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ABSTRACT

Cracks in masonry structures are a cause for concern as they signal a potential lack
of functionality and/or aesthetics. It thus becomes important to identify the cause
of damage in order to mitigate it and to prevent its occurrence in the future. Similar-
ities in crack patterns may correlate to similarities in the damage cause. Currently,
the assessment of similarities in crack patterns and their corresponding damage
causes is done by masonry experts and structural engineers. This process is often
expensive and subjective. The use of a Convolutional Neural Network (CNN) may
offer an alternate robust and dependable means to automate the assessment of ma-
sonry crack patterns by processing their images.

The main research goal of this MSc thesis is to answer how accurately can the CNN
— fitted to data generated from finite element models — estimate masonry crack pat-
tern similarities. To develop a neural network that can perform such an automated
assessment of masonry crack patterns with a high degree of accuracy, a large num-
ber of crack patterns with similarity ratings given by human experts are required.
This data is collected in increasing complexity, first from a statistics-based approach
by generating synthetic crack patterns from Markov walks. This is followed by a
computational physics-based approach, such as the Finite Element Method (FEM),
that generates crack patterns on 2D masonry fagades subjected to differential settle-
ments and out-of-plane loads. Finally, real-world data is also collected. This data
is used to fit and test a convolutional neural network developed by Kleijn [1]. Con-
tinuing along the previous line of research done at TNO (where 12 crack patterns
were chosen and developed using the statistics-based approach), this thesis focuses
on developing parametric finite element models of 8 out of these 12 Pattern IDs.
Additionally, real-world images are also collected from Gouda in The Netherlands.
This data is then used to form crack pattern image pairs that can be assessed for
their similarities by 28 raters using three similarity label categories: crack pattern
similarity label, damage severity label, and the overall similarity label. Using these
labels, the raters assessed 2587 image pairs generated from the statistics-based ap-
proach, 500 image pairs from the computational physics-based approach, and 50
image pairs from the combination of images from the statistics-based approach,
computational physics-based approach, and the real-world cases.

An inter-rater agreement analysis is performed on the similarity assessments us-
ing the Krippendorff’s alpha measure. Additionally, the agreement of each rater
with a chosen standard rater is studied using the Lin’s Concordance Correlation
Coefficient (CCC). Using the Lin’s CCC, the intra-rater agreement is also assessed for
the standard rater to see how consistent a rater is with their own annotations. These
labelled image pairs are then used to fit and test the regression neural network to
evaluate its accuracy in predicting the similarity labels. The neural network is also
fitted to and tested with various combinations of labelled data to study its general-
isability.

It is found that in all three sets of data, the Krippendorft’s alpha is less than 0.80
for all the labels, which indicates an insufficient agreement among the raters. It is
also seen that, in general, agreement among the raters increases with their experi-
ence level, i.e. the descending order of agreement within the rater group is: industry
experts, PhD students, and MSc students. Studying the Lin’s CCC of each rater’s per-
formance compared to that of the standard rater helps to choose the raters who can
be considered as reliable as the standard rater. Additionally, the intra-rater agree-



ment analysis of the chosen standard rater shows that the highest self-consistency
(agreement) is achieved for the crack pattern similarity label, followed by the overall
similarity label and finally the damage severity label, with corresponding Lin’s CCC
values of 0.96, 0.86 and 0.72, respectively.

The neural network is tasked to predict the similarity level in each similarity rat-
ing for each image pair in the test sample. The ground truth of this neural network
is established by averaging the similarity ratings given to each image pair by multi-
ple raters. It is found that the neural network is able to achieve a sufficiently high
degree of accuracy when fitted to and tested with all the image pairs generated
from the computational physics-based approach. The crack pattern similarity label,
the damage severity label, and the overall similarity label achieve an accuracy of
87%, 82%, and 69%, respectively. However, the generalisability experiments on the
neural network that consist of predicting the similarity of a type of crack pattern
image pair that is not included in the fitting data set, show very poor performance
with respect to the prediction accuracy of the similarity labels. When the neural
network attempts to predict the similarity of Pattern ID or a fagade geometry that
it did not see in the fitting procedure, it predicts all the three labels with an accu-
racy that varies from 40% to 50%. Additionally, the neural network is also fitted to
images generated from the computational physics-based approach and then tested
with a pool of image pairs generated from the statistics-based approach, computa-
tional physics-based approach, and real-world images. The average accuracy with
which the three similarity labels are predicted is even lower, lying between 25% and
40%.

This MSc thesis concludes that the neural network fitted to data generated from
the computational physics-based approach and assessed by all the raters is able to
predict the crack pattern similarity label, the damage severity label and the overall
similarity label with sufficiently high degrees of accuracy. However, the generalis-
ability experiments on the neural network show very poor results. This indicates
that in order to achieve a greater prediction accuracy, the neural network may need
to be fitted to a considerably larger sample of crack patterns that covers all of the rel-
evant situations. Furthermore, the substantial inter-rater variability in the labelling
of crack pattern image pairs suggests that even an ideal neural network architecture
may not be able to overcome the inconsistencies in the fitting data.
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INTRODUCTION

1.1 BACKGROUND AND MOTIVATION

Masonry buildings are prone to damage as a result of subsidence or other envi-
ronmental factors. Cracks are a type of damage in masonry structures that can
severely weaken them. In order to mitigate and prevent the occurrence of these
types of cracks, it is important to know what caused them. An important step in
the masonry damage evaluation by masonry experts includes attempting to relate
the observed crack patterns to earlier observations from cases with known damage
cause. However, this process is largely dependent on the availability and experience
of these experts, their comprehension of global mechanisms and local conditions.
All of these limiting factors make this process expensive, time-consuming and sub-
jective.

Convolutional neural networks (CNNs) may offer a robust and dependable means
to overcome these limitations by automating the assessment of masonry crack pat-
terns by processing their images. However, there is only limited literature available
on this front. Although efforts have been made previously to study crack pattern
classification using machine learning in concrete [2] and even in masonry [3], no
attempt was made to correlate these crack patterns to relevant causes for damage.
In 2019, an autonomous means of concrete crack detection was attempted using a
CNN with a success rate of 90% [4]. Another study conducted in 2019, used pho-
togrammetry and distinct element modelling to identify the most probable cause of
existing cracks in masonry [5].

In 2019, researchers at TNO used a statistics-based approach to generate crack
patterns on 2D masonry facades using Markov walks [6]. A Deep Neural Net-
work (DNN) embedding was developed to classify these images into damage cause
classes which achieved a high performance accuracy. However, this method was
unable to account for dissimilarities within the same class. In 2020, a regression of
crack pattern similarity assessment was attempted by fitting a function that takes
two crack pattern images as input and outputs a single scalar, the similarity be-
tween the patterns. A Siamese neural network was fitted to crack pattern image
pairs and their similarity was predicted using the labels provided by a masonry ex-
pert with high accuracy. It was also able to capture similarities within a class. The
performance of this network was also tested with image pairs that had more reli-
able similarity labels given by a masonry expert, yielding good results. Continuing
this line of research, this thesis attempts to generalise the model to automate the
similarity assessment of crack pattern image pairs using neural networks by fitting
them to different varieties of crack pattern image pairs.

In order to perform this automation, large amounts of data are required for fitting
these neural networks so as to achieve high degree of accuracy in assessment. This
data is difficult and expensive to obtain. In this project, finite element models are
used to generate image pairs of crack patterns in masonry facades, which are then
assessed by experts to determine the similarity between them. Training the neural
networks using these crack pattern image pairs annotated by the experts helps in
overcoming the constraint of the large data requirement. Hence, the goal of this
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MSc thesis is to automate the process of similarity assessment of masonry crack
patterns using a CNN fitted to the data obtained from finite element modelling and
annotated by experts.

1.2 RESEARCH QUESTIONS

The aim of this project is to develop a workflow to fit a neural network for an au-
tomated similarity assessment of masonry crack patterns using data obtained from
detailed computational physics-based (i.e. finite element) models. Therefore, the
main research question for this MSc thesis is:

How accurately can a neural network — fitted to data generated from finite element models —
predict masonry crack pattern similarities?

The following sub-questions will also be addressed during the course of this
project:

e What criteria are used by masonry experts to assess the similarity in crack
pattern image pairs? What is the agreement between the masonry experts in
using these criteria?

e What are the parameters that should be varied in the finite element models
to generate different crack patterns (e.g.: geometry, loading, material proper-
ties)?

e How generalisable is the fitted neural network in dealing with different ma-
sonry fagades?

e How do the fitted neural networks perform on real world crack patterns?

1.3 SCOPE OF THE THESIS

The automation of crack pattern similarity assessment is a potential tool to aid
masonry experts in their judgement. The similarity assessments of crack pattern
image pairs made by volunteer raters were used to establish the ground truth of the
neural network. Thus, the subjectivity in the assessments made by the raters were
passed on to the neural networks. Therefore, the accuracy of the neural networks
developed with the help of this thesis has the following limitations:

e This thesis mainly explores masonry damage due to soil subsidence along
with a few instances of damage due out-of-plane loads. Masonry damage
that may be caused by seismic loads, transient loads or due to stresses from
temperature changes, shrinkage, or carbonation were excluded.

e Masonry experts conduct the damage assessments and crack pattern similar-
ity assessments by evaluating numerous factors such as the type of masonry
bricks used, the brick layout, the type of foundation of the structure, weather
conditions, and geographical location to make these decisions. This informa-
tion is sometimes lost when the similarity assessment is made solely based on
images of crack patterns on fagades.

e The neural networks is fitted to the opinion of volunteer raters who assessed
the similarity of masonry crack patterns. This research is limited to the ex-
pertise of these 28 raters. The differences and biases in their judgements will
affect the prediction accuracy of the neural network. A larger sample of raters
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will help the neural network to become more representative of the assessment
of masonry experts.

e The images of the crack patterns simulated were composed of only rectangu-
lar 2D shapes and of four aspect ratios. In reality, the masonry fagades are of
varying shapes and aspect ratios, and belong to a 3D structure. In the fagades
with openings, only one type of door and two types of windows were consid-
ered as openings. This sample of openings was not reflective of the facades
seen in real life. This affected the generalisability of the neural networks.

e The finite element models were limited to the masonry material properties of
clay bricks and a soil-structure interface that simulated an interface produced
by a structure with a foundation on clayey soil. Other types of masonry bricks
with different material properties and other types of soil-structure interfaces
may result in different crack patterns and may affect the generalisability of
the neural networks.

1.4 METHODOLOGY

In the step towards the automation of the crack assessment by using a neural net-
work, large quantities of data were required to fit the neural networks. In this MSc
project, the generalisability of the simulated models were tested using facades of
different crack pattern types, geometries and method of generation. Given below is
the step-by-step approach that is used during the course of the project:

1. A literature review of masonry damage assessment, crack pattern similarity,
computational modelling of masonry damage, use of deep neural networks
in structural damage assessment, and a recap of the work done in 2019-20 at
TNO was carried out.

2. Parametric finite element models were developed to get crack pattern images
and their similarity labels. From the 60 crack patterns introduced by [7], eight
crack pattern archetypes were chosen to be modelled in the statistics-based
approach. Additionally, four more crack patterns seen on masonry facades
with openings were chosen. Eight out of these twelve crack patterns were pa-
rameterised and generated in large quantities using the finite element models.
These crack patterns were used to fit and test the neural network in order to
perform the automated masonry damage assessment.

3. Kleijn [1] developed and implemented the mathematical model of the deep
neural network. This neural network was fitted to and tested with crack pat-
tern image pairs that were synthetically generated. Kleijn’s research focused
on generating image pairs using a statistics-based approach, while this the-
sis focused on generating image pairs using the computational physics-based
approach [1]. Additionally, real-world images were also collected jointly for
this purpose. These images were then assigned into image pairs so that their
similarity can be assessed.

4. The image pairs were annotated by masonry experts using three pre-defined
labels to measure their similarity. These labels were chosen such that the
assessment of damage similarity by the masonry experts can be quantified.
An inter-rater agreement analysis of these labels and raters was done as well.

5. Around 75% of the annotated data was used to fit the neural network by
Kleijn [1]. The prediction accuracy of the neural networks was tested with
the remaining 25% of the annotated data. The generalisability of this neural
network was also tested by seeing how well it can predict a crack pattern type
that it was not fitted to.

3
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1.5 OUTLINE OF THE THESIS

This thesis starts with a comprehensive literature review in Chapter 2. This chapter
intends to provide the reader with insight into how masonry damage assessment
is conventionally done, how masonry cracks have been historically quantified and
analysed, and how the relevant aspects of these have been incorporated into the
thesis. Chapter 2 also includes some background on how computational modelling
has been used to model and assess damage in masonry structures. The chapter also
deals with the use of deep neural networks in assessing structural damage, partic-
ularly with judging similarity between different crack patterns. A summary of the
ongoing work at TNO is also provided.

In Chapter 3, the tools and methodology used to conduct the research work are
presented. The chapter explains how the data collection process for the statistically
generated data was improved, after talking to a few more masonry experts. It then
delves into how the new data generation and collection process was done for the
computational physics-based approach and for the real-world images. How this
data was then used to establish the ground truth for neural networks is explained
as well. Additionally, the chapter explores how the data from the statistics-based
approach, computational physics-based approach, and the real-world images were
processed into a matrix form that could be fed into the neural networks. The met-
rics used to establish the inter-rater agreement is explained in detail as well. The
last section includes the details of the neural network used in this thesis, along with
an explanation of the metrics used to assess the performance of the neural network.

Chapter 4 presents the parametric finite element models used to simulate the
various crack pattern archetypes in masonry fagades of various dimensions. The
models are created and analysed in DIANA FEA 10.4 and Python. It discusses
what specific loading and boundary conditions were used to simulate each crack
pattern archetype, what analysis methods were used and what the resulting crack
patterns looked like. A sensitivity study of the finite element models and the limi-
tations of the models are also provided.

In Chapter 5, the similarity judgements by the raters and their agreement with
each other regarding the similarity labels are presented. This chapter also includes
the results of the similarity assessment of the neural network fitted to and tested
with the image pairs generated using the computational physics-based approach.
The results of the generalisability experiments of the neural network are also dis-
cussed here.

Finally, in Chapter 6, the conclusions of the research are presented. The chapter
highlights the key findings and gives recommendations for further research.



LITERATURE REVIEW

2.1 INTRODUCTION

The definition of damage in buildings is closely tied to people’s expectations of a
building’s performance, such as safety, health, utility, and aesthetic appeal [7]. Con-
sequently, the perception and resulting assessment of damage are oftentimes very
subjective. Although there are numerous symptoms of damage in buildings, the
three main symptoms of damage are: crack development, deformation and tilt [7].
Given the scope of this thesis, the literature review focuses on the assessment of
damage in masonry structures using crack patterns, the computational modelling
of these types of damage in masonry and the use of neural networks to help au-
tomation of the assessment of masonry crack patterns. This literature review also
contains a summary of past work at TNO to develop a means to automate the
assessment of masonry crack pattern similarity.

2.2 DAMAGE ASSESSMENT OF MASONRY STRUCTURES

Masonry is a widely used construction material in the Netherlands and all over
the world. It has a relatively long service life, and is comparably inexpensive to
maintain owing to its ability to be incrementally repaired. This is due to the mod-
ular nature of masonry which consists of bricks joined together by mortar, unlike
monolithic materials like concrete. There are various types of loads that can cause
damage in masonry structures. These include damage from soil subsidence, land-
slides, seismic loads, temperature loads, and transient loads.

A crack in a masonry structure can potentially be the first warning of a signifi-
cant issue that in time might jeopardise its serviceability or stability. To thoroughly
and methodologically study cracks, a crack pattern survey can be employed. Such
a survey gives valuable information on local weak points and stiffness changes in
the structure. Furthermore, it typically involves classification of cracks based on
their direction (horizontal, vertical, diagonal, or curved), their dimensions (length
and width) and geometry (whether it passes through the wall or not) [8]. These sur-
veys also usually include information on possible previous repairs and re-opening
of retrofitted cracks.

Ground-level inspections, tactile inspections utilising scaffolding or cherry pick-
ers, drone-based inspections, or a combination of these approaches are generally
used for masonry fagade inspections. Due to their time and resource intensive na-
ture, these procedures are expensive. This has led to a growing interest in the need
to automate image-based or visual damage assessment [9].

2.2.1  Visual inspection of cracks

Visual inspection of masonry structures is used as a first step of assessment for dam-
age in masonry structures [8]. It can provide a basis for systematic data collection
providing key information of the building characteristics detectable to the naked
eye such as the size and texture of the masonry and the mortar, and discontinuities
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Figure 2.1: A crack width gauge for measuring the crack width [12].

(i.e. cracks and deformations) in the structure. This information is important in the
diagnostic procedure [8].

Engineers or masonry experts typically investigate damaged structures by study-
ing the length and width of crack patterns, the area of the cracked zone and the
presence of crushing [10]. Crack length is the distance through which cracks propa-
gate on the masonry surface. Usually, the brick-mortar interface provides the path
of least resistance for crack propagation. One study attempted to define the laws of
evolution of the crack length with the damage progression in masonry structures of
various sizes and discovered that the stiffness of the brick-mortar interfaces varied
inversely to the third power of the ultimate crack length [11].

Measuring the crack width is an important step in the crack monitoring process.
This is usually done using special gauges as shown in Fig. 2.1 [12]. There have
been many attempts to link observed crack patterns and their widths in masonry
structures with possible interventions needed [13-15]. Overall, masonry cracks can
be categorised into three classes [13]:

e Cracks affecting the aesthetics: These only affect the appearance and do not
affect the functioning or stability of the structure.

o Cracks affecting the serviceability: These cracks affect the regular function of
the structure. For example, the structure is no longer impermeable to water.

o Cracks affecting the stability and safety: Cracks that affect the load carrying
capacity of the structure and are at increased risk of collapse.

These three categories of crack patterns are further divided into six categories as
summarised in Table 2.1. An attempt was also made to distinguish and quantify
visible masonry crack patterns [16]. A dimensionless damage assessment parame-
ter ¢ was introduced which related to the number of visible cracks. Only cracks
with widths > 0.1 mm were considered for this. The lower limit was kept at 0.1
mm because it was seen that once a crack width achieves a width of 0.1 mm and a
length of 100 mm, the crack is visible with the naked eye. This was based on the
observations of both laboratory and real-world damage specimens. ¢ is calculated
using the formula in Eq. 2.1 [16]. This damage parameter was used to divide visible
masonry cracks as shown in Table 2.2.

Y =2.n015.4803 (2.1)



Table 2.1: Damage categories of masonry structures dependingon crack width and ease of

repair [13-15].

Category | Type of crack | Crack width (mm) | Type of repair required
0 Hairline cracks No action required
Aesthetic 0.1 mm 4 '
issues Fine cracks of Usually repairs limited to internal
1 wall finishes. Can be treated with
0.1 -1 mm o
normal wall finishing.
Doors and windows may stick out,
Cracks between requiring intervention. Cracks are
2 usually filled. Some external
1 mm - 5 mm L
repointing may be done to ensure
water tightness of the structure.
Cracks between DooFs anFl windows may stick out,
service pipes may fracture, water
5mm - 15 mm . : .
. . tightness is affected. Repairs include
3 Serviceability | or . .
- repointing of external bricks. Small
issues several smaller -
areas around the repointing may
cracks .
need replacement of bricks.
Extensive damage, | Windows and doors distorted
cracks between significantly. Walls leaning in or out
4 5 mm - 25 mm of the plane noticeably. Repairs
or several smaller | may include breaking out the wall
cracks and replacing in sections.
Structural damage, | Beams lose bearing and masonry
e cracks 25 mm walls require shoring. High danger
Stability . L .
5 . or of instability of the structure. Major
issues o . .
several smaller repairs including partial or full
cracks rebuilding of the structure.
Where,

n. = Number of cracks in the masonry specimen.
¢w = Crack width calculated with the weighted width and average lengths of all
the cracks present (in mm). It is calculated as

ne 20 ..
Yilq i CLi

n
21;1 Cw,i " CL,i

>

w

Where, ¢y, ; is the maximum crack width along the ith crack (in mm) and
cri is its length (in mm).

Table 2.2: Damage categories based on damage parameter i [16].

Damage | Damage Crack width
Damage parameter value
state level (mm)
Not visually
bSo DLo p<t detectable
DL1 1<) <1.4 Up to 0.1 mm
DS1 DL2 1.5 <iP<2.4 Up to 1 mm
DL3 2.5 < <3.4 Up to 5 mm
DS2 DLy P >3.5 5 to 15 mm

DS: Refers to damage states [13]
DL: Refers to damage levels [15]
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However, visual inspection has its disadvantages. It is expensive, and more sig-
nificantly, its accuracy is hampered by a number of factors, including visual access
to the damaged structure, competence of the human assessor, and human error [12].
Image based visual inspection of crack patterns has been gaining popularity due to
its speed, larger area of coverage of the structure, and repeatability. Additionally,
there have been several studies on the use of Unmanned Aerial Vehicles (UAV) or
drones for an image-based recognition/detection of cracks [17]. Automated image
based visual inspection, which analyses digital photographs of damaged structures
using computer algorithms, has the ability to speed up and objectify damage in-
spections. Such methods can assist in detecting structural deterioration, classifying
it, and can aid in making repair decisions [10].

2.2.2 Digital Image Correlation

Digital Image Correlation (DIC) is a non-destructive and non-contact technology that
employs high-resolution cameras to obtain digital photographs of specimens under-
going damage progression. These photographs are then processed using an image
processing tool and the data is analysed to acquire meaningful information such
as deformations, surface shapes, and in-plane strains [18]. DIC is usually used for
smaller test specimens, although it is now used for larger structures as well, even
for full sized walls or fagades. It was seen that the accuracy of the results was not
compromised, provided that the images were recorded in sufficiently high resolu-
tion [19].

The DIC systems can provide information about the absolute size and scale of the
test specimen and damage cracks using a reference length of the specimen [20]. Ad-
ditionally, a correlation algorithm involving the stochastic intensity pattern (speckle)
on the masonry surface can be used to determine the relative position of each point
in the image by computing the entire field of displacements and strains. DIC, when
combined with extremely high-resolution cameras, can even detect crack initiation
before it is visible to the naked eye and can identify areas of stress concentration at
very low load levels [20].

In an attempt to quantify masonry damages, two damage scores were defined
after conducting experiments on plastered unreinforced masonry and taking its
photographs: the Normalised Crack Area (NCA) and the Normalised Crack Length
(NCL) [21]. The required images were taken in three damage stages of the masonry:
no crack, visible crack and plaster fall-off. The NCA and the NCL were determined
based on an expert survey and a multivariate logistic regression. With this approach,
it was possible to calculate the damage scores of the masonry wall displacement due
to various causes (such as induced ground motion), assess the likelihood of seeing
a specific damage state, and measure the subsequent risk of collapse. The damage
scores were calculated as given below in Eq. 2.2 and 2.3 [21].

1. Normalised Crack Area (NCA):

Damaged area of the plaster

A =
NE Total area of the plaster

(2.2)

The NCAwas calculated from the photographs of the masonry cracks after the
images were processed using a software called Vic2D to obtain von Mises
strain maps that were then processed in MATLAB.

2. Normalised Crack Length (NCL):

NCL — Sum of lengths of‘all crack (23)
Length of wall diagonal
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Therefore, a crack along the whole wall diagonal has an NCL score of 1. The
NCL was also calculated from the von Mises strain maps obtained from Vic2D.
The crack length was estimated by using the edge detection method on each
wall’s cumulative von Mises strain map.

2.2.3 Damage and crack pattern similarity metrics

One of the most important aspects of masonry damage assessment is determining
whether crack patterns are comparable because the degree of similarity across pat-
terns frequently correlates with the likelihood of similar origins. Experts usually
assess similarity ‘manually” based on their experience, comparing an observed pat-
tern to hundreds of patterns they’ve seen before and remembered. In practice, this
similarity is often determined qualitatively rather than quantitatively.

A few simple measures used to quantify the similarity in cracks in synthetically
generated cracks [22] are given below:

1. Sum of vector norms (SVN) distance: The distance between crack patterns on
the finite element model is the difference between their SVN distances from
the same origin modelled with the same mesh [23].

2. 2-norm (M2N) distance: It is computed the same way as is done for the SVN
distance measure by evaluating the absolute difference between their 2-norm
(M2N) matrix distances [23].

3. Frobenius norm (FRO) distance: As the FRO can be read as a special type of
the matrix norm, this similarity distance measure is closely connected to the
M2N distance [23].

4. First Wasserstein (W1-1D) distance: This crack pattern similarity assessment
measure is calculated using the first Wasserstein (W1-1D) distance [24].

5. Jaccard (JAC) distance: The Jaccard index is a numerical estimation of how
much two objects overlap with each other [25].

It was seen that these similarity measures were not suitable to assess the crack
pattern similarity [22] due to their sensitivity to size and shape of the finite element
mesh, as well as due to their inability to give unique solutions for cracks caused
by simple settlement profiles [23] [24] [25]. It was seen that there was no crack pat-
tern similarity measure readily available in the current literature that can overcome
these limitations.

