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ABSTRACT: coal analysis plays a crucial role in its efficient utilizatio: olfution control. Laser-induced breakdown
spectroscopy (LIBS) exhibits promising application prospects in coal qyality anal begause of its uniquely rapid and minimally
destructive capabilities. However, the complex composition of coal induc vere matrix effects, which pose a formidable challenge
to the accurate quantification in traditional LIBS analysis. In this study, a no thod named spectrum-ultrasound-image multi-
modal fusion model (SUI-MM) was introduced to mitigate matri
MM extends conventional LIBS to a homologous multi-mod4
effectively compensating for the absence of physical st
establishing a three-dimensional feature extraction and
behavior and further improves quantitative perform: b rifif the effectiveness of SUI-MM, experiments were performed on
elemental and proximate analysis of coal. Fdr the

elemental analysis, the average R?p is improved to

90%, respectively. For the proxi
R?p is increased to over 0.999,
AREp are decreased by 91% on a 5
ablation experiments confirm that iniyge and ultrasonic
signals contribute significantly to the infproved analytical MiiSge o
performance. These results demonstrate that the SUI-MM

scheme can effectively mitigate matrix effect and N

significantly improve the quantitative accuracy in coal. In
summary, SUI-MM is expected to further support the Q‘“‘m‘"“ e [ Hitresound Tre resul

low-carbon transition of the energy industry.
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INTRODUCTION clean and efficient utilization of coal and contributes to achieving
global carbon peaking and carbon neutrality goals.

As the fossil fuel with the most abundant reserves and the widest

distribution worldwide, coal occupies an important position in the Conventional coal detection methods are mainly divided into
energy structure>2. As a raw material for industries such as electric chemical analysis and spectroscopic techniques. Chemical
power and chemical engineering, the coal quality directly analysis methods serve as the reference method for coal quality
determines its utilization efficiency, energy consumption intensity, measurement owing to their high precision and stability.
and pollutant emissions>. Therefore, the development of a rapid, Nevertheless, they require elaborate chemical processes, which
accurate, and efficient coal detection technology facilitates the result in time-consuming tests and complicated operations.
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Currently, spectroscopic techniques have been extensively applied
to coal analysis, such as prompt gamma neutron activation
analysis (PGNAA)*, X-ray fluorescence spectrometry (XRF)>©,
near-infrared spectroscopy (NIRS)”-8, and others” . Among them,
as the mainstream technique for coal analysis, PGNAA is limited
by high equipment costs and radiation risks. XRF delivers reliable
performance. However, it cannot detect key elements with atomic
numbers below 11, such as carbon and hydrogen, which are
strongly associated with calorific value. Additionally, XRF carries
potential radiation risks. NIRS is effective for characterizing
functional group structures in coal, yet its measurements are highly
vulnerable to environmental disturbances, resulting in relatively
low accuracy.

As an atomic emission spectroscopic technique, laser-induced
breakdown spectroscopy (LIBS) is regarded as a “future superstar”
in analytical chemistry owing to its distinctive merits, exhibiting
broad application prospects in coal detection!!"!6, As a complex
mixture, coal exhibits detection accuracy severely restricted by
matrix effect'”> '8, Component variations weaken the linear
relationship between characteristic spectral lines and elemental
concentrations, resulting in spectral signal distortion, which
reduces the quantitative accuracy'® 2°. Some researchers have
improved quantitative analysis accuracy by increasing the
dimensionality of spectral information. Qin et al.?' utilized
multiple spectra to characterize samples, and leveraged the data
uncertainty between spectra to improve the tolerance of model tq
spectra, reducing the RMSEP from 1.718% to 1.152%. In
previous work??, we expanded the conventional LIBS spec

into the spatiotemporal spectral map, reducing
RMSEP by 72%. These results demonstrate that ex;

performance. However, these meth
to acquire multidimensional spectra,
time and operational complexity, maki
Furthermore, multiple spectra originate §rom different plasmas,
with poor consistency and weak correlatidn, failing to reflect the
interaction and limiting further

identical  laser—matter

improvement in quantitative accuracy.

