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Research of workpiece defects recognition method based on

lightweight CNN and active learning

Yao Minghai, Yang Zhen
( College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023)
Abstract

Automatic detection of workpiece defects through image recognition technology can improve efficiency and re-
duce labor cost. Because of its strong feature extraction ability, convolutional neural networks ( CNN) are widely
used in image recognition and other fields. However, the existing CNN models are difficult to be applied to auto-
matic detection of workpiece defects in real time with the disadvantage of huge amount of parameters and computa-
tion, and the high cost of manual labeling in massive workpiece data sets. In this paper, a new approach for work-
piece defect detection is proposed by combining lightweight CNN with active learning, which constructs a light-
weight CNN by deep separable convolution and inverted residual convolution, and uses active learning method to
add labeled samples continuously in the process of detection. Experiments show that the proposed method can

achieve a high recognition accuracy of 98.3% and a labeling cost reduction of 18. 8% simultaneously.

Key words: convolutional neural network (CNN), active learning, lightweight, defect recognition

— 332 —