Additionally, there are also several shape similarity and open curve similarity
metrics available for pattern recognition applications. The term shape has no uni-
form definition. Colour or texture can impart shape impressions, from which a
geometrical representation might be constructed [26]. Curve matching or curve
similarity assessment attempts have been limited to finding reliable methods for
matching shapes or closed curves because they have object boundaries that can be
matched to other shapes by finding similar curve areas. However, most of these
methods are not suitable for the matching open curves, as they do not have a well
defined boundary or enclosed area [27]. Often, it is necessary to first define what
is meant by a shape, before a similarity measure can be made for it. For example,
an open curve was defined as a finite sequence of equispaced points on a curve.
The shape of this open curve was defined independent of origin and orientation
of the curve and this definition was used to establish a few distance-based open
curve similarity measures [28]. Designing a similarity measure based on the char-
acteristics of a curve can be achieved through numerous means such as remapping,

9
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normalisation and by extension with an empty set [29]. In the context of crack pat-
tern similarity assessment, partial matching of curves is a difficult and important
problem. When two shapes contain smaller similar portions, the dissimilarity must
be smaller, and the measure should not excessively penalise regions that do not
match [29].

However, these generic open curve similarity measures are not suitable for as-
sessing crack pattern similarity as these measures define the shape as independent
of the origin, location, and orientation of the curves under assessment. These pa-
rameters are critical in evaluating the severity and similarity of the crack patterns
and thereby identifying their damage cause. These measures also fail to account for
the mechanical behaviour of brittle materials such as masonry.

2.3 COMPUTATIONAL MODELLING OF MASONRY STRUC-
TURES

Masonry refers to a composite material composed of numerous smaller individual
units bound together with mortar in a variety of configurations [30]. Masonry has
been successfully modelled using numerical methods, such as the finite element
method. This has enabled the analysis of masonry structures without (or limited)
experimental testing [31]. Numerical methods have also been successful in accom-
modating the complex geometries and material nonlinearities- of masonry build-
ings [32]. An appropriate numerical model must be chosen such that it is capable
of predicting the behaviour of the masonry from the linear elastic stage, through
cracking and finally until the complete loss of strength [33].

Computational modelling strategies of masonry can also be broadly classified as
discrete models and continuum models [15]. Discrete models simulate the bricks,
mortar and brick mortar interfaces separately. However, the larger the number of
elements, the more computationally expensive the model is. The failure criteria in
the discrete model is related to tension, compression and shear failure modes [15].
In the case of continuum models, masonry is treated as a homogeneous material.
The constitutive law assumes that the material behaviour is related to the average
stress and strain. Additionally, this model assumes that the cracks are smeared
over an area, and that the crack widths are calculated from the crack strains and
bandwidths [34]. These models often require additional research to obtain neces-
sary material properties and can suffer from convergence problems [35]. Contin-
uum models also allow for mesh discretisation that is not controlled by the pres-
ence of heterogeneities in the masonry. This also means that the mesh size can
be of comparable or larger size than the brick size, which can additionally reduce
the computational demand [36]. Continuum models can be generally divided into
three categories: the plasticity-based approach, the damage-based approach and the
smeared cracked approach [15]. In the smeared cracked model, the material is as-
sumed to have anisotropic properties and the cracking is assumed to be distributed
over an area. This method has proven to be effective in modelling brittle cracks
in the tension zones, provided that the model adopts adequate compressive and
tensile strengths for the masonry to account for the global response of the structure
[37]. The use of a smeared crack model with tension softening has also shown to be
successful in modelling the progressive failure of masonry [15].

Sensitivity studies on numerical models of masonry have shown that the material
parameters such as fracture energy and tensile strength significantly affected the
load carrying capacity and crack width of the continuum models [38]. Addition-
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ally, the presence of openings in facades leads to crack localisation around these
openings [38]. The response of masonry structures to damage-inducing loads is
also sensitive to the initial loads acting on the structure. The higher the initial load
(such as self-weight, pre-compression load) on the structure, the more will be the
stress concentration in the structure, leading to more extensive crack formation [39].

The behaviour of masonry structures to settlement induced loads also depend on
the nature of the soil and the soil-structure interface. Light weight masonry struc-
tures subjected to expansive soil movements experienced cracks in masonry wall
panels and led to crack separation and frictional sliding of the structure [40]. The
extent of the damage and shape of the crack patterns are also dependent on the
properties of the soil-structure interface. This was verified by comparing analyti-
cally calculated strains and numerically obtained crack widths of the same model

[38].

2.4 THE USE OF DEEP NEURAL NETWORKS IN DAMAGE
ASSESSMENT

Deep learning is a branch of machine learning that uses hierarchical architectures to
learn high-level abstractions from data [41]. Deep learning algorithms can be used
to solve complex problems by generating appropriate mapping functions provided
that adequate labelled training data sets and acceptable models are available[42].
There is significant research available in the area of automated crack pattern detec-
tion and classification based on characteristics such as length, width, and severity
of the crack [2, 43] [2] . However, there is a dearth of research to connect these
crack patterns to their respective damage causes [6]. The advantage of using neural
networks to analyse crack patterns in masonry structures is their ability to make
predictions that are not easily possible through analytical means due to the spacial
variation of its material properties. For example, in a study conducted on predict-
ing the crack growth in masonry wallets, using a single masonry wallet base or a
portion of the wallet base, it was seen that the neural networks provided an accurate
prediction of the crack growth [44].

One of the ways in which neural networks can be used to perform crack pattern
damage assessment is by classifying crack patterns on the basis of their damage
cause. A study successfully used an Artificial Neural Network (ANN) based classi-
fication model for predicting the cracking loads of laterally loaded masonry wall
panels of different dimensions based on their corresponding crack patterns derived
from laboratory experiments. In order to do this, the crack patterns were converted
to a numerical matrix and transformation functions were used to convert these ma-
trices into matrices of the same dimensions. [45]. In another study, an automated
pattern recognition in concrete crack patterns was attempted by using neural net-
works to perform a binary classification of cracks as structural and non-structural
damage cause. The Convolutional Neural Network (CNN) used the Digital Image
Structure and Texture Similarity (DISTS) index, an image quality index that assesses
the human perception of image quality to compare the texture similarity between a
reference image and a target image, and performed this classification with an accu-
racy of 97% [46].

Additionally, neural network based regression analysis can be used to establish a
relationship between crack patterns and their respective damage cause. There is a
study where an ANN model was used to successfully evaluate the remaining fatigue
life of in-situ reinforced concrete bridge road decks from the crack patterns on their
bottom surface. This study also showed that rather than using a huge number of a
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single crack type, incorporating samples from multiple crack types aids in building
a much more reliable and accurate ANN model for crack pattern assessment [47].
Another investigation used to effectively predict the curved fatigue crack propa-
gation in brittle structures under varied amplitude loads, taking into account the
underlying physical mechanisms of the damaged structure. This method was also
used to conduct a parametric study to predict the crack growth by varying crack
size, position, and orientation [43].

2.5  SUMMARY OF ONGOING WORK FROM TNO

In 2019, TNO attempted to create a fast and cheap automated assessment for the
structural integrity of masonry structures [6]. This is a data intensive procedure
that requires at least a few hundred crack pattern images with their correspond-
ing damage causes in order to generate a neural network that can give sufficiently
accurate results. Using real-world data to do this would be ideal, but this would
be expensive and time consuming to collect, especially when the reliable damage
cause labels are also required. Alternatively, synthetic data that is produced from a
fully known model that attempts to depict a real system can be used. A distinction
is made between the different types of synthetic data used in this project:

e Statistics-based data: Data generated from a mathematical model that does
not explicitly incorporate any physics. Randomness can be incorporated into
these models to increase its resemblance to reality.

e Computational physics-based data: Data that is simulated using a mathemati-
cal model that attempts to recreate the real world data by adhering to selected
laws of physics. It can also attempt to incorporate randomness by using ap-
propriate random realisations from a probabilistic distribution.

The statistics-based approach is capable of generating synthetic data orders of
magnitude faster than the computational physics-based simulation approach. How-
ever, the data quality is inferior and hence less indicative of reality.

2.5.1 Classification of the crack pattern images

In 2019, crack patterns were generated from the statistics-based approach from 12
damage causes in fagades with openings (Case 1) and without openings (Case 2) as
shown in Section 2.5.1 and Section 2.5.1. The statistics-based simulation included
an algorithm that generates lines in a predefined bounding box (i.e. the geometry
of a fagade) using Markov-walks. This algorithm was generalised to handle cracked
fagades of varying parameters such as facade dimensions, the number, dimensions
and positions of the openings, the number of cracks, the crack initiation point, the
crack orientation angle, the crack length, and how jagged a crack is.

Case 1: Masonry fagades without openings

Ilse de Vent [7] introduced 6o different types of crack patterns along with their
possible causes of damage. In this case, eight crack pattern archetypes were cho-
sen from these 60 which share some common characteristics and was successfully
parametrised. All of the crack patterns in this case were generated on facades of
aspect ratio 3:2. The illustrations of these chosen eight crack archetypes and their
realisations in the statistics-based approach are shown in Fig. 2.2 and Fig. 2.3.
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Figure 2.2: Tllustrations of the chosen crack patterns for Fagades without openings [7].

(a) Pattern ID 18  (b) Pattern ID 20  (c) Pattern ID 21 (d) Pattern ID 23
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Figure 2.3: Example realisations of the chosen crack types on fagades without openings using
the statistics-based method [6].

(a) Pattern ID 101 (b) Pattern ID 102

-
|
(c) Pattern ID 103 (d) Pattern ID 201

Figure 2.4: Examples of the realisation of the chosen crack types on fagades with openings
using the statistics-based method [6]
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Case 2: Masonry fagades with openings

Random crack patterns were generated in the longitudinal masonry fagade of typi-
cal Dutch dwellings for four different geometries. The crack pattern realisations are
made in a similar fashion as in Case 1. All of the crack patterns in this case were
generated on fagades of aspect ratio 10:3, as shown in Fig. 2.4.

Results of the classification task

A CNN was used for the classification of the crack patterns. A CNN takes a crack
pattern image as its input and applies convolutional filters to these images. The
cosine similarity of the different crack images was calculated, which was used as a
proxy for crack pattern similarity.

Results for Case 1: A total of 4000 cracks pattern images were simulated (2000
for fitting the model and the remaining 2000 for testing), with 500 images per class.
With a classification accuracy of greater than 99%, the computed pairwise similarity
between the simulated crack patterns was high between cracks of the same class
and low between crack patterns of different classes.

Results for Case 2: A total of 8000 crack pattern images were simulated (4000 for
fitting the model and the remaining 4000 for testing), with 2000 images per class
and 500 for each unique fagade-crack pattern archetype pair. With a classification
accuracy of greater than 99%, the CNN almost perfectly classified the simulated pat-
terns in their corresponding classes similar to the model in Case 1.

2.5.2 Regression of crack pattern image pair similarity using a proxy assessment

In 2020, it was attempted to develop a function that takes two crack pattern images
as input and outputs a single scalar: the similarity between the patterns. As men-
tioned in Section 2.2.3, no crack pattern similarity assessment was available in the
current literature. A simple function was devised to estimate it based on the param-
eters that was used to generate the patterns in the statistics-based approach. This
similarity function assigned a score to each image pair in the range [o, 1], with 1 in-
dicating highest similarity and o indicating maximum dissimilarity. Although this
function is not representative of real-world masonry crack similarity assessments, it
was the best performing function used to annotate the image pairs with similarity
labels. The regression described above was attempted with the help of a Siamese
neural network that was fitted to crack pattern image pairs having similarity labels.
In order to decide the weights that is to be used in the neural network, two loss
functions were devised: 1. The difference between a model-estimated similarity la-
bel and the ground truth, expressed as a mean squared error, 2. A triplet loss using
the Pattern ID to minimise the distance between similar cracks while maximising
the distance between dissimilar cracks.

Results of the regression task

4000 image pairs of Case 1 (fagades without openings) were generated, of which
2000 was used for fitting and 2000 was used for testing. The Siamese neural network
was able to achieve excellent regression with a similarity prediction accuracy of
>99% and a similarity loss of 100%. In order to get more reliable similarity labels,
a masonry expert manually annotated 395 image pairs with a slightly modified
similarity label. This new label judges the similarity in ranges. A value in the
range of [0, 0.4] was assigned if the image pairs were maximally dissimilar, a value
between (0.4, 0.96] was assigned if there was a degree of similarity and a score of



2.6 CONCLUDING REMARKS |

(0.96, 1] indicated that the images were maximally similar. Out of these 395 images,
296 (75% of the annotated images) were used for fitting the neural network and 99
(25% of annotated images) for testing. The results showed that the neural network
was able to predict the similarity with an accuracy of around 92%.

Shortcomings of the fitted regression neural network

After further discussions with other masonry experts, it was concluded that this
procedure has some shortcomings:

e The sample of annotated image pairs used for fitting the neural networks was
relatively small and contained annotations from only one rater. This neural
network need not perform as well when tested with another rater’s similarity
assessments.

e The masonry expert manually judged the similarity of each image pair. In
order to do this, the expert assigned a score in the ranges of numbers based
on their assessment. A value in the range of [0, 0.4] was assigned if the image
pairs were maximally dissimilar, a value between (0.4, 0.96] was assigned if
there was a degree of similarity and a score of (0.96, 1] indicated that the im-
ages were maximally similar.

The disadvantage of this method was that each expert would assess ’similarity”
based on their experiences and biases. A wide range of factors affect the
judgement of similarity.

e The images only contained information on the size of the fagade, and on the
location and length of the cracks. The crack width is an important parameter
that greatly affects the assessment of the structural damage that was missing
in the previous study.

2.0 CONCLUDING REMARKS

The first step in masonry crack pattern assessment is a visual inspection of the dam-
age to determine its underlying cause. Similarity in damage patterns may indicate
a similarity in the damage cause as well. However, a study of existing literature
shows that there is no consensus on how experts interpret the similarity in crack
patterns. Neural networks can be used to attempt an automation of the similar-
ity assessment performed by these masonry experts. The data needed to fit and
test these neural networks can be generated synthetically (e.g. statistics-based and
computational physics-based approaches) or by collecting the real-world images of
cracks. The former is a faster and cheaper approach while the latter could produce
the most accurate results, representative of real-world damage in masonry. The com-
putational physics-based approach, which is used in this research, aims to simulate
crack patterns using realistic material properties, loads and boundary conditions.

Although there is sufficient literature documented in the area of automated crack
pattern detection and characterisation, there is a lack of research to establish a con-
nection between these crack patterns and their respective damage causes. Neural
networks can be used to determine the damage cause of crack patterns by classi-
fying the the crack patterns into classes of damage causes or by using regression
analysis which outputs the similarity between any given pair of cracks using the
images of these crack patterns as input. In the research conducted by TNO in 2019,
a CNN was used to perform this similarity assessment by classifying the crack pat-
terns generated using the statistics-based approach. In the work done in 2020, a
Siamese neural network was developed to obtain the similarity between the crack
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patterns from the crack pattern images. In this project, the similarity of crack pat-
terns is assessed by studying crack patterns that were obtained through computa-
tional physics-based simulations as well as from real-world crack images.



3 TOOLS AND METHODS

3.1 INTRODUCTION

This chapter provides an overview of the tools and methods used to gather data
from the statistics-based approach, the computational physics-based approach, and
the real-world images. The procedure to give similarity labels to the crack pattern
image pairs is also discussed. Additionally, the tools used to establish the inter-rater
agreement are explained. Furthermore, the data from all the three approaches need
to be converted into a similar format that can be used to feed the neural networks.
To facilitate this, the chapter explores how masonry facades from different sources
and of different dimensions can be handled by the same neural network. Finally, the
details of the neural network, developed by Kleijn [1], are explained. The metrics
used to evaluate the performance of this neural network are also discussed.

3.2 DATA GENERATION FROM THE STATISTICS-BASED
APPROACH

The regression neural network developed, fitted and tested with the rater’s sim-
ilarity assessment of crack patter image pairs at TNO has certain shortcomings.
These are discussed in Section 2.5.2. In an attempt to overcome these shortcom-
ings, a modified approach was taken to generate the data from the statistics-based
approach and annotate theme with similarity labels. The details of this modified
approach used in this thesis are:

e The images generated from the statistics-based approach were modified to
contain information on the crack width. Using the information provided in
Section 2.1, it was decided to incorporate crack widths in the range of 1 mm
to 30 mm in the models. Thus, three categories of maximum crack widths
corresponding to different degrees of damage were defined as given below.

- Category A: 5 mm to 15 mm
— Category B: 15 mm to 25 mm
— Category C: 25 mm to 30 mm

Before generating each crack pattern model, a width category was assigned to
it. The maximum crack width was randomly chosen from the range of values
associated with the width category. The width reduced linearly to zero along
the crack length.

e Three separate similarity labels were defined to aid the raters with their sim-
ilarity assessment of the the crack pattern image pairs, instead of using just
one label as was done in the previous experiment at TNO. The three labels
used are:

— Crack pattern similarity label: Using this label, the rater assesses the
similarity of the crack patterns by considering the geometry of the crack

17
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Table 3.1: Distribution of image pairs in the sample of statistically generated images pairs
annotated by the raters.

Image pair selection criteria Percentage of the sample (%)
Same Pattern ID and same category of crack width 20
Same Pattern ID and any category of crack width 25
Similar Pattern ID and same category of crack width 20
Similar Pattern ID and any category of crack width 25
Randomly chosen image pairs 10

(i.e. the crack initiation point and crack orientation) and the cracking
mechanism.

— Damage severity label: This label aids the rater to assess the severity of
the crack patterns by considering the crack length and the crack width.

— Overall similarity label: The rater uses the overall similarity label to
assess the overall similarity of the crack pattern image pair by combining
the previous two labels, however they feel fit.

Each label has five ratings that each rater can choose from: very dissimilar,
dissimilar, similar, very similar, and I cannot say.

e The sample of image pairs shown to the raters were chosen such that it con-
tained enough pairs of images for each of the five rating classes. The input
parameters used to generate and parametrise the images in this approach
include the facade dimensions, crack length, crack width, initiation point, ori-
entation and jaggedness. As the crack width contains critical information that
influences the similarity assessment, it was used as a criteria to choose the
image pairs, in addition to the crack pattern type. A detailed description of
this is provided in Table 3.1. 3000 image pairs following this criteria were
generated for the similarity assessment.

e Each image pair was labelled at least three times. This gives information
on how each individual rater perceives the labels and how they chose the
similarity rating for each label. Out of the 3000 image pairs prepared, 2587
image pairs were annotated at least three times.

e A total of 28 raters attempted this masonry similarity assessment task, in-
cluding 7 industry experts (including both masonry experts and structural
engineering experts), 7 PhD students and 14 MSc students. The details of all
the raters are provided in Appendix A.

3.3 DATA GENERATION FROM THE COMPUTATIONAL PHYSICS-
BASED APPROACH

To synthetically generate cracks that are more of a realistic representation of the
real-world masonry crack patterns, a computational physics-based approach was
proposed. The computational physics-based approach employs the laws of physics.
Such models can be parametrised by using appropriate random realisations from a
probabilistic distribution. In this thesis, these physics-based computational models
are generated using the finite element software DIANA FEA 10.4. A more detailed
description of the image pair selection and similarity assessment procedure for the
images generated using the finite element analysis is given below:
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Table 3.2: Distribution of image pairs in the sample of images generated from the computa-
tional physics-based approach annotated by the raters.

Image pair selection criteria Percentage
of the sample (%)
Same Pattern ID and same aspect ratio of the facade 10
Similar Pattern ID and same aspect ratio of the facade 12.5
Similar Pattern ID and different aspect ratio of the facade 25
Different Pattern ID and same aspect ratio of the fagade 10
Different Pattern ID and same aspect ratio of the facade 12.5
Different Pattern ID and different aspect ratio of the facade 25
Randomly chosen image pairs 10

e In total, 8 out of the 12 crack patterns used in statistics-based approach are
used to the generate the crack pattern images in the computational physics-
based approach. By parametrising these 8 models, 500 image pairs are gen-
erated. The parametrisation of these finite element models is achieved by
varying the material properties of the masonry, the dimensions of the fagade,
the number and positions of the openings and the location and magnitudes
of the external loads, as explained in Chapter 4.

e These 500 image pairs were annotated with three similarity labels, similar to
the image pairs from the statistics-based approach (Section 3.2). However,
these three labels are rated by the raters using only four similarity ratings:
very dissimilar, dissimilar, similar, and very similar. The I cannot say rating, used
in the similarity assessment of the images from the statistics-based approach,
was avoided *.

e Each image pair is annotated at least three times, similar to the assessment
procedure used for the images in the statistics-based approach.

e The sample of image pairs shown to the raters were chosen such that it con-
tained enough pairs of images from each of the five rating classes. This is
important for the fitting of the neural network in order to achieve a similar
prediction accuracy for each of the rating class. Table 3.2 shows the used
criteria for the selection of the image pairs shown to the raters. The parametri-
sation of the facade geometry and crack pattern archetype was achieved by
changing the input parameters of the finite element model. A detailed de-
scription of this is given in Section 4.3.1 and Appendix C.

e A total of 7 raters annotated 500 image pairs at least thrice. These raters
included 3 industry experts and 4 MSc students. The details of these raters
are provided in Appendix A.

3.4 DATA FROM REAL-WORLD CRACK PATTERNS

As mentioned in Section 2.5, the data collected to fit and test the neural networks
are of increasing complexity. Real-world masonry crack patterns are the most com-
plex, time-consuming, and expensive data to collect.

1 The I cannot say appears in only approximately 0.7% of the overall sample of annotations of the statisti-
cally generated image pairs. Such an unbalanced data set can impair the neural network’s performance
and diminish its prediction accuracy. This is described in more detail in 5.2.1
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In order to collect real-world data
and make an estimate of how
many man hours are needed to
collect enough usable real-world
crack pattern images, two visits
were made to the city of Gouda
in the Netherlands. The collected
data was also used to see how
well the neural network was able
to judge the similarity between
the crack pattern image pairs.

The city centre of Gouda has
many buildings constructed 200 -

<1800 [ 1960-1975 . .
Bl 1800-1850 [ ] 1975-1985 400 years ago, as ShOWn m Flg 3.1.
e e Many of these buildings have sub-
% 19301945 [ >2005 sidence induced cracks, and the

1945 - 1960
reported damages are expected to

Figure 3.1: Map of Gouda centrum shaded by the ~ 80 up as the buildings continue to
year of construction of the buildings age.
[48].

The following general guidelines were adhered to in the real-world data collection
process:

e Only cracks with a width > 1 mm and with a length > 100 mm were collected.
Cracks smaller than this are not easily detectable with the naked eye or on
digital cameras.

e Itis necessary to take the picture of the whole cracked facade. The aspect ratio
of the facade, the location, and the ratio of crack length to facade dimensions
are important information, necessary for the similarity assessment.

e Photos were taken during the daytime. The cracks seemed to be more visible
when taken on cloudy days as opposed to bright sunny ones. The surrounding
brightness affected the visibility of the cracks on the photographs.

e Care was taken to avoid obstructions in front of the masonry facades wherever
possible. Ideally, the angle of the photos must be perpendicular to the facades
in order to avoid tilt or distortion of the images.

e A high resolution digital camera was used to take the images of the cracks.
Having a resolution of 2-4 pixels per millimetre would be ideal. The resolution
of the photograph is important as it impacts the detectability of the cracks. In
this thesis, all the images were collected with a pixel resolution of around 6000
X 4000.

e It is highly recommended to use a camera with a tripod to avoid distortion
due to shaking. It is also recommended to geo-tag your photographs or have
a separate application on your phone to log GPS co-ordinates.

Over two visits that spanned around 10 hours in total, 47 images of masonry
facades with settlement induced damages were collected. Most of these images
were collected from buildings near the city centre of Gouda. Buildings further away
from the city centre showed little to no cracks of sufficient width and length. Of
these 47 images, only four are similar to the Pattern IDs and facade geometries con-
sidered in the statistics-based approach. These four images are shown in Fig. 3.2.
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(a) Real World Image ID 1. (b) Real World Image ID 2.
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Figure 3.2: Real-world masonry crack patterns obtained from Gouda, The Netherlands.

A new sample of images pairs were generated using these real-world images as
described below:

e This sample of image pairs were generated using the images from all the
three approaches: the statistics-based approach, the computational physics-
based approach and the real-world images. The sample of image pairs were
chosen such that a comparison could be made between real-world images and
images from the statistics-based approach, as well as between images from the
statistics-based approach and the computational physics-based approach. A
comparison between the real-world images and the images from the computa-
tional physics-based approach was avoided as no real world images could be
obtained that were similar to the crack patterns generated using the computa-
tional physics-based approach.

e The image pairs were assessed for their similarity using the three labels as
mentioned in Section 3.2. These labels are also rated with four rating classes
as mentioned in Section 3.3. Each image pair is annotated at least thrice.

e The sample of image pairs generated must contain roughly the same num-
ber of image pairs under each rating class. The criteria shown in Table 3.3
was used to select the image pairs shown to the raters. 50 image pairs were
generated following these criteria.

Table 3.3: Distribution of image pairs in the sample of images generated from the statistics-
based approach, computational physics-based approach and the real-world im-
ages.

Percentage

Image pair selection criteria of the s ampl e (%)

Real-world images and images generated

from the statistics-based approach 30

Images generated from the statistics-based approach

and images generated from the computational physics-based approach 70
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e Three industry experts annotated 50 such image pairs in total. The details of
these raters are provided in Appendix A.

3.5 THE PROCESSING OF CRACK PATTERN IMAGE DATA

3.5.1 Converting data from the computational physics-based approach to a pixel
format

The crack pattern images generated from the statistics-based approach were in a
pixel format. They were generated as matrices in Python. Each entry of the matrix
represented a pixel. The various entries of these matrices represented a different
type of data at the corresponding location on the fagade. A detailed description
of what each value in the matrix signifies is given in Table 3.4. The results from
the computational physics-based approach must be similar and compatible to this
pixel format. This ensured that all the annotated crack pattern image pairs could
be given as input to the same neural network.

