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Abstract

Quality control is an important aspect in moderduistrial manufacturing. In textile production, amttic fabric inspectic is
important for maintaining the fabric quality. At presehe fabric defect inspection process is carriedwaith human visua
inspection, or by imported machines. But it isragiconsuming and costly. The detection of fabefedts is one of the rst
intriguing problems in computer vision. The inspectioradiric defects is particularly challenging duedoge number of fabri
defect classes which are characterized by theineagss and ambiguity. The videos of the knitteddabat is rolled arbeing
captured. The captured video is converted into iiddi® frame and the key frames are extracted focgssing. Then tr
extracted frames are processed to find defectsand the defects are classified using various macvision techniquesThis
papermresents the detailed report about the classifinaif various types of fabric faul
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1. Introduction

The global economic pressures have gradually led bssitw
ask more of it in order to become more competitimeextile
industry, inspection of fabric defects plays an @mant role
in quality control. An optimal solution would be
automatically inspecthe faulty fabric to prevent defects
production of fabrics or to change process params
automatically to improve the product quality.

This paper proposes a machine vision based fat#ctien
technique. This work inspects woven web materiatietct
the manufacturing faults. The video of the movirabpric
material is captured and the videos are process¢al
individual frames. The individual frames are exagdinto
detect and classify the different faults. After lgmang the
frames, the percentagef faults are determined and t
inferences are listed.

This paper is organized into seven sections. Sect
discusses about the fabric defects. Section 3 gegvithe
various fault detection methods. Section 4 dethi#smachine
vision concepts and 8&on 5 gives the System design for
proposed system. Section 6 details the resultsraatay the
proposed fault detection algorithm and the conolsiare
drawn in section 7.

2. Fabric Defects

The fabric quality is affected by yarn quality amdioom
defects. The poor quality of raw materials and iopgr
conditioning of yarn results in yarn quality defeaind effect
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such as color or width inconsistencies, slubs, éncdnds, etc
The tests o the quality of yarns are usually performed at
output of spinningwills. Quality test runs for looms al
knitting machines require interruption of the wemyprocess
This interruption is not practically feasible fdret machine
that are intended fdarge production runs of fabric rolls. T
quality test is carried out in weaving machinesigsxisting
methods which generally produces unacceptable tse
These test runs tend to be smaller and may notstex
recurring fabric defects that are geated due to sinusoidal
occurring inconstancies in the weaving machinese
weaving irregularities generated in the weaving maes due
to the change in operating conditions (temperatoueidity,
etc.) also results in various fabric defects inehgent of yarn
quality.

3. Fabric Defect Inspection Methods
3.1 Traditional Inspection

The traditional inspection of the fabric fault iarded out by
Human inspections [5]. The fabric produced fromweaving
machines is about 1%5meters wide, and rolls out at the sp
of 0.3:0.5 meters per minute. When a human inspectorex
a defet on the moving fabric, he stops the motor thétes
the fabric roll, records the defect with its locatiand start
the motor again.

3.2 Automation for Inspection

The automated fabric inspection system is econdiyi
attractive when reduction in m®nnel cost and associal
benefits are considered. The architecture of a ca
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automated textile web inspection system [3] is ghow

Figure.l. The system consists of a bank of camemasged
in parallel across the web to be scanned, a compotesole
hosting (single or an array of) processors, theéagrabber, a
lighting system and the supporting electrical arneclhanical
interfaces for the inspection machine. The inspectystem
employs massive parallelism in image acquisitiorthwa

front-end algorithm[2]. The Image acquisition it meal-time

and doesn’t match with the speed of the process tBeen

some of the frames are not processed and henaedhk of

this fault analysis is not accurate
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Figure 1 Automated Textile Web Inspection
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3.3 Classification of Inspection Methods

The automation of visual inspection process is #tifaceted

problem and requires complex interaction among ovayri
system components. The prior techniques and modbish

are already used for fabric defect detection, aseudsed in
some papers [1]. Based on the material of thedamd other
factors, the inspection method may differ. The flowart
about the classification of inspection methods iigery in

Figure 2.
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Figure.2 Classification of Inspection Methods

Texture analysis [10] is the most common method of

inspection of fabric faults. The most commonly usexture
analysis techniques are classified into three caieg

. Statistical approaches

. Spectral approaches

. Model based approaches
3.3.1 Statistical Approaches

The objective of defect detection is to separatpeation
image into the regions of distinct statistical beba An
important assumption in this process is that tlissics of
defect-free regions are stationary, and these megaxtend
over a significant portion of inspection images.eTpure-
statistical approaches [4] form the majority of waresented
in the literature. The defect detection methods lewipg
texture features extracted from fractal dimensiinst-order
statistics, cross correlation; edge detection, molggical
operations, co-occurrence matrix, eigen filtersnkrarder
functions, and many local linear transforms havesnbe
categorized into this class.

