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Abstract. 
 
The detection of defects in road surfaces is necessary for keeping a well maintained road 

network. Of particular interest to road authorities is the cracking defect. Early detection 

of cracks in road surfaces, allows maintenance to be performed before cracks develop 

into more serious problems, such as potholes and pop-outs.  

This paper presents a new method of semi-automated detecting of cracking artifacts in 

road surfaces from video footage. An overview of existing techniques and commercial 

implementations is also presented.  

The system presented uses a combination of new and existing image processing 

techniques, to extract the defect information. One technique is the use of a modified 

watershed algorithm to perform identification of the cracking artifacts.  

The data generated from this system can in turn be manually inspected. The system as a 

whole is far more efficient than common methods such as manual inspection and almost 

as accurate.  
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1. Introduction. 

Roads are a major public asset in Australia, with Australians having traveled an estimated 

192,209 million kilometers in the 12 months ended 31 October 2002 [1]. To efficiently 

manage these assets, road authorities need accurate, up-to-date information on the 

condition of their road networks. Information on defects is vital to keeping a well 

maintained network. The first step in the maintenance process is the detection of defects. 

Once detected, defects can be analyzed and a decision can be made as to what action 

needs to be taken. Repairs or further monitoring can be carried out if required. This 

process aims to provide motorists with a safe and comfortable network to travel on. 

 

Information such as type of defect, severity and location are required by the road 

authorities.  

Some sample defects [4] are shown in Figure 1. 

 

 
Figure 1:  Example defects. From left, cracking, popouts, wear and polishing and 

potholes. 
  
 

Figure one shows from left: 

 

·  Cracking – areas where the road surface has been split apart, classified as 

longitudinal transverse and crocodile or combination cracking.  

 

·  Pop-outs – areas where pressure from blow has forced the surface of the road to 

be raised. 
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·  Wear and Polishing – areas of smooth black tar occurring on asphalt surfaces. 

 

·  Pot Holes – areas where there is an absence of asphalt or a hole. Pot holes usually 

emerge from areas where there has been severe cracking.  

 
 
 

Of particular interest to road authorities is the cracking defect. Early detection of cracks 

in road surfaces, allows maintenance to be performed before cracks develop into more 

serious problems, such as potholes and pop-outs. Thus detection and measurement of 

defects and in particular cracking will provide valuable information on the condition of a 

road network, reducing maintenance costs and providing the community with better roads 

to use.  

 

Presently the common method for ascertaining the state of road surfaces is manual 

inspection [27]. A survey vehicle travels along the road to be inspected at around 20km/h. 

One person drives the vehicle and calls out imperfections in the road surface while 

another notes the location and type of imperfection on a laptop.  This process is 

expensive, time consuming, dangerous and has the potential to be inaccurate and 

inconsistent, due to the subjective nature of the people performing the analysis. Several 

other techniques have been used to solve this problem with a great degree of success such 

semi automated and fully automated video capture and processing systems [2][3].  

 

This paper presents a method of semi-automated detecting of cracking artifacts in road 

surfaces from video footage. It uses a combination of new and existing image processing 

techniques, to extract the defect information.  
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2. Overview of the Semi-automated System for Fault Detection 
in Road Sur face Data.  
 
The system we present in this paper works offline meaning the analysis of the data is 

done after it has been acquired, rather than in the field. The road surface data we use has 

been captured by a camera mounted from an angle of elevation of approximately 30 

degrees, with no form of artificial lighting to illuminate the captured area. This 

configuration is shown in Figure 2.  

 

 
Figure 2: Pavement management  
services camera configuration. 

 
 

From the data set acquired in this manner, this system looks at extraction of information 

pertaining to defects with a focus on cracking. The video footage used is broken up into a 

series of frames of the road surface taken at one metre intervals. The data is then 

extracted to black and white images with intensity values ranging from 0 to 255. To 

identify the defects several different forms of image segmentation are used. Issues such 

as false detection of defects due to the inherently noisy varied texture of the road 

surfaces, road markings and variation in lighting conditions are addressed. The frames are 

then marked as either suspected to contain cracking or free from cracking. At this stage 

the frames are manually processed to ensure accuracy. The processes will be covered in 

depth later in this thesis. 
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3. Commercial Implementations. 

Currently several companies offer a solution to the problem of monitoring road surface 

conditions.  

Some such solutions are CSIRO’s road crack detection vehicle [2] and Roadware’s 

Wisecrax, crack detection system [3]. Unfortunately due to the commercial nature of 

these systems, information on their operation is limited, with regard to the hardware and 

software they use. Through communication with the two companies and from data sheets 

the following information was ascertained.  

 

The CSIRO’s road crack detection vehicle [2], shown in Figure 3, performs all data 

analysis in the field. The cameras used for data acquisition are a series of line scan 

cameras which scan the road surface, in the same way as a dot-matrix printer’s head 

moves across the page. The data gathered from these cameras is then analysed for 

defects. The type and severity of defects detected in every 100 meters of travel is 

recorded and the road surface data is then removed from the system. From this data, 

information on the condition of the road surface is ascertained.  

This system provides a good solution to the problem of monitoring defects in roads, 

however the solution is not completely ideal. Comprised of mostly custom designed and 

manufactured hardware the system is very expensive and requires specialised 

maintenance. Cameras located under the skirt in the middle of the van acquire the data. 

The data gathered is illuminated with minimal variation in lighting. No road surface 

image data is kept, the only output of the system is a report on the quality of the roads, 

thus no manual checking can be done with the data from the system. This in the past has 

lead to uncertainty with the accuracy of the results. Further manual inspection is then 

required some lengths of roads after the system has identified defects, to guarantee the 

results of the system. This has been a costly process for the traffic authorities as both 

manual and automated inspection has been required in some areas.  
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Figure 3:       CSIRO’s crack tracker. 

 
 

The other system mentioned is Roadware’s Wisecrax system [3] is shown in Figure 4. 

