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Multi-target detection of transmission lines based on improved cascade R-CNN

Li Xin' Liu Shuainan' Yang Zhen' Wang Keke’
(1. Faculty of Electrical and Control Engineering, Liaoning Technical University, Huludao 125100, China;
2. Nanjing Institute of Electronic Technology, Nanjing 210039, China)

Abstract: Aiming at the problems of difficulty in detecting small targets in UAV inspection images, obstacles blocking targets and
imbalance between positive and negative samples, a multi-target detection method based on improved Cascade R-CNN was proposed for
transmission lines. The feature extraction network of the Cascade R-CNN was improved. Based on the basic network structure of
ResNetl01, a new 6-layer feature pyramid network structure was designed to achieve feature fusion, improving the detection ability of
small targets and overlapping targets. The Gaussian Soft-NMS method was introduced to reduce the missed detection rate of the target
with occlusion. The Focal loss was used to improve the loss function, alleviating the impact of imbalance between positive and negative
samples on detection accuracy. During the training process, the data set was expanded based on data enhancement methods such as
adding noise, brightness transformation and scaling, which improved the generalization performance of the training model. Experimental
results show that the improved model can simultaneously detect three types of porcelain insulators, porcelain insulator defects, interphase
rods, anti-vibration hammers and bird’ s nests under complex backgrounds. The average accuracy ( mAP) reaches 94. 1%, which
provides a new idea for the intelligent inspection of transmission lines.
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Fig.2 A multi-objective identification model for transmission lines based on Cascade R-CNN
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Fig.7 The detection effect of multiple targets
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Table 4 Test results of this algorithm

% PRic#c KB AR AP
INSULATOR 3870 3706 0.958 0.956
INSULATOR_DEFECT 2526 2443 0.967 0. 963
SHOCK_HAMMER 1656 1498 0.905 0.901
SPACE 3210 3018 0. 940 0.938
BIRDHOUSE 421 405 0.962 0.947

mAP 0.941
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Table 5 Comparison of different algorithms

251 Loss mAP

A3 0.017 11 0. 941

Faster R-CNN( ResNet50) 0.049 10 0.796
Faster R-CNN( ResNet101) 0.041 99 0. 826
Cascade R-CNN( ResNet50) 0.024 29 0. 865
Cascade R-CNN( ResNet101) 0.011 90 0. 882
Cascade R-CNN+( ResNet101) 0. 020 60 0.916
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