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Computational solid mechanics has become an indispensable approach in engineering, and numerical
investigation of fracturing in composites is essential, as composites are widely used in structural appli-
cations. Crack evolution in composites is the path to elucidating the relationship between microstruc-
tures and fracture performance, but crack-based finite-element methods are computationally
expensive and time-consuming, which limits their application in computation-intensive scenarios.
Consequently, this study proposes a deep learning framework called Crack-Net for instant prediction
of the dynamic crack growth process, as well as its strain–stress curve. Specifically, Crack-Net introduces
an implicit constraint technique, which incorporates the relationship between crack evolution and stress
response into the network architecture. This technique substantially reduces data requirements while
improving predictive accuracy. The transfer learning technique enables Crack-Net to handle composite
materials with reinforcements of different strengths. Trained on high-accuracy fracture development
datasets from phase field simulations, the proposed framework is capable of tackling intricate scenarios,
involving materials with diverse interfaces, varying initial conditions, and the intricate elastoplastic frac-
ture process. The proposed Crack-Net holds great promise for practical applications in engineering and
materials science, in which accurate and efficient fracture prediction is crucial for optimizing material
performance and microstructural design.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Fracturing is one of the most common failure modes in engi-
neering applications, making the numerical prediction of ruptures
based on microstructural information highly significant. This prob-
lem is especially urgent and complex in composites, which are
extensively used in aerospace, automotive, watercraft, wind tur-
bine, and other applications. The modeling of crack evolution using
composite representative volume elements (RVEs) plays a key role
in bridging our knowledge of microstructure and that of fracture
properties, understanding the fracture mechanisms, and facilitat-
ing material design. Compared with fracturing in homogeneous
solids, crack evolution in composites is markedly more compli-
cated because of the discontinuous material properties and subse-
quent various toughening mechanisms, such as crack branching,
crack bridging, and crack pinning [1,2]. Crack-based finite-
element methods (FEMs), such as the cohesive zone model [3,4],
singular element model [5,6], local/nonlocal damage model [7–
10], extended FEM [11–13], crack phase field approach [14–17],
fracture-based multiscale models [18–22], and peridynamics
[23,24], have been widely investigated, and remarkable insights
into the fracture process have been obtained through these simu-
lations. However, the performance of finite-element (FE) models
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is highly dependent on fine element sizes and small increment
sizes, which are always computationally demanding and time-
consuming. The shortcoming of expensive computation are aug-
mented further when batches of simulations are necessary, such
as high-throughput computation for the screening and optimiza-
tion of composite compositions.

In recent years, artificial intelligence (AI) models trained on
simulation data have attracted increasing attention due to their
remarkable capacity for predicting the mechanics of materials.
Deep neural networks (DNNs) have been commonly used in com-
putational mechanics to provide direct predictions from the unde-
formed microstructural RVE to the desired outputs, such as
mechanical properties [25–28], stress–strain curves [29–36], stress
fields [37–40], and crack patterns [41–43], and good agreement
has been demonstrated between these predictive models and the
results from FE simulations. Despite achieving robust and accurate
predictions in various tasks, these DNN models were inherently
designed for end-to-end predictions, such as image classification,
which presents two concerns in physical prediction: the huge
demand for data and the exclusion of processing information.
DNN models are naturally data-requesting, but current training
practices only utilize initial and final information from a simula-
tion, leading to a high simulation cost. For example, predictions
of stress–strain curves in composites are meaningful, as the frac-
ture properties of a material are always decided by the weakest
defect in the sample. Consequently, the inelastic properties of the
cracked material, such as strength and toughness, can only be
obtained from the full stress–strain curve. However, the develop-
ment of a predictive model generally necessitates a substantial
dataset, often ranging from several thousand to tens of thousands
of individual cases [29–33]. In addition, the lack of processing
information indicates that the crack evolution is undetectable,
while it is crucial in fracture mechanics, as discussed above.

Alternatively, spatiotemporal dynamical frameworks repre-
sented by physics-informed neural networks (PINNs) have become
a new type of surrogating FE model [44–48]. In this approach, spa-
tial crack propagation in homogeneous and brittle solids is cap-
tured by the PINN solver for partial differential equations (PDEs)
under varied initial/boundary conditions [49–51], and time march-
ing is achieved by looping the PDE solver. Inclusion of the physical
model significantly reduces the training data size and provides
physical support for the predictions. However, discontinuous
material properties and non-convex problems, such as energy evo-
lution [52,53], can be great challenges for a PINN, and these two
features are fundamental in fractures of composites. Moreover,
PINN performance relies heavily on a delicately crafted model that
incorporates explicit numerical equations. As mentioned above,
fracture problems comprising different conditions require different
numerical frameworks, such that substantial efforts are required to
build a PINN. As mentioned above, understanding crack evolution
in composites constitutes the key step to bridge the gap between
microstructure and fracture performance. Although DNN-based
crack path predictions in fiber-reinforced composites (FRCs) have
been studied [37,41,42], these models are unsuitable for compli-
cated crack patterns, such as when a rupture of the secondary
phase is involved. Furthermore, crack evolution predictions in
these studies do not contribute to the prediction of mechanical
properties, such as stress–strain curves.

Therefore, the core problem is as follows: How can the whole
fracture evolution process in a complicated composite material
be predicted with limited training data? As illustrated in
Fig. 1(a), the crack phase field dk and corresponding stress rk in
all time steps should be predicted from a given microstructure.
This work proposes a deep learning approach called Crack-Net that
manages to simultaneously predict discontinuous crack propaga-
tion and non-convex stress–strain behavior in composites. Unlike
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PINNs, which employ explicit physical constraints, Crack-Net
adopts an implicit constraint technique in which the relationship
between crack evolution and stress response is incorporated into
the network architecture, as illustrated in Fig. 1. For the prediction
of the dynamic fracture process, a spatiotemporal dynamical strat-
egy is employed, in which the model merely predicts short-term
crack patterns (spatial information), while the prediction of long-
term crack evolution and stress–strain behavior (time marching)
are achieved by looping the model. This strategy effectively
reduces the demand for training datasets by up to two orders of
magnitude, necessitating only hundreds of simulations. Moreover,
the proposed framework just needs to be trained once to predict
the crack evolution and stress–strain curve simultaneously (Fig. 1
(a)). In this way, Crack-Net is capable of tackling various intricate
situations, such as different geometries and material compositions.

