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Deep learning has brought revolutionary progress to computer vision, so intelligent inspection equipment based on computer
vision has developed rapidly. However, due to the large number of existing deep features, it is difficult to deploy it on mobile
devices to achieve real-time tracking speed. ,is paper presents a target-aware deep feature compression for power intelligent
inspection tracking. First, a negative balance loss function is designed to mine channel features suitable for the current inspection
scene by shrinking the contribution of pure background negative samples and enhancing the impact of difficult negative samples.
Based on this, the deep feature compression model is combined with Siamese tracking framework to achieve real-time and robust
tracking. Finally, we evaluate the proposed method on real application scenarios and general data to prove the practicability of the
proposed method.

1. Introduction

A stable and reliable power system is the key to ensuring
people’s livelihood and economic development [1, 2]. In
recent years, deep learning has been widely used in power
systems due to its powerful ability, including voltage stability
assessment [3], wind farm control [4], solar power gener-
ation system control [5], intelligent inspection of power
[6–8], and so on. In the intelligent inspection of electric
power, the application of vision-based inspection technology
in electric power inspection has been widely concerned.
Robot-based detection technology [6] and UAV-based de-
tection technology [7, 8] both need to track the determined
target, so the robust tracking method is of great importance.
Deep learning provides strong support for the development
of more robust target tracking [9, 10]. However, the deep
features provided by the deep neural network model have
more parameters, so it is very expensive in computing and
storage, which makes it difficult to meet the real-time re-
quirements of intelligent inspection and difficult to deploy
on mobile intelligent inspection devices.

Some methods hope to improve machine learning
performance by using optimization algorithms, so as to
monitor power system state more effectively and quickly
[11]. In addition, many lightweight methods for deep net-
works have been proposed, mainly including five methods:
(1) parameter pruning, (2) parameter sharing, (3) low-rank
decomposition, (4) designing compact convolutional filters,
and (5) knowledge distillation. Parameter pruning mainly
removes redundant parameters by designing criteria to
judge whether the parameters are important or not [12, 13].
Parameter sharing mainly explores the redundancy of model
parameters and uses Hash or quantization techniques to
compress weights [14, 15]. Low rank decomposition uses
matrix or tensor decomposition techniques to estimate and
decompose the original convolution kernel in the deep
model [16, 17]. ,e designing compact convolutional filters
mainly reduces the storage and computational complexity of
the model by designing special structured convolution
kernel or compact convolution computation unit [18, 19].
Knowledge distillationmainly utilizes the knowledge of large
networks and migrates its knowledge into the compact
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distillation model [20, 21]. ,ese methods tend to compress
from the perspective of the whole network, but for tracking,
only the feature output of a certain layer is used. So how to
compress the deep feature is very important to improve the
tracking timeliness.

In order to compress features, Li et al. [22] proposed a
BinJaya-based feature selection method to select the optimal
feature subset from the whole feature space composed of a
set of systemic-level classification features extracted from
PMUdata.+eMethod ECO. Efficient convolution operators
for tracking [23] uses principal component analysis to
simplify features, which is still very slow with online updates.
,e method context-aware deep feature compression for
high-speed visual tracking (TRACA) [24] combines a
context-aware network with multiple expert auto-encoder to
compress feature graphs. However, its compression per-
formance mainly depends on the pretrained context-aware
network, which cannot well adapt to the current tracking
scene. On the contrary, method target-aware deep tracking
(TADT) [25] proposed regression loss and sequencing loss.
Under the guidance of these two losses, only the target
information given in the first frame can be utilized to ef-
fectively eliminate redundant channel features and achieve
robust and high-speed tracking. It is observed that TADT
uses a large number of negative samples of pure background
in regression loss learning to occupy more contributions,
which leads to the activated channel features paying more
attention to the difference between the target and the pure
background, while tracking requires more attention to the
interference that is indistinguishable from the target.

Inspired by the previously mentioned work, we proposed
a target perception deep feature compression method for
intelligent detection target tracking. We designed a negative
balance loss function to shrink the loss of pure negative
samples and prevent them from dominating the learning
process. At the same time, the contribution of hard negative
samples was enhanced, so that the activated channel features
were more focused on the difference between target and
similar interference. ,en, the compressed feature is com-
bined with Siamese framework to achieve robust and real-
time tracking.

