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Abstract 

The application of machine learning in the field of materials engineering can facilitate materials 

design and enable faster discovery of novel materials. This paper presents a deep learning 

approach for the prediction of the transverse elastic and plastic properties of unidirectional 

fibre reinforced composites directly from images of their microstructures. The training dataset 

consists of finite element predictions of the elastic-plastic properties of a set of 2D 

representative volume elements of unidirectional composites with different volume fraction 

and fiber diameter. Single-regression, Fully-connected Neural Networks (FcNNs) and a multi-

regression Convolutional Neural Network (CNN) are designed and trained to predict 5 

mechanical properties, using as input the images of the material’s microstructure. The 

performance of the FcNNs and of the CNN are compared; the CNN is shown to perform the 

most effective regression, predicting the properties of the composites with an accuracy of 99%. 

A key value addition in this research lies in the explainability of the otherwise ‘blackbox’ CNN 

model, guiding the reader through the model’s predictive process. We test the CNN on real, 

relatively low-resolution micrographs of composite microstructures and we find that this 

provides accurate predictions. 

Keywords: composites; interpretable AI; deep learning; material properties; microstructure. 

 
1. Introduction 

Understanding the mechanical behaviour of composite materials and determining their 

properties is a key step to advance the applications of such materials to the aerospace, 

automotive and renewable energy sectors. Over the past decades, numerous researchers 

have proposed either analytical models or computational techniques to predict the mechanical 

properties of such heterogeneous materials. The process of determining the properties of a 

heterogeneous material at a macroscopic scale from the properties of its constituents at a 

lower scale is referred to as homogenisation. The underlying objective in either an analytical 

or a numerical homogenisation approach is to establish the microstructure-property 

relationships, which in turn yield the properties of an equivalent homogeneous material at the 

macroscale. Such an approach enables the design of composite materials and structures 

circumventing time-consuming material characterization experiments.  
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On one hand, analytical approaches of homogenisation are limited in their scope due to their 

inherent simplifying assumptions regarding the type of microstructure, modelled by unit cells 

or Representative Volume Elements (RVEs). Computational Homogenisation, on the other 

hand, provides accurate predictions albeit at very high computational cost and time, which 

limits their potential for practical deployment. There is a need for efficient tools to obtain quick 

and accurate predictions of the properties for a range of material combinations. In this context, 

deployment of reliable Artificial Intelligence (AI) methodologies can facilitate achieving such 

objective. In this current research, deep neural networks are adopted to develop a surrogate 

model to predict accurate material properties with negligible computational efforts. 

Recent advances in machine learning have led to promising applications in the field of 

materials science and mechanics, ranging from understanding material behaviour and 

properties prediction, to design of new molecular structures and discovery of new materials 

[1-10]. Deep learning is a subset of machine learning based on neural networks. Recent 

research has demonstrated its potential in a variety of materials engineering applications. For 

instance, deep learning models trained on the elemental composition of materials have shown 

great results in the properties prediction, such as reactivity and toxicity [11, 12]. A general-

purpose machine learning framework successfully used to predict properties of crystalline and 

amorphous materials, such as glass forming ability and band gap energy, was presented in 

[13].  

The design of novel composite materials with tailored properties is a challenging engineering 

problem, due to the large search space that needs to be explored, with immediate translation 

and need by industry. In this regard, machine learning approaches can establish the structure-

property relationships and thereby determine the properties in a quick and accurate manner. 

Several researchers have successfully applied machine learning techniques to predict the 

properties of composite materials and to optimize composite properties [14,15,16]. For the 

prediction of the modulus, strength, and toughness of composite materials, Abueidda et al [15] 

trained a 6-layer Convolutional Neural network on 4.3 million computer-generated composite 

configurations, achieving excellent results with more than 99% predictive accuracy in each 

property. In [16], a 5- layer CNN was proposed and achieved very good predictive results of 

the effective elastic properties of composites with arbitrary shapes and distribution of 

inclusions. Our research collaboration also presented a successful use of a gradient-boosted 

tree regression model, to accurately predict the macroscopic stiffness and yield strength of 

unidirectional fibre reinforced composite materials trained on the results of FE simulations [17]. 