The Wisecrax system does all data analysis off-line, meaning data is recorded and then 

analysed away from the vehicle at a later time. Data acquisition is performed by two 

cameras mounted perpendicular to the road surface. The road surface is illuminated by 

halogen strobes, thus the time of day, varying light conditions and shadows over the road 

have less effect on the quality of the data acquired. Following data acquisition an offline 

proprietary software system locates and identifies defects. While this system keeps intact 

the road surface data, it also uses mostly proprietary hardware, making it expensive and 

difficult to repair.  

 

 
Figure 4: Wisecrax detection vehicle.  

 
In comparison to these systems the one we propose will work on images taken under 

normal lighting conditions. Meaning our solution must be able to work in multiple 

lighting conditions. As mentioned the road surface data will also be acquired from an 

elevation of 30 degrees. While the data set acquired by this process is far from ideal, the 

equipment needed to generate such footage is minimal. Thus the cost to create the data is 

significantly reduced, both in initial purchase and maintenance costs of the system. It also 
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means the vehicle used for acquisition doesn’ t have to be solely used for this purpose as 

with other implementations of such systems.  

 
 

3.1 Solutions to similar problems. 

Similar problems with regard to manipulation and analysis of digital images exist. In this 

section we will present some of these problems and associated solutions of interest.  

 

A paper by L. Chen et. al.[21], addresses a similar problem as this project does. They 

propose an edge detection system for measuring and detecting cracks from pavement 

footage, however rather than just identifying locations of cracks the focus is more on the 

change of cracks over time. The first step in the analysis of the road footage data is to get 

the user to select manual seed points from which the detection algorithm can begin. From 

these seed points prediction of the crack direction along a predetermined sampling 

interval is made. A Gaussian smoothing filter is then applied along these predicted lines 

to remove noise. A standard first order differential operator is applied to locate the exact 

edges of the crack.     

 

The images used as test data for this system were all taken from concrete roads, where 

the contrast between an area of cracking and a clear section of road is large. Also with 

concrete surfaces little to no noise is evident. Concrete roads account for a minor part of 

most road networks. In Australia for example concrete roads make up only about 2% [1] 

of the total roads, thus a system which only works on concrete surfaces will not be 

sufficient to fulfil the goals of this project. However the use of the Gaussian smoothing 

filter, perpendicular to the direction of the cracking is a good method of filtering out 

noise while keeping edge information intact. This one dimensional use of the Gaussian 

can also be seen in the text by Forsyth Ponce [24] where they comment on the flexibility 

of the Gaussian filter, this will be discussed in more detail later.  

 

Similar problems and goals to those faced by this project are also shared with by projects 

in the field of identifying roads and rivers in aerial photography. Both problems aim to 
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extract line information from an inherently noisy and textured background. A common 

method for extraction of roads and rivers from aerial photography is the use of ribbons 

and ziplock snakes [16][17]. These methods look at fitting virtual ribbons or snakes to the 

detected roads. These ribbons and snakes differ from normal edge and line linking 

systems as they have torsion limits and other heuristics binding them. This prevents the 

snakes/edge linking system from turning sharp corners along detected edges. This 

narrows the field in which the linking system can look for continuities in any given line, 

forcing the detection of flowing and coherent edges and lines. These and other features 

allow these systems to estimate the paths of roads and rivers, even when there is 

discontinuity due to shadows and occlusion. Because of the constraints applied to ziplock 

snakes and ribbons they will not fit all types of cracks, due to the fact that cracks exhibit 

an almost random nature. 

Ziplocks and other such methods are of little use to this project however other ideas such 

as the power of well applied heuristics and ways to overcome occlusion are of interest to 

this project.   

 

The systems addressed here and the aforementioned commercial implementations of the 

defect detection systems all employ some form of image segmentation techniques. In the 

next section we will look at these in more depth.  

 

The field of digital image processing can be seen as having three distinct categories [5]. 

Low-Level – This refers to primitive operations, such as image filtering.  

Mid-Level – This refers to operations such as segmentation, and classification.  

High-Level – This refers to image analysis with the aim of performing cognitive 

functions.  

 

Within the scope of this project are the first two levels.  

 
 
 
 
 



 - 14 - 

4. Filter ing for use with image segmentation techniques. 
 

4.1 Noise Reduction. 

With respect to low level image processing, we looked at ways to improve the image data 

before identifying areas where defects occur. With respect to this project we will be 

referring to discontinuities in the road surface such as smoothed areas, lose stones and 

other objects which affect the texture of the road as noise. This section will cover areas 

looked at and ways to minimise the effect of such noise, allowing the system to more 

accurately detect the defects mentioned in the introduction.  

 

Smoothing filters are one such technique this project will use to remove noise. Smoothing 

filters are commonly used to eliminate noise in an image, however edges and boundaries 

in images will also be smoothed and will lose detail, so a happy medium between the 

amount of smoothing and the amount of information which is preserved must be 

achieved.  

 

Smoothing filters are generally categorised into two types linear and nonlinear [22].  

Simple smoothing filters have been in existence as long as the field of digital image 

processing. Simple filters such as mean (linear) and median (nonlinear) filters [22] [24] 

will usually remove noise adequately but filters such as these do so without regard for 

preservation of original image detail. 

 

Peters [19] proposes an interesting nonlinear technique for noise reduction while 

maintaining thin edge like features. In his algorithm he uses different scales of an image, 

comparing the frequency of the noise in each instance to evaluate weather a particular 

feature is important or simply noise. For the end user three parameters must be given to 

the algorithm. Unfortunately to obtain optimal noise reduction while maintaining 

important features, these three parameters must be adjusted to suit the input image, in his 

paper his ideal parameters are arrived at through experimentation. As a result this 

wouldn’ t be applicable to this problem, with the data set we are using the frequency of 
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noise and break up of intensity values due to different lighting conditions vary 

significantly from frame to frame.   

 

Another linear technique commonly used for smoothing images prior to further digital 

processing is a Gaussian smoothing filter [22].  The formula for creation of the Gaussian 

convolution mask is shown in Equation 1. The resulting mask is shown in Figure 5.  

 

 
Equation 1: Gaussian formula. �  denotes standard deviation from mean (x y).  

 
Figure 5: Gaussian Mask. 
  