2. Regression via Convolution Layer

We first review the learning process of convolutional regres-
sion networks. ,e convolutional regression network aims to
return training samples to soft labels, which are usually
Gaussian-like. Given an initial image with annotations, a large
number of training samples X are obtained through intensive
sampling to generate the corresponding Gaussian soft label Y.
,eweight coefficientW of the regression network is estimated
by solving the minimization problem

arg min
W

‖W∗X − Y‖
2

+ λ‖W‖
2
, (1)

where ∗ is the convolution operation and λ is the regu-
larization parameter controlling overfitting. ,e network
weight W is usually optimized by minimizing the square
loss:

L(W) � ‖W∗X − Y‖
2

+ λ‖W‖
2
,

Wt � Wt−1 − η
zL

zW
.

(2)

Samples for learning convolutional networks can be
extracted by sliding a window on the input search area
image. ,e search area must contain a large number of
context areas around the target. Because the surrounding
background information contains a large area of valuable
information, it contributes to the network’s ability to
identify targets from the background. However, the large
context region contains most of the pure background, with
only a small number of target-like regions. ,ese pure
background areas increase the number of simple negative
samples, resulting in large losses and the loss of valuable and
small positive samples being drowned out. Due to the
gradient of easy negative samples being dominant, the
learning process does not know the difference between the
attentional target and similar disturbances; thus, the im-
portance of each channel feature to the representation of the
target cannot be assessed more accurately.

3. Negative Balance Loss

One way to solve the imbalance of training data is to design
with reduced effects of simple negative samples. Chen et al.
[26] proposed an automatic hard negative mining method,
which eliminated easy negative and enhanced positive. Song
et al. [27] used cost sensitive loss to reduce the influence of
easy negative factors on the learning process. Lu et al. [28]
proposed shrinkage loss, which penalizes the loss of easy
sample while keeping the hard sample unchanged. Bhat et al.
[29] proposed discriminant learning loss to enhance the
contribution of positive samples. Although these methods
can simplify the loss of negative samples to some extent, they
can reduce the loss of difficult negative samples.

In this paper, we designed a negative balance loss
function, which can more effectively evaluate the effec-
tiveness of each channel feature for the current target
representation by shrinking the loss of simple negative
samples and enhancing the contribution of difficult negative
samples. ,e designed negative balance loss function is as
follows:

argmin
W

‖T(W∗X − Y)‖
2

+ λ‖W‖
2
, (3)

where T(·) is the function used to adjust the loss and

T(r) �
1

1 + e
(m− nr)

, (4)

where m and n are the hyperparameters. It is worth noting
that the proposed loss function introduces two additional
parameters, m and n. Parameter m is mainly used to control
the degree of loss compression. ,e larger the loss com-
pression is, the smaller the loss compression is, and the
impact of easy negative samples will be greatly reduced.
However, it also reduces the loss of hard negative samples.
Another parameter n can solve this problem well. It is
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proportional to the degree of loss compression. An
S-shaped curve can be formed when an appropriate
combination of m and n is selected, which can reduce the
loss of easy negative samples and enhance the loss of
difficult negative samples, as shown in Figure 1. ,rough
analysis and experiments in the validation set, we deter-
mine m � 6 and n � 10.

4. Intelligent Inspection via Deep
Feature Compression

Visual power inspection relies on the expression ability of
image features [30, 31]. ,e emergence of neural networks
has brought about powerful deep features. ,e development
of deep neural networks gradually tends to be larger and
deeper models, while benefiting from large-scale training
data sets such as ImageNet, the performance of neural
networks has been greatly improved. However, the neural
network has a very high requirement for memory and
computing power, so it has been paid more and more at-
tention in academic circles. In practical application, it is a
hot research direction to keep its performance and compress
it, so that it can run effectively on intelligent inspection
equipment.

To solve the previously mentioned problems, we pro-
posed a channel pruning method based on target perception.
Our work is based on the following inspiration: the sensi-
tivity of each convolution filter to the current object can be
obtained by the gradient obtained by the back propagation
network, and then, the importance of each channel feature to
the current target representation can be determined by using
the global average pooling. Based on this, we used the
designed negative balance loss function to guide the as-
sessment of the importance of each channel feature to the
target representation. Given a search area image, pretrained
CNN is used to extract features, and the importance Δi of the
i − th channel feature zi can be calculated by the following
formula:

Δi � GAP
zL

zzi

 , (5)

where i is the channel index, GAP(·) is the global average
pooling function, and L is the designed negative balance loss.
In order to improve the effectiveness of judging the features
of each channel for the current target representation, we use
the negative balance loss to represent the problem

LNreg � T W∗Xi,j − Y(i, j) 
�����

�����
2

+ λ‖W‖
2
. (6)

