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ABSTRACT

Full Name : Temirlan Shakhmanov

Thesis Title : MACHINE LEARNING MODELS FOR MUNICIPAL SOLID
WASTE PYROLYSIS

Major Field : Chemical Engineering

Date of Degree : May,2025

The rising complexity of municipal solid waste (MSW) and aggravated by expanding
plastic usage necessitates new and sustainable MSW management alternatives. Pyrolysis,
a thermal conversion technology for the transformation of MSW to energy-rich fuels, is a
waste-to-energy alternative. Yet, accurate prediction of pyrolysis liquid product is a big
challenge owing to the nonlinearity involved in the diversity of feedstocks and operating
conditions. The conventional kinetic models are incapable of this richness with the fidelity
required. In this study, the application of sophisticated machine learning (ML) methods to
simulate the pyrolysis process and predict the liquid yield from a blend of municipal solid
waste (MSW) and plastic waste is explored.

A suitably chosen dataset of over 300 experimental points was collected from the literature,
and the detailed list of input variables consisted of elemental composition (C, H, O, N, CI),
polymeric content (HDPE, LDPE, PP, PET, PVC, PS), particle size, heating rate, and
temperature. Feature engineering and normalization techniques were applied for
preprocessing the dataset, and training and testing of seven machine learning models like
Random Forest, Gradient Boosting Decision Trees (GBDT), XGBoost, CatBoost,
LightGBM, AdaBoost-SVR, and Feyn symbolic regression were done as a result. R?,
RMSE, MAE.

Among the models, Random Forest and GBDT had the top test R? values (0.8952 and
0.8940, respectively). Feyn symbolic regression, though less accurate (test R2 = 0.827),
gave readable algebraic equations that reflected key relationships between variables.
Feature importance comparison across models identified temperature, particle size, and
polymeric fractions (PP, HDPE, LDPE, PET) as the highest contributors to the yield
variation. SHAP analysis provided an additional dimension of model interpretability so
that input-output interaction insights were meaningful.

This research provides a robust, data-driven methodology that integrates high-performance
ensemble modeling with understandable symbolic modeling. The outcomes support the
development of smart and adaptive pyrolysis systems and open doors to sustainable waste
management and facilitate national initiatives like Saudi Vision 2030.
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CHAPTER 1

INTRODUCTION

1.1Background of the Study

Municipal Solid Waste (MSW) management has become an acute global issue as a result
of fast urbanization, industrialization, and shifting consumption patterns. This accelerating
waste generation has placed unsustainable pressures on conventional disposal practices,
with landfilling and incineration continuing to be major waste management practices
despite their considerable environmental disadvantages (Table 1 for a comparative view)
(Daskalopoulos et al., 1998). The COVID-19 pandemic has further increased the waste
crisis, particularly by increased use of single-use plastics and biomedical waste(Leal Filho
et al., 2021). Under such a context, waste-to-energy technologies, particularly pyrolysis,
offer an attractive pathway for addressing such problems by transforming MSW and plastic

waste into valuable fuels and chemicals (Z. Wang et al., 2021).

Table 1 Comparison of Waste Disposal Methods (Daskalopoulos et al., 1998)

Method Landfilling Incineration Pyrolysis
Volume reduction, Converts waste to
Advantages Low cost, established
energy recovery fuel, scalable
Space-intensive, High setup cost,
. P Air pollution, toxic g i P
Disadvantages leachate, methane ) . emissions control
. ash, high capital cost .
emissions required
Environmental ) ) High negative Medium to low
High negative
Impact (if uncontrolled) {if optimized)




Moreover, growing heterogeneity of plastics poses problems for recycling and requires the
development of other recovery mechanisms; this development is reflected in Figure 1,
which outlines the potential directions and recovery pathways of plastic waste (Schmidt &
Laner, 2021). Traditional mechanical recycling processes are usually troubled by
contamination, degradation of polymer properties, and economic infeasibility in recycling
mixed or contaminated plastics streams (Khalid et al., 2022). Chemical recycling
incorporating pyrolysis has been suggested as an attractive alternative that enables
breakdown of complicated polymers into less complex chemical species and thereby

provides an opportunity for high-value material recycling (Peng et al., 2022).
Plastic ,
Waste
Generation B

Collectlon s

17'

SOrtmg

Recyclmg Pyrolysls
Loss °f Mechanical Chemical
material reusg transformation

Figure 1 Flow Diagram of Plastic Waste Fate and Recovery Paths (Schmidt & Laner, 2021)

Nations have reacted to legislative and environmental drivers by launching circular
economy strategies for plastic waste management and resource recovery (Yamamoto &
Eva, 2022). International policies on extended producer responsibility (EPR), plastic bans,

and investments in recycling infrastructure have been launched, though facing challenges



to scale up sustainable technologies (Cascone & Gagliano, 2022). Scientifically, there is
increased focus on designing integrated waste management systems with interdependent
environmental, economic, and technological factors for the promotion of long-term
sustainability (Paul et al., 2018).

Within this broader push towards circularity and sustainable development, pyrolysis is one
solution that is particularly apt to convert waste plastics into recyclable energy carriers and
feedstock chemicals. Both as a mitigation and valorization strategy, pyrolysis can help
decarbonize and diversify energy while minimizing the environmental footprint of
persistent plastic pollution (Areeprasert et al., 2017).

Pyrolysis is a thermal-induced chemical conversion of organic materials under oxygen-free
conditions. Pyrolysis offers possibilities to produce plastic and biomass wastes as
marketable products such as bio-oil, syngas, and char. Various pyrolysis processes have
been developed in an attempt to achieve maximum product yield and energy
efficiency.

A comparative summary of these processes with advantages and typical outputs is
presented in Table 2 (Lam, 2016). However, the yield and pyrolysis product quality are
influenced by numerous interacting variables including temperature, heating rate,

feedstock composition, and catalyst type (Kajiwara et al., 2021).



Table 2 Comparison of Pyrolysis Types (Lam, 2016)

Catalyti Flash
Type ata yt!c as . Microwave-assisted Co-pyrolysis
Pyrolysis Pyrolysis
Heati C tional
cating enventiona Rapid heating EM radiation Furnace/combined
Source furnace
T
S 400-600 >500 300-600 400-700
Range (°C)
Selecti
Key te etctwe Fast Uniform heating, fast | Synergistic yields,
output, lower .
Advantages conversion startu
g temperature p) less char
Liquid fuels, Bio-oil, light Liguid fuels, light .
Products Ui ues o-oi, 18 lquiciiuets, g Enhanced ocil + gas
syngas gases gases

Catalytic pyrolysis has been extensively studied due to its capability of reducing reaction
temperatures, improving product selectivity, and reducing tar formation (Aisien et al.,
2021). Co-pyrolysis, or the simultaneous pyrolysis of plastics with biomass or other
organic materials, has been shown to exhibit synergistic effects that improve overall
thermal efficiency and yield distributions (Hu et al., 2020). Microwave pyrolysis, where
electromagnetic radiation is used as the source of heat, has benefits of quick heating, energy
savings, and control of the process (Putra et al., 2022).

Flash pyrolysis and high-temperature processes, especially in fluidized bed reactors, have
been employed for fast waste conversion to liquid fuels and value-added chemicals
(KLAIMY etal., 2021). Design improvements, such as downdraft, bubbling fluidized bed,
and rotary kiln designs, have also increased the conversion efficiencies and scale-up

(Tokmurzin et al., 2022). Nonetheless, the built-in complexity in feedstocks of waste like
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mixed plastic streams, impurities, and uneven moisture and ash content makes consistent
product quality and conversion rates challenging to achieve (Martinez-Narro et al., 2022).
Moreover, environmental performance within pyrolysis processes is also dependent on
process conditions and feedstock properties. Based on life cycle assessments, optimally,
pyrolysis has better performance relative to mechanical recycling and incineration in
energy recovery as well as greenhouse gas emissions (Jeswani et al., 2021). Emissions and
residues of hazardous pollutants in processes also need to be tightly regulated to conform
to environmental regulations (Fu et al., 2022). The combination of renewable energy
sources like microwaves or solar-assisted heating with carbon capture technologies further
increases the scope of pyrolysis in sustainable waste valorization (Cudjoe & Wang, 2022).
Despite enhanced pyrolysis technology, one of the biggest challenges remains forecasting
product yields from heterogeneous feedstocks typical of MSW. Kinetic and mechanistic
models are generally poor in modeling the nonlinear dynamics and variability in real plastic
waste streams (Liu et al., 2022). To overcome this limitation, data-driven approaches have
been proposed, and machine learning (ML) techniques have been found extremely
promising in modeling complex systems (Shufian et al., 2022).

The predictive capability of ML algorithms stems from the ability to learn complex patterns
in data without being programmed with physical laws or assumptions. This flexibility
allows them to outperform traditional statistical or mechanistic models when one is
handling big, nonlinear, and high-dimensional data (Raj et al., 2023). Moreover, ML
models can be recalibrated and updated whenever new data emerges, making them adaptive
solutions for real-time decision-making under dynamic processing conditions. These

characteristics are particularly valuable for pyrolysis applications, for which feed



composition, operating conditions, and reactor configurations can be quite different
(Veksha et al., 2020).

A number of studies have used machine learning to model pyrolysis with encouraging
results. The overall process of such ML applications, from data input to predictions based
on models and control of the process, is shown in Figure 2. Artificial neural networks
(ANNSs) and ensemble learning algorithms, for example, have been reported to perform
better than other approaches in predicting product yields and optimizing process conditions
(Ortiz et al., 2022). These models have also been employed to perform sensitivity analyses,
and the significant drivers of variability in pyrolysis yields have been highlighted. With the
use of feature selection methods and interpretable Al software like SHAP, scientists are
now able to not only improve the performance of models but also provide meaningful
explanations regarding the physical processes underlying the trends observed (Chow et al.,

2017).

