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A B S T R A C T

Coal consistently plays a major role in global energy consumption. With high-quality coal reserves dwindling, 
low-cost, abundant high-sodium coal has attracted attention despite challenges posed by Na and Cl release 
during thermal utilization, which can lead to equipment corrosion. This study investigated the pyrolysis of high- 
sodium Shaerhu coal (SEH) from Xinjiang in a fluidized bed. Results showed that water washing significantly 
reduces water-soluble Na and Cl, decreasing their content to 764 μg g− 1 and 698 μg g− 1, respectively, after 120 
min. Compared to unwashed coal, washed coal (WS) demonstrates increased char yield and ash melting point, 
alongside reduced char reactivity and Na and Cl release. Characterization by Raman, XRD, and FTIR reveals 
changes in char’s graphitization, microcrystalline structure, and functional groups with washing time. BET 
analysis indicates reduced adsorption and specific surface area in WS char. A neural network model developed 
for predicting Na and Cl release during pyrolysis achieved an error margin within 5 %. These findings provide 
critical data and theoretical support for optimizing the pyrolysis process of high-sodium coal.

1. Introduction

Coal remains a critical global energy resource, widely utilized across 
sectors such as electricity generation, steel production, and chemical 
industries (Wan et al., 2017). Currently, around 40 % of the world’s 
electricity is generated from coal (Khatami and Levendis, 2016). How
ever, as high-quality coal resources become increasingly scarce, atten
tion has shifted towards abundant and cost-effective low-rank coals, 
which are rich in alkali metals (Wu et al., 2016; Liu et al., 2018a; Wang 
et al., 2017). Notably, the Zhundong area in northwestern China holds 
coal reserves estimated at 390 billion tons, primarily comprising 
high-sodium, low-rank coal (Lou et al., 2021; Li et al., 2018). This supply 
alone could potentially meet China’s energy needs for over a century at 
the current consumption rate (Song et al., 2016a). Low-rank, high-
sodium coal is considered a valuable resource mainly because of its large 
reserves. Low-rank, high-sodium coal reserves in China reach 390 billion 
tons. Abundant low-rank, high-sodium coal deposits around the world, 
like those in the Zhundong area, ensure a stable long - term energy 
supply. Economically, its relatively low cost of extraction and acquisi
tion makes it an attractive option for large - scale energy production, 
which can effectively reduce the economic cost of energy production. In 

terms of energy, although its quality is relatively poor, through tech
nologies such as pyrolysis and gasification, it can be converted into 
various energy products, which can be used for power generation and 
chemical raw materials, expanding the energy supply channels and 
playing a crucial role in the energy diversification strategy. Therefore, 
with its substantial economic and energy potential, high-sodium, low-
rank coal is a valuable resource (Wang et al., 2015a; Zhang et al., 
2022a). However, in practical applications, the presence of sodium leads 
to a series of problems in boilers, such as slagging and corrosion, directly 
impacting the safety and economic efficiency of its thermal utilization 
process (Ding et al., 2019). Therefore, significant constraints limit the 
effective utilization of high-sodium, low-rank coal (Wen et al., 2017; 
Zhu et al., 2019).

Recent studies have focused increasingly on high-sodium coal, 
particularly sodium’s forms and its migration behavior during com
bustion and pyrolysis. Sodium in coal is present in four forms, water- 
soluble, acetic acid-soluble, hydrochloric acid-soluble, and insoluble 
sodium (Song et al., 2016b). Under high-temperature conditions, Na 
release mainly originates from W-Na in coal, which can deposit on 
equipment heat-exchange surfaces as sodium chloride or sodium sulfate, 
leading to metal corrosion (Xu et al., 2018a; Chen et al., 2020). 
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Conversely, insoluble sodium remains largely in char (Wang et al., 
2015b). Although sodium release may damage equipment, some re
searchers have observed that sodium in coal can influence coal reactivity 
and gas product composition (Zhang et al., 2020). Additionally, in
teractions between sodium and other mineral elements (e.g., silicon, 
aluminum, iron) in coal are drawing attention. These elements can 
impact sodium migration and deposition (Song et al., 2017). A deeper 
understanding of these reactions and transformations is vital for effec
tive sodium release control.

Recent studies have found (He et al., 2023a; Zhu et al., 2022) that the 
release of Na and Cl is highly temperature-dependent and strongly 
affected by their chemical form and their interaction with the minerals 
in the coal, especially in the pyrolysis of low-rank coal in the Zhundong 
region. Studies have shown that water washing pretreatment can 
effectively remove water-soluble alkali and halogen substances, reduce 
their release during thermal conversion, and thus reduce the risk of 
slagging and corrosion (Liu et al., 2018b; Niu et al., 2019; Hui et al., 
2021). Recent studies (Chen et al., 2025; Peng et al., 2018) have 
explored the transformation mechanism of Na and Cl, indicating that Na 
may be converted into less volatile compounds by reacting with alu
minosilicates, while Cl mainly volatilizes in the form of HCl or alkali 
metal chlorides. Ma et al. (2025) also studied the evolution of Cl during 
coal pyrolysis and observed that most of the Cl released during 
low-temperature pyrolysis is water-soluble Cl. Meanwhile, data-driven 
methods have developed rapidly in the field of coal combustion and 
pyrolysis. Artificial neural networks (ANN) are increasingly used to 
predict related dependent variables under different operating conditions 
because of their ability to capture multivariate interactions (Asani et al., 
2023; Oyekunle et al., 2025). Some recent studies have shown (Obafemi 
et al., 2019; Sunphorka et al., 2017) that machine learning and ANN can 
accurately predict some important parameters and characteristics of 
coal pyrolysis and combustion, which can provide methods and basis for 
intelligent control of coal thermal utilization processes.

Previous studies (Cao et al., 2024; Zhu et al., 2017; Wang et al., 2018; 
Lin et al., 2018) on high-sodium coal have mainly focused on the 
migration behavior of Na and Cl during its combustion and pyrolysis. 
However, there are still some shortcomings. First, few studies have 
systematically investigated how water washing changes the forms of Na 
and Cl and their release during pyrolysis. Moreover, the effects of Na and 
Cl content and water washing on the microstructure and reactivity of 
char are not very clear. Finally, existing prediction models usually rely 
on simplified empirical relationships, which limits their applicability 
under complex conditions. This study will address these gaps by 
combining experimental studies and neural network modeling. The re
sults of this study clarify the effects of water washing and Na and Cl 
content on the pyrolysis process and char, and achieve the prediction of 
Na and Cl release during the pyrolysis of high-sodium coal.

To address the pressing challenges of thermal utilization of high- 
sodium coal with high reserves and low cost, especially its tendency to 
release corrosive Na and Cl species, a deeper understanding of the in
fluence of pretreatment processes such as water washing on the char
acteristics of pyrolysis products and the release behavior of Na and Cl is 
essential. However, the current research on the relationship between the 
change of Na and Cl speciation caused by water washing and its effect on 
pyrolysis behavior is still limited. Moreover, most of the existing studies 
rely on empirical observations and may not effectively capture the 
multi-factor interactions that affect the release of elements. In addition, 
despite the increasing application of machine learning methods such as 
neural networks in coal science, there are few studies combining them 
with experimental data to predict the release of Na and Cl during py
rolysis of high-sodium coal. Therefore, this study aims to bridge this gap 
and will systematically study the effects of water washing on Na and Cl 
speciation, pyrolysis process and char structure. Meanwhile, this study 
will construct a neural network model that can accurately predict the 
release behavior of Na and Cl under different conditions. This compre
hensive approach aims to provide a predictive tool for the clean and 

intelligent utilization of high-sodium coal in industrial applications.

2. Experimental methods

2.1. Coal and experimental equipment

This study used Shaerhu coal (SEH), sourced from Xinjiang province, 
China. SEH coal is a low-rank, high-alkali coal with high content of Na 
and Cl. The coal was ground to a particle size under 0.15 mm, then dried. 
Then, 0.1 g of the dried sample was digested, and the solution was 
diluted to 100 mL with deionized water. Sodium content of solution was 
determined by ion chromatography, yielding a Na concentration in SEH. 
Using the potassium thiocyanate titration method outlined in GB/T 
3558-1996, the Cl content in SEH was measured. Experimentally, Na 
and Cl contents were found to be 8165 μg g− 1 and 6560 μg g− 1, 
respectively. According to MT/T 1074–2007 (a) and GB/T 
20475.2-2006 (b) standards, when the Na content in coal is higher than 
0.5 %, the coal is classified as high-sodium coal, and when the Cl content 
is higher than 0.3 %, the coal is classified as high-chlorine coal. There
fore, SEH is high-sodium and high-chlorine coal.

Before experimentation, SEH was pretreated. Appropriate washing 
conditions are essential for the effective removal of alkali metals and 
halogen elements. According to previous studies, Wang et al. (2016)
found that washing temperatures in the range of 40–60 ◦C can improve 
the efficiency of washing. Guo et al. (2017a) found that the Na content in 
coal hardly changes after the washing time reaches 3 h. Zhao et al. 
(2014) found that washing high-sodium coal at a solid-liquid ratio of 
1:10 can not only ensure the washing effect, but also reduce the use of 
deionized water and thus reduce costs. Therefore, using a thermostatic 
magnetic stirrer in this washing progress, 20 g of sieved, dried SEH was 
placed in a beaker with deionized water at a solid-to-liquid ratio of 1:10 
for washing. The mixture was stirred at 50 ◦C and 500 rpm. The washing 
time of the coal in this experiment was selected as 0–120 min. After 
stirring for the set duration, the solution was filtered, and the washed 
coal sample was dried in an oven at 105 ◦C for 12 h. Elemental, proxi
mate, and ash analyses were conducted on both SEH and coal washed for 
120 min (WS). The results were summarized in Tables 1 and 2.

