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Substation equipment is not only the main part of the power grid but also the essential part to ensure the development of the
national economy and People’s Daily life of one of the important infrastructure. How to ensure its normal operation and find the
sudden failure has become a hot issue to be solved urgently. For thermal fault diagnosis needs to classify and identify different
power equipment first, this paper designed an SVM infrared image classifier, which can effectively identify three types of common
power equipment. *e classifier extracts HOG features from the infrared images of power equipment processed by the above
segmentation and combines themwith SVMmulticlassification to achieve the purpose of improving the recognition accuracy.*e
experiment uses the classifier to identify three kinds of equipment, and the results show that the comprehensive recognition
accuracy of the classifier is more than 95.3%, which is better than the traditional classification method and meets the demand for
classification accuracy. In this paper, the traditional method of relative temperature difference is improved by using the
temperature data of the infrared image, which can automatically judge the thermal failure level of electric power equipment.
Experiments show that the diagnosis system designed in this paper can classify faults and give treatment suggestions while judging
whether there are thermal faults for three types of power equipment, which verifies the feasibility and effectiveness of the
substation infrared diagnosis technology designed in this paper.

1. Introduction

With the rapid development of the social economy, the
requirements for the safety and reliability of substation
equipment are constantly improving. Whether the electrical
equipment can operate safely and reliably has become the
key to the normal operation of the power system. Substation
equipment in a long-term working state will inevitably have
faults, and the thermal fault is the most common fault of
electrical equipment, which is manifested in abnormal
temperature inside the equipment: such as poor contact
heating caused by accumulated pollution on the surface of
electrical equipment, insufficient clamping force of isolating
switch finger that leads to overheating of the switch knife-
edge, and so on. *erefore, detecting and diagnosing the
temperature change of substation equipment plays an im-
portant role in the normal operation of the power grid [1].

Infrared thermal image detection technology has the
advantages of no contact, high-temperature measurement
efficiency, wide detection range, and so on, which can ef-
fectively improve the reliability of results and effectively
improve the safety factor. In current substations, infrared
thermal image detection technology has been widely used for
fault detection of power equipment. Infrared thermal im-
aging technology can judge whether there is a thermal fault
in the current running equipment in time when the power
equipment is running, In order to quickly locate potential
dangerous areas, it is convenient to take control measures
before equipment failure and operation interruption, reduce
the possibility of users’ power interruption caused by sub-
station power outage detection and troubleshooting, prevent
premature failure, delay the service life of power equipment,
and reduce expensive power outage and downtime [2]. *e
infrared thermal imaging technology currently applied in the
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field of substation equipment diagnosis; whether there are
thermal defects in power equipment can be judged by manual
analysis after a professional holds a thermal infrared imager to
collect equipment images. *is method will consume a lot of
time when it is urgent to troubleshoot a large number of
equipment and will also lead to diagnostic errors due to
inexperience or fatigue diagnosis of staff. In view of the
shortcomings of the above-mentioned manual analysis, it is
necessary to use an intelligent identification and diagnosis
method to judge whether there is a thermal fault in substation
equipment so as to realize a rapid diagnosis and investigate
the power accidents caused by potential thermal faults.
*rough the processing of infrared image denoising and
segmentation of substation equipment, the thermal fault
judgment method and infrared power equipment image
recognition method are introduced, which lays a foundation
for automatic recognition and thermal fault diagnosis of
power equipment based on infrared image [3].

Overheating of electrical equipment is a common
phenomenon. If the overheating area can be found accu-
rately and directly, the fault range will be directly reduced.
*erefore, we propose a new overheated area detection
algorithm. *is algorithm uses Ostu algorithm to segment
the general area of equipment, then refines the target area by
edge, and uses the FCM clustering algorithm to accurately
divide the overheated part. After verification, the algorithm
has practical value [4]. *e demand for electricity has always
been huge, and the country is constantly expanding the scale
of the power grid to meet the transmission capacity. Ob-
viously, the expansion of the scale also increases the load of
power equipment; the frequency of faults also increases; and
the workload of troubleshooting is increasing day by day.
We combine patrol robot, support vector machine (SVM),
and MATLAB software for simulation analysis and compare
them with information entropy method. Finally, we apply
the two methods to a project for periodic observation at the
same time and find that the patrol robot with support vector
machine has high efficiency [5]. Pressure monitoring
technology can be used to monitor the status of oil-free
power equipment because the insulation overheating of oil-
free power equipment will lead to pressure change. Taking
the change trend of pressure bearing index as an example,
the pressure rises from 1 kPa to 3 kPa within 50 hours, and
the pressure rises obviously, which shows that the pressure
monitoring technology can monitor local overheated
insulation defects online, and this technology is a hot spot
for this problem at present [6].

