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Abstract: Infrared image recognition plays an important role in the inspection of power equipment. Existing technologies
dedicated to this purpose often require manually selected features, which are not transferable and interpretable, and have
limited training data. To address these limitations, this paper proposes an automatic infrared image recognition framework,
which includes an object recognition module based on a deep self-attention network and a temperature distribution
identification module based on a multi-factor similarity calculation. First, the features of an input image are extracted and
embedded using a multi-head attention encoding—decoding mechanism. Thereafter, the embedded features are used to
predict the equipment component category and location. In the located area, preliminary segmentation is performed. Finally,
similar areas are gradually merged, and the temperature distribution of the equipment is obtained to identify a fault. Our
experiments indicate that the proposed method demonstrates significantly improved accuracy compared with other related
methods and, hence, provides a good reference for the automation of power equipment inspection.
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of devices and distribution of workers. Compared with the
current popular manual inspection methods for substations,
automated inspection presents several advantages. First, it
can reduce the working time of operation and maintenance
personnel at stations and improve the efficiency of
operation and maintenance. Second, it is conducive to
the comprehensive assessment of equipment status by
integrating multiple inspection methods [1]. In addition, the
inspection route can be flexibly adjusted during intelligent
inspection to further determine the on-site situation and
reduce blind spots during inspection. Currently, automated
inspection tasks are often performed by inspection
robots or unmanned aerial vehicles [2,3]. Such machines
automatically record equipment images and determine the
existence of faults. Once a hidden danger is discovered,
staff members on duty are immediately notified, following
which they confirm the validity of the alarm and devise next
steps. Meanwhile, the collected data and analysis results
are uploaded to the server to construct the power equipment
image database.

Existing fault diagnosis and analysis methods based on
infrared images of power equipment can be categorized
into two types: feature-based and segmentation-based
frameworks. For a feature-based framework, fault diagnosis
is based on certain features proposed previously. For
instance, in references [4-6], the authors extracted the gray-
level co-occurrence matrix, pixel brightness statistics, and
color moments, respectively. In reference [7], the authors
extracted the Zernike moments of an image. In reference [8],
the authors used improved Hu moments to extract image
features. However, the feature-based framework suffers
from two primary limitations: (1) herein, features are often
selected based on expert experience, which implies that
strong transferability and robustness may not be guaranteed,
(2) fault diagnosis based on such features is a black box
model, which implies that the temperature status of the
device remains unknown. To address these limitations, a
segmentation-based framework has been proposed, wherein
fault diagnosis is based on the results of object detection and
temperature region segmentation. In addition, this approach
enables the combination of infrared inspection criteria,
thus substantially reducing the number of required training
samples.

For a segmentation-based framework, the operation
process includes the classification of equipment types, the
acquisition of temperature distribution, and equipment status
identification based on infrared inspection criteria. Although
a few of these tasks have been investigated in the field of
computer vision, modifications and improvements based
on specific applications are still necessary. For the fault
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diagnosis of power equipment, the problem of limited data
needs to be considered by researchers and engineers, as it is
one of the primary factors resulting in poor performance.

In this study, we aim to address the aforementioned
problem in the infrared image recognition of power
equipment; for this, we propose the following framework:
first, a deep self-attention network is adopted to identify a
target equipment component. This network extracts features
from an input image and transfers them to an encoder—
decoder structure for feature embedding. The embedded
features are used to predict the type and location of the
component. Thereafter, a segmentation module based on
multi-factor similarity calculation (MFSC) is used to obtain
the temperature distribution of the target component. This
algorithm progressively merges similar regions based on the
similarity calculation, which eventually divides the given
image into two parts: foreground and background. Finally,
the temperature range is calculated within these sub-regions
defined by the segmentation module.

Compared with the frameworks considered in related
studies, the proposed framework demonstrates the following
advantages: (1) The deep self-attention network focuses on
context information in the image, including the relationship
between regions and global semantic information, which
improves object detection accuracy and reduces data
dependency to a certain extent. (2) The segmentation
module based on the MFSC considers additional regional
factors, including the texture, shape, and size, which help
substantially improve the segmentation quality. Experiments
based on actual inspection images indicate that this
framework exhibits satisfying performance and, therefore,
provides a certain reference for the inspection automation
technology of power equipment.