The results from the computational physics-based approach gave the crack width
at each point of the cracked facade. To convert this data into a pixel format, a matrix
is created such that the number of rows and columns of the arrays correspond to
the number of nodes along the length and breadth of the masonry facade. Using the
X and Y co-ordinates of each node, the crack width of at that point was fed into to
a matrix following the same strategy as explained in Table 3.4. Only crack widths
larger than 1 mm were used to complete the matrix. The pixel representation of
these arrays were shown in Fig. 3.3.

Table 3.4: Explanation of the numerical values of the matrices used to generated the pixel
format of the statistically generated images.

Numerical value | Data it represents at that location
0 Uncracked masonry

-1 Openings in the structure

(0,30] Crack width of the crack

-
o
Crack Width (mm)

Breadth of the
facade =4 m

(a) Pattern ID 18 with an
aspect ratio 1:1 gener- Length of the facade = 4 m
ated through the compu-
tational physics-based ap-
proach.
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25
—

20
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5

0

(b) Pixel representation of Pattern ID 18
with an aspect ratio 1:1.
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Figure 3.3: Examples of the pixel realisation of the chosen crack types on fagades with dif-
ferent dimensions and different orientation of openings using the computational
physics-based method.

The neural network is able to accommodate only one aspect ratio of the dimen-
sions of these crack pattern images at a time due to the nature of the network archi-
tecture and training methods. It is thus only possible to feed the data into the neural
network as long as all the facades have the same aspect ratio. As the finite element
models are paramterised to give different aspect ratios of the masonry fagades, the
pixel representations obtained from the finite element models need to be resized to
a predefined fixed dimension that is acceptable to the neural network. The images
generated from the finite element models contain facades of aspect ratios 1:1, 3:2,
2:1 and 10:3. Therefore, these images were resized to a pixel representation of the
fagade with an arbitrarily chosen aspect ratio 2:1 (161 pixels by 81 pixels) using
the OpenCV library functions with the nearest neighbour interpolation scheme [49].
The examples shown in Fig. 3.3 have been resized to a dimension of 161 pixel by 81
pixels as shown in Fig. 3.4.
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Figure 3.4: Examples of the pixel representation of the chosen crack types on fagades that
have been resized to be fed in to the neural network.

3.5.2 Converting real-world crack pattern to a pixel format

In order to give the real-world images of crack patterns as input to the neural net-
works, the dimensions of the fagades, their openings and their cracks were traced
out manually and saved as images, as shown in Fig. 3.5a, Fig. 3.5¢, Fig. 3.5¢, and
Fig. 3.5g. These images and their corresponding RGB values were used to create a
pixel representation using the same legend explained in Table 3.4.

As with the case of the images generated from the computational physics-based
approach, the masonry fagades with real-world cracks and their pixel representa-
tions have varying dimensions. They also needed to be resized to the predefined
fixed aspect ratio of 2:1 (161 pixels by 81 pixels). This resizing was achieved with
the help of in-built functions from the OpenCV library in python, as explained in
Section 3.5.1. The examples shown in Fig. 3.5 were resized to a dimension of 161
pixel by 81 pixels, as shown in Fig. 3.6.
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Figure 3.5: Examples of the pixel realisation of the real-world crack pattern images.
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Figure 3.6: Pixel representation of chosen real-world images that have been resized to be fed
in to the neural network.

36 EVALUATING AGREEMENT AMONG THE RATERS

It is useful to study the agreement among the raters before using the crack pattern
image pairs to fit the neural networks. This way, it is possible to see if there is a
consensus in establishing the ground truth of the neural network. When the raters
were given the crack pattern similarity assessment tasks, it is seen that each rater
needed some time to decide for themselves how they perceived each label and the
corresponding similarity rating. To overcome this, each rater was asked to do a trial
assessment on a sample of image pairs before attempting the real task. This helped
them to be more confident with the assessment task and to be more consistent with
how they themselves perceived the similarity.
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Two metrics were used to evaluate the agreement with a standard rater and the
overall agreement among all the raters. These are: Lin’s Concordance Correlation
Coefficient (CcC) and Krippendorff’s alpha.

3.6.1  Agreement with a standard rater using Lin's CCC

Lin developed his correlation coefficient to study bio-equivalence [50]. Since then,
it has been used in other studies test agreement with a gold standard or a reference
standard [51] [52]. Lin’s CCC is calculated by using the distance of a point in a
bi-variate sample space from the y = x line as shown in Eq. 3.1.

Expected orthogonal squared distance from x =y

-1-

Pe Expected orthogonal squared distance from x = y assuming independence

— 2p0x0y

- 2

o2+ oy + (u = wy)
(3-1)
Where,
0 = Correlation coefficient between the two variables.

tx, iy = Mean of the variables
0x,0y = Variance of the variables.

The Lin’s CCC lies in [-1, 1], where a magnitude of -1 indicates perfect disagree-
ment and a magnitude of 1 indicates perfect agreement. If the magnitude of the
Lin’s CCC is o, it indicates that there is no correlation between the variables [50]. A
perfect agreement with the reference standard would be along the y = x line. Lin
noted that the Lin’s CCC is robust for sample sizes of 10 and above [50].

Some recommendations for minimum acceptable CCC values are available in the
literature. McBirdie recommends a very strict criteria: CCC < o0.90 shows poor
agreement, 0.95 < CCC < 0.99 shows moderate agreement and CCC > 0.99 shows
excellent agreement [53]. Another recommendation is to interpret Lin’s CCC the
same as the Pearson correlation coefficient given as: CCC < 0.20 shows poor agree-
ment and CCC > 0.80 shows excellent agreement [54].

3.6.2 Inter-rater agreement

In order to study the degree of agreement between all the raters in a group of
raters, the Krippendorff’s alpha [55] is a useful metric. The Krippendorff’s alpha
is applicable to any number of raters, any number of items to be assessed and can
account for missing data. This is particularly useful in this thesis, as each rater
has annotated a different set of image pairs. While they have assessed image pairs
in common with other individual raters, every rater has not assessed every single
image pair. This is what is meant by "missing data". Krippendorff’s alpha is also
useful to look at agreement between categorical and interval data [55]. Here, the
ratings are assumed to follow an interval scale, as explained in Table 3.5. Rather
than measuring agreement, alpha calculates the disagreement to give a measure of
agreement, as shown in Eq. 3.2 [55].

0(:1—7 (32)
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Where,

D, = The observed disagreement.
D, = The expected disagreement by chance.

Coincidence matrices and difference functions are used to compute D, and D,.

A coincidence matrix contains the 1 pairable values from the canonical form of the
data assessed by all the raters cross tabulated into a v by v square matrix, where v
is the number of items assessed by the raters. The difference function attempts to
measure the distance between the individual raters. For an interval scale, it is given

by Eq. 3.3 [55].
5interval (U/ U/) = (U - v/)Z (3-3)
Where,

v,v" = Ratings on an interval scale.

The Krippendorft’s Alpha lies in [0, 1], where an a value of 1 signifies perfect
agreement and an « value of o indicates perfect disagreement [56]. Krippendorff
has provided some recommendations for a minimum acceptable alpha value as fol-
lows: & > 0.800 shows that there is good agreement between the raters, 0.800 > &
> 0.667 indicates that there is insufficient agreement and the data can only to draw
tentative conclusions and & < 0.667 shows that the data is unreliable due to signifi-
cant disagreement [56].

3.7 CONVOLUTIONAL NEURAL NETWORKS FOR CRACK PAT-
TERN SIMILARITY

A convolutional neural network (CNN) was developed by Kleijn [1] such that it can
be fitted with crack pattern image pairs with similarity labels. This neural network
was expected to be able to learn from this data and predict the similarity of image
pairs that it had not seen before. The CNN is developed as a regression neural net-
work, where each image pair’s similarity was predicted by categorising them into
one of four similarity rating classes: very dissimilar, dissimilar, similar, and very sim-
ilar. The similarity ratings were defined on an interval scale, as given in Table 3.5.
To each similarity rating class, we assign a numerical value that is the mid-point of
the interval class, i.e. very dissimilar will have a numerical value of o.125, dissimilar
will have a numerical value of 0.375, similar will have a numerical value of 0.625
and very similar will have a numerical value of 0.875.

The neural network needs to know the ground truth, which is the "real truth"
that it needs to learn from and attempt to predict. In this thesis, the ground truth
must be established in terms of the similarity label for each image pair. Therefore,
for a given image pair, the corresponding ground truth is established by taking the
average of all the similarity ratings given by all the raters who evaluated that image

Table 3.5: Converting the categorical ratings to an interval scale for the neural network.

Categorical rating | Interval rating
Very Dissimilar (0.0, 0.25)
Dissimilar (0.25, 0.5)
Similar (0.5, 0.75)
Very Similar (0.75, 1.0)
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pair. The numerical values to establish this ground truth was based on the interval
scale provided by Table 3.5. This table also helped to determine what similarity
rating class each image pair fell under. The CNN will use the same interval rating
system to determine the predicted similarity classes of each image pair as well.

The loss function of this neural network is the mean squared difference between
the actual similarity and the estimated similarity. The split for the data to test and
fit the the neural network is set to 0.75 (75% for training and 25% for testing). The
25% of the data used to form the testing sample is used to validate the neural
network. The image pairs used for fitting the neural network are not used for
testing. The results of the similarity assessment are presented using four metrics:
accuracy, precision, recall and F-score, which are explained below. These metrics
are defined for each individual class using true positive, true negative, false positive
and false negative of the predicted results. These definitions are explained using
the example of an image pair that was annotated as very similar by the raters (true
value). Thus, the class that represents the similarity rating of very similar is taken as
the positive class, which makes the classes very dissimilar, dissimilar, and similar the
negative classes.

e True positives: Number of cases where the similarity rating predicted by the
neural network matches that of the test set (true value) that belongs to the
positive class. This means that if a rater annotates an image pair with very
similar, the neural network also predicts the same similarity rating for that
image pair.

e True negative: For each similarity rating, the true negatives are the number
of cases where the predicted value and the true value match (both of which
belongs to one of the negative classes). For example, image pairs that were
annotated as very dissimilar, dissimilar, or similar by the raters, are predicted as
very dissimilar, dissimilar, or similar respectively.

o False positive: For each similarity rating, the false positives are the number
of cases where the similarity rating is incorrectly predicted as belonging to
the positive class when it does not. For example, image pairs that the raters
assessed as very dissimilar, dissimilar, or similar are wrongly predicted by the
neural network as very similar.

e False negative: For each similarity rating, the false negatives are the number
of cases where the similarity rating is incorrectly predicted as belonging to
one of the negative classes when it actually belongs to the positive class. For
example, for an image pair that the rater annotates as very similar, the neural
network predicts a rating of very dissimilar, dissimilar, or similar.

These metrics, typically used to determine the performance of classification neu-
ral networks, are chosen to assess the regression neural network as they work well
even for regression neural networks. In the previous work done at TNO (Section
2.5.2), the accuracy of the regression neural network was used to measure the net-
work performance. Hence, determining the accuracy of the neural network in this
thesis makes possible a comparison between the performance of these two neural
networks.

Each set of data fed into the neural network is run five times to determine the
mean and standard deviation of each of these metrics. If the obtained standard
deviation is greater than 5%, the networks are run 10 times for each label. The
accuracy, precision, recall and F-score assesses the performance of the fitted neural
networks by class. To evaluate the performance of each fitted neural network by
label, these metrics are averaged out among all the classes over all the runs of the
fitted neural networks.
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Accuracy

Accuracy is the ratio of correctly predicted observations to the total observations for
each similarity rating, as given in Eq. 3.4. In supervised learning, the accuracy of
the neural network is largely dependent on the data used to fit the neural network.
A representative training data set is critical, both in terms of sample size and quality,
affect the accuracy of neural network’s performance [57].

Accuracy = True Positive + True Negative
¥~ True Positive + True Negative + False Positive + False Negative

(3-4)

Precision

Precision is the ratio of correctly predicted positive observations to the total pre-
dicted positive observations for each similarity rating, as shown in Eq. 3.5. This
metric helps us understand, of all the predicted positive classes, how many are true.
A low false positive rate is related to high precision values.

True Positive

Precision — .
recision True Positive + False Positive (5:5)

Recall

Recall is the ratio of correctly predicted positive observations to all observations in
the actual class computed for each similarity rating. This is shown in Eq. 3.6. Recall
helps evaluate, of all true classes in the test set, how many are predicted. Often,
recall is referred to as the counterpart of precision.

Recall — True Positive (3.6)
~ True Positive + False Negative 3

F score

F score is less intuitive than the other metrics. It is the harmonic mean of precision
and recall calculated for each similarity rating. Therefore, this score takes both false
positives and false negatives into account. This is explained in 3.7. For problems
with unbalanced data, the F score may be more appropriate than the Mean Square
Error (MSE) or other error metrics [58].

F score — 2 x Recall x Precision (37)
~ Recall + Precision 37

Although using accuracy as a defining performance metric for a neural network
makes intuitive sense, it is usually helpful to include precision, recall and F score
as well. It is possible that even with a high accuracy, the precision or recall is
poor. Although it is aimed to achieve a high precision and recall value, it is not
always possible achieve both at the same time. For example, if the neural network
is modified to give a high recall, it is likely true that we will be able to correctly
predict which image pairs fall under each similarity class. However, this will also
lead to a large number of image pairs that do not belong to a certain similarity
class being put there as well. Similarly, if a high precision is aimed to avoid putting
image pairs under the wrong similarity class, likely a large number of image pairs
will be put in other classes. Instead of trying to find a balance between a good
precision value and good recall, it is helpful to aim for a good F score, which will
indicate good precision and recall. It only reaches its ideal 100% if both precision
and recall are 100%. And if one of these equals 0%, F score will have the worst
value of 0%.
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FINITE ELEMENT MODELS BASED ON
THE CRACK PATTERNS

4.1 INTRODUCTION

A computational physics-based approach was proposed as the next step in the data
generation process to fit a neural network that aims to perform similarity assess-
ments on crack pattern image pairs. This approach was expected to give more
realistic results than the previously used statistics-based approach. The crack pat-
tern image pairs generated in the computational physics-based approach needed to
be converted into a pixel representation in order to be compatible with the neural
network, as explained in Section 3.3. The neural network trained on the statistically
generated images was fitted to 12 different crack patterns with varying character-
istics, as explained in Section 2.5. In this thesis, 8 out of these 12 crack patterns
were simulated in the computational physics-based approach, with each crack pat-
tern type requiring unique loading and boundary conditions. The aim of the finite
element analysis was to reproduce similar crack patterns from these crack pattern
archetypes using appropriate finite element software, paying special attention to the
boundary conditions and the loads. This had not been explored in detail previously
in the statistics-based approach, or in de Vent’s research [7]. Sometimes, unrealis-
tic boundary conditions and loads had to be used to simulate these chosen crack
patterns. The general properties of these finite element models and their analyses
are described in this chapter. The generation of these crack patterns was achieved
using the finite element software DIANA FEA 10.4. Additionally, this chapter also
explains how the parametrisation of these models was achieved by varying the
geometry, material properties and the crack-inducing loads in each crack pattern
type. Finally, an overview of the sensitivity study on the finite element models, and
the limitations of the automated crack pattern generation using the finite element
method is also given.

4.2 THE FINITE ELEMENT MODELS

4.2.1  Geometry

Two types of geometries of the masonry fagades are considered in this project, as
explained in Section 2.5. These are fagades without openings and facades with open-
ings (e.g., doors and windows). The facades are modelled as rectangular sheets of
varying aspect ratios. In the classification neural network fitted to statistically gener-
ated images, the aspect ratios of the facades considered were 3:2 for facades without
openings and 10:3 for facades with openings. In order to explore the possibility to
generalise the neural networks and to increase the range of input fagades that can
be tested, two more aspect ratios are selected: 1:1 and 2:1. Therefore, the following
rectangular facade dimensions were considered for facades with and without open-
ings: 4 x4 m, 4 x6m, 4 x 8 m and 10 x 3 m. The thicknesses of these facades were
chosen from a range of values typically seen for masonry structures of this size, i.e.
it is varied with 0.2 m [59, 60], 0.3 m [16], 0.4 m [61] and 0.5 m [39].

In the facades with openings, three types of openings were considered: a door
of size 1 m x 2 m (denoted as Door 1), a window of size 3 m x 1.5 m (denoted as
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Figure 4.1: Example of the geometry of a fagade of dimensions 10 m x 3 m with openings.

Window 1) and another window of size 1.5 m x 1.5 m (denoted as Window 2)[6].
These openings were used in different combinations and at different positions to
reflect the various facades seen in real life. An example of these openings on a
fagade of size 10 m x 3 m is shown in Fig. 4.1. All the openings are at least 1 m
away from each other and the edges. The soil-structure behaviour of the masonry
facade and the ground was simulated using a boundary interface. The length and
thickness of this interface will be the same as that of the fagade.

4.2.2 Material properties
Masonry

The masonry was assumed to consist of clay masonry bricks and mortar. It was
modelled as a continuum with homogenised properties using the total strain based
smeared fixed cracked model in DIANA FEA 10.4. The smeared cracked model
spreads the crack over a certain area. The advantage of using a smeared cracked
model is that the cracks can initiate anywhere and propagate in any direction. The
density of the masonry was assumed to be 1900 kg/m> [39] and a constant Pois-
son’s ratio of 0.2 was adopted [39]. A linear softening curve is adopted for the
tensile strength with the fracture energy equal to 10 N/m. The behaviour under
compression was assumed to be linear-elastic. This is a reasonable assumption as
most of the crack-inducing loads are tensile forces, not compressive.

In reality, the masonry is a heterogeneous material with non-uniform values for
the various properties along the facade [62]. The structural performance and relia-
bility of unreinforced masonry walls may be greatly influenced by spatial variability
in material qualities [63]. Most of the finite element software that deals with con-
crete, masonry and steel treat their various material parameters as deterministic [64].
There are different mathematical approaches available in the literature to define a
random field to model the spacial variability of the material properties of concrete.
These random fields make use of different probabilistic distributions for sampling
the data points [64]. If the masonry is modelled as a deterministic continuum, there
is a potential loss of the uncertainties that exist in real-world structures. The un-
certainties can be related to material properties, such as stiffness of the brick and
mortar joints, the compressive and tensile strengths of the bricks and the Young’s
modulus, or geometric properties, such as thickness, texture or layout. Considering
the discrete bricks and mortar as a continuum in the numerical model is a process
of deterministic homogenisation. This can be extended to a stochastic homogenisa-
tion by considering the variability in the geometric variability [65].

For implementing the random field for material properties of masonry structures,
no readily available framework could be found in the literature. Hence, the simple
methodology explained in Appendix B is adopted. The mean values and coeffi-
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Table 4.1: Properties of the random distributions used to generate the random field for the
spatial variation of Young’s modulus and tensile strength in masonry [39, 65-71].

Mean Standard
Material property | Distribution (N/m?) CoV(%) | deviation
(N/m?)
Young’s Modulus | Normal 3 x 10° 20 0.6 x 10°
Tensile Strength Log-normal | 0.1 x 10° | 35 0.035 x 10°

cients of variations (CoVs) of the Young’s modulus and tensile strength used to
generate these random fields are given in Table 4.1.

Soil-structure interface

The nature of settlement-induced damage on a structure is dependent on the nature
and properties of the soil beneath it. Here, the soil-structure interaction was mod-
elled as a nonlinear interface, allowing for the possibility to vary the stiffness along
this interface. Generally, structures with a stiffer soil-structure interface tend to suf-
fer more subsidence induced damages than those sitting on a softer soil-structure
interface when subjected to the same settlement profile [39]. This is because softer
soil-structure interfaces allow for a better redistribution of the settlement stresses.
A soil-structure interface also allows for more realistic modelling of the interaction
between the soil and the facade when compared to applying a settlement load di-
rectly to the bottom edge of the structure. The soil deformations are influenced by
the mass and the stiffness of the structure, resulting in a lower vertical displacement
and horizontal strain. Thus, this lower subsidence load will also cause reduced
subsidence-induced stresses on the facade [72].

The properties of the interface elements were chosen from the literature [39, 72],
and by following the general guidelines described by DIANA FEA [73]. The stiff-
ness properties of the interface were also chosen such that the compressive normal
stiffness was large enough to avoid overlap of the interface elements and the ma-
sonry facade elements. The shear stiffness of the soil structure interface was as-
sumed to be equal in magnitude for both tangential directions of the interface. This
is calculated using Eq. 4.1.

A? E.oil
Dy =Dgs = — + m— 20— 1
! > t 2 (1 + 1/soil) (1)
Where,
A = A reduction factor that reflects the flexibility of the soil structure

interface in shear when compared to the surrounding soil medium. It
may vary from o.5 to 1.0. In this thesis, the value of A was chosen as 1.

t = Thickness of the interface layer normal to the plane of the interface.
Here, it will be the same as the thickness of the facade.

Esoit = Young’s modulus of the soil.

Vsoi; = Poisson’s ratio of the soil.

The soil below the structure was assumed to be silty sand. The corresponding
Young’s modulus and Poisson’s ratio of the soil are given in Table 4.2.

The shear stiffness values thus obtained are used to compute the normal stiffness
of the interface elements as per Eq. 4.2.
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Table 4.2: Soil properties used to model the soil-structure interface [72].
Material property | Magnitude
Young’s Modulus | 5 x 107 N/m?
Poisson’s ratio 0.3

Table 4.3: The normal and shear stiffness values of the soil-structure interface.

o de (my | Do (N/1%) | DN /) | Des (N /)
0.2 8.13x1010 8.13x10° 8.13ex 108
0.3 3.61x1010 3.61x10% | 3.61x108
0.4 2.03x1010 2.03x108 2.03x108
0.5 1.30x1010 1.30x10% 1.30x10%
Dnn = f X Dtt (4'2)

Where,

Dy, = Normal stiffness offered by the soil-structure interface.
f = A multiplication factor that varies from 10 to 100. In this thesis, the value
of f was chosen as 100.

Thus, the magnitudes of the normal and shear stiffness used depends on the
thickness of the structure, and is shown in Table 4.3. The nonlinearity of the soil-
structure interface is realised by incorporating a no-tension interface into the soil-
structure interface. The no-tension interface works by reducing the stiffness of the
interface elements by a factor when the relative displacement in that direction is
greater than a pre-defined critical value. The critical value is given as zero in the
normal and shear directions for the soil-structure interface under the facades. As
a result, the no-tension interface represents the soil-structure interface’s low resis-
tance to tension.

4.2.3 Element types and finite element mesh

The finite elements were chosen such that out-of-plane loading could be applied, if
necessary. Quadratic elements with linear interpolation were used to generate the
elements of the interface and that of the masonry facade.

Masonry

The masonry was modelled using regular curved shell finite elements in order to fa-
cilitate out-of-plane loading wherever necessary, as shown in Fig. 4.2. This resulted
in the use of the 8-noded quadrilateral element CQ40S and the 6-noded triangular
element CT30S for the masonry facade, as shown in Fig. 4.3.

Soil-structure interface

The soil-structure interface was modelled as a structural plane interface using a
curved line. This resulted in the use of the 6-noded curved line interface element
CL24l as shown in Fig. 4.4

Element Size

Element sizes of 100 mm x 100 mm were chosen to generate the finite element
models of the masonry fagade. This size was chosen after conducting a sensitivity
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Figure 4.2: Characteristics of regular curved shell elements used in DIANA FEA 10.4 [74].

5
N\

(a) Finite element CQ40S.

(b) Finite element CT30S.

Figure 4.3: The finite element types used to generate the mesh of the masonry facade in
DIANA FEA 10.4 [75].

study by varying the mesh size, as explained in Section 4.4. The quality of the
cracks and the computation times were analysed before choosing the optimal mesh
size. It was seen that there is no significant difference in the quality of the crack
patterns when using a mesh of 50 mm and 100 mm. As hundreds of crack patterns
were to be generated, a mesh size of 100 mm was fixed for all the models.

4.2.4 General loading and boundary conditions

There were three types of loads applied onto the masonry facades in this thesis:
the self-weight, the pre-compression load and the crack-inducing load. These are
explained in detail below.

o Self-weight: The self-weight of the masonry wall was applied in the vertical
direction. The magnitude of this load was computed from the volume of the
fagade and the density of the masonry.

o Pre-compression load: This load simulated the load that comes on the struc-
tures from the dead and live loads on the rest of the building. A pre-compression
pressure of 0.5 N/m? is assumed to act on the wall before any crack-inducing
load takes place [77]. It was applied on the top horizontal edge as a line load
whose magnitude was obtained by multiplying 0.5 N/m? with the thickness
of the facade, as shown in Fig. 4.5.

The pre-compression load was only applied on the facades with openings.
The fagades without openings were assumed to be non-load bearing external
walls.

Figure 4.4: Finite element CL24I used in DIANA FEA 10.4 [76].
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Figure 4.5: Schematic representation of the pre-compression load being applied on a ma-
sonry facade.

e Crack-inducing load: The aim of applying this load was to obtain the re-
quired crack pattern with a sufficiently large crack width. The crack patterns
considered in this thesis were assumed to be caused by settlement loads, tem-
perature loads, or external out-of-plane loads. The crack-inducing load was
applied either as a force control or as a displacement control, depending on
the crack pattern that needs to be simulated. The type of the load, its location,
and its magnitude changes with each Pattern ID.

The magnitude of the load to be applied on each structure was chosen such
that it led to significant crack widths. Sometimes, when the magnitude of
the load is too large, large stresses develop elsewhere causing cracks in other
parts of the facade. These new cracks will in turn cause a redistribution of the
stresses and could reduce the crack width of the initial crack. Therefore, the
maximum magnitude of the load was applied such that stresses in the facade
are not large enough to cause cracking elsewhere.

