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Evaluation of crack opening phenomenon
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Abstract. This paper presents crack opening phenomenon evaluation using digital image correlation (DIC) with a statistically
optimized subset size. In conventional DIC analysis, the subset sizes varying from several pixels to more than hundred pixels
have been often selected by experts’ subjective judgement based on conventional subset size determination algorithms. Since
these conventional subset size determination algorithms, however, calculate speckle pattern features at a certain location of a
single target image, it is difficult to consider not only all speckle pattern features within region of interest (ROI) but also the
random measurement noises during the digital image acquisition process. To overcome the technical limitation, a statistical
optimization algorithm of the subset size, which calculates the optimal subset size by the 3-loop iteration of normalized cross
correlation within the entire ROI, is newly proposed. In addition, the optimal subset-based DIC analysis is applied to crack
opening phenomenon evaluation in a mock-up concrete specimen under step loading conditions. The validation test results show
3.6 wm maximum error compared with the ground truth which is obtained by direct measurement, while a conventional subset
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size determination algorithm-based DIC analysis produces the maximum error of 62.7 um.
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1. Introduction

A crack is one of the typical and critical damage types in
structures. Once the crack occurs in structures, it may
propagate along the structural surface and through-the-
thickness directions by repeated external loads, resulting in
degradation of structural integrity and safety. To effectively
detect and evaluate the crack, a number of researchers have
proposed various nondestructive evaluation (NDE)
techniques such as ultrasonic (An et al. 2013, 2015, Kim et
al. 2018), radio-frequency identification (Pour-Ghaz et al.
2014, Caizzone and DiGiampaolo 2015, Marindra and Tian
2018), microwave (Qaddoumi ef al. 2000, Yun and Lim
2014), eddy current (Bohacova 2013, Camerini ef al. 2018,
Tsukamoto et al. 2018), thermography (Li ef al. 2011, An et
al. 2015, Jang and An 2018) and digital image correlation
(DIC) (Hutt and Cawley 2009, Destrebecq et al. 2011,
Ghorbani et al. 2014). Among these NDE techniques, DIC
is a promising optical assessment tool for crack evaluation,
because it enables to accurately measure surface
deformation with a pixel unit in a fully noncontact way.
Moreover, DIC is able to sequentially measure full-field
responses with simple test setup and data acquisition
procedure.

To effectively analyze the crack using DIC, users should
carefully consider various analysis factors. For example,
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Sutton et al. (2018) investigated the effects of sub-pixel
restoration on the measurement precision of DIC. Schreier
and Sutton (2002) tested the systematic errors related to
undermatched shape function. Sun and Pang (2007) pointed
out that a subset size should have a lower limit in order to
suppress the influence of random noises. Lecompte et al.
(2006) studied the quality of the speckle patterns in terms of
speckle spacing, speckle size and image resolution. Hua et
al. (2011) investigated the effects of speckle size and
density on DIC. Furthermore, correlation criterion (Tong
2005), measurement noise (Wang et al. 2007) and non-
parallel charge-coupled device (Meng et al. 2006) issues
have been widely studied.

In particular, the subset size is critical for DIC accuracy.
The subset is basically defined as numerous small matrices
which are divided from the target image matrix so that
partial or small deformation within the target image can be
analyzed. The smaller subset size could achieve higher DIC
accuracy by increasing the spatial resolution. On the other
hand, the insufficient subset size may not contain enough
distinguishable speckle pattern features for the proper DIC
analysis, meaning that there is a trade-off between the
subset size and DIC accuracy. To address the trade-off
issue, subset size determination algorithms have been
proposed. For instance, Yaofeng and Pang (2007) suggested
a subset entropy algorithm, which calculates the sum of
absolute difference of eight neighboring points, for subset
size selection. Then, Pan et al. (2008) proposed a sum of
square of subset intensity gradient (SSSIG) algorithm,
which evaluates local speckle pattern intensity using a
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threshold value of standard deviation (SD) error within a
subset, for selecting a single subset size throughout the
entire region of interest (ROI). However, these conventional
algorithms assess only speckle pattern at a certain local area
of a target image under the assumption of uniformly
distributed speckle patterns within the entire ROI. Thus,
spatially different DIC errors can be augmented when the
speckle patterns are spatially biased on ROI of the target
image. Furthermore, they highly depend on experts’
subjective judgement or experience to determine the
optimal threshold value for subset size determination. In
this study, DIC analysis using a statistically optimized
subset size, which automatically determines an optimal
subset size by the 3-loop iteration of normalized cross
correlation (NCC), is newly proposed. The proposed
algorithm is able to minimize measurement and spatially
different DIC errors by statistically optimizing the subset
size within the entire ROI. Then, the proposed algorithm is
experimentally validated through crack opening phenomenon
applying step loadings to a mock-up concrete specimen
with a real crack. In addition, the experimental results are
compared with one of the widely accepted conventional
subset size determination algorithms, i.e., SSSIG.

