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Abstract
Uranium polymetallic ore is a strategic emerging industry mineral resource, and
quantitative analysis of uranium (U) content is an important step in the devel-
opment process of such minerals. This paper presents a quantitative analysis
study on U content in uranium polymetallic ore based on femtosecond laser-
induced breakdown spectroscopy (LIBS) technology combined with the Partial
Least Squares Regression (PLSR) model. First, the U content in 6 groups of
samples was measured using a high-purity germanium-𝛾 spectrometer and es-
tablished as reference values, then femtosecond laser was used to ablate the
samples to obtain LIBS spectra; second, two normalization methods were used
to preprocess the raw spectra, and the influence of spectral data before and after
preprocessing on PLSR model predictive analysis was compared; subsequently,
spectral data from 5 groups of samples were used as a training set to establish
a quantitative model, and analysis and prediction of U content in sample #3
were performed. The results show that the relative standard deviation of 10
predictions for sample #3 and the average relative error are only 5.94% and
4.73%, respectively, demonstrating that femtosecond LIBS combined with the
PLSR algorithm has excellent analytical performance for U content in uranium
polymetallic ore.
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Abstract
[Background] Uranium polymetallic ores are strategic minerals for emerging
industries, and quantitative analysis of uranium (U) content represents a critical
step in their development and utilization. [Purpose] This study investigates
the quantitative analysis of uranium in uranium polymetallic ores using fem-
tosecond laser-induced breakdown spectroscopy (LIBS) combined with partial
least squares regression (PLSR) modeling. [Methods] Initially, uranium con-
centrations in six samples were measured using a high-purity germanium gamma
spectrometer and established as reference values. Femtosecond laser ablation
was then employed to obtain LIBS spectra from these samples. Two normal-
ization methods were applied to preprocess the raw spectra, and their impact
on PLSR model performance was compared against unprocessed data. Subse-
quently, spectral data from five samples were used as a training set to construct
a quantitative model for predicting uranium content in sample #3. [Results]
The results demonstrate that the relative standard deviation (RSD) and mean
relative error (MRE) of ten predictive values for sample #3 were only 5.94%
and 4.73%, respectively. [Conclusions] This confirms that femtosecond LIBS
combined with the PLSR algorithm exhibits excellent analytical performance
for uranium content in uranium polymetallic ores, providing a valuable reference
for practical applications of this technology.
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Introduction
Against the backdrop of global climate change, nuclear energy has emerged as
an essential green and clean energy source for mitigating climate issues and en-
suring sustainable development of the energy industry [?]. As an indispensable
fuel for nuclear power generation, uranium represents a critical factor for the
stable development of the nuclear power industry. China’s uranium resources
account for only 4.38% of the global total, resulting in extremely high external
dependency. With the rapid expansion of nuclear power programs, uranium
demand has increased substantially. Uranium polymetallic minerals serve as
strategic resources for emerging industries [?] and hold significant positions in
the critical minerals sector. Strengthening the exploration and development of
uranium polymetallic ores will play a vital role in achieving China’s dual-carbon
goals and advancing energy strategy [?]. However, China’s uranium polymetal-
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lic ore resources are characterized by low grade, large scale, multiple mineral
species, and substantial potential, necessitating accurate determination of ele-
mental composition, particularly radioactive uranium nuclides, to provide data
support for decision-making during mining and metallurgical processes.

Conventional methods for uranium content analysis in uranium polymetallic
ores include high-purity germanium gamma spectrometry, inductively coupled
plasma mass spectrometry (ICP-MS) [?], inductively coupled plasma optical
emission spectrometry (ICP-OES) [?], atomic absorption spectrometry (AAS)
[?], and X-ray fluorescence spectrometry (XRF) [?]. However, these techniques
require lengthy and complex sample pretreatment processes and demand strin-
gent environmental conditions, precluding rapid, real-time detection of target
elements. In recent years, laser-induced breakdown spectroscopy (LIBS) has
developed rapidly as an analytical technique that focuses high-energy lasers on
sample surfaces or interiors to generate plasma, with subsequent analysis of
plasma emission spectra to determine elemental species and concentrations [?].
Compared with traditional chemical analysis methods, LIBS offers advantages
including minimal or no sample pretreatment, simultaneous multi-element detec-
tion, adaptability to extreme environments such as high temperature and high
radiation, and real-time rapid analysis. Consequently, LIBS has been widely
applied in ore analysis [?], pharmaceutical and crop detection [?], geological
exploration [?], and environmental monitoring [?].