The Gaussian mask shown in Figure 5 is convolved across the whole image. This filter is 

a good way to remove noise, but as all smoothing filters it tends to blur an image, 

however not to the extent of simple mean and median filters. It’s also very simple and 

fast to implement, this will suit our project as speed is an issue. Examples by Ziou, 

Tabbone [6] Forsyth, Ponce [24] and Gonzalez, Woods [22] all show this filter to be the 

most flexible and effective way to remove noise over different sets of images, they also 

show it has been used with great success in the areas of edge and line detection and thus 

looked to be the most suitable filter for our application.  

 

After reviewing and testing these and other various algorithms it was decided to leave the 

input raw and unfiltered for noise. These techniques were found to remove too much fine 

detail from the images, resulting in some cracking going undetected. Also it was found 

most noise could be eliminated in post processing, these methods are introduced later in 
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this thesis. Another benefit of choosing not to pre filter the data is the processing time 

saved.  

 

 
 

5. Image Segmentation.  
Edge and line detection filters fall under the section of image segmentation, edge and line 

detection aims to highlight the set of pixels that lie or create a boundary between two 

different regions in an image. Thus this type of image segmentation will be one of the 

main tools used to extract defect data from the road footage.  

 

5.1 Edge detection. 

Most of the solutions to similar problems in the field of image segmentation make use of 

both edge and line detection to segment and highlight area of interest in images.  

 

Ziou and Tabbone [6][10] provide a good introduction into current common edge 

detection techniques. Ziou and Tabbone state there are three main steps in an edge 

detection system, Smoothing, differentiation and labeling. Other overviews 

[9][12][24][18] in the area of image segmentation specifically edge detection agree with 

these three main steps, and explore the plethora of possible edge detection systems. 

 

As mentioned in these overviews some of the most commonly used edge detectors are the 

simplest. Edge detectors such as Sobel, Prewitt and Roberts [11] [6] detectors can be used 

to identify edges. These three edge detectors perform 2-D gradient measurements on 

images, to emphasize regions of high change in grey level values, which correspond to 

edges.  

They work by convolving masks across the input images in several directions, usually 

horizontal and vertical.  The different masks used by the different detectors are designed 

to respond to the changes in grey level images. An output image which represents these 

changes is generated by these detectors.  

An example of the masks used in the Sobel edge detector is given in Figure 6.  
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Figure 6: Sobel convolution masks in x and y directions. 

 

 

Equation 2: Magnitude of G.  

 

The resulting gradient values for the pixels in the gradient or output image, is obtained by 

combining the magnitude of the response of the masks in both directions. A mathematical 

representation of this is shown in equation 1.  

 

With the images we used, using these simple edge detectors, a high and varied response 

in the output image was obtained due to their high responses to noise. Thus alone these 

detectors will did not provide us with ideal solution to the problem. 

 

5.2 Canny Edge Detection. 

One of the most widely used edge detectors is the Canny [25] edge detector. The Canny 

edge detector works as a multi-stage process. Initially the input image is smoothed with a 

Gaussian filter. The size of the Gaussian function used by the detector is specified by the 

user. Then a simple 2-D first order derivative operator (somewhat like the Roberts Cross) 

is applied to the smoothed image to highlight regions of the image with high first spatial 

derivatives. The algorithm then thins the output, a process known as non-maximal 

suppression.  

 

The next stage in the system is the edge linking process.  The edge linking process 

exhibits hysteresis controlled by two thresholds: T1 and T2 with T1 > T2. The two 

thresholds can be seen as resulting in two sets of output data. The first set of data are of 
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pixels in the image greater than T1, these pixels are few and will seed the growing. The 

second output is from the second threshold, these pixels are more common and will 

designate areas which the edges can grow along. Once again these two thresholds are 

specified by the user. 

From a seed pixel which is above the T1 threshold the edges grow along areas defined by 

T2 until there are no more pixels to grow along. At this point the algorithm proceeds to 

the next seed and continues to grow the edges. This results in an output of linked edges.  

 

Using the canny detector on several sample images from our data set the following 

observations were made. Figures 6 and 7 show a sample input images. Higher resolution 

images can be seen in Appendix A. Figure 6 shows a fine but highly defined longitudinal 

crack, the road texture in Figure 6 is fairly constant. Figure 7 on the other hand shows a 

sprawling crack which is of a less defined nature and the road surface is noisier. The 

illumination on Figure 7 is also brighter than that of Figure 6.  

 

 
 

  
Figure 7: Road surface image.  Figure 8: Road surface image.  

 

Through experimentation the ideal values for the canny detector for the image shown in 

Figure 7 were found to be a mask size of 4 and upper and lower bounds to be 0.98 and 0 

respectively.  

The value 0.98 is a percentage of the maximum pixel value for the upper bound limit 

discussed earlier. While the detector has detected the crack well it also has responded to 

line markings which need to be eliminated as a false positive. The same vales were 
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applied to the input image shown in Figure 8, The resulting image shown in Figure 10 

shows the inability of the detection system to locate cracking with different texture and 

lighting conditions. 

 

  
Figure 9: Canny Edge Detection. Figure 10: Canny Edge Detection. 

 

Using the same upper and lower bounds and this time with a mask size of 1 the following 

outputs seen in Figures 10 and 11 can be observed. This configuration was able to 

provide the best results for the image in Figure 8 while not totally destroying the response 

for the image in Figure 7.  

 

  
       Figure 10: Canny Edge Detection.        Figure 11: Canny Edge Detection. 

 
These results are evidence of the fickle nature of the canny edge detector. Working well 

in some cases but falling down when a difference in texture or illumination exists.  

 

The canny edge detector is a very complete edge detection system. It’s capable of 

producing desired results in most cases. However, as mentioned from our testing to 

obtain an ideal response for the output image, threshold and smoothing parameters given 
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to the edge detection system must be tweaked and optimized. The ideal threshold and 

smoothing parameters are dependant on variations of intensities in the input image. As 

mentioned the lighting, texture and noise levels throughout the data set we used were 

widely varied, the optimal setting for the thresholds and smoothing parameters would 

also vary greatly. Thus, with respect to this problem, a standard implementation of this 

edge detector will not suffice. The idea of using several different thresholds to seed and 

grow edges however is a powerful tool and a similar technique is used in our final 

system.   

