Online Detection of Inter-turn Winding Faults in
Single-Phase Distribution Transformers Using Smart
Meter Data

Kavya Ashok, Dan Li, Student Member, IEEE, Nagi Gebraeel and Deepak Divan Fellow, IEEE

Abstract—Turn-to-turn faults between primary windings due
to insulation degradation are a major cause of distribution
transformer failure, and occur due to high levels of stress such
as overloading and overheating. An additional consequence of
these faults is an increased voltage on the transformer secondary
due to effective change in turns ratio. This paper develops
a novel method for early detection of insulation degradation
and subsequent inter-turn winding failure by monitoring the
transformer secondary voltage. The algorithm is based on a
cumulative sum (CUSUM) statistic and compares voltages on
neighbouring transformers to flag degrading assets. Results
obtained from simulation as well as experimental data show
that smart meter measurements can be utilized to achieve very
high detection accuracy while keeping costs low. The paper also
demonstrates the validity of the algorithm in the presence of
measurement noise, residential solar power injection etc.

Index Terms- Distribution Transformer, Health Monitoring, In-
sulation Degradation, Inter-turn Faults, Predictive Maintenance,
Smart Meter data.

I. INTRODUCTION

Distribution transformers are ubiquitous and critical to the
power grid. A typical utility in North America can own
several thousand such transformers on their feeders that deliver
power to end customer. While these assets typically enjoy
long lifetimes, over 50 years in many cases, their failure rates
are exacerbating due to the increased demand and complexity
of load and consumer types. For example, electric vehicle
charging has been shown to significantly reduce the lifetime
of a transformer by 200 — 300% [1]. The traditional approach
followed during distribution grid equipment failure is known
as 'run-to-failure’ i.e. replace it when the asset fails. A recent
trend among utilities however, is to shift from reactive, time-
based maintenance, where repairs are made based on the age of
the transformer, to a more proactive condition-based approach
that analyzes health of equipment and schedules repairs based
on the condition of the asset. This can help utilities avoid
unexpected outages, significant downtime and loss of revenue
from distribution transformer failure.

However, unlike transmission and generation assets, distri-
bution system assets are difficult to monitor due to their lower
relative cost, high volume and lower importance as compared
to their high voltage counterparts. Low-cost, easy to scale and
reliable methods of distribution transformer monitoring are
required for utilities to increase visibility and control on their
grid assets. Table II below summarizes various methods for
transformer health analysis found in literature and explains
the drawbacks for these common methods. While many of

Abbreviations | Explanation
B Coefficient of regression
€ Linear regression error term
r(t) Residual
R? Coefficient of determination
RUL(t) Remaining useful life
0 Degradation rate

ysee ypri Secondary, primary voltage

CUSUM Cumulative sum
DUT Device under test
NT Neighboring transformer
TP(FN) True positive (False negative)
TABLE T
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these techniques are well developed and accurate, they require
the transformer to be offline and/or analyzed with expensive
equipment or in lab settings.

Literature has shown that one of the common failure modes
involves inter-layer shorts on the high voltage winding [2].
When inter-turn insulation deteriorates it results in arcing and
shorts between turns causing the effective number of turns
to reduce. This results in an increased secondary voltage
[3]. Southern Company, a major utility in the United States
conducted a survey of over 600 distribution transformers that
failed during service. These transformers were built by over
20 different manufacturers. The causes of failure, as reported
by the same utility, is shown in the info graphic below.
Transformer deterioration was further found to be caused
predominantly by voltage surges or fault currents (67%), and
moisture contamination (25.6%). Interestingly, 94% of failed
transformers were diagnosed with primary turns failure, and
subsequently failed the post-analysis turns ratio test. While the
data does not make the distinction between turn to turn and
turn to earth failures, the algorithm proposed in this paper is
capable of detecting both modes as both failure modes lead to
a subsequent rise in secondary voltage [3].

