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ABSTRACT

Over the past decades, the investigation of masonry behaviour under in-plane and out-of-plane
response has been an improving area of research. This thesis presents the findings from non-
linear finite element analysis of masonry walls. The blast loading’s effect on masonry structures
has been investigated as part of this study using finite element analysis. Low-cost housing
within the close proximity of mining operations have been heavily impacted by the effect of
blast loading and this research intends at investigating the effect of blast loading on masonry

walls.

Non-linear dynamic finite element analysis was used to create the structural model. Regarding
the modelling approach that is adopted in this research, the masonry units are taken as
continuum elements and the mortar joints as interface elements. The simplified micro
modelling is used by defining the block-to-block interaction properties (mortar is not
modelled). Through the use of friction interfaces and unilateral contact, zero tensile resistance
between the joints is achieved. Utilizing the concrete damage plasticity model, the prediction
of tensile and compressive failure of blocks was achieved. In terms of blast application, this
research considered the surface blast and the different blast loading factors are considered
which included the effect of standoft distance, explosive type and weight. The explicit dynamic
solver is used in this research which adopts very small-time steps, that makes it appropriate for
blast loading. Moreover, the small-time increments offered by the explicit solver are suitable

for solving complex contact problems.

The first study investigated the behaviour of concrete brick walls under blast loading with
varying standoff distance of 20m, 50m and 100m respectively. As part of the parametric
investigating, the blast weight varied from 100kg TNT, 200kg TNT and 1150kg TNT for solid
walls. For walls with opening, blast weights were increased to 2000kg TNT, and 3500kg TNT.
According to the results, the effect of openings on walls proved to reduce the severity of

damage on the walls.

The orientation of bricks in masonry wall construction is regarded as one of the aspects that
architects consider vital for the aesthetics of the walls. However, the influence of brick patterns
has not yet been thoroughly investigated. The second aspect of this research investigated the
different bonding patterns which included the stacker bond, stretcher bond and English bond.

It was observed that the failure modes under out-of-plane response among these different bonds

Vi



did not differ significantly, however, the different bonding pattern proved to have a significant

influence on the response of the wall under horizontal loading (in-plane loading).

The introduction of machine learning methods for a fast-accurate prediction of the masonry
wall response is achieved in this thesis as one of the innovations of this research. When
compared to conventional numerical simulations, the machine learning methods offers a
significantly reduced computational cost. Machine Learning (ML) approaches in the field of
structural engineering is one aspect that is still being investigated by various researchers,
however, the blast effect on masonry using these approaches is still not fully developed. As part
of the deep learning technique, this study investigated the adoption of Artificial Neural
Network (ANN). The dataset for ANN included the numerically generated results from
commercial finite element software (ABAQUS) using varying blast weights and standoff
distances. This process involved linking Python coding and MATLAB programming code to
automatically generate these results without having to manually open the commercial finite
element software. The accuracy levels that were obtained from the ANN models were in the

acceptable range.
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Chapter 1 - Introduction

1.1 Background

Masonry is considered as the oldest building material that is still in use today for construction
of structures. These structures comprise of residential houses, office, and commercial
buildings. Most historical buildings are constructed using masonry units. The use of masonry
has also been seen as the most affordable method to construct buildings. The construction
method that is adopted includes the placement of stone or masonry units of each other and
commonly bonded by means of mortar. In some cases, masonry walls are constructed as dry
walls where the bricks are melded as interlocking bricks. Over the years, increasing research
efforts have been developed, focusing on the evaluation of the structural behaviour of masonry
walls. Masonry is described as a composite material, consisting of units and mortar arranged
in a regular pattern forming joints, with the interface between the units and mortar joints acting
as planes of weakness (Ahmad et al., 2014). Concrete masonry is also commonly used in low-
cost houses. For these structural systems, the low tensile strength of masonry or mortar
interfaces, may lead to an inadequate response when in and out of plane lateral forces reach

high values.

The impact energy produced by blast casting in coal mining can break and cast rocks, yet the
strong vibration effects at the same time affects the surrounding structures. Ground vibration
originating from blasting operations can potentially lead to collapse of some structures.
According to Nguyen et al (2019), complaints and litigation related to blast-induced vibrations
are serious and can cause many open cast mines to stop production. The investigation of
blasting forces on structures with specific reference to masonry structures is imperative. Other
sources of blast loading include breaking of rock in construction activities. An increasing issue
in contemporary society is the use of explosives by terrorist organizations throughout the world
to attack civilian buildings and other facilities. Additionally, there are also accidental blast loads
that masonry walls are subjected to, and those include gas explosions that take place in enclosed
spaces. According to Devika et al (2021), blast loads are extreme, sudden, unpredictable
impulses operating over milliseconds. This brings a serious challenge for structural engineers

to accurately predict and model the effect of these loads on masonry structures.



The structural behaviour of masonry, especially in the context of blast loading, remains a
captivating and challenging subject due to its heterogeneous composition. According to
Shamim et al (2020), when the wall is exposed to blast, masonry walls break due to tensile and
flexural failure, and any lateral stress is followed by the shearing of bed joints. The physics and
thermochemistry of explosives, dynamic structural analysis, material behaviour, shock wave
physics, and ballistics are all included in the interdisciplinary research on blast waves and how
they interact with structures (Miller, 2004). Masonry is very stiff and brittle in-plane so that the
forces transmitted by ground shaking or surface blast are high and failure is accompanied by a
marked reduction in strength and stiffness (Sridhar et al., 1997). Damage normally comprises
either collapse or diagonal cracking in both directions. Cracks, which will often be located
between adjacent openings, will frequently follow the mortar joints. Recently, there has been
various studies conducted by provided some insight on the response of unreinforced brick
masonry walls when subjected to free-field explosions. The response of the wall to such loading
is governed by the material and geometric nonlinearity (Macorini et al., 2014). The different
brick patterns, size of bricks and their strength also plays a role in the structural response of
masonry buildings. In the context of low-cost houses, poor workmanship has been observed in

most developing countries and that can compromise the capacity of the walls.

In terms of analysing the masonry buildings, the finite element analysis (FEA) has gain
popularity. FEA Software’s such ANSYS, LS-DYNA, ABAQUS are commonly used in
conducting numerical studies of masonry walls. This research work uses ABAQUS for
modelling of walls subjected to blasting forces. One common requirement for all these FEA
software packages is that the material properties must be properly defined and the definition of
contact mechanisms. The definition of contact mechanisms depends on the complexity of the

structure and the accuracy levels required from the analysis.

There are basically two numerical approaches that have been adopted by researchers to describe
the mechanical behaviour of masonry: macro-modelling and micro-modelling (Lourengo et al.,
1995). In macro-modelling, masonry is considered as a composite and homogeneous material
while in case of micro-modelling masonry is considered as a discontinuous assembly of units
connected by joints simulated by appropriate constitutive laws. Furthermore, in macro
modelling technique, masonry units (concrete blocks, stone units), and the mortar between
them are modelled as a single material. According to Koémiircli and Gedikli (2019), by using
the macro modelling approach, the detailed failure mechanisms are generally not well

reproduced. In most historical buildings, the macro approach is adopted.



The FEA however can be time consuming and computational expensive and, in most times,
may be regarded impractical for simulations of large dataset. In that regard, data driven
approaches have been regarded as an efficient approach in the sense that once offline training
is complete, they can then predict fast and accurately the structural response, with reduced
computational cost as compared to conventional numerical methods. Due to the reduced
computational cost, data-driven approaches can also contribute towards the structural health

monitoring of masonry walls under blast actions.

1.2 Motivation for the research

The South African coal mining sector produced 252.3 million tons of coal and contributed 2%,
to the country's gross domestic product in 2017 (Minerals Council SA, 2018). Taking
responsibility for public safety into account, this study takes cognisance that the coal
production is essential in South Africa, at the same time the motivation to understand the
impact of mining operations on public health and safety arose and hence the need to be able to
able predict the masonry response to blasting forces. Around the globe, there are various
minerals that are extracted by means of hard rock blasting and due to these activities,
neighbouring structures has suffered. Figurel-1 below depicts some of the damages that have

been linked to blast activities.

(2) (b)

Figure 1-1: a -b: Wall cracks after blasting in Glali Iron mine -lran (Dehghani et al, 2021)

(d)

c: Wall cracks after blasting in Konkola Copper Mine- Zambia (ZNBC News, 2021)

d: Allegedly blast induced crack in Witbank- South Africa (Citizen news, 2018)

Terrorism and accidental explosions in recent years have become a threat to the safety of

various existing structures. Failure of a masonry wall is likely to be sudden and severe that

3



poses significant debris hazard to building occupants when subjected to blast loads. Figure 1-

2 below shows the catastrophic damage due to accidental damage and bombing attack.

(b)

Figure 1-2: (a) Accidental explosion: Gas Explosion in Sunderland (Source: The Guardian-UK, 2017); Building damage due to

bomb attack (Source: SABC News, 2021)

From the figure above, the importance of accurate analysis of buildings under blast loading and
the provision of clarity of whether the alleged building cracks are caused by the blast action or
not. Due to the apparent complexities and limitations associated with response prediction
methods for blast loaded walls, it is worth noting that there is a need to investigate and develop
methods for prediction of masonry failures under such loading conditions. This proposed study,
through its model, will be able to provide a better understanding on the intensity or severity of
blast action based on the explosive weight and the distance from the blast source to the targeted

wall.

The simulation of the non-linear damage response of masonry walls comes with structural
challenges that results from a wall being heterogeneous and anisotropic material due to mortar
joints, with different tensile and compressive strength. Such challenges raise the need to adopt
sophisticated constitutive descriptions, to capture failure due to opening-sliding in the
interfaces plus compressive-tensile damage on the blocks. The simulation of blast load in this

research is considered in the framework of non-linear time history (dynamic) analysis.

1.3 Research aims and objectives
This research aims at capturing the failure response of masonry walls using different blast
properties (distance and charge weight), and to capture if the mode of failure is either in-plane

or out-of-plane. This research presents the numerical investigation of the mechanical response



of masonry walls under blast actions, with and without openings. Non-linear finite element
models are proposed to simulate all the joints between masonry units by introducing unilateral
contact—friction interfaces. An empirical model is employed for the modelling of the blast
action, and explicit dynamic analysis is used to construct this loading type. Different loading

scenarios are examined, producing various failure mechanisms.

In addition, this research aims at introducing machine learning methods for a fast-accurate
prediction of the masonry wall response. The investigation will focus on how neural networks
can be used to predict the behaviour of masonry structures under blast loading considering the
nonlinear constitutive relations of the corresponding material, with reduced computational cost
than traditional methods of computation. The fast and accurate prediction of the wall’s response

leads to significant improvements in the field of structural engineering.
The objectives of the proposed study can be stated as follows:

e Propose a valid numerical model, which is able to predict the structural, ultimate
response of masonry walls under blast actions generated from open cast mining
activities.

e Investigate the behaviour of unreinforced masonry walls under blast loading using
nonlinear finite element methods.

e Identify the detailed factors, such as in-plane or out-of-plane response and blast load
properties, that govern the structural behaviour of masonry walls under blast actions.

e Investigate the effect of different brick bonding patterns on the in-plane and out-of-
plane response of masonry walls.

e Investigate the suitability of neural networks for application in the structural analysis
domain, particularly in simulating the behaviour patterns.

e Propose an automatic scheme, involving MATLAB, Python, and commercial finite
element software, used to generate datasets describing the response of masonry walls
under blast loads.

e Develop, train, and implement artificial neural networks to predict the structural
response of masonry walls under blast action and compare the results of these neural

networks with the results obtained from numerical simulations.



1.4 Research contributions

The aim of this study relies on the above considerations and is focused on the traditional and
data driven approaches to provide an analysis of the possible failure mechanisms on the
masonry structures that are subjected to blast loading, through FEA and machine learning
methods. It is anticipated that this work will add valuable contribution to the field of structural

engineering and computational mechanics. In this research, the main contributions are:

e Proposing a structural analysis scheme through numerical analysis that considers the
non-linear response of masonry and can simulate all the joint interactions between
masonry units by introducing unilateral contact—friction interfaces. Following the
proposed approach, real failure modes due to blast actions, in the interface of masonry
units or in the units, can be depicted.

» The influence of brick bonding patterns has been investigated by various research
efforts under in plane loading. This study aimed at comparing the different bonding
patterns under blast loading which cause out of plane deflections. The findings highlight
the structural response when both in-plane loading (e.g. due to horizontal forces) and
out of plane deflections due to blast, arise.

e Proposing numerical schemes using programming codes (MATLAB-Python) to
automatically generate datasets providing the structural response of masonry walls
under blast actions.

e Gaining insight and exploration the applicability of artificial neural networks as a fast-

predicting tool for masonry walls subjected to blast loading.

1.5 Research approach and methodology

The general approach to achieving the objectives of this study was undertaken via numerical
simulations and programming. Here are some highlights of the suggested technique (a)
Nonlinear modelling of the walls using a commercial software and non-linear explicit dynamic
finite element analysis adopting principles of contact mechanics and a concrete damage
plasticity model to define the nonlinear properties of the wall (b) generation of a MATLAB and
Python script to generate dataset via the commercial finite element software for training of
neural networks, (c¢) using MATLAB R2019a to develop the neural network, train, and
validation thereof.

It shall be noted that the scope of this study in terms of data collection is limited to numerically

generated data, as experimental data for blast loading is expensive and unsafe, mainly for this



loading (blast actions). The cost aspect is associated with the construction of test walls, the
procurement of explosives, hiring of measuring devices. Careful attention was paid to in
ensuring that the numerical generated data can produce reliable results by comparing numerical

results with existing experimental and numerical output.

1.6 Thesis structure

This thesis follows the structure of an “articles format thesis”, which will consist of seven

chapters. This thesis is therefore organized as follows:

Chapter One- Introduction
This chapter provides an introduction of the thesis, scientific or background information of the
research and the rationale for the study. The aim and objectives of the research are outlined in

this chapter.

Chapter Two- Literature review
This chapter discusses existing literature related modelling of masonry structures and machine

learning applications. Related studies are reviewed, and a comparative discussion is made.

Chapter Three- Methodology

This chapter presents the methodology that was adopted for this study. The numerical approach
is discussed here, involving the proposed finite element models and the methodological
approach on the development of ANN models for the prediction masonry walls is discussed in

detail.

Chapter Four (Paper 1)
A numerical investigation of masonry walls subjected to blast loads is presented in this chapter.
A non-linear finite element model is proposed, to describe the structural response of the walls.

This chapter is based on the published article with MDPI -Computations.

Chapter Five (Paper 2)
The Investigation of the effect of brickwork patterns on the response of masonry wall subjected
to in-plane loading and blast loading is discussed in this chapter. This chapter is based on the

article under review with European Journal of Computational Mechanics.



Chapter Six (Paper 3)

The prediction of masonry wall’s response under blast loading using Artificial neural network
(ANN) is presented in this paper. Feedforward Artificial Neural Network (FFANN) Application
is adopted in this chapter. This chapter is based on the published article with MDPI -

Infrastructures.

Chapter Seven -Conclusion and recommendations
This chapter provides a summary of the entire thesis. The main contributions and the final
conclusions which can be derived from this study are listed in this chapter. Additionally, the

future recommendations for future research in this field of study are also listed in this chapter.
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Chapter 2 — Literature Review

2.1 Description of Masonry

The most prevalent wall system used in the construction industry is the masonry wall system
because it is strong and can be orientated in any direction. There are various types of masonry
systems that exist, and the commonly used units are brick, concrete block, and stone. These
masonry units are laid or jointed together by means of mortar. There are wall systems where
the interlocking method is used and that does not require the use of mortar. The presence of
individual units and mortar is what makes the masonry a heterogeneous material. The different
loading systems that are imposed on masonry system results in both the units and mortar
experiencing failure modes such as crushing and tensile crack failure. It has been highlighted
by various researchers that mortar joints act as weakness planes under shear loads (Gajjar et

al., 2021). Figure 2-1 below depicts the classification of stone masonry.

Figure 2-1:Different kinds of stone masonry: (a) rubble masonry; (b) ashlar masonry; (c) coursed ashlar masonry (Lourenco,
1998)

Most commonly, stone masonry is found in ancient buildings. The structural behaviour of
rubble masonry in old structures is a fascinating phenomenon which has led to ongoing
research due the heterogeneous nature of the material. The commonly used units in the past

decades have been bricks. Figure 2-2 displays the typical bricks.
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(a) solid pressed brick (b) cored brick (c) hollow brick

Figure 2-2:Contemporary clay bricks (Chaimoon, 2007)

Most buildings incorporate various architectural features and aesthetical finishing. Figure 2-3
shows the different types of brick bonding patterns that are commonly used in buildings. The
stretcher bond, English bond and Flemish bond are the three main bond patterns commonly

used in South Africa.

(d) (e)

Figure 2-3:Different brick bonding patterns: (a) common bond; (b) English bond; (c) Flemish bond; (d) stack bond; (e)
stretcher bond (Lourenco, 1998)

2.2 Mechanical behaviour of masonry

The mechanical behaviour is typically examined in relation to either the material or the
structural components, where stiffness, strength, and ductility must be defined (D’Altri et
al.,2020). These different types of masonry exhibit a common downfall which is the low tensile
strength. However, experiment studies by various researchers have proven that masonry is
strong in compression. According Thomoglou et al (2023), although bricks have a high
compression strength, their poor tensile capacity causes them to fracture brittlely in tension and

frictionally under shear loads. This mechanical behaviour is what makes the masonry an
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anisotropic material which implies that the mechanical properties change based on the direction
of loading. The unit-mortar interface is often regarded as the weakest component of masonry
composite material due to the low tensile resistance of the mortar joins which leads to potential
cracking. The mortar due to its lower Young’s modulus tends to expand laterally but that is
restricted by the bonding and frictional forces that are developed at the interface between
masonry unit and mortar (Shrivastava,2022; Van der Pluijm et al., 2000). The differing
compressive strengths and deformable characteristics of units and mortar are precursors of
failure (Hilsdorf, 1969). Figure 2-4 below shows the mortar undergoing tri axial compression
and the masonry unit undergoing biaxial tension coupled with vertical tension.

R Vertical
compression

o, o

™ Bilateral
Qf‘\’i’/ A tension

n,i/'* \.\L

s
'y G,
|

Triaxial
compression

Figure 2-4:Stresses in brick-mortar composite (Canella, 2014)

According to Gatta (2019), when exposed to compressive stress, brick often responds in a
brittle manner with high strengths, whereas mortar responds in a more ductile manner with
lower resistance. Figure 2-5 (a) shows with reference to uni-axial compressive tests performed
Binda et al. (1996). An experiment conducted by Kaushik et al. (2007) investigated the
compressive behaviour of masonry prisms made of four brick types and three mortar grades.
The results of the experiments highlighted that, contrary to the usually understood compressive
behaviour of masonry, the stress-strain curves of masonry erected using bricks and mortar of
equivalent strengths and stiffness were found to lie below the stress-strain curves of both bricks

and mortar. This is shown in figure 2-5 (b).
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Figure 2-5:Stress-strain curves for bricks, mortar and masonry prims: (a) weak mortar (Binda et al., 1996) and (b) strong

mortar (Kaushik et al., 2007)

Figure 2-6 below shows the behaviour of masonry under tension, compression and pure shear.

According to Lourenco (1997) quasi-brittle material such as masonry often shows the softening

behaviour which is due to material heterogeneity and material defects such flaws and voids.

Strain-softening is a decline of uniaxial stress at increasing strain and further defined as the

situation where the matrix of tangential elastic moduli ceases to be positive-definite (Bazant et

al, 1984). Strain-softening does not only occur in tension but also in shear and compression.

According to Bazant et al (1984), other mechanisms such as the rate effect can also be

considered as the cause for strain-softening.

=]

Tension

G

Compression

-

Shear

(e)

Figure 2-6:Typical behaviour of quasi-brittle materials and definition of fracture energy: uniaxial tensile loading (a); uniaxial

compressive loading (b); pure shear (c). (Pela ,2009)
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The integral of the 0—4 diagram is the fracture energy, signified by Grand G, for tension and
compression, respectively. In case of slip of the unit-mortar interface under shear loading, the
inelastic behaviour in shear can be described by the fracture energy Gy which is defined by
the integral of the 7—¢J diagram. The shear failure is a salient feature of masonry behaviour that
must be taken into account in case of micro-modelling strategy. It is worth noting that this
failure cannot be included in macro-modelling strategy as the unit-mortar properties are not
discretized. According to Pela (2009), shear failure is correlated with tension and compression
modes in a principal stress space. The difference between micro and macro modelling strategy

is later discussed in this chapter.

2.3 Masonry failure mechanism

The fundamental masonry failure mechanisms are depicted in figure 2-7 below. According to
Lourenco, there are five failure mechanisms that can be observed from the assembly of two
bricks and those include: joint tensile failure, joint shear failure, brick and mortar tensile failure,
diagonal masonry failure, and masonry crushing. The joint mechanisms for tensile and shear
failure of the mortar joint are depicted in Figs. 1(a) and 1(b), respectively. A combined brick
and mortar failure mechanism that corresponds to brittle fracture of the brick assembly is
shown in Fig. 2-7(c). The interaction between the bricks and the mortar joint is a key factor in

the joint-brick failure processes seen in Figs. 2-7 (d) and 1(e).

e e
| !
I

(d) (e)

Figure 2-7:Masonry failure mechanisms: (a) joint tensile failure, (b) joint shear failure, (c) brick and mortar tensile failure,

(d) diagonal masonry failure, and (e) masonry crushing. (Lourenco et al.,1997)

2.3.1 In-plane shear loading
Masonry systems presents some complexity in terms of the mechanical performance and the

different failure patterns it presents under different loading conditions due to its heterogenous
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behaviour. For this reason, it is essential to understand failure patterns for either the in-plane
loading or out of plane loading. According to Page (1981), masonry walls are jointed together
by mortar and the mortar joints act as plane of failure. As can be seen in figure 2-8 below, the
majority of the failure patterns are along the joints with some failing under masonry crushing.
It is worth mentioning that when the behaviour of masonry walls is investigated, the bond
pattern of brick shall be carefully considered. When the principal tensile stresses within the
wall supersede the in-plane capacity of the masonry units, the diagonal shear failure will form.
According to Tomazevic (1999), the cracks in this failure mode will follow the mortar joints in

a stair-case shape and in some cases go through the masonry units.

