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Abstract. Bridge inspection is usually done visually on-site, and for this reason is
problematic in places inaccessible to inspectors. In this paper we propose a solution
through the analysis of features in captured images that suggest potential problems. We
focus on the ability to detect cracks, and a complex-valued Haar wavelet is designed and
applied to a 2D-CWPT, which is then combined with an anisotropic diffusion filter. A
detection method for linear cracks is proposed through interpolation of the crack loss area
and extraction processing according to the shape feature. The main results are: 1) we
confirm that the complex-valued Haar wavelet is more effective for edge enhancement than
the complex-valued Meyer wavelet; 2) quantitative evaluation of the proposed method for
crack detection using the correct rate, sensitivity, specificity, precision rate, and F -value
confirms the effectiveness of the method.
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1. Introduction. In the inspection of pillars and bridge floors, visual observation of
cracks and confirmation of the state of the structure is considered to be an extremely
important starting point for maintenance management. This is because the patterns
and widths of cracks in concrete are closely related to deterioration. However, although
it is easy to perform a direct visual inspection of concrete, other inspections have many
elements that are based on the examiner’s subjectivity and experience, and so an objective
evaluation is difficult.
In recent years, however, the introduction of image processing technology for images
from aerial photography and unmanned aerial vehicles has reduced both the production
cost and the risk of human error, so that an optimization of objective and quantitative
evaluations can be achieved. Further, image processing has been applied to surface inspection of concrete structures, such as pillars, and bridge floors, although there are still
accuracy problems [1, 2, 3, 4]. These papers suggest methods to improve the performance
of automatic detection of cracks from concrete surface images of pillars, bridge floors and
so on.
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The complex discrete wavelet packet transform (CWPT) is an alternative method
used to improve the frequency resolution of the complex discrete wavelet transform
(CDWT) [5]. An advantage of the CDWT is that the decomposition algorithm can be
applied to high-frequency components, which contain a lot of information such as edges,
and it is easy to extract information from locations where the brightness changes rapidly,
such as at cracks. However, since the CWPT uses the complex-valued Meyer wavelet
without compact support as a mother wavelet, edge extraction performance cannot be
sufficiently achieved. The Haar wavelet, on the other hand, has compact support and is
adaptable to edge extraction. However, the Haar wavelet has the disadvantage of being
a real-valued wavelet without shift invariance and the extraction effect differs depending
on the edge position.
In this study, we first design a complex-valued Haar wavelet and adapt it as the mother
wavelet to the 2D-CWPT. We then apply it to the image processing of the 2D-CWPT.
The resulting detection of any crack will verify its effectiveness. The remainder of the
paper is organized as follows. In Section 2, the principle of the 2D-CWPT is introduced;
in Section 3 the complex-valued Haar wavelet is designed and its characteristics are presented; in Section 4, the results of some experiments are given, and the performance of
our method is graded. Finally, Section 5 contains some conclusions and closing remarks.
2. Review of the Two-Dimensional Complex Wavelet Packet Transform (2DCWPT). The complex discrete wavelet transform (CDWT) is compatible with the conventional discrete wavelet transform (DWT), with the additional property that the signal
can be completely reconstructed by using high-speed processing and conversion, or inverse
transformations [6, 7]. It is characterized by a mother wavelet (MW), and is constituted
by two orthogonal wavelets with real and imaginary parts. In this state, the scaling function has a real φR (x) and an imaginary φI (x) part. The MW similarly has a real ψ R (x)
and an imaginary ψ I (x) part. In the time domain, the positions of the real and imaginary
parts are shifted 1/2 sample towards each other, and this produces the conditions for shift
invariance in the complex wavelet.
The CWPT is a method of producing improved frequency resolution of the CDWT [5].
The 2D-CWPT is a two-dimensional extension of the CWPT [8]. The 2D-CWPT, therefore, makes it possible to analyze detailed frequency components, unlike the conventional
2D-CDWT. Further, to increase the improvement and detection direction of the image
resolution, the image needs to be broken down into fine frequency components. This can
be done using the highly-accurate direction selectivity of the 2D-CWPT.
The 2D-CDWT, as well as the 2D-CWPT, can analyze a two-dimensional signal using the scaling function and the MW with the real and imaginary parts. However, the
2D-CWPT does not distinguish between wavelet coefficients of the high-frequency component and scaling coefficients of the low-frequency component, and therefore, all of the
coefficients are recursively filtered by the 2D-CWPT. Moreover, each wavelet packet coefficient obtained by the 2D-CWPT in each analysis level (frequency band) is classified
by the index (n, m) as is shown in Figure 1, where, Figure 1(a) shows decomposition level
j = −1, and Figure 1(b) shows decomposition level j = −2. In the figure, n represents
the vertical direction of the frequency component ωy , and m represents the horizontal
direction of the frequency component ωx . If n and m are small numbers, they represent a
low-frequency component. On the contrary, if n and m are large numbers, they represent
a high-frequency component. Further, the analysis level j = 0 index (1, 1) of the wavelet
(1,1)
packet coefficient is expressed as d0,kx ,ky . It is equal to the scaling coefficient c0,kx ,ky of the
conventional CDWT, and is given by Equation (1).
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(1,1)

