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ABSTRACT
This study systematically investigated the generation behavior of gaseous fuels (e.g., H2, CO, and CH4) during the pyrolysis of

waste materials (lignin and red mud) and developed machine learning (ML)-based models for accurate prediction of gas yields.

Pyrolysis experiments were carried out under varying reaction atmospheres (i.e., N2, CO2, and N2/CO2) and waste material mixing

ratios to comprehensively evaluate the gas generation characteristics. Pearson correlation analysis identified reaction temperature

and gas flow rate as the most influential parameters governing gas yields. Three ML models—artificial neural network (ANN),

XGBoost (XGB), and Extra Trees (ET)—were developed to compare the gas generation prediction performances. The ANN model

achieved superior accuracy, with coefficients of determination of R2= 0.992 (H2), 0.989 (CH4), and 0.994 (CO). SHapley Additive

exPlanations (SHAP) analysis was subsequently applied to quantify the relative contribution of each input variable to model

predictions. Building on the ANN model, two-dimensional (2D) simulations were performed to explore the combined effects of

temperature, gas flow rate, and red mud content on gas generation. Simulation results revealed consistent increases in H2, CO,

and CH4 yields under specific combinations of these conditions. Maximum predicted yields of H2 (>3.5mol%), CH4 (>1.2mol%),
and CO (>7.0mol%) were identified under their respective optimal conditions. These findings demonstrate that ML-based

approaches offer a robust and interpretable framework for predicting gas generation behavior and optimizing process conditions

in pyrolysis systems.

1 | Introduction

CO2-assisted pyrolysis has recently emerged as a promising ther-
mochemical conversion strategy for biomass valorization, attract-
ing considerable attention due to its dual functionality in
enhancing gas production and enabling simultaneous CO2 utili-
zation [1, 2]. Unlike conventional inert atmospheres (e.g., N2),
the use of CO2 as a reaction medium introduces additional reac-
tion pathways, most notably the Boudouard reaction (C+CO2 →
2CO) and dry reforming (CH4+CO2 → 2CO+ 2H2), which can
substantially alter the gas-phase composition and overall product

distribution [3]. These CO2-involved reactions not only promote
the formation of syngas components (H2 and CO) but also offer a
promising pathway for carbon-neutral or carbon-negative pro-
cess design. Pyrolysis is a well-established thermochemical pro-
cess that decomposes biomass into gaseous, liquid, and solid
products under oxygen-free or oxygen-limited conditions [4].
Among these products, light gaseous fuels (H2, CO, and CH4)
are of particular importance as key constituents of syngas, with
broad applications in downstream energy conversion and chem-
ical synthesis [5]. Lignin, a major component of lignocellulosic
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biomass, possesses a highly cross-linked aromatic network com-
posed of guaiacyl (G), syringyl (S), and p-hydroxyphenyl (H)
units [6, 7]. During pyrolysis, lignin undergoes a series of com-
peting reactions including ether bond cleavage, aromatic ring
fragmentation, radical formation, and recombination resulting
in complex and highly nonlinear reaction pathways [8]. The
inherent complexity of these multistep processes makes it practi-
cally challenging to predict and control gas generation behavior
with conventional approaches [9, 10].

Beyond intrinsic precursor characteristics, inorganic constituents
play a critical role in governing pyrolysis reactions [11, 12]. Metal
oxides and mineral phases can catalyze hydrocarbon cracking, tar
reforming, and redox processes, thereby facilitating the conversion
of heavy intermediates into light gaseous fuels such as H2 and CO
[13, 14]. In this context, the utilization of industrial by-products as
sources of catalytic metal oxides has attracted growing interest,
providing both improved process efficiency and sustainable waste
valorization. Among suchmaterials, red mud, a bulk by-product of
the Bayer process for alumina refining, is particularly noteworthy
owing to its rich composition of catalytically active metal oxides
(e.g., Fe2O3, Al2O3, and TiO2) [15]. Notably, Fe-based species can
promote the cracking and transformation of volatile intermediates
and facilitate carbon-CO2 gasification reactions, thereby enhanc-
ing the generation of syngas components such as H2 and CO under
pyrolytic conditions. For example, Yang et al. [16] reported that
red mud-derived catalysts significantly enhanced gaseous fuel pro-
duction during biomass–plastic co-pyrolysis, with H2 and CO
yields increasing by more than eight and six times, respectively,
owing to enhanced reforming and gas-phase conversion reactions.
Similarly, de Souza et al. [17] demonstrated that red mud
enhanced syngas production and exhibited pronounced tar-crack-
ing activity during biomass thermochemical conversion while
simultaneously improving bio-oil quality through the decomposi-
tion of oxygenated compounds and primary pyrolysis products.
These findings suggest that red mud holds considerable potential
for tuning the reaction behavior in CO2-assisted pyrolysis systems.
Despite these promising attributes, CO2-assisted pyrolysis inher-
ently involves a highly complex reaction network governed by
multiple interdependent variables, including feedstock composi-
tion, inorganic content, reaction temperature, and gas atmosphere.
The strong coupling and nonlinear interactions among these vari-
ables substantially hinder mechanistic interpretation and limit the
identification of optimal operating conditions through conven-
tional experimental approaches [18–21]. In particular, systematic
studies investigating the synergistic effects of lignin-based feed-
stocks and waste-derived inorganic catalysts under varying reac-
tion atmospheres (N2 vs. CO2) remain insufficiently investigated.