In addition to Table II, several methods have also been
proposed in literature to detect the specific failure mode of
inter turn winding failure due to insulation degradation. Turns
Ratio test detects inter-turn shorts in the primary or secondary
windings which occurs as a result of insulation failure. These
faults result in high circulating current and a corresponding
increase in primary current as shown in[19], [20]. Thus most
methods in literature rely on measuring primary and secondary
voltages as well as primary currents. A circuit diagram of the
measurement setup from [19] is shown in Fig. 2 to extract
the magnetizing current of a single-phase transformer. The



TABLE II
LITERATURE REVIEW OF TRANSFORMER DIAGNOSTICS AND HEALTH ANALYSIS
Method Description Disadvantages Ref
Insulation Dissolved  Gas  Analysis, | Tests for the presence of certain compounds in oil | Requires lab analysis of oil/paper sam- | [5]
(Oil &Paper) | Degree of Polymerization, | & paper that are only released during breakdown of | ples. Transformer is decommissioned
Analysis Furan Analysis, | insulating material in the presence of heat, moisture, | before inspection. Offline monitoring
Moisture/Contaminants in | or oxygen. Liquid insulation also changes visual | and cannot scale
oil properties such as color from degradation.
Color, visual, viscosity, inter-
facial tension
Dielectric breakdown voltage, | Under near ideal conditions, insulation power factor | Transformer is decommissioned before | [6]
capacitance/ power factor, | and leakage current is nearly zero with very high | inspection, tested in lab environment.
leakage Reactance breakdown voltage. These properties change over- | Requires expensive equipment. Offline
time due to degradation and can be tested. monitoring
Temperature Infrared Thermograph, Fibre- | Detects abnormal temperatures and pressures within | Requires retrofitting with intrusive sen- | [7]
and Pressure | optic hotspot sensor, Built-in | transformer or on ancillary equipment sors, manual/drone collection of tem-
pressure gauge perature readings with thermographic
camera
Shorted Partial Discharge Localized electrical discharges in dielectric insu- | Acoustic & EM sensors are prone to | [8]
Turns lation system under high-voltage field stress and | ambient noise interference. Must be
generate electromagnetic (EM) & acoustic waves. | placed near the source, difficult to de-
Arcing causes further degradation ploy on existing Transformers
Circulating or abnormal mag- | Measures the increase in transformer’s circulating | Conducted offline, with expensive | [19]
netizing current current and corresponding primary current equipment, complex algorithm. Require | [22]
primary terminal measurements on the
field which is difficult and non-trivial.
Mechanical Frequency Response Analysis | Winding deformations and clamping looseness over- | Requires decommission of transformer, | [9]
Damage & time will change transformer’s transfer function and | expensive lab equipment and “healthy”
Winding vibration characteristics. Mechanical deformations | reference value for comparison and is
Deformation can cause serious failure an offline test
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Fig. 1. Causes of Distribution Transformer Failure according to a major US
utility

study shows that the magnetizing current THD will be lower
with inter-turn faults. In [21], a method based on wavelet
transform is presented to identify inter-turn shorts in single
phase transformers by comparing the magnetizing currents
obtained during transformer energization under healthy and
faulty conditions. Similarly, in [22], a voltage-current (AV —1)
locus diagram using primary terminal measurements is used to
asses the health condition of the transformer. Thus, all these
methods are either conducted offline, with expensive equip-
ment or complicated algorithms, or require primary terminal
measurements on the field which is difficult and non-trivial to
do.

Detecting early stages of inter-turn faults on the primary
will allow utilities to engage in proactive condition based
transformer monitoring, predict failures, and avoid costly
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Fig. 2. Experimental setup of the fault detection scheme in [19]

outages. Moreover, it can be expected that as the primary turns
short, the voltage on the secondary will begin to increase.
This paper explores the possibility of utilizing existing sensor
infrastructure, particularly smart meters, to track this voltage
increase and monitor transformer’s health at negligible cost
and effort. More than 60% of the 134 million residential
electricity customers in the US today have smart meters, and
this figure is growing at a rapid rate [10].

The paper builds on the novel algorithm of neighbouring
voltage estimation, first introduced in [4] and extends this
conference paper by addressing the following:

o Improves the detection model by including voltage drops
across the distribution transformer

o Analyzes the impact of noise in data, quantity of data
used for training and seasonality of training data

e Includes distributed generation of solar energy and
demonstrates the viability of the algorithm in the presence
of reverse power flow

o Introduces transformer ranking based on degradation

o Presents improved results with near 100% accuracy and




reduces overall false positives

« Finally and most importantly, the algorithm was validated
experimentally with real data extracted from a 50 kVA
transformer test bed.

Section II explains the degradation detection method and
algorithm. Section III describes the simulation setup and data
extraction to test the developed approach. Section IV discusses
the results of the algorithm on the synthetic smart meter dataset
as well as analyzes different corner cases. Section V concludes
the paper.

