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Abstract

In Structural Health Monitoring (SHM) of large concrete structures like bridges, optimal sensor placement
is crucial due to high installation costs and the challenges of managing large data volumes generated by
sensors. The FE2 framework provides an effective solution to address this issue by simulating bridge responses
under various load conditions. This enables precise identification of critical sensor locations and enhances the
cost-efficiency of SHM by reducing the number of sensors required. The FE2 framework requires small-scale
simulations of concrete’s heterogeneous microstructure, which consists of at least three solid phases and
involves non-linear, complex fracture dynamics. Consequently, the development of a modeling framework
that requires the least computational cost is a major step in the FE2 framework. To this end, a numerical study
was conducted to determine the best numerical framework for fracture simulation of concrete microstructures
in terms of computational cost and implementation complexity. Among various frameworks, the Cohesive
Zone Model (CZM), the Phase-field Fracture Model (PFM), and a hybrid of these approaches were analyzed.
Specifically, the intrinsic CZM was selected from the CZM approach, while the standard and cohesive phase-
field fracture approaches were chosen from the phase-field fracture framework. Within the hybrid model, the
CZM is used for interface debonding, while the Cohesive Phase-field Fracture Model (CPFM) is employed for
matrix cracking. The numerical study revealed that the computational cost of a complete mesoscale finite
element fracture simulation of concrete was lower in CPFM simulations than in CZM simulations when the
same resources were utilized. While CPFM simulations showed initial promise, a full simulation still required
an average of 3.5 hours using five CPUs, each capable of 2.43 × 108 FLOPS (floating-point operations). This
computational demand remains excessively high for the FE2 framework, indicating that its use in the SHM of
large structures, such as bridges, remains impractical. These computationally intensive simulations exceed
current resources, making FE2 application to large structures like bridges infeasible and hindering optimal
sensor placement. Advancements in computational power, especially with modern GPUs, have enabled deep
learning-based surrogate models to address computationally intensive problems in mechanical engineering
and materials science. These surrogate models can predict physical phenomena in a fraction of a second
instead of hours, bringing the realization of an online FE2 framework closer to feasibility. To this end, the
CPFM model is employed to generate the required data to train deep learning-based surrogate models. In the
first attempt, data-driven surrogate models were developed to predict fracture in concrete microstructures.
Following the successful training and testing of the data-driven surrogate model, the computational cost was
reduced by a factor of 3315, with each fracture simulation taking just 3.8 seconds. This substantial reduction
in computational cost indeed brings the FE2 framework closer to practical implementation. However, a major
limitation of data-driven models is their reliance on training data on conditions that is generated on, limiting
their generalization to unrepresented boundary conditions. This necessitates generating new training data and
retraining the model, making their use in SHM of bridges under the FE2 framework impractical. To address this
limitation, the Neural Operator (NO) framework has been proposed. NOs learn operators that map functional
parametric dependencies to their solutions, enabling generalization across various functional spaces, including
different initial and boundary conditions. This overcomes the dependency issues of data-driven models and
provides system responses in fractions of a second, bringing an online FE2 framework for bridges closer to
realization. It should be noted that no neural operator models have been developed or implemented in this
dissertation. Instead, they are suggested as a future research direction to address the challenges associated
with data-driven models.
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Kurzfassung