According to Ceroni et al (2021), shear failure is often observed by propagation of oriented
cracks and these cracks can extend through the masonry unit or mortar. The common shear
failure mechanics are sliding failure and diagonal shear failure. Mohr-coulomb criterion is
commonly used to study the sliding mechanism (Ceroni et al., 2021). This can be described

using eq. 2-1 below.
T=c+tan@.o (2-1)

where 7 is the shear strength, based on cohesion, ¢, and the associated angle of friction, @, for

the wall material and lastly, the level of normal compression, o.

The typical in-plane failure mechanisms are depicted in figure 2-8 below.

Figure 2-8:Masonry failure mechanisms: Shear failure (a, b, ¢); Compression failure (d); Tension failure (e) (Jovanoska &
Churilov, 2009)
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2.3.2 Out of plane failure mechanisms

For loading conditions such as blast loading, wind loading and seismic loading, their failure
mechanisms are heavily reliant on the support conditions of the wall. The different support
conditions mainly result in the behaviour of the wall being analysed as either one-way or two-
way spanning, therefore uniaxial or biaxial bending is considered in this case. It is important
to note that when walls are loaded laterally to their plane, such as with blast surface loading,
the wall will develop bending actions and, when internal stresses exceed material strength,
fracture patterns with directions rely on the boundary constraints definitions. An increase in
shear capacity and high moment to shear ratio often results in flexural failure. Figure 2-9 shows

the typical out-of-plane failure of masonry walls.
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Figure 2-9:Typical out-of-plane failure cracking: (a) and (b) vertically spanning one-way walls and (c) two-way spanning
walls. (Gatta ,2019)

According to Abrams et al (2017) highlighted that the out-of-plane response of walls is also
dependent on other factors such as the level of the axial forces, the presence of openings and
the quality of connections between the masonry units. The anisotropic nature of walls results
in a much more complex structural behaviour when subjected to biaxial bending (Vaculik,
2012). Figure 2-10 below depicts internal joint stress distribution due to vertical bending,

horizontal bending and bi-axial bending.

(a) Vertical bending (b} Horizontal bending (stepped crack) (c) Diagonal bending

Figure 2-10:Internal stresses in the interfaces depending on the applied bending moment (Vaculik, 2012)
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2.4 Masonry Modelling techniques

Due to the different characteristics of masonry unit and mortar, care is to be taken in modelling
masonry walls. Modelling masonry walls aims at providing models that are close enough to
the description and the behaviour of the real structure. According to Kémiircii and Gedikli
(2019); Drosopoulos and Stavroulakis (2022), there are two commonly used modelling
techniques, namely the heterogenous modelling and homogeneous modelling. This is
demonstrated in figure 2-11 below. Under heterogenous modelling, there is micro modelling
and simplified modelling. On the other hand, homogeneous modelling consists of macro

modelling technique.

MODELLING TECHNIQUES

I HETEROGENOUS MODELLING ] I HOMOGENOUS MODELLING |

[rﬂl(:RE) MODEL j lSIMI-‘l IFIED MICRO MODEL I |MACRO I"e'IODELl

Figure 2-11:Modelling techniques for masonry walls (Kémirct and Gedikli, 2019)

The modelling strategies for masonry structures are depicted in figure 2-12 below. Depending
on the desired level of accuracy, masonry structures can be modelled using either the macro-
modelling approach, in which masonry is simulated as a composite, or the micro-modelling
approach, which accounts for all of the individual components of the masonry structures
including the mortar and masonry units (Lourenco, 1995).

Mortar Unit Tnterface “Unut™ ‘
Unit/Mortar “Jowt™ Composite

Il

(a) (b) (c)

Figure 2-12:Modelling strategies for masonry structures: (a) detailed macro-modelling; (b) simplified micro-modelling; (c)

macro-modelling (Lourenco, 1997)

The definition of these strategies is as follows:
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- Detailed micro-modelling:
The masonry unit, mortar and interface are modelled as three different elements.
- Simplified micro-modelling:

Units are represented by continuum elements; introduction of normal and tangential contact

surface definition to represent the mortar layer.
- Macro-modelling:

In this modelling approach, the mortar, and unit-mortar interfaces is treated as homogeneous.
Due to the use of an anisotropic continuum model, units and joints are not represented, and the
geometry of the components of masonry is lost (Zizi et al., 2017). This approach is common is
analysing complex structures and historical buildings. The collapse mechanism is smeared out
in the continuum using damage mechanics definitions. The homogenization approach requires
special attention in correctly combining the masonry unit and the mortar, and that is mainly

due to their differing properties.

2.5 Constitutive material model

The in-plane and out of plane response of masonry is analysed along with the available
constitutive descriptions. FEM packages offer predefined material models that are suitable for
the modelling of masonry behaviour. Traditional constitutive laws used to capture response of
soils, concrete or masonry includes the Drucker-Prager and concrete damage plasticity. The
Drucker-Prager plasticity model was originally created by Druker and Prager as a
generalisation of the Mohr-Coulomb criterion in 1952. Initially, the criterion was introduced to
deal with the plastic deformation of soils and has later been applied to rock, concrete, polymers,
foams, and other pressure-dependent materials. On the other hand, the concrete damage
plasticity model was originally developed for modelling concrete materials and other quasi-

brittle materials.

2.5.1 Drucker-Prager model

The Drucker-Prager model is a popular model used for plasticity in materials such as masonry
walls. According to Agliera et al (2016), it takes into account the effect of pressure on the yield
stress of a material. The model considers the yield stress to be a function of the hydrostatic
stress, which is the average stress acting on the material, and the deviatoric stress, which is the

difference between the maximum and minimum stresses acting on the material. Drucker-Prager
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is usually used to model frictional materials that have a greater compressive strength than
tensile strength (Moonsamy, 2020). The equation for the yield surface of a linear Drucker-
Prager model is given by:

t =d +tan(B)(p) (2.2)
Where ¢ is the shear strength, tan(f) is the slope of failure, d is the cohesion, S is the angle of
internal friction, and p is the normal stress.

The graphical presentation of the linear Drucker-Prager is show in figure 2-13 below.
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Figure 2-13:Ilustration of the yield function and plastic potential for the DPC model (Buljak et al., 2021)

2.5.2 Concrete Damage Plasticity
Concrete Damaged Plasticity is a constitutive model used to simulate the behaviour of concrete
structures under loading and unloading conditions. This model is commonly used for masonry

walls and other structures that are prone to damage due to loading.

In the case of a masonry wall, the concrete damaged plasticity model may be used to predict
the behaviour of the wall under various loading conditions, such as blast or seismic loads. This
model takes into account the damage that may occur to the wall due to cracking or other forms
of damage and can be used to determine the stability and safety of the wall in different
scenarios. Concrete and masonry are & brittle material with very low tensile strength. Therefore,
the concrete damage plasticity (CDP) model used to generate nonlinear properties of concrete
and masonry (Daniel and Dubey, 2014).

The damage plasticity model incorporates the concept of material damage into the traditional
framework that allows for a much more accurate representation of the progressive degradation

and failure of material under loading. The plastic behaviour of the material and the evolution
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of internal damage are the two key components that are identified by the damage plasticity

model.

Several researchers have highlighted that when micromechanical approach is adopted, bricks
and mortar are modelled separately. This approach assumes that nonlinear mechanisms are
confined at mortar joints and for this reason, a linear elastic stress—strain relationship is
assumed for blocks. The following equation depicts the linear elastic stress—strain relationship.

o = Ee (2.3)

Where o is the stress related to elastic strain of the material €, and E is the Young’s modulus of

material.

Additionally, the damage of a solid body can be defined as degradation phenomenon in material
properties such as stiffness, strength, and anisotropy:

E=(1-d)E, (2.4)

Where E, represents the Young’s elasticity modulus initial value and d denotes the degradation.

Lee et al (1998) developed an equation that defines the yield function of concrete damage
plasticity model as the following.

F@ k) = (al‘l - ﬁ ISl + ﬁ(k)(amax>) —c(k) <0 (2.5)

where:

c.(k) = (@, k) is the material cohesion,

I, is the first stress tensor invariant,

1S || =\/? : § is the stress tensor deviator norm,
S = @ -0, | is the deviator of effective stress,

1, _ . .
O =3 1o is the mean effective stress,

Onax 1S the algebraic maximum of eigenvalues of effective stress tensor,
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From the above equation 2.5, the effective stress - total strain dependence for tension and

compression is shown in figure 2-14 below.
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Figure 2-14:Dependence of stress on total strain for: a) compression and b) tension (ABAQUS, 2016).

2.6 Blast Phenomena

A blast wave is a particular kind of shockwave that is produced when a significant amount of
energy is released suddenly, such in an explosion or detonation (Medici et al., 2014). Due to
this rapid release of energy, the surrounding air is compressed by this outward flow of energy
and moves ahead with a velocity front. Figure 2-15 shows the typical blast wave profile. As
can be seen in figure 2-15, the ambient pressure rises nearly instantly following the explosion
and starts to decline right away. Blast wave profile is illustrated by instant increase in pressure
from ambient atmospheric pressure (Po) to a peak incident overpressure (Psp). According to
Goel (2015), a positive phase duration is the time it takes for the peak incident overpressure to
decline exponentially with time and revert to ambient air pressure at time #y. The negative phase
is more than double in terms of duration. It is worth mentioning that as the standoff distance
increases, it can be noted that the duration/period of the positive blast wave phase increases,

and that results in lower-amplitude, and significantly longer-duration shock pulse.
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Figure 2-15:Blast wave pressure—time history from ideal explosion (Goel et al, 2012)

Using the Friedlander equation, the time evolution of the positive phase of the reflected
pressure is analysed (Friedlander, 1946);

AX (t—tg)
to

P(6) = Po 1= ] exp | ] (24)

where, P(?) is the pressure at time, Pj, is the peak incident pressure, 7, is the positive phase

duration and A is the wave decay coefficient.

The impulse of incident pressures is obtained by integrating the area under the pressure against

time curve as per equation 2.5 below.

i = [ pt)de (2.5)

ta
Where i = impulse (MPa-ms), P= Pressure (MPa) and 7 = time (ms).

Figure 2-16 shows the variation of impulse and pressure with time from a characteristic
explosion. The impulse is known as the level of the energy from an explosion that passes onto
a building. The determination of impulse is vital for blast analysis especially in cases of shorter
durations. In terms of response to peak pressure, brittle material such as glass are able to
respond to peak incident pressure and are less affected by impulse while ductile materials
respond more to impulse rather than peak incident pressure (FEMA, 2007). It can be
highlighted that, a low order explosive with a prominent impulse that pushes for an elongated

time will cause more damage to buildings and surrounding infrastructure.
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Figure 2-16:Typical Impulse Waveform (FEMA, 2007)

2.7 Types of explosions and classifications

Explosions are classified into two major categories, namely internal and external (TM5-1300
1990). Accidental explosions such gas explosions inside the building are regarded as internal
explosions, whilst the external explosion refers to the blast in the open environment such as the
blast activities in the mining sector. According to Yandzio et al (1999), explosions can be
further classified as: Unconfined, Confined and explosive attached to a structure. Figure 2-17

depicts the types of unconfined explosions. Unconfined explosions have three types of bursts,

namely free air burst, air burst and surface burst.
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Figure 2-17:Classifications of external blast load: (a) Air burst with ground reflections, (b) Free-air burst explosion, (c)
Surface burst (Jayasooriya, 2010)

Air Burst: The explosive explodes in the air such that the blast wave spreads spherically

outward and strikes the structure after the first interaction with the ground; Mach wavefront is

generated.
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Free-air burst: The explosive explodes in the air such that the blast wave spreads spherically
outward and strikes the structure directly without prior interaction with other obstacles or the

ground.

Surface burst. The charge exploded just above the ground, the blast wave immediately
interacted locally with the ground and then spread in a hemispherical shape outward and
attacked the structure. In this type of explosion, the initial shock is amplified at the moment of

detonation by reflections from the ground.

2.8 Blast Loading Factors
The effect of blast on structures is affected by various factors. According to Karlos and Solomos

(2013), these factors include the stand-off distance, reflections and reflection angle.

Stand-off distance: The greater the distance between the explosive and the structure, the lower

the incident and reflected pressure generated.

Reflections: When ground is considered as a reflection surface - the closer the explosive is to
the ground, the smaller the addition of incident pressure, and the farther away it is, the greater

the addition of incident pressure is.

Reflection angle: The reflection angle at which the blast wave strikes the structure affects the

value of reflected pressure.

Explosive type and weight: The most commonly used explosive types is the TNT
(Trinitrotoluene) and the weight of the explosive is usually estimated by taking into account

the relevant attack or blast activity.

2.9 Recent studies on Structural analysis of Masonry walls under blast loading

Masonry walls, like any other structural element, requires proper analysis to withstand blast
loading. The origination of these blast loading varies as some may be from mine activities,
while some can be accidental explosions or deliberate attacks such as terrorist attacks. Several
factors are considered when analysing masonry walls under such loading and that includes the

material selection, structural configuration, wall thickness and joints definition.

Chen et al (2014) studied the out-of-plane behaviour of confined dry-stacked masonry walls
against blast loading. Their walls consisted of an interlocking system which was laid in a
stretcher bond pattern. This study conducted a numerical investigation using four cases using

a charge weight of 4kg, 8kg, 12kg, and 16 kg of Wabox explosive. From the non-linear
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analysis carried out in this study, it was highlighted that numerical models are capable of
correctly predict the pressure-time history and the results obtained in this study showed good

agreement with the damage patterns from the experimental data.

Masi et al (2020) highlighted that masonry structures are characterized by non-planar and
complex geometries. Their study adopted the Discrete Element Method for modelling the
dynamic structural response to explosions. The proposed model was found to be able to
accurately capture the dynamic response of the wall. The influence of micro-mechanical
properties such as the tensile strength, dilatancy angle and the cohesion of masonry joints was
investigated in this study. Furthermore, it was highlighted that the size of the building blocks

and their shapes played a role in the overall strength of the masonry system.

Hao (2009) conducted numerical analysis of a 2880mm x 2820mm masonry wall subjected to
blast load corresponding to TNT explosive weight W = 2000kg. In this study the four sides of
the wall were modelled as fixed, with a mortar layer between the fixed boundary and the
masonry units of the wall, which in turn is assigned homogenized material properties. It was
demonstrated that the wall will collapse with larger explosives and a shorter standoff distance.
The middle section of the wall collapses under out-of-plane loading, with one brick flying as a
single piece. The wall was also seen to be damaged close to the boundary/edges. To estimate
the masonry fragment size distributions, a novel method based on the combined facture

mechanics and continuum damage mechanics theory was applied.

Anas et al (2022) assessed India’s residential buildings and pointed out that most of the
unreinforced masonry structures mainly constructed from clay bricks or concrete blocks or
rubble masonry are capable of carrying some out-of-plane loads such as wind and earthquake.
Under loading conditions such as high air-pressure that is generated by explosive-induced
detonations, the walls were found to be more vulnerable. This study concluded that the
maximum mid span deflection is less influenced by brick strength and mortar strength under
peak reflected blast pressures that are greater than 2MPa. Additionally, the Young’s modulus
of masonry units plays a role in reducing the mid-span deflection. From this study, an important
observation was made which highlighted the relationship between the failure mechanism and
independent variables such as the peak overpressure, duration of the blast and boundary

conditions.

In the study conducted by Wei et al (2021), the contact explosion load was considered. These

contact explosion loads may arise from fireworks, gas stoves and high-pressure vessels. This
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study highlighted the importance of carrying out this analysis as man-made explosions have
resulted in causalities. In this study, the Riedel-Hiermaier—Thoma (RHT) strength and failure
model is chosen to describe the behaviour of brick material, while MO-granular continuum
model is used to describe the behaviour of mortar material. A similar study was carried out by
Gu et al (2019) where masonry structures in the petrochemical industry were investigated. The
three-dimensional solid element was adopted to discretize the geometrical model and to
simulate brick and mortar material, the anisotropic material model in LS DYNA was used.
This study analysed the failure modes and the possibility of improving the blast resistance of
masonry walls. The results obtained from this study indicate that the primary damage due to
gas explosion was the flexural deformations and the complete collapse was latter observed
from the full-scale field tests that were conducted. These two studies highlighted that a vast of
studies have focused on far range explosions with less emphasis on the close range or contact

explosion.

Ahmad et al (2021) conducted an experimental study of masonry wall exposed to blast loading.
In this study, varying blast loads and standoff distances were considered. A total of 6 tests were
performed and the results were comparable to the most published studies. Additionally, this
study measured the pressure time history, and the acceleration history of the blast which was

then compared to the one determined by the CONWEP function.

Ishfaq et al (2021) conducted a numerical study aimed at approximating blast loads on confined
dry-stacked masonry wall. A nonlinear finite element method was developed using ANSYS-
Autodyn to study the response of walls subjected to blast load. Explosive weights of 4kg, 8kg,
12kg and 16kg of Wabox were considered in their study and both air and explosive material
were modelled using the Eulerian solver. It was further highlighted that the adequate
understanding of the response of masonry walls against blast will assist designers in designing

and constructing blast resistant buildings.

Chiquito et al (2018) studied the effects of blast and damage characterization on reinforced
masonry walls at full-scale. A total of 16 walls which were 2.5m in length, 2.5m wide and
240mm thick were investigated via field experiments. In their study, Varying blast weights
ranging from 18 to 38kg TNT at a constant standoff distance was considered. The effect of
different types of masonry wall reinforcement was investigated which included using fibered
mortar, recycled carbon fibre mesh and a polymer primed glass fibre. The results highlighted

that the reinforcement influences the response of the wall significantly.

27



Urgessa (2009) adopted the finite analysis method to perform a dynamic analysis using an
explicit time integration technique for modelling composite hardened walls subjected to blast
loads. In this study, the finite element scheme was represented by a discrete system that only
interact at nodal connectivity. The nodal displacements were obtained by solving equations of
motions for the discrete system. One of the problem statements that this study highlighted was
the unavailability of standard design guidelines for retrofitting masonry walls in order to
withstand blast loading. A blast load of 0.5kg TNT was simulated at a distance of 1.83m.
Furthermore, this study presented the uncertainties in the finite element analysis such as
pressure distribution, the effect of mid height burst vs the one on the ground. It was concluded
that the variation of modulus of elasticity displayed minimal significance on peak displacement
which was then confirming the use of composites in retrofit designs as contributors in

resistance deflection.

In the study conducted by Altunisik et al (2021), the response of brick walls subjected to blast
loading was investigated numerically, experimentally and analytically. This study looked at
terrorist attacks which results in structural damages. The explosive weights that were
considered were 0.04kg, 0.150kg and 0.290kg which were placed at the centre of the walls. A
nonlinear numerical investigation using macro-modelling approach was carried out using
Ansys workbench and Autodyn software packages. In terms of the material properties and
material models, the Riedel-Hiermaier-Thoma (RHT) model and P-alpha equation of state were
chosen for brick elements. A direct relationship was observed between the increase of explosive
weight and the displacement values. The higher explosive caused a collapse on the supporting

joints of the wall.

Mollaei et al (2022) investigated the behaviour of masonry walls constructed with autoclaved
aerated concrete blocks under blast loading. This study aimed addressing the issue of
inadequate research being done on the lightweight walls when subjected to dynamic loading.
Using ABAQUS/Explicit nonlinear method, the walls were investigated numerically under
explosive weight of Skg TNT and 7kg TNT at a standoff distance of 2, 5 and 10m. To define
the nonlinear properties of concrete blocks, the concrete damage plasticity model was used. In
this study, the simplified micro modelling approach was adopted. This research looked at three
wall thicknesses being 15, 20 and 25cm. The conclusion from this study was that this type of
masonry failed against explosion especially at shorter distances and also on walls with less

thickness.
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Zhang et al (2023) studied the dynamic behaviour of masonry walls under far-range explosions.
In this study, numerical simulations were conducted on clay tile walls and masonry infill walls
under far-range blast loads. The influence of boundary configuration and constraints was
investigated. This study highlighted that far-range explosions can be considered as uniform
load, and it was further highlighted that the boundary configuration had minimal influence of
the wall’s blast resistance while the boundary constraints played a role of the resistance or

failure pattern of the wall.

Based on the above literature review, it can be highlighted that there is still space for more
research investigating the collapse modes of masonry walls under blast actions. This research
intends on providing further innovative insight into the way in-plane failure modes, such as
diagonal cracking and out-of-plane damage, may appear in masonry walls subjected to blast

actions.

2.10 Machine Learning Overview

2.10.1 General

Machine learning techniques have gained popularity in the field of structural engineering as
valuable tools to improve design guidance and enhance current practices. Due to their
flexibility, these data driven methods have been utilized in various areas, such as structural
health monitoring, performance assessment of buildings, and prediction models of mechanical
behaviour of structures. Artificial neural networks, support vector machines, and partial least
squares are examples of supervised learning systems in machine learning (ML) that have shown
effective in solving and optimising a wide range of engineering problems in the structural
engineering domain. According to (Barkhordari et al., 2022), designing safe and dependable
buildings requires the capacity to assess structural reaction and forecast the behaviour of
structural elements, which these ML approaches offer. A graphical presentation of ML is

depicted in Figure 2-18 below.
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Figure 2-18:Machine learning process
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Artificial Neural Network (ANN) is a machine learning technique composed of a system of
interconnected neurons (Perez, 2022). According to Sildir et al., 2020, an artificial neural
network is a computational mathematical modelling approach made up of several processing
components that map and receive input data before producing outputs according to their
predefined activation functions and algorithms. The concept of ANN emanates from the neural
network or configuration in animals and human beings. ANNs are made up of several neurons

that interpret information through connections.

2.10.2 Feedforward artificial neural network (FFANN) structure

According to Mtsweni (2021), the information in a feedforward artificial neural network
(ANN) moves from the input layer via the hidden layers and out to the output layer exclusively.
The reason it is termed "feedforward" is that the data flows over the network without going
backward. Feedforward tasks are generally divided into two groups: function approximation
and pattern classification. This research focuses on the approximation group/class. Figure 2-19
illustrates the design architecture of ANN consisting of three forms of layers, namely input,
hidden and output layers. The network consists of neurons that are connected by synapse and
each node translates values from the incoming connections. According to Kokossalakis (2000),

each connection represents a channel where the neurons interchange information.

