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Severity Evaluation of Potato Late Blight Based on Two-stage
Depth Modeling
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Abstract: Late blight is the most devastating disease in potato production, and precise quantification of
its severity level serves as the data foundation for disease control. Traditional quantification of potato
detached leaf area and lesion spot area relies heavily on manual statistics and calculations to determine
disease severity levels. However, when dealing with a massive amount of disease leaf image data, manual
quantification falls short in both efficiency and accuracy, failing to satisfy experimental requirements. To
address these challenges, a two-stage deep learning model named YOLO — PIDNet was proposed for
automated batch severity grading of potato late blight. Stage 1 employed an enhanced YOLO v8n model to
achieve segmentation and localization of individual detached potato leaves. Stage 2 employed an improved
PIDNet architecture to achieve precise segmentation of late blight lesions on each leaf. The model
calculated the pixel ratio between lesion areas and total leaf regions, automatically classifying disease
severity according to standardized criteria. Experimental results demonstrated that the stage 1 model
achieved 95.82% mAP,, ,; with 6. 8 MB parameter size, 7.8 x 10’ FLOPs computational complexity,
and 142. 08 {/s inference speed. The stage 2 model attained 99.70% pixel accuracy, 0.843 3 Dice
coefficient, and 74. 55% mean intersection over union. The above experimental results indicate that the

two-stage model proposed in this study can achieve rapid and effective segmentation and classification of
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the detached diseased potato leaves. It is lightweight and highly transferable, and can provide technical

support for the precise control of late blight for potatoes.

Key words: potato late blight; two-stage model; deep learning; disease severity grading; detached leaf
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Tab.2 Comparative results of stage 1 different models

mAPs, o5/ WNFELH HEER i 2./

F TR
% &/MB i (fs™)
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Fig.8 Precision variation curves in stage 1
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Fig.9 Loss value variation curves in stage 1
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Fig. 10  Potato leaf segmentation results
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Tab.3 Comparative results of stage 2 different models

LR BEMFAE/%  Dice RE  FHZIF N/ %
PIDNet 99. 63 0.8019 69. 38
DeepLabV3 + 98.95 0. 689 4 68. 84
U — Net 97.76 0.706 1 69. 52
552 M BT 99. 70 0.8433 74.55
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Fig. 12 Segmentation results of late blight lesions
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Tab.4 Potato late blight severity grading standard
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Tab.5 Final grading results of YOLO — PIDNet model
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