Parallel conductors in AC systems often have the
problem of current imbalance, which will lead to over-
heating and aging, and promote the occurrence of faults.
*en, the fault diagnosis system is necessary. Based on a
large section aluminum conductor, a spacer, and two ter-
minal substation connectors, we have a Hall effect sensor
system, which has the real-time and contactless character-
istics. *rough experiments, it can accurately detect the fault
and current at the same time, which shows its effect and
feasibility [7]. *e heat dissipation problem of transformer
in substation building must be solved under the condition of
unsatisfactory ventilation. We use CFD to simulate the heat

value around the equipment, and the model should consider
the expansion fin to enhance the heat dissipation. We put
forward three schemes, all of which consider the air outlet
position. Finally, it is explained that choosing the appro-
priate air inlet and outlet position in the substation plays a
key role in avoiding overheating of the transformer [8].

2. Infrared Image Segmentation of
Substation Equipment

2.1. Intuitionistic Fuzzy Clustering Algorithm.
Intuitionistic fuzzy set theory is widely used to deal with
fuzzy and uncertain data and ambiguous relationships and
has been applied in many fields. *ere is a normalized re-
lationship among three members in an intuitionistic fuzzy
set. As long as the values of any twomembers in the three are
known, the values of the remaining members can be ob-
tained by using the normalized relationship. Common
intuitionistic fuzzy sets are usually represented by a mem-
bership function and intuitionistic index, and nonmem-
bership can be generated by specific functions. *e
clustering algorithm is also used in the power system in
infrared image segmentation, in which K-means clustering is
a commonly used feature with low complexity and fast
convergence [9–12]. However, the noise processing effect is
not ideal, and it is widely used in infrared images.

*e segmentation method based on fuzzy clustering
divides image data into several classes by a certain criterion,
which makes the similarity between the same classes max-
imum and the similarity between different classes minimum.
In the actual clustering process, the segmentation method
based on fuzzy clustering uses a membership function to
classify image data, which represents the degree of the pixel
belonging to a certain region in image segmentation. Fuzzy
C-means clustering algorithm is an unsupervised algorithm.
Its core idea is to update the clustering center and mem-
bership function continuously until the best clustering
center cut-off is obtained. *e core idea of this algorithm in
image segmentation is to get the best image classification
result through the best clustering center. In the process of
image segmentation with fuzzy C-means clustering algo-
rithm, human interference is not needed, and the inherent
fuzziness of the image can be effectively processed. An
intuitionistic fuzzy clustering method based on local in-
formation is proposed [9].

2.2. Fuzzy C-Means Clustering. Fuzzy C-means clustering
(FCM) is a process of dividing the elements of a set into
several self-similar classes, which divides a set of elements
into several classes, and the elements in each class are similar
[13, 14]. Elements in the same class have great similarities,
while elements in different classes have great differences.
FCM proposed by Dunn in 1973 is generalized by Bezdek
J.C. Its objective function is defined as follows:

Jm � (U, X) � 􏽘

c

j�1
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k�1
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jkd
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xk, vj􏼐 􏼑, (1)
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where U represents fuzzy membership matrix, c represents
the number of clustering centers, n represents the number of
pixels in the image, xk denotes the k-th data point, vj denotes
the j-th cluster, ujk represents the fuzzy membership degree
of the k-th pixel sample to the j-th cluster center, and
d2(xk, vj) is expressed as the distortion degree by Euclidean
distance as follows:

*e following restrictions are met:

􏽘

c

j�1
ujk � 1, (2)

where d2(xk, vj) is represented as the distortion by Eu-
clidean distance as follows:
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When the function reaches the extreme value, the al-
gorithm has the best effect, so the minimum values of
Jm(U, X) calculated by Lagrange number multiplication are
as follows:
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2.3. Intuitionistic Fuzzy C-Means Clustering (IFCM).
Main ideas of FCM algorithm [15, 16] described in the
characteristic function (whose value can only take 0 or 1) to
any membership function in the range of [0, 1]. However,
the FCM algorithm cannot describe the membership degree
between right and wrong. In order to solve this problem, an
intuitionistic FCM algorithm is proposed.

In intuitionistic fuzzy set theory, “hesitation degree” is
put forward, that is, it represents the status of neutral at-
tributes, and depicts the fuzzy information in objective
reality more completely and accurately. *e n-dimensional
data set X is represented by the following formula:

A � x, uA(X), vA(X)( 􏼁, x ∈ X􏼈 􏼉, (5)

where uA(X) is the membership degree, vA(X) is a non-
membership degree, and the corresponding function is
shown in the following formula:

uA(X): x⟶ [0, 1]; vA(X): x⟶ [0, 1]. (6)

If x ∈ X, x does not belong to uA(X) and vA(X). *en,
when the condition 0≤ uA(X), +(X)≤ 1 is satisfied, the
hesitation degree is described by the following formula:

πA(x) � 1 − uA(X) − vA(X). (7)

I represents the image, X represents the image pixels, and
the gray value is [0, 1]. *e image is normalized as shown in
the following formula:

uA(X) �
x − Imin

Imax − Imin
, (8)

where Imax and Imin represent the maximum gray value and
the minimum gray value in the pixel, respectively. Sugeno
calculates the nonmembership degree of intuitionistic fuzzy
sets by using negative function as follows:

vA(X) �
1 − uA(x)

1 + λuA(x)
, (9)

where λ is a normal number; this ensures that the sum of
membership degree and nonmembership degree will not be
greater than 1.

