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Abstract. Aiming at the problem of low recognition accuracy of insulators in
power system transmission lines and the recognition results contain many back-
grounds, this paper proposes a high-performance detection model by combining
the improved YOLOX target detection algorithm with the rotating frame detection
algorithm. Firstly, the backbone network of YOLOX is replaced with ConvNext
with a larger receptive field to improve the feature learning ability of the model for
insulators. Secondly, the fusion between the output features of the feature pyra-
mid pooling module is enhanced using the channel disorder operation. Finally,
the angle classification of the detection frame is added to the network to real-
ize the rotation frame detection and reduce the background interference in the
recognition result. The model is trained and tested with manually marked aerial
photography data. The test results show that the method has high accuracy in
insulator identification and meets the high-performance detection requirements.

Keywords: Insulator identification - Target detection - Rotating box detection -
Feature pyramid pooling

1 First Section

1.1 A Subsection Sample

In the power system, the safety of transmission lines is the primary factor for the failure-
free operation of the power grid, so the grid needs to be inspected regularly. The tradi-
tional inspection mode requires employees to go to the site for inspection, which needs
a lot of human and material resources and is inefficient.

Because of the rapid development of unmanned aerial vehicle (UVA) technology,
using UVA instead of manual operation can simplify the work pattern and reduce the risk
of aerial operation [1]. In order to accelerate the transformation of traditional inspec-
tion work mode to automatic operation mode, the power grid company has adopted a
combination of helicopter and laser point cloud scanning to achieve full coverage of
transmission line images. At present, the “machine patrol as the main, human patrol as
a supplement” of “machine patrol 4+ human patrol” operation and maintenance mode
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has basically formed, transmission line operation and maintenance level continues to
improve [2]. In order to be safe and stable, power transmission conductors are generally
erected at high altitudes through poles and towers. The function of insulators is to ensure
that the conductor is insulated from the tower and the earth, with the characteristics of
high voltage resistance and mechanical stress resistance. However, the complex outdoor
environment causes insulators to be damaged, partially dislodged, dirty, etc., which can
easily lead to power line operation failure, it is necessary to replace the detected damaged
insulator [3], and insulator detection provides significant data support for it.

In the traditional insulator identification algorithm, researchers use the edge features,
histogram features, and color features of insulators as the basis for the identification of
insulators. Reference [4] uses Euclidean distance to match insulator features extracted by
Canny edge detection to intelligently identify insulators. Reference [5] uses the Dirichlet
distribution combined with relative entropy to obtain the semantic relevance of features
and improve the recognition accuracy. Traditional algorithms rely on human a priori
knowledge, which requires manual design of classification features and increases the
complexity of the algorithm.

The development of Graphics Processing Unit (GPU) technology has facilitated
the widespread application of deep learning technology. In the insulator identification
task, the deep learning model is constructed so that the model can learn the contextual
semantic information of insulators autonomously and complete the automatic insulator
identification work, which simplifies the complexity of the identification process and
improves the work efficiency. The target detection algorithm can complete the insulator
recognition and get the insulator location information through logistic regression. It can
be mainly divided into two categories, single-stage detection algorithms including SSD
[6], YOLO [7], RetinaNet [8], etc., and two-stage detection algorithms including R-CNN
[9], Fast R-CNN [10], Faster R-CNN [11], etc.

Reference [12] applied the Faster R-CNN detection algorithm to the insulator iden-
tification task of transmission lines, completed the identification of different types of
insulators, and proved the effectiveness of the algorithm. Based on Faster RCNN, the
reference [13] uses an attention mechanism to improve each feature extraction module,
forcing the network to learn channel feature correlation, suppressing background inter-
ference, and improving model accuracy. Reference [14] uses the YOLOV?2 detection
algorithm to identify insulators and combines fault diagnosis technology to complete
insulator defect discrimination. Reference [15] uses multi-feature fusion technology to
enhance the detailed information of small objects and then combines spatial attention
mechanisms to optimize model performance. To address the problem of little seman-
tic information, reference [16] uses multi-scale feature fusion to enhance the semantic
features of targets and optimize the scale scaling module. The model is made more
suitable for insulator identification with a large-scale span. To achieve real-time detec-
tion requirements, reference [17, 18] replaces the traditional convolution operation with
depth-separable convolution. It can reduce the computational complexity of the model
and improve the efficiency of the algorithm under the premise of ensuring accuracy.
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Deep learning techniques have significantly improved the automation of transmis-
sion line inspection, and the accuracy of the current single-stage algorithm in the target
detection network is improved to a high level of accuracy. Based on this, this paper pro-
poses an insulator identification model with an improved YOLOX algorithm to improve
the detection accuracy of insulator identification.

