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A B S T R A C T

Ash content, as a crucial indicator of coal quality, its rapid and accurate determination is pivotal to improve the energy utilization of coal and reduce environmental 
pollution. Traditional spectroscopic methods face significant challenges in acquiring accurate information from coal samples due to the notorious matrix effects 
arising from their complex composition, vast molecular structure, and diverse coal types. In this study, the feasibility of total reflection X-ray fluorescence (TXRF) 
combined with partial least squares (PLS) for the determination of coal ash was firstly investigated based on the TXRF being unaffected by matrix effects. Firstly, coal 
samples were prepared as suspensions, and the effects of sample particle size and different dispersants on the results of TXRF analyses were evaluated. The accuracy 
and applicability of the chosen sample preparation strategies were further validated using inductively coupled plasma mass spectrometry (ICP-MS) and two certified 
reference materials (CRMs). Subsequently, based on the analysis of 19 coal samples, the impact of three different predictive variables on the performance of the PLS 
model was investigated: (a) TXRF full spectrum normalized by the net intensity of the internal standard; (b) net intensity of characteristic peaks for 12 elements (Al, 
Si, K, Ca, Ti, Fe, Cr, Mn, Cu, Ni, and Sr) normalized by the net intensity of the internal standard; (c) concentrations of the aforementioned 12 elements. The results 
demonstrate that the PLS model constructed usingthe TXRF full spectrum normalized by the net intensity of the internal standard exhibits the best predictive ca
pabilities, with the determination coefficient of calibration set (R2) and mean square error (MSE) of the prediction set reaching 0.9736 and 0.99 %, respectively. 
Moreover, the measurement accuracy of this model was six times greater than that obtained with traditional X-ray fluorescence (XRF). Presented analytical results 
display the possibilities of combining TXRF with PLS for coal quality evaluation.

1. Introduction

Coal is a complex solid fuel composed of combustible organic ma
terials (primarily C, H, O, N, etc.) and non-combustible inorganic min
erals (mainly Al, Si, Ca, Fe, etc.). It is widely utilized in various industrial 
fields, such as power generation and coking, etc. [1,2] To ensure a stable 
supply of energy and reduce the emission of environmental pollutants, 
strict control of coal quality is of particular importance.

Ash content serves as a key indicator of coal quality, indicating the 
level of inorganic minerals within the coal. Coals with high ash content 

contain substantial amounts of inorganic minerals, which are noncom
bustible and persist as residual ash after combustion. This not only di
minishes the combustion performance but also lowers the thermal 
conductivity of the furnace. Therefore, it is essential to accurately 
determine the ash content of coal. Generally, the determination of ash 
content relies on the high-temperature ashing method, a rigorous tech
nique that entails the complete oxidation of coal samples in a muffle 
furnace under controlled conditions. The ash content is subsequently 
quantified by measuring the mass difference before and after the com
bustion process. Despite its accuracy, this method is encumbered by 
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laborious sample pretreatment, prolonged burning time, and a complex 
operational procedure [3], which no longer meets the modern industrial 
demand for rapid coal quality evaluation. To address this challenge, a 
variety of techniques for rapid determination of coal ash content have 
been developed. Prompt gamma neutron activation analysis (PGNAA) 
emerged as an early adopted technology [4,5], offering high sensitivity, 
accuracy, and the ability to simultaneously analyze multiple elements. 
However, its dependence on a neutron source poses radiological risks. In 
recent years, the combination of laser-induced breakdown spectroscopy 
(LIBS) with partial least squares (PLS) regression has demonstrated su
perior performance in coal ash determination [6,7]. Despite this, the 
high-energy laser pulses striking the coal surface generate dust, poten
tially contaminating optical components and causing irreversible abla
tion damage [8]. On the other hand, the combination of wavelength 
dispersive X-ray fluorescence (WDXRF) with interpretive machine 
learning algorithms provides a clear understanding of the contribution 
of inorganic components in coal samples to ash content, significantly 
propels ash content prediction research forward [9]. However, this 
technique, either WDXRF or energy dispersive X-ray fluorescence 
(EDXRF), is susceptible to the matrix effects of the sample [10]. To 
overcome the influence of matrix effects, a common approach is to 
calibrate the analysis using certified reference materials (CRMs) with a 
matrix composition similar to the samples being analyzed [11,12]. 
Alternatively, machine learning algorithms can be employed to reveal 
the correlations between spectral data and the target value in a large 
training dataset. Some popular machine learning algorithms, like 
random forest, can discern the impact of the sample matrix on the 
spectral signal and appropriately adjust for anomalies caused by the 
matrix effects.

