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Abstract

Weft knit strain sensors are textile sensors that measure motion at the

joints of a human body. These sensors are formed by the weft knitting

of conductive yarn and can be implemented as wearable devices that

resemble normal clothing. The conductive yarn is a tactile yarn with

electrical properties formed from a composite of stainless steel and

polyester �laments. Although, it can be mechanically manipulated to

create a woven or knitted fabric that measures strain, weft knitting is

the optimal method because of its elastic structure. Due to the novelty

of this research area, there are a lot of gaps that prevent the wide-scale

adoption of this sensing mechanism. This thesis aims to address two

of these gaps. Firstly, the lack of a model that accurately simulates

the electromechanical behaviour of structural variations of a weft knit

strain sensor. Secondly, the lack of a wearable device framework that

illustrates the design of the sensor, its implementation in a wearable

device and the processing of its acquired data using machine learning

algorithms.

Firstly, an electromechanical model that simulates the behaviour of

plain knit sensor with only conductive yarn is proposed. The length

resistance are obtained from the loop and interlocking angles of the

conductive loops in the sensor and the contact resistance is derived

using a novel algorithm. The model was validated by a tensile test

performed on sensors with the simulated knitting parameters. It was

shown that the simulation results agreed with the experimental re-

sults. In particular, the proposed model has a lower percentage error

in comparison to previous studies. Furthermore, the e�ect of changes



in the loop and interlocking angles on the piezoresistivity of the sensor

is simulated.

Thereafter, this model is applied on a novel sensor con�guration com-

prising of a conductive yarn and a non-conductive elastomeric yarn.

The simulation results provide a very accurate representation of the

empirical piezoresistivity of the sensor. Subsequently, we create a

wholly textile data glove by knitting its support structure and its weft

knit strain sensor in a single manufacturing process using WholeGar-

ment technology. The data glove measures motion at the interpha-

langeal joints in a human hand. The consistency of the glove is veri�ed

and classical machine learning algorithms are applied to classify the

data acquired using a robotic hand.

In addition, deep learning is evaluated in a grasp classi�cation using

the weft knit data glove on human participants. A convolutional

neural network (CNN) algorithm is proposed to classify the grasp

type from the acquired data. Classical machine algorithms are also

used to classify the data to provide a comparative performance. The

results illustrate that the CNN algorithm achieved a higher accuracy

than the classical machine algorithms in the classi�cation scenarios.

Finally, the e�ect of miss and tuck stitches on the piezoresistivity

of the sensors is investigated. Miss and tuck stitches a�ect struc-

tural properties such as the length, width and extension of a knit

fabric and therefore, may a�ect the piezoresistivity of a weft knit

strain sensor. By adapting the electromechanical model to geometri-

cal properties of miss and tuck stitches, several sensor con�gurations

comprising of varying amounts of tuck or miss stitches are simulated.

Subsequently, a tensile test is performed on knitted sensors with the

simulated properties. The simulation results generally agree with the

experimental results. Moreover, it is observed that increases in miss

and tuck stitches decrease the initial and mean resistance of the sen-

sor. In addition, the results show that increasing the percentage of



tuck stitches in the sensor increases the linearity of a weft knit strain

sensor.
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Chapter 1

Introduction

1.1 Introduction

Human motion capture (HMC) involves the measurement of movement at speci�c

joints in the human body. It is a broad research �eld that stems across several

industries including sport science, medical rehabilitation, and human-computer

interaction [1, 2]. There are two research approaches in the capture of human

motion. The �rst approach involves the use of computer vision in which cameras

are used to record motion which is then analysed using di�erent image processing

techniques to generate the required information [3]. However, there are disad-

vantages with this approach. Firstly, in the current geopolitical climate, users

are apathetic in using such devices due to the fear of intrusion of their privacy

[4]. In addition, the use of a stationary camera limits the movement of the users

to within the camera's viewpoint. This restricts applications that require the

continuous monitoring of user while they perform their regular activities. Fur-

thermore, camera-based approaches utilise substantial computational resources

as a result of the pre-processing required in segmenting features from the image

data.

The second approach involves the use of wearable motion capture devices.

These devices when worn by their users are capable of monitoring the users'

activities without restricting their movements. A popular example of a commer-

cial wearable device is the Apple watch. Although, this device has a silhouette

of a watch, its main features are tracking the health of its users through its
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con�guration of various sensors; and its telecommunication features that enable

users access the internet, make phone calls and send text messages. In 2019

alone, 31 million Apple watch devices were sold [5]. Furthermore, according to

an industry-led review [6] published by the government of the United Kingdom,

wearable technologies are expected to add $70 billion to the world's economy by

2024.

For wearables used strictly for the capture of human motion, it is imperative

that they are located as close to the joint as possible for accurate measurement.

This requirement leads to size and weight constraints on the wearable device.

Traditionally, these motion-capture wearables were designed by integrating con-

ventional electronic sensors into textile support structures. However, this has

resulted in a bulky design that has reduced the commercial adaptation of these

devices.

Due to this challenge, a new research area comprising of E-textiles has emerged.

E-textiles are textiles with inbuilt electrical properties. They have the advantage

of the feel and comfortability of clothing while retaining electrical capabilities.

The applications of E-textiles include displays, transistors, antennas, strain sen-

sors among others [7, 8, 9, 10]. Particularly, by using E-textiles as strain sensors,

human motion capture systems can be designed to be lightweight, unobtrusive

and accurate. Weft knitting provides an optimal approach in creating textile

strain sensors because a weft knit fabric has an elastic structure regardless of the

elasticity of the yarn used in knitting the fabric [11, 12]. This enables the use of

inelastic conductive yarns in creating electrical strain sensors.

1.2 Motivation and Problem Statement

The potential of weft knit strain sensors to replace conventional strain sensors in

wearable devices is very promising. They can be easily integrated into the pop-

ular knit garments (e.g. gloves, sweaters, socks etc.) without being conspicuous.

Particularly, they can be implemented as lightweight wearable clothing that con-

tinuously monitor the progress of rehabilitation patients. In addition, weft knit

strain sensors can become invaluable in the sports science industry. Functional

2



1.2 Motivation and Problem Statement

clothing embedded with weft knit strain sensors can replace current motion cap-

ture devices for athletes. These clothing such as a wearable device in the form of

socks can provide valuable data that can be utilised in boosting the performance

of the athlete.

However, the commercial adaption of weft knit strain sensors is limited by

some factors. Firstly, there is no complete framework that illustrates the design

of a weft sensor, its implementation in a wearable device and the processing of

its data using machine learning techniques. In addition, theoretical models that

can aid the design of weft knit strain sensors are very limited. There have been

interesting experimental studies on some weft knit strain sensor con�gurations

that characterise the piezoresistivity of weft knit strain sensors but there have

been very few studies that illustrate models that justify the electrical behaviour

of the sensor. The few models [13, 14] that exist have signi�cant errors between

their simulation and experimental results.

In addition, drift can adversely a�ect the output of a piezoresistive strain sen-

sor's output. Drift occurs when the output of the weft knit strain sensor changes

independently of the sensor's extension. Although, researchers have observed the

presence of drift in a weft knit strain sensor's output [15], there has been no

investigation on its e�ect in classi�cation applications.

Furthermore, there have been very few wearable device prototypes that have

integrated weft knit sensors into conventional textile garments. The few studies

that exist are limited to the design of these devices. Particularly, the use of these

devices in classi�cation applications is very rare and are restricted to classical ma-

chine learning algorithms. Moreover, no deep learning approach has been applied

in classifying the data obtained from a weft knit strain sensor. Lastly, most stud-

ies on weft knit strain sensors are limited to the characterisation and application

of the sensing mechanism of a speci�c knit architecture, thereby neglecting the

potential of other knit architectures in creating optimal weft knit strain sensors.

Therefore, this research aims to develop a framework for the application of

weft knit strain sensors in a human motion capture system. This framework

shown in Figure 1.1 begins with the design of an electromechanical model that

accurately simulates the sensing mechanism of the proposed sensor. Subsequently,

the simulation of the model is validated empirically by a tensile test. The sensor
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Figure 1.1: Development framework of a weft knit wearable device.

is then implemented in a wearable device and the data captured from the motion

at the human joint is processed using machine learning techniques. In this study,

the wearable device is a lightweight textile data glove that is optimal in weight-

sensitive applications such as the progress measurements in recovering stroke and

rheumatoid arthritis patients. However, this framework can be employed in the

creation of other wearables that capture the motion of any joint in the human

body. In addition, we present the characterisation and electromechanical models

of several sensors with varying knit architectures. These architectures can help to

improve the linearity of the sensor and consequently, the accuracy of the applied

classi�ers.

1.3 Contribution and Thesis Organisation

This thesis illustrates the results of a multi-disciplinary research that spans over

several research areas. The research areas are illustrated in Figure 1.2.
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Figure 1.2: Research disciplines covered in this thesis.

In Chapter 2, the fabrication methods, sensing mechanisms and performance

metrics of textile strain sensors are discussed. Thereafter, the knitting terminolo-

gies that will be encountered in this thesis are outlined. The base knitting struc-

tures are also described in this chapter. In addition, the relevant past studies on

weft knit strain sensors are reviewed. In particular, the current electromechanical

models of weft knit strain sensors are explored. Moreover, the e�ect of knitting

parameters on the electrical behaviour of the sensors are reviewed. Finally, the

current applications of weft knit strain sensors in human motion capture systems

are explored.

In Chapter 3, a novel electromechanical model of a plain knit sensor is pre-

sented. The length resistances are derived from Postle's geometrical model [16].

An algorithm that derives the contact resistance from the equivalent resistance

is developed. The simulation results are validated experimentally by fabricating

sensors with the same numerical parameters used in the simulation and perform-

ing a tensile experiment on the sensors. The results show that my proposed model

is more representative of the sensor's electromechanical behaviour than previous

studies. Furthermore, the e�ect of loop and interlocking angles on piezoresistiv-
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ity of the sensor are investigated in a parametric study. Under width and length

jamming constraints, it is observed that changes in the interlocking angles have

a bigger impact on the sensor's piezoresistivity than changes in the loop angle.

In Chapter 4, a more 
exible sensor con�guration that combines an elastic

non-conductive yarn and an inelastic conductive yarn is presented. The model

implemented in Chapter 3 is expanded to simulate this sensor's electromechanical

behaviour. A tensile test was also performed on the sensors knitted with the new

con�guration. The simulation results illustrate a more accurate representation

of the sensor's piezoresistivity observed empirically. In addition, this sensor con-

�guration is utilised in designing a data glove that measures the 
exion at the

interphalangeal joints in the hand. The performance of the glove is validated in a

repeatability experiment using a robotic hand. It was observed that the sensor's

output was consistent, especially after a simple �lter was implemented to remove

the noise. Subsequently, the e�ect of drift on the performance of machine learning

algorithms is evaluated in a data glove classi�cation scenario. It was observed

that drift reduces the accuracy of linear classi�ers.

In Chapter 5, a deep learning approach in a real-world classi�cation appli-

cation with human participants is explored. Data is acquired by participants

grasping objects of di�erent shapes with the data glove. Thereafter, a convolu-

tional neural network (CNN) is employed to classify the data and recognise the

grasp type of objects grasped by the participants. Moreover, popular machine

learning techniques are utilised to perform the same tasks and compare their

performance to our CNN algorithm. It was observed that our CNN algorithm is

more accurate than the comparative machine learning techniques.

In Chapter 6, the impact of miss and tuck stitches on the piezoresistivity of a

weft knit strain sensor is explored. These stitches alter the architecture of the sen-

sor geometrically, therefore it was imperative to understand the e�ect that they

may have on the sensor's electrical behaviour. Several sensors having varying

percentages of miss or tuck stitches are designed. The respective electromechan-

ical models of the sensors are developed based on the model implemented in

Chapters 3 and 4. The sensor con�gurations are also knitted using the numerical

parameters in the models and undergo a tensile test. The simulation results are

compared with the empirical results obtained in a tensile tests and are shown

6



1.4 Publications and Awards

to mostly agree. It was also observed that increases in the percentage of tuck

stitches in the sensor increase the linearity of the sensor.

Chapter 7 describes the conclusions of the study and proposes ideas for further

research on the use of weft knit strain sensors in HMC applications.
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The research in this thesis has led to the following awards and nominations:

� Digital Innovation Challenge 2019 ($2,500 award).
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1.4.2 Publications

� Emmanuel Ayodele, Syed Ali Raza Zaidi, Jane Scott, Zhiqiang Zhang,

Maryam Hafeez, Des McLernon,\E�ect of Tuck and Miss Stitches on a

Weft Knit Sensor", Sensors, 21(2), 358, 2021.

� Emmanuel Ayodele, Syed Ali Raza Zaidi, Jane Scott, Zhiqiang Zhang, Des

McLernon, \A Review of Deep Learning Approaches in Glove-Based Ges-

ture Classi�cation" in Machine Learning, Big Data and IoT for Medical

Informatics, P. Kumar, Ed; Elsevier, 2021(accepted for publication).

� Emmanuel Ayodele, Bao Tianzhe, Syed Ali Raza Zaidi, Jane Scott, Zhiqiang

Zhang, Ali Hayajneh, Des McLernon, \Grasp Classi�cation with Weft-knit

Data Glove using Convolutional Neural Networks", IEEE Sensors Journal,

2021(accepted for publication).
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Chapter 2

Literature Review

This chapter provides a thorough review of textile strain sensors, their fabrica-

tion methods and the metrics employed in evaluating their strain sensing per-

formances. Furthermore, we describe the various knitting structures and termi-

nologies that are used in this study to enable a clear understanding of the thesis.

