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Abstract

This study presents a comprehensive study integrating machine learning, life cycle assess-
ment (LCA) and heuristic optimization to achieve a low-carbon medical waste (MW)-to
fuel process. A detailed process simulation coupled with cradle to gate LCA is employed
to generate a dataset covering diverse process operation conditions, embodied carbon of
supplying H2 and the associated carbon emission factor of MW treatment (CEF). Four
machine learning techniques, including support vector machine, artificial neural network,
Gaussian process regression, and XGBoost, are trained, each achieving test R2 close to 0.90
and RMSE of ~0.26. These models are integrated with heuristic algorithms to optimize
operating parameters under various green hydrogen mixes (20–80%). Our results show
that machine learning models outperform the detailed process model (DPM), achieving
a minimum CEF of ~1.3 to ~1.1 kg CO2-eq/kg MW with higher computational stabili-
ties. Importantly, the optimization times dropped from hours (DPM) to seconds (machine
learning models) and the combination of Gaussian process regression and particle swarm
optimization is highlighted, with an optimization time under one second. The optimized
process holds promise in carbon reduction compared to traditional MW disposal meth-
ods. These findings show machine learning can achieve high predictive accuracy while
dramatically enhancing optimization speed and stability, providing a scalable framework
for extensive scenario analysis during waste-to-energy process design and further real-time
optimization application.

Keywords: waste-to-energy; machine learning; life cycle assessment; process modeling
and optimization

1. Introduction
Medical waste (MW) refers to waste materials generated during the diagnosis, treat-

ment, or immunization of humans and animals [1]. Due to pandemics, the annual global
production of related MW has climbed sharply, arriving at more than 2.9 million tonnes
in 2022 alone [2]. Different from typical waste types, approximately 15% of MW is catego-
rized by high toxicity, corrosivity, or pathogenicity [3]. Therefore, a rapid increase in MW
presents both societal and environmental challenges, necessitating more urgent handling
and disposal.

To date, most MW streams are first collected and sterilized, then either landfilled or
incinerated [4,5]. Landfilling, while widely practiced, occupies extensive land, generates
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methane, and produces leachate that can contaminate soil and groundwater [6,7]. Incinera-
tion can effectively reduce waste volume and harnesses energy from thermal oxidation, but
it also leads to significant emission of greenhouse gases (GHGs) and hazardous by-products
(e.g., dioxins, furans) [8]. To mitigate the impact from MW treatment, policymakers and
engineers worldwide are exploring more sustainable strategies. For example, the European
Union is progressively reducing landfilling and incineration reliance by promoting adop-
tion of green technologies and improving waste management regulations [9]. Likewise,
Hong Kong’s Climate Action Plan 2050 prioritizes waste reduction and the expansion of
waste-to-energy infrastructure [10]. Waste-to-energy conversion not only helps recover the
energy content contained in waste but also offers economic benefits and opportunities for
GHG mitigation.

Quite a few thermochemical methods have been investigated to recover energy from
MW (mainly including incineration, pyrolysis, and gasification) since high energy output
could be achieved compared to biochemical-based methods [11]. For instance, Chaiyat [12]
developed a system integrating infectious medical waste incinerator with an organic
Rankine cycle for power generation, reporting an energy efficiency of 0.91% and an exergy
efficiency of 0.89%. It was also shown that waste-incineration-based fly ash can be used
for preparing filling material [13]. In another study, Zhao et al. designed a pyrolysis-
based process for disposable respirator treatment, achieving an internal rate of return of
21.5% and a seven-year payback [14]. To curb pollutant emissions inherent in incineration
and pyrolysis, gasification has garnered attention as an attractive alternative [15]. Under
oxygen-limited gasifying conditions, organic matters are converted into syngas mainly
containing CO and H2, which can be tailored for diverse downstream products. In this way,
subsequent purification like pressure swing adsorption (PSA) can be used for high-purity
H2 production. And it was shown that H2 production through waste mask gasification held
levelized emissions as low as 1.27 kg CO2-eq per kg treated waste [16]. Alternatively, the
raw syngas can be catalytically upgraded into fuels and chemicals such as methanol [17]
and dimethyl ether [18], contributing to flexible uses and economic value. An additional
and practical source of uncertainty for MW-to-fuel systems is the carbon intensity and
availability of hydrogen used for downstream upgrading or CO2 utilization, which should
be explicitly considered when designing low-carbon waste-to-energy pathways.

Although process simulations based on thermodynamics and kinetics have been
widely used in waste-to-energy design and assessment [19,20], these models are usually
complex and coupled with numerous nonlinear algebraic and differential equations, thus
posing computational challenges in further process understanding and optimization [18].
This has motivated the exploration of data-driven surrogate models, which can approximate
the behavior of these complex systems with far lower computational cost.

In recent years, machine learning approaches have revolutionized the modeling of
waste-to-energy systems. Table 1 outlines recent studies on process modeling and optimiza-
tion. Various machine learning techniques have been used. For example, Zhu et al. [21]
applied random forest to predict the yield and carbon contents of biochar derived from
biomass pyrolysis, with an R2 of nearly 0.85. Furthermore, Tang et al. [22] explored feature
reduction in a support vector machine (SVM) and random forest, and the results showed
that six features covering pyrolysis conditions and biomass properties were sufficient to
accurately predict the pyrolytic gas yield with an RMSE of less than 5.7%. In another study,
both gradient-boosted regression trees and artificial neural network (ANN) were trained to
forecast syngas composition from waste gasification, reporting excellent predictive perfor-
mance, and then the prediction models were integrated in process assessment with Aspen
Plus [23]. Similarly, various machine learning models including random forest, SVM, MLP
and gradient boosting have been used in wet organic waste gasification, with an R2 of >0.9
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for each prediction achieved [24]. Although these proposed machine learning models have
shown high accuracy in modeling waste-to-energy process, detailed and comprehensive
study on revealing various machine learning’s performance across both surrogate-modeling
accuracy and optimization efficiency, especially in MW-to-fuel applications, is still lacking,
as presented in Table 1. Typically, real-time process optimization demands models that
can be evaluated and optimized rapidly. Prior work in chemical process control has under-
scored the need for both precise prediction and efficient optimization [25,26]. In addition,
early-stage process design accounts for numerous external uncertainties, often necessi-
tating thousands of simulations for evaluation and comparison. Thus, efficient process
optimization is important to enable thorough uncertainty analysis within practical time
frames. Zhou et al. [16] have shown Gaussian process regression (GPR) is excellent in surro-
gating detailed gasification process models, markedly accelerating operation optimization
to roughly four seconds per run. Despite these individual advances, systematic studies that
benchmark diverse ML techniques are still underexplored. In particular, comprehensive
head-to-head comparisons of how different algorithms perform when embedded within
optimization are notably absent, yet critical for guiding future choices of machine learning
in sustainable MW-to-energy process design.