Additionally, two main types of supports are applied to all of the masonry fagades:

e Soil support: The soil support was the support offered by the soil-structure
interface at the bottom edge of the facade. In general, the soil support offers
restraint in the vertical and horizontal directions. Additional translations or
rotational supports were provided, if required.

e Support for the crack-inducing load: The support for the crack-inducing load
was provided in order to initiate the crack pattern. This varies with each
Pattern ID.

4.2.5 Analysis

All of the masonry facades were analysed using a phased nonlinear structural anal-
ysis with a Newton Raphson/Tangential iteration scheme and a linear search. The
arc length method is applied on the load steps wherever possible to account for
snap-back behaviour. Both physical and geometrical nonlinearities are considered
in the analyses.

The loads are applied in two phases as given below:

e Phase 1: The self-weight and the pre-compression load were applied in this
phase. They were both applied in one step each. Only the soil support was
active in this phase, as shown in Table 4.4.

e Phase 2: The support of the crack-inducing load was activated in this phase.
It was also assumed that since the construction of the masonry structures,
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Table 4.4: Properties of Phase 1 of the nonlinear analysis of the masonry fagades.

Load Iteration Scheme Number of M'a xmm number of Active supports
steps iterations allowed
Self weight NR/ Tangential 1 10 Soil support
Pre-compression load | NR/Tangential 1 10 Soil support

Table 4.5: Properties of Phase 2 of the nonlinear analysis of the masonry fagades.
Number of | Maximum number of

Load Iteration Scheme steps iterations allowed Active supports
. . Soil support,
Crack-inducing NR/ Tangential 200 50 Support for the

load

crack-inducing load

a significant amount of time has passed before the crack inducing load oc-
curs. Thus, while the stresses due to the self-weight and the pre-compression
load still exist in the structures, the displacements can be assumed to be zero.
Hence, the rotational and translational displacements were reset to zero be-
fore applying the cracking load in this phase. The crack-inducing load was
applied in 200 steps.

The final output required from the finite element analysis is the various crack pat-
terns and their crack widths in the principal direction. The principal crack width
is calculated as the product of the crack strain in the principal direction and the
crack bandwidth h.. As 2D elements with quadratic interpolation were used in
this thesis, the crack bandwidth, &, is calculated using the Rot’s element-based
method [34] as VA, where A is the total area of the finite element. The details of
the elements, the locations of their nodes and the principal crack-widths at the cor-
responding locations are exported and saved to generate the pixel representations
of these crack patterns.

4.3 CRACK PATTERN RESULTS

4.3.1  Pattern ID 18

The crack pattern shown in Fig. 4.6 represents Pattern ID 18. It shows a crack with
a horizontal orientation. These types of cracks tend to initiate near the corner or
the column [7] and are usually seen when masonry fagades are subjected to dimen-
sional changes induced by moisture or temperature. For example, if a portion of the
facade experiences direct sunlight, while the rest of the facade experiences shade, it
can lead to a nonuniform expansion along the fagade [7].

Figure 4.6: Pattern ID 18 [7].
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Boundary Conditions and loading condition

As seen in Fig. 4.7, the bottom edge of the facade was fixed in all directions for
translation (X, Y, Z). This was the only boundary condition that was active while
the facade was being loaded with the self-weight and the pre-compression load. In
order to simulate a horizontal crack near the corner or the column of the facade, a
line was imprinted onto the surface of the fagade. The deformation load was applied
along this imprinted line. To take this load and generate the required crack pattern,
the imprinted horizontal line was fixed in the vertical (Y) direction as shown in Fig.
4.7. Additionally, the top edge was restrained in the horizontal (X) direction. As
the crack widens when the applied load is increased, the stresses in the part of the
fagade directly above the crack start increasing. This can cause the facade to tear
away as shown in Fig. 4.9 similar to Fig. 4.6. The horizontal restraint on the top of
facade helped the facade achieve a wider horizontal crack. This was necessary to
obtain a larger variety of the crack widths that can be fed into the neural networks.

The general loading conditions were explained in Section 4.2.4. The crack inducing-
load used to produce this type of crack pattern is shown in Fig. 4.8. The crack-
inducing load is applied as a constant load using a displacement control applied
along the horizontally imprinted line. This prescribed deformation is supported
with a boundary support as explained above. In order to parametrise this crack
type, the crack initiation point and the crack length is varied in each model.

The crack initiation point was randomly chosen such that it occurs in the top 70 -
80 % of the height of the fagade. Any cracks that initiate closer to the top edge (i.e
cracks that initiate at 8o - 100% of the height of the facade) tore away before signifi-
cant crack width could be achieved. Attempts to initiate the crack width at less that

Figure 4.7: Schematic representation of the boundary conditions of Pattern ID 18.

(Xcrack length’
Yc rack initiation) crack initiation)

Figure 4.8: Schematic representation of the crack-inducing load given to Pattern ID 18.
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Figure 4.9: Tearing away of the corner of the fagade in some cases of Pattern ID 18.

70% of the height of the facade failed as extremely large forces were required to pro-
duce even small cracks. The length of the imprinted line that produces this crack is
randomly chosen between 1 and 2 m. Smaller crack lengths are not long enough to
be comparable to the crack lengths obtained from the statistically generated images.
As the crack widens and the portion of the fagade above the crack pattern bends
upwards, stresses develop causing the crack to tear away. This happens much more
easily when the crack lengths are greater than 2 m, causing cracks that are different
from the expected crack patterns.

The magnitude of the prescribed deformation load applied on the horizontally
imprinted line is randomly chosen between 0.1 mm and 0.5 mm. This magnitude
was enough to produce cracks with widths between 1 and 5 mm. Larger loads led
to tearing away of the fagade corner. Sometimes, larger loads also caused numerical
issues with the modelling and led to difficulties in achieving equilibrium in the
finite element models.

Crack patterns

A nonlinear phased analysis of each of the models was completed using the proce-
dure explained in Section 4.2.5. Examples of the normalised (or scaled) deformed
fagades with the crack pattern at the last step of the finite element analysis are given
in Table 4.6.

Table 4.6: The deformed shape of the finite element model of Pattern ID 18 at the last step
(deformation factor = 0.05).
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Aspect ratio 1:1. Aspect ratio 3:2.

Pattern ID 18

Aspect ratio 2:1. Aspect ratio 10:3.
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The absolute deformation of the cracked facades (where the deformation is shown
relative to the fagade dimensions), as shown to the masonry experts for the similar-

ity assessment, are shown below in Table 4.7.

Table 4.7: The contour plot of the crack pattern of Pattern ID 18 in a masonry facade of

various aspect ratios.

Aspect ratio 1:1.

Pattern ID 18

Aspect ratio 2:1.

Aspect ratio 3:2.

Aspect ratio 10:3.
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4.3.2 Pattern IDs 20, 21, 23, 24, 101, 102 and 103

The boundary and loading conditions used to simulate Pattern IDs 20, 21, 23, 24,
101, 102 and 103 are explained in table 4.8. A detailed description of these and the

finite element models are provided in Appendix C.

Table 4.8: Summary of the boundary and loading conditions used to simulate the Pattern

IDs ID 20, 21, 23, 24, 101, 102 and 103.

Pattern ID 20

Boundary condition.

3 ini(iation)

Loading condition.

(xLength of fac3de’

crack initiation.
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Table 4.8: Summary of the boundary and loading conditions used to simulate the Pattern
IDs ID 20, 21, 23, 24, 101, 102 and 103.
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Table 4.8: Summary of the boundary and loading conditions used to simulate the Pattern
IDs ID 20, 21, 23, 24, 101, 102 and 103.

D D D B e D B D e D D D B D D e P b
=]
)
™~
@)
o
(=]
P
1]
=
<
R
JAYWAYVAN JAWAWAWAWAWAWAWANVAWANWAWANVAN (0’ Ysettlement profile max)
Boundary condition. Loading condition.
o
o
-
)]
P
(=]
Y
¥
£
’ v
<Xlength’ Ysettlement profile max)
Boundary condition. Loading condition.
o
)
™
a
L]
=1
Pl
L
<
=¥
YAV Y Y Y Y Y Y Y Y Y Y YYY (X ettioment profiie max: 0)
Boundary condition. Loading condition.

A summary of the crack patterns obtained by simulating these remaining Pattern
IDs is provided in Table 4.9. These are the crack patterns used to generate the image
pairs which were shown to the raters for the similarity assessments.
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Table 4.9: Summary of the crack patterns simulated for the Pattern IDs ID 20, 21, 23, 24, 101,
102 and 103 shown as contour plot on masonry facade of various aspect ratios.

Aspect ratio 1:1.

Pattern ID 20

Aspect ratio 2:1.

Aspect ratio 3:2.

Aspect ratio 10:3.

Aspect ratio 1:1.

Pattern ID 21

Aspect ratio 2:1.

Aspect ratio 3:2.

Aspect ratio 10:3.

Aspect ratio 1:1.

Pattern ID 23

Aspect ratio 2:1.

Aspect ratio 3:2.

Aspect ratio 10:3.
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Table 4.9: Summary of the crack patterns simulated for the Pattern IDs ID 20, 21, 23, 24, 101,
102 and 103 shown as contour plot on masonry facade of various aspect ratios.

Pattern ID 24

Aspect ratio 1:1. Aspect ratio 3:2.
Aspect ratio 2:1. Aspect ratio 10:3.

Pattern ID 101
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Aspect ratio 3:2. Aspect ratio 2:1.
Aspect ratio 2:1. Aspect ratio 2:1.

Aspect ratio 10:3. Aspect ratio 10:3.
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Table 4.9: Summary of the crack patterns simulated for the Pattern IDs ID 20, 21, 23, 24, 101,

102 and 103.
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Table 4.9: Summary of the crack patterns simulated for the Pattern IDs ID 20, 21, 23, 24, 101,
102 and 103.
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4.4 SENSITIVITY STUDY

A sensitivity study was conducted on chosen finite element models to explore the ef-
fect of the mesh size, soil properties and initial loading conditions on the behaviour
of the masonry facades and crack development.

4-4.1  Reference cases

The reference case taken for each Pattern ID which shows the crack width at the
200" step are shown in Fig.4.10. These reference cases were generated for masonry
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facades with a thickness of 0.2 m and and aspect ratio of 3:2. The mesh size of the
each finite element model is 100 mm. The material properties of the masonry and
the soil were as explained in Section 4.2.2. The loading condition of each model was
explained in Section 4.3.1 and Appendix C.
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(a) Pattern ID 18. (b) Pattern ID 2o0. (c) Pattern ID 21.

Ecwl
(mm)
30.00
26,38
22.75
19.13
15.50
11.88
8.25
4.63
1.00

(d) Pattern ID 23. (e) Pattern ID 24. (f) Pattern ID 101.

(g) Pattern ID 102. (h) Pattern ID 103.

Figure 4.10: Reference model of each Pattern ID

4.4.2 Element size variation

This subsection explores the mesh sensitivity of the models. A mesh sensitivity
analysis is useful to verify that the structural response of the masonry facades are
independent of mesh size. The ideal mesh size is a trade-off between accuracy and
computing time. The optimum mesh size is chosen such that the use of smaller
mesh sizes have no discernible effect on the performance of the finite element mod-
els. For this purpose, a finer and coarser mesh than the reference case was used
in this section. The mesh sizes chosen were 200 mm and 50 mm. The results were
compared with the reference cases generated with a mesh size of 100 mm, as seen
in Fig. 4.10.

Mesh size of 200 mm

The crack width was computed at each node in the finite element model. With
a mesh size of 200 mm, the nodes were farther apart from each other, giving the
impression that the cracks are spread over a larger area. The crack widths at the
200" step for all the Pattern IDs except Patter ID 20 can be seen in Fig. 4.11. It
was seen that Pattern ID 20 was not able to attain convergence, and it diverged at
the 97! step after attaining a crack width of 11.28 mm. The crack width at the 96"
step was shown in Fig. 4.11b. Facade ID 20 had 11 non-convergence points after 50
iterations when using a mesh size of 100 mm. The divergence of Pattern ID 20 with
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a mesh size of 200 mm is is likely caused due to the instability of the model due to a
large horizontal crack along the length of the fagade. This could also be exacerbated
by a large mesh size and consequently, an insufficient number of integration points.
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(a) Pattern ID 18. (b) Pattern ID 20 (96" step). (c) Pattern ID 21.
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(d) Pattern ID 23. (e) Pattern ID 24. (f) Pattern ID 101.

(g) Pattern ID 102. (h) Pattern ID 103.

Figure 4.11: Each Pattern ID generated for a mesh size of 200 mm.

Mesh size of 50 mm

With a mesh size of 50 mm, the crack widths were computed at nodes located
closer to each other, creating an impression of finer cracks, as seen in Fig. 4.12. The
crack widths at the 200" step for all the Pattern IDs can be seen in Fig. 4.12. The
crack pattern images are seen to be very similar to the reference case. The pixel
representation of the crack patterns generated with a mesh size of 50 mm is most
similar to the images generated by statistics-based approach in terms of pixels used
along the crack width. However, the small mesh size led to a large computation
time for generating the random fields for the material properties, as well as for the
analysis, as shown in Table 4.10. For this reason, it was decided to keep a mesh size
of 100 mm for the computational physics-based approach.
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(a) Pattern ID 18. (b) Pattern ID 2o0. (c) Pattern ID 21.
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(d) Pattern ID 23. (e) Pattern ID 24. (f) Pattern ID 101.

(g) Pattern ID 102. (h) Pattern ID 103.

Figure 4.12: Each Pattern ID generated for a mesh size of 50 mm.

Table 4.10: Time required to run the analysis for each Pattern ID shown as a function of

mesh size.
Run time of the analysis' as a
Pattern ID | function of mesh size (minutes)

50 mm | 100 mm 200 mm

18 26.72 18.00 1.45

20 75.72 18.42 4.07%

21 50.60 8.38 2.48

23 21.63 4.70 1.38

24 25.23 5.90 1.38

101 17.27 4.10 0.98

102 13.78 3.40 1.10

103 14.68 3.45 0.97

4-4.3 Soil-structure interaction

The behaviour of the masonry and the development of the crack patterns are greatly
influenced by the stiffness of the soil-structure interface. As per Eq. 4.1, the stiffness
is dependent on the thickness of the structure. For all the reference cases, the normal
stiffness is assumed to be 8.125 x 109 N/m?3, and the tangential stiffness along the
length of the masonry and perpendicular it are both 8.125 x 108 N/m3. Here, we
investigate the structural response of the masonry fagade with an order of normal
stiffness that is both greater and less than the reference stiffness.

Normal stiffness of the soil-structure interaction = 8.125 x 10° N/m?®

With a normal stiffness of the soil-structure interaction as 8.125 x 10° N/m?, it is
seen from Fig. 4.13, that many of the finite element models fail to produce crack
widths of sufficient magnitude, i.e. > 1 mm. Pattern ID 23, 101 and 102 had a very
small crack development when compared to the reference cases. These models were
subjected to subsidence induced loads that were applied to the bottom edges of the
facade. This is due to the softer normal stiffness of the interface, which caused a

1 On a workstation with 6 cores and 16 GB RAM
2 Divergence occurs at the 96!" step.
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stronger redistribution of the stresses and base settlements in the facade, causing
smaller damage.
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(a) Pattern ID 18. (b) Pattern ID 2o0. (c) Pattern ID 20.
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(d) Pattern ID 23. (e) Pattern ID 24. (f) Pattern ID 101.

(g) Pattern ID 102. (h) Pattern ID 103.

Figure 4.13: Each Pattern ID with the normal stiffness of the soil-structure interaction as
8.125 x 107 N/m3.

Normal stiffness of the soil-structure interaction = 8.125 x 101! N /m®

The crack patterns produced with a normal stiffness of the soil-structure interaction
as 8.125 x 10! N/m3, is seen from Fig. 4.14. Pattern ID 24 underwent divergence
at the 115" step after achieving a maximum magnitude of crack width of 6.13 mm,
and the 114" step is shown in Fig. 4.14e. It is seen that all the facades have a slightly
more developed crack pattern than the reference case. This is due to a concentration
of the stress at the bottom edge due to the higher normal stress, inducing a more
rigid behaviour of the fagcade. This could also explain why Patter ID 24 failed to
achieve convergence.

Ecwl
(mm)
30.00
I2é.38
22.75
19.13
15.50
11.88
8.25
4,63
1.00

(a) Pattern ID 18. (b) Pattern ID 2o0. (c) Pattern ID 21.
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(d) Pattern ID 23. (e) Pattern ID 24 (114" step). (f) Pattern ID 101.

(g) Pattern ID 102. (h) Pattern ID 103.

Figure 4.14: Each Pattern ID with the normal stiffness of the soil-structure interaction as
8.125 x 101! N/m5.

4-4.4 Initial loading conditions

The dependence of the structural response of the masonry facades to the initial
loading conditions is studied here. This is done by looking at crack patterns in two
cases, the first is that of masonry fagades subjected to no pre-compression loads,
and the second is that of masonry fagades subjected to twice the pre-compression
load as that of the reference case. As Pattern IDs 101, 102 and 103 are not subjected
to any pre-compression loads, these Pattern IDs are not included in this section.

Self-weight only

Fig. 4.15 shows the final damages of the different pattern IDs that were subjected
to the self-weight alone as the initial condition. The crack patterns are quite similar
to the reference case, with some Patter IDs achieving maximum magnitudes larger
than those seen in the reference case. This can be seen prominently in the case of
Pattern IDs 20 and 21 especially. This could be because the presence of a vertical
pre-compression load tends to oppose the opening up of horizontal cracks. In the
absence of this load, the crack widths were able to achieve higher magnitudes.
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(a) Pattern ID 18. (b) Pattern ID 20. (c) Pattern ID 21.
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(d) Pattern ID 23. (e) Pattern ID 24.

Figure 4.15: Each Pattern ID loaded with only self-weight as the initial condition.

Self-weight and a pre-compression load of 1 MPa

The resultant damages of the various pattern IDs subjected to self-weight and a
pre-compression load of 1 MPa as the initial condition are shown in Fig 4.16. The
magnitude of the pre-compression load was chosen such that it was twice that of
the reference case. The crack patterns are quite similar to those observed in the
reference instance, except for Pattern ID 20 and 24. Both these crack pattern types
underwent divergence at intermediate steps after achieving a maximum crack width
of 6.72 mm and 8.94 mm. This could be due to the instability in the structure after
achieving these large crack widths compounded by the additional stresses due to
the large pre-compression load.
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(a) Pattern ID 18. (b) Pattern ID 20 (63" step). (c) Pattern ID 21.

(d) Pattern ID 23. (e) Pattern ID 24 (119" step).

Figure 4.16: Each Pattern ID loaded with only self-weight as the initial condition.

4.5 LIMITATIONS OF THE FINITE ELEMENT MODELLING

4.5.1 Pattern IDs excluded from this thesis

Pattern IDs 30, 31, 32 and 201 were included in the data generation process when
the classification of crack pattern images by crack pattern type was attempted at
TNO in 2019, as explained in Section 2.5.1. Pattern IDs 30, 31 and 32 were also in-
cluded in the data generation process to fit a CNN that could perform the similarity
assessment between crack pattern image pairs in 2020. This is explained in Section
2.5.2.
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(a) Pattern ID 30 [7]. (b) Pattern ID 31 [7]. (c) Pattern ID 32 [7].

(a) Pattern ID 201 [6].

After many attempts, sufficiently robust finite element models that can simulate
these crack patterns could not be generated. A few attempts generated very small
cracks (< 1 mm), which is too small for the purpose of this thesis. For this reason,
these Pattern IDs are excluded from this thesis.

4.5.2 Automation of the generation of finite element models

All operations in DIANA FEA 10.4 can be recorded as python commands. The
paramterisation of the masonry models was achieved by taking advantage of the
Python scripting language in combination with the script commands of the Diana
FEA 10.4. This was also useful to incorporate randomness into the model. The spa-
tial variation of the material properties realised through the generation of random
fields (Appendix B), the choice of location of the crack initiation, and the magnitude
of the load on each structure was realised through the inbuilt python functions. The
reproduciblity of these models is achieved with the use of a random seed. With this
implementation, the automated generation of each crack pattern can be realised on
masonry fagades with varying material and geometric properties.

However, due to the randomness incorporated in each model, not every model
produced in the automated computational physics-based approach is usable in this
project. For example, sometimes the combination of the spatially varying mate-
rial properties and magnitude of the load fail to produce cracks with sufficiently
large widths (> 1 mm). Other times, the same combination of parameters pro-
duced localised points of weakness that generated crack patterns different from
those expected. Sometimes, this also caused stability issues in the models that led
to divergence. This was especially true regarding the localisation of damage around
openings and the development of additional small flexural cracks. Even when the
model ran successfully to completion, some of the crack patterns generated were
not useful for this reason. These crack patterns were generated again with different
random seeds to obtain expected crack patterns.

53






RESULTS

5.1 INTRODUCTION

The results of crack pattern similarity assessments performed by the raters are re-
ported in this chapter. An inter-rater and intra-rater agreement is also provided.
Additionally, the results of the similarity assessment performed by deep neural net-
works fitted to crack pattern images generated via the statistics-based approach are
also shown here.

5.2 RESULTS OF ANALYSIS OF THE SIMILARITY LABELS
AND INTER-RATER VARIABILITY

5.2.1 Data generated from the statistics-based approach

The neural network, which is used to predict the masonry crack pattern similarity,
was fitted to crack pattern image pairs assessed by raters. Twenty eight raters volun-
teered to assess each crack pattern image pair generated using the statistics-based
approach. Three similarity labels were used to perform this similarity assessment:
crack pattern similarity label, damage severity label, and overall similarity label.
The similarity labels are rated using these five rating classes: very dissimilar, dissim-
ilar, similar, very similar, and I cannot say. The raters come from different academic
backgrounds and have varying levels of experience working with masonry struc-
tures. Each rater was provided with a unique Rater ID. Three broad expertise levels
were defined: industry experts (masonry expert and structural engineering expert),
PhD students, and MSc students. A summary of the expertise level and number of
annotations of each rater was provided in Table 5.1.

Of all the image pairs, only the image pairs assessed by at least three separate
raters were used to fit and test the neural network. A total of 2587 such image pairs
were obtained. A summary of the number of annotations performed by each rater
is provided in Fig. 5.1.

Table 5.1: Raters who performed assessment of masonry crack pattern image pairs generated
using the statistics-based approach.

Rater ID Expertise level Rater ID | Expertise level || Rater ID | Expertise level
1 Masonry expert 10 PhD Student 20 MSc Student
) Structural engineering 11 PhD Student 21 MSc Student

expert 12 PhD Student 22 MSc Student
3 Masonry expert 13 PhD Student 23 MSc Student
4 Masonry expert 14 PhD Student 24 MSc Student
5 Masonry expert 15 MSc Student 25 MSc Student
6 Masonry expert 16 MSc Student 26 MSc Student
7 Masonry expert 17 MSc Student 27 MSc Student
8 PhD Student 18 MSc Student 28 MSc Student
9 PhD Student 19 MSc Student
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Number of image pairs annotated by the raters

PhD Students MSc Students

2000

2000

1500

1000

Number of image
pairs annotated

500

Figure 5.1: Summary of the number of image pairs generated using the statistics-based ap-
proach assessed by each rater.

Reliability of the similarity assessment performed by the raters

INTRA-RATER AGREEMENT  To study how consistent a rater was with themselves,
23 image pairs were annotated twice by the same expert, Rater ID 4. These 23
image pairs were provided along with the larger sample of image pairs, therefore
the expert was unaware that these were images they had annotated before. The
intra-rater agreement was then studied using Lin’s Concordance Correlation Co-
efficient (CCC), as explained in Section 3.6.1. The rater performed the similarity
assessment by choosing one from the five available ratings for each label, i.e. very
dissimilar, dissimilar, similar, very similar, and I cannot say. The labels were initially
given to the raters to be evaluated on a categorical scale consisting of named ratings
as mentioned above. However, it was seen that a more useful evaluation of the the
similarity assessment was on an interval scale. This is because, a rating of similar
and very similar would be closer qualitatively than a rating of dissimilar and very
similar. An interval scale was able to capture this difference better than a categor-
ical scale. Thus, the ratings were considered to be part of an interval scale for the
assessment of agreement and for training the neural network. Table 5.2 shows how
the categorical ratings are converted to an interval scale.

The Lin’s CCC was calculated for all the three labels for 23 image pairs assessed
by Rater ID 4 twice and is shown in Fig. 5.2. The assessment done by the rater the
first time was kept as the reference rating. The crack pattern similarity label had
the highest intra-rater agreement among the labels with a Lin’s CCC of 0.96. This
was followed by the overall similarity label with a Lin’s cCC of 0.87. The damage
severity label had the lowest intra-rater agreement with a Lin’s CCC value of o.72.

What value of the Lin’s CCC is needed to prove sufficient agreement between
raters depends on the nature of the task at hand. Raters assessing tasks which
require a high agreement between raters has more stringent requirements for min-
imum value of the Lin’s CCC to prove the agreement. The recommended lowest

Table 5.2: Converting the categorical rating to an interval scale.

Categorical rating | Interval rating
Very Dissimilar 1
Dissimilar 2
Similar 3
Very Similar 4
I cannot say 5
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Figure 5.2: Lin’s CCC to determine the intra-rater agreement for Rater ID 4 for all three simi-

larity assessment labels.

value for a Lin’s CCC as per literature is given in Section 3.6.1. However, as the
lowest intra-rater agreement seen is 0.72, in this project, it was assumed that a Lin’s
CCC of 0.70 was enough to show sufficient agreement to the reference ratings in the
masonry crack pattern similarity assessment. This has been summarised in Fig. 5.3.

