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In view of the poor effect of most fault diagnosis methods on the intelligent recognition of equipment images, a fault diagnosis
method of distribution equipment based on the hybrid model of robot and deep learning is proposed to reduce the dependence on
manpower and realize efficient intelligent diagnosis. Firstly, the robot is used to collect the on-site state images of distribution
equipment to build the image information database of distribution equipment. At the same time, the robot background is used as
the comprehensive database data analysis platform to optimize the sample quality of the database. Then, the massive infrared
images are segmented based on chroma saturation brightness space to distinguish the defective equipment images, and the
defective equipment areas are extracted from the images by OTSU method. Finally, the residual network is used to improve the
region-based fully convolutional networks (R-FCN) algorithm, and the improved R-FCN algorithm trained by the online hard
example mining method is used for fault feature learning. The fault type, grade, and location of distribution equipment are
obtained through fault criterion analysis. The experimental analysis of the proposed method based on PyTorch platform shows
that the fault diagnosis time and accuracy are about 5.5s and 92.06%, respectively, which are better than other comparison

methods and provide a certain theoretical basis for the automatic diagnosis of power grid equipment.

1. Introduction

With the continuous improvement of social economy and
people’s living standards, the power demand is increasing
day by day, and the scale of power system is growing day by
day. It includes transmission and transformation networks
of various voltage levels. Therefore, ensuring the safe and
stable operation of complex power grid is an inevitable
requirement to ensure the economic and social develop-
ment. At the same time, the economic and social devel-
opment has a great impact on the security and economy, and
higher reliability is required [1, 2]. As the terminal of the
whole power grid operation, distribution network is the part
with the widest coverage and the largest scale in China’s
power system, and it is the key link to ensure that power can

be “allocated and used” [3]. The distribution equipment will
have some faults under long-term operation, resulting in
abnormal temperature. Therefore, by detecting the tem-
perature of the distribution equipment, the thermal fault
diagnosis of the distribution equipment can be carried out
quickly, which plays a great role in the safe operation of the
power grid.

The infrared image of equipment is used for fault di-
agnosis with high efficiency, accurate judgment, safety, and
reliability. At the same time, it is free from electromagnetic
interference, fast detection speed, and no power failure of
live equipment. Therefore, infrared diagnosis is widely used
in the field of equipment fault monitoring and diagnosis
technology [4]. However, due to the characteristics of large
quantity and complex types of distribution equipment, if we
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only rely on manual work in the process of data acquisition,
analysis, and processing, the workload is relatively large, the
efficiency is low, and the accuracy is relatively low due to the
high dependence on manual experience. Therefore, auto-
matic image acquisition and analysis of distribution
equipment are of great significance to ensure the safety and
stability of distribution network [5].

In recent years, the automatic inspection technology of
power distribution room has been popularized, and various
automatic robots and UAVs have made great progress in the
original data acquisition stage. However, the accurate and
efficient processing of collected image data is still in its
infancy. How to extract the features of interest from infrared
images for power distribution equipment recognition is a
problem to be solved [6]. Among them, the deep learning
algorithm has made great achievements in image processing,
speech recognition, and text analysis. By establishing a deep-
seated neural network, high-level features are extracted from
low-level features layer by layer, so as to achieve the effect of
target classification and recognition [7]. Compared with the
manually designed feature extraction method, the distrib-
uted features obtained by deep learning network model can
better express the essence of data [8, 9]. Therefore, in order
to improve the efficiency of thermal fault detection of dis-
tribution equipment, improve the intelligence of power grid,
reduce the labor cost of detection, and reduce the false
detection rate, a fault diagnosis method of distribution
equipment based on the hybrid model of robot and deep
learning is proposed, which effectively ensures the safe and
reliable operation of distribution equipment.

