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Abstract: In industrial field, the automated visual inspection systems is applied effectively to identify the
defects in various digital images. In this research work we have proposed a new defect detection algorithm
based on local homogeneity and discrete cosine transform (DCT) to eliminate the texture elements in the digital
image by isolating the defected area. Firstly, the local homogeneity of each pixel is computed to construct a new
homogeneity image denoted as (H-image). Then a DCT transform, in order to extract features energy, is applied.
After these energy are integrated by the Hotelling’s T-squared statistic and the defect blocks can be determined
by the multivariate statistical method. Finally, a simple thresholding method is applied to set a threshold for
distinguishing between defective areas and uniform regions. Simulations on different textured images show
good promising results. This new automatic defect detection method shows good performance in comparison
with other existing algorithms.
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INTRODUCTION Textures analysis are also needed in mechanical

Defect  detection   becomes   a  very  important task [10, 11]. In this paper we are interested in textures defects
in  quality  control.  Manual inspection imposes detections. These applications have been an intense
limitations on identifying defects in term of accuracy, research area in recent years. However, it seems that all of
consistency and efficiency. For this reason manual the proposed approaches suffer of many drawbacks.
inspection systems have been replaced by automated Therefore we introduce a novel method for texture defect
visual inspection systems. The automated visual detection which is based on local homogeneity and
inspection systems are used in many industrial and discrete cosine transform (DCT). The major advantage of
commercial applications. There are various visual our method is the high and strong accuracy of detection
inspection systems such as defect detection of tiles [1], of the defects in the areas characterized by a weak
woods [2, 3], ceramic [4], sheet steel [5], textiles [6-8] and variation in gray level.
etc.

Textures analysis are of a great interest in image * Mura is one large category of defects found in LCD
processing and there are many applications in their manufacturing
analyzing and processing, one of which is defect
detection. Some authors are  interested  in  identifying This paper is organized as follows: in section 2 we
low-contrast    defects      in    unevenly   illuminated recall the problem we are aiming to solve and describe
images  in  order   to  help the manufacturers finding some state of the art approaches with their advantages
Mura*   defects   in   liquid   crystal   display  (LCD) and drawbacks. The new algorithm for defect detection in
panels [9]. It is for them of prime importance to detect any textured images is then described in section 3. Section 4
defect in the patterns they get in order to avoid economic presents simulation results with various defects. Finally,
losses. the main conclusions of this study are given in Section 5.

engineering where one wants to find  a  welding  defect
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Problem Statement and Related Work: Before we The wavelet transform has been extensively studied
introduce our methods we want to first introduce the
problem we are aiming to solve and then explain how the
known methods will fail at this task.

Problem Statement: In this work our objective is to solve
the following problem: ‘‘given a textured images that
contains a defects, we will want to determine the
location of the latter.’’ The problem declared is
independent of the types  of  defect  that  can  happen.
We are interested to fabrics defect detection.

Related Work: According to recent surveys the different
methods for texture defect detection can be broadly
categorized into three classes: statistical, spectral and
model based. Statistical approaches were the earliest
approaches used to detect fabric defects. Many statistical
detection methods were reported in the literature,
including  edge  detection  [12],  cross-correlation  [13],
co-occurrence matrix [14, 15] and neural networks [16].
The statistical approaches can be divided into first order,
second order and higher order levels. Several first order
statistics are used [17] such as variance, skewness and
kurtosis  from  the  gray-level  histogram  of  an  image.
The second-order statistical method includes the gray
level co-occurrence matrix. Siew, Hodgson and Wee [14]
applied the co-occurrence matrix method to assess carpet
wear by using  two-order  gray  level  statistics  to  build
up probability density functions of intensity changes.
Also Latif-Amet et al. in [15] proposed wavelet theory
and co-occurrence matrix for detection of defects
encountered in textile images and classify each sub-
window as defective or non-defective with a Mahalanobis
distance.

Moreover model based approaches have been
successfully used in fabric defect detection. Some of
textural analysis methods are based on the Markov
random field model [18]. Campbell et al. [19] used the
model based clustering method to detect linear pattern
production defects.

The spectral approaches constitute the largest
number of fabric defect detection methods proposed in
the literature. These approaches includes three
techniques: Fourier transform [20, 21], wavelet transform
[22-24] and Gabor filter [25-27]. An approach based on
Fourier transform has been described by Chi-ho Chan [20]
to detect the structural defect in fabric. In [21] a WFT
based method to detect defects on denim fabric was
detailed. WFT with a 16 × 16 pixels window were used to
extract amplitude spectrum features.

in this field. The multiresolution wavelet representation
allows an image to be decomposed into a hierarchy of
localized  sub   images  at  different  spatial  frequencies.
In [22], Tsai and Hsiao proposed a multi-resolution
approach for inspecting local defects embedded in
homogeneous textured surfaces. By properly selecting the
smooth sub-image or the combination of detail sub-
images in different decomposition levels for backward
wavelet transform, regular, repetitive texture patterns can
be removed and only local anomalies are enhanced in the
reconstructed image.