The remainder of this paper is organized as follows: In Section 2,
the methodology of the proposed framework is introduced in
detail, along with the preparation of datasets through numerical
simulation. In Section 3, the performance of the proposed Crack-
Net in predicting the crack evolution and stress–strain curve is
examined under different conditions, including diverse interfaces,
varying initial conditions, as well as the intricate elastoplastic frac-
ture process. In Section 4, which concludes this paper, the advan-
tages and limitations of the proposed Crack-Net are summarized.

2. Materials and methods

2.1. Morphology development from phase separation simulation

An A–B binary composite system resulting from the phase sep-
aration of miscible polymer blends presents good interfacial adhe-
sion between the components, which enhances the overall
mechanical performance. The generating morphologies are usually
divided into two types—that is, particle-reinforced composites
(PRCs) and interpenetrating phase composites (IPCs)—depending
on the initial compositions, cA0 and cB0, where cA0 + cB0 =1. The
morphology evolution is governed by the Cahn–Hilliard equation
[54]:

cB
t

MD
df cB
dcB

cDcB 1

where CB is the concentration of component B, t is time, M is the
mobility coefficient, c is a constant regarding interphase thickness,
and f(cB) is a free energy density function.

In the current study, a 100 lm × 100 lm domain was meshed
into identical square elements with element size hFEM, where hFEM =
1 lm, for the numerical simulation (Fig. 2(a)). An open-source
FEniCS algorithm [55,56] was employed to generate the morphol-
ogy, and periodic boundary conditions were applied to the domain
(Fig. 2(b)). The following parameters were set: time step dt = 5
10–6 s, mobility M = 1 m2∙s–1, c = 0.01 m2∙s–1, and f(cB) = 100 cB

2 (1
– cB)2. An initial cB value was randomly assigned with a normal dis-
tribution N(cB0, 0.01) to each element at t = 0. By varying cB0 from
0.25 to 0.50, the morphology varies from PRC to IPC, as shown in
Fig. 2(c). The volume fractions of the A-rich phase, Vf,A, and the
B-rich phase, Vf,B, were controlled by a cut-off value of concentra-
tion, and different cut-off values were selected for different cB0 ser-
ies. Detailed information is provided in Table S1 in Appendix A.

2.2. Fracture simulations and dataset generation

The resulting specimens were then subjected to fracture simu-
lations by taking the A-rich phase as the matrix and the B-rich
phase as the modifier. An edge precut was introduced to the
matrix. Since the morphology was randomly generated, specimens
in which the crack tip was located in the B-rich phase were not
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Fig. 1. The Crack-Net framework. (a) An illustrative map for Crack-Net, including the initial features, looping solver for data generation, model training, and prediction
performance. (b) The Crack-Net architecture, which utilizes the composite design, fracture phase field, strain, and stress in the current step to predict the transformed
increment of the fracture phase field and stress in the next step, which are coupled by the same latent vector. Here, E is modulus and S is strength.
used. The bottom of the specimens was encastre. The top of the
specimens was constrained horizontally and stretched vertically
with a constant increment size 10–3 lm (Fig. 2(b)). The left and
right boundaries were without constraints.

The phase field method by Gergely Molnár et al. [57] was
adopted to simulate the crack evolution process in the domain,
where a crack was described by a continuous scalar d [0, 1], with
d = 0 indicating the pristine material, and d = 1 indicating the rup-
tured state. Obviously, the crack phase field d is similar to the dam-
age variable in terms of continuum damage mechanics, which is
used to degrade the material stiffness. A detailed description about
the constitutive behavior is given in Section S1.1 in the Appendix A.

During the implementation, either an elastic response or an
elastoplastic response can be selected using a plastic switch. For
elastic elements, the constitutive behavior is controlled by the ten-
sile modulus E, fracture parameter gc, and characteristic crack
width lc = 2hFEM. The material strength, S, is determined by the
maximum stress from a uniaxial tension of a single element with
given parameters (E, gc, lc). For elastoplastic elements, in addition
to the above parameters, the yielding stress Y, hardening modulus
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H, and elastic threshold are also applied. To implement this
method in Abaqus, three layers of the meshing grid were con-
nected through the same nodes, and different element types were
adopted for different purposes. The displacement problem and
damage problemwere solved using four-node plane strain element
(CPE4) elements and user-defined elements, respectively, and visu-
alization was achieved using zero-stiffness elements. The crack
phase field value of each element is calculated as the average value
from four integration point values.

It is important to note that the fracture parameter gc is different
from the fracture energy, although both control the crack evolution
and have the same unit. The relationship between these two
parameters is given by the following:

Fracture energy
X
gc

1
2lc

d2 lc
2

d 2 dX 2

where d is the crack phase field, is the gradient of crack phase
field, and lc is the characteristic crack width.

Both the cases with and without an interface are considered. In
Sections 3.1 and 3.2, perfect bonding between the A phase and B

d
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Fig. 2. Schematic of the simulation set-up. (a) The meshing elements in the
numerical simulation, hFEM = 1 lm during simulations and hFEM = 5 lm here, for
clear viewing. (b) The boundary conditions of simulations. (c) Examples of the
generated morphology with cB0 ranging from 0.25 to 0.50.
phase is assumed. In Sections 3.3 and 3.4, the single-layer element
between the matrix and fillers is assigned as an interface with elas-
tic constitutive behavior. The strong interface (modulus EIF =
5000 MPa, fracture parameter gcIF = 10 J∙m–2, strength SIF =
35.0 MPa) and weak interface (modulus EIF = 5000 MPa, fracture
parameter gcIF = 1 J∙m–2, strength SIF = 10.8 MPa) are both exam-
ined. The modulus of the modifiers was changed accordingly, as
displayed in Tables S1 and S2 in Appendix A. For each simulation,
the processing data—including the overall applied stress and crack
phase field map—were extracted at an output frequency of 10 or
incremental strain of 0.01%. Finally, the initial morphology infor-
mation of the composite microstructure, the component model
parameters, and the processing information, such as the overall
stress–strain curve and crack phase field, consist of the training
dataset. Additional information regarding phase field methods
can be found in previous works [2,14–17].

