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Rice Disease Recognition Model Based on Image Super-Resolution
Processing and 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 dis-
eases, in this article we propose a rice disease recognition method based on image super-resolution preprocessing and two-
step transfer learning. With the use of super-resolution reconstruction technology , higher quality images can be obtained, thus
improving the recognition rate. By using the two-step transfer learning technology, AW modules composed of Inception
blocks is introduced to construct the network model AW-Net (Add width modules to the network model) . This method in-
creases 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.
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Fig. 1 AW-Net rice disease recognition model
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Tab. 1 Rice leaf types and corresponding numbers of pic-

tures
R INZRSERIG/5K MR 5/5K
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

3.3 ZWITLL5HHT
AW 5% I PyTorch #E 22 #4 # VGGI16 .
VGG19., ResNet50 . ResNet100 #1 MobileNetV2 iX 5
BRI TS0, A5 WL 2. ResNet50 A5 1) IR
IR, N 95.04% . XF VGG16, ResNet50 X FiMb
RIVEREIEA TXT L, 455 W 3,
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Tab.2 Training results of five deep learning models

FEEHY Epoch KRR/ %
30 85.92
VGG16 60 91.64
120 93.75
30 80.56
VGG19 60 88.72
120 91.48
30 87.15
ResNet50 60 92.33
120 95.04
30 86.24
ResNet100 60 91.86
120 94.17
30 78.28
MobileNetV2 60 85.76
120 90.35

FAMBKLEEE $39% Hew

®3 WMEEERENSLL

Tab.3 Performance comparison of two models

A SEEACES Al /min EYIZRASEl/min  HERERSE]/S
VGG16 1.42 42.72 0.012
ResNet50 1.36 40.72 0.013

S YINZR B ] S AS TY D Z5 ITF 4fs 3] 285 o 75 1 s
(] o AR A S ] AN SEBRIRH ], T2 S I it
() B LA 32 AR U A ~F- Yy B 1) o BB [a) 2 )1 255 F
PR S B AT T B 5K [R5 B 0 e BsF 1) o 445
FHW], VGG16 F1 ResNet50 7EHERRRE] FAHZEA K,
43R 0.012s 1 0.013 s X UEBHTESZPRI FHH, B
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], (AR R FHIAH2ETC L, #RE T 2 52 Ab 3
TR o BRI AW-Net FR& BRI SEIR A5 R LK 4,
SR, TR I HEAL T VGG16 W48 HAT s i
3@ W PEFISE S BE FT . VGG16 M4 REf B 47 1) ]
FEIHR TN UG 40515 B AR RE

4 R0 AW-Net 1 & HERAG LI LR

Tab.4 Experimental results of each module in added

AW-Net

o e fh o e
R B /%

ResNet50 + TL 96.28 94.25 91.17 91.55
VGG16 + TL 9732 95.53 92.85 92.88
VGG16 + TL + SR 97.49 95.57 9293 93.13
VGG16 + TL + SR + AW-1 97.64 95.76 93.02 92.88
VGG16 + TL + SR + BN 97.81 95.82 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

I8 2 e R [A]_ B4, VGGl6 M4 A
HAET R ) R TEHERf R KE0REE . IR K F HEE
Fr EXIPLT ResNet50 RS, M B3 A4 R /K Feddiig
FPME S5 08 T M o AR PEAG T R4 i
BEAY AW-Net 7E/KRHEH FOIME S hrgMERE GR 4) .
FESEREATY | E AT 2% 2] (transfer-learning
TL) Y25, X A T UG R 43 HE R AL B (image
super resolution reconstruction, SR) , A K I AASSCHE
) AW B TSI SR RR Y], A &
FEMGRAR 53 HE R AL B L K — UG #2 > AR X K R
5 E IR HER R 99.08% , BB AL T VGG16.
VGG19, ResNet50 . ResNet100 FlI MobileNetV2 iX 5
ARSI TR A . 5 HABA AR L, TERTIAE |
AL FyEX 3 NP ERR | AW-Net HA
FH.
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