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Abstract

Nowadays, there is a massive necessity to develop fully automated and efficient distress assessment systems to evaluate
pavement conditions with the minimum cost. Due to having complex training processes, most of the current supervised
learning-based practices in this area are not suitable for smaller, local-level projects with limited resources. This paper
aims to develop an automatic crack assessment method to detect and classify cracks from 2-D and 3-D pavement images.
A tile-based image processing method was proposed to apply a localized thresholding technique on each tile and detect the
cracked ones (tiles containing cracks) based on crack pixels’ spatial distribution. For longitudinal and transverse cracking, a
curve is then fitted on the cracked tiles to connect them. Next, cracks are classified, and their lengths are measured based on
the orientation axes and length of the crack curves. This method is not limited to the pavement texture type, and it is cost-
efficient as it takes less than 20 s per image for a commodity computer to generate results. The method was tested on 130
images of Portland Cement Concrete (PCC) and Asphalt Concrete (AC) surfaces; test results were found to be promising
(Precision=0.89, Recall =0.83, F, score=0.86, and Crack length measurement accuracy =80%).

Keywords Pavement management system - Crack detection and classification - Image processing - Adaptive thresholding

1 Introduction

Roads play a critical role in economic boom and expansion,
and they have significant societal benefits. Road networks
facilitate mobility and connectivity; they provide people
with easy access to employment, social, health, and edu-
cation services [1]. Thus, road infrastructure is considered
one of the most crucial parts of all public assets. Pavement
surfaces are subjected to deterioration and fatigue stresses,
which lead to pavement surface distress [2]. Factors such
as aging, traffic loads, environmental conditions, material
properties [3], pavement thickness, and pavement strength
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[4] play a significant role in the deterioration of the pave-
ments [5]. Cracks that appear on the pavement surface are
one of the early signs of pavement distress issues. Due to
the rapid propagation of cracks, they lead to most of the
pavement failure issues. Cracks reduce the local hardness
and cause blockage of the material [6]. Untreated pavement
cracks rapidly spread with aging, traffic growth, and severe
environmental conditions and threaten the road’s life-cycle
performance [7-9]. Pavement performance directly impacts
the maintenance costs [10] and safety; pavement repair and
maintenance strategies are crucial steps for ensuring the
health and safety of roadway systems and reducing traffic
noise [11-14]. Due to the significant amount of resources
and budget spent annually on pavement repair and mainte-
nance projects, reducing the inspection-related expenditures
and maintenance costs is a high priority for highway agen-
cies. If cracks are detected early during the deterioration
process, it can prevent further damage and failure [15] and
reduce maintenance costs. Overall, having a fast, robust,
and cost-effective algorithm for detecting pavement surface
defects is one of the most critical priorities for having a
robust pavement management system [8, 16—18].
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Using digital image processing algorithms for image
characterization and quantification is the current state-of-
art in many transportation areas [19-21]. More specifically,
in pavement research, numerous papers have introduced dif-
ferent methods to detect and analyze surface defects with the
help of digital images [22-25]. A digital image is composed
of numerous picture elements (pixels) that create a holistic
representation of an object. The area of each pixel is equiva-
lent to about 1/96 inch (~0.26 mm). Pixels are represented by
discrete numeric values for their intensity. The resolution of
an image is described in the pixels displayed in each inch
of the image.

In general, there are five categories of distresses defined
by The Distress Identification Manual for the Long-term
Pavement Performance Program (LTPP): 1—Cracking; 2—
Patching and potholes; 3—Surface deformations; 4—Sur-
face defects; 5—Miscellaneous distresses [26]. In detecting
pavement surface anomalies, cracks are highly important
because they are the pioneer signs of deterioration trends.
Pavement distress assessments are usually performed with
manual, semi-automated, or fully automated approaches.
In manual distress assessments, surveyors conduct a visual
examination of pavement distresses by merely observing the
pavement surface from the windshield of a moving vehicle
or walking along the pavement surface and recording any
surface defects. In semi-automated assessments, a point-and-
trace manual method is used at the workstation to analyze
the distress images individually, determine the type, and
quantify the cracks’ extent and severity [27]. The mentioned
approach is not time-efficient for network-level evaluation
and massive projects.