Hidden
layer

Input
layer

Output
layer

Outputs

Inputs

Figure 2-19:Feedforward ANN design architecture

The operation of each neuron from figure 2-19 is further illustrated in figure 2-20. There are
calculations that are performed in the activation of neurons as they receive the signals from
other neurons. This involves summing up the weighted incoming signals plus the bias terms,

and there after feed the results to a transfer function (Kokossalakis ,2000).
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Figure 2-20:Simple Neuron

As illustrated in figure 2-20, the input from the j’th connection to the neuron is represented as

i;. The result of the operation at the left-hand side of the neuron can be explained with eq 2-6:

x = Xx(Wy X i + by) (2.6)

Where £ is the number of the connections that are feeding the neuron. X represents the input to
the neuron, w represents the weight, and b represents a bias term. The obtained results are then

fed in a transfer function f(x). The output with activation function is explained using eq 2-7.
y=f) =f Qr(Wk xi + by)) (2.7)

A neural network's learning (training) process is an iterative one that involves doing
computations both forward and backward through each network layer until the loss function is
as small as possible. With this iteration process, the new ANN values become the new inputs
that will feed the next layer in the network. According to Alom et al (2019), in the event that
the total of the signals is greater than a certain threshold, the iteration will continue, and a signal

will be continuously received.

2.10.3 Supervised learning

Supervised learning is a type of machine learning where an algorithm learns from a dataset
containing input-output pairs (Liu and Wu ,2012). In this form of machine learning, during the
training process, the ANN input variables are defined as the input vector on the network which
then predicts the output vector. Once the output is generated, a comparison is made between
the actual target vs the generated output and the error signal is generated based on this
difference. According to Yang et al (2019), the input weights are then adjusted until error

margins are reduced and that is the real output matching the desired output.
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2.10.4 Unsupervised learning

Unsupervised learning is a method of learning in which the model gathers information on its
own without any kind of supervision (Rojas, 2019). Unsupervised learning is often adopted for
identifying patterns and trends in raw datasets. It can also be used in the exploratory phase to
provide a better understanding of the datasets (Van Engelen et al., 2019). When compared with
supervised learning, less human interaction is required. This type of learning is able to use raw

and unlabelled training data.

2.10.5 Network build up
The components of the ANN are input layer, hidden layer, and output layer. These layers are

discussed below:

-Input layer: The input layer is the first layer of neurons in a neural network which is aimed at

receiving the input data which then communicates with one or more hidden layers.

-Hidden layer: This layer is known as the second layer of contact in ANN architecture. The
hidden layer acts as an intermediate layer between the input and output layer and it processes
the data by using complex non-linear functions. When defining the network parameters, the
user can decide on the number of hidden layers/neurons. According to Jayasinghe et al (2022),
the number of chosen hidden layers may result in some instabilities of the networks such as the
issue of too many hidden neurons which causes over-fitting which has low bias and high
variance. Minimal hidden layers on the other hand will not be able to capture the function's

underlying trend of the data.

A neural network uses activation functions to calculate the weighted total of inputs and biases,
which is then used to determine whether or not a neuron may be activated. According to Haykin
(2009), the output of a neural network is influenced by the nature of the activation function

(¢ (v)) in the network, in terms of the induced local field v.

The section below discusses the widely used activation functions in developing neural

networks.

e Sigmoid function: This a commonly used activation function in ANN, particularly
feedforward neural networks. It is a mathematical function with a characteristic “S”-
shaped curve. This activation function exists between 0 to 1 and it is regarded as the
suitable function to predict the probability of the output. The sigmoid function is
defined by equation 2-8 below.
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Figure 2-21:Sigmoid function for varying slope parameter « (Haykin, 2009)

e The threshold function: As shown in figure 2-22, this function gives 1 as the output of

the input is either 0 or positive. This function can be expressed mathematically as:
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Figure 2-22:Threshold function (Haykin, 2009)

e Purelin activation function; This function does not affect the complicated character of
the data collection and has an endless number of points inside its range (Wriggers,

2021). This function can be represented mathematically as

f)=x flx)=1
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Figure 2-23:The Graph of Purlin Activation Function (Aldakheel et al., 2021)

-Output layer: The input goes through an arrangement of changes utilizing the hidden layer,

which at last comes about in yield that's passed on utilizing this layer.

2.10.6 Performance criteria

The performance of the ANN is often measured using the criteria listed in table 2-1 below. The

first performance measure is the coefficient of determination which measures how well the

model explains and predicts the output. The Root mean squared error measures the error of a

model in predicting quantitative data. The variance between the major values in the dataset and

the predicted values is represented by the mean absolute error.

Table 2-1:Expressions to calculate the performance measures for ANN.

Name of the measure Symbolisation Expression
Coefficient of determination | R? R . y-NQ —»]?
i1y =M EL O - y)?
Where y'= predicted value, y =actual value and
n= number of samples
Root mean squared error RMSE MSE = % n(y—y")?
Mean absolute error MAE

1 /
MAE == ¥jly — 'l
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Root relative squared error RRSE _
a RRSE = \/Z}Ll(y =)/ X (y —¥)? %

100

2.10.7 Related Machine Learning studies

Aguilar et al (2016) developed an ANN to predict the in-plane shear strength of reinforced
masonry walls. The experimental database that included the specimens built using ceramic
bricks and concrete bricks were tested. This dataset from the experiments was used to develop
and train the network. In this study, the wall aspect ratio, the axial pre-compression on the wall,
compressive strength of the masonry and the spacing of reinforcement were all taken into
account during the testing of walls. It was concluded that the ANN was able to give good

predictions and comparable to the results obtained from the experiments.

Khaleghi et al (2021) investigated the response of unreinforced masonry walls using ANN.
This study looked at the reduction of the wall’s load bearing capacity that can cause structural
damage. The masonry wall was subjected to in-plane loading with 49 different configurations
considered which included perforated masonry walls and solid walls. This study concluded the
ANN’S ability to accurately predict the reduction of load capacity and the initial stiffness due

to perforation of unreinforced masonry wall.

Argyropoulos et al (2019) used ANN to predict the masonry compressive strength. In this study,
the nonlinear relation between the compressive strength of masonry and the geometry as well
as the compressive strength of masonry was investigated. The network was trained using
experimental data available in the literature. This study highlighted the ability of the ANN to

approximate the compressive strength of masonry walls.

Bewick et al (2011) investigated the effectiveness of blast barrier walls in reducing blast loads
on structures. This study raised the vital point of the difficulty in obtaining large datasets
experimentally as blast experiments are time intensive and costly. The dataset for this study
was generated numerically. Their approach was able to estimate the peak pressure, impulse,
time of arrival and time duration of blast for buildings that are protected by barrier walls. The
neural network-based simulation was able to provide efficient solution for prediction of blast
loads effects on structures. Also, in Remennikov et al (2007), ANN was used to predict the
effectiveness of blast wall barriers. A total of 285 measurements were used in their study and

the cross-validation techniques were adopted in which the training set was employed to decide
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the connection weight, whereas the validation set was used to evaluate the performance of the

model.

Pitchaipillai et al (2019) used deep neural network to investigate the mechanical behaviour of
various masonry infill walls with hybrid fibre mortar. A total of 60 specimens were used which
were constructed using clay bricks and fly ash bricks. Shear tests and flexural tests were
performed on the walls to develop the dataset. Their proposed modelling technique was

evaluated by comparing it with the existing techniques.

In Motsa et al (2023), artificial neural networks were used to predict the response of masonry
arch bridges. A dataset was numerically created, with input variables the geometric
characteristics of masonry arches and output the ultimate, failure load and the collapse
mechanism. To create the dataset, non-linear finite element simulations were conducted,

introducing unilateral contact interfaces between masonry stones, as potential failure planes.

According to the given literature review, limited efforts are found on machine learning on
masonry structures and even less on machine learning on masonry under blast action. This
raises the need for development of machine learning models for masonry wall that are subjected

to blast loading.
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Chapter 3 - Methodology

3.1 Introduction

The finite element method is adopted to develop the numerical models for this study. The first
and second part of this study involved analysing masonry walls under blast actions taking into
account their nonlinear properties. The main aim of this chapter is to outline the methodology
that was followed to create the FEA models. This study also investigated the use of machine
learning methods for prompt prediction of a masonry wall’s response under blast loading. The
methodology of creating the ML methods is discussed in this chapter. The first part of the study
entails the investigating the response of masonry under blast action using nonlinear methods,
followed by investigating the effect of different brick bonding patterns, and lastly using deep

learning techniques to predict the response of masonry walls.

The proposed numerical method is capable of analysing static and dynamic engineering
problems. The finite element modelling process is depicted in figure 3-1 below. The steps are
applicable to both static and dynamic analysis. Once the model is analysed, the user is able to

optimize the model based on the results obtained.

Figure 3-1: Finite element modelling process
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3.2 Definition of geometry and assigning of material properties
The initial part of modelling involves defining some general data. In this study, the model was

defined to be a 3D model.

The dimensions of each masonry unit considered in the study are equal to 390mm x 140mm x
190mm as shown in figure 3-2. The size of each unit used is as per the Concrete Manufactures
Association (2011). The primary conventional masonry units adopted in South Africa for low-
income housing include concrete masonry units and red clay bricks. This research focuses on

the adoption of concrete blocks and the following wall specification was adopted:
— Single leaf, single storey, external, unreinforced walls
— Category 1 buildings (SANS 10400-A, 2010)

— H3 and H4 (residential) occupancy classes (SANS 10400-A, 2010)

Figure 3-2:Dimensions of masonry unit (CMA, 2011)

Two walls were considered for the results presented in chapter 4 and that investigated the effect
of an opening such as a window on the response of walls under blast loading. Figure 3-3

displays the two geometries considered in chapter 4.

|

|
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— 975 |
g 1755 J

(a) (b)

Figure 3-3:(a) Geometry 1 (wall with no opening); (b) geometry 2 (wall with an opening)
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The above models were used for results presented in chapter 4 and chapter 6. In chapter 4, a
nonlinear FEA was performed to investigate the response of masonry walls under blast loading.
The FEA models that were used in chapter 5 were also utilized in chapter 6 for the machine
learning study. As for chapter 5, bricks were used to investigate the effect of different bonding
patterns on the response of walls against blast loading. A brick size of 222mm long x 106mm
wide x 73mm high was adopted. In terms of wall configurations, figure 3-4 shows the different
patterns that were considered for chapter 5. The modelled wall is 1110mm wide and 1268mm

high including a beam of 100mm deep.

() (b) (©)

Figure 3-4:Numerical Model of Masonry wall in ABAQUS: (a) English bond; (b) Stretcher bond; (c) Stack bond

In terms of meshing of walls. Three-dimensional, eight-node linear brick elements were used,

with element side equal to 40mm for both walls in chapter 4 and 20mm for walls in chapter 5.

3.3 Contact interfaces

Non-linear finite element models that were used to simulate all the joints between the masonry
units, by introducing unilateral contact-friction interfaces are discussed in this section. The
proper definition of contact mechanics is vital for such modelling approach in order to obtain
realistic results. In the modelling approach, which is proposed in this research, the masonry
units are taken as continuum elements and the mortar joints as interface elements. Through the
use of friction interfaces and unilateral contact, zero tensile resistance between the joints is
achieved. Equations 1-4 provides a mathematical expression of the contact-friction laws as per
the work conducted by Drosopoulos et al (2006). These contact laws were introduced in the

interfaces between the masonry units.
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Equation (1) represents the non-penetration relation, while equation (2) defines that only
compressive stresses (t") can be developed in the interfaces and equation (3) shows the
complementarity relation, stating that either contact takes place (u-g=0, with u being the single

degree of freedom and g an initial gap) or separation in the interface occurs (t"=0).

h=u—g<0=>h<0 1)
—t" >0 2
t"(u-—g)=0 3

A static form of Coulomb's friction law is taken into consideration for the reaction in the
tangential direction of the interfaces. Thus, sliding in the interfaces is initiated when the shear
stress t' reaches the critical value zcr, according to equation (4):

tt =1, = ult"| (4)

where x is the friction coefficient and t" the normal stress (contact pressure) in the interfaces.
Using these contact mechanics principles, Figure 3-5 shows the interfaces between the blocks
that was introduced using the surface-to-surface contact option in ABAQUS. The same was

applied for the wall with different bonding patterns.

Figure 3-5:Interfaces between the blocks

3.4 Continuum damage law for the masonry units

In this research, the concrete damage plasticity (CDP) model was used to generate nonlinear
properties of masonry units, in order to capture compressive and tensile failure on the masonry
blocks. Figure 3-6 displays uniaxial stress-strain plots typical of plasticity, damage, and
damage-plasticity models; loading branches are represented with solid thick lines and

unloading / reloading branches are plotted with dashed thin lines. Eq is the initial (undamaged)

47



elastic stiffness (deformation modulus), while ¢ and eP!are the elastic (recoverable) and

plastic (irrecoverable) strain, respectively.

|
ﬁl

a) Plasticity Model b) Damage Model c) Plastic Damage Model

Figure 3-6:Uniaxial stress-strain plots: plasticity, damage and damage-plasticity models (Oller ,2014)

According to Oller (2014), the above graphs shows that damage generates stiffness degradation
since the slope of unloading / reloading branch is (1- d) Eo where d is a damage variable ranging
between 0 (no damage) and 1 (destruction).

The corresponding uniaxial stress-strain relations, representing tension and compression, are

provided below:
o = (1 —dy)E (eF — S;;l) 5)
o = (1 —=dc)Ey (¢° — &) (6)

In the above equations, d:and d. are the tensile and compressive damage variables.

3.5 Material Properties
The material properties of the masonry units are detailed in table 3-1 below. These were used

as part of the concrete damage plasticity law that was adopted for this research.

Table 3-1:Mechanical properties of masonry unit and mortar (Dauda and luorio, 2018)

Plasticity parameter Value
Dilation angle 30
Eccentricity parameter 0.1

Bi and unidirectional | 1.16

compressive strength ratio
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Stress ratio in  tensile | 0.67

meridian

Viscosity parameter 0.001

The figures below show the related damage variable diagrams and the compressive and tensile
stress-strain curves used in this study to characterise the compressive and tensile failure
response of the masonry units using the numerical models. As seen in figure 3-7 below, the

uniaxial stress-strain behaviour of concrete is modelled using the Hognestad type parabola

(Hognestad, 1951).
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Figure 3-7:Compressive stress vs strain diagram
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Figure 3-8:Compressive damage variable vs plastic strain diagram
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Figure 3-9:Tensile stress vs strain diagram
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Figure 3-10:Tensile damage variable vs plastic strain diagram
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The Young’s modulus, Poisson’s ratio as well as the tensile and compressive strength which

are used in the developed models, are given in Table 3-2.

Table 3-2:Material properties (Dauda and luorio, 2018).

Material Modulus  of | Poisson’s Tensile Compressive Strength
Elasticity Ratio Strength [MPa]
[MPa] [MPa]

Masonry Unit 15500 0.15 1.050 10.5
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3.6 Boundary conditions and loading

The boundary conditions were defined for each model. The first model presented in chapter 4,
the wall was fixed on all sides in three translational degrees of freedom. The model that
investigated the effect of bonding patterns considered both fixed sides when out of plane
loading was applied, whereas the in-plane capacity of wall was investigated with only the
bottom side fixed. It is worth highlighting that in the case where all sides are fixed, it was
assumed that an upper slab or roof will supply the restriction in that direction, which explains

why the top side of the walls are restrained in the Z direction.
The loading of walls was divided into two categories:

e Static loading
e Dynamic loading (Blast loading)

Under static loading, a vertical pressure of 0.25MPa acting downward and normal to the top
surface of the wall was applied. A horizontal displacement load of 20mm was applied to act
from left to right along the top row of masonry units. The static loading was similar for both

chapter 4 and chapter 5.

The investigated topic involves dynamic loading (blast) which occurs over a very short
duration. ABAQUS has the ability to analysis such loads using the CONWEP model. The
model allows the user to impose pressure loading due to an explosion in air. The blast wave
types in this FEA package are air blast (spherical) and surface blast (hemispherical).In terms
of the blast loading, different blast weights were considered at varying standoff distances.
Using CONWEP model, the blast load was applied perpendicular to the surface of the wall.
This programme determines the distribution of blast pressure on the contact surface
automatically by entering the explosive charge weight and the stand-off distance. Additionally,
the model provides the values of maximum overpressure, time of arrival, positive phase
duration and the exponential decay coefficient of the blast load. In this study, the explicit
dynamic solver was adopted which is an analysis type used to simulate the dynamic response
adopting very small time steps, which makes it appropriate for blast loading. Additionally, the
small time increments offered by the explicit solver are suitable for solving complex contact

problems and it is able to solve nonlinear problems.
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3.7 Output/Results

The main outputs for chapter 4 and 5 were the total deformation (X and Z direction), Von mises
stress also known as equivalent stresses, compression damage and tension damage of the
blocks. The concrete damage properties assisted in the development of tension and
compression damage of the wall. The precision of the output is greatly dependent on the output
request. The deformation results provided an insight into understanding the dominating mode
of failure of the wall. Scaling of results was done to better display the findings from the

numerical simulations.

3.8 Machine Learning

Chapter 6 of this thesis presents the novel approach of fast prediction of masonry wall response
to blast loading. The use of machine learning methods for prediction for structural response is
represented in chapter 6. A feed forward artificial neural network is used to predict the response

with the variations being made on the distance and the blast explosive weight.

In this case, the finite element software is used to perform parametric numerical simulations of
masonry walls. In order to automate the generation of dataset, a python script was generated.
The blast weight and the standoff distance varied automatically. Appendix A provides the code
that was used to generate these models. All the nonlinear definitions and loading are included
in the script, namely, the boundary conditions of the wall, the applied loads including self-
weight, meshing, and the interaction properties between the masonry units. A batch file was
created to run the jobs simultaneously. The batch file was used to run the inp files which then

generate the odb files.

A node group was defined in the numerical model in order to call out the required deformations
from the four vertices of the masonry unit. A python script was created to extract the
deformations after the end of each finite element analysis. The deformation values with the
corresponding inputs (blast weight and standoff distance) were arranged in a table format in

preparation for dataset to be used for training purposes of the neural network.

The details of the proposed data-driven scheme are shown in figure 3-11 below.

52



Figure 3-11:Flowchart of proposed data-driven scheme

3.8.1 Dataset

Machine learning methods require a reasonable number for dataset for training, validation and
testing. The commonly used explosive is TNT. A wall size of 1170 mm (width) vs 1520mm
(high) was used to generate the dataset using FEM . The commercial finite element software
enables the modelling of blast wave parameters and wave propagation (Ma et al,1998). The
equations applied in the software is founded on the Kingery-Bulmash procedure. CONWEP
law was used to model the blast loads. The blast weight explosive were changed, also the

standoff distance in increments of 5m.

3.8.2 Development of ANN and model accuracy

The dataset consisted of 95 non-linear time history analysis simulations that were generated by
using MATLAB and Python scripts. This study used MATLAB R2019a which is a widely used
tool for ANN modelling. As shown in figure 3-12, the network’s inputs were blast weight and
standoft distance. The 80/10/10 rule was used during the training process, which stipulates that
80% of the dataset is utilised for training, 10% is used for validating the neural network and

the remaining 10% is set aside for testing the neural network.
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Figure 3-12:Network 1 (Deformation/displacement predictions)

As shown in figure 3-13, the Levenberg-Marquardt algorithm was adopted for this study due
to its significantly higher convergence speed. The optimum network consisted of one hidden
layer with 10 neurons. The choice of hidden layers considered issues of overfitting and

underfitting of ANN networks.

Figure 3-13: ANN Model training

3.8.3 ANN Performance and accuracy

Statistical parameters were adopted to measure the performance and accuracy of the ANN. The
mean squared error (MSE) and R correlation coefficient for the training, testing, validation,
and all data sets was evaluated. The R correlation close to one was regarded as an indicator of
the model’s ability to predict the outputs based on the trained data. This study also consisted
randomly selecting blast weights and distances which were investigated using MATLAB script
based on the trained and validated model. The investigation entailed comparing the MATLAB
output and those from ABAQUS. These weights and distances were not part of the 95 datasets.
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Chapter 4 -Investigation of the failure response of masonry
walls subjected to blast loading using nonlinear finite element

analysis.

This chapter presents the research paper that investigated the failure response of masonry walls
using nonlinear finite element method. The enclosed article proposed a modelling technique,
adopting non-linear constitutive descriptions, incorporating opening-sliding failure modes
using contact mechanics, as well as compressive/tensile damage, using continuum damage

laws, all within finite element analysis.
This chapter is presented in the format of the published article.
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Abstract: A numerical investigation of masonry walls subjected to blast loads is presented in this
article. A non-linear finite element model is proposed to describe the structural response of the
walls. A unilateral contact—friction law is used in the interfaces of the masonry blocks to provide the
discrete failure between the blocks. A continuum damage plasticity model is also used to account for
the compressive and tensile failure of the blocks. The main goal of this article is to investigate the
different collapse mechanisms that arise as an effect of the blast load parameters and the static load
of the wall. Parametric studies are conducted to evaluate the effect of the blast source-wall (standoff)
distance and the blast weight on the structural response of the system. It is shown that the traditional
in-plane diagonal cracking failure mode may still dominate when a blast action is present, depending
on the considered standoff distance and the blast weight when in-plane static loading is also applied
to the wall. It is also highlighted that the presence of an opening in the wall may significantly reduce
the effect of the blasting action.

Keywords: masonry; collapse mechanism; blast actions; unilateral contact; dynamic analysis; finite
element analysis

1. Introduction

Over the years, increasing research efforts have been developed focusing on analyzing
the structural behavior of masonry walls. Masonry is defined as a set of stone units that are
connected using mortar joints that are organized to form a regular pattern [1]. Masonry is
commonly used in monuments, masonry arches, and also in low-cost houses. For these
structural systems, the low tensile resistance of masonry or mortar interfaces may lead to a
compromised response when in- and out-of-plane lateral forces reach high values.

Among several loading conditions, ongoing research aims to investigate the impact
of blasting forces on masonry structures. In particular, research on this type of loading
focuses on mining activities using blasting operations, which comprise the first phase of
the production cycle in most of the mining processes. Blasting is used to fragment the
rock overlying the coal seams in most mines. When the explosives are detonated, most of
the energy is consumed in rock fragmentation [2]. According to [3], energy not used to
break rock radiates out from the blast site in the form of ground vibrations and air blasts.
Additionally, when explosives are ignited in rock, a shock wave is produced that breaks
the rock and then a force in the form of gas pressure is formed [4]. An explosion or blast
activity is defined as the release of a significant amount of energy that takes place in a short
time period.

