Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

An efficient healthcare analysis model for selecting optimum configurations of
Pyrolytic Products using Deep Learning Model Analysis

Rashmi Shahu'*, Rashmi Dagde 2, Vinay Keswani’, Sadaf Zama Mazhar Hussain*, Mona
Mulchandani’, Nisha Balani®

IShri Ramdeobaba College of Engineering & Management, Ramdeobaba University, Nagpur, India
24 School of Computer Science & Engineering, Shri Ramdeobaba College of Engineering & Management,
Ramdeobaba University, Nagpur, India
3Department of Electronics and Telecommunications Engineering, GH Raisoni College of Engineering,
Nagpur.
3Department of Computer Science & Engineering, Jhulelal Institute of Technology, Nagpur.

shahurb@rknec.edu', dagder@rknec.edu?, vinaykeswani2022@gmail.com?’, hussainsz@rknec.edu?,
mona.mulchandani@gmail.com®, nishabalanil7@gmail.com®*

Cite this paper as: Rashmi Shahu, Rashmi Dagde, Vinay Keswani, Sadaf Zama Mazhar Hussain, Mona
Mulchandani, Nisha Balani (2024) An efficient healthcare analysis model for selecting optimum
configurations of Pyrolytic Products using Deep Learning Model Analysis. Frontiers in Health Informatics,
13 (3), 10048-10084

Abstract: Pyrolytic products optimization for material strength, thermal stability, and durability
optimizations deserves an approach that is highly developed and can cross-disciplines, considering
varieties of data across domains and scales. The paper proposes a new framework that incorporates
data fusion and bioinspired computing methods in the design chain for enhancing performance and
effectiveness in pyrolytic materials. The proposed methodology will be comprehensive, providing
different innovative computational methods that will address various challenges of the optimization
process. We have developed, for effective dimensionality reduction in high-dimensional pyrolytic data,
a Neuroevolutionary Sparse Feature Selector (NSFS), considering only the most critical features of
interest, such as chemical composition, particle size distribution, heating rates, residence time, and
reactor configurations. TL-MSF integrates data from molecular simulations, laboratory experiments,
and field-scale observations into one dataset and helps to enhance the accuracy of the prediction. The
AEQOS system aims at balancing dynamically such conflicting goals as the maximization of char yield
and minimization of tar production and energy consumption in the case of multiple objective
optimizations. The base learners are combined in a multi-objective framework for an optimization of
pyrolysis parameters, including temperature, pressure, and feedstock type. A Bioinspired Ant Colony
Self-Organizing Map (ACO-SOM) is used to cluster the data and find anomalies; doing so can ensure
the data on which one grounds the optimization will be reliable. In this work, a Neuro-Fuzzy Real-
Time Decision Support System will be implemented to continuously monitor the process of pyrolysis
and control it by dynamic adaptation of decision rules based on real-time data samples. This will
ensure consistent product quality and operational efficiency through optimization of key pyrolysis

10048



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

characteristics, including volatile release rates, carbon content, and thermal degradation behavior.
The integrated approach shows significant process gains of 25-30% increased predictive accuracy, a
15% increase in char yield, and a 20% reduction in environmental impact. This may suggest that
cross-disciplinary data fusion and bioinspired computing are fairly effective in optimizing pyrolytic
products for material strength, thermal stability, and durability optimizations.

Keywords: Pyrolytic Products, Data Fusion, Bioinspired Computing, Feature Selection, Mullti-
Objective Optimizations

1. Introduction

Optimizing pyrolytic products, particularly in material strength, thermal stability, and durability
optimizations, necessitates an interdisciplinary approach that converges data from multiple domains
and scales. Pyrolysis, a thermochemical decomposition process, is extensively utilized to convert
organic materials into char, tar, and gas. The potential of these pyrolytic products in civil engineering
is vast, ranging from the enhancement of concrete properties to the development of sustainable
building materials. However, the complexity of pyrolysis—driven by its dependence on a myriad of
factors such as feedstock type, reactor conditions, and chemical compositions—demands advanced
computational techniques for optimization. Traditional methods, often limited by their scope and
scalability, struggle to handle the high-dimensional, multi-scale data inherent to pyrolysis processes.
This paper introduces a novel framework that integrates cross-disciplinary data fusion with bioinspired
computing to address these challenges and optimize pyrolytic products for material strength, thermal
stability, and durability optimizations. The complexity of pyrolysis is exacerbated by the high
dimensionality of the data generated from experimental and simulation studies. This high-dimensional
data often includes numerous variables, such as chemical composition, particle size distribution,
heating rates, residence time, and reactor configurations. Analyzing such data using conventional
methods can lead to the curse of dimensionality, where the performance of the model deteriorates as
the number of dimensions increases. To overcome this challenge, the Neuroevolutionary Sparse
Feature Selector (NSFS) has been developed. NSFS employs a hybrid approach that combines
differential evolution with sparse neural network architectures to effectively reduce the dimensionality
of pyrolytic data samples. This method ensures that only the most significant features are retained,
thereby reducing computational complexity and enhancing model accuracy. Moreover, pyrolytic
processes operate across multiple scales, from molecular interactions to field-scale material strength,
thermal stability, and durability optimizations. Integrating data across these scales is crucial for
accurate modeling and optimization. However, achieving this integration is a significant challenge due
to the inherent differences in data types and scales. The Transfer Learning-Based Multi-Scale Fusion
(TL-MSF) method addresses this challenge by leveraging pre-trained models from related domains.
TL-MSF effectively bridges the gap between different scales, ensuring that the fused data is coherent
and contributes to more accurate predictions. This multi-scale fusion enhances the predictive accuracy
of pyrolytic product optimization models, leading to more reliable material formulations and
performance predictions.
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In addition to dimensionality reduction and multi-scale integration, optimizing pyrolytic products
involves balancing multiple conflicting objectives, such as maximizing char yield while minimizing
tar production and energy consumption. The Adaptive Ensemble Optimization System (AEOS) has
been designed to address this need. AEOS integrates a range of weak learners, including decision trees,
support vector machines, and Bayesian optimization techniques, within a multi-objective framework.
The system dynamically adjusts the weights of the ensemble based on real-time feedback, ensuring
that the optimization process is both robust and adaptable. This approach leads to significant
improvements in product yield and a reduction in environmental impact, highlighting the efficacy of
AEOS in optimizing pyrolytic processes. Data reliability is another critical aspect of pyrolytic product
optimization. Anomalies in the data can lead to incorrect predictions and suboptimal decisions. To
ensure data reliability, the Bioinspired Ant Colony Self-Organizing Map (ACO-SOM) has been
implemented. ACO-SOM integrates ant colony optimization principles with self-organizing maps to
cluster high-dimensional pyrolytic data efficiently. This method not only identifies patterns within the
data but also detects anomalies that may influence the quality of pyrolytic products. By highlighting
these anomalies, ACO-SOM enhances the robustness of the optimization process, leading to more
reliable outcomes. Finally, real-time monitoring and control of the pyrolysis process are essential for
ensuring consistent product quality and operational efficiency. The Neuro-Fuzzy Real-Time Decision
Support System (NFRDSS) has been developed to address this need. NFRDSS integrates neuro-fuzzy
logic with real-time data analytics to continuously refine decision rules during the pyrolysis process.
This system optimizes key pyrolysis characteristics, such as volatile release rates, carbon content, and
thermal degradation behavior, ensuring that the desired product quality is consistently achieved in the
process. The integrated framework presented in this paper demonstrates significant improvements in
pyrolytic product optimization, including a 25-30% increase in predictive accuracy, a 15% boost in
char yield, and a 20% reduction in environmental impact. These results highlight the effectiveness of
cross-disciplinary data fusion and bioinspired computing in enhancing the performance and reliability
of pyrolytic products for material strength, thermal stability, and durability optimizations. The
proposed methodology not only addresses the challenges of high-dimensionality, multi-scale data
integration, and multi-objective optimization but also ensures data reliability and real-time process
control, making it a comprehensive solution for pyrolytic product optimization.

Motivation & Contribution

The motivation behind this research stems from the growing need for sustainable and high-
performance materials in civil engineering, particularly in the context of climate change and resource
scarcity. Pyrolytic products, derived from the thermal decomposition of organic materials, offer
significant potential as eco-friendly alternatives to traditional construction materials. However, the
optimization of these products is a complex challenge due to the high-dimensional nature of pyrolytic
data, the need for multi-scale integration, and the conflicting objectives inherent in pyrolysis processes.
Traditional optimization methods often fall short in addressing these challenges, necessitating the
development of a novel framework that can effectively handle the complexities of pyrolytic product
optimization. This paper introduces such a framework, combining advanced data fusion techniques
with bioinspired computing methods to optimize pyrolytic products for material strength, thermal
stability, and durability optimizations.
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The contributions of this research are multifaceted. First, the development of the Neuroevolutionary
Sparse Feature Selector (NSFS) addresses the challenge of high-dimensionality in pyrolytic data,
offering a solution that significantly reduces computational complexity while maintaining model
accuracy. Second, the Transfer Learning-Based Multi-Scale Fusion (TL-MSF) method enhances the
integration of data across scales, improving the predictive accuracy of pyrolytic product optimization
models. Third, the Adaptive Ensemble Optimization System (AEOS) introduces a dynamic, multi-
objective optimization approach that balances conflicting goals, leading to significant improvements
in product yield and environmental impact. Fourth, the Bioinspired Ant Colony Self-Organizing Map
(ACO-SOM) improves data reliability by efficiently clustering high-dimensional data and detecting
anomalies. Finally, the Neuro-Fuzzy Real-Time Decision Support System (NFRDSS) provides
continuous, real-time optimization of the pyrolysis process, ensuring consistent product quality and
operational efficiency. Collectively, these contributions represent a significant advancement in the
field of pyrolytic product optimization, offering a comprehensive, integrated approach that addresses
the key challenges in this domain.

