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Fig. 1 LIBS iron ore slurry system. (a) Schematic of the system; (b) photo of the experimental device
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full spectrum sum normalization,
wavelet denoising

!

select m Fe lines and % Si lines, use the 3-order polynomial
form of the spectral line intensity and the full spectrum data
as the new spectral data; the total number of variables: n

!

build a PLS model, the number of principal
components is determined by the minimum of RMSE
of the validation set

!

sort the variables according to the absolute value of the
regression coefficient from largest to smallest

v

remove the 50 variables with the smallest absolute
value of the regression coefficient; n=n—50

!

use the remaining variables to build a PLS model,
record the RMSE of the validation set

n>100?

N

determine the final variables of the PLS model based on the
RMSE of the validation set, establish the final PLS model,
the number of principal components is determined by the
minimum of RMSE of the validation set

end
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Fig. 4 Flow chart of the nonlinear PLS algorithm

based on cyclic variable filtering
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Fig. 5 RMSE of validation set as a function of number of
components in the traditional PLS model
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Fig. 6 Analysis results of Fe mass fraction in the traditional PL.S model
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Fig. 7 RMSE of validation set as function of number of

components in the nonlinearity PLS model
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Table 1 Selected analytical lines
Serial No.  Emission lines /nm E./eV E;/eV
1 Fe [ 252.2849 0 4.913304
2 Fe [ 271.9027 0 4.558830
3 Fe 1 322.7796 2.425597 6.265889
4 Fe Il 259.9396 0 4,768628
5 Fe Il 261.1874 0.047711  4.793558
6 Fe Il 261.3825 0.106958  4.849263
7 Fe Il 273.9548 0.986398  5.511082
8 Fe Il 274.6484 1.076312  5.589570
9 Fe Il 274.9321 1.040538  5.549138
10 Fe Il 275.5737 0.986398 5.484502
11 Si [ 250.6897 0.009562 4.954129
12 Si [ 251.9202 0.009562  4.929980
13 Si [ 252.4108 0. 009562 4.920417
14 Si [ 252.8509 0.027670 4.929980
15 Si [ 288.1577 0.781011  5.082689
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Fig. 8 Analysis results of Fe mass fraction in the nonlinear PLS model
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Fig. 9 RMSE of validation set as function of variable
selection times in the nonlinear PLS model based

on cyclic variable filtering
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as a function of number of components
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Fig. 11 Analysis results of Fe mass fraction in the nonlinear PLLS model based on cyclic variable filtering
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Table 2 Comparison of the results of

the three algorithms

Algorithm RMSE /% R’
PLS 1.15 0.51
Nonlinear PLS 0. 85 0.73
Nonlinear PLS based on 0.70 0. 86

cyclic variable filtering
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Abstract

Objective From iron ore to the final steel processing, accurate mineral content data is essential to maximize raw
materials and energy accurately control the manufacturing. Mineral flotation is a beneficiation method in which target
minerals and impurities are separated based on the physical and chemical properties of target minerals and impurities
and then extracted from the original ore slurry. Content of iron ore slurry directly affects the flotation effect and
quality and output benefit of the final product. Therefore, conducting an accurate quantitative analysis of the iron ore
slurry composition is essential. Laser-induced breakdown spectroscopy (LIBS) has been widely used to detect
material composition owing to its advantages such as online, in sitw, and simultaneous measurement of multiple
elements. However, self-absoprtion and matrix effects in LIBS affect the accuracy of the analysis. Simultaneously,
with the continuous improvement of the spectrometer’s resolution, the data dimension is increasing, including a large
amount of redundant information that is unnecessary for component analysis. When using PLS and LIBS for
quantitative analysis, the existing research uses spectral line feature selection to reduce dimensionality and nonlinear
correction to make improvements separately. To simultaneously reduce the data dimension and correct the nonlinear
problem of the data itself, we build a nonlinear PLS model to reduce the influence of self-absorption and matrix
effects on the accuracy of quantitative analysis. In addition, the characteristic variables are cyclically filtered to
reduce the modeling complexity.
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Methods PLS is widely used in the quantitative analysis of material components, but as a linear processing method,
it cannot resolve the nonlinear effects of self-absorption and matrix effects on the spectrum, reducing the accuracy of
quantitative analysis. The characteristic spectrum line 7-order polynomial form was proposed to be added to the PLS
model. Thus, we can reduce the dimensionality of the data to extract the most useful information and reduce the
complexity of the model by filtering feature variables. Taking the iron (Fe) element in the iron ore concentrate
slurry as the analysis object, to reduce the influence of self-absorption on the quantitative analysis of the element to
be analyzed, 10 characteristic spectral lines of Fe were selected. Simultaneously, to reduce the interference of other
elements, 5 characteristic spectral lines of silicon (Si) were selected, and their three-order polynomial form was
added to the modeling of PLS to correct the nonlinear influence caused by self-absorption and matrix effect. The
regression coefficients of the variables were sorted according to the absolute value, and the optimal variables were
determined by cyclically filtering the variables to reduce the interference of redundant information of the variables
and reduce the model’s complexity.

Results and Discussions Using the training set to build the model and determining the optimal variables and the
number of principal components according to the root mean square error (RMSE) of the validation set, we made
predictions on the prediction set and compared the traditional PLS model, the nonlinear PLS model with the
characteristic spectrum lines three-order polynomial form, and the model proposed in this paper. The RMSE of the
traditional PLS model is 1.15%, and the coefficient of determination R’ is only 0.51 (Fig.6). However, the RMSE
of the nonlinear PLS model is reduced by 0. 85%, and the coefficient of determination R* is 0. 73 (Fig. 8).
Furthermore, the RMSE of the cyclic filtering variable nonlinear PLS model proposed in this paper is reduced to
0.70%, and the coefficient of determination R” is increased to 0.86 (Fig.11).

Conclusions We propose a nonlinear PLS model based on cyclic variable filtering to address the problem that LIBS
is used for composition analysis, which is often affected by self-absorption and matrix effects and data redundancy
caused by excessively high spectral data dimensions. The analysis object is the e element in the iron ore concentrate
slurry, compared with the traditional PLS modeling method (Table 2). As a result, the RMSE of validation set is
reduced from 1.15% to 0.70%, and the coefficient of determination R* increased from 0.51 to 0.86. The result
shows that the nonlinear PLS model based on cyclic variable filtering can significantly improve the analysis accuracy
of Fe in iron concentrate slurry, indicating that this method has evident effects on the quantitative analysis of
elements that are greatly affected by the matrix effect and self-absorption.

Key words spectroscopy; laser-induced breakdown spectroscopy; non-linear partial least squares model; variable
filtering; self-absorption effect; matrix effect;
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