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Abstract

Normally, no one even looks at the electric boxes down the street. We simply disregard them.
That is, until our TVs switched off at random during a Tuesday night. Those large grey objects
mounted on wooden poles are very hardworking; they bring down the power level, which is
very high even on the power generation station side, to the usual power needed for a living
room. In the old days, the city employees just rolled their trucks and visually verified that the
external surface of the boxes was in good condition. Apparently, they considered it the total
safety strategy. Of course, many were set on fire as no one could see whether the inside was in
fire. But the power grid now uses small digital sensors directly attached to the metal to detect
changes in conditions. By putting sensors on the equipment, we can measure the temperature
of the oil inside, the quantity of current flowing through the wires, and the strength of the
voltage. For those of you who have ever wondered how a malfunctioning circuit box gets too
hot in a hurry, here you have your simple cause. As a result, not only do we have an instant
picture of that information, but also the repair squad can address the problem before there is
even a power outage.

What it is:

A research paper that investigates whether it is possible to predict the failure of distribution
transformers using operational data that can be measured with routine methods. The paper
focuses on a research area that has been largely ignored: studies on predictive maintenance
concentrate on expensive transformers at substations while almost none examine distribution
transformers, which are far more numerous and less costly.

Introduction

What to research was very clear to me. I can still recall that hot, sweat-drenched, fan-less
summer nights as a kid. We would totally lose power unexpectedly whenever a heatwave took
over. That's how these poles cause lights to go out. Only when the fridge stops making its usual
noise and there's no Wi-Fi can we understand that we actually do need all those metal
machines.
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In those days, power grid operators were literally flying blind. They needed to mobilize trucks
with men that could only visually inspect the equipment. When one of the parts was fried
without notice on a random afternoon, the entire block was dark within seconds. It was a big
problem for all.

What I found the most exciting is that today we don't have to operate in the dark. They literally
put these tiny trackers inside the equipment. Through the trackers, the equipment condition is
sent to the computer with updates on heat load, and electrical pressure. When a piece is
overworked, the figures go off the charts. Analyzing the data, I will demonstrate that to avoid a
blackout you mainly only need to look at a graph.

What is really inside the box?

Before talking about the data things, it is good to know what transformer actually does.
Transformer steps down voltage from high voltage to low. The electric power company
generates the electric energy at a very large scale. If you were to get that electricity traight
from the power line, your house would instantly burn down and all the electrical appliances
would break down and you would even get electrocuted. That is essentially what a transformer
does. The metal cover at the back of power poles acts like the bouncer and weakens the power
and delivers it to your wall socket as a calm river of electricity that you are safe to handle.
Behind the cover, there is copper wire wound many times around an iron core. When electric
current flows through these windings, energy is lost as heat due to the electrical resistance of
the copper these are called I°R losses (or copper losses), and they increase with the square of
the current. Additional heat is generated in the iron core due to hysteresis and eddy current
losses (collectively called core losses). To prevent overheating, the interior of the transformer
is completely filled with mineral insulating oil. This oil circulates around the windings, absorbs
the heat, and transfers it to the outer tank surface where it dissipates into the surrounding air.
The classical method of inspections

[ was just amazed by how they handled maintenance back in the day. One gang of people would
come by, park up and they'd be just standing about the sidewalk staring at the electricity pole.
They might have checked if someone saw black stuff oozing down the green grass, or maybe
the electric buzz became louder then usual they heard it and stopped, that was about all.
Depend on human ears and eyes to check out a sealed metal container? That's definitely a poor
idea. One container might be the image of perfection during a Monday check but then by
Thursday it will have spontaneously set itself on fire because nobody caught the inner
temperature increase, this resulted in the city spending a lot of money buying replacements for
the equipment they lost.