During plasma generation, various accompanying signals such
as images®>?* and ultrasound®> 26 are generated alongside spectral
signals. These signals collectively record the complete physical
of the
characterization of plasma, plasma images can reflect its

process laser—sample interaction. As a spatial
morphology, temperature distribution, and other characteristics.
Zhang et al”’ used image information to correct plasma
fluctuations, thus significantly improving quantitative accuracy.
Ultrasound carries information on the internal physical structure
of the sample and is highly sensitive to matrix properties such as
coal compactness and particle bonding state. However, many
studies are limited to the fusion of spectra and a single associated

signal, making it difficult to fully suppress the matrix effect and
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leaving limited room for improvement in quantitative accuracy.
The spatial characteristics of images and the physical structure
characteristics of ultrasound can effectively compensate for
spectral information and more comprehensively reveal the
interaction mechanism between the laser and the coal matrix.

To address the challenge, we propose a novel quantitative
method, namely the spectrum-ultrasound-image multi-modal
fusion model (SUI-MM). The method compensates for the
capability of spectrum, by
incorporating plasma image and laser ultrasound information. It
enables multi-dimensional characterization of coal plasma
(chemical composition, physical structure, plasma spatial

insufficient characterization

configuration), which significantly suppresses the matrix effect
and improves accuracy. To verify the effectiveness of this method,
experiments were conducted for the elemental analysis and
proximate analysis pf coal, respectively. The results show that
SUI-MM can effectiWyly compensate for the shortcomings of

Dinitly, image and ultrasonic,
g the afalysis performance.

E ENTAL

spectrum by co thereby

significantly enhanct

es and samples preparation. Elemental analysis and
ate analysis were performed to characterize the quality of
ight types of certified coal samples (GBW11101v,
GBWI11112p, GBWI11120, GBWIl11lla, GBWI11110y,
GBW11104p, GBW111130, and GBW11108z, the Shandong
Metallurgical Research Institute) were used to prepare 30 pressed
pellet samples. 10 samples were prepared by mixing GBW11112p
and GBW111130 with GBW11101v, with ratios of 1:9, 2:8, 3:7,
4:6, and 5:5, respectively. 10 samples were prepared by mixing
GBWI11111a and GBW11108z with GBW11104p, with ratios of
1:9, 2:8, 3:7, 4:6, and 5:5, respectively. 10 samples were prepared
by mixing GBW11111a with GBW111120,and GBW 111120 with
GBW 11110y, with ratios of 1:9, 2:8, 3:7,4:6, and 5:5, respectively.
All samples were dried prior to the experiments. The properties of
the mixed coal samples are listed in Table S1.

LIBS experimental setup. A Nd:YAG laser (Quantel Q-smart
850 with maximum energy of 850 mJ@1064 nm, Pulse duration
of 6 ns, and beam divergence angle of <0.5 mrad) was employed
to ablate the samples and generate plasma. The samples were
clamped onto a 3D displacement platform. Precise control of the
displacement platform movement ensured that the laser was
focused on distinct positions for each ablation event, thereby
safeguarding the reliability of the experimental data. An echelle
spectrometer (resolution: A/AA = 5000; spectral range: 200950
nm; United Kingdom, Andor Tech., Mechelle 5000) coupled with
an intensified charge-coupled device (ICCD) (United Kingdom,
Andor Tech., iStar DH-334 T) was used to collect spectral
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emissions through an optical fiber. Another ICCD camera was
placed parallel to the sample surface to capture plasma images. In
addition, an interferometer (Tecnar; Canada; Lus Discovery;
frequency range: 1 MHz-1 GHz) was employed for the non-
contact detection and acquisition of ultrasonic signals. The laser,
spectrometer, ICCD, and interferometer were simultaneously
controlled by a digital delay generator (Stanford Research Systems,
Model DG645) to ensure precise temporal synchronization.

Before the formal experiments, the optimal parameters were
determined via systematic optimization. The laser energy was set
at 80 mJ with a repetition rate of 2 Hz. The delay and gate width
of the ICCDs were adjusted to 2 ps and 5 ps, respectively. The
exposure time was fixed at 0.5 s.

