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Research on wheat rust detection method based on attention ResNet model
KANG Jianhua, LIU Chengzhong, YANG Honggiang

(School of Information Science and Technology, Gansu Agricultural University, Lanzhou 730070, China)

Abstract: In view of the low recognition rate of wheat rust and the difficulty in judging the disease, a residual network model
(ResNet) based on Attention Mechanism ( AT) was proposed. The model makes use of the advantage of ResNet network to restrain
gradient dispersion and introduces attention mechanism to give weight to the characteristic factors of wheat rust. The channel attention
weight is assigned to the input wheat rust image, and the image space fine grain feature is extracted to complete the wheat rust
detection. The results show that the average recognition accuracy of the network model on the Wheat data set is 95.20%, and
F\-score is 96.35%. Compared with the non-—attentional ResNet network model, its average recognition accuracy and F,-score are
improved by 0.63% and 1.03% on average. The analysis of network model parameters and recognition accuracy shows that AT
ResNet100 network model has good performance.
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Fig. 1 ResNet Bottleneck network model

H P R, 1 e A X 1< B
BUHEATEA R R G PURAE 64 U 181 Relu 3
I PRRHEAT AR A e, IR AR LRSS R T —
PR B A s FRUCK AR RS R HT 3x3 /Y
ERWLHEAT 64 UCEBURAE, 18T Relu J0 pR ik
TP s I R AT I 1B R T 256 G
FRERAE PR B HH 45 R 5 R AR B X &0
TORFEREE HEAT Bl S AL R R R IS Kl AT
RN AL AT —E M2 M 45 i AR

TGt M2 R B AR BAT R R A S URE
TR RTRURIACR  ABAE R DT 5] R s 220 1 1]
185 [ DR BERHIE AR L, JF ELA 22 I 238 SR BRI 2%

SRR I S EE R X T8 CPU SR BAR M
IRBIBAARCR . I, Asds D2 R R e ez
(] FAAE DA 1 2 TRIRRAIE | LA B /N 22 85 0 AR JBE AR
AR ResNet 128 P 25 AL L e p 28 I 26 A5
K1, ResNet [IZERRINT /N A2 4555 PR 45 4 25 T ARAE A4
ARRE ST FIARLRE FFIESE IR T R A LB M RE , O
H RS AR th T M 48 280 22 m T 230 M 4518
AT, T LB 43 2 M/ 22 5 5 PR 4500 72 AH DG A
ik, M AT/ N2 G A AR
1.2 FE 71 ResNet M &R/ Z RN

TREE2E > T B LR AR A A i
B RS AT A SR T2 B TR R
PUNN A SRIE T ALY SRR, 4 A e A Sk
AT, AR SO UK 1 2 77 ResNet 254575 137 FH /)N
22 B RS DU AT AR Sl B RIS, T8 5 | AT 3 ) BIL A A
AU R /INAZ 5 A AR PR X6 A R4 T IR
FH— AR FEMHRIBC N2 5 UG R R AU/
R HIEAR I I I/ N2 5 0 PR AR S 1 Sy 78
REAE TOTIN 25 2R 22 18] 18 S IR, {132 2 ) ResNet ]
LRSI T T SO A KIS (10 DG SRR, PR I %o — 2
L EIESE R AR AL, (s T 45 2R B il ¥
NERSM (WS E S R = W kI N L RD O I iV €7 I S
AEEAT S Zh A I, 4 84 v i 2 R R R AH B 5E
B, HAFPEAR B 2R Y TR, B AL Y R
PESEMBE, . BT E P ResNet P25 A RY Y
DEF AL/ INAZ i VB ) 2 [ R E R A A B R
o EHR S INAE B R AR AE S BRI i 101

SR FE A /N 22 55 s RS v S AH DG 119 25 [1]
FEOEFNAIRLIE F71E , A% SCTE ResNet #28Y rhr | A 18
TER I FEXS /N G UG A T R AE B AR
U AR TRTR 5 B 0 28 A5 1Y BN S /N A2 45
SR AF DG Y B ZERRAIE , 1B B 2 M — SE R B RRIE
HERE TP ResNet PIZEALALANIE] 2 7

2 EE 7 ResNet M 1EE
Fig. 2 Attention ResNet network model
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diagram
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Table 1 Comparison of RA and F-score values of many algorithms

in Wheat—data sets

Bk aAw RA /% F\-score/ %
AlexNet! '3 96.62 96.78
GoogLeNet! '] 97.24 97.35
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ARSI 96.82 97.45
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