Furthermore, let d: IFS(X) × IFS(X)⟶ [0, 1]. If d is a
distance measure, the following attributes should be
satisfied:

(1) 0≤d(A, B)≤ 1
(2) If A�B then d(A, B) � 0
(3) d(A, B) � d(B, A)

(4) If A⊆B⊆C andA, B, C ∈ IFSs(X), then
d( A, B)≤ d(A, C) and d(B, C)≤ d(A, C)

*e normalized distances of A and B are shown in the
following formula:

dIFS(A, B) �
1
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Formula (10) is improved to obtain the following
formula:
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*e weight of p12, q12, and ρ(A1, A2) can be adjusted
according to the application data. *e IFCM function
definition is shown in the following formula:

JIFCM � 􏽘
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2
IFS xk, vj􏼐 􏼑, (12)

where d2
IFS is the intuitionistic ambiguity distance. *e it-

erative formula of membership degree and clustering cen-
troid based on the Lagrange multiplier method is as follows:

ujk � 􏽘
c

i�1

dIFS xk, vj􏼐 􏼑

dIFS xk, vi( 􏼁
⎡⎣ ⎤⎦

− 2/m− 1

, (13)

uA vj􏼐 􏼑 �
􏽐

n
k�1 u

m
jkuA xk( 􏼁

􏽐
n
k�1 u

m
jk

, (14)

vA vj􏼐 􏼑 �
􏽐

n
k�1 u

m
jkvA xk( 􏼁

􏽐
n
k�1 u

m
jk

, (15)

πA vj􏼐 􏼑 �
􏽐

n
k�1 u

m
jkπA xk( 􏼁

􏽐
n
k�1 u

m
jk

. (16)

In the IFCM algorithm, the cluster center vj is expressed
as vj � uA(vj)vA(vj)πA(vj). *e convergence of the IFCM
algorithm is proved by formulas (13)–(16), and the local
minimum of the objective function is proved by formula
(13).

3. AutomaticClassificationofPowerEquipment
Based on the Infrared Image

3.1. Feature Extraction of the Infrared Image. Feature is a
collection of the essence and characteristics of a certain
object relative to other objects, so feature extraction can be
regarded as using a mapping relationship to describe high-
dimensional image features [17] from low-dimensional
spatial features. Generally speaking, images have their own
characteristics that can be distinguished from other images,
such as color, edge information, texture features, and so on.
Common image features are as follows:

(1) Color characteristics
Color feature, as a global feature with high efficiency
and good effect, expresses the surface characteristics
of the target object. Half of it is represented as a
three-dimensional space, and the other is repre-
sented by three color parameters, such as RGB, XYZ,
and other color spaces. Color features are based on
pixels and insensitive to the change of image di-
rection and size, so they cannot describe the local
changes of target objects in the image.

(2) Texture features
Texture feature, as a common statistical feature in
image recognition, is generated by color spatial
transformation. Although there is no completely
unified theoretical concept at present, it is similar to

color feature, and it is also an external feature to
express the target object in the image. Texture feature
extraction, which is widely used in practice, generally
includes statistical method andmodel method. In the
actual texture extraction, the resolution will change,
and there will be a large error at this time.

(3) Spatial relationship characteristics
Spatial relation feature, as a feature index in image
space, means that there is a certain relationship
between the position or direction of the segmented
object in image space. Spatial relation features are
generally used when it is necessary to enhance the
ability of the object of the expressed image. However,
it is easily affected by the position translation, ro-
tation change, and size change of the image or a
certain area of the image in actual operation, which
will make the spatial relationship feature unable to
accurately express the scene information of the
image. *erefore, it will be combined with other
feature extraction methods in practice to improve
the accuracy of the expression of the image scene.

(4) Shape characteristics
Shape features are generally divided into contour and
region features. *e contour feature describes the
outer boundary of the object in the image, and the
region feature covers all the object regions in the
image. Shape feature extraction is not affected by
image position transformation or scale transfor-
mation. Common shape feature extraction, such as
moment invariants, wavelet description, and so on.

For the infrared image studied in this paper, color in-
formation maps the temperature data of the target object,
instead of the color characteristics of the object itself.
*erefore, its contrast is not high. *e texture of the target
object cannot be clearly displayed. It is also important to
note that in the actual operation of collecting infrared images
of power equipment, the image will inevitably change in
spatial position, so using the above three features, that is,
color, texture, and spatial relationship features, to describe
the target equipment in infrared images is not in line with
the actual feature extraction requirements. Compared with
other features, shape features can better identify the power
equipment in infrared images. *erefore, the Hu moment of
the invariant moment is used to recognize the shape features
of power equipment in the infrared image.

