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Abstract— Because of the approach of computer based innovation image processing strategies have turned out to be
progressively vital in a wide assortment of utilizations. Segmentation is an exemplary subject in the field of image processing.
Many works are existing in the area of segmentation and these systems regularly must be joined with area of learning new
innovations techniques to achieve the end goal to adequately tackle the segmentation issue. This paper discuss the issue of
segmenting yarn image with fuzzy and coherence techniques. The point of segmentation in the considered application is to
remove yarn core from the yarn. The technique is guided and compelled by Coherence Enhancing Diffusion (CED) and FCM
(Fuzzy C-Means) channel and furthermore the main problem of the yarn image segmentation is considered. For the process of
segmentation Gaussian mixture model in enhanced with coherence and fuzzy to acquire a division limit esteem. The Results of
segmentation by the CED, FCM and proposed strategy GMD are compared. The correlation demonstrates that the proposed
method gives best outcomes. The yarn core and the hairiness segmentation from the proposed algorithm are adequate for

assurance of yarn properties performed in the accompanying strides of the estimations of yarn hairiness measurements.
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l. INTRODUCTION

Yarn hairiness is fibre head or fibre tail that exposed to
yarn stem, which is caused by being not twisted completely
(Barella, 1983; Xia, Wang, Wang, Ye, & Xu, 2011). The
basic form of hairiness is divided into two categories: one
is the protruding fibre ends; another one is the looped fibres
arched out the yarn stem. The whole body is attached to the
surface of the yarn stem and not involved in the yarn, called
‘floating hairiness’, which is not regarded as yarn hairiness.
The schematic diagram is shown in Figure 1.

Hairiness is an essential pointer to gauge yarn quality
among the numerous records of yarn quality recognition.
Yarn furriness can influence appearance and handle of the
last material items. For example, the unevenness
conveyance of furriness of two weft yarns can cause
contrasts in the level of reflection, which can prompt Barres
in the surface of the material. Also, shading distinction is
happened in the wake of colouring because of uneven
shading, and accordingly influences texture appearance
emphatically. Moreover, the yarn with much shagginess
can without much of a stretch make the material pilling,
which is affected by grating in the post-machining process.
In addition, because of adjoining bushiness turned and
wrapped each other in the weaving procedure, the wonder
of imperfections and broken finishes will happen, which
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can diminish profitability. Likewise, shagginess is one of
the imperative reasons that shape flying catkins in the earth
while creating, which will contaminate condition and
affects human health.

Rest of the paper is organized as follows, Section | contains
the introduction of yarn Hairiness, Section Il contain the
related work of segmentation , Section Il contain the some
measures of yarn segmentation methodologies Section IV
contain the results and discussion of algorithm proposed,
Section V concludes research work.

Il. RELATED WORK OF SEGMMENTATION

The appearance of yarn, one of the primary qualities,
affects its commercial value in the market [1]. The
unevenness of yarn is an important index to evaluate the
quality of yarn [2], which causes a high fracture rate and
produces cloud and shadow in appearance. The diameter of
yarn is the direct parameter to evaluate yarn unevenness,
and hence a rapid way of obtaining accurate yarn diameter
is meaningful in the textile industry. The Uster Evenness
Tester is a dominant instrument for testing yarn evenness,
which uses capacitive sensors to check the distribution of
yarn mass [3]. However, this method depends on the testing
environmental conditions, as the capacitors are usually
affected by the temperature and ambient humidity, and the
resolution of this method is relatively low when the

56



International Journal of Computer Sciences and Engineering

capacitors sample the data every 8 mm (e.g. early versions
of the Uster Evenness Tester) [4].

Some research about segmenting a yarn image has been
reported in the literature. Fabijanska & Jackowska-
Strumillo [6] used the graph cut method and high pass
filtering to extract the yarn core from yarn images. The
algorithms proposed were compared with computer
methods previously used for yarn property assessment.
Anirban Guha et al. [7] and Vitor Carvalho et al. [8] used
the Ostu segmentation method to convert a yarn image to a
binary image. Subsequently a new method of yarn core
determination and a filter were applied for processing their
results, respectively. Then the hairiness was separated from
the yarn core. Wang et al. [9] used the canny detection
method and morphological processing to obtain the yarn
core for calculating the yarn diameter. Anna Fabijanska
[10] used the region growing-based approach and
morphological opening to extract the yarn core from a yarn
image. However, these methods cannot be applied to
moving yarns in real-time processing because of the longer
computation time and smaller application scope. The
segmentation results of these methods are better only for
some images captured by a specific visual system.

