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An automatic feature selection method for laser induced breakdown
spectroscopy quantitative analysis
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Abstract ; Aiming at the problems of prior knowledge and slow algorithm convergence for feature selec-
tion in the quantitative analysis of laser-induced breakdown spectroscopy (LLIBS) technology, this paper
proposes a quantitative analysis method for automatically selecting features with a combination of Pear-
son correlation coefficient-based ranking, principal component analysis and L1 regular term. This method
first selects the feature that has the greatest correlation with the target element, then compresses the
feature dimension to within the number of samples,and finally sparses the feature weight coefficient and
establishes a quantitative analysis model. This method is used to screen the characteristic subsets of Co
elements in the soil and establish a quantitative analysis model. The R* (coefficient of determination) of
the training set and test set of the model reached 0. 995 and 0. 991, root mean square error (RMSE)
were 4. 634 mg/kg and 6. 078 mg/kg, mean absolute error (MAE) were 6. 100% and 6. 441%. The
number of features is reduced from 42870 of the original spectral data to 5, which takes only 0. 97 s. The
results show that the method proposed in this paper can reduce the dimension of feature subsets and im-
prove the generalization and accuracy of quantitative analysis models, providing an efficient method for
feature selection in quantitative analysis of LLIBS technology.
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JE 240 mg/kg. 45 Cl. i B IT 25 AR Ui A%
% C2—C8., LIk Co JURWIE IR 1 Pis.

x1 TSRS Co LHEIRE (mg/kg)

Tab.1 Co concentration in soil samples (mg/kg)

Co concentration

Cl C2 C3 C4 C5 C6 C7 C8
240 150 130 74 53 45 31 23

Sample No.

Concentration
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Fig. 1 Detection system of soil heavy metals by LIBS
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Fig. 2 Feature subset selection process
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Tab.2 Comparison of Co quantitative model results

Calibration set

Validation set

No. Models R? /(}erzl\gfli) MAE/ % R? /(Rm]\gii) MAE/ % Time/s
@) Lasso 0.999 0.268 0.353 0.635 38.367 59. 251 1.49
@ Sort+ Lasso 0.903 19.782 20,061 0.901 20.015 31.011 0.91
©) PCA+Lasso 0.979  9.065 11.053 0.968 11.300 13. 646 0.18
@ SVR 0.991  5.989 9.314  0.961 12.541 17. 040 1. 35
® Sort+PCA+ Lasso 0.995  4.634 6.100  0.991  6.078 6. 441 0.97
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