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Abstract

Nowadays, civil infrastructures are getting older and older

all over the world. For this reason, innovative and more

efficient monitoring systems are required to determine the

health and safety level of these infrastructures. In the last

decades, different techniques have been investigated in the

field of material testing and infrastructure monitoring. Ma-

terial testing is usually performed in the laboratory to un-

derstand the response of building materials. The princi-

ple of material testing is based on the mechanical loading

of a material up to a certain level of deformation. Dur-

ing testing, the applied force and material deformation are

measured; the aim is to retrieve the rheology of the mate-

rial which is responsible for its behaviour. During testing,

standard pointwise sensors such as strain gauges and Lin-

ear Variable Differential Transducers (LVDT) and image-

based methods (e.g. Digital Image Correlation - DIC) have

been widely adopted to measure material deformation and

crack propagation. In particular, DIC can measure dis-

placements, strains and cracks by comparing the positions

of points in images acquired using a camera with a fixed

position.



On the other hand, in the field of infrastructure monitor-

ing, cracks are early indicators of damage; crack detec-

tion and measurement represent, indeed, key parameters

in evaluating the safety and durability of structural com-

ponents. Therefore, cracks should be detected as soon as

possible and monitored over time to assess the condition

of the infrastructure and identify the necessary counter-

measures. Traditionally, cracks have been routinely mea-

sured during visual infrastructure inspections all over the

world. The procedure consists of visually estimating the

crack width using graduated cards provided with a set of

thickness lines. This method is time-consuming, expensive

and prone to human errors. Furthermore, the inspections

are typically conducted at night since the infrastructure

needs to be closed during inspections. While this mini-

mizes the impact of infrastructure downtime, it provides

limited time to conduct the inspections in what often are

long infrastructure systems. As a result, the efficiency and

thoroughness of such inspections have been questioned as

the risk of missing cracks is high. To address the limita-

tions of visual inspections, contact and non-contact tech-

niques have been extensively investigated. However, con-

tact sensors provide only local measurements whereas DIC

requires a fixed camera to acquire the images, which be-

comes a challenge for long-term monitoring outside the con-

trolled laboratory conditions. Nowadays, cameras can be

placed on vehicles or drones which enable an automatic

procedure to collect imagery from infrastructures. An im-



portant task for the inspections is to determine whether

or not the length or width of the cracks has propagated

since the last inspection. However, due to the limitations

of standard DIC, crack propagation cannot be measured

from these types of images since the position of the camera

between the inspections differs. Therefore, the information

from the images acquired using mobile mapping systems

can only be adopted to generate a digital representation of

the infrastructure (the so-called digital twin) and manually

compare the characteristics of the cracks between different

inspections. Due to the large amount of collected data, this

approach is still time-consuming, inefficient and affected by

human errors.

The aim of this thesis is to investigate image-based tech-

niques for accurate measurements during laboratory tests

and infrastructure monitoring. Specifically, this thesis in-

vestigates standard and innovative DIC-based approaches

to measure displacements, strains and crack propagation

at the laboratory scale and innovative image-based tech-

niques (based on the combination of photogrammetry and

deep learning) for infrastructure monitoring.

For laboratory measurement and material characterization,

the DIC technique is investigated. The developed local 2D

DIC software, named Py2DIC, is tested comparing its per-

formances with those of other open-source and commercial

software applications (Ncorr, DICe and Vic-2D) and the

strain gauge sensor. Three different datasets acquired dur-



ing laboratory tests using a camera with a fixed position are

analysed. For software comparisons, the displacement and

strain fields are compared globally and locally, whereas, for

the strain gauge, the DIC results are retrieved around the

area covered by the sensor and then averaged. The results

highlight an agreement of a few microns between Py2DIC,

the other software packages and the strain gauge. The anal-

yses confirm the potential of the implemented software in

measuring displacements, strains and cracks.

To overcome the DIC limitations, a new methodology is

also presented in this thesis. The approach can measure

the propagation of cracks in images captured using cameras

with a not fixed position. The innovative model, named

Deformation from Motion (DfM), exploits the homography

transformation between image planes and template match-

ing algorithms. The model, completely implemented in

Python and based on OpenCV libraries, is validated using

synthetic data and images acquired with moving cameras

during a laboratory test. The results are compared with

the standard DIC technique and the LVDT sensor glued

on the sample surface. The comparison shows an agree-

ment of a few hundredths of millimetres between DfM and

the LVDT. The methodology, tested in the laboratory, can

compute the crack propagation using a time series of im-

ages; it is, therefore, suitable for processing images cap-

tured with mobile mapping systems.

For infrastructure monitoring, the TACK (Tunnel and



bridge Automatic CracK monitoring using deep learning

and photogrammetry) project is presented and discussed.

The project, funded by the Swedish Innovation Agency and

the Swedish Transport Administration, aims at investigat-

ing a new methodology for efficient and accurate infras-

tructure monitoring. The methodology is based on the Li-

DAR and close-range photogrammetric techniques for 3D

infrastructure modelling, deep learning approaches (Con-

volutional Neural Networks - CNNs) for crack detection

and the DfM model for crack measurement. In this thesis,

the use of LiDAR data acquired in a tunnel and images

of a bridge are investigated. Specifically, the images are

processed using Pix4Dmapper to investigate a low-cost ap-

proach (i.e. close-range photogrammetry) for 3D modelling

of bridges. Furthermore, the potentialities of CNNs are in-

vestigated using different datasets of cracks. Preliminary

results obtained using a U-Net based architecture (Crack-

SegNet) trained with a small dataset show Intersection over

Union (IoU) of 51%, Precision of 67%, Recall of 71%, F1 of

68% and Accuracy of 99% on the test set. The results also

demonstrate the possibility of detecting cracks in unseen

images acquired in a tunnel. Unfortunately, other objects

with a similar shape can be erroneously detected as cracks.

For this reason, a new processing pipeline based on the

U-Net segmentation model combined with different back-

bones is developed and trained using a larger dataset. The

trained model achieves better results on the testing set and

the unseen tunnel dataset. The result assessment using



U-Net combined with the VGG (Visual Geometry Group)

19 backbone highlights IoU of 77%, Precision of 88%, Re-

call of 91%, F1 of 87% and Accuracy of 99% on the test

set. The trained model can also better distinguish cracks

from similarly-looking objects. The performed experiments

demonstrate the possibility to adopt deep learning archi-

tectures to detect cracks in images of tunnels increasing, in

this way, the efficiency of infrastructure monitoring.



xxvi



Chapter 1

Introduction

Civil infrastructure includes critical structures, such as bridges, tun-

nels and highways, that are directly related to the overall economic

and demographic growth of countries all over the world. The major-

ity of these infrastructures are becoming older and increasingly prone

to catastrophic failures that result in loss of lives and high economic

costs. To prevent infrastructure damage and failure, stringent infras-

tructure safety regulations have been recently defined. For this reason,

road and railway administrators require more efficient monitoring and

maintenance systems to determine the health and safety level of tun-

nels, bridges and other infrastructures.

In the last decades, different devices and techniques have been in-

vestigated in the field of material testing and infrastructure monitoring.

Material testing is usually performed in the laboratory to understand

the response of building materials. The principle of material testing

is based on the mechanical loading of a material (usually a specimen

extracted from a material) up to break or up to a certain level of de-

1



2 Introduction

formation. During testing, the applied force and material deformation

are measured; the aim is to retrieve the rheology of the material (e.g

strength, elasticity, plasticity and fatigue) which is responsible for its

behaviour. In the last decades, standard pointwise sensors such as

strain gauges have been widely adopted to measure material defor-

mation. Furthermore, for crack measurements at the laboratory scale,

Linear Variable Differential Transducers (LVDT) have been used. More

recently, the non-contact Digital Image Correlation (DIC) method has

been widely investigated and applied to overcome the drawbacks of

standard sensors [54, 66, 11]. DIC can reconstruct the displacement

and deformation of a sample by comparing the position of correspond-

ing points in different images of its surface acquired over time. The

technique is easy to adopt and can provide displacements, deforma-

tions and crack measurements without direct contact with the surface

to monitor.

On the other hand, in the field of infrastructure monitoring and main-

tenance, detection and measurement of cracks are essential activities to

ensure the structural capacity of infrastructures during their technical

life span. This is normally designed to be 100 years or more and can be

achieved through recurrent monitoring, assessment and maintenance.

Mostly, cracks are associated with concrete degradation and reinforce-

ment corrosion, which reduce their structural capacity. Thus, the ex-

tent of cracks constitutes a key parameter in evaluating the safety and

durability of structural components [46, 55, 98]. For this reason, cracks

should be detected as soon as possible and monitored over time. The

movement of cracks could vary due to seasonal effects such as temper-

ature and on-load conditions. It is, therefore, important to understand

the variation of crack features (i.e. crack width and length) over time
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to understand how cracks affect structural behaviour.

Nowadays, large civil infrastructures are routinely inspected with

a fixed time interval to detect, measure cracks and determine the as-

sociated risk. Traditionally, this work is accomplished through visual

inspection of experienced workers. However, this procedure is time-

consuming, expensive and prone to human errors. Furthermore, many

of the monitored areas are hard to reach or dangerous for standard in-

spection which means that the severity of cracks must be judged from

the ground or using mobile platforms. Moreover, to ensure the safety

of inspectors the traffic must often be interrupted. To minimize the im-

pact of infrastructure downtime, inspections are usually carried out at

night and in a limited time. This aspect, combined with the length of

the infrastructures to monitor, makes it impossible to inspect every me-

ter of tunnels or bridges increasing the risk that cracks are not detected.

Moreover, the traffic noise and the lack of light and fresh air in tunnels

make these procedures unhealthy for inspectors. To overcome the lim-

itations of standard visual inspections, different approaches have been

widely applied. First of all, the use of standard pointwise devices for

crack measurements such as the LVDT and Fibre Optic Sensor (FOS)

has been investigated. However, even if these devices provide accu-

rate results at the laboratory scale, the use of conventional sensors

is limited when dealing with large infrastructures since they can only

provide local information and they need to be attached to the surface

to monitor. For all these reasons, other Structural Health Monitor-

ing (SHM) systems have been investigated by the scientific community

to perform structural damage detection and integrity assessment us-

ing multiple sensors, such as accelerometers, fibre optic sensors, inter-

ferometric radar systems and camera-based sensors [33, 16]. Among
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camera-based techniques, the DIC method has been widely applied.

However, the technique requires a permanent setup (i.e. a fixed cam-

era mounted on a tripod) which is, of course, easy to ensure in the

laboratory but not suitable for long-term monitoring due to poten-

tial vibrations, wind or ground instability. In general, even if SHM

approaches can provide more complete measurements than standard

methods, they are complex to adopt since they require a large number

of sensors to install and the integration of the data coming from dis-

tributed sources. Finally, to preserve the safety of operators, in recent

years, inspections have also been carried out using a semi-automatic

method where a mobile mapping equipment (usually mounted on a ve-

hicle) is employed to capture the scene and to reconstruct the 3D model

of the infrastructure using a set of geomatics sensors (i.e. visible and

infrared cameras, laser scanning, Inertial Measurement Unit - IMU).

Then, experienced workers visually analyse the digital representation,

or the so-called digital twin, of the infrastructure for finding cracks

and manually marking their extent. However, due to the large amount

of collected data, this approach is still time-consuming, inefficient and

affected by errors [12].

1.1 Research goal

The goal of this work is the investigation of image-based techniques for

laboratory measurements and infrastructure monitoring. Specifically,

this thesis investigates standard and innovative DIC-based approaches

to evaluate displacements, strains and crack propagation at the labora-

tory scale and innovative image-based techniques (complemented with
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deep learning methods) for infrastructure monitoring. As for deep

learning approaches, the investigation focuses on large datasets col-

lected using mobile mapping systems or other systems (e.g. standard

cameras or drones).

1.2 Outline

The thesis is structured in the following chapters:

� CHAPTER 2: a brief overview of the most adopted techniques

for displacement, strain and crack measurements is given; ba-

sic principles of contact and non-contact methods are recalled,

highlighting the pros and cons of each of them;

� CHAPTER 3: the potential of standard DIC in measuring dis-

placements, strains and crack aperture during laboratory tests is

investigated. Specifically, the developed 2D DIC Py2DIC soft-

ware is adopted to process images acquired using a fixed camera.

The potential of Py2DIC is presented comparing the displace-

ment, strain and crack width results with those obtained us-

ing well-known open-source packages, commercial software and

strain gauges;

� CHAPTER 4: the performance of an innovative photogram-

metric approach (Deformation from Motion - DfM ) in process-

ing images acquired using a camera with a non-fixed position

is investigated. Synthetic experiments are performed to evalu-

ate the potentialities of the method under controlled conditions.
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Then, results from a laboratory test are presented comparing

DfM, standard DIC and LVDT measurements;

� CHAPTER 5: the innovative TACK project for infrastructure

monitoring is presented; techniques for 3D infrastructure mod-

elling are investigated together with deep learning approaches

for automatic crack detection using data collected with a mobile

mapping system;

� CHAPTER 6: some conclusions are outlined, together with

potential prospects for future investigations.



Chapter 2

Techniques for displacement,

strain and crack

measurements

This chapter provides an overview of the most adopted techniques for

displacement, strain and crack measurements in the field of material

testing and structural or infrastructural monitoring. Material testing

is usually performed to study the properties of building materials (e.g

concrete, cement, steel, wood) subjected to mechanical loading. On

the other hand, monitoring of existing structures and infrastructures

is periodically realized to detect and measure cracks and assess the

condition of buildings, bridges and tunnels all over the world. The

adopted techniques and sensors can be divided into two main groups:

contact pointwise sensors (e.g. strain gauges, LVDT and FOS) and

non-contact full-field optical methods (e.g. DIC and other image-based

methods).

7
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2.1 Standard measurement techniques

LVDT, strain gauge and FOS have been widely applied to study the

displacement and deformation mechanism of structural elements sub-

jected to loading systems. The LVDT sensor allows measuring the

displacement in a specific direction. Strain gauges and FOS measure

the strains and they can be adopted in continuous monitoring systems

where several sensors are linked to a control unit. However, this ap-

proach can be highly invasive for the structure or infrastructure since

electrical or fibre optic cables need to be placed to make connections

[8].

As for standard crack monitoring, different approaches can measure

the crack aperture depending on the required accuracy, precision and

cost of the monitoring system. For standard structure and infrastruc-

ture monitoring (Fig. 2.1a), inspectors usually adopt graduated cards

provided with a set of different thickness lines (Fig. 2.1b) to visually

estimate the crack width [8].

(a) (b)

Fig. 2.1: Standard visual inspection (a) using graduated cards (b)
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This method gives a rough estimation of the crack width at a spe-

cific time, however, this type of measurement is subjective and diffi-

cult to follow up over time. For this reason, other sensors such as the

LVDT and FOS have been investigated for crack measurement. These

devices are more expensive than manual inspection and they need to

be installed on the surface to monitor but they can provide higher

accuracy and objectivity.

2.1.1 Strain gauge and LVDT sensors

Strain gauges and LVDT have long been used to monitor the structural

response of specimens in the laboratory [82, 88] and on existing struc-

tures [64, 51] since they usually provide reliable measurements. The

sensors need to be attached to the surface of the investigated material

and connected by wires to a data logger to record the measurements

(Fig. 2.2a and Fig. 2.2b).

