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sampling , CARS)) I3 £ % 5 5.1 ( successive projec-
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Fig.1 Location of the study area and distribution of soil sampling sites



54 H M, 55

BT A SRS I 5 ELM 1 1385 628 Pb 25 48 i) - 145 -

KB FEA T E ENRTEH , Z )5 KR
BRAR N HESE SR BT, TR B BIFJES 224 100 H JE e
0o WIFEE IS Y SRR AEAS S 20 8 2 iy, 30 Tk
TG K Ph S BRI E o A P i) AR
LR — = AR — TR S A AR A FRLS o H Jk
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Tab.1 Statistical characteristics of Pb of soil samples

HLE At Ml Bl B b BRER
e Sl (mgkg ") (mgkg ™ )(mgkg ™" ) (mgkg ™) H/%

4REA 15.88  95.01  50.98 15.83  0.31
Pb  Efi4E  18.87 84.39 50.80 15.46  0.30
IFE 31.99  65.48  49.50 10.72  0.22

TEFEATICIE I ik I, SCEFREE HLAS H SR 22
T HERL TS BT R S R A BEALG S 2ok %
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1,936 nm [t 9 7K G5 WSCTR 5t B AS [m] 52 B ) 4
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Tab.2 Different pre — processing methods
based on PLSR models

Ak F HERAR B irdE

5k R? RMSE R? RMSE ~ RPD  RPIQ
None  0.659 8.580 0.703 5.807 1.846 2.392
WT, 0.659 8.583 0.714 5.655 1.896 2.456
WT, 0.658 8.589 0.714 5.654 1.896 2.457
WT, 0.658 8.598 0.714 5.651 1.897 2.458
WT, 0.657 8.611 0.714 5.655 1.896 2.456
WT, 0.656 8.623 0.717 5.625 1.906  2.469
WT, 0.670 8.439 0.703 5.759 1.862 2.412
WT;, 0.665 8.502 0.736 5.426 1.976  2.560
WT, 0.664 8.524 0.681 6.018 1.781  2.308
SG 0.667 8.458 0.723  5.604 1.913  2.479
GF 0.660 8.564 0.718 5.615 1.909 2.474
MSC 0.659 8.582 0.702 5.818 1.843 2.387
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0 ’ : 0
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Fig.2 Spectra of soil samples
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Fig.3 Variables selected by CARS
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Fig.4 Iterative process of VISSA and IVSO
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425638 2 001 M BE 4 3 CARS, VISSA, IVSO
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IELLAMERE X B 904 ~ 1 003 nm,1 927 ~2 055 nm,

2 201 ~2 395 nm } ] Wyt X 8, 627 ~ 734 nm
X4 ANXEZ N HH 600 ~800 nm b 3L
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Fig.6 Selected wavelengths of different wavelength selection methods

3.3 [EIARELERE

FIFH CARS, VISSA,IVSO F1 ICO fJt %k H 1Y i3 B
43 5%~ PLSR, SVM il ELM 35 3 Fft [l 54578 | ¢
PLSR 456 4 i B4 S b A7 %0 L, DGR - B

PSSR B, Hoh ELM A SVM BEHI 24
BCEANT . SVM B R Bk Rl s ELM S fERes
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Tab.3 Prediction results of three regression models based on different wavelength selection methods

i PSRk =ERE R? R RMSE R? RMSE R RPD RPIQ
S0k BE 2001 0.702 8.450 0.736 5.426 1.976 2.560
CARS 119 0.726 6.958 0.759 5.235 2.048 2.653
PLSR VISSA 78 0.720 7.033 0.780 5.003 2.143 2.777
VSO 98 0.718 7.050 0.802 4.748 2.258 2.926
1CO 276 0.720 7.023 0.813 4.610 2.325 3.013
CARS 119 0.643 7.939 0.735 5.485 1.954 2.532
VISSA 78 0.645 7.915 0.745 5.385 1.991 2.579
S VSO 98 0.630 8.075 0.757 5.252 2.041 2.645
1CO 276 0.631 8.069 0.770 5.116 2.095 2.715
CARS 119 0.814 6.338 0.806 4.703 2.279 2.953
- VISSA 78 0.861 4.948 0.837 4.304 2.491 3.227
VSO 98 0.899 4.229 0.858 4.013 2.671 3.461
1CO 276 0.877 4.653 0.863 3.953 2.712 3.514
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Fig.7 Relationship between measured and predicted values
of validation set based on ICO — ELM model
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Prediction of lead content in soil based on model population
analysis coupled with ELM algorithm

XIAO Yehui', SONG Nidi*, MENG Panpan®, WANG Peijun’, FAN Shenglong’

(1. College of Resource and Environment, Fujian Agriculture and Forestry University, Fuzhou 350007, China;
2. College of Public Management, Fujian Agriculture and Forestry University, Fuzhou 350007, China)

Abstract; This paper aims to explore the optimal inversion model of regional heavy metal content in soil. With
Longhai City taken as the study area, this study preprocessed the original spectral data of soil using the methods of
Savizky Golay (SG), wavelet transform ( WT), gaussian filter ( GF), and multiple scatter correction ( MSC)
individually, then eliminated the interference and wavelength bearing no information using the wavelength selection
algorithms developed based on model population analysis ( MPA), including the competitive adaptive reweighted
sampling ( CARS) , variable iterative space shrinkage approach ( VISSA) , iteratively variable subset optimization
(IVSO), and interval combination optimization (ICO), and finally predicted the lead content in soil using the
linear partial least squares regression ( PLSR) model, nonlinear support vector machine ( SVM) model, and
extreme learning machine (ELM) based on neural network. The results are as follows. (1) Among the inversion
models of lead content in soil established using various preprocessing methods, the model built based on
reconstructed spectral data of level 7th by wavelet transform had the most optimal prediction accuracy, with R* =
0.736, RMSE =5.426, RPD =1.976, and RPIQ =2.560. 2 The CARS, VISSA, IVSO, and ICO algorithms
developed based on MPA significantly improved the performance of model interpretation and generalization and
improved modeling efficiency. ) In terms of overall prediction results, the three regression models were in the
order of ELM >PLSR >SVM. Among them, the ICO — ELM had the highest prediction accuracy, with R =0. 863,
RMSE =3.953, RPD =2.712,and RPIQ =3.514. Therefore, the optimal model established in this study can
provide a new theoretical reference for the rapid monitoring of regional land quality and ecological indicators.

Keywords: model population analysis; wavelet transform; interval combination optimization; extreme learning ma-
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