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Abstract

Pavement crack detection is an important procedure in road maintenance
and traffic safety. Traditionally, the road inventory was performed by field in-
spection, now it is replaced by the evaluation of mobile mapping system images.
The acquired images are still a significant source of temporal condition of the
pavement surface. The automatisation of crack detection is highly necessary
because it could decrease workload, and therefore, maintenance costs.

Two methods for automatic crack detection from mobile mapping images
were tested: step by step pixel based image intensity analysis, and deep learn-
ing. The objective of this thesis is to develop and test the workflow for the street
view image crack detection and reduce image database by detecting no-crack
surfaces.

To examine the performance of the methods, their classification precision
was compared. The best-acquired precision with the trained deep learning
model was 98% that is 3% better than with the other method and it suggests
that the deep learning is the most appropriate for the application. Furthermore,
there is a need for faster and more precise detection methods, and deep learning
holds promise for the further implementation. However, future studies are
needed and they should focus on full-scale image crack detection, disturbing
object elimination and crack severity classification.
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Sammanfattning

Tillst̊andsbedömning av belagda vägar är en viktig del i vägunderh̊all och
inte minst för trafiksäkerhet. Traditionellt har tillst̊andsbedömning utförts ma-
nuellt i fält men idag finns möjligheten att ersätta fältbesöket med bilder tagna
fr̊an fordon. Bilderna är ett värdefullt underlag som inte bara utgör underlag för
den visuella tillst̊andsbedömningen av vägytan utan även ett värdefullt tidsdo-
kument som möjliggör temporala jämförelser framgent. Genom att automatise-
ra sprickingenjänning kan den manuella arbetsbördan i tillst̊andbedömningen
minskas och därigenom även underh̊allskostnader.

I flöjande uppsats jämförs tv̊a metoder för automatisk sprickigenkänning
i bilder p̊a asfaltsytor: en metod hanterar en mer traditionella bildbehand-
lingalgoritmer och den andra baseras p̊a maskininlärning. Den senare metoden
använder deep learning algoritmer. Syftet med uppsatsen är att utveckla och
utvärdera hur effektiva dessa metoder är för automatisk igenkänning av spric-
kor i asfaltbeläggning är. Målet är att se om det är möjlig att automatiskt
reducera mängden bilder i de bilddatabaser som upprättas genom att utesluta
de bilder som inte inneh̊aller sprickor.

För att utvärdera prestandan hos metoderna jämförs klassificeringensnog-
grannheten. Deep learning visar den bästa noggrannheten p̊a 98% vilket är
3% bättre än de andra utvärderade metoderna. Vid sidan av noggrannheten
är deep learning, efter inlärningsprocessen, den överlägset snabbaste metoden.
Vidare studier bör inriktas p̊a fullskalig sprickigenkänning i bilder med olika
format, metoder för eliminering av störande objekt samt automatisk klassning
av olika skadetyper p̊a vägbeläggningen.



Contents

Contents vi

1 Introduction 1
1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Mobile mapping: Pavement surface condition acquisition systems . . 2
1.4 Pavement distress types . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.5 Existing crack detection algorithms . . . . . . . . . . . . . . . . . . . 16

2 Methodology 19
2.1 Image processing and analysis . . . . . . . . . . . . . . . . . . . . . . 19
2.2 Deep learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3 Data collection and processing 27
3.1 Case study and data collection . . . . . . . . . . . . . . . . . . . . . 27
3.2 Data pre-processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.3 Image processing and analysis with CrackIT . . . . . . . . . . . . . 34
3.4 Image analysis with Caffe and Digits . . . . . . . . . . . . . . . . . . 37

4 Results and analysis 39

5 Conclusion 45

6 Future work 47

Bibliography 49

vi



Chapter 1

Introduction

1.1 Background

Nowadays high-speed data acquisition techniques lead to large amount of data
sets that need to be transformed into relevant information. Also, road mobile
mapping systems obtain a lot of data that is further used in the road inventory
analysis. However, the necessary results such as traffic signs, billboards or other
road objects and road condition are obtained manually from the point cloud or
360-degree images.

Road cracks characterise the state of the road and are an important measure
for road maintenance. The Swedish transport administration (Trafikverket) spends
around 4 billion Swedish crowns a year (Trafikverket, 2015) for the road surface
preservation. Early crack detection and road reparation enable efficient cost alloca-
tion. Moreover, road safety depends on the pavement quality. Asphalt pavements
are affected by various types of pavement distresses, like cracking and ravelling etc.
Therefore, improved road crack detection system can be automatized by recogni-
tion and classification algorithms that enhance, speed up and reduce the costs of
the road inventory. Currently, WSP, an international consulting and management
company for the built environment, has a mobile road mapping system that requires
an automatic road inventory analysis.

Road inventory development follows the general trend in technology. 15 years
ago cracking was measured manually, when an observer performed road inspection
on the spot and made notes and sketches of crack types and severity levels. Later
on the collected data was entered in the database. This database was used for
deeper analysis and road management. The obvious disadvantages of the method
were a low precision, high time consumption and insufficient reliability due to the
personal factors (Offrell, 2003). Therefore, manual distress detection leads to biases
between different specialists. Variability in each severity level detection is large
and increases as the distress quantity increases (Rada et al., 1997). More recently
semi automatic methods were used, with an inspector slowly driving along the road,
while registering the spotted cracks in a portable device. The method still carries
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2 CHAPTER 1. INTRODUCTION

the same issues as the manual one, having various error sources, but decreases
the time spent (Offrell, 2003). Currently data is collected in the field and post
processed at the office. The processing strongly depends on the targeted inventory
objects. Manual object detection and the evaluation of its properties still require a
significant workforce and time load. Hence, this thesis discusses and offers methods
for automatic crack detection for collected mobile mapping image data.

1.2 Objective

Crack detection is a challenging issue that has been investigated by different
researchers for years. Solutions for the top view surfaces dominate the research and
the market. However, the optimal method that fits any imaging system has never
been reached. Therefore, the main aim of this thesis is to find a way of detecting
cracks for full road scene inventory images.

The goal to detect cracks from images that have multiple obstacles is very ambi-
tious but can be achieved in many cases. The first challenging issues are grass fields
or sidewalks that have to be eliminated. Then the shadows on the surface which
prevent from clear visual inspection. Finally, every object on the road, like cars,
pedestrians, emergency cones, signs, branches, puddles or even oil spills disturb the
detection because of dark pixels, that the computer can assume to be a crack.

Taking into account all disturbing factors, it is clearly challenging to find a per-
fect method of detection without any manual involvement. Therefore, a combined
solution from a different perspective is proposed. If there were a method that could
clearly point out perfect surface areas, it could reduce data amount to be inspected
manually by a certain percentage. The higher the amount decreased the more hu-
man work hours would be saved. So, the main objective of the thesis is to detect the
pavement without any distress, reducing the total image data basis and analysing
the accuracy of classification in the case of an undamaged road surface.

Possible solutions to the crack detection become more advanced every year and
follow the development of computer analysis. If the development of a traditional
step by step algorithm strongly depends on chosen methods and coefficients, then
maybe there is also another solution that can analyse the whole image without
specific instructions. It is from this background that the two methods used in the
thesis have emerged. The first one is more traditional and deals with precisely
defined clipping functions and has certain detection limits while the other explores
less controlled recognition method for large labelled datasets that can learn from
the obtained information - deep learning.

1.3 Mobile mapping: Pavement surface condition

acquisition systems

The crack detection was usually performed manually by the road pavement visual
inspection, but lately, more advanced technologies emerged that allow to capture
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georeferenced road condition in a certain format and process the data. In order
to acquire coordinates of every captured data set a reliable positioning system is
needed. Usually, combination of two sensors are mentioned - GNSS (Global Navi-
gation Satellite System) and IMU (Inertial Measurement Unit). The georeferencing
principle is discussed later in this chapter.

The data can be processed while collecting the information (real time) or af-
terwards with a certain software (post-processing). For the real time processing
specialised equipment system that involves data acquisition and management tools
are needed. Since the used and described road mapping technology by WSP is
compatible only with post-processing, the real time options are not considered in
this thesis. The post-processing data acquisition systems are divided according to
the type of sensor that collected data. If the data is captured with digital or video
camera, it can be described as a passive sensor. If the sensor involves laser scanner
or radar then the sensors are active. The need for a better visual interpretation ac-
counted for a technology design that incorporated both techniques - digital cameras
and laser scanners.