In this work, the microstructural images are encoded via a two-point correlation, followed by 

dimensionality reduction based on principal component analysis. This yielded a set of principal 

components for each microstructural image, which, together with the mechanical properties 

predicted by FE simulations, formed the dataset for the training of the machine learning model.  

The present paper focuses on fibre-reinforced composite materials and their elastoplastic 

response in the transversely isotropic plane. Fully connected Neural Networks (FcNNs) and a 

multi-regression Convolutional Neural Network (CNN), which are not well-explored in the 

published literature, are proposed to solve the above problem. We proceed to uncover the 

physical correlations learnt by the CNN model, while establishing the structure-property 

relationships. We also aim at demonstrating the applicability of the computational framework 

to real composites microstructures, while using training datasets which are computer-

generated.  

The article is organized as follows. Section 2 describes the production of the training datasets 

and the architecture of the neural networks. Section 3 examines the fidelity of the models and 

their interpretation. Section 4 presents the application of the model to real micrographs of 
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unidirectional composite materials.  In the conclusions we highlight the key results from the 

conducted research and the scope for further work. 

2. Methods 

2.1.  Procedure 

We focus on predicting the elastoplastic properties of unidirectional (UD) fiber-reinforced 
composites in the transversely isotropic plane (the 2-3 plane, perpendicular to the fiber’s 
direction). The computational framework adopted in this research starts with dataset 
generation, design of the deep neural networks to training and validation, as schematically 
shown in Fig. 1. The dataset corresponds to 1800 computer-generated images of composite 
microstructures and their associated mechanical properties, produced by computational 
homogenisation and presented in [17,18]. Five properties, namely the Young’s moduli in the 
two transverse directions E22 and E33, shear modulus G23 and two transverse yield strengths 
σ22 and σ33 are obtained through FE simulations and computational homogenisation of RVEs 
of UD composite microstructure. On the deep learning architecture, 5 single-output fully 
connected networks and a convolutional deep neural network were designed to perform the 
regression. 
 
We then apply recently developed inference techniques to uncover the decision-making 
process of the neural networks [19]. This is particularly important to assist the development of 
tailored designs of next-generation fibre composite materials. In the following sections we 
provide details of each step. 
 

 
 

Figure 1:  Schematics of the modelling framework.  

 

2.2.  Dataset creation: microstructure and material properties 

In this study, the dataset utilised to develop the deep learning models includes 1800 
microstructural images of UD fiber composites and the corresponding mechanical properties 
[17]. Each microstructural image corresponds to a statistical volume element (SVE) containing 
random arrays of circular fibres of equal radii, embedded in a uniform matrix. Six different fiber 
volume fractions ϕf  (in the range of 10-60%) and three different fibre radii, Rf  = 4, 5 and 6 μm, 
were considered to generate square SVEs of side length 50μm. For each pair of volume 
fraction and radii, 100 different realizations were generated, leading to a total of 1800 
microstructures. Each microstructural image forms a raw input 𝑋𝑖, where 𝑖 = 1,2, … ,1800 for 
the deep learning models. The corresponding homogenized, macroscopic mechanical 
properties 𝑌𝑖 of each microstructure image 𝑋𝑖, were determined using finite element 
simulations of the SVEs under periodic boundary conditions using the commercial FE software  
Abaqus/Standard. The fibres were modelled as an isotropic, linear elastic solid with properties 
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similar to those of glass fibres (Young’s modulus 𝐸𝑓= 30 GPa, Poisson’s ratio 𝑣𝑓  = 0.2). The 

matrix was modelled as an isotropic, elastic-perfectly plastic solid with Young’s 
modulus  𝐸𝑚= 3 GPa, Poisson’s ratio 𝑣𝑚 = 0.3 and yield strength 𝜎𝑦𝑖𝑒𝑙𝑑 = 120 MPa, 

representative of an epoxy resin.  