Lin's CCC for intra-rater reliability.

1.0 S
0.81
=0
o3
82 0.6
Oy
25 044
=
0.2
0.0

Crack pattern
similarity label

Daﬁage Overall
severity label similarity label

Rater ID 4

Figure 5.3: Summary of the intra-rater agreement assessment.

AGREEMENT WITH THE STANDARD RATER

The raters who took part in this simi-

larity assessment come from varying academic backgrounds and varying degrees
of experience on working with masonry structures. It is useful to compare each
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rater’s performance to a standard rater. For this purpose, Rater ID 4 was chosen as
the standard rater due to his/her level of expertise and previous experience with
assessing masonry crack pattern similarities. The agreement of each rater with the
standard rater was assessed for all three labels. It is necessary for a rater to have
assessed at least two image pairs in common with the standard rater to be able to
compute a Lin’s cCC. Two raters, Rater ID 7 and Rater ID 24, had not assessed
sufficient image pairs in common with the standard rater (Rater ID 4), hence they
were not included in the analysis for determining the agreement with the standard
rater. Additionally, each rater must have assessed 10 image pairs in common with
the standard rater to compute a reliable Lin’s CCC, as explained in Section 3.6.1.

Lin’s cCC was computed for the remaining 26 raters with Rater ID 4 as the stan-
dard rater for the crack pattern similarity label as shown in Fig. 5.4 and Fig. 5.5.
It was seen from Fig. 5.5 that 10 raters had a CCC value > o0.70 and at least 10 an-
notations in common with Rater ID 4: Rater ID 2, Rater ID 6, Rater ID 8, Rater ID
9, Rater ID 14, Rater ID 15, Rater ID 20, Rater ID 21, Rater ID 23, and Rater ID 26.
Rater ID 21 was seen to have the highest agreement with Rater ID 4, with a Lin’s
CCcC value of 0.96.

The Lin’s CCC was evaluated for the same 26 raters against Rater ID 4 for the
damage severity label as shown in Fig. 5.6 and Fig. 5.7. It was seen that there were
no raters that had a sufficient agreement with the standard rater. With a Lin’s cCC
score of 0.67, Rater ID 21 had the most agreement with Rater ID 4.

For the overall similarity label, the Lin’s CCC was calculated for the same 26 raters
against Rater ID 4 as shown in Fig. 5.8 and Fig. 5.9. Rater ID 21 seemed to have the
maximum agreement with Rater ID 4 with a Lin’s CCC score of 0.88. From Fig. 5.9,
it was seen that six raters had a CCC > 0.70 and at least 10 annotations in common
with Rater ID 4: Rater ID 2, Rater ID 5, Rater ID 6, Rater ID 8, Rater ID 20, and Rater
ID 21. It was also seen that Rater ID 27 had a Lin’s CCC value of -0.13 for this label.
Since this value is very low and suggests disagreement with the standard rater, it
was not plotted in Fig. 5.9.
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Figure 5.4: Each rater’s attempt to assess the crack pattern similarity label plotted against
Rater ID 4’s attempt.
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Figure 5.5: Each rater’s agreement with Rater is ID 4 shown using Lin’s CCC for the crack
pattern similarity label. The number above each rater’s CCC value represents the
annotations they have in common with Rater ID 4.
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Figure 5.6: Each rater’s attempt to assess the damage severity label plotted against Rater ID
4’s attempt.

Lin's CCC for the damage severity label.

1.0 Reliable rater
0.8
Q 10
O 98
O 0.6 B a 12 349 2 11
) 4 91 160
c | 65 103
= 24 7 61
— 04 ; 42 ¢ 8 10 3
i | 17 |
: 16 . L :
02 | ; s 2 | |[Experts ]
| i i | | Pho Stugens|
0.0 ; | | P I T i
I T A IOge
ééé\é\é\\z’?é«\Q«\Q«\o«\Qg\Q«\Q«\Q«\Qk\Qk\Q«\Q«\Q«\Q&\Qk\Q«\Q«\Q«\Q
TSI FFEEEEEEEEEEEEEELES
RIS SR S SRR S S S SR SR SR S SO S S S
Raters
—— >= 10 Annotations in common with the Expert Rater ~ ----- < 10 Annotations in common with the Expert Rater

Figure 5.7: Each rater’s agreement with Rater ID 4 is shown using Lin’s CCC for the damage
severity label. The number above each rater’s CCC value represents the annota-
tions they have in common with Rater ID 4.
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Figure 5.8: Each rater’s attempt to assess the overall similarity label plotted against Rater ID
4’s attempt.
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Figure 5.9: Each rater’s agreement with Rater ID 4 is shown using Lin’s CCC for the overall
similarity label. The number above each rater’s CCC value represents the annota-
tions they have in common with Rater ID 4.

From Fig. 5.4, Fig. 5.6, and Fig. 5.8, it was seen that there were very few image
pairs that were annotated with the I cannot say label. Only about 0.7% of the total
sample of annotations contained the I cannot say label. This shows that, the rating
classes were not present uniformly in the annotated image pairs, and currently the
labelled data formed an unbalanced data set. This could interfere with the perfor-
mance of the neural network and decrease its prediction accuracy. Additionally, it
was also seen that the standard rater, Rater ID 4, did not use the I cannot say label at
all. Considering these factors, it was decided to avoid the I cannot say label in future
annotation tasks.

OVERALL INTER-RATER AGREEMENT  The assessment of all 28 raters had been used
to calculate the inter-rater reliability for all three labels using the Krippendorft’s Al-
pha, as explained in Section 3.6.2. Additionally, the Krippendorff’s Alpha was also
calculated by dividing the raters based on their expertise level as Experts, PhD stu-
dents, and MSc students. This is shown in Fig. 5.10.

As with the Lin’s ccC, what minimum value of the Krippendorff’s Alpha is
needed to establish a good agreement between the raters depends on the nature
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of the task at hand. In this thesis, the minimum alpha value needed to prove suffi-
cient inter-rater agreement was decided based on Krippendorff’s recommendations,
as explained in Section 3.6.2. Thus, based on these recommendations, it was seen
that no category of raters had sufficient agreement with each other to provide a
reliable assessment of masonry crack pattern similarity. This is shown in Fig. 5.10.
It was also seen that the group of expert raters had the highest agreement amongst
themselves for all three labels. It was also seen that the crack pattern similarity
label had the highest rate of agreement among the three labels for all categories of
raters, while the damage severity label consistently had the least agreement among
all categories of raters.

Krippendorff's Alpha for the masonry crack pattern
similarity assessment of images from the statistics-based approach.
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Figure 5.10: Krippendorff’s Alpha for the inter-rater agreement of the masonry crack pattern
similarity assessment of images generated in the statistics-based approach.

5.2.2 Data generated from the computational physics-based approach

To assess the similarity of the crack pattern image pairs generated in the computa-
tional physics-based approach, seven raters volunteered to annotate a total of 500
image pairs with similarity labels. Each image pair was assessed at least three times
by different raters. The three similarity labels used in the similarity assessment of
the images generated in the statistics-based approach were used here as well: crack
pattern similarity label, damage severity label and overall similarity label. The
similarity labels were rated using the modified rating scale with four classes: very
dissimilar, dissimilar, similar, and very similar. Each rater was provided with a unique
Rater ID as provided earlier in Table 5.1. A summary of the number of annotations
performed by each rater is provided in Fig. 5.11.

Reliability of the similarity assessment performed by the raters

As with the data generated from the statistics-based approach, it is useful to study
the agreement among the raters regarding the similarity of the crack pattern image
pairs generated using the computational physics-based approach. This is discussed
in the following sections.

AGREEMENT WITH THE STANDARD RATER To evaluate the agreement among the
raters regarding the similarity assessment, the modified similarity classes presented
to the raters as categorical ratings had to be converted to an interval scale. The
numerical values used to make this conversion was the same as that in the statistics-
based approach, as shown in Table 5.2. Rater ID 4 was selected as the standard rater.
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Number of image pairs annotated by the raters.
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Figure 5.11: Summary of the number of image pairs generated using the computational
physics-based approach assessed by the raters.

The similarity assessments by all the other raters are compared against those done
by Rater ID 4 for all three labels. All remaining six raters had assessed more than
two image pairs in common with the Rater ID 4. The Lin’s CCC was computed for
all these six raters, as shown in Fig. 5.13, Fig. 5.15 and Fig.5.15.

It is seen from Fig. 5.13 that four raters had a cCC value > o0.70 and at least 10
annotations in common with Rater ID 4: Rater ID 2, Rater ID 3, Rater ID 20, and
Rater ID 21. With a Lin’s CCC score of 0.86, Rater ID 3 and Rater ID 21 appeared to
have the most agreement with Rater ID 4.

On evaluating the Lin’s CCC is for the damage severity label, as shown in Fig. 5.15,
it was seen there was only one rater that had a sufficient agreement with standard
rater. This is Rater ID 2, with Lin’s CCC value of 0.76.

For the overall similarity label, the Lin’s CCC was calculated for the same six raters
against Rater ID 4 as shown in Fig. 5.17. Four raters had sufficient agreement with
Rater ID 4: Rater ID 2, Rater ID 3, Rater ID 20, and Rater ID 21. With a Lin’s CCC
score of 0.89, Rater ID 21 had the highest level of agreement with Rater ID 4.
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Figure 5.12: Each rater’s attempt to assess the crack pattern similarity label plotted against
Rater ID 4's attempt.
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Figure 5.13: Each rater’s agreement with Rater ID 4 is shown using Lin’s CCC for the crack
pattern similarity label. The number above each rater’s CCC value represents
the annotations they have in common with Rater ID 4.
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Figure 5.14: Each rater’s attempt to assess the damage severity label plotted against Rater
ID 4’s attempt.
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Figure 5.15: Each rater’s agreement with Rater ID 4 shown using Lin’s CCC for the damage
severity label. The number above each rater’s CCC value represents the annota-
tions they have in common with Rater ID 4’s attempt.
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Figure 5.16: Each rater’s attempt to assess the overall similarity label plotted against Rater
ID 4’s attempt.
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Figure 5.17: Each rater’s agreement with Rater ID 4 shown using Lin’s CCC for the over-
all similarity label. The number above each rater’s CCC value represents the
annotations they have in common with Rater ID 4.

OVERALL INTER-RATER AGREEMENT  The similarity assessments performed by all
seven raters were used to calculate the Krippendorff’s Alpha to investigate the inter-
rater reliability for all three labels, as explained in Section 5.2.1. Additionally, the
Krippendorff’s Alpha was also calculated by dividing the experts based on their
expertise level as Experts and MSc students. This is summarised in Fig. 5.18.

Based on the recommendations for minimum « value to establish sufficient agree-
ment (Section 5.2.1), it was seen that only the crack pattern similarity label and the
overall similarity label of the expert raters had sufficient agreement to provide a re-
liable assessment of masonry crack pattern similarity. The crack pattern similarity
label, assessed by the MSc students, showed the lowest degree of agreement. This
could be the reason why the inter-rater agreement of the crack pattern similarity
label among all the raters showed a lower degree of agreement than anticipated.
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Krippendorff's Alpha for the masonry crack pattern similarity assessment
of images from the computational physics-based approach.
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Figure 5.18: Krippendorff’s Alpha for the inter-rater agreement of the masonry crack pattern
similarity assessment of images generated in the computational physics-based
approach.

5.2.3 Data generated from the statistics-based approach, computational physics-
based approach and the real-world images

A third batch of data was generated, which consisted of image pairs from all
three approaches: the statistics-based approach, the computational physics-based
approach, and the real-world images. Three raters consented to annotate a total of
50 image pairs to assess the similarity of these crack pattern images. Each image
pair was assessed by each rater. The three similarity labels used in the previous
tasks were used here as well: crack pattern similarity label, damage severity label,
and overall similarity label. The similarity labels were rated using the modified
rating scale with four classes: very dissimilar, dissimilar, similar, and very similar. A
summary of the number of annotations performed by each rater is provided in Fig.

5.19.

Reliability of the similarity assessment performed by the raters

The agreement among the raters regarding the similarity assessment of the crack
pattern image pairs are discussed below.

AGREEMENT WITH THE STANDARD RATER Rater ID 4 was selected as the standard
rater. Rater ID 2’s and Rater ID 3’s similarity assessments were compared against
those done by Rater ID 4 for all three labels. The Lin’s CCC (Section 3.6.1) was com-
puted for both these raters, as shown in Fig. 5.21, Fig. 5.23, and 5.25.
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Figure 5.19: Summary of the number of image pairs generated using all three approaches
assessed by the raters.
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It is seen from Fig. 5.21 that both raters had a Lin’s CCC value > o.70 with at least
10 annotations in common with Rater ID 4. Rater ID 2 and 3 had Lin’s CCC values
of 0.77 and 0.71 respectively.

On evaluating the Lin’s CCC for the damage severity label, against Rater ID 4, as
shown in Fig. 5.22 and Fig. 5.23, it is seen that neither rater had a sufficient agree-
ment with standard rater. Both raters exhibited the lowest Lin’s CCC values for any
label in this data set.

For the overall similarity label, the Lin’s CCC was calculated as shown in Fig. 5.25.
Only Rater ID 2 had a Lin’s CCC value that was just enough to establish sufficient
agreement with Rater ID 4, with a magnitude of o.70.
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Figure 5.20: Each rater’s attempt to assess the crack pattern similarity label plotted against
Rater ID 4.
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Figure 5.21: Each rater’s agreement with Rater ID 4 shown using Lin’s CCC for the crack
pattern similarity label. The number above each rater’s CCC value represents
the annotations they have in common with Rater ID 4.
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Figure 5.22: Each rater’s attempt to assess the damage severity label plotted against Rater
1D 4.
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Figure 5.23: Each rater’s agreement with Rater ID 4 shown using Lin’s CCC for the damage
severity label. The number above each rater’s CCC value represents the annota-
tions they have in common with Rater ID 4.
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Figure 5.24: Each rater’s attempt to assess the overall similarity label plotted against Rater
ID 4.
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Lin's CCC for the overall similarity label.
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Figure 5.25: Each rater’s agreement with Rater ID 4 shown using Lin’s CCC for the over-
all similarity label. The number above each rater’s CCC value represents the
annotations they have in common with Rater ID 4.

OVERALL INTER-RATER AGREEMENT  The Krippendorff’s Alpha, discussed in Sec-
tion 3.6.2, was calculated using the similarity assessments completed by all 3 raters
to evaluate the inter-rater reliability for the 3 labels, as shown in Fig. 5.26. All
the three raters who performed this assessment were experts. Considering the min-
imum « value suggestions for establishing sufficient agreement, as explained in
Section 3.6.2, it was seen that only the crack pattern similarity label had sufficient
agreement among the raters to provide a reliable assessment of masonry crack pat-
tern similarity. The overall similarity label had enough agreement to be used with
caution, while there was significantly lower agreement among the raters regarding
the damage severity label.

Krippendorff's Alpha for the masonry crack pattern similarity
assessment of images from the statistics-based approach,
computational physics-based approach and real-world images.
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Figure 5.26: Krippendorff’s Alpha for the inter-rater agreement of the masonry crack pattern
similarity assessment of images generated using all three approaches.
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5.3 RESULTS OF THE SIMILARITY ASSESSMENT PERFORMED
BY THE CNN

A convolutional neural network (CNN) was developed to perform the similarity
assessment of crack pattern image pairs and its performance was evaluated against
the performance of the raters who took part in this project. The details of this
neural network are explained in Section 3.7 and in the research done by Kleijn [1].
Four different subsets of data were defined in order to test the accuracy of the
neural network in predicting the similarity of crack pattern image pairs generated
from the computational physics-based approach. These four subsets are defined as
follows:

e Subset 1: The performance of the neural network was evaluated as a func-
tion of the different raters” assessments used to fit the neural network. The
generalisability of the network was not explored here.

e Subset 2: The generalisability of the fitted neural networks were explored with
respect to the crack pattern type (Pattern ID).

e Subset 3: The generalisability of the fitted neural networks were explored with
respect to the geometry of the fagades. This included variation in the aspect
ratio and the presence of openings in the fagade.

e Subset 4: The generalisability of the fitted neural networks were tested to see
how well it can evaluate the similarity in crack patterns generated from the
statistics-based approach and the real-world images.

These subsets were further divided into smaller subsections, as explained in the
following sections. It is to be noted that in this thesis, the neural network had
only been fitted to image pairs generated from the computational physics-based
approach. It is to be noted that, as the ground truth was established by considering
the average of the similarity labels assigned by the rater, information was lost in
this process.

The performance of the neural network was measured using four metrics: ac-
curacy, precision, recall, and the F-score, which are explained in Section 3.7. For
each subset of data, the accuracy, recall, precision, and F-score was calculated. Each
subset was run 5 times in the neural network, which gave a mean and a standard de-
viation per subset for each of these metrics. The accuracy of each subset is presented
below. The precision, recall, and F-score of each subset is presented in Appendix E.

5.3.1  Subset 1: No generalisation

This subset of data tested the performance of the neural network, where the ground
truth of the fitting and testing data was established by different groups of raters.
Five such subsections were established based on the agreement of the raters with
the standard rater and the expertise level of each rater. This can be seen in Table 5.3.
All the Pattern IDs, aspect ratios, and geometries generated in the computational
physics-based approach were used in each subsection formed from Subset 1.

CRACK PATTERN SIMILARITY LABEL It is seen in Fig. 5.27 that the crack pattern
similarity label had a higher accuracy than the other labels in all subsets except
for Subset 1.5. The highest accuracy, 94%, for the crack pattern label is obtained
by Subset 1.2, where the fitting and testing was done solely on the assessments
performed by the standard rater, Rater ID 4. The lowest accuracy for this label was
79%, obtained for Subset 1.5 when the neural network was fitted and tested to the
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Table 5.3: Details of Subset 1, formed from the labelled data generated from the computa-
tional physics-based approach used to fit and test the neural network.

Criteria used to Raters included | Number of image
Subset . .
No choose raters in the subset pairs used
Fitting Testing Fitting | Testing | Fitting | Testing
2, 3/ 4/ 2, 3/ 4/
1.1 All raters All raters 20,21, | 20,21, 375 125
22, 25 22,25
1o Standard Standard o
' rater rater 4 4 > 75
Raters with good | Raters with poor
. agreement with agreement with | 2, 3,4, 22 2 s
3 the standard the standard 20, 21 ’ 25 375 >
rater’ rater?
1.4 Expert raters Expert raters 2,3, 4 | 2,34 293 98
MSc student MSc student 20,21, | 20,21,
1.5 362 121
raters raters 22,25 22,25

similarity assessment by the MSc students. This could be related to the low inter-
rater agreement for this label among the MSc student raters, as seen in Fig. 5.18.
The accuracy of Subset 1.1 for the crack pattern similarity label, which contains the
similarity assessment of all seven raters, was 87%. This was a 5% decrease from
the accuracy of 92% obtained from the neural network fitted to only statistically-
generated crack pattern images with labels given by the masonry expert at TNO
in 2020 (Section 2.5.2). The statistically generated data used in 2020, contained 395
crack pattern images on masonry fagades without openings that were assessed by
Rater ID 4. Subset 1.2 was most similar to this data set, with 300 crack pattern image
pairs generated through the computational physics-based approach on facades with
and without openings, assessed by Rater ID 4. It is also interesting to note that the
neural network fitted to Subset 1.2 predicted the crack pattern similarity label with
a 2% higher accuracy than the neural network fitted to the statistically-generated
image pairs.

DAMAGE SEVERITY LABEL  The performance of similarity prediction of the damage
severity label as a function of accuracy is seen in Fig. 5.27. The highest accuracy,
85%, was obtained when the neural network was fitted to Subset 1.2, containing
only the annotations performed by standard rater, Rater ID 4. This was about 6%
lower than the 92% accuracy obtained by the neural network fitted to the statisti-
cally generated images in 2020 (Section 2.5.2). The accuracy obtained by the neural
network fitted to Subset 1.4 (containing the assessment of only the expert raters)
and Subset 1.5 (containing the assessment of only the MSc student raters) were
only slightly lower at 85% and 81%, respectively. The lowest accuracy, 72%, was
obtained when the neural network was fitted to Subset 1.3.

OVERALL SIMILARITY LABEL The accuracy of the overall similarity label, was seen
to follow the general trend of the accuracy of the crack pattern similarity label, as
seen in Fig. 5.27. The highest accuracy of this label was seen when the neural
network was fitted to and tested with Subset 1.2 containing only the similarity
assessments performed by Rater ID 4, with a magnitude of 85%. This was around
6% less accurate than the neural network fitted to statistically produced images in
2020 (Section 2.5.2), which achieved 92% accuracy. When the neural network was

1 These raters were chosen such that they have a Lin’s CCC value of at least 0.75 for at least one of the
similarity labels, as seen in Fig. 5.13, Fig. 5.15, and Fig. 5.17.

2 These raters were chosen such that they have a Lin’s CCC value less than o0.75 for all three similarity
labels, as seen in Fig. 5.13, Fig. 5.15 and Fig. 5.17.




5.3 RESULTS OF THE SIMILARITY ASSESSMENT PERFORMED BY THE CNN \
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Figure 5.27: Summary of accuracy of the labels with the neural network fitted and tested to
Subset 1.

fitted to Subset 1.1, the accuracy dropped to 69%, the lowest accuracy of any label
for any subsection from Subset 1 used to fit the neural network.

5.3.2 Subset 2: Generalisability with respect to Pattern ID

In order to explore the generalisability of the neural network, it was tested how
well the network was able to predict the similarity of a crack pattern ID not used
for fitting. With this aim, eight subsections of data were defined under Subset 2, as
seen in Table 5.4. In each of these subsections of data, one Pattern ID was left out
from the fitting of the neural network. This neural network was then tested with
only the image pairs that contained at least one image of the crack pattern type that
was left out from the fitting. In each such subsection of data, the annotations given
by all the raters (Rater IDs 2, 3, 4, 20, 21, 22, and 25) for all the images generated in
the computational physics-based approach were used. Additionally, all the aspect
ratios and geometries were included in all the fitting and test sets.

CRACK PATTERN SIMILARITY LABEL It is seen in Fig. 5.28 that the neural network
generally had a poor degree of accuracy in its ability to predict the crack pattern
similarity label. The highest accuracy was only, 56%, obtained for Subset 2.1 when

Table 5.4: Details of the Subset 2 of the labelled data that was annotated by all the raters from
the computational physics-based approach used to fit and test the neural network.

Pattern ID used Number of image pairs used
Subset No — - — -

Fitting Testing | Fitting Testing
2.1 20, 21, 23, 24, 101, 102, 103 18 369 131
2.2 18, 21, 23, 24, 101, 102, 103 20 370 130
2.3 18, 20, 23, 24, 101, 102, 103 21 389 111
2.4 18, 20, 21, 24, 101, 102, 103 23 392 108
2.5 18, 20, 21, 23, 101, 102, 103 24 383 117
2.6 18, 20, 21, 23, 24, 102, 103 101 399 101
2.7 18, 20, 21, 23, 24, 101, 103 102 407 93
2.8 18, 20, 21, 23, 24, 101, 102 103 398 102
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Accuracy of the similarity prediction by the neural network for Subset 2.

100
80
9
< 601 5
>
S 3 I $
g P
8 40 T % I
< x i
201 *
Subset Subset Subset Subset Subset Subset Subset Subset
2.1 2.2 2.3 2.4 2.5 2.6 2.7 2.8
Data used for fitting and testing
1 Crack pattern similarity label 1 Damage severity label ¥ oOverall similarity label

Figure 5.28: Summary of accuracy of the labels with the neural network fitted and tested to
Subset 2.

Pattern ID 18 was left out of the fitting sample but included in the testing sample.
The lowest accuracy for this label was 23%, obtained for Subset 2.3. This was ob-
tained when the neural network attempted to predict the crack pattern similarity
label for Pattern ID 21 without using it in the fitting step. The accuracy of the neu-
ral network to similarly predict the crack pattern similarity label for all the other
IDs was about ~40-50%. Pattern IDs 18, 20, and 21 (Subsets 2.1, 2.2, and 2.3) have
horizontal crack orientations, while Pattern IDs 23 and 24 (Subsets 2.4 and 2.5) have
vertical crack orientations. There seemed to be no recognisable trend in the predic-
tion accuracy of the neural network when crack patterns of similar orientation (or
shape) were left out of the fitting procedure.

DAMAGE SEVERITY LABEL The damage severity label was also seen to perform
very poorly in Fig. 5.28. Subset 2.7 had the highest accuracy for this label in this
subsection at 53%, achieved when Pattern ID 102 was dropped out of the fitting
sample but included in the testing sample. It was also seen that Subset 2.2 had the
lowest label accuracy of 28% when the neural network tried to predict the damage
severity label for Pattern ID 20 without using it in the fitting phase.

OVERALL SIMILARITY LABEL The accuracy of the overall similarity label showed
similar performance to that of the damage severity label, as seen in Fig. 5.28. The
highest prediction accuracy of 52% for this label was seen again for Subset 2.7, as
with the damage severity label. Similarly, the lowest prediction accuracy was only
27%, seen in Subset 2.2.