When at some points, they realized that people can also get a lot of help from digital screens
and they were very smart putting them at places where a man would perhaps stand and read.
Still, someone had to go there physically for that machine to be seen. Let us just imagine that, at
around the time when you could not easily be awake, a warning message from a machine
appeared on such a screen, then nobody would ever see it because in most cases machines will
die on their own without any warning.
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The Danger Signs
Engineers managed to find out precisely which conditions lead to a failure. It is not only about
the time when it is going to happen, but also what symptoms you have to look for to predict a
breakdown.
Heat is the worst Enemy
Heat is the most dangerous factor. If a car engine overheats and gets stuck in a
breakdown, these devices get damaged if you keep pushing their limits. The oil is
designed to cool them down, though if it's close to boiling level for seven days, you
won't have long before the paper insulation wraps on the coils are reduced to a pile of
ashes. Now, imagine the paper being gone completely, and you can easily guess what a
short circuit looks like!
Current and Overload
When everybody in town gets home and blasts the AC, the 'load’ goes through the roof.
That forces massive amounts of current to squeeze through the wires. More current
equals more friction. It's a direct link. You physically cannot have a massive current load
without the temperature spiking right along with it.
Monitoring Voltage Jumps
Suppose voltage is the power or pressure of the flowing water, then electric power is
water in the pipes. If a big power surge is delivered due to a strong lightning strike or a
problem with the power grid, pressure waves high as mountains can be created and the
device can get destroyed. These sharp peaks not only bring destruction but are also
signs of the unit's deterioration. So, do not look away from these kinds of changes. They
are among the few signals that indicate a fault is occurring.
The impact of weather
Sunlight plays quite an important role. So, when you are getting 105-degree weather
during the afternoon hours that is the time the sun gets to work and start heating the
metal box. In that case, the oil will work hard to try and get rid of the heat of the wires
but at the same time, the heat on top of the box keeps the oil warm. So, summer becomes
the grid worst season absolutely for it.
Aging Oil issue
Mineral oil degrades over time. It becomes contaminated with dissolved metals,
moisture from the atmosphere, and oxidation by-products such as acids and sludge. As
the oil deteriorates, its dielectric (insulating) strength and cooling efficiency both
decline. Testing the oil quality through parameters like breakdown voltage (BDV),
acidity, and moisture content is a standard diagnostic practice, similar to checking
engine oil in a vehicle. Degraded oil significantly increases the risk of insulation failure,
though it does not guarantee an immediate breakdown. Regular oil testing and timely
replacement are essential for extending transformer service life.
Connecting the Sensors
Dispatching personnel in trucks was an expensive and wasteful way to do things, so grid
operators switched completely to sending information by digital means only. They started by
inserting little internet-connected measuring devices into the oil and attaching them to the
wires.
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During the start-up phase, the machinery was somewhat unreliable. The probes would simply
get hot and fall apart, but nowadays, this tech has become really cheap, and very hard-wearing.
In fact, these small surveillance devices are currently recording key indicators every few
seconds. The data is sent back wireless to the main control room by each device.

From that point, an automated monitoring system takes charge. The system operates according
to predefined threshold rules based on the transformer's design specifications and applicable
engineering standards (such as IEC 60076-7 or IEEE C57.91). For example, if the top-oil
temperature alarm threshold is set at 70°C based on the specific transformer design, oil type,
and sensor placement and a probe reports a reading of 82°C, the system immediately triggers a
high-priority alert. A red warning signal appears on the operator's screen and an automated
text notification is sent to the maintenance crew. This eliminates the need for anyone to be
physically present at the transformer site monitoring dials in adverse weather conditions.
Hardware and Sensor Specifications

The TransformerGuard monitoring system uses the following hardware components to collect
real-time operational data from distribution transformers. All sensors are connected to an
ESP32 microcontroller, which transmits data wirelessly via Wi-Fi to the central server using
the MQTT protocol.

Figure: Hardware prototype ESP32 microcontroller with sensors mounted on a distribution
transformer at the manufacturing facility. Wires connected to HV/LV bushings for real-time
current, voltage, temperature, and vibration measurement.

Sensors Used

The monitoring system uses the following sensors: (1) PZEM-004T measures AC voltage,
current, power, energy, frequency, and power factor; (2) DS18B20 a waterproof probe that
measures transformer oil temperature; (3) AHT10 measures ambient temperature and
humidity; (4) MPU6500 a 6-axis motion sensor providing 3-axis accelerometer (vibration) and
3-axis gyroscope data; (5) ESP32 the microcontroller that packages all readings as JSON and
publishes them via Wi-Fi using the MQTT protocol.
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The ESP32 microcontroller reads all sensor values at regular intervals (approximately every 5
seconds), packages the readings into a JSON payload, and publishes it to the MQTT broker over
Wi-Fi. The data is then received by the Laravel backend server, parsed, and stored in the
MySQL database for real-time dashboard display and Al-based analysis.

Software Stack

The software stack comprises: Firmware Arduino/C++ on ESP32; Messaging MQTT protocol
via Mosquitto broker (topic: transformer/#); Backend Laravel 13 (PHP 8.5) with MySQL
database (transformer_ai); Live Ul Server-Sent Events (SSE) + AJAX; Al Engine Python 3.14
with pandas, scikit-learn (Isolation Forest), XGBoost, and SQLAlchemy; Automation Apache
web server with systemd service and timer that runs the Al engine every 2 minutes.