On the other hand, fully automatic distress assessments
use image processing tools to identify and quantify the pave-
ment surface distresses. After applying the method to the
input images, raters conduct quality control surveys to test
the software functionality and perform quality assurance
[27]. Two primary factors that affect pavement image pro-
cessing results are the calibration of distress identification
procedures and the type of the recorded distress [28]. Gener-
ally, the automatic detection approaches can be categorized
into four major groups [29-31]:

1. Filtering and thresholding-based algorithms are among
the most popular crack detection methods due to their
simplicity and efficiency [32]. Histogram-based meth-
ods use a thresholding algorithm on a histogram analy-
sis either with the Gaussian hypothesis or adaptive
or local thresholding. This method’s basis is that the
background pavement pixels can be separated from the
cracks based on global level statistics; however, this
idea does not seem to be promising as it is not always
true. Edge extraction is a filter-based method that can
operate by filtering either with a fixed or adaptive scale.
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Using fixed scales for the edge extraction is not suitable
for pavement crack detection because the crack width
changes along the crack length. Researchers use wave-
let detections with adaptive filterings like contourlets,
finite impulse response filter (FIR), Gabor’s filters, or
algorithms based on partial differential equation (PDE)
models for solving the problem. Safaei et al. introduced
the use of Gaussian cumulative density function as an
adaptive threshold in the weighted neighborhood pixels
segmentation algorithm to obviate the issue of using
fixed thresholds in noisy environments [31]. There are
also other methods used by researchers that are based
on autocorrelation filtering. In this method, targets of
the original image are compared with the targets that
represent cracks. Next, a similarity score is calculated,
which acts as a criterion for deciding about the crack
existence inside an image [29, 33]. Some other algo-
rithms are based on texture analysis. In these methods,
cracks are considered as noises inside the image texture.
F. Roli defined Conditional Texture Anisotropy (CTA)
in 1996 as a measure to distinguish the crack orientation
from other directions [34]. In 2009, Nguyen et al. calcu-
lated CTA values by taking pixel intensity’s mean and
standard deviation into account to separate crack pixels
from non-crack pixels [35]. The primary disadvantage
of using the threshold and filter-based methods is the
dilemma of how to select an appropriate threshold value
for feature extraction. Secondly, the results produced
by such methods have low accuracy due to shadows;
shadow pixels have similar brightness to crack pixels,
so they are usually mistaken as cracks [36].
Approaches based on morphological operations were
introduced by N. Tanaka et al. [37] in 1998; they
described cracks based on mathematical morphology
and stated that cracks could be represented as progres-
sions of linear saddle points. Although this definition is
partially true, it is not completely clear. In most cases,
there is a prerequisite of an initial thresholding method
for implementing the mathematical morphological algo-
rithm. In comparison with histogram-based analyses,
this method has a better performance in avoiding false-
positive detections. However, these algorithms’ primary
caveat is that the detection quality significantly depends
on the parameter choice, so they are considerably limited
in the application phase [29].

Machine learning-based approaches have caught lots of
attention during recent years as the image data size has
increased significantly. Machine learning-based methods
[38—40] have extensively contributed to the research in
pavement crack detection. Neural networks are the core
of trainable algorithms for crack detection; they have
proven to have superiorities over the threshold-based
techniques and morphological tools. As mentioned pre-
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viously, threshold-based methods try to identify crack
pixels from their background pixels by choosing appro-
priate thresholds. However, there is not such a require-
ment for learning-based methods. In 2002, Liu et al. [41]
applied a Support Vector Machine (SVM) algorithm for
detecting pavement cracks. Making robust classifiers by
manipulating the training data is the core burden of ML-
based crack detection methods. Manual labeling is a core
part of data training and validation; it is an error-prone
procedure that must be handled with extreme diligence
[36]. The main disadvantage of learning-based methods
is that building the learning step is usually accompa-
nied by a thorny manual labeling step, which does not
provide a fast and fully automatic analysis. In addition,
the algorithm typically needs to be trained on each sub-
image, and similar to the non-training-based methods,
they have difficulties detecting complete crack curves
over the entire image [32].

4. The purpose of model-based approaches is to incorpo-
rate the local and global properties of a crack into the
algorithm. It is accomplished by either performing a
multi-scale texture analysis combined with a minimal
path algorithm or combining geodesic contours to detect
interesting local points. The minimal path selection
method was first proposed by Kass et al. [42] in 1988.
The algorithm extracts simple open curves from the
image using both endpoints of the curve. This method
is utterly reliant on the pre-knowledge about the curve
endpoints. Kaul et al. [43] proposed a novel approach in
2012 that could detect the same image structures without
the need for comprehensive prior information about the
topology of contours and curve endpoints. Later in 2014
and 2015, R. Amhaz et al. proposed an improved algo-
rithm that selects curve endpoints and minimal paths at
the local and global scale, respectively [44, 45]; this pre-
vented false detection problems associated with assimi-
lating loops. In 2006, Paar et al. [46] proposed a novel
model-based crack detection technique using the idea of
the line tracing algorithm; this algorithm premises that
cracks are progressions of smaller lines that are linked
together. In 2010, Yamaguchi et al. [47] modeled cracks
using the fundamentals of the percolation phenomenon.
Percolation is a physical model that describes the liq-
uid permeation phenomenon. First, the method makes a
seed region; next, based on the percolation process, the
adjacent areas are labeled as crack regions. According to
K. Chaiyasarn [48], model-based methods are strongly
reliant on the operator input for building seed pixels, so
a considerable amount of prior knowledge is required for
crack detection. As operators may not be able to identify
the seed pixels, hairline cracks might remain unrecog-
nized.

