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Rice Disease Recognition Model Based on Image Super-Resolution

Processingand Two-Step Transfer Learning

YANG Jucheng, YAN Cong, JIA Qingxiang, SHEN Jie, LIU Jianzheng
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: Aiming at the problem that the existing deep learning model has low accuracy in the recognition of rice leaf
diseases, in this article we propose a rice disease recognition method based on image super-resolution preprocessing and
two-step transfer learning.With the useof super-resolution reconstruction technology, higher quality images can be
obtained,thus improving the recognition rate.By usingthe two-step transfer learning technology,AWmodules composed of
Inception blocks is introducedto construct the network model AW-Net (Add width modules to the network model).This
method increases the network width of the model, which can effectively reduce the intra-class distance, enlarge the
inter-class distance,realize the effective extraction of the features of rice leaf disease regions and improve the recognition
rate. The experimental results showed that the recognition accuracy of our proposed AW-Net model was significantly
improved.

Key words: image super-resolution; two-step transfer learning;VVGG16; inception module;image classification
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Fig.1 AW-Net rice disease recognition model
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2 Inception A 1EHR
Fig.2 Inception A module

3 Inception B &1k
Fig.3 Inception B module

4 Reduction A &R
Fig. 4 Reduction A module
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Fig. 5 Networkstructureof AW-1-Net model
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Fig. 6 Network structure ofAW-2-Net model
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Fig. 7 Examplesof image datasets
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Tab.1 Rice disease types and corresponding numbers

of pictures

— g R MR f
£ ik
bacterial leaf blight 432 48
bacterial leaf streak 342 38
bacterial panicle blight 303 34
blast 1565 173
brown_spot 870 96
dead heart 1298 144
downy mildew 558 62
hispa 1435 159
normal 1588 176
tungro 980 108
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APy 4 N FRFREEDEAL K RE I 22 VR AR TR 7 0 4
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' P+R

A Ny, R FEREALEE R AR R T 1451 R R A
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O, Ny A TR AR AL TERE AR 1R TN A 57 48] B A AR
3.3 LWxtb 59

AW A% PyTorch HEZE R VGG16.VGG19.
ResNet50. ResNet100 11 MobileNetV2 ix 5 4™ %Y 53k
TS5 WK 2. ResNet50 HERfiE i, v 95.04%.
ARSI 0} I P AMBE A 4 BRI AT R LG LR 30 SIS
(i) 2 A 2R )11 2 AN 2 380 65 B 75 PRI [ o B3R AR
(YRS [R] FEAS A SRR [R], T A2 e Y R ] ok A AR
B3I ] o HEBR IS TA) 2 I 25 05 IR A7 S I 2 2
PSS 250 T B ke R BT 5 T IR o SR 45 SR AT A,
VGG16 1 ResNet50 7£ HER I ] FAHZEA K, 40510
0.012s £ 0.013s. ixX 15 BH7ESE bR R A A1, BAR VGG16
F1 ResNet50 [1) 25 &5 4 52 4 5 A BT AR, (HAEHERE
W A ZETCL, #RE I ST A BRI TR R . W
B AW-Net S BEE1) S2 00 45 1 W3R 4. ARFER 4 h
18, EIERE2E SIHESE N VGG16 HAT B 4l i o
2 >]fe 1. VGGL6 REM B 4 A F S5 58 A AT ]
BAHTEE, AR,

x2S MREFIEHINZLER

Tab.2 Training results of five deep learning models

it Epoch Kt /%
30 85.92
VGG16 60 91.64
120 93.75
30 80.56
VGGI19 60 88.72
120 91.48
30 87.15
ResNet50 60 9233
4 120 95.04
30 86.24
ResNet100 60 91.86
120 94.17
30 78.28
MobileNetV2 60 85.76
120 90.35
% 3 MR RERTEE
Tab.3Performance comparison of two models
" P IEAR TR] SR ] FHEHE B (1]
! , .
/min /min /s
VGG16 1.42 42.72 0.012
ResNet50 1.36 40.72 0.013

3R 47N AW-Net i ZARIRAISLILER

Tab.4 Experimental results of each module inadded

AW-Net
o AR KSR AR L%

K%  FEl%  F%
ResNet50+TL 96.28 9425 91.17 9155
VGG16+TL 9732 9553 92.85 92.88
VGG16+TL+SR 97.49 9557 9293 93.13
VGG16+TL+SR+AW-1 97.64 9576 93.02 92.88
VGG16+TL+SR+BN 97.81 9582 93.03 93.15
VGG16+TL+SR+AW-2 97.89 9597 93.54 93.22
VGG16+TL+SR+BN+AW-2  99.08 97.13 95.41 95.85

R0, % A B 2 A i B ) L 0 B
VGG16 FIILAEIE R 3 S R AEME RS . KiFiE. A
% J% F {4 AT L3900 T ResNet50 Wi A 538
KRR H R B 55 10 F A % . A5
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