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Abstract—Image mining is concerned with knowledge
discovery in image databases. It is the extension of data
mining algorithms to image processing domain. Image
mining plays a vital role in extracting useful information
from images. In computer aided plant identification and
classification system the image mining will take a crucial
role for the fabric defect classification. Quality inspection is
an important aspect of modern industrial manufacturing. In
textile industry production, automate fabric inspection is
important for maintain the fabric quality. In modern textile
industry, Tissue online Automatic Inspection (TAI) is
becoming an attractive alternative to Human Vision
Inspection (HVI). HVI needs a high level of attention
nevertheless leading to low performance in terms of tissue
inspection. Automatic fabric inspection is valuable for
maintenance of fabric quality. Defect inspection of fabric is
a process which accomplished with human visual look-over
using semi-automated way but it is labor prone and costly.
Many sewing, knitting and dyeing units involve both manual
and automated processes. Detecting faults in fabric
manually, by human visual inspection is a tedious task. Its
accuracy depends upon the skill of human operator and
varies from person to person to address this difficulty a
method is proposed for textile defect identification and
classification based on image mining. The detection of local
fabric defects is one of the most intriguing problems in
computer vision. Texture analysis plays an important role in
the automated visual inspection of texture images to detect
their defects. Various approaches for fabric defect detection
have been proposed in past and in this paper; we proposed
a method based on texture analysis, association rule
classifier, threshold segmentation and histogram to identify
the textile defects. A feature extractor is designed based on
Gray Level Co-occurrence Matrix (GLCM). An association
rule miner is used as a classifier to identify the textile
defects.
Keywords— GLCM, HVI, TAI, Image Mining.
I.
INTRODUCTION
Fabric defect detection is an important part of quality
control in the textile industry. Usual methods of fabric
inspection on the production line is done essentially by the
worker on the circular knitting machine by introducing a
light source in the middle of the circular product which
enables the worker to detect the produced defects, and then
stop the machine immediately. Stress and fatigue happens to
the worker due to inspection in case of higher and quicker
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productivity. However, the method has been both time
consuming and has lower accuracy of detection. Defect
detection or inspection is a process identifying and locating
defects. A fabric defect is a result of the manufacturing
process. The textile industry is very concerned with quality.
It is desirable to produce the highest quality goods in the
shortest period of time possible [1]. Texture is also a main
visual feature that refers to natural and fundamental surface
properties of an object and their relationship with the
surrounding atmosphere. The texture can be regarded as the
visual look of a surface or material. Typically, textures and
the analysis techniques associated with them are divided
into two major categories with dissimilar computational
approaches: the stochastic and the structural methods.
Texture analysis is necessary for many computer image
analysis applications such as classification, detection, or
segmentation of images. In the other hand, defect detection
is an important problem in fabric quality control process. At
present, the texture quality identification is manually
performed. Therefore, Tissue online Automatic Inspection
(TAI) increases the efficiency of production lines and
improve the quality of the products as well. Many attempts
have been made based on three different approaches:
statistical, spectral, and model based [2]. Texture is
characterized not only by the gray value at a given pixel,
but also by the gray value pattern in a neighborhood near
the pixel. Generally, the term texture refers to repetition of
texture primitives or fundamental texture elements called
texels. A texel contains a number of image pixels, whose
placement may be periodic, quasi-periodic, or random. The
category of the texture determined by the repetitiveness of
the Texel’s and the texture analysis approach is decided [3].
In this research paper, we investigate the potential of the
Gray Level Co-occurrence Matrix (GLCM) and association
rule that used as a classifier to identify the textile defects.
GLCM is a widely used texture descriptor]. The statistical
features of GLCM are based on gray level intensities of the
image. Such features of the GLCM are useful in texture
recognition], image segmentation], image retrieval], color
image analysis, image classification [4] [5], object
recognition and texture analysis methods [6] [7] etc. The
statistical features are extracted from GLCM of the textile
digital image. GLCM is used as a technique for extracting
texture features. The neural networks are used as a classifier
to detect the presence of defects in textiles fabric products.
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II.
FABRIC DEFECTS
Fabric texture refers to the feel of the fabric. It is rough,
velvety, smooth, soft, silky, and lustrous etc. The different
textures of the fabric depend upon the types of weaves used.
Textures are given to all types of fabrics, cotton, silk, wool,
leather, and also to linen. Textile Fabric materials are used
to prepare different categories and types of Fabric products
in the textile industry. Natural fabric and synthetic fabric
are the two different classifications of textile fabric.
Synthetic fabrics are fairly new and have evolved with the
continuous growth in textile industry [1, 8]. In a fabric,
defects can occur due to:
A. Machine faults
B. Hole
C. Color bleeding
D. Yarn problems
E.
Scratch
F.
Poor finishing