Analysis of spectrum, ultrasound, and image. As a mixture
composed of both organic and inorganic matter, coal exhibits
complex physicochemical properties. In the LIBS analysis of coal,
the complex matrix properties of coal samples induce severe
matrix effects, which induce spectral deviations. Consequently,
conventional LIBS alone fails to accurately quantify target
element contents. Spectral deviations mainly stem from two
dominant factors. On the one hand, such errors originate from the
distinct physical structural heterogeneity of coal samples.
Constrained by coal-forming conditions including sedimentary
environments and metamorphic degrees, coal specimens exhibit
remarkable differences in hardness, particle bonding state, and

occur simultaneously, which exert
plasma morphology, excitation te and electron
distribution®®. These disturbances signifi\antly aggravate plasma
spatial instability, distort the intensity of spectral lines, and further
amplify spectral deviations. Ultrasonic signals can sensitively
characterize the microstructural differences of coal samples, while
image signals can describe dynamic plasma fluctuations. These
two  types feature
complementation from the dual dimensions of physical properties

of multimodal information realize
and plasma disturbance, thereby providing effective support for
the collaborative correction of LIBS spectral deviation. Therefore,
this work proposes extending the signal to homologous spectrum,
image, and ultrasound signals, enabling multi-channel data
acquisition from a single laser excitation. As shown in Fig. 1(a),
the laser ablation of coal samples to generate plasma is
accompanied by the simultaneous production of various
homologous signals. Atomic transitions in the plasma emit
characteristic photons to form spectral signal. The interaction
between the laser and the coal sample induces an ultrasonic signal
via ablation effect. The spatial morphology of the plasma itself
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Fig. 1 (a) Schematic diagram of data acquisition, (b) spectra, (c) ultrasound,
and (d) images of different coal samples.

constitutes the imag % ese three types of signals originate

r cXCitation process and exhibit excellent

kilg Satyiple 1, 2 and 3 with identical carbon content as
ir volatile matter content gradually increases while

spcWgal intensity. This is because volatile matter pyrolysis
consumes laser energy, which lowers plasma temperature.
Meanwhile, volatile matter intensifies flame disturbance and
further decreases plasma temperature. These dual effects
eventually reduce the spectral intensity. Accordingly, spectral
intensity deviation varies considerably across coal samples, even
at an identical carbon level. Carbon content cannot be accurately
quantified by spectral intensity alone. Ultrasonic signals can
reflect the dynamic process of the interaction between the laser and
coal. They are not only closely related to the formation and
evolution of plasma, but also directly characterize the physical
structure properties of coal. Rising volatile matter and declining
ash content render the coal structure looser. This leads to lower
amplitude and longer time of flight (Fig. 1(c)). The differences in
ultrasound between different samples directly reflect the physical
inhomogeneity of the coal and provide structural information
unavailable from spectral and image data. As for plasma images
(Fig. 1(d)), the laser-induced plasma presents a distinct two-part
separated morphology for coal samples. Rising volatile matter
enhances two-part separated characteristics and reduces plasma
area and brightness simultaneously. This is mainly attributed to
intensified flame disturbance on plasma at higher volatile matter
contents, which induces more significant dynamic fluctuations
and spatial deformation of the plasma. Accordingly, plasma
images can distinguish differential plasma fluctuations via
morphological characteristics, which provides critical
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Fig. 2 The schematic diagram of SUI-MM data processing.

v

morphological evidence for the accurate correction in subsequent
analysis.

These three signals are synergistic and complement:
comprehensively reveal the laser-coal matrix
mechanism from three aspects: chemical compositi

Algorithm description. In this work, § spectrum—ultrasound—

image multi-modal fusion model (SUI*MM) is proposed to
suppress the matrix effect in coal and improve the accuracy. This
method extends the conventional LIBS spectrum analysis to
homologous  spectrum—ultrasound—image signals detection,
effectively enhancing analytical performance. The detailed
structure of SUI-MM is illustrated in Fig. 2. Firstly, the spectrum,
ultrasonic, and image signals of coal are obtained and pre-
processed for fusion analysis. Feature extraction is then conducted
separately for each signal. For spectral signals, a long short-term
memory (LSTM) network is used for feature extraction to capture

29. 30 retain

long-sequence dependencies between spectral lines
core features related to coal quality indicators, and accommodate
the characteristics of long spectral sequences. For the ultrasonic
signals, the time-domain ultrasonic signals are first converted into
frequency-domain signals via fast fourier transform (FFT)3! 32,
while retaining both time-domain and frequency-domain

information. A CNN network is then used to extract ultrasonic

https://www.at-spectrosc.com/as/article/pdf/20260018s

%.

