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Convolutional neural network for predicting crack pattern and s
stress-crack width curve of air-void structure in 3D
printed concrete

Ze Chang, Zhi Wan , Yading Xu, Erik Schlangen, Branko Savija

Microlab, Faculty of Civil Engineering and Geosciences, Delft University of Technology, Delft, the Netherlands

ARTICLE INFO ABSTRACT
Keywords: Extrusion-based 3D concrete printing (3DCP) results in deposited materials with complex mi-
Air-void structure crostructures that have high porosity and distinct anisotropy. Due to the material heterogeneity

Crack pattern
Convolutional neural network
Transfer learning

and rapid growth of cracks, fracture analysis in these air-void structures is often complex,
resulting in a high computational cost. This study proposes a convolutional neural network
(CNN)-based methodology for fracture analysis using air-void structures as input. More specif-
ically, the lattice fracture model is used to build a dataset that comprises input air-void structures
as well as output fracture information, including the crack patterns and crack-width curves. To
establish the relationship between crack morphology and associated microstructures, a U-net
convolutional neural network is first presented. With the obtained crack pattern as input, the
principal component analysis (PCA) and CNN are then integrated to predict the stress-crack width
curves. The predicted results from the CNN model demonstrate a quantitative agreement with
lattice numerical analyses, with 0.85 Intersection over Union for crack patterns prediction and
0.75 R for the stress-crack width curves prediction. This indicates that CNN models can be used
as an alternative to traditional numerical analysis. The feature maps during the convolutional or
deconvolutional process are given to explain why the proposed CNN models perform well on
fracture analysis of the air-void system. Moreover, the model generalization is discussed using
transfer learning with fine-tuning to show the model potential on microstructures expressing
varied pore information. In the end, the microstructures cropped from XCT are created to explore
the further application of CNN models on fracture analysis of 3D printed materials.

1. Introduction

3D concrete printing (3DCP) is considered an ongoing revolution to modernize construction. This emerging fabrication technique
can produce complex structural components while reducing the use of formworks. Such an additive manufacturing method enlarges
the possibilities in producing elegant, labour-saving building components with minimal material use, and speeds up the production

Abbreviations: 3DCP, 3D concrete printing; LSTM, Long short-term memory; RNN, Recurrent neural network; PCA, principal component analysis;
CNN, convolutional neural network; FEM, finite element method; ML, machine learning; IoU, Intersection of Union; CEV, cumulative explained
variance; MSE, Mean Squared Error; ReLU, Rectified Linear Unit; GPA, Global average activation function; TL, transfer learning.
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process considerably [1,2].

A price is, however, to be paid for these advantages. In contrast to the conventional construction methods, a weak zone is created at
a layer-by-layer interface due to the extrusion process, resulting in material anisotropy; this significantly affects the mechanical be-
haviours of 3D printed samples, such as tensile and flexural strength [3,4]. Recent experiments study the impact of printing parameters
and curing conditions on the interlayer bond strength of 3D printed samples [4-8]. These findings suggest that the interlayer bonding
(i.e., the interparticle friction and cohesion between adjacent layers) is determined by the air void distribution, the connectivity of the
capillary pore structure and the mechanical strength of the cementitious matrix at the interface [3,9,10]. A deeper insight into the air-
void effect on interlayer bonding strength is obtained from numerical analyses, from which the impact of air-void size and distribution
on material properties and fracture behaviour is quantitatively studied [4,5,7,11,12]. Although these simulations provide an in-depth
explanation for the fracture mechanism of air-void systems, the complexities caused by the heterogeneity still put burdens on
computational efficiency. Most numerical models used are computationally expensive since a fine mesh is required to accommodate
stress concentration near the crack tip. In addition, high-quality meshes and complicated re-meshing are required in the finite element
method (FEM) to handle non-continuum interface due to crack generation and growth [13-17].

Therefore, a powerful and highly efficient tool is required to handle these challenges. A machine learning (ML) approach can
accurately capture the importance of input features to make intelligent decisions. Recently, this advanced technology has been applied
to mechanical analysis [18-22], structure optimization [23,24], mix design [25-27], and health monitoring [28,29]. Such machine
learning-based models do not require significant human intervention and knowledge of fracture mechanics, while they can efficiently
build the relationship that involves the features extracted from the inputs and outputs.

