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A Robust Crack Filter Based on Local Gray Level Variation and
Multiscale Analysis for Automatic Crack Detection in X-ray

Images
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Abstract — Internal cracks in products are invisible and can lead to fatal crashes or damage. Since X-
rays can penetrate materials and be attenuated according to the material’s thickness and density, they
have rapidly become the accepted technology for non-destructive inspection of internal cracks. This
paper presents a robust crack filter based on local gray level variation and multiscale analysis for
automatic detection of cracks in X-ray images. The proposed filter takes advantage of the image gray
level and its local variations to detect cracks in the X-ray image. To overcome the problems of image
noise and the non-uniform intensity of the X-ray image, a new method of estimating the local gray
level variation is proposed in this paper. In order to detect various sizes of crack, this paper proposes
using different neighboring distances to construct an image pyramid for multiscale analysis. By use of
local gray level variation and multiscale analysis, the proposed crack filter is able to detect cracks of
various sizes in X-ray images while contending with the problems of noise and non-uniform intensity.
Experimental results show that the proposed crack filter outperforms the Gaussian model based crack
filter and the LBP model based method in terms of detection accuracy, false detection ratio and

processing speed.
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1. Introduction

With the increasing demand for product safety and
quality, internal crack inspection of products is getting
more and more critical since cracks are invisible and they
can lead to fatal crashes or damage. With the ability to
penetrate materials and be attenuated according to the
material’s thickness and density, X-ray inspection systems
[1-3] are widely used for the identification and evaluation
of internal cracks in many industrial products nowadays. In
a conventional inspection system, the X-ray images are
manually examined by radiologists in order to check if
there are cracks in the product. However, the radiologists
can get tired after long periods of examination. Furthermore,
the inspection results can vary with respect to the skill and
alertness of the operator. Therefore, automatic inspection
systems [3-5] based on image processing have been
developed to improve inspection results and reduce the
workload of operators.

In order to detect cracks in X-ray images automatically,
Shao et al. [3] proposed a segmentation method based on
double-thresholding and fuzzy set theory to automatically
detect cracks from the X-ray images. The system includes
three main components: preprocessing, thresholding
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segmentation and post-processing. By applying this
method, small cracks can be detected. However, it has
limitations in detecting cracks with non-uniform back-
grounds. Moreover, it fails to detect various sizes of crack.
H. Y. Chai, et al. [6] proposed a method using GLCM
(Gray-Level Co-occurrence Matrix) [7] computerized
techniques to detect femur bone fracture in X-ray images
automatically. Since this method uses GLCM, it is
sensitive to image noise. In [8], a novel LBP (Local Binary
Pattern) [9] based operator for pavement crack detection
was proposed by Y. Hu, et al. In this approach, local
neighbors were firstly classified into smooth area and
rough area (crack detection is only performed on the rough
area). Then, local patterns extracted by LBP, % [10] were
redefined into five subclasses and pixels with patterns that
belong to the edge or corner subclasses were considered
as crack candidates. This approach is able to detect those
small sizes of cracks fast. However, this method is
sensitive to the image edge resulting in a high percentage
of false alarm. Recently, Peng ef al. [5] proposed a crack
filter based on a Gaussian model and multiscale analysis to
inspect cracks in metal blades. To enhance the crack
regions in the X-ray image, a function based on a Gaussian
model was defined to represent the cross section of the
cracks. The filter was applied in the x-direction and y-
direction in the image to detect different directions of crack.
A Gaussian function with different scales was employed to
analyze different sizes of cracks. The algorithm showed
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good performance in detecting cracks of various sizes in X-
ray images with noise and non-uniform intensity problems.
However, because various scales of Gaussian functions
were adopted, the processing was time-consuming.

The motivation of this paper is to develop a robust crack
filter that can quickly detect cracks of various sizes in X-
ray images with noise and non-uniform intensity problems.
By analyzing the characteristics of the cracks, the new
crack filter takes advantage of the image’s local gray level
and its variation to detect cracks by enhancing the crack
regions and attenuating the flat regions in the image. First,
the local gray level variation is estimated by calculating the
Maximum Neighboring Gray Level Variation (MNGLV);
this can overcome the problems of noise, non-uniform
intensity and edge response in the X-ray image. Second, in
order to detect cracks of various sizes, this paper proposes
using different neighboring distances to construct an image
pyramid for multiscale analysis. By selecting the maximum
response from the image pyramid, the filter is able to detect
cracks of various sizes. Owning to the utilization of the
local gray level variation and multiscale analysis, the
proposed crack filter is able to detect cracks of various
sizes and it is robust to image noise and non-uniform
intensity problems.