3.2. Infrared Image Recognition. Image recognition is one of
the practical applications of pattern recognition in digital
image processing. Generally, image segmentation and fea-
ture extraction are carried out, and after image analysis, a
certain feature in the selected image is recognized and then
classified. *e specific flow is shown in Figure 1. In this
paper, image acquisition refers to the use of infrared thermal
imager for power equipment image acquisition and import
into the computer for the next processing operation. Image
segmentation is to segment the target image, that is, the
faulty power equipment from the image background.
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Feature extraction and selection are to process the image
information and then extract the features that can describe
the essence of the target object segmented from the image.
*e classifier uses the features extracted in the previous step
to classify and recognize the image features through ap-
propriate functions and evaluation criteria.

Up to now, many algorithms for image recognition have
been widely used, such as artificial neural network recog-
nition, fuzzy recognition, and template matching. In this
paper, a support vector machine algorithm based on sta-
tistical theory is used to classify and recognize infrared
images of substation equipment. *e classification function
mainly classifies images according to the features extracted
from images. Generally, minimum distance classification is
adopted, and there are machine learning methods, such as
SVM, KNN, SVM, BPNN, CNN, and transfer learning.
According to the set standard, the image features are clas-
sified so as to realize the classification function.

3.3. Feature Extraction Based on Directional Gradient
Histogram. *e feature based on directional gradient his-
togram is a feature descriptor for object recognition, which
uses directional gradient histogram of the local area of the
statistical image to form features. In the field of image
classification, using HOG features combined with SVM
classification has been widely used [18].

HOG feature extraction is a good way to describe the
image or shape of the local region of the image through the
distribution of gradient or edge direction density. *e
process is shown in Figure 2.

*e specific process is described by Figure 2:

(1) Firstly, the infrared image of power equipment is
normalized by gamma ray, and the image is divided
into smaller units, which are called cell units. In
order to unify the overall standard, images are
generally converted into gray images, and the gray
values are set in the range of [0, 1].

(2) *e gradient value is calculated. *e gradient op-
erator [−1, 0, 1] is used to convolve the image, and
the gradient component in the horizontal x-axis
direction is obtained. Similarly, the gradient com-
ponents perpendicular to the y-axis direction are

obtained by using this operator, and the gradient size
and direction of each pixel in the digital image are
calculated by using these two gradient components.

(3) Secondly, the directional gradient histogram is
constructed. Each cell is divided into nine uniform
directional blocks; then each pixel is mapped to a
fixed angle range; and the gradient directional his-
togram of the cell is obtained, which contains the
corresponding nine-dimensional feature vector of
the cell.

(4) In block normalized gradient histgram, the cells are
combined into an interval, and the HOG features of
all cells in this interval are obtained by connecting
the eigenvectors in series. *e overlapping of dif-
ferent intervals means that the different results of
each cell feature will be expressed in the final feature
vector, so the feature vector in the block should be
normalized.

(5) Finally, the HOG features are collected. All over-
lapping blocks are collected by HOG features, and
the final combined feature vectors are used for
classification.

3.4. Substation Equipment Classification Based on SVM.
In practical applications, two types of classifiers widely used
are artificial neural networks and support vector machines.
Both of them use the training set to obtain the recognition
system model to classify the data set to be recognized. *e
difference is that the former is based on statistical theory and
simulates the complex regular network built by the human
brain neural network. *e BP neural network model [19]
shown in Figure 3 is most commonly used in practical
applications.

In the latter, the input space is changed into a high-
dimensional space by a specific function so as to transform
the complex nonlinear relationship into a linearized rela-
tionship. When using a neural network to summarize
complex laws, the recognition accuracy of data to be rec-
ognized is generally improved by adding a large number of
known result data sets. However, although the recognition
error rate decreases, the corresponding network scale and
complexity will gradually increase, that is to say, a small

Obtain infrared
image of substation

equipment

Infrared image
segmentation

Image Feature
Extraction and

Selection
Recognition result

Classification
function

Set criteria

Classifier

Figure 1: Flow chart of image recognition.
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number of training sets cannot ensure a high recognition
rate. However, in practice, it is difficult to collect an infinite
number of data samples, which makes the error rate infi-
nitely reduced, and it is difficult to achieve ideal classification
results. And blindly compressing the redundant areas of
training data will lead to overfitting, which is also one of the
representative shortcomings of neural networks in practice.

Comparatively speaking, a support vector machine has
better classification ability when it cannot obtain a con-
siderable number of data sets. Support vector machine is
good at solving the classification problem of small samples
and nonlinear data, and the global optimal solution obtained
by optimization method can prevent the problem of over-
learning. *erefore, this paper chooses the SVM algorithm
for the automatic classification of infrared images of power
equipment.