Table 1. Evaluation results of different models.

Models RMSE MAE MRE

LR 0.2781 0.1826 0.0796
SVM 0.2609 0.1467 0.0617
ANN 0.2581 0.1599 0.0700
GPR 0.2548 0.1540 0.0689

XGBoost 0.2669 0.1646 0.0710

To address the above-mentioned limitations of existing machine-learning-based work
on MW-to-energy systems, this study first establishes a conceptual process for converting
MW into Fischer–Tropsch (FT) liquid fuels and evaluates its carbon footprint given the
recent high concerns on carbon emission [27]. Then, a dataset of life-cycle emissions
under varied operating and environmental conditions through high-fidelity simulation is
generated. Four widely recognized machine learning techniques, including SVM, ANN,
GPR, and extreme gradient boosting (XGBoost), are trained to construct computationally
concise surrogate models. Finally, each surrogate is embedded within an optimization
framework to rapidly identify optimal operating conditions, demonstrating how different
ML approaches influence both the speed and the quality of process design. The main
contributions of this study are as follows:

(1) Developing and comparing four distinct machine learning models to predict environ-
mental performance of a promising MW-to-FT process, providing clear guidance on
their relative accuracy and generalizability.

(2) Coupling each surrogate with different optimization algorithms to reveal model
performance in the efficiency and robustness of process optimization, highlighting the
importance of effective optimization in unlocking waste-to-energy process’s potential.

Overall, our systematic evaluation of machine-learning-driven modeling and opti-
mization strategies offers a practical roadmap for selecting and deploying these AI tools in
the design of next-generation waste-to-energy systems.

2. Methodology
This study develops and compares machine learning models to predict and optimize

the life cycle environmental performance of a MW-to-FT fuel process, as outlined in Figure 1.
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First, a detailed process model is developed by using the Aspen Plus simulation platform
and its environmental impact is quantified via life cycle assessment (LCA), yielding a
carbon emission factor of MW treatment (CEF) for each set of operating conditions and
embodied carbon emissions of consumable materials. Second, a dataset is generated by
systematically varying key operating parameters (e.g., reactor temperatures, embodied
carbon of input materials), with each case providing simulation outputs and corresponding
LCA results. Next, four distinct surrogate models (SVM, ANN, GPR and XGBoost) are
trained to surrogate the high-fidelity simulation with low computational expense. Finally,
each surrogate is integrated with heuristic optimization algorithms to identify operating
conditions that minimize the CEF under multiple hydrogen-supply scenarios. All simula-
tions and ML workflows are executed on a Windows 10 PC equipped with an AMD Ryzen
7 5800H (6 cores, 3.2 GHz) and 16 GB RAM.

Figure 1. Workflow of this study.

2.1. Process Development

A comprehensive process incorporating plasma gasification, carbon capture, FT syn-
thesis and combined heat and power generation is designed to convert MW into FT fuel,
as shown in Figure 2. Plasma gasification is widely regarded as one of the most effective
technologies for treating hazardous medical waste [28]. The extremely high operating tem-
peratures (often reaching several thousand ◦C) achieved in plasma gasifiers are sufficient
to completely destroy pathogens and organic contaminants, thereby eliminating the need
for additional disinfection pretreatment [29]. In this study, a typical waste surgical mask
was used as the feedstock for analysis and the proximate and ultimate analysis results of
this MW sample is listed in Table A1, reflecting the sample’s chemical composition.

The detailed process model (DPM) was then developed in a well-established process
simulation platform, Aspen Plus, which has been widely used in waste-to-energy process
design and assessment previously [19,20], demonstrating high feasibility to inform decision-
making. For non-conventional components like MW, the HCOALGEN and DCOALIGT
models were used to estimate the enthalpy and density [30]. For the conventional compo-
nents, the Peng–Robinson/Boston–Mathias (PR-BM) equation of state was employed to
estimate their thermodynamic parameters [31].

The gasification process comprises three zones, drying, pyrolysis and gasification,
which are simulated by the “RStoic” model, the “RStoic” model and the “RGibbs” model,
respectively [18]. As the primary unit within the process, the used gasification model has
been validated in previous studies by using experimental data [32]. Here, pure oxygen and
water are used as gasifying agents, following previous studies [16]. The inert and dense
residue is removed from the bottom of gasifier, while the derived syngas is cooled and sent
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to a reactor for reverse water gas shift (RWGS) reaction ( H2 + CO2 → CO + H2 ) at 600 and
24.5 bar [33]. With supplemental H2 makeup, the upgraded syngas enters a two-stage FT
synthesis unit (modeled by the “RStoic” model) to produce FT fuel, including naphtha,
jet fuel, diesel and wax. The configuration of FT reactors can be found in our previous
studies in detail [32]. The product distribution of FT synthesis is based on the widely
accepted Anderson–Schulz–Flory distribution [34]. After separating the produced fuels
(fractioned by carbon chain length [35]) via distillation, the remaining gases containing
unreacted syngas and light hydrocarbon (C1–C4) are split: a portion is recycled back to the
FT reactors, while the balance is directed to a PSA unit for H2 recovery. The captured H2 is
returned to the RWGS step, and the PSA off-gas is used to drive a combined heat and power
generation unit including fuel gas combustion and a steam cycle for power generation. To
mitigate carbon emissions, both pre-combustion and post-combustion carbon capture are
incorporated into the process through an monoethanolamine (MEA) scrubber (widely-used
capture efficiency of 85% [36] and energy duty of 4 MJ per kg captured CO2 [37]), with
the recovered CO2 looped back to the RWGS reactor. Waste heat from exothermic units
is recovered for steam generation to enhance overall efficiency [16]. The key operating
parameters involved in the process are outlined in Table A2 and the simulation results of a
representative base case (where decision variables are fixed at the midpoint of their studied
ranges) are presented in Table A3. The main assumptions in modeling include steady-state
operation, no losses in piping, and complete tar conversion in the gasifier [16,38].

Figure 2. Flowsheet of MW-to-FT fuel system.

2.2. Life Cycle Assessment

To evaluate the carbon footprint of the proposed MW-to-FT fuel system, a cradle-
to-gate LCA is employed to calculate the CEF, reflecting the equivalent CO2 emission
level per unit medical waste processed. The LCA boundary (see Figure 3) covers five core
process stages: plasma gasification, syngas purification, FT synthesis, combined heat and
power generation, and flue gas treatment. Emissions are classified into three categories:
(1) on-site direct emission during process operation; (2) indirect emission associated with
upstream production of consumable materials (e.g., catalysts, sorbents, process water);
and (3) indirect emission from the generation of utilities (e.g., steam, cooling water, and
electricity). Notably, following previous similar studies [14], the sorting and collection of
waste are excluded from the system boundary in this study. Life cycle inventory data is
sourced from the Ecoinvent database [39], and all GHG impacts are characterized using
the IPCC 2013 climate change methodology [40]. To account for credit-worthy energy
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outputs including FT fuels, turbine electricity, and recovered heat, the avoided emissions
are subtracted from the total. Thus, the overall CEF is calculated as in Equation (1).