This paper is organized as follows. First, a subset-
optimized DIC algorithm is developed for crack opening
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evaluation in Section 2. Then, the proposed algorithm is
experimentally validated in Section 3. Finally, this paper is
concluded with a brief discussion.

2. Subset-optimized DIC algorithm

Fig. 1 shows the overview of subset-optimized DIC
algorithm. The reference and test images are acquired from
ROI on the target surface using a digital camera. The
reference and test images are respectively obtained under
the two different conditions, i.e., without and with external
loading. First, R number of reference images are acquired
from the target surface at a certain time interval without
loading. Subsequently, the test images are captured under
step loading condition along the predefined step T. The
subset size is then statistically optimized using the reference
images. Next, minute deformation according to step
loadings is analyzed using the reference and test images
with the optimized subset. Once the DIC analysis images
are obtained at each loading step, crack opening
phenomenon can be precisely evaluated through the post-
processing procedure. The details of each procedure are as
follows.
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Fig. 1 Overview of the subset-optimized DIC algorithm for crack opening evaluation
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Fig. 2 Statistical optimization procedure of the subset size: (a) The initial setting of ROI and the reference subset; (b) The 1%
iteration for evaluating the matching distance; (c) The 2™ iteration for establishing the convergence map; and (d) the 3™
iteration for determining the optimal subset size. R, and Ry are the pair of reference images. 0; is the seed point on
Ry, and S; is the reference subset centered at 0;. M; is the size parameter of S;, and S; is the matched subset of S;
centered at 0;. D is the matching distance between S; and S;. D' is the derivative of D, and S;(j) is (2Mj +
1) X (2M] + 1). V; is the converging size, and u and o are the average and standard deviation of the entire V;
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2.1 Statistical optimization of a subset size

Fig. 2 shows the statistical optimization procedure of the
subset size. The proposed optimization procedure is
composed of the following four steps: (a) the initial setting
of ROI and the reference subset, (b) the 1% iteration for
evaluating the matching distance, (c) the 2" iteration for
establishing the convergence map and (d) the 3™ iteration
for determining the optimal subset size.

(a) The initial setting of ROI and the reference
subset: First, p number of reference images are taken by
the digital camera at a certain time interval without any
deformation of the target structure, as shown in Fig. 2(a).
The pairs of reference images, i.e., R, and R;, are then
selected via the two different combinations of reference
images, which generate g pairs of reference images.
Subsequently, ROI to be analyzed is selected within R,
and the seed point O; is then spatially assigned with a
certain spatial interval on ROI. Note that the spatial interval
of O; should not be larger than the minimum size of the
reference subset S; to be investigated in the subsequent
step. Once O; is assigned on ROI, S; centered at O,
starts to be determined with the size of (2M;+1) X
(2M;+1) to have integer pixel values.

(b) The 1% iteration for evaluating the matching
distance: NCC of S; with respect to Rj is calculated to
establish the correlation coefficient (Cycc) map as depicted
in Fig. 2(b). Cycc can be expressed by (Giachetti 2000)
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where f and g represent the grayscale intensity values at
spatial points (x4,y,) and (xq,y,) in R, and Ry,
respectively.

The pixel of the highest Cy-c within the Cyc- map is
selected as 07, which is the center point of the matched
subset S;. Physically, S; is the most similar to S; within
Ri. S; isthen assigned to R; centered at Oj. If there is no
deformation between R, and R; , O; and O;
theoretically have the same locatlons on R, and Rg,

respectively. Next, the matching distance D between S;
and S; is computed using 0; and Oj, which is given by

D= \/(xi — XY + (y; — y1)? )

where (x;,y;) and (x;,y;) are the spatial points of 0; and
0; on R, and Ry, respectively.