s. Convolution can automatically mine deep information

iciently extract characteristics related to coal matrix,
inclyding amplitude, TOF, and frequency distribution, thus
compensating for the physical structure information absent in
spectral signals. For plasma images, joint feature extraction is
performed using Histogram of Oriented Gradients (HOG)**> and
Local Binary Pattern (LBP)*%37, which comprehensively capture
spatial and texture features of the plasma and complement the
spatial information absent in spectral signals. After extracting
features from the three modalities, an adaptive weighted fusion
strategy is employed to fuse spectral, ultrasonic, and imaging
features, highlighting effective features more strongly correlated
with coal parameters. Finally, the fused feature is fed into the fully
connected layer to establish an accurate mapping between multi-
modal features and coal parameters, generating prediction results.
This effectively mitigates matrix effects and realizes high-
precision inversion of coal quality indicators. Detailed model
parameters are provided in the Supporting Information.

Evaluation indexes. In this study, the coefficient of determination
(R?), root-mean-square error (RMSE), and average relative error
(ARE) were used to evaluate the accuracy of the model. Their
expressions are given as follows:

n

M

R? :1_Z:i:1(y—‘_y‘)2
2a(vi-

n 7)2

=1
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Where n is the number of samples, fli is the predicted value of
coal, Y istheaverage of certified values, and Y, is the certified
value of coal.

ESULTS AND DISCUSSION

In
comprehensively

the previous sections, the SUI-MM method was
introduced. To verify the effectiveness,
elemental analysis and proximate analysis were performed.
Traditional LIBS, spatiotemporal spectral fusion model (TSDD-
SM), spectrum-image fusion model (PPC-PISF), and SUI-MM
were evaluated to compare their analytical performance.
Meanwhile, ablation experiments were conducted to validate the

contributions of the ultrasonic and image modules.

Quantitative analysis of elemental analysis. In this section,
quantitative models for element concentrations were established.
focusing on C, H, and Mg in coal. A detailed analysis f

performed on the results of C based on traditional LIBS, TSI~
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SM, PPC-PISF, and SUI-MM, as shown in Fig. 3. The evaluation
parameters are listed in Table 1. As shown in Fig. 3(a), the model
established based on the original data shows poor quantitative
results. The fitting curves of the cross-validation and prediction
sets deviate significantly from the calibration curve (black dashed
line), accompanied by scattered data points, where R%cv was
0.9165, and R?p was 0.8913. To improve quantitative performance,
conventional LIBS was extended to spatiotemporal dual-
dimensional spectra (Fig. 3(b)). After TSDD-SM correction, R%cv
increased to 0.9918, while RMSEcv and AREcv decreased to
0.8219% and 0.0094, respectively. Meanwhile, R?p increased to
0.9886, with RMSEP 0f 0.8523% and AREP 0f 0.0127. As clearly
shown in Fig. 3(b), the fitting curves approach the black dashed
line, indicating a significant improvement in the experimental
results. Additionally, plasma images were introduced, and the
quantitative model was established using the PPC-PISF method
(Fig. 3(c)). After coggection by PPC-PISF, the R%cv increased from
SEcv decreased from 2.0137% to
lecreased from 0.0265 to 0.0060. For

spectral dimension and increasing the signal
cyn effectively improve quantitative accuracy.
results still fail to meet the expected accuracy and
¢ further optimization. Therefore, ultrasound was further
guced, and both ultrasound and image were used to mitigate
gatrix effect in coal. Fig. 3(d) shows the results of the proposed

SUI-MM method. The R%cv, RMSEcv, and AREcv were 0.9994,
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Fig. 3 The schematic diagram of SUI-MM data processing.
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Table 1. Comparison of quantitative analysis results of element contents in coal samples by four methods

