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Research on an improved YOLOv8n-based method for defect
detection in express packages

Yang Huimin Gao Xiaowen Li Ruitao Wang Hanxia

(College of Civil Engineering and Transportation, Northeast Forestry University, Harbin 150040, China)

Abstract: To address the limited recognition capability of complex package types and fine-grained features in package
defect detection, as well as the shortcomings in precision and real-time performance of existing models, this paper
proposes an improved YOLOv8n-based algorithm for defect detection in express packages. First, the C2f module in the
network is integrated with frequency-adaptive dilated convolution (FADC) to design the C2[-FADC module, which
dynamically adjusts when handling multi-scale and multi-frequency defect detection tasks, optimizing the feature
extraction process and improving the representational ability. Secondly, the SimSPPF module is introduced to replace
the original SPPF module, simplifying the structure while enhancing multi-scale feature fusion capability and improving
the perception of small-sized targets. Finally, the bounding box regression loss function is replaced with Shape-IoU to
more accurately model the shape and scale differences between the predicted and ground-truth boxes, optimizing the
detection localization performance. On a self-constructed package defect dataset, the improved algorithm achieved a
detection accuracy of 96.3% , with a 4.4% in-crease in mAP50 compared to the original algorithm, and a detection
speed of 98 FPS. Considering both precision and speed, the proposed method shows significant advantages over other
algorithms, validating its effectiveness and superiority.

Keywords: defect detection; express package; YOLOv8n; frequency-adaptive dilated convolution (FADC) ; SimSPPF;
Shape-loU
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Table 1 Comparison of experiments with different
convolutional networks
. mAP50/ mAP50- Params/
B LR 25 % 05/ % GFLOPs FPS
YOLOv8n 91.9 86.9 3.0 8.1 84
ODConv 81.5 72.0 2.5 5.6 81
DSConv 86. 6 79.8 3.2 8.4 45
DynamicConv ~ 88. 3 82.8 3.3 6.5 56
SAConv 88.9 85.4 3.6 7.0 53
SCCConv 90. 2 85.9 3.1 8.2 85
SPDConv 87.0 81.9 2.7 7.4 87
AKConv 85.3 80. 3 2.7 7.4 46
RFAConv 88.2 83.2 3.0 8.3 45
FADC 95.1 90. 2 3.0 8.1 92

Wi 1 LA R T, B FADC 46 FUBT 3R I,
TR G 0 P i R AR, 48 mAP50 1 mAP50-95 43 Bk 5| T
95. 1% A1 90. 2% ; MHEE T H AL B M4, £ mAP50 |3
T 13.6%.8.5%.6.8%.6.2%.4.9%.8.1%.9.8% Al
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Table 2 Comparison results of different loss functions

PR mAP50/% mAP50-95/% Params/M FPS
CloU 91.9 86.9 3 84
SD Loss 91.6 86.9 3 58
MP-DIoU 90. 2 86. 4 3 59
Powerful-IoU 91.3 86. 6 3 86
Focaler-GloU 90. 3 85. 4 3 69
Focaler-CloU 91.9 86. 8 3 63
Focaler-DIoU 91. 4 85.0 3 86
Slide Loss 91.3 86. 6 3 85
Shape-ToU 92.3 87.4 3 85

HIR 2 AT 78 S50 AN Z I B0 T A TR A 45 2% o
0 A5 TR 4 A 4 B T AR O R A HE BB mAPS0,

mAP50-95 fil FPS 43 52 F T 0.4%.0.5% fl 1, £ B

Shape-ToU £ -4 & 0 K5 i A0 55 4% 3 7 i B 1L 9, fg
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Fig. 8 Comparison of different convergence curves
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il B HR AR B AT 4 AV RS . Hoh, M1 R C2f
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Table 3 Comparison results of ablation experiments

bRl C2f-FADC SimSPPF Shape-ToU mAP50/ % Params GFLOPs FPS
YOLOv8n 91.9 3006 623 8.1 84
+M1 N 95.1 3006 623 8.1 92

+ M2 J 92. 8 3007 007 8.1 87
+M3 N 92.3 3006 623 8.1 85
+M1+M2 J J 96. 1 3007 007 8.1 96
+M1+M3 J N 95. 3 3006 623 8.1 93
+M2+M3 NG N/ 93. 2 3007 007 8.1 89
+Ml1+M2+ M3 NG N/ N 96. 3 3007 007 8.1 98
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(b) Intuitive detection results of the proposed algorithm
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Fig. 9 Visualization of express package defect comparison
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Table 4 Performance comparison results of different network models
7 completion seal broadside Fold stained mAP50/% Params/M  GFLOPs FPS
Faster-RCNN 94.5 84.3 83.0 86.5 89. 2 87.5 41.3 254. 1 9
SSD(vggl6) 97.6 83.2 78.2 85.3 93.1 87. 4 25.8 137. 2 25
YOLOVv5s 98.1 81.4 78.3 85.9 91.7 87.0 7.02 15. 8 37
YOLOX-s 93.7 90. 1 85.3 87.5 88.7 89.0 9 26.77 35
YOLOv7-tiny 95.7 64.3 66. 2 74.1 77.1 75.5 6 13.1 41
YOLOv8n 98.9 89.7 86. 1 89.6 95.1 91.9 3 8.1 84
YOLOvV9t 98.9 85.1 85.8 89.9 92.4 90. 4 2 7.6 52
YOLOv10n 98. 6 88.1 82.5 89. 6 92.6 90. 3 6.7 53
YOLOvlln 99.2 87.8 86.7 90. 1 95.1 91.8 2.6 6.3 74
YOLOv12n 99.1 89.3 83.0 86. 6 94. 1 90. 4 2.6 6.5 63
Ak 99.9 95.0 93.7 95. 1 97.9 96.3 3 8.1 98
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