The implementation of the crack phase field method is accom-
plished by means of Abaqus. A soft but tough core was generalized
to mimic the behavior of as wide a range of particles as possible. A
yielding stress Y with no hardening modulus was adopted to limit
the strength of the core. The core–shell interface and shell–matrix
interface were assumed to be perfectly bonded. The modulus and
fracture parameter of the matrix were fixed at 4 GPa and 1 J∙m–2,
respectively, to fit the stress–strain behavior of pure epoxy. The
material parameters, including the shell modulus Eshell, shell tough-
ness gc,shell, core modulus Ecore, core yielding stress Ycore, and core-
shell size ratio rc/ts,were varied, and their effects are explored in Sec-
tion 3. The effects and validation of thematerial parameters are dis-
cussed in Section S1.2 in Appendix A, and the model parameters of
individual components and the stress–strain curves of different
materials are displayed in Figs. S1 and S2 in Appendix A. A rupture
criterion stressrrup =0.5MPawasapplied, since considering compu-
tation after this critical point is redundant.

2.3. The architecture design of Crack-Net

The proposed Crack-Net adopts a specialized architecture mod-
eled on U-Net, featuring an encoder-decoder design. U-Net, origi-
nally developed for medical image segmentation, has gained
widespread popularity due to its remarkable performance and ver-
satility in various applications [58,59]. In the U-Net architecture,
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the encoder part utilizes a series of convolutional layers to extract
hierarchical features from the input data, gradually reducing its
spatial dimensions while capturing intricate patterns. The decoder
part then employs up-convolutional layers to expand the extracted
features and reconstruct the output with the same spatial dimen-
sions as the input. One of the key advantages of U-Net lies in its
ability to preserve spatial information during the encoding and
decoding process. This characteristic ensures that the fine details
and localized features of the input data are retained in the output,
making it particularly effective for certain tasks such as image seg-
mentation and object detection. The skip connections between cor-
responding encoder and decoder layers further enhance the
model’s capability to capture both low-level and high-level fea-
tures, thus facilitating precise predictions.

In this work, numerical simulations with 100 × 100 elements
are investigated. It is worth noting that any other resolution ratios
of elements can also be input into Crack-Net through a resizing
layer. As illustrated in Fig. S4 in Appendix A, given other resolution
ratios of elements, Crack-Net can also provide accurate predictions.
A comparison of the mechanical properties of different resolution
ratios is displayed in Table S3 in Appendix A; the results demon-
strate that the modulus and tensile strength are not significantly
affected by the model size. In Crack-Net, the size of the input is
3 × 100 × 100, including the initial elastic modulus matrix (E0),
ultimate tensile strength matrix (S), and current crack phase field
matrix , which are all fields with the size of 100 × 100. The size
of the output is the transformed increment of the crack phase field
Ddk′ with a size of 1 × 100 × 100. The network architecture is pre-
sented in Fig. 1(b), and detailed descriptions are provided in Sec-
tion S1.2. The architecture described above is similar to the
conventional U-Net structure, which aids in reconstructing the
transformation increment of the predicted crack phase field.

However, our Crack-Net goes beyond this initial reconstruction
and implements further processing on the latent vector extracted
by the encoder. This crucial step enables the model to achieve simul-
taneous prediction of the stress and crack phase field, making it spe-
cialized for precise crack propagation prediction in composite
materials. As shown in Fig. 1(b), the extracted latent vector is sent
into an additional feature extraction block to further extract the
information. Consequently, the output of the feature extraction block
is a 512-dimensional vector containing high-dimensional latent
information concerning the input composite morphology and the
current crack phase field. To further predict the stress in the subse-
quent step, this 512-dimensional vector is combined with the strain
and stress from the current step and fed into a fully connected arti-
ficial neural network (ANN). This sophisticated process enables
Crack-Net to accurately predict the stress response in the next step.
To embed the initial conditions into Crack-Net, the inputs of the neu-
ral network were refined. To be specific, the values of strength (S) and
initial modulus (E0) at the precut location were designated as zero,
which allowed us to explicitly encode both the positional and
length-based information of the precut within the network’s input
structure. It is important to emphasize that the predicted stress
and crack phase field for the subsequent step originate from the same
latent vector extracted from the encoder part of Crack-Net. This
design enables the network to capture the underlying relationship
between crack propagation and strain development, increasing the
accuracy and physical coherence of the predictions.

(dk)
2.4. Long-term prediction procedure by Crack-Net

Although Crack-Net is trained by short-term data, the relation-
ship between the input and output makes it able to make long-
term predictions by incrementally predicting the next step from
the previous prediction. In this section, the procedure of
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Algorithm 1: Long-term prediction via Crack-Net

(d0, , = 1%, S and E0 are constant
fields

Initial:

1st step: (d0,

= +

Loop:

= +

Until stress decreases to be lower than a
threshold (< 5% of maximum stress) and
maintains for several steps

r0, e0) De

r0, e0
Crack-Net
)) Dd 0,(( r1)

d1 d0 10Dd 0 10

e0 Dee1
d1 r1 e1

dk rk ek
Crack-Net

dk 1 rk 1

dk 1 dk 10Dd k 10

Deek 1 ek
dk 1 rk 1 ek 1
Crack-Net’s long-term prediction is detailed. As shown in Algo-
rithm 1, long-term prediction only requires the initial situation
and the composite morphology. Without any prior information,
Crack-Net is directly employed to predict the crack propagation
starting from the initial step, where the fracture has not yet initi-
ated. From Algorithm 1, it is evident that Crack-Net possesses the
ability to predict the transformed increment, which is subse-
quently converted back to the absolute increment and added to
the phase field in the current step to obtain the phase field for
the subsequent step. Additionally, the stress in the next step is
directly predicted by Crack-Net. Given the fixed interval of the
strain ratio, the strain ratio in each step can be calculated, making
it possible to acquire the state for the subsequent step from Crack-
Net’s predictions. This process forms a loop that can be iterated
until the maximum value set beforehand is reached. As observed
from the long-term prediction process, Crack-Net can predict the
crack phase field and stress at each step of the fracture process,
based on the given composite morphology. Remarkably, Crack-
Net possesses the flexibility to predict from any step of the fracture
by simply altering the initial state in Algorithm 1 to match the
desired step’s state.

