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TEDS underbody fault location algorithm in virtue of
weak texture matching

HUANG Yueyu, ZHOU Hang, CHEN Yehong, LU Xin, YU Jia, HAN Ruiyu
(School of Electronic and Information Engineering, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Fault recognition accuracy in the trouble of moving EMU detection system (TEDS) is suboptimal. Thus, a
method for locating potential fault areas at the bottom of EMU by means of weak texture matching is proposed. First, a
large number of feature points in the weak texture areas are detected using the topological crossover number. Second,
feature points are selected on the basis of the topological crossover number of each pixel within a specified ring area
centered on the feature points. This approach aims to construct corresponding feature vectors to achieve the matching of
weak texture features. Finally, the registered image is compared to locate the potential fault areas. Experimental results
show that the algorithm ensures matching accuracy; it can also detect most potential fault areas. The matching accuracy
of weak texture areas is more than 80%, with feature matching pairs in all image pairs. Such a result provides favorable
conditions for accurate fault classification in the future.

Keywords: image registration; feature matching; weak texture feature; potential fault; area location; topological cros-

sover number; mean shift; feature selection
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tion methods
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Table 2 Experimental results of threshold parameter
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