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ABSTRACT: Feature engineering is a critical step in addressing the “curse of dimensionality”” and high noise levels inherent
in laser-induced breakdown spectroscopy (LIBS) data to enable rapid and accurate classification. However, for complex matrices
like uranium (U) slag, individual feature selection methods often struggle to capture the full spectrum of discriminative information,
leading to suboptimal model robustness. To address this, a weighted feature fusion (WFF) strategy is proposed for the first time to
achieve high-precision classification of U slag. This strategy generates a comprehensive importance metric by performing a weighted
linear fusion of normalized scores derived from random forest (RF), least absolute shrinkage and selection operator (LASSO), and
mutual information (MI). The influence of diverse weight configurations on support vector machine (SVM), linear discriminant
analysis (LDA), and k-nearest neighbors (KNN) models was systematically investigated using LIBS spectra from 23 U slag samples.
The results demonstrate that the WFF strategy effectively reconciles the complementary strengths of the baseline methods—
leveraging the dominant discriminative power of RF, the sparse linear features of LASSO, and the nonlinear associations from MI.
Under the optimal weight configuration (RF: LASSO: MI = 0.5:
0.2: 0.3), the LDA model achieved a peak F1-score of 97.09%,
significantly outperforming the best single-method approach (RF-
LDA, 94.15%). The proposed strategy exhibits superior
generalization and successfully mitigates the adaptation
limitations typically observed when specific models are paired
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INTRODUCTION

laboratory analytical methods, such as inductively coupled plasma
mass spectrometry (ICP-MS) 2 and X-ray fluorescence (XRF),

Uranium (U) slag is a complex heterogeneous solid waste provide high-precision elemental quantification, they are

generated as a byproduct of the hydrometallurgical extraction of constrained by cumbersome sample pretreatment, long analysis

uranium. It typically contains residual radioactive elements (U, Th)
along with various associated heavy metals and rare earth
elements.! Rapid and accurate classification of such slag is
essential for facilitating secondary resource recovery, optimizing

cycles, and high operational costs, rendering them insufficient to
meet the urgent industrial demand for real-time monitoring.

Laser-induced breakdown spectroscopy (LIBS) has emerged as

downstream treatment processes, and enabling reliable a promising solution for the in-situ and online characterization of
environmental risk assessments. Although conventional solid waste, offering unique advantages such as minimal sample
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preparation, 4 rapid detection, 3 and simultaneous multi-element
analysis. %" However, the practical application of LIBS to complex
matrices like U slag remains a significant technical challenge.
Generally, each measurement generates extremely high-
dimensional spectral data, typically spanning thousands to tens of
thousands of wavelength channels. ® These data not only contain
characteristic emission lines reflecting chemical composition but
also exhibit line-dense and overlapping features. Moreover, key
characteristic peaks are often interwoven with complex
background continuum radiation, detector dark current noise,
pulse energy fluctuations, and significant matrix effects.>!? This
intricate physical process results in a scenario where “dimensional
redundancy” and “information sparsity” coexist,!! significantly
increasing the difficulty of effective feature extraction and robust

analysis.

While machine learning (ML) has demonstrated remarkable
efficacy in modeling non-linear spectral mappings, its
performance is heavily contingent upon manageable feature
dimensions and sufficient training data.'>'* The inherent conflict
between high-dimensional spectral features and limited sample
availability—often represented as the “n <« p” problem—
constitutes a major technical bottleneck for stable and accurate
classification. In such cases, excessive model degrees of freedom
inevitably lead to a surge in computational complexity and the
overfitting of stochastic noise, which precipitates a drastic decline
in generalization ability.’> Consequently, extracting robust,
physically interpretable features while removing redundancy has
emerged as a pivotal determinant for reliable analytical
frameworks.!¢ Unlike feature extraction, which constructs new
features through mathematical transformations, feature selection
methods—represented by least absolute shrinkage and selection
operator (LASSO), random forest (RF), and mutual information
(MI)—identify a subset of original variables where discriminative
information is concentrated.'” This approach optimizes model
performance while ensuring computational efficiency and spectral
interpretability. Although these methods have achieved notable
successes in various LIBS applications, they are inherently
constrained by their respective algorithmic mechanisms, such as
the node purity bias in RF or the marginal correlation assumptions
in MI. Particularly under conditions of sample scarcity, these
singular-perspective approaches often suffer from poor stability
and insufficient generalization ability, impeding their capacity to
comprehensively capture robust discriminative patterns from

complex matrices.

To transcend these limitations, we propose a weighted feature
(WFF) that
discriminative information derived from diverse evaluative

fusion strategy synergistically  integrates
perspectives. The core principle involves normalizing importance
scores from multiple screening methods and performing a linear

combination governed by adjustable weight coefficients.'® For

https://www.at-spectrosc.com/as/article/pdf/2026029

330

instance, Liang et al.'® developed an adaptive WFF method based
on an adaptive weighting feature fusion generative adversarial
network (AWF*-GAN), which dynamically assigns weights to
fuse spectral and spatial features, thereby attaining overall
classification accuracies of up to 98.68% even with extremely
limited labeled samples. Similarly, Sun et al.?° proposed a WFF
method based on skin potential (SP) signals for the auxiliary
diagnosis of generalized anxiety disorder (GAD), a strategy that
significantly outperforms both unimodal approaches and direct
fusion paradigms. In the field of medical imaging, Mohanty et al.?!
developed an optimized deep feature fusion strategy for skin lesion
classification, while Wu et al?* implemented a dual-branch
weighted feature fusion of dual attention convolutional neural
network and transformer encoder module (WFTC) for the
classification of marine red tide algae. Nevertheless, to the best of
our knowledge, the efficacy of the WFF strategy has not yet been
systematically investigated within the LIBS domain—particularly
for classification tasks involving complex matrices such as U slag.