Yet, these algorithms are typically considered as black-box models. 
This constraint makes it difficult to fully understand the operational 
mechanisms behind model corrections for matrix effects since these 
models do not transparently reveal the details of converting input data 
into output results. Consequently, there is a risk of overfitting, posing 
significant challenges to practical applications.

Total reflection X-ray fluorescence (TXRF) is a variant of EDXRF. Its 
advancement lies in the incidence of X-ray onto the sample film at an 
angle smaller than the critical angle (≈0.1◦) [13], resulting in the phe
nomenon of total reflection. Consequently, the penetration depth is 
reduced to just a few nanometers [14], which considerably reduces the 
contribution of Compton and Rayleigh scattering to the spectral back
ground. The detection limits (DLs) are improved by three orders of 
magnitude compared to EDXRF [15]. Importantly, as the photons car
rying elemental characteristic information almost entirely originate 
from the sample surface, the so-called matrix effects are significantly 
weakened or even completely eliminated [13,16,17], greatly simpli
fying the process of elemental quantitative analysis. TXRF quantitative 
analysis typically employs the internal standard (IS) method, where a 
known concentration of an element is added to the target sample to 
correct for factors affecting measurement accuracy and precision, such 
as particle size, sample thickness, and grazing angle [18]. Owing to these 
advantages, we hypothesize that the relationship between elemental 
content and fluorescence intensity in coal samples can be accurately 
obtained using TXRF, avoiding the necessity of matrix effects correction. 
Thus, even with a limited dataset, it is possible to establish a connection 
between the complete composition and ash content of coal samples 
using machine learning algorithms, which will be an attractive study.

In this paper, the feasibility of using TXRF combined with PLS for the 
determination of ash content in various types of coal within a limited 
dataset was investigated. To our knowledge, this is the first attempt to 
combine TXRF with PLS for coal ash content measurement, and the re
sults effectively evaluate the potential application of this method across 
a diverse range of coal samples. For this purpose, all coal samples were 
prepared as suspensions to determine the optimal sample preparation 
strategy, and the best predictive variables for PLS modeling were 
assessed. Furthermore, a comparative analysis with XRF was conducted 

to validate the suitability and accuracy of the proposed approach.

2. Experiment

2.1. Reagents

For TXRF analysis, the following materials were used: a mono
elemental standard solution of Ga (C = 1000 μg mL− 1, Guobiao (Beijing) 
Testing & Certification, China) for the preparation of IS; nono-ionic 
detergent 1 % Triton X-100 (Analytical Reagent, BIOISCO, China) and 
ethylene glycol (chromatographic purity Reagents, Macklin, China) 
were used as dispersants for the suspension procedure; deionized water 
(18.2 MΩ, Beijing research institute of uranium geology labwater), 
deconex weak alkaline cleaner (Borer chemie Ag, Switzerland), 68 % 
nitric acid (Aladdin, China) were used for cleaning the sample carrier; 
and silicone solution in isopropanol (SERVA, Germany) was applied for 
hydrophobization of the sample carrier.

2.2. Coal sample

To evaluate the analytical performance of the combined TXRF with 
PLS for the determination of coal ash, 19 coal samples from Shanxi 
Sunlight Coking (Shanxi, China) were used. Specific details about the 
samples, including the results of ash content analysis, are presented in 
Table 1. These samples cover 8 different coal ranks, including anthra
cite, bituminous, fertilization coal, etc. All coal samples have a particle 
size of less than 168 μm. In particular, Al, Si, Ca, Fe, Mn, and Ni in YG_1 
were determined using inductively coupled plasma mass spectrometry 
(ICP-MS) following complete digestion with perchloric acid, hydroflu
oric acid, and other acid reagents in the laboratory. Additionally, two 
CRMs, ZBM1101 (coal gangue) and ZBM1212 (coal ash), were employed 
in this study. These materials were exclusively used for validation of our 
analytical method, and will not be included as predictor variables in the 
construction of the ash prediction model.

