Heg Al R 22 4R Journal of South China Agricultural University 2023, 44(6): 978-985 DOI: 10.7671/j.issn.1001-411X.202208020

XFEE, WL, S, 5. 2T MSDB-ResNet FI/KAEI tE R [T]. HER A K 2F 2741k, 2023, 44(6): 978-985.
LIU Yongmin, HU Kui, NIE Jiawei, et al. Rice disease and pest identification based on MSDB-ResNet[J]. Journal of South China Agricultural University,
2023, 44(6): 978-985.

ZF MSDB-ResNet B7K fFim R =10 71
MRS, m, BEE, HEE

(1 kAt K5 i 542 & TR R/ EHRLZAL TS, #b
KiJ 410004; 2 SR KF HHAFFER, S A 7N 510642)

HEE: [H 1 KFE 5002 N SR IAR B 224, AnAaT A R Tty AR v 25 tbpr 0 7K A s 1R 35 8 R b 4 i) =
TR W T A& H 3% I BIBRHME S M RE, oA/ Rg R R B ik 7 2% HAEBRIAET,
HAR LN, BB 5 2B E %8 SN, NGRS 5= R WG, LR AR X AR S 1) 8 . A
FB TR Ll 1) 8. [ 9 198 S — Pl ik T oadk ResNet 1928 RUBE W43 52 45 44 1) 7K st 26 AR 1) A5 7Y
(MSDB-ResNet). 7E ResNet #&78 [fj it -, 5] N\ ConvNeXt FRZ=HR, DI A5k 7= B it v 5 Ll gl 14 3 00 0 =2 45
14, DL REAE 2% 03 S RUZ R A, SR NI 35 R R/INAS [R] FR 8 TR AIE o BEXT ISR IR B B % B4R R
N UL A )R, RN B SRR BRI 1 5932 kKRR U MR, A BEALSEEE | 18 SRR SR A T Ak 2
T3k, VAR 3BT i SRR G 5 75 %, KR SRS 7 B 20000 5K, IlZ% MSDB-ResNet #8175 4 Fifr i I,
HIZKAER T« (45 R IMSDB-ResNet ££/Kf& i R H A4 E BA REFIIRITERE, IR AIMER &8 99.10%,
Jii ResNet A3 T 2.42 AN EH 4 /4, B BT AlexNet. VGG DenseNet Fll ResNet 2548 HLX 4%, 1458 A [
IF Iz A RE ST AR BRI B HE 1t o (4518 IMSDB-ResNet B 7 /K7 B 35 1R ) v B — 5@ I AT AT PR AR SE k14, ]
HNSEIE AR 5 KRS R R 2% .

SRR R EO s AKFE R IRE S 2] BB IR ResNet; 41 58
& 2S5 S435.11; TP183 XEkFREIE: A XERE: 1001-411X(2023)06-0978-08

Rice disease and pest identification based on MSDB-ResNet

LIU Yongmin' ™ HU Kui', NIE Jiawei?, XIE Tiegiang'
(1 School of Computer and Information Engineering/Research Center of Smart Forestry Cloud, Central South University of
Forestry and Technology, Changsha 410004, China; 2 School of Animal Science,
South China Agricultural University, Guangzhou 510642, China)

Abstract: [Objective] The yield of rice is related to food security of all mankind. How to effectively prevent
and detect rice diseases and pests is an important topic in the field of smart agriculture. Deep learning has
become the preferred method for identifying rice diseases and pests due to its excellent performance in self-
learning image features. However, in natural environments, the dataset is relatively small and susceptible to
complex backgrounds, resulting in overfitting and difficulty in extracting subtle features during training. This

study aims to address the aforementioned issues. [Method] We proposed a rice disease and pest identification
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model with multi-scale dual branch structure based on improved ResNet (MSDB ResNet). On the basis of the
ResNet model, ConvNeXt residual blocks were introduced to optimize the calculation proportion of residual
blocks, construct a dual branch structure, and extract disease features of different sizes from the input disease
image by adjusting the convolution kernel size of each branch. In response to issues such as complex real world
environments, small datasets, and overfitting, a total of 5932 rice pest and disease images captured from natural
environments was utilized. Using data preprocessing methods such as random brightness and motion blur, as
well as data augmentation methods such as mirroring, cropping, and scaling, the dataset was expanded
to 20000 pictures. The MSDB-ResNet model was trained to identify four common rice diseases. [Result]

MSDB-ResNet had good recognition performance on rice disease and pest datasets, with a recognition accuracy
of 99.10%, which was 2.42 percentage points higher than the original ResNet model and obviously superior to
classic networks such as AlexNet, VGG, DenseNet, ResNet, etc. This model had good generalization ability and
strong robustness. [ Conclusion] The MSDB ResNet model is feasible and progressiveness in the identification
of rice diseases and pests, which provides a reference for the identification of rice diseases and pests under

complex background.

Key words: Smart agriculture; Rice diseases and pests; Deep learning; Image recognition; ResNet; Data

enhancement
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