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_algorithm based on grid cell
analysis for crack detection on as i[e i ace images. The research
focuses on using paveme ges fram .an area scan ra where light condition

tend to be no e of asphaltic concrete

surface.

The algori extract crack lines from
images. Then,“Gravitational force feature! | plied to remove noise. Finally, crack
objects are merged Using canvex hill téchnique to find erack characteristics which are

later used to classify

The accuracy ofitf Posed yas measured by testing the algorithm
with pavement images acc .# : I scope. The accuracy in finding
cracked lines on pavement 4mages i ) illumination and strong texture
could be aghieye e po8itive and 9.17% false

negative. L TJETE Lr‘

Momuvﬂha test of the sthod in re%ituatic-n was done on

pavement images I‘p::-rr: the open enwmnmant survey. The dataset was manually
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CHAPTER |
INTRODUCTION

Highway management systam

cally used for estimating the budget and for
making maintenance plans, Like all sysiems) thé input of correct data is essential.

Submitting incorrect raw data car ate/Ci€limstances that would cause grave

When looking NE_are E) : ‘ wisial inspection by human
inspectors is time Suming; requires ssional inspectors, and is
financially restrictive egverdistress classifications an “\. urement are subjective.
Two inspectors ' ma ) ‘n even if they are looking
at the same thing \\

To solve thes  problems auiomatic ks ‘ng system [1] is applied.
This automatic system gan bé sepz .r 8 1'- twophases.in the first phase, the system
collects road surfacg a survey vehicle. In the
second phase, an autom Soessir : 3% ed images is performed to locate and
measure distress. :

A maijor problem ofthi 2 accuracy of distress information

from autormalic @

lality, of collected images.

— -
Most systems, Up NE a installed on survey
vehicles. The a

i rﬂcaﬁ ca _ rtaiﬂz
bigger the area ered, the more tendentious to have non- IDI‘TT‘I iNumination on an
age. € o /s
Y L 3 B G e
scan ¢ ras with artificial light to ive uniform illumination and to remove shadow in

b e} TSR TR Y

nl:wiuus to be noticed.

e and resolution. The

Even though, line scan seems to give beller quality of road surface images,

many old systems still use area scan cameras. Also, the need for better crack detection



algorithm for area scan images can come from the need to re-extract crack information
of archived images. For example, studying about how cracks grow as time passed by
needs accurate crack information from archived images. Therefore, suitable crack

detection algorithm for area scan images s still necessary,

1.1 Crack Detection Difficulties
There are twa'majerdifficulties M crack deteetion process. The first difficulty is
due to the surveying wilh an"afa scan camera in.an open environment where light

condition is a considerablé prablem, There is & |ot of unavoldable shadow and shading

(a)

(c) (d)

Figure 1.1 Example Images with lllumination and Texture Problems



in the images. Figure 1.1(a) shows unavoidable shadow from surrounding, e.g. tree
branches. Figure 1.1(b) shows shadow from the survey vehicle. Moreover, an area scan
camera cannol give uniform illumination images, even if there is no shadow. The image

with illumination problem is shown in Figure 1.1(c)

processing algorithm
based on Grid Cell asphaltic concrete road

surface images.

1.3 Scope of Work
In this research, the- ing algaorithm for crack detection
on asphaltic con ed as follow.

1:"‘.# )
matign which consisis of

type _ g @
2. Two pes of cracks, linear cracks and 1nté onnected cracks are

A TSR NG IR T

In crack identification phase a user has tn define crack charactanstlcs for

1R ST URIINYIN L.

inspectors.
6. The proposed algorithm cannot handle images of roads which are covered

with objects.



7. The proposed algorithm is not for use with underexposed or overexposed
images.

8. The proposed algorithm is for use with dry asphaltic concrete road surface

images.

1 : , Fancrete’ ace eristics, includes crack

. mages with crack and non-

£

Design ngise gén
Implement the pgoposed alg rithim to exar ace images.

Analysis e

o N o ;A

Conclusion afd

AU INENTNGINS
AR ITUNN NGNS Y



CHAPTER Il
LITERATURE SURVEY AND THEORY STATEMENTS

2.1 Literature Sunrey

BSS, many researches were done o
_ ystem with image processing
algorithm for detecling Gracks.in a tuane s gsed. This algorithm applied
Sobel and Laplaciamoperatostofir dges. It led a graph search method
to find crack line fromfWo peints'in'an image, Hov \"‘ IS'system was semi-automatic,
which needs the staifng pal 1 the_ending point of eac ack indicated by user. In

a road tunnel wall, or a

subway tunnel . e gh; 201511CS- 0 thes! e different from the
characteristics of asphalt surfage: f \

Another e _ l nigu merphological operation. There
is a research applying thisite ug-to-h af-grade \n‘\ pavement images [5]. The

algorithm with enhanceient stép-used me er algorithm with multi - structure

elements. Then crack edges % ere extracted. Sing operation and the crack edges

were thinned by erosion operafitin i arde he length and width of cracks.

Compared he algorithm used

(] ; ,'a. ;
less processil "':‘f ‘§¥ highway pavement
images.

Artificial elllgence is another method for finding crﬂ areas. In 2004, there

was a i usﬁd met usm amﬂclal livi stem to remove noise, oil stains, and
by do GHSQ ﬂ irlate template

matchtrﬂcnntmlled by a ganetnc algamhm [7]. And there was a research report [B]

q mmﬂ:ﬁm ﬁ”‘ﬁ?‘lﬂ“l‘fﬁm’“

techniquas need a large training data set which takes a lot of time to construct and the

training time is very long,



In 2006, a wavelet-based image processing method was also applied in
automation for crack detection on pavement surface image [9]. The idea of using
wavelet-based was to define the most adapted mother wavelet function for various

pavement textures. In the same year, Huang and Xu [3] presented an image processing

The |ast step was.é clu : - This:step € ed individual seeds into
seed clusters for ceaék idefitification in a later step. Newertheless, this algorithm is
suitable for images lipé séan aras with uniform al light. In addition, this
solution needs nen-uniform illumination

images.

b\

3 bra

of biology that deals with the

ext of image processing [10, 11] it
is the name af a specific "'Err{, '?'i., e analysis of the geometrical
structure in .,;!_t a ) ues 1dhe representation and
description .lr: y jf ful in pre- or post-
processing.

Momhﬂlﬂm image processing is a set of techﬂue& for digital image
processing based I%rﬂath&ma?.l-::al morp
|ﬁ¥

, y. The language of mathematical
(AR (AL TEE N Tk e i

of an !r%e by probing it with small patterns, called ‘structuring elements’, of various

AWIARESHI AR Ty

t:.~|mar'_»‘.|I images and grayscale images whose light transfer function is not known.

morp

In grayscale images, digital image functions are shown in the form of f(x.y)

and b(x,y), where f(x,y) isaninputimage and b(x, y) is a structuring element.



2.2.1 Dilation and Erosion Operations

Dilation and erosion operalions are fundamental to morphological processing
Many morphological algorithms are based on these two primitive operations. These
basic operations produce contrasting results when applied to either grayscale or binary
images. Dilation and erosion have a different effect on an image. Erosion shrinks image
objecls while dilation expands them, The specific aclions of each operation are covered

in the following sections

(1) Dilation Gperalion in'Grayscale Image
Grayscale dilation oifinglitimage i by structuning element b, denote D( f.b),

is defined as

D(Uf.b)s.0) #max] f(§=x.f = y)+b(xvil(s=x).(t—v)Ie D (x,v)e D}

Where D, ang D _@rethe domain of f and &, respectively. Dilation generally
increases the sizes of ofjects, filling in Holestand broken areas, and connecting areas
that are separated by spaceS“smaller tham the size of the structuring element. With
grayscale images, dilation Jnereases. the brghtness of objects by taking the
neighborhood maximum when passing the structunng element over the image. The

dilation imageas With 3%3 reclangle shape structuring element are Shawn in Figure 2.1

Onginal Dilation Original Dilation

{a) Binary Image (b) Grayscale Image

Figure 2.1 Examples of Dilation Operation [10]



Original Erosion Original Erosion

{a) Binary Image {b) Grayscale Image

Figure 2.2 Examples of Erosioa@peration [10]

(2) Erosien Operation.in Grayscale Image
Grayscale ggdsSiongof inpul images/ by structuring ‘element b , denote E(/.h),

is defined as

E(f,b)s,yEmint /(8 +x,.t€v)=blx, v) | (s +x).t+y)e D, :(x.v)e D,)

Where D, apl Dgare theedamalnaf f and b, respectively. Erosion generally
decreases the sizes of aBjecls ancremoves:small objects by subtracting objects with a
radius smaller than the structurmgeelement- Wity drayscale images, erosion reduces the
brightness and size of bright ebjects on a dark baekground by taking the neighborhood
minimum when'gassing the struciuring element over the image. The @xamples of erosion

with 3x3 rectangle shape structuring element were shown in Fiqure 2.2

2.2.2 .Qpening.and Closing. Operations

Erosion and dilalfon ¢an e usad in avariety of ways, in pdralleél and series, to
give othef transformations. Two venyimpaortant transformations are opening and closing
Qpeningyoefferalilt smoothes & contgur findan iMageybiBaks Nafrety isifyusss) and
eliminates thin protrusion. Closing lengs™o narrow ismebthisectiors of comtourseblend
narrow breaks and long thin gulfs, eliminate small holes, and fill gaps in contours

The Opening of input image f by structuring element &, denote (X f.6),

deflined as



0

O f.by= DUE([.b)B)
It can say that the opening f by b is the erosion of f by b, followed by a dilation of
the result by b

Similarly, the closing.of input images /&by structuring element b, denote

C(f,b),is defined as

COf.b)y= E(D(f.b)Lb)

Thus, the closing f Y & isthe dilation of / by b, flowed bya erosion of the result by

b. The examples of opgningfand closing operalions are shown in Figure 2.3

Original Opening Closing

(a) Binary Image

Qriginal Opening C.Iu A1ale]

(b} Grayscale Image

Figure 2.3 Examples of Opening and Closing Operation [10]
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2.3 Grid Cell Analysis (GCA)

Grid Cell Analysis (GCA) [3] is a technique for crack segmentation. Instead of
looking for crack line in whole image, GCA looks for a crack characteristic in a small part
of image which is a “grid cell".

