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Summary

This document is being submitted to fulfil a requirement for habilitation public proofs, as
outlined in Decree-Law No. 239/2007 of 19 June 2007. These proofs include a seminar or lesson
on a topic related to the candidate's field of knowledge or specialty, along with a discussion of

the topic.

The author, who is a member of the Intelligent Control and Systems disciplinary group at the
Department of Technologies in the School of Technology at the Polytechnic Institute of Cavado
and Ave (IPCA) and of the research centre on Applied Artificial Intelligence at IPCA, has chosen
the theme of "Analysis and Characterization of Yarn Parameters — a synthesis and future

perspectives" for his lesson.

Since 2002, the author has conducted and coordinated research focused on developing
methodologies to automatically characterize yarn parameters to improve efficiency and quality
in yarn production. This work has been funded by the Portuguese Science Foundation for
Technology (FCT) and has been the subject of doctoral and master's theses, as well as final
internships for bachelor's students under the author's supervision. The results of this research
have been published at national and international conferences and in journals. The author's

experience and involvement in this field made the selection of the lesson topic a natural choice.

The lesson covers approaches and methodologies for analysing and characterizing yarn that
have been developed or co-developed by the author, as well as those that are still in
development, also presenting some future ideas of further steps. It is divided into four chapters:
an introduction to the topic (Chapter 1), a review of theoretical concepts (Chapter 2), a
description of methodologies for analysing and characterizing yarn mass parameters (Chapter

3), and proposals for future challenges in the field (Chapter 4).
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1 Introduction

This chapter provides the background and motivation for the lesson topic, as well as a
description of the main characteristics and constraints of commercial yarn analysis equipment
for determining yarn hairiness, diameter, mass, periodic errors, and production characteristics.
It also discusses recent studies on using image processing and artificial intelligence for yarn

characterization.

1.1 Background and Motivation

The accurate evaluation of yarns is crucial for the textile industry because the quality of the final
fabric depends on the quality of the yarn. To test yarns, various companies have developed
specialized equipment, such as the Testers from Uster (in their 6th version) [1] and the
Multitester from Zweigle [2] (which was acquired by Uster in 2009 and became Uster Zweigle
products [3]). This equipment is known for their contributions to quantitative yarn
characterization, but they are expensive, require a large installation space, and have limited
resolution and precision in evaluating certain yarn parameters. As a result, some yarn producers
do not have their own yarn testers and instead outsource evaluations to testing laboratories,
which can be time-consuming and reduce efficiency [4].

Over the past few decades, various technologies have been used to evaluate yarn, including
capacitive sensors, optical sensors, and more recently image processing and artificial
intelligence [5]-[12]. The author's motivation for these studies stems from the identified

drawbacks and opportunities in the available commercial equipment, which are described next.

1.2 Commercial Equipment Overview
The following sections discuss equipment used to determine yarn parameters such as yarn
hairiness (as shown in Figure 1), yarn diameter variation, yarn mass variation, yarn periodic

errors, and yarn production characteristics.

1.2.1  Yarn Hairiness Analysis Systems

This section describes the history of methods used to measure yarn hairiness, which refers to
the number of fibres that have loosened from the yarn core (as shown in Figure 1). Traditional
methods for measuring yarn hairiness include microscopy, weighing, and photoelectric
methods, while image processing and artificial intelligence methods are still being developed

(5]-{12].
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Figure 1 - Yarn image showing hairiness

Microscopic methods for measuring yarn hairiness involve examining the yarn under a
microscope and counting the number of protruding hairs, loops, and their lengths in a specific
section of the yarn. However, it can be difficult to accurately identify the boundaries of the yarn
due to interference from looped fibres, protruding fibres, low-twisted sections, and diameter
variations. This method also requires a significant number of samples, which can be time-
consuming [13].

Weighing techniques involve comparing the mass of the yarn before and after singeing (burning
off the protruding hairs), but this method is not precise, requires also a substantial number of
samples and may not fully remove the hairiness from the yarn, especially for shorter lengths
[14]. To address these issues, some equipment uses photoelectric methods. The Shirley (Atlas
Hairiness Tester) uses a LED beam and photocell pair (measuring head adjustable between 1mm
and 10mm) to count the number of interruptions caused by protruding hairs in the light beam.
The Zweigle (G 566 Hairiness Tester) also uses this method but defines nine length zones
between 1mm to 12mm or 15mm, using different optical channels [15]. This method involves
using a light source and detector on opposite sides, displaced a certain distance from the yarn
being analysed. When yarn hairs appear, the light from the emitter is partially blocked,
indicating the presence of hairiness. This low-cost process, which uses a simple LED as a source
and a photodiode or photocell as a detector, can be extended to various distances, allowing for
the determination of hair lengths. Photocells can have difficulty accurately characterizing hair
length due to the variety of geometric shapes that hairs can have. This method is also prone to
high levels of imprecision and uncertainty. Equipment that uses red light wavelengths has
improved upon previous methods, but equipment that uses crossed optical polarizers to extract
the yarn core may remove important signal components for yarn hairiness characterization
because the orientation of the hairiness can alter the polarization of scattered light [16].
Additionally, the contours of the yarn may be incorrectly identified as a signal due to hairs.
Equipment developed by Barella, which uses a specific width mask to extract the yarn core, is

also not precise as yarn alignment and traction can cause position fluctuations and diameter
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variations [17]. The Uster Tester 6 which is currently available on the market, continues to use

photoelectric methods [1].

1.2.2  Yarn Diameter Variation Analysis Systems

To measure diameter variations, commercial systems typically use optical methods. The most
well-known systems are the diameter module of Uster Testers [1] and the Oasys from Zweigle
[2]. These systems use red/green light sources that transmit a certain amount of light that is
blocked by the yarn. The signal received by an optical sensor (the light that is not blocked by the
yarn) is proportional to the yarn diameter. In addition to these systems, Keisokki - Laserspot
determines the yarn diameter using a laser and line array, based on the diffracted light that is
not received by the hairiness sensor described earlier [18]. The yarn diameter is measured by
the width between the edge of the first and last segment. Lawson- Hemphill also uses an optical
system (EIB) with a line scan camera, where the diameter is the distance between pixels near a
user-set threshold level [18]. In the Oasys - Zweigle system, the reference diameter is obtained
from the first 100m of yarn, and the calibration is performed with the signal from yarn-free
conditions. The Keisokki - Laserspot system is based on yarn light diffraction. The measuring field
in the Oasys - Zweigle is 2mm, while the fields in the Uster Testers, Keisokki - Laserspot, and

Lawson-Hemphill EIB are less than 1mm [1], [18].

1.2.3  Yarn Mass Variation Measurement Systems

Commercial equipment from Uster (Testers) [1], Zweigle (ZT 5) [2], and Keisokki (KET-80) [18] all
use parallel plate capacitive sensors to measure yarn mass variation, with sample lengths of at
least 5mm. These sensors work by measuring the change in capacity due to the dielectric
alteration between the sensor plates caused by variations in the yarn mass sample. This allows
for the establishment of a direct relationship between capacity and yarn mass [19]. However,
these sensors are sensitive to temperature and humidity, which can cause unwanted
fluctuations in the data. Figure 2 shows the capacitive sensors used in the yarn mass variation

module of the Uster Tester 6.