2 Detection Network

2.1 YOLO Network

In 2015, Redmon et al. proposed the yolov1 detection algorithm, which is a single-stage
target detection algorithm and an anchors-free target detection algorithm.

Subsequent authors proposed V2 and V3 versions, in which V2 introduced the idea
of anchors and proposed to use of a stronger feature extraction network, V3 version
proposed a stronger backbone feature extraction network DarkNet53 and introduced the
idea of FPN to detect multi-scale targets, among which the V3 algorithm is one of the
most widely used algorithms. Later, some scholars proposed V4 and V5 versions based
on the V3 version, which improved the speed and accuracy of the model. The V4 and
V5 models have similar structures, but the V5 version is very friendly to engineering
deployment. In July 2021, Megvii Technology released the YOLOX target detection
algorithm.

2.2 YOLO Network

YOLOX is an anchors-free algorithm, YOLOV4 and YOLOVS5 use the idea of hyperpa-
rameter evolution to update their hyperparameters during training, which will lead the
algorithm to over-optimization on anchors, so the authors do not improve on V4 and V5
structure, but on the model of YOLOV3-SPP. The model structure of YOLOX is shown
in Fig. 1. Conv in the figure represents convolution, BN represents batch normalization,
and Sibu represents activation function.
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Fig. 1. YOLOX structure diagram.
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In the backbone network, the feature extraction module is consistent with that in
the YOLOV3-SPP algorithm, and both use DarkNet53 to extract higher-order semantic
features and the SPP module to extract multi-scale features. The feature fusion module
introduces the PAN structure based on the FPN structure. The shallow feature map
contains more local detail information, and the local detail information is beneficial
to the regression task, and the deep feature map contains more higher-order semantic
features, and the higher-order semantic information is beneficial to the classification
task.

The fusion of shallow and deep features can obtain a feature mapping of the two
attributes, thus improving the detection performance of the model. In the prediction
module, a Decoupled Head (DH) strategy is used to decouple the prediction branches,
where the output branches of classification and regression share a single convolutional
layer in YOLOV3. Since the classification branch requires more higher-order semantic
information and the regression branch requires more local detail information. On this
basis, the output of the classification branch is separated from the branch of the regression
output and use two-way convolution to perform the regression task and the regression
task separately. The addition of DH improves the detection accuracy of the model and
speeds up the convergence of the network.

2.3 Optimization Strategy

It is well known that the detection algorithm based on anchors based has the problems of
difficult adjustment of hyperparameters and poor versatility. To obtain better detection
performance, the V3 algorithm sets three a priori boxes of different sizes to improve the
detection accuracy of the model, but it reduces the detection speed of the model to a
certain extent.

A large number of anchors free algorithms have emerged in recent years, which
eliminate a large number of tuning links, reduce the complexity of the algorithm, and
are no longer limited by the setting of anchors for extreme size targets, which can
improve the detection performance of the model. The YOLOV3 algorithm is combined
with the detectors of anchors free to extract the target detection algorithm of anchors
free. The detection algorithm based on anchors free changes the original prediction of
3 different sizes of boxes in one location into 1 box, which reduces the computation
of the model in the detection head link and improves the detection speed of the model.
The performance of the target detection algorithm depends to some extent on the label
assignment of positive and negative samples. The assignment of positive and negative
samples is according to the Intersection over Union (IoU) ratio of the ground truth and
the prior frame. However, the assignment of positive and negative samples is different in
different situations (obscured), and at this point, the label assignment is regarded as an
optimal transmission problem, and the simOTA label assignment method is proposed.
The detection accuracy of the model is improved by proposing a cost matrix to select
the a priori frame corresponding to the position with the smallest cost as the positive
sample to match the ground truth.
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3 Model Improvement