This study aims to develop a practical feature engineering
framework that not only enhances classification accuracy but also
addresses the pressing demand for rapid, reliable, and field-
deployable analytical methods in nuclear waste management.
Specifically, the research follows a rigorous three-fold technical
pathway:

1. Baseline Establishment: Individual feature screening is
initially conducted using RF, LASSO, and MI to establish robust
performance benchmarks and to characterize the inherent
limitations of single analytical perspectives.

2. Strategic Optimization: A WFF strategy is constructed by
implementing a linear combination of normalized importance
scores derived from RF, LASSO, and MI. The impact of various
weight configurations on model performance is systematically
investigated to identify the optimal fusion scheme that maximizes
discriminative power.

3. Comprehensive Validation: The efficacy of the WFF strategy
is rigorously evaluated in comparison with single feature selection
methods across three distinct classification models: support vector
machine (SVM), linear discriminant analysis (LDA), and k-

nearest neighbors (KNN). Furthermore, the underlying
mechanisms by which WFF enhances classification accuracy are
elucidated through an in-depth analysis of importance

distributions and feature correlations.

Overall, this work provides a robust, highly discriminative, and
flexibly configurable feature engineering solution for the LIBS
analysis of complex matrices, thereby supporting practical
applications of LIBS technology for rapid classification and
resource recovery in the nuclear waste management sector.
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Table 1. Identification numbers of U slag samples and their corresponding U and Th concentrations

Sample No. Concentration (ppm) Sample No. Concentration (ppm) Sample No. Concentration (ppm)
U Th U Th U Th
S1 8 860 S9 277 37 S17 1545 249
S2 11 481 S10 367 11900 S18 1940 36
S3 12 2880 S11 502 41 S19 2060 306
S4 25 657 S12 655 18708 S20 2450 142
S5 61 4860 S13 678 20200 S21 2880 39
S6 91 45 S14 971 39 S22 3900 37
S7 106 18 S15 1015 22364 S23 5730 45
S8 123 826 S16 1144 27200 - - -
— ‘Mirror LIBS experiment. The LIBS experimental setup used in this
L/ 12 study is illustrated in Fig. 1. A Q-switched Nd:YAG laser
Nd:YAG Laser (=100 mm) Dichroic (Powerlite Precision II 9010, Continuum) was employed as the
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Fig. 1 Schematic diagram of the experimental setup of LIBS.

EXPERIMENTAL

Sample preparation. The experimental materials comprised 23
groups of U slag powder, all of which were collected by the
Jiangxi Provincial Bureau of Geology. The raw samples
underwent an initial purification process to remove visible
impurities, followed by drying and thorough pulverization. To
ensure a uniform particle size distribution, the resulting powders
were processed through a 200-mesh sieve. Subsequently, 5 g of
each powdered sample was precisely weighed using a
microbalance with a sensitivity of 0.1 mg. These powders were
then compressed into cylindrical pellets with a diameter of 40 mm
and a thickness of approximately 2.5 mm. This was achieved using
a hydraulic press operating under a pressure of 8 MPa for a
duration of 3 min. The prepared pellets were sequentially labeled
from S1 to S23. It should be noted that, due to restrictions on
sample ownership, the Jiangxi Provincial Bureau of Geology only
provided concentration data for U and Th. Given that the objective
of this study is to improve classification performance through
feature engineering, no quantitative analysis was performed for the
matrix elements (e.g., Cu, Fe, Zr, Ti, Si) that exhibited high
intensity and importance scores in the subsequent spectral and
wavelength importance analysis. The elemental concentrations of
U and Th within each sample were determined via ICP-MS, the
specific results of which are summarized in Table 1.
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excitation source, operating at a wavelength of 532 nm with a
repetition rate of 10 Hz and a pulse duration of approximately 7.0
ns. The single-pulse energy was set to 60 mJ. The laser beam was
vertically focused onto the surface of the pressed powder pellet
using a lens (L1) with a focal length of 200 mm. To prevent air
breakdown and the associated intense emission from CN bands
and O, N, and H lines, the distance between the sample surface
and the focusing lens was maintained at approximately 199 mm,
corresponding to a laser power density of approximately
1.21x10'"°W/cm? . The emission signal from the laser-induced
plasma was collected by a lens (L2) with a focal length of 100 mm
and coupled into an optical fiber, through which it was transmitted
to a spectrometer (Mechelle 5000, Andor, Belfast, UK) equipped
with an ICCD detector (DH334-18F-03, Andor, iStar). The
spectrometer covered a wavelength range of 219-879 nm with a
spectral resolution of A/44 = 4000. Based on preliminary
experiments, the detector delay time of 1.5 us and the ICCD gate
width of 10 us were set to obtain plasma spectra with a high
signal-to-noise ratio (SNR), thereby ensuring data quality.
Temporal synchronization between the laser and the spectrometer
was achieved using a digital delay generator (DG645).

During data acquisition, the samples were mounted on a three-
dimensional translation stage, which was moved at a constant
speed of 2.0 mm/s to enable precise control of the laser ablation
area. All experiments were conducted under ambient atmospheric
conditions. For each sample group, 30 replicate measurements
were performed, with each measurement accumulating 50 laser
pulses. In total, 690 LIBS spectra were collected from 23 sample
groups for subsequent modeling analysis and performance
evaluation.

Methods of analysis. The WFF analytical framework proposed in
this study for U slag classification is illustrated in Fig. 2. The
integrated workflow is systematically categorized into three
primary phases: individual feature selection, WFF, and model
optimization and performance evaluation.
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Fig. 2 Flowchart of U slag LIBS classification based on WFF.

