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ABSTRACT: Specialty steel is an essential foundational material fogequ
projects. For efficient, rapid and accurate classification and identificati
induced breakdown spectroscopy (LIBS) classification model combini
machine—backpropagation neural network (DBM-BP). This study inveSy§

were subjected to background removal using IWT. Subsequen

employed to reduce the dimensionality of the preprocessed’d®a
DBM-BP were constructed. The experimental results revegied that
by approximately one order of magnitude after IWT baeKground remé

accuracy of 98.53 % on the training set

et manufacturing and large-scale engineering
specjalty steel, this work proposes a cascade laser-
the iterative wavelet transform (IWT) and deep Boltzmann
ates seven types of special steel. Initially, the spectral data
gcipa?component analysis (PCA) and DBM were respectively
ally, two hybrid classification models, namely, PCA-BP and

ic signal-to-background ratio (SBR) of the Mn element increased

al. Furthermore, the DBM-BP model achieved a classification

96.83 % on the test set for the specialty st
samples, validating the superiority of the DBEM-BP
model in nonlinear feature extr; tudy | “fi e )

demonstrates that the TWT- combed

model effectively suppresses continuous

background while preserving crit spectral
features, thereby enabling  high-precision
classification. within the seven types of specialty
steel samples investigated. This study offers

reliable technical support for practical LIBS
applications in rapid steel identification and

Optimisation of DBM-BP parameters

Data processing flowchart

il

Confusion matrix of PCA-BP and DBM-BP

intelligent scrap metal sorting.

INTRODUCTION

The production and application levels of specialty steel not only
directly determine the core competitiveness of a nation’s steel
industry, but also serve as a key indicator of the advancement of
its high-end manufacturing sector. Specialty steel is widely used in
strategic industries such as aerospace,' nuclear power,? and high-

https://www.at-spectrosc.com/as/article/pdf/20260027s

speed rail,’> owing to its distinctive chemical composition,
complex smelting processes, and superior service performance. In
this context, the rapid identification and precise classification of
specialty steel are not only essential for quality control during
production but also directly influence material selection efficiency
and product reliability in downstream manufacturing processes.
Although traditional chemical analysis methods offer high
accuracy, they are limited by cumbersome sample preparation and
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lengthy detection cycles, making it difficult to meet the demands

of real-time production line monitoring and on-site rapid screening.

Consequently, developing an efficient, accurate, and applicable
technique for the rapid classification of specialty steel has become
an important issue in the fields of ferrous metallurgy and materials
processing.

Laser-induced breakdown spectroscopy (LIBS) is an elemental
analysis technique based on atomic emission spectroscopy. Its
underlying principle is as follows: focusing a high-energy pulsed
laser onto the sample surface: when the laser power density
exceeds the material’s ablation threshold, a high-temperature
plasma is instantaneously generated. During the plasma cooling
process, excited-state atoms and ions emit spectral signals at
element-specific characteristic wavelengths. Through the
detection and interpretation of these spectral signals, both
qualitative and quantitative elemental analysis can be achieved.*?
LIBS offers several technical advantages, including simple surface
preparation, analysis of samples in various states, micro-damage,
simultaneous multi-element detection, real-time rapid analysis,
and in-situ measurement.

Consequently, it has demonstrated broad application prospects
in fields such as environmental monitoring,” geological
exploration,' and metallurgical online process control.!!
Furthermore, this technique provides an ideal technological
platform for the rapid classification and identification of special

steel grades. However, special steels contain high-content alloyjng
elements such as Cr, Ni, and V. In their LIBS spectra, spem,A'rlle

overlapping and baseline drift are relatively commgoag, Coupled
with matrix effects and energy fluctuations in the terial
interaction, the spectral signals exhibit strong M@nlifggity and a

certain degree of redundancy, which S er demands on the

capability of the classification m

Given the high dimensionality and complexity of LIBS
spectra, the introduction of machine l€arning algorithms has
become an inevitable trend.'? Existing studies have conducted
beneficial explorations from three aspects: spectral preprocessing,
feature extraction, and classification models. These works provide
an important foundation for this study, but also leave room for
further discussion in various aspects.