The main contributions of this paper are as follows:

A new method called MNGLYV is proposed to estimate
the local gray level variation. It is robust to image
noise and non-uniform intensity problems. Moreover,
this method avoids responding to image edges.

This paper proposes using different neighboring
distances to construct an image pyramid for multiscale
analysis, which enables the proposed filter to detect
cracks of various sizes.

The remainder of this paper is organized as follows:
Section 2 gives a brief introduction of the 2D X-ray system
and Section 3 presents the proposed crack filter. The
experimental results are shown in Section 4 and the
conclusion is presented in Section 5.

2. A typical 2D X-ray System

A typical 2D X-ray inspection system is shown in Fig. 1.
First, a cone of X-rays is generated by the source (tube)
and detected by the image intensifier, which converts the

Object
Tube X-ray‘ )
Image
intensifier Computer

Fig. 1. A typical 2D X-ray system
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Fig. 2. A metal ring X-ray image

X-rays into a visible radioscopic image. The gray image is
then captured by the camera behind the image intensifier
and sent to the computer for further analysis. Inspection is
conducted by moving the object into the X-ray cone.

Due to the properties of X-rays, the sample inside the
X-ray cone absorbs the X-ray radiation according to the
density, atomic structure and thickness of the sample.
The thicker or / and denser the sample is, the more X-ray
radiation is absorbed. As a result, a thicker or/and denser
sample will generate a darker area in the image cor-
responding to the higher X-ray absorption. Therefore,
defects are characterized in the X-ray images by local
changes in the image intensity, resulting in the
corresponding local discontinuities in the gray values of
the acquired image [11]. When a defect occurs in a product
(such as a crack in a casting), the resulting X-ray image
will show some areas with local gray level changes in the
image, which tells us that something has happened inside
the product. In most of the cases, the sample for inspection
usually has a different thickness or density inside. Due to
the attenuation properties of the X-ray, the images
captured by the system usually show non-uniform
intensity, which is a challenge for automatic defect
detection. Fig. 2 shows an X-ray image that was acquired
from part of a metal ring sample. As we can see, a crack
region shows a discontinuous gray value distribution in the
image. Meanwhile, the intensity in the image is non-
uniform.

3. The Proposed Filter

As presented in Section 2, the high gray level and high
local gray level variation are two characteristics of a crack
region in an X-ray image. Based on these characteristics, a
new crack filter is proposed in this paper to detect crack
regions in the image automatically. First, the local gray
level variation is estimated by a new method. The output of
the proposed crack filter is then defined by combining the
gray level and its local variation. Finally, an image pyramid
is constructed by using different neighboring distances for
multiscale analysis.
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3.1 Estimation of local gray level variation

One of the most popular approaches to estimate the gray
level variation is using the Hessian matrix, which is
defined as:

(M

H,j)= {L (@) Ly G, j)}

L@ ) L,GJ)

where L,, and L, denote the second partial derivatives of
the image in the x and y directions. L,, is the mixed partial
second derivative of the image in the x and y directions. L,,,
L,,and L,, are defined as:

LG )=1G+1L)+1G-1,j)=2*I(, j) (2)
Ly)(laj):I(I’J+1)+I(17.]_1)_2*I(l’j) (3)
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where I(i, j) is the gray level of the image in the position of
(i, ))-

As shown in (2) ~ (4), L,, and L,, are the gray level
variations between the pixel (7, j) and its four neighbors.
L,, denotes the gray level variation of the neighboring
pixels. For multiscale analysis, the image is down
sampled and the Gaussian function with various scales o;
is applied to generate an image pyramid. L,,, L,, and L, are
then calculated in the pyramid for multiscale analysis. A
typical algorithm based on this gray level variation is the
Laplacian of Gaussian (LoG) [12], which defines the
output of the operator as the summation of L,, and L, in the
image pyramid.