2.3. Analysis with the TXRF

In TXRF analysis, two principal pretreatment strategies are typically 
applied for solid samples: suspension preparation and acid digestion. 
Suspension preparation method, involving thoroughly mixing solid 
powder with dispersants and IS solution, offers a simple and time- 
efficient process for TXRF analysis. However, the results may be sub
ject to particle size effect [19]. In contrast, acid digestion completely 
dissolves the sample powder into solution using various acid reagents. 
This ensures a more uniform distribution of the IS within the sample, 
and eliminates the particle size effect [20]. However, owing to the 
complex matrix of coal samples, the acid digestion process is intricate 
and time-consuming [21,22]. Considering the need for rapid analysis, 
this study adopted the suspension preparation method as the pretreat
ment method for coal samples.

The process of preparing coal sample suspension is displayed in 
Fig. 1. It mainly consists of placing 10 mg of the sample with particle size 
I (<25 μm) or II (<168 μm) in a 2 mL centrifuge tube. Then, 1 mL of 
dispersant and 100 μL of a 1000 μg mL− 1 Ga as IS were added. The 

Table 1 
Number, type and ash value of coal samples in the experiment.

Coal Number Coal type Range of ash values (%)

YG_1-5 anthracite 10.54–31.80
YG_6-7 bituminous 6.35–11.74
YG_8-11 fertilization coal 10.13–13.35
YG_12-13 lean coal 8.94–11.20
YG_14-16 gas coal 7.45–8.06
YG_17 coking coal 10.26
YG_18 gangue 23.50
YG_19 coal slime 65.53
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centrifuge tubes were sonicated for 3 min to reduce particle aggregation. 
Subsequently, the centrifuge tubes were homogenized at 850 rpm for 2 
min using a vortex mixer to ensure an even distribution of the samples 
and IS in the suspension. Finally, 10 μL of the mixture was deposited 
onto a quartz reflector and dried at 70–80 ◦C.

All measurements were performed using a benchtop spectrometer S2 
PICOFOX (Bruker, Germany). This instrument is equipped with a 50 W 
X-ray tube featuring a Mo anode, a 17.5 keV Ni/C multilayer mon
chromator, and a silicon drift detector (SDD) with a 30 mm2 active area 
and an energy resolution of less than 150 eV at the Mn Kα line. Quartz 
disks (Bruker, Germany) of 30 mm diameter and 3 mm of thickness were 
employed as sample carriers. Operating conditions under air with a 
voltage of 50 kV and a current of 0.6 mA for 600 s per sample. Spectra 7 
software was used for spectral analyses, which is capable of obtaining 
the intensity of the characteristic peaks of the target element and 
quantifying their content according to the next formula: 

Ci =
CIS⋅Ni⋅SIS

NIS⋅Si
(1) 

where CIS is the concentration of IS; Ni and NIS are the net intensity of 
target element and IS, respectively. SIS and Si are the relative sensitivity 
of target element and IS, respectively.

2.4. Anlaysis with the XRF

In this experiment, the coal samples with particle sizes below 25 μm 
were analyzed using the XRF instrument described in Ref. [23]. The 
setup was equipped with a 50 W Rh anode X-ray tube (VF-50J, VARIAN), 
an SDD (VIAMP, KETEK), a digital pulse processor, a hydrogen gener
ator, a measurement chamber, and a sample cell (L × W × H, 100 mm ×
10 mm × 3 mm). The hydrogen generator was responsible for providing 
a hydrogen environment for the measurement chamber. The collimated 
X-ray tube and SDD were installed at a 45◦ angle relative to the vertical 
direction on the opposite side of the measurement chamber. The Be 
window of the SDD was positioned 2 mm away from the sample. Mea
surements on samples were conducted at an operation voltage of 16 kV 
and 600 μA current, and per sample was measured for 1 min. To ensure 
the reliability of the analysis, the coal samples were spread evenly in the 
sample cell, scraped flat, and tested.

2.5. PLS regression

PLS, as a prominent branch of machine learning algorithms, its 
capability in predicting target values had amply demonstrated across 
numerous fields [23–25]. The core principle of PLS is to map both 
predictor and response variables into a latent variable space, maxi
mizing the covariance between them. This process not only reduces the 
complexity of the data but also retains the greatest explanatory power 
for the response variables [26]. In this study, PLS models were con
structed for TXRF and XRF. For the TXRF, three sets of predictor vari
ables were used: the full spectrum information of coal samples 
normalized with an IS, the intensities of Al, Si, K, Ca, Ti, Fe, Cr, Mn, Cu, 
Zn, Ni, and Sr normalized using an IS, and the contents of the previously 
mentioned 12 major and trace elements. Meanwhile, the XRF model was 
established using the total spectrum of coal samples. In both models, the 
coal ash content served as the response variable. The models were 
constructed in a Python environment, and hyperparameters within the 
PLS models, such as the number of latent variables, were finely tuned 
through GridSearchCV to ensure the optimization of model 
performance.