In terms of spectral preprocessing, Wang et al. '>!* proposed a
KPBP standardization method based on key parameter monitoring
and BP neural network. By real-time monitoring of laser energy
and plasma flame morphology, they reduced the relative standard
deviation (RSD) of characteristic spectral lines from 16.60% to
3.20%, effectively improving the repeatability of LIBS. However,
this method requires additional physical sensing devices for real-
time monitoring, which increases the complexity of system
integration to a certain extent; moreover, its validation objects are
pure aluminum, monocrystalline silicon, and soil samples, and its
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applicability to the high-alloy system of special steels remains to
be verified.In contrast, iterative wavelet transform (IWT), as a
purely data-driven approach, requires no additional physical
sensing devices and thus offers greater convenience in system
integration. Although its conventional fixed-threshold strategy
exhibits limited capability in suppressing local abrupt noise in the
spectra of special steel, considering the trade-off between
hardware cost and the overall background removal requirements
for special steel spectra, this study adopts IWT as the
preprocessing scheme and optimizes the decomposition level and
threshold coefficients according to the signal characteristics of
special steel. considering the trade-off between hardware cost and
background removal requirements, this study adopts IWT as the
preprocessing scheme and optimizes the decomposition level and
threshold coefficients according to the signal characteristics of
special steel.

In terms of fea action, Xue et al.!> used PCA-WOA-BP
to predict converter Meelmaking output; Tian et al.!® combined
PCA with BP to classi e-carth phosphor electronic waste
(accuracy 99.9%); &d ZHou et al.'” used PCA-KNN to classify
five types of ni§gal wgste (accuracy 97.18%). These studies verify
the effq % s of PCA in LIBS classification. However, PCA is
essemtiafy baged on a linear assumption. When facing the

linear interaction effects arising from the severe overlap of

spe lines of multiple elements such as Cr, Ni, and V in special

el, its linear projection directions may not fully reflect
ter-class differences. To address nonlinearity, Dai et al.'® applied
discriminative restricted Boltzmann machine (DRBM) to
small-sample aluminum alloy classification and achieved 100%
accuracy, significantly outperforming the PCA-RF model.
However, that study employed a single-hidden-layer structure for
DRBM and did not involve spectral preprocessing. On this basis,
adopting a multilayer stacked deep Boltzmann machine (DBM) is
expected to progressively abstract deeper nonlinear features, but
its performance in LIBS classification of special steels remains to
be systematically evaluated.

In terms of classification models, the work of Wang et al.!>14
and Xue et al.'> shows that BP networks have good potential in
LIBS-related modeling. However, in those studies, the inputs to
BP were mostly low-dimensional process parameters or a small
number of selected features, rather than the original full spectrum
with thousands of dimensions. Directly feeding high-dimensional
full spectra into a traditional BP would pose a risk of overfitting.
Li et al.'” used a Bagged Tree ensemble model to classify lung
cancer tissue (accuracy 98.9%), and Liu et al.?’ used fs-LA-SIBS
combined with RF, SVM, PLS, and KNN to analyze magnesium
alloys, showing that the RF model performed best, demonstrating
the robustness of tree-based models in LIBS data analysis.
However, the matrix complexity and degree of spectral line
overlap in magnesium alloys differ greatly from those in special
steels, and the generalizability of shallow ensemble methods such
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as RF in the special steel scenario requires further investigation.
Qiao et al.?! proposed using a restricted Boltzmann machine
(RBM) to initialize parameters of an improved BP network
(RBM-IBPNN), which significantly improved convergence speed
and prediction accuracy. However, their validation was based on
general nonlinear problems such as Lorenz chaotic systems and
total phosphorus prediction, and its applicability to LIBS spectral
data remains to be verified.