System Architecture and Data Flow

The complete data flow operates as follows: (1) The ESP32 collects readings from all sensors
and publishes a JSON payload via Wi-Fi to the MQTT broker. (2) The Laravel backend (php
artisan mqtt:listen) subscribes to the MQTT topic and inserts each reading into the sensor_data
table in MySQL. (3) The Laravel Dashboard reads from the database and pushes live updates to
the browser using Server-Sent Events (SSE). (4) Every 2 minutes, the Python Al Engine runs
automatically, computing engineered features, running the Isolation Forest model and rule-
based safety layer, and writing predictions to the transformer_predictions table. (5) The
Dashboard's Al panel reads predictions and auto-refreshes every 30 seconds.

The way the live data saves us

Having live information from the equipment is an amazing change. For example, the operators
can identify the failure without the complaint about a lack of electricity from a neighborhood.
They have this information seven days before. If the temperature profile is indicative of a
gradual increase for three consecutive days, the operators are alerted something is wrong.
Their solution is simple; they just login and redirect the electric supply along another route to
relieve the situation.

Of course, they can also send out the work crew for the repair of the system at a very
unobtrusive time e.g. Tuesday morning to clean out the oil. Then, the problem can be solved
when everyone is at a place of work and even the flickering of the lights wouldn’t/t be
detected.

Being lost in the dark against the smart trackers

It’s really just funny how one can compare these two approaches. I just made a plain table to
showcase how superior the new method is.

The Metric Manual Smart Trackers

Checkups Occasionally, whenever they | Constant  24/7  wireless
got around to it. pinging.

Location Standing directly on the spot. | Sitting at a desk looking at a

monitor.

The Heads Up Zero  warning. It  just | Alerts trigger before any real
exploded. damage.

Cost Millions wasted on buying | Super cheap to run the
replacement boxes. software.

It's a no brainer. You'd have to be crazy to want to go back to staring at the outside of a metal
container hoping you can hear a buzzing sound.
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Analyzing the Data

Some standard stats to see what a stressed-out grid actually looks like on paper. The charts
make it way easier to see the patterns.

The Link between Heat and Amps

Chart 1 tracks what happens during peak hours. The blue dots are individual sensor pings. As
the current crawls up the bottom axis, the temperature just skyrockets. You can see how tightly
connected they are. Pushing past 80 amps is essentially asking for a fire.

Chart 1: Oil Heat vs. Amps
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Figure 1: Relationship between Oil Temperature and Load Current (Source: Sensor readings
collected during the 10-day monitoring period, July 2026)
Evidence that trackers are effective
Chart 2 illustrates the potential impact of sensor-based monitoring on transformer failure
rates. The orange bars represent failure counts during the period of manual inspections, while
the green bars represent failure counts after sensor deployment. According to industry reports
(Electric Board Report, 2026), real-time alerts and predictive monitoring have been associated
with a significant reduction in unplanned transformer outages, though the exact improvement
varies depending on grid conditions, sensor coverage, and maintenance response times.

Chart 2: Monthly Failures (Before and After)
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Figure 2: Monthly Transformer Failures Before and After Sensor Deployment (Source: Adapted
from Electric Board Report, 2026 [Ref 3])
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The Daily Pressure Decline

Voltage isn't perfectly flat. Chart 3 is a 24-hour look at the pressure. See that huge crater in the
graph around dinnertime? Everyone is cooking and running TVs. If the line drops past the
danger zone, the power gets dirty and electronics start acting weird.

Chart 3: Voltage Swings Over 24 Hours
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Figure 3: Voltage Variation Over a 24-Hour Period (Source: Sensor readings collected during the
monitoring period, July 2026)

The reasons we flush the fluid
Chart 4 shows the slow death of the cooling fluid. It starts clean and strong, but over 24
months, it just degrades into sludge. Once it crosses the halfway mark, the company has to

flush it.
Chart 4: Fluid Degradation Over 2 Years
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Figure 4: Insulating Oil Degradation Over 24 Months (Source: Long-term oil quality data adapted
from National Power Guide, 2025 [Ref 1]. Note: This is not from our short-term sensor readings.)
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Primary causes of dying

Finally, Chart 5 breaks down what actually kills the equipment. Heat takes the crown at 35
percent. Overloading is right behind it. Since overloading directly causes the heat, monitoring
those two things is basically the whole job.

Chart 5: What Actually Kills The Boxes
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Sludgy Fluid

Figure 5: Primary Causes of Transformer Failure (Percentage Breakdown) (Source: Industry
failure analysis data from Electric Board Report, 2026 [Ref 3])

Our Local Grid and its Story

In many parts of Punjab, PSPCL (Punjab State Power Corporation Limited) manages
distribution transformers that serve residential colonies and agricultural loads. During peak
summer months, these transformers frequently operate beyond their rated capacity due to the
widespread use of air conditioners, coolers, and agricultural pump sets.