The mobile mapping system is based on the platform that is convenient for the
required data area. Usually it is vehicle based (El-sheimy, 2005), that is adjusted to
overlay the area of interest. Vehicles can be airplanes, ships or road/rail vans. The
latest field research discusses unmanned aerial vehicles (UAV), commonly known
as drones, usage in photogrammetric mapping. Siebert and Teizer (2014) present
it as a method whose precision and coverage area is between airborne and vehicle
laser scanning. Now the UAV mapping systems are rapidly reaching high temporal
and spatial resolution, helping to overcome a lack of crucial 3D information in
low accessibility areas (Remondino et al., 2011). In this thesis, the chosen mobile
mapping scope is only road vehicles that gather relevant road information.

Georeferencing is performed by transforming the coordinates determined in l-
frame into a chosen global reference system (e-frame). IMU system captures data in
b-frame camera and l-frame is used for the camera (or laser scanner) (Figure 1.1).
The whole process can be expressed by an equation:

pe = reGPS +Re
bT

b
GPS,b +Re

bT
b
b,l +Re

bR
b
l p

l (1.1)

Where:

pe - coordinates in user frame

reGPS - a position of GPS antenna at the moment of the measurement

Re
b - a rotation matrix between b and e frame, obtained from GPS/INS

T b
GPS,b - a lever arm between GPS and IMU

T b
b,l - a lever arm between IMU and camera

Rb
l - a rotation matrix between l and b frame, obtained in calibration

pl - coordinates of point measured by laser scanner
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Figure 1.1: Georeferencing mobile mapping data

1.3.1 Positioning sensors

Since early 1990s, GPS (Global Positioning System) and IMU (inertial mea-
surement unit) combination have been the most popular configuration for data
positioning (Pu et al., 2011). Systems that integrate both GPS and INS are more
advantageous because of the fast and precise geo-referencing (Wang et al., 2012).

Global Navigation Satellite Systems

GNSS is Global Satellite Navigation System that consists of two major systems
- the United States owned Global Positioning System (GPS) and Russian Federa-
tion’s Global Orbiting Navigation Satellite System (GLONASS) and systems under
development like Chinese satellite navigation system (BeiDou) and European Space
Agency system (Galileo). The main use of satellite navigation is a dynamic posi-
tioning in the real time. The navigation can be performed in two ways - direct and
indirect approach. A direct measurement system obtains the position only from the
GNSS or Differential GNSS measurements. In indirect system, GPS supports other
mapping sensors that acquire the data (Li, 1997). A typical indirect approach is
GPS and IMU integration.

Common issues regarding GPS performance are multipath effects and signal
interruptions caused by building or other barriers. The loss of signal can be bridged
with INS updates and therefore it is important to couple both systems.
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Inertial positioning systems

In contrary to GNSS sensors, the inertial position systems are independent of
external signals and measurements. The sensors record their position using combi-
nations of accelerometers and gyroscopes, that measure acceleration and rotation
rate respectively. Therefore, INS helps to georeference the location, where the satel-
lite signal is not available, for example in tunnels. If the inertial frame is known,
then the position can be detected by an integration of the acceleration and an-
gular velocity. The system consists of three accelerometers and three gyroscopes
and together with a time instrument it forms the Inertial Measuring Unit (IMU)
(Horemuž, 2006).

The error of INS determined position increases in time. Those errors quickly
accumulate without support from other sensors. For that reason, IMU and GNSS
sensors are usually integrated together. GNSS positioning does not accumulate
errors in time but has low data rate and generally poor resolution. INS has comple-
mentary characteristics - high data rate with high long wavelength errors (Horemuž,
2006). The combination of both provides the frequency and noise rate that can allow
performing reliable mobile mapping results.

1.3.2 Mapping sensors

Passive imaging sensors

Image-based mobile mapping system consists of a high quality camera that on the
move captures necessary surroundings and a system that allows georeferencing the
images. Currently, the WSP’s mobile mapping solution involves multiple cameras,
allowing to perform 3-d measurements (Tao, 2000). However, the low cost camera
based mapping is another emerging trend that is used for certain mapping tasks,
for instance only detecting the road signs with only one camera system (Gontran
et al., 2007).

Cameras can be characterised by the image sensor they use to convert the light
into the digital information. Since 1969 when the charge-coupled device (CCD)
was invented by Willard S. Boyle and George E. Smith (Janesick, 2001), it quickly
started to dominate the digital image market. An alternative to CCD cameras is
an active pixel sensor, invented in the 1990s. The sensor performance is based on
complementary metal-oxide semiconductors (CMOS) that consume less energy than
CCD. The new technology ensured random connection to the pixels and granted full
electronic integration. Since active pixel sensors can be adjusted to the environment,
often they are called smart sensors (Horemuž, 2006). In road imaging, the dominant
sensor type is CCD because it provides high quality images with low noise, however,
CMOS sensors are quickly developing, providing with lower battery consumption
and price (Wang and Smadi, 2011). The trade-off between two sensors is the main
reason for appropriate camera decision.

Another way of characterising the imaging sensor is the output image of the cam-
era. The image properties are described by pixel, spatial and spectral resolution.
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The pixel resolution corresponds to a number of pixels in vertical and horizontal
dimension. Spatial resolution is measured in pixels per inch (ppi) or dots per inch
(dpi) and describes the level of detail in the image. Finally, the spectral resolution
defines the colour ranges that camera is able to capture. The camera lens proper-
ties define the aperture of the image that influences depth of the field. Basically,
it describes the focus of objects and the distance visible without visible blurring
(Horemuž, 2006).

Due to a need for simple surrounding viewing, panoramic imaging has developed.
A panoramic image (panorama) is a wide-angle image, reaching up to a 360-degree
view. Wide angle image acquisition started with combining multiple pictures from
a single rotating camera (Peleg et al., 2001). For mapping purposes, more advanced
technologies developed. For instance, fisheye lenses, that have a wide opening angle.
For photogrammetric purposes, a combination of cameras is used. In order to
achieve full 360 degree view the optimal solution is to merge multiple lenses or
use two fisheye cameras (Li et al., 2008). Ladybug 5 is an example of 5 combined
camera lenses in one system that ensures full 360-degree coverage. Another popular
camera is produced by a Canadian manufacturer Immersive Media Corporation.
Their Dodeca camera is placed in 12-faced body with 11 working lenses (Petrie,
2010).

With the immense development and need of mobile technologies, the commer-
cially available solutions also increase. Some mobile mapping platforms with the
passive sensors are GIM, GPSVision, VISAT, KiSS and GI-EYE (Puente et al.,
2013). Probably the most recognised image street mapping service is produced by
Google Inc. Google Street View system cameras include CMOS sensors and an
electronic rolling shutter. The most used version has eight 5-megapixel CMOS sen-
sors with a fisheye lens on top to capture upper levels of buildings (Anguelov et al.,
2010).

To conclude, the passive image sensors strongly depend on the external condi-
tions, especially the sun, fog, mist, shadows and puddles etc. that can distort and
worsen the information acquired from the data.

Active sensors

Laser scanners acquire a distance or a range of objects by two main methods. In
the first method laser pulse is transmitted and then it bounces back to the receiver
that calculates the precise time that pulse needs to get to the object. Since the
speed of pulse is known, the precise distance can be calculated. The other method
emits a wave and in order to find the distance to the object the transmitted and
received wave phases are compared (Shan and Toth, 2008). In addition to the laser
detection, a whole scanning system with a rotating mirror or prism can measure
larger areas and map surroundings more efficiently. Surveying systems that use
aforementioned instrumentation capacity are called LiDAR or Light Detection And
Ranging.
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Figure 1.2: Laser data with a road crack (Wang and Smadi, 2011)

Laser scanners that are mounted on a moving vehicle are called Mobile LiDAR
systems and they have many advantages. Data acquisition is rapid, reducing the
time and related expenses. System’s remote measurements improve efficiency, and
high density accounts for complete extent of the data (Puente et al., 2013). One of
the many commercially available mobile laser-based systems are Optech, 3D Laser
Mapping with 4 laser scanners (Jaakkola et al., 2008) and ViaPPS (ViaTech AS,
2016).