 

 

 

 

 

 

 

 

 

 

 

 

 

The 2-D geometry of the SVEs was discretized using 4-noded plane strain quadrilateral CPE4 
elements of Abaqus, following a mesh convergence study.  Three quasi-static loading cases 
were considered as shown in Fig. 2: uniaxial tension in directions 2 and 3, as well as pure 
shear. To ensure an elastic-plastic transition in all cases, macroscopic normal or shear strains 
up to 4% were imposed. Following the analysis, the homogenized transverse Young’s moduli 
𝐸22 and 𝐸33, the transverse shear modulus 𝐺23 and the transverse normal yields 𝜎22, 𝜎33 were 
obtained. The yield strengths were evaluated as the flow stress at plastic normal or shear 
strains of 0.2%. The yield strength in shear 𝜎23 was not included in the deep learning exercise, 
due to difficulties in convergence of some of the FE simulations for this property. 

Only 1485 of the 1800 computer-generated microstructures were collected, i.e. those for which 

all the 5 elastoplastic properties were obtained from successful FE simulations. The resolution 

of the images used influences the accuracy of the machine learning application, but also the 

computational time associated with the training process. In this study we do not perform a 

dimensionality reduction step as in [17]; therefore, a resolution of 200 by 200 pixels is chosen, 

downsizing the original high-resolution images, to reduce the computational cost of the training 

process while ensuring a sufficiently detailed description of the geometry. The resulting input 

images were converted to square matrices of the form, 

𝑋𝑖 = [
𝑃1 ⋯ 𝑃200

⋮ ⋱ ⋮
𝑃39801 ⋯ 𝑃40000

],   𝑖 = 1,2, … ,1485         (1) 

where 𝑃𝑗 is a binary pixel variable and  𝑗 = 1,2, … . ,40000. The completed training dataset D is 

the combined list of the input arrays 𝑋𝑖 and their corresponding output vectors 𝑌𝑖 

                              𝐷 = [
𝑋1, 𝑌1

⋮
𝑋1485, 𝑌1485

].                                                    (2) 

Figure 2: Schematics of the applied loading on the microstructural volume 

element: (a) uniaxial tension in direction 2, (b) uniaxial tension in direction 3, and 

(c) pure shear in the 2-3 plane. 
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2.3.  Fully connected Neural Network 

A Neural Network or an Artificial Neural Network (ANN) is a network of neurons. An artificial 
neuron is a unit performing a sequence of mathematical operations that mimics the function 
of a biological neuron. Specifically, as it can be seen from Fig. 3, dendrites are represented 
by the product of inputs 𝑥𝑖 by constants 𝑤𝑖 (weights) and are responsible for the connection 
between the input and the cell body. Subsequently, all products 𝑥𝑖𝑤𝑖 enter the ‘cell body’ of 

the artificial neuron, where they are summed, and a constant value 𝑏 (bias) is added to the 
result of this summation. Finally, in order to determine whether the neuron will activate and 
propagate an output ‘signal’ 𝑦, a non-linear activation function 𝑓 is applied to the result of this 
calculation. The artificial neurons are assembled to form a layer and a series of such layers 
are stacked, such that the output of one neuron 𝑦 on a particular layer becomes the input 𝑥 to 
one or more neurons in the following layer. With this structure, one can create an ANN model. 
An ANN model is called an FcNN when each layer in the ANN is a fully connected layer. A 
fully connected layer is one where each neuron in one layer is connected to all neurons in the 
succeeding next layer [20].  

In this article five identical fully connected neural networks are designed. Each of the networks 
receives as input a microstructural image and predicts independently one of the five 
mechanical properties of interest (𝐸22, 𝐸33, 𝐺23, 𝜎22, 𝜎33). In Fig. 4, the chosen architecture of a 
single FcNN is shown. The single FcNNs each consist of five layers: an input layer, three 
hidden layers and an output layer. The input layer receives the microstructural image and 
therefore possess 40000 binary neurons. The three hidden layers have respectively 256, 128 
and 64 neurons and a sigmoid is used as the activation function for all. Finally, the output layer 
has one neuron, whose output is the final prediction of the model. To increase the 
generalization of the model and avoid over-fitting, two dropout layers of 50% probability each 
were included, after the first and the third hidden layers. A dropout layer randomly drops out 
certain nodes from the model with a given probability, to avoid over-fitting the outputs to the 
given data [21]. The architecture of the FcNN was the result of a systematic iterative process 
aimed at maximising accuracy while minimising computational efforts. 

Figure 3: A visualization of an artificial neuron 
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Figure 4: Design of a single fully connected neural network (FcNN). 