With continuous advancement in LIBS research, the technology has attracted
considerable attention from researchers in uranium exploration. The Korea
Atomic Energy Research Institute’s Kim et al. [?] prepared five uranium ore
standard samples with varying uranium concentrations using the standard ad-
dition method, excited them with a 532 nm nanosecond laser to obtain LIBS
spectra, and constructed a calibration curve based on the U I 356.659 nm an-
alytical line to determine the detection limit for uranium in such ores. Shu et
al. [?] conducted quantitative analysis of uranium in uranium ores using LIBS
combined with machine learning, demonstrating that partial least squares re-
gression (PLSR) is more suitable than random forest algorithms for LIBS-based
uranium quantification. To further improve LIBS sensitivity for uranium de-
tection, Wang et al. [?] from Tsinghua University developed beam shaping and
modulation techniques for laser plasma, simultaneously enhancing spectral in-
tensity and stability of uranium signals, thereby extending the detection limit
for uranium in uranium ores to 20 µg/g. Additionally, Peng et al. [?] employed
nanosecond LIBS combined with random forest to simultaneously measure ura-
nium and thorium content in typical uranium polymetallic niobium-tantalum
concentrates, achieving mean relative errors of 7.26% and 5.92% compared with
high-purity germanium gamma spectrometry measurements.

In recent years, breakthroughs in femtosecond laser technology have made fem-
tosecond LIBS a research hotspot. Studies have shown that femtosecond LIBS
exhibits weaker continuum background, better spectral stability, and higher
sensitivity [?, ?], making it particularly suitable for analysis of high-Z nuclear
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materials [?]. However, research on applying femtosecond LIBS to uranium con-
tent measurement in uranium polymetallic ores remains scarce domestically and
internationally. Therefore, this study investigates quantitative analysis of ura-
nium content in six uranium polymetallic ore samples using femtosecond LIBS
combined with PLSR. Five ore samples served as the training set to establish a
PLSR quantitative model, with the remaining sample as the prediction set for
uranium content analysis. Compared with high-purity germanium gamma spec-
trometry results, the relative standard deviation (RSD) and mean relative error
(MRE) for the prediction set were only 5.94% and 4.73%, respectively. This re-
search provides a novel approach for uranium analysis in uranium polymetallic
ore development and utilization.

Experimental Methods
Sample Preparation

Uranium polymetallic ore samples were obtained as raw ore purchased from
a Jiangxi enterprise and processed into concentrate powders, comprising six
groups. Five grams of each sample powder were weighed using a 0.1 mg preci-
sion electronic balance and pressed into pellets with a diameter of 40 mm and
thickness of approximately 2.5 mm using a hydraulic press (8 MPa for 3 min-
utes), numbered #1 through #6. Prior to pellet formation, uranium content
in all samples was measured using a high-purity germanium (HPGe) gamma
spectrometer (model LBE5030, Canberra Industries) and established as LIBS
reference values. The HPGe gamma spectrometer features an effective energy
range of 3–3000 keV, a relative detection efficiency of 45% compared to NaI(TI)
crystals, and an energy resolution of 1.86 keV for the 1332.5 keV gamma ray
from Co-60. Spectrum analysis was performed using Genie-2000 software ver-
sion 3.3. The final sample numbers and reference uranium concentrations are
presented in Table 1 .

Experimental Setup

Figure 1 [Figure 1: see original paper] schematically illustrates the femtosec-
ond LIBS experimental apparatus, which is fundamentally similar to that used
in previous research [?]. The system primarily comprises a femtosecond laser
system, an echelle spectrometer, an intensified charge-coupled device (ICCD)
detector, a sample stage, and a computer control system.

