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Abstract — Tower insulators in electric power transmission network play a crucial role in preserving
the reliability of the system. Electrical utilities frequently face the problem of flashover of insulators
due to pollution deposition on their surface. Several research works based on leakage current (LC)
measurement has been already carried out in developing diagnostic techniques for these insulators.
Since the LC signal is highly intermittent in nature, estimation of pollution severity based on LC signal
measurement over a short period of time will not produce accurate results. Reports on the
measurement and analysis of LC signals over a long period of time is scanty. This paper attempts to
use Random Forest (RF) classifier, which produces accurate results on large data bases, to analyze the
pollution severity of high voltage tower insulators. Leakage current characteristics over a long period
of time were measured in the laboratory on porcelain insulator. Pollution experiments were conducted
at 11 kV AC voltage. Time domain analysis and wavelet transform technique were used to extract both
basic features and histogram features of the LC signal. RF model was trained and tested with a variety
of LC signals measured over a lengthy period of time and it is noticed that the proposed RF model
based pollution severity classifier is efficient and will be helpful to electrical utilities for real time
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1. Introduction

In today’s world of ever increasing power demand from
public and private sectors alike, it is necessary to preserve
the reliability of electric power transmission system by
carrying out proper preventive maintenance works. Tower
insulators in electric power transmission network play a
crucial role in preserving the reliability of the system.
Flashover of polluted insulators in a transmission line is a
major trouble faced by electrical utilities, which results in
major economical losses. In general, these insulators are
normally used for outdoor applications and hence deposition
of pollution on the insulator surface is unavoidable. Under
wet surface conditions, due to fog or drizzle, pollution
layer becomes conducting and causes the flow of leakage
current (LC) which finally leads to flashover. Hence many
research works are in progress towards understanding the
severity of pollution in transmission tower insulators both
in the laboratory level and in the on-field level [1-3].

Various approaches were used to diagnose the pollution
severity of transmission tower insulators [4-16]. Partial
discharge measurements have been carried out in many
research papers, but it is difficult to separate the partial
discharges occurring on the surface of the insulators from
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the corona discharges in the transmission line and external
interferences which occurs in the same frequency band of
original partial discharge signal [4-7]. Several works
discuss the investigation of LC signals of insulators
towards pollution severity studies [9-16]. T. Suda [13],
classified the LC signals of cap and pin insulator at different
pollution conditions into six stages and predicted the
occurrence of flashover. M.Ugur et al., [14] classified the
surface degradation characteristics of polymeric insulation
structure during tracking resistance test in the laboratory.
Features of LC signals were extracted using FFT approach
and artificial neural network was used for classification. S.
Chandrasekar et al., [16] investigated the surface pollution
condition of silicone rubber insulator using multi resolution
signal decomposition analysis of discrete wavelet transform
(DWT) technique.

Since the LC signal is vastly irregular in nature and
surface wetness depends on many environmental factors, it
is very difficult to decide the surface pollution severity
based on the measurement and analysis of individual LC
signals over a short period of time. In order to perform
better estimate of the pollution severity, it is necessary to
measure LC signals over a long period of time at different
pollution conditions in the laboratory. In this connection,
few reports are only available in the literature regarding the
collection and analysis of LC signals over a long period of
time [1, 16]. Also, in a real time system, collection of LC
signals over a lengthy period will result in huge amount of
data, which makes inconvenience in the design of better
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flashover monitoring system.

Considering the importance of developing a better
diagnostic tool to exactly predict the pollution severity of
outdoor insulators, in the present work, an advanced
classification technique, Random Forest (RF) method has
been adopted. RF method has the capability to manage
large data bases without any deletion of even a single input
variable. It can be trained very fast and it has the capacity
to handle large number of input variables [17-21]. DWT
overcomes the drawbacks of FFT and it is well suited for
time-frequency analysis of LC signals. Even under noisy
environment, DWT technique gives accurate results of
transient analysis of signals [10, 12]. Hence in this work,
DWT technique has been used to extract salient features of
the LC signals at different pollution levels. Basic features
and histogram features are extracted from the time-
frequency domain analysis and given as an input to the RF
classifier.