Subsequently, a comprehensive review of weft knit strain sensors is presented. In

particular, we describe the sensor characterisation results illustrated in past stud-

ies alongside the undertaken experimental and simulation methodologies. Finally,

we conclude the chapter with the few applications of weft knit strain sensors in

wearable devices.

2.1 Textile Strain Sensors

Strain sensors are devices that measure mechanical deformation by converting

the changes in their electrical properties due to deformation into an output signal

[17]. Strain sensors are popular for their applications in damage detection and

health monitoring of civil structures [18]. However, they are also employed in

monitoring the movement at di�erent joints in the human body. Textile strain

sensors are optimal for monitoring the motion at human joints because they

are lightweight, stretchable and can be seamlessly integrated into clothing to

create unobtrusive textile wearable devices. In this section, we review current

textile sensors. In particular, we describe their fabrication techniques, sensing

mechanisms and performance metrics.
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2.1.1 Fabrication Techniques

Textile sensors are usually fabricated by embedding conductive nanomaterials on

textile polymers. These nanomaterials include carbons (e.g carbon nanotubes

(CNT) and graphene), nanowires (NWs) and nanoparticles (NPs). Their com-

bination with 
exible polymers (e.g. polydimethylsiloxane (PDMS)) creates a

sensitive textile strain sensor that is human-friendly and durable. In this sec-

tion, we provide a review of the various techniques in which textile sensors are

manufactured with nanomaterials.

Coating

Textile strain sensors are typically fabricated by coating a textile substrate. The

non-conductive textile substrate is either a �bre, yarn or fabric. The various coat-

ing techniques include chemical and vapor polymerisation approaches, spray, dip,

roller and rod coating techniques [19]. Particularly, chemical polymerisation was

employed in fabricating a strain sensor by coating a lycra fabric with polypyrrole

(PPy) [20]. This technique involved soaking the fabric in a mixture of a monomer,

an oxidant and a dopant. The fabricated sensor could detect strain up to 60%.

Furthermore, a textile strain sensor that could sense strain of up to 6.2% was

created by spray coating a fabric with ZnONW [21]. This coating mechanism is

illustrated in Figure 2.1.

Strain sensors have also being developed by coating yarn and �bres. Notably,

textile sensors were formed by coating spandex and silk �bres with graphite 
akes

with a Meyer rod [22]. The sensing range was 18% for spandex and 15% for

silk �bres. It was also observed that the silk �bre strain sensor displayed high

stability, low drift and hysteresis. Furthermore, a strain sensor was developed by

coating a Polyurethane (PU) yarn in a negatively charged cellulose nanocrystals

and then dipping it in a positively charged chitosan solution [23]. Subsequently,

the coated yarn was placed in a PDMS matrix. The strain sensor could detect

minute strains as low as 0.1% but was inaccurate for strains> 5%.

In summary, coating is a simple method for fabricating textile strain sensors.

However, for HMC applications, coated textile strain sensors need to be robust

enough to withstand bodily 
uids such as sweat that may degrade their accuracy.
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2.1 Textile Strain Sensors

Figure 2.1: Fabrication of ZnONW coated textile strain sensor [21].

Intrinsic Conductive Textile Structures

This section reviews textile strain sensors which are made directly from conduc-

tive materials. Although �bres, yarns and fabrics of conductive materials are

usually inelastic, they still display piezoresistivity within their limited elasticity.

Particularly, carbon �bres were illustrated to detect strains of up to 1.2% [24].

CNT yarns measured strain of up to 3.6% and were relatively stable during the

cycle test with a low hysteresis[25]. In addition, when CNT yarns were directly

attached to an elastic substrate (Eco
ex substrate), they could measure strains

of up to 440%, although at a lower gauge factor that pure CNT yarns. The CNT

yarns were encapsulated in the Eco
ex substrate as they were dry spun due to

van der Waals interactions [26].

These conductive yarns are usually created by chemical vapor deposition

(CVD) [27]. CVD ensures that the conductive material can be grown in a pre-

determined shape and orientation. Particularly, a graphene woven textile sensor

was created by growing graphene on a copper wafer that depicts the architecture
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Figure 2.2: Graphen woven fabric sensor [28].

Figure 2.3: Wet-spining fabrication process for coaxial �bre sensor [29].

of a woven fabric [28]. This causes the graphene to grow in the architecture of a

woven fabric. Subsequently, the metal wafer is separated from the graphene as

illustrated in Figure 2.2. This graphene woven sensor could measure strains of

up to 12%. However, signi�cant hysteresis was observed during a cycle test.

Carbonisation of non-conductive textile can convert them to conductive ma-

terials. Carbonisation is the heating of a material at high temperatures in the

absense of oxygen. A textile strain sensor was created by carbonising silk fabric

at 950� c. The carbonised silk sensor when embedded in an Eco
ex substrate was

observed to sense strain of up to 500% [30].

Coaxial Fibres

Strain sensors can also be created by employing core-shell structures. These

structures comprise a conductive core wrapped by an elastic shell. It is necessary
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for the conductive core to be endure high amounts of strain, therefore liquid

metals, ionic liquids and elastomeric carbon composites are suitable candidates. A

strain sensing coaxial �bre was developed by depositing eutectic indium-gallium-

tin (EGaInSn) liquid metal into a PDMS �bre shell [31]. The strain sensor could

sense strain from 0.3% to 140%. In addition, a strain sensor was developed by

�lling a hollow PDMS �bre with an ionic liquid (1-ethyl-3-methylimidazolium

tetra
uoroborate, EMIMBF 4) [32]. The sensor could measure strain of up to

100% and endure extensions of 230%.

A core-shell strain sensor was also fabricated using wet spinning. Wet spinning

involves depositing the sheath polymer and the conductive �ller in a suitable

solvent and subsequently placing the formulation in a coagulation bath. The

fabrication process shown in Figure 2.3 was employed in producing an elastomeric

multi-wall CNT (MWCNT) strain sensor [29]. Although, it was able to detect

strain of up to 330%, a signi�cant level of non-linearity was observed during strain

tests thereby limiting its potential HMC applications.

Knitting

Textile strain sensors are also manufactured by knitting conductive yarn. It is the

most preferred method for fabricating textile strain sensors because of its elastic

structure. The conductive yarn could be an intrinsic multi�lament comprising of

conductive �bres and traditional textile �bres or a textile yarn coated with nano-

materials [13, 33]. In particular, initial studies manufactured knit strain sensors

with carbon and steel �bres [14, 34]. These sensors exhibited high sensitivity

but were limited to an extension of 20%. In addition, sensors knitted with car-

bon �bres could withstand temperatures of up to 200� C without any signi�cant

changes in its piezoresistivity. Recent studies have improved the extensibility of

knitted sensors by adding elastic yarns such as Lycra or Spandex [35]. Notably,

a textile sensor with extensibility of 160% was created by knitting PEDOT:PSS

�laments and Spandex yarns [36]. Furthermore, several studies have shown that

di�erent knitting structures or loop con�gurations result in di�erent sensing be-

haviours of knitted strain sensors [37, 38]. In addition, embedding knitted strain
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sensors in wearable applications is more streamlined that other fabrication meth-

ods. WholeGarmentT M technology ensures that clothing comprising textile strain

sensors can be knitted in a single manufacturing process thus eliminating the use

of external attachments. The characterisation, modelling and application of knit

strain sensors are further discussed in Section 2.3.

2.1.2 Sensing Mechanisms

In Section 2.1.1, we have illustrated the fabrication techniques of textile strain

sensors. Therefore, it is relevant to understand the strain sensing mechanisms of

these sensors. Their strain sensing mechanisms can be described as one or more

of the following:

Geometrical E�ect

According to Poisson's ratio, when a material is stretched in one direction, it

tends to contract in the transverse direction. This geometrical e�ect is important

in understanding the sensing mechanisms of most textile strain sensors as it di�ers

across �bres, yarns and fabrics. In conductive yarn/�bre, the change in resistance,

R, occurs as a result of the change in the length,L and cross-sectional area,A r

, provided the resistivity, � , of the sensor is constant as seen below:

R =
�L
A r

: (2.1)

Notably, this sensing mechanism was observed in a coaxial �bre as its electri-

cal resistance was proportional to the square of its length [31]. In contrast, the

geometrical e�ect on resistive fabrics can be more complex and comprise multiple

sensing mechanisms. For knit sensors, the piezoresistivity occurs as a result of

changes in the contact resistance [13, 14], however it is possible that the piezore-

sistivity of the fabric may be a�ected by geometrical changes in the conductive

yarn itself.

In addition, the change in capacitance,Ca, of textile capacitive sensors that

consist of two electrodes and an insulating dielectric between them is dependent

on the geometrical changes of the area of the two electrodes,A r and the distance

between them (thickness of the dielectric),d0.
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Ca =
"0" r A r

d0
; (2.2)

where "0 and " r are the permittivity of vacuum and the relative permittivity of

the dielectric constant.

Disconnection Mechanism

Some strain sensors comprise of thin conductive �lms of nanomaterials within

rubber composites thereby creating an overlap between the nanomaterials that

allows the 
ow of electrons in a percolation network. When these sensors are

stretched, there are some disconnections in the conductive �lm that cause an

increase in the electrical resistance. This strain sensing mechanism has been

employed using nanomaterials such as graphene 
akes, and PDMS composites

of silver and zinc oxide nanowires (AgNWs-PDMS and ZnONWs-PDMS respec-

tively) [39, 40, 41, 42].

Tunneling E�ect

Tunneling occurs when electrons cross a thin non-conductive barrier placed be-

tween conductive nanomaterials. Although, the non-conductive barrier prevents

a direct electric contact, a tunneling junction occurs because the electrons pass

through the barrier. Consequently, a tunneling resistance occurs and can be

calculated using Simmons' theory [43, 44]:

Rtunnel =
V

Acr J
=

h2
pldn

Acr e2
c

p
2me� eb

exp
�

4�d n

hpl

p
2me� eb

�
; (2.3)

whereRtunnel is the tunneling resistance,V is the electrical potential di�erence,

Acr is the tunneling junction's cross-sectional area,J is the current density,hpl is

the Plank's constant, dn is the distance between the conductive nano-materials,

ec and me are the charge and mass of a single electron respectively and� eb is the

energy barrier's height.

The tunneling e�ect was observed to be the main strain sensing mechanism in

CNT or graphene polymer nanocomposites [45, 46]. The hexagonal honeycomb

structure of CNT and graphene causes them to entangle and fold in their polymer
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nanocomposites. Therefore, when strain is applied, the tunneling distance and

consequently, tunneling resistance change as the graphene or CNT 
akes unfold.

Crack Propagation

Strain sensors have also been developed by coating 
exible substrates with nano-

materials such as CNT, gold nanowire (AuNW), silver nanoparticle (AgNP) and

graphene [47, 48]. When strain is applied on these sensors, micro-cracks occur on

the thin �lms of nanomaterials. Increased amounts of strain enlarge the cracks

and causes a decrease in the electrical conduction and consequently, an increase

in the electrical resistance. Furthermore, the removal of the applied strain was

observed to diminish the size of the cracks as depicted in Figure 2.4 such that

the electrical resistance recovered to its initial steady-state values [49].

Figure 2.4: Micro-crack propagation and recovery during strain test on graphene

PDMS composite [49].

2.1.3 Performance Metrics

The performance of a textile strain sensor can be evaluated by the following

metrics. These metrics aid in the characterisation of the sensors and their imple-

mentation in HMC applications.
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Linearity

The linearity of a strain sensor is very important because non-linearity will com-

plicate the calibration process. The linearity is calculated by theR2 value of

a linear �t of the plot of sensor's electrical output and its mechanical deforma-

tion. A sensor with a perfect linearity will have aR2 value of 1. However, most

textile strain sensors exhibit a relatively non-linear response to applied strain.

In particular, it was observed that the non-linearity of the textile sensors was a

result of changes in the micro-structure or percolation network of nanomaterials

[39, 50]. A trade-o� relationship can be observed among the linearity, sensitivity

and stretchability of a textile sensor. Capacitive textile sensors tend to display a

high linearity and a low sensitivity while CNT-hybrid sensors depict low stretch-

abilty but high linearity and sensitivity [51].

Stretchability

HMC applications require wearable devices to endure up to 50% strain [52].

Therefore, it is imperative that sensors in wearable devices must endure high

level of strain without permanent deformation. Unlike metallic strain gauges

that have a maximum stretchability of 5%, a key advantage of textile strain

sensors is that they can typically achieve high levels of stretchability. Notably,

CNT-PDMS composites have been shown to endure strain of up to 280% while

graphene-rubber composites can be extended for up to 800% strain [53].

Sensitivity

The sensitivity of strain sensors is measured by its Gauge factor (GF). The GF

is calculated as:

GF =
� ep

ep0�
; (2.4)

where � ep represents the change in an electrical property (e.g. resistance or ca-

pacitance) andep0 is the initial value of the electrical property. The sensitivity of

textile strain sensors varies based on the sensing mechanism. Particularly, sensors

whose sensing mechanism is based on crack propagation and disconnection mech-

anism were seen to have ultrahigh sensitivity (GF� 1000) [43, 49]. In contrast,
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capacitive sensors such as AgNW-elastomer (silver nanowires) composites exhibit

a very low sensitivity because theoretically, their maximum gauge factor is 1 [51].

Hysteresis

Hysteresis occurs when there is a signi�cant di�erence between the electrical prop-

erty of the sensor during extension and its contraction to its initial length. For

sensors fabricated with nanomaterials �llers, a feasible explanation for hysteresis

is that the nanomaterials do not contract as fast as they expanded thereby caus-

ing the measured resistance/capacitance values during contraction to lag behind

the measured values during extension [54].