2.6. Validation and statistical details

To evaluate the performance of the TXRF and the PLS model, all 
calculations were performed using the average results obtained by the 
standard method and the average concentrations from three replicate 
TXRF tests.

Predicted value of coal ash content yi

Actual value of coal ash content ŷi

Average actual ash content of coal yi

TXRF measured value Ci
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value)
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(
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)2
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Fig. 1. Preparation of coal sample thin-film using suspension method.
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3. Result and discussion

3.1. Investigation optimal coal sample analysis method

In TXRF analysis, particle size significantly impacts the stability of 
the suspension. Larger particles tend to sediment quickly in the sus
pension, leading to sedimentation heterogeneity and compromising 
sampling representativeness. Additionally, larger particles might 
obscure the effective excitation of small particles by X-rays during 
analysis. This spatial heterogeneity caused by the particle size effect can 
disrupt the uniformity of the X-ray fluorescence signal within the sam
ple, thereby affecting the repeatability and accuracy of the analytical 
results. Therefore, investigating the optimal analytical particle size for 
coal sample preparation is crucial.

In this study, we used the YG_1 sample to investigate the influence of 
particle sizes I and II on the TXRF analytical results. Furthermore, the 
effectiveness of 1 % Triton X-100 and ethylene glycol as dispersants for 
the two different particle size samples were also evaluated. Samples 
were prepared as thin films according to the procedure described in 
section 2.3, and then analyzed by TXRF. Fig. 2 illustrates the TXRF 
spectrum of a YG_1. The results clearly demonstrated that Ga, serving as 
IS, exhibited a good response without interfering with the analysis of 
other elements, and no peak overlapping occurred among the elements. 
The sample primarily consisted of major elements such as Al, Si, Ca, and 
Fe, as well as trace elements like Mn, Ni, and Sr, all of which are closely 
associated with ash content. To investigate the suitable sample prepa
ration strategy for coal sample analysis, we selected four major elements 
(Al, Si, Ca, and Fe) strongly correlated with ash content, along with two 
trace elements (Mn and Ni) inherently present in the coal samples, as 
evaluation indicators.

The recoveries for Al, Si, Ca, Mn, Fe, and Ni are shown in Fig. 3. For 
samples with a particle size of I, the Si content is overestimated 
regardless of the dispersants used. This may be attributed to the 
contribution of quartz carrier to the determination of Si elemental 
content. Obviously, the content of Al and Si was significantly under
estimated when sample with a particle size of II was used, which is 
caused by matrix effects resulting from large particle samples. However, 
the analytical results of Ca, Mn, Fe, and Ni were not significantly 
affected, a phenomenon that correlates with the positive relationship 
between their excitation cross-sections and atomic numbers (Z). With 
nearly constant excitation energy, these elements are more likely to be 

excited by X-rays compared to Al and Si, which have fewer electron 
shells. This difference may lead to less sensitivity to variations in sample 
particle size. For dispersant, ethylene glycol demonstrated better sta
bility for sample with particle size II compared to 1 % Triton X-100, 
owing to its inherent viscosity. This advantage manifested in the 
determination of Ca and Fe. It is noteworthy that Ni exhibited relatively 
poor repeatability under all four analytical conditions, with relative 
RSDs exceeding 10 %. This could be attributed to the low Ni content in 
the sample (down to 8 mg kg− 1), as well as quantification errors arising 
from sampling variability, film formation quality, and background noise 
(Fig. 2 inset).

The DLs for Al, Si, Ca, Mn, Fe, and Ni are shown in Fig. 4, and are 
calculated using the following formula: 

CDL =3Ci
̅̅̅̅̅̅̅̅
NBG

√ /
Ni (2) 

where Ci and Ni are the content and net intensity of target element, 
respectively. NBG is the background under the peak of target element.