2. Review of Existing Models for Pyrolytic Product Optimizations

This section reveals significant advancements and challenges across a diverse array of research areas,
particularly in the fields of material science, energy systems, and computational modeling. These
studies encompass a wide spectrum of methods, from experimental investigations and molecular
simulations to advanced computational techniques such as machine learning and density functional
theory. The papers collectively contribute to a deeper understanding of complex phenomena, ranging
from the behavior of pyrolytic graphite in magnetic levitation systems to the intricate kinetics of
biomass pyrolysis and the design of novel materials for energy storage and conversion. One prominent
theme across many of the reviewed studies is the focus on material optimization and performance
enhancement, particularly in energy-related applications. For instance, Huang et al. (2022) explored
the stable levitation of pyrolytic graphite using circular magnet arrays, achieving precise control over
levitation stability. This work is a testament to the potential of magnetic materials in high-precision
applications, although it highlights the limitations associated with specific geometric configurations.
Similarly, Bentounes et al. (2024) investigated the effects of highly ordered pyrolytic graphite surfaces
on the production of negative ions in electron cyclotron resonance plasmas, demonstrating enhanced
ion production but also pointing to the challenges of maintaining controlled surface conditions. In the
realm of energy systems, Sugimoto et al. (2023) presented a novel bearingless motor topology
incorporating diamagnetic materials, which promises reduced wear and improved performance.
However, the study also underscores the complexity of manufacturing such advanced systems at scale.
Beauchamp et al. (2023) introduced an optically powered milli-scale robot system for nanoliter fluid
delivery based on diamagnetic levitation, which offers precise control for biomedical applications but
faces limitations in terms of fluid viscosity and environmental conditions. The trend of optimizing
material performance continues with studies like that of Estrada et al. (2021), who developed a
complementary 2D FET technology using MoS2, hBN, and graphene stacks, achieving high on/off
ratios and low threshold voltages, though scalability and stability remain key challenges.

Several papers emphasize the importance of thermal management and efficiency in energy systems.
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Jubert et al. (2021) focused on anisotropic heatsinks for heat-assisted magnetic recording, significantly
reducing thermal resistance and improving system performance. However, the application of these
heatsinks is limited to specific technologies such as HAMR. Similarly, Fukunaga and Funaki (2021)
developed a thermal decouple design for multichip SiC power modules using anisotropic graphite,
which effectively reduced thermal resistance but was constrained by the specific configurations of SiC
devices & deployments. The ongoing challenge of integrating advanced thermal management solutions
into diverse systems is evident across these studies for the samples. The review also highlights
advancements in computational modeling and simulation, which are critical for understanding and
optimizing complex systems. Liu et al. (2024) conducted molecular simulations to explore the
slurrying mechanism in microplastic semi-coke water slurry, providing valuable insights into slurry
stability, although the study was limited by computational resources. Adi and Altarawneh (2023)
investigated the formation of perfluorocarboxylic acids from the thermolysis of Teflon model
compounds, identifying key reaction pathways but raising concerns about environmental and safety
implications. Mahl et al. (2022) explored multilayer stacks of polycyclic aromatic hydrocarbons,
identifying stable configurations with potential electronic applications, though the complexity of
stacking interactions poses significant challenges for practical implementation process.

Referen | Method Used Findings Main Results Limitations
ce Objective
[1] Equilibrium Demonstrated Achieve Stable levitation | Limited  to
analysis and | stable levitation | stable was achieved | specific
magnetic arrays of pyrolytic | levitation of | with precise | geometric
graphite above | pyrolytic control over | configuration
circular magnet | graphite magnet s
arrays placement
[2] Electron cyclotron | Highly ordered | Improve Increased  H~ | Requires
resonance (ECR) | pyrolytic negative ion | ion production | highly
plasmas graphite production in | observed with | controlled
surfaces plasmas HOPG surfaces | surface
enhance the conditions
production of H™
ions
[3] Diamagnetic Introduced a | Develop a | Enhanced Complexity in
salient-pole rotor | novel motor | new motor | motor manufacturin
in bearingless | topology using | topology for | performance g and
motors diamagnetic bearingless | with  reduced | scalability
materials applications | wear
(4] Diamagnetic Developed Enable Achieved Limited to
levitation for fluid | milli-scale precise fluid | controlled fluid | specific fluid
delivery robots for | delivery in | delivery in | viscosities
nanoliter fluid | biomedical | nanoliter and
delivery based | applications | volumes environmenta

1 conditions
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on diamagnetic

levitation
[5] 2D FET | Demonstrated Improve High on/off | Challenges in
technology with | high- FET ratios and low | large-scale
MoS2/hBN/Grap | performance performance | threshold production
hene stack FETs with [ in  flexible | voltages and stability
flexible electronics achieved
electronics
[6] Anisotropic Improved Enhance heat | Significant Limited
heatsinks for | thermal dissipation in | reduction in | applicability
magnetic management in | magnetic thermal in non-
recording heat-assisted recording resistance HAMR
magnetic observed systems
recording
[7] GaN-based ANPC | Developed a | Reduce noise | Low noise | High cost and
three-level low-noise in high- | levels achieved | complexity in
converter voltage frequency with GaN | circuit design
generator  for | power technology
high-frequency | converters
applications
[8] Longitudinal Modeled  and | Improve Accurate Limited to
motion modeling | experimentally | control  of | motion control | specific flow
of microrobots verified microrobots | achieved in | regimes and
microrobot in fluid | laminar  flow | fluid
motion in | environment | conditions properties
laminar flow s
[9] MEMS Integrated a | Enhance High precision | Limited by
nanopositioner nanopositioner | precision in | in fabrication
with  integrated | with  scanning | STM nanopositioning | complexity
STM tip tunneling applications | with  reduced | and cost
microscopy for error
precise
measurements
[10] Die carrier impact | Investigated the | Improve Enhanced Cost and
on LED reliability | effect of die | LED reliability with | integration
carriers on the | reliability diamond die | challenges
reliability of | through carriers with existing
power LEDs material systems
choice
[11] Thermal decouple | Developed a | Enhance Significant Limited to
design with | multichip ~ SiC | thermal reduction in | specific  SiC
anisotropic power module | decoupling thermal configuration
graphite with improved
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thermal in SiC power | resistance s and
management modules achieved applications
[12] Graphene Optimized Improve Enhanced Scalability
allocating carbon- | carbon-copper grounding durability and | and cost-
copper ratio ratios in | performance | performance of | effectiveness
grounding in rail | grounding of graphene
brushes for rail | vehicle brushes integration
vehicles systems
[13] Multibeam Simulated a | Improve Significant Complexity in
inductive output | high-efficiency | efficiency in | efficiency gains | tube  design
tube simulation inductive output | high-power | observed with | and
tube with a|RF harmonic  grid | manufacturin
harmonic  grid | applications | drive g
drive
[14] Airflow  energy | Developed an | Harvest Achieved Limited to
harvester with | energy harvester | energy from | efficient energy | specific
diamagnetic based on a | airflow using | harvesting with | airflow
levitation diamagnetic diamagnetic | environmental | conditions
levitation structures adaptability and magnet
structure configuration
S
[15] Molecular Simulated  the | Understand | Provided Limited by
simulation of | slurrying the behavior | insights into | computationa
microplastic mechanism  in | of slurry stability |1  resources
slurry microplastic microplastic | and flow | and real-
semi-coke water | slurries characteristics | world
slurry applicability
[16] Thermolysis  of | Investigated the | Study  the | Identified key | Environmenta
Teflon model | formation of | environment | reaction 1 and safety
compounds perfluorocarbox | al impact of | pathways  for | concerns in
ylic acids from | Teflon PFCA handling
Teflon degradation | formation PFCA
degradation compounds
[17] Pyrolysis of | Provided Optimize Improved Experimental
diketene to | structural, ketene understanding | validation
produce ketene thermochemical | production of reaction | required for
, and kinetic | from mechanisms kinetic
insights on | diketene and kinetics models
diketene pyrolysis
pyrolysis
[18] Multilayer stacks | Explored  the | Study  the | Identified stable | Limited by
of polycyclic | stacking structural configurations | the
behavior of with  potential | complexity of
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aromatic PAHs in | properties of | electronic stacking
hydrocarbons multilayer PAH stacks | applications interactions
configurations and synthesis
[19] Temperature- Applied reaction | Kinetic and | Achieved Applicability
programmed models to the | thermodyna | accurate kinetic | limited to
pyrolysis of | pyrolysis of | mic modeling of | specific
sunflower  seed | sunflower seed | calculation pyrolysis biomass types
husks husks of biomass | behavior
pyrolysis
[20] Combustion Studied the | Optimize Identified Limited to
behavior of | kinetics and | combustion | optimal specific
Lycium barbarum | thermodynamics | processes for | combustion biomass
of Lycium | energy conditions with | feedstocks
barbarum production minimal and
combustion emissions conditions
[21] Adsorption of | Investigated the | Study  the | Provided Limited by
lanthanide adsorption structural insights into | the
phthalocyanines behavior of | and adsorption complexity of
on CNTs lanthanide electronic mechanisms the
complexes on | properties of | and electronic | computationa
CNTs adsorbed changes 1 models used
systems
[22] Additive Provided a | Explore new | Highlighted the | Challenges in
manufacturing of | perspective on | manufacturi | potential for | material
3D batteries 3D-printed ng methods | customized selection and
batteries and | for batteries | battery designs | long-term
their potential performance
[23] Materials under | Reviewed the | Investigate Provided Access to
extreme use of large X- | material detailed insights | large  X-ray
conditions using | ray facilities for | behavior into  material | facilities  is
X-ray facilities studying under  high | phase limited
materials under | pressure and | transitions
extreme temperature
conditions
[24] Protein film | Explored  the | Study  the | Identified key | Limited by
electrochemistry | applications of | electrochemi | mechanisms the stability
protein film | cal underlying and
electrochemistry | properties of | protein- reproducibilit
in energy | protein films | electrode y of protein
systems interactions films
[25] Hand-made Designed a | Improve the | Achieved Scalability
screen-printed disposable accessibility | accurate and mass
electrode design | electrode for | and cost- | detection with a | production
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electrochemical | effectiveness | low-cost, remain
detection of | of disposable challenges
dopamine electrochemi | electrode
cal sensors
[26] 2D metallic alloy | Investigated the | Develop new | Demonstrated Challenges in
contacts with | properties of 2D | contact tunable  work | large-scale
tunable work | metallic alloys | materials for | functions with | synthesis and
functions with electronic potential device | integration
composition- devices applications
tunable  work
functions
[27] Bond dissociation | Calculated the | Provide Identified key | Computationa
energies of | bond insights into | factors 1  resource-
organic esters dissociation the stability | influencing intensive and
energies for | of  organic | bond strength limited
organic  esters | compounds experimental
using quantum validation
methods
[28] Reactivity of | Studied the | Understand | Demonstrated Limited by
oxidized graphene | electronic the enhanced the
nanoribbons properties and | interaction of | reactivity with | availability
reactivity of | graphene oxidized and
graphene with organic | graphene uniformity of
nanoribbons molecules surfaces graphene
samples
[29] Electro-Fenton Applied a | Develop Achieved Scalability
degradation of | microbial fuel | sustainable significant and
aspirin cell system for | methods for | degradation consistency of
the degradation | pharmaceuti | with  reduced | microbial fuel
of aspirin cal waste | environmental | cell
treatment impact performance
[30] Review of | Provided a | Explore the | Highlighted the | Challenges in
biocarbon comprehensive | potential of | versatility and | large-scale
materials review of the | biocarbon in | environmental | production
applications of | various benefits of | and
biocarbon industrial biocarbon standardizatio
materials applications n
[31] Molecular Investigated the | Understand | Provided Limited by
structure of spent | molecular the insights into the | the variability
mushroom structure  and | conversion structural of natural
substrate reactivity of | potential of | changes during | substrates
spent mushroom | agricultural | pyrolysis
substrate waste
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[32] Photoluminescenc | Studied the | Optimize Demonstrated Limited by
e properties of | relationship materials for | tunable synthesis
yttrium— between photonic photoluminesce | complexity
aluminum borates | material applications | nce with | and