Figure 5: Example of convolutional operation of one kernel on a 2D binary array. 
w is the weight of the kernel and f is the activation function. The numbers (2), (3), 
(4) describe the direction of the operation. 
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2.4.  Convolutional Neural Network 

A convolutional neural network (CNN) is designed with the capability to predict all the five 

properties of interest using the microstructural image as input. A CNN is a commonly used 

deep learning technique to perform predictions involving imagery data. It consists of 

convolutional layers followed by fully connected layers. A convolutional layer performs a 

convolutional operation to the input image, which is an element-wise matrix multiplication (see 

Fig. 5). The four main parameters of a convolutional layer are the number and size of kernels 

(or filters), the stride and the padding. The kernel is the matrix with which the input image will 

be convolved and whose weights w will be tuned during the training process. The number of 

kernels can be described as the equivalent of the number of neurons in the case of a fully 

connected layer. Each kernel, when applied on the input image, produces an output image, 

thus the number of kernels define the depth of the convolutional layer. The stride is the step 

with which the kernel will scan the input image, while the padding is the addition of extra pixels 

to the image that will be convolved, preventing the image from shrinking. [22] 

 

The design of the convolutional neural network developed in this paper is the result of an 
iterative procedure and it is summarised in Fig. 6. It consists of one convolutional layer and 
two fully connected layers. In particular, the convolutional layer has 32 kernels of size 3x3, 
stride 1 and zero padding (output image retains its size). Succeeding to the convolutional layer 
is a dropout layer of 50% probability, to avoid overfitting and to increase the generalization of 
the model. Thereafter, the 32 output images (i.e., 2D arrays of size 200 by 200 outputted by 
the convolutional layer) are converted to a single vector of 1,280,000 elements and move into 
the following fully connected layer. The last fully connected layer usually referred as the output 
layer consists of 5 neurons containing the predictions of the five mechanical properties 
(𝐸22, 𝐸33, 𝐺23, 𝜎22, 𝜎33). 

 

2.5.  Training process 

The training process of the neural networks is an optimization problem shown schematically 
in Fig. 7. The input data 𝑋𝑖 enters the neural network, which makes a prediction based on its 

initialized weights and biases. Thereafter, the prediction is compared with the target output 𝑌𝑖 
using a loss function which quantifies the error between the predicted output and the known 

Figure 6: Design of the convolutional neural network (CNN). 
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ground truth value. This loss is then passed on to the training algorithm, which updates the 
values of weights and biases, such to minimize this loss function. The search space of the 
loss function is determined by the number of variables (weights and biases) of the model. 
 
 

 
 

 

 

 

 

 

 

 

 

The training algorithm also depends on the parameters listed in Table 1 for the CNN and 
FCNNs used in this study. An epoch is one cycle through the full dataset and consists of 
certain number of training iterations. The batch size is the number of training examples 
(subsets of the full training dataset) in each iteration, based on which the variables of the 
model will update in that iteration. Thus, the number of iterations is equal to total number of 
training examples in the full dataset divided by batch size. In case of a batch size equal to 1, 
an epoch will have as many iterations/variable updates, as the total number of training 
examples. The selected training algorithm for the 2 models was the Adam optimizer [23], which 
is a specifically designed one for neural networks. In addition, to increase the models’ 
generalization and validate their performance, they were trained with a 10-fold cross 
validation. Specifically, the dataset of 1485 microstructures was divided to 10 randomly 
populated subsets (10-fold cross validation), 9-folds of which containing data of 149 
microstructures each and 1-fold of 144 microstructures. 90% of data in the subsets were used 
for training purposes, while the remaining 10% was used for validation. The loss function used 
for both regression models was the mean absolute percentage error (MAPE) which can be 
defined as 

Parameters CNN Fully connected 

Epochs 100 200 

Batch size 128 450 

Cross validation folds 10 10 

Training algorithm Adam Adam 

Loss function Mean absolute 
percentage error 

Mean absolute percentage 
error 

Figure 7: Representation of neural network training process. 

Table 1: Training parameters for the FcNN and CNN models 
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The accuracy of the model is defined as 𝐴 = 1 − 𝑀𝐴𝑃𝐸. In eq. (3), 𝑦̂ are the predicted values 

and 𝑦 are the outputs (ground truth values) forming part from the training dataset. A further 

evaluation of the models’ performance is made via the coefficient of determination 𝑟2 defined 

as 

 

where 𝑦̅ = (∑ 𝑦𝑖
𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑖=0
)/𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠. 