The convolutional neural network (CNN) is a type of artificial neural network and it can be regarded as a standout image iden-
tification method among ML algorithms. In light of image processing, traditional neural networks must import the images in the form
of reduced-resolution pieces. In contrast, the CNN has a system like a multilayer perceptron which avoids the piecemeal image pro-
cessing issue. This removal of limitations and increase in efficiency for image processing ensure a far more effective system for image
analysis. Previous studies show that the CNN has a superior performance in structural health monitoring tasks such as identification
and segmentation of concrete cracks [30,31]. In addition, CNN has also been adopted for discriminative refocusing of microstructural
images [20,32] and phase-detection [33], which verify the application of CNN in material science. Recently, several researchers
explored the application of CNN in predicting mechanical behaviours of heterogeneous materials [20,34,35]. Yang et al. [20] com-
bined the CNN and principal component analysis (PCA) to predict the stress—strain curves of binary composites over the entire failure
process. A mean absolute error below 10% can be derived for model performance evaluation. Similarly, Kim et al. [35] adopted CNN to
predict and validate the transverse mechanical properties of complex, unidirectional composites considering the interfacial demolding.
These successful cases confirmed that the CNN model can efficiently clarify the relation between the microstructure and material
properties. In the context of fracture analysis, several machine learning methods have been proposed to conduct fracture analysis in
different materials [36-40]. They can be divided into two categories based on the expected outcome, i.e., the fracture parameters and
crack pattern prediction. The ability to predict the crack pattern allows for a comprehensive understanding of fracture behaviour.
Several noteworthy studies can be found in the literature [36,37,40,41]. Hsu et al. [36] combined the CNN and Long short-term
memory (LSTM) to predict the fracture patterns in crystalline solids. The predicted results show excellent agreement in terms of
computed fracture pattern. Similarly, Elapolu et al. [37] adopted a machine learning model to predict the brittle fracture of poly-
crystalline graphene subjected to tensile loading. The predicted crack growth agrees well with the molecular dynamics simulation.
Wang et al. [40] adjusted a deep learning model, StressNet, to simulate the entire sequence of internal stress distribution with the crack
propagation and initial stress as input. A typical feature of these machine learning techniques is to combine CNN and Recurrent neural
network (RNN). In particular, the CNN model aims to extract features from the input images, and RNN can learn the connectivity of
elements in a sequence. Through this method, the crack pattern is represented through the pixel value in the output image that is
usually transferred or reshape from a vector after fully connected layer. Therefore, the entire crack information is represented by a
series slice of image and each slice is computed through one round learning process. In this work, a U-net model is employed to directly
predict the crack morphology image based on the material microstructure and the air-void system. The entire crack information is
present through a matrix after one cycle of learning. Through this improved method, the fracture behaviour of the 3D printed materials
will be studied instantaneously for the first time, avoiding the computational costs associated with traditional numerical analysis.

In this study, two databases that contain different air-void digital images were first created based on the air-void distribution in
3DCP. The lattice fracture model was then utilized to get the stress-crack width curves and crack patterns for input microstructures
subjected to uniaxial tension. A U-net CNN was proposed to establish the relationship between the crack pattern and corresponding
binary image. Based on the microstructural cracks, a CNN model combined with PCA was then trained for stress-crack width curve
prediction. The model performance was evaluated by a customized loss function, R and Intersection over Union (IoU). Finally, a
discussion about model generalization is given using the transfer learning with fine-tuning.

This work is structured as follows. Section 2 provides the physical theory of the lattice fracture model and the procedures of
database generation. Then, an introduction about the model architecture and customized parameters is given in Section 3. Model
performance is presented in Section 4, together with the generalization capability of learning algorithms.

2. Lattice fracture model
3D concrete printing produces air-void structures with obvious anisotropic behaviour in terms of uniaxial tensile strength [4,7].

This can be partly attributed to the air-void distribution due to the layer-by-layer technique. To study the impact of air-void distri-
bution on mechanical and fracture behaviour, the lattice fracture model is adopted to do the computational uniaxial tensile tests of air-
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void structures. Numerical modelling has been utilized since the early 90's for fracture analysis in composite materials such as concrete
and mortar [17,42,43]. Recently, numerical modelling has been extended to model the mass transfer [44] and 3D concrete printing
[45]. In general, the lattice model comprises two advantages: (1) In contrast with FEM-based methods, the lattice model can avoid
singularity-related issues based on discontinuous formulation; (2) Material heterogeneity is easily implemented in lattice models.

2.1. Basic principles of the lattice model

In the lattice model, the continuum object is schematized as a network of Timoshenko beams that can transfer normal forces, shear
forces and bending moments. The model is subjected to external loading and boundary conditions. Then, a series of linear elastic
analyses are conducted by computing the comparative stress of each element using the following equation.

o = {IN§+{XM(|MII7|‘fVWI|)maX (1)

in which A is the cross-sectional area and W refers to the bending moment resistance, both are identical for all elements; i and j are

two adjacent lattice nodes of each element in the local coordinate system. N and M represent normal force and bending moment which

act on lattice elements. Also, ¢ is the comparative element stress after each step analysis. Two coefficients, namely, ay and ay;, govern

the impact of normal force and bending moment on material failure. Based on our previous research [17], their values are adopted as
1.0 and 0.05.

During the numerical analyses, the prescribed displacement is applied into the system until exactly one lattice element reaches the
material tensile strength. This element is then removed from the lattice model, representing a small crack during loading process. The
model is then relaxed and this loading procedure is repeated with the updated structural stiffness until the lattice mesh breaks into two
parts.

2.2. Air-void structure generation

To create a database that mimics an air-void systems in 3DCP, a fundamental understanding of air-void characterization of a 3D
printed sample is required. Fig. 1 describes the air-void distribution along with the height of 3D printed sample in micro-scale (i.e., the
cumulative air-void content of each row in the binary image), and detailed information about this sample can be found from our
previous research [5]. It can be illustrated that the printed specimen exhibits a much higher local porosity at the interlayer zone in
contrast to the printed layers zones.

In view of the air-void characterization of 3D printed sample, a microstructure generation algorithm is developed through a
MATLAB-based code, which enables the creation of a two-phase material structure (i.e., air-void and solid phase). Considering the
computational capacity, the binary image is set to 32 by 32 pixels, in which the maximum number of pores is 6. According to the air-
void distribution in 3D printed sample, the air-voids are generated along with image height using normal distribution function (mean
value is 16 and the standard deviation is 8). In this way, an air-void has the largest probability to be placed on the interlayer zone, as
shown in Fig. 2 (a). Here, two distinct datasets with different characteristics of air-void information are built. Group 1, which contains
microstructures with the three air-voids of 3.5 mm diameter, is created for model training and testing, as shown in Fig. 2 (b). On the
other hand, group 2 with quite different features in terms of size and number of air voids is adopted to discuss model generalization.
The typical microstructures from dataset 2 can be found in Fig. 2 (c).