Laser scanners acquire high precision measurements in all 3 dimensions, elimi-
nating shadowing and light deficiency compared to passive sensors. However, the
amount of data obtained with the scanner is tremendous and requires 3-D object
extraction algorithms that can quickly obtain valuable information from the point
cloud. The processing of the point cloud requires advanced hardware and soft-
ware. The 3D laser data automatization problem was also addressed in the thesis
Development of a Workflow for Automatic Classification and Digitization of Road
Objects Gathered with Mobile Mapping (Ekblad and Lips, 2015) where different
road objects were extracted from the laser point cloud.

At this point, it is clear that many object coordinates and images can be easily
extracted but the surface distress recognition problems are more complicated. The
detection with laser scanning systems is still not completely automated and involves
manual inspection (Wang and Smadi, 2011). Despite the detection issues, the laser
data can be valuable in a more qualitative analysis. The average depth and width
of the crack can be easily calculated, pointing out the level of the spread and
damage (Figure 1.2). Therefore, the author believes that the laser scanning data
due to overwhelming data amount is more complicated to use in distress detection
than the image data but it still provides with other valuable information to the
classification.
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1.4 Pavement distress types

A break or fracture can be considered as a failure in any infrastructure. It
can be caused by internal or external factors that harm the surface with the time.
Usually, the surface distress is related to exceeded load applied on pavements. Road
deterioration is a gradual process that at one point reaches maximum and leaves
irreversible consequences, like deformations or cracks.

According to Standard Nomenclature and Definitions for Pavement Components
and Deficiencies (Highway Research Board, 1970) surface distress is defined as ”any
indication of poor or unfavourable pavement performance or signs of impending
failure; any unsatisfactory performance of a pavement short of failure” (Highway
Research Board, 1970). Surface distress classification is based on the morphological
type or shape and the degree of severity (Sjögren, 2002).

In every country road construction and maintenance are managed by the rel-
evant governmental authority (usually transport, traffic or road administration).
They are also responsible for the defining of pavement distress types. This thesis
focuses on the documentation issued by the Swedish authorities and also considers
different manual examples from other countries. Swedish transport administration
(Trafikverket, 2005) has determined six damage types for asphalt-concrete roads.
Compared to the manuals in other countries (Norway and the USA) the classi-
fication and categorization in the Swedish source are incomplete and, therefore,
a handbook from The Swedish National Road and Transport Research Institute
(Statens Väg och Transportforskninginstitut) is used. 14 different road pavement
damage types are mentioned. The author distinguishes both asphalt and concrete
road cracks from all mentioned distress types (Wågberg, 2003), and groups them
into 5 classes according to classes presented in (Miller and Bellinger, 2014):

1. Cracking

a) Longitudinal cracking

i. wheel path longitudinal cracking

ii. joint reflection cracking

iii. edge cracking

b) Transverse cracking

c) Fatigue cracking

2. Potholes and patching

a) patch deterioration

b) potholes

3. Surface deformation

a) rutting
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Figure 1.3: Measuring crack width (Miller and Bellinger, 2014)

b) shoving

4. Surface defects

a) bleeding

b) polished aggregate

c) ravelling

5. Other distresses

a) separation

b) other

1.4.1 Cracking

A crack is a damage and disruption in asphalt pavement surface that forms due
to physical tensions. In other words, a crack is a break in the surface that according
to its severity level influences traffic safety. To understand the crack impact on the
vehicles, an important measure is a crack width. Figure 1.3 depicts that the width
is determined from the top of the surface, where a sudden and steep recess starts to
the end of the damage (Miller and Bellinger, 2014). Measurements can be obtained
from the cross section or from the top view.

Cracks are also distinguished according to their morphological properties and
the placement on the pavement surface. Morphological and physical properties
also determine the severity level and the distress spread. Five different types are
described in the next paragraphs. Unfortunately, neither of catalogues offer the
action plan for each severity level. It is unclear if low or moderate level should be
repaired or only the high severity should be scheduled for maintenance.

In this classification the block cracks are part of fatigue cracks and diagonal
cracks are not distinguished as a separate category. Diagonal cracks, as the name
suggests, are placed diagonally over the pavement or characterize long cracks that
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Figure 1.4: Longitudinal cracking (WSP’s image)

Figure 1.5: Cracks initiated in the pavement (on the left) and on the surface (on
the left) (Wågberg, 2003)

cannot be added to the neither transversal nor longitudinal groups. The causal
phenomenon can be a lack of steel dowel bars, traffic near the pavement edge, insuf-
ficient concrete thickness and material erosion under the pavement (Trafikverket,
2005). In this thesis, diagonal cracks are added to the closed transversal or longi-
tudinal crack group.

Longitudinal cracking

Wheel path longitudinal cracking. Longitudinal crack is a vertical split that
is aligned to the road direction (Figure 1.4). The possible causes are road depression
(Figure 1.5), inappropriate concrete level thickness, traffic near the pavement edge
and irregular road maintenance (Trafikverket, 2005). Furthermore, it is suggested
that the pavements life cycle has either expired or traffic load was underestimated
(Wågberg, 2003).

The Swedish transport administration does not offer a severity level classifica-
tion, but the Swedish National Road and Transport Research Institute (Wågberg,
2003) proposed the division in 3 levels where:

1. (low) - narrow cracks or crack right outside the wheel path or short longi-
tudinal in the wheel path. Cracks should be closed, meaning that no road
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material was lost from the distress

2. (moderate) - cracks that are slightly larger than in the first category and are
open, but the material loss is very small

3. (high) - type 2 that have progressed and have visible material losses and gaps
in the pavement

This level division is coarse because it doesn’t propose the parametric values.
Therefore it strongly depends on inventory specialist. For instance, the American
version of Distress Identification Manual (Miller and Bellinger, 2014) classifies the
moderate level for cracks from 6 to 19 mm or 5 to 20 mm in Norwegian version
(Statens Vegvesen, 2014). Furthermore the extent is defined as follows:

1. Local - the length of the crack is shorter than 20% of the road profile width

2. Intermediate - the length of the crack is between 20% to 50% of the road
profile width

3. Global - the length of the crack is between 20% to 50% of the road profile
width

Joint reflection cracking. Another pavement surface problem addresses joint
damages or joint reflection cracks that occur near slab connections. Cracks in the
surface overlay joints, hence their position almost coincide with the cross section
lines at joints. The damage level is defined (Wågberg, 2003):

1. (low) damages narrower than 5 mm without material loss

2. (moderate) cracks from 5 - 10 mm

3. (high) cracks that exceed 10 mm 20% to 50% of the road profile width

Furthermore, the level of spread is defined the same as for longitudinal cracks:

1. Local - the length of the crack is shorter than 20% of the road profile width

2. Intermediate - the length of the crack is between 20% to 50% of the road
profile width

3. Global - the length of the crack is between 20% to 50% of the road profile
width
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Figure 1.6: Edge cracking (WSP’s image)

Edge cracking. Edge cracks are longitudinal cracks that are located near (0,2-0,5
m) the edge of the road and can be deep and wide (Figure 1.6). It is caused by
inadequate lateral support or subgrade deformation with inefficient drainage system
or water run-off. Sometimes the side of the road can be affected by heavy unplanned
traffic loads (Wågberg, 2003).

The damage level is defined Wågberg (2003):

1. (low) damages narrower than 5 mm without material loss

2. (moderate) cracks from 5 - 10 mm

3. (high) cracks that exceed 10 mm

Furthermore, the level of spread is defined the same as for longitudinal cracks:

1. Local - the length of the crack is shorter than 20% of the road profile width

2. Intermediate - the length of the crack is between 20% to 50% of the road
profile width

3. Global - the length of the crack is between 20% to 50% of the road profile
width

Transversal (thermal) cracking

Transversal cracks are predominantly lined perpendicularly to the road direction
(Figure 1.7). The causal effects are the similar as for longitudinal cracks, in addition,
the thermal effects, like sudden temperature change in the cold time of the year,
contributes to the asphalt shrinking and expansion, damaging the surface (Wågberg,
2003). Severity is described:

1. (low) - narrow closed cracks, in less than 5 mm in width. Also not sealed
cracks that endure the water.
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Figure 1.7: Transversal (thermal) cracking (WSP’s image)

2. (moderate) - cracks that are wider than 5 mm, but don’t exceed 0 mm. They
can be open, but the material loss is very small.

3. (high) - cracks wider than 10 mm width visible material loss from the crack
edges. Small cracks around this level are possible and are classified within the
level.