2. Related Research

At present, there are many researches on fault diagnosis of
distribution equipment at home and abroad, which can be
divided into traditional fault identification and classification
methods and machine learning based identification and
classification methods [10]. Among them, the traditional
fault identification and classification methods mainly in-
clude fuzzy clustering, discrete wavelet transform, and
chaotic algorithm. For example, [11] proposed an infrared
image segmentation algorithm based on intuitionistic fuzzy
clustering algorithm based on spatial distribution infor-
mation, which is suitable for power equipment. It can well
suppress the strong interference of nontarget objects in
infrared image to image segmentation, but the method is
more traditional and has poor segmentation effect for
complex intelligent power grid equipment. Reference [12]
proposed an anomaly detection method based on spatial
clustering applied by auxiliary feature vector and density
noise. The auxiliary feature vector of each conditional
variable is constructed for clustering to identify normal data
patterns and different types of anomalies. Reference [13]
proposed a data mining driving scheme based on discrete
wavelet transform to realize high impedance fault detection
in active distribution network, but the universality of the
method is not high. Reference [14] proposed a method to
obtain the vibration characteristics of circuit breaker based
on time-frequency and chaos analysis to realize circuit
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breaker fault identification. The image analysis process is
complex, resulting in the reduction of fault identification
efficiency. Reference [15] proposes a method based on
feature model for single-phase grounding fault in active
distribution network system, which transforms the solution
of nonlinear feature model into single-objective optimiza-
tion of feature entropy, which can well identify single-phase
fault, but the identification effect of equipment with feature
type is not ideal.

With the continuous development of computer
technology and the rapid development of 5G communi-
cation technology, machine learning algorithm has been
widely used this year, especially the deep learning algo-
rithm has certain advantages in the field of fault identi-
fication and classification. Reference [16] proposes
artificial neural network algorithm to identify the insu-
lator state and uses single-layer and multilayer perceptron
artificial intelligence algorithm to classify the conditions
of distribution insulators. This technology can make the
automatic inspection of electrical system more accurate
and efficient, but it lacks high reliable database for sup-
port. Reference [17] proposed a Mask R convolution
neural network method and used transfer learning and
dynamic learning rate algorithm to realize efficient rec-
ognition of annotated image data sets, but it relied too
much on graphics annotation and lacked practical ap-
plication value. In [18], appropriate traveling wave time-
frequency characteristic parameters of fault current are
selected as the input of adaptive depth belief network
model to obtain the fault type, but only considering the
fault current characteristics as the basis, the reliability
needs to be further improved.

Based on the above analysis, aiming at the problems such
as the complexity and diversity of smart grid distribution
equipment and the unsatisfactory effect of most existing
image recognition methods, a distribution equipment fault
diagnosis method based on robot and deep learning hybrid
model is proposed. Its innovations are summarized as
follows:

(1) In order to obtain the image information of distri-
bution equipment more comprehensively, the pro-
posed method introduces the robot to construct the
corresponding image knowledge database, which
provides the basis for fault classification and fault
location.

(2) In order to locate the equipment defect area in the
infrared image of distribution equipment, the pro-
posed method performs threshold segmentation on
the infrared image in hue saturation value (HSV)
space and uses OTSU method to extract the
equipment defect area, so as to improve the accuracy
of subsequent fault diagnosis.

(3) Aiming at the problem that the deep learning al-
gorithm is prone to gradient disappearance and
gradient explosion, the proposed method uses the
residual network to improve the region-based fully
convolutional networks (R-FCN) algorithm and
applies it to the learning of faulty equipment, so as to
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obtain the fault type and location with high accuracy
and further improve the safety of equipment.

3. Proposed Method

3.1. Construction of Image Information Database of Distri-
bution Equipment Based on Robot Inspection. The traditional
equipment status is usually determined by manual analysis.
The workload is huge and error-prone, which affects the
judgment of system status, resulting in potential safety
hazards. Therefore, the robot is used for patrol inspection to
obtain the status image of distribution equipment and build
the corresponding information base for the analysis of
equipment status, so as to find the faulty equipment in time
and ensure the reliable operation of power grid [19]. The
construction process of distribution equipment image in-
formation base based on robot inspection is shown in
Figure 1.

The basic data sources of the database mainly include
production system, online monitoring system, and robot
background inspection system. The relevant data of the state
quantity of power equipment mainly comes from the power
production management system (PMS), which can provide
the real-time operation condition, historical operation state,
historical maintenance record, historical test data, equip-
ment account, equipment parameters, and other informa-
tion of the equipment. The online monitoring system mainly
relies on various sensors on each power equipment for real-
time monitoring. The robot background inspection system
can not only provide the observation of some state quan-
tities, but also carry out corresponding state evaluation and
analysis for different equipment states according to the
automatic state evaluation system. In addition, the data
composition of the system includes infrared temperature
measurement, visible light reading, and telemetry reading.