Drift

Drift occurs when the resistance or capacitance of the sensor 
uctuates at a �xed

strain. It is dependent on the response time it take for the sensors to reach their

steady-state value. Piezoresistive sensors have a response time of up to 332 ms

while capacitive sensors have a shorter response time of< 100 ms [55, 56]. The

larger response time in piezoresistive sensors such as CNT-Eco
ex composites

may have occurred because the 
exibility of the Eco
ex does not generate enough

force to rapidly restore the CNT's percolation network.

Durability

A textile strain sensor must be durable as it will undergo several strain cycles

in its application. It is important that the sensor exhibits consistency in its me-

chanical and electrical properties after multiple cycles of tension and compression.

Therefore, the durability of sensors are tested in a cyclical test, where they are

extended and released several times while their electrical output and mechanical

durability are measured [37].

2.2 Knitting Technology

Knitting is the manufacture of textile fabric by interlocking succeeding loops

of yarn that are bound by the same yarn passing from one loop to another.

18



2.2 Knitting Technology

There are two major knitting methods and they are weft knitting and warp

knitting. These two methods di�er in their knitting direction, loop formation

and fabric structure [57, 58]. Notably, in warp knitting, loops are interlocked

vertically while in weft knitting, loops are interlocked horizontally. This occurs

because in weft knitting, loop formation occurs at the needle bed sequentially.

In contrast, loop formation in warp knitting occurs when all the needles in the

needle bed are knitting simultaneously. Consequently, warp knit fabrics are more

structurally stable while weft knit fabrics are more elastic [59]. Therefore, due to

its elastic structure, weft knitting is the preferred method in the creation of knit

sensors. The rest of this section describes the knitting terminologies, structures

and operating principles that will aid in understanding the work undertaken in

this thesis.

2.2.1 Knitting Terminologies

� Yarn: A yarn is an aggregation of a �bres or �laments with or without twist

[60].

� Fibres: These are the raw materials that are used in the manufacture of

yarns. They occur naturally (e.g.wool from animals or cotton from plants)

or are manufactured arti�cially (e.g. polyester).

� Needle loop: A needle loop is the most popular type of knitted stitch. It

consists of a head and two legs. The foot of each leg interlocks the head

of the previous knitting cycle's loop. As the yarn moves from one foot of a

loop into the next foot of another loop, it creates a sinker loop. For most

geometrical models of a weft knit structure, the length of yarn in a sinker

loop is assumed to be equal to the length of yarn in the head in an adjacent

needle loop.

� Courses and Wales: A course is a horizontal row of knitted loops while

a vertical column of loops is called a wale. Courses are more prominent

to observe on the technical back while wales are easier to detect on the

technical face.
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Figure 2.5: a) A wale of loops b) A course of loops c) A reverse loop d) A face

loop.

� Stitch density and stitch length: Stitch density is the sum of all loops in a

determined fabric area while stitch (/loop) length is the span of a yarn in

a loop (including both halves of the sinker loop on each side). The stitch

density, Sd, can be calculated as :

Sd = CnWn ; (2.5)

whereCn and Wn are the number of courses and wales respectively.

� Face and and reverse loops: A face loop can be identi�ed as the side of a

stitch where loop legs appear to approach the observer as it interlocks the

head of an old loop. In contrast, the reverse loop can also be identi�ed

as the side of a stitch where the loop legs appear to move away from the
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observer as it interlocks an old loop's head. A face loop and a reverse loop

are shown in Figure 2.5.

� Technical face and back: The technical face of a fabric illustrates the face

loops while the reverse loops are shown on the technical back of the fabric.

� Linear density: The linear density of a yarn or �lament is its mass per unit

length. The most popular unit of measurement of a yarn's linear density

is the tex system where the linear density of a yarn is represented by the

weight in grams for 1 kilometre of the yarn [61]. For example, if the weight

of 1 kilometre of a yarn is 50 grams, then its linear density is 50 tex or 500

dtex (decitex).

� Input tension: This is the tension on the yarn prior to loop formation. It

can be mechanically controlled by the knitting machine and is known to

a�ect the loop length of the fabric [62].

2.2.2 Base Structures

There are four base structures that form the foundation of all weft knitted fabrics

[57]. These structures depicted in Figure 2.6 are formed by the changes in the

arrangement of the needle bed. These base knitting structures are:

Plain knit

This is the simplest form of weft knitting and it consists of single set of needles

that knit loops in the direction of its technical face. The technical face of a plain

knit fabric comprise of wale loops resembling the \v" shape and its technical

back consists of wales resembling semi-circles formed by the interlocking of the

loops head and corresponding sinker loops. Notably, the contact points in a plain

knit fabric occur between the loops along the course. Furthermore, plain knitted

fabrics are known to endure strain of up to 40% even with non-elastic yarn. This

illustrates the advantage of plain knit fabrics in strain sensing applications as its

structure enhances elasticity with non-elastic yarns.
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2.2 Knitting Technology

Figure 2.6: a) Technical face (same as technical back) of a 1x1 rib knit fabric b)

Technical face of an interlock fabric with its hidden technical back. c) 1x1 Purl

knit fabric illustrating both face and back loops on a single side. Adapted from

[57].

Rib knit

A rib knit fabric is produced by using two sets of opposite-facing needles. An

o�set is created between each opposite facing needle to prevent collisions between

the two sets of needles. The two sets of needles knit the technical face and back

of the fabric. A 1x1 rib knitted fabric is the most elementary form of rib knitting

and has both sides of the fabric resembling a plain knitted fabric's technical face.

Theoretically, the structure of a 1x1 rib fabric causes its thickness and width to

be double and half that of a plain knit fabric respectively.

Interlock knit

Similar to rib knit, interlock knit employs two sets of opposite facing needles.

However, unlike in rib knit, there is no o�set between the two sets of needles.

Collisions are prevented by ensuring that only one set of needles operates at a

time. Both sides of an interlock fabric depict the technical face of a plain fabric.

Moreover, reverse meshed loops are hidden in the fabric because wales produced

by opposite needles are interlocked. Consequently, interlock fabrics are thicker

than rib and plain knit fabrics.
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Figure 2.7: a) Knitted loop stitch b) Tuck stitch c) Miss stitch

Purl Knit

A purl fabric is the only weft knit base structure in which both face and reverse

loops occur on each side of the fabric. This is achieved because loops are trans-

ferred between two sets of opposite needle beds. The simplest purl structure

occurs in a 1x1 purl fabric in which a course of face loops is accompanied by a

course of reverse loops. A 1x1 purl fabric is estimated to have double the elas-

ticity wale-wise (vertically) of a plain fabric knitted with a similar stitch density

and stitch length.

2.2.3 Types of Stitches

A stitch is the fundamental basic unit of a knit structure. There are three main

stitches and they are knitted loop stitch, miss (/
oat) stitch and tuck stitch as

shown in Figure 2.7. The knitted loop stitch is the most common form of knitting.

It comprises of three or more interlocked needle loops. A knitted loop stitch is

produced when a needle hook pulls a new loop by its loop head through a previous

loop. Simultaneously, the old loops are dropped by the needles, causing the heads

of the old loops to interlock the feet of the new loops [57].

In a tuck stitch, the old loops are not dropped when a new loop is added

thereby causing the hook of the needle to accrue two or more loops. A miss

stitch, also known as a 
oat stitch occurs when one or more needles are skipped
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during the knitting process. This causes the yarn to 
oat over the unused needles.

Consequently, miss stitches reduces the number of contact points in a fabric while

tuck stitches increases the contact pressure between intermeshed loops in a fabric.

2.2.4 Geometrical Modelling of a Weft Knit Loop

In this section, we analyse the popular geometrical models of a plain knit loop that

have been used in describing the electromechanical properties of weft knit strain

sensors. The most relevant parameter is the knit loop length which comprises of

the lengths of the loop head, loop sinker and 2 loop legs. These lengths are then

used to calculate the various length resistances. The resistance of each loop leg

is usually calculated as:

Rl =
L l �
A r

; (2.6)

while the resistance of the loop head is calculated as:

Rh =
Lh �
A r

; (2.7)

where� and A r are the resistivity and the cross-sectional area of the conductive

yarn respectively; andL l and Lh are the lengths of the loop leg and loop head

respectively.

Usually, the length of the loop head and the loop sinkers are assumed to be

equal. Therefore, the resistance of the loop sinker is calculated as:

Rs = Rh: (2.8)

Peirce's loop model

This is the most popular geometrical model used in simulating the length resis-

tances in a weft knit strain sensor. In Peirce's study [63], he proposed that the

length of a knit loop could be determined based on the diameter of the yarn,d.

Based on geometrical model illustrated in Figure 2.8, the succeeding calculations

were made: The height between of the loop,C, also known as the course spacing

was calculated as:

C =
p

(4d)2 � (2d)2 = 3:46d: (2.9)
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Figure 2.8: Pierce's geometrical model. (a) The yarn's central axis pathway. (b)

Model of the knit loop [13].

The length of a loop leg,L l , was then calculated using Pythagoras theorem

as:

L l =
p

d2 + C2 = 3:6d: (2.10)

Furthermore, the length of the loop head is calculated as the circumference of

a semi-circle:

Lh = �r h; (2.11)

whererh is the radius of the loop head and is determined as:

rh = 01M + MN = d + 0:5d = 1:5d: (2.12)

Kurbak's model

Kurbak's geometrical model is illustrated in Figure 2.9. Particularly, the header

and the sinker are considered as elliptical curves and the legs of the loops are con-

sidered to be helical shapes that encase hypothetical elliptical cylinders parallel

to the y axis [64, 65].

The length of the loop head is calculated as:

Lh = d(
w
2d

+ dc)(E(�= 2; cos� 1 eh); (2.13)
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Figure 2.9: Kurbak's geometrical model of a knit loop [65].

where dc is the diameter of the hypothetical elliptical cylinder,eh is the eccen-

tricity of the elliptical curve (one-half of the header) andE(�= 2; cos� 1(eh)) is the

complete elliptical integral of the second order.

The length of a loop leg is calculated as:

L l =

0

B
B
@

d2

p
1 + d2

2 � d1

p
1 + d1

2 + ln d2+
p

1+ d2
2

d1+
p

1+ d1
2

2a1

1

C
C
A ; (2.14)

where d1 = tan � 1, d2 = tan � 2 and a1 = d2
2 � d1

2

2c . c is the course spacing,� 2 is

the inclination angle of the loop leg to the x-axis and� 1 is the loop angle.

Postle's model

In postle's model [16], the length of a knit loop is determined by its interlocking

and loop angles. The loop angle,� , is the angle between the loop's tangent and

the y-axis at the centre locus of the loop while the interlocking angle,� , is the
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angle at the interlocking locus between the loop's tangent and the y-axis. The

loop leg is considered to be a bent beam while the loop head is considered to be

two equal segments of a circle.

The length of each loop leg is calculated as:

L l =
p

p
2(sin� + sin � )

f (k; 
 ); (2.15)

where thep is the course spacing andf (k; 
 ) is the di�erence between the com-

plete and incomplete elliptical integrals. This di�erence was calculated as:

f (k; 
 ) = I (k;
�
2

) � I (k; 
 ); (2.16)

where I (k; �= 2) and I (k; 
 ), the complete and incomplete elliptical integrals re-

spectively are de�ned as:

I (k;
�
2

) =
Z �

2

0

d

p

1 � k2 sin2 

; (2.17)

I (k; 
 ) =
Z 


0

d

p

1 � k2 sin2 

; (2.18)

and parametersk and 
 are calculated as:

k = sin(
�
4

+
�
2

); (2.19)


 = sin � 1

�
1

k
p

2

�
cos

�
2

� sin
�
2

��
: (2.20)

The length of the loop head was calculated as:

Lh =
p( �

2 � � )
2(sin� + sin � )

: (2.21)

Kawabata's model:

The loop length is calculated based on the inclination angle, and the wale and

course spacings [66]. The loop length is calculated as:

L l = w +
2p

sin�
+ �d; (2.22)
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Figure 2.10: Combined knit loop model of Postle and Kawabata models.

where� is the inclination angle of the loop on the X-axis, the wale spacing,w, is

the width of a knit loop and the course spacing,p, is the height of the knit loop.

It is important to note that the length of the loop legs and heads were not

speci�ed. Therefore, in order to determine these sectional lengths, this model will

have to be combined with other geometrical models [67]. Furthermore, it can be

observed in the geometrical model in Figure 2.10, that the relationship between

the inclination angle and the loop angle proposed in the Postle and Kawabata

models can be determined as

� + � = 90� : (2.23)

Others:

Other prominent models include Munden's [68], Leaf [69], Leaf and Gaskin [70].

The application of these models presents a fertile research area as they could

provide more accurate simulations of a weft knit strain sensor's electromechanical

behaviour.
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2.3 Weft Knit Strain Sensors

2.3 Weft Knit Strain Sensors

A weft-knit strain sensor is formed by weft knitting conductive yarn. Conductive

yarn can be either a textile yarn (e.g. cotton or polyester) that is coated with

nanomaterials [13] or a multi�lament yarn consisting of metallic and textile �bres

[14, 33]. The sensing mechanism of the sensor is dependent on the contact points

between the interlocked loops. Speci�cally, a contact resistance occurs between

interlocked conductive loops. The contact resistance can be calculated using

Holm's contact theory as:

Rc =
�
2

r
�H
nPr

; (2.24)

whereRc is the contact resistance,� is the electrical resistivity, H is the hardness

of the material used,n is the number of contact points andPr is the contact

pressure between the conducting materials. Typically, the material hardness and

the electrical resistivity are constant based on the properties of conductive yarn

used, while the number of contact points is subject to the sensor's design. There-

fore, the changes to the contact resistance is dependent on changes to the contact

pressure between the loops.