Elemental Methods Cross-validation set Prediction set
analysis Rlcv RMSEcyv (%) AREcv R*p RMSEp (%) AREp
LIBS 0.9165 2.0137 0.0265 0.8913 2.3895 0.0333
C TSDD-SM 0.9918 0.8219 0.0094 0.9886 0.8523 0.0127
PPC-PISF 0.9943 0.6183 0.0060 0.9839 0.7853 0.0105
SUI-MM 0.9994 0.2010 0.0025 0.9986 0.3467 0.0042
LIBS 0.9351 0.1376 0.0355 0.8239 0.2151 0.0588
H TSDD-SM 0.9907 0.0631 0.0166 0.9863 0.0578 0.0135
PPC-PISF 0.9913 0.0584 0.0152 0.9907 0.0367 0.0097
SUI-MM 0.9988 0.0204 0.0058 0.9990 0.0242 0.0041
LIBS 0.9553 0.0057 0.0460 0.7139 0.0060 0.0557
Mg TSDD-SM 0.9881 0.0030 0.0279 0.9903 0.0009 0.0115
PPC-PISF 0.9874 0.0033 0.0299 0.9824 0.0016 0.0146
SUI-MM 0.9991 0.0008 0.0078 0.9987 0.0006 0.0057
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Fig. 4 Quantitative analysis results of calorific value in coal samples based on (a) LIBS, (b) TSDD-SM, (c¢) PPC-PISF, and (d) SUI-MM.

0.2010%, and 0.0025, respectively. For the prediction set, R%p
improved to 0.9986, while RMSEp and AREp decreased to 0.3467%
and 0.0042, respectively. Notably, the data points in both the cross-
validation and prediction sets distribute closely along the
calibration curve, indicating a remarkable enhancement in the
quantitative performance of SUI-MM. Furthermore, the
applicability of SUI-MM in elemental analysis was further
validated using H and Mg. As shown in Table 2, the results
demonstrate the effectiveness of SUI-MM in elemental analysis.
It is worth noting that SUI-MM achieves the best overall
evaluation indices. The average R%cv and R?p were 0.999. The
RMSEcv and AREcv reduced by averages of 85% and 83%,
respectively, while the RMSEP and AREp decreased by 88% and
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90%, respectively. These results preliminarily demonstrate that the

synergistic complementarity among spectra, image, and
ultrasound enables more effective correction of matrix effects in

coal.

Quantitative analysis of proximate analysis. To verify the
effectiveness of SUI-MM, this section analyzes the calorific value,
ash content, and volatile matter in coal, which are closely related
to the elemental contents. Taking the calorific value as an example,
the quantitative analysis results of the traditional LIBS, TSDD-SM
PPC-PISF, and SUI-MM methods are analyzed in detail. As
shown in Fig. 4(a), the raw data exhibits poor analytical
performance, with an R?p of only 0.9191, and RMSEp and AREp

i
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Table 2. Comparison of quantitative analysis results of sample properties in coal samples by four methods

Proximate

Cross-validation set

Prediction set

analysis Methods Rlev RMSEcv AREcv Rp RMSEp AREp
LIBS 0.9027 0.9168 Ml/kg 0.0302 0.9191 0.7978 Ml/kg 0.0303
Calorific value TSDD-SM 0.9898 0.3905 Ml/kg 0.0128 0.9909 0.3767 Ml/kg 0.0144
PPC-PISF 0.9852 0.5648 Ml/kg 0.0175 0.9890 0.3464 Ml/kg 0.0142
SUI-MM 0.9993 0.0988 Ml/kg 0.0037 0.9992 0.1037 Ml/kg 0.0040
LIBS 0.8821 1.8277% 0.0793 0.7726 1.9640% 0.0812
Ash content TSDD-SM 0.9937 0.5372% 0.0242 0.9918 0.4986% 0.0247
PPC-PISF 0.9820 1.0451% 0.0386 0.9797 0.7880% 0.0309
SUI-MM 0.9993 0.1694% 0.0075 0.9997 0.1079% 0.0047
LIBS 0.9318 1.0833% 0.0609 0.8061 22121% 0.0917
Volatile matter TSDD-SM 0.9808 0.5641% 0.0272 0.9811 1.0330% 0.0407
PPC-PISF 0.9728 0.5613% 0.0329 0.9749 1.0291% 0.0548
SUI-MM 0.9996 0.1242% 0.0058 0.9995 0.2007% 0.0086
Table 3. The analysis results for ablation experiments