The Gabor filtering technique has been applied to
fabric defects  detection.  This  technique  shows a
strong dependence on certain number of parameters.
Shuyue Chen et al. [26] proposed a method of fabric
defects detection using Gabor filter based on scale
transformation. There is a key to choose the parameter for
threshold processing. If the parameter is too small, defects
will be confused with normal fabric texture, if too big,
defects will be ignored.

In recent years, other methods have been developed
for texture defect detection while  combining  the
statistical and spectral approaches. Hong-Dar Lin [28]
proposed an approach for visual inspection of ripple
defects. This approach used wavelet decomposition to
extract feature vectors to describe the surface properties.
Then, multivariate statistics of Hotelling T  control chart2

were applied to integrate the multiple texture features and
judge the existence of ripple defects in the image.

Texture Defect Detection
Local Homogeneity Computation: It is known that
discontinuities  in  textured  images  represent  generally
an important feature such as boundaries. The main
problem is how to detect these  discontinuities? A
method to resolve this problem is the homogeneity (H).
The calculation of H was proposed first by Jing et al. in
[29]. Let (x, y) be coordinates of a pixel and I(x, y) the
corresponding intensity level. Let P be a squared window
i.e. a mask of (2N+1) width centered on the pixel I (x , y ).c c c

In the window P one can define different vectors such as:
Cp  = (x  – x ,y  – y ), where (x , y ) is the neighbor of thei i c i c i i

center (x , y )  defined as: c c

(1)

Note that this definition allows to compute the
homogeneity of a pixel for different mask sizes (3×3), (5×5)
etc...
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Fig. 1: Different vectors fi used to compute the local
homogeneity for 3x3 masks

Figure 1 shows an example of the different pixels used
to compute homogeneity in a window of size (3x3) pixels.

Based on Cp  a new vector f  is constructed asi i

follows:

(2)

For a mask of width (2N + 1) we have (2N + 1) vectors f :i
1 i (2N + 1)

Let f be the sum of the whole vectors defined in the
window P, so:

(3)

The H value measurement (the homogeneity value) is
defined as the norm of f, so that:

The H value measurement (the homogeneity value) is
defined as the norm of f, so that:

(4)

To limit the huge variation of the local homogeneity
the normalized homogeneity is used:

(5)

The resulting H-image is constructed by the different
values of  computed for each pixel value I (x , y ).c c c

The resulting H-image is a gray-scale one whose pixel
values are the  values of the pixel homogeneities. It is

easily noted that the  values are very small for

homogenous regions and high within boundaries and non

homogenous regions. Consequently the H-image can be
viewed as a transformation of the original one where the
homogenous  regions  are  transformed  on  dark  areas
and the non homogenous region on gray  scale  regions.
It follows that the H-image can be used as a discontinuity
measures in an image.

Discrete Cosine Transform: The Discrete Cosine
Transform (DCT) is one of the extensive family of
sinusoidal transform. The concept of this transformation
is to transform as set of points from the spatial domain
into an identical representation   in  frequency  domain.
The DCT of an H-image H  of size (M×N) is given by thex,y

Eq.(6) This expression must be computed for values of
u=0, 1, 2, …, M-1 and also for v=0, 1, 2, …, N-1.

The variables u and v are frequency variables, x and
y are spatial variables and P and Q are the size of the DCT
block

(6)

where

(7)

(8)

Note that a lot of energy concentrates in  the  origin
(u = 0, v = 0) and that the energy decreases gradually from
the origin and the low frequency zone on the top-left side
to the high frequency zone on the bottom-right side. 

