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ABSTRACT: The increasing environmental concerns after the United Nations” push towards sustainable development
goals (SDGs) and depletion of non-renewable resources have accelerated the global pursuit of sustainable materials.
Within this framework, bio-based polymer composites have gained considerable attention for their ability to balance
mechanical performance, cost-effectiveness, and environmental responsibility. Biofibres/fillers-based polymer com-
posites reinforced with natural fibres like jute, bamboo, coconut coir, pineapple leaf fibre (PALF), and flax offer an
attractive combination of mechanical performance, cost-effectiveness, and environmental sustainability. Moreover,
additive manufacturing (3D printing), coupled with machine learning, digital twins, and data-driven material design,
is transforming the development and optimization of natural fibre-reinforced polymer composites for advanced,
sustainable engineering applications and enabled the realization of the material, structure and function paradigm for
composite design. This review highlights major developments in bio-based composites through the perspective of
integrated modelling strategy and material-design-function philosophy. It also outlines how machine learning and
digital twin-based models accelerated the material discovery, prediction, optimization, and sustainability assessment.
Using machine learning techniques, prediction of properties, optimization of processes, and detection of defects can
be performed in a much faster way. Digital twins provide a virtual representation of components, enabling real-time
monitoring, predictive maintenance, virtual testing, and full lifecycle analysis. Moreover, the purpose of this review is
to organize the latest progress, highlight the main research gaps, and propose the next steps towards smart, eco-friendly,
and Industry 4.0/5.0, compliant composite materials. Also, the integration of life cycle assessment data into digital twin
platforms could enable continuous environmental performance assessment throughout the product lifecycle.
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1 Introduction

The shift from petroleum-based polymers/plastics towards renewable, low-carbon alternatives has
become more intense in recent years due to the climate emergency, resource depletion, and strict envi-
ronmental regulations, along with constant push from the UN’s sustainable development goals (especially
SDG 9, SDG 12 and SDG 13) [1,2]. Bio-based polymers (like Polylactic Acid, Polyhydroxyalkanoates, bio-
epoxies) and natural plant-based fibers (flax, jute, hemp, bamboo, sisal, pineapple leaf, coir) offer significant
potential for reducing the carbon footprint, environmental toxicity, and waste generation associated with
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traditional polymeric materials [3-5]. Although bio-based composites have considerable environmentally
friendly benefits, their design and performance optimization rely mainly on experiments and require a lot
of time [6]. Simultaneously, advances in machine learning (ML) and materials informatics are reshaping
the development, processing, and assessment of bio-based composites by enabling data-driven material
design, predictive modelling, and automated process optimization [7,8]. These approaches are gradually
replacing trial-and-error methods through a tedious experimentation process. Furthermore, the influence
of machine learning extends to predicting the mechanical, thermal, and rheological behavior of novel
bio-composite formulations, optimizing fiber/matrix combinations and processing conditions, automating
defect detection and quality assurance, and accelerating life cycle assessment (LCA) for sustainability
and decision-making [9,10]. Consequently, bio-based composites supported by machine learning (ML)
and digital twin (DT) technologies provide a powerful framework for achieving both sustainability and
improved performance. ML enables rapid material discovery, property prediction, and process optimization,
while DT technology creates a real-time virtual counterpart of the physical system by integrating sensor
data, simulation models, and predictive analytics [11]. Therefore, the latest breakthroughs in machine
learning and digital twin frameworks offer effective data-driven methods for predictive modeling, process
optimization, and life cycle performance assessment. However, the existing literature remains scattered,
addressing individual aspects of bio-based composites, machine learning, and digital twin technologies in
isolation [12]. Thus, it does not provide a comprehensive and integrated perspective. So, this review stems
from the development of machine learning, digital twin technologies, and biofiller/fibre-based polymer
composites merging together in the field of sustainable engineering.

The review methodology followed in this study is presented in Fig. 1. The process includes research paper
identification, screening, eligibility assessment, study selection, data extraction, thematic classification, and
critical synthesis to ensure a state-of-the-art review of Machine Learning and Digital Twin applications in
bio-based and hybrid composites.
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Figure 1: Review methodology.
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L1 Background and Motivation

Hybrid composites are engineered by combining natural fibers with synthetic reinforcements and/or
nano-fillers and a polymer matrix material. This combination enhances mechanical strength, thermal
stability, and durability over time but potentially reduces environmental sustainability [13]. On the other
hand, purely bio-based materials are usually less consistent and perform worse. In addition, they tend to
degrade quickly and lose their strength when exposed to changing temperature conditions. These composites
are very popular in the automotive and aerospace industries, construction sector, healthcare, and various
consumer goods. Weight reduction, environmental friendliness, and better energy efficiency are major
reasons driving their adoption across various industries [14,15]. Still, natural fibers vary in quality from batch
to batch. This causes uneven (non-uniform) properties and makes them unreliable/worthless over time.
Moisture also affects them directly. Therefore, processing of these materials is a complicated task [16,17].

In this regard, digital twin technology enables continuously monitoring of the performance of a
product from design to production to its actual use. Machine learning models are capable of forecasting
the mechanical response of these materials to different types of stress and load conditions [18]. Also, it
identifies defects before they develop into major issues. These digital tool sets raise the level of quality control
and are helpful in mapping out the long-term performance of a product without resorting to continuous
testing and inspection [19]. The system is able to self-regulate its performance by learning from historical and
real-time data. Using this synergetic integration of digital twin and machine learning can enable improving
materials design and performance optimization in traditional bio-composites effectively. Also, it makes the
final product more reliable and consistent over time.

1.2 Bio-Based Polymer Composites in Sustainable Engineering

Bio-based polymer composites are a great platform for sustainable engineering. Biocomposites are
primarily composed of renewable or bio-based constituents. They generally have a lower environmental
impact than many conventional composite materials. Also, they could be used for many structural and
functional applications, such as composites where natural fibers like flax, hemp, jute, bamboo, or kenaf are
bound together by bio-based or partly biodegradable polymers [20,21]. The utilization of these materials
reduces the dependence on petroleum-based materials, lowers carbon emissions, and facilitates transition
towards a circular economy in engineering and manufacturing. This shift supports several Sustainable
Development Goals, especially those related to responsible consumption (SDG 12), climate action (SDG 13),
and industrial innovation (SDG 9). The benefits may largely depend on the quality of manufacturing of the
materials and their application in real scenarios. Unless the materials are accurately tested in real conditions,
the use of these composites in engineering designs may not always result in better performance. This reduces
the dependency on fossil fuel in the future, especially if the production processes remain standardized
and reliable. In a way, the long-term success is somewhat contingent upon the supply chain stability and
regulatory support in major natural fibre based composite markets. Eventually, the wide spread use can
change the material selections for different industries [22,23].

1.3 Role of Machine Learning and Digital Twins in Advanced Sustainable Materials

Recently, researchers and industry professionals have begun to focus on how machine learning can
be combined with digital twins to create new bio-based advanced materials [24]. In fact, developing
better materials such as plant-fibre reinforced polymer composites or hybrid composite types nowadays
relies heavily on smart software tools rather than the conventional way of lengthy and tedious laboratory
experimentation. The traditional methods involve many cycles of specimen preparation, testing of the
fabricated samples, and extensive waiting time [25]. Besides that, these methods waste lots of time and money.
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Nevertheless, this is a different scene when machine learning is combined with continuous virtual feedback
to form models that can predict the results before going for physical experiments.

These technologies enable real-time monitoring of sustainable material development, simulation of
underlying material behaviour, and prediction of service life under various loading conditions [26]. It is no
longer the case that final decisions are made by assumption because the data patterns are extracted from
the previously manufactured and tested samples. Operations become less wasteful in terms of raw materials
since initially low amount is thrown away. Moreover, sustainability is also making headway as less waste is
produced during trials [27]. Furthermore, the costs are reduced as precision eliminates the need for excess.
As the ML and DT system learns from historical and real-time data, design selection becomes progressively
more accurate, resulting in enhanced performance, reduced uncertainty, and optimized material and process
configurations [28].

1.4 Scope and Objectives of the Review

The scope of this review is to comprehensively explore the integration of bio-based and hybrid polymer
composites with machine learning (ML) and digital twin (DT) technologies for sustainable engineering
applications and life cycle assessment. It also describes how machine learning (ML) and digital twin
(DT) technologies can address variability, process uncertainty, and property prediction in bio-based and
hybrid polymer composites. It further attempts to identify challenges and limitations along with future
research directions.

2 Bio-Based Polymer Composites: Materials and Processing

Bio-based polymer composites are processed through various manufacturing techniques and
approaches depending on different types of biopolymers.