Here, we regress all samples aligned with the target
center in the image to a soft label, where the soft label is a
Gaussian label Y(i, j)� e− i2+j2/2σ2 , (i, j) is the offset against
the target and σ is the kernel width. ,e importance of each
channel feature to the target representation can be calculated
in terms of its contribution to the fitting of the label, that is,
taking the derivative of LTreg with respect to the input
feature Xin. Using the chain rule and (7), calculate the
gradient of regression loss:

zLTreg

zXin
� 

i,j

zLTreg

zXo(i, j)
×

zXo(i, j)

zXin(i, j)

� 
i,j

2 Y(i, j) − Xo(i, j)(  × W,

(7)

where Xo is the output prediction. Finally, after obtaining
the importance weight of each channel feature, we con-
ducted binarization operation, and those whose contribu-
tion value was higher than a certain threshold value were
retained, while the others were all deleted. ,e importance
weight generation process for each channel is shown in
Figure 2.

5. Mobile Intelligent Inspection Tracking

After the intelligent inspection device determines the target
to be tracked, the tracing process is started. First, the initial
features extracted from the target and its context region are
sent to a single-layer network for training. ,en, the filter
gradient of each channel is calculated according to the
convergence loss. ,en, the contribution of each channel
feature is calculated according to the method given in
Section 4 to guide channel pruning. Given the initial feature
space θ is suppressed, the feature space after compression is

θ′ � φ(θ;Δ), (8)

where φ is the channel pruning function and Δ is the
binarized channel importance parameter. In the tracking
stage, the initial target and the search area of the next frame
are known, and the position of the predicted target in the
coordinate system is calculated as

p � argmax
p

θ′ x1( ∗ θ′ zt( , (9)

where x1 is the target template feature, zt is the search region
in the next frame, and t is the frame index.

In addition, as the intelligent inspection device or
camera moves, the scale of the target will change, so the
tracking process needs to adapt to this change. In order to
better evaluate scale variation, we added a scale sensitive
pruning method based on ranking loss to target sensing
channel pruning. We used smoothing to approximate the
sorting loss defined by

Lrank � log 1 + 

xi,xj( 

exp f xi(  − f xj  
⎛⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎠. (10)

6. Results and Discussion

6.1. Experimental Setup. In order to verify the effectiveness
of the proposed method, we first conducted experiments
on a general tracking dataset TC-128 dataset [32], OTB100
[33] and UAV123 [34] and then conducted experiments
on the actual inspection video collected. ,e experiment
was carried out on a PC with 316G memory, I7 3.00GHZ
CPU, and GTX-2060 GPU, using MatConvNet toolbox
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[35] to implement the proposed method in Matlab2019a.
,e backbone network of the tracker was chosen as VGG-
16 [36]. In order to obtain better accuracy and scale, the
activation output of CONV4-3 and CONV4-1 layers was
used as the base deep feature. After calculating the im-
portance of each channel feature, the first 100 important
channel features of Conv4-3 layer and the first 30 im-
portant channel features of CONV4-1 layer were retained.
In the tracking stage, the given target is used as a template
to cut out the search area image three times the size of the
target from the current frame and then form the feature
pyramid of 0.990, 1, and 1.005 times of the target scale,
respectively.

6.2. Overall Performance onCommonEvaluation Benchmark.
We first evaluated the overall performance of the proposed
method on two general tracking benchmarks (TC-128 and
UAV123) and compared the precision and success rate plots
of the tracking results under one-pass evaluation (OPE). +e
Precision Plot. First compute the center points of bounding
box and artificially marked ground-truth objects, whose
distance is less than the percentage of video frames with a
given threshold. A curve obtained according to different
percentages of different threshold values is the accuracy
graph, and the precision of 20 pixels is the precision score
(DP). Success Plot. First define coincidence rate score (overlap
score, OS), the tracking method of bounding box (to a), and
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Figure 1: ,e relationship between loss and parameter.
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groundway to box (to b). ,e coincidence rate is defined as
OS � |a∩ b|/|a∪ b| , where | · | in the said area is the number
of pixels. When the OS of a frame is greater than the set
threshold, the frame is regarded as success, and the percentage
of the total number of successful frames in all frames is the
success rate. A curve drawn according to the value range of
OS is the success plot. ,en, calculate the value of the area
under the success plot, which is the AUC score.

