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Abstract
The rapid advancement of artificial intelligence (AI) has led to its widespread 
adoption across various engineering fields, including composite materials 
research. Composite materials, known for their superior mechanical properties 
and lightweight characteristics, play a crucial role in industries such as aerospace, 
automotive, and robotics. However, their inherent complexity–such as anisotropic 
behavior, nonlinear characteristics, and intricate microstructures–poses significant 
challenges for traditional design and analysis methods. To address these challenges, 
AI-driven approaches have emerged as powerful tools, offering solutions in 
prediction, generation, and automation. This review systematically explores 
applications of machine learning and deep learning in composite materials research, 
categorized into three major approaches: predictive, generative, and automation 
models. Predictive models enhance the accuracy of property prediction and 
microstructure analysis. Generative models facilitate novel material discovery and 
microstructure design. Automatic models improve quality control and can be used 
to optimize manufacturing processes through real-time data analysis. By leveraging 
diverse large-scale datasets, AI provides innovative solutions to the key challenges 
associated with composite materials and enhances research and design efficiency. 
This review highlights the transformative potential of AI in composite materials 
research, providing insights into future research directions and challenges.

Keywords: Composite; Artificial intelligence; Prediction; Generation; Automation; 
Manufacturing

1. Introduction
Since the emergence of AlphaGo, artificial intelligence (AI) technology has rapidly 
advanced over the past decade, alongside the development of graphics processing units 
(GPUs) for parallel computing.1,2 AI technology has recently reached a level where it is 
easily accessible in daily life, as demonstrated by the widespread adoption of generative 
conversational AI models, such as ChatGPT.3,4 Furthermore, AI is now a core technology 
driving innovation across various engineering industries, including autonomous driving, 
biotechnology, robotics, aerospace, semiconductors, and composite materials.5-12

Composite materials are engineered by combining multiple constituent materials 
to achieve properties superior to those of conventional materials. The exceptional 
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lightweight characteristics and outstanding mechanical 
performance of composite materials make them essential 
in various industries, including aerospace, automotive, 
energy harvesting, robotics, and construction, as shown 
in Figure 1.13-19 The properties of composite materials are 
influenced by multiple factors, including the types of fiber 
and resin, as well as the manufacturing process. In addition, 
their inherent anisotropy, nonlinearity, and complex 
microstructure make design and analysis significantly 
more challenging than conventional materials.

Traditionally, the field of composite materials has 
relied heavily on the expertise of skilled professionals for 
conducting experiments and developing physics-based 
models. In addition, simplifying assumptions have often 
been used to simulate the complex behavior of composite 
materials. However, these conventional approaches have 
clear limitations in fully capturing the intricate and diverse 
characteristics of composite materials. As a result, machine 
learning (ML) and deep learning (DL) methodologies 
have recently received significant attention in the field of 
composite materials. ML is increasingly being explored 
to overcome the challenges associated with traditional 
methods, offering new possibilities for improving efficiency 
and accuracy in the design, analysis, and manufacturing of 
composite materials.

The applications of ML in the field of composite 
materials, as illustrated in Figure  2, can be broadly 
categorized into three aspects:
(i)	 Prediction: ML enables the analysis of large-scale 

datasets to uncover complex patterns in areas such 
as mechanical property and behavior prediction, and 
design parameter estimations20,21

(ii)	 Generation: ML leverages data-driven learning 
to construct new information, such as for 

microstructure design, novel material discovery, and 
data augmentation22

(iii)	Automation: ML is applied to optimize composite 
manufacturing processes, automate defect detection 
and quality control, and analyze real-time data to 
enhance manufacturing efficiency.23

AI thus serves as a powerful tool for addressing various 
challenges in the field of composite materials, significantly 
enhancing research and design efficiency. However, the use 
of insufficient or unreliable data, as well as the application 
of unsuitable ML techniques, can lead to suboptimal results 
or computational inefficiencies.

Therefore, a structured and systematic understanding 
of ML applications in the field of composite materials 
is essential. To address this need, this review provides a 
comprehensive and systematic analysis of ML-driven research 
on composite materials. The primary contributions of this 
paper are threefold. First, we propose a clear and structured 
classification of ML applications for composite materials 
into three categories: predictive, generative, and automation 
models. Second, we provide an in-depth review of the state-
of-the-art ML techniques within each category, focusing on 
their practical applications in composite material design, 
manufacturing, and analysis. Third, we critically discuss the 
current limitations and challenges of these ML approaches 
and propose future research directions to address them.

The remainder of this paper is organized as follows: 
sections 2, 3, and 4 provide detailed discussions on the 
applications of predictive, generative, and automation 
models, respectively, in the field of composite materials. 
Finally, Section 5 presents the key findings, highlights the 
current limitations, and outlines future research directions 
for advancing AI-driven developments in this field.

Figure 1. Components made of composite materials and the proportions (by weight) of different materials used in the aerospace, automobile, and wind 
turbine industries17-19
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2. Predictive models for composite 
materials
Predictive ML models are designed to estimate output 
properties or behaviors based on the given input data by 
identifying complex patterns and relationships. In the 
field of composite materials, predictive models play a 
crucial role as traditional experimental and numerical 
methods for property prediction can be time-consuming 
and computationally expensive, especially when dealing 
with the anisotropic and nonlinear nature of composites. 
By leveraging ML models trained on extensive datasets, 
predictive models enable rapid and reliable predictions, 
significantly enhancing efficiency in material design, 
performance evaluation, and failure analysis. This section 
will explore different ML models and techniques used for 
prediction in composite materials research.

2.1. Deep neural networks (DNNs)

An artificial neural network (ANN) is a type of ML 
technology inspired by the human nervous system. It 
serves as a mathematical model for learning information 
from the given data and recognizing patterns.24,25 A DNN, 
as shown in Figure  3A, is a specialized form of ANN 
that incorporates multiple hidden layers, allowing for 
the extraction of complex features from data.26-28 While 
the concept of ANNs has been around for decades, 
the advancement of GPU technology has enabled the 
practical implementation of DNNs, leading to significant 

breakthroughs in DNN research and applications. Because 
of their deep architecture, DNNs excel at capturing intricate 
patterns and relationships, making them particularly 
effective in handling nonlinear data and solving complex 
problems. When trained with sufficient, high-quality data, 
highly accurate predictions can be made for the given 
inputs, making it a powerful tool for data-driven analysis 
in various domains.

With the advancement of DNN technology, its 
applications in the field of composite materials have been 
steadily expanding. Traditional analytical methods often 
rely on various assumptions and simplifications that require 
extensive computational resources and time. However, by 
learning from large-scale datasets, DNNs can efficiently 
and accurately predict the behavior and properties of 
composite materials, overcoming the limitations of 
traditional methods in terms of speed and precision.

DNNs have been effectively utilized to predict 
the nonlinear responses and complex characteristics 
of composite structures, such as composite springs, 
composite tubes, and bistable composite structures, 
which are difficult to analyze analytically.29,30,33 Zhang 
et al.33 applied a DNN-based surrogate model to analyze 
the behavior of deployable bistable composite structures 
with C-cross sections, using finite element analysis (FEA) 
data for training and subsequently performing structural 
optimization. Similarly, as shown in Figure 3B, Hong et al.29 
utilized DNNs to predict ground reaction forces using self-
sensed capacitance data from composite ankle springs, 
enabling the extraction of running parameters for exo-
robot applications. Wang et al.30 developed a DNN-based 
surrogate model to predict the mechanical properties of 
braided-textile reinforced tubular structures. Figure  3C 
shows the performance and error of the predicted 
results (peak force, mean crushing force, displacement 
corresponding to peak force, and effective compression 
stroke). In addition, as shown in Figure 3D, a DNN was 
utilized to predict the transverse mechanical response of 
unidirectional fiber-reinforced composites, incorporating 
the effects of defects, such as matrix voids and fiber-matrix 
debonding.31 Their approach used an experimentally 
validated discrete element method model to generate 
training data of crack initiation and propagation at the 
particle-level in representative volume elements (RVEs) 
of the composite. The trained DNN predicted the initial 
crack location and the corresponding stress at the onset 
of cracking with accuracies of 82% and 94%, respectively. 
DNNs were integrated with the Abaqus FEA code by 
Tao et al.34 to learn composite constitutive laws, ensuring 
physical consistency and enabling accurate, data-driven 
structural predictions. Furthermore, DNNs were used for 

Figure 2. Machine learning applications in composite materials research: 
prediction, generation, and automation
Abbreviation: AI: Artificial intelligence.
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Figure 3. DNNs for composite materials prediction. (A) Structure of ANN and DNN; (B) A schematic illustrating the use of a DNN to predict ground 
force by applying capacitance-based self-sensing of the foam core in a sandwich composite.29 Reprinted with permission from Hong et al.29 Copyright © 
2022 Elsevier; (C) Prediction results (peak force, mean crushing force, displacement corresponding to peak force, and effective compression stroke) and 
errors for braided-textile reinforced tubular structures.30 Reprinted with permission from Wang et al.30 Copyright © 2021 Elsevier; (D) Prediction results 
of macroscopic stiffness and yield strength of unidirectional fiber composites using DNN;31 (E) Training process of transfer learning for predicting the 
behavior of composite pressure vessels and comparison with conventional finite element analysis methods.32 Reprinted with permission from Hong et al.32 
Copyright © 2024 Elsevier.
Abbreviations: ANN: Artificial neural network; DEM: Discrete element method; DNN: Deep neural network; FEA: Finite element analysis; 
GRF: Generalized random forests; MAE: Mean absolute error; NN: Neural network; RMSE: Root mean squared error.
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permeability prediction, in which statistical RVEs with 
randomized fiber distributions were generated specifically 
for training DNNs to address the stochastic nature of 
fibrous microstructures.35

These examples highlight the significant impact of 
DNNs on the research of composite materials. DNNs enable 
accurate predictions and efficient calculations, capturing 
complex structural responses that are challenging to model 
with traditional methods. By learning from large datasets, 
DNNs provide a reliable alternative or complement 
to numerical methods, such as FEA, offering data-
driven insights and improved speed and precision when 
optimizing composite materials and structures. However, 
DNNs face significant limitations when there is insufficient 
data or when the model encounters conditions different 
from those in the training dataset. In such cases, transfer 
learning techniques serve as a powerful tool to overcome 
these challenges.36-38 By applying the knowledge (such as 
network weights and feature representations) obtained 
from a pre-trained model to a new related problem, transfer 
learning accelerates training, improves performance, and 
enables effective learning even with limited data. For 
example, transfer learning has been applied to predict 
the behavior of composite pressure vessels by combining 
analytical and numerical data, significantly enhancing 
both accuracy and computational efficiency.32 As presented 
in Figure 3E, the approach involves pre-training on a large-
scale analytical dataset with relatively low fidelity but low 
cost, and then fine-tuning with a smaller-scale numerical 
dataset that offers higher fidelity but at a higher cost. This 
strategy enables the rapid assessment of structural integrity 
under various loading conditions, reducing the need for 
time-consuming finite element simulations.

2.2. Convolutional neural networks (CNNs)

A CNN is a type of DL model specifically designed for 
image processing and analysis.39-41 Unlike general DNNs, 
CNNs are highly effective at handling image-based data, 
making them particularly advantageous for visual data-
related problems. As illustrated in Figure  4A, CNNs use 
convolutional and pooling operations to efficiently extract 
important features from input data, reducing the need for 
manual feature engineering. CNNs have demonstrated 
exceptional performance in various vision tasks, 
including image classification, object detection, and facial 
recognition.42-44

In the field of composite materials, microstructure 
analysis and fiber orientation prediction are often difficult 
to conduct using conventional analytical methods or 
general DNNs.48,49 Taking advantage of the superior pattern 
recognition capabilities of CNNs, image data of composite 
materials can be utilized to predict microstructures 

and material behavior, making CNNs essential when 
considering image-based composite material problems.

CNNs have been successfully applied to various aspects 
of composite material analysis.45,46,50-52 Key characteristics, 
such as the fiber arrangement, fiber diameter, and resin 
content, can be extracted from microstructure images using 
CNNs, which can then be used to predict the mechanical 
behavior and failure mechanisms of composite materials. 
As shown in Figure  4B, CNN-based models have been 
employed to predict the stacking angles of fiber-reinforced 
composites from cross-sectional images.45 Extracting 
composite stacking information is particularly valuable for 
the reverse-engineering of composite material structures, 
as the performance of fiber-reinforced composites is highly 
sensitive to stacking angles.

U-Net architectures, which are built on CNNs, have 
been used to predict stress fields within composite 
microstructures by using stress maps generated from FEA 
as training data.50 U-Net models provide a computationally 
efficient alternative to traditional simulations, reducing 
the computational burden of multi-scale modeling while 
maintaining high levels of predictive accuracy.

In addition to stress field and stacking angle predictions, 
CNNs have been applied to estimate the mechanical 
properties of composite materials, such as the transverse 
modulus, tensile strength, and fracture toughness, based 
on microstructural images using finite element simulation 
results as training data.51 By training on a large dataset of 
RVEs, these models can capture complex material behaviors 
and improve the accuracy of property estimation.

Moreover, as shown in Figure  4C, CNN-based 
approaches have been successfully implemented for 
efficient prediction of the 3D permeability of fibrous 
microstructures by integrating 2D image-based learning 
with circuit analogy models.46 The permeability is a crucial 
factor in composite material manufacturing since it affects 
the ability of the fibrous reinforcement to achieve complete 
impregnation during the resin infusion process. The use 
of CNNs not only accelerates the permeability prediction 
process but also enhances the overall understanding of 
fluid flow in porous composite media.