 

5.3 SUSAN Edge Detection. 

In their paper ‘SUSAN a new approach to edge detection’  [20] Smith and Brady describe 

a new method for edge detection. The detection system is based upon the brightness of 

pixels around a circular mask compared to that of its central pixel.  

 

 

Figure 12: SUSAN Edge Detection. 

 

A threshold which is fixed in the implementation is used to divide the pixels in the mask 

into two parts. The pixels which fall within the bounds of the threshold and the nucleus 

form the Univalve Segment Assimilating Nucleus or ‘USAN’, shown in Figure 12. 

Alternatively pixels which do not meet this constraint are defined as a normal part of the 

image.  
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The ‘USAN’ can then be analyzed with a series of rules to determine if the nucleus lies 

on an edge or not. For example, an area of which 50 percent of the mask is made up of 

the ‘USAN’ and which is also divided along the nucleus, can be labeled as and edge.  

This approach to edge detection has many differences to other well known methods, the 

most obvious being that no image derivatives are used and that it remains more invariant 

to noise. 

The fact that no derivatives are used makes the algorithm much faster. This will be of 

benefit in our system as the volume of information the system must process is huge. Also 

as mentioned, the road surface data is inherently noisy and an algorithm which is 

invariant to noise would be ideal.  

 

Using the same images used to test the canny edge detector the SUSAN edge detector 

returned the following images when the same input thresholds were applied. 

 

  

Figure 13: SUSAN Edge Detector.  Figure 14:  SUSAN Edge Detector.  

 

The response shown in Figure 14 is quite good, however the same thresholds applied to 

Figure 7 which results in Figure 13 returns far too many false positives.  

 

As mentioned the Canny edge detector required user input to optimize its response, so 

does the SUSAN edge detector. Information on the threshold settings and the size of the 

mask are required for the edge detector to perform optimally. These parameters are much 

easier to control and optimize compared to the parameters used in the Canny edge 

detector. However it still falls down when the input images vary greatly in illumination 

and texture. 
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Another problem with the detector, is the fact it’ s configured for finding straight edges, 

not crooked lines which cracks usually manifest themselves as, this is evident in the 

above results.  

 

 

6. L ine Detection.  
The detection of lines in digital images is in a way a form of edge detection. Lines in 

images correspond to segments of local maxima and minima in grey level images. Line 

detection is widely used to find features such as roads and rivers in aerial photography 

and with context to this system cracking in road surfaces. 

 

Basic line detection techniques share a lot in common with basic edge detection.  

They work by convolving masks across the input images in several directions, usually 

horizontal and vertical.  Different masks used by the different detectors are designed to 

respond to different widths and strengths of lines. An output image which represents the 

strength of lines is generated by these detectors. An example of the masks used in a basic 

line detector is given in Figure 15 [5].   

 

 
 Figure15: line detection masks. a) horizontal b) vertical c) 45% d) - 45% 

 
Basic introductions to line detection can be found in Gonzalez and Woods [22] and Ziou, 

Tabbone [6]. As is the case with basic edge detectors, these line detectors work poorly 

due to their high responses to noise. Thus alone these detectors do not provide an ideal 

solution to the problem. 

 

Another overview of more current line detection techniques is given by Deschenes, Ziou, 

Fortier [26]. One of the most interesting techniques and the focus of the paper is a 

proposed optimal line detector built upon the ideas behind the Canny edge detector. Once 

again this line detection algorithm shares the same flaws which were found in the Canny 
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detector earlier, requiring fine tuning to work correctly and it’s inability to work on 

images of a wide variety of textures and luminance.  

 

Through these overviews and reading papers such as [26] it seems most implementations 

of line detection algorithms aim to fit detected points to geometrical and mathematically 

defined shapes. Because our focus is the detection of cracking and defects in road 

surfaces, which are almost of a random nature, these methods aren’ t immediately useful.   

 

A line detection algorithm which can be applied to lines of a random nature is given in 

[7]. The algorithm described uses a combination of Gaussian smoothing and second order 

derivatives to match responses along lines. By examining the response from the second 

order derivatives information on location and whether the line is either a local maxima or 

local minima is obtained.  

 

As a whole line detection algorithms from the literature covered seem to simply build 

upon existing edge detection techniques, with simple heuristics built in to ensure that the 

artefacts detected are in fact lines rather than edges. One such technique proposed by W. 

Wen, A Xia [9] is of interest and is discussed in the next section on removal of false 

edges.  

 

7. Removal of false edges. 
While the aforementioned line and edge detectors perform well at detecting edges they 

often return false positives. Much work has been done in specific fields to create context 

sensitive edge detectors which eliminate these false positives. With such a varied and 

noisy data set elimination of false edges and reassurance of positive edge will be an 

invaluable addition to the detection process.  

 

Ziou and Tabbone [6][10] make reference to the need of removing false edges after an 

edge detector is used. In their paper [10] they propose a new way of using a local 

thresholding scheme to eliminate false edges. Their scheme examines the edge type, edge 

strength, multi-scales of the same edge and surrounding noise and calculates a new 
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threshold based on this information to be used to eliminate surrounding false edges. This 

technique operates more in the form of a nonlinear noise filter but works after edge 

detection rather than before hand. This differs to most types of edge detection in which 

filter is done before the edge detection step. Through their example they show how 

simple heuristics can be applied after edge detection to eliminate false edges. We make 

use of simple similarity measures in our system. This will enable the edge detection 

system to work with non-filtered images and still keep false detections to a minimum.   

 

Once again using gradient based edge detectors as a base, a paper by Ting-jen Yen [15] 

looks at developing a model of the profile of an edge and using it to trace alone a 

particular detected edge. If the edge, the algorithm is following deviates more than a set 

threshold from the model, the edge the algorithm detected originally is split and 

reclassified as two unique edges.  

We use a technique similar to this one in our elimination process to remove false 

positives. This concept  will discussed in more detail later.  