The Hessian matrix has shown good performance in
gray level variation estimation. However, since this method
calculates the gray level variation between a point and its
neighbors, it also gives a response to image edges. In
multiscale analysis, when the Gaussian function is applied
to construct an image pyramid, it is time-consuming.

To avoid the response of the image edge and speed up
processing, a new method called Maximum Neighboring
Gray Level Variation (MNGLYV) is proposed to estimate the
local gray level variation. First, an 8-neighboring model for
a point is constructed by defining a neighboring distance d;
(Fig. 3).

Based on the 8-neighboring model, the MNGLV is
defined as follows:

g(cy)—max[ g(n,),g(n,.,) |
d.

i

MNGLYV, = (5)

where j = 1, 2, 3, and 4. g(n)) is the gray level of the
neighboring point ; and g(c,) is the gray level of the center

ni ny n3
d;
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Fig. 3. The 8-neighboring model for gray level variation
estimation

point. As we can see from (5), gray level variation is
obtained from four directions (horizontal, vertical, and two
diagonal directions). For each MNGLV,, the gray level
variation is estimated in one direction by calculating the
gray level difference between C, and the neighboring point
(n;), which has a higher gray level. Since only the higher
gray level neighboring point in one direction is used, the
MNGLYV can avoid responding to the image edge.

3.2 Output of the proposed filter

As presented in sub-section 3.1, the MNGLYV; represents
the local gray level variation in one direction. Since the
crack region in the X-ray image has the characteristics of a
high gray level and high local gray level variation, the
output of the proposed crack filter is defined as the
combination of the gray level and the summation of
MNGLV;:

F(MNGLV ,d,) = A *g(co)i(MNGLV./ ] (6)

J=1

where A is a user defined constant used to visualize the
filtered result and k<(0,1) is a user defined constant used to
control the response of the gray level variation. For a small
value of k, the output of the filter is sensitive to the local
gray level variation. Consequently, the filter can give a
response to low contrast crack regions. However, it is also
sensitive to image noise. Therefore, & is a tradeoff between
crack response and noise sensitivity. By properly choosing
the value of £, this method can respond to the low contrast
crack regions while constraining the response to image
noise. Since k can be modified according to different
applications, the utilization of & makes the proposed
method flexible. Also, as shown in Fig.3, due to the fact
that four directions (horizontal, vertical, and two diagonal
directions) are utilized, this method can analyze the local
gray level variation precisely. Therefore, the usage of four
directions enables the proposed method to generate good
crack detection result. As we can see from (6), only the
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Fig. 4. A screw gasket with different sizes of crack

high gray level of the center point and high value of
MNGLYV can generate high output. Therefore, the filter can
obtain crack regions and remove flat regions in the image.
Note that the gray level of the image is normalized
between 0~1 before applying the filter. Furthermore, for
the detection of dark cracks, a gray level inversion
operation should be implemented before applying the filter.

3.3 Multiscale analysis

As shown in Fig. 4, cracks in the X-ray image have
various sizes. To detect different sizes of crack, the crack
filter should be invariant to crack size.

In order to detect different sizes of crack, Peng et al. [5]
proposed a Gaussian model based crack filter which uses
different scales to construct an image pyramid for
multiscale analysis. However, the Gaussian convolution is
time-consuming. In order to detect different sizes of crack
and speed up the processing, this paper proposes to use
different neighboring distances d; to construct an image
pyramid for multiscale analysis. The procedure for
constructing the image pyramid is shown in Fig. 5.

Suppose that the minimum and the maximum sizes of
the cracks are S,,;, and S, respectively, the neighboring
distance d; in the image pyramid is determined by:

di = Smiu + (l - 1) * Sp (7)

where S, is calculated by:
S — max min (8)

where N (N<S,,.,-S.) 1s the number of neighboring
distances for multiscale analysis.

As shown in Fig. 5, the number of neighboring distances
is first defined and the 8-neighboring models are determined
by using Eq. (7) and (8). For a defined neighboring
distance d,, the filter is applied to the input image based on
the 8-neighboring model, which results in an output image
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Fig. 5. Multiscale analysis of the proposed filter

Fig. 6. The filtering result of Fig. 4

O;. Obviously, a small distance (d;) can be used to detect
small size of cracks whereas it is not able to detect big size
of cracks because it generates a small value of MNGLYV;
(see Eq. 5). For a large distance (d;), it can estimate the
MNGLYV; properly for the big size cracks whereas it may
fail to calculate the MNGLV; correctly for those small sizes of
cracks in a complex background image. Consequently, the
neighboring distance d; who matches the size of the crack
will produce the maximum response. Therefore, the final
output of the crack filter is generated by selecting the
maximal response points of the output images (O,, O,
...0,). Since the proposed method uses different distance
(d;) to analyze different size of cracks, it is more effective
than the method in [5], which needs to convolute different
scales of Gaussian coefficients with the input image for
multiscale analysis.