These pixel-based material structures are then mapped onto a lattice mesh to implement the material heterogeneity. Different local
mechanical properties are assigned to lattice elements based on node positions. Fig. 3 describes the detailed procedures as follows: (a)
The continuum object is divided into a grid of cells. (b) A sub-cell is generated in the centre of each cell, and a lattice node is placed in
the middle of this sub-cell. (c¢) Timoshenko beams are utilized to connect the adjacent lattice nodes (horizontal and vertical).

2.3. Computational uniaxial tensile test
A typical example of lattice mesh derived from the binary image is shown in Fig. 2 (a). The fracture analyses of air-void systems are

then performed subject to uniaxial loading, with the bottom fixed and a prescribed displacement applied on the top side, as shown in
Fig. 4 (a). Local mechanical properties of the matrix, including the elastic modulus E, shear modulus G, and tensile strength f; are

Air void%

3D printed sample GSV image Binary image Air-pore analysis

Fig. 1. Illustration of microstructure and air-void analysis of 3D printed sample [5]
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Fig. 2. A schematic overview of generalized microstructures (a) air-void distribution; (b) microstructure from dataset 1; (c) typical microstructures
from dataset 2.
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Fig. 3. Illustration of lattice model generation: (a) digital material structure; (b) lattice nodes in mesh system; (c) the overlay procedure for 2D
lattice mesh (red-air voids, grey: solid phases); (d) the meshed 2D lattice network;

derived from previous research [7]. In each analysis step, the lattice beam with the highest ratio of stress and strength is marked and
removed from the mesh system to mimic a small crack, as shown in Fig. 4 (b). Two adjacent lattice nodes connected by a broken
element represent a crack pixel, thus, the crack pattern can be derived for a given binary image (as shown in Fig. 4 (c)). From the
analysis, a stress-displacement response at each step can be derived. Since the lattice model adopts the sequentially-linear analysis
method, snap-back behaviour can be observed in the simulated response, as shown in Fig. 4 (d). For more detailed information about
the crack behaviour, it is possible to eliminate the elastic deformation from the stress-displacement curve to get the stress-crack width
diagram, as shown in Fig. 4 (e). This relationship is then collected as a stress vector, which represents the stress-crack width curve via
an array of stress values which are evaluated at 101 points with a 0.1 micro interval, as shown in Fig. 4 (f). This stress vector is adopted
as the target in CNN model for stress-crack width curve prediction.

3. Methodology

This study proposes two CNN models to replace the conventional FEM models for mechanical and fracture analyses of air-void
systems. The goal of the first model is to reproduce the crack pattern based on the microstructure while the second one aims to
predict the stress-crack width curve with the crack pattern as input. The microscale lattice model for the uniaxial tensile test is adopted
to create a dataset. Here, the database from group 1 is employed to train and validate the CNN models. The dataset from group 2 is
adopted for discussion of model.

3.1. U-Net model for crack pattern prediction

This section proposes a U-net CNN model to clarify the relationship between the crack pattern and microstructure consisting of air-
voids and solid phases. The Intersection over Union (IoU) is employed to evaluate model performance (see Eq. (2)).

3.1.1. IoU identification

The inherent problem of crack prediction is a classification problem, in which each pixel needs to be labelled as either a crack or a
solid phase. This kind of classification problem generally adopts the metrics to assess model accuracy, in which the model performance
is evaluated using the ratio between the correct predictive quantity and the total number of predictions. This kind of binary/multi
classification makes computing accuracy straightforward. However, it is not suitable for crack prediction as the small amount of crack
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Fig. 4. (a) The lattice mesh with boundary condition (b) Simulated crack pattern using the lattice model (black: crack) (c) Output crack pattern in
CCN (Gray: crack; white: pore; black: solid-matrix) (d) The simulated stress-strain curve in lattice model (e) the simulated stress-crack width di-
agram (f) model target for stress-crack width prediction.
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in this research may produce ‘fake’ high accuracy using binary classification. The Intersection over Union (IoU) is a standard index for
semantic segmentation problems [46]. This study adopts it to evaluate model performance, which is the overlap ratio of the predicted
crack zone and the numerical results derived from the lattice fracture model. The calculation method and relevant cases can be found
in Eq. (2) and Fig. 5. When comparing the predicted crack pattern (two phases: solid and crack) with the microstructure only including
the solid phase, the computed IoU is around 0.47 which suggests a large space for model training.

Overlap

IoU = (2)

Union

3.1.2. U-net CNN model design

This study aims to predict the crack pattern image with the same dimensional information of input microstructure, it requires a
network to describe the rough feature map and then fills in details. U-Net is a CNN model in symmetric U shape that was developed for
biomedical image segmentation at the Computer Science Department of the University of Freiburg [47]. The model reproduces the
image information including segmentation or localization with the same dimensions as the input image. In this study, the model
framework is inherited from previously published research work [47], with the majority of hyperparameters remaining the same. The
hyperparameter analyses are therefore not extensively performed herein. In detail, U-net includes two blocks, as shown in Fig. 6. The
first path is the down-sampling block (also named the encoder), which was composed of a sequence of convolutional layers using the
Rectified Linear Unit (ReLU) activation function and max-pooling layers. The goal of this block is to extract and capture the context in
the input image. The convolution and pooling processes generate smaller feature maps than the input binary image. Therefore, an up-
sampling path or a decoder is required to expand the feature maps, and it enables precise localization through transposed convolutions.
This up-sampling block that contains a series of deconvolutional and convolutional layers is combined with the concatenation process
with relevant feature maps from the down-sampling process. These feature maps from the down-sampling process carry lots of spatial
information and are then connected to the feature maps in the decoder path. Many feature channels in the expansion path are obtained,
and they allow the network to pass the context information to higher resolution layers.