 

8. Region growing. 
Region growing is also another area of interest. It involves picking a starting point or a 

seed in an image and expanding out from this point, marking areas which are similar as 

belonging together, thus segmenting an image. Region growing is mostly used to segment 

areas in images with different textures.   

 

A basic overview of region growing and boundary detection can be found in Digital 

Image Processing [14].  Different examples of criteria and rules in which regions can be 

grown are given as are stopping conditions for region growing. A special form of region 

growing is also given called Morphological Watersheds. Essentially this involves looking 

at the image as a 3 dimensional plane based on the intensity of pixels, as shown by Figure 

17. Virtual holes are placed in areas of local minima. An imaginary water level then rises 

from these points filling the catchment areas, labelled A B C & D in Figure 16. When the 

water from two sections merges a dam or watershed is formed. These watersheds 

represent lines and edges in the original image. Watersheds for Figure 16 are shown in 
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Figure 18. This effectively is a form of localised thresholding, however using the water 

and dam example makes it easier to visualise.  

Figure 16 taken from Gonzalez and Woods [14] shows an initial input image for a 

watershed algorithm. Figure 17 shows the 3 dimensional representation of Figure 16 and 

in Figure 18 the final segmentation lines are drawn.    

 

             
         Figure 16: Original Image.    Figure 17: 3-D Representation. Figure 18: Final boundaries. 
 
Variations on the watershed algorithm also exist. Most involve some sort of smart seed 

selection for where the flooding should begin from. Roerdink and Meijster [13] present 

an overview of the majority of the current implementations and variations on the 

watershed algorithm.  

The Watershed segmentation technique is a powerful tool for image segmentation due to 

it invariance to noise. A modified watershed algorithm is proposed as a method for 

detecting cracking in road surfaces and is discussed later in this thesis.  

 

9. The crack detection system. 
 
The system we present here will work in 4 steps. 

·  Initial detection or seeding. 

·  Elimination of false seeds. 

·  Modified watershed algorithm. 

·  Analysis of response.    
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9.1 Initial detection or seeding. 

 
The initial detection or seeding as we will refer to it here in this thesis consists of a very 

simple gradient measure, to find points of local minimum.  

 

In mathematics, the gradient is essentially the slope or steepness of a line in space. In 

reference to our projet gradient is the measure of change between two pixels and can be 

defined in the following equaitons, where i j are pixles located in the image image(x, y). 

In all cases we look at neighboring pixels so the denominator in both Equaitons 3 and 4 

will be one.  

 

Equation 3: Gradient in x direction. 

 

 

Equation 4: Gradient in y direction. 

 

The seeding algorithm runs in two stages a vertical and horizontal pass. Both passes 

evaluate the input images at intervals of 5 pixels. As shown in Figure 19.  

Pixels are scanned in a scan line fashion from left to right and top to bottom. The gradient 

between each pixel is compared to its adjoining pixels and marked as either a positive (1), 

negative (-1) or flat (0).  
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Figure 19: scan lines in the image. 

 
 

 
Equation 5: Rule for definition of a pixel. 

   
 

 

To be marked as a point of local minimum there must exist a series of three or more 

negative marked pixels in a row with no more than 3 flat pixels separating them, this 

intern can be followed by a maximum of 3 flat pixels, this intern must be followed by 2 

positive pixels with no more than 3 flat pixels between them. This system is shown in the 

following state machine Figure 20.  
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Figure 20: State machine for detection of local minima.  

 
 
The location of the points which are marked, are then stored and processed as discussed 

in the next section. Figure 21 shows a section of an image which has bee processed by the 

seeding algorithm. The new array s(i,j) will store the resulting seed locations. 

 

 
Figure 21: Original image, Horizontal seeds and Vertical seeds. 
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The bright dots shown in Figure 21 are locations of possible cracking, the grey pixels are 

the gradient classifiers and the black regions are the flat sections. Seeding examples can 

be seen in Appendix C. 

After studying the profiles and shape of many cracks found on road surfaces, this method 

was implemented. This method proved to be good at locating possible areas of cracking 

and was also very efficient. However it also returned many false positives. The removal 

of these false positives is covered in the next section.  

 
 

9.2 Elimination of false seeds. 

The elimination of false seeds is an important part of the system. Similarity measures 

form the basis for the elimination of most seeds. The other method for elimination is seed 

pairing. As stated before seeds occur at intervals of 5 pixels, the next part of the system 

looks at joining two seeds across this interval. So the first logical step in elimination is 

ensuring seeds have partners.  

 

The rule for elimination is if there exists a seed at location (x,y) then at least one other 

seed must also exist between  y-5 and y+5 with x = x-5 or x = x+5, for the horizontally 

scanned seeds and the inverse for vertically scanned seeds. This rule is shown graphically 

in Figure 22. 

 

       
Figure 22: Pairing of seeds horizontal and vertical scan. 

 

The maximum width is set to the space between the seeds as to allow for lines up to 45 

degrees from the direction of scanning.  
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The white square marked in the middle of the grid is the seed, for this seed to survive the 

removal process, either the top row or the bottom row must also contain a seed for a 

horizontal scan, or far left or far right for a vertical scan. Without a seed pair on either 

boundary the central seed will be removed from the detection process. Once paired up the 

seeds are then analysed further. 

 
As shown by Ting-Jen Yen [15], pixels which share the same edge should share a very 

similar profile. From our research into the edge profile of cracks we find this property to 

hold true, we use this property to remove false seeds. The comparison made is a simple 

summation of the three pixels before and after a seed which then in turn is compared to 

one or both of the seed’s associated pairs. If the two values are within a threshold then the 

seeds are maintained else they are removed.  

 

 
Equation 6: Profile Summation. 

 

Equation 6 shows the formula used to generate the profile comparison. As stated this 

equation is used at 2 seed points and the profiles are compared.  

 

These simple methods are very effective at removing false seeds, on average through our 

testing a reduction of 47% of the total number of seeds is evident. These methods are 

effective due to the noisy nature of the images and the over zealous seeding algorithm.  

Results of the elimination process can be seen in Appendix C. 
 