To address these limitations, machine learning (ML)-based data-
driven approaches have recently gained considerable prominence
as powerful tools for modeling complex thermochemical systems
[22, 23]. Recent studies have increasingly employed ML
approaches to predict gaseous fuel production from thermochem-
ical conversion processes. For example, ML models have been
successfully applied to biomass–plastic co-pyrolysis and biomass
pyrolysis systems for predicting gas and syngas yields while simul-
taneously identifying key governing variables through explainable
AI approaches [24, 25]. More recently, hybrid ML frameworks
have also demonstrated promising performance for syngas prop-
erty prediction from lignocellulosic biomass conversion processes

[26]. However, ML-based prediction of gaseous fuel generation in
biomass–industrial waste co-pyrolysis systems remains largely
unexplored. ML algorithms are capable of capturing nonlinear
relationships and high-dimensional interactions that are difficult
to describe using traditional kinetic or empirical models. In partic-
ular, tree-based ensemble methods such as XGBoost (XGB) and
Extra Trees (ET) are well-studied for modeling complex variable
interactions and quantifying feature importance, while artificial
neural networks (ANNs) demonstrate superior capability in
approximating highly nonlinear reaction behaviors [27]. Further-
more, interpretability frameworks such as SHapley Additive exPla-
nations (SHAP) enable quantitative assessment of variable
contributions, providing mechanistic insights that extend beyond
black-box predictions [28].

In this study, the pyrolysis of red mud–lignin mixtures was sys-
tematically investigated under both N2 and CO2 atmospheres to
elucidate gas generation behavior, with particular focus on H2,
CH4, and CO yields. Based on the experimental dataset, multiple
ML models, including ANN, XGB, and ET, were developed to
predict gas yields and comparatively evaluate their predictive
performance. SHAP analysis was subsequently employed to iden-
tify the key governing variables and quantify their respective
contributions to gas formation. To further enhance process-level
understanding, two-dimensional (2D) response surface simula-
tions were conducted using the best-performing trained models
to visualize gas yield landscapes as functions of temperature and
gas flow rate.

2 | Materials and Methods

2.1 | Sample Preparation and Thermogravimetric
Analysis (TGA)

Red mud was obtained from the Korea Institute of Geoscience
and Mineral Resources (KIGAM) (Republic of Korea), and alkali
lignin (kraft lignin; Sigma-Aldrich, USA) was used as the biomass
feedstock. Prior to experimentation, both materials were dried at
80°C for 24 h and used for TGA and pyrolysis experiments. Three
sample compositions were prepared to systemically investigate
the effect of red mud content on lignin thermal degradation:
(i) pure lignin, (ii) red mud–lignin (0.5:1, w/w), and (iii) red
mud–lignin (2:1, w/w). Each sample was weighed at the specified
mass ratios and thoroughly homogenized using a mortar and
pestle. TGA was conducted using a thermogravimetric analyzer
(STA449 F5 Jupiter, NETZSCH, Germany). For single-stock
experiments, approximately 10mg of pure lignin was used,
whereas red mud–lignin mixtures were prepared at mass ratios
of 0.5:1 and 2:1 (w/w). All samples were heated from 40 to 900°C
at a constant heating rate of 10°Cmin−1 under N2, CO2, or a
mixed gas atmosphere (N2/CO2= 1:1, v/v). The total gas flow
rate was maintained at 100mLmin−1 using an internal mass
flow controller (MFC).

2.2 | Pyrolysis Process Setup

Pyrolysis experiments were performed in a batch-type tubular
furnace reactor (FT-830, DAIHAN Scientific, Republic of Korea).
A photograph of the pyrolysis unit and a schematic illustration of
the experimental setup are provided in Figure S1. Samples were
placed in two alumina crucibles, each containing 1 g of lignin
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with varying red mud content (red mud:lignin= 0:1, 0.5:1, and
2:1, w/w). The crucibles were positioned at the center of a quartz
tube (inner diameter: 2.4 cm and length: 60 cm). Both ends of the
tube were sealed with stainless-steel Ultra-Torr fittings (SS-16-
UT-6) equipped with reducing unions (SS-1610-6-4, Swagelok,
USA) to ensure a controlled gas flow. Prior to heating, the reactor
was thoroughly purged with the selected reaction gas. Ultra-high
purity (≥99.9%) N2 and CO2 gases were supplied by Green Gas
Co. (Republic of Korea). Experiments were conducted under N2,
CO2, or a mixed gas (N2/CO2= 1:1, v/v) at a flow rate of 200mL
min−1, regulated by MFC (Brooks Instruments 5950 series E,
USA). Based on the heated reactor volume (~136mL, 30 cm heat-
ing zone) and gas flow rate, the gas residence time was approxi-
mately 41 s. All samples were heated from 100 to 700°C at a
constant heating rate of 10°Cmin−1. Gaseous products were ana-
lyzed using a micro gas chromatography (Micro-GC, Fusion,
INFICON, Switzerland). The concentrations of H2, CH4, and
CO were monitored at 3min intervals, with calibration per-
formed using a certified standard gas mixture (N2 balance;
RIGAS, Republic of Korea).

