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Abstract. Polymer composites are employed in a variety of applications due to their distinctive
characteristics. Nevertheless, designing and optimizing these materials can be a lengthy and resource-
intensive process for low cost and sustainable materials. Machine learning has the potential to simplify this
process by offering predictions of the characteristics of novel composite materials based on their
microstructures. This review outlines machine learning techniques and highlights the potential of machine
learning to improve the design and optimization of polymer composites. This review also examines the
difficulties and restrictions of utilizing machine learning in this context and offers insights into potential

future research paths in this field.
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1 Introduction

In recent times, the utilization of polymer composites
has grown significantly, particularly in high-performance
applications like aerospace, automotive, and defense [1].
As an example, the aerospace industry has seen the use
of composites in aircraft structures rise from 7% of the
total weight in the 1990s to over 50% in some of the
most recent commercial airliners [2-3]. This expansion is
propelled by the rising demand for lightweight, high-
strength materials, as well as the need for more eco-
friendly materials that have a lower carbon footprint than
traditional materials like metals. When creating polymer
composites, it is essential to select the right combination
of matrix and reinforcement materials, as well as the
right processing conditions, in order to achieve the
desired properties. Currently, this is wusually done
through trial and error, which can be time-consuming
and require a lot of resources. Machine learning has the
great potential to simplify the process by using
algorithms to examine extensive datasets of composite
testing outcomes and forecast the characteristics of new
composite materials based on their microstructures [4].
Although machine learning is still in its early stages of
being used for the design and optimization of polymer
composites, its potential advantages are considerable. By
utilizing the right data and algorithms, machine learning
can significantly enhance the efficiency and efficacy of
composite material development, resulting in the
production of new materials with superior characteristics
and a reduced cost of development.
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As the need for high-performance and sustainable
materials increases, the effective use of advanced
techniques is becoming increasingly significant. By
utilizing machine learning algorithms, it is possible to
analyze extensive datasets of composite testing outcomes
and forecast the characteristics of new composite
materials based on their microstructures. This can
significantly enhance the speed and precision of the
development process, lower the development cost, and
enable the creation of new materials with enhanced
characteristics [5]. The potential advantages of utilizing
machine learning in this context are considerable and can
have a beneficial effect on a broad range of industries
[6]. Machine learning has the potential to reduce the
need for trial-and-error experimentation and enable the
creation of new high-performance materials, thus
promoting the development of more sustainable
materials and helping to build a more sustainable future
[71.

Crafting polymer composites is a complex and
resource-intensive process that necessitates the selection
of a suitable combination of matrix and reinforcement
materials, as well as the proper processing conditions, to
attain the desired characteristics. Currently, this process
is typically done through trial and error, which is both
time-consuming and not always successful in producing
the desired outcomes. The use of machine learning to
design and optimize polymer composites is a rapidly
growing field that could greatly accelerate and refine the
development process. By utilizing algorithms to analyze
extensive datasets of composite testing results, machine
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learning algorithms predict the characteristics of novel
composite materials based on their microstructures, thus
enabling the development of novel materials.

The utilization of machine learning to create and
enhance polymer composites is an expanding area with
great potential. The energy storage and saving materials
can be optimized using these novel techniques. The
current research in this area seeks to assess recent
research works, which apply machine learning
techniques to improve the design and optimization of
polymer composites. This involves creating and
assessing machine-learning algorithms for forecasting
the characteristics of polymer composites based on their
microstructures and assessing the potential advantages of
using machine learning, such as increased efficiency,
accuracy, and cost savings. Nevertheless, there are
difficulties and restrictions related to using machine
learning in this context that must be addressed. To
progress in the field, future studies should concentrate on
uncovering research possibilities and helping to build a
more thorough comprehension of the part of material
science.

2 Current state of art

Although the applying machine learning techniques in
the creation and optimization of polymer composites is
still in its early stages, there is mounting evidence of its
potential to improve the development process [8].
Several studies have demonstrated that machine learning
algorithms can be employed to forecast the properties of
the polymer composites. This has demonstrated
encouraging outcomes in terms of enhanced accuracy
and efficiency in comparison to traditional trial-and-error
methods. For instance, some research has demonstrated
that machine learning algorithms can accurately forecast
the mechanical properties of composites and that these
forecasts can be used to optimize the microstructure of
the composites to enhance their performance [9].