In one such locality near Ludhiana, a cluster of distribution transformers was experiencing
repeated failures every June and July. The transformers were ageing, and the load had grown
significantly due to new housing construction in the area. Under the existing system, PSPCL
crews would only learn of a failure after residents reported a power outage by which time the
transformer had already suffered permanent damage, requiring expensive replacement.

After deploying loT-based sensors on these transformers, the maintenance team could now see
real-time oil temperature, current, and voltage readings from a central dashboard. When one
transformer's oil temperature began rising steadily over three consecutive days during a
heatwave, the system triggered an automatic alert. The PSPCL crew was able to schedule a
proactive maintenance visit replacing the degraded oil and tightening loose connections before
the transformer failed. Note: In the Indian distribution grid context, load migration between
substations is controlled exclusively by PSPCL and requires formal authorization and often
additional infrastructure. Therefore, the primary benefit of our IoT and Al monitoring system is
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enabling data-driven maintenance scheduling and early failure prediction, rather than
automated load rerouting.

Al and Machine Learning for Predictive Maintenance

While the sensor system provides real-time data, the core innovation of this project lies in the
Al engine that analyses the incoming data and predicts potential failures before they occur. The
TransformerGuard system employs a combination of unsupervised anomaly detection
(Isolation Forest), supervised classification (XGBoost), and a rule-based safety layer to
generate actionable maintenance recommendations. The Al engine runs automatically every 2
minutes via a systemd timer, processing the latest sensor data and updating the dashboard
with predictions.

Feature Engineering

Raw sensor values alone are not sufficient for reliable failure prediction. For each new reading,
the Python Al engine computes approximately 48 derived features using only historical (past)
data to avoid data leakage: (1) Rolling averages of voltage, current, oil temperature, and
vibration computed over 15-minute, 30-minute, and 1-hour windows; (2) Rate of change for
example, the °C per minute rise in oil temperature, which captures gradual heating trends; (3)
Deviation from the normal baseline, calculated as the difference from the trailing median of
each parameter; (4) Combined vibration magnitude, computed from the MPU6500
accelerometer as V(x? + y? + z2); (5) Temporal context features such as hour of day and day of
week, which account for daily load patterns. These engineered features allow the models to
detect not just instantaneous anomalies, but also gradual trends (e.g., a slow but steady
temperature rise over hours) that raw readings alone would miss.

Isolation Forest The Production Al Model

The primary model deployed in the TransformerGuard system is the Isolation Forest algorithm
(Liu, Ting & Zhou, 2008). This is an unsupervised machine learning method that learns what
"normal” transformer operation looks like from approximately 70,000 historical sensor
readings. The algorithm works by randomly partitioning data points using decision trees
readings that are statistically easy to "isolate" (separate from the majority) receive high
anomaly scores, indicating unusual behavior. For each new reading, the model outputs an
anomaly score between 0 and 100 (calibrated against training statistics) and a status
classification: NORMAL — WARNING — ANOMALY — CRITICAL. The advantage of an
unsupervised approach is that it does not require labelled failure data to train. On real
operational data, the model produces approximately 89% NORMAL, 6% WARNING, 3%
ANOMALY, and less than 0.5% CRITICAL readings confirming it stays quiet during routine
operation and only raises alerts when conditions genuinely deviate from the baseline.

XGBoost Supervised Classification Model

In addition to unsupervised anomaly detection, the system utilizes XGBoost (Chen & Guestrin,
2016), an optimized gradient boosting framework. Unlike Isolation Forest which learns
"normal” patterns without labels, XGBoost is a supervised model trained on labelled sensor
data where each reading has been classified as Normal, Warning, or Failure based on
operational thresholds and expert judgement. XGBoost builds an ensemble of decision trees
sequentially, with each new tree correcting the errors of the previous ones. Feature importance
analysis from the XGBoost model confirmed that current (load), voltage deviation from
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baseline, and oil temperature rate-of-change are the most predictive features consistent with
the statistical analysis presented in the Calculations section. Note: Supervised models like
XGBoost require sufficient labelled failure examples for reliable training. Given the limited
number of actual failure events in our current monitoring period, the Isolation Forest
(unsupervised) was selected as the primary production model, while XGBoost serves as a
supplementary validation tool that will improve as more labelled data becomes available.
Rule-Based Safety Layer

The Al engine also incorporates a deterministic rule-based safety layer that operates alongside
the machine learning models. This layer assigns separate risk scores for three categories:
Thermal risk (T) based on oil temperature, ambient temperature, temperature rate of change,
and deviation from baseline; Electrical risk (E) based on voltage deviation, current overload
relative to rated capacity, and power factor anomalies; Mechanical risk (M) based on combined
vibration magnitude from the MPU6500 accelerometer and gyroscope readings. Each category
receives a numerical score (e.g., T:0, E:10, M:70), and the primary risk type is identified as the
category with the highest score. This helps maintenance crews identify not just that a problem
exists, but what type of problem to investigate.

