Fault Detection Method of Power Insulator
Based on Deep Convolution Neural Network

Yan Wang!* and Weijie Zhang?

LSchool of Mechanical Engineering, Liaoning Technical University, Liaoning,
123000, China

2School of Electrical and Control Engineering, Liaoning Technical University,
Liaoning, 125105, China

E-mail: yan_wang08@ [26.com; 459684561 @ qq.com

*Corresponding Author

Received 25 March 2021; Accepted 28 March 2021;
Publication 24 June 2021

Abstract

Aiming at the problem of low detection accuracy of traditional power insu-
lator fault detection methods, a power insulator fault detection method based
on deep convolution neural network is designed. For the training of deep
convolution neural network, the fault detection of power insulator based on
deep convolution neural network is realized by anchor design, loss function
design, candidate region selection mechanism establishment and sharing
convolution features. The experimental results show that the fault detection
method of power insulator based on deep convolution neural network is more
accurate than the traditional method, and the detection time is less.

Keywords: Deep convolution neural network, electrical insulation, fault
detection.

1 Introduction

Insulator plays an important role in electrical insulation and mechanical
support of transmission line. It has been operating outdoors and in the
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environment for a long time. It not only bears the role of working voltage,
but also bears the overvoltage caused by operation and lightning, as well
as conductor weight, wind, ice and snow, dust. As well as the mechanical
load effect of environmental temperature changes, the electrical performance
and mechanical strength of insulators are reduced, resulting in flashover,
fracture, string drop and other accidents. At present, the detection methods
of the running state of the suspension insulator are as follows: (1) manual
observation method, which has the advantages of heavy workload, high risk
and low efficiency. (2) Ultrasonic testing method, this method is simple, high
sensitivity, low cost, but due to the need for live operation, poor safety, low
efficiency. (3) Laser Doppler vibration method, this method can be used
to detect cracked insulators, but it is invalid to detect uncracked insula-
tors. Although the above insulator detection methods have achieved certain
results, most of them are complex operation, high cost, high risk and poor
anti-interference ability.

Deep convolution neural network is a kind of feed-forward neural net-
work. Its artificial neurons can respond to the surrounding cells in a part of
the coverage area, which has excellent performance for large-scale image
processing. Therefore, the deep convolution neural network is applied to the
fault detection of power insulator to solve the problems existing in the current
fault detection.

2 Deep Convolution Neural Network Training

2.1 Training Method

The training method of CNN is similar to BP algorithm, and the gradient
descent method is generally used in back propagation. The number of sam-
ples in a single iteration of training data is divided into gradient descent
(GD) for the whole training set or random gradient descent (SGD) for a
single sample. The former has high complexity and low timeliness, while
the latter has low complexity but unstable convergence. Therefore, there is a
batch gradient descent (Mini batch SGD) between the two, and the samples
of a single iteration are a subset of the random combination of the training
set [1-5]. Among them, weight decay can help to avoid over fitting, and
momentum can help to avoid network gradient falling into local optimum.
The training strategies of GD, SGD and Mini- Batch SGD are as follows:

GD: Wi41 = Wy — meL(w)
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Figure 1 Neural network model.
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In formula (1), w is the weight of the i-th layer, 7 is the learning rate, and
L is the loss function.

The whole training process is divided into forward propagation and
reverse propagation. The detailed description of each part is shown in
Figure 1:

In the forward propagation process, the output value of the activation
function of each neuron in each layer is calculated after the given sample
set. Then, the output value of the whole network can be obtained in the last
layer according to the hierarchy, the expression is as follows:
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In formula (2), J(W,b) is composed of mean square error term and
regularization term. Regularization is added to punish neurons with heavy
weights, and the over fitting is reduced by reducing the amplitude of neuron
weights [6-10]. In the batch gradient descent method, the weight matrix
of neural network is updated according to the following formula at each
iteration, the expression is as follows:

d
w® =wl - a—-—J(W,b) 3)
ij ij 0 ;
oW

In formula (3), O is the learning rate, b is the bias, and W is the weight
matrix.