Figure 2 - Capacitive sensors in Uster Tester 6 [1]
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1.2.4  Signal Processing Approaches for Yarn Periodical Errors Determination
The commercial solutions currently available for measuring hairiness, diameter, and mass
variations only use Fast Fourier Transform (FFT) based signal processing techniques to detect

periodic errors (as shown in Figure 3), which might not detect certain important errors.

]'-1-!_” ..........
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Figure 3 - Example of a spectrogram for 8mm samples with Uster Tester 3 [19]

1.2.5 Yarn Production Characteristics
There is currently no commercial equipment that can automatically determine yarn production
characteristics. These parameters must be obtained manually, using methods such as

microscopy or visual inspection.
1.3 Studies onthe Yarn Parameters Measurement Using Image Processing and Artificial

Intelligence
In addition to the yarn analysis techniques used in commercial equipment, the use of image
processing and artificial intelligence to analyse yarn parameters has gained attention in yarn
analysis research [11], [20]-[25]. Some recent studies in this area include Zhisong Li et al. (2020)
[11], in which a system was used to assess yarn quality by obtaining parameters such as yarn
diameter, faults, and hairiness using computer vision and image processing techniques. In this
prototype (shown in Figure 4), the diameter image processing unit (DIPU) and a series of
sampling points selected from the moving yarn are first defined. The DIPU corresponding to each
sampling point is then segmented from the captured yarn images, and the average DIPU
diameter is used to represent the yarn diameter at the test points. When extracting yarn images,
the DIPU is divided into a foreground region, a defined background region, and an unknown

region based on gray level projection distribution characteristics.
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Figure 4 - Flowchart of the method for detecting yarn parameters and evaluating yarn quality (Adapted from [11]).

The unknown region is then further processed using the Poisson Matting method [26], which
separates the yarn image and the background image completely using a defined connectivity
classifier. Once the yarn core has been extracted using the classifier, hairiness is determined
using image subtraction. Finally, statistical methods are used to analyse yarn faults to further
assess yarn quality. Yarn hairiness has a direct impact on yarn properties, weaving efficiency,
and fabric appearance. Using the method described above, the DIPU is extracted from the yarn
core based on the connectivity of pixels in each image. The hairiness pixels can then be obtained
using image subtraction. Figure 5 shows hairiness removal using the image subtraction method

[11].

Figure 5 - (a) New foreground image, (b) yarn core, (c) hairiness (Adapted from [11]).

In the designed system, a closed room is used as an image capture platform to protect against
stray light disturbance. A white diffused glass is used to eliminate reflected light and shadows.
To simulate yarn movement, a driver and voltage controller are used. Figure 6 shows the
integrated structure of this system. The yarn image capture system is mainly composed of the
following parts:

e An imaging system, including a sensor, camera lens, and light source. The CCD image

sensor is used to collect a sequence of images from the yarn;
e Animaging lens with a large depth of field to ensure that hairiness at different positions

can be clearly analysed.
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Images were acquired in the closed room using a SONY Zoom lens C with a focal length of 12.5
to 75mm, connected to a digital charge-coupled device (CCD) camera (Basler acA2040-180
km/kc, pixel size 5.5um, resolution of 2048 x 2048 pixels, sampling rate of 180fps) and a personal
computer with an image processor. The research team [11] claim that their proposed method
and corresponding detection system facilitate automation and industrialization in the online

detection of yarns.
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Figure 6 - System device to detect yarn parameters (Adapted from [11]).
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Noman Haleem et al. (2021) [20] developed a system in which they argue that testing yarn in
online mode can reduce latency in process control and provide fast information on yarn quality,
leading to the production of high-quality yarn. They state that both capability-based uniformity
test equipment and emerging image-based uniformity test systems are mostly used in offline
mode and that there is currently no adequate online system that can test the quality of various
yarns under normal industrial processing conditions. Therefore, they proposed an online
uniformity test system for measuring a certain type of yarn fault called nep, using image
processing techniques and computer vision. The developed system directly captures yarn
images on a rotating frame and uses the Viola—Jones object detection algorithm [27] for real-
time detection of nep faults. The authors demonstrated that the nep detection algorithms and
the new method have reasonable faults detection accuracy and promising potential for use in
the yarn spinning industry, through comparison with Uster's existing commercial uniformity
testing equipment (Tester). Image collection was performed using a Basler 1440—220um digital
camera (Basler, Germany) equipped with a 50mm lens. The authors used three nep detection
models (named A, B, and C), which are essentially image classifiers that vary in terms of the input
data used in their training phase. The training data consists of positive and negative images in a
2:1 ratio, which were resized by factors of 0.2 and 0.1, respectively, to optimize training time.
The number of training cycles for each model was 10. Figure 7 shows three concatenated images

of yarns with the nep faults, acquired using the proposed image acquisition configuration during
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the yarn spinning process. The authors also found that, in an analysis of a series of images of the
continuous shape of yarn, the size of the field of view was important to accommodate the lateral

oscillations of the yarn during the spinning process [20].

Figure 7 - Yarn image with nep faults obtained using the image acquisition system (Adapted from [20]).

In their work on using artificial intelligence to model yarn tensile properties, Adel EI-Geiheini et
al. (2020) [21] argued that the use of artificial intelligence technologies could lead to more
objective yarn testing systems with specifications of higher quality products that meet the
demands of manufacturers and end users. They developed a method using image processing
and artificial neural networks to model the tenacity and percentage of elongation of yarns for
different types of yarns. Feed-forward neural networks trained with the back propagation rule
were used. Two systems were developed: the first was used to evaluate the percentage of
elongation and tenacity of cotton threads, and the second was used to evaluate the parameters
of mixed threads. By applying image enhancement combined with a multilayer neural network,
they obtained good results in estimating different yarn parameters. Images of samples were
collected with a digital camera and processed using Matlab 2015 software. Filtering and scaling
were applied, and two adjustments were made to the artificial neural networks trained with the
Levenberg-Marquardt back propagation algorithm [28]. The networks were trained using 80%
of the dataset, while the remaining 20% was used for validation and testing. For the first model,
which was the cotton yarn model, the images were enhanced by applying Gaussian filtering,
then converted to grayscale and scaled to 250 x 250 pixels. The target data were then encoded
and used as input vectors for the neural network. A total of 152 samples were introduced to
train and validate a feed-forward back propagation neural network, which consisted of an input
layer, a hidden layer with 15 neurons, and an output layer with two outputs: the tenacity (RKM)
and the percentage elongation at break of the cotton threads. The second model was used to
understand the tensile properties of mixed yarns. Like the first model, the images were
enhanced using the Gaussian filter, then converted to grayscale and resized to 250 x 250 pixels.
The target data were also encoded. A four-layer feed-forward artificial neural network was
developed, with 20 and 10 neurons in the two hidden layers, respectively. Figure 8 and Figure 9

illustrate the implemented neural networks by Adel El-Geiheini et al. (2020) [21] for the first and
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second models, respectively. According to the authors, the use of image processing and neural

networks can effectively evaluate various properties of textile yarn.
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Figure 8 - Cotton threads: the architecture of neural network tensile properties (Adapted from [21]).
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Figure 9 - Mixed yarns: the structure of neural network tensile properties (Adapted from([21])..