Computer advancement in the past decades has enabled researchers to model masonry
with its complexities using finite element analysis. The finite element (FE) method is one of
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the advanced numerical techniques that is commonly applied to analyze complex structural
engineering problems. Research work presented in [5-9] and others indicate that by using
the FE method, the failure modes that occur in masonry due to blast loading can be
successfully analyzed.

According to [10], the collapse modes of masonry walls that are exposed to blast
actions may include flexural failure, direct shear failure, and flexural-shear failure. Collapse
modes are further discussed in this section and elaborated in the analysis section of this
article. It is noted that these collapse modes were used for the validation of the proposed
numerical model.

D’Altri et al. [11] considered a masonry wall with dimensions of 1190 mm x 795 mm
with a brick size of 112 mm x 53 mm x 36 mm. The boundary conditions were taken as
fixed on all four sizes of the wall. The wall was loaded with a 20 KN/m? out-of-plane
load. Their research aimed to assess the effectiveness of the micro-modeling approach
and assess the out-of-plane response of the masonry walls. As defined by Lourencgo [12],
micro-modeling is where “masonry units and mortar joints are represented by continuum
elements, where the unit-mortar interface is represented by a discontinuous constitutive
description”. A quasi-static (transient dynamic) procedure was used for the numerical
study. Furthermore, the brick-mortar bond failures were accounted for using brick-mortar
nonlinear cohesive interfaces. The failure pattern in the wall indicated that the maximum
displacement often occurs at the center of the wall.

The discrete element method was used in [13] to investigate the behavior of masonry
structures under blast actions. A 2400 mm x 2400 mm wall, fixed on all sides, was
simulated, and typical modes of failure, including out-of-plane failure, were observed.
Furthermore, the study depicted the complete failure of the wall under a load of 810 kg TNT
explosive weight at a standoff distance of 37 m. According to Masi et al. [13], the geometry
of the blocks and the interfaces may be directly modeled using the discrete element method.
Their study was conducted using 3DEC software and the empirical model CONWEP to
simulate the blast action. They used a soft-contact technique to simulate joint interactions
between adjacent blocks. It is worth mentioning that the magnitude of the wall failure is
dependent on various factors such as standoff distance, wall dimensions/properties, and
boundary conditions.

Hao [5] conducted a numerical analysis of a 2880 mm x 2820 mm masonry wall subject
to blast load corresponding to a TNT explosive weight W = 2000 kg using AUTODYN
software. In that study, the four sides of the wall were modeled as fixed, with a mortar
layer between the fixed boundary and the masonry units of the wall, which, in turn, was
assigned homogenized material properties. It was shown that for higher explosive weight
and shorter standoff distances, the wall would collapse, and the center portion of the wall
failed out-of-plane as one brick flew out as a single piece. The wall was also observed to be
damaged near the boundary.

Shamim et al. [14] conducted a numerical study investigating the effect of a blast on
a 3000 mm x 3000 mm x 230 mm masonry wall, which had a reinforced concrete frame
of 230 mm x 235 mm cross-section dimensions. In their macro-approach, masonry units,
mortar joints, and the brick-mortar interface were modeled as a single material. They
investigated the effect of 100 kg TNT explosive weight over 20 m, 30 m, and 40 m distances
from the wall. Furthermore, their study considered a wall without an opening as well as
a wall with a window opening at its center. The boundary conditions were defined such
that the top of the wall was restrained in the direction parallel to the blast, simulating the
restrain obtained from a slab due to its high in-plane stiffness. The results for the wall
without the window showed that the peak values of displacements are found at mid-span.
The peak displacement values were equal to 267.8 mm, 95.1 mm, and 59.9 mm for the three
mentioned standoff distances between the blast source and the wall, respectively. For the
wall with the window, the values of peak displacement at the top of the opening when
out-of-plane failure arose were equal to 353.6 mm, 121.9 mm, and 73.2 mm, respectively.
Overall, they observed that peak values on the wall with the window were higher than
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those of the wall without the window; however, the standoff distances were not the same
when the opening was considered.

In a similar investigation presented in [15], it was shown that a wall subjected to blast
actions developed the highest displacement in the midsection of the masonry infill panel,
while the reinforced concrete frame remained undamaged. It was shown that when the
blasting source was close to the wall, the masonry panel collapsed completely, depicting
displacements greater than the thickness of the wall (>230 mm). Their study also looked at
the effect of changing blast load sizes, considering a TNT equivalent weight of charge equal
to W1 = 25 kg, W2 = 50 kg, W3 = 75 kg, and W4 = 100 kg for a constant standoff distance of
20 m. It was observed that peak displacement increases with increasing weight of charge
(at constant standoff distance of 20 m) and decreases with increasing distance.

In [16], a numerical study was conducted on a masonry wall with dimensions of
1700 mm x 1550 mm x 100 mm. The model was constructed with 23 courses of solid clay
bricks and analyzed using a simplified micro-modeling approach within finite element
analysis. The simulation was implemented in steps, involving vertical displacements and
cyclic out-of-plane actions. The failure mode was due to the formation of diagonal cracks
caused by in-plane loading. As derived from the mentioned literature, the type of failure
modes of masonry walls under in-plane and blasting, out-of-plane loading, are influenced
by various characteristics—such as the load application, geometry, boundary conditions,
and the quality of materials.

Some recent efforts aim at investigating the response of different types of reinforced
masonry walls under blast actions. In [17], a masonry wall connected with two transverse
walls, one at each end, was numerically tested using the micro-modeling technique within
non-linear finite element analysis. The work proposed numerical models to reinforce
the wall using CFRP wrapping and a steel angle-strip system. In [18], the behavior of
unreinforced masonry walls with CFRP wrapping and mild welded steel wire mesh, under
blast with low standoff distance, was investigated using non-linear finite element analysis.
In [19], a fragility analysis of masonry walls was proposed, illustrating the vulnerability
of the structures against blast load, focusing on different types of unreinforced masonry
walls and reinforced walls, using finite element analysis. In [20], for masonry walls made
of autoclaved aerated concrete and polymer-reinforced concrete that are subjected to heavy
TNT explosive loads, both experimental and numerical testing were provided. In the
numerical models, non-linear finite element analysis was used with cohesive zone models
to depict damage to the wall.

Based on this short review of recent results, it seems that there is still space for
more research investigating the collapse modes of masonry walls under blast actions. In
particular, one of the goals of this article, which also highlights its innovative points, is to
provide further insight into the way in-plane failure modes, such as diagonal cracking and
out-of-plane damage, may appear in masonry walls subjected to blast actions. From another
point of view, this article proposes a modeling technique using non-linear constitutive
descriptions, incorporating opening-sliding failure modes adopting contact mechanics,
as well as compressive/tensile damage, using continuum damage laws, all within finite
element analysis. The proposed models can be implemented in commercial software.

Within the given framework, a numerical investigation of the mechanical response of
masonry walls under blast actions, with and without openings, is presented. Non-linear
finite element models are proposed to simulate all the joints between masonry units by
introducing unilateral contact—friction interfaces. For the simulation of the blast action,
an empirical model is used, and explicit dynamic analysis is adopted implementing this
loading type. Various loading cases are tested, resulting in different failure modes.

In Section 2 of this article, failure modes of masonry walls are provided and modeling
approaches that can be used to capture these modes are briefly discussed. In Section 3, all
the details of the numerical model that is proposed in this article are presented. Among
others, the details of the blast load simulation, the material constitutive description, and the
geometry of the walls are given in this section. In Section 4, a validation of the proposed
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model is conducted using a comparison of some results with published output. In Section 5,
results and discussions derived from the suggested approach are provided, and in Section 6,
the conclusions of this investigation are presented.

2. Failure Modes and Modeling Approaches of Masonry Walls

In this section, a preliminary discussion of failure modes for masonry walls that occur
under various loading scenarios is provided. Both in-plane and out-of-plane damage
patterns are recognized. In the next sections, it will be shown that some of these modes
arise also under blast actions, depending on the load combination.

In addition, general concepts elaborating modeling approaches, which are used to
capture the mentioned failure modes, are discussed. Within this framework, the proposed
model will be identified.

2.1. In-Plane Response of Masonry Walls

Three types of failure modes of masonry walls under static loading are discussed
below, and these are sliding shear, flexural failure, and diagonal shear. These failure modes
are illustrated in Figure 1.

!

Figure 1. Typical Failure modes of masonry walls subjected to a vertical load and a horizontal (shear)
load. These two loads will result in (a) sliding shear failure, (b) shear failure (staircase-shaped cracks),
(c) diagonal shear, and (d) crushing, which is mainly compressive cracks [21].

According to [21], the in-plane failure of a wall is generally shear failure, as can be
seen by the diagonal cracking, and this is often ruled by the tensile resistance or capacity
of the masonry unit or mortar joints. Additionally, a wall’s failure can be observed as the
crushing of units under compression. The capacity for large displacement and average
energy dissipation is related to unit crushing [22], contrary to failure involving sliding shear,
which is more ductile as a higher amount of energy is dissipated. This energy dissipation is
more common under seismic/blast loading actions. The above modes of failure have been
proven by many researchers to be the common failure modes when horizontal displacement
and vertical pressure loading are applied to walls.

2.2. Out-of-Plane Response of Masonry Walls

Subject to blast loadings, the failure mode of masonry walls is often out-of-plane
flexural failure. This may be accompanied by a flexural cracking pattern, which consists
of horizontal cracks arising at halfway of the wall and stepped diagonal cracks toward
all corners of the wall, as can be seen in Figure 2, where a typical out-of-plane response
of a masonry wall under blast loading is shown. It is noted that these descriptions of the
failure modes will be used later in this article to verify the results that are obtained from
the proposed numerical scheme.
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Figure 2. Out-of-plane failure pattern of a wall subjected to blast loading.

2.3. General Modeling Approaches for Masonry Structures

The mechanical behavior of masonry buildings has been described using two broad
numerical approaches: macro-modeling and micro-modeling [12]. In the macro-modeling
method, masonry is analyzed as a uniform material that obtains its average (effective)
material properties by a homogenization scheme. Thus, in the macro-modeling technique,
masonry units (concrete blocks, stone units) and the mortar joints are modeled as solitary
materials using homogenization concepts. According to [23], when using the macro-
modeling approach, the detailed failure mechanisms may generally not be reproduced well.

According to micro-modeling, masonry consists of joints connecting individual units,
and using appropriate constitutive laws, simulation of such walls is conducted. Due to
the different compression or tensile strength of brick vs. mortar, it is worth noting that
mortar joints become the weakest link in masonry walls. According to [12], the unit-mortar
interface controls the nonlinear response of the joints, and this is one of the most pertinent
features of masonry wall behavior. Different modeling techniques used to simulate the
response of masonry structures are depicted schematically in Figure 3.

Figure 3. Modeling techniques for masonry walls.

The masonry units are modeled as continuum elements, while the mortar joints are
modeled as interface elements in this article. Zero tensile resistance between the joints is
introduced, using unilateral contact and friction interfaces. More details about the model
used in this article are provided in the following sections.

3. The Numerical Model Proposed in the Present Article

A non-linear finite element model is proposed for this study to simulate the response
of masonry walls to blasts. For the evaluation of the failure response that is derived from
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the masonry unit interfaces, a unilateral contact and friction constitutive description is
assigned to these interfaces. Thus, both in-plane and out-of-plane opening and/or sliding
between the masonry units can be depicted with the proposed model. Since all the contact
conditions between the blocks in the wall are simulated using principles taken from contact
mechanics, it can be stated that the micro-modeling approach is used.

The unilateral contact law, provided in Equations (1)-(3) for a single degree of freedom
system, is assigned in the interfaces between masonry blocks. Equation (1) is the non-
penetration relation, Equation (2) states that only compressive stresses (") can be developed
in the interfaces, and Equation (3) is the complementarity relation, stating that either contact
takes place (1 — g = 0, where u is a single degree of freedom and g is an initial gap) or
separation in the interface occurs (" = 0).

h=u—-g<0=h <0 M
—t" >0 2
P'(u—g)=0 (3)

For the response in the tangential direction of the interfaces, a static version of
Coulomb’s friction law is considered. Thus, sliding in the interfaces is initiated when
the shear stress # reaches the critical value T, according to Equation (4):

=1y =xp|f"| 4

where p is the friction coefficient and " the normal stress (contact pressure) in the interfaces.

To represent the failure response of the masonry units, a continuum concrete damage
plasticity model is used. Compressive and tensile failure modes developed at the masonry
blocks are then depicted. In the following sections, the details related to the implementation
of the blast loading, the material properties, and the dimensions of the walls that are studied
in this article are provided.

3.1. Blast Shock Wave Modeling

An explosion loading wave is defined by three parameters, namely, the shape of a
wave, the maximum pressure (Py,), and the positive wave duration (f,), which is the time
that pressure reaches zero [24]. Various research efforts have shown that depending on the
source of the explosion, the generated waves are divided into shock and pressure waves.
In a shock wave, the pressure of gasses from the explosion or blasting is developed by
emission from the source of the explosion [24,25]. The pressure increases to the maximum
value Py, and decreases to the environmental pressure, as shown in Figure 4. Mining activi-
ties involving blasting generate blast pressures on neighboring structures. The pressure
distribution from a blasting source at a particular distance is considered nearly consistent
over a normal reflecting surface. According to [26], a close-in explosion produces a pressure
distribution that changes significantly in magnitude over the reflecting surface. This creates
more complexity due to the non-uniform of pressure.

To determine the magnitude of peak overpressure, two major parameters are used: the
charge weight and the distance between the blast source and the structure. By observing
the pressure—time diagram depicted in Figure 4, two main phases can be identified. The
positive part of the diagram is called the positive phase and has a duration f,, as shown in
Figure 4, while the negative part is called the negative phase and has a duration t,_, also
shown in Figure 4. According to [13], when a primary shock strikes a target, the reflected
overpressure P; instigates. The negative phase exists for a longer duration with lower
intensity pressure than the positive phase. As the standoff distance increases, it can be
noted that the duration/period of the positive blast wave phase increases, and that results
in lower amplitude and a significantly longer-duration shock pulse.
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Figure 4. Shock wave distribution [27].

Using the Friedlander equation, the time evolution of the positive phase of the reflected
pressure is analyzed (Friedlander, 1946):

1 '
() = P (1 - r)H[r*]u —H[t* — t,] H[t*])exp(—dt—) (5)
o o
where H[t*] represents the step function, d is the exponential decay coefficient, and
t =t — ty, where t, is depicted in Figure 4. According to Rigby et al. [28], the impulse
iro OF i, associated with the positive phase, which symbolizes the area under the pressure
curve, can be formulated as:

= [ i e +a-1] ik (6)
Jiy d*

One of the most effective means of representing a blast impact is the use of the
CONWEP model. According to [29], CONWEP is a model used to simulate the effects
of a collection of conventional weapons, including air blast routines, breach, cratering,
ground shock, and fragment and projectile penetration. The CONWEP charge property
parameter is used in this study to simulate an air-based explosion using empirical data [30].
Furthermore, according to this consideration, a time history diagram of the pressure loading
is built. In order to utilize this empirical model, one would need to define the equivalent
TNT (trinitrotoluene) mass of the explosive as well as the source point (i.e., where the
explosive is located). The initial process in calculating the explosive wave from a blast
source other than TNT is to convert the charge mass to TNT equivalent mass [31].

Therefore, the CONWEP charge property is used in this study within commercial finite
element software to simulate an air-based explosion by developing a time history pressure
loading, similar to the one shown in Figure 4. The data, which were entered to define
the blast charge properties, include the equivalent mass of TNT, a multiplication factor to
convert from that mass unit into kilograms, and multiplication factors to convert from the
standoff distance, time, or pressure to meter, second, or pressure in Pascals, respectively.

3.2. Continuum Damage Law for the Masonry Units

A concrete damaged plasticity law is used to represent damage on masonry units.
Rate independence is claimed for this law, which is based on incremental plasticity theory.
According to Lubliner et al. [32], Lee and Fenves [33], Tapkim et al. [34], and Daniel and
Dubey [35], this constitutive description is appropriate for the analysis of quasi-brittle
materials such as concrete and masonry. It relies on the concept of isotropic damaged
elasticity for the representation of the irretrievable damage or failure that occurs during the
cracking process for materials under fairly low pressure. The concrete damage plasticity
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law uses a non-associated potential plastic flow, which is in turn the implementation of the
Drucker-Prager hyperbolic function for flow potential [36].

The common failure mechanisms that can be illustrated with this law are, namely,
tensile cracking and compressive crushing. When unloading takes place, the elastic stiffness
of the material is deemed damaged. This damage is implemented by introducing two
damage variables as functions of the plastic strain, one for tension and the other for
compression. A zero value of the damage variable indicates undamaged material, while a
value equal to one indicates a total loss of strength. The corresponding uniaxial stress-strain
relations, representing tension and compression, are provided below:

o= (1—di )Eo (¢ —&fy) @)
0e = (1-de )Eg (¢ — €5)) ®)

In the above equations, E is the preliminary elastic stiffness of the material and d; and
d. are the tensile and compressive damage variables, respectively.

The compressive and tensile stress—strain curves used in this work to define the
compressive and tensile failure response of the masonry units on the numerical models,
as well as the corresponding damage variables diagrams, are provided in the figures
below. The uniaxial stress—strain behavior of concrete is modeled utilizing a Hognestad-
type parabola [37], as per Figure 5 below. Figures 6-8 provide the compressive damage
parameter as well as the tensile stress—strain law and the tensile damage parameter used
for this model [37].

12.00
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8.00
6.00

4.00

Stress [MPa]

2.00

0.00

0.00% 0.05% 0.10% 0.15% 0.20% 0.25% 0.30%
Inelastic Strain (%)

Figure 5. Compressive stress vs. strain diagram [37].
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Figure 6. Compressive damage variable vs. plastic strain diagram [37].
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Figure 7. Tensile stress vs. strain diagram [37].
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Figure 8. Tensile damage variable vs. plastic strain diagram [37].

The uniaxial tensile damage and uniaxial compressive damage parameters were
developed using the post-failure stress as a function of cracking strain. The cracking strain
is equal to the total strain minus the elastic strain of the undamaged material [32].

Some additional material properties used within the concrete damage plasticity law
are provided in Table 1. The material properties for each masonry unit are provided in
Table 2.

Table 1. Mechanical properties of the masonry unit and mortar [38].

Plasticity Parameter Value
Dilation angle 30
Eccentricity parameter 0.1
Bi- and uni-directional compressive strength ratio 116
Stress ratio in tensile meridian 0.67
Viscosity parameter 0.001
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Table 2. Material properties [38].
Mitésial Modulus of Pii s Rati Tensile Compressive
AECHIa Elasticity (MPa) ~~ 0'S50MS Rall0 gy onoth (MPa)  Strength (MPa)
Masonry Unit 15,500 0.15 1.05 10.5

3.3. The Geometry of the Masonry Walls

The dimensions of each masonry unit considered in this study are equal to
430 mm x 140 mm x 190 mm. The size of each unit is as per the Concrete Manufac-
tures Association [39]. Low-cost housing in South Africa often uses concrete masonry
blocks and clay bricks. This paper focuses on the use of concrete blocks, and the following
limitations are noted:
- A single-leaf wall is considered, and the wall is unreinforced.
- Category 1 buildings [40].

Two geometries are used in this study for the walls, as shown in Figures 9 and 10. The
first is a solid wall and the second represents a wall with an opening,.

L T 117

1520

[

- 1170 -

Figure 9. Geometry 1 (wall with no opening (mm)).

\ [ ]

1710

1= 1755 -
Figure 10. Geometry 2 (wall with an opening (mm)).

3.4. Details of the Finite Element Model

Figure 11 shows the mesh that is adopted in this study for the models without and
with an opening. Three-dimensional, eight-node linear brick elements are used, with the
element side equal to 40 mm for both walls. A total number of 4800 elements for the model
without the opening and 5600 elements for the model with the opening are used, as shown
in Figure 11.
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Figure 11. Mesh of the considered masonry walls: (a) with no opening and (b) with a window opening.

All four sides on the perimeter of each of the two walls are considered as fixed in three
translational degrees of freedom, according to the coordinate system shown in Figure 11. It
is noted that the restraining of the top side of the walls in the Z-direction is attributed to
the assumption that an upper slab or roof will provide restraint in that direction.

Concerning the loading of the models, two load steps are used. In an initial, pre-
existing step, a vertical pressure of 0.25 MPa is applied to the top side of the structure. In
the first load step, a horizontal shear (in-plane) displacement of 10 mm is applied to the top
side of the walls. Alternatively, the wall with no horizontal in-plane displacement is also
considered. In the second load step, the blast loading is applied.

The simulation is conducted using explicit dynamic analysis. This type of analysis
is appropriate since it is able to capture the very short duration of the blast action. It is
noted that the explicit dynamic analysis was originally developed to simulate high-speed
dynamic events that would otherwise require significant computational resources within
implicit codes. For the implementation of this analysis, an automatic time incrementation
is used.

For the application of the contact—friction conditions between the masonry blocks, the
method of Lagrange multipliers is used. A friction coefficient equal to 0.45 is assigned to
the interfaces.

It is noted that for the implementation of the blast load, a charge weight expressed in
TNT at the standoff distances of 100 m, 50 m, and 20 m is used. In addition, the effect of the
blast weight, as well as the effect of changing the blast charge while keeping the distance
constant and changing the standoff distance while keeping the blast charge weight constant,
are also investigated. Only the front surface of the walls is loaded (incident surface). In the
following sections, results obtained from various parametric investigations, emphasizing
the corresponding failure mechanisms, are provided.

4. Validation of the Proposed Model

Before presenting the results from the simulations, a validation of the proposed
model is conducted by comparing the output with published numerical studies. Then, the
results of the investigation are elaborated, emphasizing collapse mechanisms for the used
load cases.

A comparison between results derived from the proposed model and existing numeri-
cal solutions is provided. As depicted in the figures below, similar collapse mechanisms
were obtained when a blast load or in-plane, vertical pressure, and shear displacement
loads are applied to the wall.

e Masi et al. [13] depicted complete failure, indicating that after a wall is damaged
close to the boundary, it comes out in one piece in the middle portion. The explosive
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weight was 810 kg at 37 m standoff distances (Figure (a)). Out-of-plane experiments
conducted by Du et al. [41] depicted complete failure in the middle of a real wall
(Figure (b)).