The decoder process is approximately symmetric to the encoder path in the U-net framework. Detailed information about the model
architecture can be found in Fig. 6. A binary image depicting a specific microstructure is fed into the U-net model as input. Then, this
image is processed through two convolutional layers and activated by the ReLU function. Subsequently, the stacked feature maps
derived from the convolutional layers are processed via Conv block 2 to Con block 5, each of which contains one max-pooling layer and
two convolutional layers followed by ReLU activation functions. The feature map from the encoder’s last logit is processed by a single
up convolutional layer during the up-sampling process. This result is then concatenated with the feature map from the encoder process
with the same spatial resolution. After that, two convolutional layers and one deconvolutional layer are utilized to analyze and form a
new feature map. This process is repeated three times until the size of the feature map is equal to the input image. The final computed
feature map is processed by two convolution processes, and the crack pattern can eventually be obtained. For model training and
validation, the total dataset is 193,989. This model uses a split train-test dataset ratio of around 95:5, in which the test set size is
roughly 9,000 and enough for model validation. The batch size for all sets is set to 64 and the learning rate is 0.0003 using Adam
optimizer.

3.1.2.1. Deconvolutional layer. In the U-net CNN model, the down-sampling block convolves the input image to a rough image with
low resolution and high-level description. Considering the predicted crack patterns are in the same dimensional information as input
microstructures, it requires the network to describe the rough feature map and then fill in the details. The deconvolutional layers
provide the solution to extract information of each point from the input feature map to reproduce a larger one. The deconvolution
operation is carried out by sliding a filter (i.e., deconvolutional kernel) over the rough image step by step Fig. 7. During every sliding
operation, the coved area by the filter is called the receptive field, which is composed of a matrix of greyscale values. Like the
convolution process, the dot product computed by the filter and matrix is taken as the local feature of the input image for subsequent
layers.

3.2. CNN model for stress-crack width curve prediction

3.2.1. Principal component analysis (PCA) for dimensionality reduction
Besides the crack pattern, stress-crack width curve is another descriptor that reflects the impact of microstructure and crack growth
on mechanical behaviour. Considering that the stress-crack width curve is represented by a vector of stress values comprising 101

loU= —— B

IoU=0 IoU=1/7 IoU=1

Fig. 5. A schematic diagram of an IoU computation and typical examples.
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displacement points with a 0.1 micro interval, this high dimensionality of the dataset significantly increases the difficulty of the
prediction model. The principal component analysis (PCA) is used to analyze the relationship among the inputs and reduce the
dimensionality of the stress vector, thereby decreasing computational cost.

PCA is a multivariate technique and its fundamental principle is to reduce the dimensionality while keeping most features of the
original dataset through limited inter-correlated quantitative dependent variables. During the dimensionality reduction process, the
size of the original data is compressed by retaining important features. A simplified description is proposed to represent a similar
pattern of observation using several dependent parameters, which are derived after handling the heterogeneous sets of variables. These
new variables called principal components keep the linear combination of the original variables, which are eigenvectors of the
covariance matrix of the original data. The first principal component has the largest possible variance to describe the characteristics of
the data table. The other components are computed under the constraint of being orthogonal to each other.

In this study, the stress-crack width curve of the dataset is expressed as X matrix with n x m dimensionality, in which each row
represents an individual dataset and each column provides a stress value at a given strain interval. Considering that the strain vector
adopts the same values and lengths across all datasets, only the stress vector is passed to the X matrix for dimensionality reduction
through PCA. The matrix X with column mean is calculated by centralizing the matrix X based on the mean of each column (i.e., y)
[20].

X=X-u 3

The principal component transformation is then computed through the singular value decomposition (SVD), shown in Eq. (4).
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X =Uzw" 4

where U is an n x n matrix in which the columns are orthogonal unit vectors; X is an n x m diagonal matrix storing positive singular
values (i.e., square roots of the principal component variances); W' includes the principal components in the order of decreased
variance explained A which are computed based on singular value decomposition of the covariance matrix. Using this technique, each
dataset can be transformed by projecting the stress vector into a new set of coordinates with lower-dimensional latent space. The
cumulative explained variance (CEV) represents the summation of eigenvalues normalized by the sum of eigenvalues with the number
of r, shown in Eq. (5).

CEV(r) = _"h/> ™) (5)
i—1 =1

In this study, the open-source Python scikit-learn package [48] is employed to implement PCA for dimensionality reduction. After
dimensionality reduction, the proposed CNN model can learn more efficiently under a lower-dimensional space. Therefore, a higher
accuracy with the same training data can be obtained using the identical CNN architecture.

3.2.2. Model evolution

In PCA, each eigenvalue allows for the explained variance (i.e., proportion of variance accounted for) of the relevant principal
component basis-vector. To denote their different weights in the CNN model towards stress-crack width curve prediction, a customized
loss function (adjusted Mean Squared Error (MSE)) and an evaluation index (adjusted coefficient of Determination (Rz)) are con-
structed. In the customized loss function (i.e., adjusted MSE) and model evaluation coefficient (i.e., adjusted Rz), the principal
components with higher explained variance are weighted heavier than those with low explained variance, as shown in Eq. (6) [20].

e Ai \ 2
AdjustedMSE = _< o )
ljuste ; ;zzllk Yij = Y;

n * 2
A B > (Yﬂf - ny)

AdjustedR?* = Z

1
EDNE B S

where the y;; and y; jrefers to the actual and predicted values of i-th sample in j-th feature, and y; is the mean value of calculated stress

©)

on j-th column. Using the adjusted MSE and R%, each component in the stress vector has its specific component coordinate to interact
with our CNN about their different importance for model training and model performance evaluation.