2.3.1 Sensor Characterisation

In [14], a plain knit sensor was knitted with a stainless steel multi�lament yarn.

The resistance of the sensor was observed to reduce during the extension of the

sensor in a strain test. Although theR2 value was not stated, the resistance-

extension relationship of the sensor was seen to be relatively linear. In addition,

the resistance of the sensor was also observed to reduce exponentially as the load

applied on the sensor increased. A 1x1 rib knit sensor was knitted using stainless

steel �bres [71]. Results from the strain test performed on the sensors illustrated

an inverse linear relationship between the sensor's extension and its resistance.

The piezoresistive behaviour lasted up to extensions of� 85%.

Plain and interlock knitted sensors were created with silver-plated yarns and

stainless steel multi�lament yarns [15]. Subsequently, a strain test was performed

on the sensors and the average results were computed. The authors measured the

strain sensing mechanism by comparing the change in resistance (� R
Ro

) to the strain
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Con�guration Piezoresistivity Maximum

sensing %

R2 References

Plain knit Exponential

(inverse)

25 N/A [14]

Rib knit Linear (inverse) 85 N/A [71]

Plain knit Linear (inverse) 20 0.731 [15]

Elastic plain knit

host fabric

Linear 100 0.6652 [15]

Interlock knit Linear (inverse) 60 0.731 [15]

Elastic interlock

knit host fabric

Linear 100 0.831 [15]

Table 2.1: Characterisation of weft knit strain sensors.

of the sensor. It was observed that plain knit sensors showed an inversely linear

relationship between the change in resistance and the sensor's strain between

0% and 20% strain. The averageR2 value was calculated to be 0.7847. For

strain > 20%, the relationship between the change in resistance and the strain

was non-linear. However, no reasons were given for this non-linear piezoresistive

behaviour. Furthermore, elastic plain knit sensors were fabricated by knitting

single courses of conductive yarn into a host elastomeric plain knit fabric and

underwent a strain test. It was observed that a linear relationship between the

strain and the change in resistance was observed up to 100%. This occurred

because the elastic host fabric increased contact between the heads and sinkers

of the individual loops without the intermeshing of these loops. The averageR2

value was calculated to be 0.6652.

A strain test was also performed on the interlock knit sensors. It was observed

that the sensors displayed an inversely linear relationship between the strain and

its change in resistance up to 60%. A non-linear relationship was observed in

further increases in strain. TheR2 value in the linear phase (0% - 60%) was

calculated to be 0.731. In addition, �ve elastic interlock knit sensors were created

by knitting single courses of conductive yarn into an elastomeric host interlock

fabric. A strain test was performed on these sensors and their average results

were calculated. It was observed that a linear relationship was observed between
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the strain and the change in resistance of the sensors for up to 100% strain.

Particularly, the R2 value was calculated as 0.816. The increase in the percentage

of strain in the linear phase of the interlock knit sensors as compared to the plain

knit sensors was deduced to occur as a result of the increase in binding regions in

the interlock structure. Based on theR2 value and the range of the linear phase,

the elastic interlock knit sensor was selected as the optimal sensor con�guration.

2.3.2 Electrical Modelling

Zhang's Model

The pioneering electrical modelling of a weft knit strain sensor was proposed by

Zhang et al. [14]. The authors postulated that a plain knit sensor can be mod-

elled as a resistive circuit because of the contact resistances between intermeshed

loops and the length resistance of the yarn itself. The length resistances were

categorised into resistances of the loop legs,Rl , and resistances of the loop heads,

Rh. The stitch length of a loop head was assumed to be equal to the stitch length

of a sinker loop. Therefore,Rh was also used in modelling the resistance of the

sinker loop. In a simpli�ed model, the length resistances were assumed to be

negligible to the contact resistances and were eliminated.

The simpli�ed model of a single conductive loop is illustrated in Figure 2.11b.

V and i 1 - i 3 represent the voltage and hypothetical currents in the circuit respec-

tively. By employing Kircho� and ohm's laws, the matrix expression was derived

as:

v = iR ; (2.25)

where

i = [ i 1; i2; i3]T ; (2.26)

v = [0; 0; V]T ; (2.27)

and

R =

2

4
R1;2 + R2;1 + R1;1 � R2;1 � R1;1

� R2;1 � (R2;1 + R3;2 + R3;1) � R3;1

� R1;1 � R3;1 R1;1 + R3;1

3

5 : (2.28)
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Figure 2.11: a) Electromechanical model of a weft knit strain sensor. b) Resistive

model of a single knit loop. c) Simulation and experimental model of strain test.

Adapted from [14].

However, the conductive sensor is modelled as a uniform conductive body.

Therefore, all contact resistances are equal across the sensor. Consequently, the

circuit was modelled as:
2

4
0
0
V

3

5 =

2

4
3Rc � Rc � Rc

� Rc � 3Rc � Rc

� Rc � Rc 2Rc

3

5

2

4
i 1

i 2

i 3

3

5 ; (2.29)

and the equivalent resistance,Req, was calculated as

Req =
V
i 3

: (2.30)

The contact resistance,Rc, was derived empirically from the contact force,

Fn , as:

Rc = 4:14 + 7:59 exp� F n
0:0679 : (2.31)

As shown in Figure 2.11c, the simulated result depicted a similar slope to the

experimental result but there was a signi�cant distance between the two curves.
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Moreover, the percentage error rate was not speci�ed. However, using a graph-

to-data software and Matlab, the percentage error between the simulated and

experimental results was calculated to be� 26:47%. Furthermore, this study

postulated that the relationship between the contact resistance,Rc, and the total

resistance,Req of the sensor can be derived as:

Req = Rc � Cv; (2.32)

whereCv is a coe�cient that varies based on the design of the sensor.

Wang's Model

Another electrical model of a plain knit sensor was pro�ered by Wang et al. [67].

This model was based on only the length resistance of the conductive loops. Par-

ticularly, the contact resistances were neglected to reduce the computation time

of the model. This study was purely theoretical and there was no experimental

validation.

In Figure 2.12, a sensor comprising of 2 courses and 1 wale was modelled

utilising only the length resistances. Kircho� laws and Ohm's laws were employed

in analysing the circuit. The equations below represent the outcome of the circuit

analysis:

v = iR ; (2.33)

where,

i = [ I 1; I 2; I 3; I 4]T ; (2.34)

v = [ V;0; 0; 0]T ; (2.35)

and

R =

2

6
6
4

2(Rh + Rl ) � (0:5Rh + Rl ) � (0:5Rh + Rl ) � Rh

� (0:5Rh + Rl ) Rh + Rl 0 0
� (0:5Rh + Rl ) 0 Rh + Rl 0

� Rh 0 0 2(Rh + Rl )

3

7
7
5 : (2.36)

The equivalent resistance was calculated as:

Req =
V
I 1

: (2.37)
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Figure 2.12: Resistive model of a weft knit strain sensor comprising of 2 courses

and 1 wale. [67]

Using Matlab, the equivalent resistance was derived as:

Req =
Rh(Rh + 2Rl )

Rh + Rl
: (2.38)

The resistance of the loop head,Rh, and resistance of the loop leg, were

derived using Peirce's and Kawabata's models as:

Rh =
��w (1 + � )

4
; (2.39)

and

Rl =
� [2l � �w (1 + � )]

4
; (2.40)

wherew is the width of a knit loop and � is the resistivity of the conductive yarn.

Furthermore, this model was implemented in a parametric study [72]. A com-

puter program was developed to simulate the theoretical model. The equivalent

resistance was determined directly from the sensor's knitting parameters using the

program. The simulation results generally agreed with the experimental results

and validated the accuracy of the model.
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Figure 2.13: Resistive model for an interlock knit sensor [13].

Atalay's model

Atalay et al. [13] proposed an electrical model for an interlock knit fabric imple-

mented in a heart rate monitoring system. Notably, the contact resistances and

length resistances were depicted in this model as shown in Figure 2.13. However,

the author postulates that the contact pressure at the head of the loops di�ers

from the contact pressure at the sinker loop. This was as a result of experimen-

tal observation on microscopic images on the knit sensor during a tensile test as

illustrated in Figure 2.14a. Particularly, the conductive loops at the header were

observed to separate completely at 20% strain while the conductive loops at the

sinker loop were observed to separate completely at 55% strain. This observation

has only been recorded in the study while every other study assumes that the

conductive pressure is uniform across the sensor. Perhaps, this was as a result of

the structure used, as Atalay et al.'s study is the only study that has used the

interlock structure.

Similar to Zhang's and Wang's models, Kircho�'s and Ohm's laws were em-

ployed in analysing the circuit. For a sensor of 8 courses and 21 wales, the matrix

expression was derived from the circuit analysis:
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Figure 2.14: a) Contact between interlocked loops during tensile test. b) Simu-

lation and experimental results of tensile test. Adapted from [13].

2
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4
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0 � Rcs Rh + Rl Rl 0 0 : : : 0
0 0 0 � Rl � Rs Rch : : : 0
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2
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i 4

: : :
i 21

3

7
7
7
7
7
7
5

;

(2.41)

whereRch and Rcs are the contact resistances of the loop head and sinker respec-

tively. Rs,Rh and Rl are the length resistances of the sinker, head and legs of the

knit loop.

The equivalent resistance of the sensor was derived as:

Req =
V
i 1

: (2.42)

The length resistances were calculated using Postle's model. Therefore:

Rh = Rs = �L o(1 + � ); (2.43)

Rl = �
l f � 2Lo(1 + � )

2
; (2.44)

wherel f and Lo are the length of the knit loop and the steady-state length of the

loop head.
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2.3 Weft Knit Strain Sensors

Although, the paper explains that the contact resistance occurs as a result of

Holm's contact theory, the parameters used in simulating the contact resistance

are vaguely explained. Furthermore, the percentage error was not reported but

it can be observed in Figure 2.14b that the simulation and experimental results

generally agree.

2.3.3 E�ect of Knitting Parameters

E�ect of Mechanical preconditioning:

Christina et al. [33] studied the impact of preconditioning on the piezoresistivity

of the sensor. In this study, 4 samples of sensors with knitted with 3 samples

having less than 50% combination of miss and tuck stitches and the last sample

having only knit loop stitches. The last sample served as the control sample.

These samples were preconditioned by performing 250 stretch-recovery cycles

to 16% extension along its course direction. This experiment was repeated at

di�erent elongation rates of 9.6mm=s and 12mm=s, and at di�erent currents.

It was observed that the peak-to-peak span of the sensor's resistance increased

rapidly in the �rst few cycles till it got to its maximum value and then reduced

till it got to a settling time after which its peak-to-peak span was relatively

constant. This experiment was repeated after a rest interval. It was observed

that mechanical preconditioning, reduced the maximum peak-to-peak span and

also the settling time of each sensor. Figure 2.15 illustrates the experimental

results for one of the samples. It can be observed that after the preconditioning

that occurred in the �rst session, the settling time for the second session,Ts2, is

far lower than the settling time for the �rst �rst session, Ts1.

E�ect of elastomeric yarn input tension

In [37], the e�ect of elastomeric yarn input tension was studied. The weft knit

strain sensors were knitted by embedding a course of conductive yarn in a host

fabric knitted in an interlock structure with an elastomeric yarn. Sensors were

knitted with the same yarns and number of course and wales. However, the

input tension of the elastomeric yarn was varied to observe its e�ect on the
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2.3 Weft Knit Strain Sensors

Figure 2.15: Impact of mechanical preconditioning on a weft knit strain sensor

[33]

sensor's electrical behaviour. It was observed that the steady-state resistance of

the sample group with the higher input tension of the elastomeric yarn was lower

than the sample group with a lower input tension. This occurred because the

higher input tension of the elastomeric yarn increased pressure at the contact

points in the sensor. Consequently, in accordance with Holm's contact theory

[73], the contact resistance reduces due to the increased contact pressure which

then reduces the equivalent resistance of the sensor. In addition, it was observed

that the gauge factor and theR2 values, which are indicators of the accuracy of

the sensor for linear strain measurements were higher in the sample of sensors

with the higher elastomeric yarn input tension.

E�ect of elastomeric yarn type

In order to observe the e�ect of elastomeric type, di�erent sensors were fabri-

cated with elastomeric yarns of varying densities. The sensors were also created

by embedding a course of conductive yarn in a host fabric knitted in an inter-

lock structure with an elastomeric yarn. All other parameters such as the input

38



2.3 Weft Knit Strain Sensors

tension of the elastomeric yarn and the number of courses and wales were kept

constant so that only the impact of the di�erent elastomeric yarns would be ob-

served [38]. Subsequently, the sensors were stretched to 40% strain during the

strain test. It was observed that sensors whose elastomeric yarn had the highest

densities produced the highestR2 values. Furthermore, the results showed that

the increases in the linear density of the elastomeric yarn caused an increase in the

gauge factor of the sensor. These phenomenon occurred because of the increased

thickness of the elastomeric yarn. From these results, we can summarise that an

increase in the contact pressure at the contact points, regardless of whether it is

caused by an increase in the density or the input tension of the elastomeric yarn

leads to a more linear sensor. It is likely that this phenomenon occurs because

a larger starting contact area leads to a longer period for contact between con-

ductive loops to exist during extension. During the period where contact occurs

the resistance of the sensor is relatively linear to its extension. Therefore, a lower

starting contact area or pressure will lead to a lower linear phase of extension

and thus a lower linearity of the sensor.

E�ect of conductive yarn input tension

Weft knit strain sensors were fabricated using the same methodology in previous

sections by embedding a course of conductive yarn in a host fabric. The host

fabric was knitted in an interlock structure with an elastomeric yarn. The input

tension of the conductive yarn was varied among the sensors while other knitting

parameters were kept constant [38]. Contrary to the e�ect of elastomeric yarn

input tension, increases in the conductive yarn input tension resulted in an in-

crease in the initial electrical resistance of the sensor. This occurred as a result of

the interlock structure used in the sensor. Particularly, the increase in the input

tension of the conductive yarn led to a lower stitch length used in the interlock

structure. Consequently, this led to a lower contact pressure at the contact points

and therefore a higher contact resistance and equivalent resistance of the sensor.