Applying machine learning to the design and
optimization of polymer composites could bring about
numerous advantages. To begin with, machine-learning
algorithms can process extensive datasets of combined
testing outcomes and detect patterns that are not easily
discernible by human specialists [10]. This can result in
more precise forecasts of the characteristics of novel
composite materials, thereby allowing for the creation of
materials with enhanced properties. Secondly, machine
learning can drastically reduce development costs by
lessening the need for trial-and-error experimentation.
Thirdly, machine-learning algorithms can be employed
to refine the microstructure of composites for better
performance, thereby allowing the production of new
composites with enhanced characteristics. Machine
learning has the potential to revolutionize the design and
optimization of polymer composites, which could have a
positive effect on many industries. There is an increasing
awareness of the necessity for new, more effective
methods for creating polymer composites, and machine
learning could be a major factor in satisfying this
requirement.

3 Challenges and limitations

Despite the great potential of machine learning in the
polymer composites, there are also a number of
difficulties and restrictions associated with its
application. Figure 1 illustrates the difficulties in using
machine learning techniques to optimize polymer
composites.

—

Model Complexity

—

Model Validation Challenges

Fig. 1. Challenges of machine learning in the design and
optimization of polymer composites.

A major obstacle to using machine learning in this
context is the lack of high-quality, pertinent data.
Accurate predictions by machine learning algorithms
necessitate large datasets of composite testing results,
which can be challenging and time-consuming to obtain
[11]. Furthermore, the data must be wvaried and
accurately reflect the materials and microstructures of
interest. Another issue is that polymer composites are
intricate materials and forecasting their characteristics
based on their microstructures is a difficult task. [12]
was cited. This can make it challenging to create
machine-learning algorithms that are both precise and
computationally economical. The third challenge is
verifying the accuracy of machine learning models. The
accuracy of machine learning algorithms must be tested
against experimental data, which can be a lengthy and
costly process. Despite these difficulties, there is
increasing acknowledgment of the potential of machine
learning in the development and optimization of polymer
composites, and the field is advancing quickly [13].

To make progress in this area and address these
issues, future research should concentrate on creating
more precise, efficient, and scalable machine-learning
algorithms and enhancing the quality and amount of data
available for training these algorithms. Furthermore,
research should concentrate on creating and confirming
machine learning models for a broader selection of
polymer composites, as well as investigating novel
methods for validating and enhancing the models.
Reference number fourteen. To sum up, the application
of machine learning in the development and optimization
of polymer composites is a burgeoning field with great
potential, yet also presents a variety of challenges that
must be addressed. Going forward, research in this field
should concentrate on refining the accuracy, efficiency,
and scalability of machine-learning algorithms, as well
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as increasing the quality and quantity of data used to
train these algorithms. With sustained investment in
research and development, machine learning has the
potential to revolutionize the design and optimization of
polymer composites [14].

4 Machine learning algorithms for
predicting the properties of polymer
composites based on their
microstructure

Developing and testing machine-learning algorithms for
predicting the properties of polymer composites based
on their microstructures is a critical step in realizing the
potential of machine learning in this field. Several steps
were involved in this process shown in figure 2.

Model selection

Feature engineering Model training

Model validation

Data collection

Fig. 2. Steps involved in the machine learning algorithms for
predicting the properties of polymer composites.

Property Data

Fig. 3. Steps involved in the data collection.

Gathering data is a critical step in the creation and
evaluation of machine-learning algorithms  for
forecasting the characteristics of polymer composites

based on their microstructures [15]. The aim of the data
collection was to acquire a comprehensive and
representative dataset of composite testing outcomes,
encompassing both microstructural details and property
data. These data were employed to educate and assess
the machine-learning algorithms.

Figure 3 illustrates the steps involved in the data
collection process. This includes details about the
composition, structure, and geometry of the polymer
composites, such as the size, shape, and arrangement of
the reinforcement fibers or particles [16]. This data can
be acquired through methods such as microscopy,
computed tomography (CT), and image processing. This
includes data on the physical and mechanical
characteristics of polymer composites, such as their
strength, rigidity, resilience, and thermal behavior [17].
These data can be acquired through a variety of testing
methods, including tensile testing, compression testing,
and impact testing. It is essential to guarantee that the
gathered data accurately reflects the materials and
microstructures of interest and that it is of superior
quality. This may necessitate gathering data from
multiple sources and in different contexts, as well as
filtering or cleaning the data to eliminate any outliers or
mistakes [18]. Ultimately, data collection is a key
component in the creation and testing of machine
learning algorithms for forecasting the characteristics of
polymer composites based on their microstructures, and
it is imperative to guarantee that the collected data is
representative, varied, and of excellent quality.