Now, Cycc is iteratively calculated by increasing
$1(), ie., CMj+1) x 2M;+1). Here, M; (j = 1,2, 3 ...
m) is the size parameter of S;, and S;(j) should be smaller
than ROI. Then, D can be obtained depending on S;(j).
When S;(j) has a small value, D typically fluctuates as
shown in Fig. 2(b), because the lack of the distinctive
surface features within S; makes it difficult to find the
exact location of S;. On the other hand, D will converge
after S;(j) exceeds a certain value, which physically
implies that sufficient surface features are secured within
the subset. The threshold value can be considered as the
minimum converging size V;, which is determined when
the derivative of D (D") becomes 0, as shown in Fig. 2(b).

(¢) The 2" iteration for establishing the convergence
map: As for 0; (i =2 . n), V; can be obtained by
repeating the 1% iteration as described in Fig. 2(c). Then, V;
is assigned to the corresponding O; within ROI, which is
called the convergence map when it comes to R; and Rj.
Physically, V; in the convergence map means the minimum
subset size required for proper DIC analysis with respect to
each 0; within ROI.

(d) The 3™ iteration for determining the optimal
subset size: g number of convergence maps can be
obtained from R, and R;, as shown in Fig. 2(d). The
multiple convergence maps are used to minimize the
random measurement noises which is caused during the
image acquisition process. If the random measurement
noises are more dominant than the surface features within a
certain subset size, V; will be increased. Thus, for each pair
of reference images, V; might be different depending on
the random measurement noises, even at the same O;.
Finally, the optimal subset size is statistically determined by
using the SD (o) and mean (u) with respect to V;.

2.2 Post-processing for crack opening evaluation

Once the subset size is optimized, deformation of each
subset within ROI can be computed between the reference
and test images using the optimal subset size, as shown in
Fig. 1. Although the DIC analysis images can be obtained
from each loading step, precise crack opening evaluation is
difficult due to undesired pixel-wise noise components.
Thus, post-processing is necessary for removing the noise
components.

Fig. 3 shows the overview of post-processing. It is
assumed that the crack opens along the y direction within
ROI in this study, but it can be easily extended to various
directional cracks. First, the crack opening boundaries can
be expressed by the magnitude of deformation gradients
(G), which is given by
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Fig. 3 Overview of post-processing for crack opening evaluation: G is the magnitude of the deformation gradient
along the x and y directions. i,y and [(,,) are the deformations of the top and lowest pixels of the
crack boundaries, hyy and h,, are the mean deformations of top and bottom faces from [, ) and
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Once the G values are computed within the entire ROI,
the G image can be obtained as shown in Fig. 3. Then,
Otsu method is employed to remove the noises and to
binarize the G image (Otsu 1979). Subsequently, the crack
opening boundaries are approximated by a dilation method,
resulting in the dilation image as shown in Fig. 3 (Maragos
and Schafer 1987). Finally, the extracted crack opening
boundaries are overlapped on the DIC analysis image,
which is called the resultant image in Fig. 3. On the
resultant image, crack opening deformation C) is
calculated using the absolute difference between the mean
deformation of top and bottom crack boundaries along the
x direction, which is given by

Coy = |h(§x) — hiy|

h _ 2&):1 l(x,y“,)
W= (4)
c
ho. = Zw:b l(x,yw)
) n,

where h(y) and h,, are the mean deformations of top and
bottom rows from the crack boundaries. [,y and [(y,)
are the deformations of the top and lowest pixels of the
crack boundaries, and [,y is the deformation of the
lowest pixel in the DIC analysis image. n, and nj are the
numbers of pixels from the first pixel to y, and from y,
to y. alongthe y direction, respectively.

3. Experimental validation
The proposed algorithm is experimentally validated

using a mock-up concrete specimen and a pressure
machine. To quantitatively evaluate the crack opening

B

Pressure zone

-
i '

Fig. 4 Experimental setup: (a) the side view of the mock-up
concrete specimen; and (b) the front view with the
data acquisition system

phenomenon, five step pressure loadings are used in the
tests. The test results are then compared with SSSIG
algorithm as well as the ground truth obtained by direct
measurement.