Furthermore the level of spread is defined as follows:

1. Local - up to 1 transversal crack per 100 m road

2. Intermediate - from 2 to 3 transversal cracks per 100 m

3. Global - more than 3 transversal cracks per 100 m

Fatigue cracking (Alligator cracking)

Fatigue cracking is the next stage for wheel path longitudinal cracking. It is a set
of interconnected longitudinal, transversal and diagonal cracks (Figure 1.8) that
form rectangular pattern cracks with many-sided, sharp-angled pieces, usually less
than 0.3 m on the longest side (Miller and Bellinger, 2014). The main causes are
unsuitable concrete thickness for the ongoing traffic level and deformation in road
construction (Trafikverket, 2005). The distress forms a pattern resembling alligator
skin, therefore often it is called in its name (Statens Vegvesen, 2014).

The severity level is defined (Wågberg, 2003):

1. (low) few narrow cracks mixed with short transversal cracks

2. (moderate) many longitudinal and transversal cracks forming a pattern, some
of them can be sealed

3. (high) an extensive alligator pattern that have open cracks and some of the
parts can move under the traffic flow
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Figure 1.8: Fatigue cracking (Alligator cracking) (WSP’s image)

Furthermore, the level of spread is defined the same as for longitudinal cracks:

1. Local - the length of the crack is shorter than 20% of the road profile width

2. Intermediate - the length of the crack is between 20% to 50% of the road
profile width

3. Global - the length of the crack is between 20% to 50% of the road profile
width

1.4.2 Patching and potholes

Patch deterioration considers areas that have been already replaced by a patch due
to some previous damages. Also patch itself can be considered as a distress in case
of high surface difference or roughness. Damages can be caused by improper road
renovation or ongoing problems in the fundament (Wågberg, 2003). The severity
level is for patched and patch deterioration is defined (Wågberg, 2003):

1. (low) few narrow cracks around the patch and the pavement, visible and dam-
aged joint, a little shoving

2. (moderate) wide cracks larger than 5mm around the joint, many parallel
cracks, medium shoving

3. (high) many wide cracks in the joint that can progress as fatigue cracking,
potholes or high shoving

Furthermore, the level of spread is defined the same as for longitudinal cracks:

1. Local - the length of the crack is shorter than 20% of the road profile width

2. Intermediate - the length of the crack is between 20% to 50% of the road
profile width
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Figure 1.9: Potholes (WSP’s image)

3. Global - the length of the crack is between 20% to 50% of the road profile
width

Potholes are round holes in the surface, which often are the result of the severe
fatigue cracking (Figure 1.9). They can be measured by the depth (Miller and
Bellinger, 2014) or diameter (Wågberg, 2003). Diameter should depict the longest
side (major axis) in a case of an ellipsoidal hole. According to (Wågberg, 2003)
severity is described:

1. (low) - less than 10 cm in diameter

2. (moderate) - between 10-20 cm in diameter

3. (high) - more than 20 cm in diameter

Furthermore the level of spread is defined as follows:

1. Local - up to 1 pothole per 100 m road

2. Intermediate - from 2 to 3 potholes per 100 m

3. Global - more than 3 potholes per 100 m

1.4.3 Surface deformation

Shoving (an abrupt wavy changes in the surface) and rutting are road deformation
types that can be spotted in a longitudinal profile or in a cross section for the
latter. Long single pavement depression is not considered as an important and
severe damage but the shorter depression gets, the higher effect on the road safety
it obtains. The changes can be produced from the subgrade, with ongoing water
and therefore road material erosion. Rutting always follows the wheel path and is
caused by studded car tyres (Trafikverket, 2005). Both deformation types are not
considered in the thesis due to their representative nature that can only be seen in
cross sections but not in the pavement surface images.
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Another deformation type that is mentioned (Trafikverket, 2005) is level differ-
ences between slabs (Swedish: laxtrappa) that are only visible in the road profile
where every plate has different altitude. Usually it is caused by ground erosion
and the impact from traffic (Trafikverket, 2005). The deformation is always visible
in the road profile measurements but also can be seen as a transverse crack (see
Transversal cracking).

1.4.4 Surface defects

Surface defects occur only in the pavement exterior and can be detected in places
where the road texture changes. Bleeding is usually shiny darker surface on the
wheel paths. Polished aggregates are areas where the surface binder worn way to
expose coarse aggregate (Miller and Bellinger, 2014). Another surface problem can
be ravelling - that involves the lack of asphalt particles and binder (Miller and
Bellinger, 2014).

1.4.5 Other distresses

Distress types that were not mentioned in the previous descriptions belong to the
other damages. Separation can appear in asphalt pavements as small strings where
more coarse material detaches from better material (Wågberg, 2003). A distress
type that does not consider road cracking, deformation or deterioration is fading of
road marking. It is interesting that nor the US or Norwegian transport authorities
(Miller and Bellinger, 2014), (Statens Vegvesen, 2014) consider it as a noteworthy
damage, despite the importance of road surface marking in the traffic safety.

1.5 Existing crack detection algorithms

The number of recent papers that discuss the pavement crack detection in images
shows growing interest in automatic techniques. Authors attempt to find the most
suitable image settings, more precise detection algorithms and faster and reason-
able computation solutions, usually, as a result, presenting a model for a complete
detection system. Published papers related to the road crack detection propose
methodologies in the real time and post processing. In this thesis, only post pro-
cessing methods are considered. A complete road crack detection system consists
of three major parts: pre-processing, processing and classification.

The overview is based on those steps. The used algorithms have extended de-
scription in the methodology part 2. The steps in each part of the system depend
on the detection algorithm. Saar and Talvik (2010) propose to adjust pixel in-
tensity values in the image pre-processing. The noise reduction and linear feature
sharpening highlights crack pixels (Gavilán et al., 2011). The combination of im-
age smoothing, normalisation, and saturation changes can be applied (Oliveira and
Correia, 2013). The same authors eliminated the high contrast effect of white line
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lanes. The field offers many extensive methods, including advanced studies on
shadow removal and crack curve mapping (Zou et al., 2012).

Five general approach groups of crack processing can be distinguished (Cham-
bon and Moliard, 2011). The first one analyse the grey pixel intensity histogram
and apply a threshold. The authors argue that the methods are simple but coarse.
Mathematical morphological tools improve the histogram based results but require
carefully and well-tuned parameters. Image filtering, involving edge detection or
texture analysis, is a common technique but deals with adaptive issues regard-
ing the crack size and variations. Some approaches discuss the local versus the
global model, detecting local regions of the interest (Chambon and Moliard, 2011).
Finally, the latest research proposes advanced machine learning methods that over-
come manual parameter choice issues by other approaches but require advanced
computing mechanisms and high performance computers.

The recent studies introduce machine learning algorithms that improve the tech-
nology of detecting positive and negative examples or classify large data sets. The
method significantly improves the search performance of the common image recog-
nition algorithms (Brkic, 2010). Berkeley Vision and Learning Center developed an
algorithm Caffe that provides a modifiable framework for deep learning algorithms
and a collection of reference models. The framework is an open source and is avail-
able for training and developing purposes. The fast performance (2.5.ms per single
image) makes it suitable for a large scale projects (Jia et al., 2014). Caffe model is
used in other object-based detection projects that as a result, defines the object’s
edge box and generates object type proposals. For a better performance, the model
requires large image training and validation dataset (Tang, 2015). A common issue
is the model over-fitting when the model performs with high precision on the testing
data but fails to recognise other data sets.

In order to achieve reliable results, authors tend to use more than one algo-
rithm and apply many combinations of processing methods. After the intensity
adjustments, in the processing detected features can be extracted depending on
the contrast level and classified using machine learning. The output suggests the
state of the road and the type of the crack (Saar and Talvik, 2010). Another paper
(Cheng H. D. et al., 1999) propose a method that detects darker pixels than the
surroundings by grey levels function and classifies pixels into two groups cracks
and the rest. Then only connected crack pixels and their chains are considered and
classified. A complete solution to identify cracks is presented in a toolbox (Oliveira
and Correia, 2014), consisting of several image processing algorithms and crack
classification methods.

