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Grading detection for tomato leaf mold severity based on improved light-
weight YOLO v8n

TANG Xiuying, SUN Zhongging, YANG Linlin, YU Jing, LIU Zhenglin, WANG Pei, SHI Jie
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Abstract: To further improve the accuracy and efficiency of tomato leaf mold severity grading recognition, reduce the
complexity and weight of the detection model, and facilitate deployment on mobile devices, this study improved the
YOLO v8n model and proposed a lightweight disease severity grading detection method. The UIB module from MobileNetV4
was introduced to replace the C2f convolutional layer in the YOLO v8n model, reducing computational load and the number
of parameters to meet the requirements for lightweight deployment on mobile devices. The cascaded group attention (CGA)
module was incorporated into the highest-dimensional layer of the backbone network, along with the introduction of position-
al bias. Additionally, the original decoupled detection head was replaced with a dual attention-enhanced detection head.

These modifications enabled the model to achieve precise localization of leaf mold symptoms. The results demonstrated that
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most  significant improvement in model performance.

Compared to the YOLO v8n model, the YOLO v8n-UC-

BHAEE 7, (E-mail) km_shijie@ 126.com reduced by 43.33% and 32.86%, respectively. Compared
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with other mainstream models, the YOLO v8n-UC-DAE model developed in this study is capable of meeting the require-

ments for grading the severity of tomato leaf mold and has effectively addressed the challenges associated with mobile de-

ployment.
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Fig.1 Symptoms on tomato leaves across healthy and various leaf mold infection stages
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Table 1 Disease severity grading and sample size for tomato leaf mold
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Fig.3 Structure of the improved C2f_UIB in this study
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Fig.4 Structural improvements to the cascaded group attention ( CGA) module proposed in this study
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Fig.8 Comparison results of mAPs, and mAP, ; before and after YOLO v8n improvements
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Fig.9 Heatmaps of model attention to disease areas before and after YOLO v8n model improvements
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Table 4 Comparison of mAP for tomato leaf mold severity grading before and after YOLO v8n improvements

ﬁﬁ%%g& mAPso(%) mAP50-9s(%)
(%) YOLO v8n K% YOLO v8n-UC-DAE 71 YOLO v8n K% YOLO v8n-UC-DAE %1
0 99.5 99.5 98.4 97.8
1 92.6 97.0 87.5 92.4
3 75.2 86.5 72.8 85.1
5 79.7 77.6 75.1 72.8
7 80.3 88.9 76.3 85.0
9 97.4 98.0 93.3 93.0

mAPsy \mAPsq o5 L3 3 T
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Table 5 Performance comparison of improved models with different lightweight backbone networks

FEFW% P(%) R(%) mAPs,(%) mAPsg.95( %) GFLOPs(GB) HIE (MB)
MobileViTv2 79.2 85.6 87.4 84.6 11.3 6.9
ShuffleNetv2 74.5 91.3 88.9 86.6 7.4 5.9
FasterNet 77.8 84.1 88.0 84.7 37.0 30.7
GhostNetv2 79.3 86.6 84.2 82.4 8.7 13.3
C2f-UIB 77.1 91.0 90.1 88.0 6.1 4.7
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Fig.10 Detection performance comparison of improved models with different backbone networks
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Table 6 Comparison of detection results of different models for tomato leaf mold severity grading

s p R mAPs, GFLOPs A

(%) (%) (%) (GB) (MB)
YOLO v3-tiny 59.3 81.6 80.0 18.9 24.4
YOLO v5n 73.6 88.9 87.1 7.7 5.9
YOLO v7 67.3 85.3 82.7 105.2 74.9
YOLO v7-tiny 71.3 79.5 79.6 13.2 12.3
YOLO v10n 75.2 84.8 86.1 8.1 6.3
YOLO v8n 79.9 83.4 87.5 9.0 7.0
Ssb 80.3 83.2 87.1 97.5 90.5
Faster R-CNN 81.4 81.9 88.4 137.0 108.0
YOLO v8n-UC-DAE 81.9 91.1 91.3 5.1 4.7

P .R.mAP5, .mAPs, o5 .GFLOPs W.3% 3 12,

g1 0.88

YOLO v3-tiny YOLO v5n YOLO v7

YOLO v7-tiny
i)

YOLO v10n YOLO v8n YOLO v8n-UC-DAE

B 11 FEERENER
Fig.11 Detection results of different models
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