9.3 Modified watershed algorithm. 

 
While the other sections have used fairly common methods to extract data from image in 

this section we present a new method based on the watershed concept discussed earlier. 

This method was designed with this specific problem in mind, unlike the like the generic 

watershed algorithm discussed earlier, which looks at image segmentation in general.  
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This part of the system is used to identify whether or not a pair of seeds lies along a crack 

found on the road surface. One way of looking at the space between seeds is as a three 

dimensional surface. An example section of road surface data is shown in figure 24a and 

it’s three dimensional view is shown in Figure 24b. Higher resolution images are 

contained in Appendix D. 

 

This section of road used as an example is much larger than the 5 pixels between two 

seeds, it is presented here as an example of how the algorithm works.   

 
 

 

      
Figure 24a: Road surface cracking sample. 

 

    
           Figure 24b: Three dimensional view.     Figure 24c: After watershed 
algorithm. 
 
 
 
From Figure 24b the cracking in the road surface is clearly visible as a ravine running 

from top to bottom of the image. Like the generic watershed algorithm discussed earlier a 

virtual water level is raised from the lowest pixel value. This water level can be thought 
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of as a plane in space rising underneath the three dimensional surface. As it is raised the 

amount of area covered by the ‘water’  or the amount of flooding is monitored, as is the 

level of the water, i.e. how far the water has risen from its starting point. We use a global 

flood in our system meaning the water level can rise through any point of the surface.  

    

As mentioned we aim for connectivity from seed to seed as shown in Figure 24c, in this 

case from top to bottom and vice versa. When this algorithm deals with the vertically 

scanned seeds it works from left to right or vice versa. The water stops rising when one of 

the following limits is reached.  

 

·  Excess flooding occurs as shown in Figure 29c. 

 

·  Water level rises too high as shown in Figure 28c. 

 

·  Connectivity shown in Figure 24c.  

 

 
Figure 28a: Highly textured area. 

 

       
Figure 28b: Highly textured area.         Figure 28c: Result from watershed algorithm.   
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Figure 29a: Low textured area. 

 

     
Figure 29b: Low textured area viewed in 3D.     Figure 29c: Result from watershed 

algorithm.   

 

Excess flooding occurs when the area between the seeds is relatively flat, from testing it 

was found a flooding of more than one third of the pixels, in the window between the 

seeds would indicate false seeds. An example of this is shown in Figure 29c. If a seed is 

determined not to reach another seed without flooding and if these seeds have no other 

pairs then they are discounted as areas of possible cracking.  

 

In a highly textured area where the seeding algorithm has responded to noise, it’s most 

likely the water level will rise significantly without connectivity occurring, as is evident 

in Figure 28c. Through experimentation a level of less than 10 pixels was found to be all 

that was required to connect seeds along an area of cracking. A higher level than this 

resulted in far too many false positive being detected.  
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If connectivity is achieved, as is the case in Figure 24c, the seed pair is stored as a 

possible area of cracking.  

  

As stated earlier we use a global flood fill as opposed to the point flooding a standard 

watershed uses. Initially this point flooding approach was implemented, the point 

flooding algorithm simulated water being poured into the seeds, as the water level rose 

we aimed to achieve connectivity between the seeds. The same constraint was applied 

with regard to maximum water levels and flooding. It was found that this method was 

more susceptible to false positives. The global approach gave us a measure of texture for 

the whole block the point flooding method only addressed the texture around a seed, this 

is the reason why the global flood is more effective.   

 

This modified watershed algorithm, presents a way of distinguishing lengths of local 

minima from individual points, which in the case is texture in the road surface. Examples 

of this algorithm running on road surface data can be seen in Appendix C. 

 

 

9.4 Analysis of response.  
 
Once the above steps have taken place, the resulting data is analysed to determine 

whether or not cracking exists in a frame. At this stage the current test is to see how many 

adjoining seed pairs are identified as containing cracking. If a frame contains a maximum 

of one seed adjoining one another then the frame is identified as possibly containing 

cracking. If in a frame two seed pairs adjoin one another then it can be classified as 

probably containing cracking. Finally if three or more seed pairs are found adjoining one 

another then the frame is classified as defiantly containing cracking.  

 

Currently the system is automated for one frame at a time inspection. Earlier we 

mentioned the fact the frames are captured at one metre intervals, each frame contains 

approximately three metres of road surface data. So the system has three chances to 

detect a crack before it passes it by. A measure which looked into inter-frame tracking of 
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the cracks as they passed through the three frames, would be able to positively identify 

cracking to a much higher degree, however due to time constraints we were unable to 

automate this process. Through manual testing it was found to enhance the ability of the 

system to identify areas of cracking more accurately.   

 

As mentioned this is a semi automated system, once this information on the probability of 

cracking is collected manual inspection may be required to verify results. The whole 

system aims to over estimate cracking likelihood so as not to skip any frames which 

contain cracking. From our testing of this system frames marked with possible cracks   

 

 

10. Testing, Results and Discussion. 
 
To test the system a sample set of images was taken from the data set mentioned earlier 

in this thesis. In the following section presents some of the areas in which the system 

works well and some where it fails. In section 10.2 we present a table of statistical data 

taken from our testing of the system.  

 

10.1 Visual Results. 

The image shown in Figure 30 shows a smooth road surface with cracking. It has no line 

markings or other artefacts which may be mistaken for a region of cracking.  

 
 



 - 36 - 

 
Figure 30: Smooth road surface with cracking. 

 

 
Figure 31: Smooth road surface with cracking highlighted. 
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In Figure 31 we see the response of the crack detection system. The circles and triangle 

were added by hand to make identification of cracking easier. The circles identify areas 

of definite cracking while the triangles represent areas of probable cracking. Although the 

system couldn’ t pick up the entire length of the crack over several frames the presence of 

the crack is easily detected.  

 

In Figure 32 an example of complex alligator cracking is shown. This particular cracking 

consists of short wide cracks. Figure 33 shows the detected cracking. Because of the size 

constraints on the system it struggles to define the crack as definite cracking. However 

the system does identify several areas of probable cracking. A probable crack would 

normally be manually checked and either discounted or marked as a defect. 

