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Table 1 The strength of correlation corresponding to
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Fig. 1 Average value and standard deviation

of correlation coefficient
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AT ] 25 58 . i i SPXY (sample set portioning based on joint
x-y distance) B H B00E 58 ] 43 S — AR TE 4R (60 M I REAS) |
— AN IE B (20 %0 B R AR R — AN gl ST Y B AR (20 %6 Y FF
A o 2B AL B RE A S R O BB R A AL 24 M BT 5 R
2R,
2.3 REBEIS5ITH
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FU E AR B 114 I
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fAT B . B R MAL I J7 i . MLR SR AT dwe /0 Z 3 i i 47 Il )9 3
B LA s T (o AR R A A X PR AR e B S e % T
LS B AL L PLSR &R 5) T B . (HH B AR A7 TR



722 e 5 6 M 542 4
R2 BEUZFHERSESZUTER
Table 2 Results of sample chemical property
T FEALE FEASL fe/MA ISP A T o 22 AR/ %
Whole set 246 197 293 258. 38 17. 06 6. 6
Dataset1(BP50) Cali?rallion set 148 197 293 256. 32 19.19 7.5
Validation set 49 201 280 260. 86 12. 83 4.9
Prediction set 19 198 283 262. 12 12. 62 1.8
Whole set 108 42.91 95. 85 85. 43 10. 82 12.7
Datasets (SOM) Cali}bratﬁlon set 65 42.91 95. 85 82. 52 12. 82 15.5
Validation set 22 76. 74 93. 24 88. 30 4.79 5.4
Prediction set 21 86. 65 93. 46 91. 40 1.63 1.8
ZEIMLLM, YRR TFREARN kL3, Bk MLR 0.087 (o
— MR BURFAE B 4 2 J5 TR . TR R AR SCHR s ) MCC 8
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i MLR J7 ik A, 0.041
P A R PR A — A A ORGSR B v A A T R g
AT A T A ) 3 B A R A P e R A(RY Ry O g 0.021
iR 2% (root mean squared error, RMSE)$&#r 3 PEH . Hrr, = 0.
PeE RECFR A LG L, BUEFEE Dy [0—1], R* W#Eir
1, [ A8 R AR B Y i B R M . RMISE ok 47 4 s il 0.021
185 4 280 T 4 = 4] f9 i 2%, RMISE (0 {808/ . 130 B A2 24 Tt
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Fig. 3 Original (a) and Preprocessed (b) NIR spectra
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Fig. 4 Wavelength selection results by MCC
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Fig. 5 Mean and standard deviation of correlation
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CARS, IRIV F1 RF) Jir 2 A 7Y 55 1F 4 F0100 328 45 119 155 74 28
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SPA, CARS I RF =/ 57k BA B 9%, IRV % MCC
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Table 3 Model results based on different wavelength

selection methods for diesel fuels datasets

Wk Validation set Prediction set

no. BB g R? RMSE R? RMSE
1 FULLPLSR 401 0.8650 4.6778 0.9052  3.946 8
2 SPA-MLR 25  0.9536 2.8345 0.9539  2.8449
3 CARSPLSR 18  0.9289 47601 0.9279 3.5445
4 IRIV-PLSR 60  0.9664 3.2747 0.9568 2.6396
5 RF-PLSR 34 0.9480 40719  0.9434  3.009 9
6 MCC-MLR 20 0.9539 2.7601 0.9560  2.779 2

) S-G —BrRFEBALB)G . /3@ MCC. SPA, CARS,
IRTV % RF BEATHFAE 3 1 42 O e 57 1ol A RS Y , 356 GE 4 Al
WA RN 4 PR 3R 4 W, MCC i B 55 3 J5
MRRZEA T SPA. CARS 1 RF = F 58 1 H A7 B 19 B0
K. IRIV 5 MCC BB ACR AH BT . SEESE 1 s
S —50, W RAIE MCC Jy 2 A 3otk

F4 ETIEREARNRKEFAFZTEESH
Table 4 Model results based on different wavelength

selection methods for soil datasets

Prediction set

K Validation set

No. HETy i

# R? RMSE R? RMSE
1 FULL-PLSR 850 0.5852 3.2299 0.6562 2.9176
2 SPA-MLR 23 0.953 9 0.908 9 0.810 1 1.870 9
3 CARSPLSR 9  0.9755 1.8039 0.9088  1.3682
4 IRIV-PLSR 33  0.9124 1.1825 0.9106 1.0279
5 RE-PLSR 25 0.8988 1.2827 0.8074  2.1084
6 MCC-MLR 12 0.9361 11447 0.9265 1.0323

3.3 MCC FxR s

Zhang %1V 78 + 8 B0 45 w9 SRl 1, F) A SIPLS, Si-
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Fig. 6 Changes in RMSEYV value of MCC-MLR model

under different threshold coefficients
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Wavelength Selection Algorithm Based on Minimum Correlation
Coefficient for Multivariate Calibration
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Abstract In the quantitative analysis of near-infrared spectroscopy, as the instrument’s precision is getting higher and higher.
The collected spectral data usually has a very high dimension. Therefore, wavelength selection is essential for eliminating noise
and redundant variables, simplifying the model, and improving the model’s predictive performance. There are many methods for
selecting characteristic wavelengths in NIR spectroscopy, but the problem of multicollinearity among variables is still a key issue
that leads to poor model effects. Collinearity between variables can be analyzed by correlation coefficient. When the correlation
coefficient is higher than 0. 8, it indicates that there is multicollinearity. Therefore, this paper takes the correlation coefficient
between variables as the selection criteria and proposes a wavelength selection method that minimizes the collinearity between the
selected variables, called the Minimal Correlation Coefficient (MCC) method. This method is based on the correlation coefficient
matrix of the spectrum data. It selects the wavelength with the smaller average and standard deviation of the correlation
coefficients of other wavelengths as the candidate modeling wavelength set so that the linear correlation between the wavelengths
in the set is minimized, and the model has eliminated Collinearity between variables. Then use the standard regression coefficient
to select the wavelength that has a greater impact on the dependent variable to obtain the prediction model. In order to verify the
effectiveness of the proposed algorithm the method is tested. Using two sets of opening NIRS data sets (diesel dataset and soil
dataset) , wavelength selection was carried out by MCC algorithm, and compared with several other commonly used wavelength
selection methods. including successive projections algorithm (SPA), competitive adaptive reweighted sampling (CARS),
random frog (RF) and iteratively retains informative variables (IRIV). The experimental results show that the MCC algorithm
has good prediction performance, the model prediction accuracy based on MCC is better than that of SPA, CARS, RF, and is
roughly the same as that of IRIV. Therefore, the minimum correlation coefficient method is an effective wavelength selection

algorithm, which can reduce the dimension efficiently and improve the prediction precision of the model.
Keywords Wavelength selection; Near-infrared spectroscopy; Multivariate calibration; Minimal correlation coefficient
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