These studies highlight the transformative potential 
of CNNs in composite materials research, offering new 
possibilities for advanced composite structures through 
enhanced image-based analysis and prediction. However, 
despite the effectiveness of CNNs, one limitation is the 
challenge of acquiring sufficient training data. Specifically, 
collecting high-quality images of composite materials is 
difficult, which limits the model’s learning process. In addition, 
CNN-based approaches require extensive pre-processing of 
image data, increasing the complexity of implementation.

https://dx.doi.org/10.36922/IJAMD025210016
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To address these challenges, data augmentation 
techniques, such as rotation, distortion, and noise addition, 
can be used to enhance the training dataset.53,54 For 
example, Shim et al.55 applied CNN and data augmentation 
to predict the stress-strain curves of composites fabricated 
through mechanical recycling, enabling effective learning 

even with a limited dataset. In this process, each image was 
rotated by 90°, 180°, and 270°, and then horizontally flipped 
to generate eight images per single specimen. Generative 
models, discussed in the next section, can also be used 
for data augmentation to obtain more diverse images and 
further enhance training efficiency.56-58

Figure 4. CNN architecture and research utilizing CNN in the field of composite materials. (A) Structure of CNN; (B) Image data and data classification 
process for predicting stacking angle based on cross-sectional images;45 (C) CNN architecture and circuit analogy configuration used for estimating the 
principal permeability values of the considered 3D fibrous structures;46 (D) Ground truth of defects for each layer of the composite laminate and the 
predicted results.47

Abbreviations: CNN: Convolutional neural network; FEM: Finite element method.
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Similarly, as with DNNs, many studies have also utilized 
transfer learning techniques to enhance the training 
efficiency of CNNs. Kojima et al.47 used transfer learning 
with CNNs to predict internal defects in carbon fiber-
reinforced polymer (CFRP) laminates by combining data 
generated through FEA with infrared stress distributions 
obtained from experiments. Figure  4D presents the 
ground truth of defects for each layer of the composite 
laminate, together with the predicted results obtained 
through transfer learning. By fine-tuning these models 
with a limited set of experimental data, transfer learning 
improves their generalization capabilities across various 
composite structures. The results show that as the amount 
of experimental stress measurement data increases, transfer 
learning-based defect prediction outperforms traditional 
FEA-based approaches in terms of efficiency. Moreover, Liu 
et al.59 aimed to diagnose damage in composite materials 
using transfer learning with CNNs by leveraging Lamb wave 
signals generated from numerical simulations and applying 
them to experimental data. By integrating transfer learning 
with domain adversarial learning, the model achieved 
high generalization performance across complex domain 
discrepancies, leading to highly accurate delamination 
prediction. In addition to cases of domain adaptation, 
where only the domains differ while the tasks remain the 
same as in the aforementioned studies, transfer learning can 
also be applied when there are differences in the source and 
target tasks. Xu et al.60 extracted vector representations of 
the geometric morphology and distribution characteristics 
of two-phase composites from images to establish similarity 
between the source and target domains. Their method 
enabled the use of small datasets through transfer learning, 
yielding high prediction accuracy for mechanical properties, 
such as stiffness, strength, and toughness. Techniques 
such as data augmentation and transfer learning not only 
enhance the efficiency of predictive models but also enable 
broad applicability across diverse tasks and DL models.

In addition, developing hybrid models by integrating 
CNNs with other ML/DL methods holds promise for 
enhancing their ability to capture and analyze complex 
composite material structures.61-64 Among various 
approaches, attention mechanism-based CNNs have 
demonstrated strong capabilities in capturing complex 
failure behaviors. Liu et al.64 incorporated an attention-
based loss function into a CNN framework, enabling the 
model to focus more on high-damage regions in thick 
composites with wrinkles, thereby achieving effective 
prediction of failure modes.

2.3. Recurrent neural networks (RNNs)

RNNs are a type of DL model designed to process sequential 
data, and they excel in handling data that contain temporal 

or spatial-order relationships. Unlike feedforward neural 
networks or CNNs, RNNs receive data one step at a time in 
sequential order, as shown in Figure 5A, and have feedback 
connections in the hidden layers to recognize the sequential 
structure of the data. This architecture is advantageous in 
problems where the order of inputs is important, and it 
also offers the flexibility to handle variable-length data. 
However, RNNs have a drawback known as the long-term 
dependency problem, where the influence of distant inputs 
diminishes over time despite their relevance. In addition, as 
weights are multiplied across time steps, the model suffers 
from vanishing or exploding gradient issues. To address 
these problems, advanced RNN-based models, such as 
long short-term memory (LSTM) and gated recurrent unit 
(GRU), are commonly used (Figure  5A). LSTM utilizes 
three gates to selectively store, transmit, and discard 
information, and uses a memory cell to retain long-term 
data. GRU, a simplified version of LSTM, applies an update 
gate to determine how much of the previous information 
to keep, and a reset gate to decide how much of the past 
information to forget, thereby overcoming the limitations 
of conventional RNNs.

Since composites exhibit highly nonlinear and time-
dependent behavior, RNNs have been actively studied 
and applied in various research areas.65,66,70-76 Chen et al.70 
predicted the nonlinear behavior of composites, such as 
the time-dependent nonlinear elastic-plastic response that 
varies with the strain/loading path, using an LSTM network 
capable of processing the entire time sequence. As a result, 
the trained LSTM model accurately predicted stress with 
a maximum error of <4%, and the model successfully 
reproduced the stress-strain hysteresis curves even under 
nonlinear cyclic loading conditions. Yousefi et al.65 also 
employed an LSTM DL model, as shown in Figure  5B, 
to predict the long-term water absorption and thickness 
swelling behavior of a composite composed of hydrophilic 
cellulose fibers and hydrophobic polypropylene. By 
training the model with the initial 200 h of data obtained 
from immersion experiments, they demonstrated that 
the LSTM can effectively predict the long-term physical 
behavior of the composite for the subsequent 1300  h. 
Furthermore, RNN-based models have also been utilized 
to predict the behavior of composites under dynamic 
loading conditions. Borkowski et al.71 employed a GRU to 
predict the response of ceramic matrix composites (CMCs) 
under non-monotonic loading and microstructural 
variations, and demonstrated that stable predictions 
could be achieved without overfitting across 60 test sets. 
Gao et al.66 applied an LSTM to predict the axial stress of 
concrete-granite composites under impact conditions, as 
shown in Figure 5C. The trained model was able to predict 
stress responses to new impact velocities, joint roughness 

https://dx.doi.org/10.36922/IJAMD025210016
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Figure 5. RNN, LSTM, and GRU architectures and research utilizing RNN in the field of composite materials. (A) Structure of RNN, LSTM, and GRU; 
(B) Comparison of actual and predicted results of water absorption;65 (C) Comparison between the actual and predicted stress values;66 (D) Network 
architecture and the transfer learning approach utilizing a large mean-field and a small full-field data set;67 (E) Overview of data-driven multiscale 
framework using DRCN networks;68 (F) Architecture of PRNN for finite strain framework.69

Abbreviations: BPNN: Backpropagation neural network; CHF: Corn husk fiber; DRCN: Decomposing residual convolutional neural; GRU: Gated 
recurrent unit; LSTM: Long short-term memory; PP: Polypropylene; PRNN: Physically recurrent neural network; RF: Random forest; RNN: Recurrent 
neural network; RVE: Representative volume element.

D

C

B

F

A

E

https://dx.doi.org/10.36922/IJAMD025210016


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 9� doi: 10.36922/IJAMD025210016

coefficients, and strain inputs, and showed improved 
prediction accuracy compared to backpropagation 
neural network and random forest models. RNNs have 
also been employed to predict the shape transformation 
of 4D-printed active composite structures. Sun et al.73 
designed an active composite beam using materials with 
different coefficients of thermal expansion and treated 
the material distribution as sequential data. By applying 
an RNN model, they successfully predicted the resulting 
shape under a stimulus of a 100°C temperature increase, 
achieving over 2000  times faster performance compared 
to conventional finite element simulations. In addition, 
to enhance the performance of RNNs, bidirectional 
RNNs – which process input sequences in both forward 
and backward directions – have been employed in studies 
to identify the location and size of defects in laminated 
composites77 and to efficiently predict the time-dependent 
damage of composite hydrogen tanks.78

However, RNNs require a large amount of data for 
training and are difficult to capture spatial patterns 
compared to CNNs. To address these limitations, recent 
studies have explored combining RNNs with techniques 
such as transfer learning67,79-82 and CNNs.68,83-85 Cheung 
et al.67 combined transfer learning with a GRU-based DL 
model to reduce the computational cost of predicting the 
nonlinear elasto-plastic behavior of short fiber reinforced 
composites, as shown in Figure  5D. In this approach, a 
mean-field-based RNN model was used with low-fidelity 
samples, while high-fidelity full-field simulation data were 
employed for fine-tuning. As a result, they successfully 
developed a framework with excellent computational 
efficiency and generalization performance. Jian et al.80 also 
employed a combination of bidirectional LSTM and transfer 
learning to predict the behavior of CFRP composites in the 
very high cycle fatigue regime. In their approach, transfer 
learning was applied to predict the fatigue behavior of a 
new batch by leveraging existing experimental data. An 
attention mechanism was incorporated to focus on critical 
segments of the fatigue curve, such as regions with abrupt 
changes, thereby improving prediction accuracy and 
convergence speed. However, attention mechanisms, while 
advantageous for highly complex, imbalanced, or long-
dependency data, may lead to overfitting and increased 
computational time when applied to low-complexity or 
relatively uniform data.78 Therefore, careful consideration 
of the characteristics of the data is essential when applying 
attention mechanisms. As shown in Figure  5E, El Said68 
employed a deep recurrent CNN that combines CNN 
and LSTM to predict the nonlinear damage behavior 
of laminated composite structures. In particular, since 
features such as layup configuration, wrinkles, and ply 
gaps exhibit spatial characteristics, a CNN was used to 

extract spatial information from RVE images, which was 
then converted into sequences and fed into the LSTM 
to predict the stress at each time step. CNN-RNN-based 
models have also been applied to predict the evolution 
of surface roughness in carbon/carbon composites under 
thermochemical ablation83 and to assess damage in 
composites subjected to low-velocity impacts.85 According 
to a study by Truong et al.,84 combining CNN with GRU 
yielded the highest prediction accuracy compared to using 
CNN, RNN, GRU, or LSTM individually.

Moreover, traditional RNNs are less robust to new 
conditions due to the absence of physically derived patterns, 
which prompted a series of studies to explore physically 
RNN (PRNN) models that incorporate physical constraints 
directly into the RNN architecture.69,86 Maia et al.69 aimed 
to predict the path-  and rate-dependent stress responses 
of composites by embedding the constitutive models into 
the material layer of the PRNN, as shown in Figure  5F. 
This approach enabled them to incorporate the non-linear 
elasto-viscoplastic, path-  and rate-dependent behavior of 
the matrix, as well as the nonlinear elastic and anisotropic 
characteristics of the fibers, into the RNN architecture. 
As a result, the model accurately predicted stresses with a 
mean absolute error of 5–7 MPa and a relative error within 
5–10% under various loading conditions, and was also 
used to successfully extrapolate to loading conditions not 
included in the training data.

2.4. Physics-informed neural networks (PINNs)

DNNs accurately represent the relationship between the 
given inputs and outputs based on large-scale labeled 
datasets. However, due to their purely data-driven learning 
approach, the relationship itself remains a black box, 
which may limit their ability to reflect physical phenomena 
reliably. In contrast, PINNs integrate physical laws into the 
neural network learning process, as shown in Figure 6A.87,88 
PINNs do not require any labeled (input-to-output) data 
for training, and the governing partial differential equation 
(PDE), as well as initial and boundary conditions that 
describe the process being modeled, are used to train the 
neural network.

In the case of composite materials, solving the various 
PDEs that describe the elastic behavior, heat transfer, 
and damage or fracture models through FEA is time-
consuming, and ML-based predictions often fail to 
reflect real physical phenomena. In contrast, predictions 
generated by PINNs can be consistent with the specified 
physical laws, even outside the training domain, making 
PINNs a powerful tool for efficiently predicting complex 
phenomena in composites research, such as plastic 
deformation, flow through porous media, and heat 
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transfer. In addition, PINNs do not require meshing of the 
solution domain, and parameterized PDEs can be solved by 
including the process parameters directly as inputs to the 
neural network. Thus, PINNs can be utilized as accurate, 
time-efficient, data-free surrogate models for rapid process 
optimization.

Several studies have successfully applied PINNs 
for analyzing composite materials.89-95 Using PINNs, 
researchers successfully predicted the composition-
property relationships of basalt fibers, which are known 

for their mechanical and thermal stability.92 Compared to 
traditional ANNs, the PINN model exhibited significantly 
improved predictions of the elastic modulus and tensile 
strength. This improvement highlights the PINN’s 
advantage in incorporating physical constraints into the 
learning process to enhance the model’s predictive accuracy.

Moreover, PINNs have also been applied to predict 
property degradation in carbon fiber/epoxy composites 
exposed to high-intensity radiative environments, such as 
weapon-induced explosions and solar flux.95 The model 

Figure 6. Structure of PINNs and research utilizing PINNs in the field of composite materials. (A) Structure of PINNs; (B) PINN framework and prediction 
results for estimating FVF distribution and permeability during injection-based measurements;89 (C) multi-fidelity PINN framework for predicting defect 
positions in composites.90

Abbreviations: FE: Feature engineering; FNN: Forward neural network; FVF: Formation void fraction; MSE: Mean squared error; NN: Neural network; 
PDE: Partial differential equation; PINN: Physics-informed neural networks.
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demonstrated high precision and reliability, with errors 
in the order of 10−5. Compared to conventional numerical 
methods, such as the finite element method and finite 
difference approaches, the PINN framework reduced the 
computation time by over an order of magnitude.

To better represent the response of real fibrous 
reinforcements, Lee et al.89 incorporated experimental data 
of the permeability and compressibility relations into the 
PINN training process to explain the remaining physics 
not expressed in the governing equations, as presented 
in Figure  6B. Real-time simulations of transverse 
permeability measurements were also conducted to extract 
the permeability relation using experimental data of the 
flow rate and injection pressure.