2.1 Bio-Polymers: Types and Characteristics

The various types of bio-based polymers are:

o  Polylactic Acid (PLA): It is a widely adopted thermoplastic polymer in consumer goods and packaging
due to stiffness and easy processing. Nowadays, artificial intelligence (AI) assisted reactive blending and
reinforcement prediction tools are being used to improve toughness and heat resistance of this polymer.

o Polyhydroxyalkanoates (PHAs): These are fully biodegradable thermoplastic polymers where AT models
help optimize compositional addition, carbon-source utilization, and molecular weight distribution to
reduce costs.

«  Bio-Epoxies and Bio-Polyesters: These are another important class of bio-based polymers. Al-enabled
molecular modelling accelerates the development of lignin- or plant-oil-based resins with tailored glass
transition temperatures, crosslink densities and cure cycles.

2.2 Natural Fibers and Bio-Fillers

Various types of natural fibres are coir, bamboo, hemp, sisal, jute, banana, wood, cotton, silk, and
pineapple leaf, etc. Their sources of origin are presented in Fig. 2. Mostly, natural fibres are classified based
on their sources of origin, like plant-based (bamboo, sisal, banana, etc.) and animal-based (Silk, wool, etc.).
Furthermore, plant-based fibres can be divided on the basis of the part of the tree (stem, fruit, leaf, etc.) used
for extracting the fibres. The details about all fibres are presented in Table 1. The hydrophilicity, variability,
and moisture sensitivity limit the engineering uses of these fibres. The interfacial adhesion and moisture
absorption problems can be suppressed by chemical treatment [29]. In addition, natural fibres generally
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begin to thermally degrade within the temperature range of 180°C-250°C, depending on their chemical
composition, while many biopolymers exhibit limited thermal stability during prolonged processing. Ele-
vated temperatures may result in degradation of cellulose, hemicellulose, and lignin components, moisture
loss, discoloration, and deterioration of fibre-matrix interfacial adhesion [30]. Artificial intelligence (AI) can
be used to play a supporting role in automated fiber property classification using machine vision, machine
learning-based prediction of fiber-matrix adhesion, and optimization of alkali, silane, and enzymatic
treatments [31,32]. Moreover, the machine learning models can correlate fiber microstructure with composite
mechanical performance, thus reducing experimental workload.

Asbestos

Natural
Fibers

Wool

Figure 2: Types of natural fibres according to their sources of origin [adapted from [33] under a creative commons
(CQC) license].

Table 1: Chemical composition and mechanical properties of natural fibers.

Fiber Cellulose Hemicellulose Lignin  Moisture  Density  Tensile Strength Elongation at Young’s
(%) (%) (%) (%) (g/cm3 ) (MPa) Break (%) Modulus (GPa)
Coir 27-50 0.15-20 30-45 9-11 1.2-1.5 186-345 3-7 2-8
Bamboo 70-74 12-14 10-12 13-20 0.45-0.99 540-630 1-3 11-17
Hemp 53-91 4-18 1-21 12 1.4-1.6 310-750 2-4 30-60
Sisal 47-78 10-24 7-14 8-23 1.3-1.55 385-725 2-3 9-38
Jute 58-64 20-24 11-15 12-14 1.3-1.5 393-773 1.2-1.8 13-26.5
Banana 71 13 7 11-14 0.75-0.95 355-384 2-6 20-51
Flax 62-72 18-20 2-5 2.6-8 1.4-1.5 343-2000 1.2-3.3 27-103
Pineapple 70-82 18.8 14-15 11.8 1.4-1.5 413-1627 1.6-3 34-82

2.3 Hybrid Bio-Based Composite Material System

Hybrid bio-based composite material systems combine bio-based polymers with multiple types of
natural, synthetic, or nano-scale reinforcements to achieve enhanced mechanical, thermal, and functional
performance while maintaining sustainability benefits. Several authors have explored the utilization of differ-
ent natural fibres along with graphene/other fillers in the development of hybrid polymer composites [34,35].
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Unlike conventional single-reinforcement composites, hybrid systems exploit the synergistic effects of
different reinforcements, enabling improved strength-to-weight ratio, damage tolerance, and durability. This
approach addresses the inherent limitations of purely bio-based composites, such as lower stiffness, moisture
sensitivity, and variability in natural fibers. In hybrid bio-based composites, bio-derived polymer matrices
such as bio-epoxy, PLA, and PHA are reinforced with combinations of natural fibers, synthetic fibers (e.g.,
glass or carbon), and nano-fillers (e.g., nanocellulose, graphene, MXene, or nano-clays).

2.4 Manufacturing Techniques

The manufacturing methods have a profound effect on the strength, quality, and environmental
footprint of bio-based and hybrid bio-based composites. Polymers derived from biological sources and
natural fibers are susceptible to changes in temperature, humidity, and various stages of processing. Hence,
choosing the right method and making fine adjustments are indispensable for manufacturing stable and
reliable biofibre reinforced polymer composite structures. Also, new processing methods combined with the
digital twin and machine learning offer enhanced control and higher productivity for manufacturing these
composites. The behavior of materials in real-world applications often deviates from the results observed
in a controlled laboratory environment. This discrepancy needs regular observation of the manufacturing
process. An active system of surveillance can help identify problems at the earliest stage. On the contrary,
passive systems may reveal minor alterations in performance over a period of time. An ongoing evaluation of
the data ensures the delivery of results meeting the expected standards consistently. Conventional composite
manufacturing techniques such as compression molding, resin transfer molding (RTM), vacuum-assisted
resin infusion, and hand lay-up are widely employed for bio-based composites [36].

2.4.1 Compression and Injection Molding

Compression and injection moulding are important techniques for thermoplastic material process-
ing. Compression molding is particularly suitable for thermoplastic bio-based matrices, offering good
dimensional accuracy and high production rates. In the last few decades, various authors investigated the
mechanical properties of compression- and injection-molded biopolymer composites [37]. The compression
and injection moulding set-up is demonstrated in Figs. 3 and 4, respectively. Compression moulding can
accommodate both short and long fibres, offering improved mechanical properties. Injection moulding
and extrusion are primarily used for short-fibre composites due to their ability to process discontinuous
reinforcements efficiently [38,39].
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Figure 3: Compression moulding.
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Figure 4: Injection molding.

2.4.2 Resin Transfer Molding (RTM)

Resin Transfer Molding (RTM) is one of the most important processing techniques for thermoset
polymers. RTM is a closed-mold composite manufacturing technique widely used for producing high-quality
bio-based and hybrid bio-based composite components with good surface finish and controlled fiber volume
fraction. In the RTM method, dry fiber preforms comprising natural fibers, synthetic fibers, or their hybrids
are placed inside a rigid, matched mold. A low-viscosity resin is injected under controlled pressure. The
resin impregnates the fiber preform, followed by curing within the closed mold to form the final composite
samples. Processes such as resin transfer moulding (RTM) are particularly suitable for continuous-fibre
composites, providing superior strength and stiffness through controlled fibre orientation [40]. The RTM
process is shown in Fig. 5.
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Figure 5: Resin Transfer Molding (RTM).

2.4.3 Additive Manufacturing (3D Printing)

Additive manufacturing (AM), commonly referred to as 3D printing, has emerged as a transformative
technique for fabricating bio-based and hybrid bio-based composite materials. It offers unprecedented
design flexibility, material efficiency, and sustainability advantages [41]. In bio-based composites, the AM
process primarily employs thermoplastic matrices such as polylactic acid (PLA), polyhydroxyalkanoates
(PHA), and bio-based polyesters, often reinforced with natural fibers (e.g., bamboo, flax, jute) or nano-
fillers (e.g., cellulose nanocrystals, graphene, MXenes). Fused filament fabrication (FFF), popularly known
by its trademark name, fused deposition modeling (FDM), is the most widely used AM technique for
these composites. In FDM, a filament material is melted and extruded through a nozzle to form successive
layers as shown in Fig. 6. Additive manufacturing techniques can process short fibres and, increasingly,
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continuous-fibre reinforcements, enabling the fabrication of complex composite structures with tailored
properties [42].

Support filament spool
Spool of filament

o Extrusion head
Printing nozzle

Printed part
Printing bed

Building platform

Figure 6: Fused deposition modeling-based 3D printing [adapted from [43] under a creative commons (CC) license].

3 Sustainability and Environmental Impact

The sustainability and environmental impact of biofibre-reinforced polymer composites are highly
effective and serve as key considerations in the development and application of bio-based and hybrid
composite materials. Unlike conventional composites derived from petroleum-based polymers and synthetic
fibers, bio-based composites utilize renewable resources such as plant-based polymers/fibres like wheat
gluten, natural fibers, and biodegradable fillers. The use of plant-based polymers significantly reduces
dependence on fossil fuels and lowers the overall carbon footprint. The integration of sustainable materials
with advanced manufacturing processes and digital twin-enabled optimization further enhances their
environmental performance while meeting engineering requirements.