2.3 | Dataset Preparation for Modeling

In this study, an experimental dataset was constructed to predict
the concentrations of gaseous fuels (e.g., H2, CH4, and CO) gen-
erated during pyrolysis. The input variables comprised reaction
temperature (100–700°C), red mud content (0–4 g), N2 gas flow
rate (0–200mLmin−1), and CO2 gas flow rate (0–200mLmin−1),
while the output variables were defined as the concentrations of
the produced gases (e.g., H2, CH4, and CO). The ranges and types
of all variables are summarized in Table 1. These variables were
selected because they represent the key factors influencing the
gas generation behavior during the pyrolysis process. In particu-
lar, reaction temperature is widely recognized as the most influ-
ential operating parameter affecting pyrolysis pathways and
product distribution, while feedstock composition and reaction
atmosphere (i.e., N2 and CO2 flow rates) strongly influence cata-
lytic activity, gasification reactions, and gaseous product forma-
tion [21, 29]. All input variables were treated as continuous
numerical features for model training. To evaluate the generali-
zation performance of the developed models, the dataset was
partitioned into training and test sets at a ratio of 8:2. The com-
plete dataset consisted of 147 data points, of which 118 data
points (80%) were allocated to the training dataset and the
remaining 29 data points (20%) were reserved for the testing

dataset. Prior to model training, all input variables were noma-
lized to minimize the influence of scale differences among vari-
ables and to enhance the stability and convergence of the training
process.

2.4 | Model Architecture andMLModel Evaluation

Python-based ML algorithms were employed to predict the con-
centrations of gaseous fuels generated during pyrolysis. Three
models ANN, XGB, and ET were developed and their predictive
performances were systematically compared. The ANN model,
built upon a multilayer neural network architecture, is particu-
larly effective in capturing complex nonlinear relationships
among input variables by learning hierarchical feature represen-
tations through successive hidden layers [27]. In contrast, XGB
and ET are decision tree-based ensemble models that repeatedly
partition the feature space based on input variables, offering high
predictive accuracy and robust generalization performance [30].
Specifically, XGB and ET were selected as representative models
of boosting and bagging methods, respectively, to enable a sys-
tematic comparison of the two principal ensemble learning
approaches [31, 32].

The entire dataset was partitioned into training and test sets at a
8:2 ratio. The hyperparameters of all models were optimized
using the Bayesian optimization method. Bayesian optimization,
a representative sequential model-based optimization (SMBO)
technique, was employed to efficiently determine the optimal
hyperparameters of each model [33]. This approach utilizes a
probabilistic surrogate model to estimate the objective function
and iteratively selects promising search points by balancing
exploration and exploitation. Owing to its ability to identify opti-
mal solutions with a limited number of evaluations, Bayesian
optimization is widely used for ML hyperparameter tuning and
process optimization [34, 35]. For the ANN model, key hyper-
parameters, including the activation functions, number of nodes
per hidden layer, batch size, and learning rate, were systemati-
cally optimized, and the Adam optimizer was employed to
update weights and biases during training. For the XGB model,
optimized hyperparameters included the number of trees, maxi-
mum tree depth, learning rate, data sampling ratio, and L1 and
L2 regularization parameters (reg_alpha and reg_lambda). For
the ET model, the number of trees, maximum tree depth, mini-
mum number of samples, and maximum feature ratio were opti-
mized. The predictive performance of all models was evaluated
using three matrices: the coefficient of determination (R2), mean
absolute error (MAE), and mean squared error (MSE), the defini-
tions of which are provided in Equations (1)–(3). R2 quantifies
the proportion of variance in the observed data explained by the
model, with values closer to 1 indicating superior predictive per-
formance. MAE represents the average absolute deviation
between predicted and actual values, while MSE penalizes larger
errors more heavily by averaging the squared residuals. In gen-
eral, a well-performing model is characterized by R2 approaching
1 and MAE and MSE approaching 0.

R2 ¼ 1 −
∑n

i¼1 yi − byið Þ2
∑n

i¼1 yi − yð Þ2
� �

; ð1Þ

MSE¼ ∑n
i¼1

yi − byið Þ2
n

; ð2Þ

TABLE 1 | Types and ranges (minimum and maximum values) of

variables used for modeling.

Parameters Variable type Minimum Maximum

Temperature Input variable 100 700

Red mud Input variable 0 4

N2 gas (flow rate) Input variable 0 200

CO2 gas (flow rate) Input variable 0 200

H2 Output variable 0 3.670238

CH4 Output variable 0 1.682417

CO Output variable 0 10.33279
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MAE¼ 1
n
∑n

i¼1 yi − byij j ; ð3Þ

where n is the total number of data points, yi is the actual output
data, ŷi is the output data predicted by the trained model, and ȳ is
the mean of all the observed output data.

2.5 | SHAP Analysis

SHAP analysis was conducted to elucidate the relationships
between input variables and gas generation during pyrolysis.
SHAP is a game theory-based interpretability framework that
quantitatively assesses the contribution of each input variable
to model predictions and has been widely adopted to interpret
complex interactions among process variables in MLmodels [36].
In thermochemical conversion research, SHAP has been success-
fully applied to compare the performance of various ML models
and to interpret nonlinear relationships between key operating
parameters [37]. In the present study, SHAP analysis was there-
fore employed as an effective diagnostic tool for identifying and
ranking the influence of critical operating variables on pyrolysis
gas generation. The SHAP value is calculated as described in
Equation (4) [38].

ϕi xð Þ ¼ ∑
S⊆F if g

Sj j! Fj j − Sj j − 1ð Þ!
Fj j! fS⋃ if g xS⋃ if g

� �
− fS xSð Þ

h i
;

ð4Þ

where ϕᵢ(x) denotes the SHAP value for variable i, F denotes the
full set of variables, S denotes the subset of F excluding variable i,
fs denotes the model built using only the variables in S, and xs
denotes the corresponding values of those variables.