Fusion and Final Risk Assessment

The final risk level for each transformer is determined by fusing the Isolation Forest anomaly
score with the rule-based category scores. The system outputs: (a) a final risk level NORMAL,
LOW, MEDIUM, HIGH, or CRITICAL; (b) the primary risk type (Thermal / Electrical /
Mechanical); (c) a list of contributing factors with severity labels for example, "CRITICAL
vibration: Combined vibration 15-minute average is 97.7x the normal baseline (0.010g)" or
"LOW voltage mean 30m: Prolonged abnormal voltage: 30-minute average deviates 358% from
baseline"; and (d) a specific maintenance recommendation for example, "Inspect transformer
mounting, core/tank vibration and mechanical condition. Physically inspect tank/mounting
bolts, core clamping and anti-vibration mounts; compare against commissioning baseline."
This fusion approach ensures that both statistical anomalies (detected by ML) and hard safety
limits (enforced by deterministic rules) contribute to the final assessment, reducing both false
positives and missed critical conditions.

Dashboard Integration and Live Monitoring

The Al predictions are displayed on the TransformerGuard web dashboard. The Live Monitor
card (updated every second via Server-Sent Events) displays all 12 real-time sensor values oil
temperature, ambient temperature, humidity, vibration, voltage, current, power, energy,
frequency, power factor, and accelerometer/gyroscope readings. The Al Predictive
Maintenance card (auto-refreshes every 30 seconds) shows the Al status badge
(NORMAL/WARNING/ANOMALY/CRITICAL), numerical anomaly score (0-100), primary risk
type (Thermal/Electrical/Mechanical), T/E/M category scores, contributing factors list, and
specific maintenance recommendation. Additional features include a Transformer Overview
table with per-unit Al status, historical trend charts, an events log, and a sensors page.
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Figure: TransformerGuard Dashboard Live Monitor panel (top) with real-time sensor values for
TF-001, and Al Predictive Maintenance panel (bottom) with anomaly score 47.5, MECHANICAL
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Calculations and Analyses:
1.1 Descriptive Statistics

Summary statistics were computed over all 288 readings for each variable. Formulas

used:

(Online) 2348 — 9367 (Print)

Z(x — x)?
n-—1

S =

s
cV = } X 100%
Quartiles (Q1, Q2, Q3) split the sorted 288 values into four equal parts; the Mode is the

most frequently occurring value.

Statistic Voltage Current (A) | Power Oil Temp | Ambient Temp
v) (kw) (9 (9
Mean 229.5771 83.0765 17.5274 60.3053 31.9934
Median 229.7000 84.8250 18.1055 59.9900 31.6800
Mode 227.8100 62.8200 13.1700 56.0300 26.8000
Standard 2.3571 19.4881 3.4643 3.5913 3.8526
Deviation
Q1 227.6050 64.3125 14.2720 56.9875 28.5075
Q2 (Median) 229.7000 84.8250 18.1055 59.9900 31.6800
Q3 231.6000 101.5925 20.5970 62.1800 35.4500
Coeff. of Variation | 1.03% 23.46% 19.76% 5.96% 12.04%
(%)
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Time-Series Charts (with Mean and Range lines)
Each variable plotted against timestamp across the full 24-hour dataset (7 July 2026), with
horizontal reference lines marking the mean and the min/max range:

Voltage (V) over Time — 7 July 2026 (Mean & Range)
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Figure 6: Voltage change for 7/7/2026

Current (A) over Time — 7 July 2026 (Mean & Range)
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Figure 7: Current change for 7/7/2026
Power (kW) over Time — 7 July 2026 (Mean & Range)
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Figure 8: Power change for 7/7/2026
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Oil Temperature (°C) over Time — 7 July 2026 (Mean & Range)
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Figure 9: Oil Temperature change for 7/7/2026

Ambient Temperature (°C) over Time — 7 July 2026 (Mean & Range)
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Figure 10: Ambient Temperature change for 7/7/2026
1.2 Correlation: Current vs Power

Pearson’s correlation coefficient formula:
nZXy — (2X)(2Y)
J[EX? — (£X)?[nzZY? — (ZY)?
Calculation (X = Current, Y = Power, n = 288):
XX = 23,926.04
2Y = 5,047.891
2XY = 438,619.6
XX? = 2,096,690.69
2Y? = 91,920.73
Numerator = nXXY — XX -XY = 288(438,619.6) — (23,926.04)(5,047.891)
= 5,546,490
Denominator = \/[(288 -2,096,690.69 — 23,926.04%)(288 - 91,920.73 — 5,047.891%)]
= 5,580,260
r = 5,546,490 / 5,580,260 = 0.9939
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Pair Pearsonr | p-value n Interpretation

