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Transferable detection for low texture components of transmission tower

Wu Hua', Liang Fangzheng', Liu Cao', Bai Xiaojing', Lyu Min’

(1. AMaze indusirial robot research center, School of Conirol and Computer Engineering, North China Electric Power University,
Beijing 102206, China; 2. China Academy of Information and Communications Technology, Beijing 100083, China)

Abstract: For key low texture components of the transmission tower, most detection methods rely on the labeling and training of a large
number of sample images, while these samples are usually scarce. Proposes a transferable detection method-PowerNet for the key low
textured components. It combines Siamese network and cross-correlation convolution to fuse the features of sample block and search
region, and effectively filters out the background of the component sample image using mask cropping. Finally, scoring candidate region
is proposed where the scale, location, and IoU are adopted to improve the accuracy of detection. Experiments show that mask cropping
and scoring candidate region play an important role in accurate detection. According to AP50 criterion, the average accuracy rate of our
detection method reaches 98% , which can detect various components of the transmission tower concerning the variance of view angle,
scale, or illumination.
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Fig. 1 Evaluation results of several algorithms
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Fig. 3 Ablation experiments for mask cropping
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Fig. 6 Line chart of AP, experimental results
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Table 2 AP, experimental results
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