3.1 Life Cycle Assessment (LCA) of Bio-Based Composites

The conventional way of conducting life cycle assessment (LCA) is a very sluggish, time-consuming,
and data-intensive process. In bio-based composites, the LCA process typically begins with an assessment
of raw material sourcing. Natural fibers such as flax, jute, bamboo, or hemp absorb carbon during growth,
providing a carbon-capturing and storing benefit, while bio-based polymers such as polylactic acid (PLA)
or polyhydroxyalkanoates (PHA) derived from renewable feedstocks that reduce dependence on fossil fuels.
The manufacturing stage is another key factor, as energy consumption, resin synthesis, fiber treatment, and
composite processing (e.g., compression molding, resin transfer molding, or additive manufacturing) can
significantly influence the overall environmental footprint. Process optimization, including waste reduction
and energy-efficient curing, contributes to lower impacts and improved sustainability performance.

Researchers used different methods to conduct LCA. For example, Seile et al. [44] used a cradle-to-gate
approach for evaluating LCA of flax and hemp fiber-reinforced PLA composites with glass fiber-reinforced
polyamide composites. The cradle-to-gate approach considers environmental impacts from raw material
procurement to the completion of the manufacturing process. The authors employed the CML (Centrum
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voor Milieukunde Leiden, developed at Institute of Environmental Sciences at Leiden University) impact
assessment method, which quantifies environmental impacts through indicators such as global warming,
acidification, and eutrophication. The carbon footprints of flax fibre reinforced PLA, hemp fibre reinforced
PLA and glass fibre reinforced polyamide composites were reported as 1.19, 1.70, and 9.14 kg CO, equivalent
per kg of composite, respectively. Recupido et al. [45] employed cradle-to-gate LCA based on the CML
method to evaluate the environmental impacts of producing bio-based polyurethane foams reinforced with
functionalized hemp fibres and rice husk-derived silica fillers. Conventional LCA provides valuable insights
into the environmental impacts. However, by integrating machine learning and a digital twin model, the
improvement in life cycle assessment can be achieved through predicting hotspots in carbon emissions and
energy usage, automating inventory data estimation for bio-composites, evaluating end-of-life scenarios
(composting, recycling, biodegradation), and recommending optimal feedstocks based on region-specific
agricultural data. Fig. 7 illustrates a schematic representation of the enhancement of LCA through the
integration of machine learning and digital twin models.

— — —| Improving LCA with digital twin and ML | _ _ _

| % Ty ey |
I ) |
| Automated Real time data Hotspot End-of-Life
I_lnventory analysis analysis prediction evaluation I

Figure 7: Life cycle assessment of bio-based composites.

3.2 Carbon Footprint and Energy Consumption

Carbon footprint and energy consumption are key indicators for evaluating the environmental perfor-
mance of bio-based and hybrid composites. The carbon footprint tracks all greenhouse gas (GHG) emissions
from a material or product over its entire life, starting with raw material extraction, processing, manufac-
turing, shipping, use, and final disposal. Bio-based composites typically reduce carbon emissions compared
to their conventional petroleum-based counterparts. Natural fibers like flax, jute, bamboo, and hemp take in
carbon dioxide while growing, removing carbon from the atmosphere and partially balancing out emissions
from later steps of processing. Bio-based polymer matrices derived from corn starch or sugarcane help in
reducing dependency on fossil fuels and lower overall greenhouse gas emissions. The amount of energy
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used for producing these composites is influenced by the methods of fiber preparation, resin production,
shaping, and curing times. Conventional techniques like compression molding and resin transfer molding
require very precise heat and pressure adjustments that lead to increased energy consumption. 3D printing
constructs objects layer by layer, thus reducing the amount of energy used and waste created. In fact, energy
savings up to 30% of the total energy have been reported [46]. Hybrid composite materials combining
natural and synthetic reinforcements can effectively balance better mechanical properties with alower carbon
footprint provided that the share of renewable materials is increased to the highest possible level.

3.3 Biodegradability and End-of-Life Scenarios

Biodegradability and handling of materials at the end of their life are critical considerations in the
design and development of bio-based and hybrid composites. These materials come from renewable sources.
Unlike traditional petroleum-based ones, some break down naturally in certain environments. This helps in
reducing long-term waste and pollution. Therefore, knowing the degradation process is important. Proper
disposal plans must be put in place. Without them, the environmental benefits do not fully materialize.
The right end-of-life choices help ensure the materials perform well over time. Some decompose after
use that reduces landfill burden. Designing with this in mind supports better outcomes for ecosystems.
For instance, PLA-flax fibre composites have demonstrated reduced environmental impacts compared to
glass-fibre-reinforced plastics when managed through composting or recycling pathways. Likewise, natural-
fibre-reinforced composites used in automotive interior components can contribute to landfill reduction and
resource conservation when appropriate recovery strategies are implemented [47].

3.4 Alignment with UN’s SDGs and Circular Economy

Bio-based and hybrid composites are playing a role in advancing key sustainability targets while
aligning with circular economy ideas, with a focus on smarter use of materials, less trash/waste, and
better production habits. The substitution of petroleum-derived polymers and synthetic reinforcements with
renewable, bio-based, and biodegradable alternatives offers significant environmental advantages, including
lower greenhouse gas emissions, reduced depletion of resources, and cleaner production processes [48].
These changes grow more meaningful when biocomposites industries incorporate them thoughtfully in
circular economy strategies that prioritize resource recovery, material efficiency, and sustainable lifecycle
management. As they are sourced from plants, these substances help Sustainable Development Goal (SDG
12) by using less oil-based stuff while encouraging smarter ways to get raw inputs. When used in vehicles or
bridges, lighter green composites tie into SDG 13—less weight means less fuel burnt, fewer planet-warming
gases released over time. Smart factory methods paired with live data tracking also link to SDG 9, pushing
fresh thinking in how things are built without wasting effort or supplies. The typical SDG alignment of
bio-based composites is presented in Fig. 8.

Circular economy principles are embedded in the lifecycle management of bio-based composites.
The various applications of natural fibre-based composites and their circular economic integration are
demonstrated in Fig. 9. Materials are designed for reusability, recyclability, or biodegradability, thus ensuring
that resources are continuously cycled and waste is minimized. Hybrid composites are optimized to balance
performance with environmental considerations, enabling the reuse of fibers and polymers, energy recovery,
or disposal at the end of life.
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Figure 8: SDG alignment of bio-based composites.
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Figure 9: Natural fibres-based composites and their circular economic integration.

4 Machine Learning Techniques in Bio-Based Polymer Composites

Natural fibre composites are characterized by variation in weight % of their fibre reinforcements, mixing
of different types of reinforcements, and the diverse ways in which they respond to manufacturing steps.
This results in slow and variable methods that depend on trial and error. Such conventional approaches
usually require a lot of time and mostly show variation in results. In this regard, Machine learning
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presents a quicker alternative for manufacturing, processing, and operating the entire life cycle of bio-
based polymer composites. It is also capable of forecasting the behavior of composites more dependably in
different situations, thus enhancing the accuracy of mechanical properties without the need for extensive
physical testing.

4.1 Overview of Machine Learning Algorithms

Machine learning methods can be broadly categorized into two groups: supervised and unsuper-
vised. Fig. 10 represents various types of Machine Learning Algorithms. In addition to traditional methods
such as regression, support vector machines (SVM) and artificial neural networks (ANN) are frequently
employed in the prediction of material properties and modelling of processes. The features may be the fiber
orientation type, polymer composition, temperature during curing or application of pressure-force in the
final stage. All these variables can be linked to the output variables such as the material’s tensile strength,
stiffness or heat resistance [49].

e N
Input Parameters | / 4 hYd ) \
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¢ Fiber orientation A\ :
¢ Polymer * Regression (linear, e Clustering (K-means, I
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temperature | Network ¢ Anomaly Detection |
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\\\ )/

~— —_———— — — p——
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Discover hidden patterns
in noisy and complex data
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Figure 10: Various types of machine learning algorithms.

These models train on the manufacturing process parameters and laboratory experimental data to
forecast the performance of previously unexplored material configurations, thereby reducing the need for
extensive manufacturing trials. Unsupervised machine learning techniques such as clustering, autoencoders,
and principal component analysis are widely utilized to identify hidden patterns, correlations, and out-
liers/anomalies in highly complex and noisy datasets without needing labelled data [25]. These techniques
allow not only the extraction of features of a material and the reduction of the number of variables but also
the classification of materials and the detection of defects. Owing to this, manufacturing defects like porosity,
fibre misalignment, and microstructural variations can be identified at an early stage. In addition, they can
be used for process monitoring and to improve the structure-property relationship. These capabilities are
a powerful combination of gathering experimental observations through data-driven analysis that allows
accelerating novel material design and its optimization.