CEF = NCE/mMW (1)

where mMW is the mass flowrate of processing MW and NCE is the net carbon emission,
including the direct emission (DE), indirect emission due to raw material acquisition
(IEm) and utility generation (IEu), as well as the avoided emission (AE) from products, as
calculated by Equation (2).

TCE = DE + IEm + IEu − AE (2)

 

Figure 3. System boundary of life cycle assessment.

2.3. Data Collection

Data is collected by performing detailed process simulation and LCA calculation.
Through system analysis, five input features that most strongly influence the cradle-to-gate
CEF are determined: gasifier temperature (GT), equivalence ratio (ER), steam-to-waste
ratio (SWR), splitting ratio of light gases to the PSA unit (SRLG), and the levelized carbon
emission of makeup H2 (LCEH). LCEH reflects market-driven variations in H2 sourcing
(e.g., green, blue, or grey H2) and directly affects the overall emissions of the designed
process, making it a critical factor. The ranges of these variables are summarized in Table A2,
with GT, ER, SWR selected based on prior literature, SRLG determined from 0 to 1, and
LCEH bounded by the emissions associated with photovoltaic (PV) electrolysis and steam
methane reforming (SMR) [16]. Within these bounds, random sampling is employed to
generate diverse scenarios, and each sampled point is evaluated through process simulation
and LCA to produce a corresponding CEF. To approximate the real-world measurement
and modeling uncertainty, Gaussian noise (5% standard deviation) is introduced on the
collected data to test the performances of various machine learning algorithms under
realistic data variability [41].

2.4. Machine Learning Techniques

Four representative supervised learning techniques were selected for surrogate model
development, including SVM, ANN, GPR and XGBoost, covering connectionist, kernel-
based, probabilistic, and ensemble learning paradigms, respectively. SVMs leverage the
kernel trick to learn nonlinear decision functions from relatively small datasets [42] while
providing strong regularization against overfitting. ANNs are highly flexible function
approximators that capture complex, high-dimensional nonlinear mappings and interac-
tions. GPR offers a probabilistic surrogate that provides principled predictive uncertainty
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(predictive mean and variance), which is useful for uncertainty-aware optimization and for
guiding further sampling. XGBoost is a tree-based ensemble that excels on tabular data,
often achieving strong predictive performance with fast training, built-in regularization,
and interpretable feature-importance measures. By using these models, the strengths and
trade-offs across approaches commonly used for complex process systems can be evaluated.
All models are developed in the MATLAB 2021a platform. Below, the mathematics of these
machine learning methods and the used evaluation metrics are briefly summarized.

2.4.1. Support Vector Machine (SVM)

SVM is a machine learning technique that is particularly well suited for tasks with
limited training data [42] and has been successfully used in solving regression problems
such as yield forecasting [43] and material property estimation [44]. The goal of SVM
regression is to determine a function f (x) that maps input vectors xi ∈ Rd to the targeted
output y ∈ R by fitting a hyperplane in feature space. This hyperplane is determined by
minimizing prediction error while maximizing the margin, i.e., the distance between the
plane and the closest data points [45].

In linear SVM regression, f (x) is formulated as Equation (3), determined by solving
an optimization problem that balances margin width against regression loss [46].

f
(
xj
)
= ∑S.V. (αi − α∗i )×

(
xi·xj

)
+ b (3)

where αi, α∗i (the introduced nonnegative multipliers) and b are the parameters to deter-
mine the optimal hyperplane, which can be obtained by training.

(
xi·xj

)
denotes the dot

product of the input vectors xi and xj. Here, the support vectors (xi, yi) are those training
samples corresponding to nonzero coefficients αi or α∗i . Thus, the prediction is completely
determined by the support vectors.

In nonlinear SVM regression, the input vectors are projected into a high-dimensional
space via a kernel function K

(
xi, xj

)
, which can effectively separate the data points and

capture complex relationships. The resulting regression function is then expressed in terms
of support vectors and the chosen kernel, as given in Equation (4) [42].

f
(

xj
)
= ∑S.V.(αi − α∗i )K

(
xi, xj

)
+ b (4)

Typical nonlinear kernel function includes polynomial and Gaussian kernels as calcu-
lated by Equations (5) and (6) [42,47].

Kpolynomial
(
xi, xj

)
=
(
1 + xi·xj

)d (5)

KGaussian
(

xi, xj
)
= exp

(
−
∥∥xi − xj

∥∥2
)

(6)

where d is the degree of polynomial expression; second degree (polynomial2) or third
degree (polynomial3) are usually selected.

2.4.2. Artificial Neural Network (ANN)

An ANN typically consists of an ordered sequence of layers, an input layer, one or
more hidden layers, and an output layer, where each layer k contains a set of neurons whose
outputs depend on the previous layer’s activations. Between layer k − 1 and k, each neuron
j computes a weighted sum of its inputs plus a bias and is then activated by a nonlinear
function. Formally, the value of neuron j in layer k (Hj,k) is calculated by Equation (7) [48].

Hj,k = f
(
∑n

i=1 ωi,j,kxi,k−1 + bj,k

)
(7)
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where ωi,j,k is the weight connecting i-th neuron in k − 1-th layer and j-th node in k-th layer,
bj,k is the bias term for j-th neuron in k-th layer, and n is the number of neurons in k − 1
layer. f is the activation function that introduces nonlinearity. In this work, a Rectified
Linear Unit (ReLU), as shown in Equation (8), is employed due to its ability in modeling
chemical systems [49].