2. Laboratory Experimental Setup

Porcelain insulators of 11 kV rating with shed diameter
254 mm and leakage distance 330 mm were used for
pollution experiments. Laboratory experiments were
conducted as per IEC 60507 test procedures [22]. Fig. 1
shows the picture of cap and pin porcelain insulator and
laboratory setup used for pollution studies.

The single disc porcelain insulator was suspended
vertically inside the fog chamber as shown in Fig. 2.

Fig. 1. Picture of porcelain insulator and laboratory
experimental setup
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Fig. 2. Laboratory experimental set up

952 | J Electr Eng Technol.2016; 11(4): 951-960

Initially, the insulator was cleaned with isopropylic alcohol
and rinsed with distilled water to remove any trace of dirt
and grease [16]. Insulator specimen was applied with 11
kVrms using a transformer of 100 kV, 10 kVA rating which
is connected with a control panel to set the required voltage.
To reproduce the saline pollution typical of coastal areas,
pollution slurry was prepared using NaCl of required
amount added with 40g of kaolin in 1 litre of distilled water.
The amount of NaCl added in the pollution slurry was
varied from 10 g to 100 g to reproduce Equivalent Salt
Deposit Density (ESDD) in mg/cm® to 0.06 (lightly
polluted-LP), 0.08 (moderately polluted-MP), 0.12 (heavily
polluted-HP) and 0.25 (very heavily polluted-VHP). In
order to maintain the wet condition of insulator, relative
humidity inside the fog chamber was controlled using four
ultrasonic nebulizers and a humidifier. A wall-mount
hygrometer (HTC-1) instrument was used to measure the
relative humidity [5]. A glass window was also provided on
the fog chamber to monitor the discharges occurring on the
insulator surface.

LC measuring system consists of a ground lead shunt
resistance along with a protection unit connected with a
data acquisition system as shown in Fig. 2. National
Instruments USB 6251 data acquisition system was used in
this work which has the capacity to capture LC signals at
1.25 MSa/sec. Sampling frequency of 5 kHz was maintained
for the entire work. A LabVIEW software system was
developed in the PC to store the entire LC signals and
therefore it will be useful for further feature extraction
analysis [1]. Agilent DSO of sampling rate 1 GSa/sec was
also used to notice the LC signals.

3. Discrete Wavelet Transform

Time-frequency analysis of LC signals will provide
valuable information to develop an effective condition
monitoring system for transmission tower insulators. DWT
is an efficient technique to extract salient time-frequency
features from the LC data [10, 12]. Consider a discrete
signal cy[n] captured from the experimental studies. Using
multi resolution signal decomposition approach of DWT,
co[n] is decomposed into two different signals namely
approximate signal c¢,[n] and detailed signal d,[n] in the
first level of decomposition. Decomposition is carried out
using quadrature mirror filters such as h and g as given by
equation 1 and 2. In the next level, c[n] is again
decomposed into c,[n] and d,[n]. This process continues
until the entire frequency band of the original signal is
covered. In the present work, since the sampling frequency
is 5 kHz, decomposition is carried out upto 7 levels as
shown in Table 1 [16]. The DWT multi resolution signal
decomposition is given by,

¢,[n1=Y_ hlk—2nlc, ,[k] o)
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Table 1. Frequency range of decomposed signal

Detailed components of DWT Frequency bandwidth (Hz)
DI 1250-2500
D2 625-1250
D3 312.5-625
D4 156.25-312.5
D5 78.125-156.25
D6 39.0625-78.125
D7 19.53125-39.0625
d,[n]= Zg[k_zn]cm—l (k] )

k

where m is the scale of decomposition, n is the sampling
points and k is translation coefficient. Daubechies 4 mother
wavelet is used in this analysis [10, 12]. Energy content of
the signal at different decomposition level is evaluated
using standard deviation value [16]. Distortion ratio (DR),
which is the ratio of standard deviation values of
(D3+D4+D5) to fundamental component D6 [16] is also
calculated and considered as an important feature in this
work.

