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Defect detection of tower bolts by fusion of priori information

and feature constraints

Yan Guangwei, Zhou Xiangjun, Jiao Runhai’, He Hui

School of Control and Computer Engineering , North China Electric Power University , Beijing 100096, China

Abstract: Objective Bolts, as fasteners, play a role in connecting and fixing key components in power towers. Adverse
environments, mechanical vibrations, and material aging may cause the bolt cotter pins to fall off or come out, thus impact-
ing the normal operations of other parts on the transmission line. Monitoring, testing, and maintenance of bolt conditions
play crucial roles in ensuring the uninterrupted operation of a power system. However, the timely and efficient automatic
detection of transmission line bolt defects in a power system poses a challenge. Aiming at the challenges of intra-class diver-
sity and inter-class similarity in automatic bolt defect detection, a faster regions with convolutional neural network (Faster
R-CNN) model training method based on prior information and feature constraints is proposed in this paper. Method In the
pre-processing of an aerial inspection image, this paper designs a region of interest extraction algorithm based on prior infor-

mation that can extract the context region of the identified object so as to reduce the amount of data in the training stage,
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help the model focus on the key areas in the training stage, and improve its feature extraction ability. In the model training
stage, the output features of Faster R-CNN model are initially constrained by the Fisher constraint to reduce the intra-class
distances of the sample features while increasing their inter-class intervals, which improves the differentiation of sample
features. Afterward, the K-nearest neighbor algorithm is used to process the sample features to obtain the k-nearest neigh-
bor probability, which is used as an indication of difficult samples to make the model pay attention to difficult samples in
the future. Result All data used in this paper are real aerial inspection images from a power company in Central China.
Bolts on the power tower can be divided into bolts with and without pins. Bolts with pins connect and fix the key compo-
nents and need to bear a large force. Compared with bolts without pins, those with pins are more prone to defects. There-
fore, this paper treats bolts with pins as the research object. According to the state of the cotter pin on the bolt, bolts with
pins are divided into normal and defective bolts, of which defective bolis have fallen or loose cotter pins. The dataset con-
tains 28 887 images, with each image having a resolution of 5 000 X 3 000 pixels. The training set, validation set, and test
set are divided according to the ratio of 8:1:1. The proposed model is then tested on this dataset. Compared with the base-
line model, the proposed model improves the mean average precision of bolt recognition by 6. 4%, increases the average
precision of normal bolt identification by 0. 9%, and increases the average accuracy of defective bolt identification by 12%.
Conclusion In this paper, the problems of intra-class diversity and inter-class similarity in bolt defect detection are
explored , and a method of transmission tower bolt defect detection based on the fusion of prior information and feature con-
straints is proposed. This improves the recognition effect of the model on bolt defects and lays a good foundation for the auto-
matic detection of bolt defects in transmission lines.

Key words: power inspection; bolt defect detection; intra-class diversity; inter-class similarity; prior information; feature

constraints; faster regions with convolutional neural network (Faster R-CNN)
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Table 3 The influence of the value of the nearest

neighbor number K on the detection results
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Fig. 9 The confusion matrix of the detection task ((a) baseline model; (h) model III )
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