However, the higher input tension led to a reduced gauge factor andR2. This

con�rms our observation that a lower contact pressure/area leads to lower gauge

factor and R2 value which are representatives of the sensor's accuracy.
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2.3 Weft Knit Strain Sensors

E�ect of number of courses and wales

The e�ect of changes in the number of courses and wales on a weft knit strain

sensor was investigated by Li et al. [74]. Weft knit strain sensors were fabricated

with varying amount of wales and courses. The results of the study showed that

for a sensor comprising of a small number of wales and a large number of courses,

increases in the number of of wales led to a decrease in the sensor's resistances and

increases in the number of courses led to an increase in the sensor's resistance. In

contrast, for sensors consisting of a small number of courses and a large number of

wales, increases in the number of courses caused a decrease in the resistance of the

sensor while increases in the number of wales cause an increase in the sensor's

resistance. The reason for this phenomena was not explained in this study as

the authors were more concerned about producing an accurate electromechanical

model. However, this phenomena demonstrates the impact of asymmetry on the

resistance of the sensor as an increase in its asymmetry caused an increase in its

resistance while a decrease in its asymmetry caused a decrease in its resistance.

The e�ect of changes in number of wales and course was also illustrated in

[72]. It was observed that at each percentage of strain, increases in the number

of courses caused a decrease in the electrical resistance while increases in the

number of wales caused an increase in the electrical resistance.

2.3.4 Applications

Although, the use of weft knit strain sensors in HMC applications is nascent, this

section provides a comprehensive review of the few HMC applications utilising

weft knit strain sensors. In particular, Atalay et al. employed an interlock knit

sensor in creating a respiration monitoring system [13]. This system was a belt

that was to be worn on the abdomen (belly). Breathing was measured by the

strain on the knit sensor caused by the expansion and contraction of the abdomen.

Fast fourier transform (FFT) analysis was used to classify data obtained during

various activities such as walking, running, sitting and standing.

A wireless knee sleeve was fabricated by knitting PU/PEDOT:PSS �bres

which were created in a wet spinning process [36]. The knee sleeve was used
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2.3 Weft Knit Strain Sensors

Figure 2.16: Human motion sensing applications using weft knit strain sensors. a)

Respiration monitoring band with rib knit sensor [75]. b) Respiration monitoring

belt with interlock knit sensor [13]. c) Running tights with embedded weft knit

strain sensor [76]. d) Multi-use sensing band [77]. e) Wireless knee sleeve [36].

to monitor movements at the knee joint during rehabilitation activites. The col-

lected data was transfered to a PC for further processing using a Shimmer wireless

sensor. Furthermore, a graphene-coated knitted band was created for multiple

sensing applications [77]. It consisted of a knitted polyester fabric coated with

graphene. The sensing band was employed in detecting motion in di�erent parts

of the body including at the throat, �nger, wrist and cheeks.

A knee sensing sleeve was manufactured by integrating weft knit strain sen-

sors into running tights [76]. The weft knit strain sensors were knitted using

silver-plated conductive yarn and a elastic spandex yarn. The sensing system

was employed to detect the activities performed by the user and classify them

into running, walking, descending steps and climbing. In addition, another clas-

si�cation scenario was implemented to recognise whether the user was walking,

sitting or squatting. The gait motion recognition method was based on the de-

cision tree algorithm and it utilised the maximum, variance, median and average
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resistances as selected features.

Furthermore, a 1x1 rib knit sensor was implemented in a respiration sensing

belt [75]. The respiration data obtained from the belt was used in detecting the

standing, sitting and reading posture of the 20 participants. Subsequently, the

authors examined the e�ect of participant's weight, height, gender and ethnicity

on the respiration rate (RR) and cycle (RC). Although, the implementation of

a rib knit sensor in this wearable was interesting, the results of the experiments

are speculative. Particularly, Asian male participants were observed to have

higher respiration indices than the African male participants while African female

participants were observed to have higher respiration values than their Asian

female counterparts.

2.4 Chapter Summary

2.4.1 Research Gaps in Textile Strain Sensors

Although research in textile strain sensors is very promising, most studies have

focused on the nanomaterials used to fabricate these sensors. In particular, the

various textiles structures such as knitting and weaving have been largely ne-

glected. Most studies have only focused on the elasticity of the structures and

have neglected the impact of these structures on the piezoresistivity of the sen-

sors. Therefore, investigating the impact of the textile structures on the sensors

creates a novel research gap as there are several textile structures already em-

ployed in traditional textile applications that can be used in creating a strain

sensor. Moreover, the electromechanical behaviour of textile strain sensors is

poorly understood. Current studies are limited to the behaviour of the metallic

materials in the sensor. Therefore, investigating the electromechanical model of

the sensor in terms of the textile structure presents a novel research gap. Ge-

ometrical models of these structures can be adapted to accurately simulate the

piezoresistivity of the sensors.

In addition, textile sensors are known to have high elasticity, but they also tend

to have a low linearity, a high hysteresis and a high drift. Therefore, designing

a sensor con�guration that has a high linearity, a low hysteresis and low drift
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while still maintaining the high elasticity will increase its performance in HMC

applications. Furthermore, the use of machine learning to classify the output of

textile sensors is underutilised. Machine learning algorithms may still accurately

classify the output of the sensors in spite of the drift and hysteresis. In particular,

the use of machine learning in the classi�cation of the output of textile sensors

can aid the adoption of textile strain sensors in HMC applications.

Finally, there are very few HMC applications that comprise of textile strain

sensors. Although, textile sensors have the potential to disrupt wearable technol-

ogy because of their inherent advantages, there are very few studies to illustrate

this potential in HMC applications. Therefore, a research framework is needed

to illustrate the incorporation of textile sensors in a wearable device.

2.4.2 Conclusion

In this chapter, a comprehensive review of textile strain sensors has been provided.

Thereafter, knitting terminologies were described to aid the understanding of this

thesis. Furthermore, an exhaustive overview of research on weft knit strain sensors

was presented. All relevant studies on the characterisation, modelling, simulation

and application of weft knit strain sensors were discussed in this chapter.
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Chapter 3

Electromechanical Model of a

Weft Knit Strain Sensor:

In
uence of Loop and

Interlocking Angles.

In this chapter, a novel electromechanical model of a weft knit strain sensor is

proposed. This model comprises of length resistances derived by Postle's geomet-

rical model and contact resistances derived from the equivalent resistance. The

accuracy of this model is validated experimentally. In addition, a parametric

study is simulated to investigate the e�ect of changes in the interlocking and loop

angles on the piezoresistivity of the sensor.

3.1 Introduction

Research into the use of weft knitting to create textile sensors has rapidly ad-

vanced due to their potential to create wearable devices (wearables) which are

wholly textile [78]. Additionally, these wearables are less obtrusive than conven-

tional alternatives and have a higher chance of commercial adoption especially in

motion capture applications. Particularly, they can serve as a more comfortable

and less intrusive progress monitor and an input device for AR/VR rehabilitation

exercises.
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3.1 Introduction

Although the potential applications of weft knit strain sensors in wearables

are remarkable, most studies are purely experimental and do not provide enough

theoretical background that may guide design choices in applications. However,

there are a few studies that have presented a theoretical analysis of the electrome-

chanical properties of weft knit strain sensors. In particular, Zhang et al. [14]

proposed a model based on the hexagon model derived by Wu et al. [79] to simu-

late the electromechanical properties of a weft knit fabric made from conductive

yarn. Furthermore, the model was based on a plain knit, a base structure of weft

knit and the conductive yarn was modelled as a perfect intrinsic conductor. How-

ever, the model attempted to simulate the relationship between the resistance of

the fabric and the load applied but neglected to justify the relationship between

the fabrics resistance and its extension. Moreover, the model overlooks the e�ect

of length resistances (i.e. resistances of the heads and legs of the loops) on the

total resistance of the fabric.

Additionally, Wang et al. [67] pro�ered a hexagon electromechanical model of

a weft knit strain sensor created from conductive yarn. The total loop length was

calculated using the Kawabata model [66], while the Peirce loop model [80] was

used to determine the length of the head and legs of the loop. In a subsequent

study [72], an optimised model was developed by simulating the tensions in the

legs and heads of the loops using Popper model [81] to determine the force applied

on the sensor. However, both studies only modelled the resistance of the sensor

on the length resistances and failed to consider the contact resistance between

the conductive loops.

Conversely, Atalay et al. [13] postulated the electromechanical model of a weft

knit strain sensor which was based on the interlock knit, another base structure of

weft knitting. Furthermore, this model simulated both the contact resistances and

the length resistances. The length resistances were also calculated with Peirce's

model.

Although, the various electromechanical models used in these studies pro-

vide a reasonable accurate simulation of the sensor's piezoresistivity, they do not

illustrate how knitting parameters might a�ect the sensor's resistive behaviour.

In contrast, there are experimental studies that have investigated how knitting

parameters a�ect the sensor's piezoresistivity. Particularly, Atalay et al. [37]
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[38] investigated the e�ect of the input tension and the linear density of the

elastomeric yarn, and the input tension of the conductive yarn. It was observed

that increasing the input tension of the elastomeric yarn decreased the electrical

resistance of the sensor while increasing the input tension of the conductive yarn

increased the electrical resistance of the sensor. Furthermore, increasing the

linear density of the conductive yarn decreased the electrical resistance of the

sensor. These phenomena occurred because the input tension and linear density

a�ected the contact pressure between the interlocking loops. Additionally, the

e�ect of mechanical preconditioning was investigated in [33]. It was observed

that preconditioning reduced the peak-to-peak span of the sensor's resistance till

it reached a stabilised value. These studies although yielding interesting results

do not provide a theoretical model to analyse the cause of these e�ects.

It is clear that in order to design a weft knit strain sensor, a concise analy-

sis of how knitting geometrical parameters a�ect the sensor's resistive behaviour

must be understood. In this chapter, an electromechanical model of the sen-

sor's behaviour is proposed using two major knitting parameters, the loop and

interlocking angles. The accuracy of this model is veri�ed experimentally. Fur-

thermore, a parametric study of the impact of loop and interlocking angles on

the sensor's piezoresistivity is performed.

3.2 Methodology

3.2.1 Electromechanical Model of a Weft Knit Strain Sen-

sor

The electromechanical model of a weft knit strain sensor can be best described

by a resistive hexagonal model illustrated in Figure 3.1. This model comprises

of the length resistances and the contact resistances. The loop resistances are

the resistances across the loop head and loop leg which are represented byRh

and Rl respectively while the contact resistance,Rc, is the resistance between the

interlocking loops. Additionally, the basic assumptions in this model are:

1. Perfect contact occurs between interlocking loops.
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3.2 Methodology

Figure 3.1: Geometrical model and Equivalent Resistive Model of a Weft Knit

Strain Sensor.� is the loop angle,� is the interlocking angle andp is the course

spacing.

2. All respective lengths of the loop heads and loop legs are equal throughout

the sensor.

The resistive model of a weft knit strain sensor with three wales and three

courses is illustrated in in Figure 3.2. A circuit analysis is shown below to depict

how the equivalent resistance is calculated.

I n represents the hypothetical currents inn mesh of the circuit. Using Kir-

cho�'s voltage law and Ohm's law, the hypothetical currents are calculated as:

i = R � 1v; (3.1)

where

i =

2

6
6
4

I 1

I 2

: : :
I 14

3

7
7
5 ; (3.2)
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Figure 3.2: Resistive circuit model of a weft knit strain sensor with 3 courses and

3 wales.

R =

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
4

RRLC � Rh 0 � Rc 0 0 0 0 0 0 0 0 0 � (Rl + Rh)
� Rh RRLC � Rh � Rl � Rc 0 0 0 0 0 0 0 0 0

0 � Rh RRLC 0 � Rl 0 0 0 0 0 0 0 0 0
� Rc � Rl 0 RRLC � Rh � Rc � Rl 0 0 0 0 0 0 � Rh

0 � Rc � Rl � Rh RRLC 0 � Rc � Rl 0 0 0 0 0 0
0 0 0 � Rc 0 RRLC � Rh 0 � Rc 0 0 0 0 � (Rh + 2Rl )
0 0 0 � Rl � Rc � Rh RRLC � Rh � Rl � Rc 0 0 0 0
0 0 0 0 � Rl 0 � Rh RRLC � Rl 0 0 0 0
0 0 0 0 0 � Rc � Rl 0 RRLC � Rh � Rc � Rl 0 � Rh

0 0 0 0 0 0 � Rc � Rl � Rh RRLC 0 � Rc � Rl 0
0 0 0 0 0 0 0 0 � Rc 0 RRLC � Rh 0 � (Rl + Rh)
0 0 0 0 0 0 0 0 � Rl � Rc � Rh RRLC � Rh 0
0 0 0 0 0 0 0 0 0 � Rl 0 � Rh RRLC 0

� (Rl + Rh) 0 0 � Rh 0 � (Rh + 2Rl ) 0 0 � Rh 0 � (Rl + Rh) 0 0 5Rh + 4Rl

3
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; (3.3)

RRLC = 2( Rc + Rl + Rh); (3.4)

v =

2

6
6
4

0
0

: : :
V

3

7
7
5 : (3.5)

The equivalent resistance is then calculated as:

Req =
V
I 14

: (3.6)
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3.2.2 Determination of Length Resistances

The length of the loop head and legs are derived using the Postle model [16]. In

this study, the loop length of the head and legs can be derived from the loop angle

and the interlocking angles. The loop angle,� , is the angle between the loop's

tangent and the vertical at the centre locus of the loop while the interlocking

angle, � , is the angle at the interlocking locus between the loop's tangent and

the vertical.