6.2.1. Overall Performance on the TC-128 Dataset. We
mainly compared the proposed method with the correlation
filters based trackers, including method exploiting the cir-
culant structure of tracking-by-detection with kernels (CSK)
[37], method accurate scale estimation for robust visual
tracking (DSST) [38], method high-speed tracking with
kernelized correlation filters (KCF) [39], the deep feature-
based methods include method hierarchical convolutional
features for visual tracking (CF2) [40], ECO [23], TADT
[25], and other trackers including method convolutional
regression for visual tracking (CREST) [41]. ,e tracking
results on the TC-128 dataset are shown in Figure 3.
,rough comparison, it can be found that the deep feature-
based method is significantly better than the manual feature-
based method. Compared with deep feature-based methods,
our method also has greater advantages. It is worth noting
that, compared with the traditional ridge regression used by
TADT, the proposed method can effectively solve the
problem of easy and difficult negative sample heterogeneity,
thus obtaining more robust and accurate results.

6.2.2. Overall Performance on the UAV123 Dataset. All the
video data in the UAV123 dataset were captured by un-
manned aerial vehicles. Unmanned aerial vehicle (UAV) is
widely used in intelligent inspection. Based on the similarity
in this aspect, we further verify the effectiveness of the
proposed method on UAV123 dataset. ,e overall tracking
results are shown in Figure 4. Even the proposed ECO
method, which is based on deep features, is no slouch when it
comes to video taken by specialized unmanned aerial vehicles.

6.3. Actual Inspection Performance. We collected several
actual inspection scene videos and made a small dataset for
the experiment. ,e same evaluation metric as TC-128 was
used to evaluate the overall performance of the proposed
method. ,e precision plot and success plot are shown in
Figure 5. We compared it with two classical methods, in-
cluding the tracking methods KCF, CSK, and ECO, based on
correlation filter, and the tracking methods TADT and high
performance visual tracking with Siamese region proposal
network (SiamRPN) [42] based on Siamese framework. It is
worth noting that SiamRPN is a method combining de-
tection and tracking, and our method is improved on the
basis of TADT. ,e tracking methods KCF and CSK based
on correlation filter used hand-crafted features, while ECO
uses deep features. ,e correlation filter method using deep
features is obviously better, which indicates that deep
learning can effectively improve the robustness of tracking.

,anks to more deep features and online updates, ECO has
better performance, but its speed is only 3FPS, which cannot
meet real-time requirements of intelligent inspection
tracking. ,e proposed method achieves 30FPS, and the
accuracy is close to that of ECO. SiamRPN regards tracking
as a one-shot detection problem, but due to the complexity
of inspection scenarios, it is not suitable to detect every
frame, so its performance is limited.

Figure 6 shows the tracking results of different tracking
methods in four real scenarios. As can be seen from the first
column, the detection-based tracking method SiamRPN is
not suitable for this tracing task. It can be seen from the
second column that the tracking methods CSK and KCF
based on correlation filtering are not only difficult to adapt to
the problem of target scale change but also difficult to obtain
higher tracking accuracy. ,e deep-based tracking method
has higher accuracy. Similarly, the third and fourth columns
also show that the deep-based tracking method is better.

6.4. Analysis of Tracking Speed. In addition to the com-
parison of tracking accuracy, another important evaluation
is about the comparison of tracking speed, because the actual
tracking scene needs real-time tracking speed. We compared
the scores and tracking speed of different algorithms in
several videos, and the tracking performance is shown in
Table 1. ,e tracking speed of CSK and KCF based on hand-
crafted feature correlation filtering is up to 2118FPS and
969FPS, respectively, but their tracking performance is
limited. ,e deep-based ECO performs better, but at less
than 3FPS. ,e tracking method TADT based on Siamese
network achieves real-time speed and high performance.
Our method is improved on the basis of TADT, the tracking
accuracy is improved to ECO, and the speed is still real-time.

6.5. Analysis of Compression Effect. In order to prove the
performance of the proposed target-aware deep feature
compression method more clearly, we compared the
number of parameters of the original deep feature and the
compressed deep feature, the floating point operations
during correlation operation, the number of channels, the
DP and AUC scores on TC-128 dataset, and the tracking
speed, as shown in Table 2.

As can be seen from Table 2, the original deep feature has
1024 channels, so the number of parameters is very large,
and the floating point operations are very large during the
correlation operation, which leads to the inability to realize
real-time tracking. After compression using the proposed
method, the numbers of parameters and floating point
operations are greatly reduced, only 12.7% of the original, so
the tracking speed is greatly improved, and real-time
tracking is realized.