(@) (b) ©

The proposed model depicted complete failure of the middle section of the wall, under
a blast load with an explosive weight of 810 kg at a standoff distance of 37 m. This is shown
in Figure (c).

e  Salmanpour [21] predicted sliding failure along staircase-shaped cracks as mode of
failure for a wall subjected to vertical pressure and shear displacement loading. The
damage to buildings during the 2002 Molise earthquake in Italy, as reported in [42],
resembles the crack pattern shown below in Figure (d).

The proposed model depicted staircase-shaped cracks when subjected to vertical
pressure and shear displacement loading. This is shown in Figure (e).

5. Results Obtained from the Proposed Numerical Scheme

In the next sections, results depicting the structural response of two masonry walls,
one without an opening and one with an opening, are provided. Within this investigation,
parametric studies depicting the influence of the variation in the weight of charge and the
blast source-structure distance on the response of the walls, were conducted. Relevant
discussions emphasize the collapse modes, which arise in the provided framework. In total,
the cases listed in Table 3 are considered for the walls without and with an opening.

68



Computation 2023, 11, 165 13 0f 22
Table 3. Cases considered in the framework of this investigation.
Case Description Blast Load Standoff Distance
100 kg TNT 20m, 50 m
Case 1 (solid wall lQaded with vertical pressure, horizontal shear 200 kg TNT 20m, 50 m
displacement, and blast load).
1150 kg TNT 20 m, 50 m, 100 m
1150 kg TNT 50 m
Case 2 (wall with an opening loaded with vertical pressure, 2000 ke TNT
horizontal shear displacement, and blast load). D00 kg TN S
3500 kg TNT 10m
100 kg TNT 50 m
Case 3 (solid w.all loaded with. vertical pressure ar.\d blast load). No 200 kg TNT 100 m
horizontal shear displacement is considered.
1150 kg TNT 100 m

U, Magnitude
+6480002
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5.1. Case 1: Solid Masonry Wall Loaded with Vertical Pressure, Shear Displacement, and
Blast Load

This section provides results obtained from simulations on a solid wall loaded at its top
boundary surface with a vertical downward pressure and a horizontal shear displacement
load. A blasting action is also applied to the wall.

Figure 12 depicts the displacement and the failure mechanism, which are obtained
from an explosive weight of 100 kg at a standoff distance of 20 m. According to this
figure, in-plane diagonal cracking in the form of opening/sliding between the blocks is
accompanied by some out-of-plane flexural displacement, attributed to the blast load. It
can be observed that though the wall does not collapse totally, significant displacements
are developed. In addition, according to Figure 12b,c, significant compressive and tensile
failure is developed on the masonry blocks. This is attributed to the out-of-plane flexural
displacement of the fixed (in its perimeter) wall. As expected, tensile failure is more
expanded in the wall than compressive failure.

(b) ©

Figure 12. Solid wall loaded with a charge weight of 100 kg at a distance of 20 m: (a) displacement of
the wall at the end of the simulation (m), (b) compressive damage variable, and (c) tensile damage
variable distribution.

Next, the weight of the explosive is gradually increased to 200 kg (Figure 13) and
1150 kg (Figure 14) while the standoff distance is kept constant and equal to 20 m. As ob-
served in Figure 13a, the out-of-plane deflection becomes higher compared with Figure 12a,
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due to the increase in the blast weight. In addition, Figure 13b,c shows that extensive
compressive and tensile failure is developed in the masonry blocks. Figure 14 shows that
for the maximum quantity of explosive weight, out-of-plane deflection dominates the
in-plane cracking. In addition, the wall fails completely for this maximum explosive weight
when it is considered at the same distance of 20 m, as above.

CAMAGEC
(vg: 75%)

v
01 ¢
02
400

(b) ()

Figure 13. Solid wall loaded with a charge weight of 200 kg at a distance of 20 m: (a) displacement of
the wall at the end of the simulation (m), (b) compressive damage variable, and (c) tensile damage
variable distribution.

U, Magnitude

(@) (b)

Figure 14. Displacement of the solid wall loaded with a charge weight of 1150 kg at a distance of
20 m: (a) depicted in a previous time step prior to complete damage of the wall and (b) depicted at
the final time step.

Next, an investigation using an increased standoff distance of 50 m is conducted, using
explosive weights of 100 kg, 200 kg, and 1150 kg, respectively. From the first case of 100 kg
explosive weight, it is determined that the in-plane failure mode is dominant, as shown
in Figure 15. A diagonal cracking appears, in this case, at the top part of the wall. On the
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contrary, for the lower distance of 20 m shown in Figure 12, both in-plane and out-of-plane
flexural deflection are observed.

U, Magnitude
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Figure 15. Displacement of the solid wall loaded with a charge weight of 100 kg at a distance of 50 m.

For the case of 200 kg explosive weight, the failure mechanism which arises is a
stair-case diagonal cracking along the wall, as shown in Figure 16. This indicates that the
failure mode changes compared with Figure 13, where mainly an out-of-plane response is
observed for the same explosive weight and lower standoff distance (20 m). It is noted that
the damage pattern depicted in Figure 16 is observed in masonry walls that are loaded with
in-plane actions. Some limited out-of-plane flexural displacement also arises in this case.

U, Magnitude

+4.819e03
+0,000e+0¢

Figure 16. Displacement of the solid wall loaded with a charge weight of 200 kg at a distance of 50 m.

For the case of the highest explosive weight of 1150 kg (standoff distance 50 m), it
is determined that out-of-plane flexural deflection is the dominant response, leading to a
corresponding failure mode. Moreover, as can be observed in Figure 17b,c, both tensile
and compressive failure are developed in the whole mass of the wall. By comparing this
with the case of the same explosive weight and lower standoff distance (20 m) shown
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in Figure 14, it is noticed that although both walls fail due to the out-of-plane response
attributed to the blast action, the model with the lower standoff distance leads to a total
out-of-plane collapse.

DAMAGET
(Avg: 75%)
01

() (b) ()

Figure 17. Solid wall loaded with a charge weight of 1150 kg at a distance of 50 m: (a) displacement
of the wall at the end of the simulation (m), (b) compressive damage variable, and (c) tensile damage
variable distribution.

When an increase in the standoff distance from 50 m to 100 m is considered for the
case of the maximum explosive weight of 1150 kg, the failure mode changes and diagonal
in-plane cracking becomes dominant, as shown in Figure 18, contrary to the out-of-plane
flexural deflection observed at a distance of 50 m (Figure 17). Some out-of-plane flexural
deflection, accompanied by tensile failure at the perimeter and at the central part of the
wall, is also obtained, as shown in Figure 18. Compressive failure is more limited and is
mainly developed at the wall’s bottom corner.

U, Nagntude CANAGEC DAMAGET
“ (Avg: 75%) (Avg: 75

(b) ()

Figure 18. Solid wall loaded with a charge weight of 1150 kg at a distance of 100 m: (a) displacement
of the wall at the end of the simulation (m), (b) compressive damage variable, and (c) tensile damage
variable distribution.

To summarize the effect of varying standoff distances for each explosive weight, the
diagrams shown in Figure 19 are used. It is observed that for bigger explosive weights and
lower standoff distances, higher deflections of the wall are obtained. When the standoff
distance is increased, the impact of the blast loading on the structural system is reduced
since the maximum displacements are also reduced. It is noted that for the case of out-
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of-plane response for the maximum explosive weight and minimum distance, a large
deflection is obtained, as depicted with point X in the graph shown in Figure 19a. This
value is only indicative, highlighting a total collapse of the central part of the wall.
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Figure 19. Displacement-explosive weight diagrams depicting the (a) out-of-plane and (b) in-plane response.

In Figure 19a,b, linear regression formulas are determined, providing approximate
mathematical expressions that can be used to calculate the deflection of the walls for differ-
ent explosive weight values and standoff distances. In particular, for standoff distances
of 20 m, 50 m, and 100 m, the correlation coefficients are found to be equal to R? = 0.9962,
R? = 0.9993, and R? = 0.85, respectively, for the out-of-plane response. In terms of the
in-plane response, standoff distances 20 m, 50 m, and 100 m provide correlation coefficients
of 0.9906, 0.9618, and 0.9926, respectively. It is noted that an R? close to 1 indicates that the
regression prediction is of satisfactory accuracy. Equations on the graphs were tested by in-
serting a random independent variable “x” (explosive weight) to estimate the displacement
“y” (deflection of the wall).
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5.2. Case 2: Masonry Wall with an Opening Loaded with Vertical Pressure, Shear Displacement,
and Blast Load

To capture the influence of openings (windows) on the structural response of masonry
walls under blast actions, a new model is developed, introducing a window in the middle
of the wall, as shown in Figure 10. Similar to Section 5.1, a vertical downward pressure
and a shear in-plane loading applied at the top surface of the wall are considered together
with the blast action. To simulate the influence of the lintel, which is a concrete beam
usually built just above the opening and in contact with the masonry above, the vertical
displacements for the elements above the window are restricted.

In Figure 20, the displacement contour plot, which was obtained when an explosive
weight of 1150 kg at a standoff distance of 50 m is applied to the wall, is shown. It is
observed that relatively low max displacements arise at the final load step, with an in-plane
diagonal cracking above the window on the left-hand side of the wall just emerging. By
comparing this with Figure 17, which depicts the response of the solid wall under the same
blast loading and standoff distance, it appears that the wall with the opening develops
significantly lower deflection with no obvious out-of-plane deformation, contrary to the
solid wall. This is attributed to the fact that the blast load is modeled as a surface force
under the incident wave (CONWEP), and the damage or effect of the blast is directly
proportional to the exposed surface. In addition, the window is inserted at the middle part
of the wall, where the out-of-plane response due to the blast load would become maximum
in the case of a solid wall.

U, Magnitude
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+7.6%4e-03
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Figure 20. Displacement contour plot at the end of the simulation for a wall with an opening subjected
to 1150 kg TNT at a standoff distance of 50 m.

Next, to depict the failure of the wall with the opening, the weight of the explosive is
increased and the standoff distance is reduced. In particular, the displacement plots for
the wall obtained from explosive weights of 2000 kg and 3500 kg at standoff distances of
5 m and 10 m are provided in Figure 21. For both cases, out-of-plane failure is obtained
as depicted in Figure 21a,b with the case of 2000 kg explosive weight at a distance of 5 m
being the most severe.

In an effort to provide a qualitative comparison of the response of the walls with and
without a window, it is observed that the most severe collapse of the wall with the window
occurs for 2000 kg explosive weight positioned at 5 m (Figure 21a). The corresponding
most severe collapse of the solid wall occurs for 1150 kg explosive weight positioned at
20 m (Figure 14). Thus, it seems that the opening in the middle of the wall significantly
reduces the effects of the blast action. This observation is in agreement with the findings
provided in [43], where the area of an opening in a masonry building is shown to have a
significant impact on both the normal and shear stresses produced by blast.
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Figure 21. Displacement contour plot at the end of the simulation for a wall with an opening subjected
to (a) 2000 kg TNT at a standoff distance of 5 m and (b) 3500 kg TNT at a standoff distance of 10 m.

5.3. Case 3: Solid Masonry Wall Loaded with Vertical Pressure and Blast Load

In this section, the response of the wall without an opening loaded with a vertical
downward pressure at the top surface and the blast action is investigated. Thus, contrary
to Section 5.1 (and Section 5.2), no shear horizontal displacement is applied at the top of the
wall. In Figure 22, the response of the wall subjected to 100 kg and 200 kg TNT at standoff
distances of 50 m and 100 m, respectively, is provided. In Figure 23, the response of the
wall subjected to 1150 kg TNT and 100 m standoff distance is shown.

In both Figures 22 and 23, the out-of-plane deflection characterizes the response of
the wall. Contrary to this behavior, the model of the wall loaded with shear horizontal
displacement, 100 kg explosive weight, and 50 m standoff distance, resulted in diagonal
in-plane cracking (Figure 15) with significantly higher maximum deflection, compared
with the wall shown in Figure 22a.
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(a) (b)

Figure 22. Solid wall subjected to (a) 100 kg TNT at a standoff distance of 50 m and (b) 200 kg TNT at
a standoff distance of 100 m when no horizontal displacement loading is applied to the top surface of
the wall (a scale factor equal to 10 is used to magnify the displacement contour plots).
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Figure 23. Solid wall subjected to 1150 kg TNT at a standoff distance of 100 m when no horizontal
displacement loading is applied to the top surface of the wall (a scale factor equal to 10 is used to
magnify the displacement contour plots).

A similar comparison can be made between Figures 18 and 23, representing the dis-
placement contour plot of the wall under the same blast load and standoff distance (1150 kg,
100 m) with and without the shear displacement load, respectively. As shown in Figure 18,
a significantly higher maximum deflection is obtained when the shear displacement load is
applied to the wall, compared with Figure 23. In addition, the in-plane diagonal cracking is
dominant in Figure 18.

6. Conclusions

In this article, the response of masonry walls under static in-plane and blast loads is
investigated using non-linear finite element analysis software [44]. For the simulation of
damage in the interfaces between the stone blocks, unilateral contact—friction interfaces
are applied to depict opening and sliding failure. In addition, a concrete damage plasticity
model is used to describe tensile and compressive damage in the blocks. The proposed
scheme is applied to a solid masonry wall and to a wall with an opening (window).

This investigation aims in highlighting potential collapse mechanisms by testing
different blast load parameters, namely, the weight of the explosive and the standoff
distance between the source of the explosion and the structure. The influence of a horizontal
shear displacement in-plane loading at the top of the wall is also investigated.

According to the findings of this study, the failure mode of the wall loaded with both
shear in-plane displacement and the blast action can be either in-plane diagonal cracking
or out-of-plane flexural failure. The first mode arises when the shear in-plane displacement
is the dominant loading, compared with the blasting action, while the second arises when
the blast is the dominant loading. For the same material properties and wall dimensions,
the weight of the explosive and the standoff distance are the critical parameters, which
determine which of the two loading types dominates. In the results section, case studies
highlighting both failure modes are discussed for various values of the explosive weight
and the standoff distance. A combination of both failure modes can also arise, depending
on the values of these parameters.

Another outcome of this work is the fact that the presence of an opening (window) in
the wall may reduce the effect of the blast action by decreasing the out-of-plane response of
the structure. The reason for this is that due to the opening being located in the middle of
the wall, the blast load is not applied to this critical (for out-of-plane flexure) middle part
of the surface of the wall. Thus, this study shows that the blast action must occur at a closer
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standoff distance compared with the solid wall, in order to cause significant damage to
the structure.

When no shear displacement in-plane loading is applied, the response is dominated
by the out-of-plane flexural deflection, attributed to the blasting action. In this case,
lower maximum displacements are obtained compared with the wall loaded with shear
displacement and blast actions.

Several future investigations could be used to extend the present work. A potential
concept is to study the influence of the area, position, and number of windows on the
response of the walls under blast actions. The usage of different initial static loading could
modify the results, as was shown in the conducted numerical investigation. Design or
re-design based on these findings could also form an interesting research topic. Another
concept is related to the implementation of data-driven structural dynamics, introduc-
ing machine learning tools, to evaluate the influence of several parameters such as the
dimensions of the walls and the blast load parameters on their structural response.
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Chapter 5 - Investigating the effect of brickwork patterns on

response of masonry walls under blast load

This chapter presents the research paper that investigated the effect of brickwork patterns on
the response of walls against blast loads. Three bonding patterns were considered in this study,
namely, English bond, stretcher bond and stack bond. Following the previous chapter where
one bonding pattern was considered. This chapter aims at providing a comparison between

different bonding patterns that are commonly used in the building industry.
(This article is currently under review with the European Journal of Computational Mechanics)

This chapter is presented in the format of the submitted manuscript.
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Abstract

Architects consider the brickwork patterns vital for the aesthetics of the walls. The different
brick bonding patterns can influence the resistance of masonry walls when subject to in-plane
and out-of-plane loading. This study investigates the effect of different bonding patterns under
a blast load of 50kg TNT at a standoff distance of 20m. The adoption of a simplified micro-
modelling approach provided meaningful results on the behaviour of the wall. The in-plane and
out-of-plane response of walls with different bonding patterns was investigated and
comparisons were made. This study concluded that the stack bond has a weaker binding pattern
than other widely used bonds like English bond and Stretcher bond due to the lack of
interlocking between the masonry units. Shear failure and vertical cracking were seen as the
typical failures in all the three walls, with the stack bond depicting higher deflections under
both in-plane and blast loading.

Keywords: Blast; Masonry; Mortar; In plane; Out of plane; Brick Patterns

1. Introduction

The orientation of bricks in masonry wall construction is regarded as one of the aspects that
architects consider vital for the aesthetics of the walls. In Debnath et al [1], it was investigated
how unreinforced masonry (URM) wall components function under lateral or typical seismic
loads with each of the four types of brick bonds: Header bond, Stretcher bond, English bond,
and Flemish link. In Shrestha et al [2], it was concluded that the URM walls made with English
and Flemish bonds show almost 1.2 times the load-carrying capacity exhibited by the walls
made by Header and Stretcher bonds. The study presented in Bacigalupo et al [3] assessed the
in-plane behaviour of Header, Stretcher, and English bonds using parametric micro-modelling.
The conclusions from this study were that the header bond portrayed higher lateral capacity
together with equal shear capacity as that of English bond. In Shah et al [4], tensile-compressive
loads were applied to masonry walls leading to the following fundamental distinctions: the
herringbone pattern's tensile strength attributes seem to be significantly higher than the
comparable strength of its constituent parts.

Thango et al [5] studied the failure response of masonry walls subjected to blast loading using
nonlinear finite element analysis. This study considered the stretcher bond pattern. Explosive
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weights of 100kg TNT, 200kg TNT and 1150kg TNT were considered with the varying standoff
distances which included distances such as 20m, 50m, and 100m. This study highlighted the
effect of the standoff distances and blast weight on the damage intensity, the closer the
explosive, the higher the damage intensity.

According to Elmenshawi et al [6] it is necessary to characterize the mechanical properties of
masonry, such as strength and stiffness, to comprehend how it behaves as a structural material.
The stress-strain relationship is often defined or expressed by the material constitutive law that
is defined over the range of applicability of the material being considered. In the modelling
approach herein proposed, the masonry units are taken as continuum elements and mortar joints
as interface elements. Zero tensile resistance between the joints was introduced (Mortar
properties were not introduced or defined).

According to D'Altr et al [ 7], Pasquantoniog et al [8] and Stankowski et al [9] each mortar layer
is continuously linked to a brick and separated by an interface from other bricks. Weyler et al
[10] highlights that the in the zero-thickness interfaces between the Representative Elements,
the contact penalty approach is used. Conventional point-against-surface contact method is
considered. In such modelling, the penalty stiffness is assumed to keep insignificant the
penetration of the elements and to pledge good convergence rates of simulations. For the 3D
model, a rigid infinitely resistant behaviour for bricks was assumed, whereas for joints a Mohr-
Coulomb failure criterion with the same tensile strength and friction angle used in the
homogenized approach for joints was adopted. Eight-noded (hexahedron) brick elements were
utilized both for joints and bricks, with a double row of elements along wall thickness.

However, the influence of brick patterns has not yet been thoroughly investigated. In the
present paper, the dynamic behaviour of masonry wall with different types of brick bonding is
investigated computationally. The wall is analysed using both in-plane and out of plane loading,
and one of the out of plane loading considered in this case is blast loading. Blasting can arise
from various activities including mining activities that involves breaking of rocks. Blasting is
a crucial aspect of mining operations that involves the use of explosives to break down hard
rock formations and access valuable minerals. Explosions and bombing scenes also put
residential houses at risk of damage. Finite element analysis was adopted in this study to model
different brick bonding patterns and boundary conditions. Non-uniform blast loads were
considered. Changes in displacement time histories and plastic hinge formations resulting from
varying the axial load were examined. The breakdown of brick-mortar bonding, which
functions as planes of weakness, is typically a major factor in the mechanical behaviour of
masonry buildings that are on the verge of collapsing [11]. Accordingly, in this paper nonlinear
numerical analyses were performed for progressive collapse assessment. The walls with
different bonding patterns were compared. Prior to conducting the numerical assessment,
literature review was conducted to ascertain the available knowledge on this topic and address
the research gap. This paper is organized as follows; in Section 2 of this article, materials and
methods adopted for this study are briefly discussed. In Section 3, the finite element modelling
approach and failure modes are discussed. Section 4 provides the validation of the model while
Section 5 details the proposed Finite element model. In Section 6, results and discussions are
provided. Lastly, Section 7, the conclusions of this investigation are presented.
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2. Materials and Methods
2.1 Explosions and blast phenomenon

Explosion is defined as a large-scale, quick, and unexpected discharge of energy. Depending
on their nature, explosions can be classified as physical, nuclear, or chemical phenomena [12].
A general rule of explosives is that the detonation of the explosives results in a high-velocity
shock wave and a great release of gas. This high-velocity shock and gas release has over the
years been causing damages to neighbouring structures and even fatalities. With specific
reference to buildings, the air-blast shock wave is the main mode that explosions cause damage.

Blast loads are produced by detonation of explosion materials. Detonation is a chemical
reaction that proceeds through the explosive material at supersonic speed and converts the
material into pressure gas. Due to this, a pressure wave is developed which travels in all the
directions and has got push-pull action on air. This gas pressure, also known as detonation
pressure, propagates like shock wave, and affects the surrounding structures. The
demonstration of the blast loading on structures is shown in figure 1 below.

Ground reflected wave
Mach stem
\\\ Building

\\ ,\\' \\ /\\\

Ground surface

Figure 1: Blast pressure and loads on a structure [13]

2.2 Model description

The section below looks at the different brick bonding patterns that were investigated in this
paper.
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Figure 2: Different brick bond patterns: a stretcher bond; b English bond; ¢ stack bond

A simplified representation of the mortar joint as a zero-thickness interface was adopted for
this study. The assumption of a mortar joint as a zero-thickness interface is a simplification
useful in modelling the behaviour of masonry structures [14]. In reality, mortar joints have a
measurable thickness, typically on the order of a few millimetres. However, when analysing
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the response of a masonry wall to external loads or other stresses, modelling the mortar joints
as zero-thickness interfaces can simplify the analysis and provide reasonable results. This is
because the mortar joint has a significantly lower strength compared to the masonry units it is
bonding together, and so the joint's thickness is often negligible in terms of the structural
response of the masonry structure.

3. Finite element modelling
3.1 Modelling approach

Finite element method of analysis is an advanced method which is commonly applied recently
to solve complex structural analysis problems including blast problems. According to Lourenco
[15], modelling masonry structures can be grouped into two classes: Micro-modelling and
macro-modelling. As can be seen in figure 3, in micro-modelling (detailed), continuum
components are used to represent the brick unit and mortar, while interface elements are used
to depict the unit-mortar interface. In the simplified micro-modelling, brick units are modelled
as continuum elements and the unit-mortar interfaces are grouped and modelled with the
interface elements.