The laser system specifications are as follows: center wavelength 795–805 nm,
pulse duration 30 fs, repetition rate 1–1000 Hz (10 Hz used in this LIBS exper-
iment), and pulse energy 1.94 mJ. After energy adjustment using a half-wave
plate (HW) and polarizer (POL) combination, laser pulses were focused verti-
cally onto the sample surface using a 35 mm focal length lens (L1) to generate
laser-induced plasma. Plasma emission was collected by a dual quartz lens sys-
tem (L2 and L3, 40 mm focal length) and focused onto an optical fiber (OF,
50 µm diameter) for transmission to an echelle spectrometer (Andor Mechelle
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5000) equipped with an externally triggerable ICCD detector (model DH334T-
18U-03). The spectrometer covers a wavelength range of 250–950 nm with a
resolution of 𝜆/Δ𝜆 = 4000. A digital pulse delay generator (DG645) synchro-
nized the spectrometer and laser system with a delay time of 1 µs and exposure
time of 5 µs. Samples were mounted on a three-dimensional translation stage
enclosed in a glass chamber connected to a filtered airflow system to prevent
dispersion of radioactive powder. Each LIBS measurement accumulated 50 laser
pulses to generate a single spectrum, with ten replicate measurements performed
on each of the six samples, yielding a total of 60 spectra for subsequent modeling
and analysis.

Algorithm and Model Metrics

PLSR is a widely employed multivariate regression method that integrates prin-
cipal component analysis, canonical correlation analysis, and linear regression.
Its primary advantage lies in effectively handling multicollinearity among vari-
ables and situations where the number of variables exceeds the number of sam-
ples [?]. The modeling process involves constructing a model with p dependent
variables and m independent variables by first extracting the first component t
from the independent variables and the first component u from the dependent
variables to maximize their correlation, then establishing regression between
the dependent variables and t. If the regression equation meets precision re-
quirements, the process terminates; otherwise, subsequent component pairs are
extracted iteratively until satisfactory precision is achieved.

The analytical approach for uranium quantification in uranium polymetallic ores
using PLSR follows these steps: (1) preprocess the acquired LIBS data using
maximum peak normalization and spectral area normalization; (2) partition the
data into training and test sets; (3) determine the optimal number of principal
components for the PLSR model using five-fold cross-validation; (4) construct
a calibration curve from training set data and evaluate its performance param-
eters; (5) predict uranium content in the test set.

Model performance was evaluated using root mean square error of calibration
(RMSEC), root mean square error of prediction (RMSEP), mean relative error
(MRE), and relative standard deviation (RSD). The expressions for RMSEC,
RMSEP, MRE, and RSD are as follows:

RMSEC = √ 1
𝑚

𝑚
∑
𝑖=1

(𝑦𝑖 − ̂𝑦𝑖)2

RMSEP = √ 1
𝑛

𝑛
∑
𝑖=1

(𝑦𝑖 − ̂𝑦𝑖)2

where 𝑦𝑖 and ̂𝑦𝑖 represent the reference and predicted concentrations for the 𝑖-
th sample, respectively; ̄𝑦 is the mean predicted concentration for test samples;
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and 𝑚 and 𝑛 denote the number of LIBS spectra in the training and test sets,
respectively.

Results and Discussion
LIBS Spectra of Uranium Polymetallic Ores

Figure 2(a) [Figure 2: see original paper] displays the raw LIBS spectrum of
sample #2 in the 230–750 nm wavelength range. Despite using 33 fs laser pulses
as the excitation source, the femtosecond LIBS spectra of these ores exhibit nu-
merous, densely packed, and mutually interfering spectral lines due to the rich
metallic elemental composition. Additionally, a certain intensity of continuum
background appears in the 300–450 nm region resulting from superposition of
densely interfering spectral lines. Figure 2(b) presents a comparative spectral
analysis of all six samples in the 356.6–357.4 nm range. Even after area normal-
ization, the intensity of the characteristic uranium line U I 356.90 nm does not
exhibit a strong linear correlation with uranium content, primarily due to com-
plex matrix effects. Previous studies have demonstrated that traditional univari-
ate methods face significant challenges for quantitative analysis when elemental
spectral lines suffer severe interference and poor linearity with concentration
[?]. Therefore, this study employs full-spectrum multivariate analysis using the
PLSR method for quantitative uranium analysis in uranium polymetallic ores.