These examples demonstrate how PINNs are 
transforming composite materials research using more 
reliable, faster, and data-efficient methods for prediction, 
design, and analysis. While PINNs offer significant 
potential in the field of composite materials, conventional 
PINN models may struggle to fully capture the complex 
multi-physics and multi-scale issues inherent in composite 
materials. Obtaining a good balance between physics and 
data can also be challenging, potentially resulting in slower 
learning rates or difficulties in convergence. In addition, the 
training process is sensitive to network hyperparameters 
and can fall into local minima, and research is ongoing to 
improve the training performance of PINNs.96

To overcome these limitations, it is necessary to 
enhance model performance by utilizing hybrid models 
that combine data-driven neural networks with physics-
based learning, enabling the simultaneous integration of 
physical laws and data-based training.97,98

A notable advancement in this field is the development 
of a transfer learning-based multi-fidelity PINN framework 
(mfPINN) to mitigate the effects of sparse and noisy 
sensor data, as well as the limited accuracy of idealized 
governing equations.90 A low-fidelity PINN model is 
first trained based on the governing physics. Then, the 
information learned is transferred to a data-driven DNN, 
which is trained on a smaller set of high-fidelity data, as 
shown in Figure 6C. The mfPINN framework is used for 
acoustic source localization in anisotropic composites and 
is shown to accurately predict the location of defects or 
signal sources within composite materials. By integrating 
high-fidelity and low-fidelity data, the mfPINN enhances 
localization accuracy while preventing data overfitting 
and reducing the need for expensive high-resolution data, 
which is often difficult to obtain in practice.

In addition, Hanna et al.99 used PINNs with CNNs to 
predict the 2D permeability tensor field of a glass fiber 

fabric, including localized variations. Alternatively, PINNs 
can be combined with numerical solvers to enhance 
training when simulating multi-scale problems, such as 
the dual-scale permeability of fibrous reinforcements.100 
Furthermore, applying active learning to efficiently select 
important training data is expected to provide a more 
effective learning.101

2.5. Explainable AI (XAI)

XAI is an approach that aims to provide clear and 
interpretable explanations for the results generated by DL 
models.102,103 Typically, AI functions as a black box, making 
predictions without offering sufficient insight into the 
reasoning behind them. However, as illustrated in Figure 7A, 
the reliability of AI-driven results can be improved by 
utilizing XAI, which provides a transparent explanation of 
the decision-making process. This transparency not only 
enhances the reliability of AI systems but also enables users 
to better understand and interpret the factors influencing 
the model’s predictions, making AI more accessible in 
various applications. When using AI for the analysis and 
design of composite materials, simply obtaining the output 
values of the results is insufficient. In particular, composite 
materials exhibit nonlinear properties and are sensitive to 
numerous factors, requiring careful analysis. While XAI is 
not a type of DL model, such as DNNs or CNNs, it has 
been widely used with ML models to predict composite 
defects, damage, and mechanical properties, explaining 
the decision-making process and improving the reliability 
of predictive models.

Several studies have highlighted the potential of XAI in 
this field.32,104-109 Hong et al.32 developed a predictive model 
for the behavior of a composite pressure vessel and utilized 
XAI to analyze the impact of stacking angle and layer 
thickness on its performance using permutation feature 
importance for each design parameter. Daghigh et al.106 
developed an XAI-based ML model for predicting defect 
characteristics (depth, size, and thickness) in composite 
materials using infrared thermography (IRT) data and 
evaluated the feature importance of each parameter. 
Yossef et al.104 predicted the flexural strength of composite 
laminates using a decision tree-based gradient boosting 
algorithm as the ML model. They combined the ML model 
with XAI to analyze how the design parameters influence 
laminate strength and to provide a visual interpretation 
of the relationships between these factors (Figure  7B). 
Azad and Kim105 developed an XAI-based model with 
vision transformers to detect damage in CFRP composites, 
as shown in Figure  7C. Their approach provided visual 
insights into areas of delamination, enhancing the damage 
detection process. Similarly, Song et al.107 applied XAI to 
textile-reinforced mortar beams to predict the bending 
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load capacity, revealing the key factors that influence the 
material’s strength, such as the fiber tensile strength and 
cross-sectional area.

These studies demonstrate the growing role of XAI 
in composite materials, providing critical insights for 

material design, defect detection, and optimization of 
manufacturing parameters. By combining ML with 
explainability, XAI is advancing the development of more 
efficient and transparent processes for the design and 
manufacture of composite materials.

Figure 7. Structure of XAI and research utilizing XAI in the field of composite materials. (A) Structure of XAI; (B) Analysis of the relationships between 
design parameters of composite laminates and their impact on performance;104 (C) Methodology and results of utilizing XAI to analyze the delamination 
mechanisms of composites.105

Abbreviations: FEM: Finite element method; LHS: Latin hypercube sampling; PDP: Partial dependence plot; SHAP: Shapley additive explanation; ViT: 
Vision transformer; XAI: Explainable artificial intelligence.
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2.6. Summary of predictive models for composite 
materials

The applications of predictive ML models in the field of 
composite materials are summarized in Table  1, along 
with the advantages and limitations of each type of ML 
method. The ML approach should be tailored to the target 
application, as no method is superior to another. The ML 
framework should be constructed based on the number of 
variable parameters, the required accuracy of predictions, 
the type, quantity, and quality of the available data, as 
well as the knowledge of the governing equations. It is 
important to understand the characteristics of the problem 
being modeled to select the most suitable ML method for 
efficient training and accurate predictions.

3. Generative models for composite 
materials
Predictive models are designed to predict the output 
results based on the given input data, whereas generative 

models learn from existing unlabeled data to generate new 
data. In other words, generative models can create entirely 
new images, texts, designs, and structures, making them 
particularly valuable for various applications, including 
data augmentation and innovative design exploration.111,112 
One of the most well-known examples of generative 
models is ChatGPT, which demonstrates the potential 
of this technology in natural language generation. In the 
field of composite materials, obtaining experimental and 
simulation data often demands considerable time and 
cost. Furthermore, the vast range of material combinations 
and configurations leads to diverse shapes, properties, 
and characteristics, making the potential applications of 
generative models even more promising.

3.1. Variational autoencoders (VAEs)

VAEs are the most common types of generative models 
designed to generate data in a latent space.113,114 As depicted 
in Figure  8A, VAEs primarily consist of an encoder and 
a decoder, where the encoder maps input data to a latent 

Table 1. Applications, advantages, and limitations of predictive models for composite materials

ML method Applications Advantages Limitations

Generic DNNs ‑�Prediction of nonlinear responses, mechanical 
properties, structural behaviors of composites,29‑31,33,34 
and pressure vessel behavior32

‑�Efficient alternative to traditional 
numerical simulation

‑�Dependence on large quantities of 
high‑quality data

CNNs ‑Analysis of microstructure50,110

‑�Prediction of stacking angle,45,51 3D permeability,46 and 
microstructural property60

‑�Detection of defect from IR stress measurements,47 
damage from lamb wave signals59

‑�Accurate predictions on 
image‑based data

‑�Difficulties in collecting sufficient 
high‑quality images.

‑High pre‑processing load

RNNs ‑�Prediction of nonlinear stress‑strain response of 
composites (elasto‑plastic, path‑dependent),70 
long‑term water absorption and swelling,65 dynamic 
loading behavior in CMCs and concrete granite 
composites,66,71 shape transformation in 4D printed 
composites,73 and fatigue behavior of composites80

‑�Combination with CNN for spatial‑temporal 
modeling68,83‑85

‑�Ability to model sequential, 
time‑dependent data, such as stress 
history or environmental exposure

‑Support for variable‑length data
‑�Use of advanced variants (LSTM, 
GRU, and Bi‑RNN) to enhance 
prediction stability, memory 
retention, and directionality

‑Need for large training datasets
‑�Limited capability in spatial pattern 
extraction compared to CNNs

‑�Susceptibility to vanishing/
exploding gradients in generic 
RNNs

PINNs ‑Thermochemical curing process91

‑�Predict composition‑property relationships of basalt 
fibers,92 acoustic source localization in anisotropic 
composites,90 and property degradation in carbon 
fiber/epoxy composites95

‑�No requirement for labelled training 
data

‑�Physically‑consistent predictions 
beyond the training domain

‑�Accuracy dependence on the 
compatibility of governing equations 
with the modeled process being.

‑�Limitations due to idealized 
assumptions in governing equations 
vs. noise and variability in 
real‑world data

XAI ‑�Analysis of feature importance for composite pressure 
vessel performance32

‑�Prediction of the mechanical strength of the 
textile‑reinforced beam107 and defects in composite 
materials106

‑Design of FRP laminate104

‑Detection of visual delamination105

‑�Improved transparency in the 
decision‑making process and 
prediction reliability

‑��Visualization of influential factors

‑�Trade‑off between explainability and 
predictive accuracy compared to 
complex black‑box models

Abbreviations: Bi‑RNN: Bidirectional recurrent neural network; CMCs: Ceramic matrix composites; CNNs: Convolutional neural network; 
DNNs: Deep neural networks; FRP: Fiber‑reinforced polymer; GRU: Gated recurrent unit; IR: Infrared; LSTM: Long short‑term memory; 
ML: Machine learning; PINNs: Physics‑informed neural networks; RNNs: Recurrent neural network; XAI: Explainable artificial intelligence.
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Figure 8. Structure of VAE and research utilizing VAE in the field of composite materials. (A) Structure of VAE; (B) VAE framework for material discovery 
of SMPs with targeted glass transition temperature.115 Reprinted with permission from Teimouri and Li.115 Copyright © 2024 John Wiley and Sons; (C) VAE 
framework used for designing unit cells and their arrangements to achieve impact mitigation with desired performance in metamaterials.116 Reprinted with 
permission from Wang et al.116 Copyright © 2024 Elsevier.
Abbreviations: DSC: Dice similarity coefficient; SMPs: Shape memory polymers; VAE: Variational autoencoders.

C

B

A

https://dx.doi.org/10.36922/IJAMD025210016


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 15� doi: 10.36922/IJAMD025210016

space, and the decoder reconstructs the original data from 
the input data. Specifically, to prevent the model from 
merely replicating the input, VAEs employ a probabilistic 
approach by encoding the input into the parameters of a 
Gaussian distribution (i.e., mean and standard deviation), 
and reconstructing the data by minimizing a loss function 
composed of a reconstruction loss and a Kullback-Leibler 
(KL) divergence term. As a result, VAEs are highly useful 
for generating, transforming, and compressing data, as 
well as creating new samples.

VAEs can serve as a powerful tool in the field of composite 
materials to address data scarcity issues and generate new 
designs.115-120 For instance, a VAE-based approach was 
used for generating and optimizing composite layups with 
specified properties.117 This method allows for increased 
flexibility in designing complex layup structures and 
outperforms traditional optimization methods, providing 
faster results and expanding the design space.

Moreover, as shown in Figure  8B, VAEs were applied 
to the design and material selection process in the 
development of thermoset shape memory polymers 
(SMPs) with high glass transition temperatures. Teimouri 
and Li115 applied a VAE-based approach coupled with 
transfer learning to explore the vast chemical design space 
of SMPs. Their model optimized the glass temperature 
of SMPs, which was experimentally verified to be highly 
accurate, thus enhancing the material development process 
by reducing time and resource consumption.

Furthermore, as presented in Figure  8C, VAEs have 
also been utilized in the design of metamaterial arrays 
for impact protection. To address the high computational 
cost of traditional optimization methods, such as genetic 
algorithms and Bayesian optimization, Wang et  al.116 
employed VAEs to generate unit cell designs and graded 
arrays with desired performance. The generated graded 
metamaterial demonstrated a 97.25% similarity to 
the target performance and significantly delayed the 
transmission of impact energy through the material 
compared to conventional designs.

However, conventional VAEs rely solely on a 
continuous Gaussian latent space and focus on learning 
static distributions, which makes it difficult to represent 
the complex mechanisms of composite materials and 
limits their ability to predict dynamic changes. Therefore, 
research is ongoing to apply extended VAE models to 
resolve these challenges. For instance, the vector quantized-
VAE (VQ-VAE) constructs a discrete latent space, allowing 
the generation of new data through diverse combinations 
and thus enabling more reliable results. Using VQ-VAE, 
Wang et al.119 predicted the 3D damage field of composite 
laminates under various low-velocity impact conditions and 

demonstrated high performance even with a small dataset. 
In addition, in a β-VAE, a hyperparameter β is introduced 
to adjust the weight of the KL divergence term in the 
standard VAE, thereby promoting statistical independence 
among latent variables. Jiang et al.120 predicted the residual 
stiffness degradation caused by fatigue damage in CMCs 
with the aid of β-VAE. By combining β-VAE with neural 
ordinary differential equations, they captured the latent 
dynamics of fatigue damage progression and reconstructed 
the full stiffness degradation curves over fatigue cycles. 
Moreover, their model enabled accurate predictions even 
under new loading conditions through latent variable 
interpolation and partial data retraining.

These studies illustrate the versatility of VAEs in 
enhancing the design and performance of composite 
materials. By enabling the generation of complex 
material configurations and reducing the reliance on 
extensive experimental datasets, VAEs are anticipated to 
revolutionize the design and optimization of composite 
structures in various industries, including aerospace, 
automotive, and civil engineering.

3.2. Generative adversarial networks (GANs)

VAEs are powerful tools for data generation, but the 
quality of the generated data is relatively low, particularly 
for applications that require high-resolution images or 
complex patterns. They also struggle to capture fine details 
and intricate variations in real-world data, often leading to 
reconstruction errors, especially with high-dimensional 
or complex structures. On the other hand, GANs can 
address these limitations by implicitly estimating the 
probability distribution, flexibly learning highly complex 
and nonlinear data distributions in high-dimensional 
spaces. GANs employ two competing neural networks: a 
generator, which creates data that mimics real samples, 
and a discriminator, which distinguishes real data from 
generated data.121 The structure of a GAN is depicted 
in Figure  9A. Through this competitive process, both 
networks progressively improve, refining the quality of 
the generated data. Composite material analysis involves 
capturing details of the intricate microstructures and 
variations from data consisting of high-resolution 
images and complex patterns. Consequently, GANs can 
be a particularly powerful tool in the field of composite 
materials.