According to Lourenco et al. [16], the macro-modelling distinction between brick/stone units
and mortar joints is treated as one unit. The consideration of brick and mortar as one
homogeneous material tends to make the macro-modelling techniques more suitable for
practical use as the computer resource required is less when compared with micro-modelling
techniques. As discussed by Braimah [17], the macro-modelling technique is not able to offer
information on failure mechanism, which most often is not needed in the analysis. This is
further stated by Komiircii and Gedikli [18], by using the macro modelling approach, the
detailed failure mechanisms are generally not well reproduced. Recent advances in
homogenization that incorporates XFEM could enhance the effectiveness of macro-modelling
in this respect, see Drosopoulos and Stavroulakis [19].

Mortar Unit : “Umt”
Interface

Unit/Mortar / “Joint” Composite

’ 1/ a
L

(a) (b) (c)

Figure 3: Modelling techniques for masonry structures (a) detailed micro-modelling, (b) simplified micro-modelling, (c)
macro-modelling [15]

3.2 Contact mechanics and material properties

To develop informative numerical models, to investigate the structural behaviour of the
masonry wall, material properties obtained from published literature have been used. A
continuum model is adopted to define the damage mechanics laws, which is used to simulate
the nonlinear material behaviour of the masonry and mortar, focusing on tensile and
compressive damage. The interfaces between the masonry units are given a unilateral contact
and friction constitutive description for the evaluation of the failure reaction that results from
these interfaces. Assuming u to be the single degree of freedom in the system, while g
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represents the initial opening and #* as the equivalent contact pressure during the contact of the
units. Equation (1) represents the non-penetration relation, equation (2) specifies that only
compressive stresses (") can develop in the interfaces, and equation (3) represents the
complementarity relation, which states that either contact occurs (u#-g=0).

h=u-g<0=>h<0 (1)
—t" >0 (2)
t"(u-g)=0 3)

A static form of Coulomb's friction law is taken into consideration for the reaction in the
tangential direction of the interfaces. According to equation (4), sliding in the interfaces begins
when the shear stress # reaches the critical value T, .

th = T = tult"| 4)
Where t! is the shear stress and u is the friction coefficient.

In this study, a concrete damage plasticity (CDP) law is used to represent tensile and
compressive damage on bricks, under loading and unloading conditions. Additionally, this law
is based on the incremental plasticity theory and is rate independent.

In the case of a masonry wall, the concrete damage plasticity model may be used to predict the
behaviour of the wall under various loading conditions, such as blast or seismic loads [20]. The
CDP model utilizes a yield function centred on the studies conducted by Lubliner et al. [21]
and Lee et al [22].

Damage of a solid body can be defined as degradation phenomenon in material properties such
as stiffness, strength, and anisotropy. According to [23], if the damage is defined by stiffness
degradation, the elastic stiffness (C) can be written using the stiffness degradation parameter.

C=01-d)C (5)
Where d denotes the degradation and Co denotes the initial stiffness matrix.

The above equation can be rewritten in terms of the Young’s modulus as equation (6). The
concrete damaged plasticity model assumes that the reduction of the elastic modulus is given
in terms of a scalar degradation variable d as

E=Q1-dE, (6)
Where E represents the Young’s elasticity modulus initial value.

According to the existence of irreversible deformation/plastic strain, stiffness degradation
models may be divided into two categories: elastic degradation models and plastic degradation
models [24]. It is worth mentioned that if no damage is considered in the concrete (d=0),
equation is reduced to:

o =Ey(e— &) (7)

where o, £, and £P' represent respectively the stress, total strain, and plastic strain.
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Furthermore, Lee et al [22] developed an equation that defines the yield function of concrete
damage plasticity model as the following.

F(@,k) = ﬁ(an - ﬁ ISl + ﬁ(k)(amax>) — (k) <0 ®)

Where:
c.(k) = (a, k) is the material cohesion,

I, is the first stress tensor invariant,

[1S | :\/? : § is the stress tensor deviator norm,

Lol

= @ -0, I is the deviator of effective stress,
1, _ . )
O =3 1o is the mean effective stress,

Onax 1S the algebraic maximum of eigenvalues of effective stress tensor

From the above equation 8, the effective stress - total strain dependence for tension and
compression is shown in figure 4 below.
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Figure 4: Dependence of stress on total strain for: a) compression and b) tension [25].

The material properties for the stones and mortar used for this investigation are presented in
table 1 below.

Table 1. Mechanical properties of masonry unit and mortar [26]

Plasticity parameter Value
Dilation angle 30
Eccentricity parameter 0.1

Bi and unidirectional compressive strength ratio 1.16
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Stress ratio in tensile meridian 0.67

Viscosity parameter 0.001

The material properties for masonry unit that was adopted for this study included the Modulus
of elasticity of 15 500 MPa, Poisson’s ratio of 0.15, tensile strength of 1.05 MPa and the
compressive strength of 10.5 MPa.

3.3 Basic modes of failure
The FEM models were built and modelled using commercial finite element software

(ABAQUS) and the explicit solver was utilized. The different material properties used to model
the masonry are listed in Table 1 above.

To take all basic failure modes into account, the modelling strategy proposed by [12] is
followed. Figure 5 shows the basic failure mechanisms in masonry and the associated point on

the failure surfaces proposed in this study.
f]
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Figure 5: Basic failure modes in masonry as part of the modelling strategy. (a) Joint tensile cracking; (b) Cracking on unit in
direct tension (c) Joint slip failure; (d) Unit diagonal tension cracking; (e) Masonry crushing [27]
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4. Verification of the model

The proposed model is validated using already published literature for both in-plane and out-
plane failure. As part of the novelty herein proposed in this study, comparison between the
various brick bonding types will be made with specific reference to out-of-plane due to blast
loading. The proposed model is validated using published results by other researchers with
numerical and experimental studies.

4.1 In-plane response

The verification of the proposed model was verified using the failure mode from the experiment
conducted by Vermeltfoort and Raijmakers [28]. In the experiment, a wall size of 990mm x
1000 mm, with 18 layers of solid clay bricks (dimensions 204 x 98 x 50 mm) was investigated.
Furthermore, the tests considered vertical pre-compression pressure and a horizontal
displacement loading as shown in Figure 6 below.

Figure 6: Loading of the specimen: (a) Vertical Loading; (b) Horizontal Loading [28]

In the experiment, a horizontal stress fracture that appeared at the bottom and top of the
masonry wall signalled the beginning of the wall's failure mechanism. Following the
appearance of a diagonal shear fracture and an increase in lateral displacement, the structure
collapsed. Bricks began to shatter simultaneously with the stonework collapsing in the
compacted toes.

The failure mechanism is show in figure 7 below which is compared with the failure pattern
obtained from the numerical study.

(@) (b)

Figure 7: Comparison of failure modes of walls: (a) Experimental failure patterns; (b) failure pattern from numerical model
(scale factor = 20).
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As seen in figure 7, the damage initiation and formation obtained from the numerical model is
in close agreement with experimental model which there validates the model. Figure 8 below
shows the damage patterns on the building caused by in-plane loading, it is worth noting that
the direction of cracking follows that of the experimental model and numerical model.

Figure 8: Building damage due to in-plane loading.

4.2 Out-of-plane response

A running bond masonry wall subjected to a distributed blast pressure was investigated by
Milani et al [29]. A 3-side constraint approach was used with the top position taken as free.
Bricks in the 3D model used for validation were considered to have a stiff, endlessly resistant
behaviour, while joints were subjected to the same Mohr-Coulomb failure criterion with the
same tensile strength and friction angle as joints in the homogenised method.

(@) (b) (©)

Figure 9:(a) out-of-plane response due to blast loading [28]; (b) out of plane response due to blast by [29] ;(c) Proposed
model.

Figure 9 (b) depicts the deformation shape of a masonry wall subjected to 58.8kg TNT at a
standoff distance of 5.5m from a study conducted by Zhang et al [30]. This study is comparable
to the results obtained in this proposed work as can be seen in Figure 9 (c), where there is
excessive deflection at the centre portion of the wall. Figure 10 shows the wall that was studied
by Hao [31] who considered a 2880mm wide x 2820mm high wall which was fixed on all four
sides.
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Figure 10: Simulation of the response to a surface blast due to a TNT explosive weight W = 200kg, located at 41m from
blasting source [31]

At the distance of 41m, the study by [31] highlighted that the wall undergoes extensive damage
but does not collapse. As expected, this study by [31] further highlighted that the increase in
blast weight at the standoff distance of 41m leads to much higher deflection. The above
comparison of the failure mode/pattern validates the proposed model as the wall’s failure
patterns are all in good agreement.

5. FEA Model

The wall was meshed using structural elements of 8 noded hexahedral linear brick element.
The mesh size used for both brick and concrete beam was 20mm as shown in figure 11 d. The
dynamic explicit solver was used for analysis under blast loading. With the aid of two reference
points that were assigned depending on standoff distance from the site of reaction, the surface
blast load was created using the CONWEP model as defined in ABAQUS. For the out-of-plane
response, the wall was fixed on all four sides as compared to the in-plane investigation where
the wall was fixed only at the base. The numerical analysis was carried out using an explosive
weight of 50kg TNT at 20m. Figure 11 shows the wall patterns used in this study.

(a) (b) (© (d)

Figure 11: Numerical Model of Masonry wall in ABAQUS: (a) English bond; (b) Stretcher bond; (c) Stack bond; (d) mesh
model

The brick sizes that were used to develop the model were standard concrete brick size of
222mm (L) x 106mm (W) x 73mm (H). The modelled wall is 1110mm wide and 1268mm high
including a beam of 100mm deep.
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6. Results
6.1 In plane response of wall
The numerical analysis was performed on the wall with the pre-compression load of 0.25Mpa

and horizontal displacement of 20mm that was applied on the concrete beam. The results for
the three brick patterns are discussed below.

(a) (b)

Figure 12: (a) In-plane maximum Von-Mises stresses (S, Mises); (b) In-plane deflection of stack bond wall

The above figures show the opening of joints in the vertical direction. The non-linear behaviour
of the stack bond wall is observed by initiation of cracks from the bottom and widen towards
the upper part of the wall.

U, Magnitude

+7.263+06
+6.6580406
+6.0532406

+6.0 05
+3.037e403

(@) (b)

Figure 13:(a) In-plane maximum Von-Mises stresses (S, Mises); (b) In-plane deflection of stretcher bond wall (scale factor=
20)

When compared with the stack bond, the stretcher bond wall has less deflection value. This
brick pattern shows the diagonal cracking which is one of the expected modes of failure for
walls that are subjected to in-plane loading. The tensile cracking leads to the diagonal stepped
crack.
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(a) (b)

Figure 14: (a) In-plane maximum Von-Mises stresses (S, Mises); (b) In-plane deflection of english bond wall (scale factor=
20)

The above results showed some similarity in terms of the mode of failure. Diagonal cracking
in a form of staircase crack shape was observed on the English bond and Stretcher Bond. On
the other hand, the stacker bond depicted de-attachment of joints in the vertical direction. All
three walls depicted higher concentration of von-Mises stresses at the bottom corner of the
wall. The comparison of wall’s resistance i1s summarised on the graph below.

Lateral Reaction Force (KN)
o = NW S N o O

0 0,005 0,01 0,015 0,02 0,025

Displacement (m)

=@ English Bond  ==@=STRETCHER BOND  ==@=Stack Bond

Figure 15: Comparison of resistance of wall against lateral displacement loading

From Figure 15, it can be observed that the English bond produced higher resisting forces when
compared with the other two walls, mainly at the level of maximum displacements.

6.2 Out of Plane Results

This section discusses the results from the application of blast loading considering an explosive
weight of 50kg TNT at a standoff distance of 20m. The results from the three different walls
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are herein compared. The behaviour of the masonry wall in terms of Von-Mises stresses,
defection concrete damage (tension and compression) is discussed in this section. The concrete
damage plasticity model as discussed in section 3, was able to produce the compression and
tensile damage of the wall.

6.2.1 English Bond

(a) (b) (c)

Figure 16: (a) Displacement of the wall at the end of the simulation (m), (b) Maximum Von-Mises stresses (S, Mises), (c) tensile
damage variable distribution. (Scale factor = 30)

The English bond experiences minimal compression damage. Tension damage is observed
under this bond type at the boundary positions and on some of the middle brick units. The
deflection of the wall as expected is higher at the centre of the wall.

6.2.2. Stretcher Bond

U, Magnitude
3 -03

+3

(@) (b) (©)

Figure 17: (a) Displacement of the wall at the end of the simulation (m), (b) Maximum Von-Mises stresses (S, Mises),
(c) tensile damage variable distribution. (Scale factor = 30)



6.2.3. Stack Bond

(@) (b) (© (d)

Figure 18: (a) Displacement of the wall at the end of the simulation (m), (b) Maximum Von-Mises stresses (S, Mises)
(c) compressive damage variable and (d) Maximum tension damage. (Scale factor = 30)

From an architectural point of view, stack bond can have a beautiful appearance, but it is
typically seen to have a weaker binding pattern than other widely used bonds like English bond
and stretcher bond. As can be seen in figure 18 (a), the first column/courses of bricks separate
from the neighbouring bricks and it is worth noting that the vertical joints are easily prone to
separation when subjected to lateral stresses, such as blast loads, which compromises structural
integrity. Vertical cracking also happens. Stack bond masonry walls are vulnerable to vertical
cracking at the vertical mortar joints because they lack horizontal support.

From the above results, it can be highlighted that the masonry head joint played a role in the
out of plane response. It can be concluded that the English bond and stretcher bond have similar
failure margins. The de-attachment of bricks in the vertical direction in the stack bond displayed
a failure pattern that would be expected when there is a vertical expansion joint on the wall.
Additionally, the location and magnitude of maximum von Mises stress amongst the three walls
were within similar ranges and with all walls depicting maximum out of plane in the middle
section of the wall.

From figure 18, it can be seen that the tension and compression damage for stack bond is much
higher than the other two walls (stretcher bond and English bond). The displacement observed
on the stack bond proves the importance of brick reinforcement in masonry wall.

The deflection of the three walls is summarized in figure 19 below, and as discussed above, the
de-attachment of bricks (second column) from the fixed sides initiated a much higher relative
displacement on the stack bond when compared with the other two walls.

The comparison below shows that the stack bond has slightly higher out of plane displacement
when compared to the other two bonding patterns. In practice, the bedding reinforcement in
the case of stack bond is crucial when used a structural/load bearing wall. The deformation due
to blast load occurs within a short duration of time as can be observed in figure 19.
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Figure 19: Deflection vs time for blast weight of 50kg TNT

7. Conclusions

This study concluded that there is a slight difference in the peak displacement at the centre of
the wall for the English and stretcher bond. Under these two bonding patterns, when the blast
load is lower it results in a lower wall centre displacement. The stack bond on the under hand
displayed higher deflection values under both in plane and out-of-plane loading. The research
results in this paper highlighted that the stack bond arrangement has the vertical joints are easily
prone to separation when subjected to lateral stresses, such as blast loads, which compromises
structural integrity. Also, Stack bond masonry walls are susceptible to vertical cracking at the
vertical mortar joints because they lack horizontal support. The different brick patterns play a
role in the blast resistance of the wall. This research work was able to highlight the importance
of understanding the effect of different bonding patterns for structural walls.
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Chapter 6 - Prediction of the response of masonry walls

under blast loading using Artificial Neural Networks

This chapter presents the research paper that developed machine learning models to predict the
displacement and damage outputs of masonry walls exposed to blast loading using two input
variables, namely, the blast weight and the standoff distance. The previous two chapters
provided the numerical analysis of masonry walls against blast actions, however it was
observed that wusing a commercial software to analyse the wall is time
consuming/computational expensive. The need to provide machine learning methods for a fast-
accurate prediction of the masonry wall response is achieved in this chapter as one of the

innovations of this research.

This chapter is presented in the format of the published article.
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Abstract: A methodology to predict key aspects of the structural response of masonry walls under
blast loading using artificial neural networks (ANN) is presented in this paper. The failure patterns
of masonry walls due to in and out-of-plane loading are complex due to the potential opening
and sliding of the mortar joint interfaces between the masonry stones. To capture this response,
advanced computational models can be developed requiring a significant amount of resources
and computational effort. The article uses an advanced non-linear finite element model to capture
the failure response of masonry walls under blast loads, introducing unilateral contact-friction
laws between stones and damage mechanics laws for the stones. Parametric finite simulations are
automatically conducted using commercial finite element software linked with MATLAB R2019a and
Python. A dataset is then created and used to train an artificial neural network. The trained neural
network is able to predict the out-of-plane response of the masonry wall for random properties of
the blast load (standoff distance and weight). The results indicate that the accuracy of the proposed
framework is satisfactory. A comparison of the computational time needed for a single finite element
simulation and for a prediction of the out-of-plane response of the wall by the trained neural network
highlights the benefits of the proposed machine learning approach in terms of computational time
and resources. Therefore, the proposed approach can be used to substitute time consuming explicit
dynamic finite element simulations and used as a reliable tool in the fast prediction of the masonry
response under blast actions.

Keywords: blast; masonry; in-plane deflection; out-of-plane deflection; explicit dynamic non-linear
finite element analysis; machine learning; artificial neural network

1. Introduction

Masonry is commonly used in the construction of non-structural and structural walls
in residential and commercial buildings in developing and developed countries. The
behavior of masonry walls when subjected to in-plane and out-of-plane actions has been
investigated for the past decades. Blast loading may lead to the collapse of such buildings.
Researchers such as Hao [1], Davidson et al. [2], Knock et al. [3], and Masi et al. [4]
conducted laboratory and field blast tests to develop empirical relations of masonry wall
damage and blast loading conditions. There is, however, limited data on field tests for
walls subjected to blast loading and that is mainly due to safety and cost considerations.
Numeral analysis of walls has then become popular and has been proven to provide reliable
results. According to Hao [1], the numerical approach generally simplifies the masonry
wall to a single degree-of-freedom (SDOF), and from this simplification the wall’s response
under blast loading is calculated by investigating the dynamic responses of the SDOF
system. The model’s definition is said to influence the computational time each model will
take to generate the set of results. In their study, Dorn et al. [5] were able to reduce the
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computational time and computer memory by assuming the bricks to be rigid and only
subjecting the mortar to failure.

As part of the ongoing effort of reducing the computational cost, Pande et al. [6]
and Pietruszczak et al. [7] derived the corresponding elastic moduli for brick masonry
from the elastic properties of individual components and assumed the masonry material
as an orthotropic elastic-brittle material. Research on numerical modelling of masonry
under dynamic excitations or blast loading, also integrating micro- and macro-modelling
approaches, has garnered increasing interest in recent years. The motivation for this
study emanates from the international drive to better understand the behavior of masonry
walls under out-of-plane and in-plane loading, in the context of data-driven mechanics.
Therefore, the main goal of this paper is to extend existing knowledge by introducing
machine learning techniques in predicting the response of masonry walls under different
blast loading and standoff distances.

First, parametric explicit dynamic simulations are conducted for a masonry wall,
adopting varying blast weight and stand-off distances. The out-of-plane deflection is used
as output in the generated dataset. The wall is simulated within non-linear finite element
analysis. Unilateral contact and friction laws are introduced to capture discrete damage
(opening-sliding) in the interfaces between masonry blocks. A concrete damage plasticity
model is also used to capture tensile and compressive damage to the bricks. Explicit
dynamic simulations are done using commercial finite element software.

To run and automatically control the parametric finite element simulations, MATLAB
R2019a and Python scripts are developed. Once the datasets are developed, ANNs are
used to train and test the data. The error is recorded, and tests to random input values are
conducted to highlight the efficiency of the method.

The paper is structured as follows: In Section 2 of this article, the relevant literature
review is presented. In Section 3.1, failure modes of masonry walls are provided and mod-
eling approaches that can be used to capture these modes are briefly discussed. This part
includes, among others, information on the geometry of the walls, the material constitutive
description, and details of the blast load simulation. In Section 3.2, the blast wave propaga-
tion is discussed. Sections 3.3 and 3.4 provide an overview of artificial neural networks and
the architecture of the adopted network. Sections 3.5 and 3.6 detail the adopted methodol-
ogy and the finite element models which are used for the development of the dataset. In
Section 3.7, the details of the finite element model are presented. In Sections 3.8 and 3.9,
the contact mechanics and the wall’s response are provided. In Sections 4 and 5, results
and discussions derived from the proposed network are provided. Lastly, in Section 6, the
conclusions of this investigation are presented.

2. Literature Review

Literature findings on the topic of blast actions on masonry walls are discussed in
this section. Su et al. [8] performed a numerical investigation of unreinforced masonry
walls subjected to blast loads. In their study, a distinctive model, in which mortar and
brick units of masonry are discretized individually was used to model the performance
of masonry and the contact between the masonry. On the other hand, Ishfaq et al. [9]
numerically studied the out-of-plane behavior of confined dry-stacked masonry walls
under blast loading. Their study considered four different test cases using a charge weight
of 4k, 8 kg, 12 kg, and 19 kg of Wabox explosive.

Masi et al. [4] investigated the dynamic behavior of non-standard curvilinear masonry
geometries under blast loading using the discrete element method. This approach allowed
the consideration of detailed mechanical and geometrical properties of masonry. One of the
important findings from their study was that masonry joints with zero dilatancy result in
greater out-of-plane deformations and decreased membrane deformations. Additionally, it
was discovered that cohesion and tensile strength have very little bearing on the structural
reaction. Investigating the effect of material properties on the blast response of walls is
of utmost importance. Anas et al. [10] conducted an experimental study on clay-brick
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and concrete block unreinforced walls. Their study highlighted that the effect of brick
strength and mortar had an insignificant role to play on the maximum mid-span deflection
under reflected pressures that are above 2 MPa. The same study concluded that increasing
the Young’s modulus of masonry is an effective way of reducing the maximum mid-
span deflection.

A study by Zhanget al. [11] investigated the dynamic behavior of a clay-brick masonry
wall under a blast weight of 21.5 kg TNT at 4.0 m standoff and 50.8 kg TNT at 5.5 m standoff.
According to the study findings presented in this paper, the thickness of the wall and its
boundary connection with the frame have a major impact on how blast resistance is
developed. This study further concluded that the reaction and damage pattern of walls
exposed to medium- and far-range explosions are significantly influenced by the wall’s
boundary constraints, length, breadth, thickness, and other dimensional parameters.