3.1 Experimental setup

Fig. 4 shows the experimental setup consisted of the
digital camera, mock-up concrete specimen and pressure
machine. The overall test procedures are as follows. First, 4
reference images are acquired using the digital camera
without loading condition during 20 seconds. Then, the 5
step loadings are applied to the mock-up concrete specimen
using the pressure machine, each loading step is controlled
by the z directional displacements of 15 mm, 17.5 mm,
20 mm, 21 mm and 22 mm. Here, the specimen is
bended because the pressure machine push out the specimen
along the z direction as shown in Fig. 4(a). To investigate
the crack opening, ROI containing one of the x directional
surface cracks is intentionally selected and tested in this
study. The selected crack gradually opens along the y
direction as shown in Fig. 4(b).
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The test images are captured outside the specimen along
each loading step as displayed in Fig. 4(b). The size of ROI
is 600 x 600 pixels (30 x 30 mm?) on the target specimen.
The digital camera is a Canon EOS 5D Mark 4 with a 100
mm F 2.8 L macro IS USM lens. The image resolution is
6720 x 4480 pixels when the working distance between the
camera lens and the specimen surface is 475 mm. The
pixel resolution is physically equivalent to 50 um. The
reference and test images are obtained under the outdoor
condition, and the camera setting is fixed at ISO 1000, F 16
and an exposure time of 0.01 seconds.

3.2 Experimental results

The 6 pairs of the reference images are obtained from 4
reference images. Subsequently, 10,000 O; values are
assigned on ROI with respect to the spatial interval of 6
pixels. For all O;, V; values are determined while
increasing M; from 3 to 27 with an interval of 1. Finally, 6
convergence maps are established from the 6 pairs of
reference images. The resultant optimal subset size can be
statistically determined by summing the o and p values
with respect to 60,000 V; values.

Fig. 5 shows the distribution of V; according to subset
length, which is fitted by a Frechet distribution. The V;
value varies from the minimum of 7 x 7 pixels to the
maximum of 53 X 53 pixels. Here, 85 % of V; has the
subset sizes between 7 x 7 pixels and 13 x 13 pixels, as
shown in Fig. 5. Then, the rest 15 % of V; has relatively
large subset sizes over 15 X 15 pixels because the
corresponding areas to the rest 15 % have insufficient
features compared to other ordinary areas. The computed
the o and u values with respect to the entire V; value are
8.7 and 2.2, respectively. Based on the statistical analysis
with a confidence interval of 99 %, the optimal subset size
is determined as 17 x 17 pixels.

Next, the representative test results obtained using the
optimal subset size at the loading step 5 are shown in Fig. 6.
Fig. 6(a) shows the DIC analysis image with the optimal
subset size of 17 x 17 pixels. Once the G values are
calculated using Eq. (3), the G image, which successfully
shows the crack boundaries, can be obtained as depicted in
Fig. 6(b). Then, Fig. 6(c) shows the corresponding dilation
image, and the representative crack opening deformation at
C300y 1s shown in Fig. 6(d).
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Fig. 6 The representative test results at the loading step 5:
(a) DIC analysis image, (b) G image, (¢) dilation
image and (d) resultant image: [ is the deformation
of the target surface and C(3¢0) is the crack opening
deformation at x of 300™ pixels

In order to examine the superiority of the proposed
algorithm, the comparative study is conducted on the same
test data using SSSIG (Pan et al. 2008). According to the
typical procedure of SSSIG, the two seed points are
randomly selected within ROI, as shown in Fig. 7(a). To
equivalently compare the test results, the seed points are
intentionally selected among O;. Then, the SD error values,
i.e., SDerror(x) and SDerror(y), are calculated by

[ N@) T
SDerror(x) = [Z—Z(fx)z] )
v | v
n
SDerror(y) = [— .
22(f,)°

where N(n) is the noise variance calculated using the two
images acquired with 5 second time interval. Y ¥.(f;)? and

Y Z(fy)z are the SSSIG values along the x and y axes. f,
and f, are the first-order derivatives of grayscale
intensities within the subset along the x and y directions,
respectively. The threshold of the SDerror(x) and
SDerror(y) is set to 0.005, which is recommended by Pan
et al. (2008). The subset size is similarly increased from 7 x
7 pixels to 55 x 55 pixels, which is equivalent to the
proposed algorithm.