1 Model Structure
1.1 Overall framework

The framework of the recognition model based on
equipment infrared images is illustrated in Fig. 1; it
comprises three parts: (1) an object recognition module
based on a deep self-attention network [9], (2) a preliminary
image segmentation module based on a graph segmentation
algorithm [10], and (3) a final image segmentation and
temperature calculation module based on the MFSC [11].
The complete process is executed as follows: first, the
equipment category, i.e., the transformer and location,
is identified from the original image. Following this, the
location image is intercepted, and preliminary image
segmentation is performed to derive multiple regions. Multi-
factor similarity is then used to obtain a merged region to
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determine the foreground and background, and the device
temperature range is calculated for the foreground.

Deep self-

attention
network

Original Image

Object Detection Result

segmentation
algorithm

Multi-factor
similarity
calculation

Final Segmentation Result
Temperature Range:
23.3~36.8°C

Preliminary Segmentation Result

Fig. 1 Recognition Model Structure Based on Infrared
Images of the Equipment

1.2 Object recognition based on the deep self-
attention network

The deep self-attention network model comprises four
parts: a basic network, encoder, decoder, and prediction
branch [9] (Fig. 2). The Resnet network proposed in
reference [12] is used as the basic network to extract
features from original images. Here, let f € R“""be the
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Fig.2 Network Architecture of a Transformer

extracted feature map, where C indicates the number of
channels, and H and W denote the height and weight of the
feature map, respectively. Following this, the feature map
is fused to reduce dimensionality. This step is completed
by a convolution layer with a size of 1x1. The feature map

after fusion is denoted as f, € R”""*”, where d indicates the

number of channels after the change. After concatenating

the fused feature maps based on pixels, we obtain £ € R”*""

and deploy this into the deep self-attention network encoder.
This encoder comprises a multibranch self-attention module
and feedforward network [13]. In addition, fixed-position
coding is added to the input layer of the self-attention
module to ensure that the module is not affected by the
pixels in series [9].

The primary concept of the deep self-attention network
is its attention mechanism, i.e.,

fA QKT =1, (%J v, (1)

where O, K, and V" denote the query, key, and value vectors,

respectively. \/d, denotes a normalization scalar. f,,
indicates the softmax function. f,, denotes the attention
module. Based on this module, the transformer network is

proposed. First, O, K,V are calculated according to input
vectors.

U =), ) ()] )

() =[u:p,] 3)
o |sin(e, 1), ifi=2k B |
= ,andw, =—— (4
P {cos(a)k-t), ifi=2k+1 " 100002 “4)
o |w°
Ki — WK Ui (5)
v w"

where p, denotes positional encoding; @, indicates the
frequency of sine functions; d denotes the encoding
dimension; and W2, W¥, and W" indicate learnable parameter

matrices.
v =f,,(OLK V") (6)
B = fr () = max (0,v'w, +b, )w, +b, (7)
KT
f, masked—att fsﬁn (I/Vmask ° %] V, and )
V' = Lo (f.(h) €))

where f,y denotes element-wise non-linear mapping, w,
and w, denote the learnable weights, and b, and b, indicate
the learnable offsets. f, ., ., indicates the masked attention
module used in the decoder, and W, denotes the masked
weighted matrix. &' denotes the hidden layer information

obtained from the decoder, and A, denotes the output of the
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last stage, i.e., L. f. corresponds to the linear layer, and )’

denotes the prediction label of the i object.
The deep self-attention network decoder comprises

a multi-branch self-attention module and an encoding-
decoding attention module. The primary function of this
module is to decode embedded feature map outputs using
an encoder. Here, the number of embedded feature maps is
N, the size is d, and the two parameters are different from
each other. The decoder operates in parallel to improve
the operating efficiency of the model. Simultaneously, the
position code learned by the decoder is used as an input
to the attention module to generate decoded features.
Finally, the prediction branch comprising the feedforward
network predicts the output features of the decoder, and
the prediction result includes the corresponding type and
coordinates of the candidate frame. During this process, the
self-attention module and encoding-decoding mechanism
provide the model with paired object relationships and
semantic information regarding the entire image. For power
equipment identification, the aforementioned information
is extremely critical and can significantly improve the
identification accuracy.