II. ALGORITHM DESCRIPTION

The algorithm builds on the assumptions that:

1) The primary network topology of the feeder is known,
i.e. transformers’ immediate neighbors can be identified.

2) There has been negligible degradation for an initial time

period when smart meter data was recorded.

Although insulation degradation leads to an increase in
secondary voltages, this change in voltage is almost imper-
ceptible and difficult to identify as the expected residential
voltage sees regular fluctuations due to downstream power
flow. For example, Fig. 3 plots the annual voltage profile for
a transformer simulated with and without degradation, based
on the second year from the simulation detailed in section III
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Fig. 3. Secondary voltage for transformer 175 with and without degradation

Therefore, a novel approach is presented, wherein the sec-
ondary voltage is estimated from a neighbouring transformer’s
secondary measurements. As described in Fig. 4, an equation
can be extracted to relate the secondary voltages, impedances
and turns ratios of two adjacent transformers as follows:

Nl*(erchIl*Zl) = NQ*(‘/2566+12*ZQ)+112*Z12+6 (1)

where, I; is the current flowing through transformer 7 €
[1,2], N; indicates the turns ratio of the transformers, V""" and
V,;?¢¢ are primary and secondary voltages, and I is the total
current flowing through the medium voltage cable between
both primary terminals. This is also equivalent to the scalar

sum of currents flowing downstream to VI and accounts
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Fig. 4. Primary network connection

for the voltage drop between the transformers. P; and @); are
the total active and reactive power consumed by all meters
connected to transformer ¢. This can be re-written as:

V'ISGC = [ﬁ]'[‘/;eca 117123112]T + € (2)

8] = [B1,.--Bn],n € [1,2,3,4] comprises of the coefficients
of linear regression and are a function of the transformers’
turns ratio, and/or the corresponding component impedances
Z;. Thus, these terms capture the voltage drops between the
secondary voltages of neighbouring transformers. € is the is
the noise term in the regression formulation.

If there is no insulation degradation, i.e. change in effective
turns ratios, the coefficients of regression should remain the
same for every time step. However, for transformers with inter-
turn faults, the actual secondary voltage will be higher than the
estimate. This difference between predicted and actual voltages
will increase over time.

A. Proposed Algorithm

The following attribute the steps of our proposed data-driven
methodology to detect the transformer degradation.

1) Estimating Transformer Secondary Voltage: The first
step is to measure the secondary voltage V¢ for each
transformer. This can be done by using various IoT sensors
as described in [14] or by using smart meter measurements.
Literature has shown that data analytics can be employed to
pair meters with their respective service transformers [15],
as well as estimate the impedance of the cables from the
transformer to the meter using linear regression [16]. Thus, the
transformer’s secondary voltage can be measured or calculated
with a high accuracy and is termed as the “actual” voltage in
subsequent analysis.

2) Formulating a linear regression problem for each trans-
former pair: For every transformer ¢ in a feeder, we identify
the set of its neighbors j, denoted as N;. We use linear
regression to estimate the coefficients 3; for all j € N i.e.,

3)

Thus, we have |A;]| linear models for each transformer. This
regression model is formulated using an initial subset of the
data during which we assume negligible degradation.

3) Computing Residuals: Each linear model is then used to
calculate the voltage of transformer ¢, Vf;c(t), based on the
new and subsequent observations. The residuals r;, defined as

Vi) = BiViee(n), L), L), Ly (0] + ¢



the difference between the actual voltage of transformer ¢ and
its estimation given by the linear model are computed as:

r(t) = VEee(t) = Visse(w), )
b N (0,073 2). The residuals are standardized as:
7i(t) =15()/o", )

such that the standardized residual 7;(¢) follows a standard
normal distribution N (0,1). ¢% is the standard deviation of
the regression error term ¢; in Eq.3.

We then take the average of the standardized residuals 7 (t)
for all j € NV; to get the average residual and multiply it by
V/N; to preserve the normal distribution:

where r;(t) "~ -

ri(t) = (6)

VAT

4) Degradation Detection: The degradation process of
transformer ¢ is monitored at each time ¢ > n. For a healthy
transformer, the linear model should give an unbiased estima-
tion of the voltage V;*°°(t), i.e., r;(t) ~ N(0,1). When the
transformer is degrading, the actual secondary voltage of the
transformer ¢ is higher than the estimated voltage calculated
using its neighbors. Thus, there will be a positive mean shift
u in the standardized residual: 7;(¢) ~ N(u, 1) where p > 0.

Since the degradation process is cumulative and irreversible,
a cumulative sum control chart (CUSUM) is used to detect
degradation [17], [18]. The chart plots the cumulative sum
of deviations from the target for individual measurements
or subgroup means. It is described using two parameters: k
defines the ratio between the minimum negligible mean shift
and the standard deviation. It is usually set to half of the mean
shift to be detected; h is the control limit that defines when the
alarm should be triggered. CUSUM control chart is the best
way to detect the small shifts of process mean and is easy to
visualize. Here, a one-sided CUSUM control chart is used to
detect the positive mean shift in the residuals. The CUSUM
statistic S(t) is calculated using (7)

S;i(t) = max{0,S;(t — 1) + r;(t) — po — k} (7)

where ji9 = 0 is the in-control mean. The detection alarm is
raised when S(t) > h, implying a consistent and significant
deviation between expected and measured secondary voltages.
This method ensures that expected deviations in voltage due
to routine fluctuations in loading, and other events from tap
changes, capacitor banks etc. do not raise false alarms. By
tracking every transformers’ voltage in comparison with its
neighbors’, only those transformers with changing turns ratio
due to inter-turn shorts are flagged.

5) Ranking Degraded Transformers: Since transformers
can degrade at different rates, the algorithm should prioritize
failing transformers by quantifying the severity of inter-turn
faults. Simply arranging transformers by their CUSUM
statistic will be misleading as transformers that experienced
inter-turn faults earlier will show higher S(t) values due to
the accumulation of residuals over time. After ‘detection’, the
algorithm moves into a ‘prediction’ mode by analysing their
residuals. Three parameters are computed to characterize the

degradation:

1) The severity of inter-turn shorts for transformer ¢ at time
=T is the standardized residual r;(T") averaged over an
entire day.

2) The rate of degradation is the maximum rate of change
of the residuals max(dr;(t)/dt)

3) The onset of degradation can be determined by iden-
tifying the first point the CUSUM statistic starts to
constantly increase before the alarm is triggered.

As mentioned earlier, the degradation of a transformer can
be characterized as the decrease in its turns ratio over time.
That is, suppose the onset of degradation is 7, then V; is a
function of time in the following form:

_JN? t<T
Nﬂ”_{N?_f@ t>T ®)

where f(¢) > 0 for all ¢ and is non-decreasing.
By substituting term N7 with N (), we can rewrite Eq. (2)
as follows:

1
Vvisec(t) _ m[51‘/QSEC(t)+6é_[2(t)+5é[12(t)}+ﬁ411 (t)+€(t)
9
where 8 = BNy for i = 1,2,3, and ], f5, and f are

constants, and Eq.(2) stands when ¢ < 7.
Based on Eq.(9), we have

Vie(t) = Bali(t) — e(t)
BrVaee(t) + Bala(t) + B3 L1a(t)
Veee(t) — Bala(t
:N? — ‘ ( ) 54 1( ) +6(t)
B1Vsee(t) + Bala(t) + Bali2(t)
where e(t) is the new error term, and e(t) ~ N(0,0%(t)).
Notice that the variance of e(t) is not constant over time,
since it relies on the values of Vic(t), I5(¢), and I1a(t).
However, the mean of e(t) is always O because the mean of
V()= Bali(t
€(t) is 0. This guarantees that N? 7 Vsﬁc(t)ﬁﬁllﬁ“t)ﬁr(ﬁilm(t)
an unbiased estimator of N (¢).
Suppose at the initial stage of degradation starts by an abrupt
decrease (offset) in the turns ratio followed by a period of
decrease at a constant rate (degradation rate). That is,

F(t)=6+6(t—7)

(10)

Ni(t) =

Y

where 7 < t < 7' (12)

where 4 is the offset, 6 is the degradation rate, and 7’ is some
time point close to 7. In this case, the offset and the slope
can be estimated based on the maximum likelihood estimation
same as the linear regression problem.

However, note that the estimated § and 6 are not optimal
because the method assumes the error terms are identically
and independently distributed, which does not hold for e(t).
However, when ¢ and ¢’ are close, the change in turns ratio is
minimal, meaning that the change in the variance of e(¢) is not
significant, so that the estimation is not significantly biased.
Similarly, this method can be applied to any short period of
time [t1, t2] during degradation (¢; > 7), where we have

f(t) =01 + 0t —t1) where t; < t <ty (13)
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Fig. 5. Total active load (kW) on feeder over one year

Hence, the degradation level and degradation rate at time ¢
can be estimated by estimating the above parameters using
the observed N;(t) within the time window [tq,t2]. In this
way, we can update the estimation of the degradation level
and degradation rate in real time by fixing the window size
to —t1 = w and sliding the window over time. Therefore, at
time ¢, the degradation level is

Ni(t) = N? = 6,_y — O (14)

The window size w should be selected based on the periodicity
of the data. A small value may capture transients or noise
while a large w may cause delays in detecting the degradation.
Therefore, a window size in the order of hours is suggested.

Suppose a transformer failure is defined by some turns ratio
Np, then its remaining useful life at time ¢ can be estimated:

RUL(t) = (N? = 84—y — byw — Np) /6. (15)

III. SIMULATION SETUP AND DATA EXTRACTION

To generate synthetic smart meter data, a realistic distri-
bution feeder was simulated in OpenDSS using EPRI’s Test
circuit 5; a 12.47 kV residential feeder with almost 1400
residential nodes and over 590 distribution transformers. 24
months of power consumption (kWh) data were extracted from
Pecan Street [12] at 15 minute intervals and high-resolution
voltage data was recorded at each consumer node during the
power flow simulation. This consumption data was collected
from homes located in Austin, Texas between 2013-2018.
Reactive power data was created based on power factor profiles
observed in real residential data obtained form various utilities.
Fig. 5 represents the sum of all loads on the feeder for the first
year.

Noise was injected into the data with a uniform distribution
of 0.2% of the base voltage, 240V. This corresponds to
ANSI standard C12.20-2010 with meter classes 0.2 (accuracies
within +/ — 0.2%) [13]. More details of the simulation and
noise injection can be found in [16].

To simulate transformer inter-turn faults, a 1% annual
degradation rate was assumed and 6 of the 590 service
transformers were chosen at random. At various points along

the second year, their turns ratio (primary:secondary) was
gradually reduced by approximately 0.6%. To allow for algo-
rithm training and comparison, the first year was considered
as a base period during which no degradation occurred. The
transformers experienced different speeds and duration of
simulated degradation as described in Table Il and Fig.6. This
variability was adopted to test the accuracy of the detection
algorithm. The simulation allows us to feasibility the minimum
extent of degradation required for accurate detection using
AMI data.

TABLE III
RATE, SPEED AND DURATION OF TRANSFORMER DEGRADATION IN YEAR 2

Transformer  Start Day Months of Rate of
Number of Year 2  Degradation Degradation

343 120 6 Very Slow
483 160 5.5 Slow
250 160 5.5 Slow

5 90 3 Fast

175 90 3 Fast
562 200 1 week Very Fast
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Fig. 6. Change in transformer turns ratio over one year. Default = 30.
Maximum of 0.7% change in turns ratio

A. Selecting Neighbours

As explained previously, the first step is to identify a set
of neighbouring transformers NN; for each transformer on the
feeder. This can be done by utilizing topology models. Most
power utilities have detailed geographic information system
data of their distribution networks up to the primary side of
the service transformer that describe the connection between
nodes and buses. A neighbor is simply a transformer that
is electrically nearby, i.e. the length of the cable or number
of buses between them is minimum. Fig. 7 displays a small
section of the feeder where every transformer in blue is con-
sidered as a neighbour to the transformer in red. Neighbouring
transformers typically have similar primary voltages. For the
purpose of this algorithm we select up to 6 neighbouring
transformer, and can verify this by comparing their:

1) Variance in voltage ratios: Transformer pairs with the

lowest standard deviation in the ratio of their secondary



voltages over a period of time. The ratio of secondary
Ve
voltages of nelghbourlng transformers Vmwﬂl be near

constant and equal to N , assuming ideal conditions, i.e.
no power loss and no degradatlon In this simulation,
an average of 6 neighbours were identified for each
transformer. Fig. 8 plots the voltage ratio between a
transformer and its neighbours vs. non-neighbours.

