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Detection method of capacitor surface defects based on improved YOLOv3
LI Junjie, ZHOU Hua, TANG Ganghao

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Based on the problems of poor efficiency and low accuracy of the methods used in the task of capacitor surface defect
recognition, an improved YOLOv3 (you only look once) method for capacitor surface defect detection is proposed. In the research,
use Complete Intersection over Union ( CloU) to calculate the loss function to speed up convergence and improve positioning
accuracy; use Mosaic method to enhance the data set and enrich the detection samples; use K-means clustering algorithm to
optimize a priori box, making a priori box more suitable for solving the detection of capacitance surface defects problem; introduce
a feature fusion layer based on the Path Aggregation Network (PANet) structure to enhance semantic information and positioning
information. Experimental results show that the average accuracy of the improved YOLOvV3 algorithm can reach 89.70%, which is
the improvement of 4.79% compared with the original algorithm. Compared with other mainstream algorithms, this algorithm has
higher accuracy in surface defect detection of tantalum capacitors and can meet the requirements of real-time detection.

[ Key words] image processing; loss function; feature fusion; deep learning; defect detection
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Fig. 1 Partial structure of YOLOvV3 network
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Fig. 2 IoU calculation
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Fig. 3 Calculation flaws of IoU
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Fig. 4 Mosaic data enhancement
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Tab. 1 Prior box size
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Fig. 6 Improved feature fusion network
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RetinaNet 82.68 0.093 10.75
SSD 80.67 0.017 58.82
YOLOv3-SPP 84.90 0.025 40.00
YOLOvS 86.15 0.024 41.66
ESEERN 89.70 0.033 30.30

loss

epoch
B9 BHAIE loss Bk

Fig. 9 The loss curve before and after the improvement
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