ReLU(x) = max(x, 0) (8)

2.4.3. Gaussian Process Regression (GPR)

A Gaussian process defines a distribution over functions such that any finite collection
of function values has a joint Gaussian distribution. In regression settings, one places a
Gaussian process prior on the unknown function, as expressed by Equation (9) [50].

f (x) ∼ GP
(
m(x), k

(
x, x′

))
(9)

where the mean function m(x) represents the expected output at a given input x
(Equation (10)) and k(x, x′) is a co-variance function, reflecting how the dependence be-
tween the function values at different inputs x and x′ co-varies (Equation (11)) [50].

m(x) = E[ f (x)] (10)

k
(
x, x′

)
= E

[
( f (x)− m(x))

(
f
(
x′
)
− m

(
x′
))]

(11)

where k is commonly called the kernel function of Gaussian process. To achieve various fit-
ting tasks, different kernel functions have been proposed and developed, mainly including
radial basic function (RBF) kernel, Matern 3/2 kernel, rational quadratic (RQ) kernel and
automatic relevance determination squared exponential (ARDSE) kernel, as calculated by
Equations (12)–(15) [51–53], respectively.

k
(
x, x′

)
= σ2

f exp

(
− r

2σ2
l

)
(12)

k
(

x, x′
)
= σ2

f

(
1 +

√
5r

σl
+

5r2

3σ2
l

)
exp

(
−
√

5r
σl

)
(13)

k
(
x, x′

)
= σ2

f

(
1 +

r2

2ασ2
l

)−α

(14)

k
(
x, x′

∣∣θ) = σ2
f exp

[
−1

2∑d
m=1

(xm − x′m)
2

σ2
m

]
(15)

where σf is the signal standard deviation, and σl is the characteristic length scale. r is the
Euclidean distance between x and x′, as calculated by Equation (16). α is a positive-valued
scale-mixture parameter and θ is a parameterization vector. σm is a separate length scale
for each predictor m (m = 1, 2, . . . , d).

r =
√
(x − x′)T(x − x′) (16)

In regression, the prior distribution of outputs (y) can be expressed by Equation (17) [16].

y ∼ N
(

0, k
(

x, x′
)
+ σ2

n In

)
(17)

where N denotes the multivariate normal distribution. σn is the variance in the observation
noise. In is an n × n identity matrix. Assuming the joint distribution over the testing set
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x′ and training set x, the combined vector of observed outputs y and predicted outputs
y′ follows [54]: [

y
y′

]
= N

(
0,

[
k(x, x) + σ2

n In k(x, x′)
k(x, x′)T k(x′, x′)

])
(18)

2.4.4. Extreme Gradient Boosting (XGBoost)

XGBoost is an emerging machine learning algorithm proposed in 2016 [55]. Based
on a gradient boosting framework, the model’s prediction for sample i is the sum of the
outputs from K individual weak learners (decision trees), as shown in Equation (19) [56].

ŷi = ∑K
k=1 fk(xi) (19)

where fk(xi) represents the prediction of learner k for sample i. The performance is influ-
enced by the tree’s structure, like the maximum depth of tree [57]. During training, XGBoost
sequentially adds new trees to correct the errors of the existing ensemble, optimizing an
objective that combines a differentiable loss function ζ, as shown in Equation (20) [58].

ζ = ∑i l(yi, ŷi) + ∑k Ω( fk) (20)

where l(yi, ŷi) is the loss function, which is determined by the actual value yi and predicted
value ŷi and mean squared error is one of the most frequently used regression loss func-
tion [56]. Ω ( fk) represents the complexity of k-th tree, which is a penalty function used to
prevent overfitting. At iteration t, the prediction is updated as Equation (21) [59].

ŷi = ŷt−1
i + f t(xi) (21)

where ŷt−1
i is the prediction of the t-th iteration and thus the loss function in t-th iteration

ζt is expressed as in Equation (22) [58].

ζt = ∑i l
(

yi, ŷt−1
i + f t(xi)

)
+ ∑k Ω( fk) (22)

The corresponding objective ζt is approximated using a second-order Taylor expansion
for efficient computation [58]. Key strengths of XGBoost include built-in regularization to
reduce overfitting, robust handling of missing values, and parallelized tree construction,
making it both accurate and scalable in different tasks [60].

2.4.5. Evaluation Metrics

To comprehensively evaluate the developed machine learning models, several metrics,
including the coefficient of determination (R2), the root mean square error (RMSE), mean
absolute error (MAE) and mean relative error (MRE), are used in this work, as calculated
by Equations (23)–(26) [49,61], respectively.

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (23)

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2 (24)

MAE =
1
n∑n

i=1|yi − ŷi| (25)

MRE =
1
n∑n

i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (26)
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2.5. Process Optimization

This study aims to determine the best operating parameters for the minimum CEF of
the developed process with the constraint of market LECH. The optimization problem can
be formulated as in Equation (27).

Min CEF = f (oi, LECH)

s.t.

{
LECH = LECH j, j = 1, 2, 3 . . . n

omin
i ≤ oi ≤ omax

i

(27)

where oi is the i-th operating condition, f is the mapping function, LECH j represents
the LECH under j-th scenario, and omin

i and omax
i are the lower and upper bounds of

oi, respectively.
To compare surrogate-based optimization with the high-fidelity process model, this

study defines four hydrogen-supply scenarios by blending green H2 (with LECH of 0.37 kg
CO2-eq/kg H2 [62], from PV-driven water electrolysis) with SMR-derived H2 (8.43 kg
CO2-eq/kg H2 [16]), at green H2 fractions of 20% (S-0.2), 40% (S-0.4), 60% (S-0.6), and 80%
(S-0.8). These mixes reflect evolving low-carbon hydrogen pathways and market share.

Because different mathematical expressions are involved in the mapping function
(machine learning models and DPM), heuristic optimizers excel at exploring complex search
spaces without requiring gradient information [63]. Specifically, well-established genetic
algorithms (GA), particle swarm optimization (PSO), and simulated annealing algorithm
(SA) are used to solve the optimization problems of complex waste-to-energy processes.
The brief introduction of these algorithms is shown below, and Figure 4 demonstrates the
core procedures.

 

Figure 4. The general operation procedures of (a) GA; (b) PSO; and (c) SA.

2.5.1. Genetic Algorithms (GAs)

GAs are a series of optimization algorithms inspired by the evolution process. The
behaviors of a chromosome during its generation process, such as selection, crossover,
and mutation, are simulated to obtain the optimal solution with best fitness. The general
operation procedures are shown in Figure 4a [64]. The population is initialized at the
beginning to obtain a series of random solutions. Then, after evaluation based on fitness
function, the individuals with superior fitness will be selected to generate a new population
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after crossover and mutation. Roulette wheel selection is a commonly used selection
method, which is conducted based on the fitness value of each individual. The selection
probability of individual can be calculated using Equation (28) [65]. If the termination
conditions have been satisfied, the process will end. If not, the process will go back to
evaluation step and repeat the former steps.

Pi =
fi

∑n
j=1 f j

, j = 1, 2, . . . , n (28)

where the Pi is the selection probability, fi is the fitness value of individual i, and n is the
population number.

