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Table 1 Basic information of two Dataset
fETE S HEARREG  KH EWREAR BRER
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Fig. 2 Structure diagram of SE module

SE-Res Net Module
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Fig. 3 The overall structure of the SMLP-Res module
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Fig. 4 Crop disease recognition model based on improved channel attention mechanism
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Table 2 Parameter table of SMLP_ ResNet disease model
Z¥  SMLP_ResNetl8

SMLP_ResNet50 SMLP_ResNet101

n 2 3 3
m 2 4 4
l 2 6 23
w 2 3 3

2 HiRSTHE

SRHI 1 3 NVIDIA Tesla P100 5 GPU Il 45 A4 A ¥
EHRIE R, H B K/ R 16G Bytes, 4 F Ubuntul6. 04
64 ALERAE R GEA Pytorch I 2 S HEARFE e T IR 8 2 ) 3 1%
4 &, Hop Python WA i 3.7.6, Pytorch i A& K
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Fig. 5 Relationship between test error of model and epochs
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GoogleNet22 Fil ResNet18 2% i) i if X, Friz b i) SMLP_
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S M A BRI T 32 383 3k 3 I 5 . o E R 0 v
TR Ee R 99. 0820 X HUHE A2 4 I 3 5 A AR AR [ ik i
AlexNet" F1 22 21 GoogleNet [# 45 3l 3T & 2% 2] 1) i 51 Z 43
B 97. 82 % F 98. 36 %0, LRI FA HA TAE M 245K 1. 5% Al
0.96% ., H SMLP_ResNet # # # # K /NG ik T AlexNet,
SMLP i & S AL 802 T 4538 38 (AR5 &, S8 i 38 4
AIE PR 77 8 LA R % 4 JRy R AR ) B RS U o R OGRS PR ST A
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Table 3 Recognition results of different disease models

. WU VIR R BURRT
/% /min /M /%
AlexNet!8] 97. 82 — 218.0 —
AlexNet?] 99. 08 - 218.0 —
GoogleNet2218] 98. 36 — — —
ResNet18 99. 05 4.7 42. 8 98. 57
SENetl18 99.19 5.0 43.1 99. 00
SMLP_ResNet18 99. 32 4.5 48. 6 99. 10

AN LU T R S BIT SEARE Y AT (4 4 A s TR Y
ERR A . A RT3 R BT OHG Al R AL T A TR R A
HER WS E /N T VGGL6 Fll Inception-V3 45 [ 4% . ik
BT AR T Bk RS B R 28 iR T IR AR
BERIAE A AR M T B U R AR T AT AT .
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Table 4 Accuracy comparison with pre-training models in previous studies
J5 i RAFAFAY ST S P 15 B / % RSN
Too et al. [¥] 2019 PlantVillage 54 306 VGG16 81. 83
Gensheng et al. [10] 2019 S 4 980 VGG16 90. 00
Wang et al. [11) 2017 PlantVillage 54 306 VGG16 90. 40
Agarwal M et al. [12] 2020 e A s E 18 160 VGG16 93. 50
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Wang et al. [ 2017 PlantVillage 54 306 Inception-V3 80. 00
Gandhi et al. 2018 PlantVillage 56 000 Inception-V3 88. 60
Agarwal M et al. [12] 2020 Fhnmt B E 18 160 Inception-V3 77.50
Elhassouny &. Smarandache 2019 Femm o E 7176 Mobilenet 88. 40
Gandhi et al. 2018 PlantVillage 56 000 Mobilenet 92. 00
Agarwal M et al. [12] 2020 e wh M s E 18 160 Mobilenet 82. 60
Agarwal M et al. [12] 2020 FTrmhm Aon 2 18 160 CNN 98. 40
Proposed Model 2021 PlantVillage 54 306 SMLP_ResNetl18 99. 32
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Fig. 6 Relationship between test error of model and epochs
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Table 5 Parameter table of SMLP_ ResNet disease model

Irik MR/ % BENEXNM SR/ T
AlexNet 83.50 217. 51 57.02
ResNet18 83. 83 42.75 11. 21
SENet18 84.53 42. 95 11. 26
SMLP_ResNet18  86.93 48.58 12.73
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. TR BB E T 2 RIORE A R R AR B TR R

87.50 1 -250
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2 84,50 00 §

84.00 50
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Fig. 7 Comparison results of different

disease identification methods
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Fig. 8 Recognition results of some disease samples
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Fig. 9 Results of heat map analysis of early and late samples of different tomato diseases
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Abstract Automatic identification and diagnosis of crop diseases based on visible spectrum is a challenging research field that
agricultural sectors have given great attention. However, the existing research of disease identification based on convolutional
neural network is prone to sacrifice network depth for the results of single disease detection, which usually resulting in the waste
of hardware resources. This paper proposes a low-level crop disease identification model based on visible spectrum and improved
attention mechanism, which designs a novel attention module SMLP (Squeeze-Multi-Layer-Perceptron) and crop disease
identification model SMLP_ResNet. This network first uses a convolutional layer to replace the full connect layer to construct a
less-parameter residual network (ResNet) whilst improving residual block (SMLP_Res) by the SMLP, Batch Normalization
(BN) module and residual block (Res_block). The SMLP consists of global pooling layers and multi-layer perceptron, which can
help to build a dependent relationship between channels. The multi-layer perceptron utilizes a three-layer network to double the
channel dimension of global features, then restores the channel to the original dimension through carrying out a twice
dimensionality reduction operation to minimize the loss of global features. On the above basis, the SMLLP_Res can recalibrate the
features of disease and reduce the redundant information that is useless for the detection target, and finally constructs a crop
disease identification model SMLP_ResNet reduces the number of layers and enhances the accuracy of identification at the same
time. Moreover, the proposed network is verified on two datasets with multiple crops and diseases, Al Challenger 2018 and
Plant Village. The experimental results show that the SMLP_ResNet model achieves a high classification accuracy at the 18, 50
and 101-layer of the network, especially SMLP_ResNetl8 has the best performance with accuracies up to 86. 93% and 99. 32%
on two verification datasets respectively. SMLP_ResNet18 not only performs better than unimproved ResNet18 and SENet18 but
also has higher accuracy than models in other research works with a small model size 48. 6 MB, which is only 1/5 of the amount
of AlexNet network of parameters, achieving a good balance between depth of network and accuracy of identification. In
addition, from the heatmap conducted by Grad-CAM, it is obvious that the SMLLP_ResNet18 proposed in this paper focuses more
on the diseased area of leaves compared with the other networks and assigns fewer weights to the healthy area and background.
In summary, the proposed model SMLP_ResNetl8 realizes a high accuracy with less parameters and increases the discriminating
ability to detect diseased areas and mitigates the impact of background and redundant information. Hence, this proposed model

can cope with the highly precise identification of various crops.
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