3.3.2 Spectral approaches

Many common low-level statistical approaches sustedge
detection break down for several fabric defect$ #mpear as
subtle intensity transitions. Spectral approaci¢sife robust
and efficient computer-vision approaches for fahbdiefect
detection. In these approaches texture is charaeterby
texture primitives or texture elements, and the tiapa
arrangement of those primitives. Thus, the primgogls of
these approaches are firstly to extract texturmigivies, and
secondly to model or generalize the spatial placemaes.
However, random textured images cannot be described
terms of primitives and displacement rules as tis&idution
of gray levels in such images is rather stochaS3tierefore,
spectral approaches are not suitable for the deteaf
defects in random texture materials.

3.3.3 Model-Based Approaches

Texture is usually regarded as a complex pictqrétern and
can be defined by a stochastic or a deterministaeh

However, the real textures, such as fabrics, arenahixed

with stochastic and deterministic components. Tieal r
textures can be modeled as stochastic processteatded

images can be observed as the realizations or ahwles

from parametric probability distributions on theadge space.
The advantage of this modeling is that it can poadiextures
that can match the observed textures. The defeeictin

problem can be treated as a statistical hypothestsig

problem on the statistics derived from this modébdel-

based approaches [6] are particularly suitable fedvric

images with stochastic surface variations (possitilye to

fiber heap or noise) or for randomly textured fabfior which

the statistical and spectral approaches have nbtslyewn

their utility.
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4. Machine Vision Inspection

Many attempts are carried to apply machine vision
automate the inspection of moving webs, for a walege of
materials including tinplate, cold rolled steeltisand paper,
etc in addition to textiles. Machine vision finds application
in many fields due to its accuracy in analyzing Hystem
with the minimum utilization of the sources. Moreovin

other inspection techniques only off line procegsis done.
Where as in the machine vision technique onlinegssing is
done and the interfacing of the inspection systeith the

real-time process can also be achieved. The owerafethe

machine vision technique used for the textile faumalysis is
discussed in detail in the following sub sections

4.1 Components of Machine Vision

The thing that makes the machine vision techniquaost
successful one is the various ranges of comporieptssess.
In other systems these components will not be ptesad the

frames are processed by using any of the speaifiage
processing tool and soft computing techniques éntifly and
tlassify the faults. But in the proposed method hhedware
system itself provided with the software supportichh
simplifies the above mention process. Graphical r use
interfaces and libraries of high-level software mied
operating in standard environments such as Windoaxe
eased the development process and made machioa wisia
user-friendly tool. Leading-edge software suppliease
providing object-oriented application developmembl$ that
will speed the application development even more.

4.1.4Real-Time Interfacing

The unique feature which the machine vision toolk bo
possesses is the real-time interfacing. There @res Seatures
provided, which helps to interface the embeddeagssor to
the real-time environment using some standard fates.
High-speed serial data ports like the Universalegb&us and
Fire Wire (IEEE 1394) will speed up the data transind

performance of these systems will also be poor whgiformation throughput, increasing the overall daifiey of

compared to machine vision components.
The various components are discussed below.

4.1.1 Smart Cameras

machine vision systems. USB has already been adl@ste&n
industry standard by PC and peripheral vendors, \aitid
make it simpler to connect digital cameras to pdwer
embedded PCs. However, reaching real-time videss raill
require the higher-speed Fire Wire which is avddab the

Charge Coupled Device (CCD) cameras are becomifghchine vision embedded processors.

smaller, lighter and less expensive. Images cagptuae
sharper and more accurate, and the new dual oogpuoéras
produce images twice as fast as previous modelnew
generation of CCD color cameras adds another dimerie
machine vision by enabling systems in better dietecand
discrimination between objects, removing backgreuatd
perform spectral analysis.
generation of CCD cameras which forms the recemds in
the machine vision techniques. They have the
processor and memory within them which makes timeecas
to work independently. These cameras are etheupgtosted
and they can be linked to the remote monitoringtesys
Based on the applications the range and performahdke
smart camera varies accordingly.