In this technique, a pavement image was divided into grid cells of BxB pixels and
each grid cell was classified as crack or nof-crack cell using the grayscale information
of the border pixels as shewn in Figure 2.4.

The first column. in Figure 2.4 shows the onginal image, the second column
shows the enlarged.grid cells antthe last column shows'the border brightness profiles
where two strips repgesent gne side of tha grid cell.

A crack cell 48 deptifigd /oy comparing its features from crack information to
preset thresholds. Cragk'infermationinciudes the length, the width, and the contrast of a
dark object. It alsg-.lnmuﬂm edn brightness, minimum brightnéss, and the presence of
a dark strip within theé'cellpPwhichis the vailey in the barder brightness profile. When a
cell does not contéin a€rack, its border pidlile shows na apparent valley as shown in
Figure 2.4(a). In Figug@ 2. 4(€), the border. prafile shows twa Sharp valleys, indicating the
crossing points of a crack on thé border. Figure 2:4(b) shows only one significant valley
in the border grayscale, the cefl may have edge grack. The result of grid cell analysis is

a seed point which is the darkest'spot.in ihe calk

Figure 2.4 Grid Cell Attnbute in Pavement Image



g

"

Nevertheless, this algorithm is suitable for images from line scan camera with
uniform artificial light. In addition, this solution needs preset thresholds that are not

suitable for non-uniform illumination images.

The simplest way'te implement heurie eh is through a procedure called
always head towards a
state which is betie e used as an eager but
blind mountain clig 8ible path until he can go
no farther up. Because'it ke€psno histond he 2 jorithr inot recover form failures of

its strategy. Hill tlimbip@ cap be déseribed asja pseude-code in Figure 2.5,

1. Start with.gur

2. Until cliirentsstaté = goal-state | change in current-

! --.'1 ate and use the evaluation

slate do:

e than the current-state

the best

L ] 4
e

)

ade (]
U

AU INHNS NI o e

local mﬂma. If they search state that has a better evolution than any of its children, the

Aoty

The algorithm is unable to distinguish between local and global maxima.
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2.5 Law of Gravities
Gravitation [13] is a natural phenomenon where all objects with mass attract
each other with a force of gravitational attraction. Gravitation is responsible for keeping

the Earth and the other planets in their orbits. It is also the reason for the very existence

Modern physics describes gravitation uSing the general theory of relativity, but
unn provides an excellent
approximation in mas

The Newton

“Each partig W a force which is

directly proper

ses and inversely

proportiopl to t

The standard fq

Wher,' | nsta e fhe masses of the two

sbjecis and @ < ihe distance betwe

From -‘-.. atio w:e between object A
and object B. i orce exerted on éi:ject A by object B is enllal and opposite of the
force on object B byﬁm A_ If the mass of offjeé! A was doubled, the force on object B

R VAR e

would qtﬂa Finally, if object A was twice as far away from object B, the force on

RIEAS U Inegnas

S
tn ,‘; 0 Masses.




CHAPTER Il
RESEARCH METHODOLOGIES

improving original imagesyThe second phase’ls#he erdck segmentation which extracts
crack objects from the. g Js the noise removal phase
which is used for ig zation algaorithm. The last

phase is the cra ing crack type. After this
phase, the output dis nagamant system. The

flow chart of this appra

Figure 3.1 Proposed Approach Flow Chart
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3.1 Grid Cell Size

This research was intended to use the highway pavement image dataset already
on hand as the tesl dataset. The resolution of a pixel was 1.8 millimeters and most
crack body of five millimeters showed up on most crack images. Choosing a grid cell
size was Important for grid cell analysis.| Bigger or smaller grid cell size may not show
enough information of the crack. Figure 3;:?_-5.;‘%}'@@:1 cells of the same crack area in
an image. The grid cellSsare shown in three tﬁ.ﬁﬁ'fgﬂkdizes with corresponding border

brightness profiles. With small.giid cell, a8 showii 1;1,15@4:& 3.2(a), there is no noticeable

valley in the profilesigure 2.2(¢}ehows the cell whose'size is too big. It gives many
as shown in Figure 3.2(b).

valleys, thus the M 5

The grid'Cell size is alsg related bu:'lhg'-crack width or the'width of the dark strip.

-f !
nis .of a r;§ci_: on the border are indistinct. The proper

puld give.distinct crackiin an image. For the dataset on

nine pixels in widtiand Aeight. In this ‘reseai%_], a grid cell size of 9x9 was used.
ot o r'.-"f," i:

# "

b i 5 1 paEni vl
VasEugme=

pigure 3.2 Difference Grid Cell Size with its Barder Brightness.Profile

3.2 Pre-processing Phase

Generally ptherasphallig=eoncate road; suraces -iITIi&I;ES dfromea, sumvey mamera
may, conlaifi}faded and digconhedled Bracks including many Black and Wwhite_spots.
Figure 3.3 is an example of this situation which perplexes the algorithm when
encountering the dark strip objects. In order to enhance the cracks, i.e. to make them

unbroken and to remove noise, morphological operations In gray-scale images are



—
Ln

Figure 3.3 JCrigindllmage

applied to improve thelorigipal image. This lechnigue connects the dark pixels together,
and removes isolated dark spots.

To improvg#the afigingl images acgerding to the aboveunethods, two steps of
morphological technigies are applied. Firsiiopening teehnigue is applied to the original
image. This techalue BEelps connell pieCes of crack line tegether. Moreover, this
technique makes a gfack line becgme darker and be simpler to be noticed by the
algorithm

The second step of the.pré-processing phase is closing technigue. Although the
opening technigue gives ao @bvigls crack ling, Black noise spots are also darker.

Closing technique is used to remove the small dark spots.which are smaller than

structure element(s

(b)

Figure 3.4 Pre-processing Phase
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For example, when apply the opening technique is applied to the original image
in Figure 3.3, the darker crack line, which is shown in Figure 3.4(a), becomes clearly
visible. However, black noise spots also get darker. Figure 3.4(b) shows the final state of

pre-processing phase which performs the closing technique on the Figure 3.4(a). The

spots which are darkened from the phase are disappeared. As a resull, only crack

The structure element inmorph i aquare shape with the size of one-third
of the grid cell width, Sin ated 10 Crack size, the structure element of

this size can rema: tructure element and can

Figure 3.5 Crack Segmentation Flow Chart
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The crack seamentation phase is based on using GCA to classify a crack cell,
bul the proposed algorithm has been enhanced for assuring the possible crack cell.
Additionally, this approach uses heuristic decision on classifying crack cell instead of
using preset thresholds for the purpose of dealing with illurmnination problem.

This phase can be separated inta two parts. The first part is the grid cell analysis
chain which handles shadow praoblems. ﬁnd-.t‘._né_glhg_r part is the crack cell verification
which guarantees the craek cells. The crack segmeniation flow chart is shown in Figure

3.5. -

3.3.1 Grid Cell Apalysis.Chain <
From the GCAl'a giaﬁemzqm_-imagg is divided Into grid cells which are classified

as crack or non-Crackg

lIs#in Eontrast lodGEA method which needs presel thresholds,
this approach usgs he porder Brightaess-profile with hill climBing technique to find the

valleys in order to 1:;9% with the nﬁn—upirﬂru%_uldhinatinn prablem.

- ]

Figure 3.6 Gﬁd Cé’fl Attributa'ébiuv"é'EagE oi . Shadew Area
- .

|

In maﬁffcaﬁea. when images contain a shadow, a prt)_heJW|1h one significant
valley may not a!_y:rbys be a crack cell. As'shown in Figure 3.8, & grid cell covering the
edge of shadow areagives the profile that looks |ike the edge crack in Figure 2.4(b). To
avoidthls problem, insteadiaf Lsing tWo' tases of profiles 16 indicatetg crack cell, the
profilel which®might ba"the craek” cell, "mast show fenly twoconsiderable valleys,
otherwise it is likely to be a non-cragk cell,

Howeves, the abovesmathod waule slininate the cells that have edgd crack. As
aresult, double checking off images is'necessarily applied. Afterdividet iftd’ grid cells,
the original image is divided again in overlapping area as given in Figure 3.7. This

method can extract the crack area and keep away from the edge of shadow.



(a) (b)

Figure 37 Grid Cell Altributes with Qverlapping Area

Figure 37 shows an/overlapping area over different surfaces. Figure 3.7(a) is an
image over a cragk area while 'Figure 3.7lb) Is an image over a shadow area. Both
profiles in the left sidg*of Bigure 3.7 0ok glite*similar with one significant valley, which
means they are nen-cra€k célls. Consequently, crack area in Figure 3.7(a) is ignored
After shifting the cell, the right profile in Figure 3.7 (a) shows two significant valleys while
the right profile in Figure 87 (b) shows only one-That is, the crack area in Figure 3.7(a) is

extracted, whereas the shadowarea is nol

3.3.2 Crack Cell Verification
Strong teXture is another problem that reduces'the acClracy of crack detection
algorithm. Figuré*3.8 shows a non-crack cell which has a profile similar to a crack

profile.

Figure 3.8 Grid Cell Attribute with Strong Texture
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From the basic concept, a border profile which shows two sharp valleys
indicates that there are \wo crossing points of a crack on the border, but it does not
guarantee that a crack is in the cell as shown in Figure 3.9(a). To ensure thal a crack is
in the cell, it must be further examined. If there are dark pixels arranging in a line
between two valleys, the cell is verified as a crack cell.