3.1 ConvNext

Reference [19] proposes a neural network model with a larger sensory field with a Base
Unit (BU) as shown in the a-plot in Fig. 2b. Firstly, the input is goes through a deep
separable convolution of size 7 x 7 for feature extraction, and the larger the convolution
kernel, the wider the feature area learned. Then the features are up-dimensioned and
down-dimensioned using two 1 x 1 ordinary convolutional operations to obtain more
abstract semantic information, and finally the features are summed and fused with those
of the residual mapping branch. The downsampling operation can reduce the input
feature resolution and the computational complexity of the model. This paper shows the
Down Sample Uint (DSU) in Fig. 2b, a 3 x 3 depth-separable convolution is added to
the residual mapping, while the step size of the 7 x 7 depth-separable convolution is 2,
which is applied to double the feature resolution and double the number of channels.
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Fig. 2. ConvNext module. (a) Base Unit (BU); (b) Down Sample Uint (DSU).

3.2 Spatial Pyramid Pooling Module

In this paper, SPP [20] has been modified adaptively, and its structure is shown in Fig. 3.
Firstly, four sets of feature compression vectors are obtained by using four sets of maxi-
mum pooling operations with different sizes for the input features. To reduce the number
of parameters of the module and to ensure that the feature dimension of each group of
features is consistent with the input when stitching, so compress its channel dimension
by a factor of 4 using 1 x 1 convolution operation. Then the feature resolution is restored
using upsampling, and the four groups of features are combined in the channel dimen-
sion, and the combined results are summed and fused with the original input features.
Finally, to increase the transferability of information between features, a Channel Shuffle
operation is used to reorder the final results in the channel dimension.
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Fig. 3. ConvNext module. (a) Base Unit (BU); (b) Down Sample Uint (DSU).

Table 1. Backbone network

name size layer
Inputs 640 x 640 x 3 -
Convl 320 x 320 x 32 BU x 1
DSU x 1
Conv2_x 160 x 160 x 64 BU x 2
DSU x 1
Conv3_x 80 x 80 x 128 BU x 5
DSU x 1
Conv4_x 40 x 40 x 256 BU x 2
DSU x 1
Conv5_x 20 x 20 x 512 BU x 1
DSU x 1
20 x 20 x 512 SPP x 1
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To improve the model feature learning capability, the original backbone network in
YOLOKX is replaced using the network structure in Table 1. The network input size is
640 x 640 x 3. In the first level of features, 1 BU module and 1 DSU module are used
to learn shallow features, and change the resolution of the features to half and double
the number of channel dimensions. Similarly, in the second level of features, 2 BU
modules and 1 DSU module are used to learn the features. In the third level features, 5
BU modules and 1 DSU module are used to learn the features, in the fourth level feature,
2 BU modules and 1 DSU module learning features are used, and in the fifth level, 1
BU module and 1 DSU module are used to learn the features. Finally, the improved SPP
module is used to acquire multi-scale features.
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3.4 Rotation Detection

YOLOX is ahorizontal rectangular box based target detection algorithm, using a horizon-
tal rectangular box for tilted target detection will contain a lot of background information.
The best practice is to detect targets using rotating rectangular boxes, so this paper uses
the YOLOX target detection algorithm to achieve the detection of rotating targets, with
the following improvements.

Circular Smooth Label Coding. A branch is added to the output port of the network’s
detection head in order to get the rotation angle, which is necessary for rotating box
detection in addition to the horizontal rectangular box’s x, y, w, and h dimensions. This
paper uses longside format to define the rotated rectangular frame, which is the format
of x, y, w, h, and 6 (0 < 6 < 180°). The acquisition of 6 does not use the regression task,
because the periodicity of the angle will interfere with the results of the regression, but
the classification task is used to obtain the angle 6. However, due to the periodicity of
the angle, a simple one-hot encoding cannot be used. Instead, the encoding method of
the Circular Smooth Label (CSL) proposed in reference [21] is used to classify the angle
of the box. Its expression The formula is shown in formula 1:

, 0 — 0+
CSL(x) = gx) r<x< r 0
0, else

where 6 denotes the current rotation angle of the real frame, r denotes the window radius,
whose default value is 6, and g(x) denotes the window function.

The window function expression is shown in formula 2, and its related expressions
in formula 3 and 4 are respectively shown. The window function meets periodicity and
symmetry.

_a=w?

gy =e 2 @
g(x)=gx+KT), Ke N,T =180/w 3)
0<gl@+e)=gO—¢e)=<1,lel<r 4)

where the mean . = 0, the variance § = 0, and N is the set of natural numbers.
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Fig. 4. CSL encoded label score map. (a) 6 = 0°; (b) 6 = 90°.