Thinking about the above status, in view of a high-
determination camera in blend with image handling system,
we choose to build up a handy yarn bushiness testing
technique. The model with a variable weight in the wavelet
area is introduced to portion yarn and foundation in this
paper. This calculation cannot just depict the non-stationary
qualities of picture yet additionally completely catch the
basic data in various resolutions, which accomplishes a
superior yarn division. In the interim, we take the normal
separation between yarn stem edge and yarn hub as
standard to tally the quantity of yarn bushiness of various
length. The pattern can fit yarn stem edge to the most
extreme degree. That is not the same as the British SDL-
Y96 yarn hairiness measurement and the China Changling
YG172 yarn hairiness measurement, which takes the
external edge and internal edge of yarn stem as benchmark,
individually. What's more, the estimation test criterion of
shagginess length that alludes to the guidelines of USTER
ZWEIGLE HL400 bushiness analyser is executed and
correlation with the convention yarn division calculation in
this paper.

Measure to incorporate both similarity (which they take to
satisfy the condition noted) and fuzziness.In this paper, we
provide necessary conditions for a second type of similarity
measure that does take the degree of fuzziness into account.
Properties of the two concepts of similarity,analogous to
the two concepts of probabilistic coherence, are explored
and it is shown how measures of the second type can be
generated from measures of the first type. It turns outthat
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the second type of similarity measure is closely related to
Sancho-Royo and Verdegay’sconcept of coherence.The
next part of the paper applies the concept of coherence to
knowledge bases, with the main focus being on cases where
two knowledge bases are in conflict with each other.
Considerable attention has been given to dealing with
inconsistency (see, for example,Gérdenfors1988; Benferhat
et al. 1997;Hunter 2000;Priest 2002) and there has also
been work proposing measures of information and
inconsistency for knowledge bases (Lozinskii 1994;Knight
2001, 2003), which in some cases are used to order sources
of information (Hunter 2002;Konieczny et al. 2003).
Suppose information is received from various sources and
that in each case there is some inconsistency with domain
knowledge. In such cases it may be appropriate to use a
measure of inconsistency to obtain an ordering of the
sources, with the source that is least inconsistent with the
domain knowledge considered the most reliable. However,
in many cases it is not only the degree of inconsistency that
is relevant, but also the amount of information provided by
the source. If any source provides a sufficient amount of
useful information this may be enough to compensate for
its inconsistency, thus a trade-off is required. See Hunter
and Konieczny (2004) for discussion on this point.

I1l. METHODOLOGY

A. Image Acquisition

In order to meet the requirements of real time processing,
an image acquisition device is designed to acquire The yarn
images, as shown in Figure 2. Snapshot photographs of
yarn are taken in succession along the yarn by a digital
video camera at a resolution of 768 x1024 pixels. In the
device designed; a closed imaging box is used as the image
acquisition platform to shield the disturbance of stray light.
Meanwhile a special light source is set up in the closed box.
In addition, yarn motion driver and tension controllers are
employed to obtain better simulation and meet the
requirements of measuring the yarn diameter. In this paper,
real-time segmentation for a yarn image and accuracy
analysis of the segmentation results is made. Therefore yarn
unevenness evaluation can be realized on the basis of the
continuous yarn image sequence. Figure 2 shows the
integrated structure of this system. The image of the yarn is
shown in figure3 [14].

B. Image Pre processing

Gray-scale transformation is proposed after yarn image
acquisition.and ensure the yarn flatly appearance In our
work, we choose the Hough transform (Manjunath Aradhya
& Shivakumara, 2006; Singh, Bhatia, & Kaur, 2008) to
preprocess the yarn image. The fundamental strides of the
Hough change are depicted as takes after. As a matter of
first importance, finding the inside pixels of yarn stem in
the main section and last segment by push filtering, and
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coordinating the two pixels. At that point, the Hough
change is acknowledged by the utilization of hough
capacity, and Hough change network is acquired. The
extraordinary focuses are found in Hough change grid and
line sections are extricated in yarn picture. Afterward, the
lengths of line portions are figured to locate the longest
queue fragment. At last, the incline of the longest queue
portion is acquired and the rectified image is picked up by
turning the image at a comparing edge.