Current vs Power 0.9939 <0.001 288 Very strong positive correlation

Current and power move almost perfectly together, which is expected since power is
derived directly from current, voltage, and power factor.
1.3 Correlation: Current vs Failure Target

Using the same Pearson formula with
X = Current, Y = Failure Target (0/1), n = 288:

XX = 23,926.04

2Y = 180
2XY = 17,266.7
ZX* = 2,096,690.69
XY? = 180 (sinceY? =Y for 0/1 values)
Numerator = 288(17,266.7) — (23,926.04)(180) = 666,111
Denominator = V[(288 - 2,096,690.69 — 23,926.04%)(288 - 180 — 1802)]

= 781,186
r = 666,111 /781,186 = 0.8527
Pair Pearsonr | p-value n Interpretation
Current vs Failure Target | 0.8527 <0.001 288 Strong positive correlation

Higher current readings are strongly associated with failure/fault conditions, consistent
with overload being the dominant fault type in this dataset.
1.4Regression Analysis: Current — Failure Target

Simple linear regression formulas (X = Current, Y = Failure Target):
_ nZXY — (ZX)(2Y)

EX2 — (5X)?

Y — b-XX

a = ———+
n
R? = r?

Prediction Accuracy = (correct classifications /n) X 100%
Calculation (reusing sums from Section 3):
b = 666,111 /(288 -2,096,690.69 — 23,926.04*) = 666,111 / 31,394,481,904
~ 0.021219
a = (180 — 0.021219 x 23,926.04) / 288 = (180 — 507.68) / 288 ~ —1.13784
R = r = 0.8527 - R?* = 0.8527% = 0.7271 (72.71%)
Predicted class = 1if (a + b-X) = 0.5,else 0
272 of 288 predictions matched the actual label — 272/288 = 94.44%
failure_target = —1.1378 + 0.02122 X current_a

Metric Value Interpretation
R (correlation coefficient) 0.8527 Strong positive relationship
R? (coefficient of | 0.7271 (72.71%) Current alone explains ~72.7% of
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determination) the variance in failure status

Prediction Accuracy 94.44% 272 of 288 readings correctly
classified at a 0.5 threshold

Note: failure target is binary (0/1), so this is a linear probability model rather than logistic
regression useful for a quick R*/accuracy read. Section 8 below fits a true logistic regression
combining all four variables.
1.5Correlation: Voltage vs Failure Target
Calculation (X = Voltage, Y = Failure Target, n = 288):
XX = 66,118.21
JY = 180
XY = 41,0714
XX* = 15,180,822.70
JY? = 180
Numerator = 288(41,071.4) — (66,118.21)(180) = —72,723.2
Denominator = V[(288 -15,180,822.70 — 66,118.21%)(288 - 180 — 180%)] = 94,486.6
r = —72,723.2 / 94,486.6 = —0.7697

Pair Pearsonr p-value n Interpretation
Voltage vs Failure | -0.7697 <0.001 288 Strong negative correlation
Target

Voltage sags as the transformer moves toward a failure/overload condition, giving a strong
inverse relationship.
1.6 Correlation: Oil Temperature vs Failure Target
Calculation (X = Oil Temperature, Y = Failure Target, n = 288):
XX = 17,367.92
JY = 180
XY = 10,925.6
XX* = 1,051,078.76
2Y? = 180
Numerator = 288(10,925.6) — (17,367.92)(180) = 20,361.6
Denominator = V[(288 - 1,051,078.76 — 17,367.922)(288 - 180 — 1802)]

= 143,957
r = 20,361.6 / 143,957 = 0.1414
Pair Pearsonr p-value n Interpretation
Oil  Temperature vs | 0.1414 0.0163 288 Weak positive (statistically
Failure Target significant)

Oil temperature rises slightly with failure conditions, but the relationship is weak a poor
standalone predictor of failure, though still statistically significant.
1.7 Correlation: Ambient Temperature vs Failure Target
Calculation (X = Ambient Temperature, Y = Failure Target, n = 288):
X = 9,214.11
JY = 180
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IXY = 5695.11
X2 = 299,050.90
IY? = 180
Numerator = 288(5,695.11) — (9,214.11)(180) = —18,348.1
Denominator = V[(288-299,050.90 — 9,214.11%)(288 - 180 — 180%)] = 154,434
r = —18,348.1 / 154,434 = —0.1188

Pair Pearsonr | p- n Interpretation

value
Ambient Temperature vs | -0.1188 0.0439 | 288 | Weak negative (statistically
Failure Target significant)

Ambient temperature shows only a weak negative association with failure status, a minor role

compared to current and voltage.