d0,kx ,ky = c0,kx ,ky ,
(1)
where kx and ky show the position coordinates of the wavelet coefficient corresponding to
the horizontal frequency ωx and the vertical frequency ωy , respectively. In addition, the
wavelet packet coefficients vary in accordance with the analytical level and index.
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Figure 1. (color online) The index of each frequency component
In the image of the concrete, the background part is mainly included in the lowfrequency components, and the cracked part is included in the relatively high-frequency
components [10]. In this study, therefore, the 2D-CWPT decomposes the input image
into level j = −2 to obtain the wavelet coefficients shown in Figure 1(b), where all the
frequency components are divided into three major areas, in which the components of
the region of max(n, m) = 2 are defined as the low-frequency components (orange color),
the components of the region of max(n, m) = 3 are defined as the intermediate-frequency
components (blue color), and the components of the region of max(n, m) = 4 are defined
as the high-frequency components (pink color).
The three major areas of frequency components are reconstructed to obtain three images
respectively with different frequency features, and the result is shown in Figure 2, where,
Figure 2(a) shows the original image, Figure 2(b) shows the image reconstructed by the
low-frequency components with max(n, m) = 2, Figure 2(c) shows the image reconstructed

(a) Original

(b) Low frequency

(c) Middle frequency

(d) High frequency

Figure 2. Example of three reconstructed images with different frequency components
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by the intermediate-frequency components with max(n, m) = 3 and Figure 2(d) shows the
image reconstructed by the high-frequency components with max(n, m) = 4. Comparing
Figures 2(a), 2(b) and 2(c), it can be seen that the different frequency components were
decomposed successfully.
3. Complex-Valued Haar Wavelet Design and Its Characteristics.
3.1. Complex-valued Haar wavelet design. In the calculation of the 2D-CWPT, the
MW ψ and the scaling function φ are not directly used, although the two-scale sequences
pk and qk are used. In this section, therefore, the creation of the two-scale sequences is
described in order. A detailed design method can be found in [7].
Generally, the Haar wavelet is a real-valued wavelet, and its two-scale sequence is
expressed by the following equation [9].
1/2
pR
(δ0,k + δ1,k ),
k = 2

(2)

pR
k.

where k shows number of the two-scale sequence
The two-scale sequence of the imaginary part pIk can then be derived by using the following Equation (3) and Equation (4).
X
pIk =
pR
(3)
k hn−2 ,
k

π

1
sin(n − 1/2π)
ei(n−1/2)ω dω =
.
(4)
2π −π
2 − 1/2π
I
It is possible to satisfy Equation (5) if the two-scale sequences pR
k , pk are properly
designed.
X
pk = 2.
(5)
hn =

Z

Further, the two-scale sequences
I
two-scale sequences pR
k , pk .

qkR ,

k
I
qk can

be obtained from Equation (6) by using the

qk = (−1)1−k p1−k .
(6)
Figure 3 shows an example of the two-scale sequences of the designed complex-valued
Haar wavelet, where Figure 3(a) shows the original Haar two-scale sequences pR
k that
R
were obtained by Equation (2), Figure 3(b) shows the two-scale sequences qk that were
I
obtained by Equation (6) using pR
k , Figure 3(c) shows the two-scale sequences pk that were
obtained by Equations (3) and (4) using pR
k , and Figure 3(d) shows the two-scale sequences
qkI that were obtained by Equation (6) using pIk . Comparing the real and imaginary twoI
scale sequences pR
k , pk shown in Figures 3(a) and 3(c), it can be confirmed that the real
R
part pk has symmetry and imaginary part pIk has antisymmetry. Furthermore, it also
can be confirmed that the symmetry centers of the real and imaginary parts deviate by
I
1/2 by the two-scale sequences pR
k , pk . Therefore, we can conclude that the designed
complex-valued Haar wavelet is successful.
3.2. Achieved 2D-CWPT by using complex-valued Haar wavelet. Since hn shown
in Equation (4) usually has an infinite length, the imaginary part of the two-scale sequence
pIk obtained from the convolution of hn and pR
k by using Equation (3) also has an infinite
length. However, only the two-scale sequence with finite length can be used for 2DCWPT calculations, so the two-scale sequence pIk with infinite length must be truncated
to become finite.
However, in the case of complex-valued Haar wavelets, the designed imaginary part has
infinite length, so it is cut to a finite length to create a scaling function, and the result of
performing an interpolation does not obtain satisfactory accuracy. In this study, therefore,
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Figure 3. Designed complex-valued Haar wavelet two-scale sequences pIk ,
qkI from pR
k by using Equations (3), (4) and (6)