The robot inspection cycle generally refers to the in-
spection plan formulated by the distribution network op-
eration inspection center, and two inspection robots
complete the tasks of infrared temperature measurement
and data transcription of equipment in the area [20]. At the
same time, the robot background uses the threshold out of
limit judgment method to automatically evaluate the
equipment status. In order to ensure sufficient charging time
of the robot and avoid the daily patrol and infrared tem-
perature measurement period, the special patrol at night is
set in the nonbusy working period of the robot every day,
with the upper limit of one time. The data reports collected
by the special patrol at night and infrared temperature
measurement are included in the database for screening and
preprocessing.

In addition, the background of the inspection robot is
equipped with a system server, which includes data analysis
software terminal, data exchange server, data storage server,
data operation server, and other modules. The data exchange
server is responsible for collecting and classifying the pro-
duction system, online monitoring system, and robot patrol
data into the storage server. There are three-party databases,
fault information base and knowledge information base in
the data storage server.
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analysis center «

system

Fault information
knowledge base
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system
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FiGure 1: Construction process of image information database for
distribution equipment.
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(1) The data of the three-party platform includes the
information required in the database structure table.
After eliminating the redundant information, the
integrated data in a unified format can be obtained,
and the defect alarm data can be located and re-
trieved quickly.

(2) The fault information base is mainly taken from the
defect system records and contains a large number of
relevant equipment fault cases, including fault
characteristics, solutions, expert opinions, and
manufacturer records. At the same time, the
maintenance record database and equipment ac-
count database are used to build a comprehensive
database of fault information, so as to screen the fault
inspection points.

(3) The knowledge information base is the engine for the
system to evaluate the equipment status and judge
the fault. The internal rules at all levels provide the
logical basis for the system to judge the fault. The key
is knowledge acquisition, that is, collecting and
mining the knowledge at all levels to enrich the
knowledge base.

3.2. Defect Feature Extraction of Distribution Equipment.
When extracting the defect features of distribution equip-
ment, it is necessary to perform threshold segmentation on
the infrared image in HSV space, separate the infrared image
background from irrelevant equipment and defective
equipment, and then extract the equipment defect area [21].

3.2.1. OTSU Threshold Segmentation. OTSU is considered to
be one of the best algorithms in image threshold segmen-
tation. The threshold segmentation process of OTSU algo-
rithm is as follows: firstly, the image is processed in gray
level, the number of pixels in the whole image is counted,
and the probability distribution of each pixel in the whole
image is calculated; then, the gray level is traversed and



searched in the whole image, and the interclass probability of
the image foreground and background at the current gray
level is calculated; finally, the threshold corresponding to the
variance between classes and within classes is calculated by
the given objective function.

Suppose there are D gray levels in the image, in which
the number of pixels with gray value of i is N; and the total
number of pixels in the image is N. Then, the average gray
value of the whole image is

D—I.Ni
yzz ;lﬁ' (1)

According to the gray characteristics of the image, the
image is divided into foreground B, and background B;.
Then, p,(T) and p, (T) represent the probability of oc-
currence of foreground B, and background B, when the
threshold is T, respectively. The calculation is as follows:
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The interclass variance with threshold T in the gray
histogram is calculated as follows:
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(4)

The optimal threshold is defined as the T value corre-
sponding to the maximum variance between classes, which
is calculated as

aé(T) - OSIPS%(A{U%; (T)}' (5)

3.2.2. Defect Region Extraction Based on HSV. In order to
improve the accuracy of equipment fault image classifica-
tion, the defect region and background in the infrared image
of fault power equipment are separated by using the defect
region segmentation algorithm based on HSV. Since it is
impossible to determine the defect type only by analyzing
the fault area, it is necessary to segment the defect area based
on mathematical morphology according to the location of
the defect area. Through this method, the defective power
equipment and the background area in the infrared image
are separated, so as to reduce the interference of the
background area in the infrared image on the defect type
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classification [22]. The flow of HSV based defect region
extraction algorithm is shown in Figure 2.

