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ABSTRACT: Exploration for critical minerals, such as beryllium (Be) and uranium (U), requires accurate reserve assessment,
for which drill core analysis is essential. Techniques like laser-induced breakdown spectroscopy (LIBS) and X-ray fluorescence

spectroscopy (XRF) are widely used for rapid core analysis but have some limitations. LIBS suffers from poor sensitivity for low-

concentration U, while XRF cannot detect Be. Furthermore, matrix effects in both techniques hinder the accurate simultaneous

quantification of Be and U. We introduce a novel LIBS-XRF method for the simultaneous measurement of Be and low-concentration
U. The methodology involves first analyzing samples with XRF and LIBS. Subsequently, a support vector machine (SVM) algorithm
classifies the samples based on the XRF data. A separate predictive model is then developed for each category. A basic linear model
is constructed using the spectral line of the target elements as the dominant factor based on dominant factor (DF) modeling strategy,

and machine learning algorithms are then used to compensate for the residuals of this basic model. Tests on ore cores demonstrated

that this method significantly reduces quantification errors. The achieved mean relative errors were 7.58% for Be and 7.02% for U.

These results represent improvements of
61.42%/7720% and  69.77%/72.48%  over
conventional unclassified and experience-based
methods, respectively. This work is the first to use a
LIBS-XRF approach for the highly accurate and
simultaneous detection of Be and low-
concentration U in ore cores, proving its high

practical utility for this application.

INTRODUCTION

Beryllium (Be) and uranium (U) are critical mineral resources,
playing vital roles in national security, economic stability, and the
development of strategic emerging industries. As an advanced
material, Be is an irreplaceable material for manufacturing small
windows of X-ray tubes, additionally, it is a crucial material
indispensable in the aerospace and nuclear industry !. U, a key
strategic resource for national security and a major energy mineral,
acts as the fundamental fuel for nuclear power development. With
ongoing socioeconomic progress, energy demand is constantly
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increasing. The limited nature of traditional energy poses a threat
to the stability of energy supply. As an efficient and clean energy
source, nuclear energy is one of the new energy sources that our
country is currently vigorously developing. Therefore, it is
necessary to ensure the stable supply of Be and U. Ensuring a
stable supply of these critical minerals requires improving
resource use efficiency and advancing mineral exploration to
discover new deposits and increase reserves. Core analysis is a
crucial step in mineral exploration, enabling the evaluation of
deposit reserves and mining potential. Rapid simultaneous
analysis of multiple elements (such as Be and U) in core is
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essential for enhancing exploration efficiency of critical minerals
and facilitating the timely delineation of ore boundaries.

Currently, commonly analytical methods, such as inductively
coupled plasma atomic emission spectrometry/mass spectrometry
(ICP-AES/MS) 2 and flame atomic absorption spectrometry
(FAAS) # typically involve complex sample preparation, which is
time-consuming and labor-intensive, and often lack real-time
detection capability. Other methods like neutron activation
analysis (NAA) 3 are limited by factors such as radiation safety
concerns, stringent operational prolonged
measurement durations, and insufficient timeliness. Currently, it is

requirements,

necessary to develop an analytical method that can achieve rapid
and simultaneous detection of both Be and U in ore cores.

Laser-induced breakdown spectroscopy (LIBS), as a multi-
element rapid analysis technique, offers advantages including
operational safety, minimal sample preparation, and real-time
analytical capability 8. Compared with commonly analytical
methods, LIBS allows faster detection across a wider range of
sample types, with relatively simple instrumentation and high
operational safety, making it well-suited for rapid sample

screening. Nevertheless, LIBS has some limitations in detecting U.

As the U is difficult to excite, it is one of the elements with the
poorest sensitivity in LIBS. When the U content is low, the
acquired emission spectra are seriously affected by matrix effects,
making accurate quantitative analysis challenging °. Current LIBS
applications typically detect U at contents above 700 ppm, with
most studies focusing on samples exceeding 1500 ppm '*-12, which
is not enough for the detection demand (lower than 80 ppm) of
uranium in low-grade uranium ores 3. During the mining process,
due to the significance of U, the ores with low-concentration of U
is economically exploitable. Thus, there is an urgent need for
analytical methods. capable of accurately quantifying low-
concentration U.

