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Abstract: Advanced manufacturing techniques, such as automated fiber placement and additive
manufacturing enables the fabrication of fiber-reinforced polymer composite components with
customized material and structural configurations. In order to take advantage of this
customizability, the design process for fiber-reinforced polymer composite components needs to
be improved. Machine learning methods have been identified as potential techniques capable of
handling the complexity of the design problem. In this review, the applications of machine
learning methods in various aspects of structural component design are discussed. They include
studies on microstructure-based material design, applications of machine learning models in stress
analysis, and topology optimization of fiber-reinforced polymer composites. A design automation
framework for performance-optimized fiber-reinforced polymer composite components is also
proposed. The proposed framework aims to provide a comprehensive and efficient approach for
the design and optimization of fiber-reinforced polymer composite components. The challenges in
building the models required for the proposed framework are also discussed briefly.

Keywords: fiber-reinforced polymer; deep learning; composite microstructure; stress analysis;
topology optimization

1. Introduction

Fiber-reinforced polymer (FRP) composites are widely used in the aerospace industry and are
becoming more popular in many other fields such as sports, automobile, construction, marine, and
offshore [1-6]. Besides having very high specific strength, another advantage of FRP composites is
their customizability. Advancements in manufacturing technology such as automated fiber
placement (AFP) and additive manufacturing (AM) has allowed for increased freedom in designing
FRP composites structures. Also, new material formulations have introduced more options to tailor
FRP composites to various requirements. The enhanced design space for FRP composites has called
for improvements to the conventional design workflow for FRP composite structures so that the
customizability of FRP composites can be fully utilized [7].

On the other hand, the emergence of high-speed graphic processing units (GPUs) has greatly
accelerated the development of artificial intelligence (AI) and, in particular, deep learning (DL)
technology [8]. DL is a type of machine learning (ML) method that utilizes a large multi-layered
learning structure. Compared to conventional ML methods, DL has the advantage of requiring very
little human engineering in designing the learning process. Also, DL is very effective in solving
problems involving a large number of variables [8,9].
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For FRP composite structures, many researchers and engineers have used computational tools
such as finite element analysis (FEA) in computer-aided design (CAD) processes. As the design
space for FRP composites expands, CAD processes need to be improved to realize the full potential
of FRP composites. In this paper, the application of Al and DL methods in the design automation of
FRP composites is discussed. Some of the areas in FRP design where DL technologies can be
impactful are highlighted. An automated design framework for FRP composite components with
optimized performances is also presented.

2. Background

The backgrounds of the computer-aided manufacturing (CAM) techniques for FRP composite
components as well as Al technologies (including ML and DL methods) are presented. The
manufacturing and modeling methods discussed here combine to make up the technologies
required for the design automation of performance-optimized FRP composite components.

2.1. Computer-Aided Manufacturing

In CAM of FRP composites, the FRP composite component is designed and programmed onto
a machine using a software tool wherein the program then controls and guides the machine to
fabricate that component. AFP and AM are such CAM processes, which offer high levels of
flexibility in the FRP composites configuration.

In the AFP process, FRP towpregs are laid in the desired orientation using a robot arm. A
schematic of the AFP process is shown in Figure 1. AFP produces laminates with more precise and
consistent fiber orientation compared to conventional manual processes. The towpregs can be
placed in straight strips or a curved fashion. AFP processes have been used to fabricate variable
stiffness FRP laminates, i.e., laminates with curvilinear configurations, to improve the laminate’s
buckling performance [10]. Factors affecting the quality of components fabricated using AFP
include the processing temperature, the type of heat source, the fiber placement rate and the
compaction pressure [11,12].
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Figure 1. Schematic of the automated fiber placement process

The AM or 3D printing process is a manufacturing process where materials such as metals and
polymers are added point by point to form a 3D component. The raw materials used in AM can be
solid, liquid, or in powder form [13]. Advancements in AM have greatly improved the precision of
the process and expanded the range of materials that can be used. Fidan et al. gave an overview of
various materials used to produce FRP composites through AM [14]. The important processing
parameters for AM include processing temperature, printing orientation and printing speed [15,16].
Multiscale composite components have been successfully fabricated using advanced AM processes
such as the voxel-based placement of polymers by material jetting [7]. For composite components
with continuous fiber reinforcement, the fused deposition modeling (FDM) method can be used as
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well [17]. The material jetting and FDM methods are shown in Figure 2. Reviews of AM processes
for FRP composites are given by Wang et al. [18] as well as Parandoush and Lin [19].
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Figure 2. Schematic of additive manufacturing processes for fiber-reinforced polymer composites:

(a) material jetting and (b) fused deposition modeling.