Figure 2 ML Applications in Pyrolysis Modeling (Shufian et al., 2022)

'C. H, Temp, Size,
CLN
RF, CatBoost,
ANN, LGBM
Liquid yield,
syngas, char

Input Features
ML Models

Predictions
Applications

Machine learning algorithms have increasingly been applied to predict product yields from

pyrolysis processes, e.g., the yield of pyro-oil, syngas, and char (Kajiwara et al., 2021).

Advanced ML algorithms, including Random Forest, LightGBM, CatBoost, and neural



networks, have shown excellent prediction performance in different waste valorization
applications (Hasanzadeh et al., 2022). Moreover, explainable ML techniques such as
SHAP (Shapley Additive Explanations) are employed increasingly to describe model
predictions and provide transparency concerning feature importance (Chow et al., 2018).
Studies such as those by Al-Yaari and Dubdub have applied artificial neural networks to
predict catalytic pyrolysis behavior of HDPE and mixed plastic waste (Areeprasert et al.,
2017). Several researchers, including Abnisa et al., utilized feedforward neural networks
along with backpropagation algorithms, i.e., Levenberg-Marquardt, for predicting plastic
pyrolysis liquid fuel yield (Daskalopoulos et al., 1998). Further research has included the
use of ensemble models that did a better job when dealing with noisy and heterogeneous
data from experimental pyrolysis results (Hendrawati et al., 2023).

Aside from their forecast applications, machine learning algorithms are increasingly being
applied towards process optimization. As an example, ML has been employed for the
calculation of optimum temperature and catalyst proportions to maximize fuel production
or minimize pollutant formation (Karimi Estahbanati et al., 2021). In some other instances,
ML has been combined with decision-support programs such as multi-objective
optimization procedures or utilized in conjunction with CFD models to produce a hybrid
algorithm to study a system (Grimaldos-Osorio et al., 2023). These integrative approaches
are a growing front in the application of ML to waste-to-energy systems, enabling more
efficient design and control of pyrolysis operations (Cudjoe & Wang, 2022).

As ML methods become increasingly mainstream and robust, their ability to manage new
forms of data—e.g., high-rate sensor data, infrared spectra, or gas chromatogram output—

adds value to pyrolysis science and industry. A natural next step enabled by these advances



is evolution from predictive modeling to intelligent control and real-time monitoring of
pyrolysis reactors. Thus, the use of ML in pyrolysis is growing from being an analytical
tool to a full-fledged platform for process innovation and automation (Chen et al., 2021).
Current studies have employed ML to predict yields in co-pyrolysis of plastics and biomass
(Veksha et al., 2020). For example, Alabdrabalnabi et al. employed ML to predict pyro-
char and pyro-oil yields for biomass-plastic mixtures, and Li et al. employed ML to
optimize zeolite-catalytic pyrolysis (Hendrawati et al., 2023). Implementation of ML into
waste-to-energy processes ensures optimum utilization efficiency, improves decision-
making, and aligns to sustainable development (Yamamoto & Eva, 2022).

A growing body of literature also depicts the use of hybrid methods that combine ML with
LCA, process simulation, or techno-economic analysis for evaluating the broader
implications of plastic pyrolysis (Jeswani et al., 2021). These techniques are used to
quantify the environmental, economic, and social benefits of using ML-optimized
pyrolysis processes compared to conventional ones. Moreover, ML has been used in
reactor-scale modeling to forecast emissions, byproduct yields, and conversion efficiencies
as a function of operating conditions (J. Wang et al., 2021).

The scalability of ML platforms is also enhanced through the assistance of open-access
datasets, cloud computing, and 10T device integration for real-time monitoring (Risco et
al., 2021). With the growing application of sensor networks and smart manufacturing
systems, ML-based pyrolysis reactors can be a core component of future waste valorization
infrastructure. These trends validate the relevance of ML both as a method of data analysis
but also as a primary support to convert to a circular, resource-efficient, and decarbonised

economy (Siddique et al., 2022).



1.2 Problem Statement

Despite its advantages, pyrolysis is encumbered by the lack of realistic models to compute
the partition of liquid, gaseous, and solid products, especially in application to complex
and varying feedstocks like MSW. Reaction kinetics or thermodynamic-based models are
limited in their assumptions and simplifications. Also, the application of ML to this area,
as encouraging as it is, remains in an extremely nascent stage and is often plagued by
shallow data, lack of explainability of results, and generalization performance against a
wide range of feedstock types and pyrolysis plants (Moo et al., 2019). There exists a critical
requirement for the design of robust, interpretable, and scalable ML models tailored
towards predicting pyrolysis yield over a gigantic range of input conditions.

Although numerous ML-based papers have shown effective prediction performance with
historical or test data, few address key issues like feature bias, model overfitting, or a lack
of capability to extrapolate outside the training domain. This restricts them to use in
industrial settings, where actual-time process variation and new waste streams are common
(Grimaldos-Osorio et al., 2023). In addition, some published models represent the
pyrolysis process as a black box with little explanation of the causal relationships between
input and output variables. This lack of transparency in models creates problems for
stakeholders who need validation, interpretation, or regulation of the system in use (Ortiz
etal., 2022).

Another major limitation is heterogeneity and variability of training data for ML models.
Experimental condition variability, measurement procedures, and feedstock
characterization variability across studies render data pooling and model verification
problematic. Absence of a common approach to data collection and preprocessing would

9



lead even the most advanced ML algorithms to generate suboptimal or misleading results
(Chow et al., 2018). Thus, standardized data structures and open-access databases for
reproducible and generalizable model development within the pyrolysis community are in
immediate demand (Risco et al., 2021).

Furthermore, there have been few efforts to combine ML with emerging sensing and
automation technologies for enabling real-time process control. Coupling of ML with
online monitoring equipment would be able to offer predictive maintenance, yield
prediction, as well as emissions monitoring, in essence rendering pyrolysis systems
intelligent and adaptive platforms (Chen et al., 2021). Such coupling would offer closed-
loop optimization and would also be compliant with Industry 4.0 principles, opening up

possibilities for smart waste valorization systems (Siddique et al., 2022).

1.3 Objectives of the Study

The primary objective of this thesis is to develop and test advanced machine learning
models for the prediction of liquid yield from pyrolysis of MSW and plastic waste. The
objective of this research is to develop a predictive model that is not just accurate but also
interpretable and capable of handling the complexity and variability of heterogeneous
waste streams. Special emphasis is placed on the integration of feature engineering
techniques and data normalization techniques for enhancing model performance,
reliability, and scalability.

The key research questions, corresponding methodologies, and anticipated findings are

tabulated in Table 3 for easy reference.

10



Table 3 Research Objectives and Expected Outcomes (Raj et al., 2023)

Objective

Method/Action

Expected Quicome

Develop ML models

Train RF, LGEM,

High accuracy

Apply SHAP analysis

interpretation

CatBoost predictions
Use R?, RMSE,
Evaluate performance Model comparison
MAE
Feature

Increased transparency

Introduce FEYN frameworl

Feature
normalization +
yield scaling

Generalizable model across
setups

1.4 Research Questions

This study aims to answer the following questions:

yield in MSW pyrolysis?

What machine learning algorithm produces the most accurate forecasts of liquid

e What are the most significant input features influencing the pyrolysis output?

e How are different ML models modeling the impact of feedstock and process

parameters?

e Can explainable ML techniques enhance trust and understanding in predictive

modeling?

These questions are asked not only to find the best-performing model but also to check the

interpretability and applicability of such models in actual applications. By exhaustive

11




analysis of model performance and explainability, the study aims to shed light on the
feasibility of ML for pyrolysis modeling. Additionally, insights into the ways different
features affect yield predictions will facilitate the creation of smart data collection
strategies and more efficient process optimization frameworks (Daskalopoulos et al.,
1998).

The answer to these questions will inform the selection and deployment of predictive
algorithms in pyrolysis systems and can ultimately contribute to the development of
intelligent, adaptive waste conversion facilities. The focus on explainability is especially
important to achieve transparency, which is often a limiting factor in the application of Al

models in engineering practice (Ortiz et al., 2022).

1.5 Significance of the Study

This study provides a significant contribution to environmental engineering, waste
management, and interdisciplinary data science research through the evidence of the
potential of machine learning application in the optimization of processes of
thermochemical waste conversion. The combination of ML models within pyrolysis
systems is capable of changing the modeling and control of product yields so that municipal
solid waste use is efficient and less dependent on landfills and incineration (Martinez-Narro
etal., 2022).

This research also aligns with national goals under Saudi Vision 2030. The combination of
ML with waste valorization for Vision 2030 pillars support is depicted in Figure 3. With

the support of the innovation of waste-to-energy technologies, the research supports

12



national efforts to counteract environmental pollution, enhance resource recovery, and

provide clean energy production (Yamamoto & Eva, 2022).

Machine Learning
Innovation

Advanced Waste
Valorization (e.g.,
pyrolysis)

Saudi Vision 2030 Pillars:
- Sustainable Energy

- Smart Industry
- Waste Minimization

1agoeudl duell dalooll
KINGDOM OF SAUDI ARABIA

Figure 3 ML-Pyrolysis Framework Aligned with Vision 2030 (Yamamoto & Eva, 2022)

This is also well in line with the objectives of Vision 2030 to increase innovation, boost
industrial productivity, and encourage the adoption of new technologies in priority sectors,
particularly with data-inspired intelligent models for MSW pyrolysis. Additionally, the
woes of plastic wastes are addressed while enabling local solutions on energy recovery;
thus, it complements the environmental goals in Vision 2030, such as landfill reliance and
enhancing municipal recycling rates (Meng et al., 2021).

