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Abstract

With the rapid development of the steel industry, the accurate detection of alloy element
contents is of great significance for the evaluation of material properties and quality control.
This study aims to establish a rapid, stable, and highly accurate quantitative detection
method based on handheld LIBS to achieve effective analysis of key elements such as
Fe, Cr, Mn, Ni, and Cu. To meet the demand of the steel industry for rapid, stable, and
high-accuracy quantification of key alloy elements such as Cr, Mn, Ni, and Cu, this study
was carried out on 20 types of standard steel spectral samples. Support Vector Regression
(SVR) and Partial Least Squares Regression (PLSR) models were constructed, respectively.
The SVR penalty factor C (0.1-10) and loss parameter ¢ (0.001-1), as well as the PLSR
latent variable number Lv (1-20), were optimized using five-fold cross-validation repeated
100 times. Model performance was evaluated using the coefficient of determination (R?),
root-mean-square error (RMSE), and mean relative error (MRE). In the comparison of
quantitative performance, excellent predictive ability for major elements such as Fe and
Cr was achieved by both models; test-set R? values exceeded 0.92, meeting the detection
requirements for high-content alloy elements. For low-content Ni, Cu, and Mn, PLSR
gives R? values of 0.92, 0.93, and 0.89, while SVR yields 0.85, 0.49, and 0.36, showing clear
limitations, especially for Cu and Mn. After introducing Multilayer Perceptron feature
extraction, the R2 of Ni, Cu, and Mn increases to 0.99, 0.99, and 0.97 for PLSR and to 0.99,
0.93, and 0.94 for SVR, with RMSE and MRE markedly reduced. In summary, the integration
of LIBS with MLP feature extraction and PLSR offers both rapid processing capabilities and
high precision, significantly improving the quantification of low-concentration elements,
and is well-suited for real-time online monitoring in steel production, facilitating quality
control and process optimization.

Keywords: steel; LIBS; quantitative analysis; MLP; SVR; PLSR

1. Introduction

With the rapid development of the steel industry, the elemental composition of steel
continues to diversify. The compositional differences between different steels directly
determine their performance and application scenarios [1]. These differences primarily
arise from the addition and regulation of alloying elements during the smelting process,
where the proper ratio of alloying elements plays a crucial role in improving the overall
performance of steel [2]. Chromium (Cr) is able to form a stable oxide film in steel, signifi-
cantly improving corrosion resistance and heat resistance, while also enhancing hardness
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and wear resistance. Therefore, it is a key element in stainless steels and heat-resistant
steels [3]. Manganese (Mn) is commonly used as an important deoxidizer and desulfurizer.
It improves the strength and toughness of steel, enhances hardenability, and improves
hot-working performance. However, excessive Mn can increase the brittleness of steel [4].
Nickel (Ni) is renowned for improving toughness, strength, and corrosion resistance, par-
ticularly in maintaining mechanical properties at low temperatures [5]. Copper (Cu) forms
a stable protective oxide film in steel, significantly improving atmospheric corrosion resis-
tance. It also enhances strength and wear resistance through solid solution and precipitation
strengthening. However, excessive Cu can lead to thermal brittleness [6]. Thus, controlling
the content of Cr, Mn, Ni, and Cu is crucial for ensuring steel quality [7]. Therefore, there
is an urgent need to establish a high-precision, rapid, and real-time applicable analysis
method to achieve accurate detection and strict control of these key elements. This also
imposes higher technical requirements for detecting the elements and their concentrations
in raw materials, thereby contributing to the improvement of the accuracy and reliability of
detection results.