Phase I: Individual Feature Selection

Initially, the raw LIBS spectral data are preprocessed using a
combined standard normal variate and Savitzky-Golay (SNV-SG)
filtering method to enhance signal integrity and suppress
stochastic noise. The dataset is subsequently split into training and
testing sets at an 8:2 ratio, with the training data undergoing
standard scaling to eliminate dimensional discrepancies. Building
upon this, three independent feature selection methods—REF,
LASSO, and MI—are employed to evaluate and screen the high-
dimensional spectral data. Each method generates feature
importance scores based on its intrinsic algorithmic mechanism,
from which critical feature subsets are extracted. These subsets are
then input into SVM, LDA, and KNN models for initial training
and performance testing. This phase establishes a comprehensive
set of performance benchmarks for individual feature-model
combinations, serving as a baseline for subsequent fusion analysis.

Phase Il: WFF
To ensure comparability across different evaluative perspectives,

the feature derived from the three
aforementioned methods are first normalized to the [0, 1] range.

importance scores
Subsequently, these normalized scores are linearly integrated
according to a series of predefined weight ratios to generate a
comprehensive feature importance metric. By systematically
adjusting the weight allocations (e.g., 0.5:0.3:0.2, 0.4:0.4:0.2, etc.)
and re-normalizing the fusion results, two distinct strategies—
Top-K selection and threshold-based screening—are implemented
to extract the most potent discriminative feature subsets, thereby
achieving effective dimensionality reduction.

Phase III: Model Construction and Evaluation
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In the final phase, the SVM, LDA, and KNN classifiers are
retrained using the optimal fused feature sets identified in Phase I1.
To ensure peak performance, a grid search algorithm is utilized for
systematic hyperparameter optimization, coupled with five-fold
cross-validation to evaluate the generalization capability of the
parameter combinations and mitigate the risk of overfitting. The
final model performance is rigorously assessed on the testing set
using multiple metrics, including precision, recall, and F1-score.
To further validate the efficacy of the WFF strategy, a comparative
analysis is performed between the fusion-enhanced models and
the individual baseline models from Phase I. By examining the
impact of different feature inputs on classification outcomes, the
practical effectiveness of the WFF method in enhancing
discriminatory power and model stability is comprehensively
evaluated.

Feature selection methods. In LIBS spectral analysis, feature
selection represents a pivotal stage for distilling critical
discriminative information from high-dimensional datasets and
constructing efficient predictive models. The essence of this
process lies in quantifying the correlation between individual
spectral features and target categories, thereby identifying the most
potent feature subsets.”* This reduction in dimensionality
facilitates the elimination of redundant variables and stochastic
noise, which subsequently enhances computational efficiency,
model interpretability, and generalization performance. Each raw
LIBS spectrum collected in this study comprises 22441 spectral
data points, constituting an extremely high-dimensional feature
space. Utilizing the full spectrum for direct modeling would not
only impose a substantial computational burden but also introduce
multicollinearity and noise-related artifacts, leading to overfitting
and performance instability. Consequently, the implementation of
effective feature selection is indispensable.

Atom. Spectrosc. 2026, 47(3), 329—-341.



To systematically evaluate the efficacy of various screening
mechanisms in LIBS classification, three methodologies based on
distinct mathematical principles were selected: RF, LASSO, and
MI. Each method was executed independently to assess feature
importance from the perspectives of ensemble learning,
regularized regression, and information theory, respectively.

RF: By constructing an ensemble of decision trees and
aggregating their predictive outcomes, RF evaluates feature
importance based on the mean decrease in Gini impurity. This
criterion quantifies a feature’s contribution to class separation by
calculating the average reduction in impurity across all nodes
where the feature is utilized for splitting.* In this study, the RF
model was trained on the spectral training set to derive
standardized importance scores for each wavelength.

LASSO: This method feature
incorporating a penalty term—specifically the L;-norm (the sum

implements selection by
of'the absolute values of the regression coefficients)—into the loss
function. This mechanism shrinks the coefficients of redundant or
weakly correlated features to exactly zero, thereby achieving
automatic variable selection.”® Here, the optimal regularization
parameter was determined via five-fold cross-validation, and
feature importance was evaluated based on the absolute magnitude
of the resulting coefficients. LASSO is particularly effective at
isolating features with significant linear associations with class
labels, thus bolstering model stability.

MI: Rooted in information theory, MI measures the statistical
dependence between two random variables and is uniquely
capable of capturing complex non-linear associations.?® In this
study, the MI value between each LIBS spectral feature and the
sample category label was calculated to quantify the class-specific
information carried by that feature. A higher MI value signifies a
greater intrinsic predictive potential for the classification task.

WFF. Individual feature selection methods are frequently
constrained by their specific evaluative criteria, making it
challenging for the resulting feature subsets to comprehensively
and effectively capture the pertinent information embedded within
high-dimensional LIBS spectra. To integrate the complementary
advantages the
discriminative power and robustness of the feature sets, a WFF

of wvarious methodologies and bolster
strategy is proposed in this study. This strategy aims to construct a
more representative and discriminative fusion feature subset by
synthesizing the importance scores derived from RF, LASSO, and
MI through an adjustable weight allocation mechanism, thereby
providing a more reliable input for subsequent classification
modeling. Specifically, the raw feature importance scores output
by RF, LASSO, and MI are initially subjected to min-max

normalization, mapping their values onto the [0, 1] range. This
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step is essential to eliminate dimensional discrepancies and ensure
parity and comparability during the fusion process. Subsequently,
the normalized scores—denoted as Iz, I; 4550, and I,;—are
integrated via a linear weighting scheme according to predefined
weight coefficients to generate a comprehensive fusion
importance score (F,.4) for each feature. The calculation formula

is defined as follows:

Frusea = Wgrr * Igr + Wirasso *Irasso + Wur “Img - (1)
where wgr, Wryss0, and wy, represent the weight coefficients
assigned to the three methods, respectively, satisfying the
constraint: WRF+WLASSO+WMI:1~

To systematically evaluate the impact of weight configurations
on classification performance, a variety of weight combinations
(e.g.,0.4:0.4:0.2,0.5:0.3:0.2, and 0.6:0.2:0.2) were established for
comparison. Following each fusion process, Fjq Wwas re-
normalized to maintain consistency in the scoring scale. Based on
the integrated comprehensive scores, two strategies were further
employed to screen key features: first, selecting the Top-K features
with the highest scores; and second, retaining features with scores
exceeding a predefined threshold. For each weight ratio, the
corresponding optimal K-value or threshold was determined
through iterative optimization to identify the most discriminative
feature subset for subsequent modeling and analysis.

This fusion strategy not only integrates the advantages of
diverse feature evaluation criteria but also allows for the
adjustment of contributions from different feature selection
mechanisms via weight tuning. Consequently, the robustness and
classification stability of the feature set are enhanced, establishing
a firm foundation for the construction of high-performance
classification models.

Classification models and hyperparameter optimization. To
comprehensively evaluate the classification performance of the
feature subsets constructed via WFF, three machine learning
models were selected: SVM, LDA, and KNN. These models,
based on the principles of margin maximization, optimal linear
projection, and local similarity, respectively, allow for a multi-
faceted assessment of the discriminative power and robustness of
the fused features. SVM aims to construct an optimal hyperplane
within the feature space to maximize the inter-class margin,
thereby enhancing the generalization capability of the model.?’
LDA seeks the optimal linear projection direction by maximizing
the inter-class scatter while minimizing the intra-class scatter to
achieve effective classification.”® KNN determines the category of
a test sample through majority or weighted voting based on the
class labels of its K nearest neighbors in the feature space.?’ The
specific parameters for each model are summarized in Table 2.
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Table 2. The main parameters of the three classification models

Model Main parameters Parameter explanation
C: Regularization parameter; Kernel: Kernel type; gamma: Kermel coefficient;
SVM C; Kernel; gamma; degree g P L typei g ’
degree: Degree of polynomial kernel
. solver: Algorithm used for LDA computation; shrinkage: Prevents covariance
LDA solver; shrinkage ot Agorin P ’ g
matrix singularity
KNN n_neighbors; weights: metric n_neighbors: Number of nearest neighbors; weights: Determines neighbor vote
_nelg ? ’ importance; metric: Distance calculation method between data points
(a) (b)
1.0
Best = 0.917 == Mean: 0.917
auto 0912 0.912 0.95 Std: +0.013
08 0.94
0.93 0.943
g 0.6 5
. @
g 45 092 0914 0913
= 01 0912 0.912 E &  eemmmmmmmm e O R el e e
g =~ @ X
£ 04 = 09 0906
0.5 tﬁl 0917 0.90
0.2
0.89
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Isqr eigen 1 2 3 4 5

solver

Cross-validation Fold

Fig. 3 Parameter optimization of the LDA model: (a) grid search process, (b) five-fold cross-validation procedure

To achieve peak performance for each model, a strategy
combining grid search with five-fold cross-validation (CV) was
adopted for hyperparameter optimization. This method traverses
all parameter combinations within a predefined parameter space
and evaluates them based on the average performance across five
folds, thereby enhancing the robustness of parameter selection and
mitigating the risk of overfitting. Taking the analysis of the LDA
model as an example, the parameter optimization process is
illustrated in Fig. 3. When the parameters were configured as
solver = “Isqr” and shrinkage = 0.5, the model achieved the
optimal average Fl-score of 0.917. Under this optimal
configuration, the Fl-score for the fourth fold in the five-fold
cross-validation reached 0.943, demonstrating excellent stability
and generalization capability. This validates the effectiveness and
reliability of the parameter optimization workflow employed here.

Model evaluation. To evaluate the classification performance
different
assessment was performed using three core metrics: precision,

across models systematically, a comprehensive
recall, and the F1-score. These indicators quantify classification
efficacy from distinct perspectives. Precision reflects the
proportion of samples predicted as positive that are true positives,
while recall characterizes the model’s capability to correctly
identify all true positive instances. The F1-score, defined as the
harmonic mean of precision and recall, serves as a consolidated
metric to evaluate the balanced performance of the models across

both dimensions. Higher values for each of these metrics signify
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superior overall model performance, with their specific

mathematical definitions provided as follows:

TP

Precision = 2)
TP+FP
Recall = —~ 3)
TP+FN
Fl=2x PrecisionxRecall (4)

Precision+Recall

where TP, FP,and FN represent the numbers of true positives,
false positives, and false negatives, respectively.

RESULTS AND DISCUSSION

Spectral analysis. Fig. 4 illustrates the average emission spectra
of 23 U slag samples (S1-S23) from diverse origins within the
wavelength range of 200-870 nm. It can be observed that the
spectra exhibit dense and abundant line features across the entire
wavelength range, with the most prominent emission clusters
concentrated in the 350-450 nm and 500-650 nm regions. Spectral
analysis indicates that these high-intensity characteristic peaks
primarily originate from the energy level transition emissions of
major matrix elements, such as Si, Fe, Ca, and Al. Notably, due to
the varying geographical origins of the samples and differences in
their mining, metallurgical, and industrial processing workflows,

Atom. Spectrosc. 2026, 47(3), 329—-341.



b
$6 (91 ppm) ® S12(655 ppm)

$5(61 ppm) S11(502 ppm)

4 " | .