Additionally, the study provides valuable advice to policymakers, engineers, and industry
actors who seek to implement Al-based systems into environmental infrastructure. The
emphasis on explainability and interpretability enables the constructed ML models to be
trustworthy and adopted in real-world applications, further spreading the technology

revolution foreseen by national and global sustainability agendas (Cudjoe & Wang, 2022).

13



1.6 Scope and Limitations

Limitation and scope of the study are compared conclusively in Table 4, where the research
focus areas of the study and excluded areas are shown. The models will be trained from a
dataset gathered from literature data and will have different input parameters such as
temperature, particle size, and element composition. The modeling platform will focus on
supervised learning approaches and emphasize interpretability by applying explainable Al

methods such as SHAP (Grimaldos-Osorio et al., 2023).

Table 4 Scope vs Limitations of the Study (Su et al., 2022)

Scope Limitations
Predicting liquid yield via ML Does not model gas or char yields
Dataset from published literature Variability in data quality
Supervised ML models only No experimental validation or deep learning included
Focus on explainability via SHAP Limited to offline (non-real-time) implementation

This work is confined to liquid yield prediction as the single output variable and does not
attempt to model gas and char yields in detail. In addition, the energy efficiency, emission
profiles, and process kinetics are out of the scope of this research. The work is not an
experimental verification or application in real-time but retrospective analysis of
previously published data (Hendrawati et al., 2023).

Limitations are the use of secondary data sources, which may have measurement technique,

reporting practice, or feedstock characterization inconsistencies. Therefore, the accuracy
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of the models can be influenced by hidden biases or noise in the dataset. Another limitation
is the generalizability of the models, especially across different reactor configurations,
catalyst systems, or region-specific waste compositions (Su et al., 2022). While the
research attempts to account for such variability by employing robust modeling and feature
engineering techniques, actual in-the-wild deployment may require additional site-specific
calibration.

Apart from that, some of the modern ML methods such as deep neural networks and
reinforcement learning are not explored in this study due to their higher computational
complexity and lower interpretability. Tree-based ensemble models and algorithms are the
area of interest when it comes to achieving a balance between transparency and accuracy
in a way that the models are interpretable as well as effective by the stakeholders (Chow et

al., 2017).

1.7 Organization of the Thesis

There are five chapters in the thesis. Chapter 1 presents the background, problem statement,
aims, significance, range, and study framework. Chapter 2 presents a systemic review of
existing literature in pyrolysis of plastic waste, machine learning, and conclusions from
previous research. Chapter 3 introduces the methodology: data collection, feature selection,
model training, and performance measures. Chapter 4 presents results from the predictive
models and provides implications. Chapter 5 offers concluding remarks summarizing
findings, contributions, limitations, and future directions for studies.

Every chapter is structured to have a logical progression from fundamentals to
implementation and findings. The literature review (Chapter 2) is a rigorous analysis of
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both pyrolysis and machine learning domains, setting research gaps and justification for
the study direction. Chapter 3 provides an open and reproducible methodology for the ML-
based modeling process, including the preprocessing steps, algorithm selection, and
performance metrics.

Chapter 4 is outcomes-focused, with comparative evaluations of ML models and SHAP
usage for interpretability. Not only is it effective for selected models, but it also provides
valuable insights regarding the most significant features influencing decisions and system
behavior. Chapter 5 integrates the research by highlighting the broader implications,
practical applications, and potential future directions for the application of Al in waste-to-

energy contexts.
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CHAPTER 2

LITERATURE REVIEW

2.1 Background and Motivation

The necessity of a worldwide plastic crisis and the inefficiencies of conventional waste
management practices have pushed growing studies into emerging approaches to
sustainable waste management. Pyrolysis, a thermal chemical process with potential to
convert plastic and MSW into valuable fuels and chemicals, offers an emerging solution
(Z. Wang et al., 2021). Advances in machine learning (ML) in recent years have also
enhanced the application potential of pyrolysis by offering predictive data and optimization
of the process (Shufian et al., 2022).

Plastic production has risen over the past two decades beyond 400 million metric tons
annually, a large portion of which ends up in landfills, oceans, or waste incinerators (Peng
et al., 2022). Traditional recycling processes are ineffective or economically unviable for
mixed and contaminated plastic waste streams. Hence, scientists resort to thermal and
catalytic processes such as pyrolysis, which can recover energy and yield marketable
byproducts while reducing environmental burdens (Kajiwara et al., 2021).

The application of machine learning to pyrolysis is within an overall trend toward data-
driven engineering (Raj et al., 2023). ML enables modeling of multivariate and highly
nonlinear systems such as pyrolysis reactors, which are sensitive to operating conditions

and feedstock heterogeneity. Combined with expert knowledge, ML offers useful tools for
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parameter optimization, yield prediction, and system optimization. This paradigm is
especially effective in the context of circular economy projects and climate-focused policy
like Saudi Vision 2030, which focuses on technological advancement and environmental
sustainability (Yamamoto & Eva, 2022).

Understanding how machine learning augments pyrolysis in the pursuit of low-emission,
high-yield processes requires a strong grasp of both the fundamental mechanisms of

pyrolysis and the computational methods used to model it.

2.2 Evolution of Pyrolysis for Plastic Waste Management

Pyrolysis has long been studied as a method of energy recovery from waste plastics since
it is able to destructurize long-chain polymers to lower molecular weight compounds under
inert conditions (Hendrawati et al., 2023). Early work focused on batch pyrolysis systems
with minimal control over process parameters and nonselective products. Over time,
technology such as catalytic pyrolysis, co-pyrolysis, and microwave pyrolysis has
enhanced the quality of the products and operating efficiency (Das & Tiwari, 2018).
Catalytic pyrolysis, particularly, utilizes zeolites and metal oxides as catalysts to manage
reaction pathways and increase selectivity towards liquid hydrocarbons (Aisien et al.,
2021). Co-pyrolysis of plastics with biomass or other waste streams has demonstrated
synergistic effects in improving product distribution and reducing operational costs (Hu et
al., 2020). Flash and microwave-assisted pyrolysis techniques offer rapid heating and
higher conversion rates, hence industrial scalability is made possible (Putra et al., 2022).
The recent years have seen the commercialization of pilot and industrial pyrolysis plants
worldwide, shifting from laboratory-scale research studies to real-world applications
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(Mayanti & Helo, 2022). Finland, Germany, and Japan have invested in modular pyrolysis
systems for farm plastic waste and packaging recycling. Besides, improvements in reactor
design, e.g., fluidized beds, auger reactors, and rotary kilns, have facilitated improved
thermal homogeneity, feedstock management, and continuous operation capabilities
(Cudjoe & Wang, 2022).

The role of catalysts has also been expanded to spent FCC catalysts, metal-doped supports,
and even biochar (Zhang et al., 2022). These catalytic systems are intended to improve
cracking efficiency, suppress secondary reactions, and favor the production of valuable
aromatic hydrocarbons and alkanes. Moreover, the concept of microwave-assisted
pyrolysis (MAP) has also found considerable support due to its capability to provide
volumetric heating, reduce energy losses, and provide shorter response times for
temperature-sensitive reactions (Bhattacharya & Basak, 2016).

Parallel to technological developments, environmental and economic studies have played
a crucial role in facilitating pyrolysis adoption. Life cycle analysis (LCA) and techno-
economic analysis (TEA) studies proved that, maximized, pyrolysis surpasses incineration
and landfilling in energy recovery, greenhouse gas emissions, and circular economy

integration potential (Jeswani et al., 2021).

2.3 Key Factors Influencing Pyrolysis Yield

The major variables influencing pyrolysis yield are summarized in Table 5. Elemental
composition—particularly carbon, hydrogen, oxygen, nitrogen, and chlorine content—

significantly affects the quality and quantity of the pyrolysis products (Kajiwara et al.,
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2021). Reactor design, such as fluidized bed and fixed bed configurations, also impacts
heat transfer and mass flow, ultimately influencing yield distribution (J. Wang et al., 2021).
Catalysts are also important in determining the product range, with certain mixtures of

catalysts enabling the selectivity in the formation of products (Martinez-Narro et al., 2022).

Table 5 Key Parameters Affecting Pyrolysis Outcomes (Kajiwara et al., 2021)

Factor Description Effect on Yield
Temperature Governs cracking depth Higher temp = more gas/light o1l
Heating Rate | Kinetic vs thermodynamic control Rapid rate = higher volatiles

Feedstock . . . . .
e?[‘ypzc Plastics vs biomass, mixed or sorted Alters oil/gas ratio

Catalyst Type Selectivity for aromatics or olefins

Zeolites, metals, clays

Reactor Fixed bed, fluidized bed. microwave, . . . .
) Impacts uniformity & residence time
Design rotary

Temperature is also employed as the most influential variable, since it dictates the degree
of polymer cracking, intermediate species generation, and end-product distribution (Xue et
al., 2015). Low temperatures (300-500°C) favor the generation of waxes and heavy oils,
but upon increasing temperature to (500-800°C), gas production and lighter hydrocarbon
generation increase. Heating rate interacts with temperature to create either kinetically or
thermodynamically controlled reactions, which affect the generation of volatiles and
secondary reactions (J. Wang et al., 2020).