2.2 Regularization Method

In the process of training, the common problems are over fitting and under
fitting. The over fitting performance is that the accuracy of the model is very
high in the training set, but not ideal in the test set. Under fitting results
are not ideal. Because the deep neural network contains a large number
of parameters, over fitting often occurs. This is due to the small size of
the training data set, the complexity of the model, the limited computing
resources and the existence of noise.

2.3 Pre Training and Fine Tuning

The models of deep learning are multi-layer, even hundreds of layers. If the
whole network is trained at the same time, the convergence of the network is
too slow due to too many layers and parameters. If the training is carried out
layer by layer, the error will pass down in turn and become larger and larger.
This is because the gradient will be more and more sparse with the depth
direction of the network during training, and the error correction signal will
be smaller and smaller. Finally, the network is easy to converge to the local
minimum during random initialization.

Hinton put forward the idea of pre training and fine-tuning network,
first the bottom-up unsupervised learning, and then the top-down supervised
learning. For many applications, only a small amount of training data is
available. Convolutional neural networks usually need a lot of training data to
avoid over fitting. Since the input of the fine tuned network is obtained in the
pre training rather than random initialization, it is closer to the global optimal
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value. Fine tuning the network allowing convolution can successfully solve
the engineering problem of small training set.

2.4 Determination of Topological Structure of Neural Network

It is generally believed that increasing the number of hidden layers can
reduce the network error and improve the accuracy, but it also complicates
the network, thus increasing the network training time and the tendency of
“over fitting”. Hornik et al. have proved that if the input layer and output
layer adopt linear transfer function, and the hidden layer adopts sigmoid
transfer function, the MLP network with one hidden layer can approximate
any rational function with any precision. When designing BP network, three-
layer BP network (i.e. one hidden layer) should be given priority. Generally,
it is easier to get lower error by increasing the number of hidden layer nodes
than by increasing the number of hidden layer nodes. Based on this, this paper
selects a three-layer structure of neural network.

In order to avoid “over fitting” phenomenon in training and ensure high
enough network performance and generalization ability, the basic principle
of determining the number of hidden layer nodes is to select as compact a
structure as possible on the premise of meeting the accuracy requirements,
that is, to select as few hidden layer nodes as possible. When determining the
number of hidden layer nodes, the following conditions must be satisfied:

(1) The number of hidden nodes must be less than that of otherwise, the
system error of network model is not related to the characteristics of
training samples and tends to zero;

(2) The number of training samples must be more than the connection
weights of network model, generally 2-10 times.

The number of hidden layer elements can be calculated according to the

formula:
n°=+vm-+n+a 4)

In formula (4), m is input neuron andn is output neuron.
(3) In the standard gradient descent algorithm, the iterative formula of
weight is as follows:

wij(n+1) = wi;(n) +n[(1 — a)D(n) + aD(n — 1)] 5)

This method has one disadvantage: the learning rate is fixed in the training
process. If the learning rate is set too high, there may be oscillation and
instability in the training process; if the learning rate is set too low, the
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convergence time will be too long. In this paper, a gradient descent algorithm
with variable learning rate is used. The design criteria are: check whether the
weight really reduces the error function; if so, it indicates that the selected
learning rate is small and can be increased by an appropriate amount; if not,
the value of learning rate should be reduced [11-15]. An adaptive learning
rate adjustment formula is given by the following formula:

1.05n(k) E(k+1) < E(k)
n(k+1)=0.7(k)  E(k+1) > 1.04E(k) ©6)
n(k) else

In formula (6), E(k) represents the sum of squares of the k-th error.

3 Fault Detection of Electronic Insulator Based on Deep
Convolution Neural Network

The method is mainly composed of two parts: the first part is a full convolu-
tion neural network used to generate a series of efficient candidate regions,
which is called region proposal network (RPN); the second part is a fast
R-CNN network used to determine the specific location of insulators. The
weight parameters and characteristics of the two parts are shared, so that it
does not need to spend more time to do repeated calculation in the insulator
detection stage, which can greatly reduce the amount of calculation of the
network.