Five energies can be extracted from the DCT
transform are expressed as follows:

(9)

(10)

(11)
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Fig. 2: Concept diagram of the proposed methods

Step 5: Calculate the mean vector of each blocks
(12)

(13) (14)

where E , E , E , E and E  are the horizontal, vertical,H V D M S

diagonal, average and the standard deviation of energy
value of a DCT block respectively. Step 6: Calculate the covariance matrix S:

Proposed Algorithm: This method consists in scanning
the original image with a squared window and computing
the local homogeneity for each pixel and constructing the
(H-image). In our work we have used a window of size (15)
(11x11) pixels. After, divide the H-image into squared
blocks. The application of DCT transform for each blocks
that produces five energy These energy are the origin of
the calculation of the Hotelling model T . After that, the2

Hotelling T  is compared to a threshold that is calculated2

using Mahalanobis distance. If T  exceeds the threshold, where2

the block is assumed to be containing defect, else it does
not present any anomaly. : Is the sample variance of the p characteristic of

Figure 2 shows the concept diagram of the proposed
method. The defect localization algorithm can be
described by the following steps:
For an image I of the size (M × N) pixels

Step 1: Scan the input image I with a squared window and
compute the local homogeneity for each pixel and
construct the (H-image).

Step 2: Divide the H-image into squared blocks

Step 3: Applied the DCT transform of each blocks

Step 4:  Compute  the  five  energy feature of a DCT
blocks

an image;

: Is the sample covariance of the p and q

characteristics of an image.

Step 7: Calculate the Hotelling model T of each block:2

(16)

Step 8: Thresholding

If T  >  the Block contains a defect, else it does not2

present any anomaly.
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Fig. 3: Defect detection results using DCT, H-image and the proposed methods

where  is a threshold calculated from the Mahalanobis
distance.

Simulation  Results:   In   the   purpose   of   evaluating
the  performance  of  the proposed method we shall
present  experimental  results  on  a  variety textured
images   and     defects.     The     Algorithm is
implemented  on  a personal computer (Intel® core™
2Duo  CPU  T5870  @2Gh) using the Matlab language.
The database consists of 68 images, of which 13 have no
defects and 55 have various defects. Several images were
used to test the performance of the proposed new
algorithm.

Performance Index  for  Defect  Detection:  In  spite  of
the  great  number  of  works  developed   in  the field of
the  defect  detection,  one  cannot find a standard
criterion   for    evaluating     the     performance   of a
defect  detection   algorithm.   This  is due to the big
variety of images and defects in form, intensity,
distribution and the number of existing defects in one
image etc…

Table 1: Definitions of true positive (TP), false positive (FP), true negative

(TN), false negative (FN) in defect detection

Actually defective Actually defect-free

Detected as defective True positive (TP) False positive (FP)

Detected as defect-free False negative (FN) True negative (TN)

In literature several attempt are made for this purpose.
In [24, 30], authors used the true positive (TP) and true
negative (TN) pixels to construct a detection success rate.
Table 1 outlines definitions of the true positive (TP), the
false positive (FP), the true negative (TN) and the false
negative (FN) in defect detection.

Based  on   these   parameters,   the  detection
success rate (known also as detection accuracy) is
defined as:

(17)

On the other hand, correct detection of defective
samples (i.e. sensitivity) and correct detection of defect-
free samples (i.e. specificity) can be defined as:
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+
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Table 2: Comparison of the Sensitivity for different methods
Image number DCT method H-image method Proposed method
1 88.2% 84.1% 96.3%
2 89.6% 92.6% 95.6%
3 93.4% 92.6% 96.5%
4 79.2% 83.5% 97.8%

Table 3: Comparison of the Specificity for different methods
Image number DCT method H-image method Proposed method
1 87.8% 79.3% 96.8%
2 89.6% 85.9% 97.3%
3 91.3% 90.5% 94.53%
4 73.9% 82.3% 95.3%

Table 4: Comparison of the Detection Success Rate for different methods
Image number DCT method H-image method Proposed method
1 92.12% 90.91% 96.1%
2 89.6% 85.9% 97.3%
3 91.3% 89.45% 96.4%
4 79.2% 83.5% 97.8%

(18)

(19)

Comparison with Other Methods: The proposed
algorithm is compared with several methods well known
literature, such as the method presented in [31] based on
DCT transform and the method published in [32] based on
defect detection using local homogeneity analysis.

For each method we evaluated the sensitivity, the
specificity and the percentage in detection success rate.
Tables 2, 3 and 4 show a summary of these parameters for
each method.

From these results we note that the proposed
algorithm based on based on feature extraction from DCT
transform of the H-image overcome the other method in
terms of the sensitivity, specificity percentage in the
detection success rate.

CONCLUSION

In this paper, a new algorithm for defect detection in
textured images is proposed. It is based on feature
extraction from DCT transform of the H-image. This later
can be obtained from the local homogeneity of each pixel.
The proposed approaches use the multivariate statistics
of Hotelling T  and Mahalanobis distance to judge the2

existence of texture defect. Simulation results have shown
that the proposed algorithm can effectively detect the

existence of the defects when exist. Moreover the work
can easily be extended for color images by applying the
different algorithm steps on the RGB image components.
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