Similarly, Thango et al. [12] investigated the failure response of masonry walls sub-
jected to blast loading using nonlinear finite element analysis. This investigation aimed
in highlighting potential collapse mechanisms by testing different blast load parameters,
namely, the weight of the explosive and the standoff distance between the source of the
explosion and the structure. Explosive weights of 100 kg TNT, 200 kg TNT and 1150 kg TNT
were considered with the varying standoff distances which included distances such as 20 m,
50 m, and 100 m. Additionally, Thango et al. [12], investigated the influence of an opening
(window) on the wall and the results highlighted that the present of an opening may reduce
the effect of the blast action by decreasing the out-of-plane response of the structure.

Recently, the rapid advances in data processing techniques and the emergence of
different artificial intelligence approaches have led to the development of different applica-
tions for masonry walls. According to Jasmine et al. [13] and Thai [14], Machine Learning
(ML) is a major subfield of artificial intelligence (Al) that deals with the study, design,
and development of algorithms that can learn from the data itself and make predictions
using the learned data. Additionally, machine learning methods use programmed algo-
rithms to optimize a performance standard based on previously accumulated data [15].
There are different types of machine learning algorithms, which have been adopted in
applications related to structural engineering, such as Artificial Neural Networks (ANN),
Support Vector Machines, Nearest Neighbors and Random Forests. These methods can
deal with a significant large amount of data. Data for such studies is acquired in situ or
using numerical models.

Friaa etal. [16] used ANNS to predict the elastic membrane and bending constants of
the equivalent Love—Kirchhoff plate of hollow concrete blocks masonry wall. Drosopoulos
and Stavroulakis [17] used the ML approach in multi-scale computational homogenization
to obtain the masonry wall’s non-linear response. In Cascardi et al. [18] an analytical model
for predicting the shear strength of Fiber Reinforced Mortars (FRM) masonry by using
the ANN approach is proposed and proven to be able to predict the shear strength of the
FRM walls.

Zhang et al. [19] adopted ANN techniques to predict the cracking patterns of masonry
wallets that are subjected to vertical loading. Also, studies by Zhou et al. [20] aimed to use
ANN to predict the failure of a wall panel subjected to lateral loading using laboratory data.
In the study conducted by Plevris and Asteris [21], ANN was applied to approximate the
failure surface of a brittle anisotropic material. In their study, the ANN was trained using
the available experimental data.

Chomacki et al. [22] used ML methods to predict the damage of the residential houses
that are exposed to the industrial environment of mines. In their study, four machine
learning methods were considered, namely, the Probabilistic Neural Network, Support
Vector Machine, Naive Bayes Classification and Bayesian Belief Network. Amongst the
four methods, it was highlighted that the selection of the Bayesian Belief Network was the
most effective approach. This raised the importance of ML methods for efficient structural
or damage assessments and design activities.
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In the study conducted by Remennikov et al. [23], an ANN was used to predict the
effectiveness of blast wall barriers. Experimental data sets for a wide range of scaled wall
heights and a large area of scaled space behind the wall were adopted to train and validate
the ANN. A total of 285 measurements were used in their study and the cross-validation
techniques were adopted in which the training set was employed to decide the connection
weight, whereas the validation set was used to evaluate the performance of the model. This
study highlighted the feasibility of using ANN for fast prediction of barrier wall’s response
against blast loading.

Bewick et al. [24] developed a neural-network model-based engineering tool to es-
timate the peak pressure, impulse, time of arrival, and time of duration of blast loads
on buildings protected by simple barriers. Their study used 91 experimental datasets in
which 81 simulations were used to train the network and the other 10 simulations were
used to verify and validate the accuracy of the network. It was highlighted that due to the
dispersion of the available training data, the model had a constrained range of application
even though it demonstrated strong correlation with the data. This study showed the
development of an ANN methodology for a range of values for the variables of charge
weight, charge to barrier standoff, barrier to structure standoff, barrier height, and location
on the structure face as well as roof loads. This work also highlighted that given sufficient
data and training, neural networks can provide efficient solutions to nonlinear problems to
any degree of accuracy.

A study conducted by Huang et al. [25] used a dataset of 76 explosion observations
to develop a machine learning model that will be able to predict the damage scale of
buildings subjected to a fertilizer plant explosion. This study evaluated three machine
learning models which included k-Nearest Neighbour, ANN, and gradient boosting (a
sub technique of decision trees). The input parameters in this study included the building
category, building structure, wall surface material, distance from the blast centre, year built,
and the shockwave overpressure. It was concluded that the gradient boosting and the ANN
models offered better prediction accuracy. The importance of ML models was highlighted
in this work as being a tool that can assist government decision makers, architects, and
engineers in selecting the most resilient structure design and material for buildings.

Salem et al. [26] used 100 experimental data for blast performance of a masonry
wall. In their study, four different ML models were tested and assessed. The models
were developed using linear, polynomial, and random forest regressions, and an artificial
neural network. Comparing the different models, it was concluded that the artificial neural
network was the most reliable model. This study highlighted the ANN’s ability to generate
the blast curves (P-I curves) faster than traditional methods. The P-I diagram produced is
thought to be a quicker and less expensive method for further resilience evaluations.

Khaleghi et al. [27] utilized the ANN to examine how unreinforced masonry walls
responded to in-plane loading. This study examined how a wall’s reduced ability to support
weight may result in structural deterioration. A number of 49 different configurations were
considered and a set of designed experiments were used to generate numerical simulations
for dataset creation. The ability of ANNs to precisely forecast the initial stiffness and loss
in load capacity resulting from unreinforced masonry wall piercing was determined by this
study. The peak load and initial stiffness were used as the inputs of the ANN.

Existing prediction techniques, such as numerical methods, call for a solid foundation
in computer modeling, as well as a significant investment in time and resources. Similarly,
analytical models are dependent on assumptions based on the complex pattern of the
structural configuration. The ability to predict damage patterns has recently made data-
driven approaches more popular. Comparative studies have been done to evaluate the
accuracy of machine learning approaches. The study conducted by Chopra et al. [28]
proved that neural networks had the highest predictive accuracy.

Various researchers have developed ANN models to predict masonry wall response
mainly considering in-plane actions. The behaviour of masonry has been numerically
and experimentally studied by many researchers but to the authors’ best knowledge there
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have not been many attempts to apply ML techniques for the prediction of masonry
response under blast loading. Thus, although studies highlighting conventional, finite
element analysis solutions on masonry response against blast actions can be found on
literature, it seems that less studies are identified, introducing machine learning techniques
to investigate blast actions. This article aims to contribute to this area by proposing
a machine learning formulation that can be adopted to predict fast and accurately the
response of masonry walls under blast actions.

3. Material and Methods
3.1. Failure Mechanisms of Masonry

Typically, load-bearing masonry wall panels exposed to in-plane lateral and vertical
loads will exhibit either flexural or shear behavior, each with a distinct set of related failure
mechanisms. Figure 1 below depicts the failure modes for walls that are subjected to
in-plane loading.

@ (®) ©

Figure 1. Typical in-plane failure modes of masonry walls: (a) sliding shear failure; (b) rocking; and
(c) diagonal cracking [29].

Due to the residual tensile strength of the brickwork material, the behavior caused
by an out-of-plane stress, such as an explosion, shares some similarities with flexural
behavior [29]. Walls that are subjected to out-of-plane loading such as blast loading, will
often have the orientation of the internal stresses within the wall and the resulting crack
pattern developed is dictated by the boundary conditions or the position of its supported
edges. Figure 2 shows the various types of wall support shapes and the associated out-of-
plane flexure cracking patterns.

= supported edge _.JJJ_: aadking

@) () () (d)

Figure 2. Typical cracking patterns for out-of-plane loaded two-way spanning walls with (a) O-
shaped, (b) U-shaped, (c) C-shaped, and (d) L-shaped supports [30].

3.2. Wave Propagation

In a blast, wave propagation describes how energy from an explosion spreads out and
impacts nearby structures. Mining activities that entail blasting have been considered as
case study for this paper. When an explosion happens, a shock wave is produced that travels
through the air quickly, causing a significant rise in pressure and temperature [31]. Various
researchers have argued that a shock wave can cause significant damage to buildings,
especially if they are near the blast.

According to Baumgart [32], the strength and direction of the shock wave depend on
various factors, including the size and type of the explosive device, the distance between
the explosion and the building, and the near terrain. When designing buildings for blast
resistance, it is important to consider how the shock wave will propagate through the
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structure, and to design walls, floors, and roofs that can withstand the pressure and forces
generated by the blast. Low-cost rural houses are unlikely to have its design or construction
taking into account such loading. Figure 3 depicts the typical blast wave propagation curve.

oo
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Figure 3. Typical blast wave propagation curve [33].

When a shock wave hits a structure, reflection occurs, which is described by the
reflection coefficient ¢,:
0y =L 6
Pinc
where p, is the reflected pressure and p;,,. the incident pressure, respectively. Understand-
ing the wave propagation curve is critical in analysing the blast loading on structures. To
determine the magnitude of peak overpressure, two major factors are utilized: the charge
weight and the standoff distance.

3.3. An Overview of Neural Network

Artificial Neural Network (ANN) is a machine learning technique composed of a
system of interconnected neurons [14,34]. ANN is built on a collection of connected nodes
known as artificial neurons, which are basically the prototypical neurons found in the
genetic animal brain. Furthermore, using learning algorithms, the interconnected nodes
can have the ability to recognize the hidden patterns and correlations in the given raw data
and can even cluster and classify it over some time through the learning process [35].

The networks consist of neurons which are basic units in this operating system. Each
artificial neuron, or node, is connected to others and has a corresponding weight and
threshold. The development process of the model includes data collection and training
the data set. Training data is used by neural networks to develop their accuracy over time.
Since many of the links between inputs and outputs in real life are non-linear and complex,
it is crucial that ANN’s be able to learn and represent non-linear and complex interactions,
hence the training and aiming of high accuracy levels of output received.

According to Asteris et al. [36], ANNs are information-processing models arranged
for a specific application through a training process. Once the network is well trained, a
specific output is obtained from specified input data. The common advantage of ANN is
that it can learn from experience, so that it is possible to train the network to recognise
certain patterns to improve its performance or better understand or predict the modes of
failure in structures.

There are different types of neural networks. They are often classified depending on
their structure, data flow, neurons used and their density, layers, and their depth activa-
tion filters. These types include Convolutional Neural Network, Multilayer Perceptron,
Radial Basis Functional Neural Network, Feedforward Neural Network, and Modular
Neural Network.

3.4. The Architecture of an Artificial Neural Network

In this paper, the feedforward backpropagation neural network developed in MATLAB
R2019a is used. The feedforward ANN’s structure has three forms of layers, namely input,
hidden, and output layers. They are mostly used in pattern generation, pattern recognition,
and classification. A feedforward neural network has the capability to correlate vector
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inputs with vector outputs, provided that the parameters involved have been suitably
calculated [37]. Predictions are formed during the feedforward phase of an ANN based on
the values in the input nodes and the weights. This is relevant to this study, where the out
of plane deflection of the masonry wall is intended to be recognised or predicted by the
trained ANN. Figures 4 and 5 show a typical ANN and its layers.

Hidden
layer

Input
layer

Output
layer

Inputs
Outputs

Figure 4. Feedforward ANN design architecture.
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Figure 5. Input-to-output operations at each perceptron layer.

As shown in Figure 5, the neurons are connected by synapses, and the signals travel in
one way, i.e., from input to output only in the Feedforward Neural Network. In this ANN
type, there is no feedback or loops, and the output of any layer does not affect that same
layer in such networks.

According to Liu [38] the neural network can be single-layer or multilayer, although
after training, a neural network with a single hidden layer and a single output node can
approximate nearly any functional relationship. This paper adopted a single hidden layer
neural network due to few input and output parameters. The number of hidden-layer
neurons affects the calculation accuracy as well as the learning efficiency. The choice on the
number of hidden-layer neurons also considered the crucial observation made by Qi [39],
where fewer hidden-layer neurons lead to underfitting, while several hidden-layers lead to
the reduction of learning efficiency and results in an overfitting issue.

The ANN model consists of three layers, namely, the input layer, hidden layer, and
output layer. The input layer accepts inputs in a variety of programming-provided forms,
while the hidden layer, which is commonly known as the secreted-up layer, is positioned
in between the input and output layers. In this framework, the ANN model performs all
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the calculations to discover covered up highlights and designs. Lastly, the output layer
contains the final values from the input that has gone through an arrangement of changes
utilizing the hidden layer, which at last comes about in a yield that is passed on utilizing
this layer.

Following the above definition of layers, ANN takes the input and computes the
weighted sum of the inputs and includes a bias. This computation is represented in the
form of a transfer function.

A single layer in a feedforward neural network can be described using Equation (2) below:

Yi = f (W(f)-}/(f—l) +b[i))'i =L2...... + Mayers ()

where y is the output vector of the ith layer, W and b are weight and bias vectors, and f is
the activation function. Adopting the supervised learning method, the error function may
be determined using the mean squared error defined as given by the Equation (3) below:

1 n 2
MSE=1 3 (-1 ®
j=1
where 1 is the number of output nodes, Y is the network output, and Y* is the actual
expected value.
The performance of the ANN is further evaluated using the correlation coefficient (R).
The R-value is calculated using Equation (4) below:

R=m D @
\/):;’:1("1,'—%) ?:1(}’:‘-?)

where m; represents experimental or numerical data values, p; represents predicted values,
n is the number of samples, and 77 and p are the mean values of m and p, respectively.

3.5. Adopted Methodology

In the present study, numerically generated data from commercial finite element
software was used. This data consisted of 95 numerical simulations/samples. The data
comprised of input parameters, namely, standoff distance, and blast weight/charge. The
output parameter is the out-of-plane displacement at the centre of the wall. This study
utilised a multi-layered feed-forward neural network to examine data that was generated
numerically and a Python script to modify the input variables without opening the finite
element software. Using the MATLAB R2019a /SIMULINK tool, a neural network model
was developed.

The stage of data gathering and processing entails transforming the chosen data into a
comprehensible format so that the machine learning analysis may quickly access and use the
data. This involves formatting, cleaning, and sampling the data. Considering the standoff
distance, the authors concluded that standoff distances that were greater than 100 m had
less damage on the wall though some in-plane failure was noticed. The dataset therefore
focused mainly on parameters that had significant in-plane and out-of-plane response.
The datasets were classified into three categories: learning, verification, and evaluation.
Splitting of data was such that the learning sample comprised 80% of the dataset, and
20% used for verification and evaluation. The dataset consisted of simulations using blast
weights ranging from 100 kg TNT to 1700 kg TNT with varying standoff distances. The
flowchart of the artificial neural network is shown in Figure 6 below.
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Specify Network's
Inputs and Outputs

Design network

Training, Testing and
data validation

Setting the number of|
hidden layers and
neurons

Training with
Levenberg-Marguardt|

g

Analyze MSE and
regression
Error aim achieved?

Yes
Analyse network

Implement solution

D Re-design network

Figure 6. Flowchart of the adopted methodology.

Table 1 lists the network parameters for the proposed model. Ten hidden layer neurons
and one output neuron make up the network. The training function adopted in the training
network is the Levenberg-Marquardt backpropagation (TRAINLM).

Table 1. Neural network parameters.

Hidden Hidden Output Training . «
Ietwisk Layer Neurons Nodes Function Leaticing Function
Feed 1 10 1 Trainlm Tansig-Purelin
Forward

3.6. Finite Element Model for Data Simulation

This study adopted the approach of simplified micro modelling, which did not model
the mortar thickness (zero thickness is assumed). Instead, the contact law adopted repli-
cated the effect of mortar between the bricks. The masonry units are represented by
continuum elements, while between masonry units normal and tangential contact surfaces
are introduced to represent the mortar layer. Using commercial finite element software,
the interface between the blocks was defined as surface-to-surface contact with zero ten-
sile resistance. Since the tensile strength of the mortar is very low, this is an appropriate
assumption as indicated also by a number of studies [12]. The dimensions of each masonry
unit considered in this paper are 390 mm x 140 mm x 190 mm. This solid structural
concrete masonry unit size is commonly used in low-cost housing. Figure 7 below shows
the dimensions of the wall. It is noted that the numerical model used in this article to
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generate the dataset, that will then be used to train the artificial neural network, has been
validated in [12], by comparing the results of this model with the literature.

2 22 24 26 28 3 32 34 36
Span (m)

Figure 7. MATLAB plot of the vertices that make up the wall.

3.7. Details of the Finite Element Model

Figure 8 below shows the mesh which was adopted in the finite element model. Three-
dimensional, eight-node linear brick elements were used, with the element side equal to
40 mm. A total number of 4800 elements was used for the model.

¥

P

7 X

Figure 8. Mesh of the considered masonry walls.

The boundary conditions of the wall were fixed in three translational degrees of
freedom, according to the coordinate system shown in Figure 8. Thango et al. [12] in their
study assumed the restraining effect on the top side of the walls in the Z direction as
attributed to the assumption that an upper slab or roof will provide the restraint in that
direction. A similar assumption was adopted for this study.

The loading of the model was applied in two load steps. In an initial, pre-existing step
a vertical pressure of 0.25 MPa is applied to the top side of the structure. In the first load
step, a horizontal shear (in-plane) displacement of 10 mm is applied to the top side of the
walls. In the second load step, the blast loading is applied.

3.8. Contact Mechanics and Material Properties

Material models were developed to examine the structural behavior of the unrein-
forced masonry wall. The Concrete Damage Plasticity (CDP) law was used for the analysis
to capture damage occurring in the material. CDP is a constitutive model used to simulate
the failure behaviour of concrete under loading and unloading conditions.
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Figure 9 below shows the compressive and tensile stress—strain curves that were used
in this study to define the compressive and tensile failure response of the masonry units on

the numerical models.
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Figure 9. Stress-strain curves adopted for the masonry units under (a) compression and (b) ten-

The uniaxial tensile damage and uniaxial compressive damage parameters were

sion [40].
developed using the post-failure stress as a function of cracking strain. The cracking strain
is equal to the total strain minus the elastic strain of the undamaged material [40]. The
®)

inelastic strains are calculated using Equation (5) below:
€in = & — &
where ¢;, represents the inelastic strain, &; denotes the “total strain”, and ¢, denotes the
“elastic strain”. According to [37], the damage parameter that is utilised to capture the
(6)

failure at peak load is shown below in Equation (6):
d( =1- ':r‘/ “é
where d, represents the damage parameter in compression, while ¢ is the compressive
strength of masonry unit after the peak stress. The ultimate compressive strength of
@

in _

masonry is denoted by o7.
Equation (7) is used to calculate the plastic strain:
pl _ dc T
€& =& — 7o Z ',

In terms of the tensile behaviour, the strain is calculated using Equation (8), which is
®)

obtained from the ultimate value of the tensile stress:
Ecr =& — &g

where ¢, represents the cracking strain. The damage parameter and the plastic strain are
©)

(10)

calculated using Equations (9) and (10) below:
de=1-0/d
Ot

dy

— oin _ .
8 124§

ffl
Some additional material properties adopted within the concrete damage plasticity

law are provided in Tables 2 and 3.
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Table 2. Mechanical properties of masonry unit and mortar [41].
Plasticity Parameter Value
Dilation angle 30
Eccentricity parameter 0.1
Bi and unidirectional compressive strength ratio 116
Stress ratio in tensile meridian 0.67
Viscosity parameter 0.001
Table 3. Material properties [41].
2 Modulus of 3 , g Tensile Compressive
Mareril Elasticity [MPa] FoisdptiaRatio Strength [MPa]  Strength [MPa]
Masonry Unit 15,500 0.15 1.05 10.5

3.9. Wall’s Response

Figure 10 below shows the typical response of the masonry wall under blast loading.
This was generated using finite element analysis as part of the dataset creation process.

This is similar to Figure 2, which depicted modes of failure under in-plane and out-of-plane
loading, thus validating the model.

U, Magnitude
+1758e-01
+1612e01
+1465001
+131%01

+0000e+00

Figure 10. Solid wall loaded with charge weight of 1150 kg at 50 m.

4. Results
4.1. Out-of-Plane Response

The performance and training accuracy of the developed ANN is discussed in this
section. The model consisted of two input variables, namely, the blast weight in terms
of kg TNT and the standoff distance in metres. The trained ANN is aimed at predicted
the in-plane and out-of-plane deformation of the chosen node or location on the wall.
The mid-section of the wall was chosen. Using MATLAB R2019a /finite element analysis
interface, 95 numerical simulations were generated. The choice of the number of datasets
was based on the sample size from the available literature such as the Gaopale [42] where
a total of 104 blasting datasets was provided by Orapa Diamond mine for their study to
apply ANN to predict blast-induced ground vibration. The authors used 95 simulations as
the first trial.

It may be inferred from an analysis of the results collected during the training, testing,
and validation phases that ANN models are sufficiently competent to distinguish between
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input and output variables while making predictions that are relatively accurate. To
investigate the training accuracy of the proposed ANN model, results on regression plots
and the training state of the designed ANN were investigated. As per the plots below, the
performance of the model for training, testing and validation were found to be acceptable.
These acceptable correlation results confirm the relationship between model output values
vs. the actual target deflection values. Figure 11 shows the simulation process. As can
be seen in Figure below, the data division that was chosen for this model is random and
this data sampling method prevents the data modelling process from being bias towards
different possible data characteristics. The performance evaluation parameter (mean
squared error, MSE) is also known as mean square deviation. The MSE is calculated as
the average of the squared alterations between the predicted value and the actual values
in the model. A value close to zero as the MSE is generally considered acceptable. In
ANN, a gradient is used to measure how much the output of a function changes if there
are adjustments in the inputs [43]. In this case, for the gradient descent algorithm to reach
the local minimum, the learning rate was set to an appropriate value of 0.0338, which was
considered as neither too low nor too high. Validation check is employed to terminate
the learning of the ANN and the amount of validation checks will depend on how many
times the neural network is iterated. The Mu value is utilized to control the weights of
the neurons during the training, specifically on the updating process. The algorithms and
progress parameters are further shown in Figure 12.