4.2 Machine Learning-Based Property Prediction

Bio-based composite materials made from biopolymers and natural fibers often exhibit considerable
differences. This is due to variability in natural fibers, the use of different reinforcement mixtures, and the
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influence of processing on the testing results. Therefore, methods like trial-and-error or simple mathematical
models do not serve as reliable tools for anticipating the behavior of these materials. Machine learning
assists in predicting such properties as strength, wear resistance, and other mechanical performance traits
by uncovering hidden patterns in how the input parameters vary with respect to the outputs. Some
researchers have used regression, artificial neural networks, and support vector machines in an attempt
to predict mechanical performance [50]. The research works indicate these methods are more effective
than traditional methods when dealing with the complex behavior of bio-composite materials in practice.
Among various studied models, the ANN-based method yielded the best predictive accuracy (75.5% to
89.8%) as compared to SVR and RF-based methods (68.1% to 85.6%) [51,52]. They can also be expected
to make better predictions in the future if more and more data is made available to them for training.
The comparison of different machine learning models utilized for biocomposites mechanical properties
prediction is represented in Table 2.

Table 2: Comparison of machine learning approaches for predicting mechanical properties of composite materials.

SL Composite ML Property Performance . e er .
No. System Technique Predicted Metric Main Outcome  Limitation  Reference
] Geopolvmers ANN, SVR,  Compressive  R?, RMSE, ANN highest Dataset [51]
POy RF strength MAE accuracy dependency i
. Tensile, .
,F ibre- ANN, SVR, flexural, Accuracy, ANN SUPETIOT - e neralization .
2 reinforced . for nonlinear [52]
. RE, DT impact RMSE . . challenges
composites . relationships
properties
Laminated ANN, ML Mechanical R?, error Eff(lect.lve .for Lm.uted
3 FRP L . . optimization  experimental [12]
. optimization behaviour metrics -
composites and prediction datasets
ANN, RE
b > . L k f
Composite SVR, Multiple Statistical Compa.r ative acko .
4 . . o1 evaluation of unified [53]
materials ensemble properties indices .
ML algorithms  benchmarks
methods
Fibre- Stress field " .Ra.pld Requires
. and Prediction  prediction from . -
5 reinforced CNN . . image [54]
mechanical accuracy microstructure
polymers . datasets
response images

4.3 Mechanical Properties

Some supervised machine learning techniques used to forecast the change and development of
mechanical properties include artificial neural networks, support vector regression, and random forests.
These modeling approaches are supported by the data collected through laboratory experiments, computer
simulations, or sensors installed on the actual parts [55]. After data collection, patterns and relationships
in the samples are identified, and the material behaviour is predicted in new circumstances without
the assistance of expensive physical testing. Consequently, the number of physical tests required in the
development phase is minimized. Models based on ANNs are capable of forecasting mechanical properties
like tensile strength, Young’s modulus, and impact strength. The authors indicated that the findings were
extremely accurate [56]. For example, ANN models have been successfully employed to predict the tensile
strength, Young’s modulus, flexural strength, and impact resistance of fibre-reinforced composites. In a
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comparative study by Anwar et al. [51], ANN-based models predicted compressive strength with accuracies
ranging from 75.5% to 89.8%, outperforming SVR and RF models, which achieved accuracies between 68.1%
and 85.6%. Similarly, Sharma et al. [52] reported that ANN models achieved coeflicients of determination
(R?) exceeding 0.90 for predicting tensile and flexural properties of composite materials, demonstrating
excellent agreement between predicted and experimental values. Kibrete et al. [50] further highlighted
that ANN and deep learning models commonly achieve prediction errors below 10% for key mechanical
properties such as tensile strength and elastic modulus when trained on sufficiently large datasets.

4.4 Thermal and Viscoelastic Properties

Machine learning techniques are becoming increasingly effective for predicting the thermal and
viscoelastic properties of bio-based and hybrid polymer composites. Thermal conductivity, specific heat
capacity, coefficient of thermal expansion, glass transition temperature, storage modulus, loss modulus, and
damping behavior are critical properties of materials in and outdoors that determine long-term performance.
These properties are likely to affect the longevity and service life of materials when exposed to varying
environmental conditions. Such models minimize the reliance on physical tests, and this method generally
leads to enhanced precision when adequate training data are available [57].

Kibrete et al. [50] reported that Artificial Neural Network (ANN)-based models can effectively predict
thermomechanical properties of composite materials, often achieving coefficients of determination (R*)
exceeding 0.90. Similarly, Sorour et al. [12] reviewed the application of machine learning techniques for
fiber-reinforced polymer composites and highlighted that ANN, Support Vector Regression (SVR), and
Random Forest (RF) models provide highly accurate predictions of thermal and viscoelastic properties, with
prediction errors generally below 10% when adequate training data are available. Furthermore, Liu et al. [11]
demonstrated that machine learning models can successfully capture complex nonlinear relationships
between material composition and thermal behavior, enabling reliable prediction of properties such as
thermal conductivity, glass transition temperature, and storage modulus. More recently, Zhu et al. [58]
reviewed over a decade of machine learning applications in composite materials and concluded that
ANN and deep learning models consistently outperform traditional empirical approaches in predicting
thermomechanical responses, often achieving prediction accuracies above 90%.

4.5 Moisture Absorption and Degradation Behavior

Besides the impact on material strength and durability, there is also an increase in moisture content
and swelling after the composite samples have been submerged in water. Natural fibres are hydrophilic,
and the water content in the composite made them swell. This facilitated the loosening of the interfacial
bonds, thereby resulting in the deterioration of the materials. This is one of the main reasons for faster
performance deterioration. It would have taken a great deal of time if every test case for material performance
evaluation was run. Due to such demands, resources are depleted one after another. Whereas machine
learning is very silent here, it is already helping. Predictions on the effects of dampness become more
and more precise. Besides that, design decisions can be better made without running many experiments.
Also, lifespan predictions become more dependable. Support vector machines were quite successful with
one set [59].

4.6 Machine Learning Driven Process Optimization

Machine learning assists in refining the way the manufacturing of bio-based and hybrid polymer
composites is done. These materials are highly sensitive to changing conditions such as temperature, pressure,
curing time, fiber alignment, pressure applied and resin flow. Overall, these factors determine strength,
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heat resistance, and durability. Artificial neural networks, support vector regression, and random forests
are examples of models frequently used to map process inputs to final outputs like tensile strength, impact
resistance, thermal stability, and void content [60]. These models apprehend every performance alteration.
Even a slight change in resin flow can have a big impact on the final product. That’s why it is critical to carry
out testing for each parameter. In Such case, predictive models enable efficient process optimization, reduce
experimental trials, and improve the consistency and quality of the manufactured composites. In addition,
environmental factors such as moisture, temperature, and UV exposure significantly influence the long-term
durability of natural fibre composites, highlighting the need to consider these effects during material design
and performance evaluation [61].

4.7 Defect Detection and Quality Control Using Machine Learning

Defect detection and quality control are critical challenges in the manufacturing of bio-based and hybrid
polymer composites due to the heterogeneity of natural fibers, variability in hybrid reinforcement, and
sensitivity of bio-based polymers to processing conditions. Fig. 11 presents an overview of defect detection
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and quality control using machine learning techniques.
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Figure 11: Defect detection and quality control using machine learning.

The supervised learning and deep learning algorithms, including convolutional neural networks, artifi-
cial neural networks, and support vector machines, are widely employed for defect detection. These models
are trained on datasets obtained from imaging techniques (e.g., scanning electron micrography, ultrasound,
thermography) or sensor data capturing parameters such as temperature, pressure, resin flow, and fiber
alignment [62]. By learning complex patterns in the data, these machine learning models can identify
anomalies such as voids, delamination, fiber misalignment, resin-rich or resin-poor areas, and microcracks,
often in real time and with higher accuracy than conventional methods. Beldar et al. have applied a
convolutional neural network model for detecting the defect/voids/cracks in carbon fibre-reinforced epoxy
composites [63].
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5 Digital Twin Framework for Bio-Based Polymer Composites

The digital twin (DT) framework for bio-based polymer composites represents an advanced cyber-
physical system that integrates physical materials, virtual models, and real-time data to enhance material
design, manufacturing, performance prediction, and sustainability. Bio-based polymer composites offer a
good option over traditional synthetic plastics, and more researchers are focusing on these eco-friendly
materials. Digital twin technology provides a practical way to connect the real-world composite with
its virtual version. The DT system updates in real time, and changes in performance are tracked auto-
matically. Monitoring happens without interrupting operations, and both versions stay synchronized as
conditions shift. Users can make decisions based on live data, and the feedback loops keep things accurate
and responsive.