In summary, this study constructs a cascaded classification
model that integrates iterative wavelet transform (IWT), deep

PBS

FL

Stage

Fig. 1 Schematic of the LIBS setup.

Boltzmann machine (DBM), and BP neural network. In this model,
IWT is used for front-end background removal; DBM performs
multilayer unsupervised pre-training to extract deep nonlinear
features from high-dimensional spectra; and BP serves as the
top-level classifier, receiving the high-level features from DBM
for grade identification. The three modules are jointly trained in an
end-to-end manner. The focus of this work is to apply this
cascaded architecture to the rapid spectral classification of special
steels.

EXPERIMENTAL

Instrumentation and operating conditions. The LIBS
experimental setup in this study (Fig. 1) consists of fi
components: a laser, a spectrometer, a cage-type optical path
system, and a three-dimensional translation stage. Speci@K};,
Nd:YAG nanosecond pulsed laser (Quantel, ULTR
7 ns, 10 Hz, 30 mJ) emits high-energy pulses to excy

32 nm,

a
200 nm-890 nm,
sed for multi-

and generate plasma;

high-temperature
spectrometer (Avantes, uls2048-4, sg

Ml fa

average spectral resolution 0.084 J nm) i

dimensional spectral data processing®§ollects multi-dimensional
spectral data; the cage-type optical path s

the laser beam (focal plane —2.5 mm) and collects plasma emission

adjusts and focuses

spectra; and the three-dimensional translation stage enables
precise sample positioning. The experimental procedure is as
follows. The high-energy laser pulse passes through a specialized
optical fiber and collimating lens (CL, f = 50 mm) mounted on a
lens translation mount (LF), and is then split into two beams by a
polarizing beam splitter. The transmitted beam monitors laser
energy, whereas the reflected beam is focused by a plano-convex
lens (FL, f = 150 mm) onto the sample fixed on the translation
stage. After laser ablation of the sample surface, the generated
plasma radiates characteristic elemental spectra, which are
coupled into a fiber via a beam coupler (BC) and then directed into
the spectrometer.

Samples. Seven specialty steel samples, provided by Pangang
Group, were used in the experiments (Fig. 2). with one sample per
grade. The matrix is predominantly iron (Fe), with a mass fraction
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Fig. 3 Original spectra of the samples.

Table 1. Contents of major trace elements in the steel samples (in wt.%)

Sample C Si Mn Cr Ni \4 Ti
No.1 2.46 0.099 0072 0511 0.183 0.009  0.0059
No.2 2.99 0937  0.329 0.08 0.194  0.044 0.216
No.3 3.29 0.689 1.22 0.03 0.046  0.071 0.043
No.4 3.7 0.451 0.857  0.117  0.032  0.158 0.03
No.5 3.67 0.183 0.596  0.171 0.502  0.335 0.066
No.6 393 0.99 1.46 0387  0.094  0.506 0.105
No.7 4.13 1.85 2.06 0.157  0.026  0.821 0.399

exceeding 90%, while the remaining elements include Mn, V, Cr,
Ti, etc. The contents of the main trace elements are listed in Table 1,
and the original spectra are shown in Fig. 3. To minimize
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measurement errors caused by environmental disturbances and
excessive surface ablation, each sample was fixed on a three-
dimensional translation stage and moved along a serpentine
trajectory, to ensure that successive laser pulses focus on different
positions on the smooth sample surface. During data acquisition,
spectra were collected at 58 measurement points for each sample;
at each point, 10 repeated scans were accumulated and averaged
to obtain the final spectrum for that point. Consequently, 58
spectra were obtained per sample. Each individual spectrum was
treated as an independent observation. For data splitting, spectra
from each sample were randomly divided into training and test sets
at an approximate ratio of 8.5:1.5.