(a) (b)

Fig. 2.2: Strain gauge (a) and LVDT (b)

The basic principle of these sensors is to measure the change in
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electrical resistance caused by the displacement. However, they only

provide measurements at the location of the sensors which require di-

rect contact with the surface. For this reason, the number and place-

ment of the adopted devices should be carefully planned before testing

or monitoring to get useful results. Furthermore, these sensors are

sensitive to temperature which needs to be taken into account through

the simultaneous measurement of the ambient air temperature. The

effects of temperature variations can then be removed considering the

specific thermal expansion coefficient of the material inside the sensor.

Finally, these devices are sensitive to electromagnetic fields which can

disturb the signal of the instruments.

For measurements on concrete materials, strain gauges are nor-

mally adopted to monitor the structural response during loading and

increase the understanding of the material behaviour. Moreover, the

measured data can be used to verify or update numerical models. One

of the benefits of strain gauges is that the sensor can be attached to

reinforcement bars embedded in the structure and thereby measure the

interior strain. On the other hand, when the propagation of cracks in

the concrete needs to be measured, the use of strain gauges is limited.

According to Leung [59], cracks have a small effect on the stiffness of

the structure in reinforced concrete. For this reason, sensors must be

placed very close to the crack to capture any structural effects due

to cracking. To measure the propagation of cracks in the concrete,

the LVDT sensor is normally considered more reliable and it is widely

adopted during laboratory tests on beams. The LVDT is composed

of two metal plates that need to be glued to the surface on each side

of the crack. Then, the device measures the distance between the two

elements during the deformation to retrieve the crack width. This type
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of instrument is easy to use but presents different drawbacks. First of

all, the exact location of the crack must be known before installing it.

This is, of course, a strong limitation, especially outside the controlled

laboratory conditions of specific tests (i.e. notched beams). Further-

more, the LVDT performs the measurement only along a fixed length

and direction. Besides, LVDT sensors, as well as strain gauges, can

be damaged during destructive tests [9]. Finally, when long infras-

tructures need to be monitored, the procedure is time-consuming and

not always allowed, especially in the case of historical or inaccessible

structures [8].

2.1.2 Fibre Optic Sensors

Today, different types of FOS are available and capable of measuring

strain, pressure and temperature in civil engineering structures. The

operating principle is based on measuring the changes in light proper-

ties. By coupling an optical fibre to a structure and monitoring the

change in light intensity, phase or wavelength at the output, informa-

tion on the structural condition can be deduced. Fibre Optic Sensors

enable to overcome the limitation of strain gauges related to the tem-

perature as they measure temperature and strain at the same time.

Furthermore, a single FOS measures both the axial and transverse

strains. Besides, they are not affected by electromagnetic interference

since no electric current passes through them. Compared to standard

pointwise sensors that can detect changes only at specific locations,

FOS for distributed sensing of cracks are available [59]. Among them,

Fibre Bragg Grating (FBG) allows for strain measurements at multiple

locations in the same fibre and provides more extensive information.
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Unfortunately, they are more expensive than their electrical counter-

part and they present some practical problems. One of them is related

to the placement and alignment of the cable which must be connected

to the concrete to be able to detect and measure the width of cracks.

This can be achieved by gluing the cable on the surface of the concrete

but this makes it vulnerable to damage. An alternative solution is to

attach the cable to the reinforcement and embed the cable in the con-

crete. However, there is a risk that the cable is damaged or detached

from the reinforcement during concreting.

Regarding the application of FOS for crack monitoring in concrete,

it is worth mentioning the approach presented by Bremer et al. [15].

The principle of their crack detection system is to attach the device to

a textile structure embedded in the concrete. In this way, the displace-

ment of the concrete is, through the textile structure, enforced to the

FOS which breaks at small crack sizes (1.4 mm in the performed test).

Then, an optical time-domain reflectometer provides the position of

the crack [15].

2.2 The Digital Image Correlation tech-

nique

To overcome the main drawbacks related to visual inspection and stan-

dard devices, the optical DIC technique has been extensively adopted

as a standard method to measure displacements, strains and crack

propagation when high accuracy is required [19, 13, 82, 32]. The DIC

method was first developed by a group of researchers at the University

of South Carolina in the 1980s [77]. From then on, it has received at-
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tention thanks to the advances in the field of low-cost, high-resolution

digital cameras, computer power and memory storage [7]. Compared

to standard devices, the DIC technique can provide full-field displace-

ments and strains over larger areas without the need for direct contact

with the structural element to monitor, reducing in this way the risk of

mass loading. Moreover, it is less expensive and easier to use especially

if larger areas should be monitored since it requires only a camera to

acquire the images and natural light for illuminating the scene. The

technique is usually adopted in the field of optical metrology to anal-

yse the mechanical properties and behaviour of materials in various

test scenarios. Specifically, it provides useful measurements to charac-

terize the deformation mechanism of different materials, retrieve their

mechanical parameters (e.g Young’s modulus and Poisson’s ratio) and

validate Finite Element Method (FEM) models.

2.2.1 Basic principles

The DIC technique enables measurements in two (2D) or three (3D

or stereo DIC) dimensions. The 2D DIC estimates displacements and

deformations in a selected plane using one fixed camera; the 3D DIC is

adopted when the whole 3D deformation field is looked for and it needs

two fixed cameras. The typical 2D DIC acquisition system is composed

of a planar sample connected to a loading system, a standard camera

to acquire the images and a computer to process the recorded images

(Fig. 2.3).

The method uses a simple experimental setup and sample prepa-

ration especially if the specimen surface has a natural texture charac-

terized by a random gray intensity distribution [74]. However, three
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Fig. 2.3: Typical image acquisition system for the 2D DIC technique

requirements need to be satisfied to accurately estimate the displace-

ment from the images:

� the camera position must be fixed during the entire acquisition

since the displacements are directly extracted from the images;

� the imaging lens system should not suffer for geometric distor-

tions to avoid additional displacements due to distorted image

coordinates. If the effect of geometric distortion cannot be ne-

glected, camera calibration models [112, 113] should be used to

remove the effect of distortions and provide accurate measure-

ments;

� the sample must have a flat surface, the optical axis of the camera

should be kept perpendicular to the object surface and out-of-

plane displacements should be small enough to be neglected [74].

It is worth mentioning that different studies have been carried out to

understand the effects of lens distortion, out-of-plane motion and non-
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perpendicularity between the optical axis of the camera and the object

surface [34, 44, 75, 96].

Two different DIC approaches for full-field kinematic measurements

have been widely tested: the subset-based DIC (local DIC) and the fi-

nite element-based DIC (global DIC) [45, 104]. Local DIC compares

the gray intensity changes of a sample surface in the un-deformed (or

reference) and deformed states respectively. Specifically, it computes

displacement fields by correlating each subregion of the Area of In-

terest (AoI) at different levels of deformation to the corresponding

subregion at the reference stage. Thus, subset-based DIC processes

each calculation point independently, without applying displacement

continuity to the global displacement fields [104]. This procedure is

performed by tracking the pixel movement over time inside the AoI

with matching algorithms (Fig. 2.4).

Fig. 2.4: Pixel tracking

For these algorithms to work effectively, the sample surface must have a

random gray intensity distribution, which is ensured, in some cases, by

the natural texture of the material. Alternatively, a speckled pattern is

sprayed on the surface to satisfy this requirement. Once the displace-

ment fields are estimated, DIC computes the strain fields as a numer-
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ical differentiation process of the estimated displacements. However,

the numerical differentiation procedure is generally unstable because

it can amplify the noise of the displacement fields. For this reason,

smoothing techniques are normally applied before differentiating the

displacements. On the other hand, global DIC usually discretizes the

AoI using finite element mesh and then tracks all these elements in the

target image simultaneously. In this way, displacement continuity can

be explicitly ensured between adjacent elements by the shared nodes

[11]. The measured displacements are used as the nodal displacements

in the finite element method. Then, the technique calculates the strains

inside the elements using a displacement-strain relationship. Also in

this case, the errors arising from the differentiation of the measured dis-

placements exist. Therefore, various data smoothing techniques have

been proposed [111]. Fig. 2.5 shows the difference between local and

global methods.

Fig. 2.5: Comparison between local and global DIC [110]

It is worth noticing that a new approach has been recently investi-

gated to combine the advantages of both the local DIC (speed and
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parallel implementation) and global DIC (displacement compatibility

and strain smoothness). The basic idea is to match subsets locally as

local DIC using compatibility as a constraint [110].

As regarding crack monitoring, both local and global approaches

have been widely investigated [3, 32, 41, 54, 66, 87]. Usually, when a

crack appears in the acquired images and the DIC technique is adopted,

a sudden jump in the displacement fields is visible. Therefore, starting

from the DIC displacement fields, crack width computation can be per-

formed to study the failure mechanism of concrete or other materials.

It is important to underline that when complex or multiple cracks oc-

cur, modified DIC techniques should be taken into account to improve

the performance of the method. Helm et al. [43] modified the local

Newton Raphson based DIC process to automatically analyse speci-

mens with multiple growing cracks that can be difficult to measure

with standard DIC. Moreover, Fagerholt et al. [31] proposed a modi-

fied global DIC approach using an adapted mesh with node splitting

to improve the methodology and capture discontinuous displacement

field or complex phenomena.

Thanks to its simplicity and its advantages over standard tech-

niques, the DIC method has been extensively adopted in laboratories

to perform measurements during experimental tests (Fig. 2.6a). How-

ever, even if the technique is powerful and easy to use, the need for a

fixed camera represents a constraint that strongly limits the use of DIC

outside the controlled laboratory environment. For measurements over

a long period, the position of the camera could be difficult to secure,

especially in case of wind, vibrations or ground instability. In this sce-

nario, one possible solution is to identify and filter the displacements

related to the frequencies of the camera movement using triaxial ac-
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celerometers mounted on the camera. However, this method represents

an effective solution only if the camera and the structural motion fre-

quencies are not similar. A different solution is to directly subtract the

motion of a static object/scene in the images from the total motion

[28]. Furthermore, for large civil infrastructures, a fixed camera can

only measure displacements, deformations and crack propagation in a

few critical sections. Finally, the perpendicularity constraint between

the optical axis of the camera and the surface to monitor is usually

very difficult to secure outside the laboratory (Fig. 2.6b).

(a) (b)

Fig. 2.6: DIC setup inside (a) and outside (b) the controlled laboratory
conditions
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2.2.2 Commercial and open-source DIC software

Nowadays, several DIC software solutions are available, both commer-

cial and open-source. Commercial software applications are normally

very expensive and do not allow code changes to fit specific require-

ments. Alternatively, open-source software can remarkably reduce

costs and can be tailored to user needs [10, 42]. For all these reasons,

several research DIC codes were developed and made freely available

to the scientific community.

Nowadays, different companies sell 2D and 3D DIC commercial

software applications. Among these, Correlated Solutions, HOLO3,

Dantec Dynamics, Gom, Image Systems, Imetrum, LaVision and

Match ID are the most popular ones [10].

Correlated Solutions offers 2D and 3D DIC solutions. Vic-2D is a

user-friendly commercial software that adopts optimized correlation al-

gorithms to provide full-field displacements and strains for mechanical

testing on planar specimens. Specifically, it evaluates 2D displacements

and strains at every pixel subset within the AoI [21].

HOLO3 developed a licensed DIC software named CorreliSTC following

the specifications defined by Airbus Group Innovations. The package

can measure 2D and 3D DIC displacements and strains under different

conditions [22].

Dantec Dynamics was founded during the 1950s and it is specialized

in instrumentation for flow measurement and particle characterisation.

Among the optical measurement systems it supports, it offers Q-400

to perform 3D DIC measurements [25].

Gom is an industrial manufacturer specialized in developing, producing

and distributing optical measurement solutions and technologies for
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3D coordinate measurement and deformation analysis. Among the

developed technologies, the ARAMIS software provides a non-contact

and material-independent measuring system and solutions for full-field

analysis [38].

Image Systems was born in 1999 and it offers a software named TEMA

which allows for 2D and 3D measuring of full-field displacements and

strains [47].

Imetrum is a company composed of a group of experts in non-contact

measurements who operate in the field of rail bridge, road, geotechnical

and structural monitoring. Among the products it sells, the Video

GaugeTM software offers the possibility to perform DIC to identify

areas of high stress, crack opening or other discontinuities [49].

LaVision was founded in 1989 as a spin-off from Max Planck Institute

and Laser Laboratory in Gottingen and it focuses on imaging systems,

smart optical sensors, measurement technologies and software tools. It

offers the 2D and 3D DIC StrainMaster system for deformation analy-

sis which combines the DIC algorithms with high-quality hardware to

offer an easy-to-use instrument for material analysis [56].

Finally, MatchID was founded by experts in the field of image correla-

tion and it offers 2D and 3D DIC solutions [65].

Among the research DIC codes, Ncorr, DICe and YaDICs are the

most popular ones [10], whereas several new Python and Matlab ap-

plications have been developed more recently.

Ncorr [13] is an open-source, freely available 2D subset-based DIC

software. It was developed at the Georgia Institute of Technology and

it is implemented in Matlab [13]. The software has a Graphical User

Interface (GUI) and it provides plotting tools for figure creation [69].

It can estimate 2D displacement and strain fields starting from a set



2.2 The Digital Image Correlation technique 21

of images [10].

DICe [100] is an open-source DIC software developed by the Sandia

National Laboratories, capable of computing full-field displacements

and strains from a sequence of digital images. It is cross-platform and

easy to use; package installers are available for Windows and Mac OS

and instructions are provided to build the software on Linux. It has an

intuitive GUI to perform 2D and 3D DIC. Furthermore, three analysis

options are available: the subset-based full-field mode for local DIC,

the global mode for finite element-based DIC and the tracking mode for

trajectory tracking. The displacement and strain fields are not directly

shown at the end of the analysis but the results can be post-processed

in Paraview, a data analysis and visualization software [76].

YaDICs [106, 89, 90] was developed at the Laboratoire de Mécanique

de Lille and runs on Linux operating systems. Implemented in C++,

it is used for 2D and 3D solid and fluid kinematics field measurements.

It allows the use of local and global methods by combining them at

different pyramidal scales.

AL-DIC [110] is a parallel-computing 2D DIC algorithm that combines

advantages of local DIC (fast, compute in parallel) and global DIC

(guarantee kinematic compatibility). It was developed thanks to a

collaboration between the California Institute of Technology and the

University of Wisconsin and is implemented in Matlab.

Ufreckles [101] is a library of Matlab functions dedicated to 2D and

3D DIC and most of the functions can be accessed through a Matlab

GUI. It was developed at the École Centrale de Nantes.

Pyxel [78, 79] is an open-source global 2D DIC library for experimental

mechanics applications. It was developed at the Institut National des

Sciences Appliquées de Toulouse and is implemented in Python.
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Pydic [81] is a free Python module for local 2D DIC based on OpenCV

[14], one of the most used open-source computer vision and machine

learning library.

Finally, Dolfin dic [27] is a Python library for global 2D and 3D DIC.

A synoptic illustration of the main features of the free and open-

source DIC software is given in Tab. 2.1.

