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TR JE 5 3] 69 YOLOR-ECA (YOLOVS and ResNet50 with efficient channel attention) ¥ F 7T 22 440 F ik . & 26 R A
YOLOV8 M%& ZALTRAALE , 5K)G KA ResNet50 W&t 2 4% 3k B T B #EATR 7] - & |, il 1t 5T B4 A £ 6938 8%,
W) gm0 o R AR AE o A FRITEER 3F R D B AEARATT B0 fn R AR R IRAL S, 5 R W& FIN ECA EE S
WU, FF AT FR £ M0 1R E 43 o AT Ik i 2 AYZ Lk, R A GELU (Gauss1an Error Linear Units) #7& 4L,
Frss R A, Bt a) YOLOR-ECA HEAL 694l A4 & % 96.6%, F BT T/ R 0 469 iR 5 M B 5% T4 100%,
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Electronic Component Detection and Classification Based on YOLOvS8
and Improved ResNet50
GUO Wenqi', YANG Guowei', HUANG Luyao', WANG Fei’

(1. College of Electronic Information and Automation, Tianjin University of Science and Technology, Tianjin 300457, China;
2. Jiaxing Sci-jet Intelligent Equipment Co., Ltd., Jiaxing 314500, China)

Abstract: Electronic components have various types, and the types have no consistent fine-grained classification standard.
To quickly classify the components at different granularities, in this article we propose YOLOv8 and ResNet50 with Efficient
Channel Attention (YOLOR-ECA) , a deep learning-based electronic component detection algorithm. Firstly, YOLOvS net-
work is used to locate the position of components. Secondly, ResNet50 network is used to identify and classify components
obtained through positioning. The design method can meet different fine-grained classification standards by increasing or
decreasing types of components. In order to extract the detailed features of components with small-sized and feature similar-
ity, ECA attention mechanism is added to classification network, and shortcut connection of residual structure is modified.
To avoid neuronal inactivation, Gaussian Error Linear Units (GELU) activation function is used. The experiments show that
the improved YOLOR-ECA model has a detection accuracy of 96.6% . The highest recognition accuracy for small-sized
components can reach 100% ,and the lowest false detection rate for components with feature similarity can be reduced to
0.01% . YOLOR-ECA can efficiently detect electronic components under different fine-grained classification standards.
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Tab.1 Types of electronic components
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Fig. 1 Example of dataset images
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Fig.2 Flowchart of electronic component detection algo-
rithm
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Fig.3 Structural diagram of ECA attention mechanism

R 2 BRI ResNetS0 M E &S]
Tab.2 Network architecture of improved ResNet50
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Fig. 4 Residual structure before and after improvement
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Tab.3 Network training parameter settings
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Fig. 5 Training loss value of YOLOvV8
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Fig. 6 Positioning detection results of YOLOv8
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Tab.4 Ablation study results
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Fig. 7 Blurred image detection results before and after improvement
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Tab.5 Image detection results of similar features before and after improvement
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Fig. 8 Visualization of test results
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