Figs. 7(b) and (c) show the subset size determination
results obtained by SSSIG. The subset sizes of 33 x 33 and
43 x 43 pixels are differently determined depending on the
seed point location by employing the threshold value of
0.005. It is importantly noted that these two different subset
size results are obtained from the two different locations
which are randomly selected.

Fig. 8 compares tests results obtained using the
proposed and SSSIG algorithms. According to the loading
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Fig. 8 DIC test results according to the loading steps: (a) the proposed algorithm (17 x 17 pixels); (b) SSSIG (33 x 33 pixels);

and (c) SSSIG (43 x 43 pixels)

steps, the proposed algorithm shows that the crack
boundaries are gradually opened as displayed in Fig. 8(a).
Similarly, the SSSIG case (33 x 33 pixels) well traces the
crack opening phenomenon as shown in Fig. 8(b). However,
the SSSIG case (43 x 43 pixels) produces severe DIC errors
especially at the loading step 1 as shown in Fig. 8(c).
Moreover, the crack boundaries are overestimated
compared to the first two cases, meaning that the subset size
significantly affect to the DIC accuracy. In particular, the
SSSIG cases shows the different DIC accuracy depending
on the seed point selection, while the proposed algorithm
shows stable performance, as shown in Fig. 8.

To quantitatively compare the test results of the three
cases, u and o with respect to difference of all Ciy
values between each loading step are calculated. Here, u
physically means whether the crack opening is accurately

evaluated, and o shows the spatial consistency of crack
opening phenomenon.

Fig. 9 shows the comparison results between the ground
truth with the proposed and SSSIG algorithms. Fig. 9(a)
shows that the proposed algorithm is good agreement with
the ground truth represented by the solid line. The errors of
u compared with the ground truth are 1.5, 0.8, 0.1 and 3.6
um at each loading step. As expected, the SSSIG case (33
x 33 pixels) also shows the acceptable errors of 1.4, 3.7, 4.6
and 0.5 um as displayed in Fig. 9(b). As for o, the
proposed algorithm shows 4.9, 4.5, 4.7 and 5.9 um, and the
SSSIG case (33 x 33 pixels) produces 4.9, 4.4, 3.8 and 3.9
um. These o values means that the above two cases
consistently trace the crack opening phenomenon along the
entire crack. On the other hand, the SSSIG case (43 x 43
pixels) reveals the u errors of 62.7, 5.4, 5 and 1.7 ym and
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the o values of 4, 5.6, 3.4 and 4 um, respectively, as
shown in Fig. 9(c). In particular, the severe error of 62.7
um occurs at the first loading step, because the subset size
of 43 x 43 pixels is too large to precisely trace the minute
deformation of the target surface. It is interesting thing to
observe is that Figs. 9(b) and (c) show completely different
results even though the results are obtained from SSSIG,
meaning that the SSSIG results highly depend on experts’
subjective judgement. In this perspective, the proposed
algorithm has superiority compared to SSSIG.

4. Conclusions

This paper proposed a digital image correlation (DIC)
analysis algorithm with novel statistical optimization of a
subset size for crack opening phenomenon evaluation. The
effectiveness of the proposed algorithm was experimentally
demonstrated using a mock-up concrete specimen with a
real crack and pressure machine. Then, the test results were
compared with one of the widely accepted subset size
determination algorithms, i.e., sum of square of subset
intensity gradient (SSSIG). The validation test results
revealed that the optimal subset size of 17 x 17 pixels,
which was statistically determined by the proposed
algorithm without experts’ subjective intervention, well
traced the crack opening phenomenon. On the other hand,
the SSSIG results showed that spatially different severe
DIC errors could be produced depending on user’s
judgement.

In order to apply the proposed algorithm to in-situ
structures, several data acquisition requirements such as
sufficient surface features, constant camera pose and
lighting conditions should be satisfied. In this perspective,
further studies are still necessary for overcoming the
aforementioned technical limitations. For example, the
aging concrete structure surface, which was shown in this
study, has enough distinctive surface features without any
surface treatment. On the other hand, homogeneous and
clean materials such as pure metals or glasses may need to
add irregular speckle patterns on the target surface for
applying the proposed algorithm. As the follow-up study, a
camera pose-free and laser-generated speckle pattern DIC
techniques with the optimal subset size are now being
developed. Furthermore, the proposed technique will be

applied to full-field and real-time deformation measurement
for in-situ structures.
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