In der strukturellen Zustandsüberwachung (SHM) von großen Betonbauwerken wie Brücken ist die optimale
Platzierung von Sensoren entscheidend, da die Installationskosten hoch sind und die Verwaltung der großen
Datenmengen, die von den Sensoren generiert werden, eine Herausforderung darstellt. Das FE2 bietet eine effek-
tive Lösung für dieses Problem, indem es die Brückenreaktionen unter verschiedenen Belastungsbedingungen
simuliert. Dies ermöglicht die präzise Identifikation kritischer Sensorstandorte und steigert die Kosteneffizienz
des SHM, indem die Anzahl der erforderlichen Sensoren reduziert wird. Das FE2 erfordert kleinskalige Simula-
tionen der heterogenen Mikrostruktur von Beton, die mindestens drei feste Phasen umfasst und nichtlineare,
komplexe Bruchdynamiken beinhaltet. Folglich ist die Entwicklung eines Modellierungs-Frameworks, das
minimale Rechenkosten erfordert, ein entscheidender Schritt im FE2. Zu diesem Zweck wurde eine numerische
Studie durchgeführt, um das beste numerische Framework für die Bruchsimulation von Betonmikrostrukturen
in Bezug auf Rechenkosten und Implementierungskomplexität zu bestimmen. Unter den verschiedenen Frame-
works wurden das Cohesive Zone Model (CZM), das Phase-field Fracture Model (PFM) und ein Hybridansatz
dieser Methoden analysiert. Speziell wurde das intrinsische CZM aus dem CZM-Ansatz ausgewählt, während
aus dem Phase-field Fracture Model sowohl das Standardmodell als auch der kohäsive Phase-field Bruchansatz
gewählt wurden. Im Hybridmodell wird das CZM für das Entbinden von Grenzflächen verwendet, während
das kohäsive Phase-field Bruchmodell (CPFM) für Rissbildungen in der Matrix eingesetzt wird. Die numerische
Studie ergab, dass die Rechenkosten für eine vollständige mesoskalige Finite-Elemente-Bruchsimulation von Be-
ton bei CPFM-Simulationen geringer waren als bei CZM-Simulationen, wenn dieselben Ressourcen verwendet
wurden. Obwohl anfänglich vielversprechend, benötigten CPFM-Simulationen im Rahmen einer vollständigen
Simulation durchschnittlich 3,5 Stunden, bei denen fünf CPUs mit jeweils 2.43 × 108 (Fließkommaoperationen)
betrieben wurden. Diese Rechenanforderung bleibt für das FE2 zu hoch, was zeigt, dass dessen Einsatz im
SHM großer Bauwerke wie Brücken weiterhin unpraktisch ist. Diese rechenintensiven Simulationen über-
steigen die aktuellen Ressourcen, was die Anwendung des FE2 bei großen Strukturen wie Brücken unmöglich
macht. Fortschritte in der Rechenleistung, insbesondere durch moderne GPUs, haben es jedoch ermöglicht,
KI-gestützte Surrogatmodelle zu entwickeln, die rechenintensive Probleme im Maschinenbau und in der Mate-
rialwissenschaft lösen können. Diese Surrogatmodelle können physikalische Phänomene in einem Bruchteil
einer Sekunde statt in Stunden vorhersagen, was die Realisierung eines Online-FE2 näher an die Machbarkeit
bringt. Zu diesem Zweck wird das CPFM-Modell eingesetzt, um die erforderlichen Daten für das Training
KI-gestützter Surrogatmodelle zu generieren. Im ersten Versuch wurden datengetriebene Surrogatmodelle
entwickelt, um Brüche in Betonmikrostrukturen vorherzusagen. Nach erfolgreichem Training und Testen des
datengetriebenen Surrogatmodells wurden die Rechenkosten um einen Faktor von 3315 reduziert, wobei jede
Bruchsimulation nur 3,8 Sekunden benötigte. Diese erhebliche Reduktion der Rechenkosten bringt das FE2
tatsächlich näher an eine praktische Umsetzung. Eine wesentliche Einschränkung datengetriebener Modelle ist
jedoch ihre Abhängigkeit von Trainingsdaten unter spezifischen Bedingungen, was ihre Generalisierung auf
nicht repräsentierte Randbedingungen einschränkt. Dies erfordert die Generierung neuer Trainingsdaten und
ein erneutes Training des Modells, was deren Einsatz im SHM von Brücken im Rahmen des FE2 unpraktisch
macht. Um diese Einschränkung zu überwinden, wurde das Neural Operator (NO)-Framework vorgeschlagen.
NOs erlernen Operatoren, die funktionale parametrische Abhängigkeiten auf ihre Lösungen abbilden und
somit eine Generalisierung über verschiedene funktionale Räume, einschließlich unterschiedlicher Anfangs-
und Randbedingungen, ermöglichen. Dies löst die Abhängigkeitsprobleme datengetriebener Modelle und
liefert Systemantworten in Sekundenbruchteilen, wodurch ein Online-FE2 für Brücken realisierbar wird. Es ist
anzumerken, dass in dieser Dissertation keine neuronalen Operatormodelle entwickelt oder implementiert
wurden. Stattdessen werden sie als zukünftige Forschungsrichtung vorgeschlagen, um die mit datengetriebenen
Modellen verbundenen Herausforderungen anzugehen.
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Chapter 1