Manal R. Abd-Elhamied et al. (2022) [22] conducted a study using artificial neural networks
(ANNs) and image processing to predict the characteristics of cotton thread. The yarn
characteristics were measured using Uster Tester 3, Uster Tester 5, and Uster Tensorapid4
machines. The research focused on evaluating yarn tenacity, percentage elongation, coefficient
of mass variation, and percentage of yarn imperfections for spun and compact cotton yarns.
Figure 10 illustrates the steps used to analyse the acquired images and input the data into the

neural network.
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Figure 10 - Stages of the process performed (Adapted from [22]).

For the neural network used to assess tenacity and percentage of elongation for the ring-spun
yarn system (Figure 11a), the authors designed a network with an input layer, a hidden layer
with 15 neurons, and an output layer. For the second system (Figure 11b), they used two hidden
layers with 20 and 10 neurons, respectively. For the coefficient of variation of yarn mass (CVm%),
the same network structure was used for both systems, with 20 neurons in the first hidden layer

and 8 neurons in the second layer. For the thin places, thick places, and neps of the yarn, two
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different network structures were used for each system. The ring yarn system had two hidden
layers with 20 and 8 neurons, while the compact system had only one layer with 12 neurons, as
shown in Figure 11. The authors concluded that it is possible to successfully model yarn

parameters using these techniques.
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Figure 11 - The tenacity and % elongation architectures of the neural network: (a) Ring-spun yarn system (left), (b) compact yarn
system (right) (Adapted from [22]).
Based on the analysis of commercial equipment and ongoing studies, there are still some gaps
and opportunities where the author's research has contributed and still contributes to the yarn
characterization and analysis field, including the development of a low-cost system capable of
identifying and characterizing yarn parameters such as mass, hairiness, defects, and production
characteristics to assess yarn quality with a superior yarn parameterization in comparison with

the commercial equipment.
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P

2 Theoretical Concepts

This chapter provides a comprehensive overview of the concepts related to yarn
characterization, including textile yarn fundamentals, yarn statistical parameters, and the use of
signal processing to identify yarn periodic errors and optical signal processing to obtain yarn
parameters.

2.1 Yarn Characterization Parameters

This section covers the yarn parameters such as linear mass, diameter, specific volume,
hairiness, twist orientation, and step and faults [29].

2.1.1  Yarn Linear Mass and Diameter

The relationship between the diameter of a yarn and its linear mass is an important aspect of
yarn analysis, as it simplifies characterization. If the yarn has a cylindrical shape, the diameter is

proportional to the square root of its linear mass [30]. Figure 12 shows the correlation between

these two parameters in a yarn configuration.

Diameter

Mean Value

Length

Figure 12 - Yarn configuration (Adapted from [30]).

The linear mass can be expressed in tex (g/km), and it is determined by equation (1) [7], [30]:

2
tex (&) =¢pXp (CJ#) X T (d (gm)> % (uzim) "

o d(cm) = /4 x tex/(m X 105 X ¢ X p)

where: d is the wire diameter (cm); tex is the linear mass of the yarn (g/km); @ is the porosity; p
is the density of the yarn material (expressed in g/km3).

2.1.2  Yarn Specific Volume

The specific volume of the yarn reflects the way the fibres are packed together and is
determined by the volume of the fibres and the space between them. This parameter can be
calculated using its relationship with the linear mass of the yarn, as shown in equation (2) [29]:

3 T R?
T N10-5

where: R is the yarn radius (mm); N is the linear mass of the yarn (g/km); V. is the specific volume

Ve (2)

(cm*/gm).

10
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2.1.3  Yarn Hairiness

Hairiness refers to fibres that protrude from the body of the yarn, forming loops and emerging
from the core of the yarn. It is a property that affects the appearance, feel, and use of the textile
and is crucial for the final quality of the fabrics. Detecting and measuring this parameter is
complex and generally requires the evaluation of multiple indicators. It is commonly measured
by the length of fibres that extend out of the yarn core per unit length. In addition, measuring
hairiness allows for the quantification of several statistical parameters that are important for
characterizing yarn quality and, subsequently, fabric quality, such as the coefficient of variation,
average deviation of mass, hairiness index, and average deviation of hairiness. Figure 13
illustrates the representation of these protruding and looping fibres along the yarn [13], [31],

[32].

Yarn core

Loop fibres

Protruding fibres

Figure 13 - Representation of the yarn core and fibres (Adapted from [32]).

2.1.4  Yarn Twist Orientation and Twist Step

Yarn twist orientation can be either type Z or type S. Type Z orientation is when the fibres are
inclined with respect to the axis of the yarn in a way that resembles the central part of the letter
Z. Type S orientation is when the fibres are inclined in a way that resembles the central part of
the letter S. Figure 14 provides a visual representation of these concepts.

The twist step refers to the thickness of the fibre assembly that is being interlaced to form the

core of the yarn. Figure 15 illustrates the basic concept of the twist step [33].

Figure 14 - Illlustration of the types of yarn twist

Figure 15 - Yarn twist step [12].

orientation[12].

2.1.5 Yarn Faults

Yarn faults can be divided into three groups [33], [34]:

11
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e Thick places: an increase in the linear mass of the yarn compared to the average value
(usually less than 100% of its sensitivity). These faults are caused by a lack of force
applied to the yarn during production.

e Thin places: a decrease in the linear mass of the yarn compared to the average value.
These occur when waste particles appear during the manufacturing process and
compress the yarn.

o Neps: a severe oscillation of the linear mass of the yarn (equal to or greater than 100%
of its sensitivity) over a short distance.

Figure 16 illustrates examples of the different yarn faults.

Thin Places

Thick Places

FAWAWAS
AVAVAVA

Figure 16 - Types of yarn faults (Adapted from [34]).

Neps

2.2 Statistical Parameters of Yarn

This section covers some important statistical parameters, including the mean deviation of mass
(U%), coefficient of variation (CV%), hairiness coefficient (H), absolute deviation of the hairiness
coefficient (UH%), and standard deviation of the hairiness coefficient (sH%) [35].

2.2.1  Yarn Mean Deviation of Mass

Equation (3) shows the mean deviation of mass (U%), which represents the proportionality of
the variation in the mass of the samples relative to the average, regardless of the time of

analysis. If the variation in mass is uniformly distributed, it tends to follow a normal distribution.
T
U% 100J| x| dt (3)
=—||x;— X
T
0

where: x; is the instantaneous mass; X is the average mass during the test time; T is the
acquisition time.

2.2.2  Yarn Coefficient of Variation

The coefficient of variation (CV%), shown in equation (4), represents the relationship between

the mean value and the standard deviation.

