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Abstract: Problems such as heavy workload, low manual detection efficiency, and inconsistent
quality inspection standards of workers during the production process of dehydrated vegetables
exist. To address these issues, a foreign object detection method based on improved YOLOVS,
namely YOLOv8n—-BCS, was proposed. This method could assist workers in improving quality
inspection efficiency and reducing labor intensity. The YOLOv8n-BCS model introduced
ShuffleNetV2 and BoTNet (bottleneck transformer network) into the backbone network and
incorporated the simple attention module (SimAM) attention mechanism and lightweight
upsampling operator content-aware reassembly of features (CARAFE) into the neck structure.
The similarity intersection over union (SIoU) function was also used to calculate regression loss.
By using an NVIDIA GeForce RTX 3080 server for training and testing, the experimental results
show that the YOLOv8n-BCS model has an accuracy P of 96. 8%, a recall R of 94. 7%, a
harmonic mean F1 of 95. 7%, a mean average accuracy (mAP) of 97. 1%, a frame rate of 231 {/s,
and a model volume of 6. 1 MB. Compared with the control model, the YOLOv8n-BCS model has
reduced capacity, as well as improved detection speed and average accuracy, providing a technical
reference for optimizing intelligent detection and sorting systems for dehydrated vegetables.

Key words: foreign object in dehydrated vegetables; YOLOvV8; object detection; image
recognition; lightweight
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Fig. 1 Structure of YOLOvV8 network
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Fig. 3 Structure of ShuffleNetV2 network
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Fig. 7 Foreign object images
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iR P A I R SEEIRS B mAP FURME L, Table 1 Foreign object dataset of vegetables
BEFPRE L b P TR FPS 545 75 K /N (weights ) . K S WIgE g WitgE it
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Fig. 8 Model training process
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Fig. 10 Comparison of mAP curves
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Table 2 Performance comparison of different models

RS0 YOLOV3 YOLOVS5s YOLOv8n YOLOv8n-BCS
PI% 93.1 96. 0 96. 1 96. 8
RI% 90. 7 93.9 94.2 94.7
F1/% 91.9 94.9 95.1 95.7
mAP/% 92.3 9.3 9.5 97.1
FPS/(f+s™) 143. 483 224.116 198. 847 231. 476
R /NVMB 235 18.6 6.2 6.1
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Table 3 Model’s ablation experiment

T R ShuffleNetVa CARAFE SimAM SIoU P/ R  Fl1/% mAP/% L
BoTNET fog
1 YOLOvSn x x x x 96. 1 94.2  95.1 96.5  198.847
FER2  YOLOvSn N x x N 96.3  94.2  95.2 96.7  210.452
%3 YOLOv8n x x N Vo961 940 950  96.5  202.926
FiH4  YOLOvSn x N x N 96. 1 94.3 95.2 96.4  205.424
Fi%5  YOLOvSn x N N V963 945 954  96.6  208.867
%6 YOLOvSn N N x Vo967 935 951  96.6  205.723
A7 YOLOvSn N x N 96.4 941 952 96.7  212.428
%8 YOLOv8n N N v 968 947 957  97.1  231.476
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A EE #5573 5] A SimAM £ SIoU Ji& , Hok5 i % P
FIF- 50K B Y(E mAP AR FEANAE , A 1515R R 5 Al
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