The initial crack phase field is termed as (d0, r0, e0), where d0 is
the initial crack phase field matrix filled with 0, while r0 and e0 are
0. The initial state is fed into Crack-Net to predict the subsequent
step’s state, which is then used as input to predict the preceding
steps’ states of cracking. The formula can be written as follows:

dk rk ek
Crack-Net

dk 1 rk 1 ek De 3

dk 1 dk 10Ddk 10 4

The detailed procedure of the long-term process is provided
Algorithm 1. Apart from predetermined composite information,
Crack-Net can generate predictions without requiring additional
conditions or historic states, which increases its practical
applicability.

2.5. Implements for training Crack-Net

A spatiotemporal dynamical workflow is designed to predict the
mechanical performance and crack growth path of composites under
tensile displacement control. In the framework, the continuous frac-
ture process of PRC RVEs is evenly divided into discrete frames, and
each frame is characterized by the spatial crack pattern and the stress
applied to the whole domain. Accordingly, a hierarchical approach is
proposed—that is, short-term spatial predictions and long-term time
marching. In the short-term hierarchy, the spatial crack pattern and
overall stress at step k are predicted based on the information from
step (k–1) via the end-to-end Crack-Net model rather than solving
PDEs; at the long-term loop, the Crack-Net model is called incremen-
tally to generate the whole fracture process of composite RVEs from
the undeformed state to the rupture state. The architecture of the
end-to-end Crack-Net (short-term predictions) is displayed in Fig. 1(b).

The training dataset comprising 554 cases was obtained
through phase field simulations [2] on a 100 × 100-element PRC
domain, and the cracks are described by a continuous scalar crack
phase field d [0, 1], where d = 0 indicates the intact material, and
d = 1 indicates a fully broken state (Section 2.2). Herein, our focus
has primarily been on configurations comprising 100 × 100 ele-
ments. This resolution offers a good balance between illustrating
crack propagation patterns with sufficient clarity and maintaining
acceptable computational demands. It is worth mentioning that
models with higher resolutions that incorporate more precise
details can also be trained using a similar methodology.
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The incremental strain of 0.01% was applied to partition the
fracture process, and 83 480 step pairs were extracted from the
554 simulation cases. Here, the step pairs refer to the input stress
and crack phase field in the current step, and to the referred output
stress and crack phase field in the subsequent step. The step pairs
were then divided into three sets, allocating 80% for training
(66 784 steps), 10% for validation (8348 steps), and another 10%
for testing (8348 steps) purposes. The training process involved
3000 epochs with a batch size of 100; to prevent overfitting, an
early stopping technique was used. Importantly, the dataset was
randomly split based on the step in the slice prediction. In the
dataset, the spatial distribution of matrix phase A and reinforcing
phase B is characterized by the material parameters in the matrix
(matrix modulus EA = 5000 MPa, matrix strength SA = 35 MPa, filler
modulus EB = 500 MPa, filler strength SB = 10.8 MPa). The resulting
morphology patterns in the training process are illustrated in
Fig. S5 in Appendix A, which shows that the minutiae of the predic-
tion become more apparent as the training epoch increases.

Apparently, precise incremental predictions from step to step
are essential to the long-term process of Crack-Net. The strain
increment between steps, De, is 0.01%. An investigation of the
influence of the strain increment on the model’s performance is
provided in Fig. S6 in Appendix A, showing that a higher strain
increment leads to a corresponding increase in predictive error.
The differences in the crack phase field between steps are generally
subtle, particularly during the initial and final stages of fracture
development, where the difference of the crack phase field usually
ranges from 10–2 to 10–5. Here, instead of the crack phase field
matrix, d, a transformed incremental value matrix, Dd’, is pre-
dicted. For each element, as the value of d is between 0 and 1
and continues to monotonically increase from step k to step (k +
1), Ddk = dk+1 − dk is usually a tiny number between 0 and 1. There-
fore, log transformation is adopted to amplify minor differences in
the crack phase field, and the transformed incremental crack phase
field, Ddk′ is defined as follows:

Ddk 10 log10 max 10 10 dk 1 dk 0 Ddk 10 5

This approach manages to capture the fine-grained details of
crack propagation, enabling Crack-Net to make more precise and
reliable predictions in scenarios in which the development of the
crack phase field is subtle. Consequently, the input of Crack-Net
involves the initial elasticity modulus matrix (E), ultimate tensile
strength matrix (S), crack phase field matrix (dk), and the applied
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strain (ek) and stress (rk) in step k. The output is the applied stress
in the next step (rk+1) and the transformed increment of the crack
phase field Ddk′.

2.6. Transfer learning for Crack-Net

Transfer learning is a machine learning technique in which
knowledge gained from solving one task (the source domain) is uti-
lized to improve the performance of another related task (the tar-
get domain) [60]. In transfer learning, a pretrained model that has
been trained on a large dataset in the source domain is adapted
and fine-tuned for a target domain with a smaller dataset. The
basic idea behind transfer learning is that the knowledge learned
by a model in the source domain can be generalized and applied
to the target domain, even if the target domain has a different data-
set or distribution. By leveraging the knowledge from the source
task, the model can start with a good initial configuration and then
fine-tune its parameters on the target task to achieve better perfor-
mance with less data and training time. In the context of Crack-
Net, transfer learning plays a pivotal role in enhancing the model’s
predictive capabilities for composite materials with varying mate-
rial properties. Parameter transfer learning is adopted in this work,
which utilizes the learned parameters of a pretrained model from
the source domain to initialize or fine-tune the model for the target
domain. When applying transfer learning, the parameters of the
pretrained model are transferred to the target domain; then, the
model is further trained using the target domain’s data to adapt
it to the specific characteristics of the new task. In this work, the
entire pretrained model, including both the encoder and decoder,
is fine-tuned using the data in the target domain. The parameters
are updated based on the loss function in the target domain, allow-
ing the model to adjust its representations and learn task-specific
patterns. For the fine-tuning process, the training epoch is 1000,
the learning rate is reduced to 10−4, the batch size is 100, and
the early-stopping technique is used to prevent overfitting. The
settings of the numerical experiments conducted in the Results
section are detailed in Section S1.3 in Appendix A.