When processing the infrared image of defective
equipment, first merge the similar pixels corresponding to
the area with the same temperature, and segment the image
according to the threshold of the three components of the
defective area in the HSV color space to extract the defective
area. Then, the discrete defect regions are connected through
the closed operation in mathematical morphology, and the
threshold segmentation of the original image is carried out
by OTSU method to separate the power equipment and the
background region. Finally, the defect area is found in the
binary image separated by OTSU method; that is, the de-
fective power equipment is separated from other areas, so as
to achieve the purpose of extracting defective power
equipment and facilitate the identification and diagnosis of
power equipment types and fault types.

3.3. Fault Diagnosis of Distribution Equipment Based on Deep
Learning Hybrid Model

3.3.1. Defect Training Based on Deep Learning Hybrid Model.
R-FCN algorithm architecture mainly includes backbone
network, region proposal network (RPN), and region of
interest (ROI) subnet [23]. When fault diagnosis of power
distribution equipment is carried out, first input the col-
lected infrared image of power equipment into convolution
neural network and extract the convolution feature map of
infrared image. In this process, deeper and more abstract
image features can be extracted by using a larger backbone
network (ResNet 101) to improve the recognition accuracy
[24]. Then, the feature map is sent to the RPN network to
generate anchors, which are marked with foreground and
background, and the foreground area with high score is
selected as the recommended area ROIs. These ROIs are sent
to the ROI subnet for further training, and 300 recom-
mended windows are generated for each infrared image of
power equipment. At the same time, the characteristic map
of the full convolution layer is calculated with the multilayer
convolution kernel to generate a position sensitive score
map. The ROI and Score Maps are input into the later
Softmax layer for vote. Through the Softmax layer for
classification, the ROI with the highest score is finally ob-
tained, that is, the location and type of the object located and
recognized. The architecture of R-FCN algorithm is shown
in Figure 3.

(1) Residual Network. When the depth of the deep learning
network reaches a certain degree, the problems of gradient
disappearance and gradient explosion often appear during
training. In order to solve this problem, the residual network
(ResNet) is used to improve the R-FCN algorithm; that is,
the residual network is selected as the backbone network.
The residual element is essentially the mapping residual
required for fitting through these stacked layers. Suppose
that the network mapping is H (x) and the residual mapping
function of the network is F(x), F(x) = H(x) — x. The so-
called residual is the difference between the observed value
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Initialize the image clustering center point so that the distance S of
each clustering center point is evenly distributed in the image.

'

In each 3 x 3 select the pixel with the smallest gradient in the
neighborhood as the clustering center in the neighborhood.

v

The distance metric D is calculated by calculating the distance
metric from each pixel to the cluster center in the super-pixel
segmentation algorithm, and the smallest distance metric is selected
to assign pixels to the corresponding cluster center.

!

Normalize the processed image and update the H value.

A

Set the threshold. If the three components of HSV meet 10 < H < 150, 10 < S <
100, 200 < V < 255, then H=0, S = 0, V = 0. The equipment defect area in the
infrared image is separated through the threshold.

'

OTSU threshold segmentation algorithm is used to segment
the original image to obtain the binary image I,

'

Because there may be one or several defect points in the segmented
binary image, each isolated defect point is connected according to the
closed operation of mathematical morphology to determine the defect

region R.

v

Find each connected region Ry in the binary image I;. If the defective
region is RyNR; > 0.8R, this region is the defective power equipment region
to be extracted.

FIGURE 2: Defect region extraction process based on HSV.
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FIGURE 3: Architecture of R-FCN algorithm.

H (x) and the estimated value x. The advantage of ResNet
network is that it uses the stacking layer to fit H (x) to get the
mapping H (x) = F(x) + x. The advantage of this repre-
sentation is that if the model has been fitted to the best state,

it only needs to make F(x) =0 to get H(x) = x, so as to
avoid the disappearance and explosion of gradient.

The input x,, and output x,,,, of the m-th residual unit
are expressed as follows:

F(B(xn) + 8 (% @30)),

M-1
X, + Z 8 (x; w;),
i=1

Xm+1

(6)

XM

where & is the ReLu activation function, w is the weight
between each unit, m, M respectively represent the shallow
residual unit and deep residual unit, 4 (-) represents the
identity mapping, and x,, is the final output of the residual
unit.

In order to learn more and more abstract image features,
the proposed method selects ResNet 101 network, and its
configuration is shown in Table 1.