3.2.3. CNN implementation and training

In this section, based on the previous research work [20], a CNN model is utilized to predict the reduced-dimensional stress-crack
width curve using the microstructural crack as input. The number of the dataset is 132,883. This model uses a split train-test dataset
ratio of 94:6, in which the test set size is roughly 8,000 and enough for model validation. The batch size for all sets is set to 64. A
shuffling strategy is adopted to enable the CNN model to efficiently learn and extract the features of microstructures without the
impact of sequence. This CNN model is built on the torch backends. The Adam optimizer with a learning rate of 0.0001 is employed to
update the weights of trainable parameters during backpropagation.

In this study, the fully convolutional neural network with 4 Conv blocks is adopted, which is shown in Fig. 8. There are 6 kinds of
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Fig. 8. CNN architecture (C#: Convolutional layer; B#: Batch normalization layer; P# Max pooling layer; GPA: Global average activation function;
LR# activation layer).
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layers in this network, namely the convolutional layer, ReLU, Batch Normalization layer, max-pooling layer, global pooling layer, and
linear activation layer. Fig. 8 shows that the input layer receives representative microstructures in binary images. These images are
then passed into the first Conv block including two convolutional layers with ReLU activation function followed by Batch Normali-
zation. Subsequently, these stacked feature maps produced by the first Conv block are analyzed via Conv block 2 to Con block 4. These
3 blocks share the same architecture, i.e., three convolutional layers using a ReLU activation followed by Batch normalization and max-
pooling layer. In the end, the stacked feature maps are flattened using a global max-pooling layer to derive a vector with the size of 512.
A liner activation layer is adopted to transfer this vector into 24 scalars, which is the decreased dimensionality number after PCA.

3.2.3.1. Consecutive convolutional layer. In the CNN model, the convolutional layer is what makes the CNN model stand out from
artificial neural network when it comes to image identification. It can be seen from Fig. 9 that the convolution operation is essentially a
step-by-step sliding process of a filter (i.e., kernel) over the whole binary image. The filter is a matrix consisting of a series of trainable
parameters with a size smaller than the input image. The area corresponding to the convolutional filter is defined as the receptive field,
which is a matrix of greyscale value and whose size is equal to that of the filter. In the convolutional layer, the dot product computed by
the filter matrix and receptive filed matrix is derived. The local features of the input image are then extracted to form new features,
which are activated using a non-linear function such as ReLU. The output feature map is then transferred to the subsequent con-
volutional layer. During the convolution operation, the filter plays a dominant role in the formation of a feature map. A larger filter
produces a larger receptive field including more information at each step. However, it also puts a burden on the computational ca-
pacity. Here, considering the computer memory and processing time, the filter with the size of 3*3 and stride of 1 is employed for
feature extraction.

3.2.3.2. Pooling layer. Besides convolutional layers, the pooling layer is another module to distinguish CNN from other ML networks.
After the convolution operation, the derived feature map usually has largely augmented dimensions, which raise a problem of
computational inefficiency. In the view of this case, the pooling layer is incorporated into the CNN model to decrease the dimension of
the feature map and retain the important information extracted from the convolutional layer. Fig. 10 describes how the pooling layer
works in CNN. Like the convolution process, a pooling filter is incorporated into the pooling layer to slide over the feature maps. The
part of feature maps covered by the pooling filter is the pooling field, in which the max or average value is computed to form the
downscaled feature map. In this study, the max-pooling layer with the filter size of 2*2 and stride of 2 is utilized to decrease the
dimensionality of the feature map. After all convolution processes, a global average pooling layer is employed to calculate the average
feature map in each channel and generate a 1D vector for the next dense layer, as shown in Fig. 8.

3.2.3.3. Activation function. The activation function plays a significant role in introducing nonlinearity to the ML network. In general,
the sigmoid or tanh function are the commonly utilized activation functions in Artificial Neural Network. However, this type of highly-
nonlinear function puts the limit on the output, resulting in high computational cost. Therefore, the kind of activation is not favorable
for CNN model which has a high requirement on computational capacities. To tackle these issues, the ReLU function without the
limitation on output is utilized after every single convolutional layer.

Receptive field

Filter at step 1 — Calculation process
Y SN

i all | al2 | al3 rll | r12 | rl3
VOl 4 a2l | a22 [ a23 | @ 21 | 122 | 123
%

T T 7 1 a3l | a32 | a33 |90t | 131 [ 32 | 133

A /// :
/’/ % Receptive field —
//// Value=allxrll+al2xr12+al3xrl3+a2
/ Ixr21+a22xr22+a23xr23+a31xr31+a3
‘ 2xr32+a33xr33
Feather map Element in feature map=ReLU(Value)

= Tnput binary image

Fig. 9. Description of the convolution operation.



