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Unsupervised Character Defect Detection Based on Rank-regularized

Geometric Transformations
MIAO Xiangbin, LUO Jiangiao, LI Bailin
(' School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract : To overcome the difficulty in distinguishing highly similar qualified and defective characters by anomaly detection method
based on geometric transformations ( GT), which neglects feature compactness, by defining a rank-regularized loss function to
encourage compact feature expression, proposes a character defect detection algorithm based on rank - regularized geometric
transformation (RRGT). In unsupervised anomaly detection, only normal samples ( qualified characters) is applied as training sets,
and different types of geometric transformations are imposed on training samples in RRGT. The rank-regularized loss is defined to
train a network model that can recognize the transformation type imposed on normal samples.The rank regularizavtion enforces the
feature matrix of the same geometric transformation to be low-rank, which encourages feature compactness. At inference stage, the
network is used to predict the transformation type imposed on unseen samples. Since the network is never trained on the anomaly
(defective characters), the network outputs high prediction uncertainty for the anomaly. Thus, the anomaly can be identified
according to the uncertainty. The experiments on the dot characters printed on WANG WANG milk boxes show that compared to GT,
RRGT obviously enhances the network’s ability to identify the prediction uncertainty for defective characters, and the AUC for defect
detection is improved by 4.8%.
Keywords ; character defect detection ; unsupervised anomaly detection;geometric transformation ;convolutional neural network; rank
regularization
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