1.8Logistic Regression: Probability of Failure
Rather than one variable at a time, a multiple logistic regression combines all four readings
into a single failure probability. The logistic function maps the linear combination z to a
probability between 0 and 1:

Z = by + by - Current + b, -Voltage + bz - OilTemp + b, - AmbientTemp
1
p= 1+ e7%
The model was fit (L2-regularized logistic regression, scikit-learn, C = 1.0) on all 288
readings, giving:

Coefficient Variable Value

bo Intercept 0.006045
by Current (A) 0.421768
b, Voltage (V) -0.139707
bs Oil Temperature (°C) 0.699645
b, Ambient Temperature (°C) -1.287468

z = 0.006045 + 0.421768 - Current — 0.139707 - Voltage + 0.699645 - OilTemp
— 1.287468 - AmbientTemp
Worked example (first reading: Current = 62.82 A, Voltage = 232.47 V, Oil Temp = 61.22°C,
Ambient Temp = 35.79°C, actual failure target = 0):
z = 0.006045 + 0.421768(62.82) — 0.139707(232.47) + 0.699645(61.22)
— 1.287468(35.79) = —9.2224
p=1/(1 + e"9.2224) = 1/(1 + 10,120.6) = 0.0001
This reading is correctly assigned a near-zero failure probability, matching the actual label of 0

(normal).

Metric Value

Classification Accuracy (p = 0.5 97.92% (282 / 288 correct)
threshold)

Mean Predicted Probability 0.6250

Mean Actual (failure target) 0.6250

International Research Journal of Management Science & Technology
http: //www.irjmst.com Page 78



http://www.irjmst.com/

IRIMST Vol 17 Issue 9 [Year 2026] ISSN 2250-1959 (Online) 2348 — 9367 (Print)

1.9Normal vs Failure Readings: Independent Samples t-Test (Welch’s)
Welch’s t-test formula (unequal variances), comparing Normal readings (failure target =
0, n; = 108) vs Failure readings (failure target = 1, n, = 180):
A
\/Slz/nl + Szz/nz
df = (s1°/m1 + $2%/n2)? [ [ (512 /n1)? /(N1 — 1) + (52%/n2)?/(n2— 1) ]
Voltage (V)

t

X, = 231.92, s, = 1.1454, n, = 108
X, = 228.17, s, = 1.6873, n, = 180
SE = V/(1.1454%/108 + 1.68732/180) = v/(0.01215 + 0.01581) = 0.1672
t = (231.92 — 228.17) /0.1672 = 22.37, df ~ 281.6, p < 0.001
Qil Temperature (°C)

%, = 59.65, s, = 21754, n; = 108
%, = 60.70, s, = 41757, n, = 180
SE = V(2.1754%/108 + 4.17572/180) = /(0.04381 + 0.09689) = 0.3751
t = (59.65 — 60.70) /0.3751 = —2.79, df ~ 2813, p = 0.0056
Ambient Temperature (°C)
%, = 3258, s, = 3.2955, n; = 108
%, = 31.64, s, = 41195, n, = 180
SE = v/(3.29552/108 + 4.11952/180) = +/(0.10054 + 0.09432) = 0.4414
t = (32.58 — 31.64) /0.4414 = 2.14, df ~ 263.3, p = 0.0334

Variable Normal Failure | t-statistic p-value Significant
Mean Mean (x=0.05)

Voltage (V) 231.92 228.17 22.37 <0.001 Yes

Oil  Temperature | 59.65 60.70 -2.79 0.0056 Yes

0

Ambient 32.58 31.64 2.14 0.0334 Yes

Temperature (°C)

All three variables show a statistically significant difference between normal and failure
readings. Voltage shows by far the largest and most reliable separation (t = 22.37, p < 0.001),
followed by oil temperature and ambient temperature, which differ significantly but by a much
smaller margin.
1.10 Paired t-Test: Predicted Probability vs Actual Failure Status
To check whether the logistic model’s predicted probabilities (Section 8) agree on
average with the actual failure target values, a paired t-test was run in Excel (T.TEST
function) across all 288 matched pairs (predicted probability p; vs actual y; for the same
reading).
Null and alternative hypotheses:
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Ho: u(p) = wu(actual)
Hy: u(p) # u(actual)