structure  and potential reproducibilit
photoluminesce applications y
nce

[33] Hydrogen Explored Improve the | Identified key | Requires
trapping in | hydrogen durability mechanisms for | further
martensitic steels | trapping at | and hydrogen experimental

nanoprecipitate | performance | exclusion validation in
interfaces in | of steels industrial
steel under settings
hydrogen
exposure

[34] Ferroelectricity in | Demonstrated Study novel | Achieved stable | Challenges in
a bismuth | ferroelectric ferroelectric | ferroelectricity | material
monolayer behavior in a | materials for | with potential | stability and

single-element | electronic device integration
bismuth applications | applications with existing
monolayer technologies

[35] Machine learning | Reviewed Enhance the | Highlighted Limited by
for renewable | advanced efficiency of | significant the
energy generation | machine renewable improvements | availability of

learning energy in  predictive | large, high-
techniques for | generation accuracy quality
optimizing through Al datasets
renewable

energy systems

[36] Biogas production | Enhanced Optimize Achieved Variability in

with biochars biogas anaerobic higher methane | biochar
production by | digestion yields with | properties
adding oxidized | processes for | biochar addition | affects
and non- | energy reproducibilit
oxidized production y
biochars

[37] Life cycle | Conducted a life | Evaluate the | Demonstrated Challenges in
assessment of | cycle environment | reduced scaling up
activated carbon | assessment of | al impact of | environmental | production
from banana peel | activated carbon | biowaste- impact and | and ensuring

production from | derived effective consistent
banana peels activated pollutant quality
carbon removal
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[38] Reactivity tuning | Studied the | Optimize Identified key | Limited by
of carbon surfaces | effect of | carbon- functional the
oxygen- based groups that | complexity of
containing materials for | enhance functionalizat
functional catalytic reactivity ion processes
groups on | applications
carbon
reactivity
[39] Unimolecular Explored  the | Provide Identified Computationa
reactions in | reaction insights into | potential 1 intensity
disilanol and | mechanisms of | reaction pathways and | limits the
ethanol disilanol  and | dynamics of | intermediates in | scope of
ethanol  using | small unimolecular reactions
theoretical molecules reactions studied
methods
[40] Reversible Improved  the | Enhance the | Achieved Stability and
capacity of | reversible performance | higher capacity | cycle life
SiOx/graphite- capacity of | of lithium- | retention with | under
based cells SiOx/graphite ion batteries | selective  LiF | practical
cells  through lithiation conditions
selective remain
lithiation challenges

Table 1. Empirical Review of Existing Methods

In the field of renewable energy, Rosi et al. (2024) enhanced biogas production through the addition
of oxidized and non-oxidized biochars, achieving higher methane yields but noting the variability in
biochar properties. This variability highlights the need for further standardization in biochar production
to ensure consistent results. Mohanty et al. (2024) provided a comprehensive review of biocarbon
materials, emphasizing their versatility and environmental benefits, yet acknowledging the challenges
in large-scale production and material standardization. Such studies underscore the critical role of
material innovation in advancing sustainable energy technologies, while also pointing to the practical
challenges that must be addressed to realize these technologies' full potential. The application of
machine learning and advanced computational techniques in energy systems is another area of
significant interest. For example, Li et al. (2023) investigated 2D metallic alloy contacts with tunable
work functions, demonstrating potential applications in electronic devices but facing challenges in
large-scale synthesis and integration. This study, like others in the review, highlights the importance
of developing scalable manufacturing processes that can translate laboratory-scale innovations into
commercially viable technologies. Qin et al. (2023) explored the molecular structure and reactivity of
spent mushroom substrate, providing insights into its conversion potential for biomass pyrolysis,
though the variability of natural substrates presents ongoing challenges. The use of machine learning
to optimize renewable energy generation, as reviewed by B. S.R. (2023), has shown significant
improvements in predictive accuracy, yet the availability of large, high-quality datasets remains a
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critical limitation. Overall, the reviewed papers illustrate a broad range of innovative approaches to
tackling some of the most pressing challenges in material science and energy systems. From optimizing
the thermal management of power electronics to developing new materials for energy storage, these
studies contribute valuable knowledge and practical insights that can drive future advancements in
these fields. However, the limitations identified across the studies—such as scalability, material
variability, and the need for more robust computational resources—highlight the ongoing need for
interdisciplinary research and collaboration. Addressing these challenges will require not only
advances in individual technologies but also the integration of these technologies into broader systems
that can deliver reliable, scalable, and sustainable solutions. Looking forward, future research should
focus on overcoming the scalability challenges identified in these studies, particularly in the areas of
material synthesis and thermal management. The development of standardized methods for biochar
production and other renewable energy materials will be critical for ensuring consistency and
reliability in these systems. Additionally, as computational techniques such as machine learning
become increasingly integral to the design and optimization of energy systems, there is a growing need
for high-quality, large-scale datasets that can support more accurate and generalizable models.
Collaborative efforts between researchers, industry, and policymakers will be essential to bridge the
gap between laboratory-scale innovations and large-scale applications, ensuring that the next
generation of energy systems is both technologically advanced and practically feasible for different
scenarios.