Feature engineering is an essential step in the
creation and evaluation of machine-learning algorithms
for forecasting the characteristics of polymer composites
based on their microstructures. The aim of feature
engineering is to draw out pertinent features from
microstructural data that can be used as inputs for
machine learning algorithms [19]. The numerical
features are numerical values that depict the
microstructural characteristics of polymer composites,
such as the average fiber diameter, volume fraction of
the reinforcement, and orientation of the fibers. These
characteristics can be acquired through image analysis or
other data processing methods. Textural Features
describe the texture of the microstructure, such as the
arrangement of the reinforcement fibers or particles, the
form of the pores, and the roughness of the surfaces [20].
These characteristics can be acquired through image
analysis or other data processing methods. Statistical
Features that quantify the statistical distribution of the
microstructural characteristics of polymer composites,
such as the mean, standard deviation, skewness, and
kurtosis. These characteristics can be acquired through
statistical analysis or other data-processing methods.
Figure 4 illustrates the different types of extraction
features used to analyze the composites.
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Textural Features

Statistical Features

Numeric Features

Fig. 4. Types of features extraction for analysis.

Fig. 5. Types of machine learning models.

It is essential to guarantee that the extracted features
are pertinent and significant for the issue being
addressed and that they can record the vital connections
between the microstructure and characteristics of the
polymer composites. This could necessitate transforming
the data or combining multiple features to generate new
and more informative features. Feature engineering is a
key part of creating and evaluating machine learning
algorithms for predicting the characteristics of polymer
composites based on their microstructures. It is essential
to make sure that the extracted features are pertinent,
significant, and able to capture the significant
connections between the microstructure and properties of
the polymer composites.

Selecting the right model is a critical step in creating
and assessing machine-learning algorithms for
forecasting the characteristics of polymer composites
based on their microstructures [21]. The objective of
model selection is to identify the most suitable machine
learning model to depict the connections between the
microstructure and characteristics of the polymer
composites [22]

Figure 5 illustrates the various machine learning
models used for optimization. Linear Regression Models
were employed to forecast continuous output based on a
linear combination of input characteristics. These models
are straightforward and easy to comprehend, yet they
may not be able to accurately depict the intricate
connections between the microstructure and properties of
polymer composites. Nonlinear regression models are
employed to forecast continuous output based on a
nonlinear combination of input variables. These are more

versatile and can capture more intricate connections
between the microstructure and characteristics of
polymer composites, though they may be more
challenging to comprehend [23]. Decision Tree Models
are employed to forecast a categorical output based on a
sequence of decisions based on the input characteristics.
While these models are straightforward and easy to
comprehend, they may not be able to accurately depict
the intricate connections between the microstructure and
characteristics of polymer composites. Random Forest
Models are employed to forecast categorical outcomes
based on a combination of multiple decision trees. These
models are more flexible and can account for more
intricate connections between the microstructure and
characteristics of polymer composites, though they may
be harder to interpret. It is essential to consider a range
of model types and utilize suitable evaluation metrics to
compare the effectiveness of various models. The
ultimate model selection should be based on its
performance on the validation data and its capacity to
extrapolate to new, unseen data [24]. To sum up, model
selection is a key step in creating and evaluating
machine-learning algorithms for forecasting the
characteristics of polymer composites based on their
microstructures. It is essential to evaluate a range of
model types and select the most suitable model based on
its performance on validation data and its capacity to
extrapolate to new, unseen data.

Model training is an essential step in the creation and
evaluation of machine-learning algorithms for estimating
the characteristics of polymer composites based on their
microstructures [25]. The aim of model training is to
calculate the parameters of the machine learning model
based on the input and output characteristics of polymer
composites. The training process usually involves
dividing the available data into training and validation
datasets. The training dataset was used to determine the
parameters of the machine learning model, and the
validation dataset was used to evaluate the model's
accuracy and ensure that it can be applied to new, unseen
data. The training process typically involves repeatedly
modifying the model parameters to minimize the
difference  between the predicted and actual
characteristics of polymer composites [26]. The model
parameters can be assessed using a range of metrics,
such as mean squared error or mean absolute error, and
the model can be further improved by altering the
parameters or the features used as inputs. To conclude,
model training is a key element in the creation and
assessment of machine-learning algorithms to forecast
the characteristics of polymer composites based on their
microstructures. It is critical to divide the available data
into training and validation datasets in order to adjust the
model parameters iteratively to reduce the discrepancy
between the predicted properties and the actual
properties of the polymer composites, and to assess the
model's performance using suitable metrics.