Pavement analysis has passed a vast advancement in
recent years due to the deep convolutional neural network
(CNN) techniques [25]. Most recently, CNN is used for
image clustering at the pixel level, and it is used for image
segmentation purposes [49, 50]. In 2017, Badrinarayanan
et al. presented SegNet, a deep convolutional network
architecture for semantic segmentation [49]. SegNet con-
sists of a deep 13-layer convolutional encoder-decoder
architecture and is used for producing pixel-level labeling.
It has proven to be efficient, based on memory usage and
computational time [49].

In the area of non-crack distress detection and clas-
sification, Hoang et al. proposed an automatic method
for raveling detection in asphalt pavement [51]. They
extracted 34 features from pavement images using the sta-
tistical properties of image samples. They used a stochastic
gradient descent logistic regression method for classifying
images into two classes of raveling and non-raveling. Had-
jidemetriou et al. proposed an algorithm based on entropy
texture descriptor. Their algorithm detects 12 pavement
distress types, including potholes, patches, shoving, rut-
ting, distortion, raveling, and bleeding from the pavement
background using an adaptive entropy threshold value
[52]. Also, Yousaf et al. developed a top-down strategy
for detecting potholes from 2-D pavement images. They
categorized pavement images into pothole/non-pothole
classes using a bag of words technique. They used a scale-
invariant feature transform method to develop the visual
representation of pavement surfaces. Finally, they used a
combination of support vector machine and graph cut seg-
mentation method to train the words of pavement images
and localize potholes, respectively [53]. Although many
studies have been conducted on detecting pavement sur-
face anomalies such as cracks, a consensus is missing on
executing the best method for distress analysis of AC and
PCC surfaces.

In the crack classification field, Cheng et al. [54] and Ying
et al. [55] used direction indices of pixels and each direction
property for characterizing cracks. By taking advantage of
chromosome representation to encode different directions,
they represented cracks as binary sequences [32]. Tsai et al.
[56] and Lee et al. [57] classified cracks into five groups of
longitudinal, transverse, diagonal, alligator, and block; they
took advantage of neural network techniques and used buff-
ers to identify crack regions. Xu et al. used crack seeds and
clusters to label cracks as either longitudinal or transverse
[58]. After normalizing pixel-intensity values, H. Oliveira
et al. used block features to classify cracks into three differ-
ent groups of longitudinal, transverse, and miscellaneous
[59, 60]. The main drawback of these measurements is poor
performance in complex textures.

This study aimed to detect and classify pavement cracks
by building upon a tile-based localized thresholding
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algorithm that belongs to the first group of the described
methods. The main difference of the proposed method from
the methods described in the first category (thresholding) is
that in this study, thresholding is used as a preliminary step
to focus the main analysis on the areas with higher probabili-
ties of crack existence. This study’s main analysis is based
on crack pixels density and distribution inside the defined
tiles, which despite having similarities with the model-
based analysis, is original and does not directly belong to
any groups of the described methods. Similar algorithms
were previously used in [61, 62]. First, the original image
was divided into tiles with pre-determined dimensions. A
localized thresholding method was applied to binarize the
pixel intensity values inside each tile and filter out probable
non-crack pixels based on each tile’s average pixel intensity
value. Next, the connected components in a tile were deter-
mined, and the small objects were removed to reduce the
number of non-crack pixels. The adaptive median filtering
was used for the pre-processing stage; while maintaining
minimal degradation of sharp crack edges, it removes back-
ground noise caused by the pavement’s rough texture. Based
on the size of the most massive connected pixels, polynomial
evaluation and curve fitting were utilized to determine the
crack existence in each tile based on the crack pixels’ dis-
tribution density. Finally, section joints of the PCC surfaces
were filtered out from the detected cracks using the Radon
Transform algorithm. After completing the crack detection
process for numerous crack types, the crack curves were
drawn for longitudinal and transverse cracks, and their
lengths were measured. Based on the slopes of the crack
curves, they were classified as longitudinal or transverse.
Finally, to validate the results, the accuracy of the crack
detection and length measurement was evaluated by calcu-
lating the precision, recall, and F; score. Finally, the valida-
tion results of the proposed method were compared with
some other state-of-the-art algorithms. This method is built
upon the localized thresholding algorithms and is similar to
model-based techniques; it implements a tile-based analysis
and proposes shape metrics to detect and classify pavement
cracks. Unlike many of the methods studied in the literature,
this method is not limited to the texture type.