AFP and AM processes can be used to produce FRP composite components with varying fiber
orientation within and across individual layers. This allows the fibers (short or continuous) to be
better oriented in the load directions, thus increasing the load-carrying capability of the FRP
composite component [2,20]. The stress distribution in the FRP laminates can also be changed,
leading to a higher buckling load in variable stiffness laminates [21]. However, the increased
flexibility also resulted in greater complexity in the performance optimization process for the FRP
composite components. Consequently, designing performance-optimized FRP composite
components becomes very time consuming using conventional CAD tools. In order to increase the
efficiency of the design process, the incorporation of Al technology in the CAD tools is proposed.
The background of Al and some of its applications are discussed next.

2.2. Artificial Intelligence

Al can be defined as “the study of the design of intelligent agents,” where an intelligent agent is
“a system that acts intelligently” [22]. ML is the technology of using a learning algorithm and data
to solve problems. The learning can be in the form of supervised learning, unsupervised learning,
or reinforcement learning [23,24]. Conventional ML methods are mainly supervised learning with
shallow classifiers that take inputs from hand-engineered feature extractors [8,9]. Conventional ML
methods achieved some success in simpler tasks, but for more complicated problems, building the
feature extractors became very difficult. One of the main challenges is termed the “selectivity-
invariance dilemma” where the algorithm needs to differentiate between features that are
important and unimportant [8].

In recent years, DL models have been shown to be effective in overcoming the selectivity-
invariance dilemma. Compared to conventional ML models, the formulation of DL models
generally requires very little human inference [8,9]. DL models have a multi-layered architecture,
with each layer having different functions such as convolution and pooling. The resulting multi-
layer representation abstraction in DL models can produce representations with both increased
selectivity and invariance from its inputs, thus solving the selectivity-invariance dilemma [8]. A
review of DL technology is given by LeCun et al. [8]. Figure 3 shows the relationship between Al,
ML, and DL. For the purpose of this paper, distinguishing DL from conventional ML methods is
not important, thus ML is used to refer to both conventional ML and DL methods.



J. Compos. Sci. 2020, 4, 61 40f18
e 1
o : Shallow 1
s : Input classifier Output |
1
1
i O Hand- :
: O engineered :
= ! O—| feature 1
< 1
= i extractor
3 Machine ~«_ 1 O~ !
c Learning N o o 5 5 3
I e L R
= a 1
2 2 Multi-|
= L ulti-layer
® 2 Input network Output
=
=
<

Figure 3. Relationship between Al, machine learning and deep learning

Many different types of ML models (deep and shallow) have been developed for different
kinds of problems. They include various neural networks (NNs) such as convolutional NNs
(CNNs) and recurrent NNs (RNNs), Restricted Boltzmann Machine (RBM) and its variants, auto
encoders and its variants, as well as generative models such as the Generative Adversarial Network
(GAN) [9,25]. Descriptions of some of the different types of models and a comparison can be found
in [9] by Wang et al. It is important to choose a suitable model for the problem being considered.

In general, the implementation of ML models involves a training phase before the models can
be put to use. Figure 4 shows a typical implementation process for supervised ML. Data consisting
of an input and target output pairs are required for the supervised training. The data are pre-
processed (filtering, normalization, etc.) and split into training, validation, and testing data sets. A
common ratio for the data split is 60% training, 10% validation, and 30% testing [26]. For the
iterative cycle of model training and validation, the k-fold cross-validation and bootstrapping
methods can be used [23,26]. The model is trained by minimizing an error or loss function, L(w),
which measures the difference between the current model output (computed with the current set of
internal adjustable parameters or weights, w) and the target output. The minimization of the loss
function is done by adjusting the weights following the stochastic gradient descent procedure. For
multi-layered networks, backpropagation is used to calculate the gradients in the minimization
process [8,26]. After training and validation, the model is further tested on a test data set which has
not been seen by the model. If the model produces satisfactory results on the test data set, then it is
ready to be applied to real-world problems. The implementation of ML models and considerations
in the training phase (e.g., learning rate, overfitting) are also detailed in [23,26].
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Figure 4. Supervised machine learning implementation process