12



Lesson Summary: Analysis and Characterization of Yarn Parameters — a synthesis and future perspectives

T
100 |1
CV =— —J(xi—f)zdt (4)
x |T
0

2.2.3  Yarn Hairiness Coefficient
Equation (5) mathematically represents the relationship of the loose ends along one meter of
yarn (hairiness coefficient):

= (5)

lyarn
where: [, is the total length of the hairiness (m); L, 4, is the yarn length (m).
2.2.4  Yarn Hairiness Mean Deviation

The mean deviation of the hairiness coefficient from the average is represented by equation (6):

100 <
UH (%) = ﬁz:'Hi —H| (6)
1=1

where: H; is the current sample of hairiness value; His the average hairiness during analysis; N
is the number of samples.
2.2.5 Yarn Hairiness Standard Deviation

Equation (7) defines the standard deviation of the hairiness coefficient.

N
sH(%) = %E(Hi _H)y? (7)
1=1

2.3 Yarn Spectral Analysis — Fast Fourier Transform (FFT) Approach

Yarn spectral analysis involves the study of the frequency spectrum contained in a set of discrete
data collected at regular intervals. It is used to identify periodic irregularities in yarn, which
appear as energy spikes in the analysed frequency. To detect these spikes, a spectrogram is
constructed that shows the variation of wave energy at different yarn periodicities. A Fourier
transform is used to perform spectral analysis, which represents a signal in the frequency
domain and reveals its frequency components. There are several Fourier transforms, but the
Fast Fourier transform (FFT) is commonly used in commercial equipment and in the author's
studies. This approach uses a narrowband definition to group all harmonics, as the information
is highly concentrated in the spectrum. Equation (8) is used to calculate the range of energy

bands per decade [36]:

I=n;_4

1
int(l) = 10%*m (8)
2

where: n;is the number of intervals; d; is the decade index (-3, -2, ..., 4); | is the interval index (0O,

).
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Equation (8) uses a base 10 logarithm to obtain the coordinates of the X axis (int(l)). These
coordinates evenly divide the desired number of intervals over a decade. The wavelengths
detected in each energy band are summed and multiplied by the number of intervals to obtain

the final value of the energy band. This process is described in equation (9):
w=k

e)) = m Y Aw) (©)
w=1

where: k is the number of wavelengths detected in the energy band; w is the index of the

detected wavelength; A is the wavelength in the w index.

2.4 Optical Signal Processing using Coherent Light

Consider a coherent plane wave illuminating an object and propagating through a lens towards
its principal focal plane on the other side. According to Fourier optics, the electric field
distribution in the focal plane of the lens is the Fourier transform of the field distribution in the
object plane [13], [37]. The lower spatial frequencies of the image will be concentrated near the
optical axis, while the higher spatial frequencies will be farther from the optical axis. The field

distribution in the principal focal plane of the lens is given by equation (10) [38], [39]:

s —J2x (Ve Xg vy, Va)
Fig} :J. _[g(xd’yd Je dx,dy, (10)

where, g(xq,ya) describes the field distribution in the object plane and Vy¢ and V,q4 are the
respective spatial frequencies (m™) along the horizontal (xs) and vertical (yq) directions,
respectively.

The characteristic spatial frequency associated with an object of size d; is given by equation (11)
[37]-[39]:

Vzﬂxf
d

N

(11)

where: V is the spatial frequency (m™) and f is focal distance (m) of the Fourier lens.

If there are sharp contrasts between light and dark in the object being viewed, it will produce
high spatial frequencies. However, if the background illumination is relatively uniform, it will
only produce low spatial frequencies. By using a small, round, opaque filter that is centred on
the optical axis in the Fourier plane (as shown in Figure 17), it is possible to block the low
frequency background information and allow the high frequency information about the sharp
transitions between light and dark, such as the boundaries between yarn fibres or the "hairy"

appearance of the yarn, to pass through (as shown in Figure 18). On the other hand, if the small,
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round, opaque filter is placed in the opposite position, it will eliminate the high frequencies and

result in a nearly uniform background with a dark shadow of the yarn's core diameter [37], [40].

»

Fourier Plane Without Filter Fourler Biand With Filter Figure 18 - Image obtained from coherent signal processing

37
Figure 17 - High-pass spatial filter in the Fourier plane [37] (71
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3 Methodologies of Yarn Mass Parameters Analysis and Characterization

This chapter presents the methodologies and approaches developed by the author or under the
author's coordination for yarn mass parameterization using capacitive sensors, optical sensors,

image processing, and artificial intelligence [8], [9], [12], [19], [30], [35], [37], [40]-[46].

3.1 Yarn Mass Parameterization using 1mm Capacitive Sensors

The purpose of this section is to describe the research conducted to create a measurement
system for detecting variations in the mass over 1mm yarn using capacitive sensors [19]. A
capacitive sensor with parallel plates was created and paired with an electronic conditioning
circuit to accurately measure the mass of 1-4mm yarn samples. The research found that a 57tex
(0.057g/m) yarn would produce a capacitance variation of 2.08E-17F. To improve the signal to
noise ratio (SNR), a design for the conditioning circuits was implemented. To address the issue
of radiation, the solution involved using two sensors in a differential configuration [19], [44]

(Figure 19).

[1mm length
& lYam movement
Sensor 2
Yam
Sensor 1

Figure 19 — Multiple plate parallel capacitive sensors [19]

The differential configuration helps the electric circuit maintain stability in the face of
temperature and humidity fluctuations, which are common in the textile industry. The
experimental setup for yarn mass measurement included a personal computer with a data

acquisition system, a 1mm sensor, and the necessary electronics. The system diagram is shown

in Figure 20.
Signal Amplifier Data
Sensor and Acquisition D;Z:tl&’::
Conditioner Board

Figure 20 — Yarn mass measurement system flowchart [19]

To create two capacitors with a shared electrode, the system design included three metallic
conductors placed in parallel. The integrated circuit (IC) MS3110 from Microsensors was utilized
for amplifying the transducer and conditioning the signal. It is specifically designed for use with
capacitive sensors and has a capacitance resolution of up to 4.0aF/rtHz, a programmable
bandwidth adjustment between 0.5-8kHz, and on-chip EEPROM for storing settings [44]. The

sensor’s capacitance variation is converted into a voltage signal, amplified, and then filtered
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through a second-order low-pass filter to eliminate high-frequency interferences from the

internal oscillator and external noise sources. The filtered signal is then amplified again (Figure

21).
Sensor 1 & 7‘£
o Output
. [ AmMP SH — LPE
Sensor 2 Q>
~ D
C1,C2 Adjustable capacitors to calibrate the sensors
AMP  Capacity to voltage converter and amplifier

SH Sample and Hold
LPF Two pole low pass fliter
BUFF OQutput buffer

Figure 21 — Dual sensor parallel plates and MS3110 IC block diagram [19]

The output signal is converted into digital form using an ADC (analogue to digital converter)
found on the data acquisition board (6024E from National Instruments). The data is monitored
on a personal computer using control software developed with LabVIEW®. This software allows

the storage, manipulation, and processing of data for analysis of the results obtained.
3.2 Yarn Hairiness and Diameter Parameterization using Optical Sensors and Image
Processing

The research described in this section focused on using coherent signal processing techniques

to create modules for measuring yarn hairiness and diameter [35], [37], [40], [45].