3 | Results and Discussion

3.1 | Thermolytic Behaviors of Red Mud–Lignin
Mixtures

TGA was performed to investigate the thermal degradation
behavior of pure lignin and red mud–lignin mixtures (Figure 1).
As shown in Figure 1a, the TG profile of lignin under a N2

atmosphere exhibited one prominent weight loss stage below
500°C, with a final residual mass of 42.7% at 900°C. A gradual
mass loss observed above 500°C can be attributed to the progres-
sive carbonization of the lignin-derived char [39]. In the corre-
sponding DTG profile, a minor peak below 125°C corresponds to
the evaporation of moisture, while the principal peak at 378°C
represents the maximum devolatilization rate associated with the
thermal cleavage of ether bonds and aromatic structures within
the lignic matrix [40]. In comparison, the TG profile of lignin
under a CO2 atmosphere followed a mass loss pattern similar to
that observed under N2 up to 746°C (Figure 1b). Beyond this
temperature; however, a pronounced mass loss occurred, result-
ing in a markedly lower final residual mass of 5.6%. Correspond-
ingly, an additional peak emerging above 746°C in the DTG
profile, which was not observed under N2, is attributed to the
onset of the Boudouard reaction, whereby CO2 promotes the
gasification of solid carbon residue to yield CO at elevated tem-
peratures [41].

Compared to pure lignin (Figure 1a), the addition of red mud
yielded a higher final residual mass (54.3%) under a N2 atmo-
sphere (Figure 1c), reflecting the contribution of inorganic com-
ponents to the solid residue. In the corresponding DTG profile,
the principal peak position remained nearly unchanged, whereas
the peak intensity was notably reduced. This reduction is primar-
ily attributed to the dilution effect of inorganic components on
the overall volatile content of the mixture. Furthermore, an addi-
tional peak emerged at 771°C that was absent in the pure lignin
sample, which is likely associated with phase transformations of
inorganic components (e.g., iron minerals) in red mud, poten-
tially influencing high-temperature reaction pathways [42].
Under a CO2 atmosphere (Figure 1d), the red mud–lignin mix-
ture exhibited a higher residual mass (30.8%) relative to pure
lignin, consistent with the trend observed under N2. In the cor-
responding DTG profile, the Boudouard reaction peak, observed
at 746°C for pure lignin, shifted to a lower temperature of 666°C
in the presence of red mud and simultaneously split into two
distinct features. This behavior suggests that red mud actively
influences the Boudouard reaction, likely by lowering activation
energy through catalytic interactions between metal oxide phases
and carbon residues at elevated temperatures [43].

At a higher red mud loading (2:1), the influence of inorganic
components became increasingly pronounced under a N2 atmo-
sphere (Figure 1e). The final residual mass increased from 54.3%
(0.5:1) to 68.6%, reflecting the greater proportion of inorganic
material in the mixture. This trend suggests that the residue yield
was primarily governed by the increasing fraction of nonvolatile
mineral phases present in the red mud. In the corresponding DTG
profile, the principal peak position remained nearly unchanged;
however, the reduction in peak intensity indicates progressively
suppressed lignin devolatilizationwith increasing redmud content
[44]. Furthermore, the additional peak associated with inorganic
phase transformations shifted from 771°C (0.5:1) to 786°C (2:1),
suggesting that higher redmud loading elevates the temperature at
which inorganic transformations occur. Under a CO2 atmosphere
(Figure 1f), the final residual mass increased systematically with
red mud loading, rising from 30.8% (0.5:1) to 60.3% (2:1). In the
corresponding DTG profile, the Boudouard reaction peak in the
red mud–lignin (2:1) mixture occurred at a temperature compara-
ble to that observed for the red mud–lignin (0.5:1) mixture; how-
ever, the peak profile became more distinctively resolved into
multiple features. This observation suggests that increasing red
mud loading progressively intensifies the influence on high-tem-
perature carbon-CO2 interactions, likely attributable to the greater
availability of catalytically active metal oxide phases.

Under a mixed N2/CO2 (1:1) atmosphere, the thermal behavior of
the red mud–lignin (0.5:1) mixture closely resembled that
observed under CO2 (Figure 1g). The TG profile exhibited a
markedly lower final residual mass compared to that under N2,
approaching the value obtained under CO2. In the corresponding
DTG profile, a pronounced Boudouard reaction peak emerged at
a temperature comparable to that observed under CO2, suggest-
ing that even a partial CO2 concentration is sufficient to domi-
nate the high-temperature reaction behavior [45]. It should be
noted; however, that TGA primarily captures solid-phase and
gas–solid interactions and does not account for homogeneous
gas-phase reactions. Therefore, the observed trends should be
interpreted as indicative of overall reaction tendencies rather
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than a comprehensive representation of the underlying pyrolysis
chemistry.

3.2 | Gas Evolution Behavior During Pyrolysis

The temperature-dependent evolution of gaseous fuels during
pyrolysis is presented in Figure 2. Overall, gas evolution behavior
varied significantly with the reaction atmosphere and red mud
loading, particularly for H2 and CO. As shown in Figure 2a, H2

evolution from pure lignin increased above 400°C, reaching a
maximum at approximately 670°C. At elevated temperatures

(≥580°C), the H2 concentration under N2 was substantially
higher than that under CO2, likely due to the involvement of
CO2 in secondary reactions that consume H2 [39]. The addition
of red mud shifted the onset of H2 formation to a lower tempera-
ture (~310°C), suggesting that red mud promotes H2-generating
reactions in the low-temperature region, possibly through the
catalytic activity of metal oxide components [46]. Under a N2

atmosphere, the red mud–lignin (0.5:1) mixture yielded the high-
est H2 concentration, whereas further increasing the red mud
loading to a 2:1 ratio resulted in a notable decrease. In contrast,
under a CO2 atmosphere, higher red mud loading progressively
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FIGURE 1 | TG and DTG profiles of lignin and red mud–lignin mixtures with different mixing ratios during pyrolysis under N2 and CO2 atmo-

spheres: (a, b) lignin, (c, d) red mud–lignin (0.5:1), (e, f ) red mud–lignin (2:1), and (g) red mud–lignin (0.5:1) under a mixed N2/CO2 atmosphere.
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enhanced H2 formation across most of the temperature range,
although the overall H2 concentration remained lower than that
under N2 at high temperatures (≥430°C). Under the mixed-gas
condition (N2/CO2= 1:1), the H2 evolution profile followed a
trend similar to that observed under CO2 at an intermediate
concentration level.