In recent studies, GANs have been used to synthesize 
realistic 2D microstructures of unidirectional fiber-
reinforced composites. Guo et al.123 applied a deep 
convolutional GAN to generate 2D transverse 
microstructures of fiber reinforced composites. Their 
approach captured key microstructural features, such 
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as the fiber diameter, fiber volume fraction, fiber spatial 
distribution, and resin-rich regions, which traditional 
random microstructure generators struggled to represent. 
Comparisons of the generated microstructures with real 
data highlighted the accuracy of GANs in modeling the 
detailed characteristics of composite structures.

In addition, GANs have been utilized for multi-
objective optimization in the design of engineered 
cementitious composites.124 The tensile stress, strain, 
and cost are optimized simultaneously for varying 
mixture proportions and fiber types, demonstrating the 

potential of GANs for complex multi-variate, multi-
objective material design challenges in civil engineering 
applications.

Another innovative application of GANs is in topology 
optimization. Li et al.125 integrated GANs with subset 
simulation to guide the design of periodic structures 
with desired bandgap properties. This hybrid approach 
allows for efficient generation of rare samples in high-
dimensional design spaces, facilitating the identification of 
optimal topologies for composite structures. The method 
has proven to be effective in the topology optimization of 

Figure 9. Structure of GAN and research utilizing GAN in the field of composite materials. (A) Structure of GAN; (B) Strain and stress field prediction 
results using conditional GAN and comparison with FEM (ground truth).122 Reprinted with permission from Yang et al.122 Copyright © 2021 The American 
Association for the Advancement of Science; (C) Stress field results derived from the microstructure of chopped fiber composites using conditional GAN.110

Abbreviations: FEM: Finite element method; GAN: Generative adversarial network.
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2D periodic structures, offering new avenues for material 
design with tailored mechanical properties.

Furthermore, a GAN model, referred to as IRT-GAN, 
was developed for automated defect detection in composite 
materials using IRT.126 By utilizing simulated large-
scale numerical datasets with various defects, IRT-GAN 
was trained to generate segmentation images of defects 
automatically. This method demonstrated improved 
detection performance for both glass fiber-  and CFRPs, 
highlighting the ability of GANs to enhance quality control 
in composite manufacturing processes.

Conventional GANs generate data solely based on 
random noise without control over the output. On the other 
hand, conditional GANs (cGANs) introduce additional 
conditions to enable the generation of goal-oriented 
data tailored to specific conditions. Yang et al.122 utilized 
cGANs to enhance stress and strain field predictions, 
as conventional GANs have been shown to generate 
arbitrary outputs following simple data distributions. As 
shown in Figure 9B, they accurately predicted both global 
mechanical properties (e.g., stiffness and resilience) and 
localized stress concentration phenomena corresponding 
to specific composite microstructures and loading 
conditions, achieving computation times of less than one 
second. Similarly, as shown in Figure  9C, Gupta et al.110 
developed a CNN-based GAN model to predict principal 
stress distributions by incorporating factors such as the 
microstructure of chopped carbon fiber epoxy composites, 
material properties, and time-dependent loading 
conditions. These studies present cGAN models as strong 
candidates for generating and predicting the physical 
behavior of composites based on their microstructure.

Overall, the integration of GANs into composite 
material design, optimization, and defect detection 
presents numerous advantages, including enhanced 
accuracy in microstructure modeling, multi-objective 
material optimization, and quality inspection. As these 
technologies continue to evolve, they hold the potential 
to revolutionize the development and manufacture of 
composite materials, leading to higher performance, 
reduced costs, and improved efficiency in industries such 
as automotive, aerospace, and civil engineering.

3.3. Other generative models

In addition to VAEs and GANs, diffusion-based deep 
generative models are being increasingly explored as 
generative models in the field of composite material 
research.127 Diffusion models consist of a forward phase 
in which noise is gradually applied to the original image 
until it resembles Gaussian noise, and the reverse phase 
in which the model learns the process of progressively 

eliminating the noise to obtain the original image, as 
shown in Figure 10A. This process is based on a Markov 
chain, where each step refers only to the previous one, 
enabling stable training through the repeated learning 
of small changes. As a relatively recent and advanced 
DL approach, diffusion models demonstrate high 
performance in generating realistic 2D and 3D composite 
microstructures by learning from large datasets of actual 
material structures.128,129 As shown in Figure 10B, Lyu and 
Ren128 accurately reconstructed various complex 2D and 
3D microstructures of composite materials, such as random 
textures and chessboard structures, using a diffusion 
model. The generated images showed distributions highly 
consistent with the original structures when evaluated 
using indicators, such as the two-point correlation 
function, lineal-path function, and Fourier descriptor. 
Furthermore, conditional generation of 3D structures 
corresponding to target permeability ranges was also 
conducted, demonstrating the feasibility of performance-
driven inverse material design. As illustrated in Figure 10C, 
Bastek and Kochmann130 proposed a diffusion model-based 
generative framework to design metamaterial structures 
that satisfy target stress-strain responses with nonlinear 
mechanical behavior. They employed a pixel-based 2D 
microstructural representation as the design parameter, 
enabling the expression of nonlinear physical phenomena, 
such as buckling, internal contact, and plastic deformation. 
After training, the model was evaluated on previously 
unseen target responses, achieving a normalized root mean 
square error as low as 1.5%, thereby demonstrating its high 
accuracy and effectiveness for inverse design applications.

A diffusion-based model is also used by Huang et al.131 
for data amplification for non-destructive structural 
health monitoring of CFRP composite plates using Lamb 
wave damage signals. It is demonstrated that the diffusion 
model outperformed VAE and GAN methods in terms of 
the diversity and quality of the generated samples. With 
ongoing advancements in ML/DL, diffusion models are 
poised to play a crucial role in the future of composite 
material design and optimization.

Normalizing flows (NFs) are a type of generative 
model that consists of a chain of parameterized invertible 
mappings to obtain the likelihood of a new sample by 
transforming the input probability distribution into a 
well-defined probability distribution, such as the normal 
distribution. NFs perform sampling, reconstruction, 
and probability density estimation stably through their 
invertible structure, which leads to fewer unstable 
training issues compared to GANs and reduces blurry 
samples often seen in VAEs. Stochastic inverse design of 
microstructures for woven CMCs with tailored anisotropic 
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thermal conductivities was conducted through Bayesian 
inference, combining principal component analysis to 
reduce dimensionality, a VAE for data compression and to 
learn the prior distribution, and an NF model to generate 
new samples.132 The framework was able to identify a range 
of novel microstructures with a target property, rather than 
a single optimal sample, including samples beyond the 

original training set. NFs are also implemented by Mirzaee 
and Kamrava133 to generate microstructures of porous 
materials for a given target property from CNN-encoded 
3D images via stochastic inverse design. NF models enable 
the incorporation of the stochastic nature of composite 
materials, providing a more realistic approach to design 
and optimization.

Figure 10. Structures of diffusion models and normalizing flows, as well as research utilizing diffusion models in the field of composite materials. (A) Structure 
of diffusion models and NFs; (B) The training process of the conditional diffusion model and comparison between the generated microstructures and the 
original microstructures;128 (C) Metamaterial synthesis for four stress-strain responses.130
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3.4. Summary of generative models for composite 
materials

The applications of generative models in composite 
materials research are summarized in Table 2, along with 
the advantages and limitations of each type of ML method.

Although the use of generative models is appealing 
for discovering new designs and materials, limitations 
include the difficulty in manufacturing the optimized 
microstructures, considering the extremely stochastic 
nature of composite materials. The design process should 
be constrained by the manufacturability of the generated 
composite structure, and additive manufacturing and 
automated technologies could be used in combination 
with generative models to create more accurately tailored 
structures.

Moreover, while transformer-based generative models, 
such as GPT-like architectures, Image GPT, and vision 
transformer-based diffusion generators,134-136 have not 
yet been widely applied in composite materials research, 
their potential in the field is promising. The ability of 
transformer-based generative models to capture complex 
patterns and long-range dependencies makes them suitable 
for applications such as microstructure generation and 
cross-modal composite design. Future research exploring 
the adaptation of these foundation models could open new 
directions for AI-driven composite materials research and 
further enhance the generative design workflow.

4. Automation models for composite 
materials
Automation models refer to AI technologies that not only 
analyze data in real time and make automated decisions but 

also actively control, execute, and optimize manufacturing 
processes. Unlike predictive or generative models that 
primarily focus on producing outputs from given inputs or 
generating new data, automation models are characterized 
by their ability to autonomously manage dynamic 
workflows through continuous feedback, control strategies, 
and real-time optimization. This includes decision-making 
tasks, such as defect detection, process monitoring, and 
quality control, as well as direct process control, adaptive 
manufacturing scheduling, robotic motion planning, 
and real-time process optimization. These models are 
particularly used in automated manufacturing processes, 
robotic control systems, and autonomous driving, playing 
a critical role in improving both efficiency and quality.138-140

Composite materials are manufactured through 
complex processes that often demand significant time and 
cost. Moreover, manual production can lead to variations 
in material properties, making defect detection and quality 
control crucial to maintaining high standards. In addition, 
the ability to automatically adjust process parameters in 
real-time is crucial in accommodating the sensitivity of 
composites to environmental and operational conditions. 
Therefore, AI automation – encompassing both decision 
logic and process execution – is emerging as a key technology 
for enhancing efficiency, consistency, and quality in the 
production of composite materials. The manufacturing 
methods and applications utilizing automation models 
covered in this review are shown in Figure 11A.

4.1. Machine learning/deep learning-driven quality 
control

Defect detection and quality control are essential to 
maintain consistent quality and prevent significant 

Table 2. Applications, advantages, and limitations of generative models for composite materials

Machine 
learning method

Applications Advantages Limitations

Variational 
autoencoders

‑Composite layup generation and optimization117

‑Shape memory polymer property optimization115

‑Metamaterial design for impact mitigation116

‑�Generative and 
inference models

‑�Low quality of generated data, especially for 
high‑resolution data or complex patterns

Generative 
adversarial 
networks

‑Microstructure generation for fiber composites123

‑�Engineered cementitious composites: multi‑objective 
material optimization124

‑Topology optimization for periodic structures125

‑Defect detection in composites126

‑�High resolution 
results

‑�Effectiveness 
for complex 
multi‑modal 
distributions

‑�Potential occurrence of mode collapse, 
resulting in repetitive pattern generations

Diffusion models ‑Microstructure generation128

‑Data amplification131
‑�High quality and 
diversity of generated 
samples

‑�High Computational demands and need for 
large training datasets

Normalizing flows ‑Microstructure generation with targeted property133,137 ‑�Likelihood 
estimation for a 
given sample

‑�Complex training processes, sensitivity to 
model architecture, and scalability challenges
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deviations in the properties of composite materials. In 
particular, the performance of composite materials can 
be highly sensitive to external environments or specific 
conditions, making it crucial to analyze and manage these 
factors precisely. Therefore, the automation of composite 
material analysis using automation models for quality 
control is becoming increasingly important.141-145

In quality control applications, CNN-based DL 
models are extensively employed due to their optimized 
characteristics for processing image and spatial data 
through the convolution and pooling of nonlinear high-
dimensional feature representations. Machado et al.143 used 

CNNs to develop an automatic system for void content 
assessment in composite laminates. Voids were detected 
with high accuracy, and the approach delivered significant 
improvements over traditional optical microscopy 
methods by offering faster and more reliable results, even 
in challenging lighting conditions or with small void sizes. 
Furthermore, Tang et al.141 applied a CNN-based DL 
model to the automated fiber placement (AFP) process, 
successfully detecting lay-up defects, such as bridging, 
wrinkles, and puckers, using 3D scanning data. The model 
demonstrated high accuracy, particularly for defects with 
significant height differences compared to the normal 

Figure 11. Manufacturing methods and applications utilizing automation models, and research utilizing automation models in the field of composites. 
(A) Manufacturing methods and applications utilizing automation models; (B) Defect detection results using automation models in the automated fiber 
placement process.141 Reprinted with permission from Tang et al.141 Copyright © 2024 John Wiley and Sons; (C) Study on predicting mold filling patterns 
in the resin transfer molding process.142

Abbreviations: RNN: Recurrent neural network; LSTM: Long short-term memory.
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region, as shown in Figure 11B. However, challenges remain 
in detecting more subtle defects, such as loose tows and 
twists, where boundary detection becomes more difficult 
due to minimal height variations or uneven distribution 
of defects. One of the reasons for this limitation is that 
CNNs focus on learning local regions, making it difficult 
to capture global relationships. To address this limitation, 
many studies have explored the use of other DL models.

For instance, Liu et al.144 integrated a transformer-based 
neural network with a CNN for automatic delamination 
detection in composite curved structures. This 
transformer-based model can learn correlations among 
elements within the entire image through a self-attention 
mechanism, enabling the detection of defects with high 
accuracy by considering patterns and morphological 
information. Moreover, by utilizing enhanced terahertz 
time-domain spectroscopy signals for non-destructive 
testing and imaging of hidden delamination defects, 
the transformer-based approach demonstrated superior 
accuracy and generalization performance compared to 
traditional models, highlighting its potential for real-
time defect detection in complex composite structures. 
This method could be particularly beneficial in industries 
such as aerospace, where structural integrity is critical. In 
addition, the potential for ML/DL-driven automation in 
the quality control of the RTM process was demonstrated 
by Wang et al.142 The PixelRNN model, an image-based 
neural network architecture, was used to predict mold 
filling patterns with high accuracy given the resin 
injection location, as shown in Figure 11C. This model was 
particularly effective in handling nonlinear filling patterns 
and significantly reduced computational costs compared 
to traditional physics-based simulations. This highlights 
the increasing role of ML/DL in process monitoring and 
automatic detection of dry spots in resin impregnation 
processes.