Z. Chang et al. Engineering Fracture Mechanics 271 (2022) 108624

Pooling stride
Receptive 21-2|-5] 3 |-6| Maxpooling
field
1|1]3]2]s 31l s
Filter 1{0|2(4]0/|-5 41056
31415 216 3 7[5
1(-1|{7-2]2|3
Downscale feature map
2(3|2|5|1]|5
Feather map

Fig. 10. Example for max-pooling layer.
4. Results and discussion
4.1. Crack pattern prediction

4.1.1. Model performance

In the lattice model, the crack pattern is a step-dependent descriptor of fracture behaviour, in which the number of broken elements
depends entirely on the analysis step. As a data-driven method, the performance of CNN model for crack prediction is also highly
influenced by the given crack patterns. Here, under the uniaxial tensile loading, a growing number of lattice elements are removed
from the system to represent cracks. These broken elements eventually separate the numerical model into two parts, as shown in
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Fig. 11. Crack pattern for given microstructures (a) crack pattern in lattice model (b) crack pattern in digital image (gray: crack).
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Fig. 11. It can be seen from the Fig. 11 the distribution of air voids within two microstructures significantly influences the crack
patterns. In the first microstructure, a horizontal crack appears along with two pores at the mid-height, which is the weakest zone in the
sample. In contrast, the second microstructure produces a complex crack pattern. The cracks initialize from the pore and propagate to
the left and right boundary. This deformed structure results in a rotation on the zone around the middle pore. Another two cracks
generate from the pore and develop to the neighbor pore and left boundary. The whole structure is then under the non-uniform
deformation and eventually split into two parts. The detailed process of crack initialization and propagation can be found in
Fig. 12. After structure fails, a complex crack pattern can be derived for this given microstructure.

For model validation, six randomly selected samples of predicted versus actual crack patterns are provided in Fig. 13. The first three
microstructures process simple crack patterns and the U-Net CNN model predicts the same results. When comes to another three
microstructures, the crack initialization and propagation are affected by external tensile loading and local rotation caused by the
deformed structure. In the end, complex crack patterns can be found, like Fig. 11b. Based on the comparison results, it can be found
that the U-net model achieves high prediction performance in testing data, with IoU being around 0.84. It demonstrates that U-Net
model can correctly establish the relationship between the crack pattern and microstructure. This U-Net CNN model provides an
alternative method for fracture analysis of composite materials with the input of the corresponding microstructure.

4.1.2. Feature map

This section discusses how the proposed U-net CNN model captures the features from the input binary image and gives the cor-
responding prediction on crack patterns under uniaxial tensile strength. Fig. 14 describes the feature maps derived from the con-
volutional layer in each Conv or Up-conv block. Since the convolution or deconvolution operation produces a series of feature maps
whose size is equal to the channel size, the summation of these feature maps is computed along with the channel dimensionality to
generate the results (as shown in Fig. 14). This model takes the binary image consisting of solid and air-void phases as input. The
features in terms of the pore position are extracted and the derived feature map is close to the input microstructure. As it goes to the
deeper Conv block, more details are extracted, therefore, the computed feature maps become abstract and uninterpretable. During the
deconvolution process, the feature maps on small scale are utilized to extract information of each point to reproduce a larger image. In
the last two feature maps, a clear feature map can be obtained, which correctly extracts the pore information and predicts the crack
position. The pixels between or around the air-void zone have a deeper color after the convolution or deconvolution process, which
suggests the crack initialization and propagation. This can provide some evidence that the U-net CNN model can extract the air-void
information from the microstructure and output the correct crack pattern.

4.2. Stress-crack width curve prediction

4.2.1. Visualizing PCA

Considering the stress-crack width curve has a linear portion, the whole curve can be presented using a dimensional vector less than
101. To better understand the role of PCA in efficiently capturing the information stored in the stress-crack width curve, Fig. 15 (a)
describes the relationship between the number of exponent principal components (r) and cumulative explained variance (CEV). Fig. 15
(b) lists the explained variance for the first 24 principal components. It can be illustrated that the first principal component has a
cumulative explained variance around 0.4 and the first 24 principal components enable to represent the whole stress-crack width curve
with cumulative explained variance higher than 99%. Through PCA, the lower-dimensional dataset with negligible loss of information
about the stress-crack width curve can be derived, which ensures higher efficiency of model training. Three randomly chosen examples
are given to demonstrate the difference between original and PCA inversed results (see Fig. 16).
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Fig. 12. Crack initialization and propagation under the uniaxial loading (white: crack element).
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Fig. 13. Six random selected samples from test dataset for model evaluation (Gray: crack; white: pore; black: solid-matrix).
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Fig. 15. (a) The relationship between the number of components after dimension reduction and cumulative explained variance (b) The explained
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4.2.2. Model performance

In Fig. 17, six test samples that contain the stress-crack width curves are randomly selected to compare the prediction results from
the CNN model and the lattice numerical analyses. The model performance during the training process is described in Fig. 18. The
predicted results and model performance demonstrate that the proposed CNN model can accurately capture and learn the complex
behaviour from the microstructures and establish the relationship between the digital images and stress-crack width curves. Besides,
this new proposed model is more suitable for material properties prediction such as elastic modulus and strength since the predicted
result becomes a scalar.

4.2.3. Feature map
This section explains how the proposed CNN model captures the features from the input binary image and forms the corresponding
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Fig. 17. A randomly chosen set of 6 predicted stress-crack width curves compared to the actual results from lattice model.

feature map for the next layer. As discussed in Section 3.2.3.1, through the step-by-step sliding process, the local feature of the
microstructure can be extracted by the kernel to compute a series of feature maps, which is passed to the subsequent layer after ReLU
activation and max-pooling operation. These extracted feature maps therefore emphasize the different importance of the local features.
Fig. 19 describes the feature maps obtained from each convolutional layer in each Conv block. It should be noted that the convolution
process produces a stack of feature maps. Here, the results in Fig. 19 are the summation of these feature maps along their channel. At
the first Conv block, the features about the pore position are extracted and the derived feature map is similar to the input micro-
structure. The 2nd Conv block captures the interlayer between the air-void and solid matrix and compressed the derived feature maps
into a smaller scale. As it goes to the deeper Conv block, more details are extracted therefore the computed feature maps become
abstract and uninterpretable. For this given microstructure, the zone surrounded by air-void is the weak area, which significantly
influences the stress-crack width curve. The 3rd Conv block shows that this zone is highlighted by the feature map. This can explain
why the CNN model can analyze the microstructure and predict the stress-crack width curve.

4.3. Discussion on model generalization

Through the training process, these two proposed CNN models achieve approximation functions that can fit the training and test
sets with acceptable errors. The results show the high performance in the predictions of stress-crack width curves and crack patterns
based on the input microstructure. However, this is one of the ideal scenarios during the CNN training process. Besides, a good
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Fig. 18. Model performance during the training process (a) adjusted loss (b) adjusted R squared.
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Fig. 19. Feature maps extracted from CNN for stress-crack width curve prediction.

generalization is what we aim to achieve. Model generalization refers to the model performance of the trained network for the new,
previously unseen data. In general, the generalization gap can be found in machine learning algorithms, i.e., a difference between a
model’s performance on the training data and its performance on an unseen dataset that consists of different kinds of samples. In this
study, the model generalization will be discussed in the following procedures.

First, these two pre-trained CNN models will be evaluated using the unseen datasets from group 2, which contains the samples with
different pore information (i.e., pore number and pore size). Based on these results, transfer learning with adaptive fine-tuning is
utilized to check the model efficiency on different microstructures. Transfer learning is a machine learning technique in which a model
created for one task is used as the foundation for another task. Adaptive fine-tuning is the method of adjusting a portion of a model’s
parameters extremely precisely to fit specific data [48]. Here, 5 other kinds of microstructures are utilized from model performance
evaluation, and the typical microstructures for each kind of set are given in the Fig. 20.

The pre-trained models are then utilized for model generalization discussion by means of the above 5 kinds of microstructures, in
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Fig. 20. Digital structures from dataset 2 (3P3.5H represent the microstructure including three air-voids with the diameter above 3.5; 6P3.5B refers
to the microstructure containing six pores with the diameter below 3.5).

which 5,000 samples of each type are randomly chosen for model testing. The adjusted R? and IoU which describe the model per-
formance in terms of crack pattern and the stress-crack width curve are shown in Fig. 21.

Regarding the crack prediction, it can be illustrated from Fig. 21 (a) that the U-Net CNN model also performed well on the unseen
microstructures, which include more complex pore information about number and size. All computed IoU values are higher than 0.64.
The air-void location is dominant when the fracture initiates and propagates. The high IoU values suggested the trained U-Net model
can efficiently capture the characteristic of air-void position. This is because the convolutional process extracts the pore location
feature during the down-sampling process, and the concatenation process transmits spatial correlation during the up-sampling step. As
a result, the important information for pore localization is preserved, and a satisfactory result about model generalization can be
achieved utilizing the U-net model for crack pattern prediction. Compared to the IoU from the dataset named 3P3.5, these IoU values
are a little bit lower. This is because of the insufficiency or deficiency of the new microstructures on the training dataset. To further
check whether this proposed U-net model can better clarify the relationship between the microstructure and fracture performance of
binary composites with quite different pore information, the dataset named 5P3.5B is employed for model training. The pre-trained
weights from group 1 are taken as initial values and 35,000 samples are adopted to update weights by fine-tuning with a learning
rate of 0.0001. The remaining 5,000 cases are then adopted for model validation and the computed IoU is increased from 0.655 to 0.71,
with 8.4 % accuracy increase, as shown in Fig. 21 (a). Three typical samples randomly picked up from the validation dataset are given
in Fig. 22 to show model performance. Although some minor difference exists between the predicted and the actual results, the U-Net
model with updated trainable parameters correctly captures the feature of input digital structure and produces a similar crack pattern
with the ground result. Increasing the number of training samples can achieve a better model performance.

It can be observed from Fig. 21 (b) that the CNN model for stress-crack width curve prediction generates poor performance at the
unseen test dataset, which can be easily explained by the lack of unseen cases in the training dataset. Unlike fracture pattern prediction,
the prediction of stress-crack width curve is controlled by two factors: porosity and pore location. The well-trained CNN model can
extract features including pore location, as explained before. However, for samples with varied porosity, the trained weights in this
model may be less accurate. Consequently, model generalization produces poor performance. To improve model performance, transfer
learning with fine-tuning is utilized, which means that the pre-trained parameters are adopted as initial weight and continue to be
trained. In this study, the pre-trained weights from the last two convolutional blocks are frozen together with the last linear layer. The
microstructure that contains five pores with a diameter below 3.5 mm is taken as an example for model generalization discussion, in
which a dataset including 115,000 samples with a train/test split ratio of 95:5 is adopted. To verify the pre-trained weights on the new
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Fig. 21. Model performance with unseen microstructures (a) IoU for crack prediction (TL: transfer learning) (b) adjusted R2 for stress-crack

width curve.

