ABSTRACT

CHAKRABORTY, SAMIT. Automatic Printed Fabric Defect Detection Using a Convolutional
Neural Network (Under the direction of Dr. Marguerite Moore and Dr. Lisa Parrillo-Chapman).

Defect detection is a crucial step in textile quality control. An efficient defect detection
system can ensure the overall quality of the processes and products that are acceptable to
consumers. Research into automatic defect detection systems using image processing and machine
learning techniques emerged in recent years along with advances in technological capability.
Researchers have established various prototypes for real-time defect detection during weaving and
knitting (Hanbay et al., 2019; Kopaczka et al., 2018; Weinmann et al., 2013). There are a number
of techniques for real-time defect detection and they tend to vary according to each unique
manufacturing process, focal defects, and different computational algorithms. Although the need
is high, applications or research related to automatic, real-time defect detection processes for
printed fabrics are not prevalent in academic literatures There are a number of academic studies
that focus on fabric printing defect detection after the fabric is produced, rather than through a
real-time perspective (Alam et al., 2020; Junfeng Jing & Ren, 2020; Kang et al., 2015; Kuo et al.,
2012; M. Li et al., 2015; Pan et al., 2010). Also, this stream of research does not include work that
employs a convolutional neural network (CNN), which is considered to be particularly efficient
for image classification compared to rival algorithmic models (Eldessouki, 2018; Ferguson et al.,
2018; Hanbay et al., 2019; Indolia et al., 2018; A. Kumar, 2008; Ngan et al., 2011; Wang et al.,
2018).

The purpose of this research is to develop an automatic defect detection model employing a
CNN to facilitate real-time deployment in the textile printing process. Two general objectives are

stated to address this purpose including establishing an empirical dataset (RO1) and developing,



training and testing the model using a CNN algorithmic approach. This approach potentially
provides a number of potential advantages over current defect detection processes in printing by
identifying problems more effectively and efficiently in real-time. This research extends current
state of the art machine learning techniques into the print production context and provides potential
directions for ADD in textile quality control. This research proposes a novel methodology that
demonstrates the application of convolutional neural network (CNN) to classify printing defects
based on the fabric images collected from industries. The research also integrated cross validation
and k-Nearest Neighbor (KNN) algorithm based classification methods to compare model
performance. The results show that the CNN model performs better compared to cross validation
and k-Nearest Neighbor (KNN) algorithm based classification methods. Then the research
included visual geometric group (VGG), DenseNet-121 (DNS12), InceptionVV3 and Xception deep
learning networks to compare model performance with proposed CNN model. The results exhibit
that the VGG-based models perform better compared to a simple CNN model. However the custom

CNN model showed higher accuracy compared to DNS12, InceptionVV3 and Xception networks.
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GLOSSARY
Real-time Defect Detection
Real-time or on-line or on-machine product or material inspection refers to automatic defect
detection (ADD) during production process. EXxisting prototypes use software (i.e., computer
vision techniques and machine learning algorithms) to facilitate real-time application for ADD

(Celik et al., 2014; Hanbay et al., 2019; Mingde et al., 2012; Kopaczka et al., 2018).

Image Acquisition

Image acquisition is the process of obtaining a digitized image from a real-world source
(Celik et al., 2014). Types of camera such as line-scan and area-scan camera is a critical factor for
image processing (Hanbay et al., 2019). Line-scan camera can continuously take multiple photos
of different areas of fabric, which makes it ideal for real-time defect detection. On the other hand,
area-scan camera takes single images on stationary fabric, which limits its application in online or
on-machine defect detection (Hanbay et al., 2019; Mingde et al., 2012; Kopaczka et al., 2018).
Resolution or pixel size of captured images is also an important issue that needs to be considered
in defect detection technique (Czimmermann et al., 2020). The lighting or illumination of fabric
possesses a great deal of impact on image acquisition, image quality and subsequently on image

processing and defect classification (Mingde et al., 2012; Kopaczka et al., 2018).

Image Processing

Image processing is used to perform some technical operations on images. It helps to extract
useful information or features from the image. Image processing involves image analysis and
manipulation followed by transformation of images into a matrix of numbers (Chen, 2005; House

& Keyser, 2018; Kumar & Bhatia, 2014; Sisu, 2020)
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Image Augmentation

Image augmentation is the processing of image manipulation such as image rotation at
different angles, horizontal & vertical flipping, upside down, adding random noise, blurring and
cropping of special areas (Ballard & Brown, 1982; Eldessouki, 2018; Goodfellow et al., 2016).
These operations help to expand training dataset and enable model to learn different features of
images more closely. Image augmentation is mainly applied while conducting research with small

dataset (Ballard & Brown, 1982; Goodfellow et al., 2016; G. Kumar & Bhatia, 2014).

Feature Extraction

Bhagat et al., (2019) defined feature extraction as “a process of dimensionality reduction by
which an initial set of raw data is reduced to more manageable groups for processing” (p. 260).
Feature extraction is a useful process to reduce the number of resources without losing essential
information. The reduction of redundant data expedites learning and generalization speed of

the machine learning process (DeepAl, 2020).

Image Classification

Image classification is the most important process of image analysis. Image classification is
the process of accepting given input images and then classifying them based on extracted features
(Balaji & Lavanya, 2019). It classifies images under given classes or labels or annotations (for
e.g., defective or non-defective fabrics) or gives a probability to assign the input image to a
particular class or label (for instance, there is a 90 percent probability that the input is an image of
a defective fabric) (Dsouza, 2020). Image classification can be categorized into- 1) pixel-based
classification and 2) object-based classification Pixels are basic components of an image.
Classifiers can use the spectral information of each pixel to recognize or classify an image (Nelson,

2021; Szeliski, 2011). On the other hand object-level classification is done using by selecting

XV



object or region within an image. Object detection can be done in multiple ways depending on the
number of objects are needed to detected or identified. For instance, if a single object needs to be
detected, a given image undergoes object localization (Nelson, 2021; Goodfellow, 2016). The
pixels that make up an image have numerical values, which usually differ from image to image
based on their hue and color. These values are then analyzed to compare images. A rectangle
bounding box or elliptical shape is drawn around the object of interest. It helps computer to know
about the part of the image and respective pixel values that needs to be analyzed for image

classification (Nelson, 2021; Sharma, 2019).
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CHAPTER 1: INTRODUCTION
1.1. Background

Companies within the textile and apparel industry primarily initiate quality inspection of raw
materials and fabrics through human visual inspection, where deviations of textile characteristics
from a predetermined standard are categorized as defective. Quality inspectors visually examine
fabric rolls, which are loaded onto inspection machines unaided by technology (Wong & Jiang,
2018). However, dependence on manual inspection introduces challenges for effective quality
control that arise from human fatigue, lack of reliability among inspectors, and the potential for
inattentiveness. Therefore, it is highly desired to develop a computer vision-based technique to
automate the process of fabric inspection.

According to Jiang and Wong (2018) manufacturing processes are never 100 percent free of
defects. Their research estimates suggest that humans can detect between 60 and 70 percent of
total textile fabric defects. In earlier research, Furferi and Governi (2008) suggested that the most
effective examples of quality control could detect 90 percent of textile and apparel defects. Essid
et al. (2018) emphasize that early defect detection is critically important in the manufacturing
process. Undetected defects or faulty processes cause subsequent problems in the production line,
which yields low quality products and leads to profit loss (Eldessouki, 2018). Therefore, higher
quality fabrics ideally contain minimum defects. Further, defective fabrics are typically discarded
as waste, generating demand for replacement of raw materials and contributing to lost time and
effort.

Essid et al. (2018) observe that industries are beginning to adopt computer vision
techniques to implement automatic product inspection using machine learning and image

processing algorithms at multiple stages of the manufacturing process. Materials for garment



production typically account for the largest proportion of production cost and are therefore critical
to profitable production (Kumar, 2008; Ngan et al., 2011; Hanbay et al., 2016). Automatic defect
detection executed through computer vision can overcome limitations inherent in conventional
human inspection systems through automatic detection of variations from a pre-defined visual

standard (Essid et al., 2018).

1.2. Definitions

1.2.1 Textile Fabric Printing

Textile printing is the process of creating colored patterns or designs on fabric using dyes,
thickeners and various chemicals. The textile printing process involves multiple phases to prepare
the fabric and print paste. The preparation of print paste depends on the fabric types, colors, print
impression on the fabric followed by drying, steaming or heat setting, and other post-treatment
processes such as washing (Collier, 1974; Leslie, 2003). In a pigment printed fabric color is bonded
with the fiber using binder (Miles, 1994), while printing with dye forms a chemical bond between
the colorant and substrate. Printing in general is one of the most expensive processes in textile
manufacturing (Ujiie, 2006; Yumpu, 2015). Rotary screen and digital printing are two most
popular printing methods (Bowles & Isaac, 2012; Yumpu, 2015). In rotary screen printing, designs
are imprinted on fabric by passing printing paste through perforated cylindrical screen (Miles,
1994; Ujiie, 2006). This is a continuous printing process in which color is forced onto the fabric
through screen (Cottonworks, 2021; Leslie, 2003). This method is ideal for large and complex
print patterns. Rotary screen accounts about 65 percentages of global market of textile printed
fabrics (Cottonworks, 2021). The common defects of screen printing are color bleeding, spot,
misprint, uneven print and out-of-register (Cotton Inc., n.d.; Yumpu, 2015). Digital printing is
another popular textile coloration method in today’s world (Carden, 2016; Cottonworks, 2021). In
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this method a print head deposits ink droplets onto the fabric based on a pattern developed in a
digital file. This is a non-contact printing technology, which eliminates the use of screens that are
used in traditional printing methods(Choi et al., 2003; Cottonworks, 2021). Digital printing is
primarily of three types- ink-jet, dye sublimation and direct-to-print (DTG) technology (Carden,
2016; Javorsek & Javorsek, 2011; Ujiie, 2006). The continuous innovation in process mechanism
has led to the creation of two main digital printing techniques namely single pass and multi pass
scanning printing techniques (Notermans, 2019). The common defects of digital printing are
banding, color inconsistency, misfire and cracks (Yumpu, 2015).
1.2.2. Automatic Defect Detection (ADD)

Automatic defect detection involves real-time identification and classification of defects in
a product based on image acquisition, image processing, feature extraction and image
classification using computational algorithms (Rahaman & Hossain, 2009)). This system depends
on material composition, surface properties to monitor and on surrounding environmental
conditions (Alor-Hernandez et al., 2016). In industrial applications environment can complicate

ADD implementation, because of dusty or resonating working areas (Czimmermann et al., 2020)

1.2.3. Convolutional Neural Network (CNN)

Convolutional neural network (CNN) is a class of deep learning network, commonly used
for feature extraction, object identification, image classification and image segmentation (Valueva
et al., 2020). CNN is inspired from biological processes (Fukushima, 2007; Goodfellow et al.,
2016; Matsugu et al., 2003). The term convolution denotes a mathematical operation on two
functions that produces a third function, which shows how the shape of one function is modified
by the other function (Goodfellow et al., 2016). It is a specific type of linear operation (Goodfellow

etal., 2016).



1.2.4. Binary Image Classification

Binary image classification refers to expressing predictions of image classes by
convolutional neural network (CNN) in terms of numerical labels such as zero (0) and one (1)
(Goodfellow et al., 2016). In automatic defect detection (ADD) research binary image
classification method is used to differentiate defective and non-defective test images (Gao et al.,

2019).

1.3. Purpose, objectives and justification

The purpose of this research is automatic defect detection (ADD) of printed fabric based on
binary classification (defective vs. non-defective) using convolutional neural networks. The

objectives of this research are as follows-

ROL1: To compile a database of print fabric images that represents two persistent defects
(i.e., spots) as well as non-defective images of rotary screen printed fabric, that could be used

to train and test a CNN ADD model for real-time deployment

RO2: To develop, train and test a (CNN) model for automatic (i.e., real-time) defect

detection of printed fabric based on the image dataset established in RO1.

1.4. Chapter Summary
Automatic defect detection (ADD) of printed fabric using advanced machine learning

algorithms can prevent fabric wastage and save money. Therefore, this research concentrated on
automatic defect detection of printed fabric. In order to achieve this goal different computer vision
techniques including image processing and image collection algorithm have studied in the first
phase. The study explored there is no industrial printed fabric database available for testing a real-

time defect detection model. Therefore, a database was developed with the printed fabric images



collected from fabric manufacturing industries to fulfill the second objective. Then convolutional
neural network model was developed for training image dataset and testing the defect detection
accuracy based on binary classification of images (i.e. defective and non-defective printed fabric
images). This research also conducted a visual assessment of fabric images, where the objective

was to compare the image classification accuracy between the human expert and CNN model.



CHAPTER 2: LITERATURE REVIEW

2.1. Textile Defects and Quality Control

The type(s) of materials and processes used to produce a fabric determine the quality of
texture and structure. Fabric textures range from rough to smooth, or lustrous soft and silky
(Mohanty & Bag, 2017; Priya et al., 2011). Defects in surface texture and structure tend to arise
from low quality fiber and yarn as well as processing faults, which lead to poor quality and
considerable potential for customer dissatisfaction (Arivazhagan et al., 2006; Priya et al., 2011).
Researchers suggest that processing faults typically arise from inaccurate human inputs as well as
mechanical faults. Further, natural versus man-made fibers tend to present unique defects
(Mohanty & Bag, 2017; Priya et al., 2011). Defects are also generally categorized as major or
minor based on their severity and impact on the quality of the end product. Major fabric
manufacturing defects can occur at various stages of the supply chain including yarn

manufacturing, weaving/knitting, dyeing and printing.

2.1.1. Yarn manufacturing defects

Five major types of yarn manufacturing defects discussed here are: slubs, snarls, thick &
thin places, neps and hairiness (Fabijanska & Jackowska-Strumitto, 2012; Ghosh et al., 2014;
Nateri et al., 2014; Singh, n.d.; Sivakumar, n.d.) (Table 2.1). Slubs are the one of the most common
yarn defects that result from faulty ring frame drafting, bad piecing, deposit of fly in fiber,
accumulation of fluff on machine components and defective cloth top rollers or poor carding.
Snarls are formed due to imparting higher twist in the yarn than required and presence of many
long thick and thin places in the yarn, which also damages the fabric and causes break in slivers
due to entanglement with adjacent ends. Excessive thick and thin places arise because of worn and
old machine parts, improper spacing among these parts, eccentric roller placement and insufficient
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pressure on the rollers, which causes damage in fabric appearance and subsequently lead to break
(Nateri et al., 2014). Neps are defined as “a small knot (or cluster) of entangled fibres consisting
either entirely of fibres (i.e. a fibre nep) or of foreign matter (e.g. a seed-coat fragment) entangled
with fibres. Ghosh et) or of foreign matter (e.g. a seed-coat fragment) entangled with fibres” (Bel-
Berger and Roberts, 2008). Neps are also the result of accumulation of fly and fluffy materials on
machine parts and defective roller clearers or poor carding, which damages fabric appearance and
leads to shade variation of dyed fabrics (Nateri et al., 2014; Singh, n.d.). Yarn hairiness is the result
of presence of excessive short fibres, disturbance in the alignment of fibers in the yarn due to air
currents, abrasion of yarn edges with rough surfaces and static charges generated during yarn

formation (Purushothama, 2011; Sivakumar, n.d.)

2.1.2. Weaving defects

Examples of some of the major types of weaving defects discussed here are: end out, oil
spot, broken end and broken pick (Table 2.1). End out results when two warp yarns on either side
come together or interlace with weft yarn as one, which gives the fabric an end out appearance.
Oil spots appear on the fabric because of oil deposits from some processing steps and machine
parts. The spots are typically of round shape or tear drop shape or different irregular shapes. Broken
End is the result of a warp yarn breaking, which leads to weaving of excess yarn into the weft or
direction of fabric. Broken pick is the result of pick or weft yarn missing for a portion of fabric
across the width of the machine, which may lead to creating a double pick effect on the fabric.

Machines should be overhauled or maintained properly to avoid these defects (Cotton Inc., n.d.).