C. Fuzzy C-means algorithm (FCM)

The FCM algorithm is an unsupervised clustering method
which divides n data vectors, x into ¢ fuzzy categories, and
determines the clustering centre of each category for further
minimisation of the fuzzy target function [11].

JUV) =3 Y (uy)" || xi-vill

where, u; is the fuzzy membership of an individual x
belonging to the j™ category, m the fuzzy weight index, and
v; is the clustering center of the j™ category. J

Figure 4.a shows the segmentation result of one column of
the image. The two red rectangular boxes represent the
edge points determined by the intensity-gradient curve. All
columns in the yarn image are processed by the same
method, as shown in Figure 4.b. Figure 4.c displays the
segmentation result of all columns for the original yarn
image. To evaluate the edge segmentation effect of the yarn
image with our method, edge segmentation method is used
in the experiment and the result is used for further accuracy
validation [14].

D. Coherence Enhancing Diffusion (CED) filter

New versatile intelligibility improving dispersion (CED)
channel which consolidates anisotropic dissemination and
structure tensor inferred dispersion capacities. By abusing
isotropic smoothing in homogeneous areas and anisotropic
dispersion tensor separating in edges and corners we get a
PDE stream which can evacuating commotion while saving
imperative picture points of interest. Contrasted with the
first CED approach our proposed versatile CED (ACED)
acquires stable smoothing comes about. Trial comes about
on manufactured and genuine shading pictures demonstrate
that the proposed channel has great commotion evacuation
properties and quantitative estimations show it gets better
structure protection too.

In this progression single strands plaiting the yarn are
considered as stream like structures. For stressing data
associated with their outskirts intelligibility upgrading
dispersion channel is connected (CED) as per condition is
next consistently standardized to dynamic scope of 8-bit
monochromatic picture. Guide picture u' CED channel acts
along bearing of single filaments. It has ability of shutting
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intruded on lines in the yarn image. Therefore subtracting
unique picture u from the one handled with CED channel
permits to extricate critical data about outskirts between
hairiness (see Fig. 5)

Uitr(x) = G1Umeq (X) - U(X)

Histogram of the difference image Ugqir Obtained after
histogram normalization guides and constrains the region
growing performed in the next step of the algorithm.

So as to separate yarn frame the foundation seeded locale
developing is performed on delineate u'. While joining
sequential pixels learning about the picture u’diff especially
foundation power fills in as a limit Ty for locale
developing. Because of properties of CED channel power
out of sight of guide picture u' is consistent after
standardization performed in the past advance. Also it is
anything but difficult to decide foundation force as it is
predominant.  Consequently limit Tdiff can be
communicated as takes after:

T,= argmax(u’ gi(X))

Yarn division is performed as per beginning from a seed
point.

Seed point is selected randomly  Figure 5 presents final
results of yarn segmentation using region growing.

E. Proposed Algorithm - Gaussian mixture
Distribution(GMD)

Gaussian mixture Distribution (GMD) are composed of k
multivariate normal density components, where k is a
positive integer. Each component has a d-dimensional
mean (d is a positive integer), d-by-d covariance matrix,
and a mixing proportion. Mixing proportion j determines
the proportion of the population composed by component j,
j=1,...k

To create a Gaussian mixture distribution object
gmdistribution using gmdistribution or fitgmdist. Use
gmdistribution to create a fully specified GMM object by
specifying the component means, covariances, and mixture
proportions. Use fitgmdist to fit a GMM object to an n-by-d
matrix of the data X by specifying the number of mixture
components k. The columns of X correspond to the
predictors, features, or attributes. The rows of X correspond
to the observations or examples. By default, fitgmdist fits
full covariance matrices that are different among
components (or unshared).

fitgmdist fits GMMs to data using the iterative Expectation-
Maximization (EM) algorithm. Using initial values for
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component means, covariance matrices, and mixing
proportions, the EM algorithm proceeds using these steps.

1. For each observation, the algorithm computes posterior
probabilities of component memberships. You can
think of the result as an n-by-k matrix, where element
(i,j) contains the posterior probability that observation i
is from component j. This is the E-step of the EM
algorithm.

2. Using the  component-membership  posterior
probabilities as weights, the algorithm estimates the
component means, covariance matrices, and mixing
proportions by applying maximum likelihood. This is
the M-step of the EM algorithm.