3.2.1 Yarn Hairiness Parameterization using Optical Sensors

This sub-section describes the approach developed for measuring yarn hairiness [35], [37], [45].

3.2.1.1 Yarn Hairiness Optical and Electronic System Design

The hardware for measuring yarn hairiness consists of two main modules: the electronic module
and the optical module. The electronic module includes a photodiode (S1227-1010BR) from
Hamamatsu® as the receiver. Some of its key features include a measurement area of
10mmx10mm, sensitivity to the He-Ne Laser emitting at a wavelength of 632.8nm of 0.39A/W,
a maximum dark current of 50pA, a shunt resistance of 2GOhm, and a terminal capacitance of
3000pF. A conditioning circuit was designed featuring a high-precision current to voltage

converter based on a Burr-Brown operational amplifier OP277P (Figure 22) [47].
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R
AN +
Y
R (load)
$1227 ] 1010BR op277P

Figure 22 - Current to voltage converter [37]

Since the operational amplifier offset and photodiode dark current are significantly smaller than
the signal magnitude, they can be ignored. As long as neither the photodiode nor the operational
amplifier becomes saturated, it can be established a direct proportional relationship between

the photodiode current and the output voltage using equation (12).
VRioaa = _R]photodiode (12)

The output of the operational amplifier is connected to an analogue channel of the data
acquisition board (PCI-6024E from National Instruments), and a LabVIEW® based software
acquires and processes the data. Figure 23 shows the optical system developed for yarn

hairiness determination.

[
q I/PD - image plane/photodiode
L1, L2, L3, L4 -lenses
F { HeNe Laser F - spatial filter
D - diaphragm
H O - object plane (where yarn is placed)

IFD 14 F 13 O L2 LI D

Figure 23 - Optical system design [37]

The optical setup is designed to increase the contrast of the optical signal produced by yarn
hairiness. The yarn being studied is placed in the object plane. The goal of the optical setup is to
generate a signal proportional to yarn hairiness in the final image plane (the position of the
photodiode in Figure 23). Coherent light from a HeNe laser passes through a variable diaphragm
to ensure good transverse spatial profile, then through a two-lens beam expander telescope (L1
and L2) and is directed at the yarn in the object holder. The size of the object image is controlled
by lenses L3 and L4. A custom-fabricated spatial filter (F) placed in the Fourier plane of L3
processes the image by allowing only high spatial frequencies to propagate (high-pass spatial
Fourier filter), resulting in the contours of the yarn and associated hairs being highlighted while
simultaneously eliminating the constant background (Figure 18). To improve the SNR, a linear
polarizer was placed before the object plane [38], [39]. This highlights the contours of the yarn

and associated hairs while eliminating the constant background associated with the portion of
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the laser beam not obstructed by the sample. This method allows a higher portion of the
processed optical signal to be associated with the presence of hairs on the yarn. However, there
is still some signal coming from the contours of the yarn itself and light scattered by the optical
elements. To characterize this "background signal," it is eliminated the yarn's hairiness by
wetting it with water or quickly passing it through an open flame to burn off the "hairs." When
the wet or burned yarn is placed in the object plane, it is obtained a "background signal"
designated by voltage without hairiness (Vwh). Using the optical measurement setup shown in
Figure 23, a significant amount of background light still reached the photodiode, likely due to
the use of uncoated optical elements. This background was reduced by using a linear polarizer
from Spindler & Hoyer, resulting in almost a background-free signal, and significantly increasing
the dynamic range of hairiness measurements.

3.2.1.2 Yarn Hairiness Measurement Length Calibration Procedure

This study involved isolating a single hair in the yarn with a diameter of 0.64mm (Figure 24).

Figure 24 - Hair isolation in a 0.64mm diameter yarn [37]

To isolate the hair, silicone was used to remove all other yarn hairs. Water was not used to avoid
the problem of drying, which could have caused undesired hairiness to appear over the
extended test duration. The isolated hair was then stretched and oriented perpendicular to the
yarn. However, to ensure that the photodiode only received a signal from the hair itself, an
opaque "window" was placed in front of the photodiode to block the signal from the yarn's
borders, which were somewhat enhanced due to light scattering from the silicone, which has a
high refractive index. The "window" had an adjustable aperture to allow measurement of the
output voltage as a function of hair length. The hair had an actual length of 2.67mm, but after
being imaged by the lenses, the projection of the hair on the photodiode had a length of
1.50mm, meaning that the actual hair length was reduced by 44% due to the optical elements
needed to image the signal on the photodiode. The measurement process involved reducing the
aperture in steps of 250um and taking seven separate readings, starting with the window fully
opened and gradually closing it. The hair was then removed, and the window was gradually
opened to record the background signal at each aperture setting, which was subtracted from

the corresponding values obtained with the hair. The operational amplifier offset signal (value
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measured with no light signal) was also subtracted from all measurements. A linear correlation

was obtained for the final curve (output-noise-offset) (Figure 25).

08 |—A— Output-Noise-Offset |

0.25

o
N

y = 0.1054x

R?= 0.9955

amplitude (V)
o
o

0.00 0.50 1.00 1.50 2.00 2.50 3.00
hair length (mm)

Figure 25 - Hairiness length calibration curve [37]

In this case, the output signal (y) is related to the hair length (x) by the expression y = 0.1054x,
which means that for every millimetre of hair length, the output increases by 105.4mV for the
gain used in these tests.

3.2.1.3 Yarn Hairiness Minimum Statistical Reference Method

This method is based on the fact that, even for extremely hairy yarns, a significant number of
observations made in 1mm samples of yarn will correspond to sections without hairiness. Figure
26 shows an electron microscope image that supports this claim for a particular yarn with high

hairiness. It is possible to see that there is a 1Imm region where no hairiness is observed.

;
?Ejm?ﬁ
;E

Figure 27 - “Mask” used [45]

Section Without Hairiness

Figure 26 - Image of a yarn with a region of 1mm without

hairiness [45]
A mask was created using an opaque card with a 9mmx1mm aperture to measure yarn samples
of Imm length with the 9x10mm? photodiode. This mask was placed in front of the photodiode,
allowing measurements to be taken in 1mm increments (Figure 27). An acquisition software
module using LabVIEW® was also developed for this purpose.
After developing the acquisition system, an algorithm for implementing the statistical reference

method was designed and implemented using LabVIEW®. Its steps are:
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1. Determine the minimum value, average value, and standard deviation of all samples.
2. Determine the number of 1% increases, step by step, needed to reach the average value
(M) starting from the minimum value.
3. For eachincrease up to the average, determine the number of samples and their values
in the interval [minimum; increased value].
4. Determine the average value of the elements in each tested interval and their
corresponding standard deviation.
5. Calculate the median of the average values obtained in step 4, the step in which it is
located, as well as the inferior median and superior median.
6. If the yarn is classified as: low level of hairiness (o < 0.1) - the reference is the linear
interpolation between the superior median and the average; high level of hairiness (o >
0.2) — the reference is the inferior median; medium level of hairiness (o > 0.1 and o <
0.2) — the reference is the superior median.
This procedure was designed to produce reference values like those obtained using the water
method. To do so, the interval of steps was divided at the median point into lower and upper
segments. The median of the lower interval is referred to as the inferior median, while the
superior median is the corresponding value of the upper segment.
A comparison between the water reference and the minimum statistical reference was
performed using the same section of yarn for several yarns tested. Figure 28 presents the results

obtained.