3. Proposed Design of an Integrated Method for Pyrolytic Product Optimization Using
Neuroevolutionary Sparse Feature Selection and Adaptive Ensemble Optimization

To overcome issues of low efficiency & high complexity which are present in existing methods, this
section discusses design of an Integrated Method for Pyrolytic Product Optimization Using
Neuroevolutionary Sparse Feature Selection and Adaptive Ensemble Optimizations. Initially, as per
figure 1, Neuroevolutionary Sparse Feature Selector (NSFS) is integrated, which is central to the
optimization of pyrolytic products, particularly when dealing with high-dimensional data inherent in
pyrolysis processes. This method was chosen due to its ability to handle the curse of dimensionality
effectively while maintaining a high level of accuracy, which is critical when integrating cross-
disciplinary data from molecular, laboratory, and field scales. NSFS operates by reducing the
dimensionality of the input features, which are extensive and diverse, such as chemical composition,
particle size distribution, heating rates, residence times, and reactor configurations. These parameters,
derived from both experimental and simulated pyrolytic processes, often overwhelm traditional
machine learning models, leading to overfitting and computational inefficiencies in process. Therefore,
the NSFS is implemented to mitigate these challenges, ensuring that only the most significant features
are retained for the optimization process. NSFS begins by applying a differential evolution algorithm,
which is a type of evolutionary computation technique, to explore the feature space effectively. The
feature space, represented as X={x1,x2,...,xn}, where ‘n’ represents the number of input features, is
initially populated with potential solutions—each representing a subset of the original features. These
subsets are evaluated using a fitness function, which measures their effectiveness in predicting the
desired output, such as char yield, tar production, or energy efficiency. The fitness function F(S) is
defined via equation 1,
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F(S) = %Z(y’i(S) —yD)*P+ANS - (1)
i=1

Where, SCX represents a subset of features, y’i(S) is the predicted output for the ‘i’-th sample using
the feature subset ‘S’, yi is the actual observed output, ‘m’ is the total number of samples, [ISI|
represents the number of features in ‘S’, and A is a regularization parameter that penalizes larger
subsets, thus encouraging sparsity levels. The evolution of these feature subsets continues through
crossover, mutation, and selection operations, where each operation is designed to improve the sparsity
and predictive accuracy of the subsets. The differential evolution process leverages a sparse neural
network architecture, which ensures that the network parameters are learned with a minimal set of
input features, thus reducing the risk of overfitting scenarios. The sparse neural network, represented
by a set of weight matrices W={W1,W2,....WIl} for a network with ‘I’ layers, is trained using a
backpropagation algorithm modified to incorporate the sparse regularization term via equation 2,

m l
LW,S) = ) @AW, ~yD? 4B Y W) 1 (2)

J

Where, L(W,S) is the loss function, B is a regularization parameter that controls the sparsity of the
network, and [[Wjll is the L1-norm of the weight matrix Wj, which encourages many weights to be
zero, thus pruning the network and focusing on the most important features. The sparse nature of the
network is crucial because it aligns with the goal of the NSFS to identify and retain only the critical
features that significantly contribute to the optimization objectives of pyrolytic products. Once the
dimensionality of the data is reduced using NSFS, the selected features are passed on to subsequent
models, such as the Transfer Learning-Based Multi-Scale Fusion (TL-MSF) and the Adaptive
Ensemble Optimization System (AEOS). The choice of NSFS is justified by its ability to complement
these models by providing a refined set of input features that enhance the accuracy and efficiency of
multi-scale data integration and multi-objective optimization, respectively. The reduced feature set not
only simplifies the modeling process but also ensures that the downstream models operate on the most
relevant data, thereby improving the overall performance of the integrated framework. In analyzing
the effectiveness of NSFS, it is essential to consider the contribution of each selected feature to the
pyrolysis process. For example, the heating rate (Rh), temperature (T), and residence timestamp (tr)
are critical parameters that influence the decomposition of organic materials during pyrolysis. The
relationship between these parameters and the yield of pyrolytic products can be expressed through
kinetic models via equation 3,

dC(t)_ L(TYC 3
T (1)) --(3)

Where, C(t) represents the concentration of a reactant at timestamp ‘t’, and k(T) is the temperature-
dependent rate constant given by the Arrhenius Process via equation 4,

10060



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

Ea

k(T) = Aexp (— ﬁ) . (4)

Where, ‘A’ is the pre-exponential factor, Ea is the activation energy, ‘R’ is the universal gas constant,
and ‘T’ is the temperature for the process. The NSFS model evaluates these kinetic parameters and
their interactions with other features to identify the most influential factors on the pyrolytic outcomes,
thereby guiding the optimization process. The Adaptive Ensemble Optimization System (AEOS) is an
advanced computational model designed to address the multi-objective optimization challenges
inherent in pyrolytic product optimization, particularly within the context of material strength, thermal
stability, and durability optimizations. Given the complexity and conflicting nature of objectives such
as maximizing char yield, minimizing tar production, and reducing energy consumption, AEOS is
specifically tailored to dynamically balance these competing goals. The model’s adaptive nature allows
it to continuously refine its predictions and decisions based on real-time data, thereby ensuring that the
optimal conditions for pyrolysis are consistently achieved for this process. This adaptability is crucial
when integrating cross-disciplinary data from different scales, as it enables the system to adjust to
varying data inputs and conditions effectively. The AEOS is built upon the foundation of ensemble
learning, where multiple base learners—such as decision trees, support vector machines, and Bayesian
optimization models—are combined to form a robust predictive system in the process. The primary
reason for selecting an ensemble approach lies in its ability to reduce the variance and bias of individual
models, thereby enhancing the overall predictive accuracy and generalization capability levels. The
adaptive component of AEOS allows the system to dynamically adjust the weights of the individual
learners based on their performance over time, ensuring that the ensemble evolves to reflect the most
accurate predictions for the current set of pyrolysis conditions. At the heart of the AEOS is the
optimization of the objective function, which is a multi-objective function F(x) that must balance
several competing criteria in the process. For example, let f1(x) represent the char yield, f2(x) the tar
production, and f3(x) the energy consumption levels. The optimization problem can be formulated via
equation 5,

xeX

Obj = min[A1f1(x) + A2f2(x) + A3f3(x)] ... (5)

Where, ‘X’ represents the feasible set of pyrolysis parameters (such as temperature, pressure, and
feedstock composition), and A1, A2, A3 are weighting factors that adjust the relative importance of each
objective in the process. The AEOS leverages a Pareto-based optimization approach, which seeks to
identify a set of solutions that represent the best trade-offs among the objectives rather than a single
optimal solution for the process. This Pareto front is crucial for providing decision-makers with
multiple viable options, depending on the specific priorities of the pyrolytic process at a given temporal
instance in the process. The dynamic weighting mechanism within AEOS is governed by a differential
equation that adjusts the weights of the ensemble learners based on their relative performance levels.
Let wi(t) represent the weight of the ‘i’-th learner at timestamp ‘t’ sets. The evolution of these weights
can be described via equation 6,
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dwi(t) B
dt

a ( oL ) — Bwi(t) ...(6)

owi

Where, a and [ are learning rate parameters, and ‘L’ is the loss function that measures the discrepancy
between the predicted and actual outputs for the pyrolytic process. The first term represents the
gradient of the loss function with respect to the weight wi, indicating how the weight should be adjusted
to reduce the prediction errors. The second term introduces a regularization component that prevents
any single learner from dominating the ensemble, thereby maintaining a balance among the learners
and ensuring robust predictions. Furthermore, AEOS incorporates a feedback mechanism that
continuously monitors the performance of the pyrolytic process, adjusting the optimization strategy in
response to real-time data samples. This feedback is represented by an integral term that accumulates
the performance error over time, allowing the system to make long-term adjustments to the
optimization strategy via equation 7,

E(t) = ft(ytarget(r) — ypred(t))dr ... (7)

Where, ytarget(t) is the target output (such as the desired char yield or energy efficiency) and ypred(t))
is the predicted output at timestamp 1 sets. The integral error E(t) influences the adaptive component
of AEOS, leading to adjustments in the optimization parameters and ensuring that the system
converges towards the desired pyrolytic outcomes. The choice of AEOS is justified by its ability to
handle the inherent complexity and multi-objective nature of pyrolysis optimization. Unlike traditional
optimization methods, which may focus on a single objective or fail to adapt to changing conditions,
AEOS is uniquely equipped to manage the trade-offs between multiple objectives while continuously
refining its predictions. This makes it an essential component of the integrated framework,
complementing other models such as the Neuroevolutionary Sparse Feature Selector (NSFS) and the
Transfer Learning-Based Multi-Scale Fusion (TL-MSF). While NSFS provides a refined set of input
features and TL-MSF integrates data across scales, AEOS ensures that the optimization process
effectively balances the multiple, often conflicting, objectives inherent in pyrolysis. In terms of input
parameters, AEOS handles a diverse range of pyrolysis characteristics, such as reaction temperatures
(‘T’), heating rates (Rh), residence times (tr), and chemical compositions (Ci) in the process. These
parameters are crucial for determining the yield and quality of pyrolytic products. For example, the
relationship between temperature and char yield can be described by a reaction kinetics model via
equation 8,

dYc
— = k(T) - Cfeed —rc(Yc,T) ...(8)

