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The Diagnostic Model of Cotton Aphids Based on Leaf Textural Features

Xu Jingcheng, Lii Xin®, Lin Jiao, Zhang Ze, Yao Qiushuang, Fan Xianglong, Hong Yanhong

(Agriculture College of Shihezi University/The Key Laboratory of Oasis Eco-Agriculture, Xinjiang Production and Construction
Group, Shihezi, Xinjiang 832003, China)

Abstract: [Objective] The aim of this research is to explore the possibility of rapid identification of aphid damage to cotton
leaves by identifying the hyperspectral image about healthy and aphid damage cotton leaves. [Method] Taking Xinluzao 45 as
material, hyperspectral images of healthy and damaged cotton leaves by aphids were obtained, and hyperspectral image
information was extracted from interested regions of different cotton samples. Then three descending dimension methods were
used to extract hyperspectral feature, and Gray-Level Co-occurrence Matrix to extract image texture feature. Finally a cotton
aphids damage diagnostic model was built up. [Result] The prediction accuracy based on all textural samples input Random
frog-partial least-square-linear discriminant Function (RF-PLS-LDA)model was 91.49%. The prediction accuracy based on energy
data input principal component analysis-loading partial least-square-linear discriminant function (PCA-Loading-PLS-LDA)
model was 92.55%. [Conclusion] The second-order statistics (energy) of gray co-occurrence matrix can be used to simplify the
model, reduce the computation and improve the stability of prediction. Based on the texture feature vector, the identification of
aphid cotton leaves can be realized effectively, which provides a method for the rapid identification of insect pests.
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Fig. 1 Hyperspectral image acquisition platform
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Fig. 2 The mean spectra after removing both two

ends noise
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Fig. 3 Cluster plots based on the PCs
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Fig. 4 The optimal wavelengths selection by PCA-loading (a), RF(b) and SPA (c)
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Table 1 The effective wavelengths selection for hyperspectral sample
i FRIE B R FRIEJE K

Methods Number of characteristic wavelengths Characteristic wavelengths /nm
PCA-Loading 9 446,507,553,661,682,698,719,740,788
RF 10 456,604,615,661,672,688,693,724,815,826
SPA 13 401,431,507,517,563,568,609,615,667,682,688,703,777

FRRFAFE A PR, R I IR X ok 11 12 BB 3 T
I e 2 I A B DR X6 Iy AR JE PR o
BEHL 50 X 50 5 Z TG = M Jik X IR A Ay Sk 24 X
B, REG R A IR 256 SS90 K (R 45 5

fEREAEA

Healthy samples

WFEREA
Aphids damaged

samples

446 492 517

16 2 LAWg /N B, PL4 A J7 W 0°,45° .90°
135°, [E e BORE R B0 1 AR R EE 4 D J7 1 K
LR o I GE T A D FE R RE X L
BE MM, G s gk 2,

543

584 646 703 751 799 841

1 Wavelength /nm
B 5 ARKKEREASHERAEILL
Fig. 5 The contrast of healthy and aphid cotton leaf’s ROI in different wavelengths
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Table 2 The average feature vector of GLCM for two types of leaves

ey FEANZETY J716] 1 )& Direction YIME P2
Index Sample type 0° 45° 90° 135° Mean Standard deviation
e Energy {EEREFEA Healthy Sample  0.148 0.127  0.151 0.127  0.138 0.014
JEREA Aphid Sample 0.059 0.045  0.057 0.045  0.051 0.008
J# Entropy {#FEFEA Healthy Sample  2.876 3.091  2.889 3.090  2.987 0.126
HEFEA Aphid Sample 3.591 3.855  3.649 3.854  3.737 0.145
X HLEE Contrast {@HEFEAS Healthy Sample  8.166  12.977  8.563 12951 10.664 2.747
HEFREA Aphid Sample 6.490 10246 6918 10201  8.464 2.139
MFEVE Correlation  fatFEREA Healthy Sample 0.042 0.036 0.042 0.036 0.039 0.060
JEREA Aphid Sample 0.041 0.036  0.040 0.036  0.038 0.064
HRPEAS RIS I B MG AT 0 fg R it 3% K2

T, 20 S Tk SRR AT DL BEAS RE B
N TEILLLAN BERER B0 BEBCRLA #R 0, gk
FIGRh SC A 350 IR BE AR/ Ol
WL Be T 21 A1 B3 BE TR DL 3 B 114 70 S
WKFE BRI 3 G AR T B Oy SRS , P AR ) 73
Aii , [0 SGEAN A SE L, 573 ST kAR TE i

AT 4 A B K R S A T AR ) 4
ATBrgeit i AR AR O R RO 3
5 16 HAFIE A, 05 R AL BEREAS f)
Frfb i, 753 2 AL TIX 4 AR S0
AR EZE . (@R RE I X L
Ky o FAEAS AR T8 AR, B TN EAE
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ARG ATHLARL , 3 BT 1) AR} ) AR 2%
L, FBOHCMEZE A B2 4 A EERAFIE ]
LM bRUEZEA WE 22 5 w] LU R 7 s2 Al
W R E G AL . i T ORI AR 25 B o A
Hr, PR FHARRIE I R (1 SO ik s 1 2
VENERA S T AR U AY