Methods. The spectral data processing workflow in this study
consists of three core components (Fig. 4): wavelet transform-
based spectral preprocessing, data dimensionality reduction, and
sample classification modeling. In the preprocessing stage, IWT is
employed for background removal to optimize the raw LIBS data.
In the dimensionality reduction stage, two strategies, namely
DBM and PCA, are simultaneously adopted, and their respective
effectiveness is subsequently quantified based on the classification
accuracy of the downstream models. In the classification modeling
stage, the BP algorithm is applied to perform label classification
on the dimensionally reduced feature data, and the model's
classification accuracy is visualized through a confusion matrix.

Iterative wavelet transform (IWT) background removal. Ra;
LIBS spectral data are adversely affected by factors such as lager
energy fluctuations, plasma radiation noise, and environgfental

interference. Consequently, the signal-to-backgroun io (SBR)
of the spectral signals remains relatively low, in turn
directly compromises the efficiency of syfBeq ectral

dimensionality reduction and the pos sc of classification

models. As an efficient time-fid§ ool, wavelet
transform enables effective separatiO®f signal from continuous
background through multi-scale decorfggsition. In this study,
IWT is employed for background removal of LIBS spectral data,
providing high-quality spectral inputs for subsequent analysis and
modeling through parameter screening and optimization.
Typically, spectral signals are considered to consist of three
frequency components: high-frequency (noise), low-frequency
(background), and intermediate-frequency (independent spectral
line signals). The core idea of background removal is to eliminate
the low-frequency component of the spectral signal.

The IWT method removes background through an iterative
process of wavelet decomposition, detail coefficient zeroing,
signal reconstruction, and minimum-value substitution, thereby
progressively approximating the true baseline. The procedure is as
follows. 1) Predefined termination criteria comprise the maximum
number of iterations and the allowable error tolerance. 2) In each
iteration, wavelet decomposition extracts detail coefficients at all
scales and the highest-level approximation coefficients. 3) Detail
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Fig. 4 Data processing flowchart.

coefficients are set to zero, and the signal is reconstructed solely
from the highest-level approximation coefficients. This
reconstructed signal serves as a preliminary baseline estimate;
however, residual peak components in the approximation
coefficients typically render it higher than the true background. 4)
At each data point, the smaller of the original spectral intensity and
the current baseline estimate becomes the input for the next
iteration. 5) These steps are repeated. As iterations proceed, peak
residues in the fitted baseline diminish and ultimately converge.
Iteration stops when the change between successive background
estimates falls below a threshold or the maximum iteration count
is reached. The resulting fitted background closely reflects the
actual baseline distribution. Subtracting it from the original
spectrum yields the corrected peak signal.

The termination criterion for the IWT algorithm adopted in this
study is given in Equation (1). In this expression, Si and Sl
correspond to the standard deviations of the original signal
intensity and the reconstructed signal intensity (i.e., the estimated
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background) during the iterative process, respectively, whereas
denotes the number of iterations.

[S,-8,]/8; <01% or i=100 )

Evaluation metrics for parameter optimization

Root Mean Square Error (RMSE). RMSE is used to measure the
deviation between the fitted background curve and the overall
trend of the original signal. A smaller RMSE value indicates that
the background fitting at the current decomposition level is closer
to the true baseline of the signal. Its mathematical expression is as

follows:
RMSE= |23, -3 o
m i

where m is the number of wavelength points in each spectrum,
), is the standard signal intensity at the i-#4 wavelength point in
each spectrum, and y; is the signal intensity after background
removal at the i-th wavelength point in each spectrum.

Signal-to-background ratio (SBR). To objectively evaluate the
background removal performance of wavelet transform methods
while focusing precisely on the denoising effect of characteristic
signals from target elements, SBR is adopted as the evaluation
metric in this study. A higher SBR indicates more compl

retention of the target characteristic signals after backgrophd
removal and, consequently, better suppression of co&%od:ls

Feature learning and optimization algorithm @

Deep Boltzmann Machine (DB. gep Bolhann machine
(DBM) is a neural network formedy stacking two or more
restricted Boltzmann machines (RBMs)Ngs illustrated in Fig. 5,

the DBM network in this study consists of two stacked RBMs.
Specifically, RBM1 is composed of a visible layer and a hidden

background.

layer; the visible layer serves for data input, while the hidden layer
is responsible for feature extraction. Notably, connections between
layers are bidirectional, whereas no connections exist between
nodes within the same layer 22. Furthermore, the visible layer of
RBM2 is exactly the hidden layer ~ of RBM1, thereby achieving
layer-wise stacking. The energy function of the DBM with two
hidden layers is given by Eq. (3).