2.5.2. Particle Swarm Optimization (PSO)

PSO is inspired by the teaming behaviors in nature, such as bird flocks or fish schools,
modeling the process of searching for optimal solution or near-optimal regions by sharing
group information among individuals, which will allow the swarm to converge toward
optimal solutions or near-optimal solutions. At the beginning of a general PSO process, the
population with N particles is initialized, and each particle i has its own position (x) and ve-
locity vector (v); then, fitness is evaluated based on the fitness function (objective function)
and the current position will be updated based on the inertia, as well as the individual opti-
mal value (pi) and global optimal value (pg), as shown in Equations (29) and (30) [66]. After
updating individual and global optimal values, the stopping condition will be checked. If it
is satisfied, the final optimal solution can be obtained, which is also the global best position.

vk+1
i = ωvk

i + c1r1

(
pi − xk

i

)
+ c2r2

(
pg − xk

i

)
(29)

xk+1
i = xk

i + vk+1
i (30)

where xk
i and vk

i denote the position and the instantaneous velocity of the particle i in itera-
tion k. ω is the inertia weight, c1 and c2 are the acceleration coefficient, and r1, r2 ∈ [0, 1]
are random scalars that introduce stochasticity.

2.5.3. Simulated Annealing Algorithm (SA)

An SA is a probabilistic global optimization algorithm inspired by the solid annealing
process, which has a better performance in avoiding local optima since worse solutions can
be accepted with certain probability. Based on the Metropolis acceptance criterion [67], the
probability of acceptance will be higher when the temperature (T) is higher at the initial
stage. As time passes, the temperature will decrease; so, the probability of acceptance for
the poor solution will also decrease [68]. Equation (2), representing the time for probability
of acceptance, is shown below:

PSA =

 1 Et+1 < Et

e
−(Et+1−Et)

t Et+1 > Et
(31)

where the PSA is the probability of acceptance, t is the current temperature, and the E is the
fitness value at corresponding temperature.

To balance solution quality with computational cost, the maximum stable evolution
step is used as the stopping criteria [49], or when the elapsed runtime reaches one hour,
whichever comes first. The other parameters involved in these algorithms follow default
settings recommended by MATLAB.
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3. Results and Discussion
Within the design space, the five input variables were sampled randomly and each

sample was evaluated via the detailed process simulation and LCA calculation to yield
the corresponding CEF. In total, 2000 data points were generated. As depicted in Figure 5,
the CEF values ranged from 0.8246 to 4.7131 kg CO2-eq per kg MW, with a mean value
of 2.6571 kg CO2-eq/kg MW and a standard deviation of 0.7312 kg CO2-eq/kg MW. This
wide dispersion shows the strong sensitivity of process emissions to operating conditions
and LCEH. Given that the average CEF remains relatively high, optimization is essential to
identify operating conditions that substantially lower lifecycle emissions and improve the
environmental performance of the WM-to-FT fuel process.

Figure 5. CEF distribution of the collected data.

Since the machine learning techniques used involve quite a few hyperparameters
which make a difference in model performance, the main parameters were tuned using
five-fold cross-validation during model development for improving model’s robustness. At
the same time, in order to more comprehensively test the effects of machine learning, each
algorithm’s sensitivity was further assessed according to the size of the training dataset by
varying the number of samples from 200 to 2000 (in increments of 300). This range was
selected to balance both data-scarce (200 samples) and well-sampled (2000 samples) regimes
while maintaining computational feasibility across the studied model complexities. A step
size of 300 is sufficient to reveal the impact of dataset size, and the cross-validation standard
deviation (Std) is plotted as error bars. With similar accuracies, the model with a compact
structure would be determined in parameter selection for reducing the computational effort.
In SVM, the performances of several common kernel functions, as introduced in Section 2,
were compared. The results are shown in Figure 6. It can be clearly seen that nonlinear
kernels consistently outperform the linear kernel (with an R2 over 0.87 and an RMSE below
0.25 kg CO2-eq/kg MW). This reflects the nonlinear characteristics underlying the dataset.
Considering both predictive accuracy and stability across sample sizes, a polynomial
kernel of degree 2 (polynomial2) was selected for subsequent optimization. In ANN, neural
networks with identical widths per hidden layer but varying depths (1–6 layers) and widths
(10–30 neurons) were evaluated, as shown in Figure A1. Essentially, deeper architectures
improve performance stability across datasets, while wider layers (more neurons within a
layer) are beneficial for average accuracy. However, marginal gains diminished beyond
increasing layers or increasing neurons per layer, with an R2 approaching 0.9 and an RMSE
approaching 0.245 kg CO2-eq/kg MW. Consequently, a 3-layer network with 30 neurons
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each (circled in red shown in Figure A1) was adopted due to its satisfactory performance
in both accuracy and stability. In GPR, the performances of RBF, Matern 3/2, rational
quadratic (RQ), and automatic relevance determination squared-exponential (ARDSE)
kernels were compared. The ARDSE kernel yields the highest R2 (>0.87) and lowest RMSE
(<0.245 kg CO2-eq/kg MW), as demonstrated in Figure A2, likely because its individual
length scales adaptively weight each input dimension [52,69]; so, it was selected for GPR
in further analysis. Using similar hyperparameter selection criteria, the tree’s maximum
depth (2–8) and minimum child weight (1–5) were tuned for XGBoost [70]. The results
are shown in Figure A3. A maximum depth of 2 and a minimum child weight of 2 struck
the best balance between bias and stability (circled in red), as indicated by cross-validated
metrics (with an R2 of ~0.85 and an RMSE of ~0.26 kg CO2-eq/kg MW).

Figure 6. Cross-validation performance (R2 and RMSE) of SVM surrogates across varying training-set
sizes: (a) R2, (b) RMSE (the colored bars and error bars represent mean values and the standard
deviations as the number of training samples varies. The dotted lines in (a,b) highlight the highest R2

and the lowest RMSE, respectively).

Based on the determined hyperparameters for each machine learning technique, each
model’s accuracy on both the training and test sets was evaluated (see Figure 7). All four
machine learning techniques achieved high training fidelity, with an R2 exceeding 0.9 and
satisfactory generalization within the test set (with R2 close to 0.88). XGBoost, in particular,
obtained an almost perfect training performance (R2 ≈ 1), highlighting its ability to capture
complex feature interactions. Although its test R2 is obviously lower than that in the training
set, showing evidence of modest overfitting, it remains comparable to other models’,
with a test R2 of ~0.88. In comparison, SVM shows relatively lower training accuracy,
reflecting limited ability to capture highly complex interactions, but benefited from strong
regularization, which reduced variance. GPR stands out by combining competitive accuracy
with principled predictive variance, which reduces risky extrapolation (relatively high
test R2). To contextualize these results, each surrogate model was compared against
a simple linear regression baseline using RMSE, MAE, and MRE as metrics. Table 1
presents the results. Machine learning models demonstrate a certain degree of improvement
over the linear fit (with an RMSE < 0.27, MAE < 0.17 and MRE < 0.0711), confirming
that nonlinear, data-driven approaches better capture the complex relationships between
operating conditions and the resulting carbon emission within an MW-to-FT fuel process.
It is worth noting that as this is a newly designed process, there is currently no actual data
on the complete process available. Therefore, this paper introduces Gaussian errors into
the simulation dataset to reflect the fluctuations in actual scenarios, which may introduce
bias compared to actual operating conditions.
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Figure 7. Performances of different machine learning models: (a) SVM, (b) ANN, (c) GPR,
(d) XGBoost.

