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Abstract. The bolts in the angle steel tower are seriously affected by
corrosion and loss. This paper proposes a novel detection system based on
YOLO-V3 to avoid the danger of traditional manual detection method for
the bolt fault detection of the angle steel tower. A multi-scale convolution
module is used to replace the ordinary convolution of original YOLO-V3
so as to obtain the spatial characteristics information of different scales in
the image, and enhance the detection accuracy. The experimental results
show that mAP of the proposed YOLO-SKIP network is 0.91. Our YOLOSKIP model has achieved the best detection performance on the defective
angle steel tower bolt data.

1 Introduction
The bolt of the angle steel tower is an important insulating component in the overhead
transmission network. It is necessary to safely and effectively detect the bolt failure of the
angle steel tower. However, the bolt defect detection of angle steel tower is basically in a
blank state and can only rely on manual methods. In the detection of defects on power lines,
researchers have designed many detection schemes for actual application scenarios. Zhai [1]
et al. used to obtain the salient characteristics of insulators and combined with adaptive
morphological algorithms to detect faulty insulators. Han [2] et al. designed an inspection
image fault detection algorithm based on maximum between-class variance and maximum
entropy segmentation. With the development of deep learning, fault detection algorithms
based on convolutional neural networks have emerged. Yang [3] et al. improved the filter
size of the fully convolutional neural network and the fully connected layer. Xian [4] et al.
designed a cascaded convolutional neural network, which used a two-stage cascaded
detection method to effectively improve the detection accuracy. Huang [5] et al. proposed a
convolution feature pyramid detection method, combined with multi-task learning for
network training. The model of this algorithm performs well, but the robustness is poor.
There are many types of angle steel tower bolt defects, such as rust, fall off, etc. This
paper divides the collected data sets into only two categories, defects and no defects. The
current detection algorithms based on deep learning are mainly divided into one-stage and
two-stage. The two-stage target detection algorithm first performs feature extraction, and
then classifies the extracted features, such as the R-CNN [6] series of networks. The one*
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stage models include SSD [7], Retina-Net [8] and YOLO v3 [9], which use an end-to-end
approach for direct detection. This paper proposes a multi-scale real-time fault detection
model based on the target detection algorithm YOLO v3. This paper designs a multi-scale
convolution module to replace the ordinary convolution of the original YOLO v3, and
adopts a processing method in which the sampling probability of negative samples is higher
than that of positive samples, in response to the imbalance of positive and negative samples
in practical applications. Experiments showed that the two strategies enhance the defect
detection performance of the inspection model for the angle steel tower of the overhead line.

2 Multi-scale target detection model
YOLO is a target detection and location algorithm based on a deep convolutional neural
network. It divides the picture into several grids and predicts the candidate frame at the
network scale to finally obtain the category probability and target. The calculation speed of
YOLO algorithm is relatively fast, and it can be applied to real-time mark detection system.
2.1 Multi-scale convolution module
This work uses a multi-scale convolution module to replace the single-scale convolution in
YOLO. Four convolution kernels are used to extract features from the input feature map,
Conv-1x1, Conv-3x3, Conv-5x5, and Con-7x7, so as to obtain an output feature map with
rich scale information. For example, the length and width of the convolution kernel of
Conv-1x1 are 1, and the step size of all convolutions is 1. Then, the four feature maps of
different scales are spliced in the channel direction through the "Concat" operation. Record
the convolution functions of the 4 scales as 𝑓𝑘 (·), 𝑘 = 1,3,5,7. Remember that the input
feature map of the layer i is Mi , the number of channels is Ci , the length is Hi and the width
is Wi , then the calculation formula for the splicing
of the(multi-scale
M process
 Concat
f ( M ), convolution is
cat
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becomes 4 × Ci . Finally, 1x1 convolution is used for feature dimensionality reduction to
ensure that the number of output channels is the same as the number of input channels.
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2.2 Network feature extraction module
As deep convolutional neural network is getting deeper and deeper, it is more and more
difficult to transfer information between networks, which affects the detection accuracy of
the network. In order to use multi-layer features, this work adds residual modules and layer
jump connections to the basic structure of YOLO, and builds a multi-scale YOLO-SKIP
network. The modified network structure can use the features extracted by the multi-layer
network, and at the same time, it is easier to train due to the layer jump connection and its
detection speed is faster than the original YOLO algorithm, shown in figure 1.
Table 1 shows the specific parameters of the network, where the number represents the
repetitions of the layer, “channel” represents the number of output channels of each layer of
convolution, “size” is the size and step length of the convolution kernel, and “output”
represents the height and width of the output feature map of this layer. The original YOLO
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v3 contains 53 layers, and the multi-scale improved algorithm proposed in this paper
contains a total of 26 layers, in which the residual represents the residual connection [10].