Spectral Preprocessing for Uranium Polymetallic Ore LIBS Data

Spectral preprocessing is crucial for ensuring analytical accuracy and reliability,
optimizing data quality through mathematical and statistical methods to sup-
port spectral interpretation and application. Although no universal standard
exists for preprocessing method selection, comparative evaluation of subsequent
model performance metrics can guide the choice [?]. Following this principle,
this study applied two normalization methods—maximum peak normalization
(Max) and full-spectrum area normalization (Whole)—and compared their im-
pact on PLSR model performance against raw spectra (Raw). Figure 3 [Figure
3: see original paper] presents the PLSR performance metrics for the three spec-
tral types. The results indicate that maximum peak normalization yielded the
lowest RMSEC, RMSEP, RSD, and MRE values at 42.07 µg/g, 128.20 µg/g,
5.94%, and 4.73%, respectively. Consequently, maximum peak normalization
was selected as the optimal preprocessing method, with processed spectra serv-
ing as input variables for PLSR modeling.

PLSR Model Optimization

For PLSR models, the number of principal components is the primary factor
affecting quantitative results. Excessive components lead to overfitting, while
insufficient components result in poor predictive accuracy. Selecting an appro-
priate number of principal components enhances model performance. This study
employed five-fold cross-validation on the entire training dataset to optimize the

chinarxiv.org/items/chinaxiv-202407.00003 Machine Translation

https://chinarxiv.org/items/chinaxiv-202407.00003


number of principal components, using root mean square error (RMSE) as the
evaluation metric. The component number corresponding to minimum RMSE
was selected as the model parameter. Figure 4 [Figure 4: see original paper]
illustrates the hyperparameter optimization results for the PLSR quantitative
model. Analysis reveals that when the number of principal components is six,
the RMSE reaches its minimum value of 115.21 µg/g, establishing six as the
optimal number of principal components for the PLSR model.

Partial Least Squares Regression Analysis

Sample #3 served as the prediction sample, with the remaining samples as
calibration standards. The 50 LIBS spectra from calibration samples were des-
ignated as the training set, while the 10 spectra from sample #3 constituted
the test set for PLSR model development and prediction.

Figure 5 [Figure 5: see original paper] presents the calibration curve for the
training set under optimized hyperparameters. With the exception of sample
#1 (uranium content 1344 µg/g), the multiple LIBS predictions for the remain-
ing four samples show minimal dispersion. The training set RMSEC is only
42.07 µg/g, and the correlation coefficient between LIBS predictions and HPGe
gamma reference values reaches 0.9949, demonstrating excellent reliability and
calibration performance of the PLSR model.

Figure 6 [Figure 6: see original paper] displays the prediction results for the test
set. While predictions for spectra #3, #5, and #8 show relatively large devia-
tions from reference values, the remaining seven measurements are distributed
closely around the reference value. The RSD and MRE for the ten LIBS predic-
tions are 5.94% and 4.73%, respectively, with both values being relatively small.
These results confirm that femtosecond LIBS combined with PLSR algorithm
achieves high precision and stability for uranium elemental analysis in uranium
polymetallic ores.

Conclusion
This study establishes an analytical method for uranium content in uranium
polymetallic ores based on femtosecond LIBS combined with PLSR. Maximum
peak normalization and spectral area normalization were employed for spec-
tral preprocessing, with comparative evaluation identifying the optimal method.
This step effectively reduces interference effects and enhances model stability.
Subsequently, five-fold cross-validation was used to determine the optimal num-
ber of principal components for PLSR model optimization. Model analysis
demonstrates that compared with HPGe gamma spectrometry measurements,
LIBS predictions for the training set show small deviations from reference val-
ues, with a linear correlation coefficient of 0.9949 and RMSEC of 42.07 µg/g,
indicating excellent calibration performance. For sample #3, the PLSR model
predictions achieved RSD and MRE of merely 5.94% and 4.73%, respectively,
with RMSEP of 128.20 µg/g across ten measurements. These results verify that
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femtosecond LIBS combined with PLSR provides high predictive accuracy and
stability, offering important reference and guidance for practical applications
of femtosecond LIBS technology in rapid detection and analysis of uranium in
uranium polymetallic ores.

