2023 4 11 A | A R A= 554 % 511 )

doi:10.6041/j. issn. 1000-1298.2023. 11. 020
£F LMPSO - SVM #1753 it KRR E A E 5 Qi

, v 1,2 L1 N 1 = 1 — 1 N 41,2
x| E Z¥H F W EEH ETHEz WEH
(LodkBHA A R 2E {5 B 5 A TR 2BE, PR 1108665 2. 17 T4 Rl 5 B4k TR B AR I 0, PEFH 110866)

WE: R /KRG m A, 10 Y77 B 7 P | v 04 2K RS I RN S8 0 vk o AR SCRA R ALK AR R g N 42
Rh/IN DR 36 Sy it 8 v o i Pl A S 3R 32 eI 08 T 12 U J5 S ) & 0 7R B8 1) /K R Il e v e i TR 45 O 1 O i 4K
Pa o w0, Wk SG I Ty kX O i A 4 AT WAL B AR 5 a2 32 B 43 43 M (PCA) | Pearson A 3¢ & £ 4 BT i
(PCCs) \PLS — VIP Jy ik X S B s A7 B 4 732 T — A 3L T Logistic R WLST PSO T4 19 SVM 43 25 A I 455 #1
(LMPSO — SVM) o & T BSR4 S O % 09 A S50k , DA TR) R 4 32 1 B 1% SRR AE 28 o R i A 4 S 7 36 T N Tophi 22
W% (ANN) S5 SEAL(SVM) Rl PSO — SVM [ 43 AR IF E A7 XF Le 4r A o 7 B 45 R W, S BRI X 4 900 & 1Y
PR B b 286 5 RV %, SVM AT ANN 43 2 A5 780 Ay 0 3000 i 6 >3 08 30 RH X 288 R, X 1 3 0003000 308 SR AN R B
RELS T 7S [RRRAE 22 85 T 27 19 LMPSO — SVM 3 25 A5 J50 Xt 45 20 35 2 010 000 o 1 SR 34 55 0, A SR e s /N, e 3
PCA $2 B A1F A8 5 R 4 38 BEAE A iy A (18 A58 750 S 259 o o S Al 8 ARG, 43 3 R 96. 49% 1l 96. 12% , PCA & BUAY iy A AR
ALK 5 A, KRR T AR 22 FEAR T I i BE I gt 18] 55 43 Hr , PCA — LMPSO — SVM £ & (1 Il 2R 4%
AT, 0 LU J& e (9 3 40 ROBE AN, JL 5 Bl 9% 531 0 5 e B R 40 5 Dl 94.29% (96.43% .93.44% 98.30% F
100% . R IE , A SCHRE H 1) O 325 T 0E — A5 1 va 7K R AR 90 78 40 R RS B2 R0 ] S 1 45 SR T o 1 RS & A 1% Ol 4
i T A S |

SO KRN K RO IR | BT s LMPSO - SVM A
HMESKS. SSI11; S41-30 STEARINAS: A TS 1000-1298(2023)11-0208-09  OSID: plisiy

Classification Detection of Hyperspectral Rice Blast Disease
Based on LMPSO - SVM

LIU Tan'? LI Zimo' FENG Shuai' WANG Wenqi' YUAN Qingyun' XU Tongyu'”’
(1. College of Information and Electrical Engineering, Shenyang Agricultural University, Shenyang 110866, China
2. Liaoning Engineering Technology Research Center of Agricultural Informatization, Shenyang 110866, China)

Abstract; Rice blast is one of the three major rice diseases in the world, which poses a serious threat to
food security of China. In order to reduce yield loss, it is urgent to establish a rapid and accurate method
for monitoring and identifying rice leaf blast. Rice in northeast China is taken as the research object.
Based on a plot experiment, hyperspectral images of rice leaves with different degrees of disease after
infection by rice blast fungus were obtained through hyperspectral image analyzer, and spectral data was
extracted. Firstly, the SG smoothing method was used to preprocess the spectral data, and then principal
component analysis ( PCA), Pearson correlation coefficient analysis ( PCCs), and PLS — VIP method
were used to reduce the dimensionality of the spectral data. An SVM classification detection model based
on Logistic chaotic mapping PSO optimization ( LMPSO —SVM) was proposed. To verify the effectiveness
of the proposed method, classification models based on artificial neural network ( ANN) , support vector
machine ( SVM ) and particle swarm optimization — support vector machine ( PSO — SVM ) were
established by using feature variables extracted by different dimensionality reduction methods, and were

compared and analyzed. The simulation results showed that each model had the best detection
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performance for level 4 samples. For these five levels of diseases, the prediction accuracy of SVM and
ANN classification models fluctuated relatively large, and the effect of disease prediction was not ideal.
The LMPSO — SVM classification model established under different feature selection had high accuracy for
disease prediction at all levels, and the accuracy fluctuated less. The average accuracy of the model
based on PCA extraction of feature variables and the whole band as input was very similar, with 96. 49%
and 96. 12% , respectively. However, the number of input variables extracted by PCA was only 5, which
greatly simplified the model complexity, reduced the difficulty and time of training. Comprehensive
analysis showed that the PCA — LMPSO — SVM model had the besttraining effect and could be considered
as the best disease classification model. The accuracy rates for the five levels of diseases were 94.29%
96.43% , 93.44% , 98.30% and 100% , respectively. Therefore, the proposed method could further
improve the accuracy and reliability of rice blast classification detection, and the results could provide a
certain theoretical basis and technical support for the occurrence of rice blast diseases.

Key words: rice blast disease; disease detection; hyperspectral dimensionality reduction; particle swarm

algrithm; LMPSO — SVM
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