For unsupervised and reinforcement learning, the ML model also needs to be trained but the

training is carried out differently. For unsupervised learning, the training data contain only the
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inputs. The unsupervised ML model is then trained to learn the structure of the data [24]. The
optimization procedure and the loss function used depend on the unsupervised learning method.
For example, auto encoders can be optimized based on the least-squares loss [9,23], while the
generative adversarial network (GAN) is trained based on competition between the generator and
discriminator networks [25,27]. For reinforcement learning, the ML model is trained to make
decisions based on the state of an environment. The learning is carried out using reward systems
where the model learns to make decisions to maximize the rewards received [23,24].

ML has been used in many applications including face recognition, content filtering, and
speech recognition [8]. Advanced Al systems trained with reinforcement learning methods, such as
the OpenAl Five [28] and AlphaGo [29], have beaten their human opponents in games requiring
strategic thinking. Currently, there are various open-source software on ML available, such as Caffe
[30] and TensorFlow [31]. A comparison of the different software is presented by Angermueller et
al.[26] and Wang et al. [9]. The availability of ML software has helped to accelerate studies on
various aspects of ML.

3. Design of FRP Composite Components

The design process for FRP composite components includes material selection and topology
optimization coupled with stress analysis. Studies on the different aspects of FRP composite
components design are discussed in this section. Areas, where ML techniques have been applied,
are also highlighted.

3.1. Material Design and Selection

As demands for more advanced material systems grow, improvements to the conventional
materials design and selection process are needed. To this end, the integrated computational
materials engineering (ICME) approach has been introduced [32,33]. ICME is “the integration of
materials information, represented in computational tools, with engineering product performance
analysis and manufacturing-process simulation” [33]. A review of the software tools developed and
material databases established for the advancement of data-driven ICME is given by Wang et al.
[34].

Figure 5 shows the general framework for material design following the ICME approach. The
manufacturing process affects the microstructure of the material (processing-structure relationship),
which in turn determines the material properties (structure-property relationship). If the structure-
property relationship can be established, the data on the material microstructure can then be used
to optimize for the desired material property (e.g., strength, toughness). However, using raw
microstructure data for material design is difficult due to the large number of variables involved
[35]. Therefore, the raw data need to be mapped to a set of microstructure representations to reduce
the design space. This mapping is termed microstructure characterization and reconstruction
(MCR) [36]. The reduced number of variables can then be used in the optimization of the material
design. Subsequently, the microstructure representations can be linked back to their corresponding
material processing techniques, which are required to produce the designed material.
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processing dataset (eg. 2D ropert
technique or 3D images) property
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Figure 5. Framework for design of advanced material systems (MCR refers to microstructure
characterization and reconstruction).
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MCR techniques can be divided into two categories: (i) correlation function-based methods, and
(if) descriptor-based methods [37,38]. Xu et al. investigated a descriptor-based method for the
reconstruction of 3D microstructures from 2D images [37]. Polymer nanocomposites were used as
examples to illustrate the proposed method. The microstructure was characterized based on
composition, dispersion, and geometry. The accuracy of the method was demonstrated using case
studies of nanoparticle filled polymer composites (artificial and real). However, choosing the
characterization criteria for the method requires extensive knowledge and experience on the
subject. For complex material systems, designing such criteria is difficult.

Xu et al. later proposed an improved MCR method utilizing ML techniques [38]. The researchers
first gathered a large set of descriptors from studies on a variety of materials including alloy,
polymer nanocomposites, fiber composites, ceramic composites, etc. The descriptors were then
reduced to a set of key microstructure descriptors through four steps: (i) descriptor-descriptor
correlation, (ii) correlation function-based supervised learning, (iii) property-based supervised
learning, and (iv) optimization-based selection. The selection criteria for the descriptors include
independence and impact on the material property. ML-based models were used in all the four
steps of the method. Xu et al. applied the ML-based method to the case study of a nanocomposite
(elastomer with carbon black nano-fillers) for tire applications. The damping properties of the
nanocomposite in the low, normal and high frequency domains, denoted L, P, H respectively, were
of interest. The design is framed as an optimization problem to minimize L, maximize P and
minimize H. Xu et al. reported that using key descriptors identified through ML resulted in
microstructures which gave lower L, higher P and lower H compared to descriptors identified
based on empirical or expert knowledge.