Algorithms

Data Division: Random (dividerand)
Training: Levenberg-Marquardt (Urainim)
Performance: Mean Squared Error (mse)
Calculations:  MEX

Progress
Epoch: 0 | 25 iterations 1000
Time: 0:00:00

Performance: 0.00924 _ 0.00
Gradient 00328 297605 ] | 1.00¢-07

Mu: 0.00100 1.00e-06 1.00e+10
Validation Checks: 0 6 6
Plots

Performance

Training State

Error Histogram

Regression

Fit

Plot Interval: ' 1 epochs

Figure 11. ANN Model training.

The coaching efficiency graph in Figure 12 demonstrates unequivocally that the ANN’s
learning capacity is appropriate. The plot for performance of training includes the gradient,
momentum parameter and validation check which are then plotted against the number
of epochs.

Figure 13 depicts the decreasing trend of MSE for the test, training, and verification
sets. When the number of iterations reached 19, the MSE of the verification set dropped
to the minimum value of 0.000068441, thus achieving the reliable training effect. When
the number of iterations got to 19, the training reached the highest number of failures and
was stopped.
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Gradient = 2.9698e-05, at epoch 25
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Figure 12. Validation in the training process

Best Validation Performance is 6.8441e-05 at epoch 19
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Figure 13. Performance of the training process.

The distribution of the errors made by the neural network on the testing instances
is displayed in error histograms. The histogram displays the difference between the
anticipated values and the desired values. According to Mtsweni [44], after the training
phase, the error histogram is a useful tool for assessing the accuracy of error distributions
based on ANN predictions. Figure 14 shows a normal distribution centred at zero for each
output variable, and this confirms the decent performance and good error distributions of
the developed ANN model.
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Figure 14. Graphical plot of error histogram for 20 bins.

Figure 15 summarizes the regression plots at the end of the training phase. The
predictive performance of the wall deflection under the blast load obtained from the
ANN framework is shown in Figure 15, where the coefficient of correlation (R) during
training, validation, testing, and combination of three phases were recorded as 0.96737,
0.97981, 0.95596, and 0.96381, respectively. In a similar study conducted by [22], the overall
coefficient of correlation (R) that was obtained for a dataset of 478 cases was 94.77%. These
are comparable to the proposed study, which has proven to offer acceptable prediction with
a reasonable number of number of datasets. In the study conducted by [38], the correlation
coefficient for validation of dataset was 0.98011 which is comparable to the present study
(R =0.97981) and to the overall R = 0.99037, which is comparable to R = 0.96381. This
validated the training method that was adopted for this study. One of the common checks
is that the data must fall on a 45-degree line where the network outputs equal the targets
for a perfect fit. As can be seen in the figure below, most data fall along the 45-degree line,
and this indicates that the fit by regression is acceptable for all data sets.

To confirm the feasibility of using the above-proposed model in the fast prediction
of masonry wall’s response, a random value of blast weight was chosen, and standoff
distances varied but did not contain any of the distances used as part of training the model.
Figure 16 below shows the plot of z-displacement vs. standoff distances for some of the
simulations that were used for the training and validation of the model. The randomly
selected blast weight showed good prediction, as can be seen on the graph. Firstly, it can be
observed that the proposed ANN is able to show the relationship between the displacement
and the standoff distance. The damage severity reduces with the increased blast weight.
The proposed ANN can be adopted in predicting the masonry wall’s response.

Additional random predictions were also performed. These are presented in Table 4 below.

Figure 17 depicts the out-of-plane deflection of explosive weights 120 kg and 160 kg
that were used for random prediction.
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Output ~= 0.93*Target + -0.004

Output ~= 0.81*Target + -0.0083

Figure 15. Prediction performance of the output variable (out-of-plane displacement).
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Figure 16. Prediction performance of the proposed model: Displacement vs. standoff distance.
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Table 4. Out-of-plane response prediction.
Blast Weight Standoff Actual Predicted Out-  Percentage FEA TIME Ann Time
(kg TNT) Distance (m) Out-of-Plane (m) of-Plane(m) Error (cpu Time)
120 43 —1.32 x 1072 —1.24 x 1072 6.4% 1915.2s 65s
160 26 -399 x 1072 401 x1072  04% 1926.6 s 655

(@) (b)

Figure 17. Predicted out-of-plane response: (a) 120 kg TNT at 43 m standoff, (b) 160 kg TNT at
26 m standoff.

4.2. Effect of Blast Weight/Standoff Distance

In order to analyse the effect of blast weight and standoff distance, Figure 18 clearly
shows that the out-of-plane response is greatly influenced by the explosive weight and
the standoff distance. This can be seen by an increasing exponential graph. On the other
hand, Figure 19 depicts the relationship between the ratio of the explosive weight and the
distance vs. in-plane deflection. From this figure it can be concluded that there is no direct
relationship between the two variables, however, it can be highlighted that a higher ratio
leads to less in-plane deflection which is the opposite of the results presented in Figure 18.
Thus, a higher explosive weight at a closer standoff distance results in more out-of-plane
and less in-plane deflection.
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Figure 18. Ratio of Blast weight/distance vs. out-of-plane response of wall.
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Figure 19. Ratio of Blast weight/ distance vs. in-plane response of wall.

5. Discussion

Machine learning has gained popularity in the field of structural engineering. Re-
searchers have conducted research on the prediction of masonry wall response, but the
majority focuses on the in-plane loading. Upon reviewing literature, it was found that
limited efforts are found in machine learning for blast loading. In this study, an innovative
approach was adopted to predict the response of masonry under blast loading. Addition-
ally, this study utilized the unilateral contact-friction and damage mechanics laws, which
are adopted to capture masonry’s failure modes, and these are strongly non-linear, and
this increases the computation cost for one numerical simulation. This article proposed
a scheme that uses machine learning techniques that can be adopted, to predict param-
eters of the mechanical response of the wall under blast actions, by drastically reducing
computational cost. This is achieved by training and then using an artificial neural network.

The generation of datasets in this study entailed varying the blast weights and the
standoff distance. The present study utilized the wall definition and properties from
the study that was conducted by Thango et al. [12]. Other researchers such as Zhang
et al. [8,9,11] highlighted the influence of standoff distance and the size of the explosive
weight on the response of masonry wall. With reference to Figure 18, it can be seen that the
out-of-plane response is greatly influenced by the explosive weight and standoff distance.
Figure 16 also shows for majority of explosive weights, a closer standoff distance will lead
to higher out-of-plane deflection.

In this study, the accuracy of the proposed ANN framework was evaluated using the
coefficient of correlation (R) during training, validation, and testing. Generally, acceptable
results offer an R value close to one which shows the model’s ability to predict the output
given a set of data (input). An overall value of 0.96381 which indicated that the fit by
regression is acceptable. The studies conducted by [22] and [38] obtained similar regression
results using the quantity of datasets that were compared to the proposed study.

According to Table 4, it has been found that the proposed model is highly capable of
predicting deflection given the random input values (blast weight and standoff distance).
In addition to that, the proposed model is able to offer results within seconds which is one
of the advantages that this model will contribute as part of the practical applications in
structural engineering.

6. Conclusions

In this article, a machine learning approach is proposed to predict the structural re-
sponse of masonry walls under blast actions. First, a non-linear finite element model is used
to provide the failure response of masonry, considering unilateral contact-friction interfaces
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between masonry stones and a damage mechanics law. Then, parametric simulations are
conducted to generate a dataset that is finally used to train an artificial neural network.

Solution of the non-linear finite element model is computationally expensive, in terms
of the computational time and resources needed, even for one simulation. This is attributed
to the non-linear constitutive descriptions, which are adopted to capture the real failure
response of the wall, including the discrete failure mode between masonry stones and
continuum failure in the mass of stones.

Therefore, the article aims to provide an efficient machine learning tool that can be
used for a first, fast prediction of the out-of-plane deflection of masonry walls under blast
loads. In particular, after the generation of the dataset from parametric non-linear finite
element simulations, training of the artificial neural network is implemented. As shown
in the article, the trained neural network is then able to provide a fast prediction of the
response of the masonry wall due to random blast properties (blast weight and standoff
distance), avoiding time consuming numerical simulations and heavy computational cost.

The accuracy of the trained artificial neural network is satisfactory, as given by relevant
regression plots. Tests to random input variables (not included in the dataset used to train
the artificial neural network) also depict a satisfactory accuracy, as compared to finite
element analysis.

In addition, the proposed process is able to automatically generate parametric finite
element simulations to create the dataset using Python and MATLAB R2019a scripts in
collaboration with commercial finite element software.

The study can be extended and overcome current limitations by introducing in the
machine learning scheme random geometries of the masonry wall, while also considering
the random sizes and patterns of the masonry stones. The influence of modelling the
mortar joint between stones, using for instance cohesive zone laws, is another future
investigation. Finally, numerical solutions can be evaluated on advanced materials that
can be used to protect masonry walls under blast actions. For instance, auxetic materials,
with negative Poisson’s ratio can be numerically tested by developing proper finite element
models [45,46].
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Chapter 7 — Conclusions and recommendations

The results from this study provided a methodology relying on finite element analysis and
machine learning to derive the response of masonry walls under blast loading. Factors that
govern the structural behaviour of masonry walls under blast actions, including the impact of
horizontal forces, as well as the influence of changing the blast weight or the standoff distance,
were also investigated. This chapter summarises the findings and recommends possible future

work that can extend this study.

In chapter 4, the response of masonry walls under static in-plane and blast loads, is investigated
using non-linear finite element analysis. In order to simulate the damage in the interfaces
between the masonry units, unilateral contact-friction interfaces are applied depicting opening
and sliding failure. This study was able to determine the tensile and compressive damage in the
blocks by adopting a concrete damage plasticity model available in the software. The proposed

scheme was applied to a solid masonry wall and to a wall with an opening (window).

The collapse mechanism due to varying blast weights and standoff distances was also
investigated in this study using FEA. Three load cases and two masonry walls were considered,
namely, (1) Solid masonry wall loaded by vertical pressure, shear displacement and blast load,
(2) Solid masonry wall loaded by vertical pressure and blast load, (3) Masonry wall with an
opening loaded by vertical pressure, shear displacement and blast load. From the different
loading cases, it was concluded that when there is no shear displacement loading, the response
is dominated by the out-of-plane flexural deflection, attributed to the blasting action. Another
result of this work is that the existence of a window or other opening in the wall may lessen
the impact of the blast action by lowering the structure's out-of-plane reaction. The reason for
this, is that due to the opening being located at the middle of the wall, the blast load is not
applied to this critical (for out-of-plane flexure) middle part of the surface of the wall.
Accordingly, the study demonstrates that in order to seriously harm the building, the blast

action needs to happen at a closer standoff distance than the solid wall.

In chapter 5, the effect of brick patterns on the masonry wall’s response is investigated. The
influence of brick bonding patterns has been investigated by various research under in plane
loading. This study aimed at contributing to the body of knowledge by comparing the different
bonding patterns under blast loading and the findings were intended at highlighting the

importance of selecting the applicable pattern when blast loading is anticipated. Three bonding
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patterns were considered in this study, namely, English bond, stretcher bond and stack bond.
This investigation concluded that there is a slight difference in the peak displacement at the
centre of the wall for the English and stretcher bond. The stack bond displayed higher deflection
values than the other two bonding patterns under both in plane and out-of-plane loading. Also,
stack bond masonry walls are susceptible to vertical cracking at the vertical mortar joints
because they lack horizontal support. The different brick patterns play a role in the blast
resistance of the wall. It was highlighted that the stack bond arrangement with the vertical joints
is easily susceptible to separation when subjected to out of plane stresses, such as blast loads,
which compromises structural integrity. This study was able to highlight the importance of
understanding the effect of different bonding patterns for structural walls that are subjected to

out-of-plane loading such as blast actions.

In chapter 6, a data-driven approach using machine learning methods to predict the masonry
response under blast loading is considered. Using 95 numerically generated datasets from FEA,
an artificial neural network was developed. This model was able to accurately predict the out-

of-plane response of the wall under varying loading conditions.

This study aimed at gaining insight and exploration the applicability of Neural networks as the
fast-predicting tool for masonry walls subjected to blast loading. The artificial neural network
(ANN) techniques have proven to offer prompt prediction of masonry response under blast
loading. The development of datasets was done using numerical simulations. The linkage of
MATLAB scripts, Python scripts and ABAQUS was implemented done in this study. This
linkage provided an approach to run automatically, several ABAQUS models through
MATLAB/Python, without having to open the FEA software. In the scripts, all boundary
conditions were added, including the unilateral laws to simulate the contact-friction between
the masonry units. The parametric study considered under the machine learning approach
included varying the blast load weight and the standoff distance. This was implemented through
MATLAB coding.

MATLAB's Levenberg-Marquardt training technique was utilized to construct the neural
networks that predicted the structural behaviour. A total number of 95 simulations were used
to train the model. The 80-10-10 rule was used to train the neural networks with one hidden
layer that consisted of 10 neurons. In terms of the regression graphs, the data points were
mainly centred on the 45° line which confirmed an acceptable fit and good generalization

between the targets and network predictions. In this study, the R correlation coefficients were
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all greater than 0.9 for the training, testing, validation and all data sets which proved the

model’s ability to accurately predict the output.

This research was able to provide failure patterns of masonry walls when subjected to blast
actions which can be useful to structural engineers who are tasked with investigating the
possible causes of blast actions on buildings. Furthermore, the choice of brick bonding pattern
shall be done taking into account the response of each bonding pattern against in-plane and
out-of-plane loading. It is worth highlighting that this research was able to provide valuable
information that can be used for structural health monitoring with specific reference to post
blast effect on residential houses in the close proximity to open cast mining activities which
requires some level of understanding on the factors that contribute to failure mechanisms on
masonry walls. The proposed machine learning model from this study will be able to promptly
predict the expected response of the walls given the blast weight and the standoff distance.

This can be used for planning or for assessment purposes by engineers.

Recommendations for future research

The research study presented in this thesis investigated the masonry wall’s response under blast
loading using nonlinear finite element methods and data driven methods. Considering the
broadness of this subject area, some aspects are uncovered. Recommendations for future

research are presented below:

e Image recognition deep learning tools can be adopted to correlate existing damage of
the masonry walls with their response against blast actions. Input in those machine
learning algorithms will be the image of existing walls and output the failure response.

e As some low-cost houses are still built using rubble masonry, an investigation of a
rubble wall’s response under blast loading can provide valuable information on the
suitability of such walls in areas that are prone to blast loads.

e The concept of applying advanced composite materials to protect masonry walls against
blast actions can be investigated. For example, auxetic materials depicting negative

Poisson’s ratio could be tested numerically, as protecting materials.
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APPENDIX A

(Python script to create multiple Finite element models without opening ABAQUS every time
each job is completed) . The analysis framework is established using Python.The numerical FE
model is established in ABAQUS/CAE. The ABAQUS/CAE is required to run the files.

from part import *

from material import *
from section import *
from assembly import *
from step import *

from interaction import *
from load import *

from mesh import *

from optimization import *
from job import *

from sketch import *

from visualization import *
from connector Behavior import *
import glob

import numpy as np

import os

#Created by S Thango (for his Phd Studies)

#

H _— -

for vv in range(1, 10):

#importing CAE file.
os.chdir(r"E:\Sipho Thango UKZN\Aug4")
openMdb(pathName='E:\Sipho Thango UKZN\Aug4\jan22 50020FixedWITHP.cae'")

#: The model database "E:\Sipho Thango UKZN\Jan23\jan22 50020FixedWITHP.cae"
has been opened.

session.viewports['Viewport: 1'].setValues(displayedObject=None)
p = mdb.models['Model-1'].parts['Part-1']
session.viewports['Viewport: 1'].setValues(displayedObject=p)
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#changing stand-off distance

#Stand-off distance increasing in multiples of 5.

va=vv*5+15;

a = mdb.models['Model-1'].rootAssembly

session.viewports['Viewport: 1'].setValues(displayedObject=a)

session.viewports['Viewport: 1'].assemblyDisplay.setValues(

optimizationTasks=OFF, geometricRestrictions=OFF, stopConditions=OFF)

a = mdb.models['Model-1'].rootAssembly
a.features['RP-1'].setValues(zValue=va)

a = mdb.models['Model-1'].rootAssembly
a.regenerate()

a = mdb.models['Model-1'].rootAssembly

a.regenerate()

# This sorts out the naming of the Jobs created.
#The location where the Jobs\results are stored.

AAA =1"E:\Sipho Thango UKZN\Aug4\\";

# search text files starting with the word "Job"
#BBB = AAA + "Job" + "*.0db" ; - creates . odb files
BBB =AAA + "Job" + "*.inp" ;

# List of the files that match the pattern
CCC = glob.glob(BBB);

DDD = np.size(CCC);
EEE ="Job-' + str(DDD+1);

1
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# Creating INP file

mdb.models['Model-1"].rootAssembly.regenerate()
mdb.Job(atTime=None, contactPrint=OFF, description=", echoPrint=OFF,

explicitPrecision=SINGLE, getMemoryFromAnalysis=True,
historyPrint=OFF,

memory=90, memoryUnits=PERCENTAGE, model='Model-1',
modelPrint=0FF,

multiprocessingMode=DEFAULT, name=EEE,

nodalOutputPrecision=SINGLE,
numCpus=1, numGPUs=0, queue=None, scratch=", type=ANALYSIS,

userSubroutine=", waitHours=0, waitMinutes=0)

# Solve Job
#mdb.jobs[ EEE].submit(consistencyChecking=OFF)
mdb.jobs[ EEE].writeInput(consistencyChecking=OFF)

1
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APPENDIX B

(Python script to extract deformations to be used as dataset for training of the network). A node
group is created on ABAQUS, each node has x,y and z parameters defined. For each completed

job, the python script is able to call for deformations on the specified node of the model.

#Created by S Thango (for his Phd studies)
# Importing Abaqus odb files

from abaqus import *

from abaqus Constants import *

import odb Access

import section

import region Toolset

import display Group MdbToolset as dgm
import part

import material

import assembly

import step

import interaction

import load

import mesh

import optimization

import job

import sketch

import visualization

import xyPlot as xyPlot

import display Group Odb Toolset as dgo
import connector Behavior

from cae Modules import *

from driver Utils import execute On Cae Startup

import display Group Mdb Toolset
import display Group Odb Toolset
from abaqus import *

from abaqus Constants import *

from cae Modules import *
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from driver Utils import execute On Cae Startup

from abaqus import *
from abaqus Constants import *

import numpy as np

1

#The location where the Jobs\results are stored.
for x in range(1, 1862):
AAA =r"E:\Sipho Thango UKZN\Aug6t\\";
BBB = "Job-"+str(x);
#search text files starting with the word "Job"
CCC=AAA+BBB + ".odb" ;
DDD =BBB +" deformation.txt";

odb = session.openOdb(CCC)
#Creating a loop
# Create a variable that refers to the last frame of the first step.
#lastFrame = odb.steps['Step-1'].frames[-1]

lastFrame = odb.steps['Step-1'].frames[-1]

# Create a variable that refers to the displacement 'U' in the last frame of the first step.
#Surface deformation

displacement = lastFrame.fieldOutputs['U']

centerlnner = odb.rootAssembly.nodeSets['/REFNODE']

centerDisplacementInner = displacement.getSubset(region=centerInner)

#SURFACE
Dix =[]
Dly=1]
Dlz=[]

for v in centerDisplacementInner.values:

D1x.insert(0, v.data[0])
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Dly.insert(0, v.data[1])
D1z.insert(0, v.data[2])

datalnner= np.array([D1x,D1y,D1z]).transpose()

with open(DDD, "w") as f:
np.savetxt(f, datalnner, fmt='%1.50f")
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APPENDIX C

(MATLAB Code for developing and training ANN). The dataset from ABAQUS was saved as
an excel file (Blast weight and standoff distance). On MATLAB, the dataset was then split for
training, validation and testing.

% Solve an Input-Output Fitting problem with a Neural Network
% Script generated by Neural Fitting app

% Created 6-Aug-2023 17:05:26

% Created by S Thango (as part of his Phd studies)

% This script assumes these variables are defined:

% data 1 - input data (Blast weight and standoff distance)

% data 2 - target data (out of plane displacement)

x =data 1%

t=data_2";

% Choose a Training Function

% For a list of all training functions type: help nntrain

% 'trainlm' is usually fastest.

% 'trainbr' takes longer but may be better for challenging problems.
% 'trainscg' uses less memory. Suitable in low memory situations.
trainFen = 'trainlm'; % Levenberg-Marquardt backpropagation.
% Create a Fitting Network

hiddenLayerSize = 10;

net = fitnet(hiddenLayerSize,trainFcn);

% Setup Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 80/100;

net.divideParam.valRatio = 10/100;

net.divideParam.testRatio = 10/100;

% Train the Network

[net,tr] = train(net,x,t);

% Test the Network

y = net(x);

e = gsubtract(t,y);

performance = perform(net,t,y)
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% View the Network
view(net)

% Plots

% Uncomment these lines to enable various plots.

%figure, plotperform(tr)
%figure, plottrainstate(tr)
%figure, ploterrhist(e)
%figure, plotregression(t,y)

%figure, plotfit(net,x,t)
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APPENDIX D

(MATLAB code for prediction of deformation). This code was used to randomly predict an
output given a random blast weight and standoff distance.

% CREATED BY SIPHO THANGO (As part of his Phd Studies)
% Script generated by Neural Fitting app

% Created 10-Aug-2023 22:23:17

%

% This script assumes these variables are defined:

%

% INP - input data.

% OUT - target data.

%INP is the input data used for training the network
%OUT is the output data used as part of training the model
x = INP';

t=O0OUT

% Choose a Training Function

% For a list of all training functions type: help nntrain

% 'trainlm' is usually fastest.

% 'trainbr' takes longer but may be better for challenging problems.
% 'trainscg' uses less memory. Suitable in low memory situations.
trainFen = 'trainlm'; % Levenberg-Marquardt backpropagation.

% Create a Fitting Network
hiddenLayerSize = 10;
net = fitnet(hiddenLayerSize,trainFcn);

% Setup Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 80/100;
net.divideParam.valRatio = 10/100;
net.divideParam.testRatio = 10/100;

% Train the Network
[net,tr] = train(net,x,t);

% Test the Network

y = net(x);

e = gsubtract(t,y);

performance = perform(net,t,y)

% View the Network
view(net)

% Plots

% Uncomment these lines to enable various plots.
%figure, plotperform(tr)

%figure, plottrainstate(tr)
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%figure, ploterrhist(e)

%figure, plotregression(t,y)

%figure, plotfit(net,x,t)

%Load optimization data. This section allows for random prediction of outputs
op=Optimizationmatlab';

% to predict the outcome,for a sample x

a=net(op(:,17))
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