(2) RPN Network. The input of RPN network is image feature
graph. According to anchor mechanism, 9 rectangular boxes
with different sizes are generated for each point. When
training the RPN network, compare the anchor with the
manually calibrated true value area in the data set, mark the
anchor frame with the largest overlap ratio as the fore-
ground, and mark the anchor frame with an overlap ratio
greater than 0.7 as the foreground sample. Mark the anchor
box whose overlap ratio is less than 0.3 as the background
sample. Select the positive and negative samples of anchor in
proportion, use the maximum suppression method (NMS)
and other methods to screen the top 250 ROIs with the
highest score, and send these preliminarily screened pre-
selected frames to the ROI subnet.

In addition, RPN network adopts anchor mechanism,
which not only solves the problem of translation invariance,
but also enables R-FCN algorithm to identify and locate
targets with different overall dimensions. In the actual
process of infrared image recognition of power distribution
equipment, due to different equipment with different shape
and structure, different sizes and variable aspect ratio, in
order to ensure that there are targets in the receptive field
corresponding to each sliding window on the feature map,
multiscale anchor is required to ensure that the candidate
frame is as complete as possible to select the target [25]. In
the implementation of RPN network anchor, multiscale
anchor can be obtained by setting the area of reference
window (base_size), different area multiples and anchor
aspect ratio, so that RPN can give more accurate foreground
recommendation area.

(3) ROI Subnet. The role of ROI subnet is to correct the ROIs
location obtained from RPN network, so as to obtain a more
accurate target location of power equipment, so as to identify
ROL A position sensitive convolution layer is added after the
last layer of the full convolution network, which can realize
the translation variability of the algorithm and output the
k?(c + 1)-dimensional position sensitive fractional graph.
The RPN network filters out the characteristic map of ROI
with size a x b, which is divided into k x k parts (bin) and
convoluted with k?(c + 1) convolution cores; that is, each
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TaBLE 1: Structure table of ResNet 101.
Layer name 101-Layer
convl 7*7, stride 2
conv2_x 3*3max pool, stride 2
Ix1 641
[3 X3 64 |x3
1x1 256
1x1 1287
conv3_x [3 X3 128 | x4
1x1 512 ]
1x1 256
conv4d_x [3 x3 256 |x23
I1x1 1024
1x1 512
conv5_x [ 3x3512 :| X3
1x1 2048
Average pool, 1000-D FC, softmax
part is mapped to a score map, in which (c+1) is the
number of categories plus the background to obtain the Classification
k? (c + 1)-layer position sensitive score map. The number of loss L,

channels of bin in different positions is a x b x (¢ + 1), and
the score of class (c + 1) in this position is stored. After the
pooling process is completed, vote on the ROL Sum the k x k
parts bin to get the output of (¢ + 1) dimension, that is, the
probability of category (score), and classify it through the
softmax layer. At this time, the output result is the posi-
tioning coordinates and type of the object.

(4) OHEM. In RPN network, a large number of rectangular
boxes are generated, and hundreds or thousands of regions
will participate in the training of predicting target categories
and locations. The proportion of power equipment is small,
so the ratio of equipment background area to target area is
too large, resulting in sample imbalance, which makes it
difficult to identify distribution equipment. Therefore,
online hard example mining (OHEM) method is used to
train the network model [26]. During training, when there is
a preselected area with large loss, the hard example can be
trained and classified again, which can solve the problem of
imbalance between positive and negative sample categories
and improve the accuracy of infrared image recognition
model of power equipment. The training framework of
OHEM method is shown in Figure 4.

When OHEM carries out specific training, firstly, ResNet
101 is used to extract the image features of training samples,
train the image classification and positioning branches, and
calculate the classification loss L, and regression loss L,,, of
each target. The loss function is calculated as follows:

L(s, dx,y,u,b) = Ly (s0) + C(¢" > 0) Lo (d,d”), (7)

where d, , is the upper left coordinate of the target area, d,, is
the width of the target area, dj, is the height of the target area,
{ is the balance coefficient of classification loss and re-
gression loss, and s is the image type.

Then, sort according to the loss value from high to low,
and use the NMS method to select the first Q) samples with
the largest loss value to screen out the difficult cases of this

round of samples. Finally, these difficult samples are

ROI (]
pool k
k Regression
//// loss L,eg
2§ il | pool Alvote
g3 I >
g g
2 &l k
S A
Hard Rol

Sampler

FIGURE 4: Training framework of OHEM method.

backpropagated to the network and trained again to update
the weight of the whole network, and the penalty for low loss
samples is ignored. Among them, the weight update is re-
alized based on the random gradient descent method.