Another study on ML-based MCR was conducted by Cang et al. [35]. The researchers proposed
an ML model consisting of RBM layers and three convoluted RBM (CRBM) layers. The model can
be used for feature extraction (reduce the raw microstructure image to a small representative
image) as well as reconstruction (rebuild the material microstructure from the representative
image). Cang et al. demonstrated the effectiveness of the model using four different material
systems and their critical strength values. The critical strength values were found to be statistically
the same after the feature extraction and reconstruction process. This showed that the ML model
successfully reduced the design space (200 x 200 image to 30-dimensional binary vector) without
losing important information. However, the proposed model can only process images of a fixed size
and is not scalable, as noted by the authors. They also recommended incorporating physics-based
rules to the model to improve the feature extraction and reconstruction results.

A methodology encompassing the full process of microstructural material design has been
presented by Yang et al. [36]. The MCR method used was based on GANs. The deep network
architecture of the GANs minimizes the information loss in producing the microstructure
representation, or latent variables. The dimensionality of the latent variables can be set according to
the design problem. However, the authors noted that the dimensionality cannot be too small as it
will make training the GAN very difficult. For the material design using the latent variables, GP-
Hedge Bayesian optimization was applied to obtain the desired material property [39]. The
optimization process was coupled with the Gaussian process metamodeling to reduce the number
of material property evaluations (computationally costly physical simulations) performed. Yang et
al. demonstrated the application of the methodology in a case study of microstructural material
design for optimizing optical absorption. A synthetic dataset was used in the case study. Using the
proposed methodology, the optimized microstructure with 17.2% increased optical absorption was
determined. The authors also highlighted the scalability and transferability of the proposed
method.

Liu et al. developed a deep material network to formulate the representative volume element
(RVE) for dual-phase heterogeneous materials [40]. The nodes/building blocks of the material
network were defined based on analytical stress-strain relation. This results in the physics of the
material being retained in the deep material network. Several methods to optimize the training
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process of the material network were described. They include using data from numerical
simulations as opposed to experimental data, performing model compression (e.g., nodal deletion,
subtree merging), etc. The authors reported that the deep material network was able to simulate
various material responses accurately, including nonlinear history-dependent plasticity and finite-
strain hyperelasticity under large deformation [40]. The proposed model provides a link from the
material microstructure to the meso-scale mechanical response of the material (structure-property
relationship).

Behnood and Golafshani used ML models to predict the mechanical properties of concrete
mixtures containing waste foundry sand (WFS) [41]. In their study, the authors used the M5P
model, which is a type of decision tree. The inputs to the M5P model consisted of descriptors, such
as WEFS to cement ratio, water to cement ratio and coarse aggregate to cement ratio. These
descriptors were determined from expert knowledge on the topic. Data reported in the literature
were used to train the M5P model. The models were trained to predict the compressive strength,
modulus of elasticity, flexural strength and splitting tensile strength of the concrete mixtures of
interest. The researchers tested the predictions using several error measures (such as root mean
square error) and found them to be satisfactory.

The research group also studied another ML approach termed multi-objective artificial neural
network (MOANN) to predict the compressive strength of concrete mixtures [42]. For the MOANN
model, the architecture of the artificial NNs (ANNSs), such as the number of hidden layers and
nodes, were optimized using a multi-objective salp swarm algorithm (MOSSA). Similar to [41],
descriptors identified empirically were used as inputs for the model, and data from the literature
were used for training. The researchers found that ANNs with more complex architectures gave
better predictions, but the increase in accuracy becomes smaller as the ANNs become more
complex. The optimized model, termed ANN-16, had a 7-5-4-1 architecture. The researchers
compared the predictions given by the ANN-16 model to those of the M5P model and found that
the ANN-16 model was more accurate (50% lower mean abosolute percentage error). However, in
both studies [41,42], the models relied on descriptors identified empirically. Further optimization
on the choice of descriptors could improve the performance of the models.