60
S3 (12 ppm)
40

| 2 (11 ppn
20t ki 1 S2OTER L
Ao

54 (25 ppm)

10 (367 ppm)

40 9 (277 ppm)
il AJ I Ll Ll k|

204 Q
S8 (123 ppm)
L_uw‘.iu¢,-L,_“ Ld g el o

0 Jbame s S7(106 ppn) N

Intensity (a.u.)
Intensity (a.u.)

0l L SI@ppmy ]

300 400 500

Wavelength (nm)

600 700 800 300 400 500 600 700 800

Wavelength (nm)

SI8 (1940 1204
(1940 ppm) $23 (5730 ppm)

100 {put il I
$17 (1545 ppm)
100) . 1

i $22 (3900 ppm)
~ PRl TN A PR T BT
£ 80 S16 (1144 ppm) 4 $21 (2880 ppm)
z stsbsalhe| Z 604
£ 6 8
2 S15 (1015 ppm) 2 4 $20 (2450 ppm)

40 | [SSVIRTIS FTY Y ,A,J,L_MJ,AA.U;_L_‘A

14 (971 ppm)
W

L o ]

20
1 S13 (378 ppm)
el TV 8 1Y Y I TR SO TS N 0

300

$19.(2030 ppm)
ot vl ad b ik

(I AJ i

300

400 500 600 700 800 400 500 600 700 800

Wavelength (nm) Wavelength (nm)

Fig. 4 Original average LIBS spectra of U slag: (a) S1-S6, (b) S7-S12, (¢)
S13-S18, (d) S19-S23.

the chemical matrix compositions exhibit significant heterogeneity.
These fluctuations in matrix properties induce strong matrix
effects within the spectral dimension, manifested as complex
nonlinear evolutions of spectral line intensities and background
envelopes (mainly created by the overlapping of a high density of
emission lines in the 350-450 nm range) corresponding to the
sample source. While these high-dimensional and nonlinear
spectral features—constructed by the interplay of geographical
attributes and processing logic—increase the difficulty of direct
quantification, they provide a rich data dimension and
characteristic foundation for ML algorithms to perform deep
feature mining and refined sample classification.

Analysis of independent feature selection. To systematically
evaluate the performance of various feature selection methods in
high-dimensional LIBS spectral classification and to establish a
robust baseline for subsequent WFF analysis, the preprocessed
spectral data were subjected to individual screening using RF,
LASSO, and ML

The RF method evaluates feature importance based on the Gini
impurity reduction criterion. In this study, a grid search is first
conducted to determine the number of decision trees (N_trees) and
the minimum leaf size (Min_leaf). For each combination of these
hyperparameters, an RF model is trained, and the importance score
of each feature is calculated. Subsequently, 20 thresholds are
uniformly selected within the interval [max(0, u-o), min(maxImp,
ut3a)], where u and o denote the mean and standard deviation
of the importance scores, respectively. For each threshold, features
are filtered accordingly and an RF model is retrained. The optimal
threshold is determined by minimizing the out-of-bag (OOB) error,
thereby yielding the most discriminative feature subset. The
LASSO method introduces an L, regularization penalty term.
Through five-fold cross-validation aimed at minimizing the mean

https://www.at-spectrosc.com/as/article/pdf/2026029

335

squared error (MSE), the optimal regularization parameter « is
automatically determined. If LASSO fails to converge or yields
invalid results, the method falls back to Ridge regression, with the
parameter « fixed at(.1. As aresult, the coefficients of redundant
or weakly relevant features are shrunk to zero, achieving sparse
feature selection, and features with non-zero coefficients are
ultimately retained. The MI method quantifies the statistical
dependency between spectral features and class labels from an
information-theoretic perspective, effectively capturing nonlinear
associations. A grid search is first performed to determine the
optimal number of bins (N_bins) for discretization, after which
features are discretized using equal-width binning and the MI
scores are computed. Similar to the RF approach, 20 thresholds
are uniformly selected within the interval [max(0, u - o),
min(maxImp, p+30)]. For each threshold, the corresponding
feature subset is selected, and the classification accuracy is
evaluated using five-fold CV. The threshold that yields the highest
CV accuracy is chosen to determine the optimal feature subset. In
the WEFF strategy, the three methods described above are primarily
used to compute feature scores. Subsequently, weight assignment
is incorporated to rank all features based on their scores, and the
optimal number of features is selected via either a Top-K approach
or a threshold-based method. Specifically, under the WFF
framework, LASSO adopts the same procedure as described
carlier to obtain feature scores, whereas RF and MI assign feature
The
hyperparameter search ranges for the three feature selection

scores using only fixed hyperparameter settings.
methods, along with their specific parameter values under

different strategies, are listed in Table 3.

A comparison of the classification performance for the three
feature selection methods across the SVM, LDA, and KNN
models is summarized in Table 4. According to the training set
results, all models achieved recalls exceeding 98% when utilizing
feature subsets screened by RF and MI, demonstrating a robust
fitting capacity to the training data. In contrast, the LASSO-KNN
combination yielded a recall of only 68.66% on the training set,
indicating a significant adaptation limitation between the linear
sparse features of LASSO and the local similarity metrics upon
which KNN relies. The testing set results further elucidate the
discrepancies in generalization performance among the various
methods. Overall, feature subsets derived from RF and MI
consistently outperformed the LASSO subsets across all
classifiers. Notably, the RF-LDA combination achieved the peak
performance with an F1-score of 94.15%, whereas the LASSO-
KNN combination exhibited the weakest performance with an F1-
score of only 46.48%, further confirming the compatibility
deficiency between LASSO features and the KNN model.