As shown in Figure 2b, CH4 evolution from pure lignin com-
menced above 310°C, reaching a maximum at approximately
430°C. Unlike H2 and CO, the CH4 evolution profiles exhibited
minimal variation with the reaction atmosphere and red mud
loading, with both peak position and intensity remaining largely
unchanged across all conditions. This insensitivity suggests that
CH4 formation is primarily governed by the primary devolatiliza-
tion of lignin rather than secondary gas-phase or gas–solid reac-
tions [47]. As shown in Figure 2c, CO evolution from pure lignin
followed similar trends under both N2 and CO2 atmospheres up
to 550°C. Above this temperature, a marked increase in the CO
concentration was observed under CO2, whereas the CO concen-
tration under N2 declined, resulting in substantially higher CO
yields under CO2 at 700°C. This divergence indicates that CO
formation at elevated temperatures is predominantly driven by
CO2-involved gas–solid reactions, most notably by the Boudourd
reaction [48]. The addition of red mud progressively enhanced
CO formation under CO2, with CO concentration increasing with
red mud loading. Accordingly, the highest CO concentration was
observed for the red mud–lignin (2:1) mixture. This suggests that
red mud actively facilitates CO-generating reactions, likely
through catalytic interactions between metal oxide phases and
carbon residues at elevated temperatures [29]. Under the mixed
gas condition (N2/CO2= 1:1), the CO profile followed a trend
similar to that observed under pure CO2, although the CO con-
centration was lower. This indicates that even partial CO2 avail-
ability can influence CO formation, while the overall extent of
the reaction remains dependent on the CO2 concentration.

The overall gas distribution under varying reaction conditions is
presented in Figure S2. Under a N2 atmosphere, H2 accounted for
the dominant fraction of the total gaseous fuels, whereas CO
became the predominant species under a CO2 atmosphere. The
addition of red mud further enhanced CO production under CO2,
with the effect becoming more pronounced at higher red mud
loadings. In contrast, the relative contribution of CH4 remained
nearly constant across all experimental conditions. Collectively,
these results confirm that the overall gas distribution is primarily
governed by the reaction atmosphere, while red mud predomi-
nantly influences the absolute extent of gas production rather
than the relative distribution pattern among gaseous fuels. Spe-
cifically, H2 production was favored under a N2 atmosphere at a
red mud/lignin ratio of 0.5:1, whereas CO production was maxi-
mized under a CO2 atmosphere with a higher red mud content
(red mud/lignin= 2:1). These observations suggest that red mud
primarily acts as a catalytic promoter that enhances the overall
gas production, while the reaction atmosphere determines the
final gas composition.

3.3 | Statistical Distributions and Correlations of
Process Variables and Gas Products

Figure 3 presents the statistical distributions and inter-variable
correlations of the experimental datasets used to model gas yields
during the pyrolysis of pure lignin and red mud–lignin mixtures.
The violin plots in Figure 3a illustrate the distributional charac-
teristics of both process variables and gaseous fuel concentra-
tions, providing insight into the variability and range of the
experimental space explored. Notably, reaction temperature
exhibits the widest distribution among all input variables, reflect-
ing the broad operating window systematically investigated to
capture the thermochemical response of the system. Among
the product gases, H2 and CO show comparatively broader
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FIGURE 2 | Evolution of gaseous fuels during pyrolysis of lignin and red mud–lignin mixtures under different atmospheric conditions: (a) H2,

(b) CH4, and (c) CO concentrations as a function of temperature for lignin and red mud–lignin mixtures with mass ratios of 0.5:1 and 2:1 under N2, CO2,

and N2/CO2 (1:1) atmospheres.
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distributions than CH4, suggesting that their formation is more
sensitive to variations in operating conditions, whereas CH4 is
generated within a relatively narrower concentration regime.

The Pearson correlation matrix presented in Figure 3b reveals
that reaction temperature exhibits strong positive correlations
with H2 (r= 0.76), CO (r= 0.60), and CH4 (r= 0.59), confirming
that gas yields are predominantly governed by thermal effects
during pyrolysis. The N2 and CO2 gas flow rates display a perfect
inverse correlation (r=−1), reflecting the experimental design in
which their relative proportions were systematically varied. The
CO2 gas flow rate shows a weak positive correlation with the CO
yield (r= 0.30) and a weak negative correlation with H2 (r=
−0.25), indicating that CO2 participates in carbon gasification
reactions, thereby promoting CO formation while moderately
suppressing H2 generation. Conversely, the N2 gas flow rate exhi-
bits a negative correlation with CO (r=−0.30) and a weak posi-
tive correlation with H2 (r= 0.25), suggesting that an inert
atmosphere suppresses CO2-driven gasification pathways and
reduces the availability of reactive species [49]. The red mud
mixing ratio shows only weak correlations with all gaseous fuels
(H2: r= 0.12, CH4: r=−0.021, and CO: r= 0.16), indicating that
its direct linear influence on gas yields is limited relative to

reaction temperature and gas atmosphere. Nonetheless, given
the experimentally observed variations in gas generation with
red mud loading, this discrepancy suggests that red mud–lignin
interactions likely involve nonlinear synergistic effects that are
not adequately captured by linear correlation analysis.