2.1.3. Knitting defects
Examples of some of the major types of knitting defects discussed here are: missing yarn,

dropped stitch, needle line and hole (Table 2.1). Missing yarn results when a machine continues



to run with a yarn that is broken or missing. It subsequently results barré in fabric. A dropped stitch
occurs when stitches fail to form because of malfunctioning of a needle or jack. Needle line is the
result of bent needles or broken latch. Hole appears in the part of fabric where it becomes

pulverized during compaction (Cotton Inc., n.d.).

2.1.4. Dyeing defects

Examples of some of the major types of dyeing defects discussed here are: uneven dyeing,
dye spots, crease marks and shade variation (Table 2.1). Uneven dyeing is the result of incorrect
pH value of dye solution, insufficient scouring & bleaching of fabric, improper dye migration,
uneven heat setting and inaccurate soda dosing. Dye spots may appear on the fabric due to dye
deposits inside the m/c and improper mixing of dye and chemicals into the solution (Islam &
Mahmud, 2015). Crease marks are broken or continuous dark and haphazard lines, which appears
in the fabric when it is twisted or moved at high speed. Shade variation is the result of incorrect

dyeing parameter, machine operation and dye combination (Stitchdiary, 2017).

2.1.5. Printing defects

Examples of some of the major types of printing defects discussed here are: color out, out-
of-register, spots and misprint (Table 2.1). Color out occurs when there is an absence of a particular
print color in a specific place on the fabric due to uneven pressure on printing rollers and uneven
printing roller diameter (Cotton Inc., n.d.; Stitchdiary, 2017). Out-of-Register occurs when the
design print rolls is not synchronized to the proper position of fabric (Cotton Inc., n.d.). Spots
appear when the colorant deposits in the wrong place on the fabric (Stitchdiary, 2017). Misprints
occur when the fabric is crimped or creased, and the folded areas of the fabric resist the colorant,

resulting in a broken or missing print area (Sharan, 2011).



Researchers used many of these defects in their defect detection experiments and studies.
Nevertheless, the number of experiments on automatic defect detection of colored and printed
fabric is less compared to the number of research conducted on automatic defect detection of grey
and white fabric. Moreover, there has not been any research on real-time dyed fabric defect
detection till to date because of the process and machine type. Since fabric dyeing takes place
inside a closed vessel, it is not convenient to place an image acquisition system inside dyeing
machine. However, there is also not any research on detection of defects that arise during dyeing.

Therefore, there should be more research on offline based dyeing defect detection in the future.



Table 2. 1: Defects generated in the textile production process.

Process Defects Images
Yarn Manufacturing | 1. Slub
2. Thick & thin places (Nateri et al., 2014)
3. Neps (Singh, n.d.)
4. Hairiness (Sivakumar, n.d.)
1 2 3 4
Weaving 1. End out

2. Oil spot
3. Broken end
4. Broken pick

5. (Cotton Inc., n.d.)
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Table 2. 1 (Continued).

Knitting

1. Missing yarn
2. Dropped stitches
3. Needle line

4. Hole

(Cotton Inc., n.d.)

Dyeing

1. Uneven dyeing
2. Dye spots
3. Crease Mark

4. Shade variation
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Table 2. 1 (Continued).

Printing

1. Color Out

2. Out-of-register
(Cotton Inc., n.d.)

3. Spots

4. Misprint
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Textile manufacturing companies consider the management of quality control as a
fundamental requirement for competing in the industry. Fabric defects can reduce fabric price
by between 45 and 65 percent (Nateri et al., 2014). Quality engineers and researchers are urging
now to transform the quality management system from manual to data and technology driven.
Therefore, the manufacturing process and quality inspection system needs to be upgraded and
automated to survive in the age of the fourth industrial revolution (Zonnenshain & Kenett,
2020). Image processing and machine learning algorithms provide efficient and reliable
methods to automate quality control and reduce production cost through effective defect

detection (Dsouza, 2020; Odegua, 2018).

2.2. Computer vision

Computer vision (CV) is an applied area of computer science that works on facilitating
computers to learn, recognize and process images likewise human vision does, and then
provides accurate output (Szeliski, 2011; Techopedia, 2019). CV is closely connected to
artificial intelligence (Al), as the computer infers what it sees and learns, and then acts
accordingly such as performing an appropriate analysis (Ballard & Brown, 1982; Huang, 1996;
Sonkaetal., 2008; Techopedia, 2019). Image is the main element or component that is analyzed
in computer vision to predict an outcome. An image can be considered as a function f (x, y),
where x and y are of two continuous variables that represent row and column of a pixel in
image matrix (Chen, 2005). The third dimension of the image is color channel (c), where 1
represents grayscale and 3 represents RGB. Hence, image shape can be expressed as [X,y,C]

(House & Keyser, 2018).

2.2.1. Computer Vision in Automatic Defect Detection
Computer vision uses real-world images to train machine learning models and predict

outcomes based on this visual data (Vernon, 1991; Wen & Wong, 2018). The CV technique is
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based on two functions: image processing and pattern recognition (Hinton et al., 2006;
Kavukcuoglu et al., 2010). Image processing is generated by detailed visual information
extracted from images followed by pattern recognition which analyses this information to
determine visual meaning to predict a target outcome (Vernon, 1991; Wen & Wong, 2018).
When computer vision first began in the late 1960s, it was viewed as the visual perception
component of an ambitious agenda to mimic human intelligence and to endow robots with
intelligent behavior (Szeliski, 2011). In the 1980s, the Marr Theory of Vision was created to
guide application of computer vision in the field of artificial intelligence (Zhang, 2000). Marr’s
theory depicts a three-level visual representation and processing architecture required for
image classification and object detection. Szeliski (2011) expresses the three levels as
computational theory, representations & algorithms, and hardware implementation (Szeliski,
2011). Computational theory defines the goal of the computation task and constraints that are
known or can be brought to bear on the problem (Klette, 2014; Szeliski, 2011). Representations
and algorithms define required input, output, and intermediate information and algorithms are
designed to calculate the outcome (Forsyth & Ponce, 2003; Szeliski, 2011). Hardware
implementation defines how representations and algorithms are mapped onto actual hardware
and how hardware constraints can be used to guide the choice of representation and algorithm

(Forsyth & Ponce, 2003; Szeliski, 2011).

In 1990s, researchers began to develop new models for computer vision techniques.
Among these applications, models were developed for automatic defect detection among
hardware and electronic devices (Beardsley, Torr, and Zisserman 1996; Bennett et al., 1994;
Debevec, Szeliski, 2011; Taylor, and Malik 1996; Taylor, Debevec, and Malik 1996). In the
2000s, texture synthesis and feature-based techniques (Efros and Leung 1999; Efros and
Freeman 2001; Kwatra, Schodl, Essa et al. 2003) became popular computer vision techniques

for object recognition (Fergus, Perona, and Zisserman, 2007; Felzenszwalb and Huttenlocher
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(2005), location recognition (Brown and Lowe 2007; Schindler, Brown, and Szeliski 2007),
patch-based feature extraction (Belongie, Malik, and Puzicha 2002) and region segmentation
(Mori, Ren, Efros et al. 2004). This is the period when researchers started using these
techniques in textile manufacturing and automatic textile defect detection (Bodnarova et al.,
1998; Cho et al., 2005; C.-C. Huang & Chen, 2001; A. Kumar & Pang, 2002; Ajay Kumar,

2003; Serdaroglu et al., 2006; Sezer et al., 2007; Tsai & Tsai, 2003; Yang et al., 2004).

After 2010, application of deep learning techniques to solve computer vision problems
became more commonplace (Eldessouki, 2018; Hanbay et al., 2016; Ngan et al., 2011a;
Szeliski, 2011). This trend grew with the increased availability of immense quantities of
annotated data on the Internet. In this context, annotation refers to text data that accompanies
an image file. Moreover, deep learning techniques facilitate high-speed, accurate semantic
segmentation of an object. These benefits associated with deep learning inspired computer
scientists and textile researchers to apply the technology in textile manufacturing for automatic
fabric defect detection (Das et al., 2019; Eldessouki, 2018; Essid et al., 2018; Guan et al., 2019;

Hu et al., 2020, 2020; Klette, 2014; Ngan et al., 2011; Ouyang, 2018; Szeliski, 2011)

2.3. Computer Vision Approaches for Automatic Defect Detection

This section briefly describes the methods used by researchers for automatic textile
defect detection (Hanbay et al., 2016; Hanbay et al., 2019; Kopaczka et al., 2018; Kumar,
2008; Ngan et al., 2011; Weinmann et al., 2013). These methods can be classified into five
approaches: structural, statistical, spectral, model based and learning based approaches

(Eldessouki, 2018; Hanbay et al., 2016; Kumar, 2008; Ngan et al., 2011).

2.3.1. Structural Approach
Hanbay et al. (2016) defined the structural approach as a method that considers texture

as an important factor for object recognition and image classification. “Structural texture
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analysis contains two sequential stages i) detection of basic fabric textures, ii) modeling of the

overall fabric texture pattern.” (Hanbay et al., 2016, p.11963).

2.3.2. Statistical Approach

The statistical approach uses both first-order and second-order statistics to extract
textural features or properties based on the previous texture classification (Hanbay et al., 2016).
An important assumption in this process is that the statistics associated with defect-free regions

are stationary and extend over a significant portion of the inspection images (Kumar, 2008).

2.3.3. Spectral Approach

The spectral approach utilizes the frequency domain to characterize defects and applies
the power spectrum to measure coarseness of texture (Ngan et al., 2011). Several applications
of frequency and spatial-frequency domain features for the detection of defects in uniform

textured materials have been reported in the literature (Kumar, 2008).

2.3.4. Model-based Approach

The model-based approach relies on initial construction of an image model. Based on
this image model, identification of texture and texture synthesis is achieved. This method is
appropriate for fabric images that may have exterior surface changes due to manufacturing
defects such as yarn breakage, fabric hole and needle breakage (Hanbay et al., 2016). The
technique is also capable of characterizing micro-textures from a complete product texture

(Ngan etal., 2011).

2.3.5. Learning Approach

The learning approach uses a supervised learning technique to direct machine learning
and designate the model output (Ngan et al., 2011). This method employs an appropriate
classification technique (e.g., neural network) to assign textures to two classes: defective and

non-defective. The technique uses class membership to train the model to recognize defects
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based on the machine’s observation of shape and size associated with defective and non-
defective images. The second phase of the learning approach employs the newly trained
classifiers to new images in an effort to validate model accuracy (Hanbay et al., 2016). The
computational and mathematical models that form the foundations of the five computer vision

approaches are presented in Table 2.
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Table 2. 2: Textile defect detection approaches.

Methods

Computational

Mathematical Model

Features

Structural approach

Normalized cross-

correlation

Provides a direct and accurate measure of similarity between standard and
observed fabric sample images in terms of correlation coefficient (Kumar,
2008). Any significant variation in the value of this measure indicates the

presence of a defect (Ngan et al., 2011).

Statistical approach

Gray level co-occurrence

matrix

Used to characterize fabric’s textural properties by computing dependences
between color intensities (Bodnarova et al., 1998). Combinations of gradient
orientations are used to express similarity and difference in fabric texture

(Watanabe et al., 2009).

Histogram method

Employs basic statistical data comprising gray-level pixel distribution of
textile fabric images (Hanbay et al., 2016). The color information extracted
from textured images are used to discriminate tonality, build color histograms

and detect the defective regions (Fabijanska & Jackowska-Strumitto (2012)
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Table 2. 2 (Continued).

Mathematical morphology

Extracts essential information about structural element in an image to describe
the geometric representation and regional shape depiction (Hanbay et al.,
2016; Vyas et al., 2018). Its use in conjunction with gray level co-occurrence
matrix offers hybrid approach that provides high detection accuracy (Ngan et

al., 2011)

Spectral approach

Fourier transformation

A derivative of Fourier series, generally characterized in terms of frequency
components (Hanbay et al., 2016; Vyas et al., 2018). The frequency domain is
immune to image noise and variation in feature translation, which helps to
locate the defects easily (Kumar, 2008; Ngan et al., 2011; Schneider & Aach,

2012).

Wavelet transform

Based on multi-resolution signal decomposition theory. It helps in extracting
local features from different directions of an input image (Kumar, 2008; Ngan
etal., 2011). Multiscale wavelet representation and shift invariance property
can be highly effective in defect detection (Jayashree & Subbaramn, 2012;

Karlekar et al., 2015).
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Table 2. 2 (Continued).

Gabor transform

Gabor filters are used as a function of the Gaussian distribution obtained by a
complex sinusoidal (Bodnarova et al., 2002; Hanbay et al., 2016). Gabor
filters can be used to analyze texture both in spatial and frequency domain
(Arivazhagan et al., 2006). Gabor filters are extensively used in fabric image

classification and defect detection (Tong et al., 2016).

Model based

approach

Autoregressive model (AR)

Autoregressive model (AR) captures textural feature and characterizes them
by exploiting linear dependence among image pixels (Eldessouki, 2018; Ngan
etal., 2011a). A two-dimensional (2D) autoregressive model is superior to
one-dimensional model in terms of capturing image features, fabric surface

classification and defect segmentation (Alata & Ramananjarasoa, 2005).

Markov random fields

Markov random fields can combine both statistical and structural

information for image processing and pattern recognition (Marroquin et al.,
2003). This method has been successfully applied to detect defect in fabric
textures made from both natural and manmade fibers (Huawu Deng & Clausi,

2004; Marroquin et al., 2003).
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Table 2. 2 (Continued).

Learning based

approach

Neural Network

Neural network (NN) models uses organization principles for e.g. learning or
generalization to perform essential tasks such as feature extraction,
segmentation and optimization (Eldessouki, 2018; Ngan et al., 2011).
Artificial neural network (ANN), recurrent neural network (RNN) and
convolutional neural networks (CNNSs) are popular classifiers for image
classification. These classifiers are based on feed-forward neural network
architecture (Abd Jelil et al., 2013), which uses back-propagation algorithm

based on gradient calculation among the units (Mottalib et al., 2015).

k-nearest Neighbor(KNN)

KNN is a non-parametric Euclidean Distance rule based supervised learning
algorithm, which can be applied to solve both classification and regression
problems (Altman, 1992; Chakraborty et al., 2021). It is used to classify k
closest or nearest training samples in the dataset and hence output of the
algorithm depends on the feature similarity extracted from images (Altman,
1992; Chakraborty, Moore & Chapman 2021a). Kopaczka et al. (2018) used

KNN for real-time woven fabric defect detection.
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Table 2. 2 (Continued).

Support Vector Machine

(SVM)

SVM has excellent empirical successes as a machine learning classification
algorithm. Researchers have applied SVM for handwritten digit identification,
object recognition as well as text classification. Shumin et al. (2011) used

SVM to identify defects such as split seam and mispick on woven fabric.
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2.4. Convolutional Neural Network (CNN) Architecture

Development of a CNN structure encompasses application of various mathematical
components including: gradient descent, number of iterations, epoch, equations (i.e., forward or
back-propagation), model parameters and hyperparameters. Fundamental understanding of these
deep-learning components is important to understanding and interpreting the model outcomes.

(Gao et al., 2019; Goodfellow et al., 2016; Hinkelmann, 2020; LeCun, 2020).

2.4.1. Basic Mathematical Concepts
2.4.1.1. Model Parameters

Weights and bias are called model parameters of CNN. Weights are indicated as
multiplicative factors of filters and denote strength of connection between nodes or neurons. Nodes
are computational units present in the network that indicates features of the convolved image
(Goodfellow et al., 2016; MInotebook, 2017). They decide the extent of influence put by input
image on output predictions. (Goodfellow et al., 2016; Hinkelmann, 2020; Matelabs, 2017). The
weights will be higher when product or object features in test image will match with product or
object features in training dataset (Goodfellow et al., 2016; Hinkelmann, 2020; Stanford, 2020).
On the other hand, bias is an extra input to nodes or neurons, which is always 1 (Goodfellow et

al., 2016; Matelabs, 2017; MInotebook, 2017).