These findings demonstrate that due to differences in their
intrinsic mathematical principles, the feature subsets constructed
by various selection methods exhibit significant distinctions in
information composition and classifier compatibility. It is evident that
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Table 3. Specific parameter values of three feature selection methods under different models

Hyperparameter SVM LDA KNN SVM LV;I KNN
N_trees (100, 150, 200, 250) 100 150 200 100 100 100
Min_leaf (1, 3,5,7,9) 7 5 7 7 7 7
o (automatic optimization) 0.166 0.166 0.166 0.166 0.166 0.166
N_bins (5, 10, 15, 20) 20 10 5 10 10 10

Table 4. Performance comparison of models under different individual feature selection methods
Method ;ﬁ:lul::r Model Training set (%) _ Test set (%) _
Recall Precision F1-score Recall Precision F1-score
417 SVM 100 100 100 91.30 92.00 9132
RF 685 LDA 99.46 99.46 99.46 94.20 94.77 94.15
397 KNN 100 100 100 88.41 89.41 8831
514 SVM 100 100 100 75.36 81.90 75.51
LASSO 514 LDA 100 100 100 82.61 84.01 82.42
514 KNN 68.66 74.27 66.93 5145 54.93 46.48
544 SVM 100 100 100 89.86 90.48 89.81
MI 690 LDA 98.37 98.45 98.38 91.30 91.83 91.18
666 KNN 100 100 100 87.68 88.06 8737
a single method struggles to comprehensively capture the complex ® ——
discriminative patterns inherent in high-dimensional LIBS data. ' — ;';f;‘,’;‘;j‘"‘;;jg;

This conclusion provides a critical rationale for the WFF strategy,
which aims to integrate multi-source evaluative information to
construct a more robust and highly discriminative feature subset.

Analysis of weighted feature importance. To further explore the
characteristics and complementarity of various feature selection
methods, a comprehensive analysis was performed on the feature
importance derived from RF, LASSO, MI, and WFF. Fig. 5
illustrates the performance results of these four methods in feature
screening under the optimal weight ratio of 0.5:0.2:0.3.

The normalized importance scores of the top 25 key features
identified after fusion are presented in Fig. 5(a). Significant
discrepancies are observed in the evaluation of individual features
by the three baseline methods and their subsequent contributions
to the fusion, reflecting their distinct underlying selection
principles. While both RF and MI exhibit relatively gradual
variations in their score distributions, MI tends to assign higher
scores to a larger number of features. Conversely, due to the sparse
nature of L; regularization, LASSO assigns significantly high
scores to only a very limited number of features; this explains why
only one feature point (F18159) from LASSO contributes to the
top 25 key features after fusion. Nevertheless, the WFF score
effectively integrates the evaluation patterns of different methods,
resulting in a more balanced comprehensive importance ranking.
This demonstrates the inherent advantage of the fusion strategy in
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Fig. 5 Analysis of feature importance: (a) importance scores of the top 25
weighted features, (b) frequency distribution of weighted feature
importance scores, (c) correlations among different feature selection
methods.

harmonizing diverse evaluation criteria.

Fig. 5(b) illustrates the distribution of importance scores for all
22441 spectral features following weighted fusion, exhibiting a
distinct bimodal profile. Most features are concentrated in the low-
score region, representing noise or redundant information.
Conversely, a small number of features with high weighted scores
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constitute the second peak of the distribution; these features are
considered to encapsulate the critical discriminative patterns of the
samples. To reduce data dimensionality and mitigate interference
from noise or redundancy, a weight threshold or Top-K value can
be established to exclude low-contribution features, thereby
isolating the required core feature set. This process not only
achieves effective compression of massive spectral data but also
preserves feature sites with high physical significance, enhancing
the sensitivity of the ML models to sample categories. The refined
feature set serves as the input for subsequent modeling to balance
computational efficiency with classification accuracy.

Fig. 5(c) further elucidates the intrinsic relationships between
the different methods under the current weight configuration
through a correlation heatmap. The correlation between RF and
ML is relatively low (0.25), and the correlation between RF and
LASSO is even lower at only 0.05. Furthermore, almost no
correlation exists between LASSO and MI. These results indicate
that the three methods evaluate features based on fundamentally
different principles, leading to significant complementarity in their
assessments. In contrast, WFF exhibits strong correlations with
both RF and MI (0.65 and 0.89, respectively), while showing a
weak correlation with LASSO (0.10). This phenomenon suggests
that the fused importance inherit the
discriminative information patterns identified by RF and MI.

scores primarily

Notably, despite MI accounting for only 0.2 in the weight
allocation, its correlation with the fusion score remains remarkably
high. This implies that the nonlinear discriminative features
captured by MI overlap significantly with the final fused feature
subset, further reflecting the effective integration of multi-source
information during the fusion process. The analytical results
demonstrate that the WFF strategy can effectively aggregate
complementary information from different evaluative criteria,
thereby constructing a more representative and robust feature
subset that establishes a reliable foundation for subsequent
classification modeling.

Fig. 6 illustrates the distribution of importance scores for all
22441 spectral features under the WFF strategy and their
correspondence with the original spectral wavelengths. The
overall distribution exhibits a high degree of sparsity, with
importance scores heavily concentrated at the lower end. This
suggests that only a select few spectral points carry significant
weight, while most features are largely redundant. The average
importance score is approximately 0.1, with 9989 features
exceeding this mean, suggesting that most spectral points
contribute limited information to the classification task. Further
statistical analysis reveals that only 1829 features (approx. 8.15%)
achieve scores above 0.2, which decreases to 512 features (2.28%)
for scores above 0.3. Notably, only 47 feature points exceed a
score of 0.5, primarily comprising 17 characteristic spectral lines,
including CuII (279.52 nm, 422.79 nm), Fe 1 (383.33 nm, 518.57 nm),
Zr 11 (393.47 nm), Ti I (443.65 nm, 455.54 nm), Th [ (517.47 nm,
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Fig. 6 Distribution of importance scores for 22441 spectral features based
on the WFF strategy.
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nm, 559.68 nm, 493.59 nm, 671.14 nm, 650.06 nm, 616.55 nm,
589.24 nm, 770.36 nm, 766.89 nm), and Si I (614.50 nm). This
distribution pattern clearly demonstrates that highly discriminative
spectral features are highly concentrated at specific wavelengths,
whereas the majority of spectral points likely correspond to noise
or background signals weakly associated with sample categories,
underscoring the necessity of information concentration through
feature selection.

Interestingly, despite the research focus on U slag, the U II
373.80 nm line obtained a score of only 0.22 (ranked 1261st)
under the current weight configuration, failing to enter the high-
importance feature set. This may be attributed to two factors. First:
the matrix effect, where high and fluctuating concentrations of
elements such as Fe, Ca, and Si modulate the plasma state and
radiation behavior, potentially masking the true intensity
variations of U lines and weakening their correlation with sample
categories.’® Second: spectral interference, as the proximity of the
Nd 373.56 nm line results in overlap that prevents the U Il intensity
from accurately reflecting U concentration, thereby reducing its
discriminative power in classification models. These findings
suggest that in complex multi-component matrices, not every
emission line of the target element is suitable for classification
modeling. The WFF method effectively identifies and suppresses
such interfered or weak features, relying instead on more robust
and discriminative alternatives—such as the characteristic lines of
the associated element Th or major matrix element Fe—to achieve
more reliable sample classification.

The of feature
performance. As mentioned above, to optimize classification

influence dimensionality on model
performance, this study investigated the influence of feature
variables derived from weighted fusion on model performance

using two screening strategies: Top-K selection and importance
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thresholding. Taking the fused features under the weight
combination of (0.8:0.1:0.1) as an example, Fig. 7 illustrates the
variation in LDA model performance as a function of these feature
screening parameters. According to the trends shown in Fig. 7(a),
as the number of features (K) increases from 100 to 400, the
precision, recall, and F1-score of the LDA model exhibit a stable
and significant upward trend, peaking at K =400. At this point, the
values reach 97.52%, 97.10%, and 97.01%, respectively,
indicating that the feature subset size sufficiently captures the
critical discriminative information within the spectral data. When
K exceeds 400, a slight decline in performance is observed; the
Fl-scores for K = 500 and K = 600 decrease to 96.28% and
96.32%, respectively. This suggests that the optimal feature subset
size is reached near K =400, and further inclusion of features may
introduce  information or thereby

redundancy noise,

compromising the model’s generalization capability.

Fig. 7(b) presents the results based on the importance threshold
strategy. As the threshold is gradually raised from 0.05 to 0.25,
model performance improves incrementally, reaching its peak at a
threshold of 0.25, where 333 features are retained. Notably, the
precision, recall, and F1-score at this threshold are identical to
those of the Top-K strategy at K = 400 (97.52%, 97.10%, and
97.01%, respectively). This demonstrates that an appropriately set
threshold can effectively filter out a vast number of low-
importance features, constructing a highly concentrated
discriminative feature subset. However, when the threshold is
further increased to 0.4, the number of features drops sharply to
101, and the Fl-score significantly declines to 90.19%. This
indicates that overly stringent screening criteria lead to the loss of
valuable discriminative information, thereby weakening the

model’s classification ability.

Combining the results of both screening strategies, it is evident
that both the Top-K and importance thresholding methods can
effectively identify and select key spectral features, enabling the
LDA model to achieve optimal classification performance. The
optimal number of features determined by these two strategies is
also relatively consistent, both falling within the range of 333 to
400. This result indicates that a feature subset constructed within
this specific range can effectively balance the completeness of
discriminative information with feature redundancy. Furthermore,
these findings validate the efficacy of the WFF scores in
identifying critical spectral features and establish a reliable feature
engineering foundation for constructing high-performance, high-
robustness classification models in the future.

Impact of weight allocation on WFF performance. To
systematically evaluate the impact of weight allocation on the
performance of the WFF strategy, this study compared the
classification performance of the LDA model across various
weight combinations (Wgrp:Wrasso:Wa)- Fig. 8 illustrates the
optimal F1-scores corresponding to each weight ratio under the
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Fig. 7 Performance of the LDA model under the WFF strategy with a
weight ratio of 0.8:0.1:0.1: (a) varying Top-K values, (b) varying
importance thresholds.

Fig. 8 Classification performance of the LDA model under various weight
ratios within the WFF strategy.
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optimized feature screening parameters (Top-K or importance
thresholding). The results indicate that weight allocation exerts a
significant influence on model performance. Under the vast
majority of weight configurations, the WFF strategy consistently
achieves superior classification performance compared to any
single feature selection method. Notably, when the weight of RF
exceeds 0.2, the Fl-scores obtained by the WFF strategy stably
surpass the best result of the individual methods (RF-LDA:
94.15%). As the weight assigned to RF increases, the overall
model performance exhibits an upward trend. When the RF
weight is situated within the range of 0.3 to 0.8, the F1-scores of
the WFF-LDA model are generally maintained above 96.0%,
reaching a peak 0f 97.09% at a weight configuration 0f 0.5:0.2:0.3.
This further confirms that the feature importance evaluated by RF
plays a dominant role in constructing highly discriminative feature
subsets. This finding is highly consistent with the results in
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Analysis of independent feature selection section, where RF-LDA
achieved the best performance among individual feature screening
methods, thereby re-validating the reliability and effectiveness of
the RF method for feature evaluation in this specific dataset from
the perspective of weight fusion.