To derive the length of the loop leg, it is considered as a bent beam. The

di�erence between the complete and incomplete elliptical integral is �rst obtained

as:

f (k; 
 ) = I (k;
�
2

) � I (k; 
 ); (3.7)

where I (k; �= 2) and I (k; 
 ), the complete and incomplete elliptical integrals re-

spectively are de�ned as:

I (k;
�
2

) =
Z �

2

0

d

p

1 � k2 sin2 

; (3.8)

I (k; 
 ) =
Z 


0

d

p

1 � k2 sin2 

; (3.9)

and parametersk and 
 are calculated as:

k = sin
�

�
4

+
�
2

�
; (3.10)


 = sin � 1

�
1

k
p

2

�
cos

�
2

� sin
�
2

��
; (3.11)

The length of the loop leg is then calculated as:

L l =
p

p
2(sin� + sin � )

f (k; 
 ); (3.12)

wherep is the course spacing.

To determine the length of the loop head,Lh, the loop head is considered to

be two equal segments of a circle with a diameter,d. The length of each segment,

lseg is de�ned as:

lseg =
( �

2 � � )d
2

; (3.13)
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where the diameter,d, is de�ned as:

d =
p

2(sin� + sin � )
: (3.14)

Hence, the length of the loop head,Lh is calculated as:

Lh =
p( �

2 � � )
2(sin� + sin � )

: (3.15)

Rl and Rh are length resistances based on the resistivity of the conductive

yarn and the loop length of the fabric and are described as:

Rl =
� � L l

A r
; (3.16)

Rh =
� � Lh

A r
; (3.17)

where� is the resistivity of the conductive yarn andA r is the cross-sectional area

of the conductive yarn.

3.2.3 Determination of Contact Resistance

The contact resistance is usually determined using Holm's contact theory which

postulates that a contact resistance exists when there is su�cient contact between

two conductors. This theory was applied to the weft knit strain sensor because of

the conductive properties of its conductive yarn. Therefore, the contact resistance

can be calculated as:

Rc =
�
2

r
�H
nPr

; (3.18)

where,Rc is the contact resistance,� is the electrical resistivity,H is the hardness

of the material used,n is the number of contact points andPr is the contact

pressure between the conducting materials.

Typically, the material hardness and the electrical resistivity are constant

based on the properties of conductive yarn used, while the number of contact

points is subject to the sensor's design. Therefore, the changes to the contact

resistance is dependent on changes to the contact pressure between the loops.
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Consequently, the weft knit strain sensor is a piezoresistive sensor because its

contact pressure varies based on the strain applied to the sensor. However, the

geometrical complexity of a weft knit strain sensor has prevented the researchers

from predicting or measuring the contact pressure between interlocking loops.

Therefore, alternative methods such as measuring the contact force experimen-

tally during tensile strain have been proposed to determine the contact resistance

[14] [13].

Furthermore, Zhang et al. [14] proposed from empirical observations that the

contact resistance of the sensor can be determined from the equivalent resistance

of the sensor. This relationship was presented as:

Req = Rc � C; (3.19)

where C is a variable coe�cient based on the number of courses and wales. By

observing the calculation of the equivalent resistance from the circuit analysis in

equations (3.1)-(3.6). We derive that:

R � 1
end = Req; (3.20)

whereR � 1
end is the last element in the inverse matrix of the resistance matrix,R.

Therefore,

R � 1
end = K � Rc; (3.21)

where K is the coe�cient of the contact resistance in R � 1
end and can also be

represented as a function of the length resistances.

K = f (Rh; Rl ): (3.22)

This method is satisfactory for simulating fabrics with a small amount of

courses and wales but it is very computationally intensive to simulate relatively

large fabrics (> 15 wales and> 15 courses). Therefore, we propose a method that

determines the contact resistance from the experimental equivalent resistance in

a less computationally demanding control algorithm. This method is illustrated

in Algorithm 1. By initialising K with any positive value, the contact resistance

can be determined from the experimental equivalent resistance. Subsequently,
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the algorithm optimises the contact resistance by comparing the current simu-

lated resistance to its previous value. The algorithm stops updating the contact

resistance when the di�erence between the current contact resistance and the pre-

vious value is less than 3% of the current contact resistance. This threshold was

selected because the di�erence in the accuracy of the model becomes insigni�cant

below the threshold.

Algorithm 1 Contact Resistance solution
1: Initialise :

2: Rsim  0

3: K  0 < K < inf

4: Loop :

5: Rc = Rexp=K

6: Input Rc into modelled circuit to determineRsim

7: if jRsim (n) � Rsim (n� 1) j > (0:03� Rsim (n)) then

8: K = Rsim (n)=Rc

9: goto Loop

10: else

Return Rc

11: end if

. R sim and Rexp are the simulated and experimental equivalent

resistances respectively

3.2.4 Model Simulation and Validation

The model proposed above is simulated using Matlab and LTspice with parame-

ters shown in Table 3.1. Additionally, the proposed model was validated exper-

imentally by fabricating a sensor plain knitted with a conductive multi�lament

yarn. The conductive yarn was a Schoeller multi�lament yarn comprising 80%

polyester and 20% stainless steel and was purchased from Uppingham Yarns Ltd.

The yarn is fairly inelastic although it is stated to have a maximum extension of

5.5% according to its speci�cation sheet. Its yarn count and linear density were

also stated as 2=50Nm and 400 dtex respectively.
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Figure 3.3: (a) Experimental setup with Instron 3369 and multimeter, (b) Weft

knit strain sensor.

The sensor illustrated in Figure 3.3 was fabricated with Shima Seiki Mach2s

and dry relaxed for 48 hours to ensure it reached its stable-equilibrium state. It

was then subjected to a tensile test in the wale-wise direction using an Instron

3369 tensile machine at a speed of 10mm per minute till the sensor reached its

breaking point while its resistance was measured simultaneously with a multi-

meter. The experimental setup is also depicted in Figure 3.3. Subsequently, the

percentage error between the results of the proposed model and the experimental

results was determined.

In addition, we investigate the impact of changes in the loop and interlocking

angles on the piezoresistivity of the weft knit strain sensor. In particular, we per-

form a parametric study by creating varying simulation cases with di�erent loop

and interlocking angles to observe their e�ect. Furthermore, the range of angles

selected in the simulation cases are based on geometrical limitations imposed by

width and length jamming [16].
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Table 3.1: Numerical Parameters for Simulation and Experimental Validation.
Parameters Values

Number of courses 72

Number of wales 72

� (� ) 24.75

� (� ) 10.85

� (ohm � mm) 300

Loop spacing (mm) 3

Yarn Diameter (mm) 0.4

3.3 Results

3.3.1 Model Simulation and Validation

Figure 3.4 shows the simulation and the experimental results while Figure 3.5

shows the percentage error between the two results. It can be observed that

the resistance curves between extension span of 2% and 14.6% are very similar.

During this span, the mean percentage error was 10.4%. However, Between the

0%-2% span, there was a signi�cant disparity between the simulated and exper-

imental results. This is likely as a result of the 2-dimensional limitations of the

proposed model because in reality the sensor is 3-dimensional.

Another factor for this disparity might be the lack of mechanical precondi-

tioning which was intentionally avoided as it was outside the scope of this study.

Particularly, mechanical preconditioning would have led to a reduced initial re-

sistance as a result of stabilisation. Furthermore between the ranges 14.6%-16%,

the disparity is also signi�cant. This occurred because the sensor was close to

its breaking point. Although the sensor is modelled in ideal conditions where

contact across all loops are equal, it was observed that loops at the middle break

contact before other loops. Nevertheless, the mean percentage error between the

simulated and experimental results along the entire tensile range was 16.63%.

Another empirical observation was the minor instability in the sensor's resistive

behaviour under tensile strain. This was caused by sensory noise common to

analog sensors and can be smoothened using conventional �ltering techniques.
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Figure 3.4: Simulated and experimental results of a weft knit strain sensor during

tensile test.

3.3.2 E�ect of Loop and Interlocking Angles on the Piezo-

resistivity of a Weft Knit Strain Sensor

The impact of changes in the loop angle is illustrated in Figure 3.6. The inter-

locking angle and other parameters were kept constant so that only the e�ect of

changes in the loop angle will be observed. As a result of geometrical limitations

caused by width and length jamming, only values between 23:7� - 25:8� were sim-

ulated as the loop angle. It was observed that although increases in the loop angle

were directly proportional to the increases in the initial resistance, the change in

the initial resistance between the maximum and minimum loop angles was only

2.27%. This was as a result of the small range of 2:1� between the maximum and

minimum loop angles.

The e�ect of changes in the interlocking angle was also investigated. The loop

angle and other parameters were kept constant while the interlocking angle was

varied between 3:7� - 18� . This range was also selected due to the geometrical

limitations caused by width and length jamming. It was observed in Figure 3.7
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Figure 3.5: Percentage error between the simulated and experimental results.

that increases in the interlocking angle caused the initial resistance to decrease.

Particularly, the change in initial resistance between the minimum and maximum

interlocking angles was 25.5%. Additionally, the mean resistance across the tensile

test reduced as the interlocking angle increased. The decrease in mean resistance

was calculated to be 22.2% between the lowest and highest interlocking angles.

This occurred because increases in the interlocking angle decreased the lengths of

the loop head and the loop legs, which then reduces their respective resistances

and thus the equivalent resistance of the sensor.

Furthermore, it was observed that the loop and interlocking angles did not

a�ect the overall exponential relationship between the sensor's resistance and

its extension. This is because the loop and interlocking angles only a�ect the

length resistances and not the contact resistance which represents the shape of

the sensor's resistance-extension curve.
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3.3 Results

Figure 3.6: E�ect of Loop angle on weft knit strain sensor (� = 10:85; Cn =

72; Wn = 72)

Figure 3.7: E�ect of Interlocking angle on weft knit strain sensor (� =

24:75; Cn = 72; Wn = 72)
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3.4 Conclusion

In this study, we have presented a resistive model of a weft knit strain sensor

based on its loop and interlocking angles. Particularly, we have ensured that

the length resistances and the contact resistances were considered. Moreover,

we simulated this model using Matlab and LTspice software and veri�ed the

results experimentally. The mean percentage error between the simulated and

experimental results was calculated as 16.63%. Furthermore, a parametric study

was performed to investigate the impact of the loop and interlocking angles on the

sensor's piezoresistivity. It was observed that increases in the loop angle caused

proportional increases in the initial resistance of the sensor up to a maximum

increase of 2.27% while increases in the interlocking angle caused a decrease in

the initial and mean resistance of the sensor up to a maximum decrease of 25.5%

and 22.2% respectively.
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Chapter 4

Weft Knit Data Glove

In this chapter, we design a weft knit strain sensor with a novel con�guration

of conductive yarn and elastomeric yarn to improve the extensibility of the sen-

sor. Thereafter, we simulate the piezoresistivity of the sensor and validate it

experimentally using the methodology established in Chapter 3. A lightweight

textile glove embedded with these weft knit strain sensors was manufactured us-

ing WholeGarment technology. This eliminated the use of an external attachment

between the sensors and the rest of the glove as seen in traditional data gloves.

Furthermore, the reliability of the glove is veri�ed experimentally and classical

machine learning algorithms are implemented in classifying the glove's data.

4.1 Introduction

Stroke is one of the major causes of disabilities in adults. A major challenge most

stroke survivors face is the loss of their motor skills, especially the individual

�nger movements in the hand [82, 83]. Although only 15% fully recover, a large

majority will relearn some of their motor skills by performing repetitive tasks in

therapy [84]. A key factor in improving rehabilitation is progress measurement.

Progress measurement involves collecting the data on the relearning rate of the

a�ected joint and the patient's recovery in general. Furthermore, 45% of post-

stroke patients return home and still need ongoing therapy to recover their motor

skills [85]. Therefore, only patients who can a�ord private therapists who visit to

take measurements have chances of a full recovery. Even with a private therapist,
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there is a chance that their visits might not coincide with rare occurrences that

are important to the patient's progress measurement [86].

Therefore, an approach is needed that enables the collection of data from the

patient's hand without the need to schedule a therapist's appointment. There are

two major methods in measuring the 
exion of �nger joints and they are camera-

based and data glove approaches. Camera-based approach involves the use of

a camera and markers in which images acquired are processed to calculate the


exion at the joints [87, 88]. Although the accuracy of this approach has been

improved by the use of more novel and complex image processing techniques,

they are not commercially feasible in remote monitoring due to privacy concerns

as these cameras can be vulnerable to attacks and could be used to record the

private lives of the patients. Furthermore, the use of stationary cameras deprives

the patient of free movement as they have to be stationary for the camera to

accurately capture the �ngers motion. Multiple cameras such as in [89] could

alleviate this problem but this increases cost and may be higher than the cost of

multiple therapist home visits.

In contrast, data gloves provide a cheaper and more e�cient alternative as the

patient can wear it while performing their daily activities. However, the conven-

tional design of data gloves prevent their large scale adoption in the rehabilitation

industry. Particularly, the conventional design comprises of an external attach-

ment that adheres the sensors to the support structure. The support structure is

usually a textile glove that places the sensors at the phalangeal joints. This design

causes the data glove to be bulky and produce inconsistent results progressively

with the degradation of the attachment. Table 4.1 illustrates a summarised review

of di�erent data gloves, highlighting their sensors and the method of attachment.

