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Abstract. A new method to assess the condition of metal-oxide surge arresters is presented.
The thermal image and third harmonic leakage current are used as an indicator. The correlation
between the leakage current and temperature of the arrester is processed using a neural
network. The temperature profile of arrester, ambient temperature and humidity were as input
to the neural network and the peak value of the third harmonic resistive current as a target.
Results are presented with the training of neural network close to the target and testing result is
98% successfully.

1. Introduction

With the rapid growth of modern technology, maintenance plays a more and more important role in
many industries. In some industries such as electric energy industry, reliability and maintenance are
one of the most critical issues since a tiny failure may result in inestimable loss even fatal disaster. In
recent decades, researchers pay more attention to research in maintenance and reliability. Maintenance
is defined as all activities aimed at keeping an item in or restoring it to the physical state considered
necessary for the fulfillment of its production function [1].

Traditional maintenance technique is breakdown maintenance, also called corrective maintenance,
reactive maintenance and unplanned maintenance. It is limited to repair actions or item replacement
caused by failures. The predominant characteristic of early maintenance is reactive since it only reacts
to faults or failures. A more recent maintenance technique is time-based preventive maintenance (also
called planned maintenance). It is proactive maintenance, which sets schedules to inspect or perform
preventive maintenance instead of just reacting to failures.

One time-based preventive maintenance method is a constant-interval based preventive
replacement method, in which failure replacements immediately are performed after failures occur,
and preventive replacements are performed at constant intervals. Another time-based preventive
maintenance method is the age-based replacement method, in which preventive replacements are
performed when the component reaches a pre-specified age, and the optimization problem is to find
the optimal preventive replacement age. The time-based maintenance technique is an improvement
compared to early maintenance techniques, but at the same time makes the cost of preventive
maintenance higher and higher.
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Eventually, preventive maintenance cost has become a heavy financial burden of many utilities.
Therefore, more effective maintenance approaches such as condition-based maintenance (CBM) are
being adopted to solve the problem of high preventive maintenance cost, and to prevent unexpected
failures at the same time.

The CBM is a maintenance process which decides maintenance actions using the information
collected through condition monitoring. It is based on the understanding that a piece of equipment
goes through multiple degraded states before failure. The health conditions can be monitored and
predicted, and optimal maintenance actions can be scheduled for preventing equipment breakdown
and minimizing total operation and maintenance costs [2]. CBM attempts to avoid unnecessary
maintenance tasks by taking maintenance actions only when there is evidence that the failure is
approaching. CBM has been widely used in many fields, such as aerospace industry, mining industry,
petroleum industry, and power generation industry. CBM may use condition monitoring data collected
from the substation, electrical analysis, mechanical analysis, environmental conditions, and so on, to
make maintenance decision. The electrical analysis is the leakage current, partial discharge, waveform
analysis of substation equipment such as transformers, circuit breakers, surge arrester, and others.

There are three key steps in the CBM process: data acquisition, data processing, and maintenance
decision-making step, as shown in Figure 1. Data acquisition step is to collect the data related to
system health. Data processing step is to process and analyze the acquired data. In maintenance
decision-making step, effective maintenance policies will be obtained based on the analyzed
information [1].

Data acquisition |+ Data processing |+ Decision making

Figure 1. Condition monitoring process

A CBM program consists of two main categories of maintenance techniques: diagnostics and
prognostics. Diagnostics focus on faults detection, isolation and identification when they occur, while
prognostics attempts to predict faults or failures before they occur. Diagnostics is posterior event
analysis and prognostics are prior event analysis. Prognostics are more effective than diagnostics since
prognostics endeavors to prevent faults or failures, or at least has prepared spare parts and planned
human resources ready for the problems, and thus avoid additional unplanned maintenance cost.
Nevertheless, diagnostics cannot be neglected for the reason that prognostics are impossible to be
100% sure to predict faults and failures. Besides, diagnostic can help improve prognostics in the way
that diagnostic information can be useful for preparing more accurate event data and hence building
better CBM model for prognostics. Also, diagnostic information can be used as valuable feedback
information for system redesign. A CBM program can be used to do both diagnostics and prognostics,
or either one of them and the above three CBM steps should be followed.

Electricity utilities are an industry which produces electric power and distributes to costumers. To
distribute electric power, the system should be reliable and save. To make power system safely, the
electric utilities required high voltage power system protection which protects the system from
lightning overvoltage or switching overvoltage.

Usually, metal oxide (ZnO) gapless type of lightning arrester is used for protection of power
system equipment from overvoltage. The primary function of a zinc oxide surge arrester is to protect
the power equipment from overvoltages and to absorb electrical energy resulting from lightning or
switching surges and temporary overvoltages.

Another assessment technique to monitor ZnO arrester degradation based on the thermal
temperature arises on the arrester body. The thermal behavior of ZnO arrester is an important
application consideration. Thermal capability of design takes advantage of overvoltage protection
capability. The thermal capability of ZnO arrester depends on the assembly structure of the arrester. If
the heat generated from the ZnO elements due to continuous operating voltages and surges are more
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than the thermal power dissipation of the housing, the elements will severe in an aged condition and
fail of performing their protective function.

The thermal change curve of the ZnO arrester can be shown in Fig.2. In the region below the
temperature limit, t;, the level of heat generation of the ZnO arrester block is lower than the level of
heat dissipation. The temperature decreases gradually, then finally reaching a stable condition is shown
in curve B. On the contrary, when the temperature of the ZnO arrester block reaches a level of higher
than the temperature limit t, the level of heat generation becomes higher than the level of heat
dissipation and degradation occurs as shown by curve A at the end, ultimately resulting in thermal
runaway [3].

Temperature of ZnO arrester block [ C)

- Surge energy absorption

Time (h)

Figure 2. Thermal runaway phenomenon on ZnQ surge arrester

The monitoring of surge arrester using thermal image technique and analyzed hot spot have
conducted by several researchers [4-8]. The methodology to extract information to enable the
detection and diagnosis of faults in surge arresters uses a digital image processing algorithm. The most
study just using the hotspot temperature of arrester and based of this hotspot the condition of the
arrester is known.

The purpose CBM of ZnO surge arrester using the correlation between the third harmonic resistive
leakage current and the thermal image is proposed. The main idea of CBM of ZnO surge arrester is to
predict and prevent a ZnO surge arrester from failure or damage to minimize maintenance cost.

2. Previous Study Assessing Condition of ZnO Surge Arrester

Many studies to asses condition of arrester have been conducted in the past. Some of them based on the
resistive leakage current assessment. Another assessment using temperature due to internal and external
factors.

2.1.The Third Harmonic Leakage Current of ZnO Surge Arrester Detection Method

The measurement of leakage current flowing through ZnO arrester under normal situations gives
information about the real operating condition of the arrester. In the last five years, some methods for
asses the condition of surge arrester have been developed. The condition surge arrester based on the
third harmonic leakage current was developed by many researchers [9-14]. The method for
determination of the condition of ZnO surge arrester is based on harmonic analysis of leakage current
[10].

According to [10], the resistive leakage current of 75 mm diameter ZnO varistor for 20°C and 50°C
which continuous operating voltage 0.8 pu is 1504A and 370uA respectively. That means about 40%
increase of resistive leakage current for about 30°C temperature difference. Also [11] investigated the
condition of ZnO surge arrester using the third harmonic of the leakage current. Device to separate
resistive leakage current from total leakage current was developed by [9]. Another device was
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developed by [12], the device was based on harmonics analysis of the resistive leakage current of the
surge arrester.

2.2.Thermal Image Condition Monitoring Assessment

There is no doubt that the great advances in infrared (IR) technology have been used by many
researchers need. A thermography inspection is a technique widely used for high voltage electrical
equipment monitoring. It plays a more important role in electrical equipment fault diagnosis. The
thermal infrared camera can detect loose connections, unbalance load, an overload condition,
deteriorating insulation, component deterioration and many other potential problems [15-17]. Its main
advantage is the possibility of an inspection far from the equipment, as there is no need for direct
contact. It is also a non-invasive technique being used with equipment operating under high voltage
levels or conducting a high current [8, 18].

Diagnosing electrical equipment with internal faults by way of infrared thermography discussed by
[19]. Some parameters such as relative humidity reflected temperature, atmospheric temperature,
distance from an object and emissivity could also investigate [20]. Research on heating winding
salient pole synchronous generator conducted by [21]. The research conducted by Bortoni shows how
the usage of infrared (IR) thermal imaging techniques can reduce costs and the necessary time for the
calorimetric method application. Also, contribution to the heat transfer coefficient determination and a
new approach to consider conduction losses in the generator shaft.