In contrast, for the majority of cases where LASSO or MI are
assigned higher weights, model performance is generally lower.
Specifically, under weight configurations of 0.2:0.7:0.1 and
0.2:0.1:0.7, the Fl-scores were only 94.04% and 94.21%,
respectively. Although these results outperform the individual
LASSO and MI methods, they are merely comparable to or even
slightly worse than the standalone RF method. Other weight
configurations dominated by LASSO or MI exhibit similar trends,
with most performing below the RF-led combinations. This
suggests that within the system of this study, while the feature
evaluation information provided by LASSO and MI possesses
certain discriminative value, excessive reliance on them can lead
to a decline in model performance. Instead, the information they
provide should be viewed as an effective supplement and auxiliary
to the RF method, thereby enhancing overall model performance.
Interestingly, under the weight ratio of 0.3:0.5:0.2, the model
performance also reached 97.08%. This indicates that even in
configurations where the RF weight is not dominant, superior
classification performance can still be achieved by reasonably
adjusting the weights of LASSO and MI to fully integrate the
complementary information from different methods. This further
demonstrates the excellent flexibility and robustness of the WFF
strategy.

In summary, weight allocation is a critical parameter for tuning
model performance within the WFF strategy. The results of this
study confirm that configurations assigning higher weights to RF
contribute to superior classification performance, whereas over-
reliance on LASSO or MI may limit further performance
improvements. At the same time, the flexible adjustment of
weights can effectively integrate multi-source feature evaluation
information. This conclusion provides a valuable experimental
basis for the scientific configuration of weights in weighted fusion
strategies, ensuring that the complementary strengths of diverse
algorithms are fully harnessed.

Comparison of model performance. To systematically evaluate
the performance advantages of the WFF strategy over individual
feature selection methods, a comprehensive comparison was
conducted across three classification models (SVM, LDA, and
KNN). The performance of feature subsets screened by REF,
LASSO, MI, and the WFF method (under the optimal weight
configuration) was assessed, with the results for various evaluation
metrics summarized in Fig. 9.

The feature subsets screened based on the WFF strategy
demonstrated consistently superior classification performance across
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Fig. 9 Comparison of model performance under different feature selection
methods: (a) Precision, (b) Recall, (¢) F1-score.

all three models. Specifically, the LDA model combined with the
WFF method achieved the highest overall performance, with
precision, recall, and Fl-score reaching 97.31%, 97.1%, and
97.09%, respectively. These results significantly outperform those

obtained by any single feature selection method. This indicates
that by integrating multi-source feature evaluation information,
WFEFF is capable of more comprehensively identifying highly
discriminative  spectral
classification decision boundaries of LDA and enhancing both its
predictive accuracy and robustness. Notably, regardless of the

features, thereby optimizing the

feature selection method employed, the overall performance of the
LDA model consistently surpassed that of SVM and KNN. This
reflects the superior discriminative power and robustness of LDA
when processing high-dimensional spectral data.

A key advantage of the WFF strategy lies in its ability to
mitigate the model adaptation limitations inherent in single-feature
selection methods. In the KNN model, utilizing features screened
solely by LASSO yielded the poorest performance, with an F1-
score of only 46.48%, which fails to meet practical classification
requirements. However, by integrating the feature information
provided by RF, LASSO, and MI through the WFF strategy, the
F1-score of the WFF-KNN combination was improved to exceed
the 88.31% achieved by the best-performing individual method
(RF-KNN). This demonstrates that through the rational allocation
of weights, the WFF strategy can suppress noise or interference
introduced by individual methods while effectively consolidating
complementary discriminative signals. This, in turn, improves
cross-model compatibility, ensuring that the feature subsets
remain highly effective and generalizable regardless of the chosen
classification algorithm.

The WFF strategy proposed in this study effectively integrates
the strengths of different feature selection methods, consistently
outperforming any single selection approach across all tested
classification models. This strategy not only leverages the
dominant discriminative power of the RF method for this specific
dataset but also constructs a more potent and robust feature subset
by fusing the sparse linear features of LASSO with the nonlinear
associative information captured by MI. Consequently, it provides
a more reliable feature engineering solution for complex LIBS
spectral classification tasks.
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CONCLUSION

To address the challenges of the “curse of dimensionality” and
performance degradation in LIBS classification of U slag, this
study proposed and systematically developed a WFF strategy. By
integrating the feature importance scores from RF, LASSO, and
MI through an adjustable weight allocation mechanism, this
strategy achieves the effective optimization of multi-source
discriminative information. The research findings demonstrate
that the WFF strategy significantly enhances the classification
performance of LIBS technology for U slag. Through a systematic
investigation of model performance across various weight
configurations, it was found that assigning higher weights to RF
significantly improves classification outcomes. Specifically, under
the optimal weight configuration of (0.5:0.2:0.3), the LDA model
achieved a peak F1-score of 97.09%, markedly outperforming the
best individual method, RF-LDA (94.15%). These results confirm
that RF feature evaluation, based on ensemble learning, plays a
dominant role in constructing highly discriminative feature subsets
and can more robustly identify patterns within complex spectra.
Simultaneously, by fusing the sparse linear features of LASSO
with the nonlinear associations captured by MI, the WFF strategy
effectively mitigates the limitations of individual methods,
exhibiting superior robustness and generalization capability across
diverse classification models. Further spectral analysis indicates
that by balancing the complementarity of different evaluative
criteria, the WFF strategy precisely identifies the key spectral
features of elements such as Fe, Cu, and Th while effectively
suppressing noise introduced by matrix effects and spectral
interference.

In summary, the WFF strategy developed in this study provides
a novel feature engineering solution for the LIBS analysis of
complex matrices, characterized by high discriminative power,
flexibility, and interpretability. It not only significantly improves
the accuracy and robustness of U slag classification but also offers
methodological support for advancing the field applications of
LIBS technology in solid waste resource recovery and
environmental monitoring.
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