5.1 Concept and Architecture of Digital Twins

The concept of digital twin evolved from preceding forms of digital representations, namely digital
model and digital shadow. A digital model is a static virtual representation of a physical entity without any
exchange of data between the physical and virtual environments. A digital shadow enables one-way data flow
from the physical system to the digital representation. It allows the virtual model to reflect changes occurring
in the physical counterpart. Hence, the data transfer in digital shadow is a one-way process. However, a digital
twin forms a two-way connection. The information continuously flows between the physical and virtual
entities [64]. A digital twin is essentially a virtual copy of a physical object that not only represents it but is
also capable of tracking the changes in it over time. Fig. 12 represents the digital twin flow diagram. It collects
real-time information from the actual system and modifies its status accordingly. Different from standard
models, this one is not fixed, as it continuously changes based on the behavior of the regulated and controlled
entity. It allows for uninterrupted monitoring, forecasting, and improvement of operations. In the case of
advanced materials, it is the connecting point between the physical world and the digital tools.

Physical Systems . Digital Twin (Virtual Model
V o Real time data Data Acquisition g ( )

Bio-based polymer it Sensors ¢ Virtual replica of composite
composites e Data collection system

(material/ component/ Dat e Al/ Data analytics
product) in real * , ata = e Material behavior models
environment ransmission 0\Data transmission j
A A 1

Continuous and Feedback Loop
Real time synchronization between physical systems and digital twin

Actions in Physical

Systems Decision Support and

Optimization

Analysis and Prediction

Process evaluation
Failure prediction
Sustainability assessment
Life cycle assessment

e Process control

¢ Quality control

e Operating condition
adjustement

e Design optimization
e Maintenance planning
¢ Resource optimization

Figure 12: Digital twin flow diagram.
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Thanks to real-time performance measurement, engineers are always capable of quick reactions to the
given scenarios. Owing to a digital twin, the process of continuous monitoring and adjustment has been
made much more precise and efficient. Using this approach will lead to the improvement of the design and
the life of the materials.

5.2 Data Acquisition and Sensor Integration

Sensor integration and data acquisition are fundamental components of a Digital Twin framework, as
they facilitate the continuous exchange of information between real-world systems and their virtual coun-
terparts, enabling accurate monitoring, simulation, and decision-making. It is undoubtedly one of the best
approaches towards linking real-world activities with their digital counterparts. A typical data acquisition
system in an additive manufacturing setup is depicted in Fig. 13. To handle high-performance materials and
their manufacturing, the process of data acquisition encompasses not only the collection of live data, but
also the historical data related to the material’s characteristics, manufacturing environment/parameters, and
other influences. Moreover, if the input signals are sufficiently reliable and continuous, the model can produce
accurate results and reveal a comprehensive understanding.

On the other hand, sensor integration primarily refers to the joining of sensors to the physical system
to accurately monitor the key parameters not only during the manufacturing process but also during the
product’s usage. For example, temperature sensors are used for keeping an eye on the curing process and
changes in heat, whereas strain gauges and fiber-optic sensors are means to examine the material’s deforma-
tion and the response to the loads. Pressure sensors are commonly used to measure and control processing
parameters, while humidity sensors are more suitable for assessing exposure to environmental conditions.
In the manufacturing of composites, in-situ monitoring techniques provide real-time information. These are
very important factors when working with materials with highly variable composition and properties. Digital
twin models driven by datasets are developed using machine learning and statistical methods to identify
patterns and establish relationships mainly based on experimental, sensor, and operational data. Some of
the popular methods are artificial neural networks, support vector machines, Gaussian process regression,
and deep learning architectures. The sensor technologies and data acquisition methods used in Digital Twin
frameworks for composite manufacturing and monitoring is depicted in Table 3.

Table 3: Sensor technologies and data acquisition methods used in Digital Twin frameworks for composite manufac-
turing and monitoring.

Sensor Type/Data Parameter Application in Composite

SIL. No . . Role in Digital Twin References
Source Monitored Manufacturing 8
Temperature o . . Prediction of curin;
p Monitoring resin curing, . J Tao et al. [65],
Sensors Temperature, behavior, thermal

Fuller et al. [66],
Leng et al. [18]

thermal cycles, and process

(Thermocouples, curing profile N
optimization

RTDs)

degradation, and
process control

Stress analysis, damage
initiation, and
structural integrity

Monitoring structural
2 Strain Gauges Strain, deformation response during
manufacturing and service

Giurgiutiu [67],
Farrar and
Worden [68]

assessment
. . Strain, . L Real-time structural Di Sante [69],
Fiber-Optic In-situ monitoring of o (o _]
3 temperature, crack . health monitoring and Kuang et al. [70],
Sensors (FBG) . . composite structures ! -
initiation damage detection Peters [71]
Mould pressure, Compression moulding, Process optimization =~ Tao et al. [65], Leng
4 Pressure Sensors . . . . ,
resin flow pressure ~ RTM, injection moulding  and defect prediction etal. [18]

(Continued)
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Table 3 (continued)

T Dat P t Application i it
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Moi ) s Moi i
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Vibration Sensors N Monitoring operational Predictive maintenance
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characteristics P 8 4 Giurgiutiu [67]
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Figure 13: Data acquisition through a digital twin system in an additive manufacturing setup [adapted from Ref. [72]
under a creative commons (CC) license].

5.3 Real-Time Monitoring and Predictive Maintenance

One significant advantage of digital twin technology is real-time monitoring and predictive mainte-
nance. They facilitate continuous assessment of the system’s health and enable prompt decision-making
during operations. The actual physical system is connected to its digital counterpart via a live link. This
allows the team to monitor the progress of key performance indicators as they are being developed. Unusual
deviation from expected behavior is immediately detected. Sensors and data acquisition devices continuously
collect data such as temperature, strain, vibration, load, and weather conditions. Predictive maintenance is
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far more than just assessing the present situation. It relies on the combination of historical data and live
data to predict future performance and potential component failures. The system is capable of warning the
operators just before a breakdown occurs.

6 Integration of Machine Learning and Digital Twins

Machine learning enhances digital twin systems by injecting them with intelligence, the ability to
change, and forecasting capabilities. Digital twins leverage machine learning to analyze data, detect complex
patterns, and enhance their performance over time. The fusion is very effective in complex, nonlinear systems
with uncertainties, varying conditions, and material differences. In the system, there will be automatic
modifications based on real-time data. Improvements in performance are the result of continuous feedback
loops. Such modifications take place without the need for human intervention. In contrast to changing
environments, digital twins are capable of real-time response. The outcomes accurately correspond to real
operating conditions.

Machine Learning Enhanced Digital Twin Models

Machine learning-enhanced digital twin models have been shown to significantly outperform tra-
ditional ones. They bring together physics-based simulations and machine learning to identify patterns
in sensor, experimental, and real-time operational data. The algorithms learn the behavior of physical
systems under different conditions rather than being based only on the equations that have been previously
formulated. This capability enables the Digital Twin to adapt to changing conditions, manage uncertainties,
and continuously improve the accuracy of its predictions over time. It appears that this is especially helpful for
materials that are naturally diverse or that show nonlinear behaviour. Moreover, this methodology enhances
the accuracy and promptness of responses in complicated environments. Fig. 14 depicts the working of the
machine learning-enhanced digital twin for a physical system.

Digital Twin Model

Real Time Monitoring !
System Behaviour

Performance Matrices |

Health Status

Enhanced Digital Twin
(ML Powered)

Improved Prediction Accuracy

Anomaly Detection

4 Remaining Useful Life
Optimized decision making

?
\ 4

Outcomes and Applications
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Time-Series data
Operating Conditions —_—

Environmental data RatalRrocsssing MLMoKeS Predictive Reduced Cost Asset
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N A
e o o >
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Figure 14: Machine learning enhanced digital twin models.

The comparison of various machine learning-enhanced digital twin frameworks for different material
and manufacturing applications is presented in Table 4.
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7 General Review on Machine Learning, Sustainable Materials and Digital Twin
7.1 State of the Art: Digital Twin and Machine Learning

Digital twin (DT) frameworks have proven highly effective in modeling complex material degra-
dation and structural life cycles where direct data collection is challenging. He et al. [73] developed
an intelligent digital twin framework to predict and calibrate the corrosion fatigue life of suspension
bridge suspender wires. By integrating mechanism-driven, sensor-driven, and probabilistic information
fusion (combining entropy-based constraints with Bayesian updating), their model reduced fatigue life
uncertainty by 88% and highlighted that neglecting interval bounds leads to prediction discrepancies of
up to 54%. Similarly extending DTs to complex structural materials, Antonini et al. [74] introduced an
experimental-computational pipeline to model commercial coronary bioresorbable polymer scaffolds when
direct material properties are absent. Utilizing the Parallel Rheological Framework calibrated via parametric
unit simulations, their workflow effectively matched full-device experimental radial forces while significantly
minimizing computational overhead.

