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Abstract: Accurate and nondestructive detection of cotton aphids is crucial for effective pest control and
enhancing cotton yield and quality. Aiming to propose a multi-feature fusion method for cotton aphid
damage level (CADL) monitoring, spectral feature wavelengths, vegetation indices, and cotton canopy
texture characteristics were integrated to enhance the accuracy of cotton aphid damage level
determination. A UAV-mounted hyperspectral imaging system was employed to collect hyperspectral
image data of cotton canopy. Pre-processing of the extracted spectral data involved Savitzky — Golay

smoothing ( SG smoothing) and multiple scattering correction ( MSC). Support vector machine (SVM)
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modeling was applied to the pre-processed spectral data, results revealed that MSC performed better than
SG smoothing in pre-processing. Thus the spectral data pre-processed by MSC was used for characteristic
wavelengths extraction. Characteristic wavelengths extraction was conducted by using the competitive
adaptive reweighting algorithm ( CARS) and the shuffled frog leaping algorithm ( SFLA), totally 31 and
37 characteristic wavelengths were extracted by CARS and SFLA, respectively. Subsequently, the
successive projections algorithm ( SPA) was utilized for secondary characteristic wavelengths extraction.
Ultimately , six sensitive wavelengths at wavelengths of 650 nm, 786 nm, 931 nm, 938 nm, 945 nm and
961 nm were extracted. Based on six secondarily extracted characteristic wavelengths, nine vegetation
indices and eight texture features were calculated, followed by correlation analysis between these
vegetation indices/texture features and CADL. Four machine learning models ( LightGBM, XGBoost,
SVM, RF) were developed to evaluate the classification performance by using characteristic wavelengths
alone, vegetation indices alone, texture features alone, combined characteristic wavelengths and
vegetation indices, and integrated characteristic wavelengths, vegetation indices, and texture features.
Results indicated that vegetation indices (RDVI, SAVI, MSAVI, OSAVI) and texture features ( MEA,
VAR, DIS, HOM) exhibited strong correlations with CADL. The XGBoost model incorporating the tri-
feature combination ( characteristic wavelengths, vegetation indices, texture features) achieved optimal
CADL classification performance, yielding an overall accuracy (OA) of 86.99% and a Kappa coefficient
of 0. 837 1 on the test set. Compared with models by using characteristic wavelengths alone, vegetation
indices alone, texture features alone, or the dual-feature combination ( characteristic wavelengths,
vegetation indices ), this integrated approach improved OA by 4.88, 27.64, 21.95, and 2.44
percentage points, respectively.

Key words: cotton aphid damage levels; aerial remote sensing; hyperspectral; texture feature; multi-
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Fig.3 Leaves of different cotton aphid damage levels
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Tab.1 Classification standard for cotton aphid

damage levels
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Tab.4 Vegetation index and its calculation formula
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Tab.6 Feature band modeling results extracted

at one time

PIE RS g
T
1A Kappa Kappa

Bork KEGE 0A/% o 0A/%

LightGBM 80.82 0.7604 78.86 0.7353

XGBoost 82.86 0.7858 80.49 0.7553
CARS 31

SVM 74.90 0.6860 72.36 0.6529

RF 73.88 0.6732 70.73 0.6325

LightGBM 82.04 0.7756 79.67 0.7453

XGBoost 83.47 0.7953 82.11 0.7757

3

SFLA ! SVM 74.49 0.6808 73.17 0.6631

RF 77.55 0.7195 74.80 0.6841
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0.7553, MSC — SFLA — XGBoost £ 760 3JI| 4 42 F1 ] it
£ OA 4> 31k 83.47% 1 82. 11% , Kappa Z 504> B
9 0.7953 F10.7757, 4 B BEAITE Y 248 5
IR Y T 25 5, MSC — SFLA — XGBoost #5 % 3 B
e, e AR I R T BT A ) B R TRk
FRAE DA R SR IUEE T MSC — SFLA 3EAT
2.3.3  RREJE R R EREL

i F MSC — SFLA $2 U iR 1E I KA 2, fili
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Fig. 8 Analysis of correlation between feature bands

and vegetation index and cotton aphid damage levels
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Tab.7 Modeling results based on vegetation index

' Pl S 3 4
o
O0A/ % Kappa £ % OA/ % Kappa £ %
LightGBM 62.45 0.5302 59.35 0.488 5
XGBoost 58.78 0.4839 56.91 0.456 6
SVM 57.35 0.465 8 55.28 0.4375
RF 54. 49 0.4293 53. 66 0.4153
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Tab.8 Modeling results based on texture features

- ETs Wik s
i
OA/ % Kappa % OA/ % Kappa & %%
LightGBM 66.73 0.583 4 65. 04 0.560 6
XGBoost 67.76 0.596 3 64.23 0.5506
SVM 61.84 0.5220 60. 98 0.509 0
RF 56.53 0.456 0 54.47 0.4269
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Fig. 9 Correlation analysis between texture

characteristics and cotton aphid damage levels
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Tab.9 Modeling results based on fusion of feature

band and vegetation index

" ERS pRERES
TR " "
OA/% Kappa % % OA/% Kappa & %%
LightGBM 87.55 0.844 4 84.55 0. 806 7
XGBoost 85.31 0.8163 82.93 0.786 0
SVM 79.59 0.745 1 78. 86 0.7354
RF 76.33 0.704 3 75.61 0.694 6
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Fig. 11  Feature band and vegetation index fusion model test set confusion matrix

LA FIUINRS FE ATy A AN R, 2 i) 8 6 A O AR B4
XHEL R e Y 4 R B 8 ORI 4 b SO AR AT 15 R AT O
RKIEATRES , #05] ARFAE 3K (Red \Rd  Nir_1 | Nir_
2 Nir_3  Nir_4) 18 #% 5 L (RDVI,SAVI,  MSAVI
OSAVI) FI L HL4EAE (MEA VAR \DIS \HOM ) 1 4y 4%
A i A8 g A e T A AR I 4
e 10 frois , 76 M £E 7, XGBoost | Light GBM £ 1Y
OA /35l 4 86.99% Hi1 85.37% , Kappa & #0573 7| A
0.837 1 F10.816 7, AH Lt T4 Ak 35 K FIAF 8¢ 4 %l
P A R G REAL, OA 73 B 4R T 4. 06
0.82 4~ 1 7> xi, Kappa F %73 5 $2 71 0.051 1 Al
0.01, #55ERM,Eil (5 8 CRRAE ¥ K AL B R %0
il SRR ARIE HA A 1 RS 2

F10 HEEK EREHMOEFIHRAGEEER

Tab.10 Feature band and vegetation index and texture

feature fusion modeling results

. Il Zh e RS
0A/%  Kappa Z¥  OA/%  Kappa Z¥
LightGBM 87. 14 0.8394 85.37 0.8167
XGBoost 88. 16 0.852 1 86. 99 0.837 1
SVM 80. 82 0.760 4 77.24 0.7146
RF 80. 00 0.750 1 76. 42 0.704 7
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