Circle Image

Two scale sequence length
Figure 4. Influence of the two-scale sequence length of the imaginary part

to avoid the influence of interpolation on the calculation accuracy of 2D-CWPT, it was
decided to use the scaling function of the Meyer wavelet [7] for interpolation calculation.
Figure 4 shows the influence of the two-scale sequence length of the imaginary part on
the reconstruction accuracy of the circle model image. The circle image f (x, y) shown
in Figure 4 was firstly decomposed to level j = −3 by using the 2D-CDWT, and then
reconstructed to form the original image f ′ (x, y). The calculation error occurring in the
decomposition processing and reconstruction processing was evaluated by using the root
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mean squared error (RMSE) that is shown in the following equation:
r
1X
RMSE = 20 log10
(f (x, y) − f ′ (x, y))2 [dB].
(7)
2
It can be seen from Figure 4 that the RMSE increases as the two-scale sequence length
decreases, and when the length decreases around 220, the RMSE reaches −40 [dB], and
when the length decreases below 100, the RMSE increases sharply. RMSE = −40 [dB]
means that the average error of reconstruction is 1%, which almost satisfies the analysis
accuracy in this study. In addition, the reconstruction accuracy of 2D-CDWT is RMSE =
−46.5960 [dB] when the two-scale sequence length is 227, and in the 2D-CWPT used for
crack detection, there is sufficient reconstruction accuracy up to level j = −2. Therefore,
the two-scale sequence length of 227 has been selected in this study.
Figure 5 shows the edge detection results by the 2D-CWPT when the complex-valued
Haar wavelet and complex-valued Meyer wavelet were used, where Figure 5(a) shows the
model image, Figure 5(b) shows the edge detection results with the complex-valued Haar
wavelet and Figure 5(c) shows the edge detection results with the complex-valued Meyer
wavelet. In Figure 5, the high- and low-frequency components of the model image are
reconstructed, respectively. As can be seen by comparing Figures 5(b) and 5(c), for the
high-frequency and low-frequency components, the complex-valued Haar wavelet extracts
the edge components better than the complex-valued Meyer wavelet does.

Figure 5. Example of edge detection using 2D-CWPT
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4. Crack Detection in the Bridge Floor.
4.1. Crack detection process. To achieve a robust crack extraction method from crack
images by using image processing, 15 sample images taken under various conditions shown
in Table 1 were selected by an expert. These 15 samples can almost be divided into
four typical types, that is, 1) fine cracks on a non-uniform surface, 2) surface cracks
including fine dirt, 3) exposed concrete and 4) moderate cracks on non-uniform surfaces.
Furthermore, as can be seen from Table 1, the image size, brightness, the surface condition
of the concrete, the condition of the cracks, etc. were quite different. In this study, the
15 sample images were used to confirm the proposed crack extraction method.
Table 1. Sample information
Sample No.
sample 1
sample 2
sample 3
sample 4
sample 5
sample 6
sample 7
sample 8
sample 9
sample 10
sample
sample
sample
sample

11
12
13
14

sample 15

Image size Brightness ave.
Image features
Fine cracks on a non-uniform surface
1080 × 1920
0.690
Fine cracks on a non-uniform surface
1080 × 1920
0.697
Fine cracks on a non-uniform surface
1080 × 1920
0.690
Uniform surface cracks (fine, medium)
1014 × 2010
0.597
Exposed concrete
1170 × 3002
0.696
Surface cracks including fine dirt (fine,
1914 × 3342
0.603
medium)
Surface cracks containing some dirt (fine,
800 × 1200
0.668
medium)
Surface cracks containing some dirt (fine,
800 × 1200
0.701
medium)
Surface cracks containing some dirt (fine,
800 × 1200
0.667
medium)
Surface cracks containing some dirt (re1968 × 2624
0.663
pair, medium)
Exposed concrete (with repairs)
1824 × 2736
0.613
Exposed concrete (with repairs)
1824 × 2736
0.602
Moderate cracks on non-uniform surfaces
1824 × 2736
0.469
Moderate cracks on non-uniform surfaces
1824 × 2736
0.515
Face cracks including fine dirt (fine, medi1824 × 2736
0.490
um)