Fabric padding is the most common method of attachment in data gloves. It

involves placing strain sensors such as �bre-optic and 
ex sensors in between

multiple layers of fabric in a textile glove. Popular commercial data gloves such

as Cyberglove and 5DT 5 Ultra have utilised this method [90, 91, 92, 93]. How-

ever, this leads to at least three layers of sensor and support structure which

causes a bulky data glove and might impede the progress of patients in sensitive

applications.
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Table 4.1: A Comparison of Data Gloves.
Type of Sensor Attachment Method Reference

Conductive elastomer composites Ink printing [94]

Fibre optical sensors (5DT 5 Ultra) Fabric padding [90, 91, 93]

Hall e�ect sensors Fabric padding [95]

Piezo-resistive sensors (Cyberglove)Fabric padding [92]

Magnetic sensing coils Electrical wires [96]

Flex sensors Fabric padding [97, 98, 99,

100, 101]

Accelerometers (KHU-1) Hook-and-loop fasteners [102]

Flex sensors Cyanoacrilic glue [103]

Bend sensors and IMUs Fabric padding [104]

Conductive polymer (PEDOT:PSS)

ink

Ink jet printing [105]

IMUs and force sensors Cable ties [106]

IMUs Hook-and-loop fasteners [107, 108]

Soft sensor Silicon rubber curing [109]

IMUs Textile cables [110]

Metalized fabric conductors Sewing and fabric

padding

[111]

Bend sensors (Shadow glove) Plastic sheath padding [112]

Semi-Conducting scotch tape Fabric padding [113]

Ink printing is a great lightweight alternative to the fabric padding method as

it involves printing conductive ink on a textile glove at phalanx joint locations.

This ensures that the glove is not as bulky as the number of layers are limited to

one in most places and two in the phalanx joints [94][105]. However, conductive

inks are vulnerable to environmental degradation which will lead to inconsistent

results when the data gloves are not used in the optimal environmental condi-

tions. Other chemical methods of attachment such as silicon rubber curing and

cyanoacrilic glue are also degradable and will eventually lead to distorted results.

In contrast, weft knit strain sensors present a unique potential in the design

of wearable devices as the sensors and the support structure can be created in a
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single knitting process. Particularly, knee sleeves and respiration belts have been

developed using weft knit strain sensors [13, 36, 76]. However, there has been no

data glove created with weft knit strain sensors.

Therefore, this chapter presents a weft knit smart data glove capable of mea-

suring the �nger 
exion at the interphalangeal joints is proposed. Furthermore,

this glove utilises WholeGarment technology to fabricate the sensors and the

support structure in a single manufacturing process thus eliminating the need for

an external attachment. This ensures that the glove is unobtrusive, lightweight

and accurate. Additionally, the glove is commercially feasible because custom-

sized data gloves can be manufactured easily as we depart from a one-size-�ts-all

philosophy.

In addition, a novel loop con�guration comprising of an elastomeric yarn and a

conductive yarn is knitted in a plain structure to create the sensor. Moreover, the

electromechanical behaviour of this sensor is modelled using Postle's geometrical

model [16] and validated experimentally. The advantage of using Postle's model is

that it enables the modelling of the length of the loop legs and head based on the

loop's interlocking and loop angles. Finally, the weft knit data glove is validated

in terms of its consistency and the performance of some classical machine learning

algorithms on the application of the glove in a classi�cation scenario is evaluated.

4.1.1 Related Work

Weft knitting is one of the most popular knitting techniques and it involves

interlocking loops of yarn in a horizontal direction such that the feet of the loop

legs lock with the head of the previous knitting cycle's loops [57]. Therefore,

when conductive yarn is weft knitted, contact resistances occur because of the

interlocking of conductive loops. The contact resistance is dependent on the

contact pressure between the interlocked loops which varies based on the load

applied on the sensor [74, 114, 115].

Consequently, the weft knit strain sensor is classi�ed as a piezoresistive sensor

due to the changes in the resistance of the sensor caused by the applied load.

The conductive yarn could be a yarn coated with conductive ink or a multi�la-

ment yarn comprising of stainless steel �bres. Multi�lament conductive yarns are
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preferable to silver-coated yarns in the creation of wearable sensors because they

are more environmentally stable [78]. Furthermore, the behaviour of the sensor

is dependent on the sensor's knit structure and its knitting parameters.

The strain sensing properties of weft knit fabric knitted with conductive yarn

was investigated in [14]. The sensor was knitted in a plain knit structure with

a stainless steel multi�lament conductive yarn and tested experimentally to ob-

serve the sensor's piezo-resistivity. It was observed that the resistance of the

sensor reduced exponentially as the load applied increased. This occurred be-

cause the contact resistance formed by the contact between the interlocked loops

of conductive yarns varied due to the change in contact pressure caused by the

load applied.

Furthermore, the e�ect of mechanical preconditioning was investigated in [33].

Di�erent sensors were knitted in a plain knit structure but with di�erent loop

con�gurations and were experimentally tested. Subsequently, it was observed

that mechanical preconditioning caused the resistance of the sensors to reduce

till it reached a stabilised value.

In addition, Atalay et al. [37, 38] investigated the e�ect of the conductive

yarn's input tension and linear density on the sensor's piezo-resistivity. In con-

trast, the sensor was knitted in an interlock structure. It was observed that the

electrical resistance of the sensor increased when the input tension or the linear

density was decreased. This e�ect materialised because the input tension and the

linear density a�ected the contact pressure between the intermeshed loops.

Despite the breakthroughs in these investigations, there have been few studies

illustrating the application of weft knit strain sensors in motion capture. Particu-

larly, a heart monitoring belt was developed using an interlock knit strain sensor

[13]. The belt measured heart rate from the expansion and contraction of the ab-

dominal area. Moreover, the sensor's electromechanical model was derived from

the Peirce's [63] geometrical model. This model derived the lengths of the loop

head and legs from the diameter of the yarn used. Additionally, the sensor was

knitted with conductive yarn made by coating non-conductive yarn with silver.

Conventionally, the creation of knitted garments followed the design method-

ology of current data gloves. It involved knitting the di�erent parts of the gar-

ment separately and then attaching them by sewing. However, the introduction
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4.2 Weft Knit Strain Sensor

of WholeGarment technology has facilitated the fabrication of entire knitted gar-

ments in a single process. This is relevant in the creation of textile sensors because

it enables the creation of both the sensors and the non-conductive support struc-

ture in the same fabrication process. Additionally, in applications which might

require a complex design of the sensor such as for progress measurement in the

knee or ankle, it enables the creation of the sensor in a single process. This is

advantageous because sewing di�erent parts of the sensor together will impact

the extensibility and the piezoresistive behaviour of the sensor.

4.1.2 Contributions

The main contributions of this chapter are as follows:

1. We propose a novel sensor con�guration comprising conductive yarn and

elastomeric yarn to increase the 
exibility of a weft knit strain sensor. In

addition, we modify the electromechanical model in Chapter 3 to simu-

late the piezoresistivity of the sensor con�guration. The accuracy of the

simulated model is veri�ed experimentally in a tensile test.

2. We design a novel textile data glove comprising of weft knit strain sensors

with no external attachment between the sensors and the support structure.

The con�guration of the sensors are novel and we observe their repeatability

in a 
exion-extension experiment.

3. We investigate the e�ect of drift in the sensor's output on the performance

of machine learning algorithms in a classi�cation scenario. Notably, it is

the �rst time machine learning algorithms have been utilised in classifying

data from a weft knit strain sensor.

4.2 Weft Knit Strain Sensor

The weft knit strain sensor was designed with a novel combination of conductive

and elastomeric yarn knitted in a plain knit structure. The design is illustrated
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4.2 Weft Knit Strain Sensor

Figure 4.1: Design of the weft knit strain sensor.� is the loop angle,� is the

interlocking angle and a course represents a horizontal row of knitted loops.

in Figure 4.1. Unlike in Chapter 3 where the sensor was knitted with only con-

ductive yarn, we integrated an elastomeric yarn to create a more elastic sensor.

Particularly, we achieve this by knitting 50% of the courses with elastomeric yarn

in a pattern where a course of conductive yarn courses is succeeded by a course

of elastomeric yarn loops and is repeated till the last course of the sensor. The

elastomeric yarn is a double covered yarn comprising of 82.76% Nylon and 17.24%

Lycra. It has a maximum extension of 320% and was purchased from Stretch-

line UK. In addition, a plain knit structure was selected ahead of an interlock

structure because interlock knitted fabrics are less extensible than plain knitted

fabrics.

4.2.1 Electromechanical Model

The circuit in this sensor di�ers from the sensor shown in the Chapter 3 because

of the addition of a non-conductive elastomer. However, the methodology used to

derive the length and contact resistances in Chapter 3 is utilised in the electrome-

chanical model of this sensor. Moreover, the same conductive yarn is used in the

fabrication of this sensor. It is a multi�lament yarn comprising of 80% polyester

and 20% stainless steel. Due to its metallic properties, its length resistances of
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4.2 Weft Knit Strain Sensor

Figure 4.2: Circuit model of the weft knit strain sensor. (Z � 1) is the number

of wales in the sensor.

the loop head and legs were modelled asRh and Rl while the contact resistances

between interlocking conductive yarn loops were modelled asRc. The model also

follows the basic assumption that the geometry of each loop is constant across

the sensor.

As a result of the knitting action of the cam box in a knitting machine, when

two yarns are used interchangeably across di�erent courses, there is a crossover

at the edge of the fabric between the previous and the current course knitted by

the same yarn. In this sensor, the crossover between the conductive courses is

modelled asRco. The combination of the resistances in a conductive course and its

respective crossover is termed as a conductive section. The equivalent resistance

of eachn conductive section is modelled asRn
s . Therefore, the circuit of the sensor

represented in Figure 4.2 represents a series network of conductive sections and

the number of conductive sections is equal to the number of conductive courses

in the sensor.

V n
s represents the voltage across each conductive section. Due to the afore-

mentioned modelling assumption stating that the geometry of each conductive

loop is constant across the sensor, the equivalent resistances of the conductive sec-

tions are equal. Thus, the voltage across each conductive section,V n
s is calculated

as:
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4.2 Weft Knit Strain Sensor

V n
s =

V
n

; (4.1)

whereV is the voltage across the sensor. LetI 1 - I Z represent the hypothetical

currents 
owing in the meshes of the circuit (as shown in Figure 4.2) and are

solved using Kircho� voltage law and Ohm's law as:

i = R � 1v; (4.2)

where in a sensor with 72 courses (36 conductive courses) and 36 wales (i.e.

Z=37),

i = [ I 1; I 2; : : : ; I 36; I 37]T ; (4.3)

v = [ V n
s ; 0; : : : ; 0; 0| {z }

36zeros

]T ; (4.4)

R =

2

6
6
6
6
6
6
4

18(Rc + Rh) + Rco � Rc � Rh : : : � Rh

� Rc Rc + Rh + 2Rl � Rl : : : 0
� Rh � Rl Rc + Rh + 2Rl : : : 0
� Rc 0 � Rl : : : 0
: : : : : : : : : : : : : : :

� Rc 0 0 : : : Rc + Rh + 2Rl

3

7
7
7
7
7
7
5

: (4.5)

The equivalent resistance of each conductive section is calculated as:

Rn
s =

V n
s

I 1
: (4.6)

4.2.2 Determination of Length Resistances

The length resistances are derived from the Postle's geometrical model of a weft

knit loop [16]. This model determines the length of the loop legs and head from

the loop and interlocking angles of the loop. The loop angle,� , is the angle

between the loop's tangent and the vertical at the centre locus of the loop while

the interlocking angle,� , is the angle at the interlocking locus between the loop's

tangent and the vertical.

By considering the loop leg as a bent beam, its length was derived as:

L l =
p

p
2(sin(� ) + sin( � ))

f (k; 
 ); (4.7)
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wherep is the course spacing.f (k; 
 ) is the di�erence between the complete and

incomplete integrals and can be calculated as:

f (k; 
 ) =
Z �

2

0

d

p

1 � k2 sin2(
 )
�

Z 


0

d

p

1 � k2 sin2(
 )
; (4.8)

and parametersk and 
 are calculated as:

k = sin
� �

4
+

�
2

�
; (4.9)


 = sin � 1

�
1

k
p

2

�
cos

�
�
2

�
� sin

�
�
2

���
: (4.10)

The length of the loop head was considered to be the sum of two equal seg-

ments of a circle and is derived as:

Lh =
p( �

2 � � )
2(sin (� ) + sin ( � ))

: (4.11)

The resistances of the held loop's legs and head are then calculated as:

Rl =
�L l

A r
; (4.12)

Rh =
�L h

A r
; (4.13)

where A r is the cross-sectional area of the conductive yarn. The length of the

crossover was empirically observed to be twice the course spacing,p. Therefore,

the resistance of the conductive crossover is calculated as:

Rco =
2p � �
A r

: (4.14)

4.2.3 Determination of Contact Resistance

Contact resistance only occurs when there is contact between two conductors.

Particularly, it occurs at the contact between the conductive loop legs as illus-

trated in the enlarged frame in Figure 4.1. According to Holm's contact theory,

the contact resistance can be calculated as:
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Rc =
�
2

r
�H
nPr

; (4.15)

where,Rc is the contact resistance,� is the electrical resistivity,H is the hardness

of the material used,n is the number of contact points andPr is the contact

pressure between the conducting materials.

Typically, the material hardness and the electrical resistivity are constant

based on the properties of conductive yarn used, while the number of contact

points is subject to the sensor's design. Therefore, the changes to the contact

resistance is dependent on changes to the contact pressure between the loops.