In addition, as described in Sections 3.2 and 3.3, 
generative models, such as GANs,126 VAEs,118 and diffusion 
models,131 were also used to detect and classify defects 
in composite materials. In contrast to the methods of 
defect detection, which require data from both normal 
and defective samples, Szarski and Chauhan146 developed 
a model based on NFs to obtain the image likelihood of 
a new sample using the knowledge learned from input 
images of only normal samples. Considering the rarity 
and variety of defects, collecting training data is expensive 
and time-consuming, and supervised learning proves to be 
difficult. Instead of detecting the presence of defects, the 
model determines whether the sample is different from a 
set of normal samples, without requiring any data from 
defective samples. Furthermore, Zhang et al.118 focused 

on the use of a VAE combined with Bayesian neural 
networks (BNN) to quantify damage in composite plates. 
This semi-supervised learning model helps with structural 
health monitoring by effectively handling the uncertainty 
and measurement errors prevalent in damage detection. 
The VAE-BNN model achieved high accuracy for several 
damage types, such as cracks and delamination, offering 
improved robustness against noise compared to traditional 
methods.

These studies exemplify the growing impact of 
automation models in improving quality control in 
composite material manufacturing. The presence of 
defects, such as voids or wrinkles, can significantly 
compromise the mechanical properties of composite parts. 
By automating defect detection and enhancing defect 
characterization, ML/DL technologies are transforming 
the production of composite materials, ensuring better 
quality, reducing production times, and achieving cost 
savings in the long run. Moreover, the integration of 
ML/DL allows for continuous monitoring and real-time 
adjustments to further enhance the precision and efficiency 
of the production process.

4.2. Machine learning/deep learning-driven process 
automation

The production of composite materials has traditionally 
relied on the expertise of skilled professionals. While the 
work of these skilled experts remains an effective method 
for producing composite materials, the manufacturing 
process is highly dependent on external environments 
and conditions and susceptible to human error, requiring 
advanced technical skills and labor-intensive efforts. In 
addition, some processes may generate harmful chemicals 
that might have negative impacts on the health of workers.

Due to these limitations, there has been an 
increasing interest in automation in composite material 
manufacturing. However, simple mechanical automation 
is insufficient considering the complex shapes and variable 
manufacturing conditions associated with composite 
materials. In other words, advanced AI-based automation 
technology with the flexibility to adapt to diverse shapes 
and complex conditions is essential for composite material 
manufacturing.

These innovations are particularly important in 
manufacturing processes, such as AFP, RTM, and composite 
curing, where high precision and efficiency are critical.127-129 
A hybrid framework combining spatial-temporal analysis, 
thermography, and ML algorithms was recently developed 
for process monitoring and defect detection in AFP.147 In 
this framework, an extensive thermal image database was 
used to train the model, achieving an impressive accuracy 
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in defect detection. The approach demonstrates a good 
balance between real-time performance and accuracy, 
optimizing the AFP part quality and enhancing the 
overall process efficiency. In addition, the integration of 
decision support systems in AFP would be beneficial, as 
these systems assist in defect detection, segmentation, and 
precision assessment, further streamlining the process.

In terms of process optimization, a theory-guided 
probabilistic ML (TGML) approach has been proposed 
for minimizing process-induced deformations (PIDs) in 
composite materials.148 This method provides a reliable 
prediction model for optimizing key process parameters, 
such as layup design and curing cycles, using minimal 
experimental data. By utilizing TGML, the study identified 
an optimal layup configuration and curing cycle, achieving 
significant reductions in PIDs and production costs. The 
study demonstrates how ML can be applied to optimize 
complex manufacturing processes without the need for 
extensive experimental trials.

In the domain of composite curing, deep reinforcement 
learning has been employed to optimize temperature 
profiles and tooling during the curing process.76,127,130 
Würth et al.91 demonstrated the application of PINNs 
for cost optimization of the thermochemical curing 
process of a composite plate. The use of PINNs resulted 
in speed improvements by over 500 times compared with 
conventional finite element simulations, demonstrating 
their potential to significantly reduce simulation times 
and enhance process efficiency. Similarly, Humfeld et al.149 
optimized the air temperature profile for composite curing 
subject to process constraints, such as cure duration 
and maximum part and air temperatures, using a PINN 
framework. Their multiple neural network framework 
consisted of four neural networks, each representing a 
different process variable, and a series of transfer learning 
stages with increasing complexity to ensure training 
convergence. Through reinforcement learning-based 
process control, Szarski and Chauhan146 improved the air 

temperature profile for CFRP curing, resulting in a 40% 
reduction in curing time compared to traditional methods. 
Furthermore, the study employed Bayesian optimization 
to adjust the mold thickness based on the geometry of the 
CFRP part, improving heat transfer and preventing local 
overheating. This approach demonstrates the potential of 
reinforcement learning as autonomous AI optimizes both 
process time and energy consumption, thereby significantly 
enhancing the efficiency of the composite curing process.

4.3. Summary of automation models for composite 
materials

These advancements highlight the growing role of AI in 
automating and optimizing the composite manufacturing 
process. To date, only a limited number of studies have 
applied autonomous AI in composite materials research. 
With continuous improvements in process monitoring, 
modeling, and optimization, ML/DL-driven approaches 
are paving the way for more efficient, reliable, and cost-
effective production of composite materials. Table  3 
provides a summary of the applications of automation 
models in the field of composite materials, with the 
advantages and limitations.

5. Conclusion and future perspectives
In this paper, the innovative potential of AI in the design, 
manufacturing, and analysis of composite materials is 
investigated through a systematic study of predictive, 
generative, and automation models.

Predictive models have shown exceptional performance 
in predicting the physical properties of composite 
materials, microstructure analysis, and design parameter 
estimation, utilizing techniques including DNNs, CNNs, 
transfer learning, and PINNs. Generative models play 
a crucial role in the design and optimization of new 
materials, microstructure design, and the discovery of 
novel materials, offering innovative solutions in the field 
of composite materials based on various techniques, 

Table 3. Applications, advantages, and limitations of automation models for composite materials

Applications Advantages Limitations

Void detection in laminates using CNN,143 defect detection in AFP 
using CNN,141 delamination characterization using transformer, 144 
RTM mold filling prediction using PixelRNN,142 and defect detection 
using GAN/diffusion/NF126,131,146

‑�High defect detection accuracy
‑�Automation of the detection process
‑�Improved production quality and 
reduced time/cost

‑�Difficulty in detecting subtle defects
‑�Challenges in data acquisition
‑�Requirement for integration with 
manufacturing processes

AFP process monitoring using ML and thermal imaging, 147 curing 
process optimization with TGML,148 curing profile optimization with 
reinforcement learning, 146 and composite curing optimization using 
multi‑stage PINN149

‑�Optimization of manufacturing 
efficiency and precision

‑�Reduction of human error
‑�Lower production costs

‑�Complexity of system integration
‑�Sensitivity to external environment 
variations

Abbreviations: AFP: Automated fiber placement; CNN: Convolutional neural network; GAN: Generative adversarial network; ML: Machine learning; 
NF: Normalizing flow; PINN: Physics‑informed neural network; RNN: Recurrent neural network; RTM: Resin transfer modeling; 
TGML: Theory‑guided probabilistic machine learning.
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such as VAEs and GANs. Automation models, which 
make automated decisions during the manufacturing 
process through real-time data analysis, prediction, and 
optimization, play a significant role in improving efficiency 
and quality, and are expected to make key contributions 
to enable widespread adoption and popularization of 
composite materials. Through various research examples, 
the paper confirms that ML provides a new paradigm for 
research in composite materials.

Despite these advancements, several critical challenges 
remain. Data scarcity continues to limit ML performance, 
highlighting the need for data-efficient approaches, 
such as transfer learning, few-shot learning, and the 
development of large-scale open datasets. Enhancing 
data accessibility and promoting widespread data-sharing 
within the research community will be highly beneficial 
for accelerating ML-driven advancements in composite 
materials research. Moreover, to maximize the practical 
utilization of ML, combining and applying multiple 
ML methodologies appropriately becomes increasingly 
important. Generalization issues, particularly the difficulty 
of applying trained models to new materials or conditions, 
can be addressed by embedding physics-based knowledge 
into ML frameworks through hybrid modeling and domain 
adaptation techniques. In addition, rather than relying on 
blind data accumulation, more efficient learning through 
intentional human-driven data curation is expected to 
enhance ML performance. Challenges regarding training 
instability and lack of interpretability require further 
research on regularization and the adoption of XAI 
approaches. Furthermore, the real-world deployment 
of AI models faces significant challenges related to 
robustness, latency, and safety. These challenges can be 
mitigated through advances in edge computing, digital 
twin frameworks, real-time AI inference technologies, 
and specialized ML hardware, such as neural processing 
units. Finally, integrating emerging technologies, such as 
quantum computing, may further enhance the scalability, 
reliability, and industrial adoption of AI-driven solutions 
in the research and manufacturing of composite materials.

Acknowledgments
None.

Funding
This research was supported by the Nano & Material 
Technology Development Program through the National 
Research Foundation of Korea (NRF), funded by the 
Ministry of Science and ICT (No. RS-2024-00450477). 
This work was supported by the National R&D Program 
through the National Research Foundation of Korea 

(NRF), funded by the Ministry of Science and ICT (RS-
2023-00260461).

Conflict of interest
Seong Su Kim is an Editorial Board Member of this 
journal but was not in any way involved in the editorial 
and peer-review process conducted for this paper, directly 
or indirectly. Separately, other authors declared that they 
have no known competing financial interests or personal 
relationships that could have influenced the work reported 
in this paper.

Author contributions
Conceptualization: Hyunsoo Hong, Samuel Kim
Visualization: Samuel Kim
Writing – original draft: Hyunsoo Hong
Writing – review & editing: All authors

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Availability of data
No datasets were generated or analyzed during the current 
study.

References
1.	 Silver D, Schrittwieser J, Simonyan K, et al. Mastering 

the game of go without human knowledge. Nature. 
2017;550(7676):354-359.

	 doi: 10.1038/nature24270

2.	 Silver D, Huang A, Maddison CJ, et al. Mastering the game 
of Go with deep neural networks and tree search. Nature. 
2016;529(7587):484-489.

	 doi: 10.1038/nature16961

3.	 Brown T, Mann B, Ryder N, et al. Language models are few-
shot learners. Adv Neural Inf Process Syst. 2020;33:1877-1901.

4.	 Bai Y, Kadavath S, Kundu S, et al. Constitutional AI: 
Harmlessness From AI Feedback. [arXiv Preprint]; 2022.

5.	 Grigorescu S, Trasnea B, Cocias T, Macesanu G. A survey 
of deep learning techniques for autonomous driving. J Field 
Robot. 2020;37(3):362-386.

	 doi: 10.1002/rob.21918

6.	 Holzinger A, Keiblinger K, Holub P, Zatloukal K, Müller H. 
AI for life: Trends in artificial intelligence for biotechnology. 
N Biotechnol. 2023;74:16-24.

	 doi: 10.1016/j.nbt.2023.02.001

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1038/nature24270
http://dx.doi.org/10.1038/nature16961
http://dx.doi.org/10.1002/rob.21918
http://dx.doi.org/10.1016/j.nbt.2023.02.001


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 24� doi: 10.36922/IJAMD025210016

7.	 Soori M, Arezoo B, Dastres R. Artificial intelligence, 
machine learning and deep learning in advanced robotics, a 
review. Cogn Robot. 2023;3:54-70.

	 doi: 10.1016/j.cogr.2023.04.001

8.	 Brunton SL, Nathan Kutz J, Manohar K, et al. Data-driven 
aerospace engineering: Reframing the industry with 
machine learning. Aiaa J. 2021;59(8):2820-2847.

	 doi: 10.2514/1.J060131

9.	 Lingitz L, Gallina V, Ansari F, et al. Lead time prediction using 
machine learning algorithms: A case study by a semiconductor 
manufacturer. Procedia CIRP. 2018;72:1051-1056.

	 doi: 10.1016/j.procir.2018.03.148

10.	 Hong H, Kim S, Kim W, Kim W, Jeong JM, Kim SS. 
Design optimization of 3D printed kirigami-inspired 
composite metamaterials for quasi-zero stiffness using 
deep reinforcement learning integrated with bayesian 
optimization. Compos Struct. 2025;359:119031.

	 doi: 10.1016/j.compstruct.2025.119031

11.	 Hong H, Kim W, Kim W, Jeong JM, Kim S, Kim SS. 
Machine learning-driven design optimization of buckling-
induced quasi-zero stiffness metastructures for low-
frequency vibration isolation. ACS Appl Mater Interfaces. 
2024;16(14):17965-17972.

	 doi: 10.1021/acsami.3c18793

12.	 Hong H, Jeong KI, On SY, Kim W, Kim SS. Structural 
optimization of an arch-structured epoxy/rubber composite 
vibration isolator using deep Q-value neural network 
reinforcement learning. Compos Struct. 2023;323:117506.

	 doi: 10.1016/j.compstruct.2023.117506

13.	 Barile C, Casavola C, De Cillis F. Mechanical comparison of 
new composite materials for aerospace applications. Compos 
Part B Eng. 2019;162:122-128.

	 doi: 10.1016/j.compositesb.2018.10.101

14.	 Lee J, Lee D, Park J, Choi I, Lim JW, Kim S. Carbon/epoxy 
composite foot structure for biped robots. Compos Struct. 
2016;140:344-350.

	 doi: 10.1016/j.compstruct.2016.01.022

15.	 Bank LC. Composites for Construction: Structural Design 
with FRP Materials. United States: John Wiley and Sons; 
2006.