1.3 Equipment temperature identification based
on the MFSC

The target identification result obtained after
implementation of the deep self-attention network is input
into the device temperature identification module based on
the MFSC. The result of target recognition is in the form
of multiple rectangular boxes, and the type, coordinates,
and confidence of each rectangular box are provided. For
the target device, it is necessary to further determine its
temperature distribution. For this task, existing studies
mostly adopt two methods that involve (1) the conversion of
infrared images into grayscale images, and the application
of clustering methods to divide the heating-device-generated
image into several regions [14]; (2) the application of
various operators to directly extract infrared image features
[15,16]. However, such methods are not robust. First, direct
clustering based on the spatial location and gray values
ignores other relevant information, such as the texture and
size. Second, the use of various operators often involves
threshold selection, and the determination of an appropriate
threshold becomes difficult.

If the aforementioned task is regarded as an image
segmentation problem, a suitable unsupervised image
segmentation method is required. In the field of machine
learning, the performance of supervised learning models
is often better than that of unsupervised learning models;
however, supervised learning involves label assignment.

400

To obtain the temperature distribution of a device, labeling
the device image is often a time-consuming and laborious
task. Moreover, the use of similar labels for the same types
of devices with large temperature distributions stands to
obstruct model training. Therefore, the most reasonable
approach involves the use of an unsupervised learning
method.

With reference to an existing study [14], the calculation
of equipment temperature distribution can be regarded
as a clustering problem. However, the difference here
is that this study considers all the aspects including the
color, texture, size, shape, and other related factors. As the
online clustering method is carried out in a step-by-step
manner, the results are endowed with a hierarchy during
the solving process. First, the complete image is divided
into two categories: target object and background. Second,
the target object is divided into multiple regions with large
temperature differences, which makes the calculation of
equipment temperature differences convenient.

The basic concept of the model is illustrated in Fig. 3.
First, an image segmentation algorithm based on a graph
is used to obtain preliminary segmentation results [10].
Following this, multi-factor similarity is obtained, and
the similarity is then used to merge adjacent regions to
obtain the final segmentation result. During the initial
segmentation, pixel points are used as the unit, and the basic
feature is color. The final segmentation is based on the area,
and the basic features include the color, texture, size, and
shape. The formula adopted for determining the similarity
of each factor is introduced below.

background
foreground T
Similarity calculation
Merge adjacent similar
regions

f ' Calculating
temperature

S
Graph-based i E
Segmentation |

algorithm ] / '
- 5 Temperature
( difference: 1.4°C

Preliminary  Final division of
division of areas areas

Original image

Fig.3 Equipment Temperature Identification Model

Suppose the number of regional channels is ¢. For an
RGB image, ¢ = 3, whereas for gray-scale images, ¢ =1. For
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each channel, we use a histogram to count the pixel values.
Let ny; be the number of histogram groups. A dimensional
vector can be used to represent the distribution of a
histogram of each channel in the region. The color similarity
calculation formula can be expressed as

N : ko Lk
5.(R,R) = min(cf, c}) (10)
k=1
where R; and R, represent regions i and j, respectively.
C, ={c!,---,c'} denotes the color feature vector of i; n = cnj,
indicates the color feature vector dimension.

The color feature vector C, of the merged area R, can be
obtained using
_ size(R)xC, +size(R;)xC;
o size(R,)+ size(R,)
where size(R,) denotes the number of pixels in region R.
Every central pixel has eight adjacent pixels; hence,
eight directions can be obtained by connecting the central

(11)

and surrounding adjacent pixels. After calculating the
gradient of each region along the eight directions, the nj,
group histogram is used to calculate the gradient value.
Thereafter, the 8cnj, dimensional vector can be used to
represent the distribution of the histogram of each channel
in the region. The texture similarity calculation formula can
be expressed as

s.(R,R) =) min(t,i}) (12)
k=1

where T, = {t],---,t"} denotes the texture feature vector of /,

and n = 8cn}, indicates the texture feature vector dimension.
For a region, the number of pixels directly indicates

the size of the region, and the calculation formula for size

similarity can be expressed as

size(R,) + size(R;) (13)
size(im)

where size(im) denotes the number of pixels in the entire

image.

Ss(Ri:Rj) =1-

For any two regions, the better the conformity of their
shapes, the smaller the combined rectangular bounding
box B,. The shape similarity calculation formula can be

expressed as
size(B,) - size(R,) — size(R)

s (R,R)=1- 14
7 (R Ry) size(im) (14
The final similarity can be expressed as
S(R,R))=ays, +a,s, +ass, +a,s, (15)

where a = (¢,,2,,a;,a,) is the weight vector.

Fig. 4 illustrates the flowchart of the image segmentation
algorithm based on multi-factor similarity. After the
algorithm determines foreground R, and background
R;, the temperature distribution in the device can be
determined according to the different regions contained
in the foreground and background. The formulas for the

Use graph segmentation algorithm to
get the original area R={R,R,,",R,}

|

Initialize the similarity set S=0

|

Calculate the similarity of the region
pairwise and add it to S

:

Combine max (S) corresponding areas
R; and R; to get R;; Delete the
similarity with the related R; and R;;
Calculate the similarity between R,
and the other areas and add it to §

i

If there only two
regions left in §

Yes

The larger area is the foreground and
the smaller area is the background

End
Fig. 4 Flowchart of the Image Segmentation

Algorithm

determination of temperature rise 7, temperature difference
T, and relative temperature difference Jare as follows:

T, =maxT(R)-minT(R)). (16)
R.eRp RjeRy

Td:II}llea}efT(R[)—gléligT(Rj). a7

0=T,/T. (18)

The aforementioned temperature difference calculation
method is based on a single device. If a three-phase
equipment comparison is involved, the temperature
difference between phases can be obtained by subtracting
the maximum temperature of the reference phase from the
maximum temperature of the superheated phase.

2 Case studies

Previous experiments on the fault identification
process have been conducted based on infrared images of
power equipment. As the proposed framework is divided
into two processes: target identification and temperature
identification, each process is executed by its own module.
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Therefore, herein, each module is compared with other
commonly used methods of the same type, and different
module combinations are tested to illustrate the feasibility
and superiority of the proposed method.

2.1 Dataset description

The dataset used in this study included 500 infrared
images of power equipment, which were captured by on-site
inspection robots. The images were manually annotated. The
types of power equipment included transformers, lightning
arresters, bushings, voltage transformers, and current
transformers. The target components included porcelain
bottles, transformer fans, and oil pillows. A typical scenario
of the dataset is illustrated in Fig. 5. In the experiment,
300 images were randomly selected as the training set, 100
images as the validation set, and the remaining 100 images
as the test set. The training set was used to train the model.
The validation set was used to verify the model performance
in the training stage, and the test set was used at the final
test stage.

Fig.5 Infrared Images of Power Equipment in a Substation

As image recognition algorithms are dependent on
training samples, the requirements of shooting distance,
shooting angle, and ambient temperature will be explained
herein. Considering the safety distance, an inspection robot
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should be in close proximity so that the device under test
can cover the entire field of view. For equipment with a
long shooting distance, such as overhead lines, medium
and long focal-length lenses should be used to ensure
image clarity. For different types of devices, three shooting
directions must be selected in advance. During the process,
obstructions should be minimized between the inspection
robot and devices. On this basis, the best inspection angle
is determined and recorded. In the infrared inspection
process, first, all the parts are comprehensively inspected.
If abnormal parts are observed, multiple thermal and RGB
images are captured. Following this, key components, such
as joints and equipment body, are captured individually.
Notably, the temperature of the environment should not
be lower than 5 °C, and the humidity of air should not be
greater than 85%. In addition, the inspection process should
not be subject to extreme weather conditions, such as those
presented by thunder, rain, fog, and snow.

2.2 Equipment classification and temperature
identification based on the proposed framework

Weight initialization for the deep self-attention network
is based on a normalized scheme, and the backbone
network is pretrained on the ImageNet dataset with frozen
Batchnorm layers. The device identification results based
on the deep self-attention network are presented in Fig. 6.
Considering the rectangular bounding box of each device in
the figure, we can state that each bounding box includes the
following attributes: type, size, location, and confidence. It
can be observed that the model identification effect is better
for other types of equipment. Table 1 lists the test results
corresponding to different network architectures to further
verify the rationality of the proposed structural design and
confirm the best parameter selection. The average precision
[17] is selected as the evaluation index, which indicates the
average of the accuracy under different recall rates. Here,
the precision represents the proportion of real samples
that are predicted to be positive, and recall represents the
proportion of positive examples in the sample that are
correctly predicted. Note that a negative correlation exists
between the precision and recall.