Author Contributions
Ren Shichao was responsible for overall project design and theoretical frame-
work construction. Zhang Min and Wu Shujia prepared experimental materials
and designed/optimized the experimental apparatus. Wu Shujia performed the
primary experimental operations. Sun Shaohua and Peng Lingling provided
technical support and conducted data analysis.

References
1. Li Qiang, Chen Qing, Wang Jibin, et al. Current status of global

uranium resources and policy recommendations for resource security in
China’s nuclear power development[J]. China Mining, 2023, 32(03): 1-9.
DOI:10.12075/j.issn.1004-4051.2023.03.015

2. Liu Yue, Cong Weike. Overview of world uranium resources, produc-
tion and demand[J]. World Nuclear Geoscience, 2017, 34(04): 200-206.
DOI:10.3969/j.issn.1672-0636.2017.04.003

3. Wan Jianjun, Pan Chunrong, Yan Jie, et al. Application of electron
probe-scanning electron microscopy to study the characteristics of rare
earth minerals in the Huayangchuan uranium-rare polymetallic deposit,
Shaanxi Province[J]. Rock and Mineral Testing, 2021, 40(01): 145-155.
DOI:10.15898/j.cnki.11-2131/td.202005060009.

4. Wu Baoli, Xue Xiangming, Zeng Zhiwei. Application of inductively cou-
pled plasma mass spectrometry in nuclear industry analysis[J]. Metal-
lurgical Analysis, 2024, 44(05): 54-61. DOI:10.13228/j.boyuan.issn1000-
7571.012456.

5. Ren Lihua, Bai Ling, Luan Xuefeng, et al. Determination of 14 ele-
ments in cobalt chloride by inductively coupled plasma atomic emission
spectrometry[J]. Gansu Science and Technology, 2024, 40(04): 67-71.
DOI:10.20156/j.cnki.2097-2490.2024.04.014.

6. Ismail E, Kheireddine R, Javed I, et al. Measuring the concentration of
gold in ore samples by laser-induced breakdown spectroscopy (LIBS) and
comparison with the gravimetry/atomic absorption techniques[J]. Spec-
trochimica Acta Part B: Atomic Spectroscopy, 2021, (prepublish): 106256-
. DOI:10.1016/J.SAB.2021.106256

7. Wang Zhanming. Determination of molybdenum and zirconium in
uranium-molybdenum-zirconium alloy by X-ray fluorescence spectrome-

chinarxiv.org/items/chinaxiv-202407.00003 Machine Translation

https://chinarxiv.org/items/chinaxiv-202407.00003


try[J]. Metallurgical Analysis, 2024, 44(05): 62-66. DOI:10.13228/j.boyuan.issn1000-
7571.012268.

8. Cremers D A, Radziemski L J. Handbook of Laser-Induced Breakdown
Spectroscopy 2nd ed[M]. New York: John Wiley & Sons, Ltd, 2013: 289.

9. Zhang Qi, Zhang Zhansheng, Chen Tong, et al. Online measurement
of iron grade in iron concentrate slurry based on LIBS using SPA-SVR
model[J]. Chinese Journal of Quantum Electronics, 2024, 41(03): 533-542.
DOI: 10.3969/j.issn.1007-5461.2024.03.013

10. Dai Wenjing, Qin Hongkun, Xu Wei, et al. Identification of citrus
Huanglongbing based on laser-induced breakdown spectroscopy[J/OL].
Journal of Xiamen University (Natural Science), 1-8[2024-06-18].
DOI:10.6043/j.issn.0438-0479.202311002

11. Nian Fudong, Hu Yujie, Chen Fuqiang, et al. Quantitative predic-
tion method for heavy metal elements in Paeoniae Radix Alba using
laser-induced breakdown spectroscopy combined with semi-supervised
sequential learning[J/OL]. Chinese Journal of Lasers, 1-19[2024-06-18].
http://kns.cnki.net/kcms/detail/31.1339.TN.20240612.0931.024.html.
DOI:10.3788/CJL240790

12. Kou Y, You Z, Li X, et al. Cellulose-based homogeneous method for
suppressing coffee ring effect of cadmium detection in water using laser-
induced breakdown spectroscopy[J]. Journal of Environmental Chemical
Engineering, 2024, 12(3): 112822-. DOI:10.1016/J.JECE.2024.112822