Fig. 1. Schematic diagram of multi-scale YOLO-SKIP network structure.
Table 1. Network structure.
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2.3 Boundary prediction
This work uses the original YOLO v3 bounding box prediction scheme, bx and by represent
the center coordinates of the prediction, bw and bh represent the width and height of the
prediction box. The calculation method is as follows:

bx   (t x )  cx

,

by   (t y )  cy

,

bw  pwetw bh  ph eth
,

,

(3)

where, cx and cy represent the coordinates of the upper left corner of the image grid, t x and
t y represent the predicted position of the network output, t w and t h are the width and height
of the bounding box predicted by the network, σ represents the Sigmoid activation function,
pw and ph are the height and width of the a priori box. The loss function is the standard loss
provided by YOLO v3, see reference [9] for details.
2.4 Logistic regression
YOLO v3 uses logistic regression to classify the predicted output of the network. The
calculation method is as S(x)=1/(1+e-x), where 𝑥 represents the input value, 𝑆(𝑥) represents
3
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the output value. After the process, the value range is transformed to between 0 and 1,
which can represent the predicted probability. If S(x) is greater than 0.5, it means it belongs
to a certain category, and if it is less than 0.5, it does not belong to a certain category.
2.5 Unbalanced sample processing
For the bolt images of the angle steel tower of the overhead line under normal conditions,
the number of positive samples is much higher than that of the negative samples, that is,
there are more normal bolts and fewer faulty bolts. At this time, the model is easy to judge
the input data as a positive sample, so as to obtain a higher accuracy rate, but the recall rate
of the model is lower. To correctly handle the large difference in the number of positive and
negative samples, this work adopts an unbalanced sample processing strategy: in the
process of data sampling, ensure that the probability of negative samples being sampled is
always higher than the probability of positive samples being sampled. Assuming that the
ratio of the number of positive samples and negative samples is 𝑚: 𝑛, the corresponding
sampling probability ratio is 𝑛: 𝑚 . By increasing the sampling probability of negative
samples, the model can better perform distributed learning on a small number of samples.

3 Experiment results
Network training adopts stochastic gradient descent (SGD) optimization algorithm, the
initial learning rate is 0.001, the learning rate attenuation coefficient is 0.9 (the learning rate
is updated every 2000 iterations), the total number of iterations is 70,000, and the batch size
is 8. The experimental platform is Win 10, using Intel i7-8700 processor and Nvidia
GeForce GTX 1080Ti graphics card.
3.1 Experimental data set and parameter settings
The data set in this paper is a high-quality data set with 1,432 original image data obtained
by aerial and field shooting of overhead lines. After removing the problematic images such
as shooting angle and shooting distance, a high-quality data set of 1020 images in total is
obtained. In the experiment, the original bolt image data set was randomly divided into
training data and test data, and the division process was guaranteed to be completely
random. The train set contains a total of 820 bolt images with 596 positive samples and 204
negative ones, and the test set contains a total of 200 bolt images with 143 positive samples
and 57 negative ones. Some example samples are shown in Figure 2.

Fig. 2 Sample picture of angle steel tower bolt dataset.

3.2 Evaluation index and comparison algorithm
In order to verify the effectiveness of the proposed algorithm, the measures of precision and
recall are used to quantitatively analyze the performance of the model. In addition, the
mean average precision (mAP) is used to measure the accuracy of the prediction frame, and
the calculation method is shown in the literature [11]. In order to verify the effectiveness of
the method proposed in this paper, it was compared with other four target detection models,
namely SSD [7], Faster R-CNN [6], Retina-net [8] and YOLO v3 [9]. In order to ensure the
4
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fairness of the experiment, the training data and test data used by each model in the
comparison experiment are exactly the same.
3.3 Quantitative results of fault detection
By comparing the experimental results, it can be found that the performance of SSD are all
low, indicating that its performance in detecting faulty bolts is poor, shown in Table 2.
Faster R-CNN (F-R-CNN) and Retina-net have similar performance in the three indicators,
but they are all lower than YOLO v3 and the algorithm proposed in this article. The three
index values of the algorithm proposed in this paper are all higher than YOLO v3, and all
are the highest, which proves that the multi-scale improvement strategy of this paper
effectively improves the performance of the detection task.
Table 2. Experimental results and comparison.
Models
SSD

