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Fine-grained tomato disease recognition based on
attention residual mechanism

HU Zhiwei', YANG Hua', HUANG Jiming’, XIE Qiangian
(1 College of Information Science and Engineering, Shanxi Agricultural University, Taigu 030801, China;
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Abstract: [Objective] To solve the insufficient identification of fine-grained tomato diseases in
greenhouse. [ Method] Taking tomato leaves with five early or late diseases as research objects, we proposed a
new convolutional neural network model ARNet based on the combination of attention and residual thought. A
multi-layered attention module was introduced to solve the problem of early disease location dispersion and the
difficulty of feature extraction by extracting hierarchically disease classification information. In order to avoid
the degradation of network training, we constructed a residual module to effectively integrate high- and low-
order features. Meantime, we introduced the data expansion technology to prevent model over-fitting.

[Result] Model training and testing results of early and late disease leaf datasets with 44 295 pictures showed
that ARNet has better classification performance with an average recognition accuracy of 88.2%, which was
significantly higher than those of other existing models. In addition, the identification accuracy of ARNet for
early disease was significantly better than that for late disease, which verified the effectiveness of attention

mechanism in extracting fine region features, and there was no excessive jitter during training process.
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[ Conclusion] This model proposed in this paper has strong robustness and high stability, and can provide a

reference for intelligent diagnosis of fine-grained tomato diseases in practical application.
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Table 1 Classification accuracy of tomato diseases by different models
J7i# Disease 3] Stage  VGG16  InceptionV3 Xception MobileNetV2 ResNet34  ARNet
H#19 Powdery mildew FLH Barly 0.176 0.191 0.197 0.521 0.521 0.638
0] Late 0.978 0.972 0.939 0.967 0.967
KLJEHS Early blight H Barly  0.647 0.571 0.541 0.797 0.872 [0.940
W 4 Late 0.683 0.706 0.794 0.833 0.865
7% Leaf frost disease F Barlly  0.734 0.814 0.824 0.830 10.920]
W 4 Late 0.773 0.432 0.492 0.589 0.627 [0.843
KG9 Spot blight U Early  0.573 0.300 0.496 0.712 0.838
0] Late 0.938 0913 0.825 0.877 0.931
HE A R Barly  0.715 0.693 0.713 10.830 | 0.830 | 0.826
Yellow flower Curly leaf disease [ ] Late 0.868 0.855 0.804 0.856 0.887
SPHIM Average 0.817 0.753 0.758 0.807 0.850

1) o E K98 K e A 52 9] BEARL A2 3 2 AT 9% 5 P 0 AR e A R

1)Framed data indicated the best accuracy of corresponding column model in the corresponding row disease
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