Laser-Induced Breakdown Spectroscopy (LIBS) is a spectral analysis technique with
great potential for online, in situ, rapid, and multiple-element detection [8-11]. It plays
a significant role in the real-time analysis of key elements in steel. Zheng et al. [12] and
Chen et al. [13] have been committed to improving the precision and stability of LIBS in
steel analysis. By combining LIBS with plasma imaging screening methods, the detection
performance of Cu, Cr, and Mn in steel was significantly improved. Compared with
the raw spectra, R3 (coefficient of determination of prediction) increased from 93% to
nearly 99%, and the values of RMSEp (root-mean-square error of prediction) and MREp
(mean relative error of prediction) were reduced by more than 50%. Zhang et al. [14]
and Yang et al. [15] improved LIBS data-processing methods by enhancing chemometric
preprocessing to improve the accuracy of qualitative and quantitative analysis, and by
proposing an improved piecewise Hermite cubic interpolation method and a wavelet-
transform-based empirical mode decomposition (EMD) method, which effectively reduced
spectral noise and improved detection accuracy; in particular, the mean relative error
for Cr decreased from 10% to 3.8%. Traparic et al. [16] and Yang et al. [17] also made
important contributions. The former compared the performance of three models—random
forest (RF), L2 linear regression, and deep neural networks (DNN)—in predicting the
composition of austenitic steel samples. The results showed that RF provided the best
prediction performance, while DNN outperformed linear regression [18]. The latter applied
transfer learning by transferring room-temperature spectral data to high-temperature
conditions to improve alloy steel analysis, and the mean absolute error and relative error
of the test samples were reduced by 13% and 20%, respectively. Brunnbauer et al. [19]
and Li et al. [20] highlighted methodological challenges in LIBS applications, noting that
classification algorithms in LIBS are often treated as “black boxes.” Inadequate or improper
handling of essential procedures may lead to overestimated performance and unreliable
assessment of generalization. They also pointed out issues such as overfitting and limited
interpretability, emphasizing the need to improve model transparency and adopt more
robust approaches.

The diversification of elemental composition in steel, especially the inclusion of low-
concentration elements such as Mn, Ni, and Cu, poses a major challenge for online quanti-
tative analysis. The low proportions of these elements lead to weak spectral signals that
are easily masked by noise, interference, and matrix effects, so conventional full-spectrum
or line-selection strategies struggle to maintain high precision. Meanwhile, due to limita-
tions in computational efficiency and real-time applicability, existing studies still fall short
of meeting the practical requirements of production-line online monitoring. To address
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this, this study develops SVR and PLSR models from LIBS spectra of 20 standard steel
samples, using handheld LIBS devices for data collection, and introduces a nonlinear
feature-extraction method to reduce data dimensionality. By extracting key features and
reducing data dimensionality, the models’ predictive power was increased.

2. Materials and Methods
2.1. Experimental Setup

The data were collected using a handheld Laser Induced Breakdown Spectrometer
(LMH]J.B02, Aliben Ltd., Chengdu, China). The spectrometer operates with a laser source
that emits at a wavelength of 1535 nm, with a pulse energy of approximately 40 uJ and a
pulse width of 5 ns. The laser frequency is set to 1000 Hz, providing rapid and efficient
measurements. The instrument has a detection range of 180 nm to 440 nm for a single
channel, ensuring comprehensive spectral analysis for a variety of alloy elements. During
measurements, the detector integration time was set to 50 ms, and the gate delay was set to
100 ns to optimize signal acquisition.

2.2. Experimental Samples and Data Acquisition

The samples used in this study are spectral standards, with a total of 20 samples.
Each sample was processed into a cylindrical shape with a diameter of ¢45 mm and a
thickness of 35 mm. To avoid the influence of non-representative surface compositions and
surface texture on the plasma, the sample surfaces were polished with sandpaper before
measurements. The main elements in these samples included Fe, Mn, Cr, Ni, Cu, and others,
with specific contents shown in Table 1. During the experiment, 100 measurement points
were randomly selected for each sample, and a single spectral acquisition was performed
at each point, resulting in a total of 2000 spectral data points. To reduce the impact of
random noise, the 100 spectra for each sample were averaged to obtain one representative
spectrum, ultimately forming 20 sets of representative spectral data for each standard
sample. Subsequently, these 20 sets of data were divided into a training set and a test set in
a 7:3 ratio, with 14 sets used for training and 6 sets used for testing.

Table 1. Designations and elemental compositions (wt%) of 20 steel samples.

Label Grade Fe Cr Cu Ni Mn Label Grade Fe Cr Cu Ni Mn
1# YSBS453251-2019 90.54 2.5 0.024 242 0.082 11# YSBS 11231-2013 95.67 294 0.057 0.03 0.576
2# YSBS454120-2014 91.03 4.96 0.044 0.05 0.34 12#* YSBS41307a-2011 70.22 17.3 0.316 9.25 1.47

3#* YSBS41108-2010 95.6 0.04 0.109 0.05 0.573 13# OPTS351058-2020 96.85 1.46 0.055 0.01 0.352
4# YSBS41109-2010 98.01 0.19 0.185 0.23 0.533 144 JZK223 95.57 1.5 0.05 0.11 1.15
5# YSBS31405-2015 95.62 1.05 0.062 0.15 0.873 15# * YSBS20120C-2009 81.18 4.02 0.075 0.06 0.318

o * YSBS41324-2010 97.40 1.02 0.062 0.02 0.611 16# 9Cr2MoV 95.72 1.94 0.2 0.09 0.39
7# YSBS201200-2009 84.83 11.6 0.082 0.1 0.155 17# K192A 83.19 12.1 0.30 0.32 0.25
8# YSBS41406-2013 90.62 5.06 0.079 0.19 0.34 18# * OPTS351075-2021 92.32 1.3 0.018 3.25 0.385

O * YSBS 11475-2001 95.02 1.13 0.131 0.09 0.935 194 TSK109a 88.09 8.06 0.293 0.74 0.408
10# YSBS18111-2005 98.47 - - - 0.553 204# K199 91.81 4.75 0.19 0.65 0.38

* represents test set data.

2.3. Experimental Method

In this study, Laser-Induced Breakdown Spectroscopy (LIBS) was utilized for the
quantitative analysis of key alloy elements such as Fe, Cr, Mn, Ni, and Cu in steel samples.
The process began with spectral acquisition, where raw spectral data were collected using
the LIBS technique. The acquired spectra were then subjected to data preprocessing, which
included baseline correction to ensure the accuracy and reliability of the data. Following
preprocessing, model training was performed using Support Vector Regression (SVR) and
Partial Least Squares Regression (PLSR) models. The hyperparameters of the models,
including the SVR penalty factor C, loss parameter ¢, and the number of latent variables
(Lv) for PLSR, were optimized through a five-fold cross-validation repeated 100 times to
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achieve optimal model performance. By introducing Multilayer Perceptron feature extrac-
tion, the original 2048-dimensional spectral features were compressed into 128-dimensional
representations. This dimensionality reduction was carried out to eliminate redundant
features and improve computational efficiency. Finally, the trained models were used for
prediction, and the model prediction results were output to provide precise quantification
of the alloy element concentrations in the steel samples. This process facilitated both the
optimization of model performance and the enhancement of prediction accuracy, particu-
larly for low-concentration elements. The overall workflow of the experiment is shown in
Figure 1, which outlines the sequence from spectral acquisition to model prediction output.

Spectral Acquisition

Raw Data collection

Data Preprocessing

Baseline Correction

Hyperparameter

Optimization

Penalty Factor,Loss Function
Param eter,Latent Variables

MLP Feaure Extraction

Multitayer Perceptron, Hidden
Layer Activations.Dimensionality
Reduction

Model Prediction Result

Output

Predictions

Figure 1. Workflow of experimental methodology.

To further improve the quantitative performance of sample concentration predic-
tion, this study employs a MLP for feature extraction from spectral data. The method
uses a multi-layer fully connected structure to perform layer-by-layer nonlinear map-
ping of the input spectra, progressively extracting deep features related to changes in
sample concentration.

The MLP network consists of three fully connected layers, with each layer performing
dimensionality reduction and reorganization of spectral features to enhance their expressive
power. After each fully connected layer, batch normalization, LeakyReLU activation
functions, and dropout regularization are introduced to stabilize the training process. The
structure design enables the MLP to automatically learn key features from the spectral data
that are strongly correlated with sample concentration. During the training process, the
spectral dataset is randomly divided into a training set and a test set with a 7:3 ratio.