SVM is different from ANN in that it can learn from
small samples and has the advantage of high learning effi-
ciency. SVM is widely used in regression and classification
research directions and has a high accuracy for nontraining
samples.

As shown in Figure 4, it is a schematic diagram of SVM
classification [20, 21] under the condition that two-di-
mensional data are linearly separable. It can be seen from the
diagram that if two types of samples are completely divided
by a linear function, they are linearly separable samples;
otherwise, they are nonlinear separable samples.

Real and empty points represent two kinds of samples in
a two-dimensional plane, in which the positive example label
is l and the negative example label is –1, and the samples are
linearly separable. L is the final linear classifier; and L1 and

L2 are the straight lines where the support vectors are lo-
cated, parallel to L; and their intervals are classification
intervals. To get the optimal classification line is to get a
classification line that can divide the data into two categories
with the largest interval.

*e above-mentioned SVM theory is only suitable for
binary classification, but the actual situation is often like the
power equipment classification studied in this paper. In
order to extend SVM to solve multiclass classification
problems, the “one-to-many” method of indirect method,
“one-to-one” method, and multiclass support vector ma-
chine of direct method are generally used.

4. ThermalFaultDiagnosisofPowerEquipment
Based on the Infrared Image

*e operation of substation equipment is easily affected by
the external environment, such as artificial construction,
temperature, humidity, and electric field interference. In the
long run, some problems such as poor contact of power
equipment will inevitably occur, which will lead to local
heating of equipment and cause thermal failure. If it is not
found in time and hidden dangers are not eliminated in
advance, it is easy to cause major accidents such as power
failure and even explosion. Infrared diagnosis is used to
detect the infrared radiation signal of power equipment.
After the temperature distribution map is obtained, it is
preliminarily judged whether the equipment has fault signs
through analysis. On the basis of image segmentation and

L

L1

wTx + b = –1

wTx + b = 0

wTx + b = 1

L2

Figure 4: SVM linear classification model.

Image input Image gradient
operation

Image gamma
normalization

Build HOGIntra-block HOGObtain HOG features

Figure 2: Flowchart of HOG feature extraction.

x1

x2

x3

x4

Y

Layer1 Layer2 Layer3 Layer4

Figure 3: Basic model of the neural network.
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recognition, this chapter designs an infrared diagnosis
method of power equipment based on the combination of
relative temperature difference method and temperature
data and realizes the basic thermal fault diagnosis function of
the infrared image of power equipment.

4.1. Infrared 9ermal Fault Diagnosis Principle. *e wave-
length of the infrared spectrum is between 0.75 and
1,000 μm, which is outside the visible red light region, so it is
also called the infrared ray. In the natural environment,
because the molecules and atoms in any object move ir-
regularly, they will continuously radiate energy outward, so
infrared rays exist most widely compared with other elec-
tromagnetic radiation.

*ere are too many external interference factors and
complicated conditions when studying actual objects, so
people set up a physical model with maximum radiation
power, that is, blackbody, whose incident radiation ab-
sorptivity is a fixed value 1 under all conditions. Although
the blackbody hypothesized here is only an ideal model for
studying infrared radiation, it is used as a standard to
measure the radiation amount, and its thermal radiation law
shows that the thermal radiation has a relationship with
wavelength and temperature, so it is widely used in the
precision calibration of infrared equipment and other fields.

*ere is a close relationship between the energy of an
object and the motion of molecules and atoms inside it. *e
more violent the irregular motion inside the object, the
greater the energy contained in the object and the higher its
own temperature. On the contrary, for stationary particles,
their temperature is absolute zero, and there is no radiant
energy that will be emitted.

4.2. Infrared 9ermal Fault Diagnosis Means. Infrared de-
tection technology, which is a noncontact detection tech-
nology, will inevitably bring the defect of low-temperature
measurement accuracy in fault detection of substation
equipment, which will directly affect the detected temper-
ature value. In order to improve the accuracy of infrared
diagnosis of power equipment, researchers and professional
inspectors put forward three applicable diagnosis methods
after a large number of measurement practices:

(1) Surface temperature judgment method
After measuring the surface temperature of power
equipment with a thermal imager, the overheated
part of the equipment is judged according to the
relevant data standard of Common Technical Re-
quirements of High-Voltage Switchgear and Control
Equipment Standard, combined with the current
environmental temperature condition and equip-
ment load degree. *is judgment method is simple
and effective, but because of the influence of external
factors on the accuracy of temperature value, there is
a situation that the fault of small temperature rise
cannot be accurately judged.