X-ray fluorescence spectroscopy (XRF) is another rapid, non-
destructive analytical technique that utilizes primary X-ray
photons or other energetic particles to excite atoms within a
sample, thereby generating characteristic secondary X-rays for
qualitative and quantitative compositional analysis '4. Notably,
XRF demonstrates excellent detection sensitivity for low-
concentration U and exhibits stable spectral responses even in
complex ore matrices, making it particularly suitable for the
quantitative analysis of trace U in ore core samples *"'7. However,
for Be, due to its ultra-low atomic number (Z=4), the fluorescence
yield of its characteristic X-rays is extremely weak. Furthermore,
the emitted soft X-rays (=0.11 keV) are easily absorbed by the air
gap between the sample and detector, as well as by common
detector window materials (e.g., beryllium windows). These
intrinsic physical limitations render XRF unable to directly detect
Be, which constitutes a critical drawback when applied to the
simultaneous analysis of Be and U in ore samples '%'°, In contrast,
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Be has low first excitation energy and is easily excited in LIBS,
producing strong spectral signals even at low concentrations. The
complementary sensitivities of LIBS and XRF toward Be and U,
respectively, make their combination a promising approach for
simultaneous detection of both elements in ores.

Be-U ores exhibit diverse mineralogical types with significant
variations in matrix composition and lithology. Compositional
differences introduce spectral interference, while lithological
variations affect laser ablation efficiency, collectively contributing
to strong matrix effects during analysis 2!, These effects lead to
a non-linear relationship between spectral intensity and elemental
concentration across different samples, severely compromising
quantification accuracy 2>2*, One common approach to mitigate
matrix effects involves using standard samples with matrix
matching, yet during exploration, drill cores from varying depths
and lithologies make standardized matching impractical,
preventing a fundamental solution.

Machine learning-based multivariate regression modeling
offers another avenue for reducing matrix effects and improving
accuracy 26, By effectively extracting spectral features
associated with target elements, machine learning can account for
elemental interference and diminish errors caused by matrix and
signal fluctuations 2?8, However, while machine learning
addresses compositional differences, it cannot fully eliminate the
influence of lithology on spectral intensity. Thus, accurate core
analysis remains challenging . Moreover, traditional nonlinear
machine learning models have high complexity, poor
interpretability and fail to fully consider physical principles, even
though linear machine learning models have low complexity and
are somewhat interpretable, their prediction accuracy is relatively
low. Incorporating prior knowledge—such as characteristic
spectral lines—can enhance both model performance and
interpretability 3031,

Pre-classification of samples by lithology before modeling is an
effective strategy to mitigate lithological variation. Compared to
LIBS, XRF offers more stable spectral responses and has been
successfully applied to accurate sample classification 3234, To
reduce the impacts of both compositional and lithological
variations in the analysis of Be and U in ore cores, this study
employed a combined LIBS-XRF approach. By acquiring both
XRF and LIBS data, a hybrid quantitative model was developed
to improve prediction accuracy. The performance of unclassified,
experience-based classified, and XRF-classified methods was
compared. Following XRF-based classified, a prediction model
was established based on the dominant factor (DF) modeling
strategy combine with machine learning. Constructing a basic
linear model using the spectral line of target elements as the
dominant factor, and then using the support vector regression
(SVR) to compensate for the residuals of the basic model 3. This
approach significantly improved the quantification accuracy of Be
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and U in core samples, validating the efficacy of the LIBS-XRF
integrated quantitative model.

EXPERIMENTAL

Sample preparation. This study used sixty Be-U ore core
samples from the Baiyahe mining area in Xinjiang Uygur
Autonomous Region. To facilitate analysis, the samples were
processed into pressed pellets following the preparation procedure
illustrated in Fig. 1:

(1) The cylindrical core samples were crushed using an
electromagnetic ore crusher (DF-4, Dongxin, China) and
subsequently sieved through a 200-mesh stainless steel sieve.

(2) A2.5 g aliquot of the sieved powder was placed at the center
of a cylindrical stainless-steel mold, surrounded by boric acid
powder.

(3) The mixture was compressed into pellets using a hydraulic
press (MD-60, MITR, China), producing pressed samples

approximately 40 mm in diameter and 5 mm in thickness.

To minimize detection errors caused by height variations, the
pressed pellets were positioned using a height limiter during

Fig. 1 Sample preparation process.

measurement. Fig. S1 presents a visual classification of selected
pressed samples based on lithological experience, showing that
Granite porphyry and Tuff specimens generally exhibit darker
coloration.