Image Mining deals with extraction of knowledge, image
data relationship and other required patterns and uses ideas
from image processing, image retrieval and machine
learning, databases [9].
Image Processing represents an image which may be
defined as a two-dimensional function, f(x,y), where x and
y are spatial (plane) coordinates, and the amplitude of f at
any pair of coordinates (x, y) is called the intensity or gray
level of the image at that point. When x, y, and the
amplitude values of f are all finite, discrete quantities, we
call the image a digital image. The field of digital image
processing refers to processing digital images by means of a
digital computer. Note that a digital image is composed of a
finite number of elements, each of which has a particular
location and value. These elements are referred to as picture
elements, image elements, pels, or pixels. Pixel is the term
most widely used to denote the elements of a digital image
[10].

III.
IMAGE PROCESSING AND MINING
Image mining is the process of searching and discovering
valuable information and knowledge in large volumes of
data. Image mining draws basic principles from concepts in
databases, machine learning, statistics, pattern recognition
and 'soft' computing. Using data mining techniques enables
a more efficient use of data banks of earth observation data.
Image Mining is an extended branch of data mining that is
concerned with the process of knowledge discovery
concerning images. Image Mining deals with the extraction
of image patterns from a large collection of images. In
Image Mining, the goal is the discovery of image patterns
that are significant in a given collection of images [8].

IV.
METHODOLOGY
The system of digital image mining may be presented
schematically as shown in below Figure 1. The following
operations are carried out during image quality
improvement:
A. Image Acquisition
B. RGB to Gray Color Conversion
C. Image Enhancement (Thresholding, Segmentation)
D. Feature Extraction
E. Classification
F. Defect Identification
Block Diagram of the Proposed System:

Fig.1: Block diagram of the textile defect inspection method
4. (a) Image Acquisition
Textile/fabric surface image is acquired by using the CCD
camera from top of the surface from a distance adjusted so
as to get the best possible view of the surface. Figures 2
show the quality of the acquired fabric images. The textile
images under test are of size 256x256 (64KB). For proper
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imaging, uniform lighting system is to be maintained to
avoid any illusive defect by virtue of light reflection
properties falling on surface. Different Fabric/Textile
Images Originally, the images are acquired at RGB color
scale. The images then are converted to gray scale.
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Fig.2: Preprocessing showing different images after being processed
4. (b) RGB to Gray Color Conversion
Weighted method or luminosity method
Weighted method has a solution to that problem. Since
red color has more wavelengths of all the three colors, and
green is the color that has not only less wavelength then
red color but also green is the color that gives more
soothing effect to the eyes.
It means that we have to decrease the contribution of red
color, and increase the contribution of the green color, and
put blue color contribution in between these two.
So the new equation that forms is:
New grayscale image = ((0.3 * R) + (0.59 * G) + (0.11 *
B)).
According to this equation, Red has contributed 30%,
Green has contributed 59% which is greater in all three
colors and Blue has contributed 11%. A gray scale image
(0 –255gray shades) is obtained.
4. (c) Image Filtration and noise removal
Since the leaf image for this study is taken by
photographic camera and is converted from RGB to gray
scale, it may contain some noise which could do difficulty
to interpret. Therefore preprocessing is necessary to
improve the quality of image and make the feature
extraction phase as an easier and reliable one. A preprocessing; usually noise-reducing step [12, 13] is applied
to improve image and contrast. Histogram equalization is a
method in image processing of contrast adjustment using
the image's histogram [16]. Through this adjustment, the
intensities can be better distributed on the histogram. This
allows for areas of lower local contrast to get better
contrast. Histogram equalization accomplishes this by
efficiently spreading out the most frequent intensity
values. The method is useful in images with backgrounds
and foregrounds that are both bright or both dark. In
particular, the method can lead to better views of bone
structure in x-ray images, and to better detail in
photographs that are over or under-exposed. In
mammogram images Histogram equalization is used to
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make contrast adjustment so that the image abnormalities
will be better visible In this work the efficient filter
(CLAHE) was applied..Contrast limited adaptive
histogram equalization (CLAHE) method seeks to reduce
the noise produced in homogeneous areas and was
originally developed for medical imaging [14]. This
method has been used for enhancement to remove the
noise in the pre-processing of digital images [15]. CLAHE
operates on small regions in the image called tiles rather
than the entire image. Each tile’s contrast is enhanced, so
that the histogram of the output region approximately
matches the uniform distribution or Rayleigh distribution
or exponential distribution. Distribution is the desired
histogram shape for the image tiles. The neighboring tiles
are then combined using bilinear interpolation to eliminate
artificially induced boundaries. The contrast, especially in
homogeneous areas, can be limited to avoid amplifying
any noise that might be present in the image.
4. (d) Image Thresholding: The image after noise
removal is brought under image into two colors i.e. we get
a binary image with white as back ground and black as the
object of interest. Segmentation algorithm is applied over
the binary image to get the segmented patterns.
Basic Global Thresholding and segementation:
1) Select an initial estimate for T
2) Segment the image using T. This will produce two
groups of pixels. G1 consisting of all pixels with gray level
values >T and G2 consisting of pixels with values <=T.
3) Compute the average gray level values mean1 and
mean2 for the pixels in regions G1 and G2.
4) Compute a new threshold value
T= (1/2)(mean1 +mean2)
5) Repeat steps 2 through 4 until difference in T in
successive iterations is smaller than a predefined parameter
T0.
4.(e) Feature selection
Features, characteristics of the objects of interest, if selected
carefully are representative of the maximum relevant
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information that the image has to offer for a complete
characterization a lesion [17, 18]. Feature extraction
methodologies analyze objects and images to extract the
most prominent features that are representative of the
various classes of objects. Features are used as inputs to
classifiers that assign them to the class that they represent.
In this Work Gray Level Co-Occurrence Matrix (GLCM)
features are extracted.
Gray-Level Co-Occurrence Matrix (GLCM)

