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Deep learning technology has received extensive consideration in recent years, and its application value in target detection is also
increasing day by day. In order to accelerate the practical process of deep learning technology in electric transmission line defect
detection, the current work used the improved Faster R-CNN algorithm to achieve data-driven iterative training and defect
detection functions for typical transmission line defect targets. Based on Faster R-CNN, we proposed an improved network that
combines deformable convolution and feature pyramid modules and combined it with a data-driven iterative learning algorithm;
it achieves extremely automated and intelligent transmission line defect target detection, forming an intelligent closed-loop image
processing..e experimental results show that the increase of the recognition of improved Faster R-CNN network combined with
data-driven iterative learning algorithm for the pin defect target is 31.7% more than Faster R-CNN. In the future, the proposed
method can quickly improve the accuracy of transmission line defect target detection in a small sample and save manpower. It also
provides some theoretical guidance for the practical work of transmission line defect target detection.

1. Introduction

In recent years, deep learning methods produced an
effective method for big data processing, and it has made
a breakthrough in many different fields such as automatic
speech recognition and target recognition [1–5]. At
present, it has begun to promote the development of a
new generation of artificial intelligence industry world-
wide. In the notice of the three-year action plan, China
proposed promoting the mutual promotion of the real
economy and artificial intelligence technology [6, 7].
With the development of the intelligent industry, deep
learning technology has begun to emerge in smart grid
image recognition and defect detection applications
[8–10].

It is widely known that complex tasks require high-
intensity training to construct deep models, and deep
learning techniques also require large-scale data for
network training [11–13]. In transmission line defect
target detection, it is difficult to construct training data

due to the variable target shape. Using a small number of
samples will lead to poor generalization of the training
model and make it prone to overfitting. .ese problems
bring some difficulties for transmission line defect de-
tection. Combined with the above phenomenon and the
important role of recognition algorithm in transmission
line defect detection, this paper reviews the related work.
For example, .e improved SSD method is utilized to
detect the transmission line foreign body and present an
improved Faster R-CNN deep learning method to ac-
complish fault detection of the insulator [14, 15]. To solve
the low detection accuracy of SSD for the small size
object, we proposed an improved algorithm of SSD object
detection based on the FP-SSD, which has greatly im-
proved the precision [16]. Chang used SSD combined
with binocular vision distance detection method to re-
alize the detection of pantograph offset of transmission
line [17]. Antwi-Beko uses Convolutional Neural Net-
work (CNN) to detect and classify defective insulators in
transmission line images, achieving high-precision defect

Hindawi
Scientific Programming
Volume 2021, Article ID 9976209, 9 pages
https://doi.org/10.1155/2021/9976209

mailto:wanghxft@163.com
https://orcid.org/0000-0003-3128-9727
https://orcid.org/0000-0003-4309-517X
https://orcid.org/0000-0002-7026-2431
https://orcid.org/0000-0001-9958-068X
https://orcid.org/0000-0001-6803-7756
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2021/9976209


target recognition and location [18]. Wang Yixing trains
the stackable automatic encoder (SAE) to initialize and
train the deep learning neural network and observes the
hidden features of defects from different dimensions, so
as to make a preliminary judgment of defects [19]. .e
above series of works has greatly optimized the target
recognition algorithm, but the data is rarely mentioned.
.e training algorithm designed in this paper provides
different ideas to solve the abovementioned problems,
mainly using professional knowledge to construct a small
amount of labeled data to achieve data-driven iterative
training. In order to learn the model incrementally and
adapt to unlabeled data, we use the improved Faster
RCNN to initialize and train the deep learning neural
network and observe the hidden features of defects from
different dimensions. In order to make preliminary
judgments on the defects, a small amount of labeled data
is used to initialize the training network in the early stage
of training, and then we continue to perform sample
mining in a large amount of unlabeled data in a human-
machine collaborative manner [20–22]. .rough this
data-driven learning method, the recognition module can
obtain the recognition model from the training module,
and we use the acquired recognition model to label the
inspection data, and then the training module uses the
labeled raw data to update the model and iteratively
improve the model precision. In addition, the deformable
convolution and feature pyramid modules are added to
the training algorithm to greatly improve the feature
extraction capabilities.

