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Image classification method of transmission line bolt defects
using the optimal knowledge transfer wide residual network

Qi Yincheng'?, Jin Chaoxiong', Zhao Zhenbing'** , Ding Jietao', Lyu Bin’
1. School of Electrical and Electronic Engineering, North China Electric Power University, Baoding 071003, China;
2. Hebei Key Laboratory of Power Internet of Things Technology, North China Electric Power University, Baoding 071003, China;
3. State Grid Zhejiang Hangzhou Xiaoshan Power Supply CO., LTD. , Hangzhou 310000, China

Abstract: Objective Bolts play a key role in fixing and connecting various metal parts in transmission lines. Defects seri-
ously affect the power transmission of transmission lines. The imaging background of an inspection image is complicated,
the imaging distance and angle are variable, and the bolts occupy a small proportion in the inspection image. Thus, bolt

defect images of transmission lines have low resolution and scarce visual information, and they usually require a large model
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with high complexity and excellent performance to classify bolt defects and ensure accuracy. A large model has a complex
structure and numerous parameters, and deploying it on a large scale is difficult due to a large amount of computing
resources needed in data analysis. A small model has a simple structure and few parameters, but it cannot completely guar-
antee the accuracy of bolt defect classification. This study proposes an image classification method of transmission line bolt
defects based on the optimal knowledge transfer network to compensate for the limitations of bolt defect classification using
large and small models. Method The width of the large model is changed, that is, the dimension of network feature expres-
sion is broadened, to fully mine the target information in the bolt image, thereby increasing the bolt defect knowledge of the
transferability of the large model to the small model. To reduce the parameters of the small model considerably and improve
its operation and maintenance capabilities, the structure of the small model is simplified to a 10-layer residual network with
three residual blocks. The number of convolution kernels of each residual block is 16, 32, and 64. Therefore, the small
model still has obvious features that focus on the low gradient of the bolt image in the low layer, the high difference area in
the middle layer, and the overall characteristics of the bolt image in the high layer. Then, the large models of different
widths use the attention transfer algorithm and the knowledge distillation algorithm to guide the training of the small models,
and the accuracy of the small models under different widths after the training is calculated. Afterward, the concept of
knowledge deviation is proposed to measure the degree of bolt defect knowledge transfer of large models and select the large
model with the best performance in transferring bolt defect knowledge. The performance of the large and small models is
mapped on a number line in the form of accuracy. The calculation process of knowledge deviation proceeds as follows.
First, the difference in bolt defect classification accuracy between the large model with a known width and the small model
being instructed is calculated. Second, the difference in bolt defect classification accuracy between the large model and the
small model that is not being instructed is computed. Lastly, the ratio of the two differences before and after the calculation
is adopted as the knowledge deviation. The smaller the knowledge deviation is, the greater the degree of bolt defect knowl-
edge transfer is from the large model to the small model. The optimal knowledge transfer model is determined according to
the knowledge deviation of different widths and the bolt defect classification accuracy of the small models under different
guidance methods. The optimal knowledge transfer model combines the attention algorithm and the knowledge distillation
algorithm to guide in small model training and maximize the bolt defect classification performance of the small model. Result
The self-built bolt defect image classification data set verifies the effectiveness of this method in improving the accuracy of
bolt classification of the simplified small model. The data set is constructed by clipping and optimizing the transmission line
inspection image. The bolt defect image classification data set contains a total of 6 420 images, including 3 136 normal
bolts, 2 820 bolts with missing pins, and 464 bolts with missing nuts, which belong to three categories. Experimental
results show that the large model with a width of 5 has the best performance in transferring bolt defect knowledge to the
small model, and it increases the bolt defect classification accuracy of the small model by 5. 56% . The difference in the
accuracy of bolt defect classification between the small model and the optimal knowledge transfer model is only 2. 17% . The
knowledge deviation is 0.28, and the parameter of the small model is only 0.56% of the parameter of the large model.
Conclusion The proposed bolt defect classification method based on the optimal knowledge transfer network greatly alleviates
the problems of large model parameters and low classification accuracy of small models caused by bolt image characteristics.
Balance is achieved between the classification accuracy of the bolt defect image and resource consumption. The method meets
the requirements of actual field operation and maintenance, such as the work requirements of embedded equipment (e. g. ,
online monitoring in transmission lines) and reduces the resource consumption of transmission line patrol data analysis.

Key words: bolt defect classification; optimal knowledge transfer; knowledge deviation; knowledge distillation;
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Table 1 Classification accuracy of network

with different parameters

SRS RMERR/ % BEEE FITEUMB
ResNet-10-1 83.26 78 330 0.30
ResNet-40-1 89. 14 566 650 2.16
ResNet-40-2 89.71 2 248 954 8.58
ResNet-40-3 90. 11 5 046 650 19.25
ResNet-40-4 90. 47 8 959 994 34.17
ResNet-40-5 90. 99 13 988 986 53.36
ResNet-40-6 90. 63 20 133 626 76.80
ResNet-40-7 90.71 27 393 914 104. 50
ResNet-40-8 89. 89 35 769 850 136.45
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Table 2 Classification accuracy of the student

network after being instructed to train

S o 2 WA e B PR R S A 5/ %

HOmi 4
EREHeR TRZE
ResNet-40-1 85. 06 84. 15
ResNet-40-2 85.35 84.75
ResNet-40-3 85.36 85.31
ResNet-40-4 85. 55 85.64
ResNet-40-5 87.51 86.23
ResNet-40-6 86. 48 85. 85
ResNet-40-7 87.53 85. 06
ResNet-40-8 85.96 85.33
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Fig. 8 Mapping of bolt defect classification

accuracy in teacher-student networks
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Fig.9 The result curves of different guidance methods
((a) attention transfer algorithm

(b) knowledge distillation algorithm)
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Table 3 The classification accuracy of best

teacher network and student network

MY RUEwRER/w SEE FEUMB
ResNet-10-1 83.26 78 330 0. 30
ResNet-10-1
(AT +KD) 88. 82 78 330 0. 30
ResNet-40-5 90. 99 13 988 986 136. 45
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Fig. 11  Missing bolt with pin nut and

missing bolt with unthreaded nut
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Fig. 12 Nut missing bolt and normal bolt

DAL, 418 g R At PRI 2 2 0Bl £ A R AR K
T SO T IR 000 205 0 WA PRI AR 2K ) 22 S M 1) G 1
PR RS BRI AT S5 M B BT

N T E— R I B A Rk, E CIFAR-
10( Canadian Institute for Advanced Research) (4} 5
PEAT T e T I LR TRA 32 I 2% 1) [RTAR 73205 ¥ 1 5
BARTT, N 4 R

x4 B —FEMENSEEREMMNIVRE
Table 4 The classification accuracy and knowledge

deviation of teacher-student networks

FREML UK/ % AT+KD/%  FiRMm%E
ResNet-10-1 87. 68 - -
ResNet-40-1 93.58 87.90 0. 96
ResNet-40-2 94.78 88.01 0.95
ResNet-40-3 95.20 88. 32 0.91
ResNet-40-4 95.51 88. 54 0. 89
ResNet-40-5 95.78 88. 65 0. 88
ResNet-40-6 95.75 89. 09 0.83
ResNet-40-7 95. 90 88.26 0.93
ResNet-40-8 95. 89 88.78 0. 87
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