LIBS-XRF detection device. The LIBS-XRF detection system
used in this study is schematically illustrated in Fig. 2. The
integrated apparatus comprises both LIBS and XRF detection
units. Target samples were mounted on a motorized stage
(XY5050, Zolix, China) and analyzed using a point-scanning
mode to acquire spectral data from multiple positions across each
sample surface. To ensure the representativeness of the detection
results, a 1D line scanning mode was adopted. Detection was
initiated at the edge of the sample and proceeded gradually toward
the central region. To avoid interference between adjacent
detection points, the scanning step was set to 15 mm. Under these
aforementioned parameters, each sample was tested at nine
distinct locations. The stage, fixed on an electric translation
platform, sequentially transported the sample to the respective
detection zones of the LIBS and XRF units to enable coordinated
multi-modal analysis.

LIBS detection unit. The LIBS detection unit employed a 1064
nm Q-switched pulsed laser (Dawa-100, Beamteach, China) as the
excitation source, with the following parameters: 6.6 ns pulse
width, adjustable energy output of 0-100 mlJ, repetition rate
adjustable from 0 to 10 Hz, and a beam diameter of 6 mm. The

Fig. 2 Schematic diagram of the LIBS-XRF detection device.
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laser beam was directed onto a mirror and subsequently passed
through a dichroic mirror (DMLP950, Throlabs, USA). A plano-
convex lens (OLB25-100, Zolix, China) with a 100 mm focal
length focused the beam onto the sample surface, producing a laser
spot diameter of approximately 500 pm. Plasma emission signals
were collected by a collimating lens assembly (Me-opt-0007,
Andor, UK), reflected off the dichroic mirror, and coupled into a
spectrometer (Me-5000, Andor, UK, spectral range: 200—900 nm,
spectral resolution: /AL = 5000) equipped with an ICCD camera
(Dh334t-18u-e3, Andor, UK). Spectral data were acquired with an
exposure time of 10 ms and processed on a PC for quantitative
analysis of Be content.

XRF detection unit. The XRF detection unit consisted of a
laboratory-configured XRF system, specifically designed for both
core sample classification and U quantification. Its primary
components included an X-ray tube, a FAST silicon drift detector
(FAST-SDD), a collimator, and a sample holder equipped with
precision positioning and rotation capabilities. In operation, the X-
ray tube excited elemental constituents within the sample,
generating characteristic X-ray fluorescence. The emitted signals
were collected by the FAST-SDD detector and converted into
energy spectrum data, enabling elemental identification and
quantitative analysis.

The system architecture employed a fixed geometric
configuration to ensure consistent excitation efficiency and optical
path stability. The distances from the X-ray source to the sample
and from the detector to the sample were both set at 4.0 + 0.2 cm.
An integrated infrared positioning aid in the collimator ensured
accurate alignment and supported measurement reproducibility.
Each sample underwent nine independent measurements, with a
live time of 120 s per acquisition. Detailed system parameters are
summarized in Table S1.

Data preprocessing and predictive model.

LIBS data. For LIBS spectral processing, to eliminate the
influence of noise fluctuations and baseline drift, and thereby
improve the spectral repeatability, an adaptive threshold stationary
wavelet transform (SWT) method 3¢ was employed for noise
reduction of the original spectral data (the comparison of the
characteristics of commonly noise reduction methods was list in
Table S2). Subsequently, baseline correction was performed using
the baseline estimation and denoising with sparsity (BEADS)
algorithm 37. The processed results are presented in Fig. S2. To
enhance computational efficiency and mitigate the influence of
redundant spectral features on prediction accuracy, characteristic
peaks of each element were first extracted from the preprocessed
data using a second-derivative peak fitting approach. The mutual
information (MI) method was then applied to identify features
correlated with intensity variations of the target elements'
characteristic peaks. Finally, outliers arising from the detection
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process were eliminated using the box plot method *® and replaced
with mean values.

XRF data. Following denoising, the statistics-sensitive nonlinear
iterative peak-clipping (SNIP) algorithm 3° was employed to
subtract continuous background signals, effectively eliminating
background interference while preserving principal spectral peak
features. The presence of Rb in the samples resulted in significant
peak overlap, with the Rb Ka peak (13.40 keV) interfering with
the U La peak (13.61 keV), as illustrated in Fig. S3. This spectral
overlap complicates U signal identification and adversely affects
its quantitative accuracy. To address this, an adaptive Gaussian
function model was implemented after preprocessing to perform
peak-by-peak fitting of the overlapping spectral regions. Based on
background-subtracted original data, the model incorporated
initial channel positions and intensity estimates for each peak.
Gaussian parameters were then iteratively optimized using
nonlinear least squares regression to achieve optimal fitting
performance.