Precision
84.36

Recall
85.42

mAP
0.87

F-R-CNN

86.79

90.63

0.89

Retina-net

87.21

90.33

0.86

YOLO v3

88.91

90.82

0.89

My model

90.47

93.56

0.91

3.4 Multi-scale strategy evaluation
Since the introduction of multi-scale strategies will increase the calculation time of the
algorithm, in order to verify the real-time performance of the algorithm, frames per second
(fps) are used to comprehensively evaluate the multi-scale strategy of the proposed model.
For input pictures of the same size, the higher the fps value, the more the number of images
processed per second, that is, the better the real-time performance of the algorithm. The
following table shows the Precision, Recall, and mAP values obtained by different scale
strategies, and the corresponding processing speed index fps value.
From Table 3, it can be seen that the accuracy evaluation index is the best when using a
total of four scales of 1+3+5+7, which are all higher than the case of the three scales. When
using two scales, the model approximately degenerates to the network structure of YOLO
v3, the corresponding evaluation index value is also very close to YOLO v3. Moreover, in
terms of speed, the real-time performance of the three scales of 1+3+5 is the best, capable
of processing 8.6 images per second, but the values of Precision and mAP are significantly
lower than those of the four scales. Therefore, the actual task should be weighed from the
two aspects of accuracy and speed, and the appropriate scale should be selected.
Table 3. Experimental results for multi-scale strategy and sampling strategy.
Multi-scale strategy
Scale

Precision

Recall

1+3+5

88.36

91.73

1+3+7

88.44

92.74

1+5+7
3+5+7

89.14
89.76

92.37
92.89

1+3+5+7

90.47

93.56

Sampling strategy
mAP

Models

Precision

Recall

mAP

0.90

SSD

+1.04

+1.33

+0.87

SSD

0.909

F-R-CNN

+0.96

+1.62

+0.85

F-R-CNN

0.91
0.905

Retina-net
YOLOv3

+1.17
+1.32

+1.25
+1.73

+0.89
+0.92

Retina-net
YOLOv3

0.913

My model

+1.29

+1.41

+0.97

My model
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3.5 Sampling strategy evaluation
For the actual situation where the number of positive and negative samples is unbalanced,
this paper adopts a model training strategy that increases the sampling probability of
negative samples. In order to seriously the effectiveness of the sampling strategy, the
experiment measured the changes in the quantitative evaluation indicators of all algorithms
when the sampling strategy is used and when the sampling strategy is not used. Table 3
shows the quantitative experimental results of the unused sampling strategy, and the
experimental results of the network after using the sampling strategy, where "-" means
decrease and "+" means increase. It can be seen from the results in Table 4 that the
processing strategy proposed in the article when the positive and negative samples are
imbalanced has the effect of improving network performance.
3.6 Convergence of loss function
The convergence of the loss function is an important evaluation index for the target
detection task, which can directly reflect the stability of the network, shown in Figure 3.
Due to the complexity of shooting conditions for bolt data of angle steel towers, different
shooting angles and weather conditions will cause differences between samples, which may
cause certain oscillations in the loss function. For this reason, the target detection network
should be sufficiently stable. Ensure its easy training characteristics. The following figure
shows the convergence of the proposed algorithm in the training set and the test set. From
the convergence trend of the loss value, it can be seen that the stability of the network is
good, and it can smoothly converge to near zero.

(a) On testing set

(b) On training set

Fig.3. Convergence of loss function.

4 Conclusions
This paper proposes an improved YOLO-SKIP model, based on the deep learning YOLO
v3 framework, aiming at the bolt defect detection problem of the angle steel tower in the
overhead line, combining the layer jump connection and the multi-scale model. In order to
detect the proposed model, this paper uses aerial photography and other methods to collect
angle steel bolt image data sets, and mark them as defective and non-defective. The data is
expanded by rotation, symmetry and Gaussian noise. The multi-scale fusion convolution
module is used to replace the original YOLO v3 convolution module. At the same time,
different sampling strategies are used to deal with the problem of sample imbalance, and
the recognition accuracy is further improved. The experimental results show that the
proposed algorithm can effectively detect the defect data of the angle steel tower bolts, and
the average precision of the average value reaches 0.91. At the same time, the detection
speed is improved, and the combination of high precision and high speed is realized.
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