16.	 Sarfraz MS, Hong H, Kim SS. Recent developments in the 
manufacturing technologies of composite components and 
their cost-effectiveness in the automotive industry: A review 
study. Compos Struct. 2021;266:113864.

	 doi: 10.1016/j.compstruct.2021.113864

17.	 Mrazova M. Advanced composite materials of the future in 
aerospace industry. Incas Bull. 2013;5(3):139-50.

18.	 Galos J, Pattarakunnan K, Best AS, Kyratzis IL, Wang CH, 

Mouritz AP. Energy storage structural composites with 
integrated lithium‐ion batteries: A  review. Adv Mater 
Technol. 2021;6(8):2001059.

	 doi: 10.1002/admt.202001059

19.	 Resor BR. Definition of a 5MW/61.5  m Wind Turbine Blade 
Reference Model. California: Sandia National Laboratories; 2013.

20.	 Moein MM, Saradar A, Rahmati K, et al. Predictive models 
for concrete properties using machine learning and deep 
learning approaches: A review. J Build Eng. 2023;63:105444.

	 doi: 10.1016/j.jobe.2022.105444

21.	 Dijkstra M, Luijten E. From predictive modelling to machine 
learning and reverse engineering of colloidal self-assembly. 
Nat Mater. 2021;20(6):762-773.

	 doi: 10.1038/s41563-021-01014-2

22.	 Sengar SS, Hasan AB, Kumar S, Carroll F. Generative 
artificial intelligence: A systematic review and applications. 
Multimed Tools Appl. 2024;84:1-40.

	 doi: 10.1007/s11042-024-20016-1

23.	 Sarker IH. AI-based modeling: Techniques, applications and 
research issues towards automation, intelligent and smart 
systems. SN Comput Sci. 2022;3(2):158.

	 doi: 10.1007/s42979-022-01043-x

24.	 Agatonovic-Kustrin S, Beresford R. Basic concepts 
of artificial neural network (ANN) modeling and its 
application in pharmaceutical research. J  Pharm Biomed 
Anal. 2000;22(5):717-727.

	 doi: 10.1016/S0731-7085(99)00272-1

25.	 Abiodun OI, Jantan A, Omolara AE, Dada KV, 
Mohamed NA, Arshad H. State-of-the-art in artificial neural 
network applications: A survey. Heliyon. 2018;4(11):e00938.

	 doi: 10.1016/j.heliyon.2018.e00938

26.	 Sze V, Chen YH, Yang TJ, Emer JS. Efficient processing of 
deep neural networks: A tutorial and survey. Proceed IEEE. 
2017;105(12):2295-2329.

	 doi: 10.1109/JPROC.2017.2761740

27.	 Samek W, Montavon G, Lapuschkin S, Anders CJ, Müller KR. 
Explaining deep neural networks and beyond: A  review of 
methods and applications. Proceed IEEE. 2021;109(3):247-278.

	 doi: 10.1109/JPROC.2021.3060483

28.	 Larochelle H, Bengio Y, Louradour J, Lamblin P. Exploring 
strategies for training deep neural networks. J Mach Learn 
Res. 2009;10(1):1-40.

29.	 Hong H, Sarfraz MS, Jeong M, et al. Prediction of ground 
reaction forces using the artificial neural network from 
capacitive self-sensing values of composite ankle springs for 
exo-robots. Compos Struct. 2022;301:116233.

	 doi: 10.1016/j.compstruct.2022.116233

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1016/j.cogr.2023.04.001
http://dx.doi.org/10.2514/1.J060131
http://dx.doi.org/10.1016/j.procir.2018.03.148
http://dx.doi.org/10.1016/j.compstruct.2025.119031
http://dx.doi.org/10.1021/acsami.3c18793
http://dx.doi.org/10.1016/j.compstruct.2023.117506
http://dx.doi.org/10.1016/j.compositesb.2018.10.101
http://dx.doi.org/10.1016/j.compstruct.2016.01.022
http://dx.doi.org/10.1016/j.compstruct.2021.113864
http://dx.doi.org/10.1002/admt.202001059
http://dx.doi.org/10.1016/j.jobe.2022.105444
http://dx.doi.org/10.1038/s41563-021-01014-2
http://dx.doi.org/10.1007/s11042-024-20016-1
http://dx.doi.org/10.1007/s42979-022-01043-x
http://dx.doi.org/10.1016/S0731-7085(99)00272-1
http://dx.doi.org/10.1016/j.heliyon.2018.e00938
http://dx.doi.org/10.1109/JPROC.2017.2761740
http://dx.doi.org/10.1109/JPROC.2021.3060483
http://dx.doi.org/10.1016/j.compstruct.2022.116233


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 25� doi: 10.36922/IJAMD025210016

30.	 Wang W, Wang H, Zhou J, Fan H, Liu X. Machine 
learning prediction of mechanical properties of braided-
textile reinforced tubular structures. Mater Design. 
2021;212:110181.

	 doi: 10.1016/j.matdes.2021.110181

31.	 Ding X, Gu Z, Hou X, Xia M, Ismail Y, Ye J. Effects of defects 
on the transverse mechanical response of unidirectional 
fibre-reinforced polymers: DEM simulation and deep 
learning prediction. Compos Struct. 2023;321:117301.

	 doi: 10.1016/j.compstruct.2023.117301

32.	 Hong H, Kim W, Kim S, Lee K, Kim SS. Deep transfer 
learning for efficient and accurate prediction of composite 
pressure vessel behaviors. Compos Part  A Appl Sci Manuf. 
2024;186:108413.

	 doi: 10.1016/j.compositesa.2024.108413

33.	 Zhang Z, Zhou H, Ma J, et al. Space deployable bistable 
composite structures with C-cross section based on machine 
learning and multi-objective optimization. Compos Struct. 
2022;297:115983.

	 doi: 10.1016/j.compstruct.2022.115983

34.	 Tao F, Liu X, Du H, Yu W. Learning composite constitutive 
laws via coupling Abaqus and deep neural network. Compos 
Struct. 2021;272:114137.

	 doi: 10.1016/j.compstruct.2021.114137

35.	 Schmidt T, Natarajan DK, Duhovic M, Cassola S, Nuske M, 
May D. Numerical data generation for building machine 
learning models for permeability estimation of fibrous 
structures. Polym Compos. 2025:1-17. 

	 doi: 10.1002/pc.29768

36.	 Tan C, Sun F, Kong T, Zhang W, Yang C, Liu C. A Survey on 
Deep Transfer Learning. Berlin: Springer; 2018. p. 270-279.

37.	 Long M, Zhu H, Wang J, Jordan MI. Deep Transfer Learning 
with Joint Adaptation Networks. In: Proceedings of Machine 
Learning Research; 2017. p. 2208-2217.

38.	 Zhuang F, Qi Z, Duan K, et al. A comprehensive survey on 
transfer learning. Proceed IEEE. 2020;109(1):43-76.

	 doi: 10.1109/JPROC.2019.2955636

39.	 O’shea K, Nash R. An Introduction to Convolutional Neural 
Networks. [arXiv Preprint]; 2015.

	 doi: 10.48550/arXiv.1511.08458

40.	 Yamashita R, Nishio M, Do RKG, Togashi K. Convolutional 
neural networks: An overview and application in radiology. 
Insights Imaging. 2018;9:611-629.

	 doi: 10.1007/s13244-018-0639-9

41.	 Gu J, Wang Z, Kuen J, et al. Recent advances in convolutional 
neural networks. Pattern Recognit. 2018;77:354-377.

	 doi: 10.1016/j.patcog.2017.10.013

42.	 Rawat W, Wang Z. Deep convolutional neural networks 
for image classification: A  comprehensive review. Neural 
Comput. 2017;29(9):2352-2449.

	 doi: 10.1162/NECO_a_00990

43.	 Dhillon A, Verma GK. Convolutional neural network: 
A  review of models, methodologies and applications to 
object detection. Prog Artif Intell. 2020;9(2):85-112.

	 doi: 10.1007/s13748-019-00190-9

44.	 Lawrence S, Giles CL, Tsoi AC, Back AD. Face recognition: 
A  convolutional neural-network approach. IEEE Trans 
Neural Netw. 1997;8(1):98-113.

	 doi: 10.1109/72.554195

45.	 Hong H, Kim W, Lee K, Kim SS. Prediction of stacking 
angles of fiber-reinforced composite materials using deep 
learning based on convolutional neural networks. Compos 
Res. 2023;36(1):48-52.

46.	 Caglar B, Broggi G, Ali MA, Orgéas L, Michaud V. Deep 
learning accelerated prediction of the permeability of 
fibrous microstructures. Compos Part  A Appl Sci Manuf. 
2022;158:106973.

	 doi: 10.1016/j.compositesa.2022.106973

47.	 Kojima Y, Hirayama K, Endo K, Harada Y, Muramatsu M. 
Transfer-learning-aided defect prediction in simply shaped 
CFRP specimens based on stress distribution obtained from 
finite element analysis and infrared stress measurement. 
Compos Part B Eng. 2025;291:111958.

	 doi: 10.1016/j.compositesb.2024.111958

48.	 Guild F, Summerscales J. Microstructural image analysis 
applied to fibre composite materials: A review. Composites. 
1993;24(5):383-393.

	 doi: 10.1016/0010-4361(93)90246-5

49.	 D’orazio T, Leo M, Distante A, Guaragnella C, Pianese V, 
Cavaccini G. Automatic ultrasonic inspection for internal 
defect detection in composite materials. NDT E Int. 
2008;41(2):145-154.

	 doi: 10.1016/j.ndteint.2007.08.001

50.	 Bhaduri A, Gupta A, Graham-Brady L. Stress field prediction 
in fiber-reinforced composite materials using a deep learning 
approach. Compos Part B Eng. 2022;238:109879.

	 doi: 10.1016/j.compositesb.2022.109879

51.	 Kim DW, Lim JH, Lee S. Prediction and validation of the 
transverse mechanical behavior of unidirectional composites 
considering interfacial debonding through convolutional 
neural networks. Compos Part B Eng. 2021;225:109314.

	 doi: 10.1016/j.compstruct.2020.109314

52.	 Abueidda DW, Almasri M, Ammourah R, Ravaioli U, 
Jasiuk  IM, Sobh NA. Prediction and optimization of 
mechanical properties of composites using convolutional 

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1016/j.matdes.2021.110181
http://dx.doi.org/10.1016/j.compstruct.2023.117301
http://dx.doi.org/10.1016/j.compositesa.2024.108413
http://dx.doi.org/10.1016/j.compstruct.2022.115983
http://dx.doi.org/10.1016/j.compstruct.2021.114137
http://dx.doi.org/10.1109/JPROC.2019.2955636
http://dx.doi.org/10.48550/arXiv.1511.08458
http://dx.doi.org/10.1007/s13244-018-0639-9
http://dx.doi.org/10.1016/j.patcog.2017.10.013
http://dx.doi.org/10.1162/NECO_a_00990
http://dx.doi.org/10.1007/s13748-019-00190-9
http://dx.doi.org/10.1109/72.554195
http://dx.doi.org/10.1016/j.compositesa.2022.106973
http://dx.doi.org/10.1016/j.compositesb.2024.111958
http://dx.doi.org/10.1016/0010-4361(93)90246-5
http://dx.doi.org/10.1016/j.ndteint.2007.08.001
http://dx.doi.org/10.1016/j.compositesb.2022.109879
http://dx.doi.org/10.1016/j.compstruct.2020.109314


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 26� doi: 10.36922/IJAMD025210016

neural networks. Compos Struct. 2019;227:111264.

	 doi: 10.1016/j.compstruct.2019.111264

53.	 Shorten C, Khoshgoftaar TM. A  survey on image data 
augmentation for deep learning. J Big Data. 2019;6(1):60.

	 doi: 10.1186/s40537-019-0197-0

54.	 Mikołajczyk A, Grochowski M. Data Augmentation for 
Improving Deep Learning in Image Classification Problem. 
New York: IEEE; 2018. p. 117-122.

55.	 Shim YB, Lee IY, Park YB. Predicting the material 
behavior of recycled composites: Experimental analysis 
and deep learning hybrid approach. Compos Sci Technol. 
2024;249:110464.

	 doi: 10.1016/j.compscitech.2024.110464

56.	 Zhu X, Liu Y, Li J, Wan T, Qin Z. Emotion Classification with 
Data Augmentation using Generative Adversarial Networks. 
Berlin: Springer; 2018. p. 349-360.

57.	 Lata K, Dave M, Nishanth KN. Data Augmentation 
using Generative Adversarial Network. In: Proceedings of 
2nd  International Conference on Advanced Computing and 
Software Engineering (ICACSE); 2019.

