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Plant Leaf Disease Identification Based on Lightweight Residual Network

LI Shugin CHEN Cong ZHU Tong LIU Bin
(College of Information Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract; The plant leaf disease recognition method based on convolutional neural network has the
problem of numerous network parameters, large amount of calculation and complexity. To solve this
problem , combined with the characteristics of plant leaf diseases,a plant leaf disease recognition method
based on lightweight residual network ( Scale-Down ResNet) was proposed. The network was based on
Residual Network ( ResNet) ,by reducing the number of convolution kernels and the network module of
SD — BLOCK, the network parameters and computational complexity were greatly reduced, while the
recognition error rate was kept low. Then the Squeeze-and-Excitation module was added to further reduce
the recognition error rate. Experiments on the PlantVillage data set showed that when parameters were 8 x
10" and calculation amout MFLOPs was 55, the recognition error rate of model was 0.55% . When
parameters reached 2.8 x 10° and calculation amount MFLOPs was 176, the recognition error rate of
model was 0.32% , which was lower than that of ResNet — 18, and the parameter was about 1/39 of
ResNet — 18 and the amount of calculation was about 1/10 of ResNet —18. Compared with MobileNet V3
and ShuffleNet V2 ,the proposed network model was lighter and had lower recognition error rate. At the
same time ,the low recognition error rate of 1. 52% was obtained on self built apple leaf disease data set.
Key words: plant leaf; disease identification; ResNet; Squeeze-and-Excitation network; lightweight

network
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Tab.1 Scale-Down ResNet structure
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Tab.2 Image information of PlantVillage
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Fig.5 Examples of apple leaf disease data set

*x3 ZUHERE

Tab.3 Experimental environment configuration
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Fig.6 Loss function curves
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Tab.4 Convolution neural network experiments

R A PUNHRE/ % S8 MFLOPs
ShuffleNet V2 0. 5x 0.94 3.80 x 10° 40
SDResNet — 1 0.55 8.00 x 10* 55
SDResNet — 2 0. 44 1.40 x 10° 89
ShuffleNet V2 1x 0.55 1.29 x 10° 145
SDResNet —3 0.32 2.80 x 10° 176
MobileNet V3 0.41 4.22 x10° 218
ResNet — 18 0.33 1.12 x 107 1 800
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Tab.5 Reduce convolution kernel experiment

o ] ) WA .
LR LR ZH . MFLOPs
R/ %
ResNet— 18  (64,128,256,512) 0.33 1.12x107 1800
I 1 (12,24 ,48,96) 0.61 4.00x10° 81
Fi 2 (16,32,64,128) 0.57 7.10x10° 135
Y 3 (24,48 ,96,192) 0.52  1.60x10° 281
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Tab.6 SD - BLOCK and SE influence experiment

- U R SH MFLOPs
K/ %
HLR 1 0.61 4.0x10° 81
#i% 1 +SD - BLOCK 0.72 7.0 x10* 55
i 1 +SE 0.58 4.2 x10° 82
#i# 1 +SD — BLOCK + SE 0.55 8.0 x 10* 55
1 2 0.57 7.1 x10° 135
] 2 + SD — BLOCK 0.58 1.2x10° 89
K% 2 + SE 0.49 7.3 x10° 135
#i# 2 + SD — BLOCK + SE 0.44 1.4 x10° 89
1A 3 0.52 1.6 x10° 281
#i% 3 + SD — BLOCK 0. 47 2.5 x10° 176
i 3 + SE 0.38 1.62 x 10° 281
KL 3 + SD — BLOCK + SE 0.32 2.8 x10° 176
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Tab.7 Experimental comparison of plant disease

identification methods

_— PO R S ZHNTF MFLOPs
/% Tk /MB

SDResNet — 1 0.55 8.0 x 10* 0.32 55
SDResNet — 2 0.44 1.4 x10° 0.55 89
SDResNet — 3 0.32 2.8 x10° 1.05 176
CHk[12] 0.44 2. 60

CHk[13] 4.98 17.10

CHk[15] 0.57 1.69 x 10° 6. 47

SCHk[25] 1. 80 1.47 x 107

CHik[26] 1.66 5.40 x10°
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Tab.8 Experiment on data set of apple leaf diseases
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