In this study, two machine learning algorithms were employed: Support Vector Re-
gression (SVR) and Partial Least Squares Regression (PLSR). Model performance was
comprehensively evaluated using R?, RMSE, and MRE [21-23]. The coefficient of determi-
nation (R?) is a statistical measure that indicates the fit of a regression model to the data. It
represents the proportion of the variance in the dependent variable that is explained by the
independent variables in the model.
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(1) Support Vector Regression (SVR) was proposed by Vapnik et al. on the basis of Support
Vector Machine (SVM) theory and has been widely applied to nonlinear regression
and spectral quantitative analysis [24]. Its core idea is that a regression function
is constructed in a high-dimensional feature space while the model complexity is
minimized and the deviation between predicted and true values is constrained within
a given threshold ¢ as much as possible [25]. The factor C controls the trade-off between
error tolerance and model complexity, and parameter ¢ determines the sensitivity of
the model to small errors.

(2) Partial Least Squares Regression (PLSR) is a multivariate statistical method commonly
used for the analysis of high-dimensional and multicollinear data. Its core idea is to
extract latent variables (Lv) in order to maximize the correlation between independent
and dependent variables while reducing dimensionality, thereby achieving stable
modeling performance [26]. Since LIBS spectra are characterized by high dimension-
ality and severe feature overlap, the PLSR model can balance data compression and
modeling accuracy when dealing with such data, and thus it has been widely applied
to the quantitative analysis of material composition [27].

3. Results and Discussion
3.1. Qualitative Analysis

The baseline-corrected average spectrum using Adaptive Iteratively Reweighted Penal-
ized Least Squares (AIRPLS) of the 12# steel sample YSBS41307a-2011 is shown in Figure 2.
From the overall spectral distribution and comparison with the NIST database [28], nu-
merous strong characteristic lines are observed in the 200 nm—450 nm range, with the
230 nm—-290 nm region being the most concentrated. These characteristic lines primarily
correspond to Fe, reflecting the characteristic features of iron as the matrix element of
steel. Characteristic lines of several alloying elements are also observed, including Cr at
283.56 nm, 425.53 nm, 427.48 nm, and 428.93 nm; Ni at 221.64 nm, 300.24 nm, 357.87 nm,
and 359.35 nm; Mn at 260.57 nm and 403.07 nm; and Cu at 324.75 nm. These characteristic
lines provide crucial spectral evidence for subsequent quantitative analysis and modeling.
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Figure 2. LIBS spectrum of the 12# steel sample.
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3.2. Quantitative Analysis
3.2.1. Quantitative Analysis of the SVR Model

In terms of parameter optimization, the two key hyperparameters—the penalty factor
C and the loss function parameter e—were tuned by combining grid search with five-fold
cross-validation repeated 100 times, with C = {0.1, 0.3, 1, 3, 10} and ¢ = {0.001, 0.003, 0.01,
0.03, 0.1, 0.3, 1}. Cross-validation was conducted only within the training set, and the test
set was used solely for the final evaluation.

SVR cross-validation results for Fe, Cr, Ni, Cu, and Mn under varying penalty fac-
tors C and loss parameters ¢ are shown in Figures 3-7. Overall, model performance for
each element was sensitive to the hyperparameter settings, and a consistent trend was
observed. Within the small-¢ range (0.001-0.03), low RMSEcy (root-mean-square error
of cross-validation) and high R%V (coefficient of determination of cross-validation) were
maintained. When ¢ > 0.1, RMSEcy generally increased, and R%y, decreased markedly.
This indicates that an excessively large € reduces the model’s ability to discriminate differ-
ences in the data. The penalty factor C also affected prediction: overly small values of C
(0.1 or 0.3) resulted in underfitting; when C = 10, prediction accuracy and stability were
improved significantly.
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Figure 3. Parameter optimization of the SVR model for Fe element ((a): RMSEcy, (b): R%).
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Figure 4. Parameter optimization of the SVR model for Cr element ((a): RMSEcy, (b): R%V).
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Figure 5. Parameter optimization of the SVR model for Ni element ((a): RMSEcy, (b): R%V).
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Figure 7. Parameter optimization of the SVR model for Mn element ((a): RMSEcy, (b): RZCV).

From the element-specific analyses, optimal performance for Fe and Cr was obtained
at C =10 and ¢ = 0.01-0.03. RMSEcy decreased to approximately 0.75 and 0.50, and the
corresponding RZy, values exceeded 0.95, indicating high quantitative predictive accuracy.
For Ni, the optimum occurred at & = 0.03 (RZy, = 0.78), with a rapid decline for & > 0.1.
For Cu, the overall error was low (RMSEcy = 0.11). Within the small ¢ range, Rév was
maintained near 0.70, but a sharp deterioration was observed when ¢ < 0.1. For Mn, stable
behavior was observed at ¢ < 0.03 (RMSEcy = 0.16-0.20; R%V maintained at 0.75-0.85),
whereas performance decline occurred when ¢ > 0.3.

Combinations of C and ¢ were cross-validated to optimize predictive performance,
and optimal parameters were determined from RMSEcy and R%,, trends. Specifically, the
optimal parameters of the SVR model are C =10, ¢ = 0.01 for Fe; C=3, ¢ =0.01 for Cr; C = 3,
£ =0.03 for Ni; C=0.1, ¢ = 0.1 for Cu; and C = 3, ¢ = 0.001 for Mn. On this basis, further
prediction analysis was carried out on the test set to evaluate the practical application value
of the model under the selected parameters.

After the optimal parameter combinations were determined, the SVR models for each
element were applied to the test set for validation, and the results are shown in Figure 8.
Overall, the predicted values and the true values of the five elements exhibited varying
degrees of linear correlation. However, the fitting accuracy differed markedly due to
variations in elemental concentrations and spectral characteristics.

As shown in Figure 8, panels (a—e) plot the linear fits between measured and predicted
concentrations for five elements in steel (Fe, Cr, Ni, Cu, Mn). For Fe, a correlation of
R3 = 0.92 was obtained, with RMSEp = 2.69 and MREp = 0.03. These results indicate that
the SVR model shows good predictive performance for this element, characterized by a
high correlation with the true values and small prediction errors. The Fe concentration can
be predicted with reasonable accuracy. For Cr, R3 reached 0.98, with RMSEp = 0.90 and
MREp = 1.80. These results indicate a high agreement between predicted and true values,
low prediction error, and good stability. The model can predict the Cr concentration
accurately. For Ni, R12> = 0.85 was obtained, with RMSEp = 1.31 and MREp = 1.91. This
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indicates that the SVR model predicts Ni less accurately than Fe and Cr, the association
with the true values was reduced, and the errors were larger.
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Figure 8. Test set prediction of different elements using the SVR model ((a): Fe, (b): Cr, (c): Ni, (d): Cu,
(e): Mn).

In contrast, R%, = 0.49, RMSEp = 0.07, and MREp = 1.45 were obtained for Cu, while
R2 = 0.36, RMSEp = 0.31, and MREp = 0.23 were obtained for Mn. The data points for both
Cu and Mn were scattered, and deviations between predicted and measured values were
evident, indicating low linear correlation with the measured values and limited prediction
performance. As a result, the overall predictive effect for these trace elements is inadequate.

As shown in Figure 9, Fe exhibits relatively low and stable RSDp (relative standard
deviation of prediction) values, indicating stable spectral responses and good predictive
performance. The RSDp values for Cr and Ni also demonstrate stability prediction results,
indicating that predictions for these elements are reliable. However, for trace elements like

Cu and Mn, higher RSDp values are observed, reflecting lower stability in the predictions
for trace elements.

60
3+ 6#*

ox+ [ 12+ 15+

18#*

Fe

Cr Ni Cu Mn

Figure 9. RSD of prediction for different elements using the SVR model.

3.2.2. Quantitative Analysis of the PLSR Model

To obtain optimal model performance, a five-fold cross-validation repeated 100 times
was conducted within the training set to search and compare the number of latent variables
Lv in the range of 1-20, with the corresponding RMSEcy and RZy, of cross-validation

recorded. Cross-validation was conducted only within the training set, and the test set was
used solely for the final evaluation.
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Figure 10 shows the PLSR cross-validation results for Fe, Cr, Ni, Cu, and Mn at
different Lv. As the number of latent variables increased, R%V and RMSEcy varied in a
regular manner. RMSEcy was higher at small Lv, then decreased and tended to stabilize as
Lv increased. Correspondingly, R%V rose initially with Lv and then remained stable within
a certain range.
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Figure 10. Parameter optimization of the PLSR model for different elements ((a): Fe, (b): Cr, (c): Ni,
(d): Cu, (e): Mn).

For Fe, the best performance was obtained at Lv = 12, with RZ,, maintained above
0.97 and RMSEcy reduced to about 0.9, indicating strong fitting ability. For Cr, performance
was particularly strong, with optimal results at Lv = 6, where R2y, = 0.99 and RMSEcy
approached 0, suggesting a strong linear relationship between spectral features and con-
centration. For Ni, the optimum occurred at Lv = 12 (RéV =0.85, RMSEcy = 0.3), indicating
slightly lower predictive performance than for the main elements but acceptable applicabil-
ity. For Cu, optimal performance was achieved at Lv = 12, with RZ,, = 0.93 and RMSEcy
stabilized at 0.07-0.08, indicating promising predictive potential. For Mn, the optimal Lv
was eight, with RZy, = 0.84 and RMSEcy = 0.1, and the overall performance exceeded that
of the SVR model, indicating an advantage of PLSR for Mn.

The PLSR model exhibits high accuracy and stability in the quantitative modeling of
major alloy elements such as Fe and Cr, and also shows certain applicability for low-content
elements such as Ni, Cu, and Mn, with the fitting results for Cu and Mn significantly better
than those of the SVR model. This indicates that PLSR can effectively utilize latent variables
to extract spectral information and has promising predictive performance in the analysis of
complex spectral data.

After determining the optimal number of latent variables, the PLSR model was applied
to the test set for validation, and the results are presented in Figure 11. As shown in panels
(a—e), linear fits between measured and predicted concentrations for Fe, Cr, Ni, Cu, and
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Mn in steel are presented under the PLSR model. For Fe, R3 = 0.92, RMSEp = 2.77, and
MREp = 0.02 were obtained, indicating a high correlation with the reference values and a
generally low error level. For Cr, R%, reached 0.98, with RMSEp = 0.75 and MREp = 0.70.
The data points are closely clustered, indicating strong agreement between predicted and
measured values, low error, and precise concentration estimation. For Ni, with R3 =0.92,
RMSEp = 0.98, and MREp = 0.76, high correlation with the measured values was observed;
the points were closely aligned with the fitted line, indicating reliable and stable predictions.
For Cu, R3 = 0.93, RMSEp = 0.02, and MREp = 0.47 were achieved. Close agreement with
the measurements and small errors were observed. Overall, effective quantification of Cu is

supported. For Mn, R12> =0.89, RMSEp = 0.13, and MREp = 0.20 were obtained. Although de-
viations were observed at the lowest and highest test concentrations, the overall deviations

remained small, indicating that the Mn concentration can be predicted effectively.

9
100 - Fe cr Ni
Linear Fitting of Test Set 2 Linear Fitting of Test Set Linear Fitting of Test Set
o5 | mp002 AIS [ R3-0.98 [ mom
s RMSE,~2.77 s RMSE,~0.75 3 | rvsE098
e ’ e § el ?
~ 90| MRE;002 - MRE,~0.70 ~ 6 MRE,0.76
2 210 2
] =T ]
El g £
85|
E g g
580k 3 83
= =5l 1
2 2 2
2 2 2
2P 3 3
& & &
0F o
> of ol
(@) (b) ©
65 L1 \ . \ . \ \ , . ,
70 80 90 95 100 0 8 12 16 0 3 6 9
Actual concentration (%) Actual concentration (%) Actual concentration (%)
03 Cu Mn
Linear Fitting of Test Set 16 Linear Fitting of Test Set
R2=0.93 R2=0.89
s RMSE,=0.02 s RMSE,=0.13
e MRE,=0.47 12} MRE=0.20
go2 | g
g Sos
5 g
S 5
go1 3
5 el
-] o4t
5 2
& &
0.0 (d) 0.0 (@)
, . , . h
0.0 0.1 02 03 0.4

1.6
Actual concentration (%)

0.8 12
Actual concentration (%)

Figure 11. Test set prediction plots of different elements using the PLSR model ((a): Fe, (b): Cr, (c): Ni,
(d): Cu, (e): Mn).