The parameters in Table 1 were chosen after an optimisation procedure evaluating multiple 
combinations of layers (0-4), nodes (8-512), kernels (8-128), activation functions (ReLu, 
sigmoid, tanh), as well as epochs (10-500), batch size (10-450), cross validation folds (2-20) 
and loss functions (mean squared error, mean absolute error and mean absolute percentage 
error). The training of all models was performed on a GeForce RTX2060 GPU. 

 

2.6.  Interpretation of CNN model 

Understanding how an AI-based model decodes the physical correlations between the 
microstructural features and the mechanical properties can be of interest and can lead to 
constructing new constitutive models with the help of explainable artificial intelligence [24-28]. 
Deep neural networks are often treated as black boxes, however, recent advances in the novel 
field of explainable artificial intelligence have greatly improved their interpretability. 
Specifically, for the interpretation of the proposed CNN, we extracted 32 output images, 
corresponding to 32 kernels (or filters) of the network’s single convolutional layer, providing 
an insight of what such convolutional layer detects. An output image from a convolutional layer 
is often called a feature map because it represents the deep features that the convolutional 
layer has learnt. Both, analysing these features and determining what contribution to the final 
predictions each of them carries aids the understanding of the model’s logic.   

Here we apply the Layer-wise Relevance Propagation method (LRP) [19], a backward 
propagation technique specifically designed for explanation of deep learning models with 
proved effectiveness in image applications; it helps quantifying the influence of different 
feature maps for a particular input/output pair and gives us a quantitative insight into the 
model’s decision making. The general propagation rule of LRP is implemented as given by 
the following equation. 

 
Here, 𝑘 and 𝑗 indicate the neurons of two successive layers and  𝑅𝑗: 𝑅𝑗←𝑘 the share of the 

relevance 𝑅𝑘 that is redistributed to neuron 𝑗. The parameter 𝑎𝑗 represent the output value 

(signal) of the neuron j and 𝑤𝑗𝑘 is the weight that connects the two neurons j and k. In Fig. 8, 

a high-level graphical representation of the LRP procedure in a deep neural network is 
provided. We redirect the reader to [19] for additional details. 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖
|

𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠

𝑖=0

 

. 

(3) 

𝑟2(𝑦, 𝑦̂) = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠−1

𝑖=0

∑ (𝑦𝑖 − 𝑦̅)2𝑛𝑠𝑎𝑚𝑝𝑙𝑒𝑠−1

𝑖=0

 (4) 

𝑅𝑗 = ∑
𝑎𝑗𝑤𝑗𝑘

∑ 𝑎𝑗𝑤𝑗𝑘0,𝑗
𝑅𝑘

𝑘

 (5) 
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3. Results and Discussion 

We proceed to present the results obtained using both FcNNs and CNN and the results of 

the interpretation exercise conducted on the CNN model. 

3.1.  Accuracy of the predictions of FE results 

In Figs. 9 and 10, the predicted values of the transverse elastic and plastic properties of the 

material, respectively, are plotted against the finite element predictions for both models. It is 

evident that the predictive accuracy of the CNN is much higher than the FcNNs. This is 

quantified in Table 2, providing the error metrics for both the FcNN and CNN predictions. From 

the table we can see that the CNN model achieved approximately 99% accuracy in both the 

elastic and yield properties, whereas the FcNN achieved approximately 98% accuracy. 

However, it can be noted that the FcNN model has maximum errors in the range 10.9-17.3%, 

while this range is only 2.6-6.6% for the CNN. The considerably better performance of the 

CNN emerges also by comparing the coefficients of determination of the FcNNs and CNN.  

 

 

Figure 8: Schematic of the Layer-wise Relevance Propagation 
procedure. Red arrows indicate the relevance propagation flow.  

Figure 9: Comparison of the model predictions against the FE simulations (ground 
truth) for the elastic properties. The top row corresponds to FcNN and the bottom 
row corresponds to CNN results. 
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We also note that the accuracy of the CNN model is noticeably higher than the regression 

model proposed in [17] using the same dataset, particularly in the yield strengths, despite the 

CNN does not encode the images by a 2-point correlation; the addition of this preliminary step 

might increase the accuracy of the CNN even further. 