4. Concept of Random Forest Algorithm

Random forest (RF) is an efficient ensemble learning
approach with exceptional performance in data exploration,
predictive modeling and classification tasks [17-21]. RF is
one of the most precise classifying algorithm available for
large data bases. RF makes use of a forest of classification
trees built on the bootstrap sample of the data. RF utilizes
both bagging and random variable selection for tree
building. Another interesting feature of RF method is the
possibility to estimate important statistics from the left out
samples such as out of bag estimate which is a measure of
generalization error of the forest. RFs can be run either in
unsupervised mode or in supervised mode. RF runs as a
classifier in the supervised mode and it measures the
importance and ability of all the variables for proper
classification of given data. In RF approach, each tree is
grown on different random subsamples and splitter party is
determined at random.

RF algorithm is implemented as shown in Fig. 3. The
training set for each tree is selected by bootstrap
aggregating method, also called bagging. The training
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Fig. 3. Schematic representation of RF classifier
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Fig. 4. Flow chart of construction process of trees random
forest classifier

subset (X random instance vectors) is sampled from whole
training dataset uniformly and with replacement [19].
Typically, it accounts for 63.2% of the whole dataset. Each
tree is grown to as large size as possible without pruning.

Fig. 4 shows the flow chart of construction process of
each tree in RF algorithm. Consider ‘N’ be the number of
training and ‘M’ be the number of variables in the classifier.
If m of input variables to be used to determine the decision
at a node of the tree; m should be much less than M.
Choose a training set for this tree by choosing » times with
replacement from all N available training cases (i.e. take a
bootstrap sample). Use the rest of the cases to estimate the
error of the tree, by predicting their classes. For each node
of the tree, randomly choose m variables on which to base
the decision at that node. Based on these m variables in the
training set, best split is calculated [20].

In the case of classification process, a new sample is sent
down the tree and vote of each tree is calculated. This
process continues over all trees in the ensemble and based
on the majority of vote of all trees RF algorithm gives the
output result. Splits are chosen according to Gini Impurity
Measure. The optimal feature chosen to split a node is the
one that can generate a child node with lowest Gini
impurity, I(n).

100 =1-3p(h) 3)
Jj=0

where p(j/t) is the probability of a specific class within the
child node. Gini impurity should be zero if the node is all
one class. In normal decision tree, the optimal feature to
split a node is selected from all features. However, for
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random forests, the optimal feature is selected from a
random subset of features. Typically, for a dataset with p
features, \/; features are used in each split. Based on the
majority vote of each decision tree, output of RF classifier
is determined.

5. Results and Discussion

5.1 Time domain analysis of L.C signals

First of all, it is necessary to understand the variations
in shape and magnitude of the LC signal at different
pollution levels. Hence, tests were conducted with increasing
pollution level at 11 kVrms, 95% relative humidity and the
corresponding LC signals were captured.

Fig. 5 (a,b,c,d) shows the typical LC signal obtained
with increase in pollution level from 0.06 ESDD (LP) to
0.25 ESDD (VHP). From Fig. 5a, it can be easily
understood that during the initial stages of low pollution,
the LC follows close to sinusoidal path. Fig. 5b and 5c
shows presence of short time discharges with rise in
pollution, which causes LC waveform distortions. When
the pollution level reaches 0.12 ESDD (HP), multiple
discharges in the LC waveform are clearly visible. At 0.25
ESDD, sudden increase in LC magnitude with a near
sinusoidal pattern is noticed. These results confirms that
increase in pollution level above 0.08 ESDD at 95 %
relative humidity conditions, results in the flow of more
leakage current with higher magnitude [16]. Fig. 6 (a, b)
shows the photographs of insulator surface with arcing at
different pollution levels.

It is noticed that LC flow is highly intermittent in nature
and hence it is difficult to accurately classify the pollution
level of insulator by performing time domain analysis of
the trend followed by the LC peak or LC mean value. At
highly polluted conditions, presence of large number of
peaks and valleys are noticed, which makes it difficult to
exactly predict the pollution level of insulator at a
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Fig. 5. Typical leakage current signals obtained during
experimental study: (a) LP; (b) MP; (c) HP; (d)
VHP
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particular time period [16]. It is necessary to perform both
time and frequency domain analysis of LC signals in
order to estimate the pollution severity of the insulators.
Therefore, in the following sections, time-frequency
analysis of LC signals using DWT technique is discussed.

5.2 Time-frequency domain analysis of LC signals

In order to understand the trend followed by DWT
detailed coefficients, 500 LC signals were captured
continuously at each pollution level and used for DWT
analysis. Fig. 7 (a, b, ¢, d) shows the variations of DWT
detailed coefficients at different pollution levels.

During lightly polluted conditions, DS component is
somewhat less than other components such as D1, D2 and
D3 (Fig.7 a). During arcing formation rise in magnitude of
D5 is observed, compared with D3, D2 and D1 (Fig. 7
b,c,d). Analysis of Fig. 7 also shows that whenever there is
a formation of discharge due to rise in pollution on the wet
surface, then corresponding rise in magnitude of D6 is
observed (D6 corresponds to fundamental frequency of LC
signal). This obviously shows that D5 and D6 has positive
correlation. Therefore D5 and D6 components of DWT
pattern are considered as an important features to identify
pollution severity of insulators.

Similarly, DR values are calculated for each pollution

(a) (b)
Fig. 6. Photographs of arcing on the surface of insulator
with increase in pollution level: (a) MP; (b) HP
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Fig. 7. Variations of DWT coefficients of LC signals
captured over a long period of time at different
pollution levels: (a) LP; (b) MP; (c) HP; (d) VHP
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level and a typical DR plot is shown in Fig. 8
corresponding to medium and highly polluted cases.
Whenever there is an arc formation due to increase in
pollution, then DR value also increases above 60. However,
when severe long arcs are formed due to high pollution,
then the number of DR values below 40 range increases
significantly [16]. From the Figs. 7 and 8, large variations
in D5, D6 and DR value is noticed and hence it is
understood that if only a few samples of LC signals over a
short period of time are measured, then it is very difficult
to predict accurate results.

5.3 Overall schematic of RF based classifier
Fig. 9 shows the overall schematic of the proposed RF

based pollution severity classification system. In this
approach, LC signal is continuously monitored for 5 hours
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Fig. 8. Typical variations of DR values of LC signals
captured over a long period of time at different
pollution levels: (a) MP; (b) HP

at each pollution level and stored in PC. As discussed
earlier, time domain analysis of LC signals is carried out to
evaluate the peak value and mean value of each LC
waveform. Similarly DWT analysis is carried out to
evaluate the D5, D6 and DR values of each LC waveform.
Then basic features such as minimum, maximum, mean
and percent values above mean are extracted from the large
data base of LCpeak, LCmean, D5, D6 and DR values
captured for 5 hours. Similarly histogram features are
extracted from the data base. Extracted features are given
as an input to the RF classifier algorithm, which further
classifies the pollution level of insulator as light, medium,
heavy and very heavy pollution.

5.4 Extraction of basic features at various pollution
levels

Two kinds of features are extracted from the time domain
and DWT analysis, including basic features and histogram
features. Basic features, such as minimum value, maximum
value, mean value and percentage of higher margin values
above mean value are extracted from the 5 hours continuous
measurement data of LCpeak, LCmean, D5, D6 and DR
parameters at each pollution level. In this study, 20 basic
features (Four values such as min, max, mean, % above
mean values for all 5 parameters) are extracted at each
measurement.

Fig. 10 shows the variations of minimum, maximum and
mean values of each parameter such as D5, D6, DR,
LCpeak and LCmean. In general, it is noticed that there is a
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Fig. 9. Overall schematic diagram of the proposed RF based pollution severity classifier
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huge margin between the maximum values and mean
values of each parameter at each pollution condition, which
shows that the parameters are highly scattered. Fig. 11
shows the percentage of values above mean value of each
parameter at different pollution conditions. When compared
with lightly polluted conditions, percentage of values
above mean value increases at high pollution levels. This
strongly shows the presence of large number of discharges
during highly polluted conditions.

