System (THMS) examined problem
detection, failure prediction, and maintenance schedule optimization (Figure 8). Temperature,
vibration, and oil level variations would be accurately detected on real-time sensor data using this
system (Figure 9). Examples of such machines are decision trees, SVM, random forests, and deep
learning algorithms that proved highly accurate in fault classification and anomaly detection [4, 9].
Comparative studies showed that deep-learning models performed much better than traditional
classifiers in detecting complex fault patterns and predicting deterioration trends. Predictive
maintenance methods greatly reduced false alarms and helped advance some fault detection, allowing
for prompt intervening. The system's alarm and maintenance recommendations further reduced costs
associated with maintenance and improved operating efficiency. All in all, ML-monitoring has
improved transformer reliability by ensuring continuous power distribution and extending equipment
life [11, 8].

Figure 8. Final model of [oT based health monitoring system.
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Latest Sensor Data
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Figure 9. Record of sensing data.

Figure 10. Working representation of model.

The Transformer Health Monitoring System (THMS) integrates Internet of Things (IoT) devices and
Machine Learning (ML) algorithms to ensure real-time assessment and predictive maintenance of
transformers. This methodology outlines the key stages involved in the development and
implementation of the system. Furthermore, Figure 10 shows the model of the working system.

Future Work

There are two main areas of technological advancement that can improve the predictive and fault-
detection capabilities of the Transformer Health Monitoring System (THMS). First, state-of-the-art
sensor technology combined with effective machine-learning models represents one key area of
development for the THMS. Second, cloud connectivity based on the Internet of Things may be another
important trend. This would allow the monitoring and storage of data to be accessed from anyplace and
anytime [3, 9]. Moreover, thermal imaging sensors can streamline the fault detection process by more
accurately identifying the overheated components. Edge computing on the ESP32 microcontroller
enables real-time data processing while reducing response time and enhancing system responsiveness.
Further machine learning model developments, including reinforcement learning and deep learning-
based anomaly detecting, can enhance predictive analytics and fault classification. Another potential
improvement is the development of a mobile application that provides detailed transformer health report
and alerts maintenance teams remotely. Al analytics could enable advanced condition-based
maintenance scheduling with self-cure capabilities potentially reducing system downtime and
improving power distribution system reliability. These advancements would ensure a more efficient and
scalable power infrastructure monitoring system.

© STM Journals 2025. All Rights Reserved 8



Journal of Power Electronics & Power Systems
Volume 15, Issue 3
ISSN: 2249-863X (Online), ISSN: 2321-4244 (Print)

CONCLUSION

An important development in the power industry is the installation of a Transformer Health
Monitoring System, which ensures the reliable and efficient operation of electrical transformers. These
systems are capable of effectively monitoring transformer health and identifying potential faults before
they occur by utilizing a variety of technologies, including sensors, real-time data analytics, and
predictive maintenance. By prolonging transformer life and minimizing downtime, this proactive
strategy reduces maintenance cost and improves the overall safety of power distribution networks. The
Transformer Health Monitoring System leverages ongoing developments in IoT, machine learning, and
data analytics to provide enhanced decision-making, enabling operators to detect potential problems,
anomalous conditions, and performance degradation. Such systems make a valuable contribution to the
sustainability and reliability of electrical power systems by improving fault detection, reducing the need
for emergency repairs, and streamlining maintenance planning. In electrical grids, incorporating a
Transformer Health Monitoring System is essential for reducing operational risks, improving system
reliability, and lowering operating cost. To ensure a more robust and efficient infrastructure in the
future, its widespread adoption will be crucial for the modernization of the power industry.
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