Software 2D/3D Approach Language OS Code Repository

AL-DIC 2D Ibrid approach Matlab Cross-platform https://github.com/jyang526843/2D_ALDIC

DICe 2D/3D Local/Global C++ Cross-platform https://github.com/dicengine/dice

Dolphin dic 2D/3D Global Python Cross-platform https://bitbucket.org/mgenet/dolfin_dic/src/master/

Ncorr 2D Local Matlab Linux/Windows https://github.com/justinblaber/ncorr_2D_matlab

Pydic 2D Local Python Cross-platform https://gitlab.com/damien.andre/pydic

Pyxel 2D Global Python Cross-platform https://github.com/jcpassieux/pyxel

Ufreckles 2D/3D Global Matlab Linux/Windows https://github.com/jrethore/ufreckles

YaDICs 2D/3D Local/Global C++ Linux http://yadics.univ-lille1.fr/wordpress/

Tab. 2.1: Open-source DIC software features

2.2.3 DIC challenge datasets

The Society for Experimental Mechanics (SEM) provides the DIC chal-

lenge to supply the image correlation community with common image

datasets that enable testing, validation and improvement of both com-

mercial and academic DIC software solutions. The use of a common

image dataset removes the experimental errors associated with mul-

tiple hardware setups. In this way, the DIC code is evaluated inde-

pendently of other experimental considerations. Test images are cre-

ated both experimentally and synthetically to investigate rigid-body

sub-pixel translations, rigid-body rotations, out-of-plane translation,

spatially-varying displacement and strain gradients, and displacement

discontinuities. The image tests are freely available on the SEM web-

site (https://sem.org/dicchallenge) [84].

https://github.com/jyang526843/2D_ALDIC
https://github.com/dicengine/dice
https://bitbucket.org/mgenet/dolfin_dic/src/master/ 
https://github.com/justinblaber/ncorr_2D_matlab
https://gitlab.com/damien.andre/pydic
https://github.com/jcpassieux/pyxel
https://github.com/jrethore/ufreckles
http://yadics.univ-lille1.fr/wordpress/
https://sem.org/dicchallenge
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2.3 State-of-the-art techniques for crack

detection and measurement

2.3.1 Overview of image-based methods

Different image-based approaches for crack detection and measurement

have been widely developed and applied. Image binarization is the

simplest image processing technique for crack detection and measure-

ment. Cracks are usually darker than their surrounding area since

they have low-intensity values compared to the background. For this

reason, thresholding techniques have been widely investigated to seg-

ment the shape of the crack and extract its features. However, the

use of this type of method (e.g. the Otsu thresholding) is not accu-

rate enough since it strongly depends on the binarization parameters,

the image quality, the background characteristics and the change in

lighting conditions [46]. Fig. 2.7 shows an example of standard image

binarization and Otsu thresholding combined with Gaussian filter in

which the background characteristics highly affect the performances of

the methods in detecting the crack.

Regarding the choice of the optimal parameters, Kim et al. [53] per-

formed a parametric analysis to determine the optical parameters of

five different binarization methods. They also proposed a comparative

analysis of these techniques for crack identification and measurement

in concrete structures.

To enhance binarization method performance, the combination with

other techniques has also been extensively explored. Sohn et al. [94]

proposed a crack monitoring system using different image processing
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(a) (b) (c)

Fig. 2.7: Original image (a), standard binarization (b) and Otsu thresh-
olding combined with Gaussian filter (c)

techniques including image enhancement, noise removal, histogram

thresholding and thinning for crack linear feature extraction. Ito et

al. [50] explored the combination of shading correction, thresholding

and thinning. Similar methods were also presented in [58] and [29].

Zhang et al. [116] utilized morphological image processing techniques

combined with thresholding operations and Extreme Learning Machine

classifiers to perform image segmentation, feature extraction and crack

classification. They also proposed an algorithm for crack quantification

based on the skeleton graph to calculate the crack length and width. In

addition to binarization methods, other techniques have been widely

explored. Yamaguchi et al. [107] combined a high-speed percolation

method with binary and dilation processing, shading correction, ero-

sion and thinning processing to extract cracks on concrete surfaces.
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They developed an image measurement method for crack measure-

ment with sub-pixel accuracy in real concrete structure applications

[108]. Abdel-Qader et. al [2] implemented a Principal Component

Analysis (PCA) based algorithm for the detection of cracks in con-

crete bridge decks. Dare et al. [26] proposed a bilinear interpolation

method for crack width measurement with sub-pixel accuracy. How-

ever, the approach required human intervention for feature extraction

and could only provide pixel measurements. Later, Chen et al. [18] im-

proved the approach using quadratic curve interpolation. Costa et al.

[24, 102] proposed a combination of photogrammetry and image pro-

cessing for computing the strain field and mapping the cracked areas.

The processing was almost completely automatic but it required a reg-

ular grid of circular targets painted on the sample that could be affected

by imperfections and discontinuities of the concrete surface. Finally,

Barazzetti et al. [8] presented the IMage Crack Aperture (IMCA) tool

for crack border and width extraction based on the behaviour of the

RGB component intensity along cross-sections of cracks.

2.3.2 Innovative deep learning approaches

To improve the performances of image-based techniques and develop a

method able to cover unexpected real-world situations, deep learning

approaches (Convolutional Neural Networks - CNNs) have been also

recently investigated [60, 17, 39, 118, 62, 83]. CNNs are well-known

deep learning architectures inspired by the natural visual perception

mechanism of the living creatures [40]. They were introduced for the

first time in 1998 by Le Cun et al. [57]. From then on, they have

been widely investigated and applied in different fields such as im-
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age recognition, image classification and natural language processing.

CNNs represent very powerful techniques for automatic feature extrac-

tion and classification problems and are designed to automatically and

adaptively learn spatial hierarchies of features through backpropaga-

tion by using convolution layers, pooling layers and fully connected

layers. They have received considerable attention in the field of in-

frastructure monitoring thanks also to the spread of drones and other

mobile mapping systems which can acquire a large amount of data.

In the field of infrastructure monitoring, starting from a set of la-

beled images necessary to train the network, CNNs can be adopted to

build a classifier for automatically detecting cracks in new images. Fur-

thermore, these techniques can handle a large amount of collected data.

In the last years, three different deep learning approaches have been

adopted to perform crack detection: object detection, image classifica-

tion and semantic segmentation. The first one aims only at detecting

the location of the cracks using bounding boxes without providing ad-

ditional information such as the width and the shape of the cracks.

In this method, the cracks are labeled with bounding boxes in each

image of the dataset adopted to perform the training. Following this

approach, Li et al. [60] proposed the DDLNet architecture to perform

crack detection and they achieved a detection accuracy of 80.7%.

The second approach performs image classification using sliding win-

dows to scan the images. When using the classification method, the

dataset is labeled using two classes: crack and no-crack. The method

can provide more detailed information compared to the previous one

but the accuracy of the detection highly depends on the area division.

Cha et al. [17] proposed a deep architecture of CNNs for detecting

concrete cracks and classify the images using sliding windows. They
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trained the developed network using 40000 images of 256× 256 pixel

resolution. The potentialities of the trained network were then in-

vestigated using 55 images of 5888× 3584 pixel resolution taken from

a different structure and not adopted during training and validation.

They achieved remarkable results with an accuracy of 97% on the test-

ing dataset. Similarly, Li et al [61] adopted an AlexNet-based CNN

trained and validated using 1205 images cropped in smaller images

of 256× 256 pixel resolution. Then, they tested the robustness and

adaptability of the trained network using a different set of images

achieving an average testing accuracy of 99%. Kim et al. [52] trained

the AlexNet CNN using a transfer learning approach. The training

set was built using images from the Internet divided into five classes

involving cracks, intact surfaces, plants and two types of similar pat-

terns of cracks. They also used a sliding window strategy to improve

the detection. The trained network was tested on images acquired

using commercial Digital Single Lens Reflex (DSLR) and smartphone

cameras achieving an accuracy of 90%.

Finally, semantic segmentation provides pixel-level classification by de-

tecting all the pixels which belong to the crack. In the pixel-level

segmentation method, each pixel in the images adopted during the

training is classified as crack or no-crack. This approach represents,

therefore, the most accurate method for the specific task of crack de-

tection [62]. In general, the U-Net is one of the most adopted archi-

tectures for semantic segmentation. The U-Net was developed by Olaf

Ronneberger et al. [85] for biomedical image segmentation. The ar-

chitecture contains two paths: the encoder and the decoder (Fig. 2.8).

The first one is a contractor path adopted to capture the context in

the image. Traditional, it is a stack of convolution and max pooling
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layers. The second one is the symmetric expanding path and is used

to enable precise localization using transposed convolutions. It is an

end-to-end Fully Convolutional Network (FCN), i.e. it only contains

convolutional layers and does not contain any dense layer.

Fig. 2.8: U-Net architecture [85]

Different studies have been recently carried out to achieve pixel-

level detection of cracks. Liu et al. [62] adopted the U-Net architecture

to perform crack segmentation in concrete. They trained the network

using 57 images with a resolution of 512 × 512 pixels. Finally, they

tested the trained model and compared the proposed method with the

approach investigated by Cha et al. [17]. Ren et al. [83] developed

an improved deep fully convolutional neural network, named Crack-

SegNet, for pixel-wise segmentation. They compared their approach
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to conventional image processing and other deep learning crack seg-

mentation method showing higher accuracy. Zou et al. [118] proposed

an end-to-end deep convolutional neural network, named DeepCrack,

for automatic crack detection. They built DeepCrack on the encoder-

decoder architecture of SegNet [6], and pairwisely fused the convo-

lutional features generated in the encoder network and the decoder

network at the same scale. They trained the network on one crack

dataset and evaluated it on three others. The experimental results

demonstrated that DeepCrack achieved F1 over 0.87 on average on the

three challenging datasets.
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Chapter 3

Py2DIC : a free and

open-source 2D DIC software

In this chapter, the potential of standard 2D DIC in measuring dis-

placements, strains and cracks is investigated. A new Free and Open-

Source Software (FOSS) for local 2D DIC, named Py2DIC, was devel-

oped and tested by processing images acquired in the laboratory using

cameras with a fixed position. Specifically, Py2DIC potentialities were

evaluated using different sets of experimental images acquired during

lab tests. Py2DIC displacement and strain fields were compared with

those obtained through the well-known and mature open-source soft-

ware packages Ncorr and DICe and the commercial software Vic-2D.

Furthermore, for one dataset, the accuracy of the results was evaluated

by comparing the estimated displacements with those computed from

the strain values independently measured by a strain gauge fixed to one

of the samples. Finally, the potential of Py2DIC in measuring crack

aperture was investigated comparing the results with those obtained

31
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using Ncorr.

3.1 Py2DIC software

Py2DIC is a free, open-source and cross-platform local 2D DIC soft-

ware developed at the Geodesy and Geomatics Division of Sapienza

University of Rome (http://github.com/Geod-Geom/py2DIC/) [82,

10, 11]. It is based on the well-known template matching method and

it computes 2D displacements and strains of a sample by comparing

one or more image pairs of its surface acquired in different steps of the

deformation process. Py2DIC is implemented in Python and adopts

the functionalities of the OpenCV computer vision library [14]. It

takes a set of images as input and returns displacements and strains

in the form of plots and text files for post-processing. The software

architecture is described in Fig. 3.1.

Fig. 3.1: Py2DIC software architecture

Py2DIC has a GUI to easily allow users to select one of the two

available processing options and set the input parameters (Fig. 3.2).

In terms of processing options, it allows the definition of the AoI to

obtain full-field displacements and strains or the selection of specific

points of interest to compute the point motion.

http://github.com/Geod-Geom/py2DIC/
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Fig. 3.2: Py2DIC GUI
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The core of Py2DIC processing is based on the template matching

method which involves different steps. If the standard AoI processing

option is adopted, Py2DIC defines a grid to divide the AoI of the

reference image into smaller areas. Then, the algorithm computes the

normalized cross-correlation index through a convolution of a portion

of the reference image (the reference template) with the corresponding

larger subregion (the search window) in the search image (Fig. 3.3).

Fig. 3.3: Scheme of the image pairs together with the reference template,
the central pixel p and the search window: the reference template width and
height (w) and the dimensions of the edges (d/2, b/2) of the search window
must be specified by the user in the GUI before starting the processing

The sub-pixel resolution is reached by oversampling both the reference

template and the research window using a bicubic interpolation. Fi-

nally, the maximum correlation coefficient value detects the occurred

displacement (u, v), being u and v respectively the components along

the x and y axes [82]. If the point selection option is adopted, the
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software applies the same procedure considering only the points of in-

terest. The algorithm is implemented through the OpenCV function

matchTemplate with the Fast Normalized Cross-Correlation (FNCC)

similarity criterion (Eq. 3.1) [97]:

ρ(x, y) =

∑
x′,y′(T

′(x′, y′) · I ′(x+ x′, y + y′))√∑
x′,y′ T

′(x′, y′)2 ·
∑

x′,y′ I
′(x+ x′, y + y′)2

(3.1)

where:

T ′(x′, y′) = T (x′, y′)− 1

wh

∑
x′′,y′′

T (x′′, y′′)

I ′(x+ x′, y + y′) = I(x+ x′, y + y′)− 1

wh

∑
x′′,y′′

I(x+ x′′, y + y′′)

T denotes the reference template;

I denotes the search window;

ρ denotes the correlation coefficient;

w (width) and h (height) denote the reference template dimensions.

It is worth noticing that in general the reference template and the

search window can be square or rectangular. Specifically, as default

settings, Py2DIC adopts a square reference template (w × w) and a

rectangular search window (Fig. 3.3) to consider the possible (also

remarkable) differences between the displacements along the x and y

directions. Once the analysis is performed along the first grid, Py2DIC

uses independent staggered grids to calculate the displacements of ev-

ery pixel inside the AoI, increasing in this way the resolution of the
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computed displacement fields. Then, for strain computation, a cubic

spline-based filter or a Gaussian filter smooth the displacements esti-

mated at each pixel of the considered staggered grids to reduce the

noise. Both the filters, implemented starting from the SciPy library

functions, handle missing data or masked areas (see section 3.3.1).

After noise reduction, the smoothed displacements are differentiated

using the centered difference approximation, for which the weights (up

to the eighth order of accuracy) are generated following the approach

described in [36]. Finally, the software computes the Green Lagrangian

strains according to the following equations:
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where:

Exx, Exy and Eyy are the Green Lagrangian strains;
∂u
∂x

, ∂u
∂y

, ∂v
∂x

, ∂v
∂y

are the displacement gradients.

Py2DIC repeats the analysis for each available pair of images captured

at different temporal steps. The results are the accumulated displace-

ment and strain fields for each pair of the processed images.

If specific points of interest are selected, the algorithm uses the se-

lected points in the reference image as the template centres and applies

the template matching procedure between the defined templates and

the corresponding searching areas in the slave image. Specifically, in
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this case, Py2DIC adopts a two-step approach to achieve sub-pixel ac-

curacy. Firstly, the dimensions of the moving window and the searching

window are defined; then, the software calculates the cross-correlation

index on the image intensity after oversampling by a factor of 2 both

in the x and y directions. Secondly, after the determination of the

position of the maximum cross-correlation index value, the two corre-

sponding patches in the master and slave images are oversampled by a

factor of 100 in the two directions, respectively. Using this procedure

it is possible to achieve a raster precision of 1/200 samples in both the

directions.