For a large value of N, more neighboring distances will
be used and thus the analysis is more precise. However,
more processing time is needed. On the other hand, a small
value of N results in less neighboring distances for the
multiscale analysis, and therefore the processing time is
reduced. However, this degrades the analysis precision.
Therefore, N is a tradeoff between the processing time and
the analysis precision. It can be determined with respect to
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the implementation.

Fig. 6 is the filtering result of Fig. 4 by using the
proposed method. As we can see, the proposed crack filter
can detect different sizes of cracks in the image with non-
uniform intensity and noise.

4. Experimental Results

4.1 Image dataset

To test the performance of the proposed crack filter, a set
of X-ray images captured from metal rings were collected
using an X-ray machine (TVX-IMT160) provided by an X-
ray company (Techvalley Co., Ltd.). 200 images (including
111 cracks) were captured by the machine. The images
were 1000-by-1000 pixels and stored in an 8-bit JPG
format. The images include noise and non-uniform
intensity problem. Fig. 7 shows some image samples.

4.1 Figures

’ N 7

N s Y

N Ve VARN
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Fig. 7. Image samples of the dataset
4.2 The evaluation methodology

The performance of the proposed crack filter was tested
by applying the filter to an automatic crack inspection
system, which is similar to the system presented in [5].
The system includes three main steps (Fig. 8): 1) pre-
processing; 2) crack detection; and 3) post-processing.

As shown in Fig. 8, in the pre-processing step, the low
pass filter (median value filter, with a window size of 3-by-
3) is applied to partially reduce the image noise. The
OTSU method [13] is used to get a binary image after the
low pass filter processing. The region of interest (ROI) is
then obtained by region growing. Finally, the contrast of
the ROI is enhanced by the histogram stretch method [5].
In the second step, the proposed crack filter is applied to

Input image

Step 1: Pre-processing

Contrast

Low pass filter ) Binarization =) ROI location
enhancement

Step 2: Crack detection

Step 3: Post-processing

Fake crack
rejection

Candidate crack Feature
segmentation extraction

Fig. 8. The automatic crack inspection system

the pre-processed image to get a crack enhanced image
(Fig. 6). In the post-processing step, a threshold (100 for
the proposed filter and the Gaussian model based filter) is
first used to segment the candidate crack regions from the
crack enhanced image. The features of the candidate crack
regions (as described in [5]) are then extracted and used to
reject the fake crack regions. In the system, the candidate
cracks whose sizes are greater than 2000 pixels or less than
70 pixels are regarded as fake cracks.

The performance of the proposed crack filter is
evaluated by comparing the detection accuracy, false
detection ratio, and processing speed with those of the
Gaussian model based crack filter [5] and the LBP model
based method [8]. The detection accuracy and the false
detection ratio are defined similarly to [5]:

7P
Detection Accuracy =——x100% C)
CN

False Detection Ratio = %x 100% (10)

where TP (true positive) denotes the number of cracks that
are correctly detected, FP (false positive) is the number of
normal regions that are incorrectly detected as crack
regions, and CN is number of true cracks. Note that 7P, FP
and CN were inspected by two radiologists from the X-ray
machine company and are regarded as an accurate
representation. As described in Eq. (9) and (10), a good
system can achieve a high detection accuracy and low false
detection ratio. The proposed crack filter and the filters
presented in [5] and [8] are applied to “Step 2” of the
system (Fig.8) to obtain the detection accuracy and false
detection ratio, respectively. Note that for the method in [8],
the thresholding processing in the post-processing step is
skipped since the pattern selection in [8] directly generates
a binary image.