Predictive models. In this study, sample classification was
performed using the support vector machine (SVM) algorithm,
followed by the application of partial least squares regression
(PLSR) % and support vector regression (SVR) 2% to develop
predictive models for Be and U contents in ore core samples. To
enhance model performance and interpretability, a dominant factor
(DF) modeling strategy was integrated with PLSR and SVR
algorithms, yielding the hybrid DF-PLSR 4! and DF-SVR 3
models, respectively.

PLSR, a widely used multivariate analysis method in LIBS
studies, constructs latent variables to characterize the relationship
between spectral inputs and elemental concentrations. It is
commonly applied for regression, feature selection, and
dimensionality reduction, demonstrating strong capability in
handling multicollinearity but limited performance in addressing
nonlinear relationships and outlier sensitivity.

SVM is a supervised learning algorithm that identifies an
optimal hyperplane to separate distinct sample classes while
maximizing the interclass margin. Its regression variant, SVR, fits
a curve to minimize deviation from sample points. SVR excels in
regression tasks involving small sample sizes, nonlinearity, and
high-dimensional data, though it suffers from computational
inefficiency, complex parameter optimization, and limited
interpretability.

The DF modeling strategy operates on the principle of first
establishing a basic linear model using the characteristic spectral
line of the target element as the dominant factor. This initial model
directly embodies the physical relationship between spectral line
intensity and elemental concentration, ensuring fundamental
interpretability. A machine learning model is then constructed to
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Fig. 3 Flow chart of the LIBS-XRF detection for Be and U contents in Be-U ore cores.

compensate for the residuals of the basic model, addressing
complex nonlinearities and matrix effects in spectral data. This
hybrid approach addresses the limited expressivity of
conventional linear models, which struggle to capture complex
matrix effects and nonlinear relationships in ore core analysis,
while mitigating the "black-box" nature of most purely nonlinear
methods, all while retaining the fundamental structural simplicity
of the linear base model.

LIBS-XRF detection process. Fig. 3 presents the analytical
workflow for LIBS-XRF detection of Be and U in ore cores,
which comprises the following steps:

(1) Pressed ore core samples were sequentially analyzed using
XRF and LIBS, followed by preprocessing of the acquired spectral
and energy spectrum data.

(2) Using assay-derived sample categories as labels, SVM was
applied to classify samples based on XRF data. The LIBS and
XRF datasets were subsequently partitioned according to these
classification results.

(3) Be 11 313.06 nm spectral line and the resolved U peak area
(channel range 1300-1400) were selected as reference signals. The
MI method was employed to evaluate correlations between other
elemental characteristic spectral lines/peak areas and these
reference signals, with MI values serving as feature selection
criteria.

(4) Category-specific predictive models were developed
separately for LIBS and XRF data. Using the reference spectral
lines/peak areas of Be and U as dominant factors, basic linear
models were established between signal intensity and elemental
concentration in the training set, yielding preliminary
concentration estimates (c) for both elements.

(5) Residuals (v) were calculated by subtracting reference
values (Co) from the estimated concentrations (c). Using non-
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dominant spectral features as independent variables and residuals
as dependent variables, machine learning algorithms were applied
to construct residual correction models.

(6) For prediction set samples, dominant factors of Be and U
were input into the basic linear models to obtain initial
concentration predictions (c'). The corresponding non-dominant
features were then processed through the residual correction
models to generate residual estimates (v'). Final concentrations
were determined by summing ¢' and v'.

To evaluate analytical performance, the proposed method's
prediction accuracy was compared with both unclassified and
experience-based classification approaches.

RESULTS AND DISCUSSION

Parameter optimization. As with other spectroscopic techniques,
LIBS is subject to signal fluctuations. To mitigate associated errors
and enhance signal stability, a standard laboratory practice
involves performing multiple laser ablations at the same location
and using the accumulated spectral data from multiple pulses as a
single analytical measurement #2. In this work, the signal-to-noise
ratio (SNR) and relative standard deviation (RSD) of the Be II
313.06 nm was compared when the number of laser pulse
accumulations was 1,3, 5,7 and 9, respectively. As shown in Fig. S4,
when the number of pulse accumulation was 5, the measurement
achieved the optimal SNR and RSD. Therefore, spectral data from
5 accumulated laser pulses were ultimately selected as the
representative measurement.