To verify the crack cell, all disiances oetween each dark pixel to the imaginary
line between two crossingspoints of a8 crack en.be berder of a grid cell must be within
the crack size. Figure 3.9 shows arrangements of dark pixels.and the imaginary line, The
dark pixels in Figure.3@9(8) arg.ndladjacent to the imaginangline whereas the dark pixel
arrangement in Figuie'd 9(b)€losely resembles the line.

The distanced@d between dark _point plx.y) and the imaginary line, point

g(x,,,) and point qag, v, I Shown below;

d= J[.‘l‘ Xl ji'_-l- (y=n)

WX, — MY, MY A X
Where X T PRES
- m1
Y =M, <y
_ Ji— W

m
—=;

(a) (b)

Figure 3.9 Grid Cell Altributes wilth Crack Arrangement



3.4 Noise Removal Phase

Even though the proposed method in segmentation phase can solve non
uniform illumination and strong lexture problem, there is still some noise in the result
from segmentation phase. This noise is a problem for classifying crack type. Unlike
while noise or salt and pepper noisa, thisityvpe of noise cannaot use filter to remove it, The
noise is a small object and looks like smallpiecanl crack, thus crack and non-crack

objects are blended logether, As a resull, it isalilictliieidentify the crack area

objects. The noisegeame fromedark spots on the originalimage as shown in Figure
3.10(a). Other typessof pawemeni’ distrass may alse givesnoise. For example, Figure
3.10(b) shows an original image witih palching which gives the resulting image too much

noise.

Onginal Resull

Figure 3.10 Examples of Noise in Resulting Images of Segmentation Phase
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3.4.1 Crack Appearance

From segmentation processed images, an object is mostly justified to be a crack
if it has a large area (pixel counts), but this is not always true. For example, large objecls
(a), (e), and (g) in Figure 3.11(a) are parts of crack lines, but many small objects in

Figure 3.11(a) are also parts of crack lines (oo

In contrast to Figure 3: 1a), shows noise objects on non-crack
area. However, these objeeis
(c), and (h). The

3.11(b) is theldispe

close 1o huge nt@ls, e the 1D 'spreg_nvar the whole region,
From this distinction, the technique for telling the difference between crack and non-

ooyt iog o bl

ARIALBIN NN INAE

Like force of gravitational attraction which attracts all objects together, a crack

igure 3.11(a), e.g. object (b),
e 8.11(a) and Figure
-

58 iA Figure 3.11(a) are

object is considered as part of a crack line or not by its area and the distance between it

and other neighboring objects. For the purpose of noise removal, gravitation feature is



applied to calculate gravitational force between each pair of objects. If the force i
strong enough, it indicates that the object is close (o a large object and i1s considerad a
crack

If object A has pixel area a, and object B has pixel area g, , then the magnitude

of gravitational force feature f on abjeetAds directed toward object B is shown below

1= ﬂ:—"!.'.
r

where r is the shorles! dislancabetweaen the tips of object A and B

Since thedgravitalionalfforge is directly proportional to the pixel area of both
interacting objecisgmore jarga objacts will attract each other with a greater gravitational
force. In contrast to (€ arga, the force isnversely praportional to the shortest distance
between the tipgfof thettwo'objecls. Farher distance will result in weaker gravitational

forces

Figure'3#2 ¥ Crack Gravitation

Duestg the [ZELIRaN mest eragk fobjects are narraw \and Bimaslsaligned; the
center of gravitation is then applied 1o the tips of the objects, as shown in Figura 3.12

order to increase gravitational force to the surrounding objects. With this concept, the
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gravitational force abruptly changes with the distance, thus, make it easier lo perceive
an object as a crack.
In order to classify crack, the area and the gravitational force are considered.

Large area objects or strong gravitational forces are signs of crack objects. Otherwise,

the objects are indicated as ﬂﬂiS 4 1f ords, weak gravitational forces show a

characteristic of disorder arrange
-.;'~ Jﬂ f f'

For each objeck s

For each
End Fg
If there is atleast one peak in theiGravitation Feature Array
Else

End For

- e — ol
The .‘y_ 6 Ed objects is shown in
Figure 3.13. Theﬁut of this ¢ pjects from c segmentation phase.

Gravitation features of each pair of crack objects are calculateﬂ For each object, if

- ‘ﬂ"ﬂﬁiﬁﬁﬁ%’ﬂiﬁ 1P I
a;mmmzu UAIINYIA

Crack objects from crack segmentation and noise removal phase are spread

over the area. To classify the crack, geomelric characlerislics are used. In this research,
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(a) Linear Crack (Bl dntercennected Crack

Figure3.14 Examples of Grack Distress

two types of crack ames€onsidered. The first ane is limear crack as shown in Figure

3.14(a) and the other oné'is integeannectet crack as shown in Figure 3.14(a)

3.5.1 Merging Method

The resultsdfom pisé removal phaseé are crack objects shown in Figure 3.15. A
crack line can be peri@rmed by a group-of cracks which lay next to one another. When
looking at each object, it Sannol.aive crack disteess informalion which is crack type, its
bounding area and ilS poStiori =As 2 resdlly ‘merging those objects into one |is
importance for crack identification.

To merge the objects together, convex hulls lechnigue.is pplied to each object

to fine the smaleSEEoRvEx polygon contaning all the points ohthe object. The points

i '

I

I "

3 ! l
Ny

Y { '

] .

[ o, ¢
{a) Original Image (b) Result Image

Figure 3.15 Result from Noise Removal Phase
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from convex hull technique represent the object in term of geometric shape. The next
step is computing the rectangle with minimum circumference rectangle, as shown in
Figure 3.16(a), which contains all the points of each object. This rectangle gives object
information, i.e. its length, its width, and its rotational angle.

Due to the fact that most crack abjecls are close and almost arrange in a line,

the objects which probably as: \;\

have some area that lay on other

| are expanding their height in

After expane shown in Figure 3.16(b),
and convex hulls qué s then applied to ‘“ ectangle with minimum

circumference rectapgle : Jure 3.16(c) shows the _al’ merging method, The

result object gives enqut

‘ ;
PECINE

Figure 3.16 Mérging Method
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3.5.2 Geometric Characteristics

The results from merging method are objects with geometric characteristics
which are the center point, the height, the width, and the rotational angle. It also
includes the area and the circumference of the object. These characteristics are used o

identify crack type. For example, if @ j@Et is narrow, that is two parallel sides of the

o
rectangle are extremely long y -|1|| ! |I‘ ,“ir g object is justified as a linear crack.

Otherwise, it is an interconng crack.
However, crack.idenification stify even if professional
inspectors do it themsel er has to define the crack

characteristics, e.gug

|~:.i

AU INENTNGINS
AR ITUNN NGNS Y



CHAPTER IV
EXPERIMENTS AND EXPERIMENTAL RESULTS

4.1 Data Resource / Data Collection

The images used in _this résearch weré from road survey database [14]. The
survey of road pavement'distress was done’ | e nosth'part of Thailand by Department
of Highway, Ministry el Transport, and CERT, Chulalongkern University. The system
used in the survey.was installed in a van, as shown In Figure 4.1. The survey vehicle
contained computesand suvey equipment, such as laser profilometer, a GPS receiver,

a gyroscope, asset iéW cameras and pavement view cameras.

Figure 4.2 Pavement View Cameras [14]
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With the intention to find crack distress, pavement images were used as the
input for this research. The images were captured from area scan cameras installed al
the back of the vehicle with an approximate coverage area of 2.40 x 1.75 square melers
for each camera. The pavement images were caplured with a resolution of 1024 x 960
pixels 8 bits gray-level and compressed with MJPG format, With these configurations, an
image had a ground resolution of about 1.8 mllr)é/ga

Though a camerascovered 1.86 meters w_,_gn-r a highway lane width is about
3.5 - 4 meters. In order to captre a fulllwidth of a.Ia,na.,J:wﬂ area scan cameras were
installed at the backeofthe suriey vel“iclai as shown“inukigure 4.2, Both cameras

captured pavemem I

‘apblied 1o ¢

ing the sa'&& GPS position while the vehicle was moving

Then image processi rreet camera distortion and to stitch the two

images together.” A stil€he "p ! gﬁ}eni‘ Jn'mgg covered 4 x 1.75 square meters which
¥ —

ead 'Elj ﬂnélﬂ'éapture images gave better images in

ever, it haé?ﬂme problems. For instance, images form
sk o d s ,-'..I':‘-I i:‘

-:,'ifl’éreﬁl,llgm intensity, as shown in Figure 4.3, and thus

slitching the two image '_flogelgh?r'ﬁ'nighl @e a goed blend of the two images.

o il Jr.‘

Stitching images by bIEﬂdmg‘“lecﬁmque BEEL&IE-QWE a good-looking result to human
vision but some crack infogmation’ may be IGS}"' Iﬂﬁtﬁ.research the input images from
both cameras wﬁre processed separately to keep the hlgh&st Ieél af crack lines' detall

Y
and to avoid the }mblem of difficult exposure. E __J

However 'There were some areas in the image, as shawn in Figure 4.2, that were
not completely separa!ed_ In order lo eliminate the nuerla’i‘ﬁped area, instead of

blending, the input iMages from both cameras'aeeded to be cropped.

Figure 4.3 Exposure Problem



4.2 CU Crack Finder

CU Crack Finder is software developed by faculties and students al
Chulalongkorn University. It was designed to handle the data sets of unigue data
structure, from the survey vehicle. The data sets consisted of several data, for example,
pavement frame informalion, assel wiew frame information, GPS information and
instrument sections. All data were linked by fimesiamp. CU Crack Finder estimated the
relations between all data:

CU Crack Finder process could be separated inlo two parts, manual distressed
rating and automaligedistressed sraling. Bolh parts Were. developed for the same
purposes, i.e. estimailifg crack bounded areas and locating crack positions. However,
the methods were différent but in different methods.