A significant portion of recent literature focuses on leveraging DTs to overcome the inherent unpre-
dictability and defect rates of additive manufacturing (AM) technologies. At a foundational level, digital
twin ecosystems support virtual testing and remote management by leveraging open-source controllers and
external sensors to synchronize positional, temperature, and runtime data instantly, offering an affordable
path to retrofit legacy 3D printers [75]. In more advanced setups, continuous data sharing between physical
and virtual entities allows artificial intelligence to detect defects and dynamically adjust process settings [76].
For instance, in robotic laser-directed energy deposition, a multi-sensor fusion architecture combining
acoustic, infrared thermal, visual, and laser line scanning data enables machine learning algorithms to map
3D defects and automate toolpath updates for self-correcting, cleaner production [77]. To structure this
evolution, Osho et al. [78] introduced a modular “4R” model (Representation, Replication, Reality, and
Relational), utilizing an FDM 3D printer to validate the early sensing stages required to transition a physical
asset into a self-aware, autonomous digital twin.

Beyond localized process control, digital twins are increasingly used to optimize entire production
chains, hybrid manufacturing configurations, and underlying cost structures. Anderson and van Der
Merwe [79] combined time-driven activity-based costing with digital twinning to manage equipment capac-
ity constraints in AM. By simulating standard times alongside random variations, their framework enables
operators to dynamically recalculate production expenses in real time. On the factory floor, Barnowski
et al. [80] utilized a comprehensive digital twin for the virtual commissioning of a multifunctional laser
robot cell that integrates cutting, joining, and AM without tool changes, drastically reducing commissioning
times and production errors. For hybrid manufacturing, Dvorak et al. [81] demonstrated a CNC machining
DT for wire arc additively manufactured preforms, integrating structured light scanning and dynamic
milling measurements to validate post-machining geometry and surface quality. More broadly, Jain and
Narayanan [82] established that DT-enabled machine learning approaches streamline entire manufacturing
ecosystems—reducing worker transit through optimized layouts, accelerating prototyping times from weeks
to hours, and exposing hidden operational wastes.

Kantaros and Ganetsos [83] evaluated the cooperative coupling of Cyber-Physical Systems (CPS),
Digital Twins, and 3D printing within the Industry 4.0 paradigm. They underscored how this triple inte-
gration drives mass customization and industrial competitiveness, though its widespread scalability remains
throttled by security vulnerabilities and a lack of universal communication protocols. As these technologies
mature, research has shifted toward macro-level integration frameworks and the systemic challenges of
deployment. Addressing these systemic gaps, Psarommatis and May [84] conducted a systematic review
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targeting Zero-Defect Manufacturing (ZDM). They observed that current DT implementations suffer from
a lack of structured, standardized approaches, subsequently proposing a standardized design methodology
to guide both academic and industrial practitioners toward reliable, cross-domain DT deployment.

Liu et al. [85] reviewed digital twin concepts, technologies, and industrial applications, emphasizing the
need for clearer and industry-oriented definitions. Kritzinger et al. highlighted that digital twin research is
still evolving, with major focus on production planning and control in manufacturing systems [64]. Tao et al.
proposed digital twin-driven frameworks for product design, manufacturing, and service, demonstrating
their practical industrial potential through case studies [86]. Cai et al. integrated manufacturing and sensor
data to develop digital twin virtual machine tools for cyber-physical manufacturing, validating the concept
using a 3-axis milling machine. Together, these studies establish digital twins as key enablers of Industry
4.0, supporting intelligent manufacturing, real-time monitoring, optimization, and predictive decision-
making [87]. Lee et al. [88] discussed the role of Cyber-Physical Systems (CPS) in smart manufacturing,
where real-time synchronization between physical factories and digital systems enables efficient, collabora-
tive, and resilient operations. Rosen et al. emphasized the importance of modularity, connectivity, autonomy,
and digital twins as the key drivers of future manufacturing systems [89]. Fang et al. proposed a digital
twin-based job shop scheduling method that improves real-time and precise production scheduling through
dynamic resource updates and interactive scheduling strategies, validated using a prototype system [90].
Together, these studies highlight the growing integration of CPS and digital twins for intelligent, adaptive,
and optimized manufacturing environments.

Negri et al. [91] analyzed the evolution of digital twin concepts from aerospace to Industry 4.0
manufacturing and proposed a dedicated DT definition through the MAYA project. Schleich et al. [92]
introduced a reference model based on Skin Model Shapes to serve as a digital twin throughout product
design, manufacturing, and lifecycle management. Fuller et al. [66] reviewed digital twin applications across
manufacturing, healthcare, and smart cities while discussing enabling technologies, challenges, and future
research directions. Grieves [93] originally introduced the digital twin concept as a virtual representation of
a produced system, enabling comparison between design intent and actual manufactured output to improve
design-execution integration. David et al. [94] explored the use of digital twins in flexible manufacturing
system education based on Kolb’s Experiential Learning theory, demonstrating their potential in enhancing
practical learning environments. DebRoy et al. discussed the current status and research needs of first-
generation digital twins for additive manufacturing, emphasizing computationally efficient and high-fidelity
models for predicting AM process behavior [95]. Knapp et al. developed a digital twin for laser-based
directed energy deposition additive manufacturing to accurately predict thermal behavior, microstructure,
cooling rates, SDAS, and hardness, validated using Stainless Steel 316L and Alloy 800H [96]. Qi and Tao
reviewed the integration of big data and digital twin technologies, highlighting their complementary roles
in cyber-physical integration, predictive maintenance, and smart manufacturing transformation [97].

Alajmi [98] reviewed the application of digital twins in improving the performance, sustainability, and
manufacturing of fibre-reinforced polymers (FRPs), emphasizing real-time monitoring, predictive analysis,
and eco-friendly composite production. Fernandez-Ledn et al. [99] developed a digital twin for resin transfer
moulding (RTM) that uses deep learning and sensor data to detect resin flow defects in real time with
high accuracy and rapid response. Attaran et al. [100] reviewed the role of digital twins in Industry 4.0,
highlighting their applications in simulation, performance prediction, manufacturing optimization, logistics,
and supply chain management. Xu et al. [101] proposed an Al-based digital twin framework for composite
structures using deep neural networks to predict displacement and stress fields in real time, significantly
reducing computational time while enabling scalable lifecycle analysis and smart manufacturing.
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Zhang et al. [102] proposed a digital twin framework for robotics-based smart manufacturing systems
that enables automatic and flexible system reconfiguration through a five-dimensional fusion model and
reusable service function blocks. Aivaliotis et al. [103] developed a physics-based methodology for creating
digital twins for predictive maintenance, validated using an industrial robot digital model for monitoring and
analysis applications. Zambal et al. [104] introduced a digital twin-based manufacturing database for carbon
fiber composite structures, integrating sensor data to evaluate mechanical properties, safety margins, and
reduce rework in aircraft component manufacturing. Hiirkamp et al. [105] demonstrated a simulation-based
digital twin for thermoforming over-moulded thermoplastic composites, where reduced-order modeling
and machine learning enabled real-time temperature prediction, bond quality monitoring, and inline
quality control. Hughes et al. [106] utilized a digital twin model in Siemens NX to optimize composite
laminate structures under thermal and fatigue loading, achieving improved stiffness and a 13% reduction
in material usage through optimized reinforcement design. Chinesta et al. [107] discussed the evolution
from traditional simulations to virtual, digital, and hybrid twins, emphasizing the transition from big-data
to smart-data paradigms for advanced engineering analysis. Liu et al. [108] proposed DFMTR, a digital
twin-based few-shot meta-transfer learning framework for defect detection in Carbon Fiber Reinforced
Plastics structures, significantly improving damage classification and localization using limited real data.
Li et al. [109] investigated digital twin technology for crack detection and modulus degradation prediction in
CFRP laminates using fatigue testing, u-CT imaging, and Lamb wave analysis, enabling real-time structural
monitoring and residual life prediction.

Lietal. [110] proposed a hierarchical digital twin framework for microwave-assisted fused filament fab-
rication of continuous carbon fiber reinforced thermoplastics, enabling real-time monitoring, belt slippage
detection, and predictive maintenance for improved printing reliability and efficiency. Ghnatios et al. [111]
developed an Al-assisted digital twin for polymerization of recyclable Elium® Resin and carbon fiber com-
posites, combining simulation and neural networks to accurately predict curing behavior and resin evolution.
Shehab et al. [112] reviewed the application of digital twins in carbon fiber composite recycling, emphasizing
enhanced monitoring, automation, and process efficiency while identifying challenges in data management
and system validation. Kamble et al. [113] investigated digital twins in sustainable manufacturing supply
chains, highlighting the role of IoT, cloud computing, and blockchain in enabling intelligent, integrated, and
sustainable supply chain management frameworks. Hiirkamp et al. [114] developed a digital twin framework
for fiber-reinforced thermoplastic (FRTP) composite manufacturing using thermoforming and injection
over-molding, where FEM simulations and machine learning were combined to predict bond strength
and detect process-related defects. Polini and Corrado [115] proposed a digital twin tool for managing
geometrical deviations in composite assemblies by integrating manufacturing, assembly, and inspection data
to improve product precision and lifecycle quality tracking. Ball and Badakhshan [116] reviewed the use
of digital models, shadows, and twins in sustainable manufacturing, emphasizing their role in optimizing
resource productivity and reducing environmental impact while identifying gaps between industrial practice
and academic research. Baalbergen et al. demonstrated the application of digital twins in out-of-autoclave
thermoplastic composite manufacturing, showing improvements in process optimization, efficiency, waste
reduction, and energy savings throughout the production lifecycle [117].