In contrast to the methods solely based on threshold-
ing, this study’s proposed approach is less susceptible
to threshold value choices because thresholding is used
merely as a preliminary step. Furthermore, this study’s
pixel density-based algorithm can successfully distinguish
between crack and non-crack objects such as shadows. In
addition, this method is incredibly cost-effective as no
advanced computational system is required for the detec-
tion process. It takes less than 20 s per image for a com-
modity computer to generate results. A summary of the
described approach is provided in Fig. 1.

@ Springer

2 Method Implementation

2.1 Localized Thresholding, Morphological
Operations, and Pre-Processing

Localized thresholding identifies thresholds local to a spe-
cific area and identifies potential crack pixels by utilizing
the classical thresholding method [62]. The original image

99

was divided into “n” by “n” pixels, which were called tiles.
“n” value is selected as 50 pixels by a trial and error pro-
cess. This approach is discussed in the tile dimension opti-
mization subsection of this paper.

The average intensity value of each tile was considered
the threshold value. The threshold values were stored sepa-
rately in an array and further processed for crack extrac-
tion. For each tile of the ath row and bth column, the

threshold value was calculated using Eq. (1):

T2 X2 (50 X @) + ), (50 X b) + )

RG))
50 x 50

Tp =

Im is the image matrix, 7 is the threshold value, a, b is the
tile row/column number, i, j is the pixel elements of the tile
matrix.

Overall, this step was taken to facilitate the pixel seg-
mentation by distinguishing the intensity values of pos-
sible crack pixels from the rest of the image. Localized
thresholding reduces the inconsistency of the results to
some extent. After binarizing the tile, morphological oper-
ations were applied to the binary image to fill isolated
pixels (individual 1 s surrounded by 0 s). Many problems
are associated with the popular average filtering method,
such as the vulnerability of the average pixel values in
the neighborhood against a single outlier, interpolation of
new pixel values on the edges, and reduced edge sharp-
ness. Due to the mentioned problems, an adaptive median
filtering technique was implemented for the pre-processing
stage. This technique preserves the image details while
smoothing non-impulse noise and enhances the desired
image features like dark linear features [63]. The adaptive
median filtering moves pixel by pixel, and each pixel value
is replaced by the median value of the adjacent pixels.
It works by changing the neighborhood size during the
operation and reduces malformations such as undue thin-
ning of object boundaries [63, 64].

2.2 Crack Detection

In this stage, minor objects with fewer than 15 connected
pixels were removed from the binary image. Typically, the
crack area has the largest number of connected pixels. Using
this concept, the greatest connected pixels in each tile were
selected as the crack, and the rest of the pixels were filtered
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longitudinal or transverse statistical method

Fig.1 Summary of approach

out. Through testing this method on 40 tile samples extracted
from different AC and PCC surfaces (three examples are
shown in Fig. 2), it was concluded that the method does not
work well on PCC surfaces with longitudinal or transverse
tining which do not contain any cracks (Fig. 2a). If these
tiles had any cracks (Fig. 2d), those crack pixels would be
identified as the largest connected pixels and taken as a real
crack, leaving the tining regions with the smaller connected
areas filtered out. However, when the tile does not contain
any cracks, the method falsely selects the largest connected
tining area as a crack (Fig. 2c). To solve this problem, if the
largest extracted connected pixels in a tile is smaller than
175 pixels (which is usually the case for these surface types),
the largest extracted component would be ignored, and the
output of the previous stage would be used as the input for
the future process.

In the next step, to calculate the crack distribution density,
a polynomial curve was fitted on all crack pixels within a tile
(Eq. (2)), and the fitting error was calculated accordingly
(Eq. (3)).

f) =p X" +pX "+ p x4, 2

Fitting Error = 2[)),- —f(xap,ay, ..., a,)) 3)

99

f(x): the polynomial value of the degree “n” evaluated at x,
p;: input coefficients, n: polynomial curve degree, y;: the
crack pixel location.