With the reduction in sample particle size, the DLs of Ca, Mn, Fe, and 
Ni hardly showed significant enhancement. In contrast, the DLs for Al 
and Si were significantly improved, which could be attributed to the 
diminished absorption of fluorescence signals from light elements by the 
large particle samples. Specifically, for samples with particle size I, 
ethylene glycol as a dispersant slightly outperforms 1 % Triton X-100 in 
terms of achieving detection limits for target elements. Additionally, 
integrating the analysis results from Fig. 3, the YG_1 sample with par
ticle size I prepared using ethylene glycol demonstrated better repro
ducibility, and the TXRF results aligned more closely with the reference 
values. Therefore, the optimal preparation strategy for coal samples is to 
mix the ethylene glycol with samples that have a particle size of I.

3.2. Validation of the TXRF method

To validate the accuracy and applicability of the TXRF analysis 
method, two CRMs were analyzed: ZBM1101 and ZBM1212. Fig. 5 il
lustrates the recoveries of Al, Si, Ca, Mn, and Fe. Although the recoveries 
for Al and Si fell within the ideal range of 95–105 %, their analytical 
results displayed relatively high fluctuations due to air absorption. The 

Fig. 2. TXRF and XRF generally spectrum of the YG_1.

Fig. 3. The effect of sample particle size and dispersant type on the content of 
Al, Si, Ca, Mn, Fe and Ni in YG_1 (error bars represent the relative standard 
deviation of three parallel analyses of the sample).
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RSD of 9.59 % and 10.98 % for Al in ZBM1101 and ZBM1212, respec
tively, while they were 7.99 % and 12.54 % for Si. Similar observations 
were reported in studies by Rodella [27] and Sharanov [28]. Further
more, the analysis results for Si seemed unaffected by the quartz 
reflector, possibly because the high Si content in the two high-ash coal 
samples overshadowed the Si signal from the reflector, which could be 
considered inconsequential background noise. The comparison with the 
reference values of CRMs demonstrates good consistency of the TXRF 
analysis results, further validating the accuracy and applicability of this 
method.

3.3. Construction of coal ash prediction model

Following the research conducted in Sections 3.1 and 3.2, the TXRF 
analysis strategy for various types of coal samples was explored and 
validated. This strategy was applied to 19 coal samples, with three 
parallel measurements performed for each sample to ensure reliability. 
Subsequently, 14 of these coal samples were used as a training set to 
establish the PLS model, while the remaining 5 samples served as a test 
set to evaluate the model’s performance.

Currently, in the reported applications of combined XRF/TXRF and 
machine learning algorithms for sample clustering or target value 
regression [9,10,25,29,30], the commonly used model predictor 

Fig. 4. The influence of sample particle size and dispersant type on the detection limit of Al, Si, Ca, Mn, Fe, and Ni.
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variables are either the full spectral information or the elemental con
centrations of the samples. To investigate the optimal predictor vari
ables for establishing a PLS model based on TXRF, three different 
modeling approaches were considered: (1) normalizing the TXRF full 
spectrum of the coal samples using the net intensity of the IS; (2) 
normalizing the net intensities of the characteristic peaks for the 12 
major and minor elements (Al, Si, K, Ca, Ti, Fe, Cr, Mn, Cu, Zn, Ni, and 
Sr) in the coal samples using the net intensity of the IS ; (3) directly using 
the concentrations of the aforementioned 12 elements in the coal sam
ples. The purpose of normalizing the intensities relative to the IS is to 
correct potential errors arising from sample preparation and measure
ment, including variations in particle size, film thickness, among others. 
This method enhances the stability and reliability of the model. Fig. 6
presents the PLS models developed using these three different input 
variables.

As can be seen in Fig. 6, although both model B and model C 

incorporate information on Al, Si, K, Ca, Ti, Fe, Cr, Mn, Cu, Zn, Ni, and 
Sr, the predictive accuracy of model C is slightly lower than that of B. 
This may be attributed to the large differences in the absolute concen
trations of the elements, causing certain elemental intensities having a 
disproportionate magnified or minimized effect on the predictions of the 
model. In contrast, model B employed normalization using the IS net 
intensity, effectively minimizes the relative differences between vari
ables and standardizes the elemental intensity values to a uniform 
magnitude. This approach eliminated the adverse impact of variations in 
absolute elemental concentrations on model construction. Nevertheless, 
the predictive performance of model B is still inferior to model A. This 
fact can be explained that model A utilized the full spectrum of coal 
samples normalized by the net intensity of IS, which not only ignores the 
interference of external factors, but also provides more comprehensive 
information about the samples, thus exhibiting superior predictive 
performance.