(2) Relative temperature difference judgment method

*e relative temperature difference judgment
method measures the temperature difference be-
tween two corresponding temperature measuring
points of two devices that meet the same or similar
basic states such as category and temperature and
calculates the temperature rise at the higher point.
Finally, the relative temperature difference σt defined
by the relative temperature difference method is
calculated by the ratio of the two, and its expression
is shown in the following equation:

σt �
τ1 − τ2
τ1

× 100% �
T1 − T0( 􏼁 − T2 − T0( 􏼁

T1 − T0
× 100%

�
T1 − T2

T1 − T0
× 100%,

(17)

where σt is the relative temperature difference of the
measured point; τ1 and T1 are the temperature rise
(unit: K) and temperature (unit: K) of the starting
point, respectively, while τ2 and T2 are the temper-
ature rise and temperature of the normal measured
point respectively; and T0 is the ambient temperature.
When the ambient temperature of the equipment is
low or the measured temperature is within the
normal value specified in GB736-90, it cannot be
directly determined that the equipment does not
have an abnormal heating problem, but it can be
determined in the actual infrared diagnosis that the
probability of thermal failure increases with the
increase of ambient temperature. By calculating the
relative temperature difference of equipment, this
method is generally applicable to diagnose the fault
of equipment caused by current or voltage.

(3) Similar comparison method
similar comparison method, as its name implies, is a
method to compare and judge the temperature
difference of similar equipment with the same
working state and external environment including
temperature and noise, which is used for fault di-
agnosis of voltage-induced equipment.

4.3. Diagnosis and Result Analysis of Substation Equipment.
In this paper, the relative temperature difference is calculated
by the temperature data measured by the infrared thermal
imager, and then whether there is a fault in suspected power
equipment is diagnosed, and the severity of equipment fault is
graded. *is chapter uses the relative temperature difference
method of power equipment combined with the fault diag-
nosis standard of common power equipment and carries out
thermal fault diagnosis and fault classification experiments
for three common substation equipment.

4.3.1. Selection of 9ermal Fault Diagnosis Methods.
*rough the definition of the relative temperature difference
method in the previous section, it can be determined that
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relative to other thermal fault diagnosis methods, such as
surface temperature judgment method and similar com-
parison method, the relative temperature difference method
can accurately judge whether there is a thermal fault in the
measured power equipment. When a load of power
equipment increases or a short circuit occurs, the relative
temperature difference method can judge whether the power
equipment is faulty or not by measuring the temperature of
the heating part of the equipment and calculating the change
of temperature rise, so it can judge the severity of the
electrical equipment fault, so it is widely used in the thermal
fault diagnosis of power equipment. *e relative tempera-
ture difference is judged as shown in Table 1.

Attention should be paid to the use of the relative
temperature difference judgment method in actual
operation:

(1) When calculating the relative temperature differ-
ence, the three values measured, that is, the normal
position, the suspected fault position, and the ex-
ternal environment, must be the values measured by
the same instrument at the same time or at short
intervals. It should be noted that the ambient tem-
perature must be the value obtained by measuring
the equipment in nonoperation by the thermal
imager, and the atmospheric temperature cannot be
simply measured by other methods; otherwise, the
error of ambient temperature will lead to an inac-
curate relative temperature difference value, which
will affect the diagnosis and fault of suspected faulty
equipment.

(2) Although the relative temperature difference is
theoretically independent of the environment and
load conditions, it is not applicable to all situations.
In order to reduce the influence of solar radiation on
the test results, the test value of the equipment
should be carried out in the infrared environment
with insufficient light as much as possible.

(3) For the fault of voltage-induced equipment, although
theoretically, there is a similar relationship between
the relative temperature difference and equipment
loss. However, in general, the relative temperature
difference method does not diagnose such faults.

4.3.2. Determination of 9ermal Fault Level. In this paper,
the relative temperature difference method is used to judge
the fault level of the infrared image of the power equipment
to be measured, and the relative temperature difference σt of
the equipment is calculated according to the expression.
According to the σt of different power equipment under
different thermal fault levels in Table 1, the threshold value of
the three common power equipment required in this paper
is set.

Firstly, the relative temperature difference σ1 of high-
pressure casing is determined. According to the criteria for
judging the thermal defects of high-pressure casing in Ta-
ble 1, σ1 is set: if σ1 < 0.20, the high-pressure casing is di-
agnosed to be in normal operation; If 0.2≤ σ1 < 0.8, the

general fault is diagnosed; if 0.8≤ σ1 < 0.95, serious faults will
be diagnosed; and if σ1 ≥ 95, the emergency fault is diag-
nosed, and the diagnosis process is shown in Figure 5.

Secondly, the isolation relative temperature difference σ2
is determined, which is similar to that of a high-voltage
sleeve. According to the thermal defect judgment standard
of isolating switch in Table 1, σ2 is set: the diagnostic iso-
lating switch is diagnosed as normal when σ2 < 0.35 is dif-
ferent from σ1; when 0.35< σ2 < 0.8, it is diagnosed as a
general fault; when 0.8< σ2 < 0.9, it is diagnosed as a serious
fault; and when σ2 ≥ 0.95, it is diagnosed as a critical fault,
and its diagnosis flow is shown in Figure 6.

