%539 %45 3 1 AN/ ST/ O 3= 23 4 Vol. 39, No. 3
2020 4 6 A J. Infrared Millim. Waves June, 2020

XE4HS:1001-9014(2020)03-0318-06 DOI:10. 11972/j. issn. 1001-9014. 2020. 03. 009

—METESREHSERFITMHEESHIEIINE
KEIRFETT A

® OB, IRAE, 28%, T K, I%5
(PSR H 9 A TS0 L WP %€ 710049)

WE N TREGONER B EG M RET - HETEEREIEE EHITAHLE 6 (VSPA) WK EE T %
BZEERREQPARAZRERERE , AHAZTE ETE R ENRENE, RER A, R A HERHERAR
HEEXNPAFARESEARE AR ERE T, ZUHENREHIANAE AAKBAZRRBRELA L EY £
FREAERROEE. SEENA ALK EEREEETRFAE R P RO SE, LHUEH TR
(RMSEP) 5 #8% 2 $(R)) 25| % 0. 0409 F1 0. 9974, i 2 J& i R AE & BAX K R4 S B AR 2. 7%, AR B R &
RETERGRBEANETRE TN, R ARG T ERE T &,

X OB O EKEE; WAEFERE; Kb wRAZR

FESES.0657.33  CEAFRIRED: A

A near infrared wavelength selection method based on the variable
stability and population analysis

ZHANG Feng, TANG Xiao-Jun', TONG Ang-Xin, WANG Bin, WANG Jing-Wei

(Xi’an Jiaotong University State Key Laboratory of Electrical Insulation and Power Equipment, Xi’an 710049,
China)

Abstract: In order to improve the efficiency and performance of the analysis model, a wavelength selec-
tion method based on variable stability and population analysis (VSPA) is proposed. Firstly, the vari-
ables are divided into sample space and variable space, and the stability of variables is calculated in the
sample space. According to the stability value, the variables are divided into useful variables and use-
less variables by weighted bootstrap sampling technology. Then, in the variable space, the frequency
of each variable is calculated, and the exponential decline function is used to remove the variables with
lower frequency from the useless variables. Finally, the proposed algorithm is applied to corn NIR da-
ta set to predict the starch content. The predicted root root-mean-square (RMSEP) and predicted corre-
lation coefficient (R,) is 0. 0409 and 0. 9974, respectively. The variables after selection are only 2. 7%
of the original spectral data. It shows that the proposed variable selection method can improve the oper-
ational efficiency and prediction accuracy of the model, and is proved to be an effective variable selec-
tion method.
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Fig 1 The optimization and selection of parameters nl and M
of the VSPA algorithm
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VSPA algorithm
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Fig 4 Spectra variables selection procedure with VSPA algo-
rithm: (a) Relationship between selected variables and iteration
times; (b) Relationship between RMSE and iteration times; (c¢) The
change of stability with the number of iterations in sample space; (d)
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Table 1 Result of five different methods on the

starch dataset
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