2. Materials and Methods

2.1. Training Data. In general, a deep model with good
generalization ability must depend on a certain amount of
sample data. .e richest possible training data including
different situations and different forms can make the deep
network get more accurate parameters in training. Con-
sidering the current lack of publicly available transmission
line data sets, it is necessary to construct a professional
inspection image insulator defect data set. In order to verify
the robustness of the algorithm, a large number of trans-
mission line raw data collected from a certain province and
city using UAV inspection are collected. .e image reso-
lution is about 5000∗ 3000, covering four seasons. Voltage
levels include 35 kV, 110 kV, 220 kV, 500 kV, and high
voltage levels. Among them, pin-level defect detection is the
most difficult type of defect detection in electrical defect
detection, and it is a common electrical defect, so pin defect
detection is selected for algorithm testing. To make the
network easier to learn, the defects are divided into two
categories, including lack of locking pin and rusted-on nut,
and a detailed description of the pin-level defect is shown in
Figure 1.

2.2. Improved Training Method. Faster R-CNN [23] is the
basic two-stage target detection algorithm [24, 25], which
has achieved good results inmany target detection tasks. Fast

R-CNN is the most basic network architecture to ensure the
good scalability of the algorithm. Faster R-CNN introduces
Region Proposal Net (RPN) on the basis of Fast R-CNN [26],
to participate in the target recognition work, in order to
improve the detection speed and realize the integration of
the suggestion box generation model and the Fast R-CNN
model by sharing the convolutional layer. Considering the
complexity of transmission line defect samples, a deformable
convolution module and a feature pyramid module are
added to the Faster R-CNN algorithm to solve the problem
of multiscale target detection to a great extent.

2.2.1. Deformable Convolutional Network. .e key point to
solve the high-precision recognition of transmission line defects
in a complex background is how to adapt to the geometric
changes of the proportion, posture, and viewpoint of the de-
fective target in the image. We know that CNN’s ability to
model geometric transformations is limited, because the geo-
metric structure in CNN is fixed and cannot be deformed
during convolution operations. Based on this, a deformable
convolution module is introduced to improve the transform
modeling ability of CNN. .e deformable convolutional net-
work adds a 2-dimensional offset to the sampling point position
of the receptive field in the standard convolution. It can freely
match the receptive field with the target shape; that is, nomatter
how the transmission line defect target shape changes, the
convolutional receptive field can always cover target range.
.ese offsets are learned from the previous featuremap through
the additional convolutional layer. Each sampling point has
learned to weight and redistribute the modified sampling area,
which can achieve more accurate feature extraction, thereby
effectively improving the training effect.

.e general convolution operations can be divided into
two major steps: (1) use a regular grid G on the input feature
map for sampling; (2) perform weighting operations. G
defines the size and expansion of the receptive field.

.e operation of deformable convolution is different. In
the regular grid R, it is expanded by adding an offset. For
each position P0 on the output feature map, the calculation
equation is as follows:

y p0(  � 
pn∈R

w pn( ∗f p0 + pn + Δpn( , (1)

G � (−1, −1), (−1, 0), . . . , (0, 1), (1, 1){ }. (2)

Among them, f represents the input feature map, y
represents the output feature map, and pn is an enumeration
of the positions listed in G. pn + Δpn represents the offset of
the sampling position relative to the center. Since Δpn is
generally not an integer, equation (1) can be realized by the
bilinear interpolation method. .e specific equation can be
expressed as

f p0 + pn + Δpn(  � 
q

T(q, p) · f(q), (3)

where q represents any position on the input feature map f,
and T(p, q) is 0 in most positions of f.
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In Figure 2 in the process of deformable convolution, if
the convolution kernel size of the original input feature
graph is N × N, use the standard 2D convolution to calculate
a new feature map consistent with the input featuremap size,
and its convolution kernel size is still N × N. .e number of
channels is 2N2 and the 2N2-dimensional vector in the
direction of the channel dimension represents N2 number of
2D offsets, so each position on the new feature map rep-
resents the offset of the original convolution kernel on the
input feature map. When using the deformable convolution
operation, the offset of the corresponding position is
superimposed with the sampling position of the original
convolution kernel to obtain the offset sampling position.
.e process after feature sampling is consistent with the
standard 2D convolution calculation, and the final result is
output feature map.