Table 3 shows the contents of water-soluble sodium (W-Na), hy
drochloric acid-soluble sodium (H-Na), acetic acid-soluble sodium (A- 
Na), insoluble sodium (I-Na), water-soluble chlorine (W-Cl), and insol
uble chlorine (I-Cl) in SEH and WS. Wijaya et al. (2011) found that 
washing with deionized water would reduce the Cl content by 80 %–90 
%. Related studies (Guo et al., 2017a; Zhao et al., 2014; Quast, 2000) 
have shown that washing will remove 45 %–65 % of Na. Zhu et al. 
(2017) found that most of the Na removed during the water washing 
process was W-Na. In this study, the W-Na content in the coal samples 
after water washing was reduced by more than 80 %, and the W-Cl 
content was reduced by about 90 %. This experimental result is 
consistent with previous research reports. It also proves that the water 
washing parameters used in this study can effectively remove most of 
the easily releasable Na and Cl in high-sodium coal.

A small bubbling fluidized bed equipped with a tail gas collection 
system served as the reactor, which included an air supply, temperature 
control, and a primary reaction chamber. The reaction chamber con
sisted of a 1200 mm quartz tube with a 3 mm thick distributor plate 
located 500 mm from the base. The distributor plate contained 0.5 mm 
holes spaced 0.8 mm apart. The quartz tube was vertically installed in an 
electric furnace, and its temperature was controlled by a 30-segment PID 
programmable system. The maximum temperature for the main reaction 
chamber was set at 1100 ◦C. To prevent reactant escape, a valve system 
was installed at the top and a plug inserted 50 mm below. The setup is 
depicted in Fig. 1.

2.2. Experiment process

The raw coal was ground and sieved to a particle size below 0.15 
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mm, then dried for use. The coal particle size of less than 0.15 mm was 
chosen to allow for more complete water washing of the coal and to 
increase the contact area between the coal and the reaction atmosphere, 
thereby promoting a more efficient and accurate pyrolysis reaction. It 
also ensures uniform fluidization in the experimental equipment, 
maintaining consistent experimental conditions. Since the temperature 
of coal pyrolysis in industry is usually around 700 ◦C, the pyrolysis 
temperature in this study was selected to be 500–900 ◦C. These tem
peratures range from relatively low to high, which is conducive to 
observing the change law of high-sodium coal at different pyrolysis 
stages and understanding the pyrolysis mechanism. Regarding the 
choice of reaction time, if the time is too short, the pyrolysis reaction 
will be incomplete. If the time is too long, the experimental cost will 
increase. According to the preliminary experiment, the mass of the char 
hardly changes after 20 min of pyrolysis, and the char properties are also 
relatively similar. Therefore, the pyrolysis time of this study is set to 20 
min. This time can not only ensure that the pyrolysis reaction is fully 
carried out, but also simulate the actual industrial process, making the 
experimental results have practical value. Some of the prepared SEH 
samples were subjected to washing for different durations to produce 
water-washed coal. In each experiment, about 15 g of sample had been 
weighed for pyrolysis, recorded as Mcoal (g). The fluidized bed was 

heated, and high-purity N2 was used to purge the system. Once the target 
temperature was reached, the sample was introduced by a feeder, and 
the airflow rate was increased to 5 L min− 1, with a pyrolysis duration set 
to 20 min. After pyrolysis, the system had been cooled, and the 
remaining sample had been collected at room temperature after the 
quartz tube naturally cooled. The residual sample was weighed as Mchar 
(g), and the char yield nchar (%) was calculated using Equation (1). The 
Na and Cl contents in the coal, labeled cNa (μg•g− 1) and cCl (μg•g− 1). The 
Na and Cl contents in the char, labeled c’Na (μg•g− 1) and c’Cl (μg•g− 1), 
were analyzed using the previously outlined method, with Na and Cl 
release ratios RNa (%) and RCl (%) determined by Equation (2) and 
Equation (3). 

nChar =
Mchar

Mcoal
× 100% (1) 

RNa =
cNa − cʹ

Na
cNa

× 100% (2) 

RCl =
cCl − cʹ

Cl
cCl

× 100% (3) 

The samples were ground to < 0.075 mm and stored in sealed con
tainers for later analysis. Na content in char exists in four forms: water- 
soluble Na, hydrochloric acid-soluble Na, acetic acid-soluble Na, and 
insoluble Na (Swaine, 1992). Cl content in char has two forms: 
water-soluble Cl and insoluble Cl. The forms of Na and Cl were analyzed 
using stepwise chemical extraction (Mazurek et al., 2021), where 
different Na forms were quantified by selective solubility in various 
solvents (Xu et al., 2018a). Another 1 g sample was sequentially 
extracted with deionized water, 1 mol L− 1 ammonium acetate, and 1 

Table 1 
Proximate analysis and ultimate analysis of SHE and WS.

Industrial analysis wt.% Elemental analysis wt.% Calorific value (J•g− 1)

Mad Aad Vad FCad Cad Had Nad Sad Oad

SEH 7.91 6.49 33.63 51.97 60.76 2.72 0.64 0.19 21.29 26635
WS 6.22 5.59 34.37 53.87 62.09 2.84 0.62 0.17 22.47 24967

Table 2 
Ash composition of SEH and WS.

Composition SiO2 Al2O3 Fe2O3 CaO MgO K2O Na2O

SEH wt.% 17.18 12.05 12.82 32.16 2.13 0.30 5.60
WS wt.% 28.20 6.95 6.42 40.37 6.80 0.85 2.46

Table 3 
Contents of different forms of Na and Cl in SEH and WS (μg⋅g− 1).

W-Na H-Na A-Na I -Na W-Cl I-Cl

SEH 5614 211 515 1825 6280 280
WS 764 157 455 1694 698 225

Fig. 1. A fluidized bed reactor.
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mol L− 1 HCl, then filtered. Each extract was diluted to 100 mL, and Na 
ion concentration qi (μg•L− 1) in each solution was measured by ion 
chromatography. According to the measured data of Na content cN 
(μg•g− 1) and Cl content cC (μg•g− 1) in coal, this can calculate the con
centrations of water-soluble Na cW (μg•g− 1), ammonium acetate-soluble 
Na (μg•g− 1), and hydrochloric acid-soluble Na cH (μg•g− 1) by Equation 
(4). 

ci =
qiV
mʹ (4) 

cI = cNa −
∑

ci (5) 

In these equations, mʹ (g) represents the mass of coal or char used for 
digestion, and V (L) is the digestion solution volume after dilution, i can 
represent water soluble Na, hydrochloric acid soluble Na, acetic acid 
soluble Na. The insoluble Na cI (μg•g− 1) in the sample was calculated 
from the difference between the content of total Na and other forms, as 
shown in Equation (5).

2.3. Characterization of char

The reactivity of char, which indicates its combustion performance, 
was determined through thermogravimetric analysis in an air atmo
sphere (Xu et al., 2016). In this experiment, a Mettler TGA/DSC 3+
system was used to analyze char reactivity. 10 mg of each sample was 
weighed for measurement. Air with a flow rate of 100 mL min− 1 was 
introduced into the instrument, and the temperature was raised to 
1000 ◦C at a heating rate of 10 ◦C•min− 1. The temperature at which char 
exhibited a 50 % mass loss, recorded as T0.5 (◦C), was determined based 
on experimental data. The reactivity index R of char had been calculated 
according to Equation (6), with a higher R indicating enhanced char 
reactivity. 

R=
1000 − T0.5

1000
(6) 

Raman spectroscopy, sensitive to carbon structural variations, is 
widely applied in coal and char research for structural analysis (Xu et al., 
2020; Quirico et al., 2005). In this study, a Horiba LabRAM HR Evolu
tion Raman spectrometer measured char samples, spanning 500 - 4000 
cm− 1,with a spectral resolution of 1 cm− 1 at a 514 nm wavelength. The 
Raman spectra in the 800 - 1800 cm− 1 region were deconvoluted into 10 
Gaussian peaks using PeakFit V4.12 software (Quyn et al., 2002). Key 
parameters, such as IGr + VL + Vr/ID, IG/ID, IG/Itotal, and IS/IG, were 
calculated. I(Gr + VL + Vr)/ID can reflect the ratio of small aromatic ring 
groups to large aromatic ring groups in char (Xu et al., 2016). IG/ID is 
often used to assess carbon structure ordering and the graphitization 
degree is indicated by IG/Itotal (Li et al., 2006). IS/IG reflects the ratio of 
aliphatic to graphitic structures, with higher values suggesting a greater 
presence of aliphatic structures (Sun et al., 2023).

