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Abstract

Nowadays, an important task is to evaluate the pavement condition, in order
to perform necessary works for keeping the road safe. Performing such kind of
surveys and calculations on the roads only by humans is ineffective not only
concerning time but it also requires more costs and may be unsafe for pavement
condition inspectors. In this paper we introduce an automated monitoring system,
which can classify cracks and artifacts from pavement video images and illustrate
the processed images results during image acquisition. Firstly, a threshold value is
counted using the image histogram. Then, image processing operations are applied,
namely binarization and segmentation on each frame. Afterwards, the image is
filtered from small segments which don't contain crack information. Finally, the
defect percent of each frame is counted and displayed on the graph real-time, where
areas with cracks are distinguishable for pavement management operators. This
information is helpful for pavement condition rating. Experimental data were from
real road images in Armenia.

Keywords: Pavement, Crack, Automated quality monitoring, Binarization,

Segmentation.

1. Introduction

In pavement management there is always a need of surface quality assessment. It requires image
acquisition, image processing, distress evaluation. Before 1980, all these inspections were
accomplished manually [1]. Doing these kinds of surveys and calculations on the roads only by
humans is ineffective not only concerning time but it also requires more costs and may be unsafe
for pavement condition inspectors. Also this method of field inspection poses several drawbacks,
such as: slow, labour intensive and expensive, subjective approach generating inconsistencies
and inaccuracies in the determination of pavement condition; inflexible and not providing an
absolute measure of the surface, it has poor repeatability since the assessment of the given
pavement section may differ from one survey to another, could expose a serious safety hazard to
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the surveyors due to high speed and high volume traffic [2]. Thus, over the last decades, a
demand of automated digital imaging systems came out for pavement quality monitoring.
Nowadays, this task can be automated with noninvasive techniques to be more comfortable, less
dangerous for employees and users of the road but also more efficient and less expensive than
manual methods [1]. Also with an automated image processing system, processing of survey
images may be done more accurately and objectively.

Pavement quality is characterized by many factors, including the surface deflection from
regulated standards as well as different types of defects, caused by regular pavement
exploitation. Crack is the most common distress type of asphalt pavement, which is classified in
4 main types: longitudinal (linear), block, transverse, alligator. Types of cracks are shown in
Figure 1. Crack has three characteristics: darker than its surrounding (because of crack form,
many light rays cannot be reflected from crack to camera); continuous (crack can be thinner than
aggregates but it is always longer than them); dominant orientation (on all length of crack or on
each segment) [3].

Longitudinal Transverse Block Alligator

Fig. 1. Main types of pavement cracks.

Crack detection is a difficult task, because most of the time it is represented weakly on the image
and depending on pavement texture, may be low contrasted. In case of low contrast, pre-
processing operations are needed, such as image normalization and equalization.

There are various automated systems for crack detection, assessment, classification [1-5]. A
typical pavement management system consists of image data collection, verification, processing
and analysis. In [3] an automatic crack detection and classification are introduced, which can
detect small cracks as 1Imm in width, joint and bridged types of cracks. First, pre-processing is
applied to images to remove lane-marking. Then an anisotropy measure is calculated to detect
road defects. Finally, a back-propagation neural network is used to classify the images into four
classes: defect-free, crack, joint and bridged. Although, in that work, the road images are labelled
by human operators. In [4] a method for automated detection and assessment of potholes, cracks
and patches from video clips of highways is proposed. In that method, potholes, cracks and
patches are detected and quantified automatically using CDDMC algorithm.

Several devices are also developed, which monitor condition of road surface speedily and
with better quality of data. Known examples are CSIRO’s road crack detection vehicle, and
Roadware’s WiseCrax, crack detection system. Unfortunately, by the commercial nature of these
systems, information on their algorithms of image processing for the crack detection is limited
[6].

As described above, the main difficulty of effective detection of abnormal pavement areas
(in particular - cracks) is the variability of image characteristics (such as brightness, contrast,
etc.). So, any method of automated pavement abnormal area detection should have enough
flexible algorithms, which will be adaptable for concrete conditions under which the monitoring
is executed. Previously, we developed an image morphological analysis technique [7], which
allows to classify cracks and artifacts on each frame by using special procedures.
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In this paper we propose an automated pavement quality monitoring system, by using
statistical analysis methods on pavement image segments. With this system pavement manage-
ment operators will be able to easily detect distressed areas real-time and rate the pavement
quality.

2. Image Processing Procedure for Pavement Quality Assessment
The main ideology for pavement quality assessment, by means of photo or video processing,

relies on researches of morphological properties of processed image. This kind of processing
includes known algorithms of binarization, segmentation, edge detection, etc.
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Fig. 2. Work concept of automated system and image acquisition vehicle.