5.3.3 Subset 3: Generalisability with respect to facade geometry

Another question regarding the generalisability of the neural network was if it can
handle different geometries of the masonry facades. Five subsections of data were
defined under Subset 3 in order to investigate this, as seen in Table 5.5. In subsec-
tions 3.1, 3.2, 3.3, and 3.4, one out of the four aspect ratios of the masonry fagades
generated in this project was left out in the fitting procedure of the neural network.
This neural network was then tested with image pairs of which at least one was of
the aspect ratio that was left out from the fitting. Additionally, one more subsec-
tion was defined where the fitting of the neural network was done with masonry
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fagades without openings, and it was tested with image pairs that contain at least
one fagade with an opening. This was subset 3.5. In each such subsection of data,
the annotations given by all the raters (Rater IDs 2, 3, 4, 20, 21, 22 and 25) for
all the images generated in the computational physics-based approach were used.
Additionally, all the Pattern IDs were included in all the fitting and test sets.

CRACK PATTERN SIMILARITY LABEL It is seen in Fig. 5.29 that while the crack
pattern similarity labels perform relatively poorly with respect to accuracy, this
label had a higher accuracy than the other labels in almost all subsections, except
for Subset 3.4. The highest accuracy, 61%, for the crack pattern label was obtained
by Subset 3.1, where fitting was done by leaving out the aspect ratio of 1:1 and tested
image pairs that included it. The lowest accuracy for this label was 36%, obtained
for Subset 3.5, when the neural network was fitted to facades with no openings and
tested with facades with openings.

DAMAGE SEVERITY LABEL The similarity prediction accuracy of the damage sever-

ity label appeared to be performing poorly as well in Fig. 5.29. Similar to the crack

Table 5.5: Details of the Subset 3 of the labelled data that was annotated by all the raters from
the computational physics-based approach used to fit and test the neural network.
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Subset Aspect ratio of the | Type of geometry o fthe fagades used | Number of image
No fagades used (with/without opening) pairs used
Fitting | Testing Fitting Testing Fitting | Testing
3:2, 2:1, Facades with and | Facades with and
3.1 1:1 . . . . 313 187
10:3 without openings | without openings
1:1, 2:1, Facades with and | Facades with and
3.2 3:2 . . . . 308 192
10:3 without openings | without openings
11, 3:2, Facades with and | Facades with and
3.3 2:1 . . . . 308 192
10:3 without openings | without openings
11, 3:2, Facades with and | Facades with and
3.4 10:3 . . . . 316 184
2:1 without openings | without openings
1:1, 3:2, | 1:1, 3:2, | Facades without Facades with
35 | 51 1003 | 21, 10: ~ ; 234 267
1, 1013 | 2:1, 10:3 openings openings
Accuracy of the similarity prediction by the neural network for Subset 3.
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Figure 5.29: Summary of the accuracy of the labels with the neural network fitted and tested
to Subset 3.
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pattern similarity label, Subset 3.1 had the highest accuracy for this label in this
subsection at 57% and Subset 3.5 had the lowest label accuracy of 33%. In Subset
3.4, when the label is fitted to all aspect ratios except 10:3 and fitted to it, this label
was seen to perform better than the crack pattern similarity label.

OVERALL SIMILARITY LABEL  The accuracy of the overall similarity label while poor,
almost exactly mimicked the behaviour of the damage severity label. This is seen in
Fig. 5.29. The highest prediction accuracy for this label was seen again for Subset
3.1, as with the damage severity label, with an accuracy of 58%. Similarly, the lowest
prediction accuracy was only 34%, seen in Subset 3.5.

5.3-4 Subset 4: Generalisability with respect to statistically generated images
and real-world images

Finally, to see how well the neural network was able to predict the similarity of
real-world images when fitted to images generated in the computational physics-
based approach, Subset 4 was defined as shown in Table 5.6. The data used for
fitting was chosen based on the expertise level of the raters and their agreement
with the standard rater. These were then tested with images generated from all
three approaches in subsections 4.1, 4.2, and 4.3. Additionally, Subsets 4.4, 4.5, and
4.6 were defined such that the neural network was tested with image pairs that
contain at least one real-world crack pattern. All the Pattern IDs, aspect ratios and
geometries in the computational physics-based approach were used in each subset
used to fit the neural network. Subsets 4.4, 4.5, and 4.6 were run 10 times per label
in the neural network due to the large standard deviations seen.

CRACK PATTERN SIMILARITY LABEL A very poor performance was seen for the
neural network when tested with images generated from all three approaches for
this label, as seen in Fig. 5.30. The highest accuracy, 33%, for the crack pattern label
was obtained by Subset 4.4, where the neural network was fitted to finite element
images annotated by all the raters and tested with image pairs that contain at least
one real-world image. The lowest accuracy for this label was 23% when the same
data was tested on a neural network fitted to annotations from the standard rater
alone. Both these subsets also had very large standard deviations, making these
accuracies less reliable.

DAMAGE SEVERITY LABEL In Fig. 5.30, the damage severity label’s similarity pre-
diction accuracy looked to be weak as well. Subset 4.2 had the highest accuracy
for this label in this subsection at 50% and Subset 4.5 had the lowest label accuracy
of 30%. This label was also seen to have a very large standard deviation for the
prediction accuracy, hinting that these values were not very reliable.

OVERALL SIMILARITY LABEL  While the overall similarity label’s accuracy was weak,
it closely resembled the behaviour of the damage severity label. This is seen in Fig.
5.30. The highest prediction accuracy for this label was seen again for Subset 4.2,
as with the damage severity label, with an accuracy of 48%. The lowest prediction
accuracy was only 25%, seen in Subset 4.6. This label also had a very significant
standard deviation for prediction accuracy, implying that these numbers were ques-
tionable.
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Table 5.6: Details of the Subset 4 of the labelled data that was used to fit and test the neural

network.
Subset Approach used to generate Criteria used to Raters included | Number of image
No the image pairs choose raters in the subset pairs used
Fitting Testing Fitting Testing | Fitting | Testing | Fitting | Testing
o | Ghysexbased | Alltree Al Al | e | 2 o | 5o
4 P aypproach approaches’ raters raters* 22’ 25’ » 34 > >
, | Somputgtional | three Standard Al . i, .
4 P zpproach approaches? rater raters* 4 134 3 3
Computational Raters with good
h sI;cs-base d All three agreement with All 2,34 | 00 o
4.3 p ;’ oach approaches? the standard raters* | 20, 21 134 3 3
PP rater
Computational | Subset from All All 2,3, 4,
P pprench | approachess | mters | materst | T3 ) B34 50 0
Computational | Subset from
. Standard All
o ot | W’ | St AL s e |
Computational | Subset from Raters with gc?od
4.6 physics-based all three agreement with All 234, 3, 4 500 15
approach approachess the standard raters* | 20, 21 et
PP PP rater
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Figure 5.30: Summary of the accuracy of the labels with the neural network fitted to and
tested to Subset 4.

3 The subset contains image pairs generated from the statistics-based approach and real-world images,
from the computational physics-based approach and real-world images.

4 Only Rater IDs 2, 3, and 4 assessed the image pairs generated from all three approaches. Thus, all raters
here refers to only these three raters.

5 The subset contains image pairs generated from the statistics-based approach and real-world images, as
well as image pairs and from the computational physics-based approach and real-world images.
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5.4 DISCUSSION

The similarity of masonry crack pattern images is currently assessed by masonry ex-
perts and structural engineers. The findings of this thesis corroborate the previous
research done at TNO, showing that it is indeed possible to automate the similarity
assessment of crack pattern images using convolutional neural networks. However,
the neural network developed in this thesis shows very poor generalisability when
fitted and tested on the current data set. There is potential to improve this by mak-
ing changes to the architecture of the neural network [1]. Additionally, using larger
quantities of more balanced data to train the neural network may improve the per-
formance. This data can be expanded to image pairs that include more crack pattern
types and a more uniform distribution of similarity ratings. Generating tens of thou-
sands of image pairs using the computational physics-based approach to fit and test
this neural network will take a few weeks worth of effort on a moderately powered
workstation °. Collecting hundreds, or even thousands of real-world images will be
a few weeks of effort as well; however in contrast with the previous point it would
involve almost solely human labour. Furthermore, getting raters to annotate this
large quantity of image pairs can take up to weeks or months. The judgements of
masonry experts were instrumental in the training of the neural network to a great
extent. The low prediction accuracy values of the fitted neural networks in the gen-
eralisabilty experiments suggest that the neural network may need to be fitted to
a much larger sample of crack patterns that cover all the relevant cases to obtain
a higher prediction accuracy. Additionally, the high inter-rater variability seen in
assigning the labels to crack pattern image pairs indicated that even a perfect neural
network need not work well, as it would be fitted to very inconsistent data. Hence,
the neural networks cannot completely replace the masonry experts. At best, it can
facilitate easier access to the experts’ opinion on the similarity assessment of crack
pattern images. If neural networks fitted to expert opinions are sufficiently gener-
alisable and able to achieve accuracy greater than 9o% in predicting the similarity
labels, they can be used as a less expensive and faster substitute to masonry experts
in crack pattern similarity assessment tasks.

6 Any work station with a CPU of at least 8 cores and a RAM of at least 32 GB.
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The main research goal of this thesis was to explore how accurately a neural net-
work fitted to data from a computational physics-based approach (finite element
analysis) can predict the similarity of crack pattern image pairs. Four sub-research
questions were provided to give an insight into the research aim and methodology.
Based on the results presented in the previous chapter these questions are answered
here. Moreover, recommendations for future research are also provided.

6.1 RETURNING TO THE RESEARCH QUESTIONS

6.1.1  Main Research Question

How accurately can a neural network — fitted to data generated from finite element
models — predict masonry crack pattern similarities?

The crack pattern image pairs generated from the computational physics-based ap-
proach were assessed for their similarity by seven masonry experts. Three similarity
labels were used to perform this assessment: the crack pattern similarity label, the
damage severity label, and the overall similarity label. The neural network fitted
to 375 image pairs with expert-given labels was able to predict the similarity with
reasonably good accuracy. The neural network assigned the crack pattern similarity
label with an accuracy of 87%, the damage severity label with an accuracy of 82%
and the overall similarity label with an accuracy of 69%. The degree of accuracy
that can be achieved by the neural network depends greatly on the type of the data
used to fit the neural networks, i.e. which raters were used to establish the ground
truth, which crack pattern archetypes and geometries were used in the fitting set
and the testing set, as well as the sources used to generate the crack pattern im-
age pairs. When the neural network was only fitted to the labelled data from the
standard rater, it showed an average increase of 12% in the accuracy of all three
labels. The generalisability experiments indicated a significant drop in accuracy for
all three label groups, by an average of 47%.

6.1.2 Sub Research Questions

What criteria are used by masonry experts to assess the similarity in crack pattern
image pairs? What is the agreement between the masonry experts in using these
criteria?

From conversations with masonry experts, it was deduced that the way an expert
interprets the similarity of a crack pattern image pair greatly depends on the nature
of the task at hand. Following this, the three similarity labels that attempted to in-
clude the characteristics that masonry experts use for visual similarity assessment
were defined: crack pattern similarity label, damage severity label, and overall simi-
larity label. The crack pattern similarity label takes into account the similarity in the
cracking mechanism and the similarity of the geometrical shape of the crack pattern.
The damage severity label captures the similarity in the severity by accounting for
the crack length and width. A third overall similarity label was used to see how ma-
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sonry experts combined the previous two labels. An inter-rater agreement analysis
was conducted by computing Krippendorff’s alpha on the labelled data generated
from the computational physics-based approach. This revealed that there was in-
sufficient agreement among all the raters regarding all the three labels. It was also
seen that the highest agreement among all the raters was for the overall similarity la-
bel. This was followed by the crack pattern similarity label, and finally, the damage
severity label. The corresponding &« values were 0.73, 0.68, and 0.56, respectively. It
was also observed that, in general, there was higher agreement among raters when
they were grouped by their experience with masonry structure, i.e. there was more
agreement among expert raters than among MSc student raters. The consistency
of a chosen standard rater, Rater ID 4, with themself, was also tested using Lin’s
Concordance Correlation Coefficient (CCC) by having them assess the same set of
image pairs twice. It was seen that the standard rater was most consistent for the
crack pattern similarity label, followed by the overall similarity label and finally
the damage severity label with Lin’s CCC values of 0.96, 0.87 and 0.72, respectively.
Following this, it was decided that if any rater was able to have a Lin’s CCC value
of at least o.70 with Rater ID 4, for at least one out of the three similarity labels,
they could be considered to be as reliable as Rater ID 4. It is also to be noted that
as the similarity ratings of each label for each image pair was averaged out before
fitting the neural network, this high inter-rater variability was not transferred to the
neural networks. Thus, the performance of the neural network was not correlated
to the Krippendorff’s alpha values for any label.

What are the parameters that should be varied in the finite element models to generate
different crack patterns (e.g.: geometry, loading, material properties)?

In order to make the generation of the finite element models as realistic and gener-
alisable as possible, the geometry, material properties, and loading conditions were
varied with each model. The variation of the geometry included variation in height,
width, thickness, and shape of the facade, as well as a variation in the number, size,
shape, and location of openings in the facade. Four aspect ratios of the masonry
fagades were considered, along with different thicknesses for each aspect ratio. Ad-
ditionally, three types of openings were considered for the facades with openings.
As an infinite number of possibilities exist in choosing the location and combina-
tion of these openings, ten different orientations of the openings were chosen for
each crack pattern type. The variation in material properties of the masonry was
realised through the generation of random fields for the Young’s modulus and ten-
sile strength. All the other properties of masonry and the soil-structure interaction
were kept constant. The location and magnitude of the crack-inducing loads were
also varied for each crack pattern in this thesis.

How generalisable is the fitted neural network in dealing with different masonry
fagcades?

The fitted neural networks were tested for their generalisability by evaluating its ca-
pability to predict the similarity of a crack pattern image pair that was not used to
fit the neural network. Three types of generalisability experiments were used to (i)
predict the crack pattern similarity involving a crack archetype that was excluded
from the fitting procedure; (ii) predict the crack pattern similarity involving a facade
geometry that was excluded from the fitting procedure; and (iii) predict the crack
pattern similarity of images generated from the statistics-based approach, compu-
tational physics-based approach and the real world images when the network was
fitted to images from only the computational physics-based approach. When the
neural network predicted the similarity of a Pattern ID that was not used in the fit-
ting, on an average, the accuracy was 50% for the crack pattern similarity label, and
43% for the damage severity and overall similarity label. When the neural network
predicted the crack pattern on a fagade with a different geometry than the ones
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used in the fitting process, the average accuracy of prediction for the crack pattern
similarity, damage severity, and overall similarity labels were 50%, 46%, and 46%,
respectively. Finally, when the neural network was tested with image pairs gen-
erated from the statistics-based approach, computational physics-based approach,
and the real world images when the network was fitted to images from only the
computational physics-based approach, the average accuracy of the crack pattern
similarity label was 28%, the damage severity label was 39% and the overall simi-
larity label was 36%. Thus, it can be concluded that, in general, the fitted neural
networks shows very poor generalisability. This could be due to insufficiency of the
data set used to fit the neural networks.

How do the fitted neural networks perform on real-world crack patterns?

Over 50 images of settlement induced crack pattern images were collected from
the Dutch city of Gouda. However, only four of them have similar crack pattern
type and fagade geometry as the crack patterns generated in this thesis through
the computational physics-based approach. Fifteen image pairs were created that
compare these four real-world images to images generated from the statistics-based
approach. These images were then tested on a neural network fitted to data from
the computational physics-based approach. The neural network predicts the crack
pattern similarity label, the damage severity label, and the overall similarity label
with an accuracy of 28%, 33%. and 28%. Thus, the neural network performed
very poorly on real-world crack patterns with known real world damage causes. It
should be noted that the sample of real-world images used for testing in this thesis
was very small. Hence, these results and conclusions are to be taken at best as
indicative.

6.2 FURTHER RECOMMENDATIONS

This thesis focused on masonry damage caused by soil subsidence, as well as a
few cases of damage caused by temperature changes and out-of-plane stresses. The
finite element models created were limited to clay brick masonry material qualities
and a soil-structure interface that replicates the behaviour produced by a structure
sitting on clayey soil. Using the smeared crack model, the masonry was described as
a non-linear continuum, and the soil-structure interface was modelled using linear
properties. The images of the simulated crack patterns were composed of only
rectangular 2D shapes and four aspect ratios. In the facades with openings, only
one type of door and two types of windows were considered as openings. Thus, the
sample of crack pattern image pairs generated through the computational physics-
based approach was not entirely reflective of the facades seen in real life. This affects
the generalisability of the neural networks. Keeping in mind the main research
question and the goal of the research work at TNO, the following development can
be considered in further investigations:

e Pattern IDs 30, 31, 32 and 201 can be developed with the computational
physics-based approach. Additional crack pattern types can also be included
in future studies, such as, crack patterns generated on different facade geome-
tries due to different damage causes.

e More focus can be given to cracks induced by in-plane loads. These are seen
to be more recurrent in buildings that are not subjected to earthquake-induced
damage.

e The finite element models can be expanded to include more variety of ma-
sonry types and soil properties in order to make the finite element models
more generalisable.
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e It would also be interesting to study the crack patterns generated from multi-

ple or different combinations of the crack-inducing loads in the finite element
models.

Currently, the real-world images are converted to a pixel format manually. It
is expected that the technology to achieve this through automation will be
available in the future. A larger variety of real-world image pairs can be
collected and used for the similarity assessment in this scenario.

Future iterations of the similarity assessment performed by raters can include
a larger number of experts with a more versatile background.

To help improve the inter-rater variability, more clear instructions can be given
to the raters. This could even include some background theory into the crack-
ing mechanisms of common crack pattern types. A mandatory trial attempt
of the crack pattern similarity assessment could also be done to help the raters
achieve consistency.

The neural network can be fitted to the images generated from the statistics-
based approach. A comparison of the similarity assessment can be performed
to see if the additional computational effort of the computational physics-
based approach is rewarded with a higher accuracy in similarity, especially
with regard to similarity assessments including real-world images.

A comparison of the similarity between image pairs generated from the com-
putational physics-based approach and the real-world images can be explored
in the future studies.

The ground truth of the neural network can be established by using a different
means other than by averaging the similarity ratings given by the masonry
expert as this leads to a loss of information. For example, a weighted average
or a median can be employed.
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IMPLEMENTATION OF SPATIAL
B VARIABILITY OF MASONRY
PROPERTIES AS A RANDOM FIELD

The spatial variability of the Young’s modulus and the tensile strength was im-
plemented in the finite element models by generating them as random fields, as
described in Section 4.2.2. The methodology used to generate these random fields
is explained in this appendix.

e Define an autocorrelation function: An autocorrelation function defines the
degree of similarity or correlation between points in the sample space [78].
Exponential and squared exponential functions are commonly used to define
autocorrelation functions in engineering applications [64]. For the definition
of the parametric masonry models in this project, a squared auto-correlation
function, Ryy, was assumed as given in Eq. B.1 [64].

Ax?
Ryy =exp (— 12 ) (B.1)
c
Where,

Ax = The distance between the nodes in the mesh.
L. = The correlation length.

The correlation length indicates the distance beyond which the autocorrelation
between two points in the field vanishes. The correlation length for material
properties in concrete was seen to vary from 0.5 m to 5 m [64]. The correlation
length of masonry properties has been studied far less. The tensile strength
and the Young’s modulus vary spatially along the volume of a masonry wall
depending on the type of the masonry unit, the type of mortar used for bond-
ing, shrinkage stresses and other age-related issues such as carbonation [79].

The correlation length of masonry could be taken as 1/16"" of the brick length
or 12.5 mm [80]. A correlation length of comparative magnitude, such as
10 mm, would be representative of situations where the spatial correlation
does not extend beyond the mortar joints. The correlation length had also
been studied as a function of brick length which assumed that the correlation
length of the material properties of masonry was affected by the adjacent
bricks of each course [81]. Thus, a correlation of 20 cm, as shown in Fig. B.1a
and Fig. B.1b, was representative of the situations where there was strong
correlation only between individual masonry units. The correlation length
for the spatial variation of Young’s modulus and tensile strength in concrete
structures usually are of larger magnitudes, such as 2-3 m. Such values are
also sometimes used for masonry structures as the repetitive use of a single
type of brick and mortar can lead to a strong correlation over larger lengths
[81]. In this study, the correlation length of the masonry was assumed to be
0.2 m. The other material properties are as stated earlier in Table 4.1
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Spatial variation of Young’s modulus [GPa].
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Figure B.1: Spatial variation of material properties are shown for a random field with a
correlation length of 20 cm.

e Define a marginal distribution for the material properties: The Young’s mod-
ulus was assumed to follow a normal distribution [66] and the tensile strength
was assumed to follow a lognormal distribution [66, 71]. To generate a ran-
dom field for the Young’s modulus and the tensile strength of masonry, the
mean and variance of the random distribution were required. The mean val-
ues of the Young’s modulus and the tensile strength were taken from previous
studies of using a continuum model for modelling the properties of masonry
structures [39]. The coefficient of variation (COV) of the Young’s modulus [66—
69] and the tensile strength [65, 67, 70, 71] of the masonry were approximated
from experimental research of masonry units of similar properties. This was
used to calculate the standard deviation of these properties as well. These
values are given in Table 4.1.

e Generate a pair-wise distance matrix using the centre points of the finite
element: The centre points of the finite elements were taken as (x;, ;). Using
these points, a pair-wise distance matrix was generated. A distance matrix is
a square matrix that contains the pair-wise distance between any two points
in the field. The size of this matrix is dependent on the mesh size.

o Compute the correlation matrix: A correlation matrix is a square matrix that
contains the correlation between any two points. This correlation was ob-
tained using the distance matrix and the autocorrelation function. As each
element always correlates with itself perfectly, the diagonal elements of the
correlation matrix is equal to 1.
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e Define a multivariate probability distribution:

Young'’s modulus

A one-dimensional normal distribution generalised to a higher dimension
gives a multivariate normal distribution. The assumed normal distribution
and the computed correlation matrix was used to define the multivariate nor-
mal distribution. In this thesis, this multivariate distribution was generated
using inbuilt python functions.

Tensile strength

A one-dimensional lognormal distribution generalised to a higher dimension
gives a multivariate log-normal distribution. The assumed uni-variate log-
normal distribution and the computed correlation matrix was used to define
the multivariate log-normal distribution.

In this project, the multivariate lognormal distribution was generated in python.
However, there were no inbuilt python functions to generate the multivariate
log-normal distribution. So the mean and variance of the log-normal distri-
bution were converted to the mean and variance of a corresponding normal
distribution so that the inbuilt python function for generating the multivariate
normal distribution could be used. This conversion was done using Eq. B.2
and Eq. B.3[82, 83]:

1
mx = 21In (my) — 3 In (0'12/ + m%) (B.2)
0% = —2In (my) +1n (a% + m%) (B.3)
Where,
2

my, 0% = The mean and variance of the normal distribution.
my, 0'5 = The mean and variance of the log-normal distribution.

The exponent of the samples of the multivariate normal distribution (gener-
ated using the inbuilt python function) was then used to generate the samples
of the multivariate log-normal distribution.

¢ Generate the random field: A random sample chosen from these multivariate
probability distributions is a particular realisation of the random field. These
random variables were then assigned to the corresponding finite element as a
material property.

In Fig. B.2, the spatial variation of Young’s modulus and tensile strength are
shown for masonry walls of the different aspect ratios considered in this project for
a mesh size of 100 mm.
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Spatial variation of tensile strength [MPa].
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(h) Spatial variation of tensile strength [MPa] of a masonry wall with aspect ratio 10:3.

Figure B.2: The random field of the Young’s modulus and the tensile strength for various
aspect ratios of the masonry facades.






‘ ' DETAILED DESCRIPTION OF THE
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The boundary and loading conditions used to simulate Pattern IDs 20, 21, 23, 24,
101, 102 and 103 are discussed in detail below.

C.A1 PATTERN ID 20

Fig. C.1 shows Pattern ID 20, which consists of a horizontal crack along almost the
entire length of the wall. These types of cracks tend to occur close to the roof or
floor level [7]. They may be caused by overloading caused by a change in the load
or the load path. Masonry facades subjected to dimensional changes induced by
moisture or temperature may also cause these types of cracks [7].

Figure C.1: Pattern ID 20 [7].

Boundary and loading conditions

In order to simulate this type of crack pattern, a horizontal line was imprinted along
the length of the facade close to the roof. A moment, which was applied about this
horizontally imprinted line, caused out of plane bending. The part of the masonry
below this imprinted line was assumed to be fixed against all translational motion
(X, Y, Z) along all four edges. The remaining upper part of the facade was only
restrained by the shared edge it has with the lower portion of the facade, as shown
in Fig. C.2a. The self-weight and the pre-compression load were applied to the
structure before the application of the crack inducing load, as explained in Section
4.2.4. The crack inducing load applied to produce this type of crack pattern is
shown in Fig. C.2b. The crack inducing load was applied using the force control as
a moment along the horizontally imprinted line. In order to parametrise this crack
type, the location of this horizontal line was randomly chosen in the top 70 - 85%
of the fagade height. The magnitude of the moment applied on the horizontally
imprinted line was randomly chosen between 100 kNm/m and 200 kNm/m for
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(a) Schematic representation of the boundary conditions of Pattern
ID 20.

(0,
Yera

ck initiation)

(xLength of facade’
crack initiation

(b) Schematic representation of the loading conditions of Pattern ID
20.

Figure C.2: Boundary and loading conditions of Pattern ID 2o0.

facades with thickness of 0.2 m and 0.3 m. For facades with a thickness of 0.4
m and 0.5 m, the magnitude of the moment was randomly chosen between 250
kKNm/m and 350 kNm/m. This magnitude was enough to produce cracks with
widths between 1 and 10 mm. Larger loads tend to cause numerical issues with
the modelling and led to difficulties in achieving equilibrium in the finite element
models. Smaller loads did not produce sufficiently large crack widths.