XRD analysis provides insights into the ordering of carbon atoms in 
coal (Johnson et al., 1986). Using a Rigaku SmartLab SE X-ray diffrac
tometer, char samples were analyzed, with a copper X-ray source (λ = 0. 
15405 nm), 40 kV voltage, 40 mA current, and scan speed of ω =
8◦•min− 1, covering a 10◦–80◦ range. Despite its amorphous nature, coal 
contains ordered carbon that forms microcrystalline structures. Char 
samples displayed diffraction peaks around 26◦ and 42◦, labeled as the 
002 and 100 peaks (Zhang and Wang, 2023). The 002 peak reflects the 
degree of parallel orientation of aromatic structural units. The γ band is 
related to the structure of aliphatic carbon (fat chain and aliphatic ring) 
in the molecule. The lower the degree of deterioration, the more 
developed the aliphatic carbon structure. Conversely, as the degree of 
deterioration increases, the 002 peak gradually narrows and the in
tensity becomes stronger, reflecting that the aromatic layer structure 
gradually becomes regular and orderly (Tay et al., 2013). The 100 peak 
is attributed to the degree of condensation of aromatic rings, that is, the 

size of the aromatic ring carbon network (lamellae) (Li et al., 2006). 
Based on the Scherrer (Xie et al., 2019) and Bragg (Zhang et al., 2017a) 
equations, the microcrystalline dimensions of char were calculated, as 
shown in Equations (7)–(9). 

d002 =
λ

(2 sin θ002)
(7) 

Lc =
K1⋅λ

(β002⋅cos θ002)
(8) 

La =
K2⋅λ

(β100⋅cos θ100)
(9) 

In these equations, d002 is the distance between the aromatic monolayers 
in char, λ (0.15405 nm) is the wavelength of the incident X-ray, θ002 and 
θ100 are the grazing angles. Lc is the stacking height of the microcrystals 
perpendicular to the aromatic lamellae, K1 and K2 are the form factors 
(K1 = 0.89,K2 = 1.84), β002 and β100 are the half-height widths of the 
diffraction peaks, and La is the size of the microcrystals parallel to the 
aromatic layers. The smaller the La and Lc of the char microcrystals, the 
greater the difference between the interlayer spacing d002 and the 
interlayer spacing of the ideal graphite crystal, and the lower the degree 
of ordering of the microcrystal structure of the semi-coke sample. The 
smaller the stacking height La and the size Lc of char crystallite and the 
larger the interlayer distance d002, the lower the degree of ordering of 
the microcrystalline structure of char (Zhang et al., 2019).

BET analysis was conducted to determine specific surface area, pore 
volume, and pore size distribution of char, indicating its physical and 
adsorptive properties. Using a Micromeritics ASAP 2460, samples were 
degassed at 300 ◦C for 7 h before testing to remove adsorbed moisture 
and impurities on the sample surface. N2 adsorption-desorption was 
conducted at 77 K. Char with a larger surface area implies its micropore 
and mesopore structure were well-developed, and it has better reactivity 
and adsorption performance (Occelli et al., 2002). Pore size distribution 
impacts reaction rates and adsorption. Smaller pores enhance adsorp
tion capacity, while larger pores aid in mass transfer (Khayet et al., 
2004).

2.4. Correlation analysis and neural network models

Multiple linear regression analysis (Draper and Smith, 1998) is a 
statistical method used to evaluate the degree of linear correlation be
tween multiple variables and a given outcome, suitable for investigating 
the presence of linear relationships between variables (Peng et al., 
2023). The result of multiple linear regression is represented by the 
correlation coefficient r, calculated by Equation (10) (Pal and Lim, 
1998). The coefficient r ranges between − 1 and +1, with r > 0 indicating 
a positive correlation and r < 0 indicating a negative correlation 
(Nagelkerkea, 1991). 

r=
∑

(X − X)(Y − Y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(X − X)2
√

⋅
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(Y − Y)2
√ (10) 

In this equation, X and Y denote the values of two variables, while X and 
Y are the means of X and Y, respectively. In multiple linear regression 
analysis,the coefficient of determination r2 reflects the explanatory 
power of the model. A value of r2 > 0.70 suggests that the model can 
sufficiently explain the data variation. The Durbin-Watson statistic (DW) 
assesses residual autocorrelation in the regression model; values close to 
2 indicate no significant autocorrelation. The F-value analyzes the 
overall significance of the model, where higher values imply a stronger 
impact of independent variables on the dependent variable. The P-value 
reflects the probability of the results, assisting in hypothesis testing. A P- 
value below 0.05 is considered statistically significant. The data set of 
this correlation analysis comes from the content of different forms of Na 
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and Cl in coal and char measured in experiments. Specific data can be 
found in Supplementary materials-Experimental Results.

Neural networks, based on principles of biomimicry, simulated 
neural connections within the human brain and effectively handle 
complex relationships and extensive datasets (Muravyev et al., 2021). 
The most typical neural network consists of several neuron layers: an 
input layer, multiple hidden layers, and an output layer. Each neuron 
processes the input from the preceding layer by adjusting weights and 
applying activation functions, then sends the output to the next layer. 
Through a large number of training datasets, neural networks continu
ously refine inter-neuron weights, enabling precise predictions of new 
data. In this study, inputs included various Na and Cl forms in coal and 
pyrolysis temperature. This setup allows the neural network to capture 
intricate factors influencing Na and Cl release. The data used for training 
and testing the neural network model come from the experiments and 
measurements conducted in this study. The specific data can be found in 
Supplementary materials-Experimental Results. With the training 
data, the model accurately forecasts Na and Cl release under varied 
conditions. This supports the clean and efficient utilization of 
high-sodium coal in industrial applications.

3. Results and discussion

3.1. Effect of water washing on pyrolysis process

This study initially examined the pyrolysis process differences be
tween SEH and WS for 120 min, followed by a kinetic analysis. 10 mg of 
both SEH and WS samples were individually weighed and subjected to 
non-isothermal thermogravimetric experiment under an N2 atmosphere, 
with heating rates set at 10 ◦C•min− 1, 20 ◦C•min− 1, 30 ◦C•min− 1, and 
40 ◦C•min− 1. Since significant chemical reactions typically do not occur 
below 200 ◦C during pyrolysis, rapid mass loss in this range is primarily 
attributed to moisture evaporation, while the main pyrolysis and 
reduction reactions usually start above 200 ◦C (Lin et al., 2014; Guo 
et al., 2013). In the kinetic analysis, starting at 200 ◦C also helps reduce 
instability in thermogravimetric data caused by lower temperatures, 

ensuring the accuracy of measurements. Therefore, this study selected a 
temperature range of 200–1200 ◦C to comprehensively capture the main 
pyrolysis reactions and calculate corresponding kinetic parameters, 
including activation energy (Ea) and pre-exponential factor (ln A), to 
elucidate the pyrolysis mechanisms of these samples.

From the TG curves in Figs. 2 and 3, it is evident that both SEH and 
WS exhibit smoother weight loss curves at higher heating rates. This can 
be attributed to the limited heat transfer within the coal, resulting in a 
pronounced thermal lag effect (Shuang et al., 2010). Therefore, higher 
temperatures are required to achieve comparable reaction rates during 
pyrolysis at a higher heating rate. Similarly, the DTG curves for both 
SEH and WS shift toward higher temperatures, with peak intensities 
increasing as the heating rate rises. This occurs because higher heating 
rates lead to a shorter time for the sample to reach its decomposition 
temperature range (Zhou et al., 2020), causing concentrated reactions 
that accelerate the breakdown of organic matter and the release of 
volatiles.

The study utilized the FWO method (Patidar et al., 2022) to examine 
the linear relationship between ln β and 1/T for varying conversion 
ratios (β: heating rate, T: temperature at a specific conversion ratio). In 
the low conversion stage, the reaction has not yet fully proceeded and is 
easily affected by experimental conditions and instability in the initial 
stage, resulting in large data deviations. Similarly, at the high conver
sion stage, when the sample is close to complete decomposition and the 
reaction is approaching completion, the influence of residues and the 
occurrence of side reactions may affect the activation energy calculation 
of the reaction. Due to potential data instability in the early and late 
stages, the analysis focused on the conversion range of 0.2–0.8, which 
enhances both model applicability and result reliability. The results 
obtained can be further used to calculate the activation energy Ea and 
pre-exponential factor ln A at different conversion ratios.

Figs. 2 and 3 reveals that the Ea for both SEH and WS decreases with 
increasing conversion ratios, demonstrating a dependency of pyrolysis 
kinetics on conversion. At lower conversion ratios, reactions are domi
nated by stable organic components (Gao et al., 2024), requiring higher 
Ea. As the conversion ratio increases, more easily decomposed 

Fig. 2. Thermogravimetric curves at different heating rates and kinetic parameters of water washed coal pyrolysis.
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components take precedence, reducing the overall Ea. Additionally, in
termediate products or free radicals formed during later stages may 
exert autocatalytic effects (Wu et al., 2023), further lowering Ea.

The Ea and ln A for WS range from 569.10 to 721.35 kJ mol− 1, and 
38.16–64.19 min− 1, respectively, while those for SEH are 
524.90–621.10 kJ mol− 1 and 37.58–56.46 min− 1。The higher Ea for WS 
likely results from the removal of catalytic minerals during washing, 
which otherwise lower Ea and enhance reaction rates of SHE pyrolysis. 
Washing also densifies the coal structure (Wang et al., 2016), increasing 
stability and reaction difficulty. The higher ln A for WS suggests a 
greater decomposition probability, allowing more rapid reactions once 
Ea is achieved. This implies that the removal of minerals facilitates 
intense decomposition reactions at high temperatures. This may be 
because the removal of minerals can make the pyrolysis of WS less 
hindered, resulting in a more intense decomposition reaction at high 
temperature, ultimately making the WS decompose faster under the 
same conditions. These differences indicate that alkali metals and 
minerals significantly influence coal pyrolysis, with SEH and WS 
potentially following distinct reaction pathways.

Tang et al. (2017) found that Na can accelerate the release of vola
tiles by catalyzing the cleavage of bridge bonds and inhibiting the 
condensation of aromatic rings at high temperatures. Zhang et al. 
(2022a) found that Na can promote the cleavage of fatty side chains 
(-CH2-) and the removal of hydroxyl groups (-OH). As the Na content 
increases, the char yield continues to decrease. Xu et al. (2018b) also 
found that W-Na will insert into the aromatic ring layer to inhibit 
graphitization and increase the pyrolysis reaction rate. The previous 
research conclusions are consistent with the phenomena shown in this 
thermogravimetric experiment. Na in coal will have a great influence on 
the pyrolysis process and the release of volatiles.