Introduction

1.1 Motivation

In the context of Structural Health Monitoring (SHM) of large structures, such as bridges, the precise placement
of sensors is of paramount importance. The deployment of sensors across the entirety of the structure is
impractical, as it results in an overwhelming volume of data, necessitating extensive memory storage and costly
processing. Consequently, strategic sensor placement is imperative to mitigate these challenges. In the context
of bridge SHM, the identi�cation of critical locations vulnerable to damage is of crucial importance, as e�ective
monitoring of these areas is essential for ensuring the structural integrity of the bridge. The fundamental
question that needs to be addressed is how these precise locations can be determined. The answer to this lies
in numerical simulations, which can model a bridge under various loading conditions, thereby facilitating
the accurate identi�cation of the most damage-prone areas. However, a signi�cant challenge encountered
in numerical simulations arises from the necessity of a reliable material model. The accuracy of simulation
results, and consequently the identi�cation of optimal sensor locations, is heavily dependent on the selected
material model. This challenge is particularly evident in the context of concrete structures, given the highly
nonlinear behaviour exhibited by concrete due to its complex microstructure. Accurate modeling is, therefore,
imperative for the e�ective implementation of SHM.

Concrete microstructure consists of three primary phases: the mortar matrix, aggregate particles, and the
Interfacial Transition Zone (ITZ) [84]. Among these phases, the ITZ plays a critical role in the observed
nonlinear and complex behavior of concrete. The ITZ is a region with very low thickness surrounding
aggregate particles with signi�cantly poorer mechanical properties compared to the other phases [39]. This
weakness arises from a high concentration of voids within its structure. When concrete is subjected to loading,
damage typically initiates in the ITZ and subsequently propagates to other phases, leading to the formation of
microcracks. The coalescence of these microcracks results in the formation of larger cracks, which ultimately
cause concrete deterioration at the structural level [88, 92]. At this stage, the geometrical characteristics
and material properties of the aggregate particles and mortar matrix introduce further complexities to the
fracture dynamics of the concrete microstructure. For instance, polyhedral-shaped aggregate particles can
accelerate fracture initiation within the ITZ due to their sharp edges, leading to di�erent mechanical properties
at the structural level compared to aggregates with smoother shapes. Similarly, if the fracture properties
of the aggregate particles are signi�cantly higher than those of the mortar matrix, cracks, after initiating
in the ITZ, will propagate through the mortar matrix rather than the aggregate particles. This behavior
also in�uences the overall mechanical properties of concrete at the structural level [88]. Considering these
cases, a reliable numerical model at the structural level must account for all the aforementioned complexities.
Consequently, many existing numerical models that simulate concrete at the structural level include numerous
parameters to represent the intricate fracture dynamics observed at the microstructural level. When these
numerical parameters are applied to large concrete structures, they must �rst be calibrated, a process that is
both challenging and resource-intensive. Furthermore, in the case of variations in the properties of concrete
within a speci�c section, recalibration of these parameters becomes essential. This process necessitates the
undertaking of additional experimental and numerical simulations, which are both costly and time-consuming.
Such a scenario is highly undesirable and should be avoided.

Relying solely on structural-level bridge simulations using material models with numerous numerical parame-
ters may not be the optimal approach for precise sensor locations. An alternative and more e�ective solution
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Chapter 1 Introduction

is the utilization of multiscale simulations within the FE2 framework. By employing the FE2 framework,
many challenges associated with concrete microstructural properties and material models can be e�ectively
addressed. Firstly, simulations at smaller scales directly incorporate the geometrical features of the ITZ and
inclusions. Secondly, considerably simpler material models can be employed for these simulations, making
the numerical simulations more physically accurate rather than purely numerical. Within this approach, the
precise locations for sensor positioning can be identi�ed. However, the main drawback of the FE2 framework
is its high computational cost. Performing small-scale numerical simulations at every integration point of a
large concrete structure, such as a bridge, at each time step is practically impossible due to the vast number of
integration points and the limitations of available computational resources. To make FE2 simulations feasible
for large concrete structures like bridges, the solution lies in leveraging advanced Arti�cial Neural Network
(ANN) frameworks.