The algorithm iterates over these steps until convergence.
The likelihood surface is complex, and the algorithm might
converge to a local optimum. Also, the resulting local
optimum might depend on the initial conditions. fitgmdist
has several options for choosing initial conditions,
including random component assignments for the
observations and the k-means ++ algorithm.

fitgmdist returns a fitted gmdistribution model object. The
object contains properties that store the estimation results,
which include the estimated parameters, convergence
information, and information criteria (Akaike and Bayesian
information criteria). You can use dot notation to access the
properties.

Once you have a fitted GMM, you can cluster query data
using it. Clustering using GMM is sometimes considered a
soft clustering method. The posterior probabilities for each
point indicate that each data point has some probability of
belonging to each cluster

e  Parameter estimation
In this paper, the appropriate potential parameter Pc is
chosen by testing the yarn image repeatedly. The
parameters of feature field are estimated by maximizing
pseudo likelihood (MPL) of expectation maximization
(EM) algorithm (Ng, Krishnan, & McLachlan, 2012).

e  Segmentation process of yarn image
The primary strides of the proposed calculation are
recorded as takes after.

(@) Indicating the quantity of classifications L and the
potential parameter Bc of MLL show. J—1 layers wavelet
disintegration is acknowledged in picture and the element
field is displayed in each scale by Gaussian model. Setting
the stop state of emphasis P by EM calculation, and the
estimation of scale work c(s) is acquired by the plummeting
request of scale.
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(b) Getting the underlying division in the biggest
scales.Denoting s = J—1 in this paper. Since an underlying
quality is required when utilizing EM calculation, the
element field in scale s is grouped by K-implies bunching
calculation to get the underlying division brings about
scales.

(c) E step. Actualizing the progression of obtaining desire
an incentive in EM calculation and the parameters of
highlight field that demonstrated by Gaussian model are
evaluated by MPL .

(d) M step. Emphasis Condition Mode (ICM) is received to
get the element field weight of the present number of cycle
in scales. Also,is limited to acquire the enhanced division
comes about.

(e) Inner-scale emphasis. Rehashing steps (c) and (d) until
the point that the stop criteria is met and the last division
result in scale s is obtained.(f) Outer-scale emphasis. The
division result that has a place with scale s is
straightforwardly mapped to the closest scale s—1 as the
underlying division. Rehashing step (e) until the point when
the division result in the lowest scale is gotten.

In our work, we do not take the inner edge (Guo & Wang,
2007) or outer edge (Su, 2004) of yarn stem as baseline
because yarn stem is uneven and the straight state of yarn
stem is hardly realized during measurement. In order to
take into account the effect of the uneven thickness of the
yarn stem and the accuracy of the test, the zero point of the
yarn hairiness, in other words, the baseline of the edge of
the yarn core, is handled by the adaptive calculation. The
upper criterion is taken as an example, the steps are as
follows: first of all, the lateral axis of yarn stem is
determined by ‘mean2’ of MATLAB R2012b which can
obtain the mean of the matrix. The distance between upper
yarn stem edge and the lateral axis of yarn stem is counted
by column scanning in yarn stem image. Then, the average
distance of the statistical data is calculated. Finally, the
upper baseline of yarn stem edge is obtained by carrying
out subtraction between the average distance and the lateral
axis of yarn stem. The low er baseline can be obtained in a
similar way.At last, the baselines of yarn stem edge are
obtained.

IV. RESULTS AND DISCUSSION

The consequences of division by factor weight demonstrate
in the wavelet space and iterative edge calculation are
appeared.. In our proposed calculation, potential parameter
Bc is the most vital factor which will specifically influence
the calculation execution. at the point when the littler
potential parameter is picked (Bc = 0.1), an excess of
commotion indicates are happened owing poor regionalists
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of division result. It is caused by the littler parts The
proposed calculation is contrasted and rationality
improving dispersion, fuzzy ¢ implies algorithm (FCM) and
the division comes about are appeared in table. Test comes
about demonstrate that, for CED order mistake worldwide
twofold calculation, the normal estimation of grayscale
angle of yarn picture is utilized as a limit to get the
shagginess picture. Be that as it may, the wonder of
shagginess breakage is happened and part of bristliness is
delegated foundation. Likewise FCM isn't reasonable for
yarn division due to genuinely bushiness breakage marvel.
calculation are anything but difficult to fall into
neighbourhood ideal on account of embracing settled
weight to interface highlight field model and mark show,
which is troublesome in acquiring all around ideal division

It ought to be noticed that the proposed calculation can not
just depict the non-stationary qualities of yarn pictures yet
in addition acquire better parameter estimation and division
brings about each scale utilizing variable weight
hypothesis. The results of the above algorithms are
presented in the table 1 for the reference.