Figure 2 illustrates a short scheme which includes the main steps of proposed procedure for
pavement quality assessment. The proposed monitoring method is based on the following
operations: image acquisition, threshold selection, binarization, segmentation, filtration, crack
detection, pavement quality assessment.

Short descriptions of the mentioned procedures are given below.

Image acquisition. Images are collected from the roads in Armenia with size 320x240. The
camera is mounted on the special car (as it is shown in Fig. 2) which contains a mounted camera
on it and a powerful light illumination which will make image pre-processing operations, such as
normalization, equalization, etc., easier. Depending on driving speed the frequency of shots is
counted the way that all images together cover the whole canvas of pavement. In order to apply
our image processing methods each frame is converted into 8 bit grayscale image, processed live
and also stored in the database. The captured data is sent to image processing software, which is
described in the next sections.

Threshold selection. Usually, cracks and potholes in pavement images are characterized by dark
intensity values, which are also noticeable from histograms. In order to detect them we use
image processing methods such as binarization and segmentation. For image binarization we




62 Video Based Automated System for Pavement Surface Quality Monitoring

need to find an optimal threshold value, for extraction of foreground in the image. An example
of pavement video images with and without a crack and their histograms are shown in Figure 3.
As it is visible on histograms (c, d), pavement images contain only one mode, which makes it
almost impossible to separate cracks from background using the known threshold selection
methods (such as Otsu method [8]).

c d

Fig. 3. Images with and without crack and their histogram.

There is a small difference between histograms with and without cracks, but it's not possible to
definitely detect cracks just by histogram difference, especially during automated image
processing.

In this paper, we count threshold using a, generalized parameter, which defines the portion
of "black™ pixels inside the image pixels array after binarization. By using the a, parameter we

preliminarily fixate the array of pixels, which are connected with each other and form all the
"black™ segments of the image. Depending on pavement structure those segments will be
classified as cracks or artifacts.

Binarization, segmentation and filtration. Following [7], on each frame using its t, threshold,

we apply binarization. The t, threshold is counted according to o, value from pixels intensity

histogram of the relevant image. Then full segmentation is applied to binary image. A segment is
considered an array of "black™ pixels each of which has at least one neighbor pixel from the
same array. Notice that in the end the problem of segments classification boils down into search
of threshold value of segments sizes - T, which will split the segments into cracks and artifacts.

Segments which have less pixels than T, in total characterize the pavement surface which
doesn't contain cracks, the rest characterize cracks on the pavement. Threshold value T, may be

counted in a couple of ways depending on various conditions. In the paper the simple method of
"three-sigma limits" is used, i.e., Ty = fi,, + 36, formula is applied, where i, and &, are values
of mean and standard deviation of segment sizes. After countingT,, the segments smaller than
that value are removed from the image.

Crack detection and pavement guality assessment. After these operations we have all the
necessary information for counting crack area inside each frame (D%)

K
D% = %*100,
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where K__ is the total count of "black™ pixels of all segments after filtration, N - count of all

seg
pixels of the image. After applying this processing on all images of video sequence and adding
D% to the chart, we can monitor and distinguish areas which contain cracks.

A. Developed software

An image processing software is developed based on binarization and segmentation
algorithms [9]. It can be used for crack detection and assessment from static images [7] as well
as for processing video stream images of pavement and its quality monitoring. Currently, the
following operations are available: extract pixels matrix from images, build image from pixels
matrix, automated threshold selection based on selected o value, binarization, segmentation,
segments filtration based on minimum and maximum input values of segments, results
exportation(.xIs(x), .csv) as well as video stream images processing and building live chart
which shows defect percent of each frame. All processing operations require 8 bit grayscale
images. Interface of the software is shown on Figure 4. Video stream processing example results
are shown on the next section. During video images processing, the software is able to send each
result data chunk to remote server. It can be useful if there is a need for a remote data
examination or it is required to see the results from more than one location. The image
processing may be done in the following ways:

> Static image processing. If o, is defined, binarization threshold and segments min-length

for filtration (described above) are counted automatically. It's also possible to input all
those values manually. Software will output detected crack, total count of segments and
defect percent.

> Video stream processing. Takes input parameter o, , outputs each frame detected crack

image, defect percent and builds live chart (Figure 5) and stores results in the database.
For more accuracy it's also possible to change the factor value 4;,. The software was developed
using Java programming language.