O Water Reference

O Statistical Reference

0.6 7 0.49 O Water Reference Uncertainty
70.48
0.5 1 _ 046
] 0.40 0.43—
S 04 0.36 0.36 035
B 0.300-31
g_ 0.3 1
© Z 0.2 - 0.1‘(1) »
i 0.11 0.0
0.1 1 H—li?a 0.05 —‘ 0.07 0.07 _l
0.0 : 1, ' |
0.08 0.16 0.22 0.26 0.29 0.64

diameter (mm)

Figure 28 - Minimum statistical reference vs water reference results [45]

From Figure 28, the water references are very similar to the minimum statistical references,
even for yarns with high dispersion (0.64mm). In all cases, the difference between the two
methods is less than the uncertainty associated with the water method. Therefore, the method

can be considered a reliable and convenient reference procedure.
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3.2.2  Yarn Diameter Parameterization using Optical Sensors

In this section, the yarn diameter parameterization approach developed is described [40].

3.2.2.1 Yarn Diameter Optical and Electronic System Design

Measuring the diameter required a similar optical and electronic design as the one used for yarn
hairiness parameterization described earlier. The main difference is that a low-pass optical filter
was used in the setup shown in Figure 23 (Figure 29). This filter eliminated the signal from the
small protruding hairs, leaving only the main shadow due to the yarn core. The low-frequency
spatial image is dominated by the shadow of the yarn core superimposed on the relatively
smooth background of the incident laser beam. Figure 30 shows images of yarns with different
diameters resulting from the use of a low-pass spatial filter, which is the complement of the
high-pass spatial filter used in the hairiness measurements. As expected, the hairiness signal is

almost completely absent.

Figure 29 — Low-pass filter in the Fourier plane [40] . o .
Figure 30 — Example of the application of a low-pass filter [40]

3.2.2.2 Yarn Diameter Determination Calibration Procedure
Areliable and robust method of system auto-calibration was developed to accurately determine
yarn diameters and classify irregularities without the need for a conditioned atmosphere. The
following steps were followed:
a) measure the signal without yarn (Vsf) (V);
b) measure the signal with yarn for various samples (Vcf)(V);
c) determine the average signal with yarn (Vcfa) (V), which represents the average
diameter;
d) calculate the average signal blocked by the yarn (Vf=Vsf-Vcfa) (V);
e) use the theoretical relationship between yarn diameter and linear mass (tex=g/km),
d(mm)=4,44x10%V(tex/p) [30] and the sample length (sl) of the system (mm) to estimate
the average area blocked by the yarn, Afsj=sl*d(mm?);
f) determine the attenuation sensitivity for the tested yarn, Sa=Vf/Afsj (V/mm?).
To determine the yarn diameter for each sample, the following steps were taken:

g) determine the area blocked by each yarn sample, Ai= (Vsf-Vcf)/Sa(mm?);
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h) determine the diameter for each yarn sample, di=Ai/sl(mm).
To characterize yarn irregularities, a simpler five-step process was used:

a) measure the signal without yarn (Vsf) (V);

b) measure the signal with yarn for various samples (Vcf)(V);

c) determine the average signal with yarn (Vcfa) (V);

d) determine the reference (Vr=Vsf-Vcfa) (V);

e) determine the percentage variation of each sample with yarn, di(%)= 100*(Vsf-

Vcf)/Vr).
In this procedure, the signal without yarn is first measured (step a). Then, the signal with yarn is
measured for various samples (step b). The average of the signal with yarn is then determined
(step c). The reference (0% of diameter variation) is established by finding the difference
between the signal without yarn and the average signal with yarn (step d). Finally, the
percentage variation in diameter of each sample is calculated relative to the reference, using
the ratio between the voltage signal blocked by the yarn sample and the reference (step e). This
allows for the characterization of yarn irregularities by estimating the deviation in diameter of

each sample from the reference value.

3.2.3  Yarn Hairiness and Diameter Parameterization using Image Processing

This section describes the research conducted to implement yarn characterization techniques
using image processing [9]. The techniques were developed to automatically measure yarn
parameters such as diameter, hairiness, and irregularities while the yarn was in a stationary
state. The techniques were also used to identify and quantify loop and protruding fibres in the
yarn. The methods were initially developed using image processing techniques, and later

artificial intelligence techniques were applied for further improvement.

3.2.3.1 YarnImage Acquisition System Design

The developed system for characterizing yarn using image processing consists of a low-cost
analogue microscope coupled with a common web CMOS camera for image capture. The
microscope provides sufficient amplification and image detail, and there were no specific

requirements for the camera resolution. The flowchart for the system is shown in Figure 31.

Analogue USB - Web PC NI
microscope "|  Camera | IMAQ VISION

A 4

Figure 31 - Image acquisition system design [8]

The Biolux microscope from Bresser, with 5x and 16x ocular lenses and 4x, 10x, and 40x

objectives, was equipped with a 2x Barlow lens and LED illumination. For this research, the 5x

23



Lesson Summary: Analysis and Characterization of Yarn Parameters — a synthesis and future perspectives

ocular lens was used with the 4x objective and the 2x Barlow lens, resulting in an overall
maghnification of 40x. This magnification was sufficient for analysing yarns with a range of linear
masses. The USB web camera used was the Deluxe model from Hercules, which has a 1/4 CMOS
sensor, a resolution of 640 x 480 pixels, and a colour format of 24 bits. The camera was placed
at the exit plane of the microscope ocular to capture the analogue image produced by the
microscope. To improve contrast for the yarn geometry, the illuminated yarn surface was kept
as close as possible to a monochromatic light source. As the white LED illumination emitted a
range of wavelengths, an external yellow light source was used instead. To calibrate the images,
an object with known dimensions was photographed, and the distance between the lines in the
image was found to be 73 pixels. This means that each pixel corresponds to 1/73mm. To analyse
the images, an image processing application was developed using the IMAQ Vision software

from LabVIEW®,

3.2.3.2 Yarn Diameter and Faults Parameterization using Image Processing

The process outlined in Figure 32 utilizes image processing techniques to determine the
contours of the yarn core, excluding any hairiness surrounding it. The diameter is calculated by
detecting edges along a series of parallel search lines and measuring the distance between the
pairs of edges found by each search line. The average of these distances is taken to determine
the diameter. The yarn mass can then be estimated based on the relationship between linear

mass and diameter previously shown in section 2.1 [30], [46], [48].