Thermography inspections are also being used for ZnO arresters. Study with 96 kV ZnO arresters
presenting the most common failures detected in substations and their effects on the thermal image
was done by [22]. Netto et al. proposed monitoring technique of ZnO arrester using measurement of
leakage current and the thermal analysis [23]. To classify surge arresters operative condition in faulty,
normal, light, and suspicious applying the methodology uses a digital image processing algorithm
based on the historical thermography data.

The temperature behavior of high voltage disconnector contact was investigated by [24]. The
researchers evaluate the contact condition during the normal operation by the use of a thermography
camera for the realization of a condition based maintenance strategy — the condition of high-voltage
electrical contacts in electric distribution and transmission systems to provide maintenance decision
support for high-voltage apparatus.

3. Thermal image processing

The thermal image of ZnO surge arrester was captured in using the thermal camera as shown in figure
3. An NEC AVIO H2460 thermography camera with fusion technology was used to capture the
images. The thermal imager consisted of a 160 - 120 focal plane array, uncooled micro-bolometer
detector and operated in the infrared spectral band of 7.5 - 14 um. The thermal lens captured images in
the dimension of 640 - 480 pixels.
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Figure 3. The thermal image capturing arrangement
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For capturing the image, the thermal imager orientation was facing directly toward the arrester
target to make an exact measurement. The length between the arrester and the camera is an important
matter in measurement. The space between the arrester and the thermography camera was set between
1 to 1.5 m. The emissivity value was set at 0.95 as generally recommended for electrical equipment
thermography.

The captured of the thermal image of ZnO arrester was processed thermal image analysis to obtain
a temperature profile of hole arrester body and element. The flowchart of thermal image processing of
ZnO arrester shown in figure 4. The thermal image was converted to grayscale and then segmented
using edge detection with Sobel mask operator. Some parameter such as maximum and minimum
temperature directly obtained from the thermal image.

Input RGB
image

v

Convert to grayscale and
smoothing using filter

v

Detect edge using Sobel
mask operator

v

Apply dilated and eroded

v

Apply filled holes

Segmented
image

Figure 4. Flowchart thermal image processing to get temperature information

Figure 5 shows the example of a thermal image 132 kV polymeric ZnQ arrester captured using the
thermal camera with distance is 1.0 meter. The ambient temperature during the measurement was
observed to vary from 27 to 31 °C. The emissivity value is 0.75 for polymeric encapsulated ZnO surge
arresters.
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Figure 5. Example of the thermal image of ZnO captured by a thermal camera

4. Artificial neural network architecture

Artificial neural network (ANN) can work easily with non-linearly separable data, it is ideal for
application in fault condition monitoring system as a tool, where the training data are sparse, and the
neural network will have to generalize well. Some applications have demonstrated that a neural
network can successfully classify and recognize multiple faults in a transformer [25]. In this research,
multilayer back propagation (MLBP) ANNSs have been used for correlation purposes. The MLBP
ANNs used in this case consists of one input layer, a hidden layer and one output layer as shown in the
figure.6, the hidden layer having a sigmoid activation function (1), while the output layer used a linear
activation function (2).

1
=f(u)= 1
o =fu)=r"= @)
As with the single layer, perceptron can calculate the net input from the weighted sum.
u; =2, W;a; +6, )

Training of ANN networks is carried out using standard back-propagation (BP) algorithm with
adaptive learning rate and momentum. The network is trained using a training and validation data set
such as humidity, ambient temperature, maximum and minimum temperature of arrester and
temperature whole body of arrester as an input and the third harmonic of resistive leakage current as a
target as shown in figure 7. While the testing is carried out using a further data set feature set which is
only input data set shown in figure 8. The data is propagated to the hidden layer and then to the output
layer. This system has one output layer that is third harmonic of resistive leakage current. This is
called the forward pass of the supervised learning backpropagation algorithm. In the forward pass,
each node in the hidden layer gets input from all the nodes from the input layer, which are multiplied
with appropriate weights and then summed. The output of the hidden node is the non-linear
transformation of this resulting sum. Similarly, each node in the output layer gets input from all the
nodes from the hidden layer, which are multiplied with appropriate weights and then summed. The
output of this node is the non-linear transformation of the resulting sum.

The output values of the output layer are compared with the target output values. The target output
values are those that attempt to teach the network. The error between actual output values and target
output values is calculated and propagated back toward the hidden layer. This is called the backward
pass of the backpropagation algorithm. The error is used to update the connection strengths between
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nodes, weight matrices between input-hidden layers and hidden-output layers are updated. During the
testing phase, no learning takes place, meaning all weight matrices are not changed. Each test vector
is fed into the input layer. The feed forward of the testing data is similar to the feedforward of the
training data.