However, simulating or predicting the contact pressure between the interlock-

ing loops has proven cumbersome due to the geometrical complexity of a weft

knit strain sensor. Therefore, alternative methods such as obtaining the contact

resistance empirically from the contact force have been proposed [13]. However,

Zhang et al. [14] suggested from experimental observations that the relationship

between the contact and equivalent resistances can be depicted as:

Req = RcD; (4.16)

whereD is a variable coe�cient based on the sensor design.

By using a control algorithm illustrated in Algorithm 2, we determine the

contact resistance from the equivalent resistance. The algorithm is initialised

with any positive value asD. Subsequently, the algorithm employs a control

feedback by inputting the calculated contact resistance into the modelled circuit.

The output equivalent resistance termed asRsim is then used to determine the new

coe�cient, D. The optimised contact resistance is produced when the di�erence

between the previous simulated equivalent resistance and its current value is

less than 3% of the current value. This threshold was chosen empirically as no

signi�cant change in accuracy of the model was detected below the threshold.

4.2.4 Model Validation

This model was veri�ed by fabricating sensors with the aforementioned sensor

design and the knitting parameters enumerated in Table 4.2. Subsequently, the

sensors were dry relaxed for 48 hours to remove any excess strain between the
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Algorithm 2 Contact Resistance Solution
1: Initialise :

2: Rsim  0

3: D  0 < D < inf

4: Loop :

5: Rc = Rexp=D

6: Input Rc into modelled circuit to determineRsim

7: if jRsim (n) � Rsim (n� 1) j > (0:03� Rsim (n)) then

8: D = Rsim (n)=Rc

9: goto Loop

10: else

Return Rc

11: end if

. R sim and Rexp are the simulated and experimental equivalent

resistances respectively.

loops as a result of the knitting process. The sensors were then put through

a tensile test in an Instron3369 tensile machine where it was extended till 35%

extension while its resistance was measured with a digital multimeter. The loop

con�guration of the sensor and the experimental setup are shown in Figure 4.3.

Furthermore, a simulation of the model was also performed using Matlab and

LTspice with the same numerical parameters.

4.3 Data Glove

The weft knit data glove was designed using Shima Seiki's sds one apex3 apparel

CAD software such that the weft knit strain sensors were located at the distal and

proximal interphalangeal joints while the rest of the glove was knitted with the

same elastomeric yarn used in the sensors. Particularly, the sensors were knitted

to wrap around the joints to maximise its sensitivity. The elastomeric yarn was

selected for the rest of the glove because it provides a tight and 
exible �t that

is optimal for sensing applications while also providing a comfortable experience

for the user. WholeGarment technology enabled the knitting of all sensors and
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Figure 4.3: (a) Experimental setup with Instron 3369 and Multimeter. (b) Image

of sensor's loop con�guration.

the support structure of the glove in a single manufacturing process without any

external attachment. The glove design and the fabricated glove are illustrated in

Figure 4.4. The glove was knitted with Shima Seiki Mach2s which is equipped

with WholeGarment technology. Furthermore, the dimensions used in knitting

the glove were selected based on the main author's hand size. This illustrates

its commercial feasibility as several data gloves can be fabricated based on sizes

similar to the creation of conventional fabrics.

4.3.1 Data Acquisition

A data acquisition system is embedded in the glove to transmit data to a com-

puter. Particularly, it consists of a microprocessor and a set of resistors that

form a voltage divider circuit with the ADCs (analog-digital converter) of the

microprocessor. The microprocessor used was an Arduino lilypad and it was se-

lected because of its 6 analog inputs which can be connected to the sensors via
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Table 4.2: Numerical parameters for Simulation and Experimental Validation
Parameters Values

Number of conductive courses 36

Number of elastomeric courses 36

Number of wales 36

� 24:75�

� 10:85�

Course spacing 3mm

Yarn diameter 0.4mm

Resistivity 300(ohm�mm)

Figure 4.4: Block diagram illustrating the design and implementation of the weft

knit Data glove.

sewing. Particularly, the sensors at the PIP (proximal interphalangeal) joints

are connected to the analog inputs of the microprocessor by sewing conductive

thread in front of the glove. Furthermore, the sensors were also connected to the

negative pin of the microprocessor at the back of the glove to prevent a short

circuit between the positive and negative threads. These analog inputs have in-

dividual ADCs that convert analog voltages between 0 and 3.3volts to digital

values between 0 and 1023. This allows the microprocessor to read the data of all

�ngers in parallel. The microprocessor was programmed to transmit data from

the sensor at a frequency of 20 Hertz. However, the analog output of weft knit

strain sensors is electrical resistance, therefore a voltage divider circuit is required
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Figure 4.5: Robotic hand used for glove evaluation. (a) Side view (b) Front view

illustrating its motors.

to convert the sensor's resistance to voltage. The sensor voltage is obtained as:

Vsensor = Vinput �
Rsensor

Rf ixed + Rsensor
; (4.17)

whereVsensor is the calculated sensor's voltage,Vinput is the input voltage,Rf ixed is

a �xed resistor value andRsensor is the variable resistance of the weft knit strain

sensor. Furthermore, the computer also provides power to the microprocessor

although a coin-cell battery can be embedded in the glove to enable it store data

for upload at a later date.

4.3.2 Glove Evaluation

The robotic hand shown in Figure 4.5 was applied as an emulation tool in eval-

uating the glove's sensor. Its joint angle was set accurately without constraints

such as fatigue and stability that may plague human participants when instructed

to maintain a posture for a considerable period. The robot was obtained com-

mercially and consists of stepper motors that control the joints at each �nger. All

evaluations were performed with the proximal interphalangeal joint of the middle

�nger of the robot.
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Flexion and Extension

The �rst experiment consists of the opening (extension) and closing (
exion) of

the hand. This test simulates one of the prominent hand motions and depicts

the repeatability of the sensor. The robot was programmed to perform this at a

frequency of one oscillation every 9 seconds.

Drift

Weft knit strain sensors are known to observe phenomena such as hysteresis and

drift that negatively impact the sensor's output [37]. Drift occurs when the

sensor's output stray away from the original measurement when the extension of

the sensor is constant.

A second experiment was performed to visualise the drift in the sensor and

illustrate the use of machine learning in reducing the impact of this phenomenon

in a classi�cation scenario. In this scenario, the sensor's output was recorded

when the joint was held at 0� , 15� , 30� , 45� , 60� and 75� for 90 seconds. The �rst

15 seconds and the last 15 seconds were eliminated to remove the noise caused

by the impact of switching to the next angle. Subsequently, classical machine

learning algorithms such as Support vector machines (SVM), Linear Regression

and na•�ve Bayes were used to classify the sensor's output.

4.4 Results and Discussion

4.4.1 Model Validation

The average experimental and simulation results of the strain test are illustrated

in Figure 4.6. The sensor exhibits an exponential relationship between its resis-

tance and extension. The piezoresistivity plot of the sensor can be divided into

three phases. In the �rst two phases, the sensor resistance decreases linearly as

the sensor is extended but the slope of decrease varies between the two phases. In

the third phase, the sensor's resistance is relatively constant. This occurs because

at this level of extension, the contact resistances between certain conductive loops
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Figure 4.6: Experimental and simulation results of strain test.

in the sensor are negligible. The �rst linear phase occurs between 0% and 6% ex-

tension, the second linear phase occurs between 6% and 25%, and the third phase

occurs after 25% extension. Our simulation results largely agree with the experi-

mental results. Particularly, the average percentage error between the simulation

and experimental for the entire range of extension was 11.47%. However, the

error was lower when excluding the third phase. The average percentage error in

the linear phases was 7.33% while the average percentage error in the third phase

was 21.66%. The increase in the error in the third phase ensued because of the

di�culty in simulating the speci�c loops whose contact resistances are negligible

when the sensor is extended beyond 25%. Particularly, our simulation assumes

uniform behaviour across all knit loops in the sensor but in reality, this is not the

case especially as the sensor approaches its breaking point.

In addition, we illustrate the relationship between the derived contact resis-

tance and the simulated equivalent resistance at each level of strain in Figure

4.7. We observed that the change in contact resistance between the conduc-

tive loops is directly proportional to the change in the equivalent resistance of

the sensor. Moreover, theR2 value of its linear �t was calculated to be 0.9742,

thereby showing a high linearity of the relationship between the contact resistance
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4.4 Results and Discussion

Figure 4.7: Relationship between the contact resistance between the conductive

loops and the equivalent resistance of the sensor.

and the equivalent resistance. This is important because it can simplify future

simulations of the electromechanical behaviour of weft knit strain sensors. Fur-

thermore, this relationship explains the contact between the loops as the sensor is

stretched. From equation 4.15, we observe that the contact pressure is inversely

proportional to the contact resistance. Therefore, since the equivalent resistance

is directly proportional to the contact resistance, we assume that the equivalent

resistance is inversely proportional to the contact pressure. Furthermore, by ob-

serving the relationship between the equivalent resistance and the extension of

the sensor in Fig 4.6, we derive that the contact pressure between the conductive

loops increases exponentially as the sensor is extended.

4.4.2 Glove Evaluation

Flexion and Extension

Figure 4.8 shows the result of the 
exion and extension at the robot's joint. It

was observed that the sensor's output was noisy particularly at the peaks and
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troughs of the signal. Therefore, a Savitzky-Golay �lter (polynomial order of 5

and window length of 85) was applied on the output. Savitzky-Golay was selected

because of its advantage in removing noise while still preserving the shape of the

signal. In addition, it has been deployed in the �ltering of the output of weft

knit strain sensors [33]. The selection of its con�guration was chosen empirically

by varying the polynomial order and its window length till an optimal result

was observed. The �lter removes most of the noise that was present in the raw

signal and illustrates the repeatability of the sinusoidal oscillations in the sensor's

output. However, there are still minor distortions in the �ltered signal. These

distortions represent the hysteresis and drift common in weft knit strain sensors.

Drift

The sensor's output at each angle threshold in the drifting experiment is shown

in Figure 4.9. This �gure provides a preliminary visualisation of the experiment's

results. The mean and median values illustrate the skew of the data. We observed

that the output of the sensor reduced as the angle increased for most of the

experiment. However, changes in the angles at the beginning and end of the

experiment opposed this observation. This was expected as prior experimental

results from the tensile test had shown instability and non-linearity in the sensor's

output at the beginning and end of its extension respectively.

A detailed visualisation of the data is illustrated in Figure 4.10 with an his-

togram plot and its probability distribution �t. As illustrated in the histogram

plots, the sensor's output 
uctuates despite the �xed angle of the robot's joint.

However, we observe that the most of the data were within a limited range dur-

ing these 
uctuations. Particularly, we observe that the data at each angle were

mostly distributed into two classes. Therefore, we implemented a mixed Gaus-

sian distribution (MGD) using expected maximisation (EM) algorithm [116] to

provide an accurate �t of the data. We also limited the number of classes to two

based on our empirical observations to prevent over�tting. From the MGD �ts,

we observed that one class was signi�cantly smaller than the other class in terms

of the density. We hypothesise that the smaller class is noise and the bigger class
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Figure 4.8: Flexion and extension experimental result.

Figure 4.9: Data plot of drift experimental result. Mean and median are shown

to illustrate skew of data.
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4.4 Results and Discussion

Figure 4.11: Mixed gaussian distribution �ts of the sensor's output at various

angles.

is the real signal. However, we did not eliminate the noise to prevent biasing the

results of the classi�ers.

Furthermore, we plot the MGD �ts of all angles in Figure 4.11. This depicts a

comprehensive view of the e�ect of drift on the sensor's output. We observed that

drift causes the distribution �ts of some angles to overlap each other. Particularly,

the drift in the sensor's output at 0� and 75� may reduce the accuracy of a linear

classi�er. Therefore, although drift occurs at every angle in the experiment, the

impact on classi�cation is worse when considering the instability and non-linearity

of the sensor's output at speci�c sections of its extension.

Subsequently, we evaluate the performance of three classi�ers in accurately

classifying the sensor's data. These classi�ers are SVM, Linear Regression and

na•�ve Bayes algorithms [117, 118]. Particularly, each classi�er is evaluated on its

performance in classifying the data of a speci�c angle from all other angles. The

performance metric for evaluating the classi�ers is the area under the receiver

operating curve. Firstly, a confusion matrix comprising of the true positive rate

(TPR) and the false positive rate (FPR) of the classi�er is computed. The TPR is

the proportion of correctly identi�ed data values while the FPR is the proportion
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4.4 Results and Discussion

Figure 4.12: Area under the ROC for the di�erent classi�ers at the various angles.

of incorrectly identi�ed data values. The TPR and FPR for each classi�er is

plotted as a receiver operating curve (ROC). The area under the ROC (AUC) is

then calculated using the trapezoidal rule.

The classi�cation results are shown in Figure 4.13 and Figure 4.12. We ob-

served that na•�ve Bayes classi�er performed better than other classi�ers with an

average AUC of 0.9327 while linear regression and SVM had an average AUC

of 0.7667 and 0.6557 respectively. Linear regression under-performed because as

observed in the visualisation of the data, the overlap of data from di�erent angles

complicate the linear classi�cation of the data. Moreover, this also explains why

SVM under-performed because of the di�culty of its linear kernel in classifying

the data. It is likely that if a non-linear kernel such as the Gaussian kernel is

implemented, it would improve its performance. However, na•�ve Bayes classi�er

performed adequately because it assumed the independence of each feature in

deriving the probability of the feature vectors.
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4.5 Conclusion

4.5 Conclusion

In this chapter, we have proposed a wholly textile data glove capable of measur-

ing the joint angles of the interphalangeal joints. We achieved this by creating

its novel weft knit strain sensors and its textile support structure in a single fab-

rication process. Additionally, we presented the electromechanical model of its

sensors and veri�ed it experimentally. Moreover, we evaluate the repeatability of

the glove in a 
exion and extension experiment. The results show that when a

�lter is applied to remