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Abstract: Aiming at the problems of the existing small target solder joint defect detection methods, such
as error detection and leakage detection, an improved YOLOv7 small target solder joint defect detection
algorithm was proposed. Considering the small size of solder joints, a small target detection layer and
detection head were added to extract more shallow feature information. The non-parametric attention
mechanism (SimAM) was introduced to assign 3D weights to the feature graphs to improve the feature
extraction ability of the model. Partial Convolution (PConv) was used to reconstruct ELAN modules to
reduce redundant operations and memory access, and GiraffeDet was used to integrate different scale

features at the neck to improve the lightweight of the model. Finally, the NWD (Normalized Wasserstein
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Distance) loss function was used to improve the original CloU loss function, which sped up the convergence

of the model and improved the detection accuracy of small targets. Experimental results show that the

average detection accuracy of the improved YOLOV7 algorithm reaches 90. 3% , which is 5. 1% higher

than that of the original algorithm. The recall rate is 3. 2% higher, the number of parameters is 36. 3%

lower, and the convergence speed has been greatly improved. This algorithm provides a reference for

detecting small target solder joint defects in edge equipment.
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Tab.1 Classification and number of targets in the data set

Defect type  Training set  Validation set Total
Bridge 912 314 1226
Insuff 10 408 1515 10 559
Excess 2 040 593 2633
Spike 4530 1230 5760
Accept 10 136 3091 13 227
Square 1284 400 1684
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Tab.2 Ablation experiments

Small goal layer SimAM PConv  Generalized-FPN NWD mAP/% P/% R/%

o

Params/M  GFLOPs/G

85.2 82.6  82.5 37.22 105. 2
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Tab.3 Detection results of different algorithm models

mAP/ Params/ GFLOPs/
Model P/% R/%
% M G

YOLOv3-tiny 66.8 68.7 60.6 8.68 13.0

YOLOv3 8§2.8 80.9 80.7 61.55 155.3

YOLOvSs 80.4 75.8 78.2 7.36 16.0

YOLOvom  82.3 77.2 81.9 20.89 48.3
YOLOv7

o 85.2 82.6 82.5 37.22 105. 2
(original)

YOLOVSs 84.2 79.5 79.5 11.14 28.7

YOLOv8m  86.0 80.0 82.2 25.86 79.1
YOLOv7

. 90.3 84.3 85.7 23.70 85.4

(improved)
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