3.4 | ML Framework for Gas Prediction

Figure 4 presents the overall workflow of the ML-based frame-
work developed for gas yield prediction in this study. This frame-
work comprises four sequential stages: model selection, data
preparation, model training and optimization, and post-proces-
sing. In the model selection stage, three ML algorithms, XGB,
ET, and ANN, were employed to predict the gas yield during
pyrolysis. These algorithms were selected for their demonstrated
capability to capture complex nonlinear relationships and high-
dimensional interactions among process variables, making them
well-suited for modeling the interdependencies between pyroly-
sis operating conditions and gas generation behavior. Among
them, XGB represents the boosting-based tree ensemble family,
whereas ET adopts the bagging-based ensemble approach,
thereby enabling a systematic comparative evaluation of two
fundamentally distinct tree-based learning strategies.
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In the data preparation stage, experimental process variables and
gaseous fuel data were organized into a structured dataset suitable
for ML model training. The input variables comprised reaction
temperature, lignin content, red mud content, N2 gas flow rate,
and CO2 gas flow rate, while the output variables were defined as
the concentrations of gaseous fuels (H2, CH4, and CO). All input
variables were subsequently normalized to enhance training sta-
bility and minimize the influence of scale discrepancies among
the variables. In the model training and optimization stage, each
model was trained on the normalized dataset and rigorously eval-
uated for predictive performance. Model validation was con-
ducted using both training and test datasets, and predictive
performance was assessed based on R2 and RMSE. In the final
post-processing stage, SHAP analysis was applied to interpret the
predictions for the trained models, quantitatively assessing the
relative contribution and importance of each input variable to
the gas yield prediction. Additionally, 2D response surface simu-
lations were performed using the best-performing trained model

to visualize the distribution of gas yield as a function of tempera-

ture and the gas flow rate ratio (N2/CO2).

3.5 | Evaluation of ML Models for Gas Production
Prediction

Figure 5 presents the parity plots comparing predicted and exper-
imentally measured concentrations of H2, CH4, and CO gener-
ated during the pyrolysis of pure lignin and red mud–lignin
mixtures, as obtained from the ANN, XGB, and ET models.
The hyperparameters of each model were optimized using the
Bayesian optimization, and the optimized values are summarized
in Table S1–S3. The training results of all three models are pro-
vided in the Supporting Information (Figures S3–S5). As shown
in Figure 5a–c, the ANN model demonstrates excellent agree-
ment between predicted and measured values, with data points
closely and uniformly distributed along the parity line across the
full concentration range. The high predictive accuracy achieved
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FIGURE 5 | Predicted versus observed values of H2, CH4, and CO for the test dataset using ANN (a–c), XGB (d–f ), and ET (g–i) models.
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for all gas species (H2: R
2= 0.993, CH4: R

2= 0.990, and CO:
R2= 0.994) confirms that the ANN model effectively captures
the intrinsic nonlinear relationships governing gas formation
during pyrolysis. This performance indicates that the pyrolysis
process is dominated by complex interactions among reaction
temperature, gas atmosphere, and feedstock composition, which
are inherently difficult to represent using conventional linear or
rule-based modeling approaches [50]. Furthermore, the strong
generalization performance observed on the test dataset implies
that the model has learned physically meaningful process rela-
tionships rather than merely memorizing the training data.

In contrast, the XGB model (Figure 5d–f ) achieves a moderate
level of predictive accuracy; however, systematic deviations from
the parity line are evident when compared with the ANN model.
These deviations are particularly pronounced in CH4 prediction
(R2= 0.889), while relatively higher accuracy is maintained for H2

(R2= 0.957) and CO (R2= 0.961), albeit with localized prediction
errors in certain concentration ranges. These results indicate that
although tree-based ensemble models are capable of capturing
interactions among process variables, they exhibit inherent limita-
tions in accurately representing complex and continuous nonlin-
ear reaction behaviors under varying process conditions. This
limitation is more evident for CH4 formation, which is governed
by secondary cracking and recombination reactions that are par-
ticularly difficult to discretize within a tree-based partitioning
framework. Similarly, the ET model (Figure 5g–i) reproduces the
overall trends of the experimental dataset; however, it exhibits
clear limitations in predictive accuracy and stability relative to
the ANN model. While relatively high accuracy is achieved for
H2 (R2= 0.990) and CO (R2= 0.980), the predictive performance
for CH4 deteriorates notably (R2 = 0.929), accompanied by
increased prediction errors across the concentration range. In par-
ticular, the enlarged deviations observed in the high-concentration
region suggest that tree-based models encounter structural diffi-
culties in capturing nonlinear behaviors in sparsely populated
regions of the feature space, which inherently restricts their capac-
ity to represent smooth and continuous reaction characteristics
across the full operating range.

A comparative evaluation of the three models demonstrates that
the ANN model provides the most accurate and consistent predic-
tions across all gaseous fuels, with particularly superior perfor-
mance for H2 and CH4. This suggests that the formation of these
gases is governed by strongly coupled nonlinear interactions,
including competing reaction pathways and synergistic effects
between lignin and red mud components. The superior predictive
performance of the ANN model can be attributed to its multilayer
neural network architecture, which enables effective approxima-
tion of high-dimensional nonlinear relationships among input
variables. In contrast, the prediction performance for CO is com-
parably consistent across all three models, indicating that CO for-
mation follows relatively well-defined and thermochemically
predictable reaction pathways. This behavior is likely associated
with dominant thermochemical reactions, such as carbon gasifi-
cation and decarbonylation, which exhibit monotonic and consis-
tent trends with respect to the reaction temperature and gas
atmosphere [50]. Furthermore, analysis of the residual distribu-
tions confirms that all three models successfully reproduce the
overall statistical characteristics of the experimental dataset. How-
ever, only the ANN model maintains high predictive accuracy

consistently across the entire operating range, effectively capturing
both universal thermochemical trends and localized nonlinear
variations in gas generation behavior.