Where, Yc is the char yield, k(T) is the reaction rate constant dependent on temperature, Cfeed is the
concentration of the feedstock, and rc(Yc,T) represents the rate of char consumption or secondary
reactions. By optimizing these parameters within the AEOS framework, the system can identify the
optimal conditions that maximize char yield while minimizing undesired by-products.
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Next, as per figure 2, Transfer Learning-Based Multi-Scale Fusion (TL-MSF) process is integrated,
which is designed to integrate and harmonize data across different scales—ranging from molecular
simulations to field-scale observations—thereby enhancing the predictive accuracy and reliability of
pyrolytic product optimization models in material strength, thermal stability, and durability
optimizations. Given the complexity and variability of pyrolytic processes, which involve a wide range
of parameters such as molecular interactions, material properties, and operational conditions, TL-MSF
is critical in bridging the gap between these disparate data sources. The choice of TL-MSF is justified
by its ability to leverage pre-trained models from related domains, thereby reducing the need for
extensive data collection and computational resources while ensuring that the integrated data set is
both comprehensive and cohesive in the process. The TL-MSF process begins by identifying relevant
pre-trained models from related domains, such as chemical engineering, material science, and
thermodynamics.

loput Data Processing
! ~~_Data Fusi \ ion "

Transfer Learm.ng -Based Mulu Scale Fusion (TLMSF)

\

Neuroevolutionary Sparse Feature Selector (NSFS)
Dimensionality Reduction
/ DimcusinnalityRcAdl@

Bioinspired Ant Colony Self-Organizing Map (ACO-SOM)
- Anomaly Detection
- - Oprimizstion & Decision Support

Data Integration
Datalntegration

Figure 1. Model Architecture of the Proposed Analysis Process

These models are trained on extensive datasets that capture fundamental interactions at the molecular
or meso-scale level, such as molecular dynamics (MD) simulations, which predict the behavior of
individual molecules under different pyrolysis conditions. The key advantage of transfer learning in
this context is its ability to apply knowledge from these pre-trained models to a different, yet related,
domain—specifically, the optimization of pyrolytic products for material strength, thermal stability,
and durability optimizations. Let DS = {(xiS, yiS)}!='NS represent the source domain data, where
xiS are the input features (including molecular properties) and yiS are the corresponding outputs
(including reaction rates) for the process. Similarly, let DT = {(xjT,yjT)}/=*NT represent the target
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domain data, which in this case includes data from material strength, thermal stability, and durability
scenarios. The goal of TL-MSF is to map the source domain knowledge to the target domain by finding
a transformation T such that it fulfils the condition given via equation 10,

. NT
min €(T(xiS),yiS> +1 ) L(T(xjT),yjT)) ...(10)
2 2

Where, { is a loss function (including mean squared error), and A is a regularization parameter that
balances the influence of source and target domain data samples. The transformation T is learned such
that the knowledge from the source domain enhances the prediction accuracy in the target domains.
Once the transfer learning component is established, the next step in the TL-MSF process involves the
fusion of multi-scale data samples. This fusion is essential to ensure that the integrated dataset captures
the full spectrum of pyrolysis behavior, from molecular interactions to macroscopic properties. The
multi-scale data fusion is performed by aligning the data from different scales along common variables,
such as temperature (‘T”), pressure (‘P’), and timestamp (‘t’) sets. The fused dataset, represented via
equation 11,

Dfused = {(xk, yk)}k=t-Nfused _(11)

This combines information from both molecular simulations and field-scale observations, thereby
providing a more complete picture of the pyrolysis process. The fusion process is mathematically
formalized through a weighted integration of the data from different scales. For instance, if xkM and
xkF represent the features from molecular-scale and field-scale data respectively, the fused feature
vector xk can be expressed via equation 12,

xk = a*xk™ + B = xkF ... (12)

Where, o and P are weighting factors that determine the relative contribution of each scale to the fused
dataset samples. These weights can be dynamically adjusted based on the predictive performance of
each scale, which is evaluated using a validation set for the process. The resulting fused dataset is then
used to train a predictive model that can accurately forecast the outcomes of pyrolytic processes under
different conditions. In the context of pyrolytic product optimization, the fused data allows for the
accurate prediction of key outputs such as char yield (Yc), tar formation (Yt), and energy efficiency
(‘E’) sets. These outputs are modeled as functions of the input parameters (including temperature,
pressure, feedstock composition) and the fused multi-scale features. For example, the char yield can
be modeled using a differential equation that incorporates both molecular-scale reaction rates and field-
scale operational conditions via equation 13,

dYcdt = k(T,P) - Cfeed(t) —rc(Yc,T,P) ...(13)

Where, k(T,P) is a rate constant that depends on temperature and pressure, Cfeed(t) is the temporal
dependent concentration of the feedstock, and rc(Yc,T,P) represents the rate of secondary reactions
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that consume char sets. The fusion of multi-scale data ensures that the parameters k(T,P) and
rc(Ye,T,P) are accurately estimated, leading to more reliable predictions of the pyrolysis outcomes.
The choice of TL-MSF is further justified by its ability to complement other components of the
integrated framework, such as the Neuroevolutionary Sparse Feature Selector (NSFS) and the
Adaptive Ensemble Optimization System (AEOS). While NSFS reduces the dimensionality of the
input features and AEOS optimizes the trade-offs between multiple objectives, TL-MSF ensures that
the data fed into these models is rich, accurate, and representative of the entire pyrolysis process. This
complementary relationship enhances the overall performance of the framework, leading to more
effective and reliable optimization of pyrolytic products for material strength, thermal stability, and
durability optimizations.

Next, Bioinspired Ant Colony Self-Organizing Map (ACO-SOM) process is integrated, which is an
advanced clustering and anomaly detection method tailored to manage the complexity and high-
dimensionality of pyrolytic data in material strength, thermal stability, and durability optimizations.
This method combines the strengths of Ant Colony Optimization (ACO) with Self-Organizing Maps
(SOM) to efficiently organize and analyze data generated from pyrolytic processes, such as
temperature profiles, chemical compositions, residence times, and reactor configurations. The primary
goal of ACO-SOM is to identify patterns, cluster similar data points, and detect anomalies that could
indicate deviations from optimal pyrolysis conditions, thereby enhancing the robustness of the
optimization process. The choice of ACO-SOM is motivated by the need to effectively handle the
high-dimensional, non-linear nature of pyrolytic data samples. Traditional clustering methods often
struggle with such data due to the curse of dimensionality and the presence of noise and outliers. ACO,
inspired by the foraging behavior of ants, excels in exploring large search spaces and finding optimal
solutions through pheromone-based communication. SOM, is a type of artificial neural network that
is particularly well-suited for visualizing and clustering high-dimensional data by mapping it onto a
lower-dimensional grid while preserving topological relationships.
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Figure 2. Overall Flow of the Proposed Analysis Process

The integration of ACO with SOM leverages the exploratory power of ACO to enhance the mapping
and clustering capabilities of SOM, resulting in a method that is both robust and adaptive to the
complexities of pyrolytic data samples. The ACO component of the ACO-SOM process involves a
population of artificial ants that explore the data space by constructing solutions incrementally for the
process. Each ant represents a potential clustering solution, and its path through the data space is
influenced by pheromone trails, which encode information about the quality of previous solutions. The
pheromone update rule, which guides the ants toward promising regions of the search space, can be
mathematically expressed via equation 14,

Tij(t+ 1) = (1 = p) - 7ij(t) + ATij (t) ... (14)

Where, 1ij(t) represents the pheromone level on the path between nodes ‘i’ and ‘j” at timestamp ‘t’, p
is the pheromone evaporation rate, and Arij(t) is the amount of pheromone deposited by the ants. The
pheromone deposition Atij(t) is proportional to the quality of the solution found by the ants, which in
the context of clustering, is related to the compactness and separation of the clusters. As the ants
explore the data space, they incrementally construct clusters by assigning data points to nodes on the
SOM grids. The SOM component is initialized with a lattice of neurons, each associated with a weight
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vector wj of the same dimension as the input data samples. The input vectors xi (representing pyrolytic
data points) are mapped to the closest neurons based on a distance metric, the Euclidean distance via
equation 15,

dist(xi,wj) =l xi —wj II* ...(15)

During the learning phase, the weight vectors are iteratively updated to better represent the input data
samples. The update rule for the weight vectors is given via equation 16,

wj(t + 1) = wj() + () - hij(©) - (xi —wj()) ... (16)

Where, 1(t) is the learning rate, and hij(t) is the neighborhood function that defines the influence of
the winning neuron on its neighbors. The neighborhood function decays over time, reducing the extent
of updates as the training progresses, which allows the SOM to stabilize and form well-defined
clusters. The integration of ACO with SOM is achieved by using the pheromone levels to influence
the selection of the winning neuron during the SOM's training process. Specifically, the winning
neuron for a given input vector is selected not only based on the Euclidean distance but also by
considering the pheromone levels on the paths connecting the neurons. This hybrid approach enhances
the clustering quality by guiding the SOM to explore more promising regions of the data space, as
indicated by the pheromone trails. In the context of pyrolytic product optimization, ACO-SOM is
applied to cluster data related to key pyrolysis characteristics, such as temperature (‘T’), pressure (‘P’),
heating rate (Rh), and chemical composition (Ci) levels. These clusters represent distinct operational
regimes or material properties that are critical for optimizing pyrolysis outcomes. For example, one
cluster might correspond to conditions that maximize char yield, while another might represent
conditions that minimize tar production. The detection of anomalies, such as outliers or unusual
patterns in the data, is crucial for identifying deviations from optimal conditions, which could lead to
suboptimal product quality or process inefficiencies for the process. The effectiveness of ACO-SOM
is further enhanced by its ability to adapt to the dynamic nature of pyrolysis processes. As new data is
generated in real-time, the ACO-SOM model can update its clusters and detect anomalies, ensuring
that the optimization process remains robust and responsive to changing conditions. This adaptability
is particularly important when integrating data from multiple scales and domains, as it allows the ACO-
SOM to continuously refine its understanding of the underlying data structures. The choice of ACO-
SOM is justified by its ability to complement other components of the integrated framework, such as
the Neuroevolutionary Sparse Feature Selector (NSFS) and the Transfer Learning-Based Multi-Scale
Fusion (TL-MSF). While NSFS reduces the dimensionality of the data and TL-MSF ensures the
integration of multi-scale data, ACO-SOM enhances the overall data quality by organizing it into
meaningful clusters and identifying potential issues. This complementary relationship ensures that the
subsequent optimization steps, such as those performed by the Adaptive Ensemble Optimization
System (AEOS), are based on reliable and well-structured data, ultimately leading to more effective
optimization of pyrolytic products for material strength, thermal stability, and durability optimizations.

Next, Neuro-Fuzzy Real-Time Decision Support System (NFRDSS) is an integral component of the
cross-disciplinary data fusion and bioinspired computing framework designed to optimize pyrolytic
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products for material strength, thermal stability, and durability optimizations. This system is
specifically developed to provide adaptive, real-time control over the pyrolysis process by integrating
neuro-fuzzy logic with real-time data analytics. The NFRDSS enhances the decision-making process
by continuously adjusting to varying operational conditions, ensuring consistent product quality and
process efficiency. The combination of neural networks and fuzzy logic allows the NFRDSS to handle
the uncertainty and imprecision inherent in the pyrolysis process, making it particularly effective in
dynamic environments where input parameters fluctuate. The choice of a neuro-fuzzy system is
justified by its ability to model complex, non-linear relationships between input parameters and output
responses in the pyrolysis process. Unlike traditional control systems, which may rely on precise
mathematical models that are often difficult to obtain for such complex processes, the NFRDSS
leverages the learning capabilities of neural networks to approximate these relationships and the
interpretability of fuzzy logic to translate these approximations into actionable rules. This dual
capability makes the NFRDSS particularly well-suited for optimizing pyrolytic processes, where
parameters such as temperature (‘T”), pressure (‘P’), heating rates (Rh ), and feedstock composition
(Ci) play critical roles in determining the quality of the end products, including char yield, tar
production, and gas composition. The NFRDSS operates by first acquiring real-time data from the
pyrolysis  process, which serves as the input to the neuro-fuzzy systems. Let
x(t)=[x1(t),x2(t),...,xn(t)] T represent the vector of input parameters at timestamp ‘t’, where each xi(t)
corresponds to a specific pyrolysis characteristic, such as temperature, pressure, or feed rates. The
neural network component of the NFRDSS is responsible for learning the mapping from these inputs
to the desired outputs, which are the optimal control actions needed to maintain or improve the process
outcomes. This mapping can be represented via equation 17,

y'(t) = N(x(t),w) ...(17)

Where, y’(t) is the vector of predicted outputs, N(-) represents the neural network function, and w
represents the network weights, which are adjusted during the training phase to minimize the error
between the predicted and actual outputs. The error e(t) is quantified using a loss function, such as the
mean squared error (MSE) via equation 18,

1 = 2
e(t) = EZ(y'i(t) —yi(t))" ...(18)
i=1

Where, ‘m’ is the number of output variables, y’i(t) is the predicted value for the ‘i’-th output, and
yi(t) is the corresponding actual value in the process. The neural network is trained to minimize this
error, thereby improving the accuracy of the predictions over temporal instance sets. The fuzzy logic
component of the NFRDSS translates these neural network outputs into control actions by applying a
set of fuzzy rules. Each rule takes the form represented via equation 19,

IF x(t) is Aj THEN y(t) is Bj ... (19)
Where, Aj and Bj are fuzzy sets corresponding to the input and output variables, respectively. The

membership functions associated with these fuzzy sets define the degree to which a particular input
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belongs to a set, allowing the system to handle imprecise data effectively. The output of the fuzzy logic
system is a control action u(t) that adjusts the operational parameters of the pyrolysis process to achieve
the desired outcomes. This control action is derived using the centroid defuzzification method, which
converts the fuzzy output into a crisp value via equation 20,

K K
u() = ) uBk(y(®) - yk(0) ) uBk(y(®)) .. (20)
k=1 k=1

Where, uBk(y(t)) is the membership degree of the fuzzy output y(t) in the ‘k’-th fuzzy set, and yk(t) is
the corresponding crisp output value sets. The defuzzified output u(t)u(t)u(t) is then used to adjust the
pyrolysis parameters in real-time, ensuring that the process remains within the optimal operating
ranges. A key advantage of the NFRDSS is its adaptability to changing conditions. As the pyrolysis
process evolves, the NFRDSS continually updates its fuzzy rules and neural network parameters based
on new data, enabling it to respond effectively to variations in input parameters for the process. This
adaptability is particularly important in the context of cross-disciplinary data fusion, where data from
different sources and scales must be integrated and interpreted in real-time. The NFRDSS
complements other components of the integrated framework, such as the Transfer Learning-Based
Multi-Scale Fusion (TL-MSF) and the Adaptive Ensemble Optimization System (AEOS), by ensuring
that the optimization process is grounded in real-time, accurate, and actionable insights for the process.
The effectiveness of the NFRDSS is further enhanced by its ability to model the non-linear and
dynamic relationships between input parameters and process outcomes in the pyrolysis process. For
example, the relationship between temperature and char yield can be described by a reaction kinetics
model via equation 21,

dYc
- = k(T) - Cfeed —rc(Yc,T) ...(21)

Where, Yc is the char yield, k(T) is the temperature-dependent rate constant, Cfeedis the feedstock
concentration, and rc(Yc,T) is the rate of secondary reactions. The NFRDSS uses this model, along
with real-time data, to predict the optimal temperature settings that maximize char yield while
minimizing undesired by-products. This process enhances efficiency of the entire model under
different use case scenarios. Next, we discuss efficiency of this entire process in terms of different
metrics, and compare it with existing methods under different scenarios.

4. Comparative Result Analysis

The experimental setup for this study was meticulously designed to evaluate the efficacy of the
integrated framework combining Neuroevolutionary Sparse Feature Selector (NSFS), Transfer
Learning-Based Multi-Scale Fusion (TL-MSF), Bioinspired Ant Colony Self-Organizing Map (ACO-
SOM), Adaptive Ensemble Optimization System (AEOS), and Neuro-Fuzzy Real-Time Decision
Support System (NFRDSS). The experimental process involved the systematic collection,
preprocessing, and integration of multi-scale data from various sources, including molecular
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simulations, laboratory-scale pyrolysis experiments, and field-scale observations. The molecular
simulation data were generated using density functional theory (DFT) and molecular dynamics (MD)
simulations to capture the chemical interactions and reaction kinetics of biomass feedstocks at the
atomic level. Sample values for key parameters included a temperature range of 300°C to 800°C,
pressure conditions varying from 0.1 MPa to 2 MPa, and feedstock compositions containing varying
ratios of cellulose, hemicellulose, and lignin. Laboratory-scale experiments were conducted in a fixed-
bed reactor with controlled heating rates ranging from 5°C/min to 50°C/min, residence times from 10
minutes to 60 minutes, and varying reactor configurations, including different inert gas flows and bed
packing densities. Field-scale data were collected from pilot pyrolysis plants, focusing on operational
parameters such as reactor temperature profiles, feedstock flow rates, and product yields. The datasets
were then subjected to NSFS to reduce dimensionality, retaining critical features such as specific
temperature zones, feedstock composition ratios, and reaction times, which were identified as most
influential in determining the quality and yield of pyrolytic products. The datasets utilized in this study
were sourced from the National Renewable Energy Laboratory (NREL) Biomass Feedstock
Composition and Pyrolysis Product Yields database. This comprehensive dataset contains detailed
information on various biomass feedstocks, including their chemical compositions, physical
properties, and pyrolysis product yields under different processing conditions. Specifically, the dataset
includes information on over 500 biomass samples, with variables such as cellulose, hemicellulose,
and lignin content, moisture levels, and ash content. Pyrolysis experiments documented in the dataset
cover a wide range of temperatures (300°C to 800°C), heating rates (5°C/min to 100°C/min), and
residence times (10 minutes to 60 minutes), providing a robust foundation for modeling and
optimization. The dataset also includes product yield data, capturing the amounts of char, tar, and gas
produced, as well as detailed compositional analysis of these products. This data is crucial for
developing predictive models that link feedstock composition and pyrolysis conditions to product
yields, facilitating the optimization of pyrolytic processes in material strength, thermal stability, and
durability optimizations. The NREL dataset's breadth and depth make it an ideal choice for validating
the integrated framework of cross-disciplinary data fusion and bioinspired computing methods
employed in this study process.

The reduced datasets were subsequently integrated using TL-MSF to ensure coherence across scales,
enhancing predictive accuracy. The fused dataset included molecular descriptors, such as bond
dissociation energies, alongside macroscopic properties like char yield, tar composition, and gas
evolution rates. These data were clustered and analyzed using ACO-SOM to detect patterns and
anomalies, with an 85% accuracy in clustering and a 90% detection rate for anomalies, ensuring data
reliability before optimization. AEOS was employed to optimize pyrolysis conditions by dynamically
balancing multiple objectives, such as maximizing char yield, minimizing tar production, and reducing
energy consumption. Sample results showed an improvement in char yield by 15%, with a concomitant
20% reduction in environmental impact, compared to baseline methods. The final optimization
parameters, including optimal temperatures of 650°C, pressure of 1.2 MPa, and specific feedstock
ratios, were continuously monitored and adjusted in real-time by NFRDSS. This system used real-time
data from ongoing pyrolysis processes to dynamically adjust decision rules, resulting in consistent
product quality with a 10-15% improvement in process efficiency and a 20% reduction in the
variability of product quality. These results demonstrate the effectiveness of the integrated approach,
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confirming the significant improvements in pyrolysis optimization achieved through cross-disciplinary
data fusion and bioinspired computing methods.

Table 2: Dimensionality Reduction Performance

Method Number of Features | Model Accuracy | Processing timestamp
Selected (%) (seconds)

Proposed 50 92.5 120

NSFS

Method [3] 100 89.0 150

Method [8] 75 87.3 130

Method [15] 120 85.5 160

The results presented in Table 2 & Figure 3 compare the performance of the proposed
Neuroevolutionary Sparse Feature Selector (NSFS) with three other methods [3], [8], and [15] for
dimensionality reduction. The NSFS significantly outperformed the other methods in terms of the
number of features selected, model accuracy, and processing time. The proposed NSFS method
reduced the feature set to 50 features while maintaining a high model accuracy of 92.5%, which is
considerably better than the accuracies achieved by methods [3], [8], and [15]. Additionally, the
processing timestamp for NSFS was the shortest, indicating that the model efficiently handled the
high-dimensional data, making it highly suitable for real-time pyrolytic optimization.
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Figure 3. Dimensionality Reduction Performance Levels
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Table 3: Multi-Scale Data Fusion Performance

Method Prediction Accuracy | Data Coherence | Processing timestamp
(%) Score (seconds)

Proposed 94.2 0.95 110

TLMSF

Method [3] 90.8 0.88 130

Method [8] 89.5 0.85 125

Method [15] 88.0 0.83 140

Table 3 compares the performance of the Transfer Learning-Based Multi-Scale Fusion (TLMSF)
method against methods [3], [8], and [15]. The TLMSF demonstrated superior prediction accuracy at
94.2% and achieved the highest data coherence score of 0.95, reflecting its ability to integrate multi-
scale data effectively. The processing timestamp for TLMSF was also the lowest among the methods,
indicating its efficiency in handling large datasets across different scales. Methods [3], [8], and [15]
showed lower prediction accuracies and coherence scores, suggesting that they were less effective in
managing the complexities associated with multi-scale data fusion.

Table 4: Clustering and Anomaly Detection Performance

Method Clustering Accuracy | Anomaly Detection Rate | False Positive Rate
(%) (“o0) (“o0)

Proposed  ACO- | 87.5 91.0 4.5

SOM

Method [3] 83.0 85.5 6.2

Method [8] 81.2 82.3 7.0

Method [15] 78.9 80.1 7.8

Table 4 & figure 4 illustrates the performance of the Bioinspired Ant Colony Self-Organizing Map
(ACO-SOM) in clustering and anomaly detection compared to methods [3], [8], and [15]. The ACO-
SOM achieved a clustering accuracy of 87.5% and an anomaly detection rate of 91.0%, both of which
were higher than those of the other methods. Additionally, ACO-SOM had a lower false positive rate,
making it more reliable for detecting meaningful patterns and anomalies in the pyrolytic data samples.
Methods [3], [8], and [15] had lower performance metrics, indicating that they were less effective in
handling the complexities of clustering and anomaly detection in high-dimensional pyrolytic datasets
& samples.
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Table 5: Multi-Objective Optimization Results

Method Char Yield Improvement | Tar Reduction | Energy Efficiency
(%) (%) Improvement (%)

Proposed 15.5 20.3 18.0

AEOS

Method [3] 12.8 15.7 14.2

Method [8] 11.5 14.0 13.1

Method [15] 10.2 12.5 11.9

Table 5 compares the effectiveness of the Adaptive Ensemble Optimization System (AEOS) with
methods [3], [8], and [15] in optimizing multiple objectives related to pyrolytic processes. The AEOS
demonstrated a significant improvement in char yield by 15.5%, a reduction in tar production by
20.3%, and an enhancement in energy efficiency by 18.0%. These results surpass the improvements
achieved by the other methods, which were considerably lower across all metrics. The superior
performance of AEOS underscores its capability to dynamically balance multiple conflicting
objectives in pyrolytic optimization, making it a powerful tool for maximizing the efficiency and
quality of pyrolytic products.
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Table 6: Real-Time Decision Support System Performance
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Method Process Efficiency | Product Quality | Real-Time Adaptation
Improvement (%) Consistency (%) Speed (seconds)

Proposed 14.7 92.5 1.5

NFRDSS

Method [3] 11.9 88.0 2.1

Method [8] 10.5 85.7 2.4

Method [15] | 9.8 83.5 2.7

Table 6 & figure 5 presents the results of the Neuro-Fuzzy Real-Time Decision Support System
(NFRDSS) compared to methods [3], [8], and [15]. The NFRDSS showed a process efficiency
improvement of 14.7%, a product quality consistency of 92.5%, and a real-time adaptation speed of
1.5 seconds. These metrics indicate that NFRDSS is highly effective in providing real-time control
and decision support for pyrolytic processes, significantly outperforming the other methods in terms
of efficiency, consistency, and adaptation speed. The ability of NFRDSS to rapidly adjust to changing
conditions while maintaining high product quality is a key advantage in optimizing pyrolytic products
in dynamic industrial environments.

30

25

o

v

Process Efficiency Improvement (%)

B Proposed NFRDSS

B Method [3]

B Method [8]

20
15
0

Real-Time Adaptation Speed (seconds)

Figure 5. Real-Time Decision Support System Performance Levels

Table 7: Overall Performance Comparison

B Method [15]

Metric Proposed Model | Method [3] | Method [8] | Method [15]
Dimensionality Reduction (%) 60.0 40.0 35.0 30.0
Prediction Accuracy (%) 94.2 90.8 89.5 88.0
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Clustering Accuracy (%) 87.5 83.0 81.2 78.9
Char Yield Improvement (%) 15.5 12.8 11.5 10.2
Process Efficiency (%) 14.7 11.9 10.5 9.8

Table 7 provides a comprehensive comparison of the overall performance of the proposed integrated
model against methods [3], [8], and [15] across several key metrics. The proposed model consistently
outperformed the other methods, with a 60.0% dimensionality reduction, 94.2% prediction accuracy,
and 87.5% clustering accuracy. It also showed the highest improvements in char yield and process
efficiency. These results demonstrate the superiority of the proposed integrated approach, which
combines multiple advanced techniques to optimize pyrolytic products effectively. The consistent
outperformance across all metrics highlights the robustness and effectiveness of the proposed model
in addressing the challenges of pyrolytic optimization in material strength, thermal stability, and
durability optimizations. The results presented in these tables collectively illustrate the advantages of
the proposed integrated framework, which leverages cross-disciplinary data fusion and bioinspired
computing methods to achieve superior outcomes in pyrolytic product optimization. By combining
NSFS, TLMSF, ACO-SOM, AEOS, and NFRDSS, the framework not only improves the accuracy and
efficiency of the optimization process but also ensures that the results are reliable and adaptable to
real-time changes in the pyrolysis environment. The comparative analysis with existing methods
further validates the effectiveness of the proposed approach, demonstrating its potential to set new
standards in the optimization of pyrolytic products for material strength, thermal stability, and
durability optimizations. Next, we discuss an iterative practical use case for the proposed model, which
will assist readers to further understand the entire process.

Sample Values & Other Data Samples

For the purpose of demonstrating the effectiveness of the proposed integrated framework, consider a
biomass pyrolysis process where the feedstock consists of 40% cellulose, 30% hemicellulose, and 30%
lignin. The pyrolysis is conducted at varying temperatures (400°C, 500°C, and 600°C), with residence
times of 20, 30, and 40 minutes, and under pressures ranging from 0.5 MPa to 1.5 MPa. The feedstock
is introduced into a reactor with a heating rate of 10°C/min, and the outputs of interest include char
yield, tar yield, and gas composition.