2.2.2. Feature Pyramid Network. .e feature pyramid
network mainly aims at the recognition of multiscale
targets in transmission line defects. By simply changing

the network connection structure, the performance of
small target recognition is greatly improved while
maintaining the calculation scale of the original model. In
traditional vision tasks, multiscale object detection is
mainly realized by image pyramid method or hierarchical
prediction method, but this method has higher re-
quirements for hardware computing power and memory
size, so it can only be used in limited fields. To solve the
above problems, feature pyramid network uses the in-
formation of each layer in CNN network to generate the
final expression feature combination. .e feature pyra-
mid network will process the feature output of each CNN
layer in the model to generate features that reflect this
dimensional information, and there is also an association
relationship generated between the features after top-
down processing; that is, the high-level features will affect
the low-level feature expression. Finally, all the feature
combinations are used as the input for the next task of
target detection or category analysis. .e basic structure
of the feature pyramid network is shown in Figure 3. .e
network is directly modified on the original single

(a) (b)

Figure 1: Pin-level defect. (a) Rusted-on nut. (b) Lack of locking pin.
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Input feature map
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2N2

Figure 2: Deformable convolution operation.
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network, and the feature map is sampled from the bottom
to the upper layer. .e feature map of each resolution is
added element by element with the feature map of twice
its scale. Using this connection method, the feature maps
predicted by each layer are fused with features of different
semantic strength and resolution. Targets with different
resolutions are detected by feature map with different
resolution, so that each layer has moderately strong se-
mantic and resolution features. Moreover, the feature
pyramid network only adds additional cross-layer con-
nections on the basis of the original structure. It is
confirmed by practical applications that the use of the
feature pyramid network hardly increases the amount of
extra calculation and time.

3. Data-Driven Training System

In the process of continuous optimization of the model,
inspired by the human learning model, a data-driven iter-
ative learning method is constructed. Data-driven iterative
learning method mainly solves two problems: one is the
automatic construction of in transmission line defect sample
library; the other is to solve the problem of overfitting of the
training model under small samples.

.e data-driven iterative learning method is based on
the principle of deep convolutional neural network
training. In the early stage, a small number of samples are
used for model training. For a large number of unlabeled
detection data, the detector with the highest accuracy
model is used for detection, and the detection results are
sorted by confidence. .e threshold is set according to
experience, and some of the detection results with higher
confidence are extracted, and the active learning method
is used for labeling, and the updated data is used to
optimize the training model. In this way, by continuously
rolling iterative training and detection processes, using
self-supervision and active learning methods to cooperate
with each other for sample mining, the two processes of
training and detection complement each other and
continuously improve the accuracy of the recognition
model. Mining a large number of unlabeled samples

makes the model not only improve the robustness of the
classifier to noise samples or outliers, but also improve
the accuracy of detection and finally realize the closed-
loop structure of automatic labeling of unlabeled sample
data and iterative update of model training, and the
closed-loop structure diagram is shown in Figure 4.

How to complete the data connection between the
training module and the detection module is a significant
step in the application of the data-driven iterative
learning algorithm in the transmission line inspection
defect detection application. While each process is
working on its part, the data dependency between them is
resolved through asynchronous calls, so that the two
modules can operate at the same time, and they can
interact and penetrate each other. Considering the huge
amount and variety of transmission line samples, the
direct connection of data is mainly through database read
and write operations, sample mining is performed in the
recognition module part, and the training module reads
data for model tuning.

3.1. Data Recognition Module. As the core of data mining,
the recognition module provides necessary data support for
the training module. .e recognition module is based on the
deep convolutional neural network model for defect iden-
tification, and the detection results are sorted according to
the confidence level. If necessary, the human-computer
interaction method is used to extract part of the recognition
result data with higher confidence, so as to calibrate the type
of defects that can be trained and recognized. .e identified
defect information is stored in the database, and an AI
training library for inspection defect data is established.
.rough the cooperation of self-supervision and active
learning methods, the massive uninterrupted image data is
structured, labeled, and classified, and training data sources
that can be easily found and used were established.

3.2. Data Training Module. With the application of defect
recognition and the gradual accumulation of data, the
training module can continuously perform feature learning

ConvNet
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Predict

Predict
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Figure 3: Feature pyramid network.
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and model updates according to predetermined training
strategies. It can not only quickly use artificial intelligence
technology to improve the efficiency of defect recognition
but also customize it according to its own specific needs.
Only a small amount of data tags can complete the complex
deep learning training task. Data-driven training is realized
based on the principle of deep learning, and iterative in-
spection data and recognition models are continuously
rolled over, so as to achieve a closed loop of image processing
with high automation and intelligence, and to improve the
accuracy of training image defect recognition.