Using the obtained machine-learning-based surrogate models, operating parameters’
optimization was conducted under the four hydrogen-mix scenarios considered; then,
the surrogate-derived optima were validated by inputting them into the high-fidelity
DPM and performing the LCA calculation to determine the final CEF. To account for the
stochastic nature of heuristic optimization (GA, PSO, SA), each algorithm was run three
times per model. As shown in Figure 8, the bars indicate the optimal CEF’s mean of
repeated optimization, while the error bars denote the standard deviation of repeated
optimization. Regarding S-0.2, all methods, including machine-learning-based and DPM-
based optimization, converge to a similar minimum CEF of ~1.3 kg CO2-eq/kg MW. Under
a scenario of high LCEH, this underscores the improvement in CEF after optimization. The
results of S-0.4, S-0.6 and S-0.8 are presented in Figures A4–A6. Similar to S-0.2, the results of
machine-learning-driven searches are close to or even slightly better than the DPM baseline,
confirming that the machine learning models reliably locate the best operating conditions
compared to DPM. Regarding the variability in optimization for each scenario, a machine
learning + PSO scheme is highlighted, with almost the same CEF for each repeated run. In
contrast, PSO on the DPM showed larger scatter, likely because the maximum running time
was reached before the true convergence. For GA and SA, generally, optimization based on
DPM is still less stable than that based on machine learning. By comparing all optimization
algorithms, the results reveal that PSO is the most compatible with the studied machine
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learning models, delivering both the lowest CEF and near-zero run-to-run variability, which
has also been outlined in previous work [16]. Overall, these findings demonstrate that
machine learning surrogates not only reproduce the solutions close to the DPM optimum
but show better stability, highlighting their promise for reliable process optimization in
waste-to-energy applications.

 

Figure 8. Optimization results of different optimization schemes under S-0.2 (the colored bars and
error bars represent mean values and the standard deviations across replicate optimization runs).

In order to explore the efficiency of different optimization schemes, the running
time required for optimization was analyzed in detail. Figure 9 shows the compar-
ison results under S-0.2. The comparison results in other scenarios are shown in
Figures A7–A9. Obviously, optimizations based on DPM are markedly slower than those
relying on machine learning surrogates. In particular, the GA + DPM and PSO + DPM
optimizations reach the maximum allowed runtime (1 h), indicating that these algorithms
terminated prematurely due to time constraints rather than convergence. This highlights
the substantial computational burden associated with population-based heuristics when ap-
plied to first-principle-based simulations. Notably, obvious standard deviation is observed
on the combination of PSO + DPM (see Figures 9 and A7–A9), which can be attributed
to the PSO algorithm’s high sensitivity to the initial solution, as previously reported [71].
When the randomly generated initial solution is optimal (for example, when the initial
individual is close to a minimum), optimization converges rapidly. Otherwise, convergence
may not be achieved within the maximum runtime. While the SA algorithm showed a
relatively better runtime performance among DPM-based methods under different scenar-
ios, this improvement is attributed to its single-point search mechanism, as introduced in
Section 2, which requires fewer evaluations per iteration. Nevertheless, even SA-based
optimization still requires hundreds of seconds for optimization on average, underscoring
the inefficiency of relying solely on detailed simulation models for large-scale parametric
optimization, especially for complex processes.

In comparison, machine-learning-based optimizations show outstanding efficiency,
with seconds to tens of seconds for optimization. This improvement arises because machine
learning models reduce the computational cost of each objective evaluation, enabling
the optimizer to explore a broader feasible range within the same runtime. However,
differences emerge among surrogate types that affect both runtime and the reliability of
optimized solutions. Notably, the combination of GPR and PSO achieves exceptional
performance, basically converging within a second. This efficiency can be attributed to
the synergy between GPR’s compact predictive cost with uncertainty estimation and the
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population-based global search capability of PSO. The optimization efficiency is highlighted
by comparison with previous studies. Earlier works have shown that while rigorous
models can be used to find optimal operating parameters, optimization requires thousands
of simulations [32,72], resulting in optimization times on the order of hours. To improve
optimization efficiency, a simplified poly-generation system of a municipal solid waste
model was employed but solving it using a mixed-integer nonlinear programming solver
still required optimization times of nearly 300 s [73].

 

Figure 9. Execution time required for different optimization schemes under S-0.2 (the colored bars
and error bars represent the mean values and standard deviations across replicate optimization runs).

Although XGBoost consistently achieves competitive optimization outcomes, its run-
time is comparatively higher than those of other machine learning techniques. This per-
formance gap is explained primarily by differences in model architecture and per-call
complexity. XGBoost predictions require traversing an ensemble of decision trees (one
tree per boosting round); so, per-sample latency scales with the number of trees and tree
depth. To further investigate this, the average prediction times of the four machine learning
models were compared (as shown in Figure 10). XGBoost required approximately 0.05 s
per prediction, markedly higher than the time required by SVM, ANN, and GPR, all of
which completed inference in under 0.002 s. Because population-based optimizers evaluate
numerous objective functions, even modest increases in per-call latency can lead to substan-
tial increases in total optimization time. Supported by the reliability of the rigorous process
model, our findings confirm that machine learning models can act as highly accurate sur-
rogates, showing their strong potential for predicting process performance in real-world
applications. Especially of note, when multiple optimization runs are required, such as
uncertainty quantification, sensitivity analysis, or multi-scenario decision-making, the
ability to replace time-consuming simulations with fast, high-fidelity models can drastically
accelerate workflow efficiency. As such, incorporating high-performance machine learning
surrogates into early-stage process design is not only practical but essential for advancing
carbon-neutral waste management and enabling robust and efficient decision-making in
industrial systems.

Table 2 presents the comparison of different machine learning techniques in modeling
and optimization. GPR achieves a strong balance of accuracy (R2 of 0.917 for training
and 0.885 for testing) and fast prediction latency, although exact GPR can face scalability
issues when a very large dataset is involved. Notably, careful hyperparameter tuning is
required for performance improvement, especially for ANN. XGBoost achieves near-perfect
training accuracy (R2 of around 0.9998) but exhibits modest overfitting and substantially
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higher prediction latency due to its ensemble of decision trees. Overall, GPR shows the
best trade-off between accuracy, robustness, and computational efficiency (for process
optimization) in this case study.

 

Figure 10. Execution time of running machine learning models for prediction (the shaded areas
denote the standard deviation across 10 repeated runs).

Table 2. Summary of machine learning models’ performances.

Models Paradigms
Prediction
Latencies
(s/100 calls) *

Training
Performances
(R2)

Test Accu-
racies (R2) Main Technical Limits

SVM Kernel-based 0.0103–0.0118 0.9009 0.8789 Less expressive for very complex and
high-dimensional relationships.