3.3.2. Fault Diagnosis of Distribution Equipment. There are
many kinds of equipment in the distribution network, such
as circuit breaker, potential transformer (PT), current
transformer (CT), lightning arrester, and transformer. These
equipment can be classified into current heating type,
voltage heating type, and comprehensive heating type
according to the heating factors. Different diagnostic
methods are selected for different types of equipment, and
different diagnostic methods have different diagnostic cri-
teria. The defects of the equipment, such as general defects,
serious defects, and critical defects, are determined through
various diagnostic methods.

(1) The heating of current heating equipment is mainly
due to the current thermal effect. Generally, the
surface temperature judgment method and relative
temperature difference judgment method are used
for fault diagnosis. The relative temperature
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difference V; and the maximum surface temperature
T ax Of different defect degrees of each distribution
equipment are shown in Table 2.

(2) Voltage heating equipment is mainly due to voltage
effect. The main equipment categories include zinc
oxide arrester, high-voltage bushing, and coupling
capacitor. This kind of equipment generally adopts
image feature judgment method, similar comparison
judgment method, and comprehensive analysis
judgment method. Using the thermal image char-
acteristics of the equipment and the image feature
judgment method, the fault can be found quickly. If
the similar comparison discrimination method and
comprehensive analysis judgment method are used,
the temperature difference AT shall be taken as the
fault diagnosis index, in which the AT of zinc oxide
arrester is 0.5~1K, and the AT of high-voltage
bushing, coupling capacitor, oil immersed PT and
CT are 2~3K.

(3) Comprehensive heating equipment needs to be di-
agnosed in combination with the diagnosis methods
of voltage heating equipment and current heating
equipment, mainly including insulators, generators,
and transformers. In the actual thermal fault diag-
nosis, the fault diagnosis indexes of various methods
should be combined to improve the efficiency and
accuracy of fault diagnosis [27].

According to different types of distribution equipment,
the corresponding thermal fault diagnosis and judgment
methods can be selected, the corresponding parameters can
be calculated, and the thermal fault diagnosis of distribution
equipment can be carried out according to the diagnosis
criteria. The fault diagnosis process of power distribution
equipment is shown in Figure 5.

Firstly, the infrared image of distribution equipment is
input into the detection model for image preprocessing, and
the defect area is extracted based on HSV to divide the
structure of distribution equipment. Then, the trained depth
learning hybrid model is used to obtain the type and location
of the target equipment, and the temperature information of
each structural area on the infrared image of the distribution
equipment is read at the same time. Finally, according to the
selected fault diagnosis method, the thermal fault state,
thermal fault level, and thermal fault location of distribution
equipment are determined by using the diagnosis criterion.
Different from the existing fault diagnosis methods of ar-
tificial equipment, the proposed method can use the deep
learning hybrid model to realize the intelligent classification
and fault type diagnosis of infrared images of distribution
equipment, greatly reduce the workload of inspectors, and
improve the automation level of fault diagnosis of distri-
bution equipment.

4. Experiment and Analysis

The experiment is carried out in the 64 bit operating system
environment of Ubuntu 6.04.4 LTS, in which the deep
learning hybrid model uses the deep learning framework

PyTorch v1.3 version, the programming language is Python
3.6.0, and third-party dependent libraries such as Open CV
4.0 and NumPy 1.3 are used for batch processing of data. At
the same time, the network model is trained on the GPU of
dual card Tesla P100, with a total video memory of 8 GB. In
this way, large batch data can be set during training to
improve the convergence speed of the model. Other hard-
ware environments are as follows: 512 GB of memory re-
sources and 1 TB of hard disk. When processing data and I/
O operations on a large scale, this can realize parallel
processing and high speed and ensure the training re-
quirements of network model.