2.5 FRISITEBIEL

Ay T 3 BRRAE I K e B vk e R A R
TEPE K 1 K 3 EAG AR B SO BRRRAE ST
PLS-LDA #il RBF - SVM #81  H) 51|43 Hr 45 51
g 3 fim,

*3 ETLUIEHHIER PLS-DA #1 RBF-SVM #|5I 4> #ri% A3 5] 45
Table 3 The discriminant results of PLS-DA and RBF-SVM models using texture features

i NEHE A SRR
PR Data Set(All data, B SEL Calibrations set Predictions set
Method energy, entropy, Best parameter R g RPR g B RPIR
contrast, correlation) Counts/total ~Accuracy /% Counts/total  Accuracy /%
PCA-Loa-  &JFiF4E Alldata  Best LVs =10 170/190 89.47 83/94 88.30
ding-PLS-  fiE Energy BestLVs =6 173/190 91.05 86/94 91.49
LDA # Entropy Best LVs =2 154/190 81.05 71/94 75.53
XF HLJE Contrast Best LVs =3 158/190 83.16 77/94 81.91
AHME Correlation  Best LVs =2 145/190 76.32 75/94 79.79
RF-PLS- 4HRE4E Alldata BestLVs =10 180/190 94.74 86/94 91.49
LDA et Energy Best LVs =4 167/190 87.89 79/94 84.04
4% Entropy Best LVs =1 151/190 79.47 78/94 82.98
X ELEE Contrast Best LVs =2 155/190 81.58 84/94 89.36
FHHE Correlation  Best LVs =3 158/190 83.16 73/94 77.66
SPA-PLS-  443fF4E Alldata  Best LVs =12 172/190 90.53 83/94 88.30
LDA fitie Energy Best LVs =9 167/190 87.89 87/94 92.55
4% Entropy Best LVs =2 148/190 77.89 71/94 75.53
XFHLJE Contrast Best LVs =3 156/190 82.11 79/94 84.04
AHME Correlation  Best LVs =2 161/190 84.74 72/94 76.60
PCA-Loa-  4:4§fF4E Alldata ¢ =3.249 g=0467  184/190 96.84 77/94 81.91
ding-RBF- BBt Energy c=5.66 g=32 163/190 85.79 83/94 88.30
SVM 4% Entropy c=1.62 g=1493  156/190 82.11 78/94 82.98
XF HLJE Contrast =023 g=0.76 171/190 90.00 78/94 82.98
A Correlation ¢ =18.38 g=32 147/190 77.37 77/94 81.91
RF-RBF- SFRE4E Alldata ¢ =21.112 g=0.102  184/190 96.84 70/94 74.47
SVM fit i Energy c=32 g=32 165/190 86.84 82/94 87.23
4% Entropy c=027 2=29.86  156/190 82.11 76/94 80.85
XF LS Contrast c=528 2=0.04 169/190 88.95 78/94 82.98
AZM: Correlation ¢ =11.31 g=2599  160/190 84.21 75/94 79.79
SPA-RBF- 4 fF4E Alldata ¢ =1.231 g=0.616  183/190 96.32 78/94 82.98
SVM et Energy c=2.64 g=32 157/190 82.63 85/94 90.43
4% Entropy c=3.03 g=19.70  159/190 83.68 77/94 81.91
XF LS Contrast c=14.93 2=0.05 176/190 92.63 76/94 80.85
Mk Correlation ¢ =10.56 g=32 158/190 83.16 76/94 80.85
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H SR S T8R4 R SR fE A5
VAT /0N, SPA T2 $ A R A1 0 4 2 R 301 R i
L2 RS RIH 2R AE 82.98%A |-, RF-PLS-LDA
BAUS R i, FIOMAE IR R GRF] 91.49%, 45
S i A A B AE B £ AR A R
U A A K R AT IN ( RICR AR
% — LA SCHVRRAE Z B e v 4 by i A ST 0
BRAY |2 AGTRY TN A A SR RS 7 74% A I,
A LASE XA A AR A 3 s iR R0 . LA
R 11 Ay i A 100 A5 75 X S M Sy A 400 ) TR 3
S B A, TN AL - AU 2R IR 5 89% ; LR JE Xt
Fb BEAE i A AT T A - 2 1R 1 R 1k 2
84% ., 1 FAHOCHESUHERIE 22 5 A 38, U R
%, Horb A% SPA-PLS-LDA A& | 7l
£ 31 B ik F] 92.55% , H K & PCA-Load-
ing-PLS-LDA-Energy 1% (91.49%) #1 SPA-RBF-
SVM-Energy #7(90.43%) .

3 it

FEF = IS HR B/ P W A A 2 DA
) 5 A R A AR iy A 2 (B E Y FE AN R
[7ISTERZS T VAR IS | A R L e (| ey aa sy Y
L R Sk el RS A RIS A
FORTT AR SR BOGIEAF B A EURAE S | kS itk
FKIG kA RIABETAE F i i g G4 7
faRR . MR Ry 0 I T R G T S R R A
3 AN TR 5 v S R AR PG, IR i A S
PR MG SCRRFAE , AR I S7 Mo B AR A | E
B el FH 1 D6 1 UG X 32 A i ol AR A R AT
SRETRIN B R AT | N FE T 2263 A B A5F 1
T B AR AR S

WAL 32 BI0F B R 3 5 G R AE 25t 3R
AR ARG A2 i Ol S I G LDERTE
W Be ST LT AN BRI, ARG IS
WU B R G R R AR T SR R S BRI T
S, ATLT A SR B A D DR A ok 40 225
FARAR T 7= A Xt OGS 1 FEUESE T 0F B
Sefdi: F - A XS K B, M S5
PUARE RS S BRRRAE L W RO ERE &S
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