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Abstract

In the cigarette production process, defects such as water stains, yellow spots, wrinkles, and damage
are common issues. Traditional methods rely on manual inspection, but due to factors like visual fa-
tigue, production efficiency is not optimal. To address this problem, this paper proposes a cigarette
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stain detection algorithm based on an improved YOLOv8. We use the YOLOv8 network as the back-
bone model and incorporate a spatial attention mechanism to reduce the false detection and missed
detection rates of small target samples. Experimental results show that, compared to the latest
YOLOv8 algorithm, the improved algorithm increases the mean Average Precision (mAP) and Recall
on the cigarette stain dataset by 6.3% and 1.8%, respectively, and improves precision by 6.2%.
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Figure 1. Advantages of YOLOv8 compared to other versions
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Figure 2. C3 structure diagram
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Figure 3. C2f structure diagram
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Figure 4. CBAM structure diagram
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Figure 5. Submodule schematic diagram
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Figure 6. ROI Images of a cigarette after rotation by three angles
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Figure 7. System hardware and software solution
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Figure 8. Examples of normal and stained cigarette samples collected: (1) Stained Sample 1; (2) Stained Sample 2; (3) Stained
Sample 3; (4) Clean sample 4
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Table 1. Comparison of results with different attention mechanisms
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Figure 9. Other relevant results of CBAM-YOLOV8 model
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Figure 10. Experimental results comparison: (1) Undetected photo; (2) Detected photo; (3) Comparison image
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