.e data-driven iterative learning algorithm ensures the
continuous update of the recognition model through the data-
driven training function, continuously optimizes the detection
effect, and forms a closed-loop ecology from data to training. At
the same time, the data-driven training can adaptively adjust
training strategies and training modes according to training
accuracy without excessive human intervention.

Figure 5 shows the overall process architecture of the
data-driven iterative learning algorithm. .e underlying
environment of the algorithm isMxnet [27]..e two parts of
model recognition and model training are independent of
each other. .e data-driven iterative learning algorithm can
be used to connect the two training and recognition modules
in series to train and identify various types of defects in-
dependently. .e data-driven method is used for sample
mining and model iterative updating, and the model with
higher accuracy can be selected for publishing.

4. Results and Discussion

Due to the high requirement of hardware configuration
for deep learning training. .e hardware environment of
the algorithm in this experiment is Tesla V100-DGX
WORK STATION, the running environment is
Ubuntu16.04 operating system, and the computer pro-
cessor is E5-2698 v4@2.20 GHz. .e 101-layer ResNet

[28] is selected as the backbone network, and different
initial training parameters are selected in the experiment,
such as solver type, initial learning rate, and learning step
size. .e network optimization function selected in this
experiment is Stochastic Gradient Descent (SGD) [29],
the learning step is set to 2, the image scaling scale is
(1222, 800), the NMS threshold is 0.5, and the initial
learning rate is 0.001.

In the initial stage, wemade a small number of data samples.
.ePascal VOC [30] data set format was directly imitated in the
production stage, and we used Extensible Markup Language
(XML) to record the location and type of defect target in detail.
.e experimental data in Table 1 show the initial stage of
manually labeling the training set according to the defect
characteristics, in which the number of lack of locking pin is
2682, and the number of rusted-on nut data is 1621, and in the
test set, the number of lack of locking pin is 1899, and the
number of rusts is 1412. Table 1 also shows the growth of data
volume after two rounds of data-driven iterative training. Pascal
VOC data set analysis uses Average-Precision (AP) as a
comprehensive evaluation index and uses precision and recall to
examine the model. .e above indicators can be expressed as
follows:

precision �
TP

(TP + FP)
, (4)

recall �
TP

(TP + FN)
. (5)

In equations (4) and (5), True Positives (TP) represent
the number of defective targets that are correctly classified;
FP represents the number of background interferences that
are mistakenly regarded as defective targets; False Negatives
(FN) represents that the defective targets are incorrectly
classified as background quantity. AP, as the average ac-
curacy, for the PR curve (Recall on the horizontal axis and
Precision on the vertical axis), can be calculated as follows:

Initial training

Data
mining

Training
tuning

Model
prediction

Figure 4: Data-driven iterative training closed-loop structure.
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AP � 
1

0
p(r)dr. (6)

Among them, P and r are, respectively, the accuracy rate
and the recall rate. In actual applications, the PR curve is not
directly calculated, but the PR curve is smoothed; that is, for
each point on the PR curve, the value of precision is the
largest precision on the right side of the point.

In order to test the effectiveness of the platform al-
gorithm, this paper designs a comparative experiment,
which mainly includes two parts: one is the influence of
the setting of the experience threshold of screening data
in the process of data-driven training on the accuracy of
the model. Based on the improved Faster RCNN algo-
rithm, different experience threshold has been selected to
test the accuracy of the model. .e second is the analysis
of the impact of improved algorithms on model accuracy.
To compare the accuracy of training algorithms, first
compare the accuracy of the Faster RCNN basic algo-
rithm with the improved Faster RCNN algorithm while
keeping the training data consistent, then verify the ef-
fectiveness of the data-driven iterative learning algo-
rithm, and finally, test the influence of the number of
training iterations on the results of the model.