3.2 Case studies

3.2.1 Plate hole DIC challenge

The first set of input images adopted in this thesis is called Plate

hole (Sample 12) and it is part of the SEM 2D DIC challenge dataset

[93, 84]. Sample 12 is an experimental set of 12 images with a resolution

of 400 × 1040 pixels. The images refer to a steel plate (cover by a

painted speckle pattern) with a hole in the middle being loaded in

tension (Fig. 3.4).

As this is an experimental image series, there is no ground truth data;

this is the reason why it is useful for round-robin type tests to compare

different codes for DIC implementation [84].
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Fig. 3.4: Plate hole sample

3.2.2 Tensile test of Glass Fiber Reinforced Poly-

mer (GFRP) samples

The second dataset includes images acquired during an experimental

campaign performed in the Laboratory of Structural Engineering of the

Department of Structural and Geotechnical Engineering at Sapienza

University of Rome. The tests aimed at investigating the mechanical

properties of Glass Fiber Reinforced Polymer (GFRP) samples ob-

tained from GFRP beams. The specimen dimensions are reported in

Tab. 3.1.

During the campaign, the specimen was subjected to a tensile test

using a servo-hydraulic universal testing machine. The test involved

placing the GFRP specimen in the grips of the testing machine and

slowly extending it until failure. Specifically, the upper part of the
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Width (mm) Height (mm) Thickness (mm)

30 120 8

Tab. 3.1: GFRP sample dimensions

specimen was fixed to two steel crossheads and the pull load was ap-

plied at the bottom part of the specimen using a displacement-control

protocol system (0.5 mm/min). During the process, the elongation of

the gauge section was recorded against the applied force. A metric

reference enabled to calculate the pixel dimension necessary to per-

form the conversion pixels-to-unit length for the measured displace-

ment fields. To measure the specimen local deformations, vertical and

horizontal strain gauges were fixed on the sample surface, where no

speckle pattern was applied (Fig. 3.5).

Indeed, it is worth noticing that one of the aims of the software com-

parison is also to test the responses of the different matching criteria

implemented in the compared applications which, in general, should

be able to deal with in-situ measures performed outside the elemen-

tary lab conditions, without the possibility of adding artificial speckle.

During testing, a Canon Electro-Optical System (EOS) 1200D camera

was placed around 20 centimetres far from the sample on a metallic

bar fixed over two tripods to avoid vibrations during the loading tests.

The camera was connected to a laptop and the EOS Digital Solutions

Disk Software was used to acquire images with a time sampling of one

acquisition every 5 seconds and a resolution of 3456× 5184 pixels. The

experimental setup used during the campaign is shown in Fig. 3.6.
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Fig. 3.5: GFRP sample

3.2.3 Compact tension sample

The third set of input images is one of the datasets provided by the

Ncorr developers. The dataset is composed of two images (resolution

of 3352× 2532 pixels) of a compact tension sample acquired during

an experimental campaign. The two images of the dataset captured

the sample surface before and after cracking, respectively (Fig. 3.7).

For this reason, the dataset is useful to evaluate the potential of DIC

software applications in measuring cracks.



3.2 Case studies 41

Fig. 3.6: Experimental setup

(a) (b)

Fig. 3.7: Compact tension sample images before (a) and after (b) cracking
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3.3 Results and discussion

The Plate hole and the GFRP datasets were processed using Py2DIC

to calculate the u and v displacement fields along the x and y directions,

respectively. For the first image set, also the Green Lagrangian strain

fields (Exx, Exy and Eyy) were computed.

The same sets of images were used as input for both Ncorr, Vic-2D

and DICe. Then, the differences between the raw displacements (not

smoothed) computed with Py2DIC and those obtained with each of

the compared software were calculated as follows:

∆u = uPy2DIC
i,j − uNcorr/V ic−2D/DICe

i,j

∆v = vPy2DIC
i,j − vNcorr/V ic−2D/DICe

i,j

(3.3)

where i and j are the row and column pixel locations, respectively.

Referring to displacement differences ∆u and ∆v (Eq. 3.3), the assess-

ment adopted a global approach for all the points of the grid, consid-

ering the following standard statistical parameters to summarize the

error of full-field displacements:

� ∆u ∆v: mean value of the u and v displacement differences;

� ∆̃u ∆̃v: median value of the u and v displacement differences;

� σu, σv: standard deviation of the u and v displacement differences

where N is the number of data points

σu =
√

1
N

∑
i,j(∆u−∆u)2

σv =
√

1
N

∑
i,j(∆v −∆v)2;
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� RMSEu, RMSEv: Root Mean Square Error of the u and v dis-

placement differences

RMSEu =
√

(σu)2 + (∆u)2

RMSEv =
√

(σv)2 + (∆v)2;

� NMADu, NMADv: Normalized Median Absolute Deviation of

the u and v displacement differences

NMADu = 1.4826 ∗median|∆u− ∆̃u|
NMADv = 1.4826 ∗median|∆v − ∆̃v|;

� LE68u, LE68v: Linear Error with 68% of probability of the u

and v displacement differences;

� LE95u, LE95v: Linear Error with 95% of probability of the u

and v displacement differences.

Finally, to examine the results more closely, the u and v displacement

values obtained from Py2DIC, Ncorr, Vic-2D and DICe were plotted

along vertical sections.

The third dataset was adopted to investigate the problem of crack

measurement. In this case, the assessment concerned the crack width

obtained using Py2DIC and Ncorr.

3.3.1 Plate hole DIC challenge: displacement field

comparison

The first and the last image of the Plate hole experimental dataset

were processed using a local approach for all the software applications.

For this set of experimental images, the u and v displacement values
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were calculated in pixels, as no conversion pixels-to-unit length was

available. Py2DIC results were computed at every pixel of the con-

sidered images using a 11 × 11 pixel template, a step size of 1 pixel

and oversampling factors of 20 and 10 for the u and v displacement

computation, respectively. Ncorr results were achieved using a subset

radius of 20 pixels and a subset spacing of 1 pixel; displacements were

returned on a two-pixel spaced grid.

The comparison between Py2DIC and Ncorr was performed con-

sidering Ncorr grid; the obtained displacement fields are shown in Fig.

3.8 and Fig. 3.9.

Fig. 3.8: u displacements (px) for the Plate hole sample from the SEM
DIC challenge obtained from DIC technique. (a) Py2DIC raw results (b)
Py2DIC smoothed results using Gaussian filter (c) Ncorr results (d) Vic-2D
results (e) DICe results

Regarding this comparison, the results are in reasonable agreement

with each other. Starting from the displacement differences of the two

software, the above mentioned statistical parameters were computed

and reported in Tab. 3.2.
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Fig. 3.9: v displacements (px) for the Plate hole sample from the SEM
DIC challenge obtained from DIC technique. (a) Py2DIC raw results (b)
Py2DIC smoothed results using Gaussian filter (c) Ncorr results (d) Vic-2D
results (e) DICe results

(px) ∆u Py2DIC-Ncorr ∆v Py2DIC-Ncorr

Mean -0.0023 -0.0027
Median -0.0023 -0.0027
Std.Dev 0.0302 0.0389
RMSE 0.0303 0.0390
NMAD 0.0298 0.0416
LE68 0.0301 0.0400
LE95 0.0586 0.0740

Tab. 3.2: Comparison with Ncorr : statistical parameters of displacement
differences - Plate hole

The quite low mean values highlight the absence of significant sys-

tematic differences in both the x and y directions and the equality of

the mean and median values witnesses the absence of outliers. For

this comparison, the RMSE amounts to a few hundredths of a pixel.

It is also worth noticing that the statistics of the v displacements are
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slightly worse than the u ones. Fig. 3.10a and Fig. 3.10b show the

statistical distribution of the u and v differences, respectively.

(a) (b)

Fig. 3.10: Statistical distribution of the u (a) and v (b) differences -
Py2DIC -Ncorr

The distributions highlight a different behaviour in the two direc-

tions. Specifically, the u differences show a leptokurtic distribution,

whereas the v differences a platykurtic one.

Secondly, the differences between the displacements computed us-

ing Py2DIC and Vic-2D were analysed. Vic-2D results were obtained

using a subset of 31 pixels and a step of 1 pixel. The displacements

were computed for every pixel of the considered images, as for Py2DIC.

The obtained displacement fields are shown in Fig. 3.8 and Fig. 3.9.

Tab. 3.3 reports the statistics of the differences among the dis-

placements computed with the two software applications, whereas Fig.

3.11a and Fig. 3.11b show the statistical distribution of the u and v

differences, respectively. Quite similar results to the previous compar-

ison were obtained in this case too, together with the slightly worse



3.3 Results and discussion 47

behaviour of the v displacements.

(px) ∆u Py2DIC-Vic-2D ∆v Py2DIC-Vic-2D

Mean -0.0048 -0.0050
Median -0.0050 -0.0049
Std.Dev 0.0303 0.0381
RMSE 0.0307 0.0385
NMAD 0.0298 0.0410
LE68 0.0302 0.0396
LE95 0.0588 0.0721

Tab. 3.3: Comparison with Vic-2D : statistical parameters of displacement
differences - Plate hole

(a) (b)

Fig. 3.11: Statistical distribution of the u (a) and v (b) differences -
Py2DIC -Vic-2D

Thirdly, Py2DIC results were compared with those obtained using

DICe in terms of displacement fields (Fig. 3.8 and Fig. 3.9) and

statistical analysis (Tab. 3.4). DICe processing was carried out using
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a subset size of 31 pixels and a step size of 1 pixel. The software

returned the displacements at every pixel of the considered images, as

for Py2DIC.

(px) ∆u Py2DIC-DICe ∆v Py2DIC-DICe

Mean -0.0054 -0.0033
Median -0.0063 -0.0033
Std.Dev 0.0339 0.0411
RMSE 0.0344 0.0412
NMAD 0.0338 0.0431
LE68 0.0340 0.0422
LE95 0.0657 0.0785

Tab. 3.4: Comparison with DICe: statistical parameters of displacement
differences - Plate hole

Again, the quite low mean differences highlight the absence of sig-

nificant systematic errors in both the directions. Also in this case,

the slightly worse behaviour of the v displacements is visible, together

with the different distribution of the histograms (Fig. 3.12a and Fig.

3.12b).

Finally, to locally characterize the potentialities of Py2DIC, a ver-

tical section AA (Fig. 3.8) was cut on the displacement data obtained

with the developed software and the three reference applications. The

results are shown in Fig. 3.13 and highlight how the Py2DIC raw

displacements well follow the trends of the compared software applica-

tions, at the level of few hundredths of a pixel, even if, of course, they

are less smooth.
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(a) (b)

Fig. 3.12: Statistical distribution of the u (a) and v (b) differences -
Py2DIC -DICe

Fig. 3.13: Comparison of the v displacements along the section AA among
Py2DIC, Ncorr, Vic-2D and DICe
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3.3.2 Plate hole DIC challenge: strain field com-

parison

Starting from the obtained displacement fields, the Green Lagrangian

strains Exx, Exy, Eyy were computed using the open-source software

solutions Py2DIC, Ncorr and DICe. Regarding Py2DIC, to reduce the

noise of the displacement field, both Gaussian and spline smoothing

methods were applied before the convolution procedure and the Green

Lagrangian strain computation. As for Ncorr, a strain radius equal

to 5 pixels was chosen to define a local group of displacement data

points and perform a least squares plane fit, as proposed in [73]. This

method estimates the plane parameters and retrieves the displacement

gradients and the subsequent Green Lagrangian strains. Finally, a

gauge size of 15 pixels was used to define a displacement subset for the

DICe strain computation [100].

Fig. 3.14 and Fig. 3.15 show the obtained Exy and Eyy strain fields

of the Plate hole sample.

The visual comparisons among Py2DIC and the other software

packages are globally consistent, being evident a good agreement with

DICe and Ncorr. It is worth noticing that the numerical comparison is

not at all straightforward since each software computes the strain field

over a proper grid. The comparison requires additional interpolations

which can impact the results. Finally, it is also worth mentioning

that small differences among the software are related to the different

implemented filtering techniques.
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Fig. 3.14: Exy Green Lagrangian strains for the Plate hole sample from
the SEM DIC challenge obtained from DIC technique. (a) Py2DIC results
using Gaussian filter (b) Py2DIC results using spline filter (c) Ncorr results
(d) DICe results

Fig. 3.15: Eyy Green Lagrangian strains for the Plate hole sample from
the SEM DIC challenge obtained from DIC technique. (a) Py2DIC results
using Gaussian filter (b) Py2DIC results using spline filter (c) Ncorr results
(d) DICe results
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3.3.3 Tensile test of GFRP sample: displacement

field comparison

For the tensile test image pair, a local approach was used for Py2DIC,

Ncorr and Vic-2D processing, whereas a global approach was tested

using DICe. In this case, the results were calculated in millimetres

thanks to the availability of the pixels-to-unit length conversion factor.

Specifically, the pixel dimension in the object space was considered

square and constant throughout the image and equal to 0.017 mm.

Py2DIC u and v displacements were computed using a 65 × 65

pixel template, a step size of 1 pixel and oversampling factors of 20

for both the displacement directions. The same input parameters were

used for Ncorr and Vic-2D, whereas for DICe a mesh size of 277 pixels

was adopted. Then, the displacement differences and the correspon-

dent statistical parameters were calculated for the comparisons with

Ncorr, Vic-2D and DICe. In particular, the results from the DICe

global approach were interpolated on a regular grid to facilitate the

comparison with Py2DIC. Furthermore, also for this set of images, a

local comparison was performed on the vertical section BB (Fig. 3.16).

The results are shown in Fig. 3.18 and Fig. 3.19. It is worth notic-

ing that, as for the former set of images, Py2DIC, Vic-2D and DICe

returned the displacements for every pixel, while Ncorr computed the

displacements on a two-pixel spaced grid. Fig. 3.16 and Fig. 3.17

show the obtained displacement maps; Tab. 3.5, Tab. 3.6 and Tab.

3.7 refer to the comparison respectively with Ncorr, Vic-2D and DICe

in terms of statistical parameters computed considering the Ncorr two-

pixel spaced grid.

Also for this set of images, it is possible to observe a very good cor-



3.3 Results and discussion 53

Fig. 3.16: u displacements (mm) for the tensile test of GFRP sample ob-
tained from DIC technique. (a) Py2DIC raw results (b) Py2DIC smoothed
results using Gaussian filter (c) Ncorr results (d) Vic-2D results (e) DICe
results

respondence between the u and v displacements computed by Py2DIC

and those generated using Ncorr, Vic-2D and DICe. The results high-

light no biases, no outliers and a level of agreement of a few microns
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Fig. 3.17: v displacements (mm) for the tensile test of GFRP sample ob-
tained from DIC technique. (a) Py2DIC raw results (b) Py2DIC smoothed
results using Gaussian filter (c) Ncorr results (d) Vic-2D results (e) DICe
results

between Py2DIC and all the compared software applications. Also in

this case, the comparison is slightly worse for the v displacements. As

for the statistical distribution, the differences show a leptokurtic dis-
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(mm) ∆u Py2DIC-Ncorr ∆v Py2DIC-Ncorr

Mean -0.0001 0.0002
Median -0.0001 0.0002
Std.Dev 0.0035 0.0055
RMSE 0.0035 0.0055
NMAD 0.0023 0.0041
LE68 0.0026 0.0044
LE95 0.0074 0.0112

Tab. 3.5: Comparison with Ncorr : statistical parameters of displacement
differences - Tensile test of GFRP sample

(mm) ∆u Py2DIC-Vic-2D ∆v Py2DIC-Vic-2D

Mean -0.0001 0.0004
Median -0.0000 0.0002
Std.Dev 0.0034 0.0058
RMSE 0.0034 0.0058
NMAD 0.0022 0.0039
LE68 0.0025 0.0043
LE95 0.0069 0.0114

Tab. 3.6: Comparison with Vic-2D : statistical parameters of displacement
differences - Tensile test of GFRP sample

tribution for all the software comparisons and along both the x and y

directions. Finally, the vertical section comparisons underline how the

software displacements are in good agreement with each other even if,

in this case, the adoption of DICe global approach leads to slightly

different results.