2.4.2. Mathematical Equations
2.4.2.1. Gradient Descent, Iteration and Epoch

Gradient Descent is an iterative optimization algorithm used in deep learning to find the
minima of a curve. The algorithm is iterative because the model needs to be iterated multiple times
to obtain the most optimal result (Goodfellow et al., 2016; Sharma, 2017b; Takase et al., 2018).

Iteration represents number of batches required to complete one epoch. One epoch refers to one
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cycle when an entire dataset is passed forward and backward through the neural network (Chen et

al., 2019; Goodfellow et al., 2016; Matelabs, 2017; Sharma, 2017b).

2.4.2.2. Overfitting and Underfitting

Overfitting happens when the model tries to fit the whole dataset or data points, an instance
of unreliable model performance. Underfitting is when the model excludes most of the data points
or important information, which also makes the model unreliable as well as poor in terms of
performance (Goodfellow et al., 2016; Sharma, 2017b; Takase et al., 2018). Weights of nodes
change with change of number of epcohs and the curve simultaneously goes from underfitting to

optimal fitting to overfitting of data (Figure 2.1) (Sharma, 2017; Takase et al., 2018).

‘ OVERFITTING ‘ ‘ ‘ | UNDERFITTING

error

Figure 2. 1: Concept of overfitting, optimum and underfitting of dataset in a model (Sharma,
2017).

2.4.2.3. Loss Function
A loss (L) or cost (C) or error function (E) measures quality of a specific set of parameters
based on how well the predicted classification scores or labels of testing data (¥) match with

ground truth labels of the training data y; (equation 1) (Goodfellow et al., 2016; Stanford, 2020).
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Loss function allows quantifying quality of a particular set of neurons’ weights. Optimization
facilitates finding weights that minimize loss function (Goodfellow et al., 2016, 2016; Stanford,

2020).

L=—(3)EM0 300 ) + (1= ¥ oo (1)

An optimizer is a critical component for CNN implementation. Optimizers are used to
update the weights and learning rates of a convolutional neural network and hence help to reach
the local minima. Thus, it assists to provide the most precise results by reducing the learning loss
or training error (Doshi, 2019; Kandel et al., 2020). Researchers reported that adaptive moment
estimation optimizer (Adam), Nesterov and Adam optimizer (Nadam) and Nesterov accelerated
gradient (NAG) give better performance and accuracy compared to stochastic gradient descent
(SGD), root mean square propagation (RMSProp) and adaptive gradient (AdaGrad) optimizers for
image classification (Chakraborty, Moore & Chapman, 2021b; Chakraborty, Moore & Chapman,

2021c; Doshi, 2019; Goodfellow, 2016; Kandel et al., 2020; Kingma, 2014)

2.4.2.4. Forward Propagation and Back Propagation Algorithm

Forward propagation relates to image propagation in convolutional neural network (CNN)
from input layer to output layer. The propagation trough fully connected CNN accomplishes

feature extraction and image classification. Equation 2 forms network’s forward propagation

algorithm (Goodfellow et al., 2016; Meyer-Baese & Schmid, 2014).

5/\l=f(2?wl*xl+b) ........................................................................ (2)

Back propagation algorithm is the most important building block in cnn used to effectively

train a neural network through a mathematical formula called chain rule (Goodfellow et al., 2016;
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Kostadinov, 2019; Stanford, 2020). After all forward passes through the network, back
propagation completes a backward pass while fine-tuning or adjustment model parameters (i.e.,
weights and biases) in order to minimize the loss or cost function (equation 3) (Goodfellow et al.,
2016; Kostadnov, 2019; Stanford, 2020). The level of tuning is determined by gradients of loss or
cost function with respect to model parameters (i.e., weights and biases). Equation 3 presents
derivation of cost function (C) with respect to bias (b;) of the node in any hidden layer having |
number of neurons (h;). The partial derivation of loss function (dL) with respect to dh; is
multiplied with output value of k-th hidden layer (h®)) and derivation of predicted value (f'($)),
which gives the gradient of C with respect b; (Goodfellow et al., 2016; Karim, 2018; Stanford,

2020).

[7] JaL PPN
a—bcj (w,b) =5 CRUDYF (D)) oo, (3)

Similarly, equation 4 presents derivation of cost function (C) with respect to bias (b;) of the
node in any hidden layer having j number of neurons (h;). The partial derivation of loss function
(9L) with resect to dh; is multiplied with output value of k-th hidden layer (h¥) and derivation

of predicted value (f'%,)) along with output value of previous (k-1)-th hidden layer =1 which

gives the gradient of C with respect w;. These gradient values allows finding the error between

predicted and actual labels (Goodfellow et al., 2016; Karim, 2018; Stanford, 2020)

ac oL N _
a_w,-(W’ b) = (6_h]- (h("‘)) f (yl)).h(" ) 4)
2.4.2.5. Batch Normalization

Batch normalization technique is used to train deep CNN by standardizing and distributing

the inputs to a layer for each mini batch (Brownlee, 2019a). Thus, it enables a faster and steadier
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training of CNN (Santurkar et al., 2019). With batch normalization it is possible to converge faster

to the local minima and generalize output with less data (Uppal, 2020).

2.4.3. Hyperparameters

Hyperparameters are parameters from prior distribution, which capture prior belief before
data is observed (Prabhu, 2018). The model accuracy may significantly change with the change of
these parameters or their values. The following hyperparameters are generally used and tuned or
adjusted during CNN model training (Albawi et al., 2017; Basirat & Roth, 2018; Chen et al., 2019;
Devarakonda et al., 2018; EI-Sawy et al., 2017; Goodfellow et al., 2016; Ide & Kurita, 2017; Luo

etal., 2019; Park & Kwak, 2017; Takase et al., 2018).

2.4.3.1. Learning rate

Learning rate is a parameter of gradient descent, which determines how quickly or slowly
the coefficients of weight can reach the minima of the curve (Chen et al., 2019; Goodfellow et al.,
2016; Matelabs, 2017). If learning rate is too high then it may take long time to converge.
Therefore, it should be low enough so that it finds the local minima (Goodfellow et al., 2016;
Matelabs, 2017; Sharma, 2017). According to researches, if the relative error in the gradient
outcome is greater than 0.01 then the gradient is probably wrong. Hence, the learning rate greater
than 0.01 can overshoot the validation accuracy. If relative error is from 0.000001 to 0.001 then
the gradient is acceptable and the learning rate within this range will be appropriate to reach the
maxima and get high validation accuracy (Albawi et al., 2017; Chen et al., 2019; C. Gao et al.,
2019; Goodfellow et al., 2016; Hertz et al., 1991; Park & Kwak, 2017; Stanford, 2020; Takase et
al., 2018). Random search method can be applied to select the learning rate values for model

training (Prabhu, 2018).
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2.4.3.2. Batch Size

Batch size represents the total number of training data present in a single batch. As one epoch
IS too big to feed the entire dataset to neural network, dataset is divided into several smaller batches
(Devarakonda et al., 2018; Sharma, 2017b). Findings from prior research showed that that using
mini batch sizes such as 8 to 32 for datasets containing thousands images was preferable
(Devarakonda et al., 2018; Goodfellow et al., 2016; Masters & Luschi, 2018; Sharma, 2017b).
However other researcherhad high validation accuracy with larger batch sizes such as 32 to 256
when dealing with complex images (Devarakonda et al., 2018; Goodfellow et al., 2016; Masters

& Luschi, 2018; Sharma, 2017b).

2.4.3.3. Regularization Parameter

Regularization refers to a technique of making slight modifications to learning algorithm, so
that the model can generalize better. Hence, it improves model’s performance on unseen test
dataset. Regularization helps to reduce overfitting by penalizing the weight matrices or coefficients
of nodes (Jain, 2018; X. Li et al., 2020). L1 and L2 are mostly used as regularization parameter
for CNN. A machine learning model that uses L1 regularization technique is termed as Lasso and
model that uses L2 is called Ridge (Jain, 2018; Nagpal, 2017). In L1 regularization, absolute value
of coefficient lambda (1) is added as regularization parameter or penalty term to the loss function.
Here in equation 5, lambda (L) is the regularization parameter, which is tuned during model
training and w is the weight matrix coefficient. In L2 regularization, squared magnitude of
coefficient lambda (1) is added as regularization parameter or penalty term to the loss function
(i.e., equation 6) (Jain, 2018; Karim, 2018; X. Li et al., 2020; Nagpal, 2017). L2 is usually more
preferred than L1 for CNN; because in L1, weights may reduced to be zero and it may cause loss

of some important information or features of images (Jain, 2018; Karim, 2018).
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Loss = Loss without regularization + AX[[W||? ..o, (6)

2.4.3.4. Dropout Probability

Dropout refers to randomly dropping out both hidden and visible units during the training a
neural network model. This technique used to reduce overfitting in neural networks by preventing
co-adaptations on training data. It is considered as an effective way to perform model averaging
with convolutional neural networks (Hertz et al., 1991; Hinton et al., 2006; Warde-Farley et al.,
2014). Researchers recommended for choosing a dropout probability of between 0.1 to 0.5;
because dropping the input unit can adversely affect model training (Hertz et al., 1991; Hinton et

al., 2006; Ranjan, 2019; Wan et al., 2013; Warde-Farley et al., 2014).

2.4.3.5. Activation Functions

An activation function of a node defines the output of that respective node based on the given
inputs (Hinkelmann, 2020). Activation function is used in neural networks to introduce non-
linearity (MInotebook, 2017; Saama, 2017). The most popular activation functions are Relu

(Rectified Linear Unit), Tanh (Tangent Hyperbolic), Sigmoid, Softplus and Softmax.

2.4.35.1. Relu

Relu is a non-linear function, which has a derivative function that allows back-propagation
(Nair & Hinton, 2010). This non-linear function is computationally efficient, which facilitates
network to converge very quickly (Missinglink, 2020). In the recent times, Relu has been the most
used activation function by researchers and machine learning engineers (Missinglink, 2020;
Sharma, 2017a). It is half rectified from bottom. The f(x) represents activation function and " (x)

represents derivative of f(x) (Figure 2.2) (Sheehan, 2017).
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Figure 2. 2: Relu activation function (Sheehan, 2017).
2.4.3.5.2. Sigmoid
Sigmoid is a non-linear activation function that transforms values between the range 0 and
1. Itallows creating a smooth gradient, which prevents overshooting in output values (Missinglink,
2020). When value of x goes above 2, output predictions tends to be 1. But when value of x goes

below -2, output predictions tends to be 0 (Figure 2.3) (Sheehan, 2017).
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Figure 2. 3: Sigmoid activation function (Sheehan, 2017).
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2.4.3.5.3. Tanh

Tanh is monotonic function, which allows negative inputs to be mapped strongly negative
and zero inputs to be mapped near zero (Sharma, 2017a). The range of this function is from -1 to

1. Tanh has a Sigmoidal or ‘s’ shaped curve (Figure 2.4) (Sheehan, 2017)

1.5+

f ()

/(%) = @I(1+e2)) - 1

0.5

Figure 2. 4: Tanh activation function (Sheehan, 2017).

2.4.3.5.4. Softplus

Softplus is a non-linear activation function known for producing smoother and more

differentiable curve compared to Relu (Mulla, 2020). As, it may include negative values in its
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function; the output may produce more inaccurate predictions compared to Relu (Glorot et al.,
2011; Goodfellow et al., 2016). The derivative of Softplus is called logistic function (Figure 2.5)

(Sheehan, 2017).
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3

Figure 2. 5: Softplus activation function (Sheehan, 2017).

2.4.3.5.5. Softmax

Softmax function can be defined as a combination of multiple Sigmoids (Figure 2.6). It is
used generally used in output layer for multiclass classification problems and returns probability
values between 0 and 1 for each individual class. Hence, Sigmoid and Softmax are widely used
for binary classification problems (Gupta, 2020). Softmax function is expressed with the following
equation 7, where f(y) ; expresses prediction scores for a class j and k is the total number of classes

(Basirat & Roth, 2018; Goodfellow et al., 2016; Gupta, 2020)

N ] .
f(y)j=m FOT J =1, K e (7)
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Figure 2. 6: Softmax activation function (Mittal et al., 2020)

2.4.4. Training, Validation and Testing Dataset

A typical training dataset required for CNN consists of digital images to facilitate model
training and testing. This dataset also provides a mechanism for a researcher to identify parameters,
weights and potential network bias prior to fitting the model (Goodfellow et al., 2016; Ripley,
2009; Koehrsen, 2018). The validation dataset facilitates adjustment of the CNN classifier’s
hyperparameters. The network considered to be effective if model achieves high accuracy on
validation dataset (Goodfellow et al., 2016; Quifionero-Candela, 2009; Ripley, 2009). Though the
test dataset is entirely independent of the training dataset, it assumes the same probability
distribution as the training dataset. If a model fit well to both training and test dataset, then

minimal overfitting will take place (Koehrsen, 2018; Quifionero-Candela, 2009; Ripley, 2009)
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2.4.5. Architectural Components of Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN) consists of neurons having learnable weights (w) and
biases (b) (Stanford, 2020). The vector of weights (w) and biases (b) are termed as filter, which
represents specific features or particular shape of the input image (Goodfellow et al., 2016; LeCun,
2020). Filters are usually matrix, whose value is learnt during model training (MInotebook, 2017;
Saama, 2017). CNN comprises input, output layers and multiple hidden layers. The hidden layers
generally consist of a set of convolutional layers followed by pooling layers and fully connected

layers (Goodfellow et al., 2016).

2.4.5.1. Input Layer

The input layer in CNN holds image data (Figure 2.7) (MInotebook, 2017; Saama, 2017;
Stanford, 2020). As, image data is represented by three-dimensional matrix, it needs to be reshaped
it into a single column. Image have three dimensions such as width, height and depth is a color
channel (i.e., RGB or Grayscale) (Gao et al., 2019; Missinglink, 2020; MiInotebook, 2017;
Kostadinov, 2019; Saama, 2017). The input layer contains the input data, which can be as simple
as a scalar value (Gao et al., 2017). The activation in this layer is equal to input value (Equation

8).
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Figure 2. 7: Fully Connected Neural Network Structure (Chakraborty, Moore & Chapman,
2021b).

2.4.5.2. Convolution Layer

In the convolution layer, a filter is passed over the original input image to cerate a feature
map using the convolution operation. This operation generates initial results or predictions of class
to which features belong (Gao et al., 2019; Missinglink, 2020). The bias is added to the convolution
results, which are then fed as input of activation functions such as Relu to output the feature map
(Gao et al., 2019). An activation function of a node defines the output of the respective node given
a set of inputs (Hinkelmann, 2020). Activation function is used in neural networks to introduce
non-linearity (MInotebook, 2017; Saama, 2017). The number of filters used in the hidden layers
indicates the number of different ways to extract features from input images (Stanford, 2020).

The hidden convolutional layers can be of different numbers starting from first hidden layer

(h®) to last fully connected layer (h®) (Figure 2.7). Each node gets a certain number of input
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image shapes (such as x1, x2, ...., xn), weights for corresponding inputs (wl, w2, ...., wn) along
with a bias value (b) (Hinkelmann, 2020).

The first convolution layer can be expressed as equation 9, where h® denotes first hidden layer,
O is activation function applied on h®. Moreover, w®) is the weight on h® and b® is the bias

applied on neuron of h® layer. Here “*’ represents convolution operation (Gao et al., 2017).

RO = FOW® e x + bMY) L 9)

2.4.5.3. Pooling Layer

Pooling layer comes next to the convolutional layer in a CNN architecture. The feature map
is reduced or downsampled in this layer (Gao et al., 2019; Missinglink, n.d.). As a result, the
amount of information or scale of parameters in each feature obtained from the convolutional layer
is reduced in the pooling layer (Brownlee, 2019b; Stanford, 2020). However, it still maintains the
most important information collected from the convoluted image (Gao et al., 2019; Missinglink,
2020). There can be several rounds of convolution and pooling phases based on the complexity of

images (Figure 2.7).