1.2 State of the art

1.2.1 Concrete small-scale fracture simulations

To simulate fracture in concrete microstructures, numerous numerical techniques have been developed to
capture its complex fracture dynamics as a semi-brittle material. Among these, Cohesive Zone Model (CZM)
[2, 20, 72] and Phase-�eld Fracture Method (PFM) [9, 23] are two widely used fracture approaches. CZM is
a extensively utilized approach to simulate fracture in brittle and semi-brittle materials, particularly those
exhibiting signi�cant heterogeneity. CZM approaches can be broadly categorized into two types: intrinsic and
extrinsic methods [66, 69]. The extrinsic approach introduces Cohesive Interface Elements (CIEs) dynamically
during the simulation, whereas the intrinsic approach embeds CIEs within the material prior to simulation,
making it especially suitable for modeling weak interfaces. In this dissertation, the intrinsic approach is
employed to de�ne weak interfaces. Despite its e�ectiveness, the primary limitation of the intrinsic CZM
lies in the necessity of prede�ning fracture zones. This requirement is not always straightforward; however,
in speci�c scenarios such as the debonding of dissimilar materials or intergranular fracture, this method
proves to be highly e�ective [81]. It is important to note that classical CZM, which relies on a sharp interface
representation, may encounter various numerical challenges. One such issue involves ensuring the balance
of angular momentum, for which potential solutions have been discussed in the literature [33, 71, 80]. To
overcome some of these limitations, an alternative CZM formulation utilizing a di�use or smeared approach
has been proposed [62, 90].

Phase-�eld fracture modeling is a widely adopted approach for simulating fracture behaviour across various
engineering materials. This method approximates sharp crack discontinuities using a di�usive representation,
where the fracture is spread over a �nite width rather than being modeled explicitly as a discrete crack. The
thickness of this di�used fracture zone is governed by a critical parameter known as the length-scale parameter,
which directly in�uences the accuracy and convergence of the simulation. The treatment of this parameter
within the PFM formulation gives rise to di�erent variants of the approach, each tailored to speci�c modeling
requirements and computational e�ciency. Early PFM formulations exhibited sensitivity to the length-scale
parameter and lacked anisotropy and mode dependency. Recent advancements [13, 24, 95] have mitigated
these limitations, improving length-scale robustness while incorporating anisotropy and mode dependency [22,
74, 78, 108]. Additionally, PFM has been extended to multiphysics problems [18, 42, 51, 52, 54, 79, 89, 107]. PFM
has gained popularity for modeling crack initiation and propagation in multiphase materials, particularly those
with interface phases. These simulations address both matrix cracking and interface debonding, categorized
into two approaches. In the �rst, the interface is modeled with a �nite width, employing an auxiliary phase-�eld
parameter [6, 15, 30, 41, 44�46, 64, 65, 67, 73, 87, 105, 110, 111]. Here, interface fracture energy is derived from
CZM or estimated mathematically. In the second, a zero-thickness interface is assumed, utilizing CIEs [25, 26,
29, 32, 70, 86, 109]. While this approach eliminates the need for interface width approximation and auxiliary

3



Chapter 1 Introduction

Figure 1.1:Schematic representation of the SHM of a bridge, focusing on exact sensor positioning. The
innovation of this research lies in utilizing deep neural networks to solve boundary value problems
(BVPs) to enable the practical implementation of the FE2 framework.

variables, it requires prior identi�cation of the fracture zone.

1.2.2 Data-driven models

In recent years, there has been signi�cant progress in the �eld of Machine Learning (ML) and Deep Learning
(DL), leading to substantial advancements in the implementation of deep-learning-based surrogate models for
full-�eld prediction of physical phenomena. Notably, U-Net has been successfully applied in various mechanical
engineering and material design applications, along with other Convolutional Neural Network (CNN)-based
architectures. These surrogate models have also been extensively utilized to predict the homogenized properties
of loaded Representative Volume Elements (RVEs), o�ering a computationally e�cient alternative to traditional
numerical methods [36, 47, 53, 75, 101, 102, 104]. For completeness, some of the key contributions in this area
are brie�y outlined in the following:

Wanget al.[91] proposed a Vector Quantised-Variational AutoEncoder-based surrogate model for predicting
full-�eld damage in laminated composites under low-velocity impact. Chenet al. [11] developed a two-
stage CNN framework with self-attention to enhance stress and fracture pattern predictions in composite
microstructures. Changet al.[10] introduced a CNN-based approach integrating Principal Component Analysis
(PCA) and a U-Net framework to predict crack patterns and stress-crack width curves in printed concrete
structures, incorporating transfer learning for generalization. Dinget al.[17] employed back-propagation
DNNs for predicting macroscopic mechanical properties and microscopic crack patterns in �ber-reinforced
polymers using Discrete Element Method (DEM) simulations.

4



Chapter 1 Introduction

Figure 1.2: Contribution of the publications to the overall objective of the cumulative dissertation.

Spatiotemporal surrogate models represent a sophisticated class of computational models that possess the
capacity to make full-�eld predictions over time. This capability enables them to capture the entire evolution
of a physical phenomenon, from its initial stages to its progression. These models have the capacity to
integrate both spatial and temporal dependencies, thereby facilitating accurate and e�cient representations
of complex dynamic systems. Yanet al. [100] introduced an Encoder-Decoder spatiotemporal model for
delamination growth prediction under compressive loading, integrating a transfer framework for multi-hole
delamination growth. Mohammadzadehet al.[56] extended the Mechanical MNIST dataset [43] with �nite
element simulations of brittle fracture, demonstrating the e�cacy of the MultiRes-WNet architecture. Sepasdar
et al. [83] developed a physics-informed, image-based deep learning framework utilizing two sequential
fully convolutional networks for stress distribution and failure pattern prediction in composites. CNN-based
approaches have also been employed for full-�eld local variable predictions in various materials [5, 14, 16, 34,
68, 99, 103]. For example, Kimet al.[38] leveraged deep learning with PCA to predict stress-strain curves of
unidirectional composites with high accuracy. Shokrollahiet al.[85] implemented a U-Net model to predict
stress �elds in composite materials, accounting for geometric complexity and boundary conditions.

1.3 Objectives and outline

With the advent of powerful computational tools such as modern GPUs, the utilization of ANN frameworks,
including deep neural networks, has increased signi�cantly. Many researchers have demonstrated that using
deep learning frameworks, such as U-Net, allows for full-�eld predictions of physical constraints from high-
resolution parametric spaces within a fraction of a second. This is a considerable improvement compared
to the hours required to achieve similar results using traditional numerical simulations. This remarkable
speed in solving boundary value problems with deep neural networks has motivated this project to adopt
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this technique for SHM of bridges to determine exact sensor positioning. To this end, the project began
with a numerical study to identify the best numerical framework for simulating complex fracture dynamics
in concrete microstructures, considering computational cost and implementation complexity. The primary
motivation for this study was to determine the most suitable numerical framework for generating labeled data
to train a deep learning model. Subsequently, a comprehensive study was conducted to train a deep learning
framework, such as U-Net, for spatiotemporal fracture simulation of concrete microstructures. Figure 1.1
schematically illustrates the prescribed procedures for the SHM of a bridge in terms of exact sensor positioning.
The primary novelty of this research lies in utilizing deep neural networks to make the implementation of the
FE2 framework a practical and feasible approach.

Since this is a cumulative PhD thesis, the work consists of two parts (A and B). Part A provides a summary of the
research presented in the papers collected in Part B. The research summary in Part A is structured as follows:
Chapter 2 introduces the microstructural characteristics of concrete and implements the CZM for fracture
simulation in the concrete mesostructure. Chapter 3 provides a brief introduction to an alternative approach
to concrete fracture simulation which is PFM approach. Furthermore, it provides a comparative analysis of
various PFM approaches with CZM and their combinations in terms of computational cost and implementation
complexity. In Chapter 4, the most suitable numerical method identi�ed in the previous chapter is used to
generate training data for a deep learning-based surrogate model. This model predicts the complete fracture
history of concrete materials. Two di�erent deep learning models are developed: one for fracture prediction
and another for the homogenized stress-strain curve. Chapter 5 introduces a novel deep learning-based multi-
�delity approach for generating high-�delity data while signi�cantly reducing computational costs compared
to classical methods such as FEM. The research summary concludes with Chapter 6. Part B comprises the
publications included in this cumulative thesis. Figure 1.2 provides an overview of each paper's contribution
to this cumulative habilitation thesis and illustrates how the key �ndings are integrated into the proposed
modeling approach.
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Chapter 2

