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Grape Disease Recognition Model Based on Attention Mechanism

and Feature Fusion

JIA Lu  YE Zhonghua
(College of Information and Electrical Engineering, China Agricultural University, Beijing 100083, China)

Abstract ; Plant diseases are one of the main causes of crop yield reduction, however, traditional manual
diagnosis methods are costly and inefficient, which are difficult to adapt to the demands of modern
agricultural production. Recognizing crop diseases automatically and accurately is hence of great
importance. Currently, most studies have focused on images taken by professionals for academic
purposes, rather than by farmers in actual agricultural production. However, images taken in real
applications by farmers are with far more complex backgrounds and hence alleviating the performance of
many state-of-art methods. A grape leal disease dataset were construted under natural complex
environments where images were taken by farmers in actual agricultural production. And a network
architecture named MANet was proposed for efficient recognition of grape leafl diseases under natural
complex environment. The inverted residual module was embedded to build the model, which
significantly lowered the number of model parameters. Moreover, the attention mechanism SENet module
was used to improve the ability of the model to extract key disease features from complex background
images and suppress other irrelevant information. In addition, a multi-scale convolution ( MConv )
module was designed to extract and fuse multi-scale features of disease images. The experimental results
indicated that the proposed model presented a superior performance relative to other most advanced
methods. On the public crop disease dataset, MANet achieved the highest average recognition accuracy of
99.65% . And even on the complex background crop disease dataset of the construction, the average

recognition accuracy of grape diseases reached 87.93% , which was still better than other state-of-the-art
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models. Therefore, the proposed model can effectively recognize grape leaf diseases and has certain

potential for practical applications.

Key words: grape disease; image recognition; convolutional neural network ; multi-scale feature fusion;

attention mechanism
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Fig.3  Overall recognition process of grape leaf diseases
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Tab.2 Experimental results of different attention

attention

mechanisms
(% SRR TFABEE PR/ %
MANet_CBAM 2.20 x10° 5.3 x10% 87.19
MANet_SENet 2.20 x 10° 5.2 x10% 87.93
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Tab.3 Results of ablation experiments

Inverted SE- 44 E WG
FoL TR SENet MConv
Residual /%
Base vV - - 82.76
Base_SE v vV - 84. 48
Base_MConv vV - Vv 87.43
MANet v vV vV 87.93
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Fig.9  Visualization of recognition effect of different models
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Tab.4 Recognition effects of different models based on

Grape_Complex dataset

[ Ei8 TR PR %
AlexNet 5.702 x 107 7.1x108 80. 79
VGG16 1.3428 x10%  1.548 x 10" 82.76
ResNet50 2.352 %107 4.11 x10° 79. 06
MobileNetV1 3.21 x10° 5.4 x10* 76. 60
MobileNetV2 2.23 x10° 3.1x10* 83.25
MobileNetV3 1.52 x10° 6.0 x 107 84.48
ShuffleNetV2 1.26 x 10° 1.5x10° 77.83
Swin Transformer — 2.752 x 107 4.35 x 10’ 79. 56
GhostNet 3.91 x 10° 1.5x10® 82.76
MANet 2.20 x 10° 5.2 x10% 87.93
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Tab.5 F1 values of different models for each disease

%

BEAY I R HER il
AlexNet 87. 84 77.31 79. 46 77.87
VGG16 86.13 81.04 78. 19 86.51
ResNet50 84.09 75.63 75. 64 81.32
MobileNetV1 79. 84 74.45 72. 11 81.02
MobileNetV2 83.74 82.02 83.73 84.38
MobileNetV3 86. 90 84.03 81.40 85.35
ShuffleNetV2 81.39 75.08 74.39 81.36
Swin Transformer 83.75 76.22 78. 80 79.74
GhostNet 86. 90 81.31 81.62 80. 56
MANet 91.12 85.83 85.87 88. 89
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Tab.6 Recognition effects of different models

based on PlantVillage dataset %
i - T R
AlexNet 98.29
VGG16 97. 81
ResNet50 99. 18
MobileNetV1 98. 69
MobileNetV2 99.52
MobileNetV3 99. 40
ShuffleNetV2 99. 31
Swin Transformer 98. 86
GhostNet 99.24
MANet 99. 65
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