ICCD gate width and delay time are critical parameters
influencing spectral signal quality. This study systematically
evaluated their effects on the intensity, SNR, and RSD of the Be II
313.06 nm line across gate widths of 10—-70 ps and delay times of
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Table 1. Number of features and the corresponding filtering conditions

Number of Filtering conditions
features LIBS XRF
291 Be I1313.06 nm and features with MI value greater than 0.2 -
258 Be 11 313.06 nm and features with MI value greater than 0.2 and intensity less than Be -
13 Be 11 313.06 nm and features with MI value greater than 0.4 and intensity less than Be -
22 - Peak area of U and features with MI value greater than 0.4
2 Be 11 313.06 nm and spectral line with the highest MI value (265.054 nm) Peak area of U and Rb

Table 2. Comparison of Be prediction results for PLSR, SVR, DF-PLSR and DF-SVR with different numbers of features (unclassified)

Features Metrics PLSR" SVR* DF-PLSR" DF-SVR’

RE (%) 33.85~283.59 6.61 ~156.31 2.12 ~288.23 2142 ~38.14
291 MRE (%) 141.96 49.29 89.48 31.69
RMSE (ppm) 67.54 26.34 26.82 20.71

RE (%) 38.77 ~509.03 2.07 ~ 140.96 4.61 ~279.02 14.99 ~37.59
258 MRE (%) 205.84 49.20 85.91 28.86
RMSE (ppm) 92.66 17.64 26.10 16.77

RE (%) 13.44 ~221.87 13.60 ~ 48.79 6.78 ~165.97 1.38 ~32.85
13 MRE (%) 99.21 29.28 63.64 19.65
RMSE (ppm) 26.72 12.91 63.64 17.05

RE (%) 7.03 ~59.50 12.86 ~ 58.83 30.39 ~ 85.40 10.06 ~ 48.89
2 MRE (%) 30.04 30.67 64.11 24.65
RMSE (ppm) 22.47 16.30 33.06 19.62

* The negative values in the prediction results are replaced by "0" to maintain physical consistency.

1-3.5 ps. The experimental results presented in Fig. S5 informed
the selection of optimal instrument settings, with the gate width set
to 40 ps and delay time to 1.5 us for subsequent measurements.

Practical sample analysis. The concentration ranges of Be and U
in the samples were 8.25-1076.0 ppm and 3.33-856.00 ppm,
respectively. Reference values for Be and U concentrations, as
determined by ICP-MS in accordance with the national standard
GB/T 14506.30-2010 (Methods for Chemical analysis of Silicate
Rocks, Part 30), are provided in Table S3.

Prediction models were developed using PLSR, SVR, DF-
PLSR, and DF-SVR algorithms to compare the accuracy achieved
with unclassified and classified approaches. Hyperparameter
optimization was performed via grid search with k-fold cross-
validation. The core optimization objective was to minimize the
MRE of Be and U quantification. Following XRF-based
classification, k-fold cross-validation was applied with &=3 for
small-sized sample categories and k=7 for larger ones. For PLSR,
only the number of principal components (n_components) was
optimized, with a parameter range of 1-20 and other parameters
retaining their default settings from the scikit-learn library. For
SVR, the radial basis function (RBF) kernel was employed, and
only the regularization parameter C was tuned, with a logarithmic
range of 271921 to comprehensively cover underfitting and
overfitting scenarios, while other hyperparameters were set to
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default values. All optimizations were conducted in Python using
the library, fixed
(random_state=42) to ensure result reproducibility. Prior to
parameter tuning, spectral data were standardized via the Z-score

scikit-learn with a random seed

method and subjected to feature selection using the MI method,
laying a robust foundation for reliable parameter optimization.
Samples 1-55, represented by their averaged spectral/energy
spectrum data, constituted the training set for model development
and cross-validation. The remaining samples (56-60) served as the
prediction set for evaluating model performance.

Feature selection for model construction was performed using
the MI method. The number of features and the corresponding
filtering conditions are provided in Table 1. The optimal
parameters of PLSR, SVR, DF-PLSR and DF-SVR with different
number of features was list in Tables S4 and S5.