3.2. Effect of water washing on Na/Cl forms and pyrolysis products

This study investigated the influence of washing time on the contents 
of various forms of Na and Cl in SEH, determining how different forms 
were impacted by washing. The pyrolysis of WS in a fluidized bed was 

followed by product analysis to assess differences due to varying Na and 
Cl contents.

Fig. 4 (a) and (b) show that SEH has high levels of W-Na and I-Na, 
with W-Na constituting 68.75 % and I-Na 22.35 %. Washing primarily 
removes W-Na and some H-Na, while A-Na and I-Na forms are minimally 
affected. After 120 min of washing, W-Na decreased from 5614 μg g− 1 to 
764 μg g− 1, whereas I-Na content only reduced from 1825 μg g− 1 to 
1694 μg g− 1. This difference is attributed to W-Na existing as salts that 
dissolve readily in water, while insoluble forms are bound tightly to 
minerals in coal (Wang et al., 2015b; He et al., 2023b). Water has limited 
solubility and can only effectively remove those sodium ions that form 
weak bonds with inorganic minerals in coal, while insoluble sodium 
usually requires strong acids or higher temperatures to release (Chen 
et al., 2020; Wei et al., 2019). The contents of hydrochloric acid-soluble 
and acetic acid-soluble sodium decreased by 25.45 % and 11.73 %, 
respectively. This is because hydrochloric acid-soluble and acetic 
acid-soluble sodium are usually more tightly bound to minerals and 
organic matter, have stronger chemical bonds, and need to be released 
under acidic conditions (Guo et al., 2023; Chen et al., 2024). It is worth 
noting that the content of A-Na in coal increases after 120 min of water 
washing. This may be due to the existence of multiple chemical reaction 
balances during the water washing process. Originally, there were some 
weak acid salt balances related to Na in the coal. As the water washing 
time increased, the concentrations of hydrogen and hydroxide ions in 
the system changed, breaking the balance of these weak acid salts. The 
changes in these ion concentrations will affect the competition of acetate 
ions and other acid ions for Na, which is beneficial for acetate to bind to 
Na, thus leading to an increase in the content of A-Na. Moreover, as the 
water washing time increases, some complex minerals such as alumi
nosilicates will further dissolve in the water, and the internal Na ele
ments will be released, thereby producing more Na sources that can 
react with acetate ions, which increases the content of A-Na.

The changes in the content of Cl in different forms in coal are similar 
to those of Na. In SEH, the content of W-Cl accounts for an extremely 
high proportion, reaching 95.73 %. W-Cl usually exists in the form of 
simple inorganic salts, such as sodium chloride or potassium chloride. 

Fig. 3. Thermogravimetric curves at different heating rates and kinetic parameters of raw coal pyrolysis.
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These salts are loosely bound in coal and are easily dissolved in water 
and removed. I-Cl accounts for only 4.27 % of the total Cl content. I-Cl is 
often tightly combined with organic matter or minerals in coal, forming 
a complex chemical structure. Water washing is difficult to destroy the 
chemical bonds of I-Cl in coal. After 120 min of washing, W-Cl decreased 
from 6280 μg g− 1 to 698 μg g− 1, while the content of I-Cl only decreased 
from 280 μg g− 1 to 225 μg g− 1.

Therefore, water washing has a great influence on coal quality. 

Analyzed in combination with Table 1 and Fig. 4, water washing can 
reduce the ash content (from 6.49 % to 5.59 %). The volatile matter and 
fixed carbon remain relatively unchanged, which retains the organic 
matrix to a large extent. The char produced by water-washed coal has a 
higher ash melting characteristic temperature, which is conducive to the 
stable operation of high-sodium low-rank coal in the fluidized bed. 
Water washing also significantly reduces the content of W-Na and W-Cl, 
greatly reducing the corrosive substances released during pyrolysis, 

Fig. 4. Characteristics of pyrolysis products produced from coal with different water washing times.
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which is conducive to improving the safety and economy of high-sodium 
coal in the industrial utilization process. The changes in these charac
teristics provide an important basis for the subsequent discussion of the 
impact of water washing on pyrolysis products.

Compared with previous studies, Ma et al. (2022) found that the 
content of W-Cl in coal was significantly reduced after water washing, 
and the content of Cl in the filtrate was much greater than that of Na. 
This shows that water washing has a greater impact on Cl than Na. Jiang 
et al. (2019) found that water washing can significantly reduce the 
content of W-Na, while I-Na is relatively stable and its content changes 
little. The conclusions of this study are consistent with the above studies. 
This shows that water washing can significantly affect the content of 
W-Na and W-Cl, among which W-Cl is more easily washed out.

Fig. 4 (c) illustrates that the char yield increases with extended water 
washing time at any pyrolysis temperature, and the increase is more 
obvious at low temperature. This phenomenon is mainly due to the 
removal of catalytic alkali metals by water washing. The higher W-Na 
content (such as NaCl) in unwashed coal can catalyze the decomposition 
of organic matter and accelerate the release of volatiles (Liu et al., 
2025), while such active sites are reduced after water washing, resulting 
in more organic matter being retained. These observations align with the 
findings of the thermogravimetric experiments. At higher pyrolysis 
temperatures, the pyrolysis process is less sensitive to catalysis. At 
500 ◦C, the char yield of SEH is 70.48 %, while that of WS washed for 
120 min rises to 75.96 %, with an increase of 5.48 %. At 700 ◦C, the char 
yield of SEH is 59.48 %, while that of WS washed for 120 min rises to 
64.75 %, with an increase of 5.27 %. At 900 ◦C, the char yield of SEH is 
57.66 %, compared to 59.99 % for WS coal washed for the same dura
tion, with an increase only of 2.33 %. This phenomenon reflects that the 
catalytic effect weakens at high temperatures and the pyrolysis is 
dominated by temperature. In addition, the Cl removed during the water 
washing process will also weaken the destructive effect of Cl on the coal 
structure, thereby retaining more solid products. These results show that 
water washing can increase the char yield, especially in 
low-temperature pyrolysis.

It is worth noting that although the experimental results show a 
general trend that the longer the water washing time, the higher the char 
yield. However, the char yield does not necessarily increase with the 
extension of the water washing time. For example, when the washing 
time increases from 60 min to 90 min, the char yield at 500 ◦C decreases 
slightly. During the long washing process, light organic compounds and 
low molecular weight substances are leached. These substances would 
originally promote the formation of char during pyrolysis. In addition, 
excessive removal of minerals that may contribute to structural stability 
may also reduce the char yield. Therefore, this phenomenon shows that 
there is an optimal water washing time. Beyond this time, the benefits of 
further washing away Na may be offset by these losses. Moreover, since 
water washing does not have a significant effect on pyrolysis like tem
perature. It can also be seen from Fig. 4 (c) that the increase in char yield 
caused by the extension of water washing time does not exceed 5 %. 
Therefore, the possible errors will cause individual samples to not 
necessarily show an upward trend. This phenomenon reflects the com
plex correlation between the water washing process and coal pyrolysis 
behavior. Moreover, the char yield of the coal washed for 30 min at 
900 ◦C is lower than that of the unwashed coal. This may be because 
water washing does not significantly affect the char yield. There are 
certain errors in both measurement and experiment. Therefore, we 
chose to conduct three parallel experiments and take the average value 
to determine the results. The yields under the two conditions are close, 
and in general, the change trend of the char yield at 900 ◦C is consistent 
with the change trend at 500 ◦C and 700 ◦C.

Fig. 4 (d) further demonstrates that water washing raises the ash 
melting point of coal. This indicates that water washing effectively 
removes low-melting-point inorganic compounds, such as water-soluble 
Na and Cl. By improving the ash melting properties, water washing re
duces slagging risks, enhancing the coal’s suitability for use in fluidized 

bed reactors. The reactivity of char produced from WS coal consistently 
decreases with prolonged water washing, as shown in Fig. 4 (f), 
regardless of the pyrolysis temperature. At a pyrolysis temperature of 
500 ◦C, the reactivity index of char from SEH is 0.56987, whereas that of 
char from WS washed for 120 min is 0.56291. Similarly, at 900 ◦C, the 
reactivity index of char from SEH is 0.52254, compared to 0.50128 for 
char from WS washed for the same duration. The reactivity of char 
pyrolysis from water-washed coal is significantly lower than that of 
unwashed coal, especially at high temperature. This phenomenon is 
closely related to the removal of alkali metals and minerals and changes 
in coal quality. With the removal of catalytic alkali metals (such as Fe 
and Na), the pyrolysis process tends to form a more ordered carbon 
structure. Moreover, the removal of minerals destroys the original pore 
network, and the phenomenon of mineral-induced microfragmentation 
is also reduced. Therefore, the char is more ordered and graphitized. At 
higher temperatures, graphitization leads to pore closure. O2 molecules 
are difficult to embed between graphite layers, and the contact area with 
char on the surface is also smaller. Therefore, char pyrolysis from water- 
washed coal has lower reactivity.

Fig. 4 (g) and (h) show the release of Na and Cl during the pyrolysis 
of coal subjected to different water washing times. At 500 ◦C, the Cl 
release from SEH reached 5163 μg g− 1, increasing to 5616 μg g− 1 at 
700 ◦C and 5934 μg g− 1 at 900 ◦C. This demonstrates a clear trend of 
increasing chlorine release with rising pyrolysis temperatures, with the 
release ratio increasing from 78.71 % at 500 ◦C to 90.46 % at 900 ◦C. 
Extending water washing time significantly reduced Cl release under 
identical conditions, primarily due to the removal of W-Cl. For WS 
washed for 120 min and pyrolyzed at 700 ◦C, chlorine release decreased 
to 608 μg g− 1, representing a reduction of 5009 μg g− 1, compared to 
SHE. When the washing time was extended from 30 min to 120 min, the 
Cl release decreased by 185 μg g− 1 at 900 ◦C and by 312 μg g− 1 at 
500 ◦C. I-Cl combined with organic chlorine or minerals has better 
thermal stability at lower pyrolysis temperatures and will not volatilize 
easily. Since the release of Cl is less affected by the conversion rela
tionship between different forms of Cl at higher temperatures, it is more 
controlled by temperature. Some W-Cl recombined with inorganic 
components to form non-volatile chlorides will begin to decompose at 
higher temperatures, further increasing the Cl release. Therefore, at 
900 ◦C, the decrease in Cl release is relatively smaller with the extension 
of washing time.

