LA 3R (Jiangsu J.of Agr.Sci.) ,2024,40(2) :312-319

312 http: //jsnyxb.jaasaccn

Bli A8 ATERER, RAT G AR BT 2 I 25 i R A GO RE I - T UM AL [ ) ] VEIRARL AR, 2024,40(2) :312-319.
doi : 10.3969/j.issn. 1000-4440.2024.02.013

ETHRMENKZHNESRKEN FHEEIHAEE

BoRY, R, R, RRAY
(LITH RSAHUN TR0 VT8 o8 214122, 2019504 £ Sh e HE R S A H R TS S0 VT8 B8 214122)

WE. KEWRE UMK W EZERE 2 —, TP i A K RE 0 E , A T —F
FET B2 MR EIOKREMN R RS, 158, NS R 0 A B 3 UL A7 ik, 15 B R = 4
TR TPV XA - 5 35 AR A 151 v A VB 0 015 S A T IR A4 5 L, o IR B T 4 B 5 R 8 0
PR AR 2B R R Y S0 s e, 0 T 3R R B R 2 AR ) R 2 S g B e e B AR SR T ALY
PIEB I — b P 09 4 JR T 8 B 2k M BRIC PR (SELU) H AN AL A — AL HUARSE & 1Y 5 o 38 i 7 A 2L B 4 vh i
TTHSUE , 4B G A8 AR TR f) - 40KG 13 05 157 (0.990 0) , AT 7% S 40i AT By i A G A [R] y TRiA — B 3, 5 oA
FEHUAH L, ELA A S0 (R B

KW KEEMRE; A1k, BOEREG WER S EAET; EEIIPLH

RESES: Ss511 MEFRIZE. A XEHS:  1000-4440(2024)02-0312-08

A lightweight rice leaf disease recognition model based on convolutional
neural network
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Abstract: Rice diseases have always been one of the important factors affecting rice yield. In order to quickly and
accurately detect rice diseases, this study proposed a lightweight rice leaf disease recognition model based on convolutional
neural network. Firstly, from the perspective of the number of parameters, the attention mechanism was improved to obtain
a lightweight attention mechanism module, and the potential attention information in the rice leaf disease feature map was
deeply mined. Secondly, the depthwise separable convolution was used to replace some standard convolutions to further re-
duce the parameters of the model. Finally, in order to improve the generalization ability and make the model learning
process faster and more stable, a method of combining the scaled exponential linear unit (SELU) activation function with
internal normalization attribute and the external group normalization module was adopted. By verifying in the public data
set, the average accuracy of the model constructed in this

study was the highest (0.990 0). The model also had
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Fig.3 Schematic diagram of depthwise separable convolution
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Fig.4 The lightweight rice leaf disease recognition model constructed in this study
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Fig.5 The main operational process of the lightweight rice leaf
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Table 2 Statistics of rice leaf disease data set
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Fig.7 Schematic diagram of model accuracy
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Table 3 Training results of models using various activation func-
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