5.5 Extraction of histogram features at various
pollution levels

In order to develop a better diagnostic system, it is
necessary to understand the distribution of features of LC
data over a period of time. Hence histogram features are
extracted from the 5 hours continuous measurement data of
LCpeak, LCmean, D5, D6 and DR parameters at each
pollution level. Width of histogram bins are selected
according to the sensitivity of each parameter at both lower
and higher amplitude areas. LCpeak is divided into 5
different bins, LC mean and D6 are divided into 6 different
bins, D5 is divided into 4 different bins and DR is divided

i

LCpeak LCmean

80

H LP [ MP [ HP [ VHP
60

40+
0
D5 D6 DR

Fig. 11. Percentage of higher margin values above mean
value of LCpeak, LCmean, D5, D6 and DR at
different pollution conditions.

Percent above Mean

into 7 different bins.

Fig. 12 to 16 shows the histograms of LCpeak, LCmean,
D5, D6 and DR values at different pollution conditions
respectively. Large variations in histogram bin values at
each pollution condition is noticed. Total 28 bin values
are evaluated from these five parameters and they are
considered as histogram features of LC data.

5.6 Pollution severity classification results of RF
classifier

After collecting all the basic and histogram features,
they were integrated into one combined feature set
consisting of 48 features and given as an input to the RF
classifier. MATLAB software was used to perform RF
classifier analysis. Table 2 shows the various parameters
used in the implementation of RF classifier algorithm.
There are two major parameters of RF classifier, one is
‘Ngee Tepresenting the number of trees and another one is
‘my,” representing the number of variables used in
determining the best split at each node. Leo Breiman [17]
explained that the optimal value of my, usually lies
between log,(n) and 5 where n is the number of features.
Therefore m,,, is tested in the range of 5 to 7 and the
optimal value of 6 is selected which gives less out of bag
(OOB) error rate. Minimum size of terminal nodes is
selected as 3 so that it causes smaller trees to be grown and

Table 2. Training parameters of RF classifier

No. of feature inputs 48
No. of outputs 4

No. of trees nyee 500
No. of variables for best split at each node (m) 6
Minimum node size 3

No. of training set 350

No. of test set 150
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Fig. 12. Amplitude histograms of LCpeak at different pollution conditions.
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Table 3. Trained output pattern

Type of output Output pattern
LP 1
MP 2
HP 3
VHP 4

thus takes less time. Number of trees (n..) is varied upto
500. Table 3 shows the trained output pattern for each
pollution condition.

In order to validate the trained RF classifier, instead of
using a separate test set data, error can be estimated
internally in RF [18]. Different bootstrap sample is used in
the construction of each tree and close to 1/3™ of the total
samples are left out of the bootstrap sampling and they are
not used in the construction of the tree, so the left out
samples can be put into the tree as test samples. Total 500
data set is chosen and out of that 350 data set is used for
training and remaining 150 used for testing purpose. By
calculating the proportion of misclassified samples over all
cases, it is possible to get the OOB error estimation, which
has been proved to be an unbiased error estimation method
for RF. Fig. 17 shows the OOB error rate of the RF method
for different forest sizes. It is observed that the number of
trees in the forest should be more than 70 in order to get a
stable zero OOB rate.

While evaluating the OOB error, RF method also finds a
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Fig. 17. Out of bag error rate of RF method for different
forest sizes.

parameter namely ‘mean decrease in accuracy’. Fig. 18
shows the variations in mean decrease in accuracy values
of entire feature set. This parameter is a measure of
importance of each variable in the feature set, i.e. if the
accuracy of RF decreases highly due to the elimination of a
particular variable in the feature set, then that particular
variable is very important for classification. Hence,
features with higher mean decrease in accuracy are very
important for accurate classification of given data.

In the RF algorithm, whenever a node is split using a
particular feature variable, then the corresponding Gini
index for each child nodes are evaluated, which varies from
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0 to 1. If the value of Gini index is ‘0’ it indicates
homogeneous case and ‘1’ indicates heterogeneous case.
Gini index value is again compared with the original node.
Then the contribution of each feature variable for the
homogeneity of the RF nodes is evaluated using the
parameter namely ‘mean decrease in Gini index'. Fig. 19
shows the mean decrease in Gini index of entire set of
feature data. The changes obtained in Gini index are
summed for each feature and normalized at the end of the
calculation. Large decrease in Gini index of a feature is a
measure of higher purity of the nodes.