In addition, the Intersection over Union (IoU) [18],
which denotes the degree of overlap between two
rectangular boxes, is selected as the evaluation index
for device location recognition. By setting different loU
thresholds, the location recognition results can be filtered.
For an IoU threshold of 50%, the recognition result and
label data rectangle overlap by >50%, and these results
are regarded as correct. Table 1 lists three datasets: AP50,
AP75, and mAP. The distribution corresponds to IoU
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threshold values of 50% and 75% and IoU values ranging
from 50% to 95%. In Table 1, TR denotes the transformer
network; R50 and R101 denote 50-layer ResNet and
101-layer ResNet models, respectively, and DC5 denotes a
dilated convolution layer added to the fifth stage of the basic
network. The results of the validation (left) and test (right)
sets have also been provided.

Table 1 AP of Different Network Structures

Model mAP APy, AP
TR-R50 0.689/0.678  0.742/0.731  0.691/0.687
TR-R101 0.701/0.684  0.765/0.742  0.704/0.691
TR-DC5-R50 0.724/0.710  0.778/0.761  0.733/0.723
TR-DC5-R101 0.730/0.718  0.774/0.759  0.740/0.729

The test of the network architecture is based on the
basic network mechanism, i.e., the ResNet model. Notably,
the number of network layers significantly impacts the
model performance. A deep network has a large number of
parameters and demonstrates strong fitting ability. However,
it requires a high volume of data and more time for model
training. In addition, in the final stage of model training,
additional dilated convolution [19] is often added to improve
feature resolution. As listed in Table 1, the aforementioned
two aspects are tested, i.e., R50 and R101. Simultaneously,
an additional dilated convolution layer is included in the
fifth stage (DCS5). Here, “No DCS5” implies the absence
of a dilated convolutional layer. Based on the recognition
accuracy rate, we can observe that increasing the number of
layers negligibly improves the model performance. This is
because the deep network requires sufficient data support.
However, the sample size considered in this study is
relatively small and, hence, cannot exploit the strong fitting
ability of the network. Moreover, the addition of dilated
convolution significantly inhibits the model performance
because high resolution is more conducive to target
recognition. Particularly, in the case of power equipment
identification, few devices correspond to a small infrared
image area, and high resolution significantly improves the
identification performance.

Fig. 6 presents the results of device temperature
identification based on the MFSC. The temperature range
is marked next to each device in the figure. To evaluate
the effect of temperature identification, the following
indicators are proposed herein: temperature identification
precision rate (TPx) and difference in TPx (DTPx), where
x represents the temperature difference threshold. For

instance, TP0.5 indicates that the threshold is 0.5 °C. Note
that the maximum and minimum differences between the
recognition and actual results cannot exceed the threshold;
otherwise, it is judged as a recognition error. DTPx implies
that the difference between the recognized temperature
difference in the device and the actual temperature
difference in the device cannot exceed the threshold x.
Table 3 lists the relevant accuracy details of temperature
recognition corresponding to the proposed method based on
the MFSC. The temperature identification accuracy appears
extremely high, which meets the requirements of on-site
operations.

2.3 Comparison with other models

The proposed method is then compared with other
commonly used models to reflect its superiority. The
comparative analysis is based on two aspects: equipment
identification and temperature identification. For equipment
identification, the following deep self-attention networks:
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— '
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Fig. 6 Recognition Results of Power Equipment in a
Substation Based on Infrared Images.
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faster region-based convolution neural network (faster
RCNN) [20] and single-shot detector (SSD) [21] are used.
For temperature identification, the MFSC, OTSU [22], and
k-means clustering [23] are used.

With regard to current mainstream target recognition
models, the aforementioned networks can be divided into
two categories: (1) two-stage models: deep self-attention
networks and faster RCNN; (2) single-stage models: SSD.
The advantages of the former and latter models constitute
high accuracy and high operating efficiency, respectively.
Fig. 7 presents the model structure of faster RCNN, which
is primarily divided into four parts: (1) basic network, which
uses the ResNet50 network to extract features from the
original image and share it with the region proposal network
(RPN); (2) the regional candidate network (RPN), which
is used to obtain the rectangular candidate frame of each
object, and the position information of the candidate frame
is provided at the same time; (3) region of interest pooling,
which is used to extract the feature maps of fixed-size
candidate regions; (4) prediction branch, which is used to
generate the final prediction results according to the feature
map of the candidate region.