13. Kim Y, Han B, Shin H, et al. Determination of uranium concentration
in an ore sample using laser-induced breakdown spectroscopy[J]. Spec-
trochimica Acta Part B: Atomic Spectroscopy, 2012, 74-75: 190-193.
DOI:10.1016/j.sab.2012.06.029

14. Shu Kaiqiang, Xu Yingtong, Gao Zhixing, et al. Quantitative analysis of U
by laser-induced breakdown spectroscopy[J]. Chinese Journal of Inorganic
Analytical Chemistry, 2024, 14(02): 139-144. DOI:10.3969/j.issn.2095-
1035.2024.02.001

15. Jianxun J, Weiran S, Zongyu H, et al. Raw signal improvement using
beam shaping plasma modulation for uranium detection in laser-induced
breakdown spectroscopy[J]. Analytica Chimica Acta, 2022, 123534: 0551-
340551. DOI:10.1016/J.ACA.2022.340551

16. Peng Lingling, Zhang Min, Wu Shujia, et al. Simultaneous determina-
tion of uranium and thorium in niobium-tantalum concentrate by nanosec-
ond LIBS combined with random forest[J]. Metallurgical Analysis, 2024,
44(05): 92-100. DOI:10.13228/j.boyuan.issn1000-7571.012496.

17. A L E, C R C, A D C, et al. Comparative study of femtosecond and
nanosecond laser-induced breakdown spectroscopy of depleted uranium[J].
Applied Optics, 2011, 50(3): 313-7. DOI:10.1364/AO.50.000313

chinarxiv.org/items/chinaxiv-202407.00003 Machine Translation

https://chinarxiv.org/items/chinaxiv-202407.00003


18. Li P, Xiong Z, Ma Z, et al. Analysis of Cu and Zn contents in aluminum
alloys by femtosecond laser-ablation spark-induced breakdown spec-
troscopy[J]. Open Physics, 2023, 21(1). DOI:10.1515/PHYS-2023-0113

19. Wu J, Qiu Y, Li X, et al. Progress of laser-induced breakdown spectroscopy
in nuclear industry applications[J]. Journal of Physics D: Applied Physics,
2020, 53(2): 023001-023001. DOI:10.1088/1361-6463/ab477a

20. Liu Xiaoliang, Wang Lan, Peng Lingling, et al. Quantitative
analysis of thorium in graphite using femtosecond laser-induced
breakdown spectroscopy[J]. Chinese Optics, 2023, 16(01): 103-112.
DOI:10.37188/CO.2022-0082

21. Tang Hongsheng, Zhang. Classification of different types of slag samples
by laser-induced breakdown spectroscopy (LIBS) coupled with random
forest based on variable importance (VIRF)[J]. Analytical Methods, 2015,
7(21): 9171-9176.

22. Pingping F, Shichao R, Laiyong G, et al. Quantitative analysis of Th and
U in graphite matrix using femtosecond laser-induced breakdown spec-
troscopy[J]. Applied Physics B, 2024, 130(6). DOI:10.1007/S00340-024-
08229-6

23. Arnab S, Sumanta M, Manjeet S. Determination of the uranium ele-
mental concentration in molten salt fuel using laser-induced breakdown
spectroscopy with partial least squares-artificial neural network hybrid
models[J]. Spectrochimica Acta Part B: Atomic Spectroscopy, 2022, 187.
DOI:10.1016/J.SAB.2021.106329

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv — Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-202407.00003 Machine Translation

https://chinarxiv.org/items/chinaxiv-202407.00003

	Quantitative Analysis of Uranium in Uranium Polymetallic Ore by Femtosecond Laser-Induced Breakdown Spectroscopy
	Abstract
	Full Text
	Preamble
	Abstract
	Introduction
	Experimental Methods
	Sample Preparation
	Experimental Setup
	Algorithm and Model Metrics

	Results and Discussion
	LIBS Spectra of Uranium Polymetallic Ores
	Spectral Preprocessing for Uranium Polymetallic Ore LIBS Data
	PLSR Model Optimization
	Partial Least Squares Regression Analysis

	Conclusion
	Author Contributions
	References