A similar trend was observed for Na release. At 500 ◦C, the Na release 
from SEH was 438 μg g− 1, which dropped to 115 μg g− 1 for WS washed 
for 120 min. This reduction is attributed to the removal of W-Na, which 
is readily released during pyrolysis. At 900 ◦C, sodium release from SEH 
was 1521 μg g− 1, while WS washed for 120 min reduced this to 269 μg 
g− 1. These findings indicate that water washing effectively minimizes 
the release of Na and Cl during pyrolysis, mitigating contamination and 
corrosion issues during the high-temperature utilization of high-sodium 
coal.

Although washing is expected to reduce the total release by 
removing soluble salts, a more detailed comparison reveals temperature- 
specific behavior. At low temperature (500 ◦C), the Na release is 
significantly reduced due to the efficient removal of W-Na, which is 
consistent with the report of Xu et al. (2018a) that “W-Na is the main 
source of low-temperature release”. At medium temperature (700 ◦C), 
the decomposition of H-Na and A-Na leads to a small increase in release, 
but the increase in washed coal is lower than that of unwashed coal due 
to the densification of the residual structure, which is consistent with the 
conclusion of Chen et al. (2020) that “medium-temperature release is 
controlled by the content of decomposable Na forms”. At high temper
ature (900 ◦C), mineral melting in SEH promotes a large release of Na 
and Cl, while the release of washed coal is smaller due to the lattice 
stability of I-Na, which is consistent with the finding of Wang et al. 
(2015b) that “High-melting-point Na compounds are released at higher 
temperatures”. It is noteworthy that Cl release tends to be flat at high 
temperatures, because the W-Cl remaining after water washing has been 
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almost completely removed, while the chemical stability of I-Cl inhibits 
further release. These results show that water washing pretreatment has 
a differential regulatory effect on the release of Na and Cl at different 
temperatures. The change of residual Na and Cl forms is still the key 
factor in their final release behavior.

In Fig. 4 (g), the amount of Na released during the pyrolysis of coal 
washed for 60 min and 90 min at 700 ◦C and 900 ◦C is relatively close. 
This may be because the intensity of the pyrolysis reaction itself at 
higher temperatures masks the effect of slight differences in coal sam
ples on Na release. The higher the temperature, the greater the decrease 
in the amount of Na released with the increase in water washing time. In 
addition, since a large amount of W-Na is washed away, the Na release 
may have been reduced to a certain lower level. Meanwhile, the amount 
of I-Na removed during the water washing process is less and relatively 
stable at higher pyrolysis temperatures. Therefore, this phenomenon 
occurs at 700 ◦C and 900 ◦C.

3.3. Effect of water washing on char characteristics

Char produced from pyrolysis of different coal sample was analyzed 
using Raman and XRD techniques, with results shown in Fig. 5. With 
increasing washing time across various pyrolysis temperatures, the ra
tios of I(Gr + VL + Vr)/ID, IG/ID, IG/Itotal, and IS/IG in char exhibit consistent 
trends. These changes may arise from variations in Na and Cl content 
and from the impact of water washing on coal properties.

The increase in I(Gr + VL + Vr)/ID with washing time indicates reduced 
structural disorder in char derived from washed coal samples. This is 
primarily due to the removal of water-soluble Na and Cl, which disrupt 
the carbon structure during pyrolysis, introducing disorder (Zhang et al., 
2022a). The removal of Na and Cl impurities during washing allows for 
easier rearrangement of carbon atoms during pyrolysis, thereby 
enhancing the structural ordering and reducing carbon defects. 
Furthermore, moisture variations influence the aromatic structure in 
char (Butuzova et al., 1998). Table 1 shows that washing reduces the 
moisture content of coal. This phenomenon accounts for the lower 
reactivity of char from pyrolysis of WS compared to SEH under identical 
conditions.

The IG/ID also increases with washing time, suggesting a rise in the 
content of ordered carbon and a greater degree of graphitization in the 
char. During the washing process, water molecules may interact with 
active sites on char surfaces, hydrolyzing or restructuring functional 
groups like hydroxyl and carboxyl groups (Zhao et al., 2024). Conse
quently, the carbon structure of char produced by WS pyrolysis tends to 
form orderly aromatic layers, as the well-rearranged carbon layers 
contribute to reduced disordered structures.

The slight increase of IG/Itotal indicates an increase in the proportion 
of graphite-like structures within char. Additionally, washing removes 
certain internal moisture, reducing the likelihood of small-molecule side 
reactions during pyrolysis. The presence of water typically promotes 
these side reactions at high temperatures, introducing more defect 
structures (Hosokai et al., 2016; Wang et al., 2024a). By altering factors 
that affect graphite formation in the carbon structure, washing enhances 
the stability and graphitization of the char produced post-pyrolysis.

The IS/IG decreases with extended washing, likely because water 
facilitates conformational adjustments and chain rearrangement of 
carbon structures. The aliphatic structures present within the pores of 
coal are likely to undergo redistribution during water washing (Meng 
et al., 2023). The aliphatic carbon that was initially randomly dispersed 
within the pores may relocate either outside the pores or to more stable 
positions under the combined influence of the water washing force and 
the interaction between water and carbon. During this process, the 
stacking pattern of the aliphatic structure is subject to alteration, giving 
rise to the formation of more ordered aromatic structures and resulting 
in a decrease of IS/IG.

As shown in Fig. 5, XRD analysis of char indicates that d002 decreases 
with rising temperature, indicating a reduction in carbon interlayer 

spacing. At higher temperatures, volatiles and other impurities are 
gradually released (Zhang et al., 2022b). Char can more easily obtain 
energy to overcome the interaction forces between molecules, making 
the arrangement of the carbon layer more orderly. This leads to denser 
stacking, reduced interlayer spacing, and increased char density. As the 
pyrolysis temperature increased, the value of Lc, which represents the 
stacking height of carbon microcrystals, gradually decreased. This 
reduction can be attributed to structural reorganization and 
bond-breaking reactions within the coal matrix. At elevated tempera
tures, weaker bonds, such as C-C bonds or those near heteroatoms like 
oxygen and nitrogen, become more susceptible to cleavage due to 
thermal energy (Nagaraja et al., 2021; Hao et al., 2025). This cracking 
may cause the carbon layers originally stacked along the c-axis to be 
partially destroyed, thereby reducing the height of the graphite crys
tallites. Conversely, La increases with increasing temperature. Higher 
pyrolysis temperature promotes the carbonization reaction, resulting in 
the gradual removal of disordered structures (such as heteroatoms and 
defects) in the char and the formation of a more regular graphitized 
structure (Li et al., 2017a). Meanwhile, more violent chemical reactions 
and structural rearrangements at high temperatures will cause the co
valent bonds between carbon atoms to reform, thereby forming larger 
aromatic hydrocarbon structures. This structural reorganization helps 
the carbon layer to extend laterally.

Fig. 5 also illustrates that d002 decreases at all temperatures with 
longer washing times. Washing removes minerals and inorganic impu
rities that otherwise separate carbon layers, thus reducing interlayer 
spacing during pyrolysis. Additionally, hydrolysis and dissolution of 
functional groups on the coal surface lower electrostatic repulsion be
tween carbon layers, further contributing to the reduction in d002. The 
removal of minerals served as active centers during pyrolysis, such as 
iron and calcium, may restrict microcrystal growth, leading to a 
decrease in Lc (Yao et al., 2024; Ding and Zhang, 2017). Prolonged 
washing may also damage the initial structure of coal, breaking 
macromolecular bonds and further limiting microcrystal formation. An 
increase in pyrolysis temperature also leads to a reduction in the La 
value. This phenomenon arises from similar mechanisms that influence 
Lc. During water washing and subsequent pyrolysis, the originally stable 
microcrystalline structure undergoes reorganization. The formation of a 
new structure constrains the lateral growth of microcrystals, thereby 
reducing La. The findings from the XRD analysis of char align with the 
previously discussed reactivity trends. As the temperature increases and 
washing time extends, the internal structural order of char improves, 
thereby reducing its reactivity.

Fig. 6 presents the FTIR spectra of char obtained from pyrolysis of WS 
with different washing times across varying pyrolysis temperatures. 
According to the Beer-Lambert law (Zhang et al., 2017b; Lin and Ritz, 
1993), the intensity or area of absorption peaks in FTIR spectra is 
directly proportional to the concentration of specific components within 
the sample. Based on Li et al. (2019), the bands between 3600 and 3000 
cm− 1 are primarily attributed to the stretching vibrations of hydroxyl 
(-OH) groups, while the 1800-1300 cm− 1 region corresponds to 
oxygen-containing functional groups such as carboxyl (-COOH) and 
carbonyl (C=O). The 1300-1000 cm− 1 range represents the absorption 
peaks of ether (both aliphatic C-O-C and aromatic R-O-R), and the 
900-700 cm− 1 range is mainly associated with aromatic C-H groups.