In the same step as the above two types of equipment, the
relative temperature difference σ3 of the clamp is finally
determined. σ3 is set according to the judgment standard of
thermal defect of the clamp in Table 1.*e diagnostic criteria
of relative temperature difference σ3 of clamp are the same as
σ2, and the diagnostic flow is shown in Figure 7.

4.3.3. 9ermal Fault Diagnosis and Result Analysis. As an
important component of the substation system, high-voltage
bushing plays an irreplaceable role and function, which
ensures that the leads keep insulated to the ground by
leading the internal leads of the transformer to the external
insulating bushing of the oil tank. An infrared thermal
imager can be used for daily inspection and maintenance of
casing and prevent the occurrence of faults and defects.

*e high-voltage bushing adjusts the lead direction and
protects the lead to insulate it from the ground. When the
internal overheating is serious, it will lead to the failure of the
circuit connection and the breakdown accident of the di-
electric, which is an important hidden danger that seriously
affects the normal operation and power supply of the
substation. In order to realize the thermal fault diagnosis of
the high-voltage casing, according to the above processing
steps, firstly, the infrared images of high-voltage casing are
segmented and classified by SVM, and then the thermal fault
diagnosis method combining relative temperature difference
method and temperature data is used to diagnose and
classify the thermal fault of the high-voltage casing.

*is experiment runs under MATLAB 2020b platform,
and its diagnosis results are shown in Figure 8. In the left
infrared image, the stigma at the top of the casing is regarded
as an abnormal hot spot. *e diagnosis results show that the
power equipment in the image is a high-voltage casing, and
its relative temperature difference is 72.6%, which belongs to
general defects. It can be concluded that the classification is
correct, the fault grade obtained by the relative temperature
difference method is accurate, and the operation counter-
measures are given.

Isolating switch, as an interrupt device in substation,
mainly completes the conversion between circuit devices
and is a switch breaker without a special arc-extinguishing
device. Because of its lack of arc extinguishing ability, the
isolating switch is generally limited to operating without
load. However, if an oil circuit breaker is installed in the
circuit, it can also be operated with a load under certain
technical conditions. Due to a series of outage maintenance
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work in the substation, the disconnector equipment operates
frequently, and its conductive part is exposed to air, which
leads to poor contact and overheating of equipment, so the
probability of thermal failure is higher than the other two
types.

*is study is also carried out under MATLAB 2020b
platform, and its diagnosis results are shown in Figure 9, in
which the contact heads are divided into hot spots. *e
diagnosis results show that the power equipment in the
image is an isolating switch, and its relative temperature
difference is 80.2%, which is a serious defect. It can be
concluded that the classification results are correct, the fault
grade is accurate, and the relative treatment opinions are
given.

As a common connecting component in the substation
transmission line, the thermal fault of wire clamp generally
has the following reasons: improper operation of hydraulic
wire clamp during hydraulic installation leads to a thermal
fault; bolt clamp in daily operation or maintenance of bolt
fastening is not in place; or vibration phenomenon in op-
eration leads to poor contact of clamp caused by thermal
failure.

*e diagnosis results of the disconnector under MAT-
LAB 2020b platform in this study are shown in Figure 10.

Relative temperature
difference method

Normal operation of
equipment

Critical defect

Serious defect

General defect

yes

yes

yes

No

No

No

σ3 ≥0.95

0.8<σ3<0.95

0.35<σ3<0.8

Figure 7: Diagnostic flow of device clamp.

Table 1: Determination of relative temperature difference of current heating equipment.

Type of equipment
Relative temperature difference fault range

General fault type Major thermal failure Emergency thermal failure
SF6 circuit breaker ≥20% ≥80% ≥95%
Vacuum circuit breaker ≥20% ≥80% ≥95%
Oil-filled casing ≥20% ≥80% ≥95%
High-voltage switchgear ≥35% ≥80% 95%
Isolating switch ≥35% ≥80% ≥95%
Other conductive equipment ≥35% ≥80% ≥95%

Relative temperature
difference method

Normal operation of
equipment

Critical defect

Serious defect

General defect

yes

yes

yes

No

No

No

σ1 ≥95

0.8≤σ1<0.95

0.2≤ σ1 <0.8

Figure 5: Diagnostic flow of high-pressure casing.

Relative temperature
difference method

Normal operation of
equipment

Critical defect

Serious defect

General defect

yes

yes

yes

No

No

No

σ2 ≥0.95

0.8<σ2<0.95

0.35<σ2<0.8

Figure 6: Diagnostic flow of disconnector.
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It can be seen from the above figure that the joint part of
the wire clamp is obviously heated in the infrared image, and
the diagnosis result shows that the power equipment in the
image is an equipment wire clamp, and its relative tem-
perature difference is 88.3%, which is a serious defect. It can
be concluded that the classification result is correct, and the
accurate fault level is also given, and there are relative
treatment opinions.