2.4.5.4. Fully connected layer

A fully connected layer takes the results obtained from the pooling process and applies them
to classify images by assigning them into different labels (Gao et al., 2019; Missinglink, 2020).
The fully connected input layer (W) shown in Figure 2.7 takes the output from adjacent previous
layers and flattens them into a single vector of values representing a probability that a specific
feature belongs to a class (Gao et al., 2019; Missinglink, n.d.; Stanford, 2020). This value is
supplied as an input to the output layer (Figure 2.7) (Gao et al., 2019; Missinglink, 2020). The

fully connected layer can be expressed as equation 10, where h®) denotes last layer that receives
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output information from its previous layer (h®?), &% js activation function applied on hb.
Moreover, w* is the weight on h®Y and b® is the bias applied on neuron of h® layer (Gao et

al., 2017).

R0 = FR=D(R=1) o p(k=2) 4 =10y (10)
2.4.5.5. Output layer

The output layer displays final probabilities or class scores or arbitrary real-valued numbers
for image classification (Figure 2.7). The activation function of output layer usually depends on
cost or loss function of its adjacent fully connected layer (Goodfellow, 2016; Missinglink, 2020;
Stanford, 2020). The output can be expressed as equation 11, where h® denotes output layer that
receives information from last fully connected layer h®, & is activation function applied on h®.

Moreover, w® is the weight on h® and b® is the bias applied on neuron of h® layer. The final
outcome can be expressed as equation 12, where ¥ represents predicted value or probability of a

class or label (Gao et al., 2019).

R = £ (W R=1) 4 pUOY (11)
~ _ exp(h®)
y= Sexp(R(D) s (12)

2.5. CNN Models for Transfer Learning

Transfer learning refers to a machine learning process where firstly a model is trained on
one problem and is then it is used on a second related problem. This technique enables user to
improve optimization during a model training by exploiting what has been learnt in another setting
of a model training. Transfer learning technique is generally applied when a smaller dataset is used
to train a pre-trained model (Hussain, 2018; Sarker, 2018). For this research, popular CNN

architectures including VGG16 and VGG19, DenseNet121 (DNS121), InceptionVV3 and Xception
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were used for image classification (Hussain, 2018; Simonyan & Zisserman, 2012; Zhao, Zhang,
& Zhang, 2021). All these networks are trained on ImageNet, a dataset that contains 1.2 million
images from 22,000 separate object categories (Huang et al., 2017; Rosebrock, 2017). Network
trained with large number of parameters can be more effective in providing better image
classification accuracy (Das, 18; Huang et al., 2017; Rosebrock, 2017; Simonyan & Zisserman,

2012).

2.5.1. Virtual Geometric Group (VGG)

Visual Geometry Group (VGG) was first developed by Oxford university researchers
Karen Simonyan and Andrew Zisserman in 2012. VGG16 and VGG19 are trained on millions of
images and contain 138 million and 144 million parameters respectively (Simonyan & Zisserman,
2012). VGG networks contain multiple convolutional layers, which helps to generate multiple
feature maps using a large number of parameters used in the models (Jing et al., 2019). VGG
network architecture with 16 layers is known as VGG16 and VGG network architecture with 19
layers is known as VGG19. VGG is used when user wants to extract more complex features with

a lower computing CNN model (Setiawan et al., 2020; Shu, 2019).

2.5.2. DenseNet (DNS)

Huang et al. first proposed DenseNet (DNS) in 2017. DenseNet fully connects it’s all
blocks, which improves the efficiency of information transmission and gradients of the network.
DenseNet121 contains 121 layers and connected to a fully connected layer. DenseNet contains

27.2 million parameters (Huang et al., 2017).

2.5.3. Inception
Google developed Inception network in 2015 to scale up networks with an aim to increase

the computational efficiency based on suitably factorized convolutions and aggressive
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regularization. InceptionV3 network contain 64 million parameters (Szegedy, 2016). InceptionVV3
network contains 48 deep layers. The training of model on millions of images enable it to

categorize upto 1000 different types of objects (Mathworks, 2021a).

2.5.4. Xception

Google developed Xception network in 2015 to shorten the computation time and improve
object detection accuracy. This pre-trained network containing 71 deep layers has also been trained
on ImageNet dataset and can classify images of 1000 different categories (Chollet, 2017;

Mathworks, 2021b).

2.6. Considerations for Measuring Accuracy of Defect Detection Systems

Various mechanical tools are used to assist the defect detection process including: infrared
light, fluorescent lamps, light emitting diodes (LED) and halogen light sources (Das et al., 2019;
Eldessouki, 2018; Essid et al., 2018; Guan et al., 2019; Hanbay et al., 2016; Hu et al., 2020; Klette,
2014; Kumar & Pang, 2002; Kumar, 2003; Ngan et al., 2011; Ouyang, 2018; Szeliski,
2011). Additionally, frame grabbers are used to transfer data between a high-resolution camera
and high-speed data processing unit, which prevents loss of sequentially produced camera data
(Schneider et al., 2014). Application of these tools for different manufacturing scenarios requires
adjustment to be effective. Further, production machinery and the nature of defects (e.g., sizes and
shape) also impact image acquisition and defect detection. Researchers suggest that using a high-
resolution camera along with state of the art machine learning & image processing algorithms,
while controlling production machinery vibration can increase accuracy of detect detection for
fabric (Hanbay et al., 2016; Hu et al., 2020; Klette, 2014; Kumar & Pang, 2002; Kumar, 2008;

Ngan et al., 2011). The performance of a given algorithm is commonly measured using precision,
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sensitivity or recall and detection accuracy measures expressed in the following equations 13, 14

and 15 (Ngan et al., 2011).

True Positive (TP)

Precision = — pormparzeecer T (13)
True Positive(TP)+False Positive (FP)
True Positive (TP
Reacll = ,, B e (14)
True Positive(TP)+False Negative (FN)
. TP+TN
Test or Detection ACCUTACY = ————————— ittt i, (15)
TP+FN+TN+FP

2.7. Automatic Textile Defect Detection Methods

Given the relatively recent development of ADD for fabric defect detection, research into
the application of these systems roughly spans the past decade. The existing research can be
categorized according to the fabric manufacturing process including: yarn manufacturing, knitting,

weaving and printing.

2.7.1. Automatic Yarn Defect Detection

Research into ADD for yarn production is presented in the following section in chronological
order. Overall this tends to use image processing and analysis detect the variations in yarn diameter
(i.e., thick and thin places), yarn hariness, neps and slubs.
Fabijanska & Jackowska-Strumitto (2012) used a statistical approach to detect yarn hairiness using
2500 images of 480 x 640 pixels acquired with 8-bit resolution for two types of yarn. They used a
mathematical morphology-based image processing algorithm for feature extraction and
segmentation. Based on the extracted features, they applied a histogram-based image analysis
algorithm, a hair fiber index and basic statistical data (i.e., mean, median, standard deviation and
variance) to determine yarn hairiness. Their system consisted of yarn mover (motor-driven set of

rollers) focused by a CCD camera to investigate the yarn measurements (Figure 2.8). A black
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screen was placed behind the yarn and a milky light bulb used as a light source to illuminate the
yarn to ensure uniform distribution of light and its intensity. Although the researchers reported
high accuracy from their experiment, they cautioned that this approach is usually not robust when

the system does not have sufficient illumination.
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Figure 2. 8: Yarn hairiness measurement system (Fabijanska & Jackowska-Strumitto, 2012).

Ghosh et al. (2014) proposed a probabilistic neural network (PNN) model for neps
classification based on the features extracted from 300 images of neps of 2,048x%1,536 pixels (as
shown in figure 2.9). The research applied a k-fold cross validation technique to examine PNN
classifier performance (i.e., defect detection accuracy). Their results reported between 96 and 99

percent accuracy for the test dataset.

1

N

Figure 2. 9: Gray scale images of neps (Ghosh et al., 2014).
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Ghaderpanah et al. (2015) used a direct tracking algorithm to evaluate false textured yarn.
They used 150 images of 640 x 350 pixels for each yarn package. Their analysis explored the
correlation between yarn orientation angle and crimp contraction to determine deviations of yarn
structure from the standard. Bahl & Kainth (2014) used an image-processing algorithm for yarn
image acquisition, setting image threshold, yarn segmentation and feature extraction, feature
vector set compilation, and yarn quality determination. Images subjected to a noise removal
algorithm were subsequently converted to binary and gray scale formats for image analysis.
Statistical data was used to examine yarn unevenness. However, this technique was not compared
with any standard statistical approach, which threatens the validity of their approach. Wang et al.
(2018) used an image-processing technique to dissect the panoramic picture of yarn captured from
separate views. The researchers use 120 sample images (1280 x 1024 pixels). The Otsu
thresholding algorithm was applied to convert the original images to binary images. They used a
dynamic thresholding algorithm to extract protruding fibers and segment the yarn based on
presence of hairy fibers. The yarn hairiness index metric is commonly used to detect yarn hairiness
defects. In summary, the existing models developed for automatic yarn defect detection rely on
noise-free images (Pereira et al., 2018), which can be difficult to capture in real-time

manufacturing situations due to physical impediments.

2.7.2. Automatic Knit Fabric Defect Detection

Research into ADD during knit fabric production is presented in this section in chronological
order. The research articles discussed in this section used image processing, segmentation and
classification to detect knitting faults such as fabric holes, needle marks, missing yarns, color

yarns, oil spots, vertical & horizontal stripes, dropped stitches and needle breakage (Bandara et al.,
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2018; Das et al., 2019; Habib & Rokonuzzaman, 2010; Hanbay et al., 2019, Li et al., 2013;
Mottalib et al., 2015; Tabassian et al., 2011; Xia et al., 2016).

Habib and Rokonuzzaman (2010) used an artificial neural network (ANN) to detect and
classify knit fabric defects including color inconsistency, fabric holes, missing yarn and oil spots.
The researchers used 100 fabric images (33 non-defective and 67 defective) for the study. They
used 53 images to train their model and 47 images (i.e., 512 x 512 pixels) to test their model. They
applied the feedforward NN algorithm consisting of four nodes for the input layer, twelve nodes
for the hidden layer and six nodes for the output layer (Table 2.2). Each node in the output layer
corresponds to each type of defect. The researchers reported 99 percent detection accuracy for
their test data. Tabassian et al. (2011) also applied a learning approach to detect and classify defects
for weft knitting which relied on labeling for categorization. They used 3-fold and 5-fold cross
validation on grayscale images (i.e., 128x128 pixels). Their results demonstrated 98.44 percent
accuracy for spot detection and 95.34 percent accuracy for hole detection. Li etal. (2013) proposed
an innovative technique for warp knit defect detection using visual sensors and a controller to
identify broken yarns. They used image sensors with 1,600 x 1,200 pixels resolution and a 2-
megapixel focus to simultaneously capture images and detect fabric defects (i.e., 255%255 pixels).
The sensors used a wavelet transformation algorithm to decompose fabric images and extract
features. This algorithm facilitates noise removal from images and aides detect identification. The
Li et al. (2013) proposed model indicated high detection accuracy (i.e., 98%).

Mottalib et al. (2015) employed a statistical thresholding technique to extract geometric
features of defects such as color issues, holes, missing yarn and the presence of oil spots among
monochromatic weft knit fabric images. The researchers deployed a Bayesian classifier to classify

defects based on the extracted features using 1,024 fabric images (i.e., 512 x 512 pixels) achieving
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95 percent accuracy. Xia et al. (2016) developed a model for ADD for warp-knitted fabrics
including: broken warps, width barrier and oil spots. They used the Contourlet transform based
spectral approach for image processing. The researchers used a non-subsampled directional filter
bank (NSDFB) to classify defects. This method facilitates accurate segmentation for directional
defects (i.e., warp and weft) as well as regional defects (i.e., location of the defect) using
preprocessed images (i.e., 255 x 255 pixels). A series of pkva wavelet functions was used to
evaluate NSDFB performance. Specifically, pkva, pkva6é and pkva8 wavelets were compared to
decompose images of defective fabrics. The optimal model, which reflected the highest level of
information entropy, was indicated by the pkva6 wavelet function.

Bandara et al. (2018) developed an automatic knit fabric defect detection system using
morphological transformations on images for feature extraction and a convolutional neural
network (CNN) for defect classification. They conducted the research under light conditions that
corresponded to respective fabric colors rather than a standard white light. The researchers initially
captured colored fabric images (i.e., 544x548 pixels), which were converted into gray scale
images. They operationalized their algorithms using OpenCV Library platform, which assisted in
iterating the model on defective fabric images (Figure 2.10a). After full iteration, the model
extracted the features of fabric defects and presented them in grayscale (Figure 2.10b). The article

did not reveal details regarding the dataset nor findings related to the operational accuracy.

@

(a) (b)

Figure 2. 10: (a) Original image of defective fabric, (b) Image processing of the defect (Bandara
etal., 2018).
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Das et al. (2019) used an artificial neural network classifier to train a dataset using a feed
forward algorithm (Table 2.2), to detect knit fabric defects such as holes and problems with yarn
thickness. They used images (i.e., 128x128 pixels) to extract the features of fabric defects. The
model was trained using 36 fabric samples and tested using 24 fabric samples. Successful
application of this neural network classifier on the training dataset aided model performance
evaluation for the test dataset. Their model achieved 66 percent accuracy on the test data. Hanbay
et al. (2017, 2019) proposed real-time ADD systems to detect weft knit fabric defects such as
needle breakages, holes, press-off and gout during factory production. Gout defects are caused by
an accumulation of short fibres in the yarn that give an uneven or bumpy appearance on the fabric
(Ray, 2019). Visual representation of their image acquisition system can be viewed in Figure 2.11.
Hanbay et al. (2019) used a line scan camera with 2,048-pixel resolution. Initially, 13,820 acquired
images attained 256x1000 pixels, which were subsequently reduced to 256x250 pixels using an
image processing technique. The authors adopted a wavelet transformation with Principle
Components Analysis (PCA) to extract significant features of fabric images and applied an
artificial neural — network (ANN) classifier for defect detection and classification based on
extracted images. They used feature vectors as inputs for the ANN classifier and obtained ANN
weighting coefficients from fabric post-production. In comparison to other models including an
ADD model with a Fourier transformation, a gray level co-occurrence matrix and a wavelet
transform technique, the ANN indicated the strongest performance in terms of classification

accuracy (94%), recall (95%) and precision (93%).
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Figure 2. 11: Line camera and lighting system for knit fabric defect detection in circular knitting
machine (Hanbay et al., 2017).

2.7.3. Automatic Woven Fabric Defect Detection

As similar to the previous two sections, this section also presented research into ADD during
woven fabric production in chronological order. ADD of woven fabric has got maximum attention
among researchers since the very beginning of the application of this technique in textile industry
(Gao et al., 2019; Guan et al., 2019; Kazim Hanbay et al., 2016; A. Kumar, 2008; A. Kumar &
Pang, 2002; Mohanty & Bag, 2017; Ngan et al., 2011b; Shadika et al., 2017, 2017; Wang et al.,
2019). There has been a significant progress in on-loom defect detection and off-line woven fabric
defect detection since the last decade (Gao et al., 2019; Guan et al., 2019; Kazim Hanbay et al.,
2016; A. Kumar, 2008; A. Kumar & Pang, 2002; Mohanty & Bag, 2017; Ngan et al., 2011; Shadika
et al., 2017, 2017; Wang et al., 2019). Researchers proposed and developed various models and
prototypes to detect woven fabric defects such as warp missing, weft missing, hole, double yarns,
and thick & thin places in the yarn.

Schneider & Aach (2012) developed a prototype for real-time ADD system to detect woven

fabric defects including double yarns, missing ends and/or picks and thick & thin places in the
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yarn. They used 74 industrial fabrics images (i.e., 1,000x1,000 pixels) to extract features and
classify defects. They used Gabor filters for image processing and Gabor wavelets to identify
defects. The Gabor wavelet is an algorithmic function, which is closely related to Gabor filters and
used to minimize standard deviation in frequency domain. Their model indicated high performance
in terms of recall (99%) and precision (95%).