Cimino et al. [118] investigated the integration of digital twins with Manufacturing Execution Systems
(MES) in Industry 4.0 manufacturing, identifying gaps in real-time interaction, monitoring, optimization,
and maintenance services while proposing a practical DT-enabled assembly line implementation for closed-
loop production control. Leng et al. [18] reviewed digital twin applications in smart manufacturing system
design and proposed the FSBCIP framework to support efficient simulation, early error detection, and
intelligent system development. Zheng et al. [119] analyzed Industry 4.0 technologies across manufacturing
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lifecycle processes, highlighting the extensive adoption of IoT, Big Data Analytics, and Cloud Computing in
production scheduling, control, and supply chain management. Macchi etal. [120] explored the role of digital
twins in asset lifecycle management, emphasizing their growing importance in supporting monitoring,
analysis, and data-driven decision-making for industrial assets. Xie et al. [121] proposed a digital twin-driven
framework for managing the complete lifecycle of cutting tools by integrating IoT, cloud computing, big data,
and Al to support continuous tool improvement, virtual testing, and smart manufacturing services. Hearley
etal. [122] developed an automated framework for composite material digital twins that combines AI-based
microscopy segmentation and Bayesian optimization to generate realistic microstructure models, enabling
accurate prediction of composite damage and efficient multiscale material analysis.

7.2 State of the Art: Sustainable Materials

Driven by a 2022 UN mandate to replace petroleum-based plastics, Olonisakin et al. [123] examined
advanced biopolymer blends (e.g., PLA, PHAs, PBS, PBAT, and TPS) reinforced with natural fillers. They
noted that incorporating specialized compatibilizers is essential to balance the cost-to-performance ratio
in industrial recycling systems. However, market adoption remains limited by confusing eco-labels and
ambiguous degradation timelines [124]. To establish clear environmental baselines, Cosate de Andrade
et al. [125] conducted a life cycle assessment comparing three end-of-life pathways for PLA. Their findings
indicated that mechanical recycling carries the lowest environmental burden, followed by chemical recycling
and composting, with grid electricity consumption serving as the primary source of environmental impact
across all three pathways. Karan et al. [126] and Ali et al. [127] evaluated large-scale biorefinery concepts
that convert solar-driven biomass (plants, microalgae, cyanobacteria) or organic biowaste into biofuels and
biodegradable plastics. This global shift is moving rapidly across chemical packaging supply chains, with
nations like China and India expected to spearhead production growth [128].

To circumvent time-consuming physical testing during fabrication, Nasrin et al. [129] evaluated the
integration of machine learning algorithms within polymer-based 3D printing. Because layer-by-layer
extrusion introduces hidden defects and heat-driven molecular irregularities, smart data-driven models
are being increasingly used to accurately forecast mechanical outputs and optimize printing parameters.
Comprehensive reviews by Siakeng et al. [130] and Ilyas et al. [131] detailed recent progress in the design,
synthesis, and biodegradation of natural fiber-reinforced PLA composites. While PLA provides high rigidity,
its industrial scale-up has faced hurdles like brittleness and rapid crystallization; current efforts are heavily
targeting 3D and stimuli-responsive 4D printing applications to expand its engineering utility. Agumba
et al. [132] addressed fiber-matrix incompatibility by utilizing a lignin-based resin paired with fiber mercer-
ization (alkali treatment) in compression-molded jute fiber biocomposites. This approach yielded increases
of 37.7% in flexural strength and 72.9% in flexural modulus, accompanied by improved hydrophobicity and
thermal stability due to reduced void content. Structural anisotropy was explored by Hasan et al. [133],
who evaluated hot-pressed flax woven fabric composites with PLA and PP matrices. Lengthwise flax/PLA
configurations achieved a high tensile strength of 128.6 MPa, whereas widthwise flax/PP proved weaker
but offered superior bending resistance, underscoring the critical influence of fiber orientation on final
properties. Broadly addressing these trends, reviews by Khalid et al. [134], Kumar et al. [135], and general
automotive studies [33] emphasize that while NFRPCs utilizing jute, flax, hemp, or sisal offer favorable
strength-to-weight ratios, their growth relies on resolving moisture absorption, thermal sensitivity, and
processing variations. Computational modeling and targeted fiber treatments (e.g., silane coatings) are
presented as key solutions to accelerate industrial adoption.

Sweat et al. [136] developed a physics-based digital twin framework to reconstruct crystal-scale
microstructures of PAN and pitch-based carbon fibers. Merging transmission electron microscopy (TEM)
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and X-ray scattering data, the framework quantitatively linked local crystal characteristics to microme-
chanical properties, identifying key structural defects like skin-core misalignment to offer a new path for
performance customization. Addressing advanced functionality, a high-performance structural supercapac-
itor was engineered using graphene nanoplatelet-coated woven carbon fiber composites [137]. The coated
configurations achieved a threefold increase in specific capacitance alongside enhanced energy and power
densities, successfully illuminating LEDs while maintaining a stable Young’s modulus through optimized
fiber compaction. Moving toward intelligent systems, Kaufmann et al. [138] investigated natural fiber-
reinforced hybrid composites that combine bio-based and synthetic fibers to balance environmental and
structural needs. Their review highlighted the integration of chemical modifications to improve durability
alongside the emergence of smart hybrid composites equipped with embedded sensors and actuators for
real-time engineering diagnostics.

7.3 State of the Art: Machine Learning for Material Behavior, Process Optimization and
Additive Manufacturing

Attariani et al. [139] used an anisotropic heat transfer model governed by the Hunt criterion to study
a synchronized circular laser array in powder bed fusion. Their simulations revealed that optimizing laser
overlap promotes up to 45% equiaxed grain formation in Ti-6Al-4V alloys, eliminating highly anisotropic
columnar microstructures. At the macro-scale, Large Format Additive Manufacturing (LFAM) of short
carbon-fiber (CF) reinforced ABS often suffers from thermal warpage. To mitigate this, a coupled multiscale
DT framework combined Mean-Field homogenization with Finite Element Analysis (FEA) to predict elastic
properties within a 7.8% discrepancy margin of experimental values, offering a pathway to mitigate thermal
residual stresses [140]. Taylan et al. [141] compared multiple ML algorithms including artificial neural net-
works (ANN), support vector regression (SVR), and polynomial chaos expansion (PCE) to predict polymer
filament flow properties in FDM, identifying PCE as the most accurate model for tailoring rheological
formulations. To maximize structural capacity, Alhaddad et al. [142] integrated an ANN with an Artificial
Bee Colony (ABC) evolutionary algorithm to map seven key printing parameters, successfully maximizing
the ultimate tensile strength (UTS) of fiber-reinforced polymer composites. The convergence of artificial
intelligence and AM opens up opportunities for high-value customization and circular economy paradigms
across multiple high-tech domains [143,144]. Kannan et al. [145] explored sustainable AM by aligning
materials science with AI/ML predictive optimization. Their research emphasized that tuning processing
parameters is critical for the printability and thermal resistance of renewable, bio-based composites.

8 Applications in Sustainable Engineering

Digital twin technology, combined with machine learning techniques, has been extensively utilized
in sustainable engineering. This includes the entire range of actions from designing to producing, oper-
ating, and managing environmentally friendly systems throughout their life cycles. By facilitating instant
monitoring of systems, predictions based on data analysis, and optimization, digital twins can help save
resources, lower the carbon footprint, and improve the dependability of systems. In the area of smart
manufacturing, digital twins help in finding greener ways of production that result in less material wastage,
lower energy consumption, and fewer defective products. Natural fibre-based hybrid polymer composites
combine lightweight structures, tunable properties, and sustainability, making them attractive for diverse
applications. However, their widespread adoption depends on meeting performance, durability, safety, and
environmental requirements.
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8.1 Automotive and Electric Vehicle Components

Digital twin systems allow the creation of virtual prototypes that accurately represent real components
and performance. This concept is certainly applicable to the automotive and electric vehicle (EV) sectors,
whereby engineering, production, and maintenance can be enhanced through intelligent decisions based
on DT systems. However, it should also be noted that this technology depends on simulation and analytics
capabilities and requires integration with shop-floor and field study for success.