56 Py2DIC : a free and open-source 2D DIC software

(mm) ∆u Py2DIC-DICe ∆v Py2DIC-DICe

Mean -0.0003 -0.0004
Median -0.0005 -0.0002
Std.Dev 0.0051 0.0075
RMSE 0.0051 0.0075
NMAD 0.0043 0.0067
LE68 0.0044 0.0068
LE95 0.0106 0.0150

Tab. 3.7: Comparison with DICe: statistical parameters of displacement
differences - Tensile test of GFRP sample

Fig. 3.18: Comparison of the u displacements along the section BB among
Py2DIC, Ncorr, Vic-2D and DICe
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Fig. 3.19: Comparison of the v displacements along the section BB among
Py2DIC, Ncorr, Vic-2D and DICe

3.3.4 Tensile test of GFRP sample: strain gauge

comparison

For the tensile test of the GFRP sample, the results obtained using

Py2DIC were also compared to strain gauge measurements. Specifi-

cally, a strain gauge was placed horizontally on the sample side facing

the camera, as shown in Fig. 3.20.

Py2DIC displacements were calculated and spatially averaged on

the points corresponding to the left and right extremities of the device.

Then, since the sample central section was covered by the wires of

the strain gauge, the difference between the displacements observed in

these two positions was calculated at the bottom and top part of the

strain gauge, respectively (Fig. 3.20). Finally, these two displacement
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Fig. 3.20: Strain gauge setup

differences were averaged at different time steps and compared with the

displacements inferred using the strain gauge. The results are shown

in Fig. 3.21 and highlight how the averaged Py2DIC displacements

well follow the strain gauge reference trend.

Fig. 3.21: Comparison between the results computed using Py2DIC and
strain gauge measurements
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The RMSE of Py2DIC displacements computed with respect to the

strain gauge measurements is around 1 micron [82].

3.3.5 Compact tension sample: crack measure-

ment

The two images of the dataset were processed using Ncorr and Py2DIC.

Firstly, the u and v displacement fields were computed using Ncorr

with a subset radius of 51 pixels and subset spacing of 1 pixel. The

obtained displacement maps are shown in Fig. 3.22a and Fig. 3.22b.

(a) (b)

Fig. 3.22: u displacement field (px) (a) and v displacement field (px) (b)
of the compact tension sample

It is worth noticing that a sudden jump is clearly visible in the

displacement fields. Specifically, since the crack has a sub-horizontal

orientation (x direction), the v displacements along each side of the

crack provide the aperture of the occurred defect projected along the

y direction. To compare the performances of Py2DIC and Ncorr, the
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differences between the v displacements of each side of the crack were

computed along 3 sections as shown in Fig. 3.22b. For Ncorr, the

crack aperture was computed from the displacement field considering

only the extremities of the selected sections. For Py2DIC, the point

selection processing option was adopted to compute the displacement

of the points of interest. A moving window of 101 × 101 pixels and a

searching window of 401 × 401 pixels were defined for each point and

oversampling factors of 2 and 100 were adopted in both the x and y

directions to achieve the point displacements at sub-pixel level. Then,

the differences between the point v displacements at each side of the

crack were computed and compared with Ncorr results. The compari-

son between Ncorr and Py2DIC in terms of crack aperture computed

along the y direction is shown in Fig. 3.23. The results highlight a

very good agreement between the two software applications. It should

be mentioned that Ncorr results are not visible since they are cov-

ered by Py2DIC crack apertures. It is also worth underlining that,

in this case, Py2DIC processing is more suitable for crack width mea-

surements compared to Ncorr since it allows the selection of specific

points of interest along the crack.
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Fig. 3.23: Crack width comparison between Py2DIC and Ncorr
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Chapter 4

Deformation from Motion:

an innovative approach for

non-fixed cameras

This chapter presents an innovative photogrammetric approach, named

Deformation from Motion (DfM), able to compute the crack propa-

gation over time using a time series of images (as the standard DIC

method) captured from slightly different positions. The goal is to over-

come the main DIC limitation of using a fixed camera and develop an

automatic photogrammetric workflow able to measure the evolution of

cracks in images acquired using smartphones, drones or other mobile

mapping systems.

63
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4.1 Motivation

The procedure of crack monitoring on concrete infrastructures by quan-

tifying the changes detected from multi-temporal images represents a

difficult problem to solve. As already described in section 2.2, if multi-

temporal images are taken using a camera with a fixed position in

the field, the matching algorithm implemented in the DIC technique

can detect the crack and measure its width. However, the approach is

not efficient since it requires several hundreds of cameras installed in

many sites over a long period. To monitor long-term deformation or

propagation of cracks in bridges or tunnels, a camera with a non-fixed

position represents the most feasible option. Image acquisition can be

performed at different epochs and the camera can be removed between

each measurement releasing the acquisition constraints and reducing

the effects of environmental conditions. However, if these measure-

ments are performed and the camera is removed and replaced during

the acquisition period, the position and attitude of the camera differ

at each time and the image coordinates change in all the acquired im-

ages. Therefore, when using portable cameras, the images include not

only the deformation of the surface but also the effect of the camera

movement.

To remove this effect, static areas inside the images are usually

adopted. The problem is then solved by using the perspective transfor-

mation which describes the relationship between un-deformed points

(usually marked points) on the images acquired before and after the

camera movement. The method estimates the unknown coefficients of

the transformation using the least squares method and a set of fixed
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points. Finally, once the transformation coefficients are estimated, the

effect of the camera movement is removed and the deformation or the

crack propagation is computed. Using the approach based on perspec-

tive transformation, Yoneyama et al. [114] adopted fixed reference

regions on both sides of a bridge to remove the effect of the camera

movement and measure the bridge deflection. Adopting a similar ap-

proach, Sohn et al. [94] proposed a crack monitoring system. They

used targets with known image coordinates and object space coordi-

nates to estimate the projective transformation and create the refer-

ence crack coordinates in the object space. Then, they transformed the

crack image coordinates of each image acquired with a moving camera

into the same object coordinate of the real surface using a modified

iterated Hough transform algorithm. They combined the procedure

with image processing techniques to detect and quantify the change of

cracks on the concrete surface. Similarly, Nishiyama et al. [70] placed

reflective targets along both sides of cracks in a concrete tunnel to

measure their propagation over time using non-fixed cameras. They

converted digital images acquired from arbitrary positions into images

facing the targets through the perspective projection and they finally

computed the distance between the target centres to obtain the crack

width over time.

The use of un-deformed regions, or targets, inside the images is the

only solution investigated for cameras with different positions. Un-

fortunately, un-deformed regions are usually not available inside the

acquired images, especially in the case of tunnels. Furthermore, con-

sidering the length of the infrastructures to monitor, the target setup

is time-consuming and not feasible since it requires the infrastructure

to close down for traffic. There is also a potential risk of target falling
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or motion during inspections, especially for long-term maintenance.

For all these reasons, the approach based on fixed regions or targets

represents a reasonable method only to monitor the crack propaga-

tion during the construction period, or if few and small areas need to

be monitored during a short period. Therefore, recurrent inspections,

performed when the infrastructure is in operation, require a different

technique.

4.2 DfM methodology

DfM is a new photogrammetric approach developed to compute the

crack width using images acquired from slightly different positions with

the same sensor. DfM is based on the following steps:

� Scale-Invariant Feature Transform (SIFT) [63];

� homography transformation;

� projection of the points of interest;

� template matching.

The idea is to manually select points of interest on the first ac-

quired image (i.e. points along each side of the crack to monitor) to

use as reference for crack aperture estimation. Then, DfM adopts the

SIFT algorithm to match corresponding features in the acquired im-

ages even with variations in scale and viewpoints. The SIFT matched

points are used to estimate the homography transformation which al-

lows projecting the selected points of interest from one image (master)

to the others (slaves). Then, the method adopts the selected and the
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projected points as centres of the template grids of the master and

slave images respectively and performs a template matching procedure

to compute the residual displacements between corresponding points

on the master and each slave image. According to this approach, the

homography between the images is estimated and removed; in this way,

the computed displacements do not include the camera movement but

only the deformation. At the end of the procedure, the final point

positions in the slave images are re-projected back on the master im-

age using the inverse homography matrix. The aperture of the crack is

finally computed on the master image as the difference between the ini-

tial and the re-projected point positions (using the image coordinates)

of each slave image.

The DfM workflow is shown in Fig. 4.1.

4.2.1 Scale-Invariant Feature Transform

The SIFT method was developed in 2004 at the University of British

Columbia to extract distinctive invariant features from images that can

be used to perform reliable matching between different views of the

same object or scene. The features are invariant to image scale and ro-

tation and provide robust matching across a range of affine distortion,

change in 3D viewpoint, addition of noise and change in illumination.

The features are highly distinctive; therefore, it is possible to correctly

match a single feature with high probability against a large database

of features from many images.

For image matching and recognition, the SIFT features are first

extracted from a set of reference images and stored in a database.

Then, a new image is matched by individually comparing each feature
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Fig. 4.1: DfM workflow
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from the new image to the database and finding candidate matching

features based on the Euclidean distance of their feature vectors. The

major stages of computation used to generate the set of image features

are described below:

� scale-space extrema detection;

� keypoint localization;

� orientation assignment;

� keypoint descriptor.

The first stage is named scale-space extrema detection. During this

step the computation searches over all scales and image locations using

a difference-of-Gaussian function to identify potential interest points

that are invariant to scale and orientation. At each candidate location,

a detailed model is fit to determine location and scale. Then, using the

measures of their stability, keypoints are selected. The method assigns

one or more orientations to each keypoint location based on local im-

age gradient directions. All future operations are performed on image

data that have been transformed relative to the assigned orientation,

scale, and location for each feature. In this way, the approach pro-

vides invariance to these transformations. The local image gradients

are measured at the selected scale in the region around each keypoint.

These are transformed into a representation that allows for significant

levels of local shape distortion and change in illumination [63].
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4.2.2 Homography transformation

Homography estimation The homography is a perspective trans-

formation that maps the points of one image to the corresponding

points in other images. In general, the homography projects the points

of a planar surface Π into two or more images Πi i=1,...,n (where n is the

number of images) taken from different view points and with different

attitudes, i.e. with different external orientations (Fig. 4.2).

Fig. 4.2: Planar surface viewed from different camera positions

The homography transformation describes the correspondence be-

tween Π and Πi by using the homogeneous coordinates P (I, J, 1) and

P i(I i, J i, 1), as described in the following equations:
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where:

� I, J, 1 are the homogeneous coordinates of the planar object;

� I i, J i, 1 are the homogeneous coordinates of the i − th image

plane;

� Hi is the homography matrix of the i− th transformation. It is a

3× 3 matrix in which only 8 parameters are independent. It has

therefore 8 degrees of freedom as it is estimated up to a scale. It

is generally normalized with h8 = 1 or h20 + h21 + h22 + h23 + h24 +

h25 + h26 + h27 + h28 = 1.

By dividing the first and the second equations by the third one, the

equations become:

I =
h0I

i + h1J
i + h2

h6I i + h7J i + 1

J =
h3I

i + h4J
i + h5

h6I i + h7J i + 1

(4.2)

To estimate the 8 unknown parameters, the method needs at least

4 not aligned points on the two image planes. Then, neglecting the

stochastic nature of the (I, J) and (I i, J i) coordinates, the method

estimates the 8 parameters by solving the linear system composed of

m pairs of equations, where m is the number of corresponding points:
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The linear system in matrix form becomes:

Y = AX (4.4)
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It is worth highlighting that the relation between the n images can still

be described using the homography transformation. Considering two

image planes Π1 and Π2 the transformations are shown below:IJ
1

 = H1

I
1

J1

1

 (4.6)

IJ
1

 = H2
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where:

� H1 is the homography matrix between the image plane Π1 and

the planar surface Π;

� H2 is the homography matrix between the image plane Π2 and

the planar surface Π;

� H12 is the homography matrix between the image plane Π1 and

the image plane Π2.

Homography and rotation matrix It is also interesting to con-

sider the relation between the unknown homography Hi and rotation

Ri matrices. Considering the geometry described in Fig. 4.3, the

transformation between the planar surface and the i− th image can be
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described using the homography transformation and collinearity equa-

tions.

Fig. 4.3: Roto-translation between image planes

The equations are shown below.IJ
1
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I
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where:

� X, Y, 0 are the coordinates of the planar surface;

� Xoi, Yoi, Zoi are the coordinates of the i− th camera centre;

� ξi, ηi are the coordinates on the i− th image plane;

� ci is the focal length of the i− th image;

� Ri is the rotation matrix of the i− th image. It is a 3× 3 matrix

in which only 3 parameters are independent, i.e. the rotation

angles around the axes.

By comparing Eq. 4.9 and 4.10 and dividing the first and the

second by the third equation, the following formulas are defined:

I = −X −Xoi

Zoi

J = −Y − Yoi
Zoi

(4.11)

I i = −ξi
c

J i = −ηi
c

(4.12)

Therefore: IJ
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ci
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)Ri
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i

J i

1
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Hi = (
ci
Zoi

)Ri (4.14)
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4.3 DfM implementation

Entirely developed in Python, DfM exploits the OpenCV library al-

gorithms for SIFT, homography estimation and template matching

processing. DfM uses pairs of images and finds corresponding fea-

ture points through the SIFT descriptors implemented in the OpenCV

function sift.detectAndCompute. Then, identifies the best matches

among them using the Fast Library for Approximate Nearest Neigh-

bors (FLANN) based Matcher and the Lowe’s ratio test. The FLANN

based Matcher contains a collection of algorithms optimized for fast

nearest neighbor search in large datasets and for high dimensional fea-

tures [71]. The Lowe’s ratio test is adopted to eliminate false matches.

Specifically, the distance ratio between the two nearest matches of a

considered keypoint is computed and considered a good match when

is below a defined threshold. This approach allows discriminating

between ambiguous matches (distance ratio between the two nearest

neighbors is close to one) and well-discriminated matches [63]. Using

the corresponding matched points, DfM estimates the homography

transformation between the two image planes using the OpenCV func-

tion findHomography. However, during the matching procedure, some

possible errors may occur and affect the result. To solve this problem,

DfM adopts a robust method instead of a simple least squares scheme

for homography estimation. In this way, the algorithm uses only the

good matches or the so-called inliers to provide the correct homogra-

phy estimation. The two available robust methods, RANdom SAmple

Consensus (RANSAC) [35] or Least Median [86], try many different

random subsets of the corresponding point pairs (of four pairs each),
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estimate the homography matrix using the selected subset and a sim-

ple least square algorithm and evaluate the quality of the computed

homography (i.e. the number of inliers for RANSAC or the median re-

projection error for Least Median). The best subset is used to produce

the initial estimate of the homography matrix and the mask of inliers.