Model validation is a critical step in the development
and evaluation of machine-learning algorithms for
predicting the properties of polymer composites based
on their microstructures [27]. The purpose of model
validation is to assess the machine learning model's
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performance on data it has not seen before and to ensure
that the model is suitable for different data distributions.
The validation process typically involves splitting the
existing data into training and validation datasets. The
training dataset was used to determine the parameters of
the machine learning model, and the validation dataset
was used to assess the model's performance on data not
seen before. To evaluate the model's accuracy on the
validation data, metrics such as mean squared error,
mean absolute error, R-squared, and correlation
coefficient can be used. These metrics provide insight
into the accuracy and reliability of the model and can be
used to assess the performance of different models. In
addition to metrics, it is also important to visually
evaluate the model's performance on the validation data,
for instance by plotting the predicted values against the
actual values or plotting the discrepancy between the
predicted values and the actual values. These plots can
provide insight into how the model performs in different
parts of the feature space and can help identify any
potential outliers or areas where the model does not
perform optimally [28]. Briefly, model validation is a
critical step in the development and testing of machine
learning algorithms for predicting the properties of
polymer composites based on their microstructures; it is
essential to split the available data into training and
validation datasets to evaluate the performance of the
model on the validation data using appropriate metrics,
and to visually inspect the performance of the model on
the validation data to ensure that it generalizes well to
different data distributions.

5 Machine learning in the design and
optimization of polymer composites can
bring several potential benefits,
including improved efficiency,
accuracy, and cost savings

A key advantage is the enhanced efficiency. Machine
learning algorithms can automate the process of
forecasting the characteristics of polymer composites
based on their microstructures, thereby cutting down the
time and effort needed for this task. This can expedite
the design and optimization process, potentially leading
to greater productivity and efficiency in the production
of polymer composites [29]. Another advantage of
utilizing machine learning in the engineering and
optimization of polymer composites is the increased
precision. Machine learning algorithms can detect the
intricate connections between the microstructure and
properties of these materials, leading to more precise
predictions of the properties of polymer composites than
traditional empirical models or simulations [30]. This
can enhance the dependability and strength of the design
and optimization processes, resulting in higher-quality
products. Furthermore, machine learning can be
employed to create and optimize polymer composites,
leading to cost savings. Automating the prediction
process can reduce the need for manual labor and
experimentation, thereby decreasing labor and material
expenses related to testing [31]. Furthermore, more

precise predictions can lead to better design and
optimization, which can minimize the risk of expensive
errors and enhance the overall effectiveness of the
development process [32]. To sum up, machine learning
has the potential to bring about greater efficiency,
accuracy, and cost savings in the design and
optimization of polymer composites, making it a field of
study and application that is worth exploring.

6 Opportunities for future research in
the area of machine learning and the
design and optimization of polymer
composites

There are numerous possibilities for further research in
the field of machine learning and the development and
optimization of polymer composites [33]. The current
state of the field furnishes a strong basis for further
research into creating more sophisticated machine-
learning algorithms for forecasting the characteristics of
polymer composites based on their microstructures [34].
This could involve the creation of deep learning
algorithms that have yielded encouraging outcomes in
other contexts [35]. The precision of machine-learning
algorithms is largely contingent on the quality and
quantity of the dataset used for training [36]. Future
studies should concentrate on enlarging the dataset used
for training to encompass a broader selection of polymer
composites, microstructures, and properties to enhance
the precision and applicability of the algorithms.
Combining with simulation tools: At present, machine-
learning algorithms are employed as standalone tools for
forecasting the characteristics of polymer composites
[37]. Future studies should strive to combine machine-
learning algorithms with simulation tools, enabling a
smoother and more effective design and optimization
process. Creation of multi-objective optimization
algorithms: The fabrication and optimization of polymer
composites often necessitate balancing multiple
objectives, such as strength, stiffness, and cost [38].
Future studies should concentrate on creating multi-
objective optimization algorithms that can take into
account multiple objectives when optimizing the design
of polymer composites. Despite the advantages of
employing machine learning for the design and
optimization of polymer composites, there are still a
number of restrictions and difficulties that need to be
investigated. Future studies should focus on exploring
these limitations and difficulties and devising strategies
to address them. To sum up, the realm of machine
learning and the engineering and optimization of
polymer composites present numerous possibilities for
future exploration. By building on the existing
knowledge base, researchers can help to create a more
comprehensive comprehension of the role of machine
learning in this domain and promote its progress.

7 Conclusion

The application of machine learning to the fabrication
and enhancement of polymer composites is a burgeoning
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and promising field that offers numerous benefits.
Machine-learning algorithms can automate the task of
forecasting the properties of polymer composites based
on their microstructures, leading to increased efficiency,
precision, and cost savings. Despite the difficulties and
obstacles associated with applying machine learning in
this context, there are numerous possibilities for future
research, including the creation of more sophisticated
algorithms, enlarging the dataset used for training,
combining with simulation tools, and exploring the
limitations and challenges. The ongoing advancement of
machine learning in this field has the potential to
significantly influence the design and optimization of
polymer composites, resulting in improved products and
more efficient development procedures.
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