4.1.2Inbuilt Frame Grabbers

Frame grabbers developed recently offer greatdilisyaand

accuracy than the earlier models, and some can leapdle
image processing and enhancement on the fly, uigital

signal-processing techniques. In other inspectigstesn

frame grabbers are to be installed individuallyt Bumachine
vision, the camera itself will have the inbuilt ima grabbers
which are able to produce even 1058 frames/sec filzan
captured video. This makes the process of getiatg dbout a
process very easier and the key frames are extréatdo the
inspection on the quality of the material.

4.1.3Software support

Software support is the most important one whiah akher
inspection system lacks. In the existing syster, eéktracted

Smart cameras are the ng

iatern

4.1.5Portable Embedded PC’s

With the advent of the PCI bus, the PC has hadjarrimapact
on the use of machine vision in manufacturing aapions.
Personal computers couldn't gather data at a asteehough
to keep up with machine vision's heavy |I/O reguients,
Including data transfer rates of 20 MB/second osatgr.
These requirements have led to the developmenbudélge
embedded PC'’s. These PC’s has a high speed prosessb
large internal memory which makes high speed psicgs
easier The VME (Versa Module Europa) bus, a speeidl
architecture for data acquisition and process ognivith bus
speed of 40 MB/second, became a development stindar
instead. The distributed intelligence made posstije PC
technology has contributed immeasurably to the paiceé
effectiveness of factory automation. These PC’s glsssess
the real-time interface bus support.

5. System Design

The system to analyze the faults in the textile wedterial
should be designed effectively to detect all thalt&in the
web material. For this the system should be dedigmsuch a
way that it should function irrespective of the erral
environment. The system design can be categoritedtivo
ways as

. Hardware design

. Software design
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Figure 3 Block Diagram of Proposed System
5.1 Hardware Design

The hardware design plays the major role in thetesy
design. The various components that are includedhée
hardware design are

. Camera

. Lighting system

. Frame Grabber
. Real time Embedded Vision system
5.1.1Camera

The cameras preferred are area scan cameras. V@Aras
are likely replaced by mega pixels cameras wittamé spee
of about 120fps. CCD and CMOS sensors are usedédmet
the interfae preferred are Gigabit Ethernet (GigE) and IE
1394b (FireWire b interfaces). The cable lengthabbut 4
meters can be extended from the camera and theot@an
be held in the remote section. The resolution chmera it
limited by the number of pels in the camera photo sen
and the object Field of View (FOV). The FOV depeamtseon
the characteristics of the background and the eaifidefect:
present.

5.1.2Lighting system

The qualities of acquired images play a vital rdfe
simplifying an insgction problem. The image quality
drastically affected by the type and level of illmation.
There are four common types of lighting schemes dse
visual inspection i.e. front, back, fibeptic, and structure:
The backlighting eliminates the shadand glare effects, ar
is used for fabric inspection. It is also possiolemploy fibel
optic illumination for the fabric inspection, as frovides
uniform illumination of products without any shadawglare
problem. However, fiber-optic illuminations the mos
expensive to realize and is not economical f@& feet wide
textile webs. In the designed system we use moooud
white light for the backlighting and overhead frdighting
can be done using UV lightings and high current L
lighting.

5.1.3 Frame grabber

The pixel data coming from each of the camera rveded
into a digitized image by the frame grabber. All bv
inspection systems have to cope with the multienera

inputs. Some systems receive multi camera inputuging
some kind ofvideo multiplexer unit between the camera
the frame grabber. A rather expensive way to cofith
multiple cameras is to use one frame grabber wricpmera
Camera with inbuilt frame grabber is used in theppsec
machine vision based inspection system.

5.1.4 Real time embedded vision system

This real time embedded machine vision system hhgla
performance multicore processor for fast inspestiand higt
speed functioning [8]. This system has multi can
connectivity with no movable parts. Thgstem also has hic
1/0 count for synchronization and industrial comrications.
This supports Gigabit Ethernet (GigE) and IEEE 1£
(FireWire b interfaces).