Microstructure

Microstructure Lattice result
[ ] . B

Predicted result

Predicted resui

Fig. 22. A randomly selected set of three predicted crack patterns compared to simulated crack pattern.
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dataset, the equivalent number of datasets are also trained using the model with the same hyperparameter configuration without the
pre-trainable weight from group 1. The training history can be found in Fig. 23. It can be illustrated that the model with transfer
learning not only avoids the obvious overfitting issue but also produces a higher adjusted R2. It suggests the pre-trained parameters
based on group 1 provide the correct initial weight on the trainable parameter for stress-crack width prediction. Three randomly
chosen cases are provided to demonstrate model performance, as shown in Fig. 24.

5. Model application

The previous analyses show the model application on fracture analysis of air-void systems with relatively simple pore information.
One of the goals of this study is to use the proposed CNN model to do some fracture analyses with 3D printed materials. The input
image representing 3D printed concrete can be created through two methods. The first one is to crop the data to the same proportions
as the input image. The second one is to reshape an XCT cropped image that is rather large. Data loss is inevitable when resizing the
clipped XCT picture, especially for the disappearance of tiny pores. But the rather large air-voids remain after image reshaping, which
have a greater impact on the fracture pattern. Besides, compared to the first method, the input picture obtained using the second
approach still contains more complicated pore information. Therefore, the second approach is used to collect input images. To create a
database that describes the air-void distribution of 3D printed materials, 53,573 slices of 160 * 160 pixels 2D microstructure are
cropped from XCT images of 3D printed samples. These images are then resized to 32 by 32 pixels digital structures, which equals the
input shape in U-net model. A schematic diagram is given in Fig. 25 to describe the generation of microstructure.

The pre-trained U-net model is adopted for crack prediction, in which 50,000 specimens are utilized for model training and the rest
3,575 are employed for model validation. The batch size for all sets is set to 64 and the Adam optimizer with the learning rate of 0.0005
is employed for fine-tuning by means of transfer learning. For model validation, three randomly selected samples of predicted versus
actual crack patterns are provided in Fig. 26. It can be found that the U-net model predicts the similar crack pattern with lattice
numerical analysis, with the IoU value around 0.73. It demonstrates that the proposed U-net model for crack pattern prediction is not
limited to the microstructure with simply air-void information. It is also valid to the microstructures cropped from XCT and the
predicted crack information is close to the ground truth.

Since domain shift is a significant problem for ML, the different model performance may be observed for various air-void structures.
Images from XCT indicate a superior result compared to model performance on samples with five pores information. This is because
more data is utilized for fine-tuning. Model performance on samples with three pore information outperforms that of the XCT image.
This is due to the fact that the XCT images display more complicated air-void features, such as pore size, distribution, and position.
Meanwhile, more data is used for model training on the sample with three pores, implying in a higher IoU.

6. Future work

In this research, the predictions that are obtained are found after training of datasets obtained from simulations with the lattice
fracture model. The crack pattern and stress-crack width curve can be accurately predicted with the microstructure as input. The
results of this model are compared with experimental data in other research projects and always a very good match is obtained. For
these microstructures with air voids the simulations with the lattice model will be compared in future research to experimental data to
increase the confidence level.

In the cases investigated the sample is loaded in uniaxial tension, which means a uni-directional stress field is created. In future
research it will be investigated if predictions of with complicated stress field also result in correct crack patterns and stress-crack width
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Fig. 23. Model performance (a) Adjusted MSE during the training process (b) adjusted R? during the training process (TL: transfer learning).
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results.

In future we will also study more complicated microstructures that not only contain air voids in a matrix, but more heterogeneous
microstructures with particles with varying properties.

Besides, further work includes combing the proposed CNN model for stress-crack width curve prediction and lattice fracture model
to do multi-scale fracture modelling of 3D printed materials. In addition, the lattice model adopts the crack pattern as a step-dependent
descriptor of fracture behaviour. Thus, the time-dependent crack formulation can be derived based on the analysis step. We plan to
explore the crack initialization and propagation of composite materials by means of recurrent neural network.

7. Conclusion

In this study, according to the air-void distribution in 3DCP, the binary images with various air-void information are created for
CNN datasets. Subjected to the uniaxial tensile loading, their corresponding stress-crack width curves and crack patterns can be
derived using the lattice fracture model. Then two CNN models are proposed to predict the stress-crack width curves and crack for-
mulations given the air-void structures as input. During the training process, the customized loss function, R-squared and IoU are
provided to show the model performance. A further investigation for model generalization is conducted using transfer learning with
adaptive fine-tuning. Through this research model, the following conclusions can be reached:

(1) The U-Net CNN model was used to solve the issues related to semantic segmentation; it also shows the feasibility for crack
prediction of air-void structure. These two CNN models can be considered as alternative methods to decrease the computational
cost for mechanical and fracture analyses of binary composites.

(2) The self-developed U-Net model was trained based on the microstructure including three pores with a diameter of 3.5. This
trained model can be directly utilized for crack prediction of microstructures with different pore information. Introducing more
unseen datasets to the training process through transfer learning can achieve a higher model performance.

(3) The CNN model can achieve high accuracy for stress-crack width curve prediction towards specific microstructures. Based on
the transfer learning with fine-tuning, it is easy to clarify the relation between mechanical behaviour with other kinds of mi-
crostructures. These pre-trained weights can remedy the issue of data deficiency and avoid overfitting.

(4) The proposed U-Net model for crack pattern prediction is not limited to the microstructure with simply air-void information. It
is also valid to the microstructures cropped from XCT and the predicted crack information is close to the ground truth.
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Microstructure Lattice result Predicted result
Microstructure Lattice result Predicted result

Microstructure Lattice result Predicted result

Fig. 26. Three random selected samples from test dataset for model evaluation (Gray: crack; white: pore; black: solid-matrix).
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