The single shot multi-box detector (e.g., SSD) structure
is illustrated in Fig. 8; it includes a basic network, additional
feature layers, and prediction branches. The basic network
uses the VGG16 network to extract features [24]. Additional
feature layers based on preset anchor points and the feature
pyramid technology [25] are used to extract multi-scale
features as a supplement. The prediction branch is used to
predict the type and location of objects, and non-maximum
suppression [26] is used to eliminate duplicate recognition
results. In contrast to the faster RCNN and SSD models,
the underlying module of the deep self-attention network
is a self-attention layer. The processing sequence divides
the image into small areas and arranges them in order.
Thereafter, this region sequence is provided as an input
to the encoder and decoder for feature mapping. Finally,
the prediction branch is used for prediction. This approach
demonstrates the advantages of parallel computing, few
inter-regional association operations, high computational
efficiency, and ease of use. In addition, the model has a
certain degree of interpretability; that is, the focus of the
model can be understood through the attention mechanism.

Table 2 AP of Different Object-Detection Models

Model mAP AP, AP,
TR 0.730/0.718  0.774/0.759  0.740/0.729
FRCNN 0.690/0.663  0.745/0.711  0.721/0.704
SSD 0.692/0.674  0.738/0.713  0.706/0.690
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Table 2 provides a comparison between the average
accuracy of different models, where TR denotes the deep
self-attention network, and FRCNN denotes the faster
RCNN network. The results of the validation (left) and test
(right) sets are also provided. The accuracy of the proposed
method is significantly higher than that of the other two
networks. This is because the deep self-attention network
considers the relationship between different regions in the
image, as well as the overall context and other information,
which helps improve the accuracy of the substation infrared
image recognition process.



Yaocheng Li et al. Automatic infrared image recognition method for substation equipment based on a deep self-attention network and multi-factor similarity calculation

A comparison between various temperature recognition
models examines the effect of image segmentation,
which involves distinguishing the overheated area of the
equipment, the reference area, and the background. The
comparison methods include the OTSU algorithm and
k-means clustering. For the OTSU algorithm, the infrared
image is converted into a gray-scale image, and the
segmentation threshold is calculated based on the concept
of maximizing the variance between classes. Based on this
threshold, the image can be divided into a foreground and
background; that is, the gray threshold that maximizes the
variance between the foreground and background classes is
determined. Moreover, the attributes processed by k-means
clustering are gray values. After randomly selecting k
cluster centers at the initial moment, the sample points are
classified according to the distance from the cluster center,
and the obtained categories are used to recalculate the
cluster centers. The aforementioned process is repeated until
the cluster center no longer moves.

Table 3 lists the corresponding accuracy rates of different
temperature identification models. To independently verify
the effect of each temperature identification model, the
device location information in the label is used, which
implies that the location information is completely accurate.
In Table 3, MFSC,, MFSC,, and MFSC, are simplified
versions of the MFSC. The factors considered in these
simplified versions are MFSC, (color), MFSC, (color and
texture), and MFSC, (color, texture, and shape). In these
models, we assign a value of 0 to the weights of ignored
factors.

Table 3 Precision of different temperature identification

models

Model TPO.1 TP0.3 DTPO.1 DTPO0.3

MFSC 0.890 0.941 0.925 0.970
MFSC, 0.821 0.860 0.841 0.882
MFSC, 0.844 0.892 0.887 0.920
MFSC, 0.878 0.930 0.910 0.959

OTSU 0.742 0.824 0.754 0.840
k-means 0.623 0.745 0.687 0.782

The temperature recognition accuracy of the MFSC
method is much higher than that of the other two
methods because the former method considers additional
information, including the texture, size, and shape. For
device contour recognition based on infrared images, an

accurate judgement cannot be made solely based on color,
that is, the temperature information. Thus, it is necessary
to comprehensively consider various types of information,
such as the size, shape, and texture. Table 4 lists the
temperature accuracy rates corresponding to different
recognition models. Herein, a combination of different
target and temperature identification models is considered.
The performance of the proposed model framework is
significantly better than that of other models.