During the transfer learning training, a challenge arose from the
significant differences in the S and E0 of different materials in the
composites. Directly inputting these diverse material properties
into the network during training could cause the batch normaliza-
tion layer in Crack-Net to experience substantial changes in the
mean and variance of the batch, which could adversely affect the
effectiveness of transfer learning. To address this issue, a crucial
pre-processing step was implemented for the material properties
of the composite materials. Given the correlation between the
mode of crack propagation and the relative strength of the matrix
and reinforcement phase of the composite material, we applied
normalization techniques to bring the material properties in the
target domain closer to the order of magnitude in the source
domain. By normalizing the material properties, we ensured that
their values were scaled appropriately, enabling the transfer learn-
ing process to proceed more smoothly. The normalized material
properties can be written as follows:

Starget Starget
max Ssource
max Starget

6

Etarget Etarget
max Esource

max Etarget
7

3. Results

In this section, four scenarios are presented to demonstrate the
generalization ability of Crack-Net under different conditions. The
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effects of crack initiation, interface strength, matrix plasticity, and
filler properties are examined, and Crack-Net presents remarkable
accuracy and robustness in all scenarios. The experiments were
conducted using a computer equipped with an Intel Xeon Gold
5115 CPU and an NVIDIA GeForce RTX 2080 Ti GPU. In this work,
the reference results come from the numerical simulations by
means of phase field methods.
3.1. Short-term prediction in centrally notched elastic composites with
perfect interface

A simplified case of brittle fracture was employed in this sec-
tion. The matrix phase A was stiff (modulus EA = 5 GPa and tensile
strength SA = 35 MPa), and the filler phase B was soft (modulus EB =
0.5 GPa and tensile strength SB = 10.8 MPa). The two phases were
assumed to be elastic and perfectly bonded, while the pre-crack
was fixed to be 20 lm at the center of the edge. The performance
of Crack-Net in single-step short-term prediction is examined in
this section, since the high accuracy of Crack-Net’s short-term pre-
diction is the key to its overall predictive ability. Given Crack-Net’s
capability to simultaneously predict stress response and crack evo-
lution, the performance of both predictions is examined. As shown
in Fig. 3(a), the predicted stress demonstrates an excellent match
with the observations from the testing dataset, achieving a remark-
able R2 value of 0.9993 and a small mean squared error (MSE) of
0.0378. The prediction of crack evolution is assessed by the overall
relative error of the crack phase field, which is defined as follows:

ed
i j di j di j

2

i j di j
2

1 2

8

eDd
i j

Ddi j Ddi j

2

i j
Ddi j

2 9

where is the relative error of the predicted phase field eDd′ is

the relative error of the transformed increment and i and j are
the indices of the row and column in the two-dimensional (2D)
field, respectively. When calculating the relative error, the point
with a value of 0 is neglected to ensure computational validity. This
criterion represents the overall error of discrete points of the com-
putational domain. Considering that points characterized by a small
or negligible phase field exist, this measurement is stringent. From
Figs. 3(b) and (c), more than 80% of the predictions present ed < 1%,
and almost all predictions present ed < 6%. Although there is a slight
increase in eDd′ compared with ed, the majority remain below 1%,
with only a few exceptions exceeding 10%. This effectively demon-
strates the efficacy of the strategy of predicting a transformed incre-
ment instead of the ultimate phase field. In Crack-Net, where loop
prediction is employed for long-term crack evolution, the precision
of short-term forecasts is of great importance. The subtle changes in
the phase field between steps present a challenge for accurate
learning. Nonetheless, by transforming and amplifying these
changes, the model’s predictive performance is improved.

In order to better demonstrate Crack-Net’s short-term prediction
capability, we generated new composite designs that are not in the
training dataset for out-of-sample prediction. The predictions of the

crack phase field at t = k + 1, and the incremental crack phase

field between t = k and t = k + 1, are compared with the obser-
vations from simulations and Ddk′ for an intuitive illustration.

ed di j,

Ddi j,

dk 1,

Ddk,
dk 1
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Fig. 3. Single-step short-term prediction by Crack-Net. (a) Predicted and actual (FE) stress in the testing data. (b) Distribution of the relative error of the crack phase field.
(c) Distribution of the relative error of the transformed increments of the crack phase field. (d) Out-of-sample prediction in the crack initialization stage where the composite
is unbroken. (e) Out-of-sample prediction in the stage of unstable crack growth. (f) Out-of-sample prediction in the last stage of crack propagation. (g) Prediction for binary
co-continuous structures. Here, dk and dk+1 are the observed fracture phase field in the current and next step, respectively, andDdk′ is the observed transformed increment. The
white line in the phase field represents the initial condition.
The predictions for different stages of crack propagation are exam-
ined. Fig. 3(d) presents the prediction of crack initiation. At this stage,
the material remains unbroken, resulting in a minimal value of the
crack phase field. However, the subtle accumulation of increments
during this phase plays a critical role in the final crack development.
Crack-Net exhibits remarkable accuracy in predicting the distribution
of these subtle increments of the crack phase field, which forms a
solid foundation for long-term fracture propagation predictions.
Fig. 3(e) illustrates the prediction during the unstable crack growth
stage. Significant changes in the crack phase field occur between con-
secutive steps during this stage, which are accurately captured by
Crack-Net. The prediction in the last stage of crack propagation is
shown in Fig. 3(f), in which the crack has fully grown, and the incre-
ment of the crack phase field becomes subtle and clustered near the
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crack. It is found that Crack-Net demonstrates precise predictions of
this behavior. Notably, the particle size and proportion of the rein-
forcement phase in Fig. 3(f) are obviously different from those in
Figs. 3(d) and (e), highlighting Crack-Net’s generalization ability for
diverse composite designs. Moreover, it is observed that, even during
the unstable crack growth stage, the changes in the crack phase field
between steps are not particularly substantial, which implies that
directly predicting the crack phase field may overlook crucial details
of these incremental changes. Conversely, the transformed increment
exhibits notable variations at each stage of crack propagation, ren-
dering it advantageous for network learning and prediction.

Fig. 3(g) shows excellent agreement between the predictions
and observations for the short term in the co-continuous morphol-
ogy, which features a completely different distribution of the
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reinforcement phase. Notably, the Crack-Net training data is
exclusively composed of PRC specimens, without encountering
co-continuous ones. This indicates that Crack-Net has learned the
effect of crack propagation on stress response, which enables it
to predict fractures in composites with diverse structural configu-
rations. All these results demonstrate Crack-Net’s predictive ability
to precisely capture the crack evolution and stress response in the
short term.