58.	 Shao S, Wang P, Yan R. Generative adversarial networks for 
data augmentation in machine fault diagnosis. Comput Ind. 
2019;106:85-93.

	 doi: 10.1016/j.compind.2019.01.001

59.	 Liu C, Xu X, Wu J, Zhu H, Wang C. Deep transfer learning-
based damage detection of composite structures by fusing 
monitoring data with physical mechanism. Eng Appl Artif 
Intell. 2023;123:106245.

	 doi: 10.1016/j.engappai.2023.106245

60.	 Xu Y, Weng H, Ju X, et al. A  method for predicting 
mechanical properties of composite microstructure with 
reduced dataset based on transfer learning. Compos Struct. 
2021;275:114444.

	 doi: 10.1016/j.compstruct.2021.114444

61.	 Yi J, Deng B, Peng F, et al. Study on the parameters 
optimization of 3D printing continuous carbon fiber-
reinforced composites based on CNN and NSGA-II. Compos 
Part A Appl Sci Manuf. 2025;190:108657.

	 doi: 10.1016/j.compositesa.2024.108657

62.	 Yu C, Zheng S, Zhao X. A  novel version of hierarchical 
genetic algorithm and its application for hyperparameters 
optimization in CNN models for structural delamination 
identification. J Braz Soc Mech Sci Eng. 2024;46(8):462.

	 doi: 10.21203/rs.3.rs-3620270/v1

63.	 DeMille KJ, Hall R, Leigh JR, Guven I, Spear AD. Materials 
design using genetic algorithms informed by convolutional 
neural networks: Application to carbon nanotube bundles. 
Compos Part B Eng. 2024;286:111751.

	 doi: 10.1016/j.compositesb.2024.111751

64.	 Liu C, Li X, Ge J, et al. A deep learning framework based 
on attention mechanism for predicting the mechanical 
properties and failure mode of embedded wrinkle fiber-
reinforced composites. Compos Part  A Appl Sci Manuf. 
2024;186:108401.

	 doi: 10.1016/j.compositesa.2024.108401

65.	 Yousefi E, Shiri MB, Rezaei MA, Rezaei S, Band SS, 
Mosavi  A. A  novel long-term water absorption and 
thickness swelling deep learning forecast method for corn 
husk fiber-polypropylene composite. Case Stud Construct 
Mater. 2022;17:e01268.

	 doi: 10.1016/j.cscm.2022.e01268

66.	 Gao H, Zhai Y, Wang T. A  deep LSTM-based constitutive 
model for describing the impact characteristics of concrete-
granite composites with different roughness interfaces. Sci 
Rep. 2024;14(1):29129.

	 doi: 10.1038/s41598-024-80366-6

67.	 Cheung HL, Mirkhalaf M. A  multi-fidelity data-driven 
model for highly accurate and computationally efficient 
modeling of short fiber composites. Compos Sci Technol. 
2024;246:110359.

	 doi: 10.1016/j.compscitech.2023.110359

68.	 El Said B. Predicting the non-linear response of composite 
materials using deep recurrent convolutional neural 
networks. Int J Solids Struct. 2023;276:112334.

	 doi: 10.1016/j.ijsolstr.2023.112334

69.	 Maia M, Rocha IB, Kovačević D, Van der Meer F. Physically 
recurrent neural network for rate and path-dependent 
heterogeneous materials in a finite strain framework. Mech 
Mater. 2024;198:105145.

	 doi: 10.1016/j.mechmat.2024.105145

70.	 Chen Q, Jia R, Pang S. Deep long short-term memory 
neural network for accelerated elastoplastic analysis 
of heterogeneous materials: An integrated data-driven 
surrogate approach. Compos Struct. 2021;264:113688.

	 doi: 10.1016/j.compstruct.2021.113688

71.	 Borkowski L, Skinner T, Chattopadhyay A. Woven ceramic 
matrix composite surrogate model based on physics-
informed recurrent neural network. Compos Struct. 
2023;305:116455.

	 doi: 10.1016/j.compstruct.2022.116455

72.	 Arnold SM, Mital SK, Hearley BL. Stiffness and Fatigue Life 
Estimator for Polymer Composite Laminates Using Machine 
Learning. Ohio: Glenn Research Center; 2023.

73.	 Sun X, Yue L, Yu L, et al. Machine learning-evolutionary 
algorithm enabled design for 4D-printed active composite 
structures. Adv Funct Mater. 2022;32(10):2109805.

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1016/j.compstruct.2019.111264
http://dx.doi.org/10.1186/s40537-019-0197-0
http://dx.doi.org/10.1016/j.compscitech.2024.110464
http://dx.doi.org/10.1016/j.compind.2019.01.001
http://dx.doi.org/10.1016/j.engappai.2023.106245
http://dx.doi.org/10.1016/j.compstruct.2021.114444
http://dx.doi.org/10.1016/j.compositesa.2024.108657
http://dx.doi.org/10.21203/rs.3.rs-3620270/v1
http://dx.doi.org/10.1016/j.compositesb.2024.111751
http://dx.doi.org/10.1016/j.compositesa.2024.108401
http://dx.doi.org/10.1016/j.cscm.2022.e01268
http://dx.doi.org/10.1038/s41598-024-80366-6
http://dx.doi.org/10.1016/j.compscitech.2023.110359
http://dx.doi.org/10.1016/j.ijsolstr.2023.112334
http://dx.doi.org/10.1016/j.mechmat.2024.105145
http://dx.doi.org/10.1016/j.compstruct.2021.113688
http://dx.doi.org/10.1016/j.compstruct.2022.116455


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 27� doi: 10.36922/IJAMD025210016

	 doi: 10.1002/adfm.202109805

74.	 Friemann J, Dashtbozorg B, Fagerström M, Mirkhalaf   SM. 
A micromechanics‐based recurrent neural networks model for 
path‐dependent cyclic deformation of short fiber composites. 
Int J Numer Methods Eng. 2023;124(10):2292-2314.

	 doi: 10.1002/nme.7211

75.	 Qiu C, Gui Y, Ma J, Song H, Yang J. Machine learning-based 
determination of Mode II translaminar fracture toughness 
of composite laminates from simple V-notched shear tests. 
Compos Part A Appl Sci Manuf. 2024;184:108233.

	 doi: 10.1016/j.compositesa.2024.108233

76.	 Parida SP, Sahoo S, Jena PC. Prediction of multiple 
transverse cracks in a composite beam using hybrid RNN-
mPSO technique. Proc Inst Mech Engi Part C J Mech Eng Sci. 
2024;238(16):7977-7986.

	 doi: 10.1177/09544062241239415

77.	 Zhang F, Wang L, Ye W, Li Y, Yang F. Ultrasonic lamination 
defects detection of carbon fiber composite plates based on 
multilevel LSTM. Compos Struct. 2024;327:117714.

78.	 Kadri K, Kallel A, Guerard G, et al. Prediction of ductile 
damage in composite material used in type  IV hydrogen 
tanks by artificial neural network and machine learning 
with finite element modeling approach. Energy Technol. 
2025;13(1):2401045.

	 doi: 10.1002/ente.202401045

79.	 Ghane E, Fagerström M, Mirkhalaf M. Recurrent Neural 
Networks and Transfer Learning for Elasto-Plasticity in 
Woven Composites. [arXiv Preprint]; 2023.

80.	 Jian Y, Hu P, Zhou Q, et al. A  novel bidirectional LSTM 
network model for very high cycle random fatigue 
performance of CFRP composite thin plates. Int J Fatigue. 
2025;190:108627.

	 doi: 10.1016/j.ijfatigue.2024.108627

81.	 Ghane E, Fagerström M, Mirkhalaf M. Multi-fidelity data 
fusion for inelastic woven composites: Combining recurrent 
neural networks with transfer learning. Compos Sci Technol. 
2025;267:111163.

	 doi: 10.1016/j.compscitech.2025.111163

82.	 Bahmanpour M, Kalhori H, Li B. A  data-driven hybrid 
recurrent neural network and model-based framework for 
accurate impact force estimation. Mech Syst Signal Process. 
2025;229:112503.

	 doi: 10.1016/j.ymssp.2025.112503

83.	 Shang T, Ge J, Yang J, Li M, Liang J. Spatiotemporal prediction 
of surface roughness evolution of C/C composites based on 
recurrent neural network. Compos Part A Appl Sci Manuf. 
2024;186:108429.

	 doi: 10.1016/j.compositesa.2024.108429

84.	 Truong VH, Le QH, Lee J, Han JW, Tessler A, Nguyen SN. 
An efficient neural network approach for laminated 
composite plates using refined zigzag theory. Compos Struct. 
2024;348:118476.

	 doi: 10.1016/j.compstruct.2024.118476

85.	 Du J, Zeng J, Wang H, Ding H, Wang H, Bi Y. Using acoustic 
emission technique for structural health monitoring of 
laminate composite: A novel CNN-LSTM framework. Eng 
Fract Mech. 2024;309:110447.

	 doi: 10.1016/j.engfracmech.2024.110447

86.	 Kovács N, Maia M, Rocha IB, Furtado C, Camanho PP, Van 
der Meer FP. Physically Recurrent Neural Networks for 
computational homogenization of composite materials with 
microscale debonding. Eur J Mech A Solids. 2025;112:105668.

	 doi: 10.48550/arXiv.2410.13774

87.	 Cuomo S, Di Cola VS, Giampaolo F, Rozza G, Raissi M, 
Piccialli F. Scientific machine learning through physics-
informed neural networks: Where we are and what’s next. 
J Sci Comput. 2022;92(3):88.

88.	 Raissi M, Perdikaris P, Karniadakis GE. Physics-informed 
neural networks: A  deep learning framework for solving 
forward and inverse problems involving nonlinear partial 
differential equations. J Comput Phys. 2019;378:686-707.

	 doi: 10.1016/j.jcp.2018.10.045

89.	 Lee J, Duhovic M, May D, Allen T, Kelly P. Physics-
informed neural networks for real-time simulation of 
transverse liquid composite moulding processes and 
permeability measurements. Compos Part A Appl Sci Manuf. 
2025;193:108857.

	 doi: 10.1016/j.compositesa.2025.108857

90.	 Kalimullah NM, Shelke A, Habib A. A  probabilistic 
framework for source localization in anisotropic composite 
using transfer learning based multi-fidelity physics informed 
neural network (mfPINN). Mech Syst Signal Process. 
2023;197:110360.

	 doi: 10.1016/j.ymssp.2023.110360

91.	 Würth T, Krauß C, Zimmerling C, Kärger L. Physics-
informed neural networks for data-free surrogate modelling 
and engineering optimization-an example from composite 
manufacturing. Mater Design. 2023;231:112034.

	 doi: 10.1016/j.matdes.2023.112034

92.	 Wang X, Kan Q, Petru M, Kang G. Study on the composition-
property relationships of basalt fibers based on symbolic 
regression and physics-informed neural network. Compos 
Part A Appl Sci Manuf. 2024;185:108324.

	 doi: 10.1016/j.compositesa.2024.108324

93.	 Meng Q, Li Y, Liu X, Chen G, Hao X. A  novel physics-
informed neural operator for thermochemical curing 
analysis of carbon-fibre-reinforced thermosetting 

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1002/adfm.202109805
http://dx.doi.org/10.1002/nme.7211
http://dx.doi.org/10.1016/j.compositesa.2024.108233
http://dx.doi.org/10.1177/09544062241239415
http://dx.doi.org/10.1002/ente.202401045
http://dx.doi.org/10.1016/j.ijfatigue.2024.108627
http://dx.doi.org/10.1016/j.compscitech.2025.111163
http://dx.doi.org/10.1016/j.ymssp.2025.112503
http://dx.doi.org/10.1016/j.compositesa.2024.108429
http://dx.doi.org/10.1016/j.compstruct.2024.118476
http://dx.doi.org/10.1016/j.engfracmech.2024.110447
http://dx.doi.org/10.48550/arXiv.2410.13774
http://dx.doi.org/10.1016/j.jcp.2018.10.045
http://dx.doi.org/10.1016/j.compositesa.2025.108857
http://dx.doi.org/10.1016/j.ymssp.2023.110360
http://dx.doi.org/10.1016/j.matdes.2023.112034
http://dx.doi.org/10.1016/j.compositesa.2024.108324


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 28� doi: 10.36922/IJAMD025210016

composites. Compos Struct. 2023;321:117197.

	 doi: 10.1016/j.compstruct.2023.117197

94.	 Niaki SA, Haghighat E, Campbell T, Poursartip A, Vaziri R. 
Physics-informed neural network for modelling the 
thermochemical curing process of composite-tool systems 
during manufacture. Comput Methods Appl Mech Eng. 
2021;384:113959.

95.	 Yuan L, Li J, Wang B, et al. Temperature dynamics and 
mechanical properties analysis of carbon fiber epoxy 
composites radiated by nuclear explosion simulated light 
source. Sci Rep. 2025;15(1):1799.

	 doi: 10.1038/s41598-025-85959-3

96.	 Wang S, Sankaran S, Wang H, Perdikaris P. An Expert’s 
Guide to Training Physics-Informed Neural Networks. [arXiv 
Preprint]; 2023.

97.	 Fang Z. A  high-efficient hybrid physics-informed neural 
networks based on convolutional neural network. IEEE 
Trans Neural Netw Learn Syst. 2021;33(10):5514-5526.

	 doi: 10.1109/TNNLS.2021.3070878

98.	 Nascimento RG, Corbetta M, Kulkarni CS, Viana FA. Hybrid 
physics-informed neural networks for lithium-ion battery 
modeling and prognosis. J Power Sources. 2021;513:230526.

99.	 Hanna JM, Aguado JV, Comas-Cardona S, Le Guennec Y, 
Borzacchiello D. A  Self-Supervised Learning Framework 
Based on Physics-Informed and Convolutional Neural 
Networks to Identify Local Anisotropic Permeability Tensor 
from Textiles 2D Images for Filling Pattern Prediction. 
Amsterdam: Elsevier; 2024.

100.	Korolev D, Schmidt T, Natarajan DK, et al. Hybrid Machine 
Learning Based Scale Bridging Framework for Permeability 
Prediction of Fibrous Structures. [arXiv Preprint]; 2025.

101.	Gal Y, Islam R, Ghahramani Z. Deep Bayesian Active 
Learning with Image Data. In: Proceedings of Machine 
Learning Research; 2017. p. 1183-92.

102.	Xu F, Uszkoreit H, Du Y, Fan W, Zhao D, Zhu J. Explainable 
AI: A  Brief Survey on History, Research Areas, Approaches 
and Challenges. Berlin: Springer; 2019. p. 563-574.