Crack Patterns

A nonlinear phased analysis of each of the models was completed using the pro-
cedure explained in Section 4.2.5. It was seen that even with 200 steps, this model
has quite a number of points that cannot achieve convergence with 50 iterations
per step. However, at the end of 200 steps, it was seen that the models are able to
exhibit the expected crack patterns and deformations, as shown in Table C.1.
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Table C.1: The deformed shape of the finite element model of Pattern ID 20 at the last step
(deformation factor = 0.05)

Ecw!

(mm)
30.00
| 26.38
2275
19.13
15.50
11.88
8.25

I 4,63
1.00

Aspect ratio 1:1. Aspect ratio 3:2.

Pattern ID 20

y \

Aspect ratio 2:1. Aspect ratio 10:3.

C.2 PATTERN ID 21

In the crack pattern denoted by Pattern ID 20, a horizontal crack extends almost
entirely along the length at location close to the middle of the height of the facade
[7]. It is not too close the floor or the roof level, as shown in Fig. C.3. These types of
cracks may be caused by vertical settlement or hindered dimensional changes due
to chances in moisture content or temperature [7].

Figure C.3: Pattern ID 21 [7].
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Boundary and loading conditions

A horizontal line was imprinted along the length of the facade near the mid-height
of the facade to simulate this crack pattern. An out-of-plane load was applied along
this line to produce an out-of-plane deformation that can cause such crack patterns.
The edge of the fagade connected to the rood and to the floor is assumed to be fixed
against all translational motion (X, Y, Z), as shown in Fig. ??.

After applying the self-weight and the pre-compression load in the first phase
as explained in Section 4.2.4, the crack inducing load was applied in the second
phase of the phased analysis. The crack inducing load applied to produce this type
of crack pattern is shown in Fig. C.4. The crack-inducing load was applied as a
distributed force along the horizontally imprinted line using the force control. The
location of this horizontal line was randomly chosen to lie somewhere in the 30
- 70% of the fagade height. The magnitude of the distributed force applied on the
horizontally imprinted line varies with the thickness of the facade. For facades with
a thickness of 0.2 m, the magnitude of the load was randomly chosen between 50
kN/m and 100 kN/m. For facades with thickness of 0.3 m, the load was randomly
chosen between 100 kN/m and 150 kN/m, while fagades with a thickness of 0.4 m
have a magnitude of force between 150 kN/m and 250 kN/m. Finally, for facades
with a thickness of 0.5 m, the magnitude of the force was randomly chosen between
250 kN/m and 350 kN/m. These loads produced crack widths in the range of 1 mm
to 5 mm. If the magnitude of the load is larger, it tends to cause numerical issues
with the modelling. Smaller loads did not result in large enough crack widths.

(a) Schematic representation of the boundary condi-
tions of Pattern ID 21.

(Och ack initiation)

A
A A - (xLengih of fagade’
A crack injitiation.
A
A
A

A

(b) Schematic representation of the crack inducing
load given to Pattern ID 21.

Figure C.4: Boundary and loading conditions of Pattern ID 21.
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Crack Patterns

The cracked facades produced from the non-linear phased analysis are given in
Table C.2.

Table C.2: The deformed shape of the finite element model of Pattern ID 21 at the last step
(Deformation factor = 0.05). The contour plot shows the crack width obtained in
millimetres.
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C.3 PATTERN ID 23

Pattern ID 23 is shown in Fig. C.5. It is typically denoted by a vertical crack that
starts at the top of the fagade and tapers towards the end of the crack [7]. These
types of cracks maybe cause by vertical settlements or due to overloading. Hindered
dimensional changes can also cause this type of cracks.
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Figure C.5: Pattern ID 23 [7].

Boundary and loading conditions

To model the fagades that exhibit this crack pattern, the bottom edge of the facade
was assumed to be fixed in all translational directions (X, Y, Z). Additionally, to
initiate the crack, a portion of the top edge was assumed to be restrained against
motion in the vertical (Y) direction. These boundary conditions are shown in Fig.
C.6a. The length of the top edge that was assumed to be restrained vertically was
randomly chosen between 40% to 60% of the fagade length.

The general loading conditions have been explained in Section 4.2.4. The crack
inducing load used to produce this type of crack pattern is shown in Fig. C.6b. The
cracks of this type were assumed to have been caused by soil subsidence. The load
was applied using displacement control and was assumed to follow the geometry
of the subsidence profile. The soil subsidence profile comprises of a linear function
with its maximum at the vertex of the facade which eventually becomes zero along
the fagade length. The point at which the settlement profile becomes zero lies on
the vertical axis at which the vertical restraint of the top edge begins. This can
be understood from Fig. C.7. The magnitude of the settlement induced load was
randomly chosen between 3 mm and 5 mm for all facades.

(a) Schematic representation of the boundary conditions of Pattern
1D 23.
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(xcrack initiation» 0)

I

(b) Boundary and loading conditions of Pattern ID 23.

Figure C.6: The crack inducing load given to Pattern ID 23.
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Figure C.7: Schematic representation of the boundary condition and the settlement profile of
Pattern ID 23.

Crack Patterns

A non-linear phased analysis of each of the models was completed using the proce-
dure explained in Section 4.2.5. The deformed fagades showing the expected crack
pattern are shown in Table C.3.
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Table C.3: The deformed shape of the finite element model of Pattern ID 23 at the last step
(deformation factor = 0.05)

Aspect ratio 1:1. Aspect ratio 3:2.

?" ;
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Pattern ID 23

Aspect ratio 2:1. Aspect ratio 10:3.

C.4 PATTERN ID 24

// .

Figure C.8: Crack pattern of Pattern ID 24 [7].

In Fig. C.8, Pattern ID 24 is shown. It typically shows a vertical crack beginning
close to the floor of the fagade which proceeds to taper along the crack length [7].
These cracks are widest at the bottom and they may be caused by vertical loading
or hindered dimensional chances caused by changes induced by moisture or tem-
perature [7].

Boundary and loading conditions

To simulate this type of crack pattern, the bottom edge of the facade was assumed
to be fixed in translation for the vertical and horizontal directions (X, Y), as shown
in Fig. C.9a. The general loading conditions have been explained in Section 4.2.4.
The crack inducing load applied to produce this type of crack pattern is shown in
Fig. C.gb. Like with the previous crack pattern type, the crack pattern of Pattern ID
24 was also assumed to have been caused by soil subsidence. A settlement induced
load was applied using displacement control. The subsidence profile was assumed
to be a Gaussian curve, with its maximum located close the middle of the length
of the fagade, as shown in Fig. C.gb. The Gaussian curve as a function of distance
along the length of the facade is defined as per Eq. C.1.
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(a) Schematic representation of the boundary conditions of Pattern
ID 24.

v

(Xsettlement profile max’

0)

(b) Schematic representation of the crack inducing load given to Pat-
tern ID 24.

Figure C.9: Boundary and loading conditions of Pattern ID 24.

1
s = Jmew () )
Where,

# = Mean of the Gaussian curve. Here, it was used to specify the location of the
maximum of the subsidence profile. Thus, the magnitude of y was
randomly chosen such that it occurs between 40% and 60% of the fagade
length.

o = Standard deviation of the Gaussian curve. Here, it was used to specify the
distribution of the subsidence profile about its maximum (u). Thus, the
magnitude of ¢ was randomly chosen such that it is between 20% and 30%
of the fagade length.

This type of load causes bending of the fagades and result in tapered flexural
cracks. The fagades were subjected to a displacement of magnitude between 1 mm
and 3 mm. Larger magnitudes of the loads sometimes led to small dispersed flexu-
ral cracks rather than one prominent crack.
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Crack Patterns

The cracked fagades produced from the non-linear phased analysis are given in Fig.
Ca.

Table C.4: The deformed shape of the finite element model of Pattern ID 24 at the last step
(deformation factor = 0.05)
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C.5 PATTERN ID 101

Figure C.10: Pattern ID 101 [6].

In the crack pattern denoted by Pattern ID 101 [6], a diagonal crack can be seen to
initiate near an opening in the facade and moves towards the facade edge. These
types of cracks may be caused by vertical settlement, one-end-heaves or hindered
dimensional changes due to chances in moisture content or temperature. This type
of crack pattern has been modelled on facades with openings.

Geometry

Pattern ID 101 was modelled on masonry facades with openings. This crack type
can be simulated to initiate from any kind of openings, doors or windows. How-
ever, in this thesis, the modelling of Pattern ID 101 was limited to cracks initiating
from doors. The position of the doors were kept at a distance of 1 m from the edge.
Similar crack patterns opening from windows were modelled in Section C.6. For
each aspect ratio of masonry facades considered in this study, there is a possibility
to parametrise the location and number of openings (Door 1, Window 1 and Win-
dow 2). The dimensions of these openings are as explained in Section 4.2.1. After
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considering the dimension of the fagade, the dimensions of the openings, and the
required position of the door to model this type of cracks, the following ten geome-
tries were adopted to model Pattern ID 101.

For a facade of dimension 4 m by 4 m, only one geometry was possible after
accommodating Door 1 and leaving sufficient distance between the edge. This is
denoted by fagade ID 1 and shown in Fig. C.11. In fagades of dimensions 6 m by 4
m, 2 types of geometry were chosen, as shown in Fig.C.12. Door 1 was kept near the
edge in both orientations. facade ID 2 also has Window 1, at a location randomly
chosen such that it is at a distance of 1 m from the edge of the door and the wall as
shown in Fig. C.12a.

fagades of dimensions 8 m by 4 m show 3 types of geometry, as shown in Fig.C.13.
Door 1 was kept near the edge in all three geometries. facade IDs 4 and 5 have ad-
ditional openings: Window 1 and Window 2 respectively. These windows were
placed at a location randomly chosen such that it is at a distance of 1 m from the
edge of the door and the wall as shown in Fig. C.13a and Fig. C.13b. Masonry
facades of dimensions 10 m by 3 m were generated to show 4 types of geometries,
as shown in Fig.C.14. Door 1 was kept near the edge in all the geometries. fagade
IDs 7 and 8 had two additional openings, Window 1 and Window 2 as shown in
Fig. C.14a and Fig. C.14b. The distance between the openings were kept constant
as shown in Fig. 4.1. fagade IDs 9 and 10 had only one extra opening: Window 1
and Window 2 respectively, as shown in Fig. C.14c and Fig. C.14d. These windows
were placed at a location randomly chosen such that it was at a distance of 1 m
from the edge of the door and the wall.

Figure C.11: Geometry of a 4 m x 4 m facade exhibiting facade ID 1.

g m|

(a) facade ID 2. (b) facade ID 3.

Figure C.12: Geometry of a 6 m x 4 m fagade exhibiting facade ID 2 and 3.

L I

(a) facade ID 4. (b) facade ID 5. (c) fagade ID 6.

Figure C.13: Geometry of a 6 m x 4 m fagade exhibiting fagade ID 4, 5 and 6.
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N |

(a) facade ID 7. (b) fagade ID 8.

) -

(c) fagade ID 9. (d) facade ID 10.

Figure C.14: Geometry of a 10 m x 3 m facade exhibiting facade ID 7, 8, 9 and 1o0.

Boundary and loading conditions

To simulate Pattern ID 101, it was assumed that the bottom edge of the facade was
fixed in translation in the vertical and horizontal directions (X, Y), as shown in Fig.
C.15a. It was also assumed that the top edge was restrained against horizontal
motion (X). The general loading conditions were explained in Section 4.2.4. For
facades with openings, it was assumed that they were non-load bearing and only
carried the self-weight before the application of the crack inducing load. The crack
inducing load applied to produce this type of crack pattern is shown in Fig. C.15b.
It was assumed that this type of crack patterns were caused by soil subsidence. A
settlement induced load was simulated using displacement control. The subsidence
profile was assumed to be a Gaussian curve, with its maximum located close to the
edge of the facade closest to the door, as shown in Fig. C.15b, i.e. the left edge. The
Gaussian curve as a function of distance along the length of the facade is defined
as per Eq. C.1. The mean of this Gaussian curve was assumed to be at x = 0 m
in order to obtain the maximum at the left edge of the fagade, and the standard
deviation was randomly chosen to lie in (1, 2) m.

e R D D R D R P D D D b P B P P B
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(a) Schematic representation of the boundary conditions of Pattern
ID 101.
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(b) Schematic representation of the crack inducing load given to Pat-

tern ID 101.

Figure C.15: Boundary and loading conditions of Pattern ID 101.

Crack Patterns

The cracked facades produced from the non-linear phased analysis are given in

Table C.5.

Table C.5: The deformed shape of the finite element model of Pattern ID 101 at the last step

(deformation factor = 0.05).
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Table C.5: The deformed shape of the finite element model of Pattern ID 101 at the last step
(deformation factor = 0.05).
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c.b PATTERN ID 102

Pattern ID 102 [6], was characterised by diagonal cracks initiating near an open-
ing in the facade and moving towards the facade edges, similar to Pattern ID 101.
These types of cracks may also be caused by vertical settlement, one-end-heaves or
hindered dimensional changes due to chances in moisture content or temperature.

Figure C.16: Pattern ID 102 [6].

Geometry

This type of crack pattern was modelled on masonry facades with window open-
ings. Even though this crack type can be simulated to initiate from any kind of
openings, in this thesis, the modelling of Pattern ID 102 was limited to cracks initi-
ating from windows. The position of the windows were kept at a distance of 1 m
from the edge. This was very similar to the crack patterns modelled in Section C.5.
There is a possibility to parametrise the location and number of openings (Door
1, Window 1 and Window 2) in each masonry fagade. Section 4.2.1 explains the
dimensions of these openings. The following 10 geometries were adopted to model
Pattern ID 102. facade ID 11 was modelled on a masonry facade of dimension 4 m
by 4 m with only Window 1. This was the only one geometry possible for a facade
of this dimension after accommodating Window 1 and leaving sufficient distance
between the edge, as shown in Fig. C.17. Two types of geometry were chosen for
facades of dimension 6 m by 4 m, as shown in Fig.C.18. facade ID 12 has openings
Door 1 and Window 1, and fagade ID 13 has opening Window 2. Both windows
were kept at a distance of 1 m from the edge. In facade ID 12, Door 1 was at a
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location randomly chosen such that it was at a distance of 1 m from the edge of
Window 1 and the edge as shown in Fig. C.18a.

fagade IDs 14, 15 and 16 were the chosen geometries of masonry fagades of di-
mensions 8 m by 4 m to model Pattern ID 102. This is shown in Fig.C.19. Window
openings on the left edge was kept at distance of 1 m from the edge in all three
geometries. facade IDs 14 and 15 have an additional opening: Door 1 placed at a
location randomly chosen such that it was at a distance of 1 m from the edge of
the door and the wall as shown in Fig. C.19a and Fig. C.19b. For the facades of
dimensions 10 m by 3 m, fagade IDs 17, 18, 19 and 20 were the chosen geometries,
as shown in Fig.C.20. Window 1 and Window 2 were kept near the left edge in all
the geometries. fagade IDs 17 and 18 have two additional openings, as shown in
Fig. C.20a and Fig. C.20b. The distance between the openings were kept constant
as shown in Fig. 4.1. facade IDs 19 and 20 have an additional opening of Door
1, as shown in Fig. C.2oc and Fig. C.2od. These doors were placed at a location
randomly chosen such that it was at a distance of 1 m from the edge of the door
and the wall.

Figure C.17: Geometry of a 4 m x 4 m facade exhibiting fagade ID 11.

|

(a) fagade ID 12. (b) fagade ID 13.

Figure C.18: Geometry of a 6 m x 4 m fagade exhibiting facade ID 2 and 3.

(a) facade ID 14. (b) facade ID 15. (c) fagade ID 16.

Figure C.19: Geometry of a 6 m x 4 m fagade exhibiting facade ID 14, 15 and 16.

N

(a) facade ID 17. (b) facade ID 18.
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(c) fagade ID 19. (d) fagade ID 2o0.

Figure C.20: Geometry of a 10 m x 3 m fagade exhibiting facade ID 17, 18, 19 and 20.

Boundary and loading conditions

For this crack pattern type, it was assumed that the bottom edge of the facade
was fixed in translation in the vertical and horizontal directions (X, Y), as shown
in Fig. C.21a. It was also assumed that the top edge was restrained against hor-
izontal motion (X). This is similar to Pattern ID 101. In Section 4.2.4, the general
loading conditions are discussed. It was presumed that facades with openings are
non-load bearing. The crack inducing load used to create this type of fracture pat-
tern is depicted in C.21b. This type of crack pattern is thought to be created by
soil subsidence simulated using displacement control. As shown in Fig. C.21b, the
subsidence profile is considered to be a Gaussian curve, with the maximum posi-
tioned close to the edge of the facade closest to the window (the right edge). Eq.
C.1 defines the Gaussian curve as a function of distance along the length of the
facade. In order to produce the maximum at the right edge of the fagade, the mean
of this Gaussian curve was fixed at x = length of the facade (m), and the standard
deviation was arbitrarily determined to lie in (1, 2) m. The facades were subjected
to a displacement of magnitude between 1 mm and 3 mm. Larger magnitudes of
the loads sometimes led to small dispersed flexural cracks on the other side of the
door. It was also seen that larger cracks tend to produce cracks at the edges of other
window openings that was sufficiently close to the left edge.
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(a) Schematic representation of the boundary conditions of Pattern
ID 102.
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(Xlength’ Ysettlement profile max)

(b) Schematic representation of the crack inducing load given to Pat-
tern ID 102.

Figure C.21: Boundary and loading conditions of Pattern ID 102.

Crack Pattern

The cracked facades produced from the non-linear phased analysis are given in
Table C.6.

Table C.6: The deformed shape of the finite element model of Pattern ID 102 at the last step
(deformation factor = 0.05)
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Table C.6: The deformed shape of the finite element model of Pattern ID 102 at the last step
(deformation factor = 0.05).
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C.7 PATTERN ID 103

Pattern ID 103 [6], was described by a crack initiating close to the floor and moving
towards an opening such as a window. These cracks were widest at the bottom and
they may be caused by vertical loading or hindered dimensional chances caused by
changes induced by moisture or temperature [7].

Figure C.22: Pattern ID 102 [6].

Geometry

Pattern ID 103 was modelled on masonry facades with window openings. As the
crack was assumed to initiate from below window openings, all the selected geome-
tries of this crack pattern have windows. The position of the all the openings were
kept at a distance of 1 m from the edges and from each other. There is again a
possibility to parametrise the location and number of openings (Door 1, Window
1 and Window 2), as explained in Section 4.2.1. The following 10 geometries were
adopted to model Pattern ID 103. fagade ID 21 was modelled on a masonry facade
of dimension 4 m by 4 m with only Window 1. The location of Window 1 was
randomly chosen such that there is a distance of 1 m from either edge, as shown in
Fig. C.23. fagade ID 22 and 23 was the two types of geometry chosen for facades of
dimension 6 m by 4 m, as shown in Fig.C.24. fagade ID 22 has openings Door 1 and
Window 1, and facade ID 13 has opening Door 1 and Window 2. All the openings
were at a location randomly chosen such that it was at a distance of 1 m from each
other, as shown in Fig. C.24a.
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fagcade IDs 24, 25 and 26 are the geometries of masonry facades of dimensions 8
m by 4 m to model Pattern ID 102. This is shown in Fig.C.25. All the openings were
placed at a location randomly chosen such that it was at a distance of 1 m from each
other and the edges, as shown in Fig. C.25a, Fig. C.25b and Fig. C.25c. Masonry
facades of dimensions 10 m by 3 m were generated to show 4 types of geometries,
as shown in Fig.C.26. fagade IDs 27 and 28 have 3 openings: Doori, Window 1
and Window 2 as shown in Fig. C.26a and Fig. C.26b. The distance between the
openings were kept constant as shown in Fig. 4.1. In fagade IDs 29 and 30, all of
the openings were randomly arranged at a distance of 1 m from each other and the
edges, as shown in Fig. C.26¢c and Fig. C.26d.

Figure C.23: Geometry of a 4 m x 4 m facade exhibiting facade ID 21.

|

(a) fagade ID 22. (b) fagade ID 23.

l

Figure C.24: Geometry of a 6 m x 4 m facade exhibiting facade ID 22 and 23.

:

(a) fagade ID 24. (b) facade ID 25. (c) fagade ID 26.

Figure C.25: Geometry of a 6 m x 4 m fagade exhibiting facade ID 24, 25 and 26.

(a) facade ID 27. (b) fagade ID 28.
(c) facade ID 29. (d) fagade ID 30.

Figure C.26: Geometry of a 10 m x 3 m fagade exhibiting facade ID 7, 8, 9 and 10.
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Boundary and loading conditions

For this crack pattern type, it was assumed that the bottom edge of the facade was
fixed in translation in the vertical and horizontal directions (X, Y), as shown in Fig.
C.2ya. The general loading conditions have been explained in Section 4.2.4. The
crack inducing load applied to produce this type of crack pattern is shown in Fig.
C.15a. This crack pattern was also assumed to have been caused by soil subsidence
applied using displacement control. The subsidence profile was assumed to be a
Gaussian curve, with its maximum located close to the middle of the length of the
facade, as shown in Fig. C.8. The Gaussian curve as a function of distance along
the length of the facade is defined as per Eq. C.1. The mean of this Gaussian
curve was randomly chosen such that it occurred between 40% and 60% of the
facade length. The magnitude of standard deviation was randomly chosen such
that it was between 20% and 30% of the fagade length. The fagades bend under this
type of load, resulting in tapering flexural cracks. The fagades were subjected to
displacements ranging from 1 to 3 mm. Larger loads resulted in small, distributed
flexural cracks rather than a single conspicuous crack.

LDLLLLLLOLLLLLOLLLLDL

(a) Schematic representation of the boundary conditions of Pattern
ID 103.

e NN NRAS S

0)

(Xsettlement profile max’

(b) Schematic representation of the crack inducing load given to Pat-
tern ID 103.

Figure C.27: Boundary and loading conditions of Pattern ID 103.
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The cracked facades produced from the non-linear phased analysis are given in

Table C.7.

Table C.7: The deformed shape of the finite element model of Pattern ID 103 at the last step
(deformation factor = 0.05).

Pattern ID 103

- i

Aspect ratio 1:1.

g

Aspect ratio 3:2.

L. 5 Jals

3

Aspect ratio 2:1.

Aspect ratio 10:3.

£

Aspect ratio 10:3.

p———

2

Aspect ratio 3:2.

W

Aspect ratio 2:1.

X

Aspect ratio 2:1.

()

Aspect ratio 10:3.

Aspect ratio 10:3.

Ecwl

(mm)
30.00
l 26.38
22.75
19.13
15.50
11.88
8.25

I 4.63
1.00
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C.8 PATTERN IDS EXCLUDED FROM THIS THESIS

Pattern ID 30 is characterised by a diagonal crack that initiates close to the roof, as
shown in Fig. 4.17a. The crack direction was diagonal and the width tapers towards
the end. It is believed that these kind of cracks are caused by vertical settlements
[7]. Similarly, Patter ID 31 appears in a column or at a corner, as shown in Fig.
4.17a. It is identified by a diagonal crack that is widest at the top and narrowest at
the bottom. The crack runs diagonally, tapering along the length. It is thought to
be caused by vertical settlement or hindered dimensional produced by changes in
temperature or moisture [7]. Fig. 4.17a shows Pattern ID 32. It is recognised by a
diagonal crack that imitates close to the floor and has diagonal crack direction. It is
widest at the bottom and narrowest at the top. It is thought to be caused by vertical
settlement or hindered dimensional changes [7]. Pattern ID 201 is characterised by
cracks initiating near the roof on masonry facades with openings. These cracks are
widest and the top and narrowest and the bottom and are assumed to be caused
by hindered dimensional changes produced by changes in moisture or temperature

[6].
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Figure D.1: Lin’s concordance correlation coefficient (CCC) of each rater with the standard

rater for the crack pattern similarity label for the data generated from the
statistics-based approach.



D.1 AGREEMENT WITH THE STANDARD RATER FOR THE DATA GENERATED FROM THE STATISTICS-BASED APPROACH

Damage Severity Label

Lin's CCC for the

Lin's CCC for the
damage severity label.

damage severity label.

| cannot

Expert I cannot | Expert
i (Expert] i (Expert]
Very Very |
Similar Similar
- Number of N Number of
o . annotations o . annotations
= Similar = Similar -
@ c 1 @ c 1
1 ° 7 T ¢ s
o o
Dissimilar{ - Dissimilar -
Very . Lin's CCC: 0.54 Very | Lin's CCC: 0.40
Dissimilar Dissimilar
Very DissimilarSimilar Very | cannot Very DissimilarSimilar Very | cannot
Dissimilar Similar  say Dissimilar Similar  say

Expert rater: Rater ID 4 Expert rater: Rater ID 4

(a) Lin’s CCC of Rater ID 1 with the standard (b) Lin’s CCC of Rater ID 2 with the standard

rater. rater.
Lin's CCC for the Lin's CCC for the
damage severity label. damage severity label.
I cannot I cannot |
say say
Very Very |
Similar Similar
m Number of wn Number of
o . annotations o . annotations
= Similar . = Similar 4
I c I .
& <2 s .3
Dissimilar Dissimilar -
Vvery . Lin's CCC: 0.54 Very | . Lin's €CC: 0.50
Dissimilar Dissimilar
Very DissimilarSimilar Very | cannot Very DissimilarSimilar Very | cannot
Dissimilar Similar  say Dissimilar Similar  say
Expert rater: Rater ID 4

Expert rater: Rater ID 4
(c) Lin’s CCC of Rater ID 3 with the standard (d) Lin’s CCC of Rater ID 5 with the standard

rater. rater.
Lin's CCC for the Lin's CCC for the
damage severity label. damage severity label.
| cannot | cannot MSc Student
say say
Very Very |
Similar Similar
© Number of ® Number of
o i annotations o i annotations
= Similar = Similar -
2 . 2 .
& * 3 S ‘ 7
Dissimilar Dissimilar -
ey ey
Dissimilar Dissimilar
Very DissimilarSimilar Very | cannot Very DissimilarSimilar Very I cannot
Dissimilar Similar  say Dissimilar Similar  say

Expert rater: Rater ID 4 Expert rater: Rater ID 4

(e) Lin’s CCC of Rater ID 6 with the standard (f) Lin’s CCC of Rater ID 8 with the standard
rater. rater.