3.2. Out-of-sample long-term prediction of Crack-Net

With excellent performance on the short-term predictions,
Crack-Net was then used to predict the fracture process from the
undeformed state to rupture in particulate composites and co-
continuous composites. In order to truly reflect the generalization
ability of Crack-Net, we conducted out-of-sample prediction, in
which several composites with new structure designs are gener-
ated for long-term prediction. Notably, these composite designs
had never appeared in the training dataset, which meant that they
were data outside of the sample; thus, the testing of this data was
closer to the practical scenario. The overall stress–strain curves
from the reference and predictions are compared in Fig. 4, and
the crack patterns from four representative stress–strain points
are presented.

In the reference in Fig. 4(a), the stress peaks at point R1 and
subsequently declines to point R2 due to crack propagation. From
R2 to R3, the crack is hindered by a soft particle (the white circle in
crack pattern R3), so the stress increases slightly. It is worth noting
that, in many cases, soft particles provide less resistance to crack
propagation than the surrounding matrix [61], which is because
the stress that the particle undergoes exceeds its strength. In the
current case, when the crack just propagates to the interface
between the matrix and particle, the soft particle has not reached
its rupture strength as it undergoes less stress, and it can hinder
the crack until the stress is beyond its strength. This is similar to
the crack bridging effect and has been discussed in the literature
[2,17,62]. Afterward, the crack propagates unstably, and the final
rupture occurs (R4). During this process, the crack evolution is dis-
continuous and the stress–strain curve is non-convex, which are
typical difficulties in the fracture of a composite. Nevertheless,
Crack-Net presents impressive accuracy in both crack evolution
and stress–strain curves, with a well-established relationship
between the two. Fig. 4(b) demonstrates the excellent alignment
between the predictions and observations for both the crack prop-
agation process and the stress–strain curve.

In Fig. 4(c), notable changes occur in the particle proportion and
size for the reinforcing phase in the composites. Despite slight
deviations in the predicted stress–strain curve, the characteristic
steps are well captured by Crack-Net—especially the brief stress
maintenance between P2 and P3 in Fig. 4(c). The corresponding
crack phase field predicted by Crack-Net remains highly accurate,
although the crack is predicted to begin slightly earlier than the
reference. Moreover, we observed that, in this case, the cracks
did not propagate continuously (R2 and P2 in Fig. 4(c)). Instead,
independent fracture points were generated at multiple locations,
which eventually expanded and connected as the strain ratio
increased. Remarkably, Crack-Net accurately captured this intri-
cate fracture mode, demonstrating its ability to effectively predict
and understand complex crack dynamics, including non-
continuous crack propagation. In order to make the result more
convincing, further out-of-sample prediction cases are provided
in Figs. S7–S21 in Appendix A. From the figures, it can be observed
that Crack-Net’s prediction matches well with the reference from
the numerical simulation in most of the cases, which confirms that
Crack-Net achieves satisfactory performance in the long-term pre-
diction of crack phase fields and stress–strain curves for compos-
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ites with different composite morphologies. In practical
applications, additional focus is usually given to the fracture
characteristics of composite materials instead of specific steps.
Therefore, although Crack-Net sometimes predicts the emergence
of cracks earlier, this predictive discrepancy remains inconsequen-
tial, since Crack-Net captures the characteristics of the crack prop-
agation. Additional discussions are provided in Section S1.4 in
Appendix A.

IPCs were then applied to test Crack-Net’s generalization ability,
as shown in Fig. 4(d). The fracture process presents similar features
to the fracture in the particulate morphology. The model achieved
excellent predictions on crack evolution but moderate predictions
on the stress–strain curve. While it accurately predicted strength,
strain at rupture, and fracture toughness (the area under the
stress–strain curve), it performed poorly in predicting the evolu-
tion of the modulus. Considering that the co-continuous specimens
were not included in the training dataset, this performance is quite
acceptable, and it can be concluded that Crack-Net has excellent
potential to predict fractures among various heterogeneous struc-
tures, rather than only particulate composites. We provide more
examples in Appendix A to make this claim more convincing:
Figs. S22–S24 in Appendix A depict Crack-Net’s long-term predic-
tion for two-phase co-continuous composite materials with differ-
ent composite designs. It is found that Crack-Net exhibits
remarkable efficacy in predicting crack propagation, even in the
complex scenario of two-phase co-continuous structures. Such
structures, which are characterized by distinct reinforcement
phases interwoven in a continuous matrix, present intricate crack
propagation pathways that can be challenging to predict accu-
rately. However, Crack-Net can handle this challenge, as exempli-
fied by its predictions, which align well with actual crack phase
fields and stress–strain curves of these structures.
3.3. Extension to complicated cases

In the preceding investigation, a simplified scenario was
employed to examine the effectiveness of the proposed Crack-
Net. Within the confines of fixed initial parameters, Crack-Net
exhibited a commendable capacity to discern patterns in crack
propagation and yield reliable forecasts. The dynamics of real-
world applications, however, often introduce variations, such as
various fillers, poor interfacial adhesion, and random initial cracks.

The interface between the matrix and fillers plays a vital role in
the fracture of composites, often leading to intricate failure mech-
anisms that demand a nuanced understanding. Given its signifi-
cance in practical contexts, the performance of Crack-Net under
poor interfacial adhesion and random initial cracks was examined.
To embed the initial conditions into Crack-Net, the inputs of the
neural network were refined. More specifically, the values of S
and E at the precut location were designated as zero, which
allowed us to explicitly encode both the positional and length-
based information of the precut crack within the network’s input
structure.