A third-degree (cubic) polynomial was implemented
in this step. As no coordinate system was defined for the
image, the vertical offsets were calculated for both x and y
directions (Eq. (3)). The minimum value calculated for both
directions divided by the total number of crack pixels results
in the average polynomial fitting error (calibrated error). The
calibrated error shows the crack distribution density within
each tile. If the probable crack pixels are dispersed within
the tile (Fig. 2b), it shows that crack pixels’ distribution has a
low density. In this case, the polynomial fit would have high
error values, and the tile would be detected as non-cracked.

On the other hand, if the probable crack pixels are amassed
inside the tile with a size larger than 175 pixels (Fig. 2f and
1), it shows that crack pixels’ distribution has a high density.
In this case, the polynomial fit would have low error values,
and the tile would be detected as cracked. The threshold value
for the calibrated error was set to 0.05 using the concept of
devised shape metric [61]. Thus, if the calibrated error is larger
than 0.05, it shows that the identified crack pixels are dispersed
within the tile, and they should not be considered as cracks;
otherwise, if the calibrated error is lower than 0.05, the tile is
deemed to be cracked.

The polynomial fit diagram for the cracks identified in
Fig. 2b, f, and i are shown in Fig. 3a—c, respectively. Based
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A B C

F

Fig.2 a PCC surface with longitudinal tining and without any cracks,
b Output before applying the largest connected component extraction
function on (a), ¢ Output after applying the largest connected compo-
nent extraction function on (b), d PCC surface with longitudinal tin-
ing and a crack, e Output before applying the largest connected com-
ponent extraction function on (d), f Output after applying the largest
connected component extraction function on (e), g AC surface with
a crack, h Output before applying the largest connected component
extraction function on (g), i Output after applying the largest con-
nected component extraction function on (h)

on Eq. (3), the calibrated errors (fitting error divided by the
total number of crack pixels) were calculated; the results are
shown in Fig. 3.

The algorithm moves from each tile to the other in a hori-
zontal order until it reaches the end of the row (from left to
right). After getting to the edge, the algorithm jumps to the
next row. Fifteen pixels were considered for zero-padding
around the image.

2.3 Filtering-Out Joints

If the section joints of a PCC surface are not removed, the
algorithm would wrongly identify them as cracks. Fortunately,
there is a common feature among these false positive detec-
tions: they are straight lines and can be filtered out using meth-
ods like Radon transform, Random Sample Consensus, and
Hough transform. In this study, the Radon transform was used
for the detection of straight lines. Radon transform implements
a form of Hough transform, represented in the form of Eq. (4).
The shortest distance from the line to the origin is calculated
as [62, 65]:

r(0) = x,Cos(8) + y,Sin(0) 4)

r: shortest distance between the line and the origin point, 6:
the vector angle that joins the closest line point to the origin
point, x, y,. the x and y coordinates of points in the plane.
Radon transform shows the image as some blurred sine
waves with various phases and amplitudes. For this study,
the Radon transform was used to identify the number and

=

Fitting Error = 203.69
Total Number of Crack Pixels = 230
Calibrated Error = 0.89 > 0.05 M) Not Crack

=

Fitting Error = 9.97
Total Number of Crack Pixels = 653
Calibrated Error = 0.02 < 0.05 m®) Crack

=

Fitting Error = 13.43
Total Number of Crack Pixels = 476
Calibrated Error = 0.03 < 0.05 mm) Crack

Fig.3 a Polynomial curve fit on probable crack pixels of Fig. 2b, b Polynomial curve fit on probable crack pixels of Fig. 2f, ¢ Polynomial curve

fit on probable crack pixels of Fig. 2i
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slope of the straight lines (section joints and lane markings)
by observing the number of nodes in the result. White nodes
in the image represent the presence of straight lines (sec-
tion joints and lane markings); the location and orientation
of section joints can be determined by the position of the
white nodes within the image. The algorithm for finding
the straight line in this study consists of applying a 2-D
Gaussian smoothing kernel combined with the Canny edge
detection. The derivative of the Gaussian filter is used for
calculating the gradient. After implementing the Radon
transform, straight lines (section joints and lane markings)
were extracted and filtered out. Figure 4a shows a sample
PCC surface with two transverse joints.