2) R2: Similarly, modelling the linear regression equation
in (2) will be highly accurate only for neighboring
transformers as depicted in Fig.8
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Fig. 7. Cluster of neighboring transformers to transformer #4 in OpenDSS
EPRI circuit
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Fig. 9. Performance of linear model as variables are added

B. Improvement in Linear Model

Selecting appropriate predictor variables is critical during
the formation of a linear regression problem. For example,
in [4], only the drop across the medium voltage cable was
considered and the results showed several false positives.
While domain knowledge of power systems can be leveraged
to select the right variables, it is recommended to test the
importance of each variable to improve the overall model.

The voltage drop across each component as a function of
both active and reactive power is tested here. The criteria used
to determine predictability include: i) p-values: a predictor
with a low p-value is likely a meaningful addition to the model
as changes in the predictor’s value are related to changes in the
response variable. ii) R?: change in R-squared represents the
amount of unique variance that each variable explains above
and beyond the other variables when added incrementally to
the model.

Fig. 9 shows that the most predictive terms, in addition to
V5 ¢¢ are the terms that represent the voltage drop across the
transformers due to active power. That is, reactive power and

the medium voltage cable resistance are negligible. Thus (2)
can be reduce to:

Py

SEC ﬁ SEC +ﬂ2 Vprz +ﬂ3 Vprz

IV. SIMULATION RESULTS

+e  (16)

After training the linear regression model using simulation
data from the first year, the CUSUM S;(¢) for the second year
is shown in Fig.10. The red plots correspond to degrading
transformers. “Healthy transformers” are indicated in black
and do not cross the threshold h. Transformer #5 begins to
degrade first and it can be seen that the CUSUM statistic
rises consistently with time as its residual 75 is greater than
k. This occurs as long as its present turns ratio is different
from the original value. On the other hand, transformer #483
experiences a much slower and delayed degradation process.
Over time, #483 will also generate a higher CUSUM as more
data is observed.

Fig. 11 shows the number of alarms generated by all
transformers over the entire second year where the black lines



represent healthy transformers without any generated alarms.
Transformers have degraded for longer periods of time will
generate more alarms.

The tuning parameters were swept across a wide range
from: £k € {0.1,0.2,0.5,1.0,1.5,2.0,2.5,3.0}, and h €
{0, 5,10, 100, 500, 1000, 5000, 10000}. & = 1.5,h = 100
were found to be the optimal parameters such that the number
of alarms raised during the training period is minimum while
keeping k and h as low as possible. In practice, these metrics
are typically chosen after some initial data can be observed and
also depends on how many alarms and flags the utility would
prefer to raise. The value of k detects mean shifts above 3o
as explained in section II-A. h is chosen to minimize Type-
I error rate defined as the ratio of sum of false positives to
total number of observations. This will also guarantee that the
control chart is sensitive enough to detect significant change
while maintaining a low false alarm rate.

The confusion matrix for degrading transformers under this
setting is given in Table IV. A 100% accuracy was achieved,
where

(TP +TN)
(TP +FP+FN +TN)

Accuracy = 17)

Additionally, both the precision and recall rates, as defined
below, were also found to be very high. These metrics are
more suitable for datasets with imbalanced data: 6 failing
transformers out of 590

TP
Precision = m =1 (18)
TP
Recall = ————— =1 1
T TP FN) (19)

An additional method to setting the k,h values is to
maximize Fj score - the harmonic average of precision and
recall. This ensures that the selected h and k value balances
the precision (confidence that a raised alarm is a true positive)
and the sensitivity of the control chart.
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TABLE IV
CONFUSION MATRIX FOR DEGRADING TRANSFORMER DETECTION

Detected as Degraded Detected as Not Degraded

Transformers
Degraded
Transformers
Not Degraded

6 (TP) 0 (FN)

2 (FP) 583 (TN)

While the perfect precision and recall results might not be
repeatable with real field data, the simulation results demon-
strate the strong potential of the proposed approach and is
highly promising.

A. Training Data Quantity and Time Period

It was observed that the quantity of data used for training
the model was less relevant than the time period selected for
the training data. Fig. 12 compares the output of the CUSUM
algorithm for two different time periods of training: January to
March, and May to July. Training and testing the algorithm on
the previous year, i.e. no inter-turn faults, shows that bump in
each transformer’s CUSUM value is witnessed in the later half
of the year. While the k and % thresholds can be increased to
avoid false positives, it would be preferable to train the model
during higher load periods. In this experiment, it corresponds
to summer months of June-August.