Figure 4.a shows the segmentation result of one column of
the image. The two red rectangular boxes represent the
edge points determined by the intensity-gradient curve. All
columns in the yarn image are processed by the same
method, as shown in Figure 4.b. Figure 4.c displays the
segmentation result of all columns for the original yarn
image.

To evaluate the edge segmentation effect of the yarn image
with our method, the manual yarn edge segmentation meth-
od is used in the experiment and the result is used for
further accuracy validation. In the manual operation, the
yarn image is magnified using the software Photoshop CS
8.0 and the edges of the yarn core and hairiness are marked
by human vision. The manual segmentation result is shown
in Figure 4.d. As shown in the figure, the manual
segmentation is also consistent with the method proposed.
It clearly shows that the method proposed is very effective
at segmenting the yarn core from the background.Final
segmentation using Gaussian mixed model with fuzzy and
covariance clustering method is shown in figure 5.

olding

The aim of the method proposed for real-time yarn imaging
is to measure the yarn diameter and evaluate the yarn
unevenness. Therefore the diameter data extracted from the
method proposed must be compared with more precise
data. In this paper, manual segmentation of a yarn image is
utilised. As manual segmentation is time-consuming, 3000
yarn images of four kinds of cotton yarn, which are 27.8 tex
(#1), 14.6 tex (#2), 9.7 tex (#3), and 7.3 tex (#4), are
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segmented by the method proposed and manual segmen-
tation, respectively. Results of the two methods with the
average diameter and CV in % are summarised in Table 2.

From Table 2, we can see that the difference the yarn
average diameter and CV% between the manual
segmentation method and the method proposed is very
small. Compared with the manual segmentation method,
the calculation errors of the two average diameter values of
four kinds of yarn are +4.32%, +3.10%, -4.65% and -
6.59%, respectively. Therefore the method proposed is able
to segment the real-time yarn image accurately

V. CONCLUSION

An efficient segmentation method was presented In this
paper for more accurate hairiness measurement. The
technique GMD of fuzzy and coherence is a clustering
based approach which manages and compels the
development of the area utilizing soundness improving
dissemination channel. The proposed strategy is
exceptionally powerful in segmenting yarn image. It viably
separates both the yarn centre and projecting and circled
filaments. The nature of the outcomes is free on lighting
conditions. In outcome the proposed strategy can be
effectively utilized as a part of vision frameworks for yarn
hairiness measurements as a piece of the estimation
procedure in the field of textile.

VI. USING THE TEMPLATE
A. Figures and Tables

protruding fibers

yarn core

ggl(d\&é/{)\\j’\
)

a
ERSVANN (R

looped fibers

)
¥

Figure 1. Textile yarn hairiness; (a) back view of yarn, (b)
cross section of yarn [7].
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Figure2. Real-time image acquisition device: 1) closed
imaging box, 2) matrix CCD image sensor, 3) yarn, 4) light
source, 5) yarn guiding devices, (6) camera lens, 7) yarn
tension control panel, 8) touch screen, 9) output rollers
with servo motor

Figure 3 Exemplary images of yarn

a) the segmentation result of one line,

b) the segmentation Result of the yarn image by the method
proposed (yarn core image),
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c) the result in the original image

d) the result of manual segmentation.
Figure 4. Results of segmentation

Figure 6 Result Of proposed Segmentation Algorithm
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Table 1. comparision of images after yarn segmentation
using different algorithms

ORIGINAL
IMAGE

PROPOSED
ALGORITHM

COHERENCE
ENHANCING
DIFFUSION
(CED) FILTER

FUZZY C-
MEANS
ALGORITHM
(FCM)

Table 2. Difference the yarn average diameter and CV%
between the manual segmentation and proposed method.

Yarn Method proposed Manual
sample Segmentation
Method
Average | CV,% | Average | CV,%
diameter, diameter,
mm mm
#1 0.217 7.61 0.208 7.89
#2 0.133 10.84 0.129 10.42
#3 0.123 12.15 0.129 11.89
#4 0.085 14.97 0.091 14.65
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