The blue horizontal line is the radial line. It passes
through the center at 6 ~ 0 degrees. The radial line inter-
sects two solid red lines at — 20 and — 510 pixels from the
center to the left. These solid red lines indicate the straight
lines with the signal labeled 3 and 4 (Fig. 4c). Line 1 and 2
with 8 ~ 90 degrees and a distance of 390 and -300 pixels
from the center correspond to signal 1 and 2 (Fig. 4c and d).
As shown in Fig. 4, the transverse joints (lines 1 and 2) were

Fig.4 a PCC surface with A
transverse joints, b Result of

applying the Edge Detection on

(a), ¢ Result of applying Radon
transform on (b), d detected

straight lines

successfully filtered out. The other detected straight lines
(lines 3 and 4) show the lane markings in the center and the
edge of the roadway.

2.4 Tile Dimension Optimization

Due to the high importance of economic evaluation in
pavement management and maintenance projects [66], in
this section, the process for optimizing the algorithm and
finding the best tile dimension is described. For this pur-
pose, five different tile dimensions (“n X n’’) were tested on
20 pavement image samples using the algorithm described
in the previous sections. The time it took for the algorithm
to detect the cracks was recorded. Also, the method’s accu-
racy with varying dimension sizes was calculated using
the F, score metric. F| score is a robust and widely used
metric for measuring the accuracy of a classification prob-
lem (crack versus non-crack). It is calculated by taking
the harmonic mean between recall and precision [67, 68].
Recall shows the method’s ability to detect all relevant
instances (cracks) in the dataset. It is defined as the ratio

B

Pixels from the center

O (degrees)

===Blue lines indicate the center of the image vertically and
horizontally
= Red lines indicate the straight lines detected in the image
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of the number of cracks classified correctly to the total
number of cracks in the ground truth image dataset; it is
calculated using Eq. (5):

Tp

Recall = ————
Tp+Fy ®)

Precision shows the proportion of correct detections to
the total number of detected cracks; it is calculated using

Eg. (6):

. Tp
Precision = ———— 6)
Tp+ Fp
F, score is calculated using Eq. (7):
Fscore = 2 X Precision X Recall )

Precision + Recall

The validation results are summarized in Table 1.

As shown in Table 1, by reducing the tile dimension,
the F| score improves, and the time spent for detecting
cracks increases. F; score for 25 X 25 tile was slightly
higher than 50 X 50 tile, but on the other hand, the time
spent on detecting cracks using 25 x 25 tiles was 4.9 times
the time spent using 50 X 50 tiles. F, score is 13 percent
lower using 75 x 75 tiles than 50 x 50 tiles, but it could
only save 4 s compared to using 50 X 50 tiles. Although
the time spent using 100X 100 and 125 X 125 tiles was
significantly lower than the smaller tiles, their F'| score
was considerably worse. The reason for the mentioned
observations is that as the tile size increases, the number
of crack pixels represented by a single label of cracked
or non-cracked tiles increases; this leads to the reduction
in accuracy (F; score). The goal is to select a tile size
that results in the highest F, score in the shortest time, so
50 x50 tile is chosen as the best tile dimension and used
in this paper.

2.5 Crack Drawing
After successfully identifying all the cracked tiles and fil-

tering out any probable section joints, the tile centers were
determined. Once again, the polynomial fitting curve was

Table 1 Validation metrics based on the tile dimension selection

Tile dimensions (nxXn) F, score Time spent on crack
detection (seconds)

25%25 0.89 132

50%50 0.88 27

75%75 0.77 23

100x 100 0.51 11

125x 125 0.38 6

@ Springer

fitted on the centers of the detected cracked tiles. The fitted
curve was drawn as an overlay to the cracked area as long as
the distance between the cracked tile centers was not over
50 pixels (the tile dimension). The adjacent tiles that the dis-
tance between their centers were more than 50 pixels were
considered under separate crack curves. Curves that had less
than three connected centers were filtered out because they
were too small to be measured, and they would have caused
some false alarms if they were close to the other curves.
Finally, the crack lengths were measured by calculating the
integration of the curves.

2.6 Crack Classification

Although this paper’s primary purpose is to detect cracks,
the algorithm can successfully classify two crack types into
their respective groups. Longitudinal and transverse crack-
ing are the most prevalent crack types in small pavement
maintenance projects, which are the targets of this study.
For longitudinal and transverse cracks, based on the orienta-
tion axes (slopes) of the crack curves, they were classified
into longitudinal and transverse groups. First, the curves’
gradients were calculated by measuring the curve orienta-
tion’s degree from the horizontal line and computing the
differential. As all the images were in the same direction,
a fixed coordinate system was set for measuring the curve
orientation. Second, the maximum value of the slope along
each direction was selected as the curve’s slope; if the slope
of the curve was greater than 0.75, it was labeled as “Lon-
gitudinal Cracking,” and if it was smaller than 0.75, it was
classified as “Transverse Cracking.”

3 Results

The dataset for this study was provided by the Midwest
Transportation Center (MTC). About 60 percent (78 images)
of the images used in this study were captured using a 35 mm
camera mounted on a boom on top of a vehicle (at the height
of around 10 feet from the ground). The data collection was
performed as part of the LTPP’s data collection from high-
ways in Illinois and Iowa states in 2003. LTPP program
monitors more than 2,500 pavement test sections around
the United States and Canada. The captured distances are
equivalent to hundreds of miles of AC and PCC pavement
surfaces in these areas. The camera lens was placed parallel
to the pavement surface, and the vehicle was moving with
the highway speed. Each image covered 60 ft. (~ 18.29 m.)
and 20 ft. (= 6.1 m.) of roadway length and width, respec-
tively. The rest of the images were captured using a 3-D
laser-based high-resolution video log imaging system in
2017. The vehicle captured a 100 mm sample of data every
meter at 70 mph (= 112.66 km/h) with a 6-megapixel camera
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located around 6 ft. (= 1.83 m.) from the ground level. Each
image covered 52.8 ft. (= 16.09 m.) and 20 ft. (= 6.1 m.)
of roadway length and width, respectively. The collective
length of the highway test sections used in this study was
about 1.5 miles (equivalent to 14,716 m?). This study’s test
sections were selected from a wide range of pavement condi-
tions (poor to good) containing cracks with various severity
levels (moderately low level to high level).

The reason for using two different image datasets in
this study is to show the method’s suitability for detect-
ing cracks from images captured using various imaging
systems. The second dataset consists of a wider variety
of crack types and fully represents the method’s ability to
detect a wide range of pavement cracks. The developed
method was tested on these two datasets that consist of 130
images in total, 85 images of AC surfaces and 45 images
of PCC surfaces with several pavement crack types and
defects including longitudinal, transverse, alligator crack-
ing, potholes, surface failure, edge, and lane joint crack-
ing and PCC joint spalling. The proposed method could
successfully detect most of the cracks. Twenty-five of the
tested images did not have any types of cracks. The results
of applying the proposed method on four sample pavement
surfaces with longitudinal and transverse cracks are shown
in Fig. 5.

Figure Sa—c shows that most of the longitudinal and
transverse cracks were correctly detected and drawn;

A B

Fig.5 a 2-D image of a PCC surface with transverse tining and
severe-level transverse cracking, b 2-D image of an AC surface with
medium-level transverse and longitudinal cracking, ¢ 2-D image of

false-negative detections were rare, and only a few num-
bers of false-positive detections were observed. False-
positive detections were mostly due to pavement carving
or other superficial objects that were misunderstood as
cracks. External (superficial) objects such as oil spills,
manholes (Fig. 6b), jagged lane markings (Fig. 5d), or
even pavement discoloration can make parts of the affected
pavement surface have similar pixel intensity values to
cracks. Fortunately, these instances are not regularly pre-
sent on pavement surfaces, and most of them are filtered
out during different stages of the proposed algorithm.
Due to the small width of low-level and hairy cracks, this
method was unsuccessful in detecting them.

Figure 6 shows the crack detection results in surfaces with
more complex crack types and patterns.

Figure 6a—h shows that most of the pavement crack types
(longitudinal cracking, transverse cracking, alligator crack-
ing, edge, and lane joint cracking) and defects (potholes,
patching, failure, joint spalling) were successfully detected
using the proposed algorithm.

For validating the proposed method, the detection and
length measurement accuracies were calculated based on
the precision and recall scores. The number of true/false
positives/negative detections was determined by comparing
the method results with the human experts’ manual labe-
ling results. Validation results for the detection and length

a PCC surface with transverse tining and medium-level transverse
cracking, d 2-D image of an AC surface with longitudinal and trans-
verse sealings
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Fig.6 a 3-D image of an AC surface with failure, edge, and lane joint
crack, b 2-D image of an AC surface with patching, failure and edge
crack, ¢ 2-D image of an AC surface with alligator cracking, d 3-D
image of a PCC surface with alligator cracking, e 3-D image of a

measurement of medium to severe-level cracks are shown
in Table 2.

The validation power of the proposed method is com-
pared with some state-of-the-art crack detection algorithms
in Table 3.

Table 3 shows the superiority of the proposed algorithm
compared to the others (CrackIT [69], CrackForest [32],
CrackTree [70]). It should be noted that the validation results
of some of these studies are based on the boundary and
pixel-level ground truth analyses, which are more accurate
than the method used in this study for building the ground
truth. However, the network-level pavement crack detection
surveys mainly care about the existence of cracks, lengths,
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PCC surface with edge and lane joint cracking, f 2-D image of an AC
surface with low-level alligator cracking, g 3D image of a PCC sur-
face with low-level joint spalling, h 3-D image of an AC surface with
alligator and lane joint cracking

and their types; more sensitive metrics may not be required
for this purpose.