4.1. Experimental Data Set. The research scenario is the
power equipment in the distribution network, so it is
necessary to collect the picture materials of equipment faults
in the distribution system and then construct a fixed format
data set for test training. Through safety training and pro-
fessional leadership, use mobile phones, cameras, and other
equipment to shoot at the site of power distribution
equipment. The scene of abnormal power grid equipment is
selected, and a large number of positive samples are collected
in multiple directions according to the shooting angle of
video monitoring. In order to ensure the rationalization of
data distribution, all types and forms of equipment anomaly
types are covered in the acquisition process. After that, the
abnormal categories and areas of power grid equipment are
marked through the open-source and free wizard marking
software.

The data set contains 2580 on-site abnormal images of
RGB power grid equipment during the day, 6300 mark boxes
in total, and 2769 on-site abnormal images of infrared power
grid equipment at night, 7000 mark boxes in total, all from
the real power distribution room, power equipment plant,
etc. After the data annotation is completed, the annotation
file in XML format is generated, which corresponds to the
real image.

4.2. Comparative Analysis of Training Speed. The proposed
method combines the hybrid model of robot and deep
learning for equipment fault diagnosis. ResNet network is
used to optimize the R-FCN algorithm, and the defect area is
extracted based on HSV to improve the diagnosis effect. In
order to demonstrate the improvement effect of the pro-
posed method, it is compared with the diagnosis methods of
ResNet network, Otsu threshold segmentation, and OHEM
training. The diagnosis accuracy and training time are shown
in Table 3.

It can be seen from Table 3 that extracting deeper
equipment fault features using ResNet network can greatly
improve the diagnosis accuracy, which is 9.88% higher than
that of the model. However, due to the deepening of network
layers, the training time is also increased, more than 10s. At
the same time, by integrating OHEM training depth learning
model, the diagnostic accuracy continued to improve by
4.41%. Due to the simple and easy implementation of the
training process, the training time is only increased by 0.7 s.
It can be seen that the diagnostic accuracy of the proposed
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TaBLE 2: Fault diagnosis criterion of current heating equipment.

General defect

Serious defect Emergency defect

Circuit breaker 35% <V <80% 80% <V <95% Vi 295%
— 55% < T, .« <80% T x> 80%
Disconnecting switch 35% <V <80% 80% <V <95% Vi 295%
— 90% < T, .« <130% T x> 130%
CT 35% <V <80% 80% <V <95% Vi 295%
— 55% < T, < 80% T x> 80%
Capacitor 35% <V, <80% 80% <V <95% Vi 295%
— 55% < T, < 80% T x> 80%
High voltage bushing 35% < Vi <80% 80% < Vi <95% V5 295%
— 55% < T\ < 80% T phax > 80%
) . Gets the type and
Infrared image input ——»llocation of the target
device

Image preprocessing

Extracting defect
region based on
HSV

Y

Extract the original
temperature of the target
device

Y

Select diagnostic
method

v

Structural region
division (image

Calculate the diagnosis index of

each structural area and
determine the fault level.

segmentation)

i

Trained deep learning
model

Output results

FiGgure 5: Fault diagnosis process of distribution equipment.

TaBLE 3: Fault diagnosis criterion of current heating equipment.

Method Accuracy/% Training time/s
Original model 82.49 4.6
Original model + OTSU threshold segmentation 85.82 5.9
Original model + OTSU threshold segmentation + ResNet network 92.37 10.5
Original model + OTSU threshold segmentation + ResNet network + OHEM 96.78 11.2

method is higher than that of the basic method, but the
training time increases, and the training speed decreases.

In order to demonstrate the performance of the pro-
posed method in training speed, it is compared with ref-
erence [11], reference [13], and reference [16]. The results are
shown in Figure 6.

As can be seen from Figure 6, the training time of
reference [13] is the shortest, only about 5S. Because its
intuitionistic fuzzy clustering algorithm based on spatial
distribution information for image recognition is simple and
easy to implement, the training speed is fast. Reference [13]
combines discrete wavelet transform and support vector
machine algorithm to complete fault diagnosis, and [16] uses
artificial neural network algorithm to classify faults. Both

methods are complex and take a long time to calculate, so the
training time is about 10s. By using the improved R-FCN
algorithm for fault diagnosis, the proposed method uses
OHEM method to train it, which can simplify the data
processing process, the training speed is fast, and the
training time is about 5.5s. At the same time, the robot
background is used for data analysis, which can reduce the
transmission time of image information.