The CNN achieved better performance than the FcNNs despite being a single multi-regression 

model with a very simple structure of 1 layer and 4,000,000 variables, compared to 5 

independent fully connected networks of 3 layers and 10,000,000 variables each. It is clear 

that the self-learnt kernels in the convolutional layers are able to learn high-order relationships 

between neighbouring pixels, and are thus able to provide more accurate predictions of the 

elastoplastic properties of UD composites. 

 

Table 2: Predictive performance of fully connected and convolutional networks. 

  

 
Property 

MAPE Maximmum error 𝐫𝟐 

CNN FCNNs CNN FCNNs CNN FCNNs  

E22 0.9% 1.9% 6.6% 16.6% 0.84 0.76 

E33 0.9% 1.7% 5.9% 10.9% 0.84 0.75 

G23 1.3% 1.8% 6.7% 12.4% 0.82 0.76 

σ22 0.2% 1.9% 2.6% 10.9% 0.82 0.47 

σ33 0.3% 2.5% 6.1% 17.3% 0.81 0.39 

Figure 10: Comparison of the model predictions against the FE simulations (ground truth) for 
the yield strengths. The top row corresponds to FcNN and the bottom row corresponds to 
CNN results. 
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3.2.  Interpretation of the CNN model 

In this section we present details of the predictions by the CNN, highlighting correlations 

between the input geometric characteristics of RVEs and the homogenised mechanical 

properties. For brevity we focus here on a composite with fiber volume fraction of 50%. Three 

selected images (out of the 32 feature images corresponding to 32 filters of the CNN model) 

are shown in Fig. 11. In these images the darker and lighter shades represent the undetected 

and detected parts of the microstructural image by three selected filters. This shows that filter 

23 detects the complete interface of the circular fibres, filter 16 detects the material inside the 

fibres and filter 13 detects the remaining portion (matrix phase) of the microstructure. The 

remaining filters detected different portions of the fiber/matrix interfaces; it is anticipated that 

these additional filters would help detecting the presence of fibres of different cross-sectional 

shapes.  

With the use of the LRP method, the contributions of all the filters to the final predictions are 

quantified. Results of this exercise are shown in Fig. 12.  The bar plots show the relevance of 

the features detected by the CNN filters on two properties, namely 𝐸22 and 𝜎22, for two different 

volume fractions used in this study (10% and 60%). It can be observed that, regardless of the 

volume fraction of the microstructure, the resulted feature maps of filters 13 and 16 (matrix 

phase and fibre phase respectively) influence the model prediction the most. As the volume 

fraction increases from 10% to 60%, clearly the dominance of filter 13 (detecting fibers) 

decreases while the relevance of filter 16 (detecting the matrix) increases.  

Taking the case of 10% fiber volume fraction, 57% of the predicted value of the Young’s 

modulus 𝐸22 is ascribed to filter 13 (matrix) and 29% to the filter 16 (fiber). The next highest 

contributing filter, though not easily readable from the figure, is the filter 23 which detects the 

interface between the fiber and the matrix. This indicates that the fiber and matrix phases 

clearly dominate the predictions of the mechanical properties. We note that this is expected, 

as the mechanical response of the interface is not explicitly modelled in the FE simulations 

(i.e. the interfaces play no physical role in our simulations, apart from the geometric role, which 

is however accounted for by filters 13 and 16). 

For the yield strength 𝜎22, 83% of the relevance is attributed to filter 13 and 14% to filter 16, 

for fiber volume fraction of 10%. These two filters combined account for 86% of the predictions 

of 𝐸22 and 96% of the predictions of 𝜎22. In contrast, for a volume fraction of 60%, 8% and 

64% of the predictions of 𝐸22 are attributed to filters 16 and 28, respectively, while these figures 

are 23% and 60% for the yield strength 𝜎22. It is also interesting to note from Fig. 11 that, as 

the volume fraction increases from 10% to 60%, the contribution from the other filters 

increases both for modulus and strength. 