Finally, the computed homography matrix is refined using the inliers

with the Levenberg-Marquardt method to reduce the re-projection er-

ror. It is worth mentioning that RANSAC can handle any ratio of out-

liers but it needs a threshold to distinguish inliers from outliers. On the

other hand, the Least Median method does not need any threshold but

it works correctly only when there are more than 50% of inliers [72].

Once the homography is estimated, the points of interest along the

crack are selected and projected from the master to the slave images

to identify the template center points. Then, DfM applies the tem-

plate matching algorithm using the OpenCV function matchTemplate

with the FNCC criterion to compute to point displacements. The fi-

nal point positions are then re-projected back on the master image to

compute the crack aperture.

4.4 Experiment with synthetic data

4.4.1 Synthetic data generation

The performances of the proposed method were investigated using syn-

thetic data generated according to the geometry described in Fig. 4.3.

A virtual grid of 201× 201 grid units was generated to define a set of

regular points on a planar surface (XY plane, Fig. 4.3). Then, using

the collinearity equations, the virtual grid points were projected from
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the planar surface into the 2D planes of image 1 (ξ1η1 plane) and 2

(ξ2η2 plane). A standard model based on the collinearity equations

was adopted to have full control of the parameter settings and easily

simulate real conditions. The model considers the first image plane

parallel to the planar surface at a distance d = 142 grid units. The

principle point corresponds to the image center and the focal length

is c = 50 grid units. As regarding image 2, the procedure adopts the

same conditions in terms of focal length, distance and principle point

but applies a rotation matrix R (ω = 3, φ = 4, λ = 2 degrees) and

a translation vector T (Tx = 120, Ty = 80, Tz = d + 100 grid units)

to generate the roto-translated 2D grid of points. In this way, the

simulation generates a translated 2D grid of points for the first image

(R = I, Tx = Ty = 0, Tz = d) and a roto-translated 2D grid of points

for the second one.

To investigate the potential of the methodology in estimating the

homography and the crack aperture, three simulations were performed.

Firstly, the homography matrices between the different planes were

estimated without applying any deformation pattern to understand the

magnitude of numerical errors. Then, a vertical crack was simulated

in the middle of the grids. A rotation of 1 degree was applied around

the rotation axis (Fig. 4.4) to simulate the aperture of the crack and

generate the corresponding displacement fields.

The displacements were computed using Eq. 4.15.

u = N tanα (4.15a)

v = (n− 1

2
) tanα (4.15b)
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Fig. 4.4: Crack simulation

where:

� u is the displacement along the x direction;

� v is the displacement along the y direction;

� N is the row number of the grid points;

� n is the number of columns subjected to rotation;

� α is the rotation angle.

Finally, random errors were simulated and added to the displace-

ment fields to investigate the impact of noise on the performances of

DfM.
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4.4.2 Homography estimation

To evaluate the accuracy of the homography estimation, the first test

was performed without applying any deformation pattern to under-

stand the magnitude of numerical errors. In this case, the grids of

points were generated by the simulation. For this reason, the SIFT

algorithm was not adopted to detect corresponding points on the im-

age planes and the homography was estimated using all the generated

points of the grids. The OpenCV function findHomography with the

Least Median method was adopted to estimate the homography ma-

trices between the planar surface and the image planes 1 and 2. Then,

the obtained homography matrices were compared to the expected ones

computed using Eq. 4.14. The differences are shown in Fig. 4.5 sep-

arately for each component of the homography matrices. The results

show errors of 10−15 grid units for image 1 (translated with respect to

the planar surface) and of 10−9 grid units for image 2 (translated and

rotated).

The same OpenCV function was adopted to estimate the homogra-

phy between image 1 and image 2 using the generated grids of points.

Then, the points were re-projected back on image 1 applying the in-

verse of the estimated homography. Finally, the differences between

the initial and the re-projected points were evaluated. The results are

shown in Fig. 4.6 and demonstrate that the numerical errors of the

homography estimation are in the range of 10−9 ÷ 10−8 grid units.
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(a) (b)

Fig. 4.5: Errors in the homography estimation: image 1 (a) and image 2
(b)

Fig. 4.6: Residual errors (grid units) of the homography estimation
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4.4.3 Crack aperture

The second test included the simulation of a vertical crack in the middle

of the grid applying the procedure described in section 4.4.1. The

simulated horizontal and vertical displacement fields are represented

in Fig. 4.7.

(a) (b)

Fig. 4.7: Imposed u (a) and v (b) displacement fields (grid units)

The DfM procedure was applied to measure the crack width.

Again, all the points were used to estimate the homography. Then,

the points of one grid were projected into the other one using the es-

timated homography matrix. The differences between the projected

and the initial point positions on the same plane were calculated, sep-

arately along the x and y directions. Finally, the crack aperture was

computed using the points on the left and right sides of the crack.

Specifically, the aperture was calculated as the difference of the point

locations along the x direction. Fig. 4.8 shows the DfM estimated

horizontal and vertical displacement fields.
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(a) (b)

Fig. 4.8: Estimated u (a) and v (b) displacement fields (grid units)

Fig. 4.9a represents the comparison between the imposed and the

estimated crack aperture along the crack length, whereas Fig. 4.9b

shows the corresponding errors. The results of the simulated test high-

light errors of 10−5 grid units in estimating the aperture of the crack.

(a) (b)

Fig. 4.9: Comparison between the imposed and estimated crack aperture
(grid units)
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4.4.4 Crack aperture with random errors

The third test was performed to investigate the impact of noise on the

implemented methodology. Random errors were generated using the

Gaussian distribution (with the mean and standard deviation of the

distribution equal to 0 and 0.5 grid units, respectively) and added to

the displacement fields already shown in Fig. 4.7.

Fig. 4.10 and 4.11 show the generated random errors on the 2D

grids and the final u and v displacement fields, respectively.

(a) (b)

Fig. 4.10: Imposed errors with Gaussian distribution on the u (a) and v
(b) fields (grid units)

Again, the DfM approach was applied using the 2D grids of points

to estimate the displacement fields and retrieve the crack width.

Fig. 4.12 depicts the estimated displacement fields whereas Fig.

4.13 shows the comparison between the imposed and the estimated

crack aperture and the corresponding differences.

The results of the simulated test highlight errors in the range−0.2÷
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(a) (b)

Fig. 4.11: Imposed u (a) and v (b) displacement fields (grid units)

(a) (b)

Fig. 4.12: Estimated u (a) and v (b) displacement fields (grid units)

0.2 grid units. It is worth noticing that the maximum errors show the

same order of magnitude of the imposed random errors (Fig. 4.10a).

Finally, Fig. 4.14 depicts the histogram of the differences.
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(a) (b)

Fig. 4.13: Comparison between the imposed and estimated crack aperture
(grid units)

Fig. 4.14: Histogram of the differences (grid units)
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4.5 Experiment with real data

4.5.1 Laboratory setup

To show the capability of the proposed methodology in processing real

images, a laboratory test was conducted. The purpose was to measure

the crack propagation in concrete and compare the results obtained

using non-fixed cameras with reference measurements. The setup con-

sisted of a 800×150×100 mm (length× width× height) post-tensioned

concrete beam subjected to three-point bending (Fig. 4.15).

Fig. 4.15: Setup for the three-point bending test

Before casting, two plastic tubes with an approximated diameter

of 4 mm were placed close to bottom of the mould to allow for the

post-tension reinforcement to be placed. After casting, the beam was
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stored under water for 28 days. Then, the beam was placed in the

laboratory and allowed to dry for one day before testing. Just before

testing, two 3.4 mm steel bars were placed in the plastic tubes and

post-tensioned to approximately 18 kN. An external load of 1.5 kN

was applied to prevent crack generation at the top of the beam during

post-tension. No internal structural connection existed between the

steel and the concrete. Normally, this setup yields in the development

and controlled propagation of one single and centric placed crack. In

terms of devices, two Cable Extension Position Sensors (CEPS) were

placed on each side of the beam to measure the vertical displacements

and an LVDT was installed on one side to measure the horizontal

displacements (Fig. 4.16).

Furthermore, three different cameras were adopted to acquire the

images. The sensors and the cameras were placed accordingly to the

following scheme:

� side A: a Canon EOS 2000D (with a 22.3×14.9 mm Complemen-

tary Metal–Oxide–Semiconductor - CMOS sensor, 24 Megapixels

and a pixel size of 3.72 µm) and an IPhone XS mobile camera

with 12 Megapixels. The first camera was mounted on a tripod

and kept in a fixed position during the entire test. The IPhone

XS camera was moved between each image under the conditions

of small rotation angles (Fig. 4.17a);

� side B: a Canon EOS 5D Mark 2 (with a 35.8× 23.9 mm CMOS

sensor, 21.1 Megapixels and a pixel size of 6.41 µm) and an LVDT

with a range of 10 mm and a displacement measurement over

a distance of 144 mm. The camera was mounted on a tripod

and moved between each load step to acquire images using a
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(a) (b)

(c) (d)

Fig. 4.16: CEPS, LVDT and domino brick placement on side A (a), (b)
and side B (c), (d)

camera with a non-fixed position. The LVDT was placed at the

bottom and center part of the beam and it was primarily used

for validation of crack width measurements (Fig. 4.17b).

During the testing, the load was applied according to a fixed

scheme. At the beginning of each step, the load was increased by

1 kN and maintained constant during the entire interval. The ver-

tical and horizontal displacements were recorded by the CEPS and

LVDT sensors during all the steps. For each load step, three images
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(a) (b)

Fig. 4.17: Camera setup on side A (a) and side B (b)

were acquired using fixed and moving cameras on both sides of the

beam. Specifically, before the crack appearance, on side A all the im-

ages were acquired using only the fixed position camera (Fig. 4.16a).

On the other side, the first image of each step was taken using a fixed

position, the second and the third ones were acquired after translat-

ing and rotating the camera (Fig. 4.16c and Fig. 4.16d). Once the

crack had appeared, two domino bricks were glued on either side of

the crack as shown in Fig. 4.16b and Fig. 4.16d. The domino bricks

were installed to be adopted as reference points for scale estimation.

Furthermore, after the crack appearance, the IPhone XS camera was

adopted on side A to acquire one image for each load step using slightly

different camera positions. An example of the images acquired using

the moving IPhone XS camera is shown in Fig. 4.18.
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(a) (b)

Fig. 4.18: Images acquired using the IPhone XS moving camera at the
time interval t0 (a) and t6 (b)

4.5.2 DfM comparison with standard DIC

As regarding the comparison between fixed and moving cameras, the

images acquired on side A (Fig. 4.16a and 4.16b) using the fixed

Canon EOS 2000D and the moving IPhone XS cameras were con-

sidered. Specifically, the comparison was performed considering six

master-slave image pairs to monitor the crack propagation over time.

The images acquired with the moving camera were processed using the

innovative DfM methodology. The OpenCV function findHomography

was used to estimate the transformation between each of the consid-

ered image pair. The RANSAC method was adopted to reduce the
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impact of the outliers. Specifically, the master image corresponding

to the time interval t0 was combined with six slave images acquired

at different levels of crack propagation (t1, t2, t3, t4, t5, t6). Then, some

points of interest were manually selected along the crack on the mas-

ter image (time interval t0) of the moving camera as shown in Fig.

4.20a. The selected points of interest were projected from the master

to slave images using the estimated homography matrices. Then, the

OpenCV function matchTemplate was used to compute the residual

displacement of each projected point (i.e.filtered by the homography

transformation) and refine the positions. Specifically, a template of

51 × 51 pixels was used with an oversampling factor of 10 along the

horizontal and vertical directions. At the end of the procedure, the

final positions of the points of interest were re-projected from the slave

to the master image to compute the point displacements with respect

to the initial positions. The distance variation (in pixels) along the hor-

izontal direction of each pair of points on the left and right side of the

crack provided the crack aperture along the defect. The re-projection

on the moving master image also allowed a direct comparison with the

fixed camera.

To compute the results of the fixed camera, the selected points of

interest were projected from the master image of the moving camera

to the master of the fixed one.

The projection was performed through the computation of the ho-

mography transformation between the moving and the fixed master

images. Again, the OpenCV function with the RANSAC method was

used. The inliers adopted to estimate the homography transformation

and the transformed points of interest are shown in Fig. 4.19 and Fig.

4.20.
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Fig. 4.19: Inliers of the homography transformation between the moving
(left) and the fixed (right) master images

(a) (b)

Fig. 4.20: Point projection between the images of the moving (a) and the
fixed (b) cameras
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Then, the images of the fixed camera were processed with the local

DIC technique implemented in Py2DIC using the point selection pro-

cessing option and the projected points as input. Again, a template of

51× 51 pixels and a one-step approach with an oversampling factor of

10 in the x and y directions were adopted to compute the point dis-

placements. Starting from the displacements, the crack aperture was

calculated for each pair of points as the variation of the point distance

along the x direction. The comparisons between the crack aperture

computed with the fixed and the moving cameras, re-projected on the

moving master, are shown in Fig. 4.21 and 4.22 and highlight how

the results obtained using the moving camera well follow the reference

trend of the fixed camera, at the level of the pixel (the pixel dimension

in the object space of the IPhone XS is around 0.026 mm). However,

it is worth noticing that the comparison is slightly worse in the last

two steps (see Fig. 4.22d and Fig. 4.22f).

It is important to underline that the images with the fixed and

the moving cameras were not simultaneously acquired and that small

differences in the results can be caused by displacement oscillations

during the load steps. This effect probably increases with the evolution

of the crack and deformation.

4.5.3 DfM comparison with the LVDT

On side B (Fig. 4.16c and 4.16d), the same methodology was adopted

to process the images acquired using the moving Canon EOS 5D Mark

2 camera. The crack aperture computed over time using the DfM ap-

proach was then compared to the data recorded by the LVDT. In this

case, the DfM outcomes and the device recordings were not directly
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.21: Crack width comparison between the moving and the fixed
camera at the selected time interval (t0 − t1, t0 − t2, t0 − t3)
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(a) (b)

(c) (d)

(e) (f)

Fig. 4.22: Crack width comparison between the moving and the fixed
camera at the selected time interval (t0 − t4, t0 − t5, t0 − t6)
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comparable since it was not possible to compute the displacement of

the surface corresponding to the LVDT position due to the occlusion

of the sensors. To solve this problem, the residual displacements were

computed in the areas above and below the device and a linear inter-

polation was applied to retrieve the crack aperture corresponding to

the area covered by LVDT (Fig. 4.23).

Fig. 4.23: Point selection for crack width computation

The conversion pixel-to-millimetre was applied considering the di-

mensions of the domino (measured using a vernier caliper) placed close

to the points of measurements. According to the computation, the

pixel dimension in the object space is equal to 0.064 mm.

The procedure was performed considering the same image pairs

adopted for the comparison on side A. The comparisons between the

LVDT and moving camera are shown in Fig. 4.24.

Also in this case, the results show a good agreement with the refer-

ence: the accuracy of the moving camera crack width estimation with

respect to the LVDT recordings is of the order of few hundredths of

millimetres and it is always below the pixel dimension. Specifically, the

differences are around a quarter of the pixel size in the object space. It
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is worth noticing that the LVDT returns the measurement only along a

specific direction but it covers an extended area of the image. The ex-

act position of the LVDT measurement is, indeed, difficult to retrieve

and the comparison can be partially affected by small misalignments

between the device and the camera measurement points.



