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Abstract: Rapid and accurate identification of rice diseases is a prerequisite for controlling rice diseases and is one
of the effective ways to improve rice yield and quality. To improve the identification accuracy of rice diseases, a network
model of multi-dimensional attention mechanism for rice disease identification named Inter_3DRiceNet was proposed in this
study to extract rice disease feature information through three different dimensions ( channel dimension, height dimension
and width dimension). The channel dimension mainly constructed a three-dimensional attention mechanism based on chan-
nel relationship, and finally obtained three-dimensional attention feature information based on channel relationship by estab-

lishing a one-dimensional attention mechanism of inter-

U 7 B B . 2023-02-24 channel relationship combined with two-dimensional spatial
HLWE . [ [ AF2EE 41 [ (32171888) relationship. The height dimension established a three-di-
VEB RN THIE(1981-) B ZH4e T T+, ByHEIT 5L, 95T mensional attention mechanism based on the height dimen-
T N e R AR . (E-mail ) wangzhongpei @ aaas. org. sion relationship, while the width dimension established a
cn tridimensional attention mechanism based on the width di-

BIRAEE A, (E-mail) cjxie@ iim.ac.cn mension relationship. The attention information of the a-
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bove three different dimensions was simply summed and then averaged as the final disease extraction features. Thus, be-

sides more abundant features of the input images could be obtained, stereoscopic spatial relations of different dimensions

could also be obtained. The experimental results showed that, the Inter_3DRiceNet network model proposed in the study got

the highest accuracy of 98.32% in the test sets of the six self-constructed rice disease datasets in real natural environment,
which was higher than the classical network models such as ResNet34, ResNet50, MobileNetV2, DenseNet, EfficientNet_

B0, and channel attention mechanism models SENet and GCT. The research method improved the recognition accuracy of

rice diseases effectively and obtained better classification accuracy than the classical network model and the channel atten-

tion model, which can help improve the performance of common rice diseases recognition in natural environment.
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Fig.1 Samples of six common rice diseases
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Table 1 Sample size of six rice diseases
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Fig.6 Two-dimensional relationship between image channel and width
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Fig.7 Three-dimensional attention mechanism based on height
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Fig.8 One-dimensional width attention mechanism
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Fig.9 Two-dimensional relationship between image channel and height
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Fig.12 Confusion matrix of six common rice diseases
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Table 3 Five index values of six common rice diseases

TKAEH IR SEN 973 973 9.3 97.3
KA A Al 98.7 94.4 9.8 9.5
YT 93.5 2.7 9.5 93.1
TKREARTA M S B 98.0 9.3 9.4 97.1
Featts 9.7 979 9.1 952
e 97.4 98.7 9.0 9.0
SEHEUER R 96.82%
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Fig.13 Example pictures of rice sheath blight
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Fig.14 Example pictures of rice false smut
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Fig.15 Class activation map of rice sheath blight
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