122

Lin's CCC for the
damage severity label.

| AGREEMENT WITH THE STANDARD RATER

I cannot

MSc Student
say
Very
Similar
o Number of
o . annotations
= Similar
@ c 1
] ® 1
o
Dissimilar
Very . . . Lin's CCC: 0.50
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

Lin's CCC for the
damage severity label.

I cannot MSc Student
say
Very
Similar
o
— Number of
o . annotations
— Similar .
Q
ﬁ ® 9
o
Dissimilar
Very . . . Lin's CC
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

(g) Lin’s CCC of Rater ID g with the standard (h) Lin’s CCC of Rater ID 10 with the standard

rater.
Lin's CCC for the
damage severity label.
I cannot MSc Student
say
Very
Similar
—
— Number of
o . annotations
- Similar .
Q
T e 17
o
Dissimilar
ey
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

rater.
Lin's CCC for the
damage severity label.
I cannot MSc Student
say
Very
Similar
o~
— Number of
o . annotations
- Similar .
g °
] 31
o
Dissimilar
ey .
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

(i) Lin’s CCC of Rater ID 11 with the standard (j) Lin’s CCC of Rater ID 12 with the standard

rater.

Lin's CCC for the
damage severity label.

I cannot MSc Student
say
Very
Similar
m
— Number of
o . annotations
— Similar .1
a
T -
o
Dissimilar
Very . . Lin's CCC: 0.20
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

Rater ID 14

rater.
Lin's CCC for the
damage severity label.
I cannot MSc Student
say
Very
Similar
Number of
. annotations
Similar .
@
Dissimilar
Very 0
Dissimilar Lin's cc
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

(k) Lin’s CCC of Rater ID 13 with the standard (l) Lin’s CCC of Rater ID 14 with the standard

rater.
Lin's CCC for the
damage severity label.
I cannot MSc Student
say
Very
Similar
n
— Number of
o . annotations
el Similar .2
2
© e 11
o
Dissimilar
ey
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

Rater ID 16

rater.
Lin's CCC for the
damage severity label.
I cannot MSc Student
say
Very
Similar
Number of
. annotations
Similar L] L
® 9
Dissimilar °
ey
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

(m) Lin’s CCC of Rater ID 15 with the standard (n) Lin’s CCC of Rater ID 16 with the standard

rater.

rater.



D.1 AGREEMENT WITH THE STANDARD RATER FOR THE DATA GENERATED FROM

Lin's CCC for the

damage severity label.

Lin's CCC for the

damage severity label.

I cannot MSc Student I cannot | MSc Student
say say
Very Very |
Similar Similar
~ -]
— Number of — Number of
o . annotations o . annotations
- Similar © .1 - Similar 4 .
Q Q
® . 2 ® o 13
o o
Dissimilar ° Dissimilar -
Very . Lin's CCC: 0.38 Very | . . . Lin's CCC: 0.39
Dissimilar Dissimilar
Very DissimilarSimilar Very | cannot Very DissimilarSimilar Very | cannot
Dissimilar Similar  say Dissimilar Similar  say
Expert rater: Rater ID 4

Expert rater: Rater ID 4
(o) Lin’s CCC of Rater ID 17 with the standard (p)

Lin’s CCC of Rater ID 18 with the standard

rater. rater.
Lin's CCC for the Lin's CCC for the
damage severity label. damage severity label.
I cannot MSc Student I cannot | MSc Student
say say
Very Very |
Similar Similar
o o
— Number of ~ Number of
o . annotations o . annotations
- Similar . - Similar 4 .
Q Q
T ® 23 T o s
o o
Dissimilar{ - Dissimilar -
ey e o . ey |
Dissimilar Dissimilar
Very DissimilarSimilar Very | cannot Very DissimilarSimilar Very | cannot
Dissimilar Similar  say Dissimilar Similar  say
Expert rater: Rater ID 4

Expert rater: Rater ID 4

(q) Lin’s CCC of Rater ID 19 with the standard (r) Lin’s CCC of Rater ID 20 with the standard

rater. rater.
Lin's CCC for the Lin's CCC for the
damage severity label. damage severity label.
I cannot MSc Student I cannot | MSc Student
say say
Very Very |
Similar Similar
— o~
~ Number of ~ Number of
o . annotations o . annotations
- Similar .1 - Similar 4 .
a a
] o s T e o
o o
Dissimilar Dissimilar -
ey ey
Dissimilar Dissimilar
Very DissimilarSimilar Very | cannot Very DissimilarSimilar Very | cannot
Dissimilar Similar  say Dissimilar Similar  say
Expert rater: Rater ID 4

Expert rater: Rater ID 4

(s) Lin’s CCC of Rater ID 21 with the standard (t) Lin’s CCC of Rater ID 22 with the standard

rater.
Lin's CCC for the
damage severity label.
I cannot MSc Student
say
Very
Similar
m n
~ Number of ~
a ) annotations a
el Similar o el
Q Q
T . s T
o o
Dissimilar
ey e
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

rater.
Lin's CCC for the
damage severity label.
I cannot | MSc Student
say
Very |
Similar
Number of
. annotations
Similar - N
e 3
Dissimilar -
ey :
Dissimilar
Very DissimilarSimilar Very I cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

(u) Lin’s CCC of Rater ID 23 with the standard (v) Lin’s CCC of Rater ID 25 with the standard

rater.

rater.

THE STATISTICS-BASED APPROACH



124 | AGREEMENT WITH THE STANDARD RATER

Lin's CCC for the

Lin's CCC for the
damage severity label.

damage severity label.

I cannot

MSc Student | cannot MSc Student
say say
Very Very
Similar Similar
©o ~
~N Number of o~
=) . annotations o . Number of
- Similar - Similar annotations
.1 =
2 2 1
© o 22 ©
o o
Dissimilar Dissimilar
very . . Lin's CCC: 0.61 very Lin's CCC: -0.13
Dissimilar Dissimilar
Very DissimilarSimilar Very | cannot Very DissimilarSimilar Very | cannot
Dissimilar Similar  say Dissimilar Similar  say

Expert rater: Rater ID 4 Expert rater: Rater ID 4

(w) Lin’s CCC of Rater ID 26 with the standard (x) Lin’s CCC of Rater ID 27 with the standard
rater. rater.

Lin's CCC for the
damage severity label.

I cannot MSc Student
say
Very
Similar
©
~ Number of
o . annotations
- Similar 1
Q
T 2
o
Dissimilar
Very . . Lin's CCC: 0.36
Dissimilar
Very DissimilarSimilar Very | cannot
Dissimilar Similar  say

Expert rater: Rater ID 4

(y) Lin’s CCC of Rater ID 28 with the standard
rater.

Figure D.2: Lin’s concordance correlation coefficient (CCC) of each rater with the standard

rater for the damage severity label for data generated from the statistics-based
approach.
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Figure D.3: Lin’s concordance correlation coefficient (CCC) of each rater with the standard

rater for the overall similarity label for data generated from the statistics-based

approach.
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Figure D.4: Lin’s concordance correlation coefficient (CCC) of each rater with the standard

rater for the crack pattern similarity label for the data generated from the
computational-physics based approach.
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Figure D.5: Lin’s concordance correlation coefficient (CCC) of each rater with the standard

rater for the damage severity label for the data generated from the computational-
physics based approach.
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Figure D.6: Lin’s concordance correlation coefficient (CCC) of each rater with the stan-

dard rater for the overall similarity label for the data generated from the
computational-physics based approach.
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Figure D.7: Lin’s concordance correlation coefficient (CCC) of each rater with the standard
rater for the crack pattern similarity label for the data generated from the
statistics-based approach, computational-physics based approach and real-world

images.
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rater for the damage severity label for the data generated from the statistics-
based approach, computational-physics based approach and real-world images.
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Figure D.9: Lin’s concordance correlation coefficient (CCC) of each rater with the standard
rater for the overall similarity label for the data generated from the statistics-
based approach, computational-physics based approach and real-world images.



RECALL, PRECISION, AND F-SCORE
OF THE SIMILARITY PREDICTION
DONE BY THE CNN

Four different subsets of labelled crack pattern image pairs were generated and
used to fit and test a neural network. Each of these subsets are further divided into
smaller subsection of data, as discussed in Section 5.3. The precision, recall, and F-
score of these fitted neural networks are discussed in this appendix. The definitions
of these metrics are given in Section 3.7.

E.1 SUBSET 1. NO GENERALISATION
Precision

CRACK PATTERN SIMILARITY LABEL From Fig. E.1, it was seen that 93% was the
highest magnitude of precision for the crack pattern similarity label, obtained when
the neural network was fitted and tested with Subset 1.2. The lowest precision was
seen for Subset 1.5, with a precision of 79%. This was obtained when the neural
network was fitted and tested with the image pairs annotated by the MSc students.
This also meant that, when the neural network was fitted with any of the subsets
under Subset 1, the precision of the neural network in predicting the similarity
rating of the crack pattern similarity label was always above 79%. This means that,
of all the times that a similarity rating was predicted for an image pair, it was
correctly predicted more than 79% of the time.

DAMAGE SEVERITY LABEL According to Fig. E.1, the neural network fitted and
tested with Subset 1.2 again had the maximum magnitude of precision for the dam-
age severity label, with a magnitude of 86%. With a precision of 74%, Subset 1.3

Precision of the similarity prediction by the neural network for Subset 1.
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Figure E.1: Precision of all the labels for Subset 1.
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had the lowest precision for the same task. The precision of the damage severity
label was, in general, lower than that of the crack pattern similarity label, except in
Subset 1.5 where it outperformed the other two labels.

OVERALL SIMILARITY LABEL Again, it was seen that the neural network fitted
and tested with Subset 1.2 had the largest magnitude of precision for the overall
similarity label, with a magnitude of 87%, according to Fig. E.1. The precision of the
neural network fitted with Subset 1.1, had the least magnitude of 74%. Thus, both
damage severity label and overall similarity labels were able to achieve a minimum
precision of 79% with this subset.

Recall

CRACK PATTERN SIMILARITY LABEL  As per Fig. E.2, the neural network fitted and
tested with Subset 1.2 had the maximum magnitude of recall for the crack pattern
similarity label, with a magnitude of 95%. This was the largest recall that any label
could attain when the neural network was fitted with any annotated data in Subset
1. The recall of the neural network in predicting the similarity rating of the crack
pattern similarity label was always above 81% , the lowest being for Subset 1.5. This
means that, of all the times that a similarity rating was present in the test sample, it
was correctly predicted more than 81% of the time.

DAMAGE SEVERITY LABEL The neural network fitted and tested with Subset 1.1
had the greatest magnitude of recall for the damage severity label, with a magnitude
of 85%, as shown in Fig. E.2. This was closely followed by the recall achieved by
Subsets 1.2 and 1.4, respectively. Only Subset 1.3 had a recall less than 80% when
predicting the damage severity label.

OVERALL SIMILARITY LABEL As shown in Fig. E.2, the neural network fitted and
tested using Subset 1.2 had the greatest magnitude of recall for the overall similarity
label, with a magnitude of 86%. Subsets 1.4 and 1.5 were also able to achieve a recall
rate of more than 80%. With a recall of 74%, Subset 1.1 had the lowest recall for
the neural network’s ability to predict the similarity rating of the overall similarity

label.
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Figure E.2: Recall of all the labels for Subset 1.
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F score of the similarity prediction by the neural network for Subset 1.
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Figure E.3: F-score of all the labels for Subset 1.
F-score

CRACK PATTERN SIMILARITY LABEL The neural network fitted and tested with
Subset 1.2 had the largest magnitude of F-score for the crack pattern similarity
label, with a magnitude of 94%, as shown in Fig. E.3. The precision and recall
achieved with this set were 95% and 93% respectively. A high F-score was achieved
with a high precision and a high recall value. Subset 1.5 had the lowest F-score
for the neural network’s ability to predict the similarity rating of the crack pattern
similarity label, with a magnitude of 79%. The corresponding precision and recall
for this subset were 78% and 81%, respectively. Thus, it was seen that almost all
data sets in Subset 1 were able to perform reasonably well for this label with a
minimum F-score of 80%.

DAMAGE SEVERITY LABEL The damage severity label had the biggest magnitude
of F-score for the neural network when fitted and tested with Subset 1.4, with a
magnitude of 85% as shown in Fig. E.3. This F-score was achieved with a precision
of 84% and a recall of 85%. Except for Subset 1.4, all the other subsets had an
F-score greater than 80%.

OVERALL SIMILARITY LABEL In the neural network fitted and evaluated using Sub-
set 1.2, the overall similarity label achieves the largest magnitude of F-score, with
a magnitude of 86%. This is shown in Fig. E.3. This F-score was obtained with a
precision of 87% and a recall of 86%. Subset 1.1 had the lowest F-score for the neural
network’s ability to predict the similarity rating of the overall similarity label, with
a value of 73%. The related precision and recall for this subset were 73% and 74%,
respectively.

E.2 SUBSET 2! GENERALISABILITY WITH RESPECT TO
PATTERN ID

Precision

CRACK PATTERN SIMILARITY LABEL From Fig. E.4, it was seen that the highest
magnitude of precision for the crack pattern similarity label was obtained the neural
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Precision of the similarity prediction by the neural network for Subset 2.
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Figure E.4: Precision of all the labels for Subset 2.

network fitted and tested with Subset 2.8, with a magnitude of 56%. The lowest
precision was seen for Subset 2.2, with a precision of only 34%. The standard

deviations of the precision for each data set in Subset 2 was also seen to be very
high.

DAMAGE SEVERITY LABEL According to Fig. E.4, the neural network fitted and
tested with Subset 2.5 had the maximum magnitude of precision for the damage
severity label, with a magnitude of 51%. The precision of the damage severity label
was, in general, lower than that of the already poorly performing crack pattern
similarity label. With a precision of only 31%, Subset 2.2 had the lowest precision
for the same task. The standard deviations of precision for each data set in Subset
2 were also very high.

OVERALL SIMILARITY LABEL  The precision of the overall similarity label fitted and
tested with Subset 2 showed the same behaviour as that of the damage severity
label, according to Fig. E.4. With Subset 2.5, the largest magnitude of precision for
the overall similarity label was obtained at 52%. The least precision for the label
was 30%, obtained with Subset 2.2. The precision standard deviations for each data
set in Subset 2 were, similarly, extremely high.

Recall

CRACK PATTERN SIMILARITY LABEL As per Fig. E.5, the neural network fitted and
tested with Subset 2.1 had the maximum magnitude of recall for the crack pattern
similarity label, with a magnitude of 60%. Subset 2.3 was seen to have the lowest
recall with a magnitude of 26%. In general, this label shows a very poor recall value.

DAMAGE SEVERITY LABEL The neural network fitted and tested with Subset 2.7
had the greatest magnitude of recall for the damage severity label, with a magnitude
of 45%, as shown in Fig. E.5. The lowest recall for this label was seen when the
neural network was fitted with Subset 2.3, with a magnitude of 22%.

OVERALL SIMILARITY LABEL As shown in Fig. E.5, the overall similarity label
mimics the behaviour of the damage severity label closely. The largest recall for the
overall similarity label was obtained when the neural network was fitted and tested
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Recall of the similarity prediction by the neural network for Subset 2.
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Figure E.5: Recall of all the labels for Subset 2.

using Subset 2.7, with a magnitude of 46%. As with the damage severity label, the
lowest recall was seen for Subset 2.3, with a value of 22%.

F-score

CRACK PATTERN SIMILARITY LABEL The neural network fitted and tested with
Subset 2.1 had the largest magnitude of F-score for the crack pattern similarity label,
with a magnitude of 55%, as shown in Fig. E.6. The precision and recall achieved
with this set were 53% and 60%. Subset 2.3 had the lowest F-score for the neural
network’s ability to predict the similarity rating of the crack pattern similarity label,
with a F-score of 22%. The corresponding precision and recall for these subsets
were 42% and 26%, respectively.

F score of the similarity prediction by the neural network for Subset 2.

100
80 1
R 604
p 1
IS
O k) %
v 4
[N 0 % 3 i i
= 3
20 i ¥
SuBset SuBset SuBset SuBset Sut;set Subset SuBset SuBset
2.1 2.2 2.3 2.4 2.5 2.6 2.7 2.8

1 Crack pattern similarity label

Data used for fitting and testing

1 Damage severity label 1 Overall similarity label

Figure E.6: F-score of all the labels for Subset 2.
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DAMAGE SEVERITY LABEL The damage severity label had the biggest magnitude
of F-score for the neural network fitted and tested with Subset 2.5, with a magnitude
of 45%, as shown in Fig. E.6. This F-score was achieved with a precision of 51%
and a recall of 44%. With a F-score of 21%, Subset 2.3 had the lowest F-score for the
neural network’s ability to predict the similarity rating of the damage severity label.
For this subset, the associated precision and recall were 37% and 22%.

OVERALL SIMILARITY LABEL In the neural network fitted and evaluated using Sub-
set 2.5, the overall similarity label had the largest magnitude of F-score, with a mag-
nitude of 45%, as shown in Fig. E.6. This F-score was obtained with a precision
of 51% and a recall of 45%. It was seen that the overall similarity label showed a
behaviour similar to that of the damage severity label, with Subset 2.3 attaining the
lowest F-score of 22% for this label. The related precision and recall for this subset
were 37% and 22%, respectively.

E.3 SUBSET 3! GENERALISABILITY WITH RESPECT TO
FACADE GEOMETRY

Precision

CRACK PATTERN SIMILARITY LABEL From Fig. E.7, it was seen that the highest
magnitude of precision for the crack pattern similarity label was obtained the neural
network fitted and tested with Subset 3.1, with a magnitude of 63%. The lowest
precision was seen for Subset 3.5, with a precision of 43%.

DAMAGE SEVERITY LABEL According to Fig. E.7, the neural network fitted and
tested with Subset 3.1 had the maximum magnitude of precision for the damage
severity label, with a magnitude of 60%. With a precision of 32%, Subset 3.5 had
the lowest precision for the same task.

OVERALL SIMILARITY LABEL The neural network fitted and tested with Subset

3.1 had the largest magnitude of precision for the overall similarity label, with a
magnitude of 62%, according to Fig. E.7. Mirroring the damage severity label,

Precision of the similarity prediction by the neural network for Subset 3.
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Figure E.7: Precision of all the labels for Subset 3.
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Subset 3.5 had the lowest precision for the same assignment, with a precision of
340/0.

Recall

CRACK PATTERN SIMILARITY LABEL  As per Fig. E.8, the neural network fitted and
tested with Subset 3.1 had the maximum magnitude of recall for the crack pattern
similarity label, with a magnitude of 59%. With a recall of 38%, Subset 3.4 had the
lowest recall for the neural network’s ability to predict the similarity rating of the
crack pattern similarity label.

DAMAGE SEVERITY LABEL The neural network fitted and tested with Subset 3.1
had the greatest magnitude of recall for the damage severity label, with a magni-
tude of 55%, as shown in Fig. E.8. Subset 3.5 had the lowest recall for the neural
network’s ability to predict the similarity rating of the damage severity label, with
a recall of just 34%.

OVERALL SIMILARITY LABEL As shown in Fig. E.8, the neural network fitted and
tested using Subset 3.1 had the greatest magnitude of recall for the overall similarity
label, with a magnitude of 56%. With a recall of only 36%, Subset 3.5 had the lowest
recall for the neural network’s ability to predict the similarity rating of the overall
similarity label.

F-score

CRACK PATTERN SIMILARITY LABEL The neural network fitted and tested with
Subset 3.1 had the largest magnitude of F-score for the crack pattern similarity
label, with a magnitude of 58%, as shown in Fig. E.9. The precision and recall
achieved with this set were 58% and 62%, respectively. Subset 3.4 had the lowest
F-score for the neural network’s ability to predict the similarity rating of the crack
pattern similarity label, with a F-score of 36%. The corresponding precision and
recall for this subset were 44% and 37%, respectively.

DAMAGE SEVERITY LABEL The damage severity label had the biggest magnitude

of F-score for the neural network fitted and tested with Subset 3.1 with a magnitude
of 55% , as shown in Fig. E.9. This F-score was achieved with a precision of 55%

Recall of the similarity prediction by the neural network for Subset 3.
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Figure E.8: Recall of all the labels for Subset 3.
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F score of the similarity prediction by the neural network for Subset 3.
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Figure E.9: F-score of all the labels for Subset 3.

and a recall of 60%. With a F-score of 32%, Subset 3.5 had the lowest F-score for the
neural network’s ability to predict the similarity rating of the damage severity label.
For this subset, the associated precision and recall were 32% and 34%.

OVERALL SIMILARITY LABEL In the neural network fitted and evaluated using Sub-
set 3.1, the overall similarity label had the largest magnitude of F-score, with a mag-
nitude of 56%, as shown in Fig. E.g9. This F-score was obtained with a precision
of 62% and a recall of 55%. Subset 3.5 had the lowest F-score for the neural net-
work’s ability to predict the similarity rating of the overall similarity label, with a
F-score of 33%. The related precision and recall for this subset were 34% and 37%,
respectively.

E.4 SUBSET 4: GENERALISABILITY WITH RESPECT TO
STATISTICALLY GENERATED IMAGES AND REAL-WORLD
IMAGES

Precision

CRACK PATTERN SIMILARITY LABEL From Fig. E.10, it was seen that the highest
magnitude of precision for the crack pattern similarity label was obtained the neural
network fitted and tested with Subset 4.1, with a magnitude of 28%. The lowest
precision was seen for Subset 4.3, with a precision of 21%.

DAMAGE SEVERITY LABEL According to Fig. E.10, the neural network fitted and
tested with Subset 4.2 had the maximum magnitude of precision for the damage
severity label, with a magnitude of 43%. With a precision of 28%, Subset 4.5 had
the lowest precision for the same task.

OVERALL SIMILARITY LABEL The neural network fitted and tested with Subset
4.2 had the largest magnitude of precision for the overall similarity label with a
magnitude of 44%, according to Fig. E.10. Subset 4.4 had the lowest precision for
the same assignment, with a precision of 25%.
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Precision of the similarity prediction by the neural network for Subset 4.
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Figure E.10: Precision of all the labels for Subset 4.
Recall

CRACK PATTERN SIMILARITY LABEL As per Fig. E.11, the neural network fitted
and tested with Subset 4.4 had the maximum magnitude of recall for the crack
pattern similarity label, with a magnitude of 31%. With a recall of 16%, Subset 4.5
had the lowest recall for the neural network’s ability to predict the similarity rating
of the crack pattern similarity label.

DAMAGE SEVERITY LABEL The neural network fitted and tested with Subset 4.2
had the greatest magnitude of recall for the damage severity label, with a magnitude
of 38%, as shown in Fig. E.11. Subset 4.6 had the lowest recall for the neural
network’s ability to predict the similarity rating of the damage severity label, with
a recall of just 19%.

Recall of the similarity prediction by the neural network for Subset 4.
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Figure E.11: Recall of all the labels for Subset 4.
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F score of the similarity prediction by the neural network for Subset 4.
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Figure E.12: F-score of all the labels for Subset 3.

OVERALL SIMILARITY LABEL As shown in Fig. E.11, the neural network fitted and
tested using Subset 4.3 had the greatest magnitude of recall for the overall similarity
label, with a magnitude of 38%. With a recall of only 15%, Subset 4.6 had the lowest
recall for the neural network’s ability to predict the similarity rating of the overall
similarity label.

F-score

CRACK PATTERN SIMILARITY LABEL The neural network fitted and tested with
Subset 4.1 had the largest magnitude of F-score for the crack pattern similarity
label, with a magnitude of 28%, as shown in Fig. E.12. The precision and recall
achieved with this set were 28% and 31%, respectively. Subset 4.5 had the lowest
F-score for the neural network’s ability to predict the similarity rating of the crack
pattern similarity label, with a F-score of 18%. The corresponding precision and
recall for this subset were 22% and 16%, respectively.

DAMAGE SEVERITY LABEL The damage severity label had the biggest magnitude
of F-score for the neural network fitted and tested with Subset 4.2 with a magnitude
of 38% , as shown in Fig. E.12. This F-score was achieved with a precision of 43%
and a recall of 38%. With a F-score of 21%, Subset 4.6 had the lowest F-score for the
neural network’s ability to predict the similarity rating of the damage severity label.
For this subset, the associated precision and recall were 31% and 19%.

OVERALL SIMILARITY LABEL In the neural network fitted and evaluated using Sub-
set 4.2, the overall similarity label had the largest magnitude of F-score, with a mag-
nitude of 38%, as shown in Fig. E.12. This F-score was obtained with a precision
of 43% and a recall of 37%. Subset 4.6 had the lowest F-score for the neural net-
work’s ability to predict the similarity rating of the overall similarity label, with a
F-score of 16%. The related precision and recall for this subset were 25% and 15%,
respectively.
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