Analysis Ablation Cross-validation set Prediction set
R’cv RMSEcv AREcv R*p RMSEp AREp
w/o U 0.9893 0.3992% 0.0131 0.3737% 0.0147
C w/o | 0.9826 0.5509% 0.0183 0.4460% 0.0163
w/o U&I 0.9596 0.5147% 0.0175 0.7144% 0.0295
w/o U 0.9861 0.8234 MJ/kg 0.0093 0.8412 MJ/kg 0.0119
Calorific value w/o | 0.9881 0.8289 MJ/kg 0.01 0.970 1.0863 MJ/kg 0.0147
w/o U&I 0.9527 1.6025 MJ/kg 0.01 1.9319 1.6215 MJ/kg 0.0222

*Model Ablation Experiments: Tests in which selected features or modules are exclud

as high as 0.7978 % and 0.0303, respectively. The data points of
both the cross-validation and prediction sets are far from t
calibration curve. After correction by TSDD-SM and PPC-

the data points of both the cross-validation and prediction
approach the calibration curve. The R?p increased to0.9909 an
0.9890, respectively, while RMSEp decreased to 0.867%
0.3464%, and AREP decreased to 0.0144 and 0001
effecti

M (

vely.

the two
d)), the R?p
.1037, and the
al quantitative analysis

, Tesp
The above results demonstrate t

ess
methods. After further correction by
increased to 0.9992, the RMSEp dec
AREp decreased to 0.0040. Thus, the optt
indicators were achieved. The analytical results for ash content and
volatile matter are listed in Table 2. Experimental results indicate
that after correction by the proposed method, R?p is increased by
21%, while RMSEp and AREp are reduced by 91%, respectively.
Overall, the results demonstrate that SUI-MM can effectively
enhance the quantitative performance of both elemental analysis
and proximate analysis in coal, verifying its reliability and
effectiveness.

Model Ablation Experiments. To verify the contributions of the
ultrasonic and image signals to SUI-MM, ablation experiments
were performed in this section. The experimental results are listed
in Table 3. “w/o U” denotes the ablation of only ultrasonic signals
while retaining other input features. “w/o I”” denotes the ablation
of only image features while retaining other input features. “w/o
[1&U” denotes the simultaneous ablation of both image and
ultrasonic features, with only the LIBS spectrum reserved.
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om the e tion workflow.

ental results show that compared with the SUI-MM
gd, R’p decreases by 1.64% and 2.87% when ablating
sonic and image signals, respectively. Upon ablation of both
imaging and ultrasound, R?p decreases by 5.69%. The results
demonstrate that imaging and ultrasonic features play positive
roles in the model. This further confirms that image and ultrasound
assistance can significantly improve the quantitative accuracy in
coal.

CONCLUSION

Here, we report a novel strategy, SUI-MM, to address the matrix
effect in coal and enhance the analytical performance of LIBS. It
extends conventional LIBS to collaborative analysis of
homologous spectrum-ultrasound-image multimodal signals,
which effectively compensates for the physical structure and
spatial morphology information missing in spectra. This method
employs feature extraction and fusion of three-dimensional
plasma information, fully characterizing matrix effects and
enriching effective information dimensions. Thus, it significantly
improves the accuracy of quantitative coal quality analysis. To
verify the effectiveness of SUI-MM, elemental analysis and
proximate analysis of coal were conducted. For elemental analysis,
C, H, and Mg were investigated. Compared with conventional
LIBS, the average R?p of the prediction set was improved to above
0.998, the average RMSEp was reduced by 88%, and the average
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AREp was decreased by 90%. For proximate analysis of coal,
calorific value, ash content, and volatile matter were studied.
Compared with conventional LIBS, the average R’p of the
prediction set was improved to above 0.999, the average RMSEp
was reduced by 91%, and the average AREp was also decreased
by 91%. The ablation experiments further confirm that the image
modality and ultrasonic modality can provide key complementary
information for the model, making a significant contribution to
improving analytical performance. The above results indicate that
SUI-MM can effectively suppress the influence of matrix effect,
significantly enhance the quantitative accuracy and reliability of
LIBS. Therefore, this strategy offers a reliable solution for the
efficient analysis of coal and promotes the large-scale application
of LIBS technology in the energy field.

ASSOCIATED CONTENT

The data supporting this article (model parameters and Table S1)
is available at https://www.at-spectrosc.com
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