One of the simplest approaches for describing the
texture is using a statistical moment of the histogram of the
intensity of an image or region [19]. Using a statistical
method such as co-occurrence matrix is important to get
valuable information about the relative position of
neighboring pixels of an image. Either the histogram
calculation give only the measures of texture that carry only
information about the intensity distribution, but not on the
relative position of pixels with respect to each other in that
the texture.
Given an image I, N × N, the co-occurrence, and the matrix P defined as:

In the following, we present and review some features of a digital image by using GLCM. Those are Energy, Contrast,
Correlation, and Homogeneity (features vector). The energy known as uniformity of ASM (angular second moment) calculated
as:

Contrast measurements of texture or gross variance, of the gray level. The difference is expected to be high in a coarse texture if
the gray scale contrast is significant local variation of the gray level. Mathematically, this feature is calculated as:

Texture correlation measures the linear dependence of gray levels on those of neighboring pixels (1). This feature computed as:

The homogeneity measures the local correlation a pair of pixels. The homogeneity should be high if the gray level of each pixel
pair is similar. This calculated function as follows:

4.(f) Classification
Data classification [20] is a two step process. In the first
step, a model is built describing a predetermined set of data
classes. The model is constructed by analyzing database
tuples described by attributes. Each tuple is assumed to
belong to a predefined class, as determined by one of the
attributes, called the class label attribute. In the context of
classification, data tuples are also referred to as samples or
examples. The data tuples analyzed to build the model
collectively form the training dataset. The individual tuples
making up the training set are referred to as training
examples and are randomly selected form the training
dataset[21]. Typically, the learned model is represented in
the form of classification rules, decision trees, neural
networks or mathematical formulas. In the second step the
model is used for classification. But first the predictive
accuracy of the model is estimated on a separate test
dataset. If the accuracy of the model were estimated based
on the training dataset, the estimate could be optimistic
since the learned model tends to overfit the data. Therefore,
a separate test dataset is used. If the accuracy of the model
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is considered acceptable, the model can be used to classify
future data tuples for which the class level is not known.
Level Adaptive Classifier
Basic Idea:
Almost all classifiers use Apriori Rule mining Algorithm to
mine the rule set. Apriori is an algorithm that generates
frequent rule items on a level wise manner. That is, at first,
all rules with one antecedent are mined, and then all rules
with two antecedents and so on. This can generate a large
number of rules and the number of rules in each new level
can grow in an exponential manner. There are datasets with
more than 20 attributes, so a rule of 20 antecedents can
only be generated if all the subsets of that rule, 2^20 are
generated previously. So this can be intractable. Moreover,
rules of larger number of antecedents are generally over
fitting rules and do not yield good performance on test
data. But there is no way to ascertain when to stop
generating rules in any state-of-the-art classifier. So this
classifier was an attempt to make the “max length of a
rule” parameter adaptive. The target was to achieve
efficiency without sacrificing accuracy.
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The idea was to generate all rules of level 1 first just as in
A Priori and construct a classifier using these rules and
calculate the number of errors made by this classifier on the
validation set. Then level 2 rules are generated and a new
classifier is constructed using both level1 and level2 rules.
Again, this classifier’s performance on validation set is