In terms of the dataset, 530 distinct cases were generated and
split into 80/10/10, where 80% were for training, 10% were for val-
idation, and 10% were for testing. With a learning rate of
Crack-Net was trained by 2000 iterations, and the early-stopping
technique was adopted to prevent overfitting. Upon completing
the training phase, the refined Crack-Net model was utilized for
out-of-sample prediction. Here, newly generated composite mor-
phologies and precut configurations were adopted, neither of
which had been encountered during the training process. The
results obtained from Crack-Net are presented in Fig. 5. To quanti-
tatively characterize the crack evolution, the cosine similarity of
the crack phase field d and the transformed incremental value

5 10 4,
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Fig. 4. Long-term prediction by Crack-Net. (a–c) Referred and predicted stress–strain curve (left) and referred (R1–R4) and predicted (P1–P4) phase field at characteristic
steps in the stress–strain curves (right) for the particle-reinforcement composite. (d) Referred and predicted stress–strain curve (left) and referred (R1–R4) and predicted (P1–
P4) phase field at characteristic steps in the stress–strain curves (right) for the binary co-continuous composite. The composite microstructure design is provided beside the
stress–strain curve, where the yellow region is the matrix phase, and the black region is the reinforcement phase. e is the strain ratio. The white line in the phase field
represents the initial condition.
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Dd under different strains are given in Fig. 5(a); they are calcu-
lated as follows:

cos h d

i j di jdi j

i j
di j

i j
di j

10

cos h Dd

i j Ddi jDdi j

i j
Ddi j

i j
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where and are the cosine similarity of the crack
phase field d and the transformed incremental value Dd , respec-

tively; and are the predictions; and i and j are the indices
of row and column in the 2D field, respectively. Here, the range of
cosine similarity is between 0 and 1, and a larger cosine similarity
corresponds to a higher accuracy of predictions. From the figure, it
can be observed that, when the strain is small, the crack has not
evolved yet, and the cosine similarity is close to 1. As the strain
increases to 0.8%–1.0%, the crack is about to propagate, and the
error becomes larger. The median of cosine similarity, however,
remains greater than 0.95, indicating accurate overall predictions.
The specific work, defined by the area under the stress–strain
curve, is also predicted and is presented in Fig. 5(b); it reflects
the overall predictive accuracy of the stress–strain curve. It is dis-
covered that Crack-Net accurately predicts the specific work,
achieving an R2 value of 0.736. This result underscores Crack-
Net’s effectiveness in addressing non-convex energy evolution
problems.

The reference and prediction fracture process from the PRC
specimen (Fig. 5(c)) and IPCs (Fig. 5(d)) were compared, and good
agreement was found. The results reveal that, despite the signifi-
cant complexities arising from the presence of interfaces and
diverse initial conditions, our approach demonstrates remarkable
data efficiency.

3.4. Transfer learning in stiff and soft fillers

In real epoxy composite systems, inorganic fillers always pre-
sent a much higher modulus compared with the matrix, while elas-
tomer fillers are much softer (several to tens of megapascals). For
this reason, cases of stiff fillers (EB = 50 GPa, SB = 112 MPa, gcB =
10 J∙m–2) and soft fillers (EB = 100 MPa, SB = 4.8 MPa, gcB =
10 J∙m–2) are examined in Fig. 6. It is important to clarify that these
specific values are selected for illustrative purposes only; the
method is applicable to fillers with any EB value, regardless of their
stiffness or softness. To reduce the demand for the training dataset,
transfer learning was adopted here to leverage the knowledge
learned from the last section and adapt it to the current scenarios,
as shown in Fig. 6(a).

Fig. 6(b) demonstrates the transfer learning performance of
Crack-Net on weak fillers with SB = 4.8 MPa and EB = 100 MPa. In
the transfer learning, 120 cases with different composite mor-
phologies were adopted as the dataset to fine-tune the model.
Detailed settings for the training process are discussed in Section 2.
Out-of-sample tests were conducted for both the transfer learning
model (Model T) and the source model without transfer learning
(Model N). It is worth noting that the two representative crack pat-
terns were selected from the peak stress point and failure point,
respectively; curve R denotes the curve from the reference, curve
T denotes that from the transfer learning (Model T), and curve N
denotes that from the no transfer learning (Model N), respectively.
Similarly, transfer learning was applied to composites with strong
fillers (Fig. 6(c), SB = 112 MPa and EB = 50 000 MPa). The training

cos h d cos h Dd

di j Ddi j
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dataset also consisted of 120 cases, and the training setting
remained the same. The experimental outcomes demonstrated
the effectiveness of transfer learning in increasing the model’s pre-
dictive generalization ability. In contrast, the source model’s pre-
dictions were entirely incorrect, indicating a lack of predictive
ability. The results also confirm that the model’s predictive ability
can be successfully transferred to diverse scenarios featuring dif-
ferent fillers, provided that the main model has been trained on
the source domain.

3.5. Crack propagation in an elastoplastic matrix reinforced by stiff
and strong fillers

The above investigations focused on the prediction of brittle
crack growth in elastic materials. This deviates from a real-world
situation, however, since plastic deformation is important to the
fracture of epoxy composites. In the case of brittle fractures, the
driving force for failure is tensile stress; accordingly, the typical
crack pattern is a single crack propagating perpendicularly in the
loading direction, which is easy to predict. However, in the pres-
ence of plasticity, the shear strain will extensively localize on nar-
row zones called shear yielding bands, where the materials are
severely damaged, and failure can subsequently occur. In notched
composite specimens with stiff particles, the stiff particles can
induce a stress concentration at the interface, and the shear yield-
ing bands can be highly branched (Fig. 7(a)), leading to an intricate
crack evolution process. Considering that a shear yielding band is
an important toughening mechanism in inorganic filler reinforced
epoxy composites [63–65], being able to predict the shear yielding
band, as well as the crack propagation path, is equally crucial.

In this section, an elastoplastic matrix with a yielding stress of
30 MPa was applied (YA = 30 MPa). The hardening modulus was
assumed to be zero. The stress is expected to increase and then
remain at 30 MPa until rupture, indicating that the tensile strength
of the matrix is also 30 MPa (SA = 30 MPa). The modulus and frac-
ture parameter were kept the same as the values in the elastic
cases (EA = 5 GPa, gcA = 10 J∙m–2). Moreover, a stiff and strong filler
was used (EB = 50 GPa, SB = 110 MPa, gcB = 10 J∙m–2), referring to the
inorganic particles that are always used in high-modulus scenarios.
Both a strong interface (EIF = 5000 MPa, gcIF = 10 J∙m–2, SIF =
35.0 MPa) and a weak interface (EIF = 5000 MPa, gcIF = 1 J∙m–2, SIF
= 10.8 MPa) were examined. The filler and interface were consid-
ered to be elastic, and a new input layer Yc was used to critically
distinguish elastic behaviors (value = 0) and elastoplastic behaviors
(value = 1) in materials