A comparative analysis of prediction results was conducted
across three classification approaches: unclassified, experience-
based and XRF-based The
corresponding prediction workflows for these methods are
illustrated in Fig. S6.

classification, classification.

Unclassified prediction. The prediction results which selected
291 characteristic spectral lines as features are shown in Table 2.
The data indicate significant discrepancies between predicted and
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Table 3. Comparison of U prediction results for PLSR, SVR, DF-PLSR and DF-SVR (unclassified)

Features Metrics PLSR SVR DF-PLSR DF-SVR
RE (%) 4.11 ~46.16 3.24 ~220.56 0.23 ~78.48 16.90 ~ 44.76
22 MRE (%) 27.65 54.26 29.92 26.20
RMSE (ppm) 2.74 7.08 5.22 3.02
RE (%) 7.63 ~79.40 0.80 ~ 129.82 6.03 ~ 84.27 6.34 ~50.32
2 MRE (%) 28.31 31.75 28.70 2322
RMSE (ppm) 3.00 4.05 3.09 2.33

reference values across all four algorithms. Among these, the DF-
SVR model achieved the highest predictive accuracy, with a
relative error (RE) range 0f21.42%—38.14%, a mean relative error
(MRE) 0f 31.69%, and a root mean square error (RMSE) 0f20.71
ppm. The observed low prediction accuracy can be attributed to
several factors. First, lithological variations among samples
introduced substantial matrix effects. Second, the feature set
contained numerous characteristic spectral lines with intensities
significantly exceeding that of the Be II 313.06 nm line, causing
these dominant signals to disproportionately influence model
training. Furthermore, the number of features exceeded the sample
count in the training set, resulting in model overfitting.
Collectively, these factors contributed to the reduced detection
accuracy.

Subsequently, efforts were made to enhance prediction
accuracy by removing characteristic spectral lines with intensities
exceeding that of Be II 313.06 nm. The remaining 258 spectral
lines were used to reconstruct the predictive model. However, the
feature set remained excessively large, and prediction errors
persisted, with the MRE for all four algorithms still exceeding
28%. To address this, the number of features was further
constrained by eliminating spectral lines with MI values below 0.4
and intensities higher than Be II 313.06 nm, retaining only 13
features for model construction. This approach yielded moderate
improvement in prediction accuracy. Using DF-SVR, the relative
error (RE) range decreased to 1.38%—32.85%, with an MRE of
19.65% and a RMSE of 17.05 ppm. A further reduction to a single
characteristic spectral line most strongly correlated with Be II
313.06 nm was tested. While DF-SVR continued to deliver the
best performance under this configuration, predictive accuracy
declined, yielding an RE range of 10.06%—48.89%, an MRE of
24.65%, and an RMSE of 19.62 ppm. These results demonstrate
that in the absence of sample classification, an insufficient number
of features fails to adequately account for matrix effects, thereby
reducing prediction accuracy. Appropriately sized feature
selection can partially mitigate the influence of matrix effects and
enhance model performance. The corresponding results are
summarized in Table 2. Fig. S7 shows the MRE of the prediction
results of the four algorithms under different number of features.

Recognizing that excessive features in LIBS analysis
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compromise prediction accuracy, we adopted a more constrained
approach for XRF analysis. Two feature configurations were
compared: one used the U peak area along with other peak areas
exhibiting M1 values greater than 0.4 as independent variables; the
other employed only the peak areas of U and Rb as independent
variables. The corresponding results are presented in Table 3. The
data indicate that using solely the U and Rb peak areas as
independent variables yielded the optimal prediction performance
with DF-SVR, producing a RE range of 6.34%-50.32%, a MRE
of 23.22%, and a RMSE of 2.33 ppm. Nevertheless, this level of
prediction accuracy remained unsatisfactory for practical
application.

Based on the foregoing results, it can be concluded that without
sample classification, lithological variations significantly impact
analytical accuracy. Although feature selection can partially
improve prediction performance, it remains insufficient to achieve
the high precision required for practical application. Consequently,
we implemented a classification-step approach, wherein samples
were first categorized by lithology before establishing separate
predictive models for each classified group.

Classified prediction. To mitigate the influence of lithological
heterogeneity on detection accuracy, samples were classified into
three lithological categories—crushed zone, granite porphyry, and
tuff—prior to model development. Owing to the limited number
of tuff samples, these were consolidated into a single category for
analytical purposes. Subsequently, predictive models were
independently trained for each lithological class.
Experience-based classification. Samples were initially
classified based on visual characteristics and expert judgment,
with the classification results summarized in Table S6.