Finally, the classification can be based on the pavement distress types or other
predetermined needs. If the particular distress or crack type is required, then certain
morphological rules are applied to the detected spots. However, the class determi-
nation can be fuzzy since it is difficult to define the parameters for a start or the end
of the particular class (Cheng and Miyojim, 1998). Four direction projections can
be used for the crack position detection. If a distinct peak in the vertical projection
vector is noted, the crack is longitudinal, if - horizontal, then the crack is transverse
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and fatigue cracking has peaks in all directions (Cheng H. D. et al., 1999). Simi-
larly, as in detection, also in classification advanced machine learning algorithms are
used. Even simplified neural networks classification can detect cracks with 84-96,6%
precision depending on the crack type (Saar and Talvik, 2010). Another neural net-
work approach is presented in (Lee and Lee, 2004), where a trained weight model
is applied to the binary crack and no crack image.

Not that many authors take into account crack severity types in the classifica-
tion, despite it being one of the most important factors in the road maintenance.
However, if the spatial resolution of an image is known and then the pixel width
can be approximated by the corresponding average width in mm (Oliveira and Cor-
reia, 2013). 3 severity levels (high, moderate or low) were pointed out in (Moussa
and Hussain, 2011). The algorithm computed the length and the average width,
achieving 100% accuracy detecting high and 93,9% low severity.

To conclude, crack detection algorithms are changing with technology develop-
ment. Despite the fact that pixel-based image processing is still a popular method,
more complex neural network implementation is emerging as a competitive and fast
technology. Furthermore, the emphasis is on the high-performing crack detection
and usually the detection of severity level has a support role.



Chapter 2

Methodology

2.1 Image processing and analysis

This thesis deals with two digital imaging problems. The first concerns mathe-
matical operations with pixels that produce altered and enhanced images with the
respect to the original (image processing), and the second uses the enhanced image
for the information extraction, producing decision values (image analysis).

The tool for image processing and analysis is CrackIT toolbox, developed by
Oliveira and Correia (2014). The toolbox offers a set of crack detection and char-
acterization algorithms, allowing to customise input values for every manipulation.
The toolbox is divided into 3 stages (Figure 2.1). First, the image is pre-processed
using included algorithms for pixel smoothing, normalisation and white line detec-
tion. Then the detection is performed by carefully selected pattern decision set, and
finally, the detected damage is classified based on its morphological features.

Since the thesis is focused on the detection, not the classification or character-
ization of road cracks, only the first two steps were considered. The image pre-
processing prepares the image in a way that only low-intensity pixels stand out and
can be easily subtracted. The toolbox produces two different set of outputs:

• Pixel-based image

• Block based binary image

The schematic processing flow is depicted in Figure 2.2. First (1) block size is
defined by the user, based on the image resolution and the distance to the pavement
surface. The smaller the block size in pixels, the narrower the white lines and cracks

Figure 2.1: Steps of crack analysis
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Figure 2.2: Image pre-processing

should be. Afterwards, a global image smoothing (2) is performed. Smoothing
decreases pixel intensity variance, without significantly affecting the intensity of
pixels belonging to cracks (Oliveira and Correia, 2014). The smoothing technique
used is anisotropic diffusion, presented in Perona and Malik (1990). The smoothing
technique takes into account edges, lines, and high contrast objects that could have
significant importance in the object segmentation. It also reduces noise without
eliminating important data. The diffusion coefficient depends on the spatial location
in the image, adjusting to the meaningful global information (Perona and Malik,
1990). As a result, pixel variation is decreased within certain limits and without
excluding crack pixels.

The next function (3) uses the smoothed image as an input and determines
blocks with white lines, using high-intensity thresholding that responds to the white
lines. Thereafter average intensity of each block is calculated, which supports the
preliminary crack detection process (5). Image normalisation (6) is also based on
preliminary crack detection results. The unaffected surface is transformed into the
same average pixel intensity, but the damaged one is normalized according to the
neighbourhood.

Finally, the saturation (7) changes are implemented. The average value of back-
ground or unaffected blocks is calculated and used as a threshold for high-intensity
pixel elimination. The values of threshold exceeding pixels are replaced with the
same average used for thresholding. The results eliminate solar reflections and
overexposed pixels.

The crack detection is performed by carefully chosen geometric criteria (Fig-
ure 2.3). In the beginning, a global threshold using Otsu method is used. The in-
tensity threshold divides the image into two layers, the foreground and background
(Otsu, 1975). Then the histogram of values that are below the Otsu threshold are
plotted and the peak is found. For the segmentation (2) another threshold is used
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Figure 2.3: Crack detection

(Equation 2.1). From the increasing values till the peak, mean and standard de-
viation are calculated and then the threshold that captures 99,7% of the data is
chosen, pointing out the most darker spots with the lowest intensity.

Th1 = Mean− 3 ∗ StandardDeviation (2.1)

The toolbox offers only three morphological criteria that only perform perfectly
with the top view images, without any distortion from the depth and distance. Cri-
teria are carried out hierarchically eliminating pixel components. The first criteria
are eccentricity requirement (3), that analyse the shape of the crack. The eccentric-
ity of the circle is 0, therefore, here it is assumed that no crack can be close to this
shape and it has to be ellipsoidal. However, this excludes the possibility to detect
potholes that can be completely circular. Secondly, the major axis of the ellipse is
measured and length criteria in pixels (4) are suggested. The last criteria remove
components with small pixel width (5). The average width of pixel component is
detected by dividing the number of pixels in Connected Components (CCs) by the
number of pixels in its skeleton (Oliveira and Correia, 2014). The final output is a
binary image with potential crack pixels marked as 1.

All other pixels that were removed in previous steps are taken into account
when the global cracks are detected. The majority of them are a large amount of
small pixels surrounding the crack but not qualifying for the distinct cracking. The
distance (6) and orientation (7) of the leftover components are found, in order to
relate to the specific crack. Then the global crack (8) that have related components
can be plotted. The steps 6 to 8 take relatively long computational time and are
only necessary in the case of qualitative crack detection or can be used for the total
spread detection.

Image analysis is a common method for detecting objects and allows taking full
control over decision variables and performed steps. Furthermore, any adjustments
to the method can be added between the steps, to some extent changing the result.
However, in the end, the results strongly depend on the input image resolution and
quality.
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Figure 2.4: Linear classification (Guestrin and Fox, 2015)

2.2 Deep learning

Deep learning is the fastest growing field of machine learning. Machine learning
evolved from artificial intelligence studies when users tried to implement the human
alike ability - to learn from samples. For instance, humans can understand that
a tree is a plant even without seeing it before, somehow the brain can relate ob-
jects to the inertial criteria. In the same manner, a computer can find the criteria
and separate samples like humans. Traditional methods of machine learning are
support vector machine and regression analysis but now the technology goes even
further, exploring the larger data sets, billion connections between them and find
the generalisations in objects.

For a long time, linear image classifiers solved simple issues but they couldn’t
recognize all features. A data set with negative and positive features presents a
general case of linear detection (Figure 2.4). The function that sets the boundary
between those features is found. In order to find the score for new input feature
(x), the multiplication of weight (in some cases it is a distance) of every classified
feature (node) and the node is summed. Then the output is a score that defines the
class (Figure 2.5). The problem, in this case, may be nonlinear shapes that require
more complicated classifiers.

The issue of nonlinear classification was solved by adding more layers and there-
fore weights (Figure 2.6), explaining more complicated cases. The layered feature
and weight combination is described as a neural network. In fact, the network con-
sists of linear models and nonlinear transformations (Guestrin and Fox, 2015). Over
the last years neural network classification resurged because of big data availability
and advances in computer technologies. Furthermore, the recent studies introduce
network algorithms that improve the technology of data identification and classifica-
tion. These methods significantly improved the search performance of the common
image recognition algorithms (Brkic, 2010).

Multiple layer neural networks form deep learning algorithms. The real tech-
nological revolution in the field was achieved when the deep learning accuracy of
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Figure 2.5: Non-linear classification (Guestrin and Fox, 2015)

Figure 2.6: Neural network structure (Zeiler and Fergus, 2013)

sample detection was 0,35% for the popular MNIST handwritten digit dataset. The
researchers introduced more layers and higher neuron count per layer and algorithms
preventing from overfitting the data(Ciresan et al., 2010). The architecture of deep
learning system is based on the convolutional neural network. They represent a
system, where every part (neuron) is connected to only a few of the neurons in the
following layer. The input layer overlaps for many outputs, so it can completely
represent a full image without missing a spot (Figure 2.6). The breakthrough ar-
chitecture was presented with five convolutional layers with different kernel filters
(11, 5 and 3-pixel kernels) that scan the image and find the relevant representing
features (Krizhevsky et al., 2010).