Paired t-test formula, where d; = p; — actual; is the per-row difference:

d
t = —

Se
Vn
Calculation (n = 288 paired readings, computed live in Excel and cross-checked here):
Mean Predicted Probability p = 0.625000
Mean Actual y = 0.625000
Mean Differenced = p — y = —0.0000362
Std Dev of Differences, = 0.12098
SE = s, /Vn = 0.12098 / V288 = 0.007129
t = —0.0000362 /0.007129 = —0.0051, df = n — 1 = 287
Excel T — TEST (paired, two — tail) p — value = 0.9960

Metric Value

Mean Predicted Probability 0.6250

Mean Actual (failure target) 0.6250

Mean Difference -0.0000362
t-statistic -0.0051
Degrees of Freedom 287

p-value (two-tail) 0.9960
Decision at a = 0.05 Fail to reject Hy

Since p = 0.9960 is far above 0.05, there is no statistically significant difference between the
logistic model’s predicted probabilities and the actual failure labels on average, the model’s
probability estimates track the real failure rate almost exactly. This complements the 97.92%
point-classification accuracy from Section 8: the model is not just classifying most readings
correctly, its average predicted risk level matches reality with no detectable bias.

1.11

Summary

e Current and power are almost perfectly correlated (r = 0.99) as expected physically.

e Current is the strongest single predictor of failure among the electrical/thermal
readings (r = 0.85; R* = 72.7%; 94.4% classification accuracy at a simple 0.5
threshold).

e Voltage is strongly (and negatively) linked to failure (r = -0.77) and shows the
largest, most significant mean difference between normal and failure readings (t =
22.37).

e Qil and ambient temperature are only weakly associated with failure (|r| = 0.12-
0.14), though both differences are still statistically significant.

¢ Combining all four readings in a logistic regression raises classification accuracy to
97.92%.
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e A paired t-test confirms the logistic model’s predicted probabilities are statistically
indistinguishable from the actual failure outcomes (p = 0.996, fail to reject Hy).

The Disadvantages of Using Digital
I'm not saying this stuff is magic. There are definitely some highly annoying problems with
going digital. Sometimes, a fifty cent wire on a sensor snaps. The computer instantly panics and
texts the crew that a unit is sitting at 300 degrees. They rush out there with a fire extinguisher,
only to find the box is completely cold. False alarms are a massive headache.
Then there's the budget. Buying one tracker is cheap. Buying twelve thousand of them for an
entire county is a massive upfront cost. A lot of smaller towns just can't afford the upgrade.
Training is also a weirdly huge issue. You have guys who have spent thirty years fixing things
with wrenches. Suddenly you hand them an iPad with a scatter plot and tell them to diagnose a
voltage anomaly. If they don't get good training, they just ignore the tablet.
Our Vision of Tomorrow
Right now, the software just yells at a human to go fix the problem. But pretty soon, the Al will
just handle it. If a unit gets too hot, It'll just automatically kick on a backup cooling fan or
reroute the power itself in a split second.
This is what people mean when they talk about a '‘Smart Grid." As the silicon gets cheaper,
every single pole in the country will be connected to the hive mind. Once that happens, those
blackouts during the summer will hardly be remembered except as a weird thing that
happened in the past which we pass on to our children.
What | did:
During a ten-day period I collected readings from transformers and categorized each day as
Normal, Warning or Failure. I used voltage, power, ambient temperature and oil temperature
comparing each value to standard operating ranges.
In my statistics analysis examining mean, median, mode and variance for each parameter I
discovered the relationship between current and power. Except for a cases t-tests showed
significant differences between the mean values of the Normal group and the Failure group for
current voltage, oil temperature and ambient temperature.
These four factors became the variables in a function that predicted the probability of
transformer failure. I validated this model using my readings.
Findings:
The results highlight the influential factors in transformer failure allowing us to support
early-warning decisions statistically. This work encourages a shift from reactive, to
maintenance, thereby reducing interruptions.
Conclusion
At the end of the day, old ways of managing the electric grid were all about making best
guesses at what will happen. Putting the equipment with digital trackers altered completely the
perspective of the game. Through the ability to continuously monitor the liquid temperature,
pressure and current, one could literally foresee a breakdown a couple days before it would
have happened.
If a transformer is consistently operated near or above its rated capacity, the resulting high
current causes excessive IR (copper) losses, which generate significant heat. This heat can
degrade the paper insulation surrounding the windings and accelerate oil deterioration,
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ultimately leading to internal faults. Throw in that there are also very sharp voltage surges,
that is all that is needed for the equipment to cease functioning in a matter of minutes. Yet,
being able to continuously monitor these exact data points while having them displayed makes
it very easy to prevent such an unpleasant situation.

All in all, these tiny smart sensors have literally changed metal boxes into people. Now they can
shout for assistance even before catching a fire! Although it is just a very basic addition, it is
exactly why fans don't break at the worst times when they are the most wanted.
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