The input data of the neural network is designed for more than five hundred data set. The computer
ability for running huge data became a problem. Figure 6 shows Multi-Layer Back Propagation
(MLBP) neural network configuration.

Third harmonic
resistive leakage
current

! i
! !

Input | Hiddent | Output
! Layer | Layer
! i
|

Figure 6. MLBP neural network configuration
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Figure 7. Training MLBP flowchart

In this study, all applications such as image processing, third harmonic resistive leakage current,
and neural network application were built under LabVIEW software. The flowchart of training and
testing of the arrester condition monitoring system are shown in figure 7 and eight respectively.

The input data of temperature whole arrester body is obtained from a histogram of a thermal image
segmented processed. Also input data with some environment data such as humidity and ambient
temperature. The third harmonic of resistive leakage current is the target of the neural network system.
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Figure 8. Testing MLBP flowchart

5. Results

The data that obtained from this study is consist of electrical data and temperature data. The electrical
data inform the leakage current which is measured directly using a current sensor using a 1kQ resistor.
And temperature data obtained using the thermal camera. Example of the temperature profile of the
arrester body is shown in figure 9. The features from the thermal image as shown in figure 10 were
used as an input of MLBP NN. The leakage current of ZnO arrester was separated become capacitive
and resistive current. The resistive current of ZnO arrester was used as a target in MLBP NN.

Profile

I, /\ | | &
B HRRT

o 20 40 €0 &0 100 120 140 160 180 200 220

Dist [pixsl]

temperature
B o
= n

Figure 9. Example of the temperature profile of the thermal image
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| example-data.txt - Notepad |

File Edit Format View Help
inputl dnput2 dnput3 dnput4 dnputS dinput6é input? dnput8& dnput9 dnputlo o
41.96 41.96 41.96 41.47 41.59 41 41.17 41.03 41.17 41.13 0
41.76 41.46 41.19 40.69 40.89 40. 64 40.33 40.18 40.15 39.66 0.000018
46.22 45,84 45,38 45.47 45.19 44,82 44,59 44,26 44,26 44,14 0.000021
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45.8 45.4 45.15 44.64 44.96 44.64 44.77 44.62 44,54 44.03 . 000038
48.44 48.26 47.93 47.75 47.16 46. 88 46.52 45.99 45.8 45.82 . 000048
. 000032
.000043

m

. .73 . . . . . . .
44.36 44.36 44,05 44,21 44 43.82 43,74 43,87 43,37 43.58

Figure 10. Example of features of the thermal image was used as an input
The training of MLBP NN was done to train the neural network system to recognize the input and
output relationship. The input, hidden and output layer was defined in a neural network configuration
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front panel as shown in figure 11. The select the transfer function which employs in hidden layers. The
transfer function in this project was provided for three types such as sigmoid, tangent hyperbolic and
linear. The LabVIEW front panel is used to select the transfer function as figure 12.

Meural network configuration
ANM config Map of the neural network (node configuration)

Configuration (8™ 9an

of max. 8 layer: :

inputs, Wl 3

hidden, =E

outputs .l—
= 1

Accept configuration EXIT

Figure 11. Neural network configuration front panel

Select transfer function..,
Function for all neurons
“lsigmoid
v d

Accept configuration I | EXIT I

Figure 12. Select transfer function front panel

5.1. Training and testing MLBP Neural Network System

The training and testing result using the MLBP neural network is presented in figure 13. The results of
training inform the number of the epoch, learning rate, and error training. This result error training is
about 1% can be classified into good training result. The train correlation is about 0.999 that means the
good correlation between input and target. The testing results are shown in figure 14. It showed the
testing result was close enough to the target with an error of about 1.5%.
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Figure 13. The front panel of data training neural network for monitoring system
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Figure 14. The result of testing compared to the actual data target

6. Conclusion

The work had successfully shown that the arrester's surface temperature could be correctly correlated
with the well-known aging indicator, namely the leakage current. With the help of the artificial neural
network, this correlation has been proven. This finding is significant since an alternative technique of
the ZnO arrester condition monitoring which is contactless and convenient is now available. The
requirement to measure the leakage current arrester for arrester condition monitoring is no longer
needed.
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