In mantal’ disifessdraling, . pavement images were carefully monitored by
professional inspgélors #Begause this pa was designed aeccording to inspectors'
requirements, the usgf intérfage of this pan was easy to use, so crack bounded area
was approximalely estimated, The (ser intedface consisted of asset view images from
three cameras (install@d onthe front roof lop of the survey vehicle), GPS information and
pavement view images which=Were assembléd as a continued road image). The

interface is shown in Figure 4.4,

Figure 4.4 Manual Distress Rating Part of CU Crack Finder Program
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Unlike manual distress rating part, the user interface in automatic rating part
consisted of start and stop buttons. The input images were sent to the algorithm
automatically, and the output was stored in the data base. The user interface is shown

in Figure 4.5,

e e 3
Figure 48" Augematic G f:sq; fing P -_ \der Program
..;:ﬁ':.:._. 4
i
43 Crack Segmentation Expériment

Crack segmentalion piase om Huang and Xu's approach [3].

The original approach had been—applied 16 the, pavement images from line scan

cameras with. mc;_@ ig| ir quality. Tt ges frgem line scan cameras

werg bngh[ ,r-{ .1.-.-:1-&1.1- 0 .-r---far--..Vl-u:-.:.un"—:.-a",r;‘,_ een cracks and
background. In*centra 1-had been developed lo
cope with pavement images from area scan cameras which 'J..!' t contain non-uniform

illumination and shaiauamblems

/s
NP W (AN )P ) 3 0 i
was pa fi 5] ang 'a ighmal, Ya th. hi riment, both

approaches were applied to the pa@ment images fI"DIHEa scan camera.

A IRA IR HAITNH AL

crack area. The approach started with choosing the pixels which were regarded as a
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crack seed by using grid cell analysis in the first step. Then the crack seed was verified
by using the contrast of a crack seed to their neighbors in the later step.

Similarity, two steps of the proposed crack segmentation phase, grid cell
analysis chain and crack cell verification, were applied to the pavement images. The

proposed approach enhanced grid gell ans sia by decreasing the conditions that

indicate the existence of increasing are f search and checking dark pixels

essed different pavement
textures and differga 2nt brightness and some
had low contrast. Bg slant parameters to those

images. The resulls w

Experimental Rest

| aty sample images, the result
images are shown inJFig here a U oise éppean‘ng in the result
images from strong e oW i '. ns. Afteér applying the first technique,
grid cell analysis chain do the Sample g€ vise from the shadow disappeared

while the noise from strong texiuréwere still sresull images as shown in Figure 4.6

(b). Finally, bothstechnidues were applied to os. From the result images

shown in Figy --’:f'f"'.""! dch-could-exifact-inosl-cracks from the sample
f jo ! i

images and alse gave n

ulla the uﬁgina' algori 2 proposed a@ach, using enhanced

features, is less segs E:I to light cundmun“pum 4.7(a) shows the result images

Wy s ihand e e

the same parameters, i.e. threshold gfalues for original Hnrllhm and wmduw ize far the

PIBNNSHERIINHINI



(c) Applied Grid Cell Amalysis Chain and Crack Cell Verification

Figure 4.6 Examples of Result Images



(1) (2)

(3)

(4) (5) (6)

(a) Proposed Approach

(4) (5) (6]

(bY Original’Approach
Figure 4.7 Experimental Resull Images

Compared with Original Algorithm with Same Variable Values

a3



4.4 Noise Removal Experiment
The main distinguishing feature of crack objects from noise was the gravitation
force feature which imitated the idea of natural phenomenan. This experiment was dane

in order to be evidence for the ability of the feature. The idea was implemented to the

The output images frc phase were binary images. Crack
objects, along with no :re | prasenigddas white elements while the
background was black. OBject chara ‘Wcl&d using convex hull

technique [11]. Thesaréd anag” iR positiens of “thewobjects were considered.

Gravitation force fealufé ol e8ch pairoflobjects were caleulated and investigated, (as

Experimental Re

To demonst ncept was applied to an
example image to show t! an example of noisy image.
Considering object (0) i (h'an area of 301 pixels. The
other significant objectInforrpation. is sha able 4.1 with their feature values
arranged in descending ard@_,;-;-r},.-— 70

The obj (it redkobject (0). Moreover,

the object {'l she-closest-object-lo-the-object-{G """"""‘"‘Ef ={1), the object (2) is
smaller and fa -:A é ves a feature value of
1,207.54 which !nl e highest value of the gravitational force -H ds object (0) while the

object (2) gives 147,80 ﬂch is much smaller

B vy (134 T f 4L e

feature value or the gravitational forgé feature value.

PNNTRUHRIINEIRE

cunsldared object (0) is small, the biggest object gives small feature value, 4.46,

compared to feature value of the object (1), 1,207.54, in Figure 4.8.



Feature Value)

1,207.54

147.63
16.85
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(a) (b) \C}

Figure 410 Noise Remaoval Resull Images

Due to a high range of the feature value, the feature value then has the ability to
distinguish am, objecl as afaApise0ra Gracks Fis=lealure was appliedslo lhe example
images in Figure 4.90] Figure 4. 40.columi (a) shows the original pavementsdriace with
the crack lines. Figure 4.10 column (b) shows the result image with many noise abjects
from crack detection algornthm. After applying this feature to remove noise, the clear

crack lines appear. The results are shown in Figure 4.10 column (c)
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4.5 Measuring Accuracy

The proposed algorithm was applied to images from different roads with,
different pavement textures, and different illumination conditions. The experiment can be
viewed as two parts, the experiment with controlled input images and the experiment

with real situation input images,

Experiment with contral done in order to measure the
proposed approach aceuracy under the ° gs€ope. The input images were
e selected input images
lput images, containing
highlighted pixels, were Cc y ménitored . and checkeder the correctness of crack

e redl situation input images
r program. The program

¢ : !'!.-
handled the pavementinput images in chronologics =\

[l
and types of crack were

e moving survey vehicle.
The inpul images Were [0 the * d i output were stored in terms
of bounded areas and ty
compared with the bounded -L ypes: atéd by human vision.

However, the reason ;‘?f‘.- & vas done was to test the algorithm

with a large dataset of su u:;.z“f;;_-t‘..,_.;%;; the: ges could not be controlled. The

input images | ! i, pavement shoulder

covered with ;r" Jﬁ hen to continue the

ﬂ. ' & . ¥ | panﬂ
/not be dry, or may be partially dry. This situati

images ti be of I:xgd%ractanshcs It wa ractical to wait until the wet surfaces

a2 e ok b b e

also d:ﬂﬂlt to avaid capturing the pavement images with unpaved shoulder.

oF BNty

nmse For the above reasons, the lalter experiment could give only partial useful

survey after the the road became dry,

the later part ma could cause the input

accuracy but not all.
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The accuracy of the experiments was measured in terms of false positive and
false negative. False positive was wrong result from the algorithm on clean input images.

False negative occur when the algorithm fail to detect cracks on distress input images.

In order to measu , the-piePtsed approach was applied to 3,991
images taken from different enviro ' mtmﬂ and shadow. In this
experiment, inpul_lmages were" | ApSE ope of this research to

e _ald Nag ere ofidry.asphaltic concrete road
surface and did nop'l e fimages _ "'-. covered with objects,
underexposed o sxposéd. -« B \ ‘

The input iMagegalsg can ypes of distress, e.qg. raveling and poor
palching area whick gaye slrong lexiug@ images. \ ore, the input images
possessed poor lBming ditic {,:_ ] :- v COntra Examples of the input

‘ \

Input images werg classified By Hum: pectarsinto two categories, i.e. crack

images and non-crack images: The experime d grid cell size of 9x9 to find crack

size of 5 mm. In order to classify e crack tyf sed are shown below.

Sify
Eati
1. Cragl quare centimeters

2.

widthﬁ_d height, th as i mﬁcled crack.

3. |If bounided area of a crack is more than 100 pixels 6f 18 centimeters in width
or hei ht.‘fhﬁmck will be judged 84inear crack.

A Sl BRI 11

ﬂe results of the proposed algorithm with controlled input images are shown in

AR R R TRy

) - e —
[ :"n ] o | - 5 3
If§ j-i € f 18 centimeters in




Figure 4.11

Table 4'8 | Resditsigf M&asuring the Proposed Approacht AccUsacy

Examples of Input Images for Measuring Accuracy

with Controlled Input Images

Total

Comféist | Incorrect
Non-Crack Distfess 2,901 2,812 89
Images 96.93% 3.07%
Crack Distress 1,090 990 100
Images 90.83% 9.17%

40
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452 Measuring Accuracy with Mixed-characteristic Images from Real

Survey

In this measurement, the proposed approach had been embedded as automalic
distressed rating part in ‘CU Crack Finder' program so as to measure the accuracy. The
image files from real highway sumvey were decompressed and processed by the
proposed algorithm. The output from this gart wasicompared to the output from manual
distressed rating part perfarming by inspectors,

The lesl dalawmages-were colleated fromelhreesdifierent routes in Loel province
in June 2007. Therewwere 75,926 pavement image frames"Eaeh frame consisted of two
pavement imagessWhiCh Wese &fliched into one image. The images could be
categorized into twog¥pesClearypavement and disiressed pavemnent. The distress can
be classified as linear@rack] inler€onnectederack, palching, pothole and raveling. The
examples of inputtimages are Shown-in-Figure 4.12 and the total numbers of each

distress type are shawn inffatle 4.4,

(a)iClean Pavement (b) Clean Pavement with Oil Sports

{c)Linear Cragk {d) Wterconnetted Crack

(2] Raveling

Figure 4.12 Examples of Input Pavement Images
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Table 4.4 The Total Numbers of Each Distress Type

Mumber of Frames with Distress
Distance

Image Inferconnected | Linear
(km.) Patching Pothole Raveling

Frames Crack Crack
Route 1 41,365 72.39 383z 1,774 1,271 792 4,155
Route 2 21,153 3r.02 935 192 1,077 594 3.000
Route 3 13,408 23.46 407 a79 390 309 874
Sum 75,926 13287 5175 2.825 2,738 1,695 8,029

Because this jeSeargh fofused an crack distresswanly, other distress, such as
patching, pothole andg@veli@ig were summed up as other lypes of distress. However, an
image might comtain mare than one, iype of distrass. For example, crack distress may
appear near/or in (RE'same agéa @s raveling. Figufe 4.13 shows such example. In Figure
4.13(a), raveling distra8s isiScaltered over the image, but there is a crack line on the top
left of the image, which does fot appear-onthe raveling area. In this case, the inspector
marked the crack as linear erack, and marks the raveling area as raveling area. Unlike

Figure 4.13(a), there is a@rack lifte"on raveling area in Figure 4.13(b), In this case, the

Original Image Distress Rated by Human Vision

(a)

(b)

Figure 4.13 Examples of Two Type of Distress in an Image
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inspector chose the most severe distress, which was raveling distress. Therefore the
crack line was not labeled. The total numbers of distressed image frames that consist of

more than two types of distress in different area are shown in Table 4.5 and Figure 4.14,

Table 4.5 The Total b I epof Distressed Image Frames

Distress Types Appearing \\ , I , otal Number of Image Frames
inan| =;"‘-‘._"“ "U oute Route 2 | Route 3 Sum

Crack Distress Only (Uniden '_ FType) 58| 1,031 1,302 7,821

Crack Distress with Other T ' 220 | 372 202 1,794
Interconnected cracg and Jrf 3 m l"'}\xxﬂ"""'--. 17 44 179
Interconnected CracK'and Qiier Types of f istr ﬁﬁ\kﬂ\ 87| 1500

Linear Crack and Othg " f.‘f {E l'\"\ *“ 131 1350

16 56

— g § g 'm\

q ‘WW AT A e

In manual distress rating parl, the area of distress appearing in pavement view
images were bounded by non-rotate rectangles or lines depending on the type of

distress. In automatic dislressed rating part, crack distress was located, classified and



44

measured by crack detection algorithm using image processing techniques. The results
from the automatic part were the bounded area represented by reclangles which were

rotated to fit the minimum crack area. The examples of rating are shown in Figure 4,15,

{a? Manual Rating (b) Autematic Rating

Linear Crack

(c) ManuakRating {d) ?—‘xmomatu:: Rating
Interconnected Crack

Figure 4.15  Manual and Automatic Distress Rating

Because of some different criteria used by human rating and automatic rating, it
is difficulr ta. comgare Ihe area ol craekslo egnclude fer aceurasy. Raling by human
vision was subieclive, estimated, and might net fit with the real crack wiFereas rating by
algorithm“attempted to fit the real crack and excludeed unwanted areas. In order 1o
ghetk sthe psorreginess, the- lorationgyof pragks™ingan imagewerenestimated jand
compared.

This experimenl also used grid cell size of 9x9 to find crack size of about 5 mm
similar o the controlled input case in section 4.5.1. The results are shown in Table 4.6

The approach gave an average of 6.20% false positive and 46.99% false negative,
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where 3B8.20% in 46.99% were from images of pavement conditions outside the

research scope.

Table 4.6 Resulls of Measuring the Proposed Approach Accuracy

with Mixed-Charagieristic Input Images

Tatal Correct | Incorrect

Non-CrackiDistress | 14385271 184929 | 8,923

limages 83.80% | 6.20%
Crack Distress 8,000 4241 3759
Imaggs 53.01% |, 46.99%"

Remarks: 2086 images38 20%) were of wel pavement and/or images not in the

scope of this research

4.5.3 False Positive

False positive g thetwrong resull from the algorithm on clean input images.
Crack area should ngt'be jound wher applying the algorithm en clean input images. The
cracks which were detegled ory these images was called false positive. The causes of

false positive are show in the follewing sections:

4531 Oil Stains

False ‘positive might be caused by several reasons. Oil sgois on pavement road
were an example. The round shape oil spot was easy to distinguish from crack lines,
whereas the oil stains of line shape also had same characteristics as crack lines
Conseguenily, the,propesed, agpieachscauldshandie, the eil spolssin gaund shape, bul

give e falsépositive onfimages with oil staing'of lineshiape, as shown imFigure 4.16

Figure 4.16 False Positive on the Images with Qil Lines
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4.53.2 Objects on Road Pavement

In the survey, the roads were not always clean. Some areas were covered with
dirt or soil which came from factories located nearby or fell from trucks. Because the
contrast and shape were the main considered factors to define crack characteristics,
these dirt or soil could form texture similar 0 crack lines and might cause false positive
The examples of this kind of false poSitives are shown in Figure 4.17(a). The Figure
4.17(a) shows an image ol pavement covered with whité dust forming shapes like crack
lines. This situation cccurred when a whesl tire ran.overwhile dust and created tire track
on the pavement surface. Thetie tread portion that didwmet pick up the dust might
cause a crack-like lipe" Conséquently, tha algarithm evaluated this line as a crack line.

Because roagiShoulders might appear in the input images, objects that were not
part of the road,e.q. gfass hay of {ree branehes could show up in the images. Figure
4.17(b) shows an Mageiwith hay on.he shoulder area which was judged to be crack

darea.

(a) (B)

Figure 4.17 False Positive on the images with objects

4533 Strong Texture and lllumination Problems

The proposed algorithm was designed to cope with illumination and strong
texture _problems, The algorithm lended _to_ give ‘& Good. result with _gen-uniform
ilgmination Smage bt it stilll gave false, positive arfea Jn some slrang lexire imdges.

Figure 4.18 shows example images of this case.



47

Figure4.18 FalseiPositive on the Images with

Steong Texture and (lumination Problems

4.5.3.4 Wet and Noisy Images

Because of logg digtange of the surkey it was difficult to select the input images
according to the rgSeargh scope. Wetl surfatés were one of the uncontrolled factors, as
shown in Figure 4.19 avhich might' give false positive. How@ver, not only wel surfaces,
noisy images also gave the false*pasitive erfor Figure 420 shows an example of noisy

image with false positive errof

Figure 4.20 Faise Positive on Noisy Image
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4535 Other Types of Distress

Another uncontrolled factor was the crack distress that might be mixed with
other types of distress. In this case, the human rater picked the most severe one or a
better representative one to represent part of the pavement that was needed to be
repaired. The examples of this case are shown in Figure 4.21. There were
interconnected crack beside the patching @rea in Figure 4.21 (a). In this case, the
inspector marked the distress as patching arca’agdeignored the crack area, On the
other hand, the algorithm did nct have any knowledge abioutpatching. It did not reallize
that patching and.ceaekWere legether. Conseguently, theserack was found and marked
by the algorithm.

Similarly, Figumé'4. 24" (b) shaws_a grack on an area that was judged by the rater
to be a raveling areagAltes applying ‘thet algorithm to the image, the crack line was
marked. The cog@€iness was/measwed by comparing crack positions that were
defined by human vigion tgfthgserdefined by the algonthm. Such situation caused false

positive error evenllf the @lgafithm could indicate the cracks.

(a) 1b)

Figurg 4.21 False Positive on Crack and Other TypEs of Distresses

In some casesMalse positive occurredwhen there were other types of distress
or patehing in thé=input images. Examplas of theése cases are ghewn in Figure 4.22.
These palching or raveling areas had different characteristics from clean pavement. The
algorithm, sometime, found them as crack areas whith*were judged as false positive
effor: Tha majarity, of these false, dositive casesiwas raveling distréss asishgwn i Table

4.7 and Figure 4.23.



Figure 4.22 FalseyPositive on Distressed Images.

Table 4.7 Total Numberof Disliessed'Images with False Positive Error

Crack Distressed Images Judged by the Algorithm
Distress Typgsp—————
Images Percentage
}
Pothale 1,084 12.26%
Patching 1,897 21.45%
Rayeling | 5,862 66.29%

B6T%

Figure 423 Total Number of Distressed Image with False Positive Error

4.5.4 False Negative
In conlrastdo lalse pesitive, false negative is the.measure of thefaultdhat.occurs
when the algerithm' caniot getégt grackawhich appeéarsron an inpullimagenhe cabses

of the false negative are described in the following sections.



4541 Causes of False Negative in the Controlled Input Images

Investigating into the 9.17% false negalives in the controlled input images, most
cases were found in the crack identification phase. Because only some paris of the
crack lines could be extracted, small pieces of crack object could not be merged. Fram
this reason, the crack characteristics cannot be derived, so the crack area was nol

found, Example images of this problem are shown.in Figure 4.24

Figure 424 fFalse Negative bn Controlled Input Images

454.2 Cause of False Negafive in the Mixed-Characteristic Input Images
From the investigation, the.causes of false negatives occurred came from the
following factors)
1. Humag faull
2. Largercrack size (compared to grid cell size).
3. Thin erack.
4. Noise in thegdnput images.

9. Low cantrast of the inpul images.

1) Human Fault
Practically, manual distressed rating may not be 100% reliable. 'CU Crack
Finder' helps inspector to speed up the marking of distressed areas by inlegrating

pavement images into one image. The inspector marked distressed areas on the
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merged images withoul knowledge about separated images. Because of enormous
amount of data being rated, sometime the rater marked distressed areas more than
reality which might cause false negalives.

Figure 4.25 shows an example of linear crack rating. The upper image did not
contain any cracks while the lower image gontained a crack line. The rater sometime
estimated the length of crack line incarrectly By dragging the pointing device too far
causing the length of theserack o oecupy e imagessas shown in Figure 4.25(c). The
algorithm found only crack lIEs: on the lower image as.shown in Figure 4.25(b)
Therefore, the compansoR gayedalse negative errar on thewupper images

In some intgsg@nnectéd crack distressed images, as shown in Figure 4.26, the

rater also estimated gdistresged area whigh over occupies two images. Figure 4.26(a)

Figure 425 "Linear Crack Rating

(a) Original Images
(b) Rating by Algorithm

(c) Rating by Human Inspector
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Figure 426 Interconnected Crack Rating

(a) Qriginal Images
(by Rating by Algorithm

(e} Rating by Human Inspector

shows the original images wilh-dnisrconnected Brack on the upper image. Figure 4.26(b)
shows the images with'crack bounded area by the algorithim, Only-interconnected area
on the uppersimagewas found. Eigure 4 208(C shows the images-&ith crack bounded
area by human vision. The bounded area oOf Intercannected crack occupied both
images which gave false negalive erroron the lower image.

In order to shew several pavement frames on the screen, the pavement images
were Bsized: The rater might /Not cleatly judge the images /5o therater might make a
mistake, Forrexample, Figure 4 27=shows examples of=Sealed ‘cracks’ images which
inspector rated as linear crack. o this case, the algorithm did not findglhe crack,

Gensequently, the'comparisan ‘gave false negatlve
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(a) Qriginal Images

(B Human Vision Rating

Figure 4 27 Raling with Wrong Type of Distress

2) Larger Crack Size (Compared to Grid Cell Size)

Because'the pavementmight not be absolutely dry during the survey, the crack
distress might absgft waler @n the suriace, eausing thick |ines along the crack. These
thick lines were ane ofithe inevilable tonsequences. Since the proposed algorithm was
effective in detecting cracks withinm-a range @f crack width, the cracks with water
absorbed tended to give a legk-alike thick crack lines. As a resull, such cracks could

not be detected. Examples of larger.crack size aresshown in Figure 4.28.

{a) Original Images {b) Rating by Human Vision

Figure 4,28 Examples of Larger Crack Size
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3) Thin Crack

In the rating process, the inspector marked crack distress areas if they are
visible on the images without considering the crack sizes. In many cases, some cracks
appear on the images as one-pixel crack width. The inspector could recognize them
and mark the area of crack distress, However, the algorithm could detect only cracks
around five millimeters of width which appeared an the image about three-pixel width.
Therefore, the one-pixe! crack was ignored By the"algenthm, causing the false negative

errar.

{a} Criginal Images (b) Rating, by Heman Vision

Figure 4.28 Exaniples of Sialler Sice of Ciacks

4) Noise in the Input.iImages

Since thegsuniight dunnggthe survey=was nol anform, througit™out the day, it
sometima beéame.darkgr because. of shadow from Glotid, trees) orlbuildings. This
situation ‘'might cause noisy imagesgas shown in Figure 4.30. The image with a lot of
naise mightnot be'a‘prablem with human vision Gt it Could cause|false ngqative error

to'the algorntam,



{a) Original lmaoes {b} Ralingby Human Vision

Figure 4,50 Noisy Input Images

5) Low Contrast Inputimages

The propoged algorithm Wassdeveloped basad on the assumption that a crack
line is a narrow strip @F pixgls whaose iplensily is perceplible darker than the surrounding
background. Mast crak Eharacterislics-depend "on contrast of crack and the
background. In theglow Eontrasl smages;scrack lines are difficult to be noticed
Therefore, it was hard o definelow-contrast cracks by the algorithm. The examples of

low contrast images are shownig-Eigure-4.3%,

(a) Original Images (b) Rating by Human Vision

Figure 4.31 Low Contrast Images



4543 Investigating of False Negative on the Mixed-Characteristic Input
Images
False negatives in the mixed-characteristic input images were investigated so as

to find the causes. Due to the vast amount of survey images, the input images were

ion. The samples showed that 80.31% of
t images which were not in the

scope crack images, the false

f
r Sul 0 - ng out of Scope Input Images
I'F = W\M‘&
i" Excluding Out-of-
,g\§a

Crack Images

Total " | 8boof) 10000% | 4944 [ 100.00%

Correct A4 530 4241 |  85.78%
False Negative & |, @789/[ 46.90% |  703| 14.22%

In Scope

-
N '. |‘- i
False’ w “lassified as classification

fault and crack delection fault” The tof: ar of false negﬁe images Is shown in
Table 4.9.

ﬂﬂﬂ?ﬂﬂﬂﬁﬂﬂqﬂi

ble 4.9 Causes of False Eagallua in Mixed-Characteristic Input | es
& L,

RN e |18 E

Crack Detection Fault 465 9.41%
Sum 703 14.22%




57

Crack type classification fault was one of the false negative causes. Although
crack identification phase needed knowledge from a professional inspector, crack
Identification by human rater leam was subjective. Because of the different knowledge
background, wrong classification might occur in some situations. The example images

of classification fault are show in Figura 4132

Figlire 482 Examples ri_f Classification Fault
Another false negative ¢ause was crack detectionifault where crack line was nat
detected. Causes of crack detection fault-withetotal number of images are shown in

Table 4.10. The explanations lerthe'caused were alf@ady described in prior sections.

Table 4.10 Causes of Crack Detection Faull-

Total Images
Gradient crack 257 5.20%
Thin grack 154 3.11%
Grack cells found butloo seatter and 54 1.09%
cannot be grouped as cracks

Sum 465 0,479




CHAPTER V
CONCLUSIONS AND RECOMMENDATIONS

This chapter draws conclusions

the research and also includes comments

and recommendations of the igori

5.1 Conclusions

This researg k in asphaltic concrete

road surface image glgorithm was tested with

pavemenl images

forn “‘h ground resolution of

approximately 7.8 m acks which appears in

an image as craci used in this research

crack was 9x9 pixe # Jimage" prac in or \ el Centrino Duo 2.16 GHz
computer with 1GB'RAM: The ¢ s of the research are as follows.

1. The algorithim e first phase, called the pre-

processing phase, helped ehhance jages. The second phase was the

crack segmentation pha: “'E*:-*,, racted jects from the output of the first

Lt

phase. Next, theln , 0iSe ifon) the second phase.

Finally, the crackd ‘Hi;’_‘ ypes.

s

2. The ﬂlprocessing phase used morphological tﬂniquas to improve the

inputﬁes. Dpenﬁgﬂd c!usini techn'rqua”era a;@md in order to make the crack

T WETY
PRSI N ATA.

problems. This part reduced the number of conditions to indicate crack cell in order 1o

lines

reduce noise. It also increased the analyzing areas on an image by processing the

image in an overlapping way. The second part was the crack cell verification phase
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which used the assumption that all the crack cells should have crack pixel arrangement
closed to the imaginary line. This feature significantly improved the accuracy in
extracting crack lines on a pavement image with non-uniform illumination and strong

texture.

ase. This phase introduced an

image processing featu for noise remo m the second phase. Unlike

wias urmm size and dispersal. The

gravitatione dhis feature was applied to

other types of noise
feature was based.on

objects for keeping amBk objEtis stharatedifiom noise, Aetapplying the feature to the

5. The lagfphasé ofine sosed.algorithm was he erack identification phase.
In this phase, the cgacl attsf n ‘phas J\ grouped together using
convex hull techpifiue. Cr .r : d be extracted and used to classify

crack types. Howevefy thig phase needed knowledge from professional inspectors to

6. The accuracy of IF was measured by applying the

algorithm to thedn g 4;;_" g to the research
scope. The meds| 1 L‘J 7% false negative.
Images with oil 5

Eens F mnegath.re is caused by
segmentation phaSe that can extract crack cell but too scatter 18be grouped as crack.

A L VNS WG

prupus approach was applseﬁ to pavement images from the survey in open

o} fabo) e‘&‘ﬁ*‘iﬁiﬁmwﬂwﬂ

q positive of 6.2% was achieved. Images with ol strains, object, and other type of distress

are the cause of false posilive. False negative is caused by gradient cracks,

classification fault and segmentation fault as described in previous section.



5.2 Contributions
This research can be Epplied to an aulomatic crack detection systam in arder to

find crack size (bounded area) and its position within images with the performance of

reliable crack detection IS research. Automatic erSemi-automatic crack detection
| 2 )0 -crack pavement images
and pay attention.iost tlon"Gi'the datasel contalnifigieracks. Distress rating time

can then be reduc g50lt Within a range of aeeuracy can be achieved.

This reseaft as develo ingde constraints. of most asphaltic concrete
highway pavement cgnditigns i ‘might natibesuit bleifor all cases. The limitations of

this research are a8 follgws.

ragk lines which appear in the
images as darker strip pixelSg ot er cra ppearance, €.q. white crack lines,

crack lines with lighter inte 0 the b c gradient crack lines, crack lines

2. Sinc

ﬁ props : ‘can ras%hveen crack lines and

background, wel pavement image must not be used

A W BENIH ARG o

hlghwaﬂwament image dataset already on hand where a pixel represents about 1.8

q Wi Ay

Gﬂnrguratlon may not give the accuracy within the range of this research result.
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4. In addition, crack characleristics were defined that crack area must be more
than 100 pixels or 3.24 square centimetres, or 100 pixels or 18 centimetres in width
or/and height, Otherwise, the objects detected would be judged as noise. Real use of

this algorithm should follow these constraints.

54 Comments and

When applying,.lie proposed algori rﬁxww data, several issues

should be conside

limitations and to give'BetiepBceliey. T _. e issues are described below.