N T T
E@0) =~ Wi —h'Wh,
where is the binary state vector of the visible layer units,

M! M,

h <01} and €01 are the binary state vectors of the

hidden layer units in the first and second layers, respectively, "
W2

vef{ol}’

and are the connection weight matrices between the visible
and hidden layer units of RBM1 and RBM2, respectively.
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Fig. 5 Schematic diagram of the DBM architecture.

Principal Compone
learning  algorit

nalysis (PCA). PCA is an unsupervised

that linearly maps preprocessed high-

dimensional spectragigata into low-dimensional features while

preserving core inform®ow. Its objective is to maximize the

variance of p % datd onto basis vectors by finding optimal
15

principal compiy ¢, thereby removing linear correlations and

rmation >>?* The implementation steps are as
andardize data to eliminate dimensional differences

oss wavelengths; 2) compute the covariance matrix; 3)
co eigenvalues (variance contribution) and eigenvectors
rojection directions); 4) select principal components with a
mulative contribution rate >85% to construct the projection
atrix, outputting the feature matrix for subsequent classification

modeling.

Back Propagation Neural Network (BP). The BP neural network
adopts a three-layer feedforward structure of "input-hidden-
output", whose core mechanism is the optimization of parameters
through forward propagation and backpropagation iterations to
construct a classification model > In this work, the input layer
receives dimensionally reduced data from DBM or PCA, the
hidden layer performs nonlinear feature extraction via an
activation function, and the output layer yields class probability
distributions.

The training procedure of the BP consists of two stages: forward
propagation and backpropagation. During forward propagation,
input features enter the network through the input layer, undergo
weighted summation and nonlinear activation in the hidden layer,
and are transmitted layer by layer until a class prediction is
generated at the output layer. Then, during backpropagation, the
prediction error computed by a loss function is propagated
backward from the output layer to the input layer using a gradient
descent algorithm. Consequently, the weights and biases in each
layer are iteratively adjusted until the loss converges or the
maximum number of training epochs is reached.
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RESULTS AND DISCUSSION

Wavelet-based data preprocessing. The background removal
performance of wavelet transform strongly depends on the proper
matching between wavelet function type and decomposition level.
In this study, the iterative wavelet transform (IWT) was applied
for background removal of raw LIBS spectra. A grid search was
performed over the parameter space consisting of 10 wavelet
functions (db1-db10) and 10 decomposition levels (1-10). The
background removal performance of each parameter combination
was comprehensively evaluated using two complementary
metrics: the root mean square error (RMSE) and the
signal-to-background ratio (SBR).

Optimization of decomposition level and wavelet function.
Determination of wavelet function. To objectively evaluate the
background removal performance of different wavelet parameter
combinations, this study adopted two complementary metrics:
RMSE is used to measure how closely the background fitting
curve follows the trend of the original signal—a smaller RMSE
indicates more accurate fitting; SBR is used to characterize the
enhancement of the analytical signal after background removal—
a higher SBR indicates more thorough background suppression
and better signal fidelity. An ideal preprocessing parameter set
should achieve an optimal balance between a low RMSE and a
high SBR.

Figure. 6 shows the RMSE variation trends with increasjng
decomposition level for five representative wavelet fu%s.

Overall, the RMSE of all functions gradually increasg

further increasing the level brings ve!
fitting accuracy while significantly raising computational cost.
Notably, db6 exhibits an abnormally low RMSE value (0.0023) at
level 3. Combined with the SBR data (only 9.56) in Fig. 7, this
anomaly is attributed to the background curve overfitting to the

imited improvement in

signal peak region, which is an overfitting phenomenon and
should be excluded.