As shown in Fig. 6, increasing the pyrolysis temperature from 500 ◦C 
to 900 ◦C led to a continuous decrease in the intensity of characteristic 
peaks within the 1800-700 cm− 1 region. This decline is due to enhanced 
structural rearrangement and aromatization at higher temperatures, as 
the carbon matrix transitions to a more stable aromatic structure. 
Consequently, non-aromatic functional groups such as -COC-, -COOH, 
and C=O are broken down, releasing volatile compounds such as CO、 
CO2. The high intensity of the -OH absorption band in the 3600-3000 
cm− 1 region suggests that hydroxyl groups, which possess high bond 
energies, remain largely intact at low pyrolysis temperatures (Wang 
et al., 2024b). As the temperature increases, the intensity of this peak 
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Fig. 5. Microstructural characteristics of char produced from coal with different water washing times.
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first rises slightly, then decreases. This initial increase may result from 
the decomposition of water and certain oxygen-containing groups (such 
as -COOH) that generate -OH. At higher temperatures, even stable bonds 
like ether linkages (-COC-) begin to break, forming additional -OH 
groups. However, further temperature increases promote poly
condensation and -OH decomposition, reducing the -OH peak intensity.

Washing coal reduces soluble oxygen-containing groups, such as 
-COOH and -OH, as these hydrophilic groups can be easily dissolved and 
removed (Ju et al., 2022). Prolonged washing further diminishes the 
presence of these groups. Additionally, washing removes volatile com
ponents, minerals, and catalytic substances. This will result in a more 
stable structure of the char produced by pyrolysis and reduce the 
number of active functional groups in the char after pyrolysis. Therefore, 
the FTIR spectra of char produced by WS with extended washing exhibit 
weaker characteristic peaks.

Fig. 7 displays the adsorption-desorption curves and pore size dis
tributions of chars prepared under different conditions. As pyrolysis 
temperature rises, the adsorption capacity (P/P0) of chars produced by 
both SEH and WS increases. At low pressures, the adsorption and 
desorption curves do not coincide but overlap at higher pressures, 
forming a hysteresis loop. Based on the classification of the adsorption- 
desorption curves (Sing et al., 1985), the isotherms follow a type II 
adsorption behavior, indicating a complex pore structure in the char. As 
pressure increases in the initial range (P/P0 = 0–0.8), adsorption rises 
gradually with a convex manner of curve, suggesting that gas fills 
mesopores progressively. However, due to the limited presence of 
macropores, the increase remains gradual. At higher pressures (P/P0 =

0.8–1.0), a sharp rise in adsorption is observed, indicative of capillary 
condensation within macropores (Gregg and Sing, 1982), as gas mole
cules fill larger pores.

Fig. 6. The fitted curve of FTIR spectrum for char produced by SEH with different wash time at different temperature.

Fig. 7. Adsorption-desorption curves and pore distribution of char prepared under different conditions.
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The pore size distribution changed significantly with temperature. At 
500 ◦C, pore sizes are concentrated in a narrow range with low peak 
values due to limited decomposition and volatile release (Zhang et al., 
2022b). At 700 ◦C, higher temperatures accelerate organic decomposi
tion, with more volatiles escaping and leaving more and larger pores (Ju 
et al., 2022). Consequently, the curve peak of pore size distribution rises, 
and the quantity of macropores and mesopores increases. At 900 ◦C, the 
macromolecular structure in coal is more thoroughly decomposed. High 
temperature promotes the expansion of pores and the interconnection of 
micro-channels (Meng et al., 2023), leading to the generation of more 
macropores. For chars produced by WS, similar temperature-driven 
changes in pore distribution occur, as shown in Table 4, where higher 
temperatures facilitate the formation of additional pore structures, 
especially micropores and mesopores, thereby increasing specific sur
face area.

Comparing adsorption-desorption curves, chars from WS exhibit 
lower adsorption capacity than those from SEH under the same condi
tions. This may result from mineral decomposition or phase changes in 
SEH during pyrolysis, which can generate or enlarge pores (Zhang et al., 
2022b). Washing removes such minerals, resulting in less new pores 
post-pyrolysis and lower adsorption capacity. Additionally, washing 
eliminates the alkali metals that enhance chemical activity on char 
surfaces during pyrolysis, further lowering adsorption for chars from 
WS. This is confirmed in Table 4, which shows that chars from WS 
possess smaller specific surface areas. Specific surface area is a key factor 
influencing adsorption. Lower surface area typically corresponds to 
lower adsorption capacity (Gritti and Guiochon, 2007).

Fig. 7 and Table 4 also illustrate that, at identical pyrolysis temper
atures, chars from WS exhibit distinct pore characteristics compared to 
those from SEH. The pore size distribution in WS char is narrower, and 
the increase in mesopores and macropores at 700 ◦C and 900 ◦C is 
smaller compared to SHE char. This difference likely stems from the 
removal of minerals and alkali metals during washing, which alters 
surface chemistry and initial structure, potentially stabilizing the 
organic matrix and reducing microstructural rearrangement and frac
ture during pyrolysis. Consequently, the formation of large pores is 
limited, and pore expansion is constrained.

In addition to the influence of changes in minerals and coal quality 
after water washing on the char structure, the initial Na and Cl content 
in the coal may also have an effect on the char structure. Na and Cl in 
coal can increase the reactive sites through the mechanisms of sodium 
catalyzed oxygen transfer (Han et al., 2022) and chlorine activated free 
radicals (Ma et al., 2025). Na and Cl, especially in the form of salts, may 
contribute to the formation of pores during devolatilization and 
high-temperature volatilization. Compared with SEH, the pore-forming 
ability of Na and Cl can only be compensated by the decomposition of 
organic matter and the interconnection of macropores due to the 
absence of minerals (Li et al., 2017b) during WS pyrolysis. Therefore, 
the pore development of char produced by SEH pyrolysis is better than 
WS.

Compared with previous studies, Wei et al. (2022) through FTIR 
analysis found that more aromatic functional groups were produced 
after water washing, and the aromatization effect was enhanced. 

Therefore, this is consistent with the conclusion of this study that the 
content of -OH and -COOH groups in char is reduced. Bao et al. (2023)
found that pyrolysis temperature has a strong control effect on the 
structure of char, and a higher alkali metal content will destroy the 
carbon structure, thereby increasing the char reactivity. This conclusion 
can well support the conclusions of this study. After water washing to 
remove alkali metals, the catalytic effect of Na is weakened, and the char 
tends to be more graphitized and ordered. Barszcz et al. (2024) found 
that pyrolysis temperature can significantly change the char structure. 
They also found that the melting and recrystallization of alkali metal 
halides at high temperatures will lead to the formation of different 
crystal structures in char, resulting in more micropores and increasing 
the specific surface area of char. This is consistent with the conclusion of 
this study that the pores and specific surface area of char produced after 
washing are reduced.

The mechanism diagram of the effects of water washing and Na 
content on the characteristics of pyrolysis products is shown in Fig. 8.

3.4. Related factors and prediction of Na and Cl release

3.4.1. Correlation analysis and data sources
Previous research has shown that the release of Na and Cl during the 

pyrolysis of high-sodium coal is correlated with their different forms 
(Liu et al., 2018c; Yang et al., 2018; Guo et al., 2017b). The content of 
W-Na, hydrochloric acid-soluble sodium, acetic acid-soluble sodium, 
insoluble sodium, W-Cl, and insoluble chlorine each has an impact on 
the release of Na and Cl during pyrolysis. Additionally, as indicated by 
the above analysis, changes in pyrolysis temperature also significantly 
affect Na and Cl release (Wang et al., 2015b). This study employed 
correlation analysis to assess the relationships and correlation strength 
between the Na and Cl release and the seven aforementioned variables 
during pyrolysis. To enhance accuracy, the study conducted extensive 
experiments, measuring the content of various Na and Cl forms in coal 
samples washed at intervals of 10 min for a total of 0–120 min. Each 
sample was pyrolyzed at different temperatures, and the release ratios of 
Na and Cl were measured. Experimental data are summarized in Sup
plementary materials - Experimental Results.

In this study, multiple linear regression was used as a preliminary 
exploratory tool to identify and quantify the effects of different forms of 
Na and Cl on their release during pyrolysis. Although the effects of py
rolysis may be nonlinear in nature, linear regression provides an intui
tive way to explain the significance, directionality, and correlation 
strength of variables. These results are not used for final predictions. 
Before constructing the nonlinear neural network prediction model 
introduced later in this article, the conclusions of multiple linear 
regression are mainly to understand the key characteristics and influ
ence trends. For the actual research purpose, the multiple linear 
regression model is relatively simple and intuitive. In addition, by 
calculating indicators such as correlation coefficient, determination 
coefficient, and Durbin-Watson statistic, the goodness of fit and reli
ability of the results can be effectively evaluated. If nonlinear regression 
is used, under the sample data volume of this study, overfitting may 
occur, which will reduce the predictive ability and generalization of the 
model. Therefore, after comprehensive consideration, this study chose 
multiple linear regression as the analysis method.

3.4.2. Multivariate regression analysis
Multivariate regression analysis was applied to these results, sum

marized in Tables 5 and 6. In Table 5, linear correlation coefficients 
between Na release and other factors shift with temperature. This in
dicates that the pyrolysis temperature has an important influence on the 
release of Na. P-values below 0.05 indicate that selected variables have a 
statistically significant impact on Na release. Durbin-Watson values 
around 2 across temperatures suggest no significant residual autocor
relation, with evenly distributed residuals and strong model fit (Durbin 
and Watson, 1992). A potential limitation of regression analysis is the 

Table 4 
Surface properties of chars prepared under different conditions.