The flowchart of our proposed method is shown in Figure 6. Here, firstly as preprocessing, a color image was converted to gray scale, and padding processing performed.
Next, the pre-processed image was decomposed into level j = −2 by the 2D-CWPT. After
white noise was eliminated using wavelet thresholding (soft thresholding), three images
with high-frequency, intermediate frequency and low-frequency components as shown in
Figure 2 were reconstructed respectively. Binarization processing was then performed to
separate the crack and the background. Since there are isolated points and missing areas
in the binarized image, it was necessary to interpolate them. An interpolation processing
was performed using the method combining an anisotropic diffusion filter and a distance
image transformation proposed by Shirai et al. [11]. After interpolation processing, noise
components other than the removal of isolated points were smoothed and became an
elliptical object. Extraction processing was then performed with a reference eccentricity
of 0.97 for the low-frequency image and 0.96 for the high-frequency image. Finally, the
three images were combined into one image and output as the crack extraction result.
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Start
Pre-processing:
1) Convertion of image to grayscale
2) Padding process
Decomposition of Image to three
frequency areas by 2D-CWPT
Crack extraction processing:
1) Binarization processing
2) Interpolation processing
3) Labeling and de-noising
4) Feature extraction processing
Reconstruction of image by 2D-CWPT
End

Figure 6. Flowchart for crack detection by using the 2D-CWPT
4.2. Evaluation method of crack detection. In this study, in order to evaluate the
effectiveness of the proposed method, by following [12], the five indicators correct rate,
sensitivity, specificity, precision rate and F -value were used. In order to compare with
the proposed method, the binarization results of the representative discriminant analysis
method by Otsu [13] were also evaluated by using the same method. Binarization is a
particularly important step in the automatic extraction of cracks, and Otsu’s method has
the characteristic that the threshold value for binarization can be automatically selected
when the histogram of the image shows bimodality.
First, the confusion matrix shown in Table 2 that summarizes the correctness of the
class classification was made, where TP, FN, FP, and TN are abbreviations for true
positive, false negative, false positive, and true negative, respectively. And each pixel
of the image was classified into them. Then, for the 15 samples shown in Table 1, the
indices correct rate, sensitivity, specificity, precision rate, F -value were calculated by the
following Equations (8) to (12), where the index correct rate shows the correct rate of all
the samples, the sensitivity shows the correct rate of the crack, the specificity shows the
correct rate of the background, the precision rate shows the fitting degree of the crack,
and the F -value shows the harmonic mean of the sensitivity and precision rate.
Correct rate =

TP + TN
,
TP + TN + FP + FN

TP
,
TP + FN
TN
,
Specificity =
TN + FP
TP
Precision rate =
,
TP + FP
Sensitivity =

(8)
(9)
(10)
(11)
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F -value =

2 × Sensitivity × Precision rate
.
Sensitivity + Precision rate
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(12)

Table 2. Confusion matrix
Original Date\Results With Crack No Crack
With Crack
TP
FN
No Crack
FP
TN
4.3. Crack detected results and discussion. The analysis results of sample 2, sample
8, and sample 13 are shown in Figures 7, 8, and 9, where, sample 2 is an example of fine

Figure 7. Detection result from sample 2

Figure 8. Detection result from sample 8
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Figure 9. Detection result from sample 13
Table 3. Averaged analysis results of 15 samples