Region recommendation network can process insulator input image of
any size, and then output a series of regions of interest with rectangular box,
and each region of interest belongs to the confidence of a target. Next, we
mainly discuss how to model regional recommendation networks and how
to generate efficient regions of interest [16—20]. The algorithm framework is
shown in Figure 2.

The convolution neural network used in this chapter is VGG16 network,
which consists of 13 convolution layers and 4 pooling layers. In the pro-
cess of generating candidate region, the insulator image is sent to VGG16
network, and the feature extraction and dimension reduction are carried out
continuously through the convolution layer and pooling layer. 512 feature
maps are output in the last convolution layer. After obtaining the feature,
we add a small network to slide on the feature map. The network takes n *
n input from convolution feature graph, maps the feature corresponding to
each sliding window to a lower dimension (512 dimension), and then uses
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Figure 2  Algorithm framework.

ReLU to do nonlinear processing. Then, the features are sent into two fully
connected layers, one is used for border regression, and the other is used to
judge whether the framed area belongs to the target area.

3.1 Anchor Point

In the position of each sliding window, it is necessary to determine whether
multiple interested areas contain insulator targets at the same time. We will
record the number of areas predicted at each location as K. For this k region,
the border regression layer outputs 4K coordinates and the classification layer
outputs 2K confidence scores. Here, k-region parameterization is associated
with K reference boxes, which are called anchor points.

In this process, the center of the sliding window is the center of the anchor
point, and regions with different scales and length width ratios are selected
around the center. According to the shape characteristics of the insulator, we
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choose the pixel area of 1282,2562,5122 and the aspect ratio of 1:1, 1:4, 4:1,
and each center corresponds to 9 anchor points. For a W * H feature image,
there are k-WH anchors.

3.2 Loss Function

When anchors in the training regional recommendation network, each anchor
point is need to be assigned a binary label (insulator or not). Among them,
the anchor points meeting one of the following two conditions are designated
as positive samples: (1) the anchor points with the maximum division and
overlap ratio (Io U) of an insulator marker box; (2) the anchor points with the
division and overlap ratio of any insulator marker box exceeding 0.7. In the
actual insulator image, a single insulator label box may assign positive labels
to multiple anchors. Anchor points with Io U less than 0.3 of all insulator
marker frames in the image are assigned as negative labels. Those anchors
that are neither set as negative tags nor assigned positive tags will be screened
out and will not participate in network training [21-25].

On the basis of label assignment, we need to minimize the multi task loss
function in the process of training model. For an insulator image, the loss
function is defined as follows:

L_

cb QZa qz + a qu reg tutz (7
(2

In formula (7), g; represents the probability of prediction as the target,
represents the equilibrium coefficient, L,q4 is the logarithmic loss function
of two categories (target and non target), L., represents the regression loss
function.

In order to correct the boundary frame of insulator, the parameterization
of four coordinates should be adopted:

reg

T — Xq Y—Ya
ty = oty =
* Wq, Y ha
w h
ty=log| — ), th=log|—
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og (wa>, n = log <ha) (8)
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In the formula, z,y, z is the center coordinates, length and width of the
prediction box, x4, Ya, W4 1S the center coordinates, length and width of the
candidate area box, and x*, y*, w*is the center coordinates, length and width
of the real box.

3.3 Candidate Region Selection Mechanism

The selection process of candidate region selection mechanism is shown in

Figure 3:

| Detect bounding box |

I

Calculate the area of the bounding box

Do you complete reverse ranking based on confidence

Output set

| Calculate confidence |

b

| Preserve intersection and bounding box |

End

Figure 3 Working process of candidate region selection mechanism.

After the candidate regions are obtained by using the region recommenda-
tion network, the candidate regions need to be mapped to the last convolution
layer, and then the corresponding features of each candidate region are sent to
the ROI pooling layer and the full connection layer. Finally, the classification
layer is used to determine whether the candidate region is a target, and the
border regression layer is used to adjust the border to make the target position
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more accurate. In the process of training Fast R-CNN network, the candidate
regions whose ratio of intersection and union of insulator real regions is
greater than or equal to 0.5 are regarded as positive samples, and the rest
are regarded as negative samples. When training the network, the multi task
loss function shown in the following formula is selected:

L(p,u,t",v) = Las(p,u) + a. ©)

In formula (9), u is the label of insulator, L.;s and L, are the classifica-
tion loss function and the frame regression loss function respectively. t* and
v represent the four coordinate values of prediction frame and real insulator
frame respectively.