£ Crack Detection

File Operations

a:| | Threshold : | Segments max size: ,-

| Segments min size: |

Fig. 4. Software state during processing.
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3. Experimental Results

For illustration of achieved results a chart is shown in Figure 5, which represents D% values of
128 images from the same video sequence. The chart is being built on-time automatically during
Image acquisition and processing. As you can see from the chart, D% takes smaller values on the
first images and high values on the last images. Those values represent small and big cracks,

respectively. Depending on intensity variations on some of the shots there can be several jumps
on the charts, which can be ignored.
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Fig. 5. Pavement monitoring chart.

The corresponding image examples are shown in Table 1 (row 3). On the first row of the table
frame numbers are shown. On the second row the distances from the beginning of image
acquisition are shown. Images after all steps of processing described above (binarization,
segmentation, small segments filtration) and defect percent values of each frame are shown on
the fourth and fifth rows, respectively.

Table 1. Processed data during monitoring.

Frame N 1 20 40 60 82 90 100 110 120
Di‘ztrﬁ;ce 5 75 1025 | 1125 | 125 13,5 15
Image
Binarization, . TR ¥ * =
Segmentation . " } ™ - -
Filtration — ' R § \H T
D(%) 0.03 0.2 0.02 0.04 0.2 0.9 1 0.7 0.3
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4. Conclusion

Proposed automated system is based on image processing algorithms such as binarization and
segmentation. It can be used in pavement management for surface condition monitoring. On real
experimental data it is shown that by using this system it will be easy for pavement management
operators to distinguish areas which contain cracks or other type of pavement distresses.
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Stuwtjupuwhwtidwt Ypuw hhuttws wjunndwuwnugdws
hunfwlupg Ewhwuwphwihi Swsynyph npuljh hulynd
hpujutwgtbint hwdwp

Q. Zulnpjule
Udthnthnid

Utp optpnud Juplnp puughp b wbwwyuphughll swslnyph npuljh qhiwhwinnudp
Swuwwywphtubph  wbdunwigmpmniip b wpynmibwdbnnipniip wwywhnybnt
tyuwwnwlny: Ldwb wrwwnwbpubph hpwlwbwgnidp wpwig hwdwwyuwnuuwh
nbpjuhjujwt dhgongutph dudwbwluwwnwup kL, wwhwionid L dkS Swjpuubtp b
Juutquynp Lt swihnudubp hpwjwbwgunn wbdtwluqudh hwdwp:  Zonduénid
wnwownlymd £ wyunndwunwgus hwdwljupg, npp htwpwynpmipmit £ wnwhu
nbhuwtjupuhwidwt  ogunipjudp Jwbwwywphwyhtt  Swoynyph wwwnlkptbkphg
huyntwpbpt] Swdynyph wpwwnubpp b hwdwywunwupwt  dywljdwt  dhengny
guwhwwnt] swdynyph npulp: Upyniupubpp wpnuyuwntpynid Bt hwdwlwupgnid
nbnuljuyjws hwdwlupgsh Eypwth ypu:

ABTOMATH3MPOBAHHAN CHCTEMA KOHTPOJIA KAYeCTBA JOPOKHOI0
NOKPBHITHS Ha OCHOBe BUIe000paboTKu

T'. Axonan

Annoramusa

B wamm mHM, A obecniedeHUs KadecTBa M A(H(HEKTUBHOCTH TOPOIKHOTO TOKPBITHSI, BAKHBIM
BOIIPOCOM SIBJISIETCS OLIEHKA COCTOSIHUSI TIOBEPXHOCTH IMOKPHITHA. Takoro pona mccieIoBaHUs
0e3 COOTBETCTBYIOIIUX TEXHUYECKHUX CPEICTB TPEeOYIOT HE TOJBKO OOJIbIIIE BPEMEHH, HO H
OONBIIMX 3aTpaT W MOTYT OBITb OMNACHBIMH Ui CHEIMAIMCTOB, KOTOPBIE IPOBOIST
UCCIieIoBaHMs. B cTarbe mpemiaraercs aBTOMATH3MPOBAHHAS CHUCTEMa KOHTPOJIS KaudecTBa,
KOTOpasi JaeT BO3MOXKHOCTH C IOMOIIBIO COOTBETCTBYIOIIEH 0OpaOOTKH BBISABIATH J€()EKTHI
JIOPOXKHOTO TIOKPBITHSI U OLIEHUTHh KA4eCTBO MOKPBITHA. Pe3ynbTaThl 0TOOpaKalOTCs Ha dKpaHe
KOMITbIOTEPA, KOTOPHIii BMOHTHPOBAH B MPEAaracMylo aBTOMaTH3UPOBAHHYIO CUCTEMY.