This is because lower voltage drops are seen during low
load periods and the model under-estimates the coefficients of
regression 3. Moreover, the voltage drop due to reactive power
consumption is neglected in this model as its contribution to
the overall voltage drop tends to be much lower than active
power. However the impact of this exacerbates during high
loading summer months and the estimated transformer voltage
can be lower than the actual secondary voltage. This results
in temporary false positives as shown in Fig. 12. A zoomed
in plot shows that non-degrading transformers have a very
small CUSUM value. Fig. 13 shows the time varying residuals
from healthy transformers when different months of training
data is utilized. This shows that the ideal months of training
are either peak loading periods or an entire year to capture
seasonal fluctuations.
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B. Detection Delay

The detection delay computes the minimum insulation
degradation required for accurate detection as a percentage
change in turns ratio from a base value of 30. This has been
calculated for each failing transformer in Table V. An average
of only 0.35% reduction was required for accurate detection.

This can be further verified by analyzing the impact of
training during degradation. That is, the linear regression
model for a transformer is developed with data that was
measured during the same time frame as when turn-turn faults
developed on it’s primary windings.

Consider, transformer #343 that experiences a degradation
timeline of 6 months as shown in Fig.6. A moving window
of 2 month’s data, and incremented monthly, is used to
train (3). As the sliding window overlaps with period of

TABLE V

DEGRADATION DETECTION DELAY FOR FAILING TRANSFORMERS

Transformer Detection Turns Ratio Min Change
Number Delay (days) (TR) at Detection Required in TR

5 7 29.885 0.367 %
175 16 29.936 0.20 %

250 13 29.89 0.361 %
483 19 29.912 0.272 %
343 9 29.923 0.249 %
562 5 29.791 0.691 %

degradation, the CUSUM value decreases and eventually goes
to zero. Interestingly, training during degradation still allows
for accurate but delayed detection. Fig. 14 shows how long it
takes for the transformer to be detected as a function of the
training period. As expected, the transformer is not flagged
if the training data is collected after degradation, i.e. after
November. Thus, using old or historical smart meter data is
preferable for this application and will enable early detection
of transformer failure.

)

250 : : T . T : "

129.95

3]

(=3

(=}
T

1299.

J—

wn

(=
T

urns ratio

)
=)
2

Th

—_

(=

(=]
T

129.8

wn
o
T

Undetected

(—1—\

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Months

Number of days before detection

29.75

Fig. 14. Delay in detection as training period overlaps with or surpasses
degradation time frame

C. Degradation Ranking

As detailed in section II-AS5, a utility can rank its transform-
ers based on severity of degradation and use this information
to optimize their repair and maintenance schedules. Fig. 15
shows the estimated degradation level overtime. This result
agrees well with the actual simulated degradation as shown in
Fig 6. At the end of the year, the transformers can be ranked
as: i) #5, #562, #343, #250, ii) #483, and finally iii) #175 in
order of severity.

D. Reverse Power Flow

The impact of reverse power flow from rooftop photo-
voltaic panels on the algorithm is also explored. The simula-
tion was updated with distributed solar power extracted from
Pecan street. 30% of all residential meters connected to the
degrading transformers and their immediate neighbours were
simulated with photo-voltaic panels that could inject power
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into the grid. Fig.16 and Fig. 17 show a sample net load profile
for a home with solar power generation and corresponding
CUSUM results.
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Fig. 17. CUSUSM statistic results with solar power data
It was observed that the presence of solar power does not

affect the algorithm’s ability to detect degrading transformers.
This is because the underlying characteristics of the network

such as its topology and impedance is captured by the linear
regression equations and do not change with distributed energy
resources. However, to capture the component impedances
accurately, time instances with negative kW values between
pairs of transformers were ignored during model training.

V. EXPERIMENTAL VALIDATION

A. Transformer Test-bed

In order to test the proposed algorithm with real data a
transformer test bed was built in the lab as shown in Fig. 18
and 19.