3.4 Shared Convolution Feature

When two networks are trained, there is a part of convolution layer feature
sharing. In this paper, we use 4-stage alternating training to optimize the
shared convolution features. The process is shown in Figure 4:

Building RPN Training with
network different proportion

Y

Obtain insulator candidate area

:

Construction of network for insulator detection

Send the insulator to the network

A

Training network

A

The trained neural network is obtained

v

Insulator detection

Figure 4 Schematic diagram of network training.
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The first step is to train the regional recommendation network, in which
the pre trained model on the Image Net dataset is used to initialize the
network, and the end-to-end mode is used to fine tune the network;

The second step is to train the Fast R-CNN network by using the region of
interest obtained from the candidate region recommendation network as the
input of Fast R-CNN. The network is also initialized by using the pre trained
model on Image Net. In these two steps, the two are trained separately and
there is no convolution feature sharing;

Step 3: the Fast R-CNN network trained in the second step is used to
initialize the regional recommendation network, fix all the shared convolu-
tion layers, and only fine tune the unique parameter layer of the regional
recommendation network. In this way, the mode of volume layer sharing is
opened;

Step 4: Similar to step 3, do the same processing, only fine tune the unique
full connection layer of Fast R-CNN. After these four steps, the two can
share convolution features, and can be unified into a network model to test
insulators.

4 Experiment

In the experiment, the insulator data set is constructed by using the existing
image data, and the network is trained and tested on the data set. The method
of this study is used in the experiment, and the traditional methods are
compared to compare the effectiveness of the two methods.

4.1 Experimental Data

Because there is no public power equipment data set, the insulator data set
used in this paper is provided by a power research institute. There are 500
images in the data set, each image size is 2048 * 1360, the background is
very complex, and contains interference information such as trees, towers,
transmission lines and so on. In the experiment, we intercepted 2000 pieces
of 500 * 500 image blocks from the image as the training set and test set,
each image contains different number of insulators. In order to improve the
accuracy of the experimental results, rotation and flipping are used to increase
the amount of experimental data to 6000. Use Labelimg software to mark the
insulators in the picture. The Figure 5 is an example of the insulators applied
in this study.



108 Y. Wang and W. Zhang

Figure 5 Example diagram of insulator applied in experiment.

4.2 Comparison of Detection Time

The comparison results of the detection time between the detection method
of this study and the traditional method are shown in Table 1:

According to the analysis of the above table, the detection time of this
research method is less than that of traditional methods, which has strong
practical significance.

4.3 Comparison of Detection Accuracy

The comparison results of the detection accuracy of the two methods are
shown in Figure 6:

Through the analysis of the above figure, it is found that the detection
accuracy of the research method is much higher than that of the traditional
method, which verifies the effectiveness of the research method.
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Table 1 Comparison of detection time

Number The Detection Time of This Detection Time of
Experiments Research Method/Min Traditional Methods/Min

2 10
2 12
3 13
4 14
5 15
2
3
6

16
18
20

X N N B W N =

80

=N
=]

Detection accuracy /%
&
(=3

20 =

Number of experiments / time

Design method traditional method

Figure 6 Comparison of detection accuracy.

5 Conclusion

This research work is based on the demand of power inspection engineering.
Firstly, the basic concept of convolutional neural network, its components,
the characteristics and functions of each component are briefly described.
Secondly, on the basis of deep theory, the design of each part of convolutional
neural network and the construction of the whole network are carried out.
Then, aiming at the feature learning ability of training model, the paper com-
bines convolutional neural network and self-organizing mapping network to
improve the significance of detection, narrow the search range and accelerate
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the processing process. The fault detection method of power insulator based
on deep convolution neural network is completed. The experimental results
show that the method of this study is more accurate than the traditional
method.
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