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1: 9 2: 8 Table 1 Major compositions and concentrations of standard soil samples
...... 9: 1 9 Standard value ( %)
Composition GBW(E) GBW(E) GBW GBW
N ~ 070008 070009 07404 07405
54 R Mn 0.210 0.709 0.142 0.136
Cr 0.0084 0.0099 0.0370 0.0118
Cu 0.0290 0.0854 0.0040 0.0144
20 MPa 3 min 4 cm Pb 0.0675 0.1141 0.0058 0.0552
3 mm . Ba 0.0505 0.0522 0.0213 0.0296
58 ( 4 Al, 05 14.32 18.20 23.45 21.58
CaO 3.58 1.14 0.26 0.10
54 ) Fe, 0, 6.95 10.05 10.30 12.62
1 3 MgO 2.32 1.23 0.49 0.61
...... 57 (29 ) Na, 0 1.48 0.50 0.11 0.12
K,0 2.67 2.60 1.03 1.50
2.6 e 58 ( $i0, 60.57 54.31 50.95 52.57
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Technology NIST) &
2 °
o PLS
(5 ~45 nm) : GA-PLS GA
o Si 288.16 nm
2 N
Table 2 Compositions of soils corresponding characteristic wavelengths and spectral regions
Composition Characteristic wavelengths ( nm) Sp cc(tr;l}nl)*cgion
Mn 380. 67 403.08 403.31 403.45 403.57 404. 14 404.88 380 ~405
Cr 520.45 520. 60 520.84 515 ~525
Cu 510.55 515.32 521.82 510 ~525
Pb 405.78 400 ~410
Ba 455.40 450 ~460
Al 308.22 309.27 309.27 305 ~315
Ca 317.93 318.13 310 ~320
Fe 404.58 406. 36 427.18 432.58 438.35 441.51 400 ~445
Mg 517.27 518.36 515 ~520
Na 589.00 589.59 580 ~590
K 766.49 769.90 760 ~780
3.2 PLS
PLS
o PLS o
PLS ( PRESS)
o Mn PRESS
( 30 ) 2
PRESS 6
6 Mn PLS 0
3.3 GA
GA (
) ) ~ N ~
(1)
04 ° “1”
” 2 M PRESS
PLS “0 ! ( )
° Fig.2 Variation tendency of predicted residual error sum
(2) 200 of squares ( PRESS) with different numbers of principle
200 components ( PCs) for Mn
o
( 3) “1 »
PLS PLS 3.2 o
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Fig.3 Variation tendency of root-mean-square error of monitoring
CAPLS > ( RMSEM) with different genetic generations for Mn
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Fig.5 Comparison of quantitative analysis results of Mn

(a) PLS model; (b) GA-PLS model.
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PLS GA-PLS 10 Cr Cu Pb Ba Al,O, CaO
Fe,0, MgO Na,0 K,O 3
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o RMSEP  MPE 11 7
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o
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Table 3 Comparison of quantitative analysis results between PLS and GA-PLS models

Number of Factors RMSEC ( %) RMSEP ( %) MPE ( %)
Composition spectral points
PLS GA-PLS PLS GA-PLS PLS GA-PLS PLS GA-PLS PLS GA-PLS

Mn 1042 466 6 12 0.0158 0.0008 0.0215 0.0167 8.10 5.20
Cr 313 148 5 6 0. 0007 0.0003 0.00093  0.00086 6.64 5.00
Cu 471 213 5 5 0.0022 0.0014 0.0032 0.0031 15.40 12.54
Pb 404 191 4 4 0.0025 0.0019 0. 0025 0.0029 4.82 5.07
Ba 358 179 4 9 0. 0005 0.0002 0.00063  0.00061 1.26 1.29
Al, Oy 528 234 4 4 0.1476 0.1349 0.2207 0.2112 0.91 0.81
Ca0 520 257 4 6 0.0756 0.0170 0.0798 0.0831 11.43 9.58
Fe, 0, 1741 771 7 3 0.0798 0.0860 0.1083 0.0902 0.87 0.72
MgO 157 60 4 5 0.0244 0.0180 0.0376 0.0277 3.61 2.44
Na, O 277 130 3 3 0.0296 0.0222 0.0332 0.0360 11.63 10.93
K,0 427 214 4 4 0. 0604 0.0467 0.0944 0. 1001 4.59 5.02

RMSEC: Root-mean-square error of calibration; RMSEP: Root-mean-square error of prediction; MPE: Mean percent prediction error.

4
GA-PLS LIBS Mn Cr Pb Ba Al,O;, CaO Fe,0, 11
o PLS GA-PLS N
PLS o
GA-PLS PLS ; GA-PLS PLS
GA-PLS o
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Quantitative Analysis of Soil by Laser—induced Breakdown
Spectroscopy Using Genetic Algorithm—Partial Least Squares

Z0U Xiao-Heng HAO Zhong-Qi YI RongXing GUO Lian-Bo SHEN Meng
LI XiangYou" WANG Ze-Min ZENG Xiao-Yan LU YongFeng
( Wuhan National Laboratory for Opioelectronics Laser and Tera-Hertz Technology Division
Huazhong University of Science and Technology Wuhan 430074 China)

Abstract Laser-induced breakdown spectroscopy ( LIBS) was used to detect the compositions of soil in the
air and the quantitative analysis model with genetic algorithm-partial least squares ( GA-PLS) was
established. A total of fifty-eight soil samples were split into calibration monitoring and prediction sets.
Eleven soil compositions including Mn Cr Cu Pb Ba AL O, CaO Fe,O; MgO Na,O and K,O were
quantitatively analyzed. The results demonstrated that as a pretreatment method for optimizing the selection of
spectral lines GA could be effectively used to reduce the number of spectral lines for use in building PLS
model and hence simplify the quantitative analysis model. More importantly for most of the soil compositions
GA-PLS could significantly improve the prediction ability compared with the conventional PLS model. Take Mn
as an example the root-mean-square error of prediction ( RMSEP) was decreased from 0.0215% to
0.0167% and the mean percent prediction error ( MPE) was decreased from 8. 10% to 5.20%. The
research provides an approach for further improving the accuracy of LIBS quantitative analysis in soil.
Keywords Laser-induced breakdown spectroscopy; Genetic algorithm; Partial least squares; Soil
compositions analysis
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