Cohesive zone model

This section begins with a brief introduction to the microstructural characteristics of concretes. It then provides
a summary of the developed algorithms for generating concrete microstructure models and generation and
placement of cohesive interface elements. In the results section, the in�uence of various microstructural
properties, such as aggregate volume fraction and porosity is discussed. In addition to the literature presented
in this chapter, readers are kindly referred to the Paper I [58] of this cumulative dissertation thesis for further
details.

2.1 Characteristic aspects of concrete microstructure

Concrete is a heterogeneous material whose nonlinear behavior originates from the formation and coalescence
of microcracks. The initiation and propagation of these cracks are governed by the mesostructural characteris-
tics of concrete, including the size, shape, distribution, and spatial arrangement of aggregates. These features
directly in�uence the ITZ, which plays a critical role in determining the macroscopic fracture energy [27].

As a complex cementitious composite, concrete exhibits a multiscale structure that requires analysis across
di�erent length scales. As illustrated in Figure 2.1, this multiscale framework typically consists of three distinct
levels. In this dissertation, fracture simulations focus on Level III, known as the mesoscale, where concrete
is represented as a three-phase composite. This model comprises mortar as the matrix, coarse aggregates
as inclusions (4:75mm < d < 25mm) [21], and the ITZ, a thin interfacial region between the mortar and
aggregates. The mesoscale approach enables a more precise representation of crack evolution while capturing
the in�uence of microstructural heterogeneity on macroscopic fracture behavior.

Furthermore, an illustration of concrete microstructure is depicted in the Scanning Electron Microscope (SEM)
image (see Figure 2.2). As illustrated in [7], the ITZ in concrete with a thickness ranging between 20-100
�m , is characterized by markedly reduced mechanical properties. Consequently, under loading conditions,
damage typically initiates in this weaker interface zone before progressing into the other phases. To develop a
reliable numerical model for concrete microstructure, it is imperative to incorporate the ITZ into the numerical
simulations. However, due to the considerably smaller size of the ITZ relative to the other phases, its direct
inclusion in numerical simulations poses signi�cant challenges. The minimal thickness of the ITZ necessitates
the use of extremely �ne elements for its discretization, which results in a substantial increase in computational
cost. Addressing this challenge can be achieved through the implementation of CIEs with the CZM framework.

2.2 Cohesive zone model

A fundamental element of CZM is the accurate depiction of concrete's heterogeneous mesostructure, a
prerequisite for the development of realistic mesoscale numerical models. Furthermore, incorporation of
statistical properties of concrete, such as aggregate size distribution, into mesostructure generation is essential
for ensuring the validity of the models. The aforementioned approach enables the CZM framework to e�ectively
simulate the propagation and failure of cracks in concrete at the mesoscale, accurately reproducing fracture
properties that have been observed in experimental studies in the literature. [19, 28, 31, 35, 37, 48, 82, 93].
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Figure 2.1:The three-stage representative structures of cementitious composites [4, 12]. C-S-H refers to calcium-
silicate-hydrates, which form the primary binding phase in cement paste, while CH denotes calcium
hydroxide crystals, a secondary hydration product. The �gure is adapted from [21].d_D << 1
ensures scale separation for valid multiscale homogenization.

In this dissertation, the developed CZM methodology involves the use of in-house Python code named CMG
(Concrete Microstructure Generator), which is employed to generate the mesostructure of concrete with
various aggregate shapes and circular voids. CMG can create randomly distributed aggregates of varying sizes
and shapes, including circular, elliptical, and polyhedral aggregates, along with circular voids within the mortar
matrix. Next, CIEs are inserted at the interfaces of the continuum elements constituting the mortar matrix,
aggregates, and the ITZ zone. This task is performed by another in-house Python code, CIEsIn (Cohesive
Interface Element Insertion). It is important to note that the insertion of interface elements is completed
prior to the �nite element simulations. Thus, the implemented CZM model falls into the category of intrinsic
cohesive zone model approaches.