As shown in Figure 12, Fe shows low and stable RSDp, indicating good predictive
performance. The RSDp values for Cr and Ni are also low, indicating high stability in the
predictions. Even for trace elements like Cu and Mn, the RSDp for the predicted values

remains within an acceptable range, suggesting that the model can still provide reasonably
accurate predictions for low-concentration elements.

60
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RSD(%)
8
i
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Figure 12. RSD of predictions for different elements using the PLSR model.
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3.2.3. Comparison of Model Predictive Performance

As shown in Table 2, the PLSR model was found to outperform the SVR model overall
on the test sets of Fe, Cr, Ni, Cu, and Mn. In the predictions for Fe and Cr, high R%, low
RMSEp, and MREp, and short error bars were observed for both models, whereas for Ni,
a gain with PLSR over SVR was observed with R3 higher by 0.07 and RMSEp and MREp
lower by 0.33 and 1.15, respectively. The most pronounced differences were seen for Cu
and Mn. For Cu, a substantial improvement with PLSR was observed, with R3 increasing
from 0.49 under SVR to 0.93, and the error bars becoming markedly shorter than under
SVR, indicating enhanced prediction stability. For Mn, superior performance with PLSR
was also observed, with RI%, RMSEp, and MREp improved over SVR by 0.53, 0.18, and
0.03; the error bars were noticeably decreased, indicating concurrent gains in stability and
prediction accuracy. The differences in performance can be attributed to the nature of the
models: SVR is a nonlinear model, whereas PLSR is linear. As a result, PLSR is better
suited for cases where the relationship between spectral features and element concentration
is approximately linear. Additionally, PLSR assigns weights to variables based on their
variance and correlation, which helps it handle complex spectral data more effectively,
especially when there is spectral overlap or multicollinearity among variables.

Table 2. Comparison of classification results of the two models.

Model Element R3 RMSEp MREp
Fe 0.92 0.0277 0.0002

Cr 0.98 0.0075 0.0070

PLSR Ni 0.92 0.0098 0.0076
Cu 0.93 0.0002 0.0047

Mn 0.89 0.0013 0.0020

Fe 0.92 0.0269 0.0003

Cr 0.98 0.0090 0.0180

SVR Ni 0.85 0.0131 0.0191
Cu 0.49 0.0007 0.0145

Mn 0.36 0.0031 0.0023

In summary, PLSR outperformed SVR on the key indices (R?>, RMSEp, MREp) across
the five elements: for Fe and Cr, performance was comparable to the SVR model at a
similarly high level, whereas for Ni, Cu, and Mn, superior results over SVR were observed,
indicating stronger overall predictive capability.

3.2.4. MLP Feature Extraction

To further enhance the model’s predictive capability, a feature extraction step was
introduced before the PLSR and SVR models, using a Multi-Layer Perceptron (MLP) for
feature extraction [29]. The output layer of the MLP was set to 128 dimensions, reducing
the original 2048-dimensional feature data to 128 dimensions, resulting in decreased data
dimensionality and improved computational efficiency. This approach can effectively
capture key information from the spectral data while eliminating redundant features,
providing more concise input for the subsequent PLSR and SVR models. Before feature
extraction, the runtime for PLSR was 1.17 s, whereas after extraction, it was reduced to
0.15 s. For SVR, the runtime before feature extraction was 1.92 s, and it was reduced to
0.15 s after extraction. The optimized PLSR and SVR models were validated on the test set
and compared with the results of the original data without feature extraction. The results
showed that after feature extraction, the predictive performance of both the PLSR and SVR
models improved, especially for low-concentration elements such as Ni, Cu, and Mn, with
R? values and other evaluation metrics showing improvements.
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As shown in Table 3, after MLP feature extraction, the performance of both the PLSR
and SVR models significantly improved across all elements. The R? values for all elements
(Fe, Cr, Ni, Cu, and Mn) increased, with Fe, Cr, Ni, and Cu reaching R? values of 0.99.
Specifically, the PLSR model demonstrated strong predictive performance for Fe (0.98),
Cr (0.99), Ni (0.99), Cu (0.99), and Mn (0.97), with very low RMSEp and MREp values,
particularly for Ni and Cu, indicating that feature extraction significantly improved model
accuracy and reduced prediction errors. The SVR model also showed improvement, with
R? values for Fe (0.99), Cr (0.99), Ni (0.99), and Cu (0.93). However, for Cu, SVR performed
slightly worse than PLSR, with R? of 0.93 and RMSEp of 0.0007, though still demonstrating
effective prediction capabilities. Notably, after MLP feature extraction, the prediction
accuracy for Cu and Mn significantly improved, with Cu achieving R? values of 0.99 in both
PLSR and SVR models, compared to 0.93 in SVR without feature extraction. Mn also showed
improved predictive accuracy, with R? values of 0.97 in PLSR and 0.94 in SVR, indicating a
significant enhancement in prediction performance for low-concentration elements.