The deep learning framework uses the aforementioned architecture. The labelled
training data is uploaded to the system. While training is ongoing, the system, also
validates it with different classified input images and then produces a trained model.
The model can be later used for classification purposes (Figure 2.7).

Berkeley Vision and Learning Center developed an algorithm Caffe that pro-
vides with a modifiable framework for deep learning algorithms and a collection
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Figure 2.7: Deep Learning framework

of reference models. The framework is open source and is available for training
and developing purposes. The fast performance (2,5 ms per single image) makes
it suitable for large-scale projects (Jia et al., 2014). Caffe model is used in other
object-based detection projects that as a result, defines the object’s edge box and
generates object type proposals. For the better performance, the model requires
large image training and validation dataset (Tang, 2015).

For years, deep learning was a field that only machine learning specialists could
use in practice and test their data. In 2015, NVIDIA has developed an interface
for Caffe without the need for a command line. The program is called Digits and
has the main purpose to serve as a development tool kit for data scientists and
researchers. The user-friendly software opens new opportunities for specialists from
many fields who deal with pattern or object recognition (Gray, 2015). However,
still the deep learning training system requires a powerful NVIDIA graphic card
with Cuda support and Ubuntu 14.04 operating system, limiting the use for the
educational purposes. NVIDIA also offers a computer set that is targeted to work
with neural network and high graphic card usage.

The deep learning has been applied in many image recognition tasks, achieving
high detection accuracy. Using the Torch convolutional neural networks system a
Russian research team has built real time road defect detection system (Figure 2.8)
(Deep Systems, 2015). Furthermore, a German traffic sign recognition deep neural
network performed with 99,46% success rate, outscoring human recognition bench-
mark that was around 98,84% (Cirean et al., 2012). The authors only mention that
the next step would be the traffic sign localization and classification in the street
view image. Another outstanding application is presented for a scene labelling
(Farabet et al., 2013). The convolutional network separates scene is regions by the
class it belongs to, detecting objects and background (Figure 2.9). The system has
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(a) Pavment (b) Detected cracking

Figure 2.8: Crack detection with neureal networks (Deep Systems, 2015)

Figure 2.9: Scene parsing (Farabet et al., 2013)

evolved to a real-time scene parsing.
Significant results in a trained model, can be achieved by the sufficiently large

input dataset. A crowd sourced labelling is a powerful tool that can achieve hundred
thousands of classified images. As an effective illustration, Mapillary, an online
database for crowd sourced street view photos, developed an option that any user
can classify the road signs. They increased the edits to 203 000. As a results
accuracy raised from 50% to 95% (Kuang, 2015).

The deep networks as it was discussed consist of many layers, therefore, millions
of parameters, that requires huge training data set. The higher data amount, the
higher accuracy can be achieved. On the one hand, the method has a high potential
for many recognition tasks. On the other hand, it is still computationally expensive
and it is hard to tune the system, because of multiple choices of architecture, layers,
and parameters.





Chapter 3

Data collection and processing

3.1 Case study and data collection

WSP’s geoinformation and assets management team has performed mobile map-
ping measurements for Uppsala municipality roads. The measurements took place
from June 2nd to June 15th, 2015 and covered around 600 km of road with 60 000
images.

The used mobile mapping system consisted of:

1. Four SICK LMS511 PRO laser scanners

2. INS 250Hz

3. GNSS receiver

4. 360 Ladybug 5 camera (30 MPix)

5. 2 5MPIX cameras (Larson, 2015) (Figure 3.1)

For the data processing, the most important component are cameras and their
specifications that determine the resulting quality. The ladybug camera that was
used has Sony produced cameras and CCD sensors. The Ladybug device is attached
to a platform and a mast that is placed on the car’s rooftop, ensuring sufficient view
angle (Petrie, 2010). Even though the camera’s name suggest that it captures the
surroundings in full 360-degree view, in fact, the view angle cover only 90% of it
(Point Grey Research, 2016). The solution to the occluded areas is a placement of
two Ladybug5 system.

In addition to the 360-degree camera, two cameras capture the road. Both
cameras take pictures with a rate 5 frames per second in uncompressed mode and
10 fps in compressed mode. In practice, an image is captured every 10 meters
and overlaps for around 50% of the road surface with the previous image. Image
resolution is 2448x2048 pixels. In the project, only front and back camera images
are used and analysed.

27
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Figure 3.1: WSPs mobile mapping system (Larson, 2015)

Afterwards, the road inventory is performed by manually inspecting all images
that are divided by streets. For the image viewing and data extraction Geotracker
viewer is used. The detected road cracks with their severity level are written down in
the separate text file, that can later be used as input in ArcGIS or similar mapping
software. Road condition inventory pointed out 9712 images (one image view can
include many distress occurrences) with different distresses on the pavement surface
(Figure 3.2). Every damage is described by its level (1 - low, 2 - medium, 3 - high)
and later the average in 100 m is calculated, depicting the road segments that need
urgent reparation and allowing responsible institutions plan the road maintenance
funding.

Many technical and data requirements depend on the client. The used system
maintains high reliability throughout multiple projects in Sweden and the biggest
issue that it is facing is the lack of automatic data extraction process. Therefore,
the acquired case study data was used in the thesis to test possible methods of
reducing the immense amount of road images used in the road inventory.

3.2 Data pre-processing

Data input and pre-processing algorithms were adjusted to each method used.
It is also important to understand that the input databases for CrackIT and Digits
due to the different system architectures and requirements were completely dif-
ferent. Every CrackIT step was tested on one street that covered by 142 images
or approximately 1420 m. The street Tycho Hedéns väg in Uppsala (Figure 3.2)
was chosen because it represents all 3 severity levels of cracks and also sufficient
amount (51,4%) of the no-crack environment without an overwhelming amount of
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Figure 3.2: Road cracks in Uppsala (WSPs data)

disturbances, like shadows or cars. For Digits image database all front images were
processed and later labelled manually.

All deep learning related procedures were performed with software DIGITS 2,
ran with NVIDIA graphic card GeForce GTX 760. Computers RAM memory was
8GB and used processor AMD Phenom II X6 1090T , 64 bits. The operating system
was Ubuntu 14.04.3. CrackIT 1.0 was run with MatLab 2016a on a Windows XP
64bit Operating System with 8GB RAM and Intel Core i7 CPU M640.

In order to analyse images from the camera that was set up on cars roof, many
adjustments in the detection steps of the CrackIT toolbox were made. Moreover,
two different groups of images were tested. The first group (I)(Figure 3.3a) was
manually edited so that all no road surface related objects were cut out. The
second (II) group (Figure 3.3b) was left without any significant changes. Since the
pixel contents of both groups were different, procedures that were performed on
them also varied.

Every original image was cut in half, leaving only the lower part because it
responded to the best visible part of the road surface. It resulted to the input
image with a dimension of 2448x1024 pixels. When the preliminary area has been
detected, image grayscale was performed. In order to speed up the processing, two
different frame sizes were defined. The first was a white lane line block size that
searches the white pixels in the image that form line objects. After several attempts,
the most proper size was determined as 60 by 60 pixels. Another constant is a
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(a) I group: Cropped images (b) II group: Original images

Figure 3.3: Image types

(a) Normalisation (b) Satuartion

Figure 3.4: I group: pre-processing

segmentation block size that was chosen to be 102 by 102 pixels, so fitted the width
of the image. Therefore, the resulting segmentation matrix size was 24x10.

Because of manual clipping, the first image group consisted of many white pixel
areas that were filled with the average intensity of the image. Afterwards, the nor-
malisation (Figure 3.4a) and saturation (Figure 3.4b) changes were made according
to the toolbox.

The full set of road images includes sideways and grass fields around the surface
and manual object clipping requires a lot of time. An efficient way to eliminate
irrelevant parts is to apply a filter that detects low-intensity areas and replaces it
with an average intensity of the image. A certain threshold of the intensity detection
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(a) II group: Original images (b) Intensity mask

Figure 3.5: Intensity Mask

was used (Figure 3.5). The low-intensity mask detected cars, grass fields, shadows,
and cracks or other damages on the road.

Since the created mask eliminates also the most important objects - the road
cracks, the damaged parts of the image should be manipulated in a way that all other
objects but cracks are removed. At first, upper corners of the image were replaced
with an average intensity of the whole image. Car and big shadow elimination were
performed by dividing the image into 4 horizontal and 2 vertical parts, accounting
for 8 in the total. Every part was checked for the total number of low-intensity
pixels. If the number exceeded a certain threshold, then the detected part was
changed. The pixels were replaced by the size of the segmentation block only if:

1. They were in the upper corners or

2. It was located in the detected mask and the image part indicated that the
total intensity was low

As a result, many square blocks with average intensity covered the original image
depending on the image intensity placing (Figure 3.6).

The image smoothing was performed according to the CrackIT toolbox algo-
rithm. White lane detection had an implemented adjustment, for example, if the
intensity of the image was high, especially in a case of the overexposed image, the
white lane line threshold was increased. Afterwards, the white lane line detection
was performed. The detected lines were replaced by average intensity of the in-
put image (Figure 3.7). Normalisation and saturation (Figure 3.8) were performed
according to the toolbox.
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Figure 3.6: Images with replaced segments

Figure 3.7: Images without white lane lines
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(a) Normalisation (b) Saturation

Figure 3.8: Group II: The final steps of pre-processing

Figure 3.9: Database sampling

For neural networks database, the supported image format is .png and .jpg and
they have to have equal height and width. In order to acquire only road pavement
image, the bottom of the original image was divided into 4 squares, accounting
612x612 pixels. Only the middle squares were used because they less likely would
consist of grass or sideways which would complicate the detection process (Figure
3.9).

In total 95 674 pictures from 6 different days and both camera directions were
cropped, accounting for 191 347 square images. However, only small part of them
was considered for the labelling, due to different imperfections. As a result, two
groups of images with distinct cracks and a clear surface were separated with 2 800
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(a) Crack images (b) No-crack images

Figure 3.10: Database examples

images in each group (Figure 3.10). Another smaller surface image group was left
for testing. The final image database was not pre-processed in any other way.

In both techniques the image pre-processing was the most important step; the
whole algorithm performance depends on it later and both had different challenges.
For the crack extraction, images with low-intensity values that describe only crack
pixels were needed. For the deep learning, the size restrictions of the squared image
and the quantity requirements were hardest to obtain.

3.3 Image processing and analysis with CrackIT

In short, CrackIT analyses pixels and obtains the optimal threshold for the cracks
extraction. Therefore, a careful pixel intensity analysis from the pre-processed im-
ages was needed. Then the threshold for crack and background separation was
chosen. The histograms of pre-processed images depict what threshold was chosen
in every case (Figure 3.11). In images with higher intensity levels, the threshold
will be higher.

When the threshold level (for the threshold method see Section 2.1) was found,
binary images with pixels belonging to cracks (Figure 3.12a) were analysed. Original
toolbox had 3 morphological criteria, in this case, they were extended to 5, where:

1. Delete large components that might belong to other objects than cracks (larger
than 5800 pixels)

2. Delete white lines that usually are falsely detected as high contrast changes

3. Delete components with low eccentricity (eccentricity higher than 0.8)

4. Delete components with a short length of ellipse major axis (axis length is
more than 30 pixels)
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(a) An example from I Group

(b) An example from II Group

Figure 3.11: Histogram analysis
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(a) Thersholding output (b) The image after criteria elimina-
tion

Figure 3.12: Binary results

(a) Thersholding output (b) The global crack

Figure 3.13: Finding conneted components

5. Delete components with small width (smaller than 2 pixels) (Figure 3.12b)

The components that were previously deleted but closely related to the detected
crack were placed back in the global crack detection, (Figure 3.13) allowing to see
the extent and spread of the detected crack. The obtained binary images can point
out crack locations and size. However, as it is visible in Figure 3.13, where some
detected objects are shadows from lamp posts, it still strongly depends on other
object existence, especially narrow shadows that cannot be eliminated by similar
means as cars or road objects. The quantitative analysis of results is discussed in
the chapter ”Results and analysis” (4).

This section outlined the workflow of the pixel-based crack detection. In the
beginning, a carefully pre-processed input image is needed, where the grey pixel
values peak to the average background intensity value (excluding the bright pixels
and smoothing the background). This input can be successfully used for thresh-
olding the darkest pixels. Afterwards, the 5 morphological criteria are used to
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eliminate small no-crack pixels or large surface objects that can not characterise
the road crack.

3.4 Image analysis with Caffe and Digits

When the labeled database was obtained, it can be uploaded for the feature
training in a deep neural network. Building a deep neural network requires three
different image sets, which are acquired from the original database dividing it into
3 groups. Those are training, validation and test database.

The training set is the largest database that is used as input in the main model
and then deep learning network learns from it. From this set, the optimal weights for
recognised features are found. The validation set is also used in the training process
and as the name suggests after a certain progress in the learning, it validates or
evaluates the results, then tunes the model’s parameters, and at last determines
the validation accuracy that describes the overall classification success percentage.
An image from validation set is tested on the model and outcoming accuracy is
included in the graphical output (3.14). At the last iteration (epoch), the validation
image should give the best results. The main difference between the testing and
validation set is that the validation images are involved in the model training but
the test images are used only for the result reporting. Therefore, at last, the testing
set is used at the end, when the model is obtained and it should give final accuracy
results that correspond to the real world example.

Apart from the classification accuracy, the loss function describes the error of
parameter settings. It is given by the residual sum of squares for both testing and
validation sets separately. In the training, the loss is expected to minimise, finding
the best fit weights to the parameters (Berkeley Vision and Learning Center, 2015).
In Figure 3.14 the loss is decreasing but haven’t reached the zero, implying that
training still can be adjusted.

The training images were used as the main input in the neural network and
build the classification model. The model learned image features through training
images and tuned its weights iterating through the database. In this step, a batch
size and epoch count were predefined. Batch size corresponds to the count of images
that will be uploaded in order to process one weight update. On the one hand, low
batch size eases the computation and is limited by the graphic card capabilities. On
the other hand, it causes higher noise in the training signal. The maximum batch
size by available graphic card was 13. In comparison, other models use the batch
size of 256 images (Simonyan and Zisserman, 2014).

Another parameter that is important in the learning process is an epoch. It can
be understood as one full iteration through all data set. In order to obtain adequate
results, many epochs should be used. Digits offer 30 epochs as a default that fits
well for first data exploration and faster results acquisition. However, when the
results with 30 epochs are unsatisfactory the number can be increased, significantly
increasing the training time. In this project 50 was considered as an adequate for
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Figure 3.14: Training accuracy and loss

the preliminary results. Also, the epoch count should be adjusted to the learning
rate because when the model stops learning, the iterations should also be stopped
to avoid the overfitting of the data. To summarise, parametric choices strongly
depend on the database and the technical capabilities of GPU.

In order to test the model suitability, a single image or an image list was up-
loaded. The results depict the certainty level of belonging to each class and are
discussed in the following chapter 4.

To put it briefly, in order to use deep learning as a method for the crack detection,
for a start a large labelled training data set is required. Then the model training
process depends on the hardware performance and chosen training parameters.



Chapter 4

Results and analysis

This chapter presents the results of the road image analysis, summarises relevant
accuracy outputs and discusses the possible implications. Both used methods are
compared, and advantages and disadvantages are stated.

As it was described in the data pre-processing (3.2), three different input datasets
were used. Similarly, for the results testing, separate images were analysed:

1. 142 cropped images from Tycho Hedéns väg

2. 142 images from Tycho Hedéns väg

3. 142 clipped square images that were not used in training or validation process.

In order to compare the methods, all images consist of the same proportion of
crack and no crack environment (69 and 73, respectively). Then the classification
results are inserted in confusion matrices and classifier performance is described
by the relevant estimates (Fawcett, 2006). The classification confusion matrices
(Table 4.1) depicts the amount of correctly detected classes. The achieved overall
accuracy in first two cases lies around 77-79% that is not considered sufficient for
classification purposes. Nevertheless, the aim of the study was to decrease the data
set by detecting no-crack pavements. Therefore, only the column in bold is used for
calculations, which shows how often the real crack is perceived as no-crack (false
positive) and a perfect surface is detected as no-crack (true positive). Here detecting
no-crack is a positive case (crack - negative).