For FRP composites, the microstructures are affected by factors such as the choice of matrix and
fiber, addition of micro- and nano-fillers, fiber orientation, manufacturing process, etc. Following
the framework shown in Figure 5, the mechanical properties of the FRP composite can be derived
from the microstructure data. The derived properties can then be used for the stress analysis of the
structure, which will be discussed next.

3.2. Stress Analysis

Finite element (FE) simulations are widely used to perform stress analysis of FRP composites.
For a complete analysis of FRP composites, the pre-failure, onset of failure, and post-failure
behaviors need to be modeled. Many failure criteria [43] and damage models [44-46] have been
proposed for predictions of failure and post-failure mechanical responses. Depending on the
loading conditions and working environment, other aspects such as nonlinear shear deformations
[47,48] need to be considered as well.

Ghaboussi et al. used the load-displacement response of a structure to train NN material
model that can be used in FE simulations [49]. The training method was termed “auto progressive
training.” The training involves two phases: (i) the forward analysis phase and (ii) the training
phase. In the first phase, a load increment is applied and the corresponding strains are calculated
using the NN model. Displacement corrections are applied, if necessary, to achieve the convergence
tolerance set. When the tolerance requirement is met, the stress-strain pair is then stored as a
training case. The training cases are then used in the training phase to update the weights of the NN
model. Also, the NN model used has an adaptive architecture, where additional nodes can be
added to the hidden layers if required. Using the analysis of an FRP composite plate with an open
hole as an example, the authors showed that the NN model can predict the stress-strain relationship
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of FRP composites affected by the damage. The study showed that ML methods can be used to
formulate material models with complex failure modes and stress-strain relationships.

Another research group studied the evolutionary polynomial regression (EPR) approach to
develop material models for FE simulations [50,51]. EPR is a hybrid method which “uses a genetic
algorithm to find the form of polynomial expressions and least-squares optimization to find the
values for the constants in the expression” [52]. The EPR-based material model was self-trained
based on the method described by Ghaboussi et al. [49]. In contrast to the NN model, the EPR-based
model gives mathematical expressions linking the inputs to the outputs. This allows researchers to
gain a better understanding of the stress-strain constitutional model [50,51].

Kirchdoerfer and Ortiz detailed a data-driven approach to computational mechanics [53]. The
proposed data-driven solver uses experimental data directly to calculate the mechanical response of
a structure while satisfying the relevant constraints and conservation laws. This circumvents the
need for the formulation of a material model, thus avoiding errors due to approximations in the
material model. Using the proposed method, the computation is framed as a constrained
minimization problem. The problem can then be solved iteratively or using ML methods. The data-
driven computational mechanics approach was later expanded on by Nguyen and Keip to include
considerations for problems with large deformations [54].

Oishi and Yagawa studied the application of deep neural networks (DNNSs) for the
computation of numerical quadratures in FE analysis [55]. The authors identified two aspects of
numerical quadratures, which can be improved using DNNs: (i) the number of integration points,
and (ii) the numerical quadrature parameters for the element stiffness matrix. Separate DNN
modules were trained to optimize the two aspects. As a result, the accuracy of the numerical
quadrature was improved compared to the conventional Gauss-Legendre method, while the
computational resources required are reduced by minimizing the number of integration points.

Liang et al. used DNNs to perform mechanical stress analysis in place of FE simulations for
applications in biomechanics [56]. The researchers developed an ML model consisting of three
modules with different functions: (i) shape decoding, (ii) nonlinear mapping, and (iii) stress
decoding. The ML model was referred to as an “ML-FE surrogate” [56]. The model takes shape data
as input and produces the corresponding stress distribution as output (Figure 6). The shape and
stress codes are representations in the form of 1D vectors. A combination of supervised and
unsupervised learning was employed. The researchers reported that the stress analysis results from
the ML model are very similar to those obtained using FE simulations, with average errors below
1%. Moreover, using the ML model was reported to be much faster compared to FE simulations.
Stress calculations that would take about 30 minutes to complete in FE simulations can be
performed within 1 second using the trained ML model.

ML-FE surrogate

1

Shape ! Shape Shape Nonlinear :
data : decoding code mapping | |
:

1

I I
1 v
i Stress Stress | Stress
: code decoding ' distribution

Figure 6: Machine learning (ML)-finite element (FE) surrogate model.

