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TFT-LCD Circuit Defects Detection Based on Faster R—CNN

HE Jungie XIAO Ke LIU Chang CHEN Song-yan
(School of Physical Science and Technology Xiamen University Xiamen 361001 China)

Abstract: The detection of tiny and complex defects in the border circuit of Thin Film Transistor-Liquid Crystal Display (TFT-
LCD) has been a difficult point in Automatic Optical Inspection (AOI). This paper detects TFT-L.CD border circuit defects by u—
sing improved Faster Region-hased Convolutional Neural Network (Faster R-CNN). The algorithm extracts features from shared
convolutional layers firstly and then generates candidate regions accurately through the multilayered Region Proposal Network
(RPN) which can recognize and locate the targets combining with classification information. We analyze the performances of the
method with different network structures we designed and compare with different algorithms. The experiments trained in a border
circuit dataset show that the method achieves excellent performance and the detection system can recognize and locate six kinds
of TFT-LCD border circuit defects in one image simultaneously within 0. 12 s and achieve an accuracy of 94.6% .
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