Furthermore, according to the aim of the thesis, four more important measures
are described. The first measure - the false positive rate, describes how often the
algorithm fails by detecting a no-crack when there is a crack. Lower measure in the
road inventory is preferred, because it affects the precision results the most, if the
method is used. For instance, since the aim was to reduce a database by detecting
the perfect surface, with this rate algorithms will exclude cracks that are significant
to detect. When cropped images are processed with Crack IT, the system gives a
small error just 2,9%, when other objects disturb the surface, the toolbox can mask
the cracks near the automatically eliminated objects and therefore detect no-crack.
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Table 4.1: Confusion matrices (the best results are in green)

The false positive rate is 10,14% in this scenario. Digits falsely detected no-crack
only in one case, reaching the best and lowest false positive rate - 1,45%.

Precision in classification is a rate that shows how often an algorithm detects
positive case correctly. Here all algorithms performed well, especially with Digits
reaching 98.41% that is high enough to be used in the further classification tasks.
Moreover CrackIT with cropped images operates with the precision 95,35%, close
to one mentioned in (Oliveira and Correia, 2014) (95,50%).

Furthermore, a recall can be used in order to describe the sensitivity of true
positive data classification. It is also called a true positive rate that shows the
percentage of correctly defined no-crack images. The rate is obtained by diving the
detected true positive by the total true positive. Both image processing algorithms
perform with low detection rate below 60%, Digits process significantly better with
rate 84,93%. So, the highest recall (84,93%) is achieved with deep learning and the
difference between the other methods is more than 20%.

Finally, the measure that concludes the classification is the data reduction ratio
in case of each algorithm is used. It is achieved by dividing the detected no-crack
images with the total image database (142 images). For instance, using Digits
database reduction ratio is 44,37% with 98,41% precision.

In addition to the test results some images with problematic features were tested
(Figure 4.1). Oil spills in the second and third case are always detected as cracks
(In the first case they were manually cropped). Also, long horizontal or vertical
shadows are perceived as structural damages. Unevenly scattered shadows over the
pavement surface are the most problematic issues because in street view images
they exist in almost half of the images. Both CrackIT and the Digits model detect
shadows as surface cracking. It is also important to mention that even in manual
road inventory, the shadowed places are problematic to classify due to similar dark
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Table 4.2: Time spent for every step (Manual work in red)

intensities in cracks and shadows.
Besides the confusion matrix and out coming statistical values, the total time

spent was also analysed (Table 4.2), giving insights on how cost efficient each algo-
rithm would be. Deep learning and traditional image processing have different time
distribution phases. The image processing with the used computer will always take
around half a minute for every image. On the contrary, in deep learning only the
database creation requires a lot of time (for this thesis crack image collection and
pre-processing took around two weeks), and afterwards it takes only 2,5 milliseconds
to analyse one image. Figure 4.2 shows that the deep learning is more time efficient
when the number of images is larger than 8 000.

Another way of analysing the methods is the comparison of human work load vs.
computer. Certainly, human hours spent are more expensive than the automatic
computational hours. Figure 4.3 depicts that full image processing with CrackIT
costs less than using deep learning for the first time. When the model is made, then
following processing with deep learning is the most beneficial method.

The confusion matrices presented the final results for each used algorithms and
distinctly favoured Digits that reached the highest accuracy, precision, false positive
rate and possible database reduction rate. It is also time efficient, since it requires
only one model for all cases and can detect cracks in hundreds of images just in few
minutes. Furthermore, the ongoing inventory projects usually exceed 10 000 image
mark, making it time efficient. However, the issue of full-scale image crack detection
with deep learning is not addressed in this thesis and requires further research.
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(a) Long horizontal shadow

(b) Uneven shadow

(c) Oil spill

Figure 4.1: Digits detection issues
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Figure 4.2: Time spent with each algorithms depending on the image count

Figure 4.3: Time distribution depending on manual or human work load in case of
10 000 images)





Chapter 5

Conclusion

The thesis explored the algorithms of automatic crack detection and identified re-
quired input datasets, steps in the detection process, the accuracy and performance
of each algorithm. First, the mobile mapping systems that capture road images
and object mapping sensors were described. The emphasis in the research was on
the passive sensors that are attached to a driving vehicle. It is also concluded that
obtained images are highly dependent on weather conditions.

The literature study also provided extensive information about the causes, mor-
phologies and types of road cracks and their severity classification. Moreover, the
existing crack detection methods were outlined. It has been acknowledged that
the majority of available algorithms investigate only the detection, leaving out the
important part - severity classification. As a result, two different approaches were
tested. The first involved an image processing toolbox CrackIT and the second a
neural network training system Digits. CrackIT is an easily modifiable toolbox,
where every parameter can be adjusted; whereas, in Digits only a few model related
parameters can be modified. The study has also examined whether procedure-
based image processing is effective in comparison to big scale data analysis with
deep learning.

The main objective was to decrease the acquired street view image database
by detecting road surfaces in perfect condition. Three different input data sets
were distinguished. The first one was street view images without any disturbances,
the second was normal street view images, the third, clipped surface images were
used. In the second case, the CrackIT toolbox was extended with automatic feature
exclusion functions. The precision in detecting perfect surface was 95,30%, 86,00%
and - 98,41% accordingly. However, the last can be increased by just extending the
database. Exploring the deep learning as a most suitable future research strategy
could facilitate the whole inventory process.

The case study described the manual procedure of the crack detection, where
a person inspects every road image and makes notes in the computer. So, the au-
tomated detection would sort out images without cracks, leaving only the reduced
database that would need a manual inspection. A proposed workflow for the crack
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detection or more precisely, no-crack detection, would include a trained deep learn-
ing model with at least 10 000 images in each class. Once the model is created, it
could be applied to any crack detection project. The obtained results file could be
exported as a text file and merged with an image meta-data file, pointing out the
location of the image with the detected crack.

In spite of the good precision in the results, many issues pertain to the study
and the full-scale implementation. Large scale image processing at applicable speed
demands advanced computing equipment. The algorithm testing speed was highly
affected by used processors and graphic cards. Secondly, some objects, especially
oil spills or long shadows have similar visual features as the road cracks. Those
foreign objects add errors to any crack detection algorithm and cannot be avoided.
It is also suggested to choose cloudy weather for the image acquisition in order to
avoid dark shadows and increasing the quality of the images. Another solution can
be an illumination device that is attached to the mobile mapping system.

Finally, the cracking is often connected to other distress types, like potholes or
rutting, accounting for the need for more general surface evaluation algorithms that
classify the distress type. Furthermore, it overwhelms the general morphological
feature detection, because any cracking has a different randomly created pattern
(For instance in comparison to road signs).



Chapter 6

Future work

As it was discussed in the results and conclusions (See 4 and 5), deep learning
has more advantages and future perspectives and therefore, the technique should be
investigated further. Many ways of extending the research could be distinguished.

At first, regarding the current model, the database can be extended up to 10
000 images in every class, that would give a more precise and broad classification
model. To this extent, more variation in images could be included, for example,
images with manholes, side walks, and road borders.

The next issue concerns the real application implementation. For now, only a
small part of whole image scene is analysed. In order to obtain a complete solution
for the end user, the analysis should be extended. Furthermore, the object detection
develops rapidly using deep learning algorithms and can be used in complete crack
recognitions tasks. Implementation algorithms of object recognition are presented
Szegedy et al. (2013) or Sermanet et al. (2013).

Another attractive research field would be manhole, road lining or road sign
detection using deep learning. All mentioned groups have more distinct geometry
with clear borders and therefore the learning pattern would be easier to obtain.
The mentioned object detection could also help later to eliminate them from the
road surface, facilitating the crack recognition. Eventually, the author predicts that
future years will bring commercially available software with deep learning road asset
analysis systems.

Finally, when the functioning detection system is implemented, the classification
in 3 severity levels can be added. This can be obtained by extending the labelled
database to 4 groups:

1. No crack

2. Cracks in 1 level

3. Cracks in 2 level

4. Cracks in 3 level
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Since there are no distinct borders between every class and often human percep-
tion varies based on previous images (a relatively small crack can be perceived as
large if the road had a sudden change from a perfect pavement), many of the biased
evaluations with computer vision could be eliminated. Furthermore, if the database
collection process is included in the ongoing road inventory analysis, then it would
ease the detection later. Gamification is another approach that could increase the
engagement in separating data in classes.
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