To assess the predictive performance of model A, its prediction re
sults were compared with the model D (Fig. 6), which was constructed 
based on XRF full-spectrum. It is noteworthy that the XRF spectrum 
processing was based on the method proposed by Ref. [10]. Table 2
displays the predictions of the model A and D for five coal samples, with 
prediction accuracy assessed using the relative error (RE) between the 
predicted and actual values. The RE of model A was less than 10 %, with 
an average error of 5.01 %, demonstrating excellent predictive perfor
mance. In contrast, model D presented poorer stability, with an overall 
average error of 30.10 %, although achieving high accuracy for indi
vidual coal samples. This instability was particularly evident in pre
dictions for coal samples with ash values of 8.06 %, 13.35 %, and 23.50 
%, where relative errors ranged between 45.06 and 55.83 %. As illus
trated in Fig. 2, both techniques can effectively obtain comprehensive 
compositional information from the samples, despite variations in the 
fluorescence signal intensities for the same element due to their different 
detection mechanisms. We hypothesize that the discrepancies may 
origin from the inherent physicochemical diversity among different coal 
types. TXRF primarily excites the surface layer of samples, thus effec
tively avoiding the effect of the physicochemical properties and matrix 
effects on the spectral information. This leads to an almost linear rela
tionship between the concentrations of elements and their correspond
ing line intensities. Furthermore, the utilization of IS to normalize the 
TXRF full spectrum is also a pivotal factor contributing to the excellent 
analytical performance of the model. In contrast, XRF analysis is more 
susceptible to matrix effects and background scatter peaks due to 
analyzing samples at greater depths. This presents a considerable chal
lenge in explaining the intrinsic relationship between spectral infor
mation and ash content, particularly when the available sample set is 
limited. Hence, XRF prediction models typically require an extensive set 
of training samples [23]. The deliberate selection of only 19 samples in 
this study highlights the superior performance of TXRF in situations 
involving multiple coal types, where it remains unaffected by matrix 
effects. With an increase in the numberof training samples, the predic
tive performance of TXRF is expected to improve further.

4. Conclusion

In this work, a novel method for ash content detection of various 

Fig. 5. Comparison of TXRF analysis results for ZBM1101 and ZBM1212 with 
standard values (error bars represent by the relative standard deviation of 
three tests).

Fig. 6. The effect of three different types of input variables on the performance 
of the PLS model: (A) TXRF full spectrum normalized to the net intensity of Ga; 
(B) Net intensity of Al, Si, K, Ca, Ti, Fe, Cr, Mn, Cu, Zn, Ni and Sr normalized to 
Ga net intensity; (C) Contents of above 12 elements; (D) XRF full spectrum.

Table 2 
Actual values, predicted values, and relative errors between actual and predicted 
values for five samples.

Actual values Model A RE (%) Model D RE (%)

7.45 8.09 8.59 7.454 0.05
8.06 7.91 1.86 12.56 55.83
8.65 8.49 1.85 8.58 0.81
13.35 12.79 4.19 19.86 48.76
23.50 21.49 8.55 34.09 45.06
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coals by combination TXRF with PLS was proposed. The suspension 
preparation method was selected for sample preparation, mixing 10 mg 
of sample powder with a particle size of less than 25 μm and 1 mL of 
ethylene glycol dispersant to prepare the suspension. The results of the 
TXRF analysis were compared with those obtained from ICP-MS and 
further validated through the analysis of ZBM1101 and ZBM1212. The 
recoveries of Al, Si, Ca, Mn, and Fe were within the range of 90–110 %, 
demonstrating the good accuracy and applicability of the TXRF method. 
Subsequently, this strategy was applied to the analysis of 19 coal sam
ples. It was found that models constructed using these three predictive 
variables outperformed those based on XRF in terms of prediction per
formance. Especially in the model achieved the best performance using 
TXRF full spectrum normalized with the net intensity of the IS as pre
dictive variables, achieving R2 of 0.9736 and MSE of 0.99 %. The 
average prediction error was only 5.01 %, significantly lower than the 
30.10 % observed with XRF under the same conditions. The study 
demonstrates that the proposed method combining TXRF with PLS for 
the rapid determination of coal ash content can effectively overcome the 
impact of complex coal sample physicochemical properties and matrix 
effects on analysis results. It also addresses the challenge of XRF 
requiring numerous standard samples for modeling in complex coal 
varieties, offering a new feasible path for accurate analysis of various 
coal types. The subsequent step will expand the scale of the dataset to 
further validate the effectiveness and applicability of this method.
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