Correct rate
Sensitivity
Specificity
Precision rate
F -value

Complex-valued
Haar wavelet
0.996
0.524
0.998
0.534
0.506

Complex-valued
Meyer wavelet
0.990
0.509
0.992
0.247
0.297

Otsu’s method
0.654
0.863
0.653
0.073
0.076

cracks on a non-uniform surface, sample 8 is an example of a surface crack containing
some dirt (fine, medium), and sample 13 is an example of moderate cracks on non-uniform
surfaces. And in the figures, (a) shows the original image, (b) shows the crack detection
results obtained by the complex-valued Haar wavelet, (c) shows the crack detection results
obtained by the complex-valued Meyer wavelet and (d) shows the crack detection results
obtained by Otsu’s method. Further, the averaged values of the 15 samples for the indices
correct rate, sensitivity, specificity, precision rate and F -value are shown in Table 3.
Looking at Figures 7, 8, and 9 firstly, the cracks are detected more clearly using the
complex-valued Meyer wavelet than using the complex-valued Haar wavelet. However,
the width of the detected cracks was wider than the original width of the cracks. Further,
when the detected cracks were enlarged, it can be seen that interference fringes were also
generated. In contrast, the crack width was detected more accurately using the complexvalued Haar wavelet. Then focusing on the precision rate and F -value, for the samples
shown in Figures 7, 8 and 9, the values of the evaluation index by the complex-valued Haar
wavelet were higher than those by the complex-valued Meyer wavelet. It was evaluated
that the crack detection capability of the complex-valued Haar wavelet was relatively
high.
On the other hand, when we examine the results focusing on the sensitivity shown in
Table 3, the change of the index in Otsu’s method is remarkable. However, according
to the results of Otsu’s method, the sensitivity is extremely high and the precision rate
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is extremely low, so that the F -value, which is the harmonic mean of the two indices,
decreases. It is considered that this is due to the high sensitivity and sensitive reaction to
changes in brightness other than cracks, resulting in excessive crack detection. Therefore,
in crack detection, the complex-valued Haar wavelet is better when evaluated from the
F -value, and it is considered that the purpose of this study was achieved.
Further, looking at the averaged values of the 15 samples for all the indices shown in
Table 3, the complex-valued Haar wavelet values are higher than those of the complexvalued Meyer wavelet and Otsu’s method, and higher-specificity results were found. From
these results, it can be said that the proposed method is effective for crack detection.
However, there are exceptions depending on the sample. It is sample 12 in which
cracks exist on the surface of the exposed concrete including the repair marks shown
in Figure 10. Otsu’s method cannot accurately extract cracks because this sample has
local brightness changes such as surface unevenness noise and repair marks. On the
other hand, the complex-valued Meyer wavelet has the best results. It can be seen from
the five indices shown in Table 3 that the detection result of the complex-valued Haar
wavelet was superior to that of Meyer so far in most images. However, in this type of
sample, the complex-valued Meyer wavelet has an F -value of about 0.2 higher than that
of the complex-valued Haar wavelet, and it also can be judged that the detection result
of the complex-valued Meyer wavelet was excellent in the qualitative evaluation by visual
observation.

Figure 10. Detection result from sample 12
There are several possible causes for this, but it is mainly due to the amount of noise
present in the sample image. In the detection result of the complex-valued Haar wavelet,
many noises on the surface irregularities remain even after the interpolation processing
and the extraction processing. On the other hand, the detection result of the complexvalued Meyer wavelet is less affected by noise than the complex-valued Haar wavelet, and
only the edges of major cracks were extracted. The difference in this result is considered
to be in the binarization threshold. The binarization has a strong threshold dependency,
and in this study the threshold was set by using the characteristics of the time-frequency
image, but it was shown that it could not be applied to samples with extremely noisy data.
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From this, it was confirmed that the method of determining the threshold considering the
characteristics of the input image is an important issue in the future of this research.
5. Conclusion and Remarks. In this study, we focused on the ability to detect cracks,
and designed a complex-valued Haar wavelet, and applied it to the 2D-CWPT. The 2DCWPT and anisotropic diffusion filter were combined and tested, and a crack detection
method for linear cracks was proposed through interpolation of the crack loss area and
extraction processing according to the shape feature. The results obtained are as follows.
1) We designed a complex-valued Haar wavelet and applied it to 2D-CWPT image
processing. The results confirmed that the complex-valued Haar wavelet is more
effective for edge enhancement than the complex-valued Meyer wavelet.
2) Focusing on the 2D-CWPT that can analyze detail in time-frequency analysis, we
proposed a method to separate an image into three partial images according to
frequency characteristics. This made it possible to perform analysis focusing on
global frequency components.
3) The proposed method was evaluated quantitatively using measurement for correct
rate, sensitivity, specificity, precision rate, and F -value that are often found in similar
studies [12]. The result confirmed that the proposed method using the complexvalued Haar is effective for crack detection.
There are many noises on the surface of exposed concrete. For such a surface, a method
of determining the threshold value considering the characteristics of the input image is
an important issue for our future research.
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