DU Variac Resistor load bank

R
Elat=y

Load Bank

240V

7.2kV

Step-up
transformer

Grid
Source

Fig. 18. Transformer test-bed circuit diagram

Resistor load banks +

relays

Fig. 19. Transformer test-bed

Two 50 kVA pole-top transformers, DUT (device-under-test)
and NT (neighbouring transformer), were connected in parallel
to each other. A 7.2 kV step up transformer is connected to
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TABLE VI
TRANSFORMER TEST SETUP EXPERIMENT STAGES
Stage | Variac Setting | Primary Voltage (referred) | Voltage Increase
1 1:1 209 V ov
2 1:1.0024 226 V 0.54V
3 1:1.0036 211V 0.73V

their primaries and draws power from the grid. Since inter-
turn faults could not be realistically created and controlled, a
variac was connected downstream from the DUT. The output
of the variac was considered as the DUT’s secondary voltage
which could be increased as required, thus mimicking the
effect of inter-turn primary winding shorts. Both transformers
were connected to their own resistive load banks. Each of
the resistors, ranging from 18 to 41 ohms, had a relay that
could be controlled through an arduino. A total of 256 unique
load combinations could be generated by the entire test-bed
as shown in the load profile in Fig. 20.

B. Experimental Results

The algorithm was also implemented on the data generated
by this transformer test setup. The experiment was divided into
three stages, each with a different input:output setting on the
variac as listed in Table VI. The change in the variac’s turn
setting was kept very minimal. Stage I replicates the base case
explained earlier. The primary voltage was varied randomly to
demonstrate that the algorithm is immune to routine voltage
changes on the grid.

The linear regression model was trained on the first stage
with 256 data points, which output the following 5 coef-
ficients: 1, corresponding to turns ratio of 1.0051, By =
—0.080272 and B3 = 0.032552 according to the equation 16.

The residuals, 7(t) and CUSUM statistic, S(t) were cal-
culated on all three stages. The results shown in Fig. 21 are
very similar to the results seen earlier from simulation data in
Fig. 10. The red lines indicate the start the next stage where
the voltage increased by 0.24% and 0.35% respectively. The
voltage profiles from the three experiments are superimposed
in Fig. 22. It can be observed that the change in variac setting

resulted in a very small, almost unnoticeable increase in the
output voltage(< 1V'). This further validates the concept and
demonstrates its applicability with real data.
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Fig. 22. Voltage profile of the DUT during three different experiments

VI. CONCLUSION

The aim of this paper is to demonstrate a practical method
for online (i.e. when the transformer is operating on the
field and need not be disconnected) as well as early (i.e.
when the inter-turn faults have not severely compromised
the capability of transformer and can continue working as
expected) detection of degrading distribution transformers that
have developed turn-turn faults. The novel and non-intrusive
condition based monitoring algorithm leverages existing smart
meter infrastructure, which is widely deployed on the US
electric grid today, and allows utility operators to proactively
identify and replace failing transformers early on. As shown,
by monitoring the voltage of neighboring transformers, the
algorithm avoids false positives caused by changes in volt-
age due to tap changes, downstream loads and solar power
injection. Linear regression is employed here as it is widely
used in secondary network parameter estimation algorithms



160 [ 1

140 / /

I 0.24% increase | 0.35% increase
~0.54V ~0.73V

E’\‘)

100 |

CUSUM statistic
=

60

401

201

n L L

0 100 200 300 400 500 600 700 800
Measurement

" '

Fig. 23. CUSUM statistic measured on real data generated by transformer
test bed

and is ideal for applications where large amounts of time
series data can be used to determine constant coefficients.
It was also chosen for its simplicity and robustness to noise
and meter inaccuracies as explained in [16]. The algorithm
also averages the alarm over multiple neighbors to increase
confidence in detection. For example, phenomena such as
core saturation can have non-linear effects on the secondary
voltage. However, since the algorithm is implemented across
multiple transformers, the effect of the non-idealities will not
reverse the direction of voltage change. Only a slight change
of 0.35% in turns ratio is required for a device to be flagged
accurately. Moreover, this algorithm was validated on real data
collected from two 50 kVA pole-top transformers and results
aligned well with simulation data.

While the implementation of the algorithm is inexpensive,
reliable and easy, there are certain limitations to this research
which need to be explored in future work. Firstly, it is not
clear over what time frame this degradation process can occur.
However, the algorithm can be applied to any time frame that
is longer than a few days so that the utility has sufficient
time to respond to the prediction. Secondly, the threshold for
failure is yet to be defined. IL.e., it is not clear how much the
turns ratio will change until the transformer fails. Lastly, it was
shown that historical data is required for accurate tracking.
Transformers that degrade prior to the availability of data
can go undetected. However, since the process of inter-turn
winding shorts is non-decreasing and accelerating, it can be
argued that the proposed algorithm will still be able to identify
degrading transformers, but might fail to rank them accurately.
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