.e first part of the experimental results is shown in Fig-
ure 6. .e experiment selects five values of 0.65, 0.7, 0.75, 0.8,
and 0.85 as the threshold for screening data based on experi-
ence..e results show that when the threshold is set to 0.75, the
training model obtained by data mining has the highest average
precision. After analysis, when the threshold is set higher, some
correct data will be screened out, and when the threshold is

lower, it will affect the accuracy of the target. After all training
methods tested, obtained when the threshold is about 0.75, the
accuracy of the model can be maintained at a high level. Ex-
periments show that the accuracy of themodel can be increased
to a certain extent by adjusting the appropriate threshold value.
Table 2 shows the second part of the experiment content.
Compared with Faster R-CNN method, the improved Faster
R-CNNmethod performsmore prominently in the detection of
lack of locking pin and rusted-on nut defects. At the same time,
it can be also seen in Figure 7 that the number of iterations in
model training is also an extremely important parameter. As the
number of iterations increases, the number of iterations re-
quired must increase accordingly to meet the needs of model
learning. After the first iterative learning, the model accuracy
reached the highest value of 0.704 at 2.06 × 104 iterations. After
the second iterative learning, the model accuracy reached the
highest value of 0.785 at 3.81 × 104 iterations, which is 25.6%
higher than the model accuracy of the initial sample training. In
the final experiment, the result shows that the improved Faster
R-CNN method has improved the accuracy of the model to a
certain extent. But after the second iterative learning, the ac-
curacy is increased by 31.7% compared with Faster R-CNN,
which proves that the proposed method is extremely effective.

Finally, the defect images of different scenes are selected
to test the model. .e detection results are shown in Fig-
ure 8. It can be seen that the final model can correctly
identify most of the pin defects. In conclusion, the data-
driven iterative learning algorithm proposed can effectively
improve the accuracy of defect detection and can save
manpower to a great extent, which is beneficial to users to
independently train high-precision models.
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Figure 5: .e overall architecture of data-driven iterative learning.

Table 1: Statistical table of data set quantity.

Datasets
Lack of locking pin (lsqxz) Rusted-on nut (lmsx)

Number of pictures Number of targets Number of pictures Number of targets
Initial training data 2682 3969 1621 2446
.e first iterative learning + sample mining 19603 30841 7803 14514
.e second iterative learning + sample mining 57272 73415 16238 24840
Test data 1899 2484 1412 1901
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Table 2: .e precision of algorithm test.

Algorithm Classes Recall Precision AP mAP Training time
(h)

Initial training data + Faster RCNN lsqxz 0.751 0.684 0.65 0.596 6.11lmxs 0.643 0.685 0.541
Initial training data + feature pyramid + deformable convolution + Faster
RCNN

lsqxz 0.78 0.689 0.68 0.625 8.05lmxs 0.668 0.702 0.569
.e first iterative learning + sample mining + feature pyramid + deformable
convolution + Faster RCNN

lsqxz 0.892 0.794 0.803 0.704 39.05lmxs 0.696 0.787 0.604
.e second iterative learning + sample mining + feature pyramid + deformable
convolution + Faster RCNN

lsqxz 0.927 0.8 0.854 0.785 118.80lmxs 0.752 0.814 0.715
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Figure 7: Model accuracy display under different iteration times.
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5. Conclusions

.e current work presents a data-driven iterative learning
algorithm based on improved Faster R-CNN, which
provides various applications such as accelerated train-
ing, model detection, and data mining for transmission
line defect detection. .e data-driven iterative learning
algorithm proposes a data-driven training function for
the application of transmission line defect detection.
After comparison and verification, the proposed method
can effectively improve the accuracy of inspection image
defect detection. .e main conclusions are as follows:

(1) Faster R-CNN with deformable convolution and
feature pyramid modules is chosen as the optimal
object detection architecture, so that the value of AP
is increased to 0.625. .e combined use of de-
formable convolution and feature pyramid modules
makes the improved Faster R-CNN method more
prominent in the detection of lack of locking pin and
rusted-on nut defects.

(2) .e advantages of data-driven iterative training and
improved Faster R-CNN architecture are combined
naturally. According to a large number of experi-
mental comparisons, the result showed that the
increase of the recognition of data-driven iterative
training based on improved Faster R-CNN algo-
rithms for the pin defect target is 31.7% more than
Faster R-CNN. .e proposed method can achieve a
highly automated and intelligent image processing
closed loop and improve the accuracy of more
transmission line defect target inspections in the
future.

(3) .e proposed method provides a means of trans-
mission line data mining. Due to the low cost of data
collection and the convenient and efficient algo-
rithm, it has strong practical value, which can meet
the needs of users in the transmission line defect
detection to a large extent.

Data Availability

.is data comes from the original inspection data of the State
Grid of China. Due to the limitations of the State Grid, it
cannot be used as a public data set.
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