‘this research, survey

should be done ig@uUNnydays. Fhe pavem st Je dry and the pavement should be

[)e "'n,.

2. itions mentioned above, the
survey data should be Mlewe fandomiv-B an 19 judge the quality of the input
images. If the pavement imad --;-=.:w-—-r-=: WY J& algorithm constraints, they shall be
processed by the algo nﬁ’?":{ 0 '_-,,,_5_:" as. Otherwise, the crack distress

should be judged b A

3. Charﬁg grid Srack detection algorithm. Since
J " ¥
crack lines that can be detected by the proposed algorithm depend on the grid cell

to dataMnly one size;if crack width. As a result,

L XU TRt

ARIAIN TN INAE
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Appendix A
Experimental Results

This section shows the expe u E

to mixed-characteristic |np_ “} f # ay survey. The experiment used
grid cell size of 9x9 to findel

used are shown belGi.
1, Crack ase@a'ilist Dedfeater than 100 pi _5;‘ i2d square centimeters
2. If boupe
width and height, the

esulls of applying the proposed algorithm

classﬂy the crack type, criteria

els ar 18 centimelers in

3. If bouno edarea | d Crad '-'”‘ by -..‘ T':.,“ 5 ar 18 centimeters in width

or height, the crackwill
4. Otherwise

The experime
In the first part, thé expérment- -';'m__._“ o | -\" rack detection on clean input

r" 3
images. The measurement s shown

gl T
measured accuracy of cra *f—'i"u;\ -'

shown in false ; ¥

ﬂ'L!El’JVIEWI‘ﬁWEI’]ﬂ‘i
Qﬁ']ﬁﬁﬂ‘imﬂ‘iﬂ']’mﬂ'lﬁﬂ

;cording to input images types.

ds-shown ir fale ve. In the other part, the experiment

mages. The measurement was
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Table A.1 False Positive in Mixed-Characteristic Input Images
Clean Images
Route Type Image Crack Found Crack Not Found

To-!a1 A (False Positive) {Correct)
Route 1 | Crack Distress 35877 | &?4 662% | 33503 | 93.38%
Interconnected Grack 37533 | 4 M 6.03% 35,269 93.97%
Linear Crackssm 39,591 “Bladee 752% | 36613 | 92.48%
Route2 | Crack Distress 20,122 1547 | 769% | 18575| 9231%
:nuercunneﬁ'e?mf 20,217 1,522 7.53% 18,695 92.47%
' 21,041 1,703 8.09% 19,338 91.91%
Route 3 J 12,106 208 1.72% 11,898 98.28%
f f.-'frl 13,009 | 191 1.47% 12,810 98.53%
. .12.4.Ei. 265 2.13% 12,204 97.87%
Sum 4 efa:rui 4 4120 6.06% 63,976 93.94%
R 5.62% 66,774 | 94.38%

3. 1014 6.77% 68,155

|; Correct @ False Pnl-'lru_]

Figure A.1 False Positive in Mixed-Characteristic Input Images
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Table A.Z False Megalive in Mixed-Characteristic Input Images

67

Clean Images
Route Type Image Crack Found Crack Nol Found
fou (False Positive) {Correct)

Route 1 | Crack Distress 5488 3157 |  57.53% 2331 | 42.47%

Interconnected Crack %ﬂsﬁ r 1596 41.65% 2236 58.35%

Linear Crack f'.-'M /;"' 67.81% 571 32.18%

Route2 | Crack Distress 1031 [ w086 | 91.76% 85 |  B8.24%

Interconnected Grack: 9% 61|+ 70.62% 275 | 29.38%

Lincar U 1 112 77 | 788.75% 35|  31.25%

Route 3 | Crack A %2 848 | 6513% 454 | 34.87%

Interconn | Crack _.'l. 407 170 41.77% 237 58.23%

LineafCrack 4 - 939 | 534 56.87% 405 43.13%

Sum | Crack Disfress . 7821 4951 6330% 2870 |  36.70%

interconneciéd Caick " |, (5178 | 4 2427 46.90% 2748 | 53.10%

Linear Craek £ 1814 | 6421% 1011 |  3579%

b 1 [« ks 4
I -, - L
100% ki Tl

0%
BO%
T0%
60%
50%
40%
30%
10%
0%

Run &

Crack Distress

Run 7

[“I-E::rract @ False Negative |

Figure A2 False Negative in Mixed-Characteristic Input Images




Table A.3 Investigation of False Negative in Mixed-Characteristic Input Images

Excluding out-of-scope Images

Interconnected C ack Lipear Crack Human Fault

Route 1

16

Route 2

Route 2

78

Sum

Table Ad Inygstiga

m

Route

Crack Cedl Found
but Cannat be
Grouped as Crack

Route 1

b | T

Intﬂ connecied

Route 2

Sum

il +

Interconnected

7
2
7
1

25

12

54
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Appendix B
Publication

“Crack Detection on Asphall Image Using Enhanced Grid Cell Analysis"

was presented in 4th IEEE Ir
Applications (DELTA 2008

um on Electronic Design, Test &
. gid at Hong Kong University of
Science and Technolo H- _ ,.;,lat=~..-..zna.=-;r’:-- 2008. This paper was
published in the proceed =

]
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Crack Detection on Asphalt Surface Image
Using Enhanced Grid Cell Analysis
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This  paper  presenis’
techniques based on grid
detection on non-uniform
texture images. The

Cracked Cell Verification :
detection when a grid cell hag's

strong fexture but does nolire:
cracked line. Good accuracy
lines on a pavement image
illumination and strong texture
13% and 21% of false positive a
respectively.,

1. Introduction

Highway managefe
for estimating the
maintenance plans. L
correct data is essential. - incorre
data can envisage ::Ir::um!l ces that would caus
grave financial distress local, regional, and

national governments, g
When looking at the area o ement distress,
visual inspe u i i

consuming, 1 ma al
inspectors, and is_financially” re -

distress  classifigation  and  measurement  are
subjective. Two mspecmrs may give different reﬁll,s

areover,

wering, Chulalongkorn University

0, Thailand

- and resolution.  The bigger
re tendencies to have non-
on an image.
*ﬂlll}f of images, a research [2]
he use of line scan cameras with
o give uniform illumination and to
adow in the images. Because one strip or
ixel was captured with enough light,
“dmages were uf good quallty with

ough, line scan seems to give beter
_rl'ace images, many old systems
5. Also, the need for bener
jor area scan images can
lo re-extract cracking
d*images. For example,
icks grow as time passed by
‘am.urat: cracking information from archived
images. Therefore, suitable crack detection algorithm
for area scan images is still necessary,
Many crack detection techniques have been
el an i tion system with
‘ algarithm for detecting cracks in a
el 131" d So Laplacian operators to
find crack edges. It also applied a graph search
method h:l a cracked line using qu.‘palnu in an

ST R

monitoring systems were applied. An awtomatic
system [1] can be separated into two phases. In the
first phase, the system collected road surface images
using a camera installed on a survey vehicle. In the
second phase, an automatic processing of collected

system was applied to the indoor structure, e.g. a
road tunnel wall, or a subway tunnel wall. The
characteristics of these walls were different from the
characteristics of an asphalt surface.

Artificial Intelligence is another technique used
to find cracked area. For instance, a method using
artificial living system [4] was proposed to remove



(c) (d)

Figure 1. Exampledmages with
Hlumination and Textuze Problems

noise, oil stains, and dark spets. A study hy
Tomikawa, was based on the basics of appropriate
template matching controlled by a genetie algorithm
[5]. Neural network was used to identify cracks by
analyzing images extracted from video sequences
[6]. Most artificial Intelligence gchnigues give good
results, However, those techniques need alarge
training data set which takes a lot of Time to
construct and the training time is very lopg

In 2006, a wavelet-based image” processing
method was also applied in automation- for crack
detection on pavement surface image [7]. The idea of
using wavelet-based was o define the most adapted
mother wavelet function  for various pavement
textures. In the samé Sears—Huang—and—Xu—{8|
presemted an image. processing algorithm for
inspection of pavement Cracking. Their research
consisted of three main Steps. The first step was
called grid cell analysis=(GCA). In this step, the
pixels that were chosen as cracked cells were
regarded as a crack seed. Thesecond step verified a
crack seed by, using the contrast ofithe erack seed 1o
its neighbourss The last siep was crack ‘clusier
connection. This §tep cennected individual seeds into
seed clusters fofiarack identification in a later phase.
Mevertheless, this algorithm is suitable for images
from
line \scan' canicra With uniform “artificial Jight In
addition, this soluion needs preset thresholds that
are not suitable for nen-unifornt illumination images:

This paper proposed an algorithm for crack
detection on asphalt surface images. The method is
based on a grid cell analysis which divides an image
into grid cells and extracts cracking information from
each cell. This method has strong effect on non-
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uniform illumination images and strong texture
images

2. Crack Detection Difficulties

There are two major difficulties in a crack
detection process. The first difficulty i1s due to a
survey with an area scan camera in an open
environment where the light condition is a
considerable problem. There is a lot of unavoidable
shadow and shading in the images. Figure 1{a) shows
unavoidable shadow from surrounding, e.g. tree
branches.  Figure I1(b) shows shadow from the
survey vehicle. Moreover, an area scan camera
cannot give uniform illumination images, even if
there i1s ne shadow. The image with illumination
problem is shown in Figure 1(c)

The secend important difficulty is due to the
pavement texture. From the hypothesis, a crack is a
narrow sirip of pixels whose intensity is perceplible
darker than the surrounding background. However,
strong texture makes cracks and background blend
together, which is shown in Figure 1(d). Gradient
crack, @ cracked line with low contrast to the

neighbouring background, is another example. It is

easy for human to define gradient cracked area, but
difficult for image processing.