ANN Connectionist 0.1617–0.2172 0.9130 0.8851
Requires careful hyper-parameter
tuning, regularization, and larger
datasets for stability.

GPR Probabilistic 0.0021–0.0337 0.9171 0.8845 Scalability with large training set is
limited for exact GPR.

XGBoost Ensemble 4.9508–5.1171 0.9998 0.8732
Per-call latency higher (many trees)
and modest overfitting risk
without regularization.

* Based on the computational environment of this study.

Figure 11 presents the optimization results under each hydrogen-mix scenario, with
error bars indicating the range of optima across different optimization schemes. In addition,
the black line traces the CEF for conventional mask disposal from pure landfilling (1.1821 kg
CO2-eq/kg MW) to full incineration (1.4874 kg CO2-eq/kg MW) [16,74]. As the fraction of
green H2 increases (the LECH decreases), the optimized CEF of the designed MW-to-FT
process drops from about 1.3 to under 1.1 kg CO2-eq/kg MW. This trend highlights the crit-
ical role of low-carbon hydrogen sourcing in emission reduction in waste valorization. The
variation in CEF across all optimizations (measured by error bars) demonstrates that opti-
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mal CEF is sensitive to operating conditions and thus effective optimization is essential for
uncovering a process’s true potential. In our four scenarios, the DPM-based optimizations
with GA and PSO consumed over four hours in total (shown in see Figures 9 and A7–A9),
compared to under one minute when using machine learning surrogates. Given more
optimizations are demanded in robust process design, this highlights the importance of
efficiency in optimization. Regarding the results, as 40% green hydrogen is provided, the
designed MW-to-FT fuel process becomes the most favorable conventional pathway (pure
landfilling), offering carbon reduction and the avoidance of other landfill-related pollution
risks [75]. Beyond environmental benefits, this waste-to-energy conversion follows the
circular economy and provides new revenue from fuel production and selling [32]. Overall,
these results confirm that a well-tuned machine-learning-assisted optimization framework
can deliver superior, low-carbon solutions for MW treatment.

 
Figure 11. Comparison of CEF between the proposed MW-to-FT process and conventional treatment
routes. (Error bars indicate the maximum and minimum optimal CEFs determined by different
optimization methods under each scenario and the black line indicates how CEF varies with the
landfill-to-incineration split).

4. Conclusions, Limitations and Outlook
This study develops a comprehensive process for converting MW into FT fuel and

quantifies the CEF using cradle-to-gate LCA. Integrating rigorous process simulation with
LCA, a dataset covering diverse operating conditions, LCEH and CEF, is constructed
for machine learning. Four distinct machine learning surrogate models (SVM, ANN,
GPR, XGBoost) are constructed after tuning hyperparameters via cross-validation, each
achieving high accuracy with test R2 of around 0.9. Coupling these models with heuristic
algorithms (GA, PSO and SA), operation optimizations are performed under varying green-
H2-blending scenarios (20–80%) and show identical or even lower CEF (~1.3 to ~1.1 kg
CO2-eq/kg MW) compared to optimization based on DPM, but at a dramatically lower
computational cost (<1–30 s versus hundreds to thousands of seconds). In particular, the
combination of GPR and PSO demonstrates the best performance with satisfactory accuracy,
efficiency and stability. Further analysis identifies the time for model execution as the main
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driver of optimization efficiency. Sensitivity analysis shows that as LECH decreases, the op-
timized CEF consistently falls below the landfill and incineration benchmarks, confirming
the designed MW-to-FT fuel process’s environmental advantage. Our results demonstrate
that machine learning surrogates can match mechanism-based model in accuracy while
delivering gains within orders of magnitude in optimization speed and robustness, which
is critical for accelerating process design and potential assessment under uncertainty.

Despite these promising results, several limitations remain. The success of ML surro-
gates relies on the availability of a rigorous and high-fidelity process model. For broader
applicability, future studies should integrate experimental datasets to ensure that trained
models are capable of capturing real-world process variability. In addition, variability in
MW composition poses challenges for scale-up, necessitating adaptive retraining of ML
models to maintain reliability under dynamic conditions. More efficient sampling strategies
(e.g., Latin hypercube or stratified sampling) could further improve training data quality,
while introducing controlled noise may help capture operational uncertainties in the real
world. Addressing these aspects will be critical to advancing the proposed framework into
practice, supporting reliable and scalable low-carbon MW-to-energy deployment.
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Appendix A

Table A1. Proximate and ultimate analysis of MW [76].

Items Compositions Values

Proximate analysis (wt.%) a Moisture 5.00

Ash 0.20

Volatiles 92.90

Fixed carbon 1.90

Ultimate analysis (wt.%) b C 84.17

H 14.93

O 0.7

Higher heating value (MJ/kg) c - 46.9
a: as-received basis; b: dry basis; c: raw basis.

Table A2. Key operating parameters involved in process simulation [16,18,32,33,37].

Processes Operating Conditions Values Units

Plasma gasification

Temperature 2000–3000 ◦C

Equivalent ratio (ER) 0.1–0.5 -

Steam-to-waste ratio (SWR) 0.5–1 -

RWGS

Temperature 600 ◦C

Pressure 24.5 bar

CO2 conversion rate 36 %

FT synthesis

Temperature 220 ◦C

Pressure 30 Bar

Splitting ratio of light gases (LGSR) 0–1 -

PSA

H2 purity 99.9 %

H2 recovery rate 85 %

Duty 0.657 kWh/kg

Combined heat and
power generation

Combustion temperature 900 ◦C

Inlet pressure of turbine 70 Bar

Outlet pressure of turbine 7 kPa

MEA-based carbon capture Capture efficiency 85 %

Duty 4 MJ/kg
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Table A3. Process simulation results of a base case.