The residence time of vapors within the reactor is an important parameter in establishing

product selectivity. Short residence times ensure condensable volatiles (bio-oil), whereas
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increased residence times result in over-cracking and conversion to permanent gases (Singh
etal., 2019). The feedstock properties, i.e., ash content and moisture content, are the factors
that can weaken reaction efficiency and reduce thermal conversion rates (Choudhary et al.,
2023). Mixed plastic waste is also more challenging because of its heterogeneity and
usually needs preprocessing processes such as sorting, shredding, or pelletizing to achieve
consistency (Yang et al., 2020).

Catalyst composition, in terms of metal doping, acidity, and pore size—has been shown to
change product distributions by favoring specific reaction pathways (Aisien et al.,
2021).The employment of HZSM-5 prefers aromatic hydrocarbon formation, while metal-
containing catalysts (Ni, Fe, Co) can prefer dehydrogenation and reforming reactions
(Zhang et al., 2022). Employment of used petroleum refining catalysts or modified natural
clays has also drawn attention for its potential cost savings and environmental acceptability
(Martinez-Narro et al., 2022).

Reactor design influences both thermal efficiency and residence time control. Fluidized
bed reactors enjoy improved heat and mass transfer and are best used in fast pyrolysis,
while fixed bed and batch reactors are largely used in lab tests due to their simplicity and
lower capital cost (Tokmurzin et al., 2022). Microwave and induction heating systems have
also been utilized in new designs to enhance uniform heating and reduce energy losses
(Motasemi & Ani, 2012).

They are inherently interconnected, so it is difficult to isolate their particular effects using
traditional experimental techniques. So, more and more there is a need for advanced data-
driven approaches, such as machine learning, to model and optimize pyrolysis performance

under complex, nonlinear, and multivariable conditions (Raj et al., 2023).
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2.4 Machine Learning in Pyrolysis Modeling

Machine learning has also emerged as a powerful tool in pyrolysis studies since it is capable
of modeling nonlinear relationships and learning from complex datasets. The common
machine learning pipeline applied in pyrolysis is illustrated in Figure 4 (Shufian et al.,

2022).

Interpretation

Figure 4 ML Workflow for Pyrolysis Modeling (Shufian et al., 2022)

Random Forest, LightGBM, CatBoost, Support Vector Machines, and artificial neural
networks (ANNS) are among algorithms that have been utilized to well predict pyrolysis
outcomes (Cascone & Gagliano, 2022). Table 6 provides an indication of these ML
algorithms applied to yield prediction. Such models are particularly beneficial where
limited experimental or kinetic data exist since they utilize empirical inputs and can be

applied to generalize in varied conditions (Galati & Scalenghe, 2021).



Table 6 Common ML Algorithms Used in Pyrolysis Studies (Cascone & Gagliano, 2022)

ML Method Random LightGBM CatBoost Neural Networks
Forest
Fast
Handles noise, S . Captures complex
Strengths good for big| Works well with patterns
high accuracy data categorical data
Use Case in . L Feature . L Regression +
Pyrolysis Yield prediction importance Yield prediction Classification

Explainable ML techniques, e.g., SHAP (SHapley Additive exPlanations), are increasingly
used to assess feature importance and model transparency (Chow et al., 2017). This
interpretability is a key factor to achieve stakeholder trust and model applicability for real-
world implementations. Hybrid approaches combining ML with life cycle assessment
(LCA) and techno-economic analysis (TEA) also enhance decision-making through
integrated assessments of pyrolysis technologies (Jeswani et al., 2021).

In addition to regression-type models for yield prediction, classifiers are also being
explored to classify pyrolysis outcomes based on input characteristics such as feedstock
type or reactor design (Kim et al., 2018). Clustering algorithms like k-means and DBSCAN
are also used to group similar experimental conditions and identify patterns in operational
data that might not be evident by conventional statistical methods (Kim et al., 2018).

One of the most important elements of ML modeling is feature engineering—the process
of selecting, converting, and designing suitable input variables from raw data (Liu et al.,
2022). For pyrolysis, this might mean normalizing elemental compositions, encoding

categorical features such as plastic type into numerical representations, or combining
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variables to represent derived factors such as oxygen-to-carbon ratios. Good feature
engineering significantly improves model accuracy and generalizability (Grimaldos-
Osorio et al., 2023).

Recent advances have also introduced ensemble techniques that combine predictions from
multiple models to reduce variance and increase robustness (Hasanzadeh et al., 2022).
Techniques such as stacking, boosting, and bagging are particularly well-suited for
pyrolysis data, which are prone to multicollinearity and noise because of variability in
experimental reporting. Moreover, deep learning methods such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs) are coming under preliminary
scrutiny regarding their ability to model temporal behavior in continuous pyrolysis
processes (Martinez-Narro et al., 2022).

Despite all these developments, there remain difficulties in making ML models not just
accurate but also interpretable, scalable, and resilient to different process conditions (Ortiz
et al., 2022). With the technology developing towards real-time monitoring and smart
control systems, the union of ML with sensor technologies and industrial automation will

be a major enabler in the next generation of waste-to-energy plants (Risco et al., 2021).

2.5 Previous Studies on ML-Based Yield Prediction

A number of studies have evidenced the efficacy of ML in liquid yield prediction and
optimization of pyrolysis parameters (Moo et al., 2019). For example, feedforward neural
networks on experimental data have been employed to predict product yields for various
plastics with high accuracy (Daskalopoulos et al., 1998). Ensemble methods like Gradient
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Boosting and Random Forest have been found to be effective in handling noisy and
heterogeneous datasets (Khalid et al., 2022). Some researchers have integrated ML with
process simulations and real-time monitoring systems to deliver adaptive control and
predictive maintenance of pyrolysis reactors (Veksha et al., 2020).

New research has also extended ML techniques in co-pyrolysis with better prediction in
mixed-feedstock (Hendrawati et al., 2023). Such and other similar studies highlight proper
data quality, proper feature selection, and parameter tuning in achieving accurate
predictions (Raj et al., 2023).

For instance, Alabdrabalnabi et al. employed machine learning models to predict co-
pyrolysis biomass-plastic mixture pyro-char and pyro-oil yields, with the accuracy of
predictions increasing when elemental composition and operation conditions were used as
input features (Alabdrabalnabi et al., 2022). Li et al. employed LightGBM and SHAP to
clarify the effects of zeolite catalysts on product yield during catalytic pyrolysis, enhancing
prediction as well as interpretability (Li et al., 2025).

Abnisa et al. also used Levenberg-Marquardt backpropagation to train neural network
models for predicting fuel yield from plastic waste pyrolysis, and demonstrated outstanding
accuracy using data mined from diverse experimental studies (Abnisa et al., 2019).
Meanwhile, Dubdub and Al-Yaari trained ensemble models to forecast product distribution
under various thermal and catalytic conditions, once more verifying the effectiveness of
ML methods in simulating the nonlinear dynamics of pyrolysis reactions (Al-Yaari &
Dubdub, 2020).

Hybrid approaches involving ML and kinetic modeling, process simulation, or LCA have

been explored (Jeswani et al., 2021). Not only do these combined approaches increase
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prediction but enable scenario analysis for economic and environmental evaluations.
Others have also explored the use of ML for catalyst selection and process scale-up,
demonstrating the feasibility of Al-assisted decision-making in system design and

operation (Chen et al., 2021).

2.6 ldentified Research Gaps

While more and more studies have come out on ML-augmented pyrolysis modeling, many
challenges still remain. The most significant constraints are:
o Data reporting and collection inconsistencies between studies, which complicate
model generalization (Paul et al., 2018).
e Poor interpretability of advanced ML models, particularly deep learning
architectures (Chow et al., 2018).
o Insufficient actual-time data streams that integrate yield outcomes with operations
sensor data (Fu et al., 2022).
o Insufficient investigation of model deployment in industrial-scale settings
(Siddique et al., 2022).
These loopholes point towards the need for standardized datasets, explainable algorithms,
and scalable frameworks that can be applied in the real world. Overcoming these
challenges will facilitate the broader application of Al-based solutions in sustainable waste-
to-energy systems (Yamamoto & Eva, 2022).
Another prime challenge of the center lies in feedstock composition heterogeneity by

seasons and regions. Plastic waste and MSW heterogeneity pose difficulties in developing
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pan-regional models (Su et al., 2022). With the absence of regional waste profiles and
preprocessing, transferability of models is limited. This yet again calls for regional-specific
datasets and learning models that are flexible in learning localized information in real-time
(Han et al., 2022).

In addition, the majority of the current literature focuses on yield prediction, with
comparatively little work on multi-objective optimization. Most ML models are trained to
predict a single output—most commonly liquid yield—without consideration of emissions,
energy consumption, or economic feasibility simultaneously (Anuar Sharuddin et al.,
2017). Future research must focus on multi-objective methods that optimize competing
criteria to maximize the overall sustainability and profitability of pyrolysis systems
(Cudjoe & Wang, 2022).

Transparency and reproducibility of machine learning research are also concerns. There
are few works that release their code, data, or model architecture publicly, and this
complicates it to benchmark and collaborate across the research community (Motasemi &
Ani, 2012). Open-access repositories and standard validation procedures for models would
accelerate development in the area considerably (Risco et al., 2021).

In addition, limited interaction between stakeholders in the industry during co-creation and
experimentation of the models further constrains the applicability of studies to real-world
scenarios. Bridging the gap through industrial case studies, joint platforms, and pilot-scale
demonstrations is needed to validate that ML-based models conform to operating needs
and regulatory standards (Meng et al., 2021).