noted by recording the number of errors committed on
validation set. The number of errors [23] in this case is
compared with the number of errors with level1 rules. If
the number of errors does not decrease, we can make the
assumption that level 2 rules don’t help too much. In this
way, classifiers are constructed using rules of level 1, then
level 1 and 2, then level 1 ,2 ,3 etc. When two or more
classifiers of higher length rules perform worse than
previous classifiers, we can convince ourselves that the
new long rules are over fitting and we can safely discard
them and stop rule generation at that phase(do not generate
any more higher length rules).
Algorithm
L1=find_frequent_1_itemset(D);
Construct a classifier
Find number of errors on validation set
For (k=2; Lk-1!=empty ;k++)
{
Generate Lk = frequent_k_itemset(Lk-1);
Construct a classifier using rules generated so far
Find number of errors on validation set and compare with
previous
number of errors
If number of errors increases
Break;
}
This classifier is used to classify future test instances
V.
EXPEIMENTAL RESULT
In this paper we used association rule mining level
adaptive classifier using image contents for the
classification of defects in fabric. The average accuracy is
92 %. We have used the precision and recall measures as
the evaluation metric for fabric defect classification.
Precision is the fraction of the number of true positive
predictions divided by the total number of true positives in
the set. Recall is the total number of predictions divided by
the total number of true positives in the set. The testing
result using the selected features is given in table 5.1. The
selected features are used for classification. For
classification of samples, we have employed the freely
available Machine Learning package, WEKA [24]. Out of
100 images in the dataset, 70 were used for training and
the remaining 30 for testing purposes.
Table.5.1: Results obtained by proposed method
Non-Defected
90%
Defected
94%
The confusion matrix has been obtained from the testing
part. In this case for example out of 50 actual defected
images 3 images was classified as non-defected. In case of
non-defected images 45 images are correctly classified and
www.eecjournal.com
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5 images are classified as defected mages. The confusion
matrix is given in Table 5.2.
Table 5.2: Confusion matrix
Predicted
class
Actual
Defected

NonDefected
Defected
47
3
Non-Defected
5
45
The following graph shows the comparative analysis of our
method and various other methods.

VI.
CONCLUSION
We studied and developed an efficient method of textile
defects identification based on GLCM and Association rule
miner which is a comprehensive methods in a uniform
terminology, to define general properties and requirements
of local techniques, to enable the readers to select the
efficient method that is optimal for the specific application
in detection of fabric defects images. The proposed method
is tested with the best quality fabric images and the analysis
classifications and detection has been sought. The
descriptor of the textile image based on statistical features
of GLCM is used as input to ARM classifier for recognition
and classification defects of raw textile. Experimental
results showed that the proposed method is efficient, and
the recognition rate is 92% for overall testing including
training. This study can take part in developing a computeraided decision (CAD) system for Tissue online Automatic
Inspection (TAI). In future work, various effective features
will be extracted from the textile image used with other
classifiers such as Reverse Association Rule. The algorithm
uses simple statistical techniques in collaboration to develop
a novel feature selection technique for defected fabric
image analysis. The value of this technique is that it not
only tackles the measurement problem but also provides a
visualization of the relation among features. In addition to
ease of use, this approach effectively addresses the feature
redundancy problem. The method proposed has been
proven that it is easier and it requires less computing time
than existing methods.
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