Schneider et al., (2014) also developed a real-time or on-loom ADD system to detect woven
fabric defects including double yarns, weft missing and problems with yarn thickness. They used
Normalized cross-correlation (Table 2.2) based template matching technique for feature
extraction. Template matching is used to find small components in each image and compare any
discrepancy with the template image (Brunelli, 2009). They used mathematical morphology and
histogram methods for defect classification. Their design integrated a camera sled that traverses
across the loom width, a camera vibration damper and a backlight illumination system (Figure
2.12). Figure 2.12a presents their prototype containing a loom-mounted traverse fabric
inspector. In figure 2.12b, part A contains the camera vibration damper with lens (1), matrix
camera (2), and vibration absorber (3). In figure 2.12b, part B shows the cross-section of the
backlight carriage setup with fabric (4), LED array for back illumination (5), energy
chain (6), timing belt (7) and machine frame (8). In figure 2.12b, part C shows the traverse
with linear axle (9), camera sled (10) and camera with vibration absorber to prevent blur in image
(11). They used two databases in this experiment. The first database consisted of 54 fabric images
(ie.,, 2,456 x 2,058 pixels) captured in the laboratory with a still camera. The second
database contained more than 4,000 images (i.e., 2,056 x 2,058) captured directly from the loom
with a moving camera. Their model achieved 98 percent accuracy on the first database and 97

percent accuracy on the second database. They discussed that on-loom defect detection could
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drastically decrease fabric wastage percentages and reduce production cost by one-fifth of the

conventional production cost.

(a) (b)

Figure 2. 12: (a) Prototype of loom-mounted traversing fabric inspection system, (b) Different

parts of the prototype (Schneider et al., 2014).

Shadika et al. (2017) proposed an automatic fabric inspection system using Gray Level
Cooccurrence Matrix (GLCM) for image processing and Artificial Neural Network (ANN) for
identifying fabric defects including oil spot, yarn with neps, yarn with slub, wrong pattern, problem
with yarn thickness, broken yarn and missing yarn. The researchers used grayscale images in this
research. They used 30 images of non-defective fabrics and 30 images corresponding to respective
defects. Their experiment achieved a detection accuracy of 88.7 percent on test data. The article
did not reveal details regarding image size. Tong et al. (2017) proposed automatic fabric defect
detection model to identify defects including missing warp or weft, double yarn and knotted yarn.
They used two different databases. The first database known as TILDA (textile texture database)
consisted of 3200 images (i.e., 768x512 pixels), which was created by the German company DFG

(Deutsche Forschungsgemeinschaft). The second dataset consisted of 102 images (1,050x1,050

48



pixels) of non-defective fabrics and 102 images (1,050x1,050 pixels) of defective fabrics, collected
from a textile industry and a fabric sample handbook. They used gray-level transformation for
image processing and k-means clustering with Principal Component Analysis for classification.
The image processing and classification algorithms efficiently localized the defects in the fabric
as shown in figure 2.13. Figure 2.13(a) represents the original image of fabrics with broken yarn
and 13(b) represents the processed image with broken yarn localized in fabric. The model showed
high performance in terms of classification accuracy (94.1%), recall (96.1%) and precision

(92.5%).

(@) (b)

Figure 2. 13: (a) original image of fabric with broken yarn, (b) image of broken yarn after image

processing (Tong et al., 2017).

Kopaczka et al. (2018) conducted a real-time on-loom defect detection research using images
of small patches or groups of pixels in an image (images containing only defective part of fabric).
The images of each patch were of 30x30 pixels. The camera system mounted on an industrial
automatic weaving machine captured fabric images to detect problems with weft yarn direction.
They used 300 images in this research. They applied histogram method, Grabor filter and discrete
Fourier transform (DFT) for feature extraction during image processing. Then they used k-nearest-
neighbors classifier (KNN), decision trees (BDT) and random forests (RF) algorithms for defect
classification. Their proposed model containing KNN showed the highest performance in terms of
defect detection accuracy (more than 95%). Mei et al. (2018) proposed a learning-based approach
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for on-loom ADD of woven fabric defects such as oil spot, hole, yarn fly, perforated and damaged
fabric surface. They used four different types of datasets in this research. The first dataset called
Fabrics consisted of about 2000 fabric samples. The second, third and fourth dataset are known as
KTH-TIPS, Kylberg Texture and ms Texture; contains various types of fabric patterns. The
researchers used a convolutional Autoencoder network to construct image patches. Their
experiment achieved 85.2 percent accuracy in detecting fabric defects. The article did not reveal
details regarding image size. Ouyang et al. (2019) also developed an on-loom fabric defect
detection system using image processing for feature extraction and convolutional neural network
(CNN) for defect classification. They developed a fabric dataset containing 1,160 images (i.e., 500
x 500 pixels) including: warp yarn defect, weft yarn defect, and defect-free fabrics. A pairwise-
potential activation layer added to basic CNN led to high accuracy of fabric defect classification
despite having an imbalanced dataset. The model showed better performance in terms of detection
accuracy (98%), precision (90%) and recall (80%).

Gao etal., (2019) used convolutional neural networks (CNN) to investigate and detect woven
fabric defects such as hole, mark, stain, fly yarn, knot, double yarn, broken warp and problems in
yarn thickness. The dataset consisted of 1,200 fabric images (i.e., 128 x 128 pixels). They split the
dataset into a ratio of 50 (for training), 20 (for validation) and 30 (for testing). The model achieved
an overall detection accuracy of 96.52 percent. Guan et al. (2019) also used convolutional neural
networks to develop a real-time defect detection prototype. They applied this algorithm to extract
features and detect woven fabric defects such as warp missing, weft yarn missing, hole and double
yarns. They used 12,000 gray scale images for this experiment. They developed their learning-
based defect classification algorithm using Visual Geometry Group (VGG) network model. The

model achieved high detection accuracy of 92.44 percent on the test dataset. Hu et al. (2020) also
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showed a learning-based approach method for the automatic detection of woven fabric defects
such as broken warp, scratch, dirt, holes and oil spots. Although only non-defective fabric images
(256x256 pixels) were used for model training and validation, both defect free and non-defective
fabric images were tested for model evaluation. They used deep convolutional generative
adversarial networks for classifying fabric defects. Generative Adversarial Network (GAN) is a
deep learning-based generative model composed of two neural networks named as generator and
discriminator, which provide more accurate predictions. “The generator takes simple random
variables as inputs and generates new data. The discriminator takes true and generated data and
tries to discriminate them, building a classifier” (Rocca, 2019). Their experiment achieved 93.45
percent accuracy in detecting fabric defects. The article did not reveal details regarding the size of

the dataset.

2.7.4. Automatic Printed Fabric Defect Detection
There has been very limited research on ADD of printed fabric defect detection. Most of
this research concentrated on detecting weaving faults on printed fabric instead of detecting
printing faults (Kang et al., 2015; Kuo et al., 2012; Tiwari & Harma, 2015). The majority of the
research applied ADD to identify problems with print pattern (Jing & Ren, 2020; Li et al., 2015)
and print color displacement (Jahangir Alam et al., 2020; Pan et al., 2010; Tavanai et al., 2006).
Research into ADD for printed fabric is presented in this section in chronological order to exhibit
the recent developments in the related field over the last decade.
Pan et al. (2010) conducted a research on color displacement in printed fabric. They
employed normalized cross-correlation techniques to differentiate non-defective and defective
images. They used image patches of fabric (i.e., 25 x 25 pixels) in this research. The article did not

reveal details regarding the dataset nor findings related to the operational accuracy. Tavanai et al.

51



(2006) also employed normalized cross-correlation technique to detect color and pattern
displacement in printed fabric. They developed a model to differentiate non-defective and
defective images (i.e., 200 x 200 pixels). They used grayscale correlation percent to express the
deviation color and pattern from the standard fabric.

Kuo et al. (2012) used image processing technology to localize defects and fuzzy logic
control algorithms to classify the defect types such as oil spots, broken warp & weft and cracks.
(Bai & Wang, 2006) defined fuzzy logic control as “a range-to-point or range-to-range control.
The output of a fuzzy controller is derived from fuzzifications of both inputs and outputs using the
associated membership functions. A crisp input will be converted to the different members of the
associated membership functions based on its value” (p. 17). Among the defects discussed in this
research, only cracks correspond to printing defects. The rest of the defects correspond to weaving
or knitting defects. They used 150 images (i.e., 640 x 480 pixels) were used in this research for
image segmentation. Their model achieved 96.8 percent accuracy on defect classification. Tiwari
& Harma (2015) proposed a defect detection system using mathematical morphology-based
transformation to detect problems with warp and weft yarn direction. The article did not reveal
details regarding the dataset and image size. Their model achieved 93.2 percent accuracy on defect
classification. Kang et al. (2015) conducted a research on ADD of printed fabric using Gabor
filtering technique for image processing and distance matching function to classify defects
including: broken warp, holes, knots and problems with yarn thickness. Distance matching
function is used to calculate periodic distance of periodic function. The function defines the size
of patterned unit and defect size in the corresponding patterned unit of the fabric. They used the
TILDA database in this research, which contains 3200 images. Their model achieved 93 percent

detection accuracy on defect detection.
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Li et al. (2015) proposed a Gaussian mixture model-based approach to detect faulty print
patterns. “Gaussian mixture models are a probabilistic model for representing normally distributed
subpopulations within an overall population” (John et al., 2020). The model proposed by Li et al.
(2015), achieved 94.1% accuracy on defect detection. The research did not reveal dataset size and
image size. Jing and Ren (2020) used image processing technology to localize defects and template
matching functions to detect broken end, holes, floating yarns, oil stains, foreign fiber and grinning
of white ground. They used 160 images (i.e., 256 x 256 pixels). They used defect detection time
to express the performance of their model. Their model showed high performance in terms of

quickly detecting a given fabric defect (i.e., 0.052 sec).

2.8. Chapter Summary

The existing literature exhibits limited research that focuses on automatic defect
detection for printed fabric. Furthermore, existing studies tend to use a non-defective image
counterpart associated with the actual defective image to compare designs and explore the model
accuracy, rather than developing a model capable of detecting an array of defects among
unexamined images. Further, existing work to date has not applied deep learning based CNN to
identify print fabric defects, which is increasingly more popular and effective compared to image
classification models (Anh & Giao, 2019; Gao et al., 2019; Ouyang et al., 2019). This research
aims to fulfill this gap by developing a deep CNN model to identify real-world printing defects

using the images collected directly from the rotary screen printing industry.
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CHAPTER 3: METHODOLOGY

3.1. Research Design

The research purpose and objectives were addressed through several iterative methods. The
methods are presented in order of the research objectives, however, in reality the objectives were
pursued concurrently. The first research objective (RO1) focused on establishing the database
comprised of print images. These printed images were required to address the second research
objective (RO2), which was the development, training and testing of the ADD model. Two
different methods namely- 1) train/validation/test split and 2) K-fold cross-validation were adopted

to organize the dataset and explore model performance.

3.1.1. Database Development with Train, Validation and Test Split Method

To address RO1, a library of fabric images was compiled using actual factory images for
rotary screen printed fabric. Specifically, eight fabric production facilities in Bangladesh that
produce yardage for garment construction supplied 320 print fabric images to establish the
database. Factory contacts were specifically asked to provide images with spots (i.e., defective
prints) as well as non-defective images. Note that while the database contains some defective
images with corresponding non-defective counterparts (i.e., the same print with and without

defects), not all defects have a non-defective surrogate (Figure 3.1).

Figure 3. 1: Print fabric images with spots
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Initially, the total dataset was divided into subsets: 50 percent (training, n=160): 25 percent
(validation, n=80) and 25 percent (testing, n=80). The collected images were resized to 512 x 512
pixels. The subsets were randomly selected while controlling for the proportion of defective vs.
non-defective images. The training dataset contained the largest proportion of non-defective
images (i.e, 110 non-defective and 50 defective spots), while the validation and testing datasets
contained equal proportions of defective images (i.e, 40 non-defective and 40 defective spots).
Note that the proportions of non-defective images to defective images is identical for the validation
and testing datasets.

Image augmentation (i.e., by a factor of five) was carried out to expand the training dataset
from the initial 160 images to a total of 800 images. Python programming language was used to
organize the dataset. Augmentation was implemented using four popular operations including
rotation, flipping upside down, random noise application and sigmoid correction or contrast
adjustment. In this research, firstly the original dataset was rotated to generate 160 additional
images, secondly the original images were flipped upside down to generate 160 additional images,
thirdly random noise application was conducted to generate another 160 images and lastly sigmoid
correction or contrast adjustment operation performed was performed to generate another 160
images, thus expanding the training dataset to using the following labels & codes: non-defective
(0) and spot (1).

The validation dataset includes 80 images representing defective (i.e., spots) and non-
defective fabrics. The validation dataset was not exposed to any type of image augmentation.
Further, the validation dataset included fabric images that are different from those in the training

dataset.
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The testing dataset also included 80 defective fabric images (i.e., spots) and non-defective
images. Images in the testing dataset were not augmented. Additionally, the testing data contained

unique images that were not included in the training and validation datasets.

3.1.2. Model Development

To address RO2, a multi-layer convolution neural network was employed to extract
features and identify defective & non-defective fabric images. Prabhu, (2018) articulates that CNN
models learn weights and biases values during dataset training. A convolutional neural network
(CNN) model was run based on hyper parameters such as learning rate, batch size, hidden layers,
dropout probability, regularization and activation function. Literature on deep learning, image
classification and automatic fabric defect detection using neural networks was studied, and
empirical research was adopted, to select the hyperparameters and their initial range of values
(Albawi et al., 2017; Chen et al., 2019; El-Sawy et al., 2017; Goodfellow et al., 2016; Luo et al.,
2019; Takase et al., 2018). Then the hyper parameter values were adjusted based on the levels,
which indicate highest validation accuracy and lowest validation loss from training vs. validation
plots. Hyperparameter adjustment is recongnized as a computationally expensive and exhaustive
process (Goodfellow et al., 2016; Ide & Kurita, 2017; Luo et al., 2019). Therefore, the geometric
progression of hyperparameter values were chosen instead of arithmetic progression. For the
dropout probability, arithmetic progression at five values, 0.1, 0.2, 0.3, 0.4, 0.5 were used (Table
3). Researchers recommended not using a probability value greater than 0.5, because it may drop
too many connections without improving the regularization (Hertz et al., 1991; Hinton et al., 2006;

Ranjan, 2019; Wan et al., 2013; Warde-Farley et al., 2014).

Additionally, there is no pre-determined limit for iterations and epochs. Since, the dataset

contains complex images, 10, 20, 30, 40 and 50 epochs for iteration were employed. Again, these
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model specifications were informed by previous research (Basirat & Roth, 2018; Devarakonda et

al., 2018; Goodfellow et al., 2016; Ide & Kurita, 2017; Park & Kwak, 2017; Takase et al., 2018).

Table 3. 1: Hyperparameters and their values selected for future model training.

Hyperparameters Tested Range

Learning rate 10, 3x10%, 10, 3x1073, 107, 3x107?,
Batch size 16, 32, 64, 128

Number of hidden neurons 32, 64, 128, 256,

Dropout probability 0.1,0.2,0.3,04

Regularization 0.0001, 0.0003, 0.001, 0.003
Activation function Relu, Tanh, Sigmoid, Softplus
Optimizer Adam, Nadam, NAG

Python 3 programming language was used to develop the coding script for dataset
introduction and model development. The proposed CNN architecture was developed considering
the size of the dataset and variations among image classes. The proposed CNN architecture uses a
9x9-sized filter on first convolutional layer and a 5x5-sized filter on second and third convolutional
layers (Chakraborty, Moore, & Parrillo-Chapman, 2021). A pooling layer with 2x2-sized filter was
added between two adjacent convolutional layers (Figure 3.2). The feature map extracted from a
convolutional layer was reduced in the pooling layer to include only the areas of focus. Filter size
selection was based on previous research (Abd Jelil et al., 2013; Albawi et al., 2017; Celik et al.,

2014; Das et al., 2019; Devarakonda et al., 2018; C. Gao et al., 2019; Li et al., 2020; Takase et al.,
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2018; Wan et al., 2013). The softmax activation function was used at the output layer to ensure
the sum of all probabilities to be one. For the other layer(s), four kinds of activation functions

(Relu, Tanh, Softplus, and Sigmoid) were used.
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Output:32@256

F7:32@3600

C3:16@248 x 248

P2:16@252 x 252
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Figure 3. 2: Proposed convolutional neural network (CNN) architecture. Each plane represents a feature map in the feature extraction stage. C
and P represent convolutional layer and max-pooling layer respectively. C1: 8@504x504 denotes that it is the first convolutional layer
comprising of eight feature maps with size of 504x504. The letters and numbers mentioned in the other layers also have similar connotation,

whereas F7: 3600 means that this seventh layer containing 3600 neurons was connected to the previous pooling layer.
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3.1.2.1. Hyperparameter Adjustment Method and Model Running

During hyperparameter adjustment, firstly learning rates were tuned for different
combinations of the rest of the hyperparameters. Then the model was run and the learning rate
indicating the highest validation accuracy were chosen. Next, the batch size were adjusted for
different combinations of the remaining hyperparameters with the exception of the learning
rate. The learning rate selected during the first model run was used at this point in the process.
The same process was iterated while tuning other hyperparameters such as hidden layers,
dropout probability and regularization and activation function. The tuning or adjustment of
parameters gave multiple training vs. validation loss and accuracy plots. The values of
parameters were finalized based on the plots showing highest validation accuracy and lowest
validation loss (Albawi et al., 2017; Basirat & Roth, 2018; Chen et al., 2019; Devarakonda et
al., 2018; EI-Sawy et al., 2017; Goodfellow et al., 2016; Ide & Kurita, 2017; Luo et al., 2019;
Park & Kwak, 2017; Takase et al., 2018). Then these finally selected hyper parameter were
used to run the final model. Average precision, average recall and test accuracy were used to
measure the model performance (i.e. image classification accuracy). Precision, recall,
specificity and negative predictive value were used to calculate average precision and average

recall.

3.1.2.2. Transfer Learning Using Pre-trained Deep CNN Architectures

Researchers reported that transfer learning method provides better accuracy on
classifying complex images compared to simple CNN models (Das, 18; Ferguson et al., 2018;
Huangetal., 2017; Hussain et al., 2018; Li et al., 2020; Rosebrock, 2017; Shu, 2019; Simonyan
& Zisserman, 2012). Therefore, after running the custom CNN model, transfer learning method
was adopted using a set of pre-trained deep CNN architectures to explore the improvement in
image classification accuracy. These pre-trained deep CNN architectures including VGG16,

VGG19, DenseNetl21l (DNS121), InceptionV3 and Xception have more dense layers
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compared to custom CNN. An architectural example of such pre-trained network has been
presented in Figure 3.3. This figure represents VGG16 network, where the blue bars denotes
convolutional layers, pink bar denotes maxpool layers and gray bars represent fully connected
layers. The fabric image information is passed through a series of deep convolutional and
maxpooling layers to extract features. Then the values of extracted features are flattened or
converted into a one-dimensional array before transmitting it through the fully connected

layers. The final output layer predicts the class of the object based on extracted features.

Poose-| |-
o1 1 11 -

Output
Conv Block#1 Conv Block#? Conv Block#3 Conv Block#4 Conv Block#5

F

Depth=64 Depth=128 Depth=256 Depth=512 Depth=512
3x3 Conv 3x3 Conv 3x3 Conv 3x3 Conv 3x3 Conv
Convl-1 Conv2-1 Conv3-1 Conv4-1 Convs-1
Convl-2 Conv2-2 Conv3-2 Convd-2 Convs-2
Maxpooling Maxpooling  Maxpooling Convd-3 Convs-3
Maxpooling  Maxpooling

Convolution Max pooling Fully connected
layer layer layer

Figure 3.3: Architectural Representation of VGG16 Network.

3.1.2.3. Modifications of Pre-trained Deep CNN Applications

The Existing studies related to computer vision and ADD recommends that
modification of pre-trained CNNs by adding more pooling layers or dropout layers or batch
normalization to the respective architectures can substantially increase image classification
accuracy (Ferguson et al., 2018; Goodfellow, 2016; Hussain et al., 2018; Li et al., 2018; Li et
al., 2020; Luo et al., 2019; Shu, 2019; Zhu et al., 2020). Additionally, “Unlike max pooling,
the global pooling reduces entire feature map it to a single value instead of reducing sampling

patches of the feature map. The addition of a global pooling layer before a fully connected
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layer in the transition from feature maps to an output prediction for the model gives the image
features a global attention and reduces the computation of predicted values for the fully
connected layer. The addition of dropout layers also helps to improve accuracy by dropping
unwarranted connections from the network™ (Chakraborty, Moore & Chapman, 2021c, p. 2).
Hence, this research modified the pre-trained CNN architectures to explore the improvement
in image classification or test accuracy. An example of the modified VGG16 architecture is
presented in Figure 3.4, which has been proposed in this research. The figure shows that a
global average pooling layer and a dropout layers has been added before the fully connected
layer to produce more precise feature map as input to the next layer. Batch normalization has
been used after last convolutional block, dropout layer and global average pooling layer to
improve the feature extraction performance (Chakraborty, Moore & Chapman 2021c). Similar

modification was done to the rest of the networks as well.

Y |
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Convl-2 Conv2-2 Conv3-2 Conv4-2 Convs-2
Maxpooling Maxpooling Maxpooling Conv4-3 Convs-3

Maxpooling Maxpooling
Batch Normalization
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Convolution Max pooling Batch Dropout Global average Fully connected
layer layer normalization layer pooling layer layer

Figure 3.4: Structure of modified VGG16 network (Chakraborty, Moore & Chapman 2021c).
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3.1.2.4. k-Nearest Neighbors (KNN)

Alike some previous studies, this research also used k-Nearest Neighbors (kNN) to
compare its performance with the proposed CNN models (Tomczak et al., 2007; Kopaczka et
al., 2018; Zhang, 2018). KNN is a machine learning algorithm was use to classify the test
samples based on its ‘distance’ from the training set (Prasatha, 2017). The k in KNN algorithm
is the parameter that defines the number of nearest neighbors to include in majority of voting
process. The usual process of selecting k values is getting a square root of initial train data
point (Prasatha, 2017; Subramanian, 2019). Based on this rule and empirical model testing the
range of k was selected from 1 to 12. It is recommended to choose k as an odd number to find
a majority class. The simple Manhattan distance of the absolute difference between two images
was used as the ‘distance’ metric on our image dataset. The Manhattan distance of absolute
difference is defined as follows where A is the i and j™" values in the image matrix A and Bi;
is the i and j™ values value in the matrix B and m*n represents resolution of images (Prasatha,

2017; Subramanian, 2019).

ST\, By
diSt(A, B) = 2 e (16)

m+*n

3.1.3. Database Split and Model Running using k-fold Cross-Validation Method

Apart from trying train/validation/test split method, this research also adopted k-fold
cross validation technique to compare models’ performances. With k-fold cross-validation
technique data is randomly divided into k (k=1, 2, 3,.., n) equal-sized segments or folds. With
this method firstly k-segment is hold out and model is then fitted to the other k-1 segments
combined. Then the model error is measured using validation error or other metrics from
predictions on the segment k (James et al., 2013; Harris, 2019). 5-fold and 10-fold cross-
validation are typically applied in machine learning research to avoid overfitting of the model.

Unlike leave-one-out cross-validation (LOOCV) k-fold cross-validation does not require
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fitting the model n times, which prevents it to be computationally expensive. Further, LOOCV
may be potential to pose computational problems when n is extremely large (James et al.,
2013). In this research both of the 5-fold, 7-fold and 10-fold cross-validation methods were
tried to explore the validation error and accuracy as well as test accuracy for the CNN models.
The obtained results were than compared with test accuracy achieved with CNN models using

train, validation and test split method.

3.1.4. Protocol Development and Visual Assessment

After successfully developing the model, a visual assessment of fabric images was
conducted based on the protocol developed. This assessment was carried out to compare the
image classification accuracy between a human expert and the CNN model. Relevant variables
that were maintained during visual assessment included participant’s expertise, appearance
matching (i.e., print design), instrument or computer used, frequency of image exhibition and
viewing order (Knox, 2014; Wang 2020). For this research a human expert with wet processing
research background and expertise with printed fabric development participated in the visual
assessment. Figure 3.5 shows the multiple phases that were involved in visual assessment
procedure.

Firstly, twenty images were selected randomly from the training and test dataset. The
image set contained floral print patterns. Then the protocol and questionnaire was developed
to conduct the assessment. The protocol and questions were prepared based on the suggestions
from industry expert and presented based on previous research (Knox, 2014; Wang, 2020).
After that the participant was sent an invitation request to attend the assessment. The
assessment was scheduled after getting the consent of the participant. After that an in-person
visual assessment was conducted. The assessment results were recorded followed by their
analysis. The images were displayed under normal daylight. The participant was suggested to

take break at a regular interval before moving to the next image.
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Figure 3. 5: Phases of Visual Assessment Procedure.

As the assessment is related to defect detection i.e., shape of the spot identification, any
kind of color vision test or color blindness or psychographic test was not conducted. A
computer workstation with graphics processing unit (GPU) with TensorFlow-GPU package,
were used to support faster performance of the model. Therefore, an NVIDIA Quadro GV100
GPU containing 16GB HBM2 memory with a dual 10-core 2.2 GHz Intel Xeon Silver 4114

processor and 128 GB 2666 MHz DDR4 ECC memory was used. +
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CHAPTER 4: RESULTS AND DISCUSSION

4.1. Model Running with Train, Validation and Test Split
The dataset organized based on train, validation and test split method was used in this
phase to adjust hyperparameters, followed by running convolutional neural networks (CNN)

and observing training, validation and testing accuracy achieved by the models.

4.1.1. Hyperparameter Selection for Custom CNN

Firstly, the hyperparameters were adjusted with train, validation and test split of the
dataset. The hyperparameter adjustment generated displays for training and validation, losses
and accuracy. These plots were used to select the final parameter values based on the highest

degree of training and validation accuracy.

4.1.1.1. Learning rate

Adam, Nadam and NAG optimizers were applied to examine training loss using four
rates (0.0001, 0.0003, 0.001, and 0.003). The model using the Adam optimizer and 0.0003
learning rate indicated the lowest training loss (1.2) and highest training accuracy (i.e. about
87%) (Figure 4.1(a) and (b) respectively). Although initially the model was run until 40
epochs, the performance did not improve much. Additionally, it took a long time for
completing each epoch, which is computationally expensive and a slow process. Therefore, it
would not be justified for real-time deployment. Hence, it was decided to keep 30 epochs to

run the final model.
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Figure 4. 1: (a) Training loss and (b) Training accuracy for different learning rates.

4.1.1.2. Batch size

Various batch sizes (16, 32, 64, and 128) were used to record the model’s performance
on the training dataset. The model using the batch size 16 indicated the lowest training loss
(0.9) and highest training accuracy (88%) as shown in Figure 4.2 (a) and (b) respectively. The
higher training accuracy helped to achieve higher training and validation accuracy in the

following steps.
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Figure 4. 2: (a) Training loss and (b) Training accuracy for different batch sizes.

4.1.1.3. Regularization parameter

Four different regularization parameters (0.0001, 0.0003, 0.001, and 0.003) were used
to record the model’s performance on the training dataset. The model with A= 0.003 has the
best performance in terms of the lowest validation loss (0.6) and highest validation accuracy

(72%) as shown in Figure 4.3 (a) and (b) respectively.
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Figure 4. 3: (a) Training and validation loss and (b) Training and validation accuracy for

different regularization parameters.

4.1.1.4. Number of neurons in hidden layers

Four different values representing a number of neurons in the hidden layers (32, 64,
128, and 256) were used to record the model’s performance on the training dataset. Model
with 128 neurons in the hidden layer has the best performance in terms of lowest validation
loss (0.5) and highest validation accuracy (68%) as shown in Figure 4.4 (a) and (b)

respectively.
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Figure 4. 4: (a) Training and validation loss and (b) Training and validation accuracy for

different regularization parameters.

4.1.1.5. Dropout Probability

Four different dropout layers (0.1, 0.2, 0.3, and 0.4) were used to record the model’s
performance on the training dataset. Model with a dropout probability of 0.1 has the best
performance in terms of lowest validation loss (0.6) and highest validation accuracy (70%) as

shown in Figure 4.5 (a) and (b) respectively.
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Figure 4. 5: (a) Training and validation loss and (b) Training and validation accuracy for

different dropout probabilities.

4.1.1.6. Activation function

After all the other hyperparameters were tuned, the models were finally trained three
times with each activation functions, and the best-trained model based on the validation
accuracy was stored. Figure 4.6(a) shows that ReL U outperforms the other activation functions
in terms of validation accuracy. The CNN model with ReLU achieved about 68% validation
accuracy, which was higher than that of models developed with ReLU, Sigmoid and

Tanh. Figure 4.6(b) shows the training and validation loss and accuracy plots found based on
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Figure 4. 6: (a) Training and validation accuracy of various activation functions with the
custom CNN and (b) plots of loss and accuracy vs. epochs during the training of the best
model.

So, the adjustment of all hyperparameters gave the final values selected for final model

train. The final selected values have been presented in Table 4.1.

Table 4. 1: Summary of Hyperparameter Adjustment.

Hyperparameters Tested Range Selected Values
Learning rate 0.0001, 0.0003, 0.001, 0.003 0.0003
Batch size 16, 32, 64, 128 16
Number of hidden neurons 32, 64, 128, 256, 128
Dropout probability 0.1,0.2,03,04 0.1
Regularization 0.0001, 0.0003, 0.001, 0.003 0.003
Optimizer Adam, Nadam, NAG Adam
Activation function Relu, Tanh, Sigmoid, Softplus Relu
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4.1.2. Performance Evaluation of Custom CNN

Figure 4.7 shows that after training the custom CNN with ReLU, the test dataset was
used to generate class predictions. The confusion matrix (Figure 4.7) indicated from the custom
CNN with the best activation function indicates that model accuracy of 80% for detecting non-

defective fabrics and 62% for detecting defective fabrics with spots.

0.8

0.7

0.6

- 0.5

true label

- 0.4

F 0.3

predicted label

Figure 4. 7: Confusion matrix of predictions on the testing dataset with the best model
(custom CNN with ReLU and Adam Optimizer).

4.1.3. Performance Evaluation of Transfer Learning Based Pre-trained CNN Networks
The hyperparameters that generated the highest validation accuracy were used to run
the learning models using other pre-trained CNN networks including VGG16, VGG19,
DNS121, InceptionV3, and Xception. All four activation functions were attempted in the same
manner consistent with the process used for the CNN (Section 4.1). According to Figure 4.8(a,
b), VGG16 network-based model with ReL.U activation function achieved about 97% training
accuracy and 73% validation accuracy, which was higher than that of models developed with
Softplus, Sigmoid and Tanh. VGG16 network-based model achieved 85% for detecting non-

defective fabrics and 75% for detecting defective fabrics with spots (Figure 4.8c).
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Figure 4. 8: (a) Training and validation accuracy of various activation functions with the
VGG16 network; (b) Pots of loss and accuracy vs. epochs during the training of the best model;
(c) Confusion matrix of predictions on the testing dataset with VGG16 network and RelLU

function.

Figure 4.9(a, b) shows, VGG19 network-based model with ReLLU activation function
achieved about 96.84% training accuracy and 76.24% validation accuracy, which was higher
than that of models developed with Softplus, Sigmoid and Tanh. VGG19 network-based model
achieved 97% for detecting non-defective fabrics and 60% for detecting defective fabrics with

spots (Figure 4.9¢).
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Figure 4. 9: (a) Training and validation accuracy of various activation functions with the
VGG19 network; (b) Pots of loss and accuracy vs. epochs during the training of the best model;
(c) Confusion matrix of predictions on the testing dataset with VGG19 network and RelLU

function.