When the true 6 value is 0° or 90°, the corresponding CSL coded label scores are
shown in the left and right plots in Fig. 4, respectively, where the horizontal axis indicates
the angle value and the vertical axis indicates the coded label score.

Loss Function Optimization. There are two places in YOLOX where the loss function
needs to be calculated, the first time the loss is found for constructing the cost matrix
for label assignment with the loss function shown in in formula 5, and this time the loss
is calculated simply for screening positive and negative samples.

Cost = LB + AL + L
—1000, if incenterorr < 2.5 &)
= 0, else

where the classification loss (L°¥) uses a binary cross-entropy loss function, the regres-
sion loss (L") uses an iou loss function, \ is used to control the ratio of the two loss
weights, and A defaults to 3. The L; in formula is equivalent to adding more prior infor-
mation to the equivalent, increasing the degree of matching of the high-quality prior (the
center of the grid is within the range of the true box or 2.5 grid).

A second calculation of the loss is used to optimize the model with the loss function
shown in formula 6.

Loss = L 4 L8 4 o (6)

The equation contains classification loss, confidence loss and regression loss, where
the binary cross-entropy loss function is used for classification loss, and confidence loss,
and A is used to control the regression loss weight ratio, which is 5 by default. This paper
also uses the approach proposed in reference [22] to swap the true labels of confidence
with the true labels of classification, which is used to solve the inconsistency between the
training session and the testing session of the network due to the absence of supervised
signals in the confidence output of some boxes during training. Since the output branch
of the improved algorithm has an additional branch for rotation angle classification, the
loss function in YOLOX needs to be improved. The improved cost function at label
assignment is given in formula 7.

Cost = L 4 AL 4 [ + [0—<ls o
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where (6-cls) is used to calculate the angular classification loss in the form of sigmoid
combined with binary cross-entropy to calculate the angular loss. The improvement of
the loss function during model training is shown in formula 8.

Loss = L 4 AL" 4 L 4 [=<s ®)

The optimized loss function adds the angle classification loss on the basis of the
original loss in the text, and also uses the sigmoid combined with the binary cross
entropy to calculate the angle loss.

4 Experimental Results and Analysis

4.1 Data Set Introduction and Data Enhancement

The experimental data are obtained from aerial image maps, of which 1500 are in the
training set and 300 are in the test set. The insulators in the image maps are labeled
using the Labelme tool, which is divided into two modes: rectangular box labeling and
rotating rectangular box labeling, and the results are shown in Fig. 5. Where a is the
rectangular box labeling result, which contains more background, and b is the rotating
box labeling result.

(b)

Fig. 5. Annotation mode. (a) Rectangular box labeling; (b) Rotated box annotation.

In view of the difficulty of image data acquisition, tedious and time-consuming label-
ing, and considering that the neural network model requires more data for fitting in the
process of learning target features, the training set is subjected to data enhancement
processing. Insulators have directional feature invariance in spatial location, scale vari-
ability in shape, and obscured phenomenon in shooting angle. Therefore, this paper uses
the data enhancement methods of mirror image enhancement, multi-scale scaling, and
random erasure to expand the training data to 3,000 sheets.

4.2 Experimental Environment

The code used for the experiments in this paper runs on a deep learning server configured
with an RTX3090 graphics card, 24G of current memory, and 32G of running memory.
A neural network model is built using the Tensorflow 2.0.0 deep learning framework.
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4.3 Learning Rate Setting

The number of iterations for each model is set to 100, and the Adam optimizer is selected.
In the process of searching for the global optimal solution of the model, using a larger
learning rate at the early stage of training can avoid the model from falling into the local
optimal solution, and at the same time, it should ensure that the learning rate decays at a
smaller rate. And in the middle of training, the parameters of each model are more stable,
so the learning rate decay should be accelerated. In the late training period, the learning
rate should be slowed down in order to prevent the model parameters from oscillating
and becoming unstable due to too large a change in the learning rate. Therefore, this
paper uses the “cosine annealing” learning rate decay strategy as shown in Fig. 6, and
the learning rate decrease helps the model converge.

0.010+
0.008

0.006

Learn rate

0.004
0.002

0.000
0 20 40 60 80 100

EPOCH

Fig. 6. Cosine annealing.

4.4 Experimental Results

In order to better evaluate the model performance, Precision (P), Recall (R), and Average
Precision (AP) evaluation metrics are selected for analysis in this paper. First, TP is
defined to denote the number of detected frames with IoU greater than a specified
threshold, FP denotes the number of detected frames with IoU less than a specified
threshold, and FN denotes the number of undetected true frames. The meaning of each
indicator representation is shown below.

Precision (P). The precision represents the probability of the true being an insulator in
the sample predicted to be an insulator. The expression is calculated as follows.
TP
P=——
TP + FP

Recall (R). The recall represents the probability of predicting a positive sample among
the samples that are truly insulators. The expression is as follows.

TP
R=——
TP + FN

€))

(10)
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Average Precision (AP). The average precision is defined as plotting a curve on two-
dimensional coordinates using a combination of different P-point coordinates and R-
point coordinates, and the area of the curve is the AP of a single category.

4.5 Qualitative and Quantitative Analysis

Comparison of Each Index. The results of model evaluation index comparison are
shown in Table 2. In this paper, the improved algorithm is compared with the current
mainstream detection algorithm, and the two-stage algorithm Faster RCNN has higher
accuracy than YOLOV3-YOLOVS, but the YOLOX algorithm performs better, in which
the AP of the improved model reaches 98.7%, which is 1.2% higher than the YOLOX
model, and the performance is optimal. Since the evaluation index of rotating frame
is different from that of horizontal rectangular frame, its AP reaches 90.8%, which
proves that rotating frame detection has better application in transmission line insulator
detection.

Table 2. Evaluation indicators

Model AP%
Faster R-CNN 96.8
YOLOV3 92.4
YOLOV4 93.1
YOLOVS 93.9
YOLOX 97.5
Ours 98.7
R-YOLOX 90.8

Horizontal Frame Detection Results. The effect of the improved model in the hori-
zontal frame detection is shown in Fig. 7, which shows that the insulator as a whole can
be well detected. The improved SPP module enables the model to have better characteri-
zation capability in terms of multi-scale features, and the smaller insulators in the figure
can be well identified. In addition, this paper uses the on-the-fly data erasure enhance-
ment method to effectively alleviate the difficult identification problem caused by the
obscured insulators. However, it can be seen from the results that the rectangular box
where the insulators are detected contains a large background, which can easily bring
interference to the insulator fault detection.

Detection Results of Rotating Frame. In order to reduce the interference of complex
background in the recognition results, this paper uses the idea of rotating frame target
detection to get the position information of the rotating frame by regressing the position
coordinates as well as the angle classification, and its detection results are shown in Fig. 8.
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Fig. 8. Detection results of rotating frame

The rotating frame is the main body of the insulator, and there is less background in the
frame, which largely reduces the false detection caused by background interference.

4.6 Ablation Experiments

In order to test the insulator recognition effect of the improved network, ablation exper-
iments are set up in this paper, as shown in Table 3, to verify the detection effect of the
proposed model by adding improvement steps step by step. The original YOLOX algo-
rithm can achieve 97.5% AP, which is improved by 0.8% points by using ConvNext to
improve the backbone feature extraction network and improve the model feature learning
capability. Enhancing the output feature fusion by adding channel disorder operation in
the SPP module, which achieves 98.7% AP. Finally, using the rotated rectangular frame
for target detection, the obtained R-YOLOX model performance can also reach 90.8%
with excellent performance.
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Table 3. Evaluation indicators

Model AP%
Original YOLOX 97.5
Improved YOLOX (ConvNext) 98.3
Improved YOLOX (ConvNext 4+ Channel | 98.7
Shuffle)

R-YOLOX 90.8

Conclusion

In this paper, based on the YOLOX detection algorithm, the DarkNet53 is replaced by a
backbone network with a larger feeling field, which can make the model learn larger local
features, while the use of depth-separable convolution in the backbone network ensures
the high-speed of the model. The features output from the spatial pyramid pooling module

are

independent in the channel dimension, and this paper uses the channel disorder

operation to increase the information interactivity between its features and enhance the
feature fusion capability. And the idea of rotating frame detection is added to reduce the
interference of background in the recognition results and provide good data support for
insulator fault recognition, and the final model is optimal in terms of accuracy.
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