5.2 Software Design
5.2.1 Vision Acquisition System

The Vision Acquisition system present in developed
system consists of the Software components thaicstiphe
wide range of hardware components suchcareera and the
frame grabbers.The software components used in
acquisition system are:

. Vision Builder
. Vision Development Module
Vision Builder

The new version of Vision Builder Al(Automatic Iregtion)
has more machine vision options in it. Inbuilt \disiAssistan
Tool helps to develop the algorithm for the fadintification.
Then it has many inbuilt options like pattern matgh
contour matching and many more image processing sch
as edge detection, filtering operations and manyemhich
helps in easy detection and classification of &

Vision development module

The development module has LabVIEW software and
Vision Assistant support. After developing the machiiston
algorithm in the Vision Builder tool the Vision Astant
converts the algorithm into LabVIEW codes. This Y/#BW
code can be deployed into the Embedded vision sy
through the support of the LabVIEW software.

6. Results And Discussion
6.1 Image Acquisition

USB cameras are used to obtain the images for atinglthe
results of various faults. The images acquiredséneed anc
they are retrieved for processing by framing thdtfdetectior
algorithm. To perform fault identification and classificatic
about 70 fabric image samples are analyzed andtsesie
verified. Different algorithms for pattern matchjngdge
detection and contour matching are framed foiouarfaults

144



Inter national Journal of Computational Intelligence and Informatics, Vol. 1: No. 2, July - September 2011

and the classificatiois done using soft computing techniqi The simulated resultant image for the Spot ideg#tfon is
like Fuzzy logic, ANFIS etc. shown in Figure 7.

=TT

6.2 Fault Detection
6.2.1 Hole

The original faulty image captured is converted igtay scale
image and then pre-processiigy performed [9]. Thepre-
processed image is shown in Figure 4.

Figure 7 Spot Identified Image

6.2.4 Scratch

Figure 4 Detection of Hole

Scratches are formed on the fabric because of tehimery
Then exact fault location is found using patterrtanag by parts during manufacture. The dctes are very easy
matching with the predefined template describe€igure 5 detect as these scratches are geometrically didtom the

e e - fabric. Figure 8 shows the simulated results far feratct
identification in the woven web materials

Figure 5 Predefined Patterns
6.2.2 Missing yarn

By applying the thresholdperation, missing yarn can
detected. Threshold value is selected based omahee of
the fabric material. The original image and theesmold
image are shown in the Figure 6. Lighting is theantant
factor in detecting the missing yarn in thebweaterial

Figure 8 Detection of Scratch

6.3Comparison of Results
Table.1 Comparison Table
No of Fault
. Inspection Fabric No of faulty . e Classified
; . identified .
method image image B images
[ images
' samples
Existing

Figure 6 Detection of Missing yarn automatic 70 55 40 30

inspection

6.2.3 Spot Machine
P vision based 70 55 50 47

Spot identification means identifying any unwantégnge ir L_nspection
the fabric caused by the external environments. Hitecy

lubricants and other addictives used during #rEtting

process create spots over the fabric surfaces.
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6.3.1 Percentage of Fault Identification

7. Conclusion

When the fabric image samples are analyzed usimg fhhus the proposed fabric fault inspection using \ti&ww
existing method and the proposed method, the psmpodMachine Vision provides about 18.2% better resuit

method gives very good result. Among the 70 sampsesl,
55 are faulty fabric images and the rest are fabriages
without faults. Performance of various inspectioatmods is
shown in the Figure 9. When the inspection is edrrout
using these images, the existing methods identitiat/

72.7% of faulty images and misreads remaining irnage
faultless. Comparing to the existing inspection hods, the
proposed Machine Vision based fabric inspection hoet
produces better result of about 90.9% in identdyihe faults
present in the fabric. Almost all the faulty fabitnages are
identified and classification of different faultarc be carried
out as detailed in next subsection.
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Figure 9 Fault Identification
6.3.2Percentage of Classification

Figure 10 shows the statistics of the inspectiorthods in
classifying the identified faults. In manual inspec
classification of identified faults is done by iespors itself
and in existing automatic inspection the classiica is
carried using microcontroller
network application. The proposed machine visiosedafault
identification system classifies almost all thelfawand gives
better performance when compared with the exigtieghods
by using soft computing techniques like Fuzzy logiad
ANFIS.
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Figure 10 Fault Classification

programming and néura

identifying the types of faults and about 20% betesult in
classifying them when compared to the existing imated
fabric inspection method. Here the fabric faultyage is
inspected using the machine vision tools like patte
matching, particle detection, shape matching, gédene
matching and many present in the LabVIEW Visionistsst
2010 and the defects are detected to an accurd@yLmim. In
future hardware implementation can be done andealetime
processing can be carried out to inspect the defeche
textile web material.
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