  

 
Figure 32: Alligator cracking. 
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Figure 33: Detection of probable cracking. 

 
 

 
Figure 34: Road surface partially covered by a shadow. 
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Figure 35: One probable detection of cracking. 

 
Figure 36 shows a section of the road surface partially covered with a shadow. The image 

shown in Figure 35 shows a probable detection of cracking due to the fine sharp shadow 

the tree casts on the top portion of the image.  

 

Figure 36: Road markings.  
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Figure 37: Possible response.  

 

Figure 36 shows tar markings on the road surface. Although it is difficult to see in the 

hard copy of this thesis, the markings are a series of spots rather than one continuos line. 

It’s only when the marking reach the background that they appear as a line, in subsequent 

frames form this section there is no response from the detection system.  
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Figure 38: Tram tracks. 

 

 
Figure 39: High response.  

 
Figure 38 shows a tram track which inevitably deceives the system.  



 - 42 - 

 
Figure 40: High noise. 

 

 
Figure 41: Possible cracking detected, thus no response. 
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Once again it is difficult to perceive from the hard copy, the image shown in Figure 40 is 
very high in noise, which poses the most problem to standard edge and line detection 
schemes. 
 

 
Figure 42: Areas of high and low texture, line markings and patching. 
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Figure 43: Possible cracking detected, thus no response. 
 

Figure 42 contains areas of high and low texture, line markings and patching, the 
response from the detection system was only possible cracking, notice the wear and 
polishing has become a large noise free section on the response image. 

10.2. Statistical Results.  

As mentioned earlier in the thesis the response form the system classifies frames as 
possibly, probably, defiantly  or no detection.  

 
Images Containing Cracking.  
Possibly  Probably Definitely No Detection 
2 11 17 0 
7% 36% 57% 0% 

 
Artefacts that share the same qualities as cracking.  
Possibly Probably Definitely No Detection 
13 12 5 0 
43% 40% 17% 0% 

 
Clean frames. 
Possibly Probably Definitely No Detection 
21 4 0 5 
70% 13% 0% 17% 

 

From a test of 90 frames from the sample data set we selected 30 with cracking, 30 which 

could possibly trick the detection process and 30 clean images with no cracking at all.  

 

If we ignore all frames marked as ‘possibly’  containing cracking and ‘no detection’  

frames are also discounted, further manual inspection is only required on the remaining 

frames. From our data set only 49 frames a required to be manually inspected, this is a 

reduction of almost 50% from the complete manual inspection method.   

 

From our complete test data set of more than 20,000 frames, approximately 2% of the 

frames contain cracking defects. This statistic would further reduce the amount of manual 

checking required by the system in a real world application, as our system classifies clean 

frames much better than ones which contain cracking.  
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Within our sample 74% of the frames are correctly classified. 23% are detected as false 

positives, areas in which the system believed there was cracking. 3% are missed by the 

system.  

This was expected as the system leans towards false positives, rather than missing 

cracking.  

11. Conclusion.  

The aim of this project was to create a semi automated detection system for identification 

of road defects with a focus on cracking. We have given a background into current 

commercial solutions and areas of interest in the field of image segmentation, with 

respect to our project.  

In this thesis we have presented a method for the detection of cracking in road surfaces. 

Through testing it is shown to be far more efficient than the manual inspection method, 

able to analyse 100 frames in a matter of seconds, with only a minor drop in overall 

accurateness when compared to the manual inspection method. 

The system works well in a wide variety of situations such as: 

·  Sections of road with smooth and rough texture. 

·  Sections of road covered with markings. 

·  Different types of cracking. 

·  Sections of road occluded by shadow. 

The system is created with very basic hardware costing far less than that of existing 

commercial applications, through further fine tuning it is quite possible for a system 

based on  these methods to be implemented and applied to real life applications.   
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12. Future work.  

 

As mentioned earlier in the thesis the system currently treats each frame separately and 

each defect detected occurs approximately three times as it passes through the view of the 

camera. Ideally the system should take advantage of this fact by tracking areas of 

possible and / or detected cracking from frame to frame. This would provide a much 

greater level of accuracy.  

 
Adaptive measures for all of the thresholds used would also provide the system with 

greater accuracy. For example, a measure of the noise and standard deviation within a 

region before applying the seeding or modified watershed algorithm, would allow it to 

adapt and produce far fewer false positives. Also with an adaptive measure for thresholds 

more correct classifications would be possible further reducing the need for manual 

inspection.  

 

Further testing on the system to fine tune it is also necessary, while the system works 

well on our data set the roads of Australia, are incredibly varied in type and texture.  

 

More work needs to be done on the analysis of response, currently the classification 

works on a far too simple measure. Correlation of the response and inter frame detection 

of defects are not taken into account. If more work was done on looking at the correlation 

of the cracking defects, areas of interest could be re examined to determine the full extent 

of the defect and perhaps even measurements could be made. 

 

Detection of other types of defects could be implemented. From testing the system we 

have noticed the seeding algorithm’s ability to ignore areas of wear and polishing, with 

further study of the characteristics of wear and polishing there is a good possibility a set 

of heuristics could be formed to adapt the system to be able to detect wear and polishing.  

 

 

  



 - 47 - 

13. References.   
[1] 9208.0 Survey of Motor Vehicle Use, Australia Australian bureau of statistics. 
 
[2] CSIRO Manufacturing Science & Technology, RoadCrack Specifications, 
http://www.cmst.csiro.au/mansysauto/vtd_RCspec.htm viewed on 29/10/04. 
 
[3] Roadware Group Inc, Wisecrax data sheet, 
http://www.roadware.com/images/datasheets/roadware-wisecrax.pdf viewed on 29/10/04.   
 
[4] Andrew Wall, Road condition monitoring guidelines. Can be obtained from 
Andrew.Wall@roads.vic.gov.au.  
 
[5] Gonzalez and Woods, Digital image processing, Introduction, Prentice Hall 
publishing 2002.  
 
[6] D.Ziou and S.Tabbone. Edge detection techniques – An Overview. International 
Journal of Pattern Recognition and Image Analysis 1998. 
 