Table 4 Temperature precision of different recognition

models
Model TP,, TP,, DTP,, DTP,,
TR + MFSC 0.783 0.845 0.832 0.896
TR + OTSU 0.628 0.715 0.673 0.724
TR + k-means 0.485 0.541 0.499 0.580
TR + MFSC 0.783 0.845 0.832 0.896
FRCNN + MFSC 0.695 0.772 0.764 0.814
SSD + MFSC 0.711 0.790 0.772 0.827

Finally, the equipment fault diagnosis experiment is
carried out. According to the application analysis of DL/T
664—2016 “Application Rules of Infrared Diagnosis for Live
Electrical Equipment”, different devices possess different
alarm temperatures. Thus, according to the equipment type
and temperature range predicted by the model, combined
with the aforementioned standards, the operating conditions
of the equipment can be easily obtained. Table 5 lists the
results of the equipment fault diagnosis experiment. It
should be mentioned that the true failure rate is based on the
manual map recognition result, i.e., the proportion of faulty
equipment in the total equipment under actual conditions.
For example, the test set comprises 100 images, of which
17 images correspond to lightning arresters, including 13
normal equipment and 4 overheated equipment; therefore, the
true failure rate is 0.235. In a similar manner, the predicted
failure rate is based on the model recognition result, i.c., the
proportion of faulty equipment in the total equipment in the
predicted result. The recognition accuracy rate employs the
average value of the normal and abnormal device recognition
F1 scores. The F1 score is the harmonic average of the
accuracy and recall. The accuracy represents the proportion of
devices that are judged to lie in this category in the prediction
results, and the recall represents the percentage of devices that
are truly a part of the category that is successfully identified
by the model.

405



Global Energy Interconnection

Vol. 5 No. 4 Aug. 2022

Table 5 Fault-Detection Precision of Different Power

Equipment Parts
Component type ) True P'redicted Recognition
failure rate failure rate accuracy rate

Transformer fan 0.167 0.193 0.940
Transformer oil pillow 0.200 0.200 1.000
lightning arrester 0.235 0.189 0.829
casing 0.227 0.241 0.976
Voltage transformer 0.178 0.204 0.833
Current Transformer 0.247 0.226 0.873

The prediction accuracy rate of the proposed framework
is relatively high for various types of components, which
indicates the rationality of the framework design. Compared
with other components, the prediction accuracy of lightning
arresters, voltage transformers, and current transformers is
lower. This can be attributed to the complicated background
in the images of such components; additionally, in this
case, the difficulty in target recognition and temperature
recognition is higher; thus, the overall fault prediction
accuracy rate is not high. If the photo resolution can be
increased while the shooting angle is reasonably selected
to reduce background interference, the prediction accuracy
of the aforementioned components can be significantly
improved.

3 Conclusion

This paper proposes a recognition framework based on
the infrared images of power equipment, which includes two
primary stages: equipment classification and temperature
distribution identification. In the first stage, a deep self-
attention network is introduced, and in the second stage, an
MFSC-based segmentation module is adopted.

(1) The introduction of the deep self-attention network
for power equipment classification is considered relevant,
as context information, being the focus of the deep self-
attention network, is quite useful in this task. It improves the
object detection accuracy and reduces data dependency.

(2) The design of the MFSC-based segmentation module
is one of the primary contributions of this study. First, the
transformation of the temperature distribution identification
task into a segmentation problem is demonstrated.
Following this, multi-factor similarity between regions
is determined as the criterion for region merging. The
advantage of this module is that it considers various factors,
including the texture, shape, and size, which improve the
segmentation quality.
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Based on the experiments performed in this study, the
proposed method is found to be significantly better than
other related methods. For instance, the average equipment
detection accuracy (mAP) and temperature precision (TP, )
of the proposed model are, respectively, 7.5% and 14.8%
higher than the corresponding values of other related
methods. In addition, the recognition accuracy rate of the
proposed method is at least 82.9% for various component
types, which satisfies the criteria of actual applications. The
experimental results indicate that the proposed framework is
conducive to a further development in the power equipment
inspection automation technology.
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