Table 4 shows the identification results of RF classifier
model. In order to understand the performance of RF
classifier, identification results are checked with different
number of trees and also with different feature set. For
example, number of trees are varied from 50 to 500.

Table 4. Identification results of RF classifier

No. of Identification rate (%)
Feature set

Trees LP | MP | HP | VHP
50 Basic (20) 84 82 81 82
100 Basic (20) 84 82 82 82
200 Basic (20) 85 83 82 83
500 Basic (20) 85 84 82 83
50 Histogram (28) 87 86 86 85
100 Histogram (28) 88 86 87 86
200 Histogram (28) 90 88 89 87
500 Histogram (28) 90 88 89 87
50 Basic + Histogram (48) 98 96 98 97
100 Basic + Histogram (48) 99 97 98 97
200 Basic + Histogram (48) 99 99 99 98
500 Basic + Histogram (48) 100 100 99 98
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Fig. 18. Mean decrease in accuracy value of RF method for
entire feature set.
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Fig. 19. Mean decrease in Gini index of RF method for
entire feature set.
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Similarly RF performance is evaluated with basic features,
histogram features and combined basic and histogram
features. When the number of trees increases above 50,
then considerable increase in accuracy of identification
results is noticed. Similarly when combined basic and
histogram features are given as an input to the RF classifier,
then significant increase in accuracy of identification rate is
observed. When the RF classifier is trained with more than
200 trees with combined feature set, identification rate of
the RF classifier lies above 98 % at all pollution conditions.

The majority votes secured by RF classifier at each
pollution condition denotes the accuracy of classification.
Fig. 20 shows the percentage of majority votes secured by
RF classifier at different pollution conditions. Percentage
values are calculated from the votes obtained at 500 trees.
Fig. 20(i) shows the votes obtained at lightly polluted data
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Fig. 20. Mean percentage of majority votes secured by RF
classifier at each polluted case with respective
minimum and maximum values (i) LP (ii) MP (iii)
HP (iv) VHP
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where percentage votes secured by HP and VHP is zero,
whereas percentage of votes of MP lies below 5. It clearly
shows more than 95 % of votes are secured by LP. Fig.
20(iv) shows the results of very high polluted case, in
which 100 % of votes goes to VHP, whereas all other cases
are 0%. It clearly shows the accuracy of RF classifier and
there is no ambiguity in classification.

In many earlier works [10, 12, 14], mainly artificial
neural networks are used for classification purpose and
the number of inputs is limited to 5 to 10. It can not
handle large data bases. When the number of inputs and
number of training data set increases, then artificial
neural networks takes long time for training and the
number of iterations increases. In addition, accuracy of the
results also reduces with large data bases. In earlier
pollution severity diagnostic systems, mainly parameters of
a single leakage current signal is considered at each time
and it is given as an input to neural networks. Since LC is
vastly irregular in nature, it is necessary to analyze
variations of LC parameters over a lengthy time period. In
the proposed RF based classifier model, it can handle large
data bases effectively, it takes very less time for training
and number of iterations are also very less, without
compromising the accuracy of identification results. In the
present work, large data base of leakage current signals
collected over a period of time are given as an input to RF
algorithm for training purpose, hence the accuracy of the
proposed pollution severity diagnostic system is better
compared with earlier works [10, 12, 14] and it can be used
for real time applications.

6. Conclusion

Pollution severity analysis of power transmision line
porcelain insulators from the LC measurement and its
classification using RF model has been presented in this
paper. Random forest model is able to clearly identify the
pollution severity of outdoor insulators at different
pollution conditions. Time domain analysis and discrete
wavelet transform technique are used to extract both basic
features and histogram features of the LC signal. Total 48
features are extracted from the LC data measured over a
long period of time and given as an input to RF classifier.
These results clearly show the ability of the RF classifier to
handle large data base. The RF classifier based model is
efficient and will be certainly useful for electrical utilities
for real time applications.
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