4.5 Experiment with real data 99

Fig. 4.24: Crack width comparison between the moving camera and the
LVDT at the selected time interval (t0 − t6)



100
Deformation from Motion: an innovative approach for non-fixed

cameras



Chapter 5

TACK project for

infrastructure monitoring

This chapter describes the ongoing TACK research project for infras-

tructure monitoring. Each phase of the project is described in detail

and the corresponding results are shown to demonstrate the impact of

the proposed innovative approach in increasing the efficiency of infras-

tructure monitoring systems.

5.1 TACK project overview

TACK (Tunnel and bridge Automatic CracK monitoring using deep

learning and photogrammetry) [1] is an ongoing research project car-

ried out by Sapienza University of Rome, KTH - Royal Institute of

Technology and the company WSP Sweden. The project is funded by

Vinnova, the Swedish Innovation Agency which finances research and

innovation projects, under the InfraSweden2030 program (Fig. 5.1a

101
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and Fig. 5.1b). The project also received additional fundings from

Trafikverket, the Swedish Transport Administration (Fig. 5.1c).

(a) (b) (c)

Fig. 5.1: Project funders

TACK is supported by SuperAnnotate (Fig. 5.2a), a company for

image annotation, and KTH Innovation (Fig. 5.2b), the KTH center

which helps the growth of early start-ups.

(a) (b)

Fig. 5.2: Project supporters

Besides, the project has been recently selected by the Royal Swedish

Academy of Engineering Sciences as one of the top 100 innovative

research projects (IVA’s 100 list 2020).

The project aims at developing a methodology for efficient and ac-

curate monitoring of infrastructures using mobile mapping systems or

other imaging systems (e.g. standard cameras and drones) for data

acquisition. The first outcome of the project workflow is the 3D recon-
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struction of the infrastructure using the Light Detection And Rang-

ing (LiDAR) technique or photogrammetric approaches. Then, the

idea is to perform automatic detection and measurement of cracks

using images of defects on tunnel linings or other infrastructure sur-

faces. The adopted approach is based on the combination of advanced

deep learning techniques and innovative photogrammetric algorithms.

Specifically, the methodology adopts CNNs to detect cracks in the col-

lected data as accurately as visual detection. Then, once the cracks

are detected, the innovative DfM algorithm computes the geometric

features (i.e. crack length and width) using the acquired raw images of

each detected crack. The algorithm computes the crack propagation

using a time series of images captured with a moving camera and is

therefore suitable for images acquired with mobile mapping systems.

Once the measurements are performed, the proposed approach projects

the defects over the digital twin of the infrastructure to georeference

the cracks. Then, the associated risk of each detected crack is defined

according to its length and width. Finally, for each defined segment

of the infrastructure, various metrics (i.e. number, density, area, mean

width and mean length of cracks) are computed to assess the overall

risk (Fig. 5.3).

Fig. 5.3: Crack metrics for risk assessment
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An overview of the TACK methodology workflow is shown in Fig.

5.4.

Fig. 5.4: TACK methodology flowchart

The proposed method for automatic detection and measurement of

cracks using imagery acquired with a mobile mapping system leads to

highly efficient monitoring of infrastructures. With a complete digital

model of the infrastructure in which cracks are detected and measured,

all the stored information can be easily accessed for further deep in-

vestigations. Furthermore, the developed procedure can adopt infras-

tructure imagery acquired in different epochs to monitor the evolution

of cracks and assess the risk over time. The method can thus enable

continuous and automatic monitoring of infrastructures increasing the

efficiency of the monitoring process and decreasing the risk that cracks

are not found and measured. Furthermore, the detailed mapping of

cracks and the possibility to automatically measure their geometric
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features reduce infrastructure downtime and costs of monitoring and

maintenance. Finally, the automatic procedure to collect and process

the data enables inspection and monitoring of infrastructures in the

office during standard working hours increasing, in this way, the safety

of inspectors.

5.2 Data acquisition

For data acquisition inside tunnels, the proposed approach adopts the

mobile mapping system provided by the company WSP Sweden (Fig.

5.5).

Fig. 5.5: Mobile mapping system for tunnel data acquisition

It consists of six LiDAR scanners for generating point clouds and
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two panoramic cameras for capturing the complete view of the infras-

tructure. Furthermore, seven high-resolution Infrared (IR) cameras,

combined with Light Emitting Diode (LED) lights and IR flashes, ac-

quire images of the roof and walls to assess the condition of the infras-

tructure. Overview photos allow determining the frequency of cracks

in specific areas and detailed images to measure the crack features and

understand the cause of cracking. For each image, the mobile mapping

system collects the position and attitude of the cameras to know ex-

actly where the images are taken along the infrastructure and allow to

geolocate the defects. The project dataset includes LiDAR data and

images of three tunnels in Sweden. In the thesis, the adopted dataset

for image processing and crack detection refers to the City Tunnel

(Malmö, Sweden).

For bridge monitoring investigation, the data are acquired using

a standard camera and a Global Navigation Satellite System (GNSS)

receiver. Specifically, the camera is adopted to acquire images of the

infrastructure and the GNSS receiver to measure the camera centre

positions. In the thesis, the case study is a bridge located in Stockholm,

Sweden.

5.3 3D infrastructure modelling

In the project, the first workflow output is the 3D reconstruction of

the infrastructure of interest. In the frame of the project, two different

devices and processing techniques were investigated to understand the

pros and cons of each of them: the LiDAR technology and close-range

photogrammetry. For the 3D reconstruction of tunnels, the LiDAR
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data acquired using the WSP customized mobile mapping system were

adopted. For 3D models of bridges, images and camera centre positions

acquired with a standard camera and a GNSS receiver were processed

using close-range photogrammetry.

In general, LiDAR acquisitions provide high-accurate results and

the possibility to acquire a large amount of data in a fast way, espe-

cially with mobile mapping systems. The acquisition is not affected by

weather and changing lighting conditions that usually affect the data

collected using standard photogrammetric approaches (even if rain and

the wet period after rain should be avoided). However, the technique

requires expensive equipment. Moreover, to acquire data inside a tun-

nel in a very efficient way, LiDAR sensors are installed on a mobile

mapping system and the geometry of acquisition needs to be carefully

defined. Therefore, it is often necessary to hire a specialized laser

scanning company to gather the data. On the other hand, for 3D re-

construction of bridges, photogrammetric surveys based on Structure-

from-Motion (SfM) require only a cheap camera and a GNSS receiver.

They represent, therefore, a cost-effective low-cost alternative solution.

These approaches are also powerful if Unmanned Aerial Vehicle (UAV)

systems are adopted to acquire data of specific areas of bridges, build-

ings or dams that are inaccessible or difficult to reach with standard

survey techniques.

5.3.1 LiDAR

LiDAR is a non-contact method that uses laser wavelengths in the

visible and near-infrared domain to measure distances from objects.

The emitted beam of light is reflected from the surface and sent back
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to the laser scanner that records the distance and angle of the pulse

with high accuracy. LiDAR sends out tens to hundreds of thousands

of pulses per second, which allow the measurement of the 3D position

of reflecting objects. It provides a high level of detail by collecting

millions of points in minutes. The result is a dense point cloud in

which each point has 3D spatial coordinates (latitude, longitude and

elevation) that correspond to a particular point on the object surface

that reflects the laser pulse.

3D tunnel reconstruction The LiDAR data acquired in the City

Tunnel were processed using CloudCompare to reconstruct, visualise

and inspect the 3D model of the tunnel. CloudCompare [20] is an open-

source 3D point cloud processing software that allows visualization and

processing of huge point clouds on a standard laptop.

Fig. 5.6 shows an example of 3D reconstruction related to a section

of the City Tunnel.

Fig. 5.6: Dense point cloud of a City Tunnel section
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5.3.2 Close-range photogrammetry

Close-range photogrammetry is a technique to generate 3D models of

objects and environments based on overlapping imagery acquired from

multiple viewpoints. The technique benefits of the fast computer vi-

sion algorithmic developments, among which SfM plays an essential

role. SfM was developed in the 1990s and has its origins in the com-

puter vision community and the diffusion of automatic feature match-

ing algorithms. The technique differs from conventional photogram-

metry because the geometry of the scene, camera positions and orien-

tation are estimated automatically without the need for targets with

known 3D positions (also known as Ground Control Points - GCPs).

The problem is solved using a highly redundant, iterative bundle ad-

justment procedure, based on features automatically extracted from

a set of multiple overlapping images using the SIFT object recogni-

tion algorithm. As already mentioned, SIFT allows the matching of

corresponding features, even with large variations in scale and view-

point and under different conditions of illumination [105]. The feature

identification allows establishing the spatial relationships between the

original image locations in an arbitrary 3D coordinate system. The

sparse bundle adjustment is adopted to transform the measured image

coordinates into 3D points covering the area of interest (Fig. 5.7).

The result is composed of 3D locations of the feature points in

the form of a sparse point cloud in the same local 3D coordinate

system. The sparse point cloud is then intensified using Multi-View

Stereo (MVS) techniques [67].

It is worth mentioning that, since the technique does not require

the use of targets with known 3D positions, the resulting point cloud
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Fig. 5.7: Structure-from-Motion [68]

is not scaled and related to an external coordinate system.

For the 3D models of bridges, the basic idea is to merge the ben-

efits of SfM-based close-range photogrammetry and Real Time Kine-

matic (RTK) or very rapid-static GNSS survey techniques to collect

camera positions and generate 3D models. To achieve this goal, the

methodology requires a set of images with known positions and a high

degree of overlap to capture the 3D structure of the bridge from a wide

array of positions. In theory, if the image positions are collected using

RTK GNSS surveys, there is no specific need for GCPs. By doing so,

the methodology has the advantage of avoiding GCP collection and

operate in a fast way.

3D bridge reconstruction The case study for 3D modelling us-

ing close-range photogrammetry is a bridge located in Stockholm (Fig.
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5.8a). Built in 2014 and inspected in 2017, the bridge is easily ac-

cessible without the need for traffic interruption (Fig. 5.8b); for this

reason, it represents a good case study to evaluate the performances

of a low-cost and effective technique in reconstructing 3D models of

bridges.

(a) (b)

Fig. 5.8: Bridge test site

During the campaign, the images were acquired using a Canon EOS

2000D camera provided with a CMOS sensor of about 24 megapixels

and a size of 22.3 Ö 14.9 mm (Fig. 5.9a).

The image geolocations were measured using the Emlid Reach RS2,

a multi-band RTK GNSS receiver with centimetre precision developed

for surveying, mapping and navigation (Fig. 5.9b).

The positions of GCPs were measured with the same receiver. An

example of GCP acquisition is represented in Fig. 5.10.

The GNSS data were collected using ReachView, a user-friendly

software available for Android and iOS that allows to collect and stake

out points, and control the features of Reach receivers (e.g setting up

a base station, logging RINEX data, configuring NMEA output). The
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(a) (b)

Fig. 5.9: Canon camera and GNSS receiver

camera centres and GCP positions were measured using the Swedish

network of fixed reference stations for navigation support and accurate

positioning (SWEPOS) and Network RTK. Network RTK is a real-time

measurement service with GNSS / RTK equipment. In Network RTK,

a group of widely spaced permanent reference stations continuously

transmit GNSS observations to a control centre. The centre processes

the data of the stations in real time, fixes the ambiguity phase for

all the satellites of each permanent station and calculates the sources

of error (ionospheric and tropospheric delays, clock and path errors).

Then, a software is used to manage all the information and send out the

corrections to the rover of the user that is usually connected via mobile

Internet. The expected measurement accuracy is few centimetres. It

is worth mentioning that in the dominant Network RTK technology,

called Virtual Reference Station (VRS) [103], the operation manage-

ment center simulates a reference station near the rover to calculate

and transmit the corrections.
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Fig. 5.10: GCP acquisition

The acquired data were processed using Pix4Dmapper [80], a pho-

togrammetric software that relies on automatically finding thousands

of corresponding points (also known as keypoints) between images.

The software adopts each group of correctly matched keypoints to

generate one 3D point of the final 3D point cloud. If a high over-

lap between the images is assured, the number of matched keypoints

is higher and the computed 3D points more accurate.

Pix4Dmapper processing is divided into three main steps:

� upload of the images, image centre positions and GCP geoloca-

tions (if available);
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� initial processing which includes keypoints extraction, keypoints

matching, camera model optimization and geolocation;

� point cloud densification and textured mesh generation.

It is worth mentioning that Pix4Dmapper can process images with

or without geolocation. When using images without geolocation, the

software needs additional information (i.e. GCPs) to locate, scale and

orient the model. On the other hand, if images with known positions

are available and an RTK receiver is adopted, in theory, no GCPs are

needed. However, well-distributed GCPs usually increase the absolute

accuracy of the model. Moreover, some of the collected GCPs are

usually adopted as Check Points (CPs) that are not used to improve

the model but only to verify its accuracy.

A total of 115 images were processed using Pix4Dmapper with a

standard camera calibration method based on 3 radial distortion and

2 tangential distortion parameters. In the project, the average Ground

Sampling Distance (GSD) is equal to 0.16 cm. For model georeferenc-

ing, 4 GPCs and 44 image locations were used. Then, the accuracy

of the reconstruction was evaluated using 3 available CPs. It is worth

highlighting that the acquisition of images with the same zoom level

and enough overlap was not easy, especially for the bottom part of the

bridge. For this reason, to increase the number of calibrated images

and improve the performances of Pix4Dmapper in reconstructing the

3D model of the bridge, a set of manual tie points was added. It is also

worth mentioning that no image geolocations were available under the

bridge during the acquisition. The distribution of the adopted images

and manual tie points is represented in Fig. 5.11.
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Fig. 5.11: Distribution of the images and manual tie points

The final 3D model, obtained after point cloud densification, is

shown in Fig. 5.12.

Fig. 5.12: 3D model of the bridge
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Finally, the precision and accuracy of the reconstruction were in-

vestigated considering the errors in the three coordinate directions for

each GCP and CP and the overall RMSE. The results are shown in

Tab. 5.1 and Tab. 5.2.

GCP X error Y error Z error
n. (m) (m) (m)

1 -0.038 0.091 -0.032
3 0.009 -0.080 -0.006
7 0.004 0.005 0.046
11 0.064 -0.064 -0.003

RMSE 0.038 0.068 0.028

Tab. 5.1: GCP mean errors

CP X error Y error Z error
n. (m) (m) (m)

2 -0.043 -0.019 -0.034
6 -0.009 -0.098 -0.074
8 0.027 -0.038 0.020

RMSE 0.030 0.062 0.049

Tab. 5.2: CP mean errors

The overall RMSE for the GCPs and CPs highlights an accuracy

of few centimetres that is compatible with the adopted low-cost equip-

ment. However, it is possible to notice a slightly worse behaviour along

the Y direction that is visible for all the GCPs and CPs. It is worth

underlining that the analysis based on 3 CPs only gives a rough indi-

cation of the accuracy of the model.
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5.4 Convolutional Neural Networks for

crack detection

5.4.1 Image annotation

Image annotation is a key technique used to create training data in

the field of deep learning. Image annotation is essentially the process

of labeling data in the images. The labels are predetermined by hu-

man intervention and provide the deep learning model information on

objects depicted in the images. Then, the algorithm uses the anno-

tated data to learn how to recognise similar patterns in new images.