4 Conclusion

In this study, a tile-based image processing algorithm was
developed to detect pavement cracks and classify the longi-
tudinal and transverse cracks into their respective groups.
The main stages of the method are categorized into the
following steps: 1—localized thresholding (pre-filtering)
2—morphological operations, 3—pre-processing for noise
reduction using the adaptive median filtering, 4—detect-
ing cracks based on the spatial distribution of crack pixels,
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Table 2 Validation results

N 158
t 131
5o 16
fi 27
Precision 0.89
Recall 0.83
F, score 0.86

Crack length measure-  80%
ment accuracy

N total number of cracks, [
number of true positives (num-
ber of detected cracks that are
real cracks), fp number of false
positives (number of detected
cracks that are not real cracks),
f, number of false negatives
(number of undetected cracks
that are real cracks).

Table 3 Comparison of the validation results of the proposed method
with some other methods

Method Precision Recall F, score
Canny 0.17 0.26 0.21
CrackIT 0.69 0.78 0.73
CrackTree 0.71 0.77 0.74
FFA 0.74 0.65 0.69
CrackForest (KNN) 0.84 0.81 0.82
Proposed method 0.89 0.83 0.86

5—Radon transform for detecting and removing PCC pave-
ment joints, 6—curve-fitting on cracked tiles and identifying
the orientation axes of the fitted curves for classifying cracks
and measuring their lengths. For validation, the precision,
recall, and F| score were used to compare the study results
with the human experts’ manual labeling results. Finally, the
validation results of the proposed method were compared
with some other state-of-the-art algorithms. The results
showed that the detection method is highly accurate for
detecting the existence of medium to high-level cracks and
measuring their lengths (Precision=0.89, recall=0.83, F,
score =0.86 and crack length measurement accuracy =80%).
The method successfully detected most types of pavement
cracks (longitudinal cracking, transverse cracking, alligator
cracking, edge, and lane joint cracking) and other pavement
surface defects (potholes, patching, failure, joint spalling).
This method is built upon thresholding algorithms and is
similar to model-based techniques; it implements a tile-
based analysis and proposes shape metrics to detect and clas-
sify pavement cracks. Unlike most of the previous methods,
this method is not limited to the texture type.

In contrast to the methods that are solely based on thresh-
olding, this study’s proposed approach is less susceptible
to the choice of threshold values because thresholding is
used merely as a preliminary step. Furthermore, this study’s
pixel density-based algorithm can successfully distinguish
between the crack properties and non-crack objects such as
shadows. Besides, this method is incredibly cost-effective
as no advanced computational system is required for the
detection and classification process. The crack detection
method is fast; it took less than 20 s for each image to be
processed using an Intel® Xeon® CPU 3.7 GHz proces-
sor and an academic version of Matlab 2018a. To further
improve this method’s economic aspect, a high-performance
computing system could be used to accelerate the detection
process. However, the main reason for using a commodity
processer in this study is to minimize the cost and required
resources and make it an ideal method for smaller, county-
level crack detection projects that need a fast, on-site, and
low-cost method with an acceptable detection power. The
classification and crack length measurement took less than
10 s per image. This method could help engineers and deci-
sion-makers to determine the best fiscally constrained action
to be taken on pavement maintenance programs and long-
term capital investment plans. It would allow local agencies
to perform low-cost crack detection studies on their limited
number of roads. It is not economically efficient for local
highway agencies to use giant corporations’ high-cost crack
detection systems. One of the study’s significant limitations
is that the method cannot detect low-level cracks; thus, it
cannot measure their lengths. The developed method also
showed some inconsistencies when applied on the 3-D
laser-scanned images due to the particular contrast levels of
those images. The method showed some problems of falsely
identifying parts of the external objects on the pavement
surface as cracks. For future study, it is recommended to do
additional research to improve the method’s strength in deal-
ing with external objects on the highway surface (such as
number curving, oil spillage, etc.). It is suggested to combine
the proposed method with a subsidiary deep neural network-
based model such as various architectures of convolutional
neural networks (CNNs) to automatically learn some salient
image features. Artificial intelligence-based (AI) techniques
would improve the algorithm’s accuracy and efficiency. The
potential improvements include detecting low-level cracks in
complex patterns, improving noise removal, and measuring
crack width.
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