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Research on high-order residual convolution neural network
for crop disease recognition application
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2. School of Information Science , University of Science and Technology of China. Hefei 230027, China)

Abstract: Current research works focusing on the image recognition of crop disease in simple background
have achieved great success. However, when handling the problem of crop disease recognition with various
noise and complex backgrounds, it is difficult to meet the requirement of recognition accuracy. To address
these issues, a new high-order residual convolution neural network for crop disease recognition is
proposed, which can realize crop disease recognition that is both accurate and anti-interference. Extensive
experimental results demonstrate that the proposed method has high accuracy, strong robustness as well
as good anti-interference ability, and can better meet the practical application requirements for crop disease
recognition.
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Fig. 1 Overall architecture of high-order residual convolutional neural network (HOResNet)
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Tab.1 Comparison of recognition accuracy with and
without high-order residual module introduced

by convolutional neural network (CNN)
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Fig. 4 Comparison results of HOResNet with and without convolutional layers on AES-CD9214 dataset
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Tab.2 The effect of network depth for recognition

accuracy on AES-CD9214 dataset
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Tab.3 Parameter details of the proposed HOResNet.

(h/w/c) LK K
HHZE 1 256/256/8 3 X 3/1 —
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B 2R 2 64/64/32 — -
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Fig. 6 Visual examples of the open datasets:PlantVillage
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Tab.4 The disease name and number of corresponding
images on AES-CD9214 dataset
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Tab.5 Comparison of 10 tomato leaf images set on PlantVillage
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Tab. 6 The disease name and number of corresponding

images in PlantVillage subset

i il
(2 zﬁg CT N T gﬂﬁ i
K 5 Wi FEWG PR N B
SRR L
Fel 1%

2127 1591 1909 1771 1676 1404
Hoht

TE VLB iR B B AR SOR A B 22 1) 45

CNN. 7 B ot 9 48 BUM 22 R 2% FB DL I AR SCHY
HOResNet =y i g 47 40 T P HE 7 9% L 55 46
o CNN J5 3% 0 3 i 25 B HOResNet £58 1 45 1
Hh f Bk 2 A T A 3 B0 JE A AR R 22 N 2% O 3k
FB 77 k4 By 278 CNN B Al b 390 1 5z i 45 B iy
Jiik.

F 7(a) (b)) (MBI T PlantVillage
G I v I A T 45 2 e A I U500 o AR AR Y 52
5%t 4

R 7 7 PlantVillage FEMIREFMARE
SRBRER AN EBENXILER
Tab.7 Comparison of recognition accuracy with different

levels of noise added to the PlantVillage test subset
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