Depending on the specific task, it is possible to define different types

of image annotation. Among the adopted kinds of labeling, image

classification, bounding boxes (object detection task) and pixel-level

segmentation are the most popular ones. A description of the different

annotations is given below:

� image classification associates only one label to the entire image.

For crack detection, the labels are crack or no-crack (Fig. 5.13a);

� bounding boxes define the location of the target object for lo-

calization and object detection tasks. In the field of crack anno-

tation, rectangular boxes are adopted to identify the position of

the defect in the image using the coordinates of the upper-left

and lower-right corners (Fig. 5.13b);

� pixel-level segmentation assigns each pixel of the image to a spe-

cific class. For standard crack detection, the label is usually a
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binary image that assigns some of the pixels to the class of the

crack and the others to the background (Fig. 5.13c).

(a) (b) (c)

Fig. 5.13: Types of annotations for image classification (a), object detection
(b) and pixel-level segmentation (c)

In general, the labeling procedure is always time-consuming and

it represents a crucial phase since it highly affects the performances

of the trained model. To speed up the procedure of image annota-

tion, TACK adopts a platform provided by SuperAnnotate [95]. It is

an annotation automation platform that allows users to start, anno-

tate, manage, iterate and finish computer vision projects. Designed by

KTH researchers, it increases the annotator efficiency thanks to various

Artificial Intelligence (AI) - driven features. The solution aims at mak-

ing the tedious task of annotation as quick and effortless as possible

without compromising annotation quality. Furthermore, the platform

represents a powerful instrument for image annotation because it al-

lows people to work together on the same project with different roles

to check the quality of the annotations using an objective approach

(Fig. 5.14).
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Fig. 5.14: SuperAnnotate platform

Among the most interesting tools it provides, the Smart Segmen-

tation option can guide annotators during the labeling to speed up

the process. One example of Smart Segmentation applied to crack

detection is presented in Fig. 5.15.

Fig. 5.15: Smart Segmentation results
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It is worth noticing that the tool can partially segment the image

and detect the rough shape of the crack; in this way, annotators can

easily and quickly label the images refining the preliminary segmenta-

tions.

To improve the performances of the network and cover unexpected

real-world situations, during the model training it is important to

adopt a significant amount of data including images of crack with dif-

ferent shapes, dimensions and background conditions. Moreover, the

availability of labeled images from different datasets helps to inves-

tigate the transferability of trained models. For this reason, in the

frame of the TACK project, hundreds of images with cracks were se-

lected from one available online dataset [61], the WSP tunnel dataset

and the Trafikverket bridge dataset [99]. Examples of image annota-

tion for each of the selected dataset are shown in Fig. 5.16, Fig. 5.17

and Fig. 5.18.

Fig. 5.16: Online crack dataset
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Fig. 5.17: Tunnel crack dataset

Fig. 5.18: Bridge crack dataset

5.4.2 Crack datasets

To train, test and evaluate the transferability of CNNs, three different

datasets were used.

Crack dataset for CNN training and testing The first dataset,

provided by Ren et al. [83], includes a total of 409 RGB images of
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cracks (4032 × 3016 pixels) acquired in a tunnel under different light

conditions and then cropped into 919 small images (512× 512 pixels).

The small images were divided into a training and a test set at a ratio

of 4 : 1. Specifically, 735 images were adopted for the training and 184

images to test the network. For this specific dataset, crack annotations

of all the images were available in binary format. An example of the

provided images and labels is shown in Fig. 5.19.

(a) (b)

Fig. 5.19: Example of image and corresponding label from the adopted
dataset

The second dataset contains images and crack annotation selected

from an online dataset [23] of around 11.220 images (448 × 448

pixels) merged from different available crack segmentation datasets

[115, 109, 30, 91, 5, 117]. The images of the dataset include cracks

with different scales and cracks related to completely different scenar-

ios: ideal cracks, crack similarly-looking objects, cracks on a noisy

background and cracks cover by moss. For this reason, this represents

a more complete dataset compared with the previous one. For the
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present work, around 2500 images provided with labels were selected

including only the cracks related to the most interesting case studies

for TACK.

Crack dataset for CNN transferability investigation The third

dataset, adopted to investigate the reliability and transferability of the

proposed approach, includes images of the City Tunnel. The City

Tunnel dataset is composed of more than 34000 images (2448 × 2048

pixels) acquired using the high-resolution IR cameras (Fig. 5.20a) and

more than 2000 overview images (8000 × 4000 pixels) captured with

the two panoramic cameras (Fig. 5.20b).

(a) (b)

Fig. 5.20: High-resolution (a) and overview (b) images from the City
Tunnel dataset

For CNN training, the high-resolution images were cropped into

small images with a resolution of 512× 512 pixels.
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5.4.3 CNN training and testing

Preliminary investigation To investigate the potentialities of

CNN approaches, a U-Net based semantic segmentation architecture

was considered for a first test. The idea of this preliminary study is to

investigate the generalization capability of a U-Net based segmentation

model trained using a small labeled dataset and tested on a large set of

unseen imagery depicting cracks in concrete materials. Specifically, the

deep fully CNN, named CrackSegNet [83], was adopted to perform a

pixel-level classification of cracks. CrackSegNet is an end-to-end crack

detection architecture that combines backbone network, dilated convo-

lution, spatial pyramid pooling and skip connection modules to detect

cracks.

In this study, the model proposed by Ren et al. [83] was trained

using 80% of the imagery available in the small labeled dataset. Specif-

ically, the model was trained for 30 epochs using a combination of dice

and focal loss functions and the Adam optimizer. The remaining 20%

of the imagery was used as the test set to assess the model perfor-

mances. During testing, a fixed threshold of 0.5 was set to obtain

binarized segmentation images from the computed CrackSegNet prob-

ability maps. Then, the standard binary classification metrics were

computed for each image according to the following well-known equa-

tions:
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Accuracy =
TP + TN

TP + FP + FN + TN

Intersection over Union (IoU) =
TP

TP + FP + FN

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 =
2PR

P +R

where:

� TP is the pixel number of true positives;

� TN is the pixel number of true negatives;

� FP is the pixel number of false positives;

� FN is the pixel number of false negatives;

� P is the Precision;

� R is the Recall.

The statistics computed for each image and then aggregated using

the median values are shown in Fig. 5.21.
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Fig. 5.21: Computed metrics on the test set

The trained model achieved IoU of 51%, Precision of 67%, Recall

of 71%, F1 of 68% and Accuracy of 99% on the test set.

Finally, the model allowed investigating the transferability of the

architecture provided by Ren et al. [83]. Preliminary results show the

possibility of adopting the trained model to detect cracks in the unseen

tunnel imagery acquired with the WSP mobile mapping system. Fig.

5.22 and 5.23 show some examples of the investigated images and the

corresponding crack probability maps in which the pixel values range

from 0 to 1 and the light color indicates that the pixel is more likely

to be a crack pixel. Fig. 5.24 and 5.25 depict the investigated images

and the binarized crack segmentation images obtained with a fixed

threshold of 0.5.
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(a) (b)

(c) (d)

(e) (f)

Fig. 5.22: Crack probability maps for the tunnel dataset provided by WSP
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(a) (b)

(c) (d)

(e) (f)

Fig. 5.23: Crack probability maps for the tunnel dataset provided by WSP
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(a) (b)

(c) (d)

(e) (f)

Fig. 5.24: Crack segmentation results for the tunnel dataset provided by
WSP
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(a) (b)

(c) (d)

(e) (f)

Fig. 5.25: Crack segmentation results for the tunnel dataset provided by
WSP
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The results, although preliminary, demonstrate the capability to de-

tect cracks in unseen images using a U-Net based model trained with a

completely different dataset, highlighting the model good transferabil-

ity. However, it is worth noticing that, even if real cracks are correctly

detected, other objects with a similar shape can be erroneously clas-

sified as cracks compromising the overall reliability of the model. It

is, therefore, necessary to investigate the problem related to similarly-

looking objects such as tile borders, signaling cables, contact wires and

joints that can be normally found in images acquired in tunnels [12].

Further investigation To further investigate the potential of CNNs

a second test was performed. The U-Net segmentation model was com-

bined with different backbones (e.g. Visual Geometry Group [92] -

VGG 16 and VGG 19) using pre-trained weights from ImageNet [48].

A new processing pipeline was developed in the Google AI platform us-

ing Keras-TensorFlow and Segmentation Model libraries. In this case,

the second labeled dataset described in section 5.4.2 was used with a

train and test split of 80 − 20%, respectively. It is worth underlining

that, compared to the previous one, this dataset is larger and com-

posed of images that represent cracks with different dimensions and

background conditions. Before training, data augmentation was per-

formed to virtually increase the size of the dataset and make the neu-

ral network more robust. Data augmentation was achieved through

the application of random transformations using the Albumentation

Python library [4]. The applied transformations are described below:

� horizontal flip of the image around the y-axis with a probability

p = 0.5 of applying the transform;
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� combination of scaling (max = 0.2), rotation (max = 20) and

shifting (max = 0.1) of the image with a probability p = 1.0 of

applying the transform;

� random crop of part of the input image with a probability p = 1.0

of applying the transform.

The model was trained for 80 epochs (batch size = 4) using a combi-

nation of dice and binary-focal loss functions and the Adam optimizer.

The standard binary classification metrics were computed on the test

set as already mentioned. In this case, the standard metrics were cal-

culated for each image and then aggregated using the medians and

90% confidence intervals for each metric. For sake of brevity, only one

of the result assessments is shown below. Fig. 5.26 refers to the assess-

ment achieved using the U-Net architecture combined with the VGG

19 backbone.

Fig. 5.26: Computed metrics on the test set using the VGG 19 backbone
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The trained model achieved IoU of 77%, Precision of 88%, Recall

of 91%, F1 of 87% and Accuracy of 99% on the test set.

Fig. 5.27 shows three examples of images, labels (ground truths)

and corresponding well predicted masks on the test set.

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 5.27: Images (a, d, g), ground truths (b, e, h) and predicted masks
(c, f, i)
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However, it is worth underlining that, in few cases, the model was

not able to correctly predict the cracks. Fig. 5.28 shows an example of

image, label (ground truth) and corresponding predicted mask which

is affected by errors.

(a) (b) (c)

Fig. 5.28: Image (a), ground truth (b) and predicted mask (c)

Finally, the trained model was applied to the third dataset to investi-

gate its transferability to a completely new dataset. Fig. 5.29 shows

the crack probability maps related to the most interesting cases of

the tunnel dataset (i.e. the images that include cracks and similarly-

looking objects). It is worth noticing that the segmentation of the

developed pipeline achieved better results compared to those obtained

using CrackSegNet. Indeed, the trained model can distinguish cracks

and similarly-looking objects such as borders and contact wires.
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(a) (b)

(c) (d)

(e) (f)

Fig. 5.29: Crack probability maps for the tunnel dataset provided by WSP
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Chapter 6

Conclusions and outlook

The main goal of this thesis was to investigate the use of image-based

techniques in the field of material testing and infrastructural monitor-

ing. For laboratory measurement and material characterization, the

DIC technique was investigated. Specifically, the local 2D DIC soft-

ware, named Py2DIC, was developed and tested comparing its per-

formances with those of other open-source and commercial software

applications (Ncorr, DICe and Vic-2D) and the strain gauge sensor.

Three different datasets acquired during laboratory tests using a cam-

era with a fixed position were processed. For software comparisons,

the displacement and strain fields were compared globally and locally

(i.e. over specific sections) whereas, for the strain gauge, the DIC re-

sults were retrieved around the area covered by the sensor and then

averaged. The results highlight an agreement of few microns between

Py2DIC, the other software packages and the strain gauge. The per-

formed analyses confirm the potential of the implemented software

and, in general, of DIC, especially inside the controlled laboratory en-

137
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vironment where fixed cameras are used to acquire images over a short

period. However, even if the technique presents different advantages

over standard pointwise sensors, the need for a camera with a fixed

position represents a constraint that limits the use of DIC outside the

laboratory. For monitoring of existing structures, the technique is not

efficient at all since it requires fixed cameras installed in many sites.

Moreover, the perpendicularity between the optical axis of the cam-

era and the surface to monitor is difficult to guarantee outside the

controlled laboratory conditions. Finally, the camera position is diffi-

cult to secure due to wind, vibrations or ground instability. For this

reason, a new approach was developed to measure the propagation of

cracks in images captured using cameras with a not fixed position. The

innovative model, named DfM, exploits the homography transforma-

tion between image planes based on the SIFT method, and template

matching algorithms. The model, completely implemented in Python

using OpenCV libraries, was validated using synthetic data and images

acquired with two moving cameras in the laboratory during a three-

point bending test. The results were compared with the standard DIC

technique and the LVDT sensor glued on the sample surface. The

comparisons show an agreement of few hundredths of millimetres com-

pared with the LVDT. The methodology, tested in the controlled lab

conditions, can compute the crack propagation using a time series of

images and it is, therefore, suitable for processing images captured us-

ing mobile mapping systems or other systems (i.e. standard cameras

or UAVs).

For infrastructure monitoring, the TACK (Tunnel and bridge Au-

tomatic CracK monitoring using deep learning and photogrammetry)

project was presented and discussed. The project, funded by the Swe-
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den’s Innovation Agency and the Swedish Transport Administration,

aims at developing a new methodology for efficient and accurate mon-

itoring of infrastructures. The methodology is based on the combi-

nation of LiDAR and close-range photogrammetric techniques for 3D

infrastructure modelling, deep learning approaches (CNNs) for crack

detection and the DfM model for crack measurement. In this the-

sis, LiDAR data for 3D modelling of tunnels were investigated. Fur-

thermore, images of a bridge located in Stockholm were processed us-

ing Pix4Dmapper to investigate close-range photogrammetry in recon-

structing the 3D model of the infrastructure. Finally, the potentialities

of CNNs were investigated using available online datasets of cracks.

Preliminary results, obtained using CrackSegNet trained with a small

dataset, show IoU of 51%, Precision of 67%, Recall of 71%, F1 of

68% and Accuracy of 99% on the test set. They also demonstrate the

possibility of detecting cracks in unseen images acquired in a tunnel.

Unfortunately, other objects with a similar shape can be erroneously

detected as cracks. For this reason, the U-Net segmentation model

was combined with different backbones and a new processing pipeline

was developed and trained using a larger dataset. The trained model

achieves better results on the testing set and the unseen tunnel dataset.

Specifically, the result assessment using the U-Net architecture com-

bined with the VGG 19 backbone shows IoU of 77%, Precision of 88%,

Recall of 91%, F1 of 87% and Accuracy of 99% on the test set. More-

over, the model is able to well distinguish cracks from similarly-looking

objects.
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6.1 Further investigations

Although the experimental results demonstrated the potential of the

tested image-based techniques for infrastructure monitoring, some as-

pects will be investigated. In the frame of TACK, future work will

include the following topics:

� refinement of CNN algorithms for defect detection and general-

ization of trained networks on different case studies;

� investigation of the R-CNN method (Regions with CNN) [37] to

detect different types of defects (e.g. water leakage, longitudinal

and transversal cracks);

� testing of DfM with images acquired using mobile mapping sys-

tems outside the controlled laboratory conditions;

� LiDAR 3D point cloud conversion into the 2D images acquired

using mobile mapping systems to georeference the cracks de-

tected using the trained CNN model;

� investigation of UAV systems for image acquisition during bridge

inspection, especially in case of not easily accessible infrastruc-

tures.
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