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Reserch on Quality Detection Method for Automobile Safety Belt Retractor

Based on Sound Signal
LIU Hongda, ZUO Dunwen, WANG Yong, JIN Mengmeng
(College of Mechanical and Electrical Engineering, Nanjing University of Aeronautics and

Astronautics, Nanjing 210016, China)
Abstract:In order to improve the quality inspection efficiency of the automobile seat belt production site, an experimental
platform is built according to the “QC/T987—2014 Automotive Seat Belt Retractor Performance Requirements and Test
Methods” to collect the sound signals during the working process of the retractor qualified and defective products. Before the
convolutional attention module ( CBAM )is embedded into the residual network ( ResNet—18)residual block, a CBAM—ResNet—
18 “Before Blocks” model is designed to classify the collected retractor sound signals. Compared with the ResNet—18 model
without the attention mechanism, the CBAM—ResNet—18 “ Within Blocks” model with the attention mechanism after the residual
block, the traditional classification model support vector machine and random forest, the designed model performs well in the
aspects of confusion matrix, accuracy, precision, recall rate and F| value in the task of retractor sound signal classification,
which is very effective for the qualitaty detection of automobile safety belt retractors based on the sound signal.
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