Capuano and Rimoli also studied the surrogate modeling approach using ML techniques for
stress analysis [57]. The authors” approach, termed “smart finite element,” involved using data from
FE simulations to train the ML-based surrogate model. Similar to the study by Liang et al. [56], the
surrogate model provided direct relationships between the inputs and outputs of the elements, thus
negating the need for numerical iterations. Capuano and Rimoli also demonstrated two ways to
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improve the surrogate modeling approach. Firstly, a rigid body movement can be ignored to reduce
the training data size for the ML model. Secondly, the principles of equilibrium can be used to
improve the accuracy of the model.

Figure 7 shows the various ML-based approaches for stress analysis that have been studied by
researchers. In particular, studies on ML-based surrogate models [56,57] have proven the feasibility
of using ML networks as substitutes for FE simulations for stress analysis. The short computation
time required makes the ML ai i roach very useful for the design phase of composite structures.
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Figure 7. Summary of various machine learning (ML) methods for stress analysis from literature.

3.3. Topology Optimization

Topology optimization is a design tool that can be used to determine the optimal material
layout within a design space, with specified boundary conditions, in order to maximize the
performance of the structure. Besides optimizing for high stiffness and low weight [7,20,58], studies
have also been carried out to optimize for other performance measures such as post-buckling
mechanical response [59] and out-of-plane crushing [60]. Density-based topology optimization
methods such as solid isotropic material with a penalty (SIMP) and rational approximation of
material properties (RAMP) are widely used by engineers and researchers [61,62]. Other
optimization methods include level-set, topology derivative, evolutionary, and phase-field
approaches. A review and comparison of the different methods have been given by Sigmund and
Maute [63].

For the topology optimization of continuous FRP composites, the fiber orientation and layer
thickness need to be taken into consideration. Zhou et al. presented a multi-component topology
optimization (MTO) method which generates designs for multi-component composite structure
[64]. The multi-component designs can be materialized easily using manufacturing techniques such
as AFP. The material orientation was determined at each design point to allow for curvilinear FRP
configurations. Esposito et al. proposed a mixed strain- and stress-based topology optimization
method for determining the optimal fiber orientation in FRP laminates [20]. The laminate shape was
not changed in the optimization process. The authors noted a “dual behavior” resulting from the
optimization where the fiber distribution design depended on the type of boundary conditions
employed (force or displacement). Yang et al. investigated the use of design representation methods
to reduce the dimensionality of the optimization of multi-component, multi-layer composite
structures [65]. The authors proposed a method using partial least squares structural equation
modeling (PLS-SEM) to identify non-critical parameters or variables to reduce the design space.

For advanced material systems, the material microstructure will also impact the structural
performance. Boddeti et al. fixed the microstructure to one configuration in the topology
optimization of short fiber-reinforced composite components [7]. This allows the optimization
process to be completed faster and ensures that the resulting structure can be manufactured easily,
but limits the design options. Rodrigues et al. proposed a multiscale topology optimization method
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where the microstructure is optimized at each macroscale finite element [66]. However, the method
is computationally expensive, especially for large complex systems, and it neglects the scale effect
[61,67]. Sivapuram et al. detailed a method to decompose the multiscale optimization into
linearized problems [67]. This allows the optimization problem to be solved using parallel
computing, thus accelerating the process. Du et al. proposed a connectivity index function to
improve the connectivity between microstructures in multiscale topology optimization [68]. The
authors reported that the connectivity index applied as an additional constraint did not negatively
affect the optimized design.

Another aspect of FRP composite component design is manufacturing constraints.
Manufacturing constraints such as the resolution of AM systems and the maximum towpreg
curvature of AFP systems can lead to structural and performance discrepancies between the
optimized design and the manufactured component [20,69]. Morris et al. proposed using
multivariate joint probability distributions to model the manufacturing variations and incorporate
them into a Bayesian Network Classifier (BNC) for the optimization process [69]. The authors noted
that care needs to be taken for the characterization process to quantify the manufacturing
variations. Zhou and Saitou also studied the inclusion of manufacturing constraints into the
topology optimization process [70]. The multi-objective genetic algorithm (MOGA) was used with
the Kriging-interpolated level-set (KLS) method to reduce the computation time required. The data
on the manufacturing constraint were generated through numerical process simulation. The MOGA
can produce component designs that are easier to fabricate, albeit with some loss in mechanical
performance.

