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Lightweight Chip Package Defect Detection Method Based on Improved YOLOVS

LAI Wu-gang, LI Jia-nan, LIN Fan-qiang

(College of Mechanical and Electrical Engineering, Chengdu University of Technology, Chengdu 610059, China)

ABSTRACT: The work aims to propose a YOLOvS5-SPM detection network, solve the challenges concerning diminished
detection accuracy and complex model deployment encountered in chip packaging defect detection, to enhance detection
accuracy and facilitate the implementation of lightweight models. The channel attention mechanism was placed after each
feature extraction module to increase the importance of defect-related channels, reduce the interference of redundant fea-
tures and improve the target detection accuracy. Then, the SImSPPF pyramid pooling structure was used in the connection
of the backbone network and the neck network to integrate multi-resolution features of the self-built chip data set more
effectively. After that, the feature extraction module of the backbone network was replaced with MobileNetV3 and the
conventional convolution was replaced with deep convolution and point convolution to significantly reduce the model size
and calculation scale. The improved new network YOLOv5s-SPM achieved a 0.6% increase in mean average precision
and a 3.2% increase in accuracy compared with the original network, while reducing the model parameters by 29.5%. The
experimental results validate the superiority of the proposed network in achieving higher accuracy and faster detection
speed in the task of chip defect detection. Since the model parameters are reduced by 29.5%, it can also be deployed on
industrial embedded devices.

KEY WORDS: YOLOVS; chip package defect detection; channel attention mechanism; simplified spatial pyramid pool-
ing-fast; lightweight
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Tab.1 Comparison of model complexity
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Tab.2 Comparison of model performance
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Tab.3 Comparison of detection results of different models

Ap/%
A Pin Defect Scratch MAp@0.5/%0
(BB ) (Z2EPRIR )
YOLOvVS5s 91.0 79.8 85.4
YOLOv7-tiny 83.6 55.9 69.7
GhostNet 90.2 76.1 83.1
YOLOvV5s-SPM 91.2 80.9 86.0
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Tab.4 Performance comparison of different models
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