103.	Dwivedi R, Dave D, Naik H, et al. Explainable AI (XAI): 
Core ideas, techniques, and solutions. ACM Comput Surv. 
2023;55(9):1-33.

	 doi: 10.1145/3561048

104.	Yossef M, Noureldin M, Alqabbany A. Explainable artificial 
intelligence framework for FRP composites design. Compos 
Struct. 2024;341:118190.

	 doi: 10.1016/j.compstruct.2024.118190

105.	Azad MM, Kim HS. An explainable artificial intelligence‐
based approach for reliable damage detection in polymer 
composite structures using deep learning. Polym Compos. 
2025;46(2):1536-1551.

	 doi: 10.1002/pc.29055

106.	Daghigh V, Ramezani SB, Daghigh H, Lacy TE Jr. Explainable 
artificial intelligence prediction of defect characterization in 
composite materials. Compos Sci Technol. 2024;256:110759.

	 doi: 10.3390/asi7060121

107.	Song Y, Kim K, Park S, Park SK, Park J. Analysis of load-
bearing capacity factors of textile-reinforced mortar using 
multilayer perceptron and explainable artificial intelligence. 
Construct Build Mater. 2023;363:129560.

	 doi: 10.1016/j.conbuildmat.2022.129560

108.	Kulasooriya W, Ranasinghe R, Perera US, Thisovithan P, 
Ekanayake I, Meddage D. Modeling strength characteristics 
of basalt fiber reinforced concrete using multiple explainable 
machine learning with a graphical user interface. Sci 
Rep. 2023;13(1):13138.

	 doi: 10.1038/s41598-023-40513-x

109.	Meister S, Wermes M, Stüve J, Groves RM. Investigations 
on explainable artificial intelligence methods for the 
deep learning classification of fibre layup defect in the 
automated composite manufacturing. Compos Part  B Eng. 
2021;224:109160.

	 doi: 10.1016/j.compositesb.2021.109160

110.	Gupta S, Mukhopadhyay T, Kushvaha V. Microstructural 
image based convolutional neural networks for efficient 
prediction of full-field stress maps in short fiber polymer 
composites. Defence Technol. 2023;24:58-82.

	 doi: 10.1016/j.dt.2022.09.008

111.	Baidoo-Anu D, Ansah LO. Education in the era of generative 
artificial intelligence (AI): Understanding the potential 
benefits of ChatGPT in promoting teaching and learning. 
J AI. 2023;7(1):52-62.

112.	Fui-Hoon Nah F, Zheng R, Cai J, Siau K, Chen L. Generative 
AI and ChatGPT: Applications, Challenges, and AI-Human 
Collaboration. United  Kingdom: Taylor and Francis; 2023. 
p. 277-304.

113.	Mescheder L, Nowozin S, Geiger A. Adversarial Variational 
Bayes: Unifying Variational Autoencoders and Generative 
Adversarial Networks. In: Proceedings of Machine Learning 
Research; 2017. p. 2391-2400.

114.	Mishra A, Krishna Reddy S, Mittal A, Murthy HA. 
A  Generative Model for Zero Shot Learning using 
Conditional Variational Autoencoders. In: Proceedings 
of the IEEE Conference on Computer Vision and Pattern 
Recognition (CVPR) Workshops; 2018. p. 2188-2196.

115.	Teimouri A, Li G. Machine Learning-driven discovery 
of thermoset shape memory polymers with high glass 
transition temperature using variational autoencoders. 
J Polym Sci. 2025;63:1095-1107. 

	 doi: 10.1002/pol.20241095

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1016/j.compstruct.2023.117197
http://dx.doi.org/10.1038/s41598-025-85959-3
http://dx.doi.org/10.1109/TNNLS.2021.3070878
http://dx.doi.org/10.1145/3561048
http://dx.doi.org/10.1016/j.compstruct.2024.118190
http://dx.doi.org/10.1002/pc.29055
http://dx.doi.org/10.3390/asi7060121
http://dx.doi.org/10.1016/j.conbuildmat.2022.129560
http://dx.doi.org/10.1038/s41598-023-40513-x
http://dx.doi.org/10.1016/j.compositesb.2021.109160
http://dx.doi.org/10.1016/j.dt.2022.09.008


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 29� doi: 10.36922/IJAMD025210016

.

116.	Wang W, Cheney W, Amirkhizi AV. Generative design 
of graded metamaterial arrays for dynamic response 
modulation. Mater Design. 2024;237:112550.

	 doi: 10.1016/j.matdes.2023.112550

117.	Sun H, Wang X, Li J, Li Z, Guan Z. Efficient property-
oriented design of composite layups via controllable 
latent features using generative VAE. Compos Sci Technol. 
2025;259:110936.

	 doi: 10.1016/j.compscitech.2024.110936

118.	Zhang C, Liu X, Wei D, Bo L. Predicting damage and 
quantifying uncertainty in composite plates with 
semi-supervised VAE-BNN model. Measurement. 
2024;236:115069.

	 doi: 10.1016/j.measurement.2024.115069

119.	Wang G, Zhang L, Xuan S, et al. An efficient surrogate model 
for damage forecasting of composite laminates based on 
deep learning. Compos Struct. 2024;331:117863.

	 doi: 10.1016/j.compstruct.2023.117863

120.	 Jiang D, Qian H, Wang Y, Zheng J, Zhang D, Li Q. Data 
driven prediction of fatigue residual stiffness of braided 
ceramic matrix composites based on Latent-ODE. Compos 
Struct. 2023;323:117504.

	 doi: 10.1016/j.compstruct.2023.117504

121.	Goodfellow IJ, Pouget-Abadie J, Mirza M, et al. Generative 
Adversarial Nets. In: Advances in Neural Information 
Processing Systems. Vol. 27; 2014 [arXiv Preprint].

122.	Yang Z, Yu CH, Buehler MJ. Deep learning model to predict 
complex stress and strain fields in hierarchical composites. 
Sci Adv. 2021;7(15):eabd7416.

	 doi: 10.1126/sciadv.abd7416

123.	Guo R, Alves M, Mehdikhani M, Breite C, Swolfs Y. 
Synthesising realistic 2D microstructures of unidirectional 
fibre-reinforced composites with a generative adversarial 
network. Compos Sci Technol. 2024;250:110539.

	 doi: 10.1016/j.compscitech.2024.110539

124.	Wang Y, Sun J, Wang X, et al. Multi-objective optimization 
of engineered cementitious composite based on machine 
learning and generative adversarial network. J  Build Eng. 
2024;96:110471.

	 doi: 10.1016/j.jobe.2024.110471

125.	Li M, Jia G, Cheng Z, Shi Z. Generative adversarial network 
guided topology optimization of periodic structures via 
Subset Simulation. Compos Struct. 2021;260:113254.

	 doi: 10.1016/j.compstruct.2020.113254

126.	Cheng L, Tong Z, Xie S, Kersemans M. IRT-GAN: 
A generative adversarial network with a multi-headed fusion 
strategy for automated defect detection in composites using 

infrared thermography. Compos Struct. 2022;290:115543.

	 doi: 10.1016/j.compstruct.2022.115543

127.	Yang L, Zhang Z, Song Y, et al. Diffusion models: 
A comprehensive survey of methods and applications. ACM 
Comput Surv. 2023;56(4):1-39.

	 doi: 10.1145/3626235

128.	Lyu X, Ren X. Microstructure reconstruction of 2D/3D 
random materials via diffusion-based deep generative 
models. Sci Rep. 2024;14(1):5041.

	 doi: 10.1038/s41598-024-54861-9

129.	Lee KH, Yun GJ. Microstructure reconstruction using 
diffusion-based generative models. Mech Adv Mater Struct. 
2024;31(18):4443-4461.

	 doi: 10.1080/15376494.2023.2198528

130.	Bastek JH, Kochmann DM. Inverse design of nonlinear 
mechanical metamaterials via video denoising diffusion 
models. Nat Mach Intell. 2023;5(12):1466-1475.

	 doi: 10.1038/s42256-023-00762-x

131.	Huang T, Gao Y, Li Z, Hu Y, Xuan F. A hybrid deep learning 
framework based on diffusion model and deep residual 
neural network for defect detection in composite plates. 
Appl Sci. 2023;13(10):5843.

132.	Kobyzev I, Prince SJ, Brubaker MA. Normalizing flows: An 
introduction and review of current methods. IEEE Trans 
Pattern Anal Mach Intell. 2020;43(11):3964-3979.

	 doi: 10.1109/TPAMI.2020.2992934

133.	Mirzaee H, Kamrava S. Inverse design of microstructures 
using conditional continuous normalizing flows. Acta 
Mater. 2025;285:120704.

	 doi: 10.1016/j.actamat.2024.120704

134.	Zhang C, Lu J, Zhao Y. Generative pre-trained transformers 
(GPT)-based automated data mining for building energy 
management: Advantages, limitations and the future. Energy 
Built Environ. 2024;5(1):143-169.

	 doi: 10.1016/j.enbenv.2023.06.005

135.	Shah B, Sinha A, Saxena P. Image GPT with Super Resolution. 
Berlin: Springer; 2022. p. 99-107.

136.	Hatamizadeh A, Song J, Liu G, Kautz J, Vahdat A. Diffit: 
Diffusion Vision Transformers for Image Generation. Berlin: 
Springer; 2024. p. 37-55.

137.	Generale AP, Robertson AE, Kelly C, Kalidindi SR. 
Inverse stochastic microstructure design. Acta Mater. 
2024;271:119877.

	 doi: 10.2139/ssrn.4590691

138.	Murphy RR. Introduction to AI Robotics. Cambridge: MIT 
Press; 2019.

139.	Yurtsever E, Lambert J, Carballo A, Takeda K. A  survey 

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1016/j.matdes.2023.112550
http://dx.doi.org/10.1016/j.compscitech.2024.110936
http://dx.doi.org/10.1016/j.measurement.2024.115069
http://dx.doi.org/10.1016/j.compstruct.2023.117863
http://dx.doi.org/10.1016/j.compstruct.2023.117504
http://dx.doi.org/10.1126/sciadv.abd7416
http://dx.doi.org/10.1016/j.compscitech.2024.110539
http://dx.doi.org/10.1016/j.jobe.2024.110471
http://dx.doi.org/10.1016/j.compstruct.2020.113254
http://dx.doi.org/10.1016/j.compstruct.2022.115543
http://dx.doi.org/10.1145/3626235
http://dx.doi.org/10.1038/s41598-024-54861-9
http://dx.doi.org/10.1080/15376494.2023.2198528
http://dx.doi.org/10.1038/s42256-023-00762-x
http://dx.doi.org/10.1109/TPAMI.2020.2992934
http://dx.doi.org/10.1016/j.actamat.2024.120704
http://dx.doi.org/10.1016/j.enbenv.2023.06.005
http://dx.doi.org/10.2139/ssrn.4590691


AI applications in composite materials
International Journal of AI for 
Materials and Design

Volume 2 Issue 3 (2025)	 30� doi: 10.36922/IJAMD025210016

of autonomous driving: Common practices and emerging 
technologies. IEEE Access. 2020;8:58443-58469.

140.	Arinez JF, Chang Q, Gao RX, Xu C, Zhang J. Artificial 
intelligence in advanced manufacturing: Current status and 
future outlook. J Manuf Sci Eng. 2020;142(11):110804.

	 doi: 10.1115/1.4047855

141.	Tang C, Sun D, Zou J, Xiong Y, Fang G, Zhang W. Lay‐up 
defects inspection for automated fiber placement with 
structural light scanning and deep learning. Polym Compos. 
2025:1-11.

	 doi: 10.1002/pc.29672

142.	Wang Y, Xu S, Bwar K, et al. Application of machine learning 
for composite moulding process modelling. Compos 
Commun. 2024;48:101960.

	 doi: 10.1016/j.coco.2024.101960

143.	Machado JM, Tavares JMR, Camanho PP, Correia N. 
Automatic void content assessment of composite laminates 
using a machine-learning approach. Compos Struct. 
2022;288:115383.

	 doi: 10.1016/j.compstruct.2022.115383

144.	Liu Q, Wang Q, Guo J, et al. A  Transformer-based neural 
network for automatic delamination characterization of 
quartz fiber-reinforced polymer curved structure using 
improved THz-TDS. Compos Struct. 2024;343:118272.

	 doi: 10.1016/j.compstruct.2024.118272

145.	Fotouhi S, Pashmforoush F, Bodaghi M, Fotouhi M. 
Autonomous damage recognition in visual inspection 
of laminated composite structures using deep learning. 
Compos Struct. 2021;268:113960.

	 doi: 10.1016/j.compstruct.2021.113960

146.	Szarski M, Chauhan S. Composite temperature profile and 
tooling optimization via Deep Reinforcement Learning. 
Compos Part A Appl Sci Manuf. 2021;142:106235.

147.	Zemzemoglu M, Unel M, Tunc LT. Enhancing automated 
fiber placement process monitoring and quality inspection: 
A hybrid thermal vision based framework. Compos Part B 
Eng. 2024;285:111753.

	 doi: 10.1016/j.compositesa.2020.106235

148.	Schoenholz C, Zobeiry N. An accelerated process 
optimization method to minimize deformations in 
composites using theory-guided probabilistic machine 
learning. Compos Part A Appl Sci Manuf. 2024;176:107842.

	 doi: 10.1016/j.compositesa.2023.107842

149.	Humfeld KD, Kim GY, Jeon JH, et al. Co-training of multiple 
neural networks for simultaneous optimization and training 
of physics-informed neural networks for composite curing. 
Compos Part A Appl Sci Manuf. 2025;193:108820.

	 doi: 10.1016/j.compositesa.2025.108820

https://dx.doi.org/10.36922/IJAMD025210016
http://dx.doi.org/10.1115/1.4047855
http://dx.doi.org/10.1002/pc.29672
http://dx.doi.org/10.1016/j.coco.2024.101960
http://dx.doi.org/10.1016/j.compstruct.2022.115383
http://dx.doi.org/10.1016/j.compstruct.2024.118272
http://dx.doi.org/10.1016/j.compstruct.2021.113960
http://dx.doi.org/10.1016/j.compositesa.2020.106235
http://dx.doi.org/10.1016/j.compositesa.2023.107842
http://dx.doi.org/10.1016/j.compositesa.2025.108820