4.3. Comparative Analysis of Fault Diagnosis Accuracy.
The accuracy of fault diagnosis is a key judgment index.
The accuracy of the proposed method and the methods
in reference [11], reference [13], and reference [16] for
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FIGURE 7: Diagnostic accuracy of different methods.

fault diagnosis of distribution equipment is shown in
Figure 7.

As can be seen from Figure 7, compared with other
methods, with the iteration of epoch, the fault diagnosis
accuracy of the proposed method tends to be stable, about
92.06%. Due to its combination of robot and deep learning
hybrid model, it deeply extracts the characteristics of various
types of fault equipment for diagnosis, which further ensures
the reliability of diagnosis results. Similarly, [16] uses arti-
ficial neural network algorithm for state recognition, but
there is no eflicient way to obtain the equipment state, and
there is no complete database to support it. Therefore, the
diagnosis accuracy is reduced by about 6% compared with
the proposed method. Reference [13] adopts the improved
support vector machine algorithm of genetic algorithm for
fault detection, which has a good effect on high impedance
fault diagnosis, but its universality is not high, so the

diagnosis accuracy is about 80%. Reference [11] uses the
traditional intuitionistic fuzzy clustering algorithm for
graphic classification. The traditional method is difficult to
apply to a large number of distribution equipment, so the
diagnosis accuracy is low.

For the three fault types, the diagnostic accuracy of
different methods is shown in Table 4.

It can be seen from Table 4 that the diagnostic accuracy
of comprehensive heating equipment is generally lower than
that of current heating equipment and voltage heating
equipment. Taking the proposed method as an example, the
diagnostic accuracy of comprehensive heating equipment is
89.31%, and the other two types are higher than 90%. Be-
cause the diagnostic criteria of comprehensive heating
equipment are complex and easy to be confused, they affect
the fault diagnosis. The recognition accuracy of current
heating type defects is slightly higher, which may be due to
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TaBLE 4: Comparison results of diagnostic accuracy of each fault type.

Method Current heating type (%) Voltage heating type (%) Comprehensive heating type (%)

Reference [11] 73.23 69.18 65.75

Reference [13] 82.84 80.36 79.04

Reference [16] 86.69 87.05 84.27

Proposed method 93.52 91.88 89.31

the obvious characteristics and large amount of data of
infrared images of current heating type defects in the data
set. However, the diagnosis accuracy of the proposed
method is higher than that of other comparison methods.
Taking the current heating equipment as an example, its
diagnosis accuracy is as high as 93.52%, because it can well
distinguish all kinds of faulty equipment by using the im-
proved R-FCN algorithm to learn the equipment image
features and evaluate the fault level according to the fault
judgment. Other comparison methods only diagnose
whether the equipment is faulty or not, but the diagnosis
effect is poor for various specific fault types.

5. Conclusion

Nowadays, the construction of smart grid in China has
entered a new stage of comprehensive and rapid develop-
ment. The traditional manual detection methods have been
difficult to deal with a large amount of infrared image data of
power equipment. Therefore, a fault diagnosis method of
distribution equipment based on the hybrid model of robot
and deep learning is proposed. The image information
database of distribution equipment based on robot in-
spection is constructed, and the OTSU method is used to
extract the defect features of distribution equipment from
the binary image of equipment based on HSV space. Then,
the equipment defect characteristics are sent to the improved
R-FCN algorithm for learning and analysis to obtain the
fault type and location, and the fault level is obtained
through the calculation of fault criterion. The experimental
results based on PyTorch platform show that:

(1) Using the robot platform to build the image infor-
mation database of distribution equipment can
improve the accuracy of fault diagnosis of various
equipment. The diagnostic accuracy of the proposed
method for current heating equipment, voltage
heating equipment, and comprehensive heating
equipment is 93.52%, 91.88%, and 89.31%,
respectively.

(2) Using OHEM method to train the improved R-FCN
algorithm can shorten the model training time,
improve the fault diagnosis efliciency, and further
improve the diagnosis effect. The fault diagnosis time
and accuracy are 5.5s and 92.06%, respectively.

Since the extraction degree of the defective region will
affect the recognition accuracy of the subsequent model,
considering the subsequent semantic segmentation of the
overall infrared image by using the convolution neural
network optimized by conditional random field, the

defective power equipment can be segmented in a more
complex background to further improve the recognition
accuracy of the subsequent model.
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