Figure 4.10(a, b) shows, DNS121 network-based model with ReLU activation function
achieved about 91.04% training accuracy and 62.5% validation accuracy, which was higher
than that of models developed with Softplus, Sigmoid and Tanh. DNS121 network-based
model achieved 88% for detecting non-defective fabrics and 38% for detecting defective

fabrics with spots (Figure 4.10c).

75



EE Training Activation function: relu

0.9 1 B \alidation 60 -

Training
—— \Validation

Loss

0.8

0.9
0.8 1
oy
E 074
0.6 o
Euﬁ, /_\/\/\/\/\_/\/\ A~

Accuracy

Training
—— \Validation

0.5 - o 5 10 15 20 25 30
sigmoid softplus relu tanh Epochs

(a) (b)

0.8

(0.12)

0.6

- 0.5

true label

- 0.4

15
(0.38) 0.3

0.2

predicted label

(©)

Figure 4. 10: (a) Training and validation accuracy of various activation functions with the
DNS121 network; (b) Pots of loss and accuracy vs. epochs during the training of the best
model; (c) Confusion matrix of predictions on the testing dataset with DNS121 network and
ReLU function.

As shown in Figure 4.11(a, b), InceptionVV3 network-based model with ReL U activation
function achieved about 89.52% training accuracy and 51.24% validation accuracy, which was
higher than that of models developed with Softplus, Sigmoid and Tanh. InceptionV3 network-
based model achieved 66% for detecting non-defective fabrics and 55% for detecting defective

fabrics with spots (Figure 4.11c).
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Figure 4. 11: (a) Training and validation accuracy of various activation functions with the

InceptionVV3 network; (b) Pots of loss and accuracy vs. epochs during the training of the best
model; (¢) Confusion matrix of predictions on the testing dataset with InceptionV3 network
and ReLU function.

As shown in Figure 4.12(a, b), Xception network-based model with ReL U activation
function achieved about 90.27% training accuracy and 58.75% validation accuracy, which was
higher than that of models developed with Softplus, Sigmoid and Tanh. Xception network-
based model achieved 72% for detecting non-defective fabrics and 42% for detecting defective

fabrics with spots (Figure 4.12c).
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Figure 4. 12: (a) Training and validation accuracy of various activation functions with the
Xception network; (b) Pots of loss and accuracy vs. epochs during the training of the best
model; (c) Confusion matrix of predictions on the testing dataset with Xception network and
ReLU function.

The custom CNN model was compared with VGG16, VGG19, DNS121, InceptionV3
and Xception network based models to determine the final model for printed fabric defect
detection (Table 4.2). Both VGG16 and VGG19 indicated highest recall (0.80), precision
(0.80) and test accuracy (80%) compared to the custom CNN. The CNN indicated
comparatively less recall (0.72), precision (0.72) and accuracy (72%) compared to both
VGG16 and VGGI19. This is likely attributable to the CNN’s simpler architecture and
comparatively smaller training dataset compared to the VGG16 and VGG19 models. However,

the test accuracy metrics showed that DNS121, InceptionV3, and Xception had poor
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performance compared to custom CNN, VGG16 and VGG19. The advantage of being pre-
trained with highest number of parameters among all of the networks helped VGG to be in the
top most position in terms of accurate print fabric image classification. Moreover, it can be
seen that a well-designed CNN can also achieve higher accuracy than many of the networks
including DNS121, InceptionV3, and Xception. The summary of precision, recall and test

accuracy for each of the CNN models have been shown in Table 4.2.

Table 4. 2: Comparison among Custom CNN and Pre-trained CNN Models.

CNN Networks Average Precision Average Recall Test Accuracy
VGG16 0.80 0.80 80%
VGG19 0.80 0.80 80%

Custom CNN 0.72 0.72 2%
DNS121 0.67 0.62 62.5%

InceptionV3 0.59 0.59 58.75%
Xception 0.58 0.57 57.5%

4.1.4. Performance Evaluation of Modified Pre-trained CNN Architectures
The hyperparameters selected and used in section 4.2 and 4.3 were again used to run

the modified CNN networks including VGG16, VGG19, DNS121, InceptionV3, and Xception.
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The four activation functions were also used in the same manner consistent with Section 4.2
and 4.3. After running the model for modified VGG16 network, results (Figure 4.13 (a and b))
showed that VGG-16 model with ReLU activation function outperformed the other activation
functions in terms of validation accuracy. The VGG16 model with ReLU achieved about 87
percent validation accuracy, which was higher than that of models developed with Softplus,
Sigmoid and Tanh. Fig. 3b shows the training and validation loss and accuracy plots found
based on model trained with ReLU. The confusion matrix figure generated from VGG16
achieved 90% for detecting non-defective fabrics and 85% for detecting defective fabrics with

spots (Fig. 4.13c).
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Figure 4. 13: (a) Training and validation accuracy of various activation functions for VGG16

with Adam optimizer; (b) Plots of loss and accuracy vs. epochs for the best model (with
ReLU); (c) Confusion matrix of predictions on testing dataset with Adam and ReLU.
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The similar modification and model running approach was carried out for rest of the
deep learning architectures including VGG19, DNS121, InceptionVV3 and Xception. However,
the training and validation accuracy, precision, recall and test accuracy showed that VGG19,
DNS121, InceptionV3 and Xception had poor performance compared to the proposed modified
VGG-16 network. Table 4.3 presents the summary of precision, recall and test accuracy of each
of the modified deep learning-based CNN networks. Modifications of networks showed
improved test accuracy compared to their original structures, which supports the benefits of
including of batch normalization, global average pooling layer and dropout layers to the

original network architectures as mentioned in section 3.2.

Table 4.3: Comparison among Modified Pre-trained CNN Models.

CNN Networks Precision Recall Test Accuracy
Modified VGG16 0.88 0.88 87.5%
Modified VGG19 0.83 0.82 82.5%
Modified DNS121 0.65 0.65 65%

Modified InceptionV3 0.59 0.59 58.75%
Modified Xception 0.63 0.62 62.5%
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4.1.5. Performance Evaluation of kNN

After running the KNN algorithm on the validation data with different values of k (k=1,
2,...,11), the best value of k=1 was selected based on the validation accuracy (Figure 4.14a).
Although the model was tested empirically with all initial k values, the validation accuracy
continued to decrease largely after k=9. After selecting k=1, the training and validation dataset
was merged and the test set was classified using the best value of k. The model achieved an
accuracy of 57% on identifying defective fabrics and 82% on identifying non-defective fabrics
(Figure 4.14b) and the model obtained a test accuracy of 70%, which was lower compared to
custom CNN, VGG16, VGG19, modified VGG16 and modified VGG19 models (Table 4.2

and Table 4.3).

0.8

=
=l
B

0.7

=]

el

~
L

o

o

o
L

0.6

o

w

=]
L

- 0.5

true label

Validation Accuracy
o
(%)
(=]
L

0.4

o

in

by
L

- 0.3

=
wn
~

0.2

=

wn

=]
|

predicted label

(a) (b)
Figure 4. 14: (a) Validation accuracy of kNN at different values of k.; (b) Confusion Matrix
of predictions on the testset with KNN (k = 1).

4.2. Model Running with K-fold Cross-validation Method

5-fold and 10-fold cross-validation were initially selected to run the models. After
adjusting the hyperparameters 5-fold cross-validation method was applied to run the model.

Then 10-fold cross-validation method was applied to run again the model.
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4.2.1. Performance Evaluation with K-fold Cross-validation Method

The average validation accuracy for 5-fold cross-validation for VGG16 was as high as
66.74% (+- 2.46%) and average validation loss was 2.45 (Table 4.3).

accuracy (53.75%) and non-defective fabric classification (20%) (Figure 4.15) was much lower

compared to the train, validation and test split method (Table 4.2).

Table 4. 3: Validation Loss and Accuracy per Fold for 5-fold Cross-Validation.

No. of Folds Validation Loss Validation Accuracy
1 1.08 62.85
2 0.77 69.14
3 3.71 65.51
4 6.08 66.66
5 0.59 69.54

true label

(0.07)

Figure 4. 15: Confusion matrix of predicting testing dataset with for 5-fold cross-validation.

predicted label
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However when the model reached to 7-fold, the epochs were taking too long time to
complete the fold despite the use of graphical processing unit (GPU) enabled system, which
might be resulted from high memory consumption. Therefore, 7-fold cross-validation was
tested instead 10-fold cross-validation. It was also noticeable that with 7-fold cross-validation
the validation accuracy slightly decreased (66.51%) but the test accuracy (57.5%) improved.
Although, the 5-fold and 7-fold cross-validation method generated better validation accuracy,
test accuracy was much lower compared to train/validation/test spit method. Finally, the results
showed that the test accuracy achieved by CNN models with train, validation & test split
method was much lower compared to the test accuracy obtained with 5-fold and 10-fold cross-

validation methods (Table 4.4).

Table 4. 4: Test Accuracy (%) Obtained by CNN Models with Train, Validation & Test Split

vs. K-fold Cross-Validation.

Model Train, Validation & Test 5-Fold 7-Fold
Split
Custom 72 51.25 55
CNN
VGG16 80 53.75 575

The potential reasons behind poor test accuracy and high memory consumption with K-
fold cross-validation can be explained by the fact that this method perform does not perform
better on dataset, which is imbalanced and contains hundreds of thousands of pixel parameters

(Haddad, 2019; Kumar, 2013; Stackexchange, 2019). The rerunning the models on the
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imbalanced dataset increase the execution time and cost associated with model run, and hence
lead to lower validation and test accuracy (Chris, 2020; Schneider, 1991; Stackoverflow, 2021),
which has been also observed in this research as well while comparing accuracies to the results

obtained in section 4.1.

4.3. Visual Assessment Results

The images selected for this assessment were of 512 x 512 pixels. Ten (10) pairs of
images (i.e. a total of 20 images) were selected as samples for this assessment by the principle
investigator (PI1). Among these twenty samples, ten (10) samples contained non-defective
fabric images, which were labeled as A1-A10. These samples were used as a reference of non-
defective fabric images. On the other hand, rest of the ten (10) samples contained both defective
(i.e., with spots) and non-defective fabric images. The defective fabric images were labeled as
B1-B7 and non-defective fabric images were labeled as B8-B10. Hence, B1-B7 contained the
defective counterpart of A1-A7 fabric images, and B8, B9 & B10 were exactly the same to A8,
A9 & AIL0 respectively. These arrangements were done purposefully to compare the
classification accuracy between the human expert and CNN model.

At beginning of the assessment, the participant (i.e., human expert) was introduced to
a pair of fabric images with and without spots as shown in Figure 4.16. The participant was
first shown a non-defective fabric image as a reference sample without defects. Then the
participant was shown another image of similar print design with spots on it, which helped the

participant to classify a fabric as defective if it deviates from the reference sample.
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Non-defective Defective with spots

Figure 4. 16: Example of non-defective and defective fabric images shown to human expert.

After that the participant was given a questionnaire. In the questionnaire the participant
was first asked to find out if the overall print pattern of sample image A1 matches with sample
image B1. Then participant was asked to classify B1 either as a defective or non-defective
fabric based on the reference sample image Al shown on the display. The similar approach
was repeated for rest of the pairs i.e., from A2-B2 to A10-B10. After that the participant was

shown the images that were accurately classified and also the images that were misclassified.

For the pair Al-Bl, both of these samples had similar floral print design. The
participant observed the non-defective sample (A1) followed by the defective sample image.

The participant correctly classified B1 as the defective fabric sample image (Figure 4.17).

86



(a) (b)
Figure 4. 17: (a) Fabric image without spot (Al); (b) Fabric image with spot (B1).

Then the similar process was repeated for rest of the samples. The participant
correctly classified B2, B4, B5 and B6 as defective print images (Figure 4.18) and B8 & B9
as non-defective fabric images (Figure 4.19). However, participant misclassified B3 and B7

as non-defective and B10 as defective fabric images (Figure 4.20).
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Accurate Classification oDefectiveFabric Images by Human Egert

Figure 4. 18: Defective fabric image samples accurately classified by human expert.
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(A9) (B9)

Figure 4. 19: Non-defective fabric image samples accurately classified by human expert.
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Figure 4. 20: Fabric image samples misclassified by human expert.
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After that the CNN model was run using python scripts to generate the predictive labels
and classification results for each of the test images (i.e. for B1 to B10). Participant was then
asked to identify if the model accurately classified the test sample images (i.e. B1 to B10) and
also to compare classification results based on the defective fabric sample images shown
earlier. Figure 4.21 presents the python programming code that was used to display the
predicted labels and classification results. The prediction percentage shown in blue letters
indicated that the actual test image label matched with label predicted by the model, i.e. the
image was accurately classified. The similar approach was adopted to display the predicted

labels and classification results for rest of the sample images.

° # Plot the first X test images, their predicted labels, and the true labels.
# Color correct predictions in blue and incorrect predictions in red.
num_rows = 5
num_cols = 2
num_images = num_rows*num_cols
plt.figure(figsize=(2*2*num_cols, 2*num_rows))

#for i in range(num_images):

#plt.subplot(num_rows, 2*num_cols, 2*is+1)

plot_image(28, predictions[28], test_labels, te_images)
#plt.subplot(num_rows, 2*num_cols, 2*i+2)
#plot_wvalue_array(i, predictions[i], test_labels)
plt.tight_layout()

plt.imshow(cv2.cvtColor(te_images[28], cv2.COLOR_BGR2RGB))

(3 <matplotlib.image.AxesImage at @x7f9555ece558>

defective 72% (defective)

Figure 4. 21: Label prediction by CNN model for B1 sample image.

According to the output results, the model accurately classified B1, B2, B4, B5, B6 and

B7 as defective print images (Figure 4.22) and B8 & B10 as non-defective fabric images
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(Figure 4.23). However, the model misclassified B3 as non-defective and B9 as defective fabric

images (Figure 4.24).

Accurate Classification of Fabric Images by CNN Mdde

Figure 4. 22: Defective fabric image samples accurately classified by CNN model.
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non_defective 69% (non_defective)

(B8) (B10)

non_defective 73% (non_defective)

Figure 4. 23: Non-defective fabric image samples accurately classified by CNN model.

Misclassification of Fabric Images by CNN Model

non_defective 73% (defective)

(B3) (B9)

defective 71% (non_defective)

Figure 4. 24: Fabric sample images misclassified by CNN model.

The results showed that both human expert and CNN model misclassified sample image
B3. However, human expert misclassified as B10 as defective, whereas CNN model accurately

classified this sample image as non-defective. On the other hand, CNN model misclassified B9
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as defective, whereas human expert accurately classified as non-defective. The results showed
that the human expert made 3 wrong classifications on defective and non-defective fabric
image classification, whereas CNN model made 2 wrong classifications. So, human inspection
is more prone to fail at defective fabric identification, which might be resulted to fatigue or
inattentiveness. These shortcomings may arise from human exposure to complex fabric details
for a long time. Therefore, application of CNN model can provide better accuracy to real-time
defective print fabric identification by overcoming the shortcomings that arise from manual

fabric inspection.
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CHAPTER 5: CONCLUSIONS, IMPLICATIONS, LIMITATIONS & FUTURE
RESEARCH

5.1. Conclusions

The purpose of the study was to develop a model for automatic defect detection (ADD)
of printed fabric based on binary classification (defective vs. non-defective) using
convolutional neural networks. Two research objectives were followed to address the overall
purpose. The first research objective focused on establishing a database of defective and non-
defective print images to provide a database for facilitating the second objective to develop,
train and test a (CNN) model for ADD of print fabric defects. Further, a classification task
carried out by subjects with expertise in textile and apparel design was conducted on a subset
of the model training samples to compare the model’s detection performance with human

detection performance.