8.2 Aerospace and Lightweight Structures

Digital twin-enabled machine learning along with integrated bio-based hybrid polymer composites are
quite important in aerospace and lightweight structural systems. These areas need high performance, weight
reduction, and sustainability. Hybrid bio-based composites in aerospace can be used for structural panels,
interior components, secondary load-bearing elements, and non-critical aerodynamic surfaces. Digital twins
are essential in aerospace applications of bio-based composites as they allow real-time monitoring, predictive
maintenance, and analysis of lifecycle performance.

8.3 Construction and Infrastructure Applications

Bio-based hybrid polymer composites as eco-friendly materials are being used more and more in
construction and infrastructure projects to improve sustainability, durability, and structural performance.
The construction industry needs materials that are light, corrosion-resistant, have good thermal stability,
and can resist prolonged exposure to environmental factors. With the use of natural fibers and the aid of
computational tools, bio-based composites can be a greener substitute to traditional concrete, steel, and
synthetic composites. They will also contribute to resilient and sustainable infrastructure development. In
construction, the applications of bio-based composites include beam panels cladding, flooring, and facade
systems. But if combined with digital twin technology and machine learning, it will be faster and easier to
select the right fibers and biocomposites.

9 Challenges and Limitations

Even though bio-based and hybrid polymer composites merged with digital twin and machine learning
technologies have significant potential to transform the manufacturing industry, there are still several
challenges and limitations for their mass adoption and on-the-ground implementation. Besides that, chal-
lenges such as the variability of materials, limitations of processing, predictive modeling, and integration
complexities should be resolved to a large extent for sustainable, high-performance composite systems to be
more efficient. One significant challenge is the natural variability of the bio-based materials. The mechanical
properties, moisture absorption, and dimensional stability of natural fibers can differ significantly from
one another due to their growth in different environments, aging, and methods of extraction. Additional
challenges include the lack of standardized Digital Twin (DT) ontologies for bio-based composites and the
limited availability of open-source datasets for Machine Learning (ML) model training and validation.

9.1 Data Availability and Quality Issues

Among the biggest obstacles to the deployment of machine learning and digital twin systems in the
field of bio-based and hybrid polymer composites are data availability and quality. Production of accurate
predictive models, the design of process methodologies, the identification of defects, and environmental
impact assessment, along with a dependence on having high-quality and representative datasets. Data quality
and consistency are also major points of concern. The great variability in the properties of natural fibers, the
batches of bio-polymers, and the combinations of hybrid reinforcements may give rise to inconsistencies.
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Moreover, the differences in experimental setup, sensor calibration, units of measurement, and atmospheric
conditions add even more to the problem of dataset uniformity. Grieves and Vickers [19] emphasized the need
for standardized data exchange mechanisms to enable seamless integration of physical and virtual systems.

9.2 Scalability and Industrial Adoption

The scalability and industrial adoption of bio-based and hybrid polymer composites, integrating
machine learning and digital twin technologies, is still a major challenge. The materials and technologies
have shown very promising potential in the lab and pilot-scale tests, but transferring them into large-scale
industrial production still faces various technical, economic, and logistical issues that have to be resolved for
widespread implementation. Bio-based composites, especially hybrid systems, require very fine control of
fiber alignment, matrix impregnation, curing, and additive manufacturing parameters. It is challenging to
ensure consistent quality at larger scales due to the variability of natural fibers and the hybrid reinforcement
structures being very sensitive to changes.

9.3 Cost and Computational Constraints

The cost and computational constraints really limit the uptake of bio-based and hybrid polymer
composites coupled with machine learning and digital twin technologies. Cost constraints come from a
number of different areas, like the raw materials used in bio-based composites (high-quality natural fibers,
bio-polymers, and hybrid reinforcements). Besides that, processing methods like resin transfer molding,
compression molding, and additive manufacturing might need precise control, special equipment, and
energy-intensive operations, which would collectively further push up production costs.

Computational constraints are also a significant challenge. Digital twins are based on real-time sim-
ulations of complex physical, thermal, mechanical, and chemical phenomena that are capable of running
computationally intensive finite element models or multiscale analyses. When these are supplemented
with ML algorithms for predictive modeling, defect detection, or process optimization, the computational
requirements can increase substantially. Liu et al. [11] reported that most ML applications in composites rely
on small and application-specific datasets, restricting model generalization and robustness. Kibrete et al. [50]
and Zhu et al. [58] further noted that the lack of publicly available composite material databases remains a
major obstacle to the development of reliable and transferable ML models.

10 Future Research Directions

The integration of bio-based sustainable polymer composites with machine learning (ML) and digital
twin technologies presents immense opportunities, but it also highlights several areas that require further
research and development to fully exploit their potential. The future research section has been expanded to
include specific research gaps, such as the lack of standardized Digital Twin ontologies for bio-composites,
limited availability of open-source datasets for ML training, challenges in multi-scale modeling and real-time
monitoring, and the need for DT-integrated life cycle assessment (LCA) frameworks.

10.1 AI/ML-Driven Materials Design

Artificial intelligence and machine learning are getting more and more recognition as game-changing
tools for designing and developing bio-based and hybrid polymer composites. Usually, material design
depends a lot on trial-and-error experiments, which take up a lot of time and utilize intensive resources.
These methods allow a data-driven approach that can quickly go through a huge design space, find the
best material combinations, and accurately predict performance results. These materials designed by these
methods also make it possible to do multi-objective optimization, i.e., considering different properties such
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as tensile strength, impact resistance, thermal stability, biodegradability, and cost all at the same time. The
future of bio-composites integrated with machine learning and digital twin is illustrated in Fig. 15.
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Figure 15: Future research directions.

10.2 Smart and Self-Healing Bio-Composites

The creation of intelligent and self-healing bio-based and hybrid polymer composites is a new area of
material engineering that holds great hope for the sustainable development of materials. Smart composites
are materials capable of identifying, responding, and adjusting to changes in the environment such as
variations in temperature, humidity, stress, or even damage. On the other hand, self-healing composites
have an internal mechanism to repair microcracks or damage automatically; therefore, the service life can
be lengthened, and reliability improved. To make smart bio-based composites, one can use responsive
polymer matrices, embedded sensors, or functional fillers. Self-healing bio-composites are generally made
by including microcapsules, vascular networks, or reversible chemical bonds in the polymer matrix.

10.3 Integration with Industry 4.0 and Industry 5.0

Introducing bio-based and hybrid polymer composites into Industry 4.0 and emerging Industry 5.0
paradigms is considered a major step towards sustainable, smart, and human-friendly manufacturing.
Industry 4.0 highlights automation, cyber-physical systems, the internet of things (IoT), and data-driven
decision-making; on the other hand, Industry 5.0 is oriented towards collaboration between humans and
machines, customization, sustainability, and societal impact.

10.4 Digital Twins for Complete Product Life Cycle Management

Digital twins have the potential to revolutionize the way entire life cycles of bio-based and hybrid
polymer composites are controlled, starting from material design and manufacturing to in-service perfor-
mance and end-of-life scenarios. By having a virtual model of a composite part that is an exact replica of
its physical counterpart at the same time, digital twins open the door to a whole range of activities like
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forecasting through modeling, checking conditions, enhancing performance, and evaluating sustainability
over the life cycle of the product. At the design and development stage, digital twins coupled with
machine learning can accurately imitate behaviors such as mechanical, thermal, viscoelastic, and moisture-
related changes of bio-based composites experiencing different operational conditions. The integration
of real-time Life Cycle Assessment (LCA) with Digital Twin frameworks is another emerging research
area. Current DT implementations primarily focus on process optimization and performance monitoring,
while environmental indicators such as carbon footprint, energy consumption, recyclability, and end-of-life
impacts are rarely incorporated into real-time decision-making. Leng et al. [18] and Grieves & Vickers [19]
identified sustainability-driven Digital Twins as a promising direction for future smart manufacturing
systems. Integrating LCA data into DT platforms could enable continuous environmental performance
assessment throughout the product lifecycle.

11 Conclusions

This review work has presented a critical and comprehensive review of the application of machine
learning along with digital twin in advancing the utilization of biofiller/fibre reinforced polymer composites
towards sustainable development. The principal findings and key conclusions derived from the current
review work are outlined below.

o  Bio-based and hybrid polymer composites have the potential to revolutionize both sustainable and
high-performance engineering application if combined with machine learning (ML) and digital
twin technologies.

o Such materials merge natural, biodegradable, and lightweight fibers with synthetic reinforcements or
nano-fillers, delivering improved mechanical, thermal, and functional properties alongside reduced
environmental loads.

o By using machine learning techniques, prediction of properties, optimization of process parameters,
and detection of defects can be performed, thereby expediting the discovery of new material compo-
sitions, accurately predicting mechanical, thermal, viscoelastic, and moisture behaviors, and reducing
manufacturing defects.

«  Digital twins provide a virtual representation of components, enabling real-time monitoring, predictive
maintenance, virtual testing, and full lifecycle analysis.
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