From the comparison of tracking results, the tracking
effect does not benefit from the original deep feature with
more channels. After the compression of deep features, the
reduction of feature channels does not lead to a lower
tracking score, but a higher score. ,is shows that the
proposed method can effectively compress depth features to
achieve robust tracking.
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7. Applicable Environment and Restrictions

In the intelligent inspection of power system based on mobile
robot, the task of mobile robot is to read the indicator number
of instrument panel using visual inspection technology. ,e
whole task is divided into three parts. (1),e first part is to use
detection technology to identify the instrument that needs to
be read. (2) ,e second part is to use tracking technology to

continuously track the instrument until the instrument
picture is clear. (3) ,e third part is using segmentation
method to read the indicator number of instrument. ,e
tracking method proposed by us is mainly used for instru-
ment continuous tracking in the second part. After detecting
the instrument to be tracked, the importance weight of each
channel is calculated using the proposed compression
method (that is, to determine which channel features are
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Figure 4: Success and precision plots on the UAV123 dataset.
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Figure 3: Success and precision plots on the TC-128 dataset.
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Figure 6: Tracking results of different tracking methods.

1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

Pr
ec

isi
on

Precision plots of OPE

0.2

0.1

0
0 5 10 15 20

Location error threshold
25 30 35

ECO [0.982]
Ours [0.981]
TADT [0.975]

CSK [0.877]
SiamRPN [0.815]
KCF [0.485]

40 45 50

(a)

Success plots of OPE
1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

Su
cc

es
s r

at
e

0.2

0.1

0

ECO [0.783]
Ours [0.763]
TADT [0.755]

CSK [0.646]
SiamRPN [0.633]
KCF [0.427]

0 0.1 0.2 0.3 0.4
Overlap threshold

0.5 0.6 0.7 0.8 0.9 1

(b)

Figure 5: Overall performance on several actual inspection scene videos.
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retained). ,en, the importance weight of each channel is
used to cut the original deep feature in the tracking process.
Finally, the deep features after cutting are used for correlation
operations to obtain the score map, and the maximum value
on the score map is the predicted target position.

As can be seen from the previously mentioned experi-
mental results, be it the general tracking dataset TC-128 or
the dataset UAV123 for specific scenarios or for actual
inspection scenarios, our method has excellent performance
in tracking robustness and tracking speed, indicating that
our method has good scalability.

,e restriction of this method is that the three tasks are
divided into three visual tasks to be processed separately, and
there will be some errors in the communication between the
three parts, and the coordination between the three parts
needs to be carefully adjusted. However, the feature com-
pressionmethod proposed by us has good transferability and

can be applied in other tasks. In the future, we hope to
integrate detection, tracking, and segmentation into the
same network in the future, so as to achieve more efficient
intelligent detection tasks.

8. Conclusion

It is very important to realize accurate and robust tracking in
intelligent power inspection. ,e development of deep
learning promotes the improvement of tracking perfor-
mance. However, the tracking efficiency is very low due to
the high dimensional data of deep features, so it cannot be
applied to the intelligent inspection of electric power. In this
paper, deep feature compression based on target-aware is
proposed for power intelligent inspection system. ,is
method retains important channel features more effectively
and deletes unnecessary channel features through the

Table 1: Comparison of tracking speed and performance.

Sequences Trackers Score FPS

Instrument1

CSK 0.596 357
KCF 0.313 190.08
ECO 0.913 2.338
TADT 0.820 8.842

SiamRPN 0.631 67.848
Ours 0.829 31.066

Instrument2

CSK 0.567 119.761
KCF 0.624 26.33
ECO 0.814 1.44
TADT 0.764 37.087

SiamRPN 0.823 44.103
Ours 0.816 31.894

Instrument4

CSK 0.776 499.397
KCF 0.737 217.5
ECO 0.885 1.431
TADT 0.845 26.592

SiamRPN 0.843 70.173
Ours 0.845 27.635

Insulator1

CSK 0.417 610.642
KCF 0.417 34.45
ECO 0.428 2.366
TADT 0.426 36.916

SiamRPN 0.465 71.861
Ours 0.425 34.809

Liquidometer

CSK 0.338 2118.214
KCF 0.113 969.45
ECO 0.791 2.4
TADT 0.702 25.092

SiamRPN 0.557 98.468
Ours 0.572 28.871

Table 2: Comparison between original deep features and compressed deep features.

Features Parameters FLOPs Channels DP AUC FPS
Original 1.46E+ 05 1.79E+ 08 1024 0.719 0.546 14
Compressed 1.26E+ 04 2.28E+ 07 130 0.763 0.568 30
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designed negative balance loss. ,e compressed feature is
combined with the Siamese frame to realize tracking, and the
effectiveness of the proposed method is proved by experi-
ments on two general tracking datasets and power inspec-
tion video.
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