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Abstract: Diagnosis and identiﬁcatiﬁslan af diseases and pest are major challenges in agricultural

production. In order to solve the problems of osis and identification of watermelon leaf disease and pest, and to

facilitate the evaluation of the health statusof watermelon leaves by farmers, this paper proposes a watermelon leaf

disease identification algorith entation first and recognition followed. Firstly, UNet model is used for leaf

segmentation, and then Swi er model is used for pests and diseases identification. Through comparative
experiments on a self-bui lon leaf dataset, the proposed algorithm achieves a recognition accuracy of 92.9%,
which is 3.2% high

disease identification. Th

e one that uses Swin Transformer model directly on the original image for pest and
xperimental results show that using segmented images for pest and disease classification
can significantly improve recognition accuracy.
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Fig. 1 UNet model structure diagram
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Fig. 2 Swin-Transformer model structure
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Fig. 4 Annotation of watermelon leaf images
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Tab.1 PA and MloU indicators corresponding to the three models

sl PA/% MIoU/%

UNet 93.3 97.9
Trans-UNet 67.2 71.6
Swin-UNet 84. 4 88.1
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Fig. 5 Diagram of UNet model effect
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Tab.2 The corresponding Acc indicators trained on images

before and after segmentation

Acc_Train_By _ Acc_Train_By_

s Origin_Pic/% Seg_Pic/%
LeNet-5 45. 4 59.7
ResNet-18 56.2 66. 7
ResNet-50 61.6 70. 5
ResNet-101 73.0 80. 3
ResNet-152 82.5 85.3
Vision-Transformer 74. 3 70. 4
Swin-Transformer 89.7 92.9
CRH55 73 10