2.2.1 Concrete Microstructure generation

As mentioed, the CMG can generate a 2D concrete mesostructure with randomly distributed circular, elliptical,
and arbitrary polygonal aggregates with intersection and overlap detection control. In the context of concrete
mesostructure, aggregates are categorized into two distinct groups: �ne and coarse. Fine aggregates are de�ned
as sand or crushed stone with diameters less than 4.75 mm, while particles measuring greater than 4.75 mm are
classi�ed as coarse aggregates [112]. In standard concrete formulations, coarse aggregates typically constitute
between 40% and 50% of the total volume [94]. This study focuses on the failure behaviour of concrete
mesostructures, paying particular attention to coarse aggregate particles. The Fuller curve is commonly
employed in mesoscale numerical models of concrete to represent aggregate size distributions. By providing an
optimal gradation of aggregate sizes, the Fuller curve enables the generation of realistic, well-graded aggregate
distributions. This supports the development of concrete mesostructures with representative mechanical
properties.
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Figure 2.2:SEM imaging of interface zone in concrete materials [7]. The interface zone in concrete materials
has a thickness between 20-100µm, which, compared to other phases, is very small.

Following the generation of the aggregates, the next step is their random distribution within the concrete
mesoscale specimen, a process referred to as thePlacing Process. The satisfaction of three critical conditions is
imperative during this process. Firstly, it is essential that each aggregate is fully placed within the boundaries
of the concrete specimen without crossing its edges. Secondly, newly placed aggregates must not overlap with
those already positioned. Lastly, a small gap should be maintained between each pair of aggregates to ensure
the presence of a mortar layer between them. All of these criteria are taken into consideration within the CMG
algorithm.

2.2.2 Cohesive interface elements generation

In the CZM methodology, CIEs are generated and inserted at the interface of solid elements. The CIEsIn
algorithm �rst reads an initial FE mesh �le from Abaqus/CAE and subsequently generates two-dimensional
4-noded cohesive elements (COH2D4) between material interfaces and along surfaces where crack propagation
may occur. In this section, as illustrated in the Figure 2.3, the generation of COH2D4 elements between
two-dimensional triangular elements is presented as a case study; however, the underlying principles can
be expanded to encompass the creation of cohesive elements between any combination of two- and three-
dimensional cohesive elements.

The generation of CIEs involves several key steps. Initially, the Abaqus/CAE mesh �le is read during the
initialization process, and three primary data structures are created. These structures store node and element
IDs, coordinates, and the element connectivity list from the initial mesh �le. The next step identi�es interface
nodes located between aggregate particles and the mortar matrix. Following this, pairs of adjacent elements
are identi�ed, speci�cally determining the shared face between each pair. In 2D, adjacent elements are those
that share two common nodes. The speci�c shared face between two neighboring elements is assigned a
unique identi�er by comparing the element connectivity vectors of elements linked to each node. In the third
step, cohesive nodes are generated by duplicating the interface nodes located on the shared face of each pair
of adjacent solid elements. Finally, cohesive elements are created by generating a new element connectivity
list for the CIEs, and a new Abaqus mesh �le containing cohesive elements is exported. This process ensures
accurate modeling of interfaces in concrete mesostructures. Figure 2.3 schematically represents the generated
CIEs in a simple concrete mesostructure.
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Figure 2.3:Generation of three sets of cohesive elements within an initial FE mesh �le. The cohesive elements
are generated within mortar matrix, inside aggregate particles and in the ITZ zone. The �gure and
caption are adopted from the Paper I [58] of this cumulative dissertation.