Table 3. Comparison of model performance after MLP feature extraction.

Model Element R2 RMSEp MREp
Fe 0.98 0.0072 0.0063

Cr 0.99 0.0028 0.0027

PLSR Ni 0.99 0.0008 0.0086
Cu 0.99 0.0082 0.0008

Mn 0.97 0.0045 0.0009

Fe 0.99 0.0066 0.0045

Cr 0.99 0.0038 0.0016

SVR Ni 0.99 0.0013 0.0135
Cu 0.93 0.0007 0.0120

Mn 0.94 0.0007 0.0018

In summary, the application of MLP feature extraction enhanced the predictive perfor-
mance of the models, leading to higher R? values and lower prediction errors, particularly
for trace elements such as Cu and Mn. Feature extraction demonstrated its significant value
in improving the overall accuracy and reliability of both the PLSR and SVR models.

4. Conclusions

This paper conducted a systematic study of key alloy elements such as Cr, Mn, Ni,
and Cu in steel samples based on LIBS technology. From the qualitative spectra and
a comparison with the NIST database, dense characteristic lines of Fe were identified
in the 230 nm—290 nm wavelength range. Characteristic lines of key alloying elements
were also resolved, including Cr (283.56 nm, 425.53 nm), Ni (221.64 nm, 357.87 nm),
Mn (260.57 nm, 403.07 nm), and Cu (324.75 nm), providing a reliable spectral basis for
multiple elements quantification. In the quantitative analysis, a comparison of SVR and
PLSR showed that both models achieved high-accuracy prediction for major elements
such as Fe and Cr, with R? > 0.92, whereas clear differences appeared for low-content
elements Ni, Cu, and Mn. After optimization of Lv, PLSR yielded R? values of 0.92,
0.93, and 0.89 for Ni, Cu, and Mn, corresponding to relative improvements over SVR of
approximately 8.24%, 89.80%, and 147.22%. RMSEp and MREp were also markedly lower
under PLSR: for Ni by about 25.19% and 60.21%, for Cu by about 71.43% and 67.59%, and
for Mn by about 58.06% and 13.04%. To further improve prediction accuracy and reduce
dimensionality, an MLP-based feature extraction stage was placed before the PLSR and
SVR models. The MLP output layer was set to 128 neurons, compressing the original
2048-dimensional spectral features to 128 dimensions, thereby reducing redundancy and
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improving computational efficiency. This step markedly enhances model performance,
especially for low-concentration elements. After introducing MLP feature extraction, the
R? of Ni, Cu, and Mn increases to 0.99, 0.99, and 0.97 for PLSR and to 0.99, 0.93, and 0.94 for
SVR, with RMSE and MRE markedly reduced.

Between the two algorithms, PLSR features a simpler formulation with markedly
lower computational cost and faster inference, making it well-suited for real-time process-
ing. When combined with the rapid spectral acquisition capabilities of LIBS, it offers a
practical and deployable solution for online, real-time detection. Moreover, using MLP-
extracted features as inputs to PLSR reduces the impact of spectral noise and redundancy,
improving robustness and further enhancing prediction stability and accuracy, with signifi-
cant improvements observed for elements such as Cu and Mn. Overall, the proposed “LIBS
with MLP-based feature extraction and PLSR” framework delivers both high speed and
high precision. It supports quality traceability and dynamic process adjustment in steel
analysis and can be directly deployed in in-line monitoring and intelligent quality-control
systems, demonstrating strong engineering applicability.
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