For LIBS analysis of Be, the predictive accuracy of the four
algorithms was compared using both 13 and 2 features, as detailed
in Table 4. The results indicate that employing 13 features yielded
a minimum MRE of 40.02%, reflecting unsatisfactory prediction
accuracy. This is attributed to the limited number of samples in the
crushed zone and tuff categories, where the feature count exceeded
the available samples, leading to model overfitting and
consequently impairing overall predictive performance. When
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Table 4. Comparison of Be prediction results for PLSR, SVR, DF-PLSR and DF-SVR (experience-based classification)

Features Metrics PLSR SVR DF-PLSR DF-SVR
RE (%) 7.60 ~411.26 5.27~204.37 2.55~156.76 13.67 ~ 88.00
13 MRE (%) 120.74 66.28 52.82 40.02
RMSE (ppm) 41.34 45.09 19.03 16.27
RE (%) 7.14 ~ 86.05 18.37 ~43.48 5.45~180.09 14.28 ~76.47
2 MRE (%) 37.64 33.30 65.61 33.25
RMSE (ppm) 10.74 13.56 19.70 12.64
Table 5. Comparison of U prediction results for PLSR, SVR, DF-PLSR and DF-SVR (experience-based classification)
Features Metrics PLSR SVR DF-PLSR DF-SVR
RE (%) 5.40 ~ 145.96 5.57~263.32 2.34~5547 1.31 ~69.71
22 MRE (%) 46.28 63.80 33.36 3251
RMSE (ppm) 6.31 8.23 3.31 3.24
RE (%) 17.68 ~ 62.88 8.48 ~97.92 7.12 ~68.27 1.55~69.72
2 MRE (%) 30.36 30.50 29.62 25.51
RMSE (ppm) 3.15 3.37 2.98 2.97

utilizing 2 features, DF-SVR continued to deliver the highest
accuracy, achieving an MRE of 33.25% and a RMSE of 12.64
ppm. Nevertheless, this performance remained inferior to that of
the unclassified approach.

The U prediction results presented in Table 5 show that DF-
SVR with 2 features attained the best accuracy, with an MRE of
25.51% and an RMSE of 2.97 ppm. However, this also
represented a reduction in overall accuracy compared to the
unclassified method.

The decline in prediction accuracy following experience-based
classification is likely due to the subjective nature of visual
assessment and experiential judgment, which introduces
classification errors. To address this limitation, XRF-based
classification was subsequently employed.

XRF-based classification. To eliminate subjective bias, samples
were reclassified using SVM based on XRF spectral data. The
classification results are presented in Table S7. Comparative
analysis with the initial experience-based classification in Table S6
reveals several inconsistencies. For instance, sample 59 was
reclassified from tuff to crushed zone, while sample 56 was
reassigned from crushed zone to tuff.

The predictive accuracy of the four algorithms for Be and U
quantification was subsequently evaluated, with results displayed
in Fig. 4.

The data XRF-based
significantly enhances prediction accuracy. For Be analysis using
LIBS with two features, the DF-SVR model achieved optimal
performance, yielding a RE range of 0.04%-18.33%, a MRE of

demonstrate  that classification
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7.58%, a RMSE 0f4.64 ppm, and an average RSD of 14.94%. For
U quantification using XRF with two features, DF-SVR similarly
delivered the highest accuracy, with an RE range of 1.55%—
19.53%, an MRE of 7.02%, an RMSE of 0.88 ppm, and an
average RSD of 15.65%. Fig. S8 compares the optimal model
outcomes from the three classification approaches. Fig. S9
compares the actual values and predicated values of the DF-SVR
for Be and U. The XRF-based method substantially outperformed
both unclassified and experience-based methods in predicting both
Be and U concentrations, confirming that the LIBS-XRF
quantitative model effectively mitigates matrix effects.

To assess practical applicability, analytical performance was
evaluated using detection range, RE, MRE, and RSD metrics, with
comparisons to representative LIBS and related techniques for Be
and U quantification (Table 6).

The comparative analysis indicates that existing methods
primarily target either low-concentration Be or high-concentration
U, whereas the proposed technique achieves accurate
quantification across low to medium-high concentration ranges for
both elements (the tolerable RE for U and Be contents in Be-U ore
during on-site exploration is required to be 10%-20%%). This
expanded dynamic range better aligns with actual compositional
variations in core samples, enhancing suitability for field analysis
of diverse Be-U ores. Furthermore, the method demonstrates
superior performance in MRE, indicating higher analytical
reliability.