3.6 | Gas Production Mechanisms Based on
SHAP Analysis

As shown in Figure 6a, SHAP analysis for H2 prediction clearly
identifies the reaction temperature as the most dominant input
variable. SHAP values increase markedly at elevated tempera-
tures, confirming that the H2 yield is strongly enhanced with
increasing temperature. The CO2 gas flow rate is also an influen-
tial variable, exhibiting a positive contribution under higher CO2

conditions. This behavior suggests that CO2 actively participates
in carbon gasification reactions at elevated temperatures, thereby
promoting H2 formation pathways. In contrast, red mud and N2

gas flow rate exert comparatively minor contributions to the H2

prediction. As shown in Figure 6b, reaction temperature remains
the most influential variable for CH4 production; however, the
overall SHAP value distribution is notably narrower compared to
those of H2 and CO, reflecting a relatively weaker dependance on
CH4 formation. Both CO2 and N2 gas flow rates exhibit mixed
positive and negative SHAP contributions, implying that CH4
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formation is governed by competing reaction pathways rather
than a single dominant thermochemical mechanism. Notably,
the contribution of red mud content is minimal, suggesting
that CH4 formation is primarily controlled by the intrinsic ther-
mal decomposition behavior of lignin rather than catalytic inter-
actions with inorganic phases [51].

As shown in Figure 6c, CO yield is also strongly dependent on
reaction temperature, with SHAP values increasing substantially
under high-temperature conditions, confirming that CO forma-
tion is predominantly driven by thermal activation. The N2 gas
flow rate exhibits a negative SHAP contribution in certain
regions, indicating a dilution effect that suppresses CO-generat-
ing gasification reactions. Meanwhile, the CO2 gas flow rate
demonstrates a partially positive contribution, attributable to
CO2-involved gasification reactions that actively generate CO.
Red mud content shows a small yet discernible contribution,
suggesting that metal oxide components partially facilitate CO
production through catalytic interactions [16].

It is important to note that although lignin content was included
as an input variable, it exhibits relatively low importance in
SHAP analysis. This is attributed to the fact that the lignin con-
tent was held constant across all experimental conditions, result-
ing in negligible variability as an input feature. Since SHAP
values quantify the contribution of variable changes to the model
output, the influence of lignin is inherently underrepresented.
Nonetheless, lignin serves as the primary carbon source consis-
tently across all experimental conditions, and its limited repre-
sentation in the SHAP results reflect the absence of variation
rather than a lack of mechanistic significance. In contrast, red
mud does not function as an independent gas-generating source
but rather as a catalytic promoter that enhances the pyrolysis and
gasification of lignin-derived intermediates. Its metal oxide

constituents (e.g., Fe2O3 and Al2O3) are known to facilitate car-
bon bond cleavage, structural rearrangement, and gasification
reactions, collectively contiributing to improved gas yield [52].
However, the catalytic influence of red mud is partly masked by
dominant contributions of reaction temperature and gas atmo-
sphere, resulting in its comparatively moderate representation in
SHAP analysis. Collectively, these findings indicate that gas gen-
eration behavior is primarily governed by reaction temperature
and gas atmosphere, while lignin serves as the principal carbon
source and red mud functions as a secondary catalytic promoter.
Importantly, the SHAP-based interpretation is consistent with
the established pyrolysis reaction mechanisms, demonstrating
that the developed ML framework not only achieves high predic-
tive accuracy but also effectively captures the physicochemical
interactions among key process variables.

3.7 | 2D Simulation Analysis of Gaseous Fuels
Formation

Figure 7 presents the 2D response surface simulation results
obtained from the trained ANN model, illustrating the predicted
concentrations of H2, CH4, and CO as functions of reaction tem-
perature and two key process variables, the gas flow rate ratio
(N2/CO2) and red mud content. The lignin-to-red mud ratio was
fixed at 1:1 for all simulations. This approach enables compre-
hensive and quantitative visualization of the gas generation
behavior across a wide range of operating conditions. The com-
bined effects of reaction temperature and gas flow rate ratio are
presented in Figure 7a–c. As shown in Figure 7a, the H2 concen-
tration remains relatively low below 500°C but increases sharply
at elevated temperatures, particularly above 600°C. This trend
reflects the enhanced contribution of secondary gasification
and reforming reactions under high-temperature conditions.
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Furthermore, H2 production is progressively promoted under
higher N2 flow ratios, suggesting that an inert atmosphere facil-
itates thermal cracking and carbon conversion pathways, likely
by suppressing competitive CO2-driven reactions such as dry
reforming and the reverse water-gas shift reaction. As shown in
Figure 7b, the CH4 concentration distribution exhibits a distinct
maximum within the intermediate temperature range
(350–500°C), followed by a gradual decline at higher tempera-
tures. This behavior is consistent with the primary generation of
CH4 during the initial devolatilization stage of lignin pyrolysis,
while the subsequent decline at elevated temperatures is attrib-
utable to the consumption of CH4 via secondary cracking and
reforming reactions, resulting in progressively decreasing CH4

concentrations [53].