An ML method for topology optimization was proposed in a recent study by Yu et al. [25]. The
ML method consists of two stages/modules, namely a CNN-based encoder and a decoder network
and a conditional GAN (cGAN) generator. The encoder and decoder network takes in the design
domain, parameters, and constraints as input and outputs the optimized structure at low
resolution. The low-resolution structure is then up-scaled to higher resolution using the cGAN
generator. A schematic of the ML-based topology optimization method is shown in Figure 8.

Design
parameters
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Figure 8. Machine learning (ML)-based topology optimization consisting of encoder/decoder
networks and a conditional generative adversarial network (cGAN) generator proposed .

The performance of the ML method proposed by Yu et al. [25] is summarized in Table 1.
Although a training phase is required for the ML method, the trained ML model can greatly reduce
the computational time required for topology optimization as it does not require iterative
computations (0.014 s for the ML method compared to 22.7 s for existing topology optimization
code). The authors also showed that the ML method can give good predictions in most cases.
However, the ML model predicted structures containing disconnections in 3.41% of the test cases.
This is because structural continuity was not considered in the ML model. Further improvements to
the ML method are required to improve its performance and expand its application to more
complex problems (e.g., from 2D to 3D structures, a larger variety of boundary conditions).
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Table 1. Performance summary of the machine learning (ML)-based topology optimization method
proposed by Yu et al. [25].

Characteristics ML-based Topology Optimization Proposed by  Existing Topology
Yu et al. Optimization Code
Training not
Model training 200 hours for training datz.i generatlon and 8 requujed as
hours for training calculations are

based on FE analysis
The computational
time required to

.. 0.014 s 22.7s
produce an optimized
structure
- In 96.59% of test cases, the predicted structures

had no disconnections (normal cases). The

average error, based on compliance, for these

cases is 4.55% when compared to the structures .
A ¢ predicted dicted b istine topol timizati Predicted structures

ccuracy of predicte redicte existing topology optimization
yoip P Y § OpPOIogy OP are taken as ground

structure code.

. truth
- In 3.41% of test cases, the predicted structures

had disconnections (bad cases). Due to
disconnections, the errors in compliance for
these cases are very large.

In another recent study, Hamel et al. used ML-based methods for the design of active
composite structures [71]. The active composite is made of an active material and a passive
material. The active material responds to the environment and causes the composite structure to
change shape, while the passive material does not respond. Hamel et al. used an evolutionary
algorithm (EA) to determine the material layout of the composite within a fixed beam geometry.
The layout is optimized such that the structure deforms to a target shape when the active composite
is stimulated. An EA was chosen because the optimization process using EA involves
randomization which makes it suitable for problems with material nonlinearities. FE simulations
were used to determine the stimulated shapes from the material layouts produced during the
evolutionary process. Using the EA, the authors were successful in obtaining the material layouts
corresponding to the sinusoidal and parabolic target shapes. The errors based on deformation were
reported to be 4% and below. Besides this, it was also shown that the method can handle multi-
objective problems. Hamel et al. noted that material layouts obtained were non-intuitive, thus
validating the need to use ML models.

Topology optimization is a powerful tool for the design of components with optimal
performances. Many ongoing studies are being carried out on the topic to further improve various
aspects of the optimization process.

4. Proposed Automated Design Framework

An automated design framework for FRP composite components as shown in Figure 9 is
proposed. The framework aims to provide an efficient design workflow for the design of FRP
composite components with optimized performance.
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Figure 9. A proposed automated design framework for fiber-reinforced polymer composites

The automated design process utilizes data-driven and ML-based methods extensively. For
material selection, the ICME approach (Figure 5) is adopted. The data-driven material selection
module provides a connection between the microstructure and the material properties for advanced
material systems. The material properties can then be used in the ML-based topology optimization
module to produce the optimized design. ML techniques are used in the optimization to reduce the
number of computational iterations required for the process.

For the training of the design modules, experimental data including microstructure images,
manufacturing constraints, and mechanical performance are required. Besides experimental data,
numerical simulation results can also be used for the training of the topology optimization module.
ML-based stress analysis (such as those in [56,57]) can be used to generate training data for the
optimization module efficiently. The self-learning approach [49,50] can be applied to the training of
the ML-based stress analysis and topology optimization modules, thus partially automating the
training process. The topology optimization module outputs an optimized design which can be
realized using CAM such as AFP or AM.