2.3 Finite element modeling

Following the generation of a concrete mesostructure, its discretization is conducted utilizing the pre-processing
functionality in Abaqus/CAE. This ensures the alignment of �nite element boundaries with material surfaces,
while preserving continuity. Free meshing is utilized to accommodate complex geometries, with three-node
linear triangular elements enabling realistic crack propagation paths. After discretization, the Abaqus FE
mesh is processed by CIEsIn algorithm to generate cohesive interface elements. The material properties for
aggregates and mortar are adopted from [97], while the parameters for the Traction-Separation Law (TSL), a
material model for CIEs, are calibrated against experimental observations reported in [77]. The TSL parameters
are adjusted so that the FE simulations reproduce the experimentally observed interfacial fracture behavior.
Due to the high heterogeneity of concrete, cracks propagate under mixed-mode fracture conditions even when
subjected to uniaxial loading. Mixed-mode fracture occurs when multiple fracture modes coexist at a crack tip,
either from multiaxial loading or from geometries that favor such conditions. To simulate these behaviors,
Bilinear B-K TSL [3] is employed in CZM �nite element simulations [96]. Bilinear TSLs require three key
parameters: cohesive element penalty sti�ness (K), threshold stress (� max), and critical fracture energy (GC),
which represents the energy needed to form two new fractured surfaces. Damage initiation is determined
using the quadratic stress damage criterion, while damage evolution in the softening region is represented by
a scalar damage variable (D).

2.3.1 Mesh convergence study

The CZM approach is mesh-dependent. Consequently, when conducting fracture �nite element simulations
using the CZM technique, it is essential to employ a �ne level of discretization. This is necessary to mitigate
the reliance of cohesive crack paths on mesh size. However, reducing the element size increases computational
cost, necessitating a balance between accuracy and e�ciency. To achieve this, a mesh convergence study is
conducted in this work, focusing on the mean stress-strain curve and �nal fracture paths to identify an optimal
mesh size. A mesoscale specimen with circular aggregates and a volume fraction of 50% is discretized into
six di�erent levels. After discretization, all specimens undergo uniaxial tensile test simulations. Figure 2.4
presents the mean stress-strain curves for each specimen, where the mean stress is computed by dividing the
total reaction force at the left edge nodes by the specimen length at each step frame. As shown in Figure 2.4,
the dependence of the stress-strain curves is negligible for specimens with discretization steps of 1 mm or
smaller. Figure 2.5 presents the �nal crack patterns for various mesh sizes. The macrocrack patterns for
mesh sizes of 1 mm and smaller (see Figures 2.5c, 2.5d, 2.5e, 2.5f) remain consistent, exhibiting only minor
variations. Additionally, for illustrative purposes, the computational costs associated with di�erent mesh sizes
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Figure 2.4:Mean stress-strain curve for a concrete sample shown in Figure 2.5 with di�erent levels of dis-
cretization. All mesoscale samples are subjected to a uniform displacement of 0.15 mm in the
x-direction. The �gure and caption are adopted from the Paper I [58] of this cumulative dissertation.

Table 2.1:Comparison of computational costs for various mesh sizes. In Abaqus, a token refers to a licensing
unit that determines the number of concurrent analyses that can be executed.

Average element length Number of tokens Computational time (hour)

Mesh size 1.4 mm 5 3.2

Mesh size 1.2 mm 5 3.53

Mesh size 1 mm 5 5.5

Mesh size 0.8 mm 5 11

Mesh size 0.7 mm 5 14.5

Mesh size 0.5 mm 5 30.8

are summarized in Table 2.1. It is important to note that all CZM simulations are carried out in Abaqus/CAE
and in the computational cost study, the number of tokens is set to 5. In contrast, for other microstructural
studies, 20 tokens are used in CZM simulations. Considering the good agreement of the mean stress-strain
curve and macrocrack pattern for the specimen with a mesh size of 1 mm compared to those with �ner
discretization, and taking computational cost into account, a mesh size of 1 mm is selected for subsequent
�nite element simulations.

It is worth noting that, as seen for the mesh size of 1.2 mm in Figure 2.5, the solved system of equations leads to
the formation of three macrocracks. The e�ect of generating three macrocracks is visible in Figure 2.4, where
the area under the stress�strain curve, representing the dissipated energy, is larger than for the other curves.

2.3.2 Validation of CZM simulations

After performing mesh sensitivity analysis, mesoscale concrete simulations are validated against experimental
results from [77]. The validation of the CZM simulations is based on uniaxial tensile test experiments conducted
on concrete. The experiments were performed using a servo-hydraulic, closed-loop testing machine under
strain-controlled loading to ensure accurate measurement of the full stress-strain response. The concrete mix
consisted of ASTM Type I cement, �y ash, and ground granulated blast-furnace slag with a water-cement
ratio of 0.34. The test specimens were square slabs (150• 150• 50 mm) cut from larger slabs to ensure
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