As shown in Figure 7c, the CO concentration increases substan-
tially with temperature, particularly above 600°C, a trend
strongly associated with the onset of thermally activated carbon
gasification reactions [54]. Furthermore, higher CO2 flow ratios
enhance CO formation, confirming that CO2 actively participates
in gasification reactions, most notably the Boudouard reaction,
thereby promoting CO generation under CO2-rich atmospheres
[55, 56]. Figure 7d–f illustrates the combined effects of reaction
temperature and red mud loading on gas yields. As shown in
Figure 7d, H2 yields increase with both reaction temperature
and red mud content, with the effect of red mud being particu-
larly pronounced at elevated temperatures. This indicates that
metal oxide constituents in red mud play a catalytic role in
enhancing carbon conversion and gasification reactions, thereby
facilitating H2 formation [57]. Similarly, as shown in Figure 7e,
CH4 formation is favored at intermediate temperatures and mod-
erate red mud loadings, whereas excessive red mud content or
further temperature increases result in declining CH4 concentra-
tions, attributable to intensified catalytic cracking and reforming
reactions. Figure 7f shows that the CO yield is substantially
enhanced under high-temperature conditions combined with
moderate to high red mud loadings. This behavior suggests that
red mud-derived metal oxides effectively catalyze carbon-CO2

interactions and facilitate gasification pathways, contributing to
increased CO generation [58].

4 | Conclusion

In this study, the generation behavior of major gases (H2, CH4,
and CO) during the individual pyrolysis of pure lignin and co-
pyrolysis of a red mud–lignin mixtures was systematically inves-
tigated, and a ML-based predictive framework was developed for
gas yield prediction. TGA revealed that the primary thermal
decomposition of lignin occurs within the temperature range of
approximately 300–450°C and that the pyrolysis behavior is sig-
nificantly modified in the presence of red mud. In particular,
under a CO2 atmosphere, an additional mass loss was observed
in the high-temperature region above approximately 700°C, indi-
cating the activation of gasification reactions such as the Bou-
douard reaction and secondary reforming reactions. This
behavior confirms that metal oxide constituents present in red
mud function as catalytic sites that promote carbon gasification
reactions at elevated temperatures. To predict gas yields, ANN,
XGB, and ET models were developed based on experimental
datasets comprising reaction temperature, lignin and red mud

mixing ratio, and N2 and CO2 gas flow rates as input variables.
Comparative evaluation of model performance demonstrated
that the ANN model achieved the highest predictive accuracy
for all gaseous fuels (H2: R

2= 0.992, MSE= 0.0006, MAE=
0.0112, CH4: R

2= 0.989, MSE= 0.0006, MAE= 0.0017, CO: R2=
0.994, MSE= 0.0003, MAE= 0.0079), outperforming better than
the XGB (H2: R

2= 0.956, MSE= 0.003, CH4: R
2= 0.889, MSE=

0.0067, MAE= 0.0394, CO: R2= 0.961, MSE= 0.0017, MAE=
0.0241) and ET (H2: R

2= 0.990, MSE= 0.0008, MAE= 0.0165,
CH4: R

2= 0.929, MSE= 0.0049, MAE= 0.0370, CO: R2= 0.979,
MSE= 0.0020, MAE= 0.0174). These results confirm that the
ANN model effectively captures the complex nonlinear relation-
ship between pyrolysis process variables and the gas generation
behavior.

SHAP-based variable importance analysis further revealed that
reaction temperature is the most dominant factor governing the
generation of all gaseous fuels, followed by CO2 and N2 gas flow
rates as secondary yet significant contributors. These results con-
firm that the gas generation behavior is primarily governed by
reaction temperature and gas atmosphere, which together deter-
mine the selectivity and extent of gas formation during pyrolysis
and gasification. Furthermore, 2D response surface simulations
based on the trained ANN model demonstrate that gas yield
distributions are highly sensitive to variations in reaction tem-
perature and the gas flow rate ratio (N2/CO2). In particular, an
optimal operating region was identified in which H2 and CO
yields increase markedly at elevated temperatures above 600°C,
whereas CH4 formation is favored within the intermediate tem-
perature range of approximately 350–500°C. Overall, this study
provides a ML-based predictive framework capable of accurately
predicting and interpreting gas generation behavior during the
pyrolysis and co-pyrolysis of biomass feedstocks and industrial
by-products, offering practically valuable insights for the design
and optimization of waste-to-energy and CO2 utilization systems.
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tion in co-pyrolysis (Table S3).

International Journal of Energy Research, 2026 13 of 13

 ijer, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/er/9050367 by H

anyang U
niversity L

ibrary, W
iley O

nline L
ibrary on [06/08/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1155/er/9050367

	Machine Learning-Based Prediction of Gaseous Fuel Generation During Co-Pyrolysis of Lignin and Red Mud
	1. Introduction
	2. Materials and Methods
	2.1. Sample Preparation and Thermogravimetric Analysis (TGA)
	2.2. Pyrolysis Process Setup
	2.3. Dataset Preparation for Modeling
	2.4. Model Architecture and ML Model Evaluation
	2.5. SHAP Analysis

	3. Results and Discussion
	3.1. Thermolytic Behaviors of Red Mud&x2013;Lignin Mixtures
	3.2. Gas Evolution Behavior During Pyrolysis
	3.3. Statistical Distributions and Correlations of Process Variables and Gas Products
	3.4. ML Framework for Gas Prediction
	3.5. Evaluation of ML Models for Gas Production Prediction
	3.6. Gas Production Mechanisms Based on SHAP Analysis
	3.7. 2D Simulation Analysis of Gaseous Fuels Formation

	4. Conclusion