Lastly, there is a lack of frequent collaboration between environmental engineers, data

scientists, and industrial partners. This hinders the development of usable tools that can
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readily integrate ML models into reactor control systems, monitoring systems, or decision-
support systems for policymakers and operators (Karimi Estahbanati et al., 2021).

To address the issue of data heterogeneity and to improve model generalization across
diverse pyrolysis conditions, this study proposes a new Feature-Engineered Yield
Normalization (FEYN) framework. The FEYN approach normalizes yield prediction via
customized preprocessing and feature transformation strategies, enabling reliable and
interpretable results even with input data of different sources or experimental protocols.
This system can complete a critical area of research by offering a scaleable, transferable
solution that can be used in multiple pyrolysis configurations and waste streams (Siddique

etal., 2022).

2.7 Summary

This chapter summarized the historical development of pyrolysis technology in plastic
waste management and emphasized the revolutionary impact of machine learning on yield
forecast and system optimization. The literature evidences considerable advancement in
modeling methodologies, but also points to areas of research of critical importance. The
following chapter will detail methodology used in this thesis, from data acquisition through
preprocessing, model formulation, and evaluation methods.

Pyrolysis has also proven to be a multi-functional plastic and MSW valorization approach,
through reactor design improvement, catalyst development, and heat management
advances. Its ability to convert heterogenous waste to liquid fuels, syngas, and char makes

it a key component of circular economy designs. Meanwhile, machine learning approaches
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have proven to excel in predictive efficiency, reducing experiment cost, and understanding
complex process behavior.

In spite of these developments, challenges such as data inconsistency, interpretability, and
deployment limitations must be addressed to bridge the gap between research and industrial
uptake. The integration of Al with real-time monitoring, life cycle assessment, and
optimization methods holds the promise of future smart waste management systems.

This chapter provides the technical and situational foundation for the methodological
approach presented in Chapter 3, where the preprocessing pipeline of the study, dataset,
machine learning environment, and performance metrics will be discussed in detail to lay

down the feasibility of data-driven pyrolysis modeling.
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CHAPTER 3

METHODOLOGY

3.1 Data Collection and Preprocessing

This research uses a sound dataset of 325 experiment observations collected from over 39
peer-reviewed papers on pyrolysis of plastic waste and municipal solid waste (MSW). The
response variable is liquid yield (%), which is the percentage of condensable oil extracted
by thermal decomposition of the waste under controlled pyrolytic conditions.

The data set is highly heterogeneous, reflecting the wide range of plastic waste
compositions, operating temperatures, reactor conditions, and characterization methods.
Observations for which complete input and output parameters were available were utilized
to make the data set consistent. The input features included are:

* Elemental composition: Carbon (C), Hydrogen (H), Nitrogen (N), Oxygen (O), and
Chlorine (ClI), the molecular inorganic and organic composition of the feedstock.

* Particle size (mm): Controls heat and mass transfer during thermal degradation.

* Heating rate (°C/min) and reaction temperature (°C): Influence the product distribution
and pyrolysis kinetics.

* Polymeric constituents (% by weight): HDPE, LDPE, PP, PS, PVC, PET, which define
the plastic matrix and its thermochemical characteristics.

All element concentrations were placed on a dry-weight basis to eliminate moisture effect,
and temperature/size measurements were normalized among data sources. To eliminate

bias, duplicated entries were removed, and outliers were identified using interquartile range
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(IQR) and domain-specific thresholds validated against literature-reported norms.
Observations with unrecoverable missing values were excluded, while minor gaps in the
dataset were imputed using mean or median values informed by neighboring points from
the same experimental study.

For improving the quality of downstream machine learning models, the entire dataset was
analyzed both visually and statistically using histograms, box plots, and correlation
matrices to ensure there was variation in every feature without any dominant collinearities.
For example, C and H had moderate positive correlation, and Cl values ranged widely due
to variation in the PVC content.

The last cleaned dataset had 14 input features and 1 output variable. Features were
normalized prior to modeling so that they have the same contribution in training. A
snapshot of the dataset statistics is given in Table 7 with the mean, standard deviation, and
range of each variable.

This preprocessing phase established an equal and steady foundation for advanced data-

driven modeling using machine learning techniques, described in the following sections.
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Table 7 Statistical Summary of Input Features (n = 117)

Feature Mean Standard Deviation Min Max
Carbon (C) (%) §2.31 11.46 38.40 091.93
Hydrogen (H) (%) 12.06 358 4.21 14.40

Nitrogen (N) (%) 0.00 0.00 0.00 0.00
Oxygen (O) (%) 3.04 8.74 0.00 3295
Chlorine (CI) (%) 2.54 11.54 0.00 56.80
Particle Size (mm) 13.99 30.72 0.50 100.00
Temperature (°C) 498.38 71.24 350.00 800.00
Heating Rate (*C/min) 13.24 10.83 5.00 50.00
LDPE (%) 32.21 38.16 0.00 100.00
PP (%) 19.94 3422 0.00 100.00
PS5 (%) 14.74 32.13 0.00 100.00
HDPE (%) 18.89 30.06 0.00 100.00
PVC (%) 4.48 2031 0.00 100.00
PET (%) 9.17 26.49 0.00 100.00

3.2 Feature Engineering

converge faster and provide more stable outcomes.
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All the selected features were numerically encoded and standardized by StandardScaler to
make their contributions equal to all models. Elemental compositions, operating
conditions, and polymeric fractions were employed in their original form to preserve

physical interpretability. Standardization allowed the training algorithms of the models to




The binning step with KBinsDiscretizer enabled stratified splitting based on the target
variable so that all cross-validation folds possessed a fair balance of high-yield and low-
yield experiments. It was an important method in enhancing validation robustness in target-
sensitive models.

No other feature transformation or combination (multiplicative or interaction terms) was
applied to ensure that models derived from intrinsic feature selection (e.g., Random Forest,
XGBoost, Feyn symbolic regression) would remain interpretable and unbiased as a result
of synthetic feature inflation.

Visual inspection of the feature distributions with histograms and boxplots showed that
most features had unimodal distributions with negligible skew. As a result, no logarithmic
or non-linear transformations were performed.

This diligent feature preparation ensured that the dataset was both statistically significant
and chemically important, providing a sound foundation for fair and consistent

performance from all the competing models.

3.3 Model Selection and Justification

A brief overview of the models used in this work is presented in Table 8. This table outlines
the character of each model, their specific strengths, and the rationale for their selection in
the case of pyrolysis liquid yield prediction. The comparison highlights the spectrum of
modeling strategies—from transparent symbolic regression to state-of-the-art best practice
ensemble methods—offering both transparency and predictive performance across a range

of experimental conditions.
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Table 8 Machine Learning Models Overview

Model Type Strengths Justification
Fevn Symbolic Regression Symbolic Interpretability, Closed-form Symbolic understanding of yield
(QLatfice) Regression EXpressions relationships
Ensemble Robust, low variance, handles Baseline model for ensemble
Random Forest (RF) (Bagging) non-linearities learners
Ensemble Fast, handles categorical variables Efficient training and accurate
CatBoost (Boosting) well results
Ensemble Highly optimized, supports Benchmark model in structured
XGBoost (Boosting) regularization data tasks
Gradient Boosting Decision Ensemble Standard reference for boosting
Trees (GBDT) (Boosting) Reliable baseline, widely used methods
Ensemble Optimized for large tabular
LightGBM (Boosting) Fast and memory-efficient datasets
AdaBoost with 5SVR Base Ensemble Combines robustness of SVR with | Tests benefit of hybrid boosting
Estimator {Boosting) boosting with kernels

In order to compare and contrast predictive performances, eight regression models were
selected based on accuracy, generalization capacity, explainability, and appropriateness for
chemical engineering data sets. These models utilized in this study are:

*Feyn Symbolic Regression (QLattice): Generates closed-form symbolic expressions, thus
highly interpretable and explainable.

*Support Vector Regression (SVR): Applicable for modeling nonlinear relationships in
high dimensionality space.

*Random Forest (RF): A non-parametric ensemble method that is sturdy and can model
complex nonlinear relationships.

*CatBoost: An advanced gradient boosting algorithm optimized for fast training and great

categorical feature support, although all the inputs here are numeric.
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*XGBoost: Well-liked for its regularization and speed in computation, extensively applied
in machine learning competitions and business.

*Gradient Boosting Decision Trees (GBDT): A classic boosting algorithm from scikit-
learn, useful for baseline performance.

*LightGBM: A gradient boosting framework that utilizes histogram-based learning to
speed up and save memory while training.

*AdaBoost with SVR Base Estimator: A combined ensemble approach that blends the
iterative reweighting strategy of AdaBoost with the non-linear regression capability of
SVR. The model was included to examine whether adaptive boosting enhances
generalization when using kernel-based base learners.

Acrtificial Neural Networks (ANN) were not considered for the final model comparison due
to their reduced interpretability, sensitivity to a small dataset, and suboptimal performance
in early evaluations.

Each of the models was selected in order to confront the predictability-explainability trade-
off, especially that involving modeling experimental systems for which explanatory

understanding of influence on features is of central importance.

3.4 Hyperparameter Tuning

To ensure equal and optimal comparison across models, hyperparameter tuning was
conducted for each algorithm using GridSearchCV or Optuna, depending on computational
viability, parameter search space, and model architecture. Tree-based models such as
Random Forest, GBDT, XGBoost, CatBoost, and LightGBM were tuned with extensive
grid search over important hyperparameters including the number of estimators, learning
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rate, maximum tree depth, minimum samples per leaf, feature subsampling ratios, and
L1/L2 regularization terms.

