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A lightweight cherry leaf disease detection model improved based on
YOLO v8n

TANG Xiyan, GUO Wenfang, YANG Jingjing, ZHAO Yuxuan, FENG Guiliang
( College of Information Science and Engineering, Hebei North Unwversity, Zhangjiakou 075000, China)

Abstract: In response to the problems of low recognition accuracy, high computational complexity, and difficult de-
ployment on mobile terminals that existed in current models for cherry disease detection, this study proposed a lightweight
cherry leaf disease detection model named YOLOv8n-BFGC based on YOLO v8n. Firstly, the Concat structure in the neck
network of YOLO v8n model was replaced with a bidirectional feature pyramid network ( BiFPN) structure to enhance the
multi-scale feature fusion ability and improve the detection accuracy. Secondly, GhostConv module was introduced in the
main network to replace the traditional convolution module, and the C3Ghost module was adopted, significantly reducing
the parameter quantity and computational cost without sacrificing accuracy. Finally, the CBAM module was embedded at the
end of the main network to strengthen the extraction ability of key features. Experimental results showed that the YOLO v8n-
BFGC model achieved a precision (P) of 93.1%, a recall rate (R) of 89.7%, and a mean average precision (mAPs,) of
93.8%. Compared with the original YOLO v8n model, the parameter quantity was reduced by 63.3% , and the computation-

al cost was decreased by 49.4%. Compared with mainstream YOLO models, the improved model showed superiority in both

accuracy and lightweightness. The results of this study can

i B 49 :2025-09-02 provide effective technical support for the efficient and
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Fig.1 Morphological characteristics of healthy cherry leaves and leaves with four major diseases
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Fig.2 Data augmentation effects of cherry leaf disease images
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Fig.3 Schematic diagram of the improved YOLO v8n model
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Fig.4 Structure of the bidirectional feature pyramid network ( BiFPN)
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Fig.5 Schematic diagram of convolution module
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Table 1 Performance comparison of YOLO v8n with different at-

tention mechanisms

mAPs,  mAPs) g5 GFLOPs Params

gegbm o T m S T
YOLO v8n 92.3 71.9 92.0 8.1 3.0
YOLO v8n+GAM 93.3 78.3 92.1 9.4 4.6
YOLO v8n+SimAM  92.6 79.0 91.4 8.1 3.0
YOLO v8n+CAFM 92.8 77.2 91.2 8.4 33
YOLO v8n+CBAM 93.3 76.3 92.0 8.1 3.0
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Table 3 Comparison results of lightweight modules

Hm P R mAPs, GFLOPs Params F FPS [ E NN
(%) (%) (%) (G) (M) (T, 1 s) (MB)
YOLO v8n 93.5 90.7 2.3 8.1 3.0 92.0 68.9 5.9
YOLO v8n-G1 90.4 90.6 92.0 7.8 2.4 90.4 65.7 5.7
YOLO v8n-G2 91.2 90.5 92.3 5.1 2.2 90.7 70.4 4.7
YOLO v8n-G1-G2 90.9 91.3 92.9 5.0 1.7 91.1 72.4 3.6
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mAP 35 92.9% | IRl N S50 W E A 36.7% . X—  38.3%, XEMJE YOLO v8n B T M4 th 1778 K
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Table 4 Comparison of ablation experiment results
pom BéifI;N Ghost Conv  CBAM P R mAPs, GFLOPs ~ Params IR/ P FPS
454 Bk Fie (%) (%) (%) (G) (M) (MB) (7,1 )
A 93.5 90.7 92.3 8.1 3.0 5.9 92.0 68.9
B vV 9.3 90.7 92.9 7.1 1.9 4.6 92.3 64.9
C Y 90.9 91.3 92.9 5.0 1.7 3.6 91.1 72.4
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Fig.8 Heatmap comparison of the improved model
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