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Abstract

In natural environments, the growth of chili peppers is relatively dense, making it difficult for ob-
ject detection algorithms to distinguish between situations obstructed by branches and leaves or
other chili peppers. This increases the difficulty of automatically detecting chili peppers. In this
article, we used existing chili pepper datasets and conducted chili image recognition based on the
YOLOV5 algorithm model. In order to better detect chili peppers and reduce the detection difficul-
ty caused by branch and leaf occlusion and being obstructed by other chili peppers, we added the
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CBAM attention mechanism to the original YOLOv5 model and constructed a CM-YOLO model. Our
model’s mAP can reach 93.1%, which is 0.4 percentage points higher than the original YOLOv5
model. The CM-YOLO model we have constructed has improved the detection ability of chili pep-
pers, and can also be applied to other fields such as agricultural product recognition and classifi-
cation.
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Figure 1. Original YOLOV5 model
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Figure 2. YOLOvV5 model with added small target detection layer
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Figure 3. YOLOvV5 model fused with CBAM
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Figure 4. CBAM module structure diagram
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Figure 5. Original images of some datasets
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(@) J%h YOLOVSs 7 (b) CM-YOLO #i %4
Figure 6. Comparison of detection results between original YOLOv5s and CM-YOLO
6. JRYA YOLOVSs 5 CM-YOLO Hotiligt RELE:

BRI PN, 200 et A I 4 LR I A B SRS R B, NI () AN (D) P 7k L R R T LA
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Table 1. Comparison of test results
1 KNS REEE

mAP Precision Recall
JR 45 YOLOV5s 0.927 0.915 0.932
CM-YOLO 0.931 0.925 0.938

& LA DLEH, ZET CM-YOLO FBRHUS I 288 FE A A IR 5 i, A % 55 i sh 5 e BfopuRs: AT
%o 7 2JFIE YOLOVS #7 5 CM-YOLO A4S AE R A4k xF bk, I 7 iTLAE H, CM-YOLO A4
B PR AN 2 2% B n B .
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Figure 7. Comparison of feature visualization between the original YOLOv5 model and the CM-YOLO model
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