For example, XGBoost and LightGBM models were tuned on learning rate (0.01-0.3)
combinations, tree depth (3-10), and subsampling ratios (0.5-1.0) with regularization
parameters (alpha, lambda) tuning to minimize overfitting. CatBoost grid included
hyperparameters such as iterations, depth, and bagging temperature.

Support Vector Regression (SVR) estimators were tuned across a range of kernels (e.g.,
RBF), regularization parameters (C), epsilon parameters, and kernel-dependent gamma
parameters. SVR was also tuned along with the learning rate and number of estimators of
the boosting algorithm as a base estimator in AdaBoost to enhance its ensemble
generalization.

Feyn symbolic regression on the QLattice was tuned primarily by adjusting the number of
training epochs (typically 150 to 300) and limiting the maximum model complexity for it
to remain interpretable. Model selection was done manually based on comparative
performance on train/test splits and symbolic meaning of the discovered equations.

All hyperparameter optimization was done under a controlled environment with a fixed
random seed value (2025) for reproducibility purposes. The same stratified
training/validation folds were applied for model assessment in each tuning iteration for
ensuring comparability. The best parameter settings were then used for final model
performance assessment.To enable transparency, the full collection of hyperparameter

ranges and the optimal values obtained for all models provided in Figure 5.
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Figure 5 Optimal Hyperparameter Settings

3.5 Evaluation Metrics

Performance of all models was measured through three basic measures: the coefficient of
determination (R?), root mean square error (RMSE), and mean absolute error (MAE).
These were chosen to balance between variance explained by the model and magnitude of
prediction error:

* R? Score (Coefficient of Determination): It calculates the percentage of dependent
variable variance explainable by independent variables. Higher R2 value means better
predictability.
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* RMSE (Root Mean Square Error): Penalizes large errors more than small ones, providing
a good estimate of overall model accuracy.

* MAE (Mean Absolute Error): Traces the typical size of errors without punishing big
differences as much as RMSE.

Additionally, visualizations such as parity plots (predicted vs. actual yield), residual
distribution histograms, and model ranking bar charts were created to facilitate intuitive
comparison across models. These visual tools were used to detect systemic bias,
heteroscedasticity, and overfitting.

Where applicable, model performance on the held-out validation subset was supported with
performance summaries that highlighted not only the average error but also the minimum
and maximum bounds across folds. This allowed the evaluation to reflect both the central
tendency and range of each model’s prediction accuracy.

These metrics and visual analyses collectively informed the selection of the most
appropriate model for predictive pyrolysis yield modeling based on accuracy, consistency,
and interpretability. Table 9 presents the mathematical formulation and interpretation of

each metric used in this study.

Table 9 Evaluation Metrics

Metric Formula Interpretation

Good f fit (cl to1
R? 1-(Z(y_true -y_pred)®/ Zy_true - mean(y_true))®) oodness of fit (closer to

= better)
RMSE J(Z{y_true—y_predff nj Penalizes large errors
MAE z y_true -y_pred

Model generalization

CVR? Average R from Cross-Validation folds -
capability
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3.6 Feature Importance Analysis

Interpretability is a critical requirement in machine learning application to engineering
systems, particularly in fields like pyrolysis where understanding feature influence can
directly be used to optimize experiments. Hence, feature importance analyses were
rigorously performed on all the models that were developed.

Tree-based models like XGBoost, Random Forest, Gradient Boosting (GBDT),
LightGBM, and CatBoost naturally provide feature importance scores based on the
frequency and quality of feature utilization in node splitting. Features used to realize
greater reductions in impurity (e.g., mean squared error for regression trees) during tree
construction receive higher importance scores in such models.

In addition to native importance scores, a more recent interpretability approach, SHAP
(SHapley Additive exPlanations), was also used, particularly for the XGBoost model.
SHAP values give the marginal contribution of each feature to the model output for each
individual prediction, giving a global and local explanation framework. SHAP analysis
relies on cooperative game theory and satisfies properties like consistency and local
accuracy, hence being a good candidate for feature attribution.

Feature importance plots from each model are presented in Chapter 4, offering
visualization of relative weight of each feature. These findings not only confirmed known
chemical and physical pyrolysis mechanisms but also created new data-driven evidence
supporting process optimization approaches.

This strict feature interpretation ensured that the machine learning models developed
within this study were not only prediction black boxes, but also tools for obtaining
scientific understanding of the most critical variables controlling pyrolysis liquid yields.
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3.7 Summary of Methodology

This chapter explained the complete workflow adopted in this research — starting from
data collection to feature engineering, machine learning model development, and thorough
model validation. The approach was designed carefully such that predictive quality as well
as scientific interpretability were both achieved, keeping in mind best practices in data-
driven research.

The study began by collecting and aggregating a painstakingly curated pyrolysis dataset
from multiple peer-reviewed sources, resulting in a diverse, high-quality database covering
a wide range of feedstock composition, process conditions, and experimental designs.
Rigorous data cleaning and standardization processes were utilized to ensure greatest
consistency and lowest noise.

Then more advanced feature engineering strategies were employed to extract chemically
meaningful variables like elemental ratios and interaction terms. These engineered features
along with raw descriptors were normalized and served as the foundation for model
training.

Six predictive modeling techniques were employed:

XGBoost, Random Forest, Gradient Boosting, LightGBM, and CatBoost were chosen
based on their ability to handle structured tabular data as well as nonlinear relationships.
FEYN QSymbolic regression on Lattice was added to obtain interpretable algebraic models
that capture underlying patterns previously obscured by standard black-box approaches.
In addition to model accuracy, feature importance analysis was conducted to identify the

driving factors in pyrolysis yield prediction. In addition, SHAP analysis was specifically
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applied to the XGBoost model to further enhance interpretability by quantifying the
contribution of each feature to a particular prediction.

Employment of both ensemble machine learning models and symbolic regression
frameworks allowed a rigorous evaluation of trade-offs between accuracy and
interpretability, satisfying both predictive and explanatory modeling demands.

This methodological foundation is a sound and reproducible basis for the reporting of
results and careful consideration in the following chapter, where detailed presentation of

the comparative performance of the models and key findings is given.
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Overview

This chapter presents the results of assessment for a number of machine learning models
applied to predict municipal solid waste and plastic pyrolysis liquid yield. The overall goal
is to assess each model's predictive accuracy, generalizability, and interpretability based
on the approach (Chapter 3). Seven machine learning models were developed and
extensively validated, e.g., Random Forest (RF), Gradient Boosting Decision Trees
(GBDT), AdaBoost with Support Vector Regression (AdaBoost-SVR), XGBoost,
CatBoost, LightGBM, and Feyn Symbolic Regression.

All the models were trained for 70/30 training-validation and then tested for
generalizability. Performance as predictors was tested using three simple metrics: R2
(coefficient of determination), RMSE (root mean square error), MAE (mean absolute

error).

4.2 Machine Learning Model Performance

Seven machine learning models were trained and evaluated in the present study: Random
Forest, Gradient Boosting Decision Trees (GBDT), AdaBoost with SVR, XGBoost,

CatBoost, LightGBM, and Feyn symbolic regression..
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Table 10 lists the performance metrics of all models. Ensemble tree-based boosting
methods—CatBoost and XGBoost specifically—had the largest test set R? values (0.8060

and 0.8375, respectively) indicating good predictive performance.

Table 10 Machine Learning Model Performance Metrics

Model RF GBDT | AdaBoost+SVR| XGBoost |CatBoost| LGBM Feyn
Train R® | 0.9331 | 0.9435 0.8675 0.9139 | 0.9283 | 0.8927 0.842
TestR® | 0.8952 | 0.8940 0.8680 0.8375 | 0.8060 | 0.7916 0.827
Test RMSE | 8.0937 | 8.1413 9.0838 10.0771 | 11.0115 | 11.4140 9.82
Test MAE | 5.8300 | 5.8045 6.9900 7.3872 | B.0243 | 8.6786 7.94

Gradient Boosting (GBDT) and Random Forest models were also highly competitive, with
favorable train and test R? values (GBDT: 0.9435 training, 0.8940 testing; RF: 0.9331
training, 0.8952 testing).

AdaBoost-SVR model provided good accuracy (test R2: 0.8680), yet it performed better in
possessing lower MAE values (6.9900 test MAE) to exhibit steadiness in reducing large
errors.

Efficient and fast LightGBM achieved relatively lower test R (0.7916) and relatively
higher test MAE (8.6786). While its performance was good, it was inferior to XGBoost
and CatBoost, potentially due to its sensitivity to its hyperparameters.

Feyn QLattice, though not the most performing in terms of predictive metrics (test R
0.827), performed well across all aspects and produced symbolic expressions that were

simple to interpret.
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These results underscore that ensemble-based approaches are best suited to model
nonlinear, multi-feature relationships typical of pyrolysis data. However, incorporating
symbolic regression provides more interpretability, essential for hypothesis generation and

mechanistic insight in chemical engineering challenges.

4.3 Feature Importance and SHAP Analyses

Understanding the features with the largest influence on liquid yield is valuable not only
to improve model performance but also to extract scientific insights that benefit
experimental design and process optimization in pyrolysis systems. This section presents
the feature importance profiles for each tree-based model used in this work: Random Forest
(RF), Gradient Boosting Decision Trees (GBDT), XGBoost, CatBoost, and LightGBM.
All models generate importance values using its own learning process. Tree ensembles
based on trees will give higher importance to features that are more efficient in node
impurity reduction (e.g., MSE). For models with different architectures, there was a general
pattern: Particle Size, Temperature, and polymers types (PP, HDPE, LDPE, PET) were
most significant features in most models.

For example, Particle Size consistently ranked among the top three most important
variables in all five models, emphasizing its physical significance in controlling heat
transfer and reaction kinetics in the pyrolysis process. Similarly, PP, HDPE, and LDPE
polymers had high predictive weight, likely due to their differing degradation pathways

and oil yields.
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CatBoost and GBDT emphasized C content alongside process parameters, while XGBoost
identified PET and PVC as surprisingly strong contributors. This variation may arise from
how boosting algorithms adjust weights iteratively, capturing subtle interactions not seen
in bagging-based models like Random Forest.

For example, Particle Size was consistently one of the three most influential variables in
all five models, pointing to its physical function in controlling heat transfer and reaction
Kinetics within the pyrolysis process. Similarly, PP, HDPE, and LDPE polymers also
figured high on predictive weight, perhaps due to their different degradation mechanisms
and oil yields.

CatBoost and GBDT emphasized C content with process parameters, while XGBoost
selected PET and PVC as surprisingly strong features. This discrepancy lies in boosting
algorithms' iterative updation of weights, which captures fine-grained interactions beyond

bagging-based models like Random Forest.
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Figure 6 Comparative Feature Importance across Tree-Based Models

These results demonstrate the scientific interpretability of ensemble machine learning.
Performance metrics like RZ2 and RMSE assess predictive performance, but feature
importance values complete the loop between "black-box™ modeling and actionable
engineering knowledge. In doing so, the built models serve not one, but two goals: accurate
prediction and enhanced understanding of pyrolysis mechanisms.

In the end, Figure 7 shows a SHAP analysis of our study.
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4.4 Symbolic Regression Results

Symbolic regression using the Feyn QLattice provided valuable contrast to traditional

black-box modeling by generating mathematical equations that describe input variable

interaction and liquid yield as clear and readable. As contrasted with ensemble- or kernel-

based models, wherein the application of post-hoc explainability tools is invoked, symbolic

regression naturally vomits out transparent equations,

best suited for science

comprehension and hypothesis generation in the pyrolysis context.

The best performing Feyn model was trained with 150 epochs and a maximum complexity

of 250. The success of this model was a train R2 of 0.842 and test R2 of 0.827, with test
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RMSE and MAE of 9.82 and 7.94, respectively. This is an indication of a good trade-off
between accuracy and simplicity, considering that the model only uses a finite number of
operations to specify relationships.

Figure 8 below presents the final symbolic expression discovered by the Feyn QLattice
model. The equation illustrates how the polymeric content (HDPE, LDPE, PET, PVC),
operating temperature, and particle size interact with one another to influence the liquid

yield:

—0.654LDPE — 0.549PET — 1.41PVC — 37.4(0.0216 HDPE —

2.25) (—0.0257THDPE — 0.0145PVC + 0.0836) (—0.0546 ParticleSize +
(0.752 — 0.052LDPE) (0.0338H DPE + 0.00483T emperature — 3.74) +
0.537) +91.4

Figure 8: Symbolic Expression using Feyn QLattice
This equation expresses certain nested relations, primarily the coupling between
temperature, particle size, and polymer types. More specifically:
* The model penalizes the contribution of PET and HDPEin some environments, thus
implying that an excess may drop yield below some threshold.
*Temperature-particle size interaction is in line with experimental findings in pyrolysis
kinetics where optimal heating ranges and diminishing particle sizes improve mass transfer
and reaction completeness.
Though this model does not outperform tree-based ensembles by all measures, it
compensates for this with scientific transparency. Engineers and scientists are now able to
directly interpret the variables and interactions governing yield—information crucial for

designing optimal pyrolysis processes.
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4.5 Discussion

Comparative study of the seven machine learning models illustrates some important points
on their predictability and applicability in real-world scenarios to model pyrolysis liquid
yield of mixed plastic and MSW feedstocks.

The ensemble methods, particularly XGBoost and CatBoost, yielded the best stable
predictive performance with test R values of 0.8375 and 0.8060, respectively. Their ability
to handle complicated, nonlinear relationships and interactions between features, and
effective regularization methods, enabled them to generalize across different data splits.
The Gradient Boosting Regressor (GBDT) and Random Forest models also performed
well, with test Rz of more than 0.89 train R? of 0.9331. This is because it does not contain
any internal regularization that makes it more prone to learning dataset-specific noise
unless constrained.

Notably, the hybrid model AdaBoost-SVR also performed moderately with a test R2 of
0.8680, finding a compromise between error minimization and flexibility. Its
comparatively lower test RMSE (9.0838) and MAE (6.9900) suggest its applicability in
reducing large prediction errors, which is especially valuable in quality-critical or safety-
critical pyrolysis applications.

While LightGBM had the weakest test R2 (0.7916) of the ensemble models, its fast training
time and scalability make it an attractive option for larger datasets.

The Feyn symbolic regression model contributed an additional yet valuable dimension to
the modeling ecosystem. With test R2 = 0.827, Feyn not only had good predictive
performance but also returned an explicit mathematical expression (Figure 8) for the

relationship between significant input features and liquid yield. This kind of symbolic
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transparency is especially valuable in academic and regulatory contexts where model
interpretability is prized alongside accuracy.

Feature importance analysis also supported these performance results. Particle Size,
Temperature, and polymeric constituents (PP, HDPE, and PET) were uniformly among the
topmost features in all tree-based models. Consistency with these established chemical
principles governing pyrolysis behavior (increased surface area and reaction rates with
decreasing particle sizes, polymer type dictating thermal degradation characteristics and
oil-forming tendency) verifies the correctness of these results.

Particularly, CatBoost and LightGBM assigned highly different importance weights to
Particle Size (25.18 and 230, respectively), while XGBoost assigned super-major
importance weights to PET (42.63%) and PVC (16.14%). Such variation in importance
weights across models encompasses not just architectural variations in the models but even
how feature interactions are encoded internally.

The combination of black-box (ensemble models) and white-box (symbolic regression)
methods in this work adequately balances predictive accuracy and scientific
interpretability, thereby creating a sound modeling approach for pyrolysis yield prediction.
Ensemble models ensure high performance for operational decision-making support, while

symbolic models enable mechanistic understanding and optimization.

4.6 Summary of Chapter 4

This chapter accounted for implementation and comparison of recent machine learning and
symbolic regression models to predict liquid yield from municipal solid waste and plastic
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waste streams pyrolysis. Seven models were implemented, trained, and tested on both
traditional performance metrics (R2, RMSE, MAE).

The comparison in Section 4.2 highlighted the better performance of XGBoost and
CatBoost, which achieved the highest test R2 values (0.8375 and 0.8060, respectively).
Both GBDT and Random Forest also performed well with test R2? values of nearly 0.89.
AdaBoost + SVR, despite retaining relatively lower train R, had good generalization and
consistent MAE performance, offering a good hybrid choice. LightGBM achieved
acceptable scores but fell short by a fraction in both test accuracy and robustness in
generalization. Feyn symbolic regression, even though less accurate on unprocessed
measures, yielded very high interpretability with test R? of 0.827 and an algebraic
expression that revealed underlying mathematical relationships within the data.

In Section 4.3, consistent trends in feature importance analysis across models were
observed. Most critical variables included Particle Size, Temperature, PP, PET, and HDPE,
with physical feedstock properties and polymer composition playing a crucial role in
defining the efficiency of pyrolysis. The results corroborated existing experimental
findings and offered data-driven justification for prioritization of most important variables
in subsequent process optimization.

Section 4.4 offered symbolic regression via application of the Feyn QLattice. The symbolic
expression achieved not only compared favorably to ensemble models in quality but also
permitted transparency of mathematical relationships—a regulatory, engineering, and
environmental modeling application strength. The equation graphically presented in Figure
8 offers an intermediary representation between white-box physical models and black-box

machine learning.
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The comparative analysis in Section 4.5 further reinforced the advantage of integrating
both high-performing ensemble models and interpretable symbolic models. Ensemble
methods such as XGBoost and CatBoost are ideal when predictive accuracy is paramount,
particularly for control and automation in industrial systems. On the other hand, symbolic
regression is highly useful for hypothesis generation, feature sensitivity analysis, and
scenario modeling where explainability is vital.

In conclusion, this chapter demonstrated the feasibility and strength of using machine
learning tools to model pyrolysis liquid yield accurately. The combined use of data-driven
ensemble methods and transparent symbolic modeling provides a comprehensive
framework for researchers and engineers aiming to optimize pyrolysis systems for

maximum efficiency and sustainability.
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CHAPTER 5

CONCLUSION

5.1 Overview

The objective of this work was to establish accurate and interpretable machine learning
models to estimate the liquid yield in plastic waste pyrolysis and MSW pyrolysis. By
utilizing a large dataset derived from over 100 peer-reviewed papers, the research
combined experimental diversity with advanced data-driven methodologies to establish a
robust predictive model. The focus was not only on making accurate predictions but also
on explainability in order to make the models accessible to useful practical engineering
decision-making and optimization.

The strategy was made reproducible and scientific. It relied heavily on extensive
preprocessing and standardization of the data, meticulous feature engineering, and a battery
of supervised machine learning algorithms specifically optimized for regression problems.
Ensemble learning technigues (e.g., Random Forest, XGBoost, CatBoost) and symbolic
learning (Feyn QLattice) were employed in the set of models to balance predictive accuracy
with mathematical interpretability.

R2, RMSE, and MAE were utilized as performance metrics for the model, whereas feature
importance analysis and SHAP-based interpretation offered interpretability of the model.
Symbolic regression yielded a further depth of insight in terms of delivering closed-form

expressions capturing the hidden mathematical relationships among variables in data.
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The analysis identified clear trends in the manner in which input variables such as particle
size, temperature, and polymer composition influence pyrolysis outcomes. These findings
align with principles of chemical engineering, validating the hybrid approach of combining
machine learning with domain expertise.