[7] Carsten Steger. Extracting lines using differential geometry and Gaussian smoothing.  
International Archives of Photogrammetry and Remote Sensing, Volume XXXI, Part B3, 
821-826, 1996. 
 
[8] Timothy Dorney, Srikrishana Bhashyam, Andrew Doran Hyeokho Choi Patrick 
Flanderin Richard Baraniuk. Edge Localized Image Sharpening Via Reassignment With 
Application to Computed Tomography. International Symposium on Optical Science and 
Technology, (July 2000). 
 
[9] Wen, W., and Xia, A., Verifying edges for visual inspection purposes, Pattern 
Recognition Letters, 20, (1999) 315-328. 
 
[10] D.Ziou and S.Tabbone. Adaptive Elimination of False Edges for First Order 
Derivatives, Proceedings of the 8 th International Conference, Image Analysis and 
Processing 1995. 
 
[11] Gonzalez and Woods. Edge Detection pages 578-589, Digital image processing. 
Prentice Hall publishing 2002.  
 
[12] C. Hampton, T. Persons, C. Wyatt, Y. Zhang. Survey of image segmentation. April 
1998. 
 
[13] B. T. M. Roerdink and Arnold Meijster, The Watershed Transform: Definitions, 
Algorithms and Parallelization Strategies, Fundamenta Informaticae, 187-228, 2000. 
 
 
[14] Gonzalez and Woods. Edge linking and Boundary Detection pages 585-626 Digital 
image processing Prentice Hall publishing 2002.  



 - 48 - 

 
[15] Ting-jen Yen. A Qualitative profile based approach to edge detection.  New York 
University 2003. 
 
[16] Helmut Mayer, Ivan Laptev, Albert Baumgartner, Carsten Steger. Automatic Road 
Extraction Based on Multi-Scale Modeling, Context and Snakes. International Archives 
of Photogrammetry and Remote Sensing Volume XXXII, Part 3-2W3, 106-113 1997.  
 
[17] W.Neuenschwander, P. Fua, L. Iverson, G. Szekely and O, Kubler. Ziplock snakes. 
International Journal of Computer Vision, vol. 25, no.3, December pages 191-201 1997. 
 
[18] V. Torre, T. Poggio. On edge detection IEEE Transactions on Pattern Analysis and 
Machine Intelligence, August 1986.  
 
[19] R. Peters. A new Algorithm for Image Noise Reduction Using Mathematical 
Morphology. Department of Electrical Engineering Vanderbilt. IEEE Transactions on 
image processing pages 554 – 568 1995. 
 
[20] S.M. Smith. SUSAN – A New Approach to Low Level Image Processing. Technical 
report TR95SMS1c 1995, International Journal of Computer Vision 1997. 
 
[21] L. Chen, H. Jan, C. Huang. Measuring Cracks Using Close Range Photographs. 
National central university Taiwan.   
 
[22] Gonzalez and Woods. Gaussian Filtering page 164. Digital image processing 
Prentice Hall publishing 2002. 
 
[23] Peter Meer, Bogdan Georgescu. Edge Detection with Embedded Confidence. IEEE 
Trans. Pattern analysis and. Machine Intelligence, 23 , 1351-1365, 2001. 
 
[24] Forsyth, Ponce. Computer Vision a Modern Approach, Prentice Hall Publishing, 
2003. Pages 165-188. 
 
[25] J.F. Canny. A computational approach to edge detection IEEE Trans. on pattern 
Analysis and Machine Intelligence. 679-698. 1986. 
 
[26] Ziou, Fortier. Detection of lines, line junctions and line terminations. International 
Journal of Remote Sensing, February 10, 2004 
 
[27] Section 9.3 Pavement Evaluation. University of Civil and Environmental 
Engineering Washington. 
http://hotmix.ce.washington.edu/wsdot_web/Modules/09_pavement_evaluation/09-
3_body.htm viewed on 19/10/04. Also available from gcw@u.washington.edu.  



 - 49 - 

Appendix A – Deviation of Deliverables.  
 
Initial deliverables were stated as : 

·  Results of the defect detection system, a system which detects major faults and defects 

in road surfaces.   

·  Comparison between my system and one of manual inspection. 

·  Comparison of the system on images taken using the two different perspectives. 

 

As presented in this thesis this system detects cracking in road surfaces which as stated is 

of most concern to road authorities.  

 

A comparison is made between my method and that of manual inspection and can be seen 

in the results and discussion section. 

A comparison of the system on images taken using the two different perspectives was 

never made as the road surface data from the perspective discussed in this thesis was 

adequate.  

Appendix B - Clar ification of Or iginal Contr ibution.  

Most of the methods used in this system were adapted from well established techniques 

in image processing. The structure of the system and using these methods in conjunction 

to solve this particular problem was my own work.  

In my research I didn’ t find anything like the modified watershed I used for joining the 

seed values. It is a very simple and easily visualized method for ascertaining the overall 

texture and form of a set of pixels.  

 
The code use to extract the individual frames from the original video data sequences was 

a modified version of code provided by my supervisor, the remainder of code used to 

generate the results was all my own work.  
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Appendix C – Initial Seeded Images and Culled Seeded 

Images.  

�

�
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Figure C.1: Original image. 

�
Figure C.2: Initial horizontal seeds.  
�
�
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�
Figure C.3: Initial vertical seeds.  
�
�
�
�
�
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�
Figure C.4: Horizontal seeds after false seed removal.  
�
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�
Figure C.5: Vertical seeds after false seed removal.  
�
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�
Figure C.6: Detected cracking after modified watershed.   
�
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Appendix D – Modified Watershed Algor ithm. 
�

�
Figure D.1: Three dimensional representation of road surface. 
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�
�

�
Figure D.2: Flooding of the three dimensional representation of road surface. 
 
�
�
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�

�
Figure D.3: Flat image with seeds on boundaries.  
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Figure D.4: Flooding of the flat image with seeds on boundaries.  
�
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�
Figure D.5: Highly textured segment of road surface. 

�
�
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�
Figure D.6: Flooding of the highly textured segment of road surface. 