Temperature 
(◦C)

Wash 
time 
(min)

Specific 
surface 
area (m2/ 
g)

Micropore 
specific 
surface area 
(m2/g)

Total 
pore 
volume 
(cm3/g)

Micropore 
volume 
(cm3/g)

500 0 3.1275 2.1085 0.0076 0.0008
500 120 2.7046 1.7308 0.0068 0.0007
700 0 110.3015 109.4954 0.0506 0.0483
700 120 91.0757 80.8799 0.0446 0.0323
900 0 230.4757 222.4439 0.1136 0.1040
900 120 165.3872 150.3956 0.0970 0.0718
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multicollinearity between predictor variables. Since different forms of 
Na and Cl originate from the same coal sample and may be inter
converted during pyrolysis, they may be correlated to some extent. 
Although the regression model showed a good overall fit (high r2 and 
low P value), the presence of multicollinearity may affect the inter
pretability of the effects of individual predictors. In order to quantita
tively assess the potential multicollinearity between the predictor 
variables used in the regression model, the variance inflation factor 
(VIF) of each input variable was calculated and summarized in Table 7. 
Generally, VIF values less than 10 indicate that the model is well 

constructed and less affected by multicollinearity. The results show that 
all VIF values are less than 10, which indicates that although there is a 
certain correlation between different forms of Na and Cl, there is no 
serious multicollinearity among all variables. Therefore, the regression 
model constructed in this study and the conclusions obtained are sta
tistically reliable.

The high r2-values also reveal a strong correlation between Na 
release and Na, Cl forms. At 500 ◦C, the F-value is 4.721, with a P-value 
of 0.034. When the pyrolysis temperature increases to 700 ◦C, the F- 
value rises to 5.980, and the P-value decreases to 0.023. This indicates 
that at lower temperatures, the release of Na is limited, and the influence 
of the variables is not fully manifested, resulting in a less significant 
model fit. As the temperature increases, the significance level of the 
model improves. At 900 ◦C, the F-value further increases to 6.706, while 
the P-value decreases to 0.014. At this temperature, most Na and Cl 
components have been released and decomposed, strengthening the 
correlation between their release and the influencing variables, thereby 
enhancing fitting effect of the model.

The standardized coefficients from regression analysis show that W- 
Na has the strongest positive correlation with Na release at pyrolysis 
temperatures of 500 ◦C, 700 ◦C, and 900 ◦C, especially pronounced at 
higher temperatures. This finding aligns with previous results indicating 
that W-Na is the primary contributor to Na release during pyrolysis (Li 
et al., 2017b). The standardized coefficient for insoluble sodium is 
negative across all pyrolysis temperatures. Existing studies suggest that 
W-Na reacts with mineral components in coal at high temperatures, 
transforming into insoluble sodium (Zhang et al., 2020; Tian et al., 
2025), which means that insoluble sodium undergoes limited volatili
zation or transformation at high temperatures. Additionally, insoluble 
sodium will form local deposits in the pores or on the surface of coal at 
high temperature, which will block the diffusion channels and hinder 
the release of sodium. The influence of water-soluble and insoluble 
chlorine on Na release varies with temperature. Compared to insoluble 
chlorine, W-Cl has a greater effect on Na release, likely due to chlorine 
adsorption and deposition on coal pores (Ge et al., 2019), which 

Fig. 8. Mechanism diagram of the effects of water washing and Na content on the characteristics of pyrolysis products.

Table 5 
Multiple linear regression analysis characteristic parameters of Na release.

Pyrolysis 
temperature

Characteristic parameters

​ Model Summary
​ r r2 degree of 

freedom
Durbin- 
Watson

F P

500 ◦C 0.908 0.825 6 2.193 4.721 0.040
700 ◦C 0.926 0.713 6 2.207 5.980 0.023
900 ◦C 0.963 0.855 6 1.964 12.794 0.003
​ Standardized coefficient

W-Na H-Na C-Na I-Na W-Cl I-Cl
500 ◦C 1.060 0.262 0.023 − 0.199 − 0.551 0.219
700 ◦C 1.606 0.128 − 0.206 − 0.068 − 0.761 − 0.077
900 ◦C 1.493 0.199 − 0.089 − 0.522 − 0.606 0.236

Table 6 
Multiple linear regression analysis characteristic parameters of Cl release.

Pyrolysis 
temperature

Characteristic parameters

​ Model Summary
​ r r2 degree of 

freedom
Durbin- 
Watson

F P

500 ◦C 0.999 0.998 6 1.978 1315.005 0.001
700 ◦C 0.999 0.996 6 2.030 559.376 0.001
900 ◦C 0.999 0.999 6 2.229 1490.886 0.001
​ Standardized coefficient

W-Na H-Na C-Na I-Na W-Cl I-Cl
500 ◦C 0.153 0.011 − 0.020 − 0.016 0.891 − 0.013
700 ◦C 0.097 0.016 − 0.012 0.033 0.946 − 0.073
900 ◦C 0.058 0.022 − 0.016 − 0.041 0.976 − 0.022

Table 7 
VIF values of different Na and Cl forms in regression analysis.

W-Na H-Na C-Na I-Na W-Cl I-Cl

VIF values 6.490 2.157 1.801 3.250 6.812 3.331
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obstructs Na diffusion channels or interacts with Na during diffusion, 
slowing Na release. The presence of W-Cl may also alter the bonding 
state of Na within the coal structure by interacting electrostatically or 
chemically with nearby atoms or functional groups (Zhang et al., 2021), 
stabilizing Na in localized regions of the coal.

Table 6 further indicates a high degree of linear correlation between 
Cl release and selected variables, regardless of pyrolysis temperature, 
with r2-values of 0.998 at 500 ◦C, 0.997 at 700 ◦C, and 0.999 at 900 ◦C. 
The high r2-value shows an excellent model fit. Durbin-Watson values are 
1.978 at 500 ◦C, 2.030 at 700 ◦C, and 2.229 at 900 ◦C, all close to 2. This 
shows that the residual sequence of the regression model has no sig
nificant autocorrelation and the model fits well. The consistently low P- 
values across temperatures indicate that the overall model is statistically 
significant. The higher F-value at 500 ◦C may be attributed to the sig
nificant impact of both water-soluble and insoluble chlorine on Cl 
release, increasing the explanatory power of the regression model. As 
temperature increases to 700 ◦C, the F-value declines slightly, which 
may be due to the polycondensation reactions during pyrolysis. The 
polycondensation reactions that occur during coal pyrolysis at 700 ◦C 
(Wang et al., 2020; Jüntgen, 1984) may affect the release of different 
forms of Na and Cl. At this temperature, most W-Cl has been fully 
released, while insoluble chlorine has yet to completely decompose, 
creating more complex interdependencies between factors and reducing 
overall explanatory power of the model. At 900 ◦C, Na and Cl release 
from all forms and pyrolysis reactions reach completion. Consequently, 
the variables affecting Cl release exhibit their strongest influence, as 
reflected by the higher F-value.

It is worth noting that in Table 5, the standardized regression co
efficients of C-Na and I-Cl that affect Na release have different directions 
of action at different pyrolysis temperatures. At low temperatures, the 
complex structure formed by some C-Na and organic matter or weakly 
polar minerals is in a relatively loose binding state. Therefore, C-Na can 
be used as a potential source of Na release, and its regression coefficient 
is positive. As the temperature increases, the pyrolysis reaction becomes 
more intense, the reaction and structural reconstruction between min
erals intensify, and the C-Na is more likely to undergo mineralization 
reactions with elements such as Al and Si in char and be converted into 
non-volatile mineral-bound Na. Therefore, the presence of C-Na at high 
temperatures actually reduces the amount of Na released, and its 
regression coefficient is negative. For I-Cl, at lower pyrolysis tempera
tures, the weaker organic chlorine bonds in the structure have begun to 
crack, and combined with Na to escape the reaction system, promoting 
the Na release. At 700 ◦C, the pyrolysis process enters the active stage of 
condensation reaction, and many chlorines are reconstructed to form 
more stable aromatic chlorinated structures or converted into non- 
volatile chlorinated minerals, making it more difficult to combine with 
Na. At 900 ◦C, the high temperature causes the originally stable aro
matic chlorine bonds and some Cl-minerals to break, reacting with the 
Na in the system to generate a NaCl escape reaction system, thus 
showing a positive effect again.

Additionally, the changes in the magnitude of standardized co
efficients with increasing pyrolysis temperature can be attributed to the 
evolving thermochemical behavior of Na and Cl species. W-Na exhibits a 
stronger positive influence at higher temperatures due to its increased 
volatility and greater likelihood of being released in gaseous form. After 
the temperature is increased from 500 ◦C to 700 ◦C, H-Na may form 
more thermally stable compounds or participate in secondary reactions 
with other minerals, which could reduce their apparent contribution to 
release. When the temperature is higher, chemical bonds of H-Na 
gradually break and participate in the Na release. At high temperatures, 
I-Na tends to form local deposits in the pores or on the surface of char, 
blocking the diffusion channels of Na and hindering the Na release. At 
lower temperatures, the hindering effect of I-Na is relatively weak, so the 
absolute value of its standardized coefficient will change. These 
temperature-dependent mechanisms alter the relative dominance of 
each variable, thereby affecting their regression coefficients.

The standardized coefficients further reveal that W-Cl consistently 
has the highest impact on Cl release, with its influence intensifying at 
higher temperatures. This implies that W-Cl is a primary contributor to 
Cl release, with ease of desorption at lower temperatures and acceler
ated volatilization at elevated temperatures. W-Na also positively cor
relates with Cl release, with its influence strongest during low- 
temperature pyrolysis. In these conditions, W-Na may react with other 
components in the coal matrix (Ge et al., 2019), promoting Cl release. 
The negative standardized coefficients for insoluble chlorine at all 
temperatures suggest that it may restrict Cl release due to its structural 
stability within the coal, even at high temperatures.

According to previous studies, Zhou et al. (2025) found that corre
lation analysis showed good results in studying coal pyrolysis. Zhao 
et al. (2017) found that the chemical forms of Na and Cl affect their 
release during pyrolysis. Cl tends to be released more easily, while Na 
may be retained in the form of minerals or organic sodium. This is 
consistent with our correlation study results.