Advantages and limitations. Compared with common analytical
methods, this method offers several distinct advantages. It
eliminates the need for special gases, enabling operation under
ambient conditions. Additionally, as sample digestion is not required,
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Fig. 4 Be and U prediction results for PLSR, SVR, DF-PLSR and DF-SVR after XRF-based classification: (a) Be prediction results, features = 13; (b) Be
prediction results, features = 2; (c) U prediction results, features = 22; (d) U prediction results, features = 2.

Table 6. Comparison of analytical performance for this work and other

methods.
Features Metrics DF-PLSR" DF-SVR’
Detection range (ppm) 726.00 ~29829.00
Xu etal.® RE (%) 1.95 ~47.62
MRE (%) 13.44
RSD (%) -
Detection range (ppm) 1344.00 ~ 2980.00
Liu et al. 10 RE (%) 327~17.71
MRE (%) 8.85
RSD (%) 375
Detection range (ppm) 0.10 ~0.80 -
Zhangetal. RECD )
MRE (%) 12.00 ~ 13.00 -
RSD (%) 4.50 -
Detection range (ppm)  8.25 ~1076.00 3.33 ~856.00
This work RE (%) 0.04~18.33 1.55~19.53
MRE (%) 7.58 7.02
RSD (%) 14.94 15.65

https://www.at-spectrosc.com/as/article/pdf/2025279

it features faster detection speed and simpler operation, The
detailed advantages and disadvantages of each method are listed
in Table S8. Compared with traditional LIBS and XRF methods,
the approach method achieves simultaneous quantitative analysis
of low-concentration U and medium-high concentration Be.

It should be noted that this method also has certain limitations.
Given the drawbacks of high computational cost and low
efficiency associated with the grid search method employed in this
study; the more efficient Nelder-Mead method will be adopted to
optimize the multiple parameters of the model in future work.
Besides, the quantification of high-concentration Be may be
influenced by self-absorption effects due to current sample
limitations. Self-absorption disrupts the stable correlation between
the spectral line intensity of Be and its concentration, which is the
core basis of the dominant factor (DF) modeling strategy.
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Although the DF-SVR hybrid model compensates for nonlinear
residuals to a certain extent, it cannot fully eliminate the systematic
errors caused by self-absorption, resulting in unavoidable
deviations in high-concentration ranges. This accuracy gap is
particularly critical for practical mineral exploration, high-
concentration Be ore represents high-grade resources, and
inaccurate quantification may lead to deviations in reserve
assessment and mining potential evaluation. Future work will
incorporate self-absorption correction of Be spectral line
intensities prior to predictive modeling to address this limitation.
The correction is expected to reduce the RE of high-concentration
Be samples to below 10%, aligning with the accuracy level of
medium-low concentration samples and further enhancing the
reliability of this method for comprehensive ore core analysis,
especially for high-grade Be resource evaluation.

CONCLUSION

Matrix effects in LIBS lead to reduced detection accuracy for
complex geological samples. While machine learning models can
mitigate the influence of compositional variations, they are
insufficient to eliminate the interference caused by significant
lithological differences. To address this issue, a LIBS-XRF
combined approach was employed, wherein XRF and LIBS data
were collected sequentially, and classify the samples based on the
XRF data, then, construct a hybrid quantitative model by using the
DF modeling strategy combined with machine learning
algorithms for enhanced prediction accuracy. This approach
effectively improved both model performance and interpretability,
ultimately achieving the simultaneous quantitative analysis of Be
and U in ore core samples. Furthermore, the detection
performance of this method compares favorably with several
comparable domestic and international studies, fulfilling the
demand for quantitative analysis of Be and U in ore cores under
field conditions. It should be noted that the method is suitable for
detecting low to medium-high Be content, as the quantification of
high Be concentrations may be influenced by self-absorption
effects.

The proposed LIBS-XRF detection method provides high
accuracy and a wide dynamic range for Be and U in core analysis
applications characterized by complex compositions and
significant lithological heterogeneity. It provides a reliable
analytical method for the high-precision and rapid detection of
ores in the field of mineral exploration, and offers a reference for
the simultaneous detection of multiple elements in other strategic
mineral resources.
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