The application of the automated design framework is illustrated in Figure 10 using the
optimization of a single load cantilever beam as an example. The design parameters include
boundary conditions, loads, target weight, and the design domain. The parameters are the inputs to
the data-driven material selection and ML-based topology optimization modules. Based on the
loading condition and target weight, the constituent materials, including any micro- or nano-fillers,
for the FRP composite component are determined. The material selection module derives the FRP
material properties from the material microstructure (e.g., through RVE formulation) and feeds it to
the topology optimization module. Topology optimization is performed to determine the geometry
and material orientation of the FRP composite component. The material selection and topology
optimization modules output an optimized design meeting the design requirements. The design is
programmed for the relevant CAM process to fabricate the performance-optimized FRP composite
component. The programming process is not trivial and requires some engineering input. For
example, depending on the performance desired, the AFP process can be done with towpregs
overlapping each other or with small gaps between towpregs. For the latter configuration, the
laying pattern needs to be staggered between layers to avoid superposition of the gaps [20].
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Figure 10. Application of the proposed automated design framework

The automated design framework aims to offer an end-to-end solution for designing FRP

composite components. The use of computational methods in the design phase can minimize the

number of experimental tests needed to be carried out, and thus also reduce material wastage.

Topology optimization can produce designs for FRP composite components with optimized
structural behavior, leading to advantages such as reduced weight. Also, the application of ML-
based methods in the proposed framework can shorten the time required for the design cycle

compared to using conventional computational methods requiring iterative calculations.

Concerns and challenges in implementing the automated design framework are:

L.

II.

I

Iv.

The design modules need to be able to handle a wide variety of materials, loading
conditions, performance objectives, manufacturing constraints, and so on. In order to
achieve this, the size of the ML models and the amount of training data can be very large.
The problem can be alleviated partially by using numerical simulations, such as FEA, to
generate the required training data.

For the design modules, models used need to be standardized such that their data can be
transferable. Problems related to standardization in integrated design approaches have
been discussed by Regli et al. [72]. A query-based approach is suggested to enable the
integration of different models.

In many cases, ML-based methods, such as DNNs, result in models that do not provide
physical meanings in the prediction or classification process. In order to overcome this,
special considerations in building models [40] or post-processing of model output are
required [73].

The design and construction of ML models require some engineering. For instance, Yu et al.
determined the number of layers in their CNN model through trial and error [25].
Knowledge of materials and their mechanical behaviors are also needed in designing FRP
composite components. Therefore, the implementation of the automated design framework
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is a multi-disciplinary effort requiring the collaboration of researchers and engineers from
multiple fields.

Researchers have applied ML methods on individual aspects of the FRP composite design
processs and achieved varying degreees of success (Section 3). The proposed automated design
framework is essentially the expansion and integration of the models that have been developed and
studied. For future studies on the topic, the concerns raised in this section can be taken into
consideration, This will be helpful in realizing the design automation of FRP composite components
with optimized performance.

5. Concluding Remarks

With the tremendous increase in the usage of FRP composite materials in industrial landscape,
there is a growing call to develop new ways to design and fabricate complex composite structures.
ML models are powerful tools that can significantly help in this direction. In this review article, a
detailed literature review was carried out on the applications of ML methods to different aspects of
the design of FRP composite components, namely material design and selection, stress analysis, as
well as topology design and optimization. For material design and selection, studies addressing
various parts of the ICME framework are discussed. Many researchers focused on the MCR aspect
where ML methods were shown to be particularly useful. For stress analysis, ML methods have
been applied to improve on the conventional FEA. Researchers have also developed ML-based
models as FEA surrogates, leading to shorter computational times. For topology optimization,
researchers developed different models and algorithms to handle problems of different
complexities. Manufacturing constraints for FRP composite components are considered in some
studies, leading to lower mechanical performance but better manufacturability.

The integration of the different design models discussed can lead to a comprehensive and
efficient design workflow for FRP composite components. A design framework to achieve this is
proposed and deliberated in this review paper. The potential benefits of the framework, as well as
various challenges in its implementation, are also discussed. Abovementioned design models and
the proposed framework can enable engineers and designers to take full advantage of the flexibility
offered by automated manufacturing processes, such as AFP and AM.
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