Image
Acquisition

|

Contour
No i detection of the
Igimageiina Rotate Image fore
horizontal position2 Akl l
Yes Measurement
Pre-Processing of the distances
(Extract single between the
color plane- countour
Luminance
Plane;
Filter 3x3)
‘ Averaging all
Segmentation distances and
(Auto — calculating the
threshold) diameter In real
¢ world measures
Removing
Fibers A 4
(-Open
operation End
-Fliter
-Convolution)

Figure 32 - Diameter determination flowchart using image processing [9]

Figure 33 to Figure 43 present an example of application of the diameter determination

algorithm [9].
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DR~

Figure 33 - Initial sample image acquisition of a 22tex yarn [9] Figure 34 - Image after application of the Filter function [9]

Figure 36 - Image after application of the Auto Threshold

Figure 35 - Image after yarn rotation [9] function [9]

Figure 38 - Image after the Remove Particle function [9]
Figure 37 - Image after Removal of the Luminance Plane [9]

Figure 39 - Image after application of the Open function [9] Figure 40 - Image after the application of the Canny Edge

Detection function [9]

Figure 41 - Image after the application of the Convolution

function [9] Figure 42 - Image after application of a Logical AND function

using a rectangles mask [9]

Figure 43 - Final image to determine the yarn diameter with the Clamp Vertical Max function [9]

To determine yarn irregularities, the distances between yarn fibres are measured along the yarn
and compared to the average diameter (Figure 44). These measurements are collected in an
array, and reference values for faults are calculated. If a measurement falls below 50% of the
average diameter, it is considered a thin place. If it is above 40% of the average diameter, it is
considered a thick place. If it is above 100% of the average diameter, it is considered a nep. To
ensure that the fault determination is accurate, the current determination is compared to the

previous one, and if they do not match, it is not considered a fault [42].
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Figure 44 - Yarn faults detection flowchart [9]

3.2.3.3 Yarn Hairiness Parameterization using Image Processing

This study employed spatial pre-processing techniques, as well as segmentation and spatial

filtering techniques, to isolate the yarn core and to identify and quantify the protruding and loop

fibres from the original image. The protruding and loop fibres were isolated from the yarn using

logical operators applied to the image of highlighted fibres and the yarn core. The final stage

involved the removal of small objects and skeletonization of the isolated fibres to measure the

hairiness coefficient. The implemented algorithm is shown in Figure 45 [42].
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Figure 45 - Hairiness determination algorithm flowchart [9]

Figure 46 to Figure 57 present an example of application of the hairiness determination

algorithm [9].
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) . ) e Figure 47 - Image after the Auto Threshold function [9]
Figure 46 - Initial sample image acquisition [9]

Figure 49 - Image after the Filter and Remove Particles

function [9]

Figure 48 - Image after rotation [9]

Figure 50 - Image after Inverse function [9]
Figure 51 - Image after the Convolution function [9]

Figure 52 - Image after the Equalize function [9] Figure 53 - Image after the Threshold and Small Particles

Removal function [9]
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Figure 54 - Image after the Logical Operation function and Figure 55 - Mask to eliminate borders [9]

Small Objects Removal function [9]

Figure 56 - Image after the Skeleton function [9)] Figure 57 - Image after the Logical operation between the

previous 2 images [9]

The hairiness of the yarn can be determined by using the Particle Analysis Report function on
Figure 57. The width of the fibres is reduced to one pixel through skeletonization, and the
measured area represents the length of the fibres in pixels. The hairiness coefficient is calculated
by dividing the measured area by the length of the yarn. Moreover, and as there is currently no
commercial equipment available that can detect and distinguish between loop and protruding
fibres, a preliminary methodology using image processing techniques that can analyse the type
of hairiness was performed. Figure 58 shows the flowchart of the applied algorithm, which
begins by examining each row and column of the image vector. If a sequence of 1’s pixels is
found in the same row, it is considered a loop fibre. If a column with a sequence of 1’s pixels is
found, it is considered a protruding fibre. This initial approach only considers a sequence of 1’s
as a loop fibre if the current value and the next value to be analysed are both 1, and the previous
value must be 0. Although further studies are needed to refine and improve the accuracy of this

method for distinguishing between different types of hairiness.

28



Lesson Summary: Analysis and Characterization of Yarn Parameters — a synthesis and future perspectives

Image array
acquisition

ast valueof th
last row to be
analyzed?

Yes equence of 1's?
Ifivectfij==1 &&
vect(it1]==1 && vecti-

1]::0)

Count as lcop fiber

Yes 1 isolated? No
Count 35 protudig fivect(i)==1 && vect]i- Is in the
floer ==0 && vecti+1]==0) sequence of 1's.
Increments to
next row value

Figure 58 - Flowchart of the loop and protruding fibres distinction algorithm [9]

3.2.4 Yarn Hairiness Characterization using Artificial Intelligence

A methodology under development for training and classifying yarn hairiness using deep
learning is described in this subsection. The first phase of this approach involved the collection
of yarn images, each of which may contain multiple instances of hairiness. These images were
captured using an updated vision system with proper lighting to ensure high quality. The
mechatronic system shown in Figure 59 integrates the vision system and is capable of unwinding

and winding the spool of yarn and consists of several components as listed in Table 1 [12].

Table 1 — Nomenclature of mechanical system components

[49].

Alphanumeric Reference Numerical Reference
(A) Unwinding subsystem (1) Textile yarn
(B) Conduction subsystem (2) Coil to unwind
(C) Winding subsystem (3) Ceramic guide
(4) Positive feeder 1
(5) Camera
(6) Camera lens
(7) Ring of light
(8) Ceramic guides
(9) Positive feeder 2
(10) Servomotor
(11) Grooved cylinder

Figure 59 — Mechatronic system developed (description

presented in Table 1) [49].
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To acquire images and videos of yarn for analysis, an OMRON model from the USB3 Vision

product range was used. The specifications of the model used are listed in Table 2.

Table 2 - Camera technical specifications [12].

Model STC-MBS163U3V
Interface USB3 Vision

Sensor type CMOS

Resolution 1.6 MP (Megapixels)
Resolution (columns x rows) 1440 x 1080 pixels
Pixel Size (L x F) 3.45um x 3.45um
Frame rate 238 FPS (frames per second)
Colour spectrum Gray scale

Model USB3 Vision
Interface CMOS

Sensor type 1.6 MP (Megapixels)
Resolution 1440 x 1080 pixels

In addition to the camera, a set of magnifying lenses were also utilized, which can increase the
maghnification of the original image by 22 times.

3.2.4.1 Dataset and Annotations

An initial approach was performed using a dataset of 50 images of cotton yarn which was hosted
on Roboflow [50]. These images were divided into two classes of annotations: protruding fibres
and loop fibres (each image contained multiple annotations of protruding and loop fibres,
resulting in a dataset of hundreds of class annotations, as shown in Figure 60). Using this dataset
and the annotations made in polygonal mode with LabelME [51] several tests and training tasks
were conducted to develop a model capable of identifying and classifying hairiness in real time

as either loop fibres or protruding fibres.

Figure 60 - Annotations of an image of the yarn made by LabelME (loop fibres—green colour and protruding fibres—red

colour)[12].

3.2.4.2 Data Augmentation

Data augmentation is a set of techniques that generates new images from existing ones to
artificially increase the amount of data available. Its purpose is to both quantitatively and
qualitatively improve the dataset used for training, as a larger and higher quality dataset
typically leads to better results. In this case, data augmentation for the training dataset was

carried out using Roboflow and included adjustments to saturation (-25% to +25%), blur (up to
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5px), noise (affecting up to 5% of pixels), and bounding box flipping (horizontal and vertical)

(Figure 61).