Items MW H2O O2 S1 S2 S3 S4 Water-1 S5 S6 S7 S8 S9 S10 S11 S12

Temperature 25.00 25.00 25.00 2500.00 25.00 18.80 2500.00 25.00 25.00 43.30 150.00 600.00 600.00 140.00 140.00 140.00
Pressure 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 24.20 24.20 24.20 24.20 24.20 24.20
Mass flowrate 1000.00 750.00 1030.00 2780.00 2780.00 1780.00 1780.00 615.00 2160.00 4220.00 4220.00 4220.00 4220.00 4220.00 1210.00 3010.00
XMW 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XH2 0.00 0.00 0.00 0.42 0.42 0.00 0.00 0.00 0.52 0.45 0.45 0.45 0.36 0.36 0.00 0.42
XO2 0.00 0.00 1.00 0.00 0.00 0.44 0.44 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XCH4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XCO 0.00 0.00 0.00 0.34 0.34 0.00 0.00 0.00 0.42 0.29 0.29 0.29 0.38 0.38 0.00 0.44
XCO2 0.00 0.00 0.00 0.03 0.03 0.00 0.00 0.00 0.03 0.24 0.24 0.24 0.15 0.15 1.00 0.03
XH2O 1.00 1.00 0.00 0.21 0.21 0.56 0.56 1.00 0.03 0.02 0.02 0.02 0.11 0.11 0.00 0.12

Items S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 Wax Naphtha Jet fuel

Temperature 187.00 150.00 220.00 25.00 25.00 220.00 25.00 25.00 25.00 25.00 5.74 5.74 5.74 5.74 5.74
Pressure 0.58 29.60 29.60 0.53 0.53 29.60 0.58 0.58 0.58 0.58 0.53 0.53 0.53 0.53 0.53
Mass flowrate 4010.00 4010.00 4010.00 2370.00 1640.00 2370.00 1610.00 754.00 807.00 807.00 3200.00 2900.00 301.00 219.00 224.00
XH2 0.60 0.60 0.40 0.57 0.00 0.37 0.49 0.00 0.49 0.49 0.15 0.15 0.00 0.00 0.00
XO2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XCH4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XCO 0.29 0.29 0.19 0.28 0.00 0.18 0.25 0.00 0.25 0.25 0.08 0.08 0.00 0.00 0.00
XCO2 0.03 0.03 0.04 0.06 0.00 0.09 0.12 0.00 0.12 0.12 0.04 0.04 0.00 0.00 0.00
XH2O 0.08 0.08 0.32 0.05 0.97 0.27 0.05 0.95 0.05 0.05 0.68 0.68 0.00 0.00 0.00
XC1 0.00 0.00 0.01 0.01 0.00 0.01 0.02 0.00 0.02 0.02 0.01 0.01 0.00 0.00 0.00
XC2 0.00 0.00 0.01 0.01 0.00 0.01 0.02 0.00 0.02 0.02 0.01 0.01 0.00 0.00 0.00
XC3 0.00 0.00 0.00 0.01 0.00 0.01 0.02 0.00 0.02 0.02 0.00 0.00 0.00 0.00 0.00
XC4 0.00 0.00 0.00 0.01 0.00 0.01 0.01 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00
XC5 0.00 0.00 0.00 0.01 0.00 0.01 0.01 0.00 0.01 0.01 0.00 0.00 0.00 0.24 0.00
XC6 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.01 0.01 0.00 0.00 0.00 0.22 0.00
XC7 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.01 0.01 0.00 0.00 0.00 0.20 0.00
XC8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.18 0.00
XC9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.16 0.00
XC10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.24
XC11 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22
XC12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.20
XC13 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.18
XC14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.16
XC15 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC16 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC17 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00



Processes 2025, 13, 2691 22 of 29

Table A3. Cont.

Items S13 S14 S15 S16 S17 S18 S19 S20 S21 S22 S23 S24 Wax Naphtha Jet fuel

XC18 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC19 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.14 0.00 0.00
XC20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.13 0.00 0.00
XC21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.11 0.00 0.00
XC22 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.10 0.00 0.00
XC23 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.09 0.00 0.00
XC24 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.08 0.00 0.00
XC25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.00 0.00
XC26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.00 0.00
XC27 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.06 0.00 0.00
XC28 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.00 0.00
XC29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.05 0.00 0.00
XC30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.04 0.00 0.00

Items Diesel S26 S27 Air S28 S29 S30 S31 S32 S33 S34 S35 S36 Emitted
gases Water-2

Temperature 5.74 5.74 25.00 25.00 25.00 900.00 40.00 859.00 104.00 30.00 30.60 40.00 40.00 25.00 25.00
Pressure 0.53 0.53 1.00 1.00 1.00 1.00 1.00 69.10 0.07 0.04 69.10 1.00 1.00 1.00 1.00
Mass flowrate 154.00 2300.00 627.00 2540.00 35.70 3170.00 3170.00 859.00 859.00 859.00 859.00 2350.00 815.00 2130.00 223.00
XMW 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XH2 0.00 0.16 0.14 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XO2 0.00 0.00 0.00 0.21 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.01 0.00 0.01 0.00
XCH4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC2H4 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC2H6 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XCO 0.00 0.08 0.47 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XCO2 0.00 0.04 0.22 0.00 0.00 0.21 0.21 0.00 0.00 0.00 0.00 0.04 1.00 0.04 0.00
XH2O 0.00 0.70 0.05 0.01 0.00 0.14 0.14 1.00 1.00 1.00 1.00 0.17 0.00 0.03 1.00
XN2 0.00 0.00 0.00 0.78 0.00 0.65 0.65 0.00 0.00 0.00 0.00 0.79 0.00 0.92 0.00
XC1 0.00 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC2 0.00 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC3 0.00 0.01 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC4 0.00 0.00 0.03 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC15 0.29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC16 0.26 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC17 0.24 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
XC18 0.21 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

X: mole fraction.
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Figure A1. Cross validation results of ANN: (a) R2, (b) RMSE. (The colored bars and error bars
represent mean values and the standard deviations as the number of training samples varies. The
error bars do not imply the model can actually achieve the extreme values indicated. The dotted
circles highlight the optimal results).

Figure A2. Cross-validation performance of GPR surrogates across varying training-set sizes: (a) R2

(b) RMSE. (The colored bars and error bars represent mean values and the standard deviations as the
number of training samples varies. The dotted lines in (a,b) highlight the highest R2 and the lowest
RMSE, respectively).
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Figure A3. Cross-validation performance of XGBoost surrogates across varying training-set sizes:
(a) R2; (b) RMSE. (The colored points and error bars represent mean values and the standard
deviations as the number of training samples varies. Other hyperparameters, such as learning rate,
column subsample rate, and gamma value, follow the previous literature [70]. The dotted circles
highlight the optimal results).

 
Figure A4. Optimization results of different optimization schemes under S-0.4. (The colored bars and
error bars represent mean values and the standard deviations across replicate optimization runs).
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Figure A5. Optimization results of different optimization schemes under S-0.6. (The colored bars and
error bars represent mean values and the standard deviations across replicate optimization runs).

 

Figure A6. Optimization results of different optimization schemes under S-0.8. (The colored bars and
error bars represent mean values and the standard deviations across replicate optimization runs).

 
Figure A7. Execution time required for different optimization schemes under S-0.4. (The colored bars
and error bars represent the mean values and standard deviations across replicate optimization runs).
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Figure A8. Execution time required for different optimization schemes under S-0.6. (The colored bars
and error bars represent the mean values and standard deviations across replicate optimization runs).

 
Figure A9. Execution time required for different optimization schemes under S-0.8. (The colored bars
and error bars represent the mean values and standard deviations across replicate optimization runs).
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