The content of Fig. 13 can be thought of as an ‘AI-based rule-of-mixtures’ derived 

automatically by the CNN using filters 13 and 16, which determine the volume fractions of 

matrix and fibers. The figure summarises the contributions of the two most significant filters 

(13 and 16) towards the modulus and strength for the various volume fractions considered in 

the study. It is obvious that, as the fiber volume fraction increases, the contribution from filter 

16 increases for both modulus and the strength. An interesting observation is that the 

contributions from both matrix and fiber filters varies nonlinearly for modulus and close to 

linearly for the strength. Such trends show how the CNN model has learnt and established the 

‘physical’ correlations between the features of the microstructure and the properties. 
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Figure 11: Feature maps of filters 13, 16 and 23 for a selected microstructural image 
corresponding to 50% volume fraction with 8μm diameter circular fibres. The lighter (brighter) 
pixels are the activated ones and the darker are inactive ones.  

Figure 12: Percentage relevance of the feature map of 32 filters for the prediction of 𝐸22 
and  𝜎22 for RVEs of volume fractions of 10% or 60%, with fibre diameter of 8 μm. The 
results for all the volume fractions are summarised in the plots shown in Figure 13.  

Figure 13: Percentage contribution of the two filters as a function of volume fraction for 
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4. Application to real micrographs 

The models described above were obtained for a single choice of mechanical properties for 

the fibers and matrix. Within the assumptions made in the FE simulations (isotropic linear 

elasticity for the fibres and matrix, incompressible J2 plasticity with isotropic hardening and 

perfectly plastic strain-hardening for the matrix), the five homogenized elastic-plastic 

properties predicted by the simulations depend on five physical parameters, in addition to the 

geometry of the microstructures: the elastic constants for the fibers (𝐸𝑓= 30 GPa, 𝑣𝑓  = 0.2) and 

the matrix (𝐸𝑚= 3 GPa, 𝑣𝑚 = 0.3) and the yield strength of the matrix (𝜎𝑦𝑖𝑒𝑙𝑑 = 120 MPa). 

Dimensional analysis dictates that the non-dimensional versions of the five outputs considered 

in this study (obtained normalising the output dividing by 𝐸𝑓, 𝐸𝑚 or 𝜎𝑦𝑖𝑒𝑙𝑑) depend on only four 

independent non-dimensional groups, for example, a non-dimensional modulus /f mE E E= , 

a non-dimensional yield stress /y yield fE =  and the Poisson’s ratios 𝑣𝑓   and 𝑣𝑚. In this 

study it is 10E = , 4 = , 𝑣𝑓  = 0.2, 𝑣𝑚 = 0.3, and the predictions of the AI models can be 

accurate only for this choice of non-dimensional materials properties. While we do not pursue 

this here, the study could be repeated considering appropriate practical ranges of the four 

non-dimensional groups above, to construct a more versatile predictive tool. This is left as a 

topic for future studies.  

An important question to address is whether or not approaches like those presented in this 

paper can be successful when using real microstructure images, in addition to computer-

generated, binary ones. To answer this question we used our predictive CNN on a micrograph 

of a carbon-fibre-epoxy UD composite published in [29]. This paper characterised 

experimentally carbon fibres of 7 m diameter and a neat epoxy matrix by DMTA tests; these 

two components were then used to manufacture a UD CFRP by vacuum assisted infusion, 

and the viscoelastic properties of the CFRP were measured by DMTA at different 

temperatures and frequencies, and also compared to FE predictions (with which they were 

found in good agreement). The measurements on fibres and matrix in [29] gave 𝐸𝑓= 25 GPa, 

𝑣𝑓  = 0.2 and, at 1 Hz and 35°C, 𝐸𝑚= 2.5 GPa, 𝑣𝑚 = 0.38. Therefore, for this CFRP it is 10,E =  

as for the material considered in this study. The Poisson’s ratio of the matrix in [29], of 0.38 is, 

Figure 13: Percentage contribution of the two filters as a function of volume fraction for 
the prediction of 𝐸22 and  𝜎22. The fibre diameter corresponds to 8 μm. 
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however, different from the value of 0.3 used in this study. Further differences are that carbon 

fibres are strongly anisotropic, while the FE simulations in this study assume an isotropic 

response of the fibers; in [29] the (real) materials are viscoelastic and tested subject to strains 

oscillating harmonically, while in our simulations the RVEs are subject to quasi-static, 

monotonic loading. Despite these differences, the material in [29] is reasonably similar to the 

material considered here, especially in consideration of the fact that we are focusing on the 

elastic properties in the (2-3) plane. In this section we attempt predictions of the elastic 

properties in [29] using the CNN developed in this study. 

This is done by analysing an optical micrograph presented in [29] (Fig. 1a in [29]) and 

reproduced in Fig. 14. Fifty square portions were extracted at random locations from this 

image, each measuring 47 m (corresponding to 200 pixels). We note that the average fibre 

radius of the carbon fibres shown in Fig. 14 was of 7 mm, therefore the ratio of side of the 

square to fibre diameter was of 6.7, which falls within the training range for the CNN presented 

in this study. Each of the 50 square portions was converted into grayscale image with the pixel 

brightness ranging from 0 to 255. After normalising the grayscale range to 0-1, we obtain a 

binary image using a threshold value of 0.7. The analysis of these binary figures provided an 

average fiber volume fraction of 58.7%, ranging from 52.5% to 63.2%. Such volume fractions 

are at the upper range of the interval (10%-60%) used to train the CNN. Examples of 2 images 

analysed are shown in figure 15, before and after their conversion to the binary format. 

The images were provided as inputs to the CNN and the values of the mechanical properties 

were predicted. Here we focus on 𝐸22 and 𝐸33, since in [29] only the transverse elastic modulus 

was measured. The CNN predicted an average transverse modulus of 11.6 GPa; the 

distribution of on 𝐸22 and 𝐸33, normalised by the modulus of the matrix used in [29], is plotted 

in Fig. 16. The average non-dimensional modulus predicted by the CNN was of 3.88; the 

authors of [29] measured a corresponding value of 3.63, also confirmed by their FE prediction. 

The difference between the predictions of the CNN, which uses as input only the optical 

micrograph of the material shown in Fig. 14, and the measurements was therefore of only 

6.5%, in line with the maximum error made by the CNN in predicting the properties of 

computer-generated composite microstructures; in consideration of the slight differences in 

properties between the real material in [29] and the virtual material used to produce our 

training dataset, this can be considered an excellent agreement. We note that the CNN can 

also be employed to estimate the spatial variability of the mechanical properties within a real 

material (as in Fig. 16), which is an important input when performing multiscale numerical 

simulations of the response of fibre composites [30]. 

 

Figure 14. Real microstructure of a CFRP composite, obtained using optical microscopy in [29]. 
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Figure 15. Examples of the inputs provided to the CNN, consisting of randomly selected square portions 

of Fig. 14 measuring 200 x 200 pixels. The original figures are shown at the left, the processed binary 

inputs are given at the right.  

 

                  

Figure 16: Probability density function of the predicted normalised Young’s modulus for the material 

in Fig. 14. 

  

5. Conclusions 

Deep neural networks were used to predict the elastic and plastic properties of RVEs of UD 

fiber composites of different volume fraction and fiber radius in their transversely isotropic 

plane, using as inputs virtual or real images of the microstructures of the composites. We 

proposed two models, one based on fully connected neural networks and one based on a 

convolutional neural network. Both models had accuracy greater than 98%, with the CNN 

clearly outperforming the FcNNs.  

Interpretation of the CNN model, usually considered as a ’black box’, was presented, to 

illustrate the ability of the CNN to detect relevant microstructural features and correlate these 
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with the mechanical properties analysed. The Layer-Wise Relevance Propagation method 

was applied to quantify the relevance of the different geometric features detected by the CNN 

on the predicted properties. The study reveals the potential of AI in establishing unidentified 

structure-property linkages which could be highly relevant in complex material 

microstructures. 

The model was trained on computer-generated microstructures and corresponding properties 

as predicted by FE simulations, but it proved accurate also in predicting the measured 

properties of real composites, starting from optical micrographs of modest resolution. 

As the problem at hand depends on a limited number of non-dimensional groups, it would be 

possible, with limited additional training, to implement a flexible predictive tool applicable to 

composites with arbitrary constituents. Finally, the CNN can be used to develop a generative 

multi-network model to designing fibre reinforced composites of tailored properties. These are 

left as topics for future studies.  
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