Figure 61 - Data augmentation (noise) of the dataset used in the project [12].

3.2.4.3 Algorithms, Metrics and Obtained Results
According to the confusion matrix shown in Figure 62, this initial scenario had success in

classifying protruding fibres but was not able to accurately classify loop fibres.

Confusion Matrix

g
2
a
o
3
K]

background

loop_fiber protruding_fiber background

Figure 62 - Obtained confusion matrix for the training setup [12].

The output results for the YOLOvVS5s algorithm [52], [53] using the training dataset are shown in
Figure 63. A total of 150 epochs were required to achieve a satisfactory precision, recall, and
mean average precision (mAP). Further iterations did not result in a significant improvement.

These metrics were calculated using equations 13 to 15 [12], [54], [55]:

o TP
Precision = m (13)
TP
Recall = m (14)

31



Lesson Summary: Analysis and Characterization of Yarn Parameters — a synthesis and future perspectives

Intersection Area
loU = , (15)
Union Area

where: TP denotes true positives, FP denotes false positives, and FN denotes false negatives.
Precision reflects the accuracy of the predictions, recall measures how well all positives are
detected, mAP@.5 or mMAP@50 or loU = 0.50 is the mean average precision with an Intersection
over Union (loU) threshold of 0.5 or 50%, and mAP.5:95 is the mean average precision over a
range of loU thresholds from 0.5 to 0.95.

Table 3 presents the training configuration setup and results. The calculations were performed

on a laptop computer with an Intel Core™ i7-10750H CPU @ 2.60 GHz and 32 GB of RAM.

Table 3 - Training configuration/results[12].

Image Size (pixels) 1280 x 1024
Number of training images 90
Number of test images 7
Number of validation images 4
Algorithm YOLOvV5s
Epochs 150
Batch size 8
Training time (minutes) 40
o1 train/box_loss train/obj_loss train/cls_loss metrics/precision metrics/recall
- 0.12 —— results  0-030 0.8 0.5
0.10 0.025
0.10 0.6 0.4
0.08 0.020
0.08 03
0.06 0.015 0.4
0.06 0.010 02 0.2
0.04
0.005
0.02 oo 0.0 o
o 100 0 100 o 100 0 100 o 100
val/box_loss val/obj_loss val/cls_loss metrics/mAP_0.5 metrics/mAP_0.5:0.95
0.030 0.5
0.11 0.20 025
0.10 018 0.05 0.4 020
0.09 016 0.3 N
0.08 0.020 015
0.07 0.14 0.2 0.10
0.06 0.12 0.015 01 .05
0.10
0.05 0.010 0.0 0.00
o 100 0 100 0 100 0 100 o 100

Figure 63 - Setup output results using YOLOvV5s algorithm [12].

Figure 64 shows some examples of the classification results obtained during this phase of the
training process. These results were used to validate and refine the classification model. Some
instances of hairiness were not yet classified due to the small size of the dataset used at this
stage (even though the dataset contained hundreds of class annotations, the number of possible
combinations of hairiness variations may require an even larger dataset). Despite this, the
results obtained at this phase with YOLOv5s were promising. Using higher versions of YOLOvV5
did not significantly improve the results and came at the cost of increased computational

demands.
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Figure 64 - Examples of classification results using the YOLOV5s algorithm [12].

protruding fiber 0.17

A second approach was then performed increasing the dataset to 150 images. Table 4 presents

the training configuration setup and results. The confusion matrix is shown in Figure 65, the

output results are shown in Figure 66 and some examples of classification results are shown in

Figure 67.

Predicted
protruding_fiber

Confusion Matrix

005
J 006
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loop_fiber protruding_fiber background
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0.7
0.6
0.5
0.4
03

-0.0

®
]
g
4
3
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Figure 65 - Confusion matrix (dataset of 150 images)

Table 4 -Training configuration/results

Image Size (pixels) 1280 x 1024
Number of training images 315
Number of test images 30

Number of validation images 12
Algorithm YOLOv5s
Epochs 100

Batch size 16

Training time (minutes) 39
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Figure 67 - Examples of classification results (dataset of 150 images)

Observing the results obtained with the dataset of 150 images, in comparison with the results
of the 50 images dataset (Figure 62 and Figure 63), one can see that the overall performance
improved significantly, being the approach used capable of classifying more accurately the loop
and protruding fibres, as demonstrated by the confusion matrix (Figure 65) and the evaluation
metrics (Figure 66). Moreover, the classification results also show that, at this phase of the
study, the level of detection of hairiness and protruding fibres in the image (Figure 67),

comparison with the 50 images dataset (Figure 64), increased extremely, giving an expectation

that the tested approach can give a relevant contribute to the topic.
3.3 Advantages of the Yarn Analysis and Characterization Methodologies
Developed/Under Development in Comparison to Commercial Systems

This chapter presented methodologies and approaches developed or under development that

offer several advantages over commercial equipment, including:
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The ability to simultaneously use coherent optical signal processing for yarn hairiness
and diameter characterization [37], [40];

Autocalibration procedures for yarn hairiness reference and diameter determination
[37], [40];

Measurement of yarn mass variation using a 1Imm capacitive sensor for direct detection
of nep faults [19];

The ability to simultaneously use multiple signal processing techniques for accurate yarn
periodic error characterization [36];

Automatic determination of yarn production characteristics [8], [12];

Development of prototypes with reduced dimensions for high portability and use in
laboratory analysis or industrial yarn quality control [7],[12];

Quantification and distinction between hairiness types (protruding/loop fibres) [9], [12].

The author is currently leading research to enhance the prototype shown in Figure 59 using

computer vision algorithms for yarn quality parameterization and artificial intelligence

techniques to enhance yarn characterization and improve prediction of fabric results [12], [32],

[33], [56].

In summary, the techniques presented over this chapter aim to contribute to the advance of

methodologies of yarn analysis and characterization in order to develop a low-cost system with

superior yarn parameterization, high resolution, and precision compared to the available

commercial equipment.
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4

Future Challenges

Further ideas for development based on the methodologies/research undertaken or led by the

author include:

Development of custom-made photodiodes with only the necessary active area for yarn
hairiness and yarn diameter determination, reducing background noise from the use of
photodiodes with partially blocked active areas;

Study of yarn hairiness spatial position based on yarn hairiness measurements using a
line array of photodiodes or image processing;

Development and further integration of an automatic yarn sample insertion system to
reduce user interaction;

Development of a method using an electric field to straighten yarn hairiness and
accurately determine the length of yarn hairs using a line array or image processing;
Determination of the experimental relationship between yarn diameter and yarn linear
mass for non-100% cotton yarns;

Development of new, optimized Fast Impulse Frequency Determination (FDFI)
algorithms [36] to reduce computational effort and increase data throughput in yarn
periodical errors analysis;

Optimization of image processing algorithms for yarn parameter determination to
reduce computational effort and enable real-time analysis;

Use of artificial intelligence techniques (deep learning) to predict fabric quality based on
the overall parameterization obtained from the developed/under development

prototypes.
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