For evaluating the processing speed, we defined the
speeding-up as follows:

Sp=—2 (11)
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Table 1. The experimental environment

Table 3. The inspection results of the proposed crack filter
and Gaussian model based filter

Items Value/Description
CPU Intel Core i5-2520M The proposed | Gaussian model | LBP model ba
CPU frequency 2500 MHz filter based filter sed method
Number of cores 2 Image Number 200 200 200
Number of threads 4 Crack Number 111 111 111
Operating system Windows 7 P 107 99 74
Memory 4 GB FP 6 11 34
Hard disk 500 GB Accuracy 96.4% 89.19% 66.67%
Programming tool VS 2010 False Ratio 5.41% 9.9% 30.63%

Table 2: The parameters for the proposed filter

Table 4. The processing time of proposed filter and the
Gaussian model based filter

Parameters Soin Shnax N A K
Value 3 15 6 10 0.7 The proposed | Gaussian model | LBP model ba
filter based filter sed method
Image Number 200 200 200
where T, is the processing time of the Gaussian model Total Time 24438 ms 64376 ms 30893ms
based crack filter or the LBP model based method, and Average Time 122.19 ms 321.88 ms 154.47ms
Tyvewy is the processing time of the proposed crack filter. SP - 2.63 126

Therefore, the greater the SP is, the faster the relative speed
of the proposed filter is. Table 1 shows the experimental
environment for the following test.

4.3 Inspection results

Table 2 shows the parameters for the proposed crack
filter, which provide the best inspection result for the
dataset.

The inspection results of the proposed crack filter, the
Gaussian model based filter [5], and the LBP model based
method [8] are shown in Table 3. As we can see, the
proposed method outperforms the Gaussian model based
filter and the LBP model based method with respect to the
detection accuracy and false detection ratio. Since the
proposed method estimates the local gray level variation in
four directions (horizontal, vertical, and two diagonal
directions, as shown in Fig.3), it is more robust in detecting
different directions of cracks than the Gaussian model
based method [5], which performs the filter in two
directions (horizontal and vertical directions). And due to
the combination of the local gray level variation and the
intensity information, the proposed crack filter is more
sensitive to the corresponding crack regions. Therefore, the
proposed method achieved 7.21% higher detection
accuracy than the Gaussian model based filter and 29.73%
higher detection accuracy than the LBP model based
method. Furthermore, by adding & to control the response
of the gray level variation, the proposed method is more
flexible than the other two methods. Hence, the proposed
method produces less fake crack regions than the other two
methods do. As we can see from Table 3, the proposed
method outperformed the Gaussian model based crack
filter and LBP model based method by 4.49% and 25.22%
with respect to the false detection ratio. For the LBP model
based method, because it detects the crack regions by only
using the LBP patterns, it fails to estimate the local gray
level variations precisely. Moreover, since the LBP model
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based method does not utilize a multiscale analysis, it is
not robust to the sizes of crack regions. Because of these
reasons, the LBP model based method achieves the lowest
detection accuracy comparing to the other two methods.
And since the LBP patterns are sensitive to the image edge,
the method produces a number of fake crack regions,
which leads to a higher false ratio than the other two
methods do.

The processing time of the methods is shown in Table 4.
Note that the time shown in Table 4 only denotes the
processing time of the methods. For a fair comparison, all
the unnecessary processes of the operating system were
ended during testing. As we can see from Table 4, the
proposed method was 2.63 times faster than the Gaussian
model based crack filter and 1.26 times faster than the LBP
model based method. Instead of using the Gaussian model,
the proposed method used different neighboring distances
d; for multiscale analysis. Since the Gaussian convolution
is avoided, the processing time of the proposed method is
speeded up. For the LBP model based method, since it does
not use a multiscale analysis, it is also faster than the
Gaussian model based filter. However, since the rotation
invariant LBP pattern (LBP,;”%) is used, the method needs
to calculate new positions for the circular neighbors for
each pixel, and needs to compute the new gray values by
interpolation. As a result, this method consumes similar
time with the proposed filter even it does not use
multiscale analysis.

5. Conclusion

A robust crack filter based on local gray level variation
and multiscale analysis was presented in this paper. The
proposed crack filter makes use of the image gray level and
its local variation information to detect the cracks in the X-
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ray image. By use of local gray level variation, the
proposed filter is robust to image noises and non-uniform
intensity problems in X-ray images. By defining different
neighboring distances for multiscale analysis, the proposed
filter is able to detect cracks of various sizes rapidly.
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