4.3.4. Recognition Accuracy of Classification Experiment.
In this experiment, the infrared image classification rec-
ognizer based on HOG-SVM proposed in this paper is used

to classify and identify substation equipment. *e classifi-
cation experiment flow is shown in Figure 11.

One hundred and fifty infrared images of high-voltage
bushing, 100 isolating switches, and 100 wire clamps in
substation equipment are selected. Among them, 100 in-
frared images of high-voltage bushing, 50 infrared images of
isolating switches, and 50 infrared images of wire clamps are
taken as training samples of HOG-SVM. *e remaining 50
infrared images of high-voltage bushing, 50 isolating
switches, and 50 wire clamps are used as the images to be
classified by the HOG-SVM substation equipment classifier.

*e classification and recognition experiment of sub-
station equipment in this paper is implemented under the

Type of
equipment

High pressure
casing

Maximum
temperature 63.9°C Normal temperature

of equipment 32.0°C

Atmospheric
temperature 20.0°C

Relative
temperature

difference
72.6%

Diagnostic
results General defect Coping

treatment
Pay close
attention

Figure 8: *ermal fault diagnosis results of high-voltage casing.

Type of
equipment

Isolating
switch

Maximum
temperature 101°C Normal temperature

of equipment 36.0°C

Atmospheric
temperature
Atmospheric

20.0°C
Relative

temperature
difference

80.2%

temperature Serious
defect

Coping
treatment

Emergency
treatment

Figure 9: Disconnector thermal fault diagnosis result.
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LIBSVM toolbox of MATLAB 2016b platform. *e specific
classification steps are as follows:

(1) Firstly, the infrared image preprocessing and image
segmentation methods given in Sections 3 and 4 are
used for image denoising, image enhancement, and
image segmentation of all selected experimental
samples.

(2) *e HOG feature extraction and SVM multi-
classification training are carried out on 100 infrared
images of high-voltage sleeve, 50 isolating switches,
and 50 wire clamps.

(3) At last, the classification method of HOG-SVM is used
to classify and identify 50 images of high-voltage
bushing, isolating switch, and clamp equipment in turn.

*e classification results of each device are shown in
Table 2.

It can be seen from Table 2 and Figure 12 that the HOG-
SVM classification method is used to classify 50 infrared
images of high-pressure casing, and the classification ac-
curacy rate is 96%; the classification accuracy of isolating
switches is 90%; and the classification accuracy of clamps is
100%. *rough the comprehensive analysis of three com-
mon substation equipment, the total number of correct
classification can be calculated to be 143, and the com-
prehensive classification accuracy of the three kinds of
equipment reaches 95.3%. It can be seen that the infrared
image classification method of substation equipment based
on HOG-SVM proposed in this study has a good classifi-
cation effect.

Type of
equipment

Equipment
clamp

Maximum 
temperature

Normal temperature
of equipment

Atmospheric 
temperature

Relative
temperature
difference

Diagnostic 
results Serious defect Coping

treatment
Emergency
treatment

20.0°C

71.5°C 26.0°C

88.3%

Figure 10: *ermal fault diagnosis results of equipment clamp.

SVM
Classification

Classification and
recognition

Sample image

Model training

Image to be
classified

Feature extraction

Figure 11: SVM infrared image classification process.
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5. Conclusion

After segmenting and classifying the infrared images of the
equipment, this paper designs a fault diagnosis system for
substation equipment based on infrared thermal image
technology and realizes the accurate identification and di-
agnosis of thermal faults of three common power equip-
ment, namely, high-voltage bushing, isolating switch, and
equipment clamp. Based on the analysis of the features of the
infrared image of power equipment in feature extraction,
this paper designs a classifier for infrared power equipment
image by using SVM and realizes the recognition of three
kinds of power equipment, and the recognition accuracy
reaches the predetermined expectation. In addition, on the
basis of summarizing the types of electrical equipment faults
and their causes and characteristics, in view of how to judge
the thermal failure of equipment from the abnormal tem-
perature rise of the thermal image, through the temperature
difference discriminant method combined with infrared
image temperature data on three types of common equip-
ment in substations, the accurate diagnosis results and
corresponding treatment suggestions are obtained, which
verifies that the thermal fault diagnosis method of substation
equipment designed in this paper is of practical significance.

With the rapid evolution of related infrared technology,
it is believed that it will continue to exert its energy in the
detection of power equipment. In the future, infrared di-
agnosis technology will be highly intelligent and integrated
into the smart grid vigorously developed by State Grid.
Infrared detection devices will be used to automatically
collect infrared images, automatically process image infor-
mation to diagnose faulty equipment, and upload them to
the control terminal for the overall deployment of staff to
carry out efficient detection and maintenance operations. In
this paper, the classification and thermal fault diagnosis of
substation equipment based on infrared images are basically
realized. However, due to the limited time, there are still
some shortcomings. For example, the number of infrared
power equipment data sets collected is insufficient, which

leads to the inability to classify equipment images more
accurately. *is is the place that needs to be improved in the
future.
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