In general, the findings from the study build on a growing body of literature that applies
computer-vision technology to manufacturing processes (e.g., Abou-Taleb & Sallam, 2008;
Bandara et al., 2018; Das et., 2019; Fabijanska & Jackowska-Strumitto, 2012; Gao et al., 2019;
Ghaderpanah et al., 2015; Ghosh et al., 2014; Guan et al., 2019; Hanbay et al., 2019; Jing &
Ren, 2020; Kazim Hanbay et al., 2016; Kuo et al., 2011; Mohanty & Bag, 2017; Nateri et al.,
2014; Perez et., 2014; Shadika et al., 2017; Wang et al., 2019; Tabassian et al., 2011; Tavanai
et al., 2006). The research design demonstrates the potential for integrating deep neural
networks into traditional quality control for printing operations in textile and apparel
production that rely primarily on human inspection. This study discussed all the crucial
hyperparameters that are required to develop a CNN model from scratch. Hyperparameter
adjustment procedure provided the best values for each of the respective parameter, which were
then used to run all of the CNN models developed for this research. Learning rates (i.e., 0.0001,

0.0003, 0.001, and 0.003) were initially adjusted followed by batch size adjustment (i.e., 16,
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32, 64, and 128). A learning rate of 0.0003 was selected based on the lowest training loss and
highest training accuracy. As a fixed learning rate (i.e., 0.0003) was used during batch size
adjustment, larger batch sizes showed higher training loss and unstable training accuracy
compared to a smaller batch size (i.e., 16) (Figure 4.2). Although all of the initial learning rates
could have been simultaneously used during batch size adjustment, the research did not adopt
this approach to ensure sequential hyperparameter selection and avoid excessive computational
time. Because, excessive computation during training may lead to a slow process and model
overfitting, which would not be ideal for real-time defect detection. The similar sequential
approach was adopted to select rest of the hyperparameters as well. The modeling process
suggests that the modified VGG16 model with an Adam optimizer achieved the highest recall,
precision and defect detection accuracy compared to the alternative models that were tested:
CNN, VGG19, DNS121, InceptionV3, Xception, KNN and K-fold cross-validation CNN

models.

The human classification task yielded lower defect detection accuracy compared to the
modified VGG16 model. Specifically, manual evaluation by experts resulted in excessive false
negatives (i.e., failing to detect a defective swatch) when compared to the machine learning
model. However, both approaches indicated errors associated with false negatives suggesting
that both humans and machines appear to be more likely to miss a defect among intricate motifs

rather than erroneously identify print defects.

If the limitation related to smaller dataset can be overcome, the proposed methodology
can significantly improve the image classification ability of the developed CNN models.
Continued research in automatic defect detection, aided by artificial intelligence or machine
learning technology would play an important role to reduce waste and enhance product quality
in fashion supply chains, which are largely reliant on printed fabric production to serve their

respective markets (Chakraborty, Moore & Chapman, 2021b).
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5.2. Implications

Though limited in scope, the modified VGG16 model outperformed human defect
detection for ink spots among printed fabric motifs thereby supporting the feasibility of ADD
implementation in manufacturing processes with a heavy reliance on print quality. Therefore,
supply-chains that serve markets which demand precision printing, ranging from technical
textiles to high-end upholstery & apparel fabrics are most likely to benefit from direct
implementation of these technologies on the factory floor. Vice versa, ADD may not be
necessary for alternative supply-chains, markets or products. For example, fabric motifs such
as busy prints for children’s pajamas or muted prints with no obvious pattern are unlikely to
benefit from incremental gains that ADD would provide and would therefore not justify the

cost.

Practically, this research largely focused on the development of an efficient CNN model
that can be used by print fabric manufacturing industries during deployment of real-time defect
detection system, which would ultimately help them to improve the quality of end product and
ensure sustainability. Ensuring sustainability during textile manufacturing has become an
important objective for the contemporary fashion world (Chakraborty, Moore, &
Chapman, 2021b). The textile and fashion manufacturing industries are always held
accountable for their unsustainable production environments (Kabir, Chakraborty, Hoque, &
Mathur, 2019). Furthermore, consumers’ increased environmental awareness drives fabric
manufacturers to conform to sustainable manufacturing practices (Chakraborty, Moore, &
Chapman, 2021b; Chakraborty, 2016). Hence, the application of an efficient automatic fabric
defect detection system is particularly important to reduce waste and prevent supply chain

disruption (Chakraborty, Moore, & Chapman, 2021a).

An additional technical implication of this research arises from the modeling results.

The modified VGG16 model was reasonably accurate when detecting ink spot defects despite
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a very small sample size. Transfer learning based models like VGG16 are already trained on
huge datasets containing diverse image categories (section 2.5). As a result, pre-training of
networks helped VGG16 to extract complex features from non-defective and defective fabric
images used in this research. Additionally, the advantage of being pre-trained with larger
number of parameters helped VGG16 model to outperform other models including DNS121,
InceptionVV3 and Xception in terms of accurate classification of defective vs. non-defective
printed fabric images. Moreover, addition of batch normalization, global average pooling layer
and dropout layers to original architecture also helped the VGG16 model to enhance defective
vs. non-defective fabric image classification accuracy. Hence, this similar approach can be
applied on a smaller dataset to classify complex fabric images without developing a CNN
model from scratch. The researchers will only need to transfer or add the weighted

convolutional layers to the fully connected layers of the newly developed model.

5.3. Limitations

Limitations associated with the analytical and practical components of the research
should be weighed when interpreting the results. Primarily, the relatively small dataset likely
limited model training, validation and test accuracy. Though the modified VGG16 provided a
reasonable solution to the small sample size problem, an image-based dataset with depth (i.e.,
number of images) and breadth (i.e., motifs and defects) would provide a robust foundation for
training ADD models with greater precision. This task could be accomplished using software

to generate images which is considerably more efficient than compiling actual fabric images.

The research focused solely upon print spots which commonly occur in fabric printing.
Additional defects including misprints, color bleeding and wicking are also problematic in
textiles and apparel and should be considered for incorporation into ADD systems for printed

fabrics that require comprehensive evaluation. Likewise, the scope of the study was limited to
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floral prints which do not represent the gamut of existing motifs such as geometric patterns and

mixed motifs.

From a practical perspective, the data were not generated in a real-time fabric printing
environment. Therefore, the images generated in a real-time setting may not be comparable to
the still images that constitute the study’s dataset. Likewise, additional technical, logistical and
operational considerations of implementing ADD on a factory floor are not considered in the

research design including the fundamental question of cost vs. benefits.

5.4. Future research

Future research into ADD using a machine based learning approach should focus on
both modeling and research design related issues. From a modeling perspective, access to an
extensive image database would provide an important step for training and testing rival models.
This database should also include additional print defects that are common in textile printing.
Recently, researchers used Residual Network (i.e., ResNet) and DarkNet to automatically
identify defects on metal (Jian al., 2020) and concrete surfaces (Xing & Jia, 2021), which were
reported for providing fast classification results. Therefore, modified modeling techniques
using ResNet and DarkNet can be applied to classify complex print fabric images with and
without defects followed by comparing their performances with the models developed in this
research. Additionally, a broader range of hyper-parameter values can provide more nuanced
insight into model performance. For instance, a smaller learning rate such as 0.00001 and
0.00003 can be used in the future research. Although these smaller values may cause very slow
convergence toward local minima with smaller database, they may offer a better performance
with larger dataset. Similarly, a new activation function such as Leaky ReL.U can be used in
addition to Sigmoid, Tanh, ReLU and Softmax in the future research. Leaky ReLU is an

improved version of ReLU activation function, which unlike ReLU does not completely
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vanishes the negative weights processed by neurons. Hence, this activation function would help
a model to understand better all the features extracted from an image (Shah, 2017; Sharma,
2017). Further, novel optimizers including Adaboud and Adabelief can be used in future
research, because in comparison with Adam optimizer they can facilitate faster gradient
descent and quicker reduction of loss values (Park, 2021). Additionally, recent research
demonstrates use of image segmentation for ADD on fabric surface, where the area occupied
with the defects are segmented using a color map (Jia et al., 2020; Song et al., 2020). Image
segmentation involves the analysis of salient features of a fabric surface, where defective
regions can be differentiated from its neighboring areas (i.e., non-defective regions) using
extreme point density map and color map of the image (Song et al., 2020). Hence, future
research can integrate morphological processing of defective and non-defective print areas
while generating feature maps with CNN. This strategy would ensure the precise and accurate

defect detection during printing process.

Another important direction for future research is the need to test the technology in
factory setting using rotary screen-printing to better understand the advantages or challenges
deploying this method in real-time and the nature of the images that are generated for ultimate
ADD. Further, no research exists that considers the cost of implementing an ADD system in
fabric manufacturing. Without understanding the financial impact of these systems in apparel
supply chains as well as identifying markets likely to benefit from greater precision in fabric

printing, the ability to optimize these systems will remain out of reach.
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Appendix A: Informed Consent for Participation in Visual Assessment
Consent Form

Title of Study: Automatic Printed Fabric Defect Detection Using a Convolutional Neural
Network

Principal Investigator(s): Samit Chakraborty, schakr22@ncsu.edu and 919-561-9296
Funding Source: N/A

NC State Faculty Point of Contact: Lisa Parrillo-Chapman, Iparrill@ncsu.edu, 919-513-
4020

Collaborating Researchers: N/A

What are some general things you should know about research studies?

You are invited to take part in a research study. Your participation in this study is voluntary.
You have the right to be a part of this study, to choose not to participate, and to stop
participating at any time without penalty. The purpose of this research study is to gain a better
understanding of visual assessment of spots on rotary screen printed fabrics. We will do this

using digital images on computer screen.

Specific details about the research in which you are invited to participate are contained below.
If you do not understand something in this form, please ask the researcher for clarification or
more information. A copy of this consent form will be provided to you. If, at any time, you
have questions about your participation in this research, do not hesitate to contact the

researcher(s) named above section of this form.

What is the purpose of this study?

The purpose of the study is to use machine learning model to differentiate defective print
fabric from non-defective print fabric. This study also requires visual assessment of defect

(i.e. spots) detection on rotary screen printed fabrics conducted by human participant.

How many people will be in the study?

There will be single participant in this study
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What will happen if you take part in the study?

If you agree to participate in this study, you will be asked to do all of the following:
1. You will be given a brief knowledge of defective vs. non-defective rotary screen
printed fabrics.
2. You will select option defective or non-defective on a given form for each of the
corresponding fabric images shown to you.

Confidentiality, personal privacy, and data management

Trust is the foundation of the participant/researcher relationship. Much of that principle of trust
is tied to keeping your information private and in the manner that we have described to you in
this form. The information that you share with me will be held in confidence to the fullest
extent allowed by law. Protecting your privacy as related to this research is of utmost
importance to me. However, there are very rare circumstances related to confidentiality where
I may have to share information about you. These are limited to instances in which imminent
harm could come to you or others. How | manage, protect, and share your data are the principal
ways that | protect your personal privacy. Data generated about you in this study will be de-
identified.
De-identified. De-identified data is information that at one time could directly identify
you, but that | have recorded this data so that your identity is separated from the data. |
will have a master list with your code and real name that | can use to link to your data.
While I might be able to link your identity to your data at earlier stages in the research,
when the research concludes, there will be no way your real identity will be linked to
the data | publish.
Data that will be shared with others about you will be de-identified because your personal
identity or organization’s identity will not be recorded or tracked during data collection. To
help maximize the benefits of your participation in this project, by further contributing to
science and our community, your de-identified information or bio-specimens will be stored for
future research and may be shared with other people without additional consent from you.

Compensation

You will not receive anything for participating in this study. If you withdraw from the study
prior to its completion, you can expect that we will eliminate your data from the analysis. If
you withdraw consent after the data is published, I will make every attempt to redact your

data from future use. This is possible in some, but not all, cases.
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What if you are an NCSU student?

Your participation in this study is not a course requirement and your participation or lack
thereof, will not affect your class standing or grades at NC State.

What if you are an NCSU employee?

Your participation in this study is not a requirement of your employment at NCSU, and your
participation or lack thereof, will not affect your job.

What if you have questions about this study?

If you have questions at any time about the study itself or the procedures implemented in this
study, you may contact the PI, Samit Chakraborty, schakr22@ncsu.edu and 919-561-9296.

Right to withdraw your participation
You can stop participating in this study at any time for any reason. To do so, just stop any

research activity that you are doing or contact the researcher, Samit Chakraborty, at
schakr22@ncsu.edu and 919-561-9296. You can also contact the faculty advisor for this
research Lisa Parrillo-Chapman at Iparrill@ncsu.edu and 919-513-4020.1f you choose to
withdraw your consent and to stop participating in this research, you can expect that the
researcher(s) will redact your data from their data set, securely destroy your data, and prevent
future uses of your data for research purposes wherever possible. This is possible in some,
but not all, cases.

Consent to participate
By signing this consent form, | am affirming that | have read and understand the above

information. All of the questions that | had about this research have been answered. | have
chosen to participate in this study with the understanding that | may stop participating at any
time without penalty or loss of benefits to which I am otherwise entitled. | am aware that |

may revoke my consent at any time.

Yes, | want to be in this research study.

Name

Today’s Date

No, | do not want to be in this research study.

Thank you for your consideration.
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Appendix B: Questionnaire for Visual Assessment

Part -1

Fabric sample image will be shown to participant without any label predicted by the machine
learning model i.e., before running the model.

1.

=

=

=

How does the overall print pattern of sample A1l match that of sample B1?
Note here print pattern refers to similar print design not color matching

Different
Similar

Based on the sample Al shown on the display, could you identify B1 as defective or
non-defective fabric?
Note here defect or spot refers to colorant deposits in the wrong place on the fabric

Defective
Non-defective

How does the overall print pattern of sample A2 match that of sample B2?
Note here print pattern refers to similar print design not color matching

Different
Similar

Based on the sample A2 shown on the display, could you identify B2 as defective or
non-defective fabric?

Note here defect or spot refers to colorant deposits in the wrong place on the fabric
Defective

Non-defective

How does the overall print pattern of sample A3 match that of sample B3?
Note here print pattern refers to similar print design not color matching

Different
Similar
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=

10.

=a

11.

Based on the sample A3 shown on the display, could you identify B3 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective
Non-defective

How does the overall print pattern of sample A4 match that of sample B4?
Note here *print pattern refers to similar print design not color matching

Different
Similar

Based on the sample A4 shown on the display, could you identify B4 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective

Non-defective

How does the overall print pattern of sample A5 match that of sample B5?
Note here *print pattern refers to similar print design not color matching

Different
Similar

Based on the sample A5 shown on the display, could you identify B5 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective

Non-defective

How does the overall print pattern of sample A6 match that of sample B6?
Note here *print pattern refers to similar print design not color matching

Different
Similar
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12.

13.

=

14.

15.

=

16.

=

17.

=a

Based on the sample A6 shown on the display, could you identify B6 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective

Non-defective

How does the overall print pattern of sample A7 match that of sample B7?
Note here *print pattern refers to similar print design not color matching

Different
Similar

Based on the sample A7 shown on the display, could you identify B7 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective

Non-defective

How does the overall print pattern of sample A8 match that of sample B8?
Note here *print pattern refers to similar print design not color matching

Different
Similar

Based on the sample A8 shown on the display, could you identify B8 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective

Non-defective

How does the overall print pattern of sample A9 match that of sample B9?
Note here *print pattern refers to similar print design not color matching

Different
Similar
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18.

19.

20.

Based on the sample A9 shown on the display, could you identify B9 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective

Non-defective

How does the overall print pattern of sample A10 match that of sample B10?
Note here *print pattern refers to similar print design not color matching

Different
Similar

Based on the sample A10 shown on the display, could you identify B10 as defective or
non-defective fabric?

Note here *defect or spot refers to colorant deposits in the wrong place on the
fabric

Defective

Non-defective

Part - 2

Now the model will be run and fabric sample computer generated image classification result
(i.e., defective or non-defective) and predicted label (i.e., spot) will be shown to participant.

21.

22.

=a

From the image (B1) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No

From the image (B2) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No
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23.

=

24,

25.

=

26.

=

27.

28.

=

From the image (B3) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No

From the image (B4) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No

From the image (B5) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No

From the image (B6) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No

From the image (B7) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No

From the image (B8) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No
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29.

=

30.

From the image (B9) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No

From the image (B10) shown on the computer screen with their predicted label, do you
think that the machine learning model has accurately classified the defective fabric
image?

Yes
No
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