Figure 7 compares the SBR of each wavelet function at
decomposition level 3. The SBR of dbl reaches as high as 111.2,
which is not only far superior to most other functions such as db2
(9.48) and db4 (8.44), but also represents a peak within its own
series. Some wavelet functions exhibit negative SBR values at
certain decomposition levels, indicating a severe failure in
background fitting where the signal peak becomes inverted after
subtraction, further highlighting the stability and robustness of db1l
across the entire parameter range. Although db5 achieves the
highest SBR (169.07) at level 7, its RMSE (0.0163) and computational
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Fig. 7 Comparison of signal-to-background ratio (SBR) for different
wavelet functions at level 3.

computational cost increase substantially, failing to satisfy the
principle of balancing efficiency.

Integrating the two-dimensional RMSE and SBR heatmaps
shown in Figs. 8 and 9, the combination of db1 at level 3 is located
at the intersection of the convergence onset region of RMSE and
the high SBR region. This configuration yields an RMSE (0.0138)
that has already entered the stable range, and an SBR (111.2) that
ensures signal enhancement without incurring overfitting risk.
Moreover, dbl is the computationally simplest wavelet function.
This combination thus achieves the best overall trade-off among
fitting accuracy, signal enhancement, and computational efficiency.
Therefore, among the 100 combinations tested in this study (10
wavelet functions X 10 decomposition levels), dbl with a
decomposition level of 3 was selected as the optimal
preprocessing parameter.
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Table 2. Comparison of denoising performance using iterative wavelet
transform

Denoising Methods Raw IWT
SBR (Mn 11 403.076 nm) 9.67 111.21

Background removal effect verification. To validate the actual
performance of the parameters selected for the IWT algorithm, the
Mn II line at 403.076 nm of standard sample #1 was used as the
analysis target. The net peak intensity of this line was taken as the
effective signal, and the average baseline intensity over the
wavelength range of 402.611 nm-402.883 nm was used as the
continuous background intensity to calculate the SBR of the raw
spectrum and after background removal. As can be intuitively seen
from Fig. 10, which shows multiple characteristic spectral lines

https://www.at-spectrosc.com/as/article/pdf/20260027s

(including Ni 1310.156 nm, Mn II 403.076 nm, etc.), the baseline
noise of the spectral lines is significantly reduced after IWT
processing, indicating a good background removal effect.

Table 2 lists the SBR comparison for Mn before and after
wavelet transform. As shown in Table 2, after background removal,
the SBR of Mn increased from 9.67 to 111.21, approximately 11.5
times that before processing, demonstrating that the background
signal was effectively suppressed. This validates the effectiveness
and reliability of the selected parameter combination (db1 wavelet
function with a decomposition level of 3) in practical LIBS
spectral preprocessing.

Parameter optimization for data dimensionality reduction

Normalization. During the detection of specialty steel samples,
the significant difference in content between matrix elements and
trace elements lead{ to a large disparity in their spectral intensities.
To eliminate the ing bias caused by order-of-magnitude
differences among inpui jables of the full-spectrum signals, a
od was adopted after background

removal by [ % ping all spectral intensity values into the [0,1]
interval % Iculation formula for this normalization is given in

Xnorm = (X_Xmm)/(Xmax _Xmm)

“

ere Xuorm represents the normalized spectral intensity, Xmax and
min denote the maximum and minimum spectral intensities within
the current dataset, respectively.

Principal component selection for PCA. Fig. 11 shows the curves
of individual and cumulative contribution rates of principal
components (PCs) in PCA. The horizontal axis represents the
number of PCs, whereas the left and right vertical axes denote the
individual contribution rate and the cumulative contribution rate,
respectively. According to the principle of PCA dimensionality
reduction, the number of PCs whose cumulative contribution rate
reaches or exceeds 85% is sufficient to capture the core
information of the original data. To effectively eliminate
redundant information from the raw spectral data while achieving
efficient compression of high-dimensional data, this study selected
43 PCs based on a cumulative contribution rate threshold of 95%.

Parameter optimization of the DBM-BP model. The performance
of'the DBM-BP model is influenced by multiple hyperparameters,
some of which are pre-set based on network architecture and
training experience, while others are determined through
experimental optimization. For the empirically pre-set parameters:
the DBM adopts a two-hidden-layer architecture, with the first
hidden layer fixed at 60 neurons to perform initial abstraction of
input features; the BP network also uses a two-hidden-layer
structure, with its first and second hidden layers fixed at 60 and 5
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Fig. 11 Contribution rates of principal components in PCA.

neurons, respectively. The loss function of BP is the multi-class
cross-entropy, and the optimizer is the nonlinear conjugate
gradient algorithm, which does not require a pre-set fixed learning
rate but adaptively determines the step size via line search. During
training, all 343 samples participate in gradient computation in

https://www.at-spectrosc.com/as/article/pdf/20260027s
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mini-batches (divided into two batches of 196 and 147 samples,
with gradients calculated separately and then weight-averaged by
sample count to obtain an equivalent global gradient); in the
forward evaluation phase, the data are grouped by original sample,
with a batch size of 49 samples per evaluation. Among the
hyperparameters to be optimized, this study focuses on the
influence of the number of neurons in the second hidden layer of
the DBM and the number of BP iterations on classification
performance. The optimal combination was selected based on the
test set recognition accuracy curve. Fig. 12 shows the variation in
accuracy of the DBM-BP model under different parameter
combinations. When the number of neurons in the second hidden
layer of the DBM is 5 and the number of BP iterations is 200, the
training set accuracy reaches 96.83% with a reasonable training
time. If the iteration count is further increased, although accuracy
improves slightly for some combinations, the training time
increases substantially, which does not meet the requirement for
rapid classification. When the number of neurons in the second
hidden layer of the DBM exceeds this optimal value, the accuracy
tends to decrease, while the computational time also increases. In
summary, the optimal parameter configuration for the DBM-BP
model is: 60 neurons in the first hidden layer of the DBM
(empirically pre-set), S neurons in the second hidden layer of the
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Table 3. Classification results of the PCA-BP and DBM-BP models on the pansteel spectral data

Method Feature variables Training accuracy(%) Test accuracy (%) Dimensionality reduction time (s)
DBM-BP 5 98.53 96.83 12.21
PCA-BP 43 61.56 15.87 5.73

Model recognition aceuracy(%)

100.0

84.04

I 68.08

5212

I 36.16
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— 20.20
100 200 300 400 500

Number of iterations

Fig. 12 Training accuracy versus BP iterations and DBM
second-hidden-layer neuron count.
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Fig. 13 Confusion matrix of the PCA-BP classification model.

DBM (optimized); 60 and 5 neurons in the BP hidden layers (fixed
default), and 200 iterations (optimized).

Performance comparison of PCA-BP and DBM-BP
classification models. The parameter configurations of the DBM-
BP and PCA-BP classification models were as follows: the input
to the DBM-BP model consisted of 5 feature variables after DBM
dimensionality reduction, with the number of DBM iterations set

https://www.at-spectrosc.com/as/article/pdf/20260027s

to 100; the input variables for the PCA-BP model were 43 PCA
principal components. The number of BP iterations was set to 200
for both models. As shown in Table 3, the DBM-BP model
achieved a training set accuracy of 98.53% and a test set accuracy
of 96.83%, a gap of only 1.7 percentage points, indicating no
obvious overfitting and good training stability; the dimensionality
reduction time was 12.21 s. In contrast, the PCA-BP model
attained a training set accuracy of only 61.56% and a test set
accuracy of 15.87%, both at low levels, demonstrating that the
features obtained after PCA dimensionality reduction failed to

effectively represenf the sample category information.

e PCA-BP and DBM-BP classification

The performance o

AgPshown in Fig. 13, the PCA-BP model achieved a low

cognition accuracy for the seven types of steel samples, with

ost categories exhibiting significant misclassifications, and its
overall classification accuracy was only 15.87%. The poor
performance of the PCA-BP model can be mainly attributed to the
following reasons: in the LIBS spectra of specialty steel, multiple
elemental lines are severely overlapped, and the inter-class
differences manifest as complex nonlinear structures; PCA, as a
linear projection method, cannot effectively capture such
nonlinear discriminative information in the principal component
directions, resulting in a feature space with poor separability after
dimensionality reduction. Moreover, in this study, each steel grade
had only one physical sample, and multiple spectra of the same
grade were all collected from the same sample, limiting the
independent representativeness of the samples and further
exacerbating the sensitivity of the linear dimensionality reduction
method to data fluctuations. Therefore, PCA-BP serves only as a
linear dimensionality reduction baseline in this study, with its main
function being to provide a comparative benchmark for the
nonlinear feature extraction capability of DBM.

As shown in Fig. 14, the confusion matrix of the DBM-BP
model exhibits a very high proportion of diagonal elements.
Except for a few samples with cross-misclassifications, most
samples are correctly classified, yielding an overall classification
accuracy of 96.83%. Consequently, compared with the PCA-BP
model, the DBM-BP model demonstrates a stronger capability for
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Fig. 14 Confusion matrix of the DBM-BP classification model.

extracting deep abstract features, effectively capturing the
nonlinear characteristics and complex correlations inherent in
high-dimensional LIBS spectral data. Even under pronounced
matrix effects and large variations in trace element contents among
the steel samples, this model still achieves accurate classification.
These results validate the superiority of DBM in dimensionality
reduction and feature extraction from high-dimensional spectr;
data, while also confirming the compatibility of the IWT
preprocessing scheme with the DBM-BP classification m%

Study limitations. Owing to restricted sample availa
single physical sample was obtained for h
Consequently, the dataset was partit e spectrum level
rather than at the sample level, sq brent | a originating
from the same sample were present§g/both the‘training and test
sets. Moreover, the model hyperparame?

ha
2bs!

were tuned based on
performance on the test set. Under these €xperimental conditions,
the reported test accuracy of 96.83% reflects the model’s ability to
discriminate among known samples, rather than its generalization
capability to unseen samples of the same steel grade. Future work
will collect multiple independent samples per steel grade and
perform sample-level cross-validation to more rigorously evaluate
the model’s generalization performance.

CONCLUSION

A combined IWT-DBM-BP model integrating iterative wavelet
transform (IWT), deep Boltzmann machine (DBM), and BP
neural network is proposed in this study for the classification and
identification of seven types of special steel samples based on
LIBS technology In the spectral preprocessing stage, the IWT

https://www.at-spectrosc.com/as/article/pdf/20260027s

method was employed for background removal, which improved
the signal-to-background ratio of the Mn characteristic line from
9.67 to 111.21, confirming the effectiveness of this approach in
continuous background suppression. In the feature extraction and
classification stage, two hybrid models, namely DBM-BP and
PCA-BP, were constructed in parallel for comparative
experiments. The results show that the DBM-BP model achieved
a classification accuracy of 98.53% on the training set and 96.83%
on the test set, with a difference of only 1.7 percentage points,
indicating no obvious overfitting. In contrast, the PCA-BP model
yielded a test set accuracy of merely 15.87%. These results
validate the limitation of linear dimensionality reduction methods
when dealing with the nonlinear characteristics of special steel
LIBS spectra.

These findings further confirm that the DBM-BP model can

effectively extract degp nonlinear features from high-dimensional

LIBS spectral datafachjeving high classification accuracy within
the seven special 1 samples examined in this study, thus
providing a feasible teclify

of steel mate;

solution for the rapid identification
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