In the reference of the strong interface case (Fig. 7(a)), three
representative points are extracted from the stress–strain curve,
and the patterns of dk+1 and Ddk′ are presented. At stress peak
point R1, the maximum crack phase field value is less than 1,
indicating that crack initiation has not yet occurred, and the sub-
sequent stress decline is attributed to the overall shear deforma-
tion of the specimen. Accordingly, an intricate Ddk′ pattern
induced by highly branched shear yielding bands can be seen.
By stretching the specimen to the R2 point, the crack starts to
grow, and the stress declines. The pattern of Ddk′ is no longer
highly branched but bifurcated at the pre-crack tip, because
the dominant shear yielding is induced by the pre-crack rather
than the matrix-particle interface. At the final rupture point
R3, the destructive crack is presented on one of the dominant
shear yielding bands, and the specimen fails. The cosine similar-
ity of the predicted crack under different strains and the pre-
dicted specific work are presented in Fig. 7(b). Although the
fracture process is much more complicated, Crack-Net made
impressive predictions—not only of the stress–strain curve but
also regarding the crack evolution, even when shear yielding
bands existed.
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Fig. 5. The prediction by Crack-Net under poor interfacial adhesion and random initial cracks. (a) Cosine similarity of crack phase field d and transformed incremental value
Dd under different strains. The purple line refers to the median. (b) Prediction and reference for the specific work of the stress–strain curve. (c, d) The composite morphology,
the predicted and referred stress–strain curve (left), and the reference (R1–R3) and prediction (P1–P3) of the crack phase field at representative points for the (c) PRC
specimen and (d) IPCs specimen with interface and varying initial conditions.
In Figs. 7(c) and (d), when the interface is weak, the crack still
propagates on the shear yielding bands induced by the pre-
cracking, but the bands induced by the interface are greatly weak-
ened because of its poor strength. Alternatively, the weak interface
acts as debonding points and accelerates the crack propagation (R2
point). This transition of the interface from shear yielding points to
debonding points was successfully captured by the model by lever-
aging transfer learning.
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4. Conclusion

Thiswork proposed a deep-learning framework called Crack-Net
to predict the fracture process in particulate epoxy composites. The
hierarchical architecture of Crack-Net makes it able to learn the
underlying relationship between crack evolution and stress
response, which grants it enhanced predictive accuracy and physi-
cal consistency with less data requirement. Numerical experiments
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Fig. 6. Illustration and outcomes for Crack-Net’s transfer learning. (a) Schematic of transfer learning: Model T inherits knowledge from Model N and is then fine-tuned by the
data from the target domain. (b, c) The outcomes of transfer learning for the composites with (b) weak fillers and (c) strong fillers. Unit: MPa.
demonstrated that Crack-Net can address intricate scenarios that
encompass diverse interfaces, varying initial conditions, and the
intricate elastoplastic fracture process. Under these conditions,
Crack-Net accurately predicts the whole fracture evolution process,
in addition to the stress–strain curve for a given microstructure.

Although Crack-Net does not achieve the precision of FEMs,
which seamlessly incorporate complex boundary conditions and
geometries, it demonstrates a certain degree of flexibility. For
example, a case of mixed loading conditions is discussed in
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Section S1.5 in Appendix A, highlighting Crack-Net’s capability to
manage complex scenarios, although it is still in a nascent stage.
It is important to clarify that the aim of this research is not to com-
pletely supplant traditional simulation methods but rather to find
a balance between computationally intensive models (e.g., FEM)
and data-heavy approaches (e.g., DNNs).

Although data-driven methods, such as DNNs, have made great
progress in modeling fracture behaviors, a vast amount of data is
required for training static prediction models, which usually
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Fig. 7. Extension to the prediction of an elastoplastic matrix reinforced by stiff and strong fillers. (a) Predicted and referred stress–strain curve (left), and the reference
(R1–R3) and prediction (P1–P3) of the transformed incremental value Dd (upper) and crack phase field d (lower) at representative points for an elastoplastic matrix with a
strong interface. (b) Cosine similarity of transformed incremental value Dd and crack phase field d under different strains (left) and the prediction and reference for the
specific work of the stress–strain curve (right). The purple line refers to the median. (c) Predictions of Crack-Net and references at representative points for the elastoplastic
matrix with a weak interface. (d) Cosine similarity of transformed incremental value Dd and crack phase field d under different strains (left), and the prediction and reference
for the specific work of the stress–strain curve (right).
predict the final state rather than the entire process. However,
acquiring data from both numerical simulation and physical exper-
iments is costly in terms of time and labor, rendering these data-
driven models inefficient. PINNs manage to reduce the data
requirements and improve prediction accuracy in homogeneous
scenarios by incorporating explicit physical constraints. Their per-
formance, however, is significantly constrained because of the non-
convex feature and discontinuous solutions in composites, as dis-
cussed above. Moreover, incorporating the explicit physical con-
straints into the loss function of the network will complicate the
optimization process, significantly increasing the computational
costs. In contrast, Crack-Net achieves a balance between data-
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driven and knowledge-driven techniques by incorporating the
underlying relationship between crack propagation and stress
response into the network architecture. This enables Crack-Net to
inherently navigate the inner nonlinearities by combining a
short-term data-driven solver with long-term physical insights.
This approach not only facilitates accurate predictions of stress–
strain relationships and crack evolution at the same time but also
constitutes a promising method for balancing computational
modeling.

Crack-Net’s applications extend beyond particulate epoxy com-
posites to include particle-reinforced metallic and ceramic materi-
als. Despite the distinct mechanical properties of these materials in
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comparison with polymers, the underlying fracture principle and
toughening mechanisms remain consistent. More importantly,
Crack-Net represents a scalable approach to potentially predict
the mechanics of heterogeneous structures including—but not lim-
ited to—bioinspired ‘‘brick-and-mortar” hierarchical materials, 3D-
printed IPCs, and fiber-reinforced epoxies, as long as the simulation
model is adjusted properly. Ongoing efforts are expanding Crack-
Net’s utility in scenarios involving the crystal plasticity finite-
element method (CPFE), with preliminary results affirming its
broad applicability. Some limitations, however, remain in Crack-
Net. For example, the interface between the matrix and fibers is
treated and simulated on the basis of ideal assumptions, while
practical situations may be more complex. In addition, the fracture
processing zone plays a crucial role in fracture mechanics, yet cap-
turing its characteristics necessitates an exceptionally refined ele-
ment size. Given the considerable computational expense
associated with generating the necessary data, it has not been
incorporated into the current analysis. Future work may concen-
trate on combining the implicit and explicit constraints to further
enhance the predictive capability of the proposed model.
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