3. Grid Cell Analysis (GCA)

In GCA presented by Huang and Xu [8], a
pavement image was divided into grid cells of 8x8
pixels and each grid cell was classified as a cracked
or a non-cracked eell usimg the grayscale information
of the border pixels as shown in Figure 2.

Fhe-firstcolumnii Figure 2 shows the original

_

Figure 2. Grid Cell Attributes in
Pavement Image



image, the second column shows the enlarged grid
cells and the last column shows the border brightness
profiles where two strips represent one side of the

grid cell.
A cracked cell is identified by comparing its
features from cracking information 1o presel

thresholds. Cracking information includes the length,
the width, and the contrast of a dark object. It also
includes mean brightness, minimum brightness, and
the presence of a dark strip within the cell, which is
the valley in the border brighiness profile. When a
cell does not contain a crack, its border profile shows
no apparent valleys as shown in Figure 2(a). In
Figure 2(c), the border profilesshows two sharp

valleys, indicating the crossing painis.of a.crack on.

the border. Figure 2(b) shows only one-significant
valley in the border grayscaley$o the cellmay have
an edge crack. The result of the gridieel! amalysis isa
seed point which is the darkestSpot inahe cell,

4. System Configuration
4.1. Hardware

The survey system used jn{l_,ﬁis paper copsisted
of an area scan camera with a sﬂ!,;_lﬁmyfnl”‘l 024.x
960 pixels. The camera covefed approximately |.86
x 1.75 square meters with @ ground reselution of 1.8
mm/pixel.  The image pmccss{ﬁg ran on an [htel
Centrino Duo 2.16 GHz mmpqﬁ' w'tglleE RAM,

add
"
4.2. Grid Cell Size JE=;

Grid cell size selection is important for grid cell
analysis. It strongly depends on erack siZe in terms
of pixel width, Bigger orismaller grid cell size may
not show enough informalion of cracking Figure 3

1

1
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big. It gives many valleys, thus the crossing points of
a crack on the border are indistinct. The proper
profile should have two clear-shape valleys as shown
in Figure 3(b),

The grid cell size is also related 1o the crack
width or the width of the dark strip. The proper grid
cell size should be approximately triple of crack
width. For example, five-millimetre crack appears in

Can image from this system as 3 dark pixels in strip

width, So the grid cell size should be 9 pixels in
w';.dﬂhgd height. In this paper, a grid cell size of 9x9
witsiscds

5. The Proposed Approach

The proposed approach can be separated into
three phases: The first phase is the pre-processing
phase for improving the original image. The second
phase, called the Grid Cell Analysis Chain, handles
shadow problems. The last phase is the Cracked Cell
Werification, which puarantees the cracked cells, The

. algorithm of this approach is shown in Figure 4.

=it
Bﬁ.ﬂfr&pmtﬂﬂng Phase
.-'; Generally, the asphalt surface images from a

slryey camera have faded and disconnected cracks,
“and too many dark and white spots. This situation
.f.ﬁe lexes the algorithm to find the dark strip objects.
I Grder 10 enhance the cracks, ie. to put them
togethers and 1o remove noise, morphological
éﬁ' Hﬁéds in grayscale images are applied to
improve the original image. This technique connects
_lhﬁ-w‘ﬂ,!rﬂgiﬁels together, and removes isolated dark
spols.

shows grid cells above the same cracked area in an

image. The grid cells"afe shown in three different
sizes with their corresp@fiding border brightness
profiles. When the grid cell is too small, as shown in
Figure 3(a), there is no foticeable valley in the
profile. Figure 3(c) shows the gell whose size is too

e e — B

A |

b S

[ s i =

(a) (b) ()
Figure 3. Diflerence Grid Cell Size
with its Border Brightness Profile

Figure 4. Enhanced Grid Cell Analysis
Flow Chart
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Figure 5. Grid Cell Attribute above
Edge of Shadow Area

5.2. Grid Cell Analysis Chain

From GCA, the pavement image is divided into
grid cells which are classifiedsas eracked or non-
cracked cells. In contrast to GCA which nceds preset
thresholds, Grid Cell Analysis.Chain yses the border
brightness profiles with Hill climbing technigue to
find the valleys in order to handle the non-uniform
illumination images.

In many cases, a profile with onfe significant
valley is not always a geracked eell” when
implementing with shadowand shading images. +As

shown in Figure 5, the grid cell govering the edge of

a shadow area gives a profile that loaks like an edge
cracked cell in Figure 2(b). To aveid this problem,
instead of using two cases of profiles to indicate a
crack cell, the profile which might be the crack cell
must shows only two considerable valleys, otherwise
it is likely 1o be non-crack cell.

However, the above method would climinme the
cells that have edge crack. Double checking on
images is necessarily applied. After divided imo grid
cells, the original image is divided agam. in
overlapping area as given in Figure 6. FHis-method
can extract the cracked area and keep it away from
the edge of shadow.

Figure 6 shows| dan overlapping area over
different surfaces. Figuré 6(a) is an image over a
cracked area while Figuré&hib) is an image over a
shadow area. Both profiles in the left side of Figure 6
look quite similar with one“significant valley, which
means they are non-crack _cells. Consequently,
cracked area in Figure 6(a) is ignored. After shifting
the cell, the right profile in Figire 6(a) shows two
significant valleys while the right profile in Figure
6(b) shows only one. "Tharsis, the“cracked areq in
Figure 6(a) is extracted, whereas the shadow area is
not.

5.3 Cracked Cell Verification

Strong texture is another problem that reduces
the accuracy. Figure 7 shows a non-cracked cell with
a profile which is similar to a cracked profile.

From the basic concept, a border profile which
shows two sharp valleys indicates that there are two

(a) Cracked Area

(b} Shadow Edge Area

Figure 6. Grid Cell Attributes with
Overlapping Grid Cells

grossing points of a crack on the border, but it does
notl guarantee that a cracked line is in the cell. To
ensure the cracked cell, it would be verified. If there
are. dark pixels arranging in a line between two
valleys, the cell is verified as a cracked cell.

The distance  between dark point plx, v)
and the imaginary-line between point g(x,y ) and
point g(x_, ¥, ) is shown below.

d= \f'[-r -x.) +(r=y.)
Where

mox, —my, +my+x

m+1
nix, — mx, + y,
S ¥

i, — X,

Y-

m=

To werify the cracked cell, all distances
between each dark pixel to the imaginary-line must
be. within (the icrack . Sizés. Figure 8 shows
arrangements of dark pixels and the imaginary-line.
The dark pixels'in Figure 8(a) are not adjacent to the
imaginary-line whereas the dark pixels arrangement
in Figure 8(b} closely resemble to thegling.

Figure 7. Grid Cell Attribute with
Strong Texture




(b) Cracked area

Figure 8, Grid Cell Attributes with
Crack Arrangemeni

6. Experimental Resulis

Applying former GCA 1o sample images, the
result images are shown indFigure#.6(a). There are
too many noises appearing in thelresult images from
strong texture and shadow problems After applying
the first technique, Grid Cell Analysis Chain, to the
sample images, the noises [rom the shadow arc
disappeared while the noises form strong iexture are
still in the result images as shawn in Figure 4.6(b)
Finally, both techniques are applied to thesamiple
images. From the result images shown in Figure
4.6(c), this approach can extract cracks from “the
sample images and result in less noise.

Compared to another algorithm, the-appraach in
this paper is more insensible to light-condition.
Figure 10 column {a) shows the resull images
implemented with this approach, and column (b)
shows the result images injplemented with the Huang
and Xu algorithm [81-The sample images have
different brightness and Some have low contrast,
Both algorithms were applied with the same
parameter to those images. The results which applied
by the proposed algorithm wege satisfactory, while

the other gives the best result inihe first image of

Figure 10. Infthe other imageés, it gives unsatisficd
results.

Moreover, the 'proposed approach has-been
applied to 3,676 asphalt road images from different
environment  with strong texture and shadow
enwironments in-grder-to measure.the.accuracy.  T'he
input images alsa comaimother types of distress, i.¢)
ravelling surface and jpoor paiching arga which' give
too-gtrong-texture images. Furthermore, the input
images include poor illumination conditions which
give low contrast images. Input images are classified
into two categories by human inspectors, cracked
and non-cracked images. This experiment used grid
cell size of 9x9 to find crack size of 5 mm. The
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Table 1: Testing Result on Asphalt Road Images

Total | True | False
Non-Cracked 2,037 | 292
2,329
Images 87% 3%
Ci
racked 347 1,061 286
Images 79% | 21%

results are shown in table 1. This approach gives
13% wof false positive, 21% of false negative in the
summagy results,

7. Conclusion

This _paper introduces image processing
techniques for crack detection in asphalt surface
images. This paper is based on Grid Cell Analysis
(GCA) technique to classify cracked cells. The
approach consists of three phases. The first phase is
the pre-processing phase which improves original
images. The sccond phase is the Grid Cell Analysis
Chain which solves shadow and shading problems,
This phase decreases the number of conditions for
indicating cracked cell in order to reduce noise. It

(c) Applied Grid Cell Analysis Chain
and Cracked Cell Verification

Figure 9. Examples of Result Images



also increases the working areas on the image by
dividing the image in overlapping area. The third
phase is the Cracked Cell Verification which uses the
assumption that all the cracked cells should have
crack pixel arrangement closed to the imaginary-line.

The measurement results were satisfactory
with 13% and 21% of false positive and false
negative respectively. Thus, several images, in the
case of which the system shows no distress, can be
skipped. Human inspectors can focus only on
images with distress results. Therefore, this
algorithm helps reduce human work in a survey, and
gives more accurate and reliable data to highway
management system.

(a) Proposed Approach  (b) Previous
Approach
Figure 10. Experimental Result Images
Compared with Previous Algorithm
with Same Variable Values
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