3.4.3. Neural network modeling
Although laboratory experiments can provide insights into reaction 

mechanisms and corresponding data, they are often time-consuming and 
labor-intensive. In addition, in actual industrial operations, multiple 
interacting factors (such as different chemical forms of Na and Cl, 
structural properties of coal, and operating temperature) make empir
ical correlations established using traditional regression methods inac
curate. Neural network models have significant advantages for such 
complex relationships. They are able to learn hidden information from 
data and generalize predictions to unknown conditions. By combining 
experimental data with neural network modeling, this study provides a 
more efficient and scalable method for predicting Na and Cl release. This 
method aims to provide a data-driven prediction tool for Na and Cl 
release for the industrial production of high-sodium low-rank coal, 
providing a basis for the intelligent control of pyrolysis processes.

The multiple linear regression analysis demonstrated that each of the 
seven selected factors has a certain influence on Na and Cl release. To 
address the difficulty of calculating and predicting the release ratio of Na 
and Cl during industrial high-sodium coal utilization, this study devel
oped a neural network model to predict Na and Cl release, aiming to 
realize intelligent control of high sodium coal industrial application and 
optimize the pyrolysis process. The neural network architecture is 
illustrated in Fig. 9 (a). The model code is available in the Supple
mentary materials - Neural network model code.

Using data from the Supplementary materials - Experimental 
Results, 40 data sets were randomly selected as training data, while an 
additional 5 sets served as test data to evaluate the predictive capability 
of the model. The selection of hidden layers and node numbers was 
guided by the complexity of the problem, data quantity, and available 
computational resources. In this study, due to the multiple variables, a 
neural network with a minimum of four hidden layers was initially 
constructed to enhance prediction accuracy. The trial-and-error method 
was used to determine the optimal node configuration within the hidden 
layers, with the training error results presented in Fig. 9 (b). As shown, 
the prediction error for Na release is minimized at 26 nodes, while Cl 
release predictions achieve the smallest error with 24 nodes. Based on 
these results, Fig. 9 (c) indicates that both Na and Cl predictions reach 
the lowest error level with a four-hidden-layer model structure, sug
gesting that fewer hidden layers help avoid overfitting while ensuring 
prediction accuracy. As the dataset in this study was relatively small, an 
excessive number of hidden layers may lead to overfitting, making it 
difficult to apply to the test data. Thus, the final model configurations for 
Na and Cl release prediction include four hidden layers with 26 and 24 
nodes, respectively. The corresponding prediction results are shown in 
Fig. 9(d) and (e).

Due to the potential influence of the number of nodes on the pre
diction accuracy of the model, a single evaluation is insufficient to 
demonstrate the stable performance of the model. To comprehensively 
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evaluate the constructed neural network model, K-fold cross-validation 
was adopted in this study. In the K-fold cross-validation approach, the 
entire dataset was randomly divided into K equally sized subsets (folds). 
In each iteration, one fold was used as the validation set to assess the 
model performance, while the remaining K-1 folds were used for model 
training. This process was repeated K times, ensuring that each fold was 
used exactly once as the validation set. By applying K-fold cross- 
validation during model training and evaluation, the generalization 
ability and robustness of the neural network model could be effectively 
ensured. This strategy minimizes the risk of overfitting to a specific 
subset and provides a more reliable estimate of the predictive capability 
of the model for unseen data.

The model performance was evaluated based on three statistical 

metrics: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), 
and Mean Absolute Percentage Error (MAPE). MAE measures the 
average magnitude of the absolute errors between the predicted and true 
values, with a smaller MAE indicating higher accuracy. RMSE evaluates 
the square root of the average squared differences between the predicted 
and true values, providing an intuitive assessment of error magnitude, 
where a lower RMSE signifies better precision. MAPE reflects the 
average relative error between the predicted and true values, expressed 
as a percentage, with smaller MAPE values indicating higher model 
accuracy. The corresponding equations are defined as follows. 

MAE=
1
n
∑n

i=1
|yi − ŷi| (11) 

Fig. 9. Neural network model and prediction results.
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RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − ŷi)

2

√

(12) 

MAPE=
1
n
∑n

i=1

|yi − ŷi|

yi
(13) 

In these equations, n represents the number of samples, yi represents the 
true value, and ŷi represents the predicted value. These metrics collec
tively provide a comprehensive evaluation of the model performance 
and assist in selecting the optimal number of nodes.

In this study, a 5-fold cross-validation (K = 5) was adopted to balance 
computational cost and evaluation reliability. Specifically, samples 1–9 
were assigned to the first fold, samples 10–18 to the second fold, samples 
19–27 to the third fold, samples 28–36 to the fourth fold, and samples 
37–45 to the fifth fold. The constructed neural network models were 
tested with varying numbers of nodes, and the corresponding MAE, 
RMSE, and MAPE values were calculated. The detailed results are 
summarized in Supplementary materials–K-fold Cross-validation. 
According to the evaluation results, the models predicting Na and Cl 
release achieved relatively lower MAE, RMSE, and MAPE values when 
the number of nodes was set to 26 and 24, respectively. This indicates 
that the models constructed with these neuron numbers exhibit better 
prediction performance.

Fig. 9 (d) and (e) show the relationship between the predicted values 
and measured values of Na and Cl release by the neural network model 
constructed under the optimal number of nodes. The x-axis represents 
the measured value obtained by the experiment, and the y-axis repre
sents the predicted value calculated by the model. The closer the pre
dicted value is to the measured value, the better the performance of the 
constructed model. As can be seen from the figure, the data points are 
closely distributed near the y = x line, indicating that there is good 
consistency between the predicted value and the experimental value. 
The prediction errors of the optimized neural network model for Na and 
Cl release are 4.63 % and 2.99 %, respectively. These results show that 
the constructed neural network model has high prediction accuracy and 
robustness. Future studies could increase the sample size and include 
data from various coal types to improve prediction accuracy and 
enhance the robustness of the model for high-sodium coal pyrolysis 
applications.

In summary, Pearson correlation analysis provides a basis for un
derstanding the individual and combined effects of different Na and Cl 
forms on their release behavior during pyrolysis. Quantifying the 
strength and direction of these relationships can help develop targeted 
pretreatment strategies. This conclusion can effectively control the 
release of harmful elements during the thermal utilization of high- 
sodium coal and reduce its industrial production and equipment main
tenance costs. The development of a neural network model for pre
dicting Na and Cl release based on coal characteristics and pyrolysis 
parameters has significant advantages. Compared with traditional 
empirical models or linear models, neural network models can capture 
the complex interactions between multiple factors and have higher 
prediction accuracy. The application of this method can quickly screen 
and optimize pretreatment and operating conditions, reducing reliance 
on a large number of experiments. From an engineering perspective, the 
predictive framework established in this study can help design high- 
sodium coal pyrolysis systems, minimize slagging and corrosion risks, 
and promote the intelligent and low-emission utilization of complex fuel 
resources.

4. Conclusion

This study utilized a fluidized bed reactor to investigate the pyrolysis 
behavior of low-rank high-sodium coal, focusing on the effects of sodium 
content and water washing on pyrolysis products. Meanwhile, A neural 
network model was developed to predict Na and Cl release. This 

research provides valuable insights into optimizing the pyrolysis process 
and offers accurate predictions of Na and Cl release. These findings 
establish a foundation for developing intelligent control systems tailored 
to the industrial application of high-sodium coal, ultimately promoting 
cleaner and more sustainable energy production. 

(1) Impact of high-sodium factors on the pyrolysis process. Non- 
isothermal thermogravimetric analysis (TGA) of SEH and WS 
washed for 120 min revealed that the activation energy decreased 
with increasing conversion ratio. The activation energy of WS 
pyrolysis (569.10–721.35 kJ mol− 1) exceeded that of SEH py
rolysis (524.90–621.10 kJ mol− 1), accompanied by higher pre- 
exponential factors. This increase is attributed to the removal of 
catalytic components containing alkali metals and minerals dur
ing water washing, which modified the reaction pathways.

(2) Influence on pyrolysis products. SEH was found to contain 
substantial amounts of W-Na (5614 μg g− 1), insoluble sodium 
(1825 μg g− 1), and W-Cl (6280 μg g− 1). Prolonged washing 
effectively removed a significant portion of water-soluble Na and 
Cl, with minimal effects on their insoluble counterparts. Post- 
pyrolysis, extended washing increased char yield and ash fusion 
temperature while slightly reducing char reactivity and signifi
cantly reducing the release of Na and Cl. These effects were more 
pronounced at elevated pyrolysis temperatures.

(3) Effect on char properties. The characteristics of char produced 
by WS washed for varying times differed markedly. Raman and 
XRD analyses demonstrated enhanced graphitization, reduced 
aliphatic content, and improved structural orderliness in chars 
from extensively washed samples. FTIR results indicated fewer 
active functional groups in the char from WS pyrolysis, while BET 
analysis revealed increased adsorption capacity for both SEH and 
WS with rising pyrolysis temperature. Chars from WS exhibited 
narrower pore size distributions, lower adsorption capacity, and 
smaller specific surface areas compared to those from SEH.

(4) Prediction of Na and Cl release. Multiple linear regression 
analysis confirmed that W-Na, hydrochloric acid-soluble sodium, 
acetic acid-soluble sodium, insoluble sodium, W-Cl, and insoluble 
chlorine significantly influenced Na and Cl release during py
rolysis. A neural network model was constructed to predict these 
releases, with optimal hidden layers and node configurations 
determined through the trial-and-error method. The model ach
ieved strong predictive performance, with errors of 4.63 % for Na 
and 2.99 % for Cl.
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