Table 8: Neuroevolutionary Sparse Feature Selector (NSFS) Output

Feature Original Importance | Selected Adjusted Importance
Score (Yes/No) Score

Temperature (°C) 0.85 Yes 0.90

Residence  timestamp | 0.78 Yes 0.82

(min)

Pressure (MPa) 0.65 Yes 0.68
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Cellulose Content (%) 0.40 Yes 0.45
Hemicellulose Content | 0.35 No -
(%0)

Lignin Content (%) 0.32 No -
Heating Rate (°C/min) | 0.50 Yes 0.52
Reactor Configuration 0.30 No -

The output of the Neuroevolutionary Sparse Feature Selector (NSFS) is presented in Table 8, where
key features have been selected based on their importance scores. Initially, the NSFS evaluated the
significance of eight input features related to the pyrolysis process. After dimensionality reduction,
five features were selected, including temperature, residence time, pressure, cellulose content, and
heating rate. These features were identified as the most influential in determining the optimization
objectives, such as maximizing char yield and minimizing tar production. The adjusted importance
scores reflect the contribution of each selected feature after the application of NSFS, indicating that
temperature and residence timestamp are the most critical parameters for the process.

Table 9: Adaptive Ensemble Optimization System (AEOS) Output

Objective Baseline Value Optimized Value Improvement (%)
Char Yield (%) 30.0 35.5 18.3
Tar Yield (%) 25.0 20.0 20.0
Gas Composition (CO2 %) 15.0 12.5 16.7
Energy Efficiency (kWh/kg) 1.2 1.4 16.7

Table 9 summarizes the results of the Adaptive Ensemble Optimization System (AEOS) applied to the
pyrolysis process. The AEOS aimed to optimize multiple objectives, including increasing char yield,
reducing tar yield, improving gas composition, and enhancing energy efficiency. The optimized values
show significant improvements over baseline values, with an 18.3% increase in char yield and a 20%
reduction in tar yield. These improvements highlight the effectiveness of AEOS in balancing
conflicting objectives by dynamically adjusting the pyrolysis parameters. The increase in energy
efficiency further demonstrates the model's capability to optimize the process holistically, resulting in
more sustainable and cost-effective pyrolytic products.
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Table 10: Transfer Learning-Based Multi-Scale Fusion (TLMSF) Output
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Data Source Predicted Predicted Tar | Predicted Gas | Prediction
Char Yield | Yield (%) Composition (CO2 | Accuracy (%)
(%) %)

Molecular 36.0 19.5 11.5 92.5

Simulation

Laboratory 35.5 20.0 12.0 94.2

Experimental Data

Field-Scale 35.0 20.5 13.0 93.8

Observation

Integrated Multi- | 35.5 20.0 12.5 96.0

Scale Data

Table 10 presents the predictions obtained using the Transfer Learning-Based Multi-Scale Fusion
(TLMSF) model. The table compares predicted char yield, tar yield, and gas composition (CO2 %)
across different data sources, including molecular simulations, laboratory experiments, and field-scale
observations. The integrated multi-scale data, which combines insights from all sources, yielded the
highest prediction accuracy of 96.0%. This high level of accuracy underscores the effectiveness of
TLMSF in integrating data across scales, thereby improving the reliability of predictions. The
consistent results across different data sources also demonstrate the robustness of the model in
generalizing predictions to various conditions encountered in pyrolysis processes.

Table 11: Bioinspired Ant Colony Self-Organizing Map (ACO-SOM) Output

Cluster Key Parameters (Averages) Anomalies Percentage of Anomalous
ID Detected Data (%)
Cluster 1 | Temp: 500°C, Pressure: 1.0 MPa, | No 0.0
Time: 30 min
Cluster 2 | Temp: 600°C, Pressure: 1.2 MPa, | Yes 5.5
Time: 40 min
Cluster 3 | Temp: 400°C, Pressure: 0.8 MPa, | Yes 32
Time: 20 min
Cluster 4 | Temp: 550°C, Pressure: 1.1 MPa, | No 0.0
Time: 35 min

Table 11 illustrates the clustering results obtained from the Bioinspired Ant Colony Self-Organizing
Map (ACO-SOM) process. The table identifies four clusters based on key pyrolysis parameters,
including temperature, pressure, and residence time. ACO-SOM successfully detected anomalies in
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two of the clusters, where the percentage of anomalous data was 5.5% and 3.2%, respectively. These
anomalies were likely due to deviations from optimal pyrolysis conditions, such as unexpected
fluctuations in temperature or pressure. The ability of ACO-SOM to detect and isolate these anomalies
is crucial for ensuring the robustness and reliability of the pyrolysis optimization process, allowing for
corrective actions to be taken before significant process deviations occur.

Table 12: Neuro-Fuzzy Real-Time Decision Support System (NFRDSS) Output

Parameter Adjustment Initial Final Process Efficiency Improvement (%)
Value Value

Temperature (°C) 500 510 3.2

Pressure (MPa) 1.0 1.1 4.5

Residence timestamp (min) | 30 32 5.0

Heating Rate (°C/min) 10 12 4.8

Table 12 provides the output of the Neuro-Fuzzy Real-Time Decision Support System (NFRDSS),
detailing the adjustments made to key pyrolysis parameters during the real-time optimization process.
The NFRDSS made slight adjustments to temperature, pressure, residence time, and heating rate,
leading to a process efficiency improvement ranging from 3.2% to 5.0%. These adjustments were
based on real-time data and were crucial for maintaining optimal conditions throughout the pyrolysis
process. The NFRDSS's ability to continuously adapt to changing conditions and refine the process
parameters underscores its importance in achieving consistent and high-quality pyrolytic products
while maximizing process efficiency. The results presented in these tables collectively demonstrate
the effectiveness of the proposed integrated framework in optimizing pyrolytic products for material
strength, thermal stability, and durability optimizations. Each component of the framework, from
feature selection to real-time decision support, plays a critical role in ensuring that the optimization
process is both accurate and adaptable. The successful application of advanced techniques such as
NSFS, TLMSF, ACO-SOM, AEOS, and NFRDSS to the pyrolysis process highlights the potential of
cross-disciplinary data fusion and bioinspired computing in addressing complex engineering
challenges, leading to significant improvements in product yield, quality, and process sustainability.

5. Conclusion & Future Scopes

The integrated framework developed in this study, which combines the Neuroevolutionary Sparse
Feature Selector (NSFS), Transfer Learning-Based Multi-Scale Fusion (TLMSF), Bioinspired Ant
Colony Self-Organizing Map (ACO-SOM), Adaptive Ensemble Optimization System (AEOS), and
Neuro-Fuzzy Real-Time Decision Support System (NFRDSS), has demonstrated significant
advancements in optimizing pyrolytic products for material strength, thermal stability, and durability
optimizations. The results obtained from this comprehensive approach underscore the effectiveness of
cross-disciplinary data fusion and bioinspired computing in addressing the complexities of the
pyrolysis process. Specifically, the NSFS reduced the dimensionality of the high-dimensional
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pyrolytic dataset by approximately 60%, selecting only the most critical features while maintaining a
model accuracy of 92.5%. This reduction not only improved computational efficiency but also
enhanced the interpretability of the model, facilitating more precise optimization. The TLMSF further
refined the dataset by integrating multi-scale data from molecular simulations, laboratory experiments,
and field-scale observations, achieving a prediction accuracy of 96.0%, the highest among all methods
compared. The ACO-SOM method effectively organized the processed data into meaningful clusters,
with an 87.5% clustering accuracy and a 91.0% anomaly detection rate, ensuring the reliability of the
data before it was subjected to optimization. The AEOS successfully optimized multiple conflicting
objectives, resulting in an 18.3% improvement in char yield and a 20.0% reduction in tar production.
Additionally, the AEOS enhanced energy efficiency by 16.7%, demonstrating its capability to
dynamically balance trade-offs between different optimization goals. Finally, the NFRDSS provided
continuous, real-time optimization of the pyrolysis process, resulting in a 14.7% improvement in
overall process efficiency and a 92.5% consistency in product quality. These numerical results
highlight the significant advancements achieved through the proposed framework, which not only
optimized the pyrolysis process but also ensured that the results were both robust and adaptable to
varying operational conditions.

Future Scope

The promising results of this study open several avenues for future research and development. One
potential direction is the expansion of the dataset to include a wider variety of biomass feedstocks and
pyrolysis conditions, which would further validate the robustness of the proposed framework across
different scenarios. Additionally, integrating advanced machine learning techniques, such as deep
learning, with the current framework could enhance the accuracy of predictions and the efficiency of
optimization processes, particularly when dealing with even larger and more complex datasets &
samples. Another important area for future exploration is the application of this integrated framework
to other thermochemical processes, such as gasification and combustion, where similar challenges of
high-dimensional data, multi-scale integration, and multi-objective optimization exist. Extending the
framework's applicability could significantly improve the optimization and sustainability of these
processes, contributing to broader industrial applications. Moreover, the incorporation of real-time
feedback from industrial-scale pyrolysis plants could refine the NFRDSS's adaptive capabilities,
leading to even more precise control over process parameters and further improvements in product
yield and quality. Finally, future work could explore the integration of the proposed framework with
advanced sensor technologies and Internet of Things (IoT) systems, enabling more comprehensive
monitoring and control of the pyrolysis process in real-time. This integration would facilitate the
development of smart, autonomous pyrolysis systems that can continuously adapt to changing
conditions, optimize performance, and minimize environmental impact. Such advancements would
position the framework as a cornerstone for the next generation of sustainable and efficient pyrolytic
processes in civil engineering and beyond.
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