The following section (5.2) presents the key findings emanating from this research,
pointing out model performance, significant features, and implications on pyrolysis process

optimization.

5.2 Key Findings

Some fundamental observations were derived in the comparative analysis of symbolic
regression methods and machine learning algorithms employed to predict the liquid yield
from pyrolysis of plastic waste and MSW:

1. Boosting Algorithms Outperformed Other Models in Terms of Accuracy

All the machine learning models that were attempted, CatBoost and XGBoost,
outperformed others in terms of prediction:

 CatBoost gave an R? on test as 0.8060.

* XGBoost had a slightly better test R* of 0.8375, indicating excellent generalization.

The models also produced lower RMSE and MAE values, confirming their appropriateness

for modeling the complex nonlinearities of pyrolysis systems.

2. Random Forest and GBDT Showed Stable But Not so Strong Performance

Random Forest (test R2: 0.8952) and GBDT (test R2: 0.8940) were excellent on the test set.
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3. SVR + AdaBoost Provided Moderate Predictive Capability
The AdaBoost + SVR hybrid model gave a test R2 of 0.8680. Its relatively low MAE of
6.9900 means it is effective in minimizing large prediction errors, although less reliable

across folds

4. LightGBM Was Efficient but Less Accurate

Though computationally cheaper, LightGBM also exhibited a test R2 of 0.7916, describing
poor but reasonable performance compared to other boosting models. This may be
attributed to the aggressive histogram binning characteristic of LightGBM and

hyperparameter sensitivity.

5. Feyn Symbolic Regression Trade-Off Between Accuracy and Interpretability

The Feyn QLattice model exhibited a test R2 of 0.827, with competitive RMSE and MAE
with tree-based models. While less precise, its symbolic representation expression supports
transparent, mathematical comprehension of input-output associations, that is highly

beneficial for engineering interpretability and trust.

6. Domain Knowledge Aligned Feature Importance

Across models, Temperature, PP, HDPE, LDPE, and Particle Size were the most reliably
significant features. These variables are known to significantly influence decomposition
behavior and pyrolysis volatilization rates. Both symbolic regression and SHAP analysis

confirmed these findings.
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7. Synergistic Use of Black-Box and White-Box Models

The research proves the merit of integrating high-precision ensemble models (black-box)
with interpretable symbolic models (white-box). Although models such as XGBoost and
CatBoost provide superior prediction, the Feyn symbolic regression offers intelligible
mathematical equations, thus making it possible to understand better the underlying
physical phenomenon and feature interactions. Such a model-hybrid approach is both data-
driven prediction and mechanistic reasoning friendly and thus perfectly suited for

engineering process optimization and policy development.

8. Symbolic Model Structure Validated Known Thermochemical Trends

Mathematical representation of the symbolic equation from the Feyn QLattice provided
instant mathematical correlations among composition of components, process parameters,
and yield in the liquid. It indicated the nonlinear role of particle size with temperature, and
diminishing returns at elevated polymer concentrations, which is in harmony with basic
laws of thermochemistry of pyrolysis. This contributes to the scientific correctness of the

symbolic approach.

9. Hyperparameter Tuning Significantly Affected Model Stability

All the models were enhanced by extensive tuning. Tree ensemble methods such as GBDT,
LightGBM, and CatBoost provided considerable improvement in generalization with
suitable selection of max_depth, n_estimators, and regularization terms. Similarly, SVR-

based AdaBoost model was highly sensitive to optimized kernel parameters and boosting
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iterations. All these findings emphasize the necessity of extensive hyperparameter tuning,

especially when working with heterogeneous data in environmental systems.

11. Liquid Yield Modeling is Feature Representation Sensitive

Normalization and scaling were identified as essential, particularly for kernel-based
models like SVR and symbolic regression. StandardScaler enhanced numerical
convergence and interpretability. Similarly significant was the requirement that all inputs
be on the same dry-weight basis and in the same units in order to achieve high model

reliability between experimental data sources.

12. Diversity and Quality of Data Are Essential

The database—constructed from over 100 peer-reviewed publications—encompassed a
wide range of feedstock types, experimental conditions, and geographic locations. This
made the model more robust but at the same time more difficult to harmonize. The worth
of well-crafted, clean, and high-quality data cannot be overemphasized, especially for
predictive modeling of thermochemical systems in which a slight change in elemental
composition or temperature can yield very large differences in results.

These striking results collectively provide both a performance-driven and knowledge-
driven basis for the application of machine learning to pyrolysis systems. Having this
platform set, the work now continues on to examine how these models find their way into

actionable engineering decisions and process improvements.
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5.3 Engineering Implications

The application of machine learning models to plastic and municipal solid waste (MSW)
pyrolysis represents a new frontier in intelligent process design and optimization. The
conclusions of this study, particularly the predictive accuracy and interpretability of
different models, provide engineering and policymaking recommendations for enhancing
the efficiency, sustainability, and economic viability of thermochemical conversion

processes.

1. Enhanced Predictive Control of Pyrolysis Operations

In industrial pyrolysis plants, fluctuations in feedstock composition and process conditions
naturally lead to variability in product yields. The ensemble models developed during this
study—most notably CatBoost and XGBoost—demonstrated very good test accuracy,
suggesting their applicability in predictive control scenarios. By incorporating the models
within control loops, plant operators are now able to foresee fluctuations in liquid yield
based on real-time sensor data and take corrective action on operating parameters

beforehand.

2. Guidance on Reactor Design and Retrofitting

The models established that temperature, particle size, and polymeric composition were
dominant parameters controlling liquid yield. Such results can determine reactor design
requirements such as optimal residence time, heating zone configuration, and pre-treatment

units for the feedstock. For existing reactors, these findings inform retrofitting measures to
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include preprocessing units for modifying particle size or selective feeding of feedstocks

containing high PP, LDPE, or HDPE concentrations.

3. Process Simulation and Virtual Prototyping

Symbolic regression with the Feyn QLattice not just exhibited equivalent performance but
yielded understandable mathematical models characterizing the pyrolysis reaction. These
models can be embedded in simulation programs (e.g., Aspen Custom Modeler,
MATLAB-Simulink) to virtually simulate pyrolysis systems. Design changes, energy
balances, and yields can be tested by engineers without actual runs, thereby reducing R&D

timelines significantly.

4. Sustainability and Circular Economy Integration

From a sustainable point of view, the ability to predict yield from multicomponent plastic
streams provides more closed-loop waste valorization opportunities. For instance,
municipalities can utilize these models to optimize sorting processes according to predicted
conversion efficiencies. This maximizes environmental and economic value on waste as it
provides for high-value plastics being routed to pyrolysis and others routed to mechanical

recycling or energy generation.

5. Economic and Risk Assessment Support
Because of the capital and operational costs of pyrolysis plants being high, data-driven
analysis can help to reduce investment risk. Yield prediction models enable techno-

economic analysis under different feedstock conditions, enabling stakeholders to
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understand return on investment (ROI), market sensitivity, and breakeven points. This is
of great importance for developing economies or for countries who are implementing

pyrolysis at pilot scale.

6. Training and Education Use

Symbolically interpretive Feynman equation plays a pedagogically significant function.
Unlike traditional black-box models, the equations can be used in education and industrial
training to enable engineers to understand key process dependencies, build intuition, and
validate theoretical concepts with real data.

Finally, the results of this study show how advanced regression models can evolve from
analysis tools to strategic decision aids, which can enhance all steps of the pyrolysis life

cycle—ranging from operation and design to policy and education.

5.4 Future Work

While this research has provided a solid foundation for using machine learning to predict
liquid yield in pyrolysis systems, there are still avenues open for development and future
study.

One of the key areas is broadening the dataset. The current work, even though based on
over 500 experimental records, can further be strengthened by adding more heterogeneous
feedstock mixtures, especially underrepresented plastic forms, biomass-plastic blends, and

actual municipal solid waste fractions. A broader and more heterogeneous dataset would
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improve model generalization and robustness under varying operating conditions and
waste sources.

Furthermore, future research can beneficially include reaction kinetics and thermodynamic
descriptors (e.g., activation energy, heat of reaction) as additional features. The integration
of such physics-informed variables has the potential to enhance the physical significance
of the models and enable hybrid modeling approaches combining machine learning with
mechanistic modeling.

One other promising avenue is the application of multi-output regression models. These
models can simultaneously predict gas, liquid, and char yields, providing a full product
distribution profile rather than merely the liquid fraction. This would be more aligned with
practicality in applications such as pyrolysis plant design and process optimization.
Also, uncertainty quantification and explainable Al (XAIl) methods must be combined to
analyze the confidence levels of predictions and add transparency for industrial or policy
applications. For instance, Bayesian regression techniques, ensembling for uncertainty
boundaries, and advanced SHAP visualizations can help fill this gap between black-box
models and engineering decision-making.

Internet of Things (loT) sensor and digital twin-driven real-time predictive solutions may
also be developed from these models. Lightweight versions of the models can be placed at
the edge for real-time monitoring and regulation of pilot-scale or industrial-scale pyrolysis
units after training and enabling intelligent waste-to-energy  platforms.
Finally, applying the symbolic regression task with other software such as PySR or Eurega
would produce even more understandable mathematical models and help in the derivation

of universal empirical correlations for use in first-principles modeling or optimization
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studies.

In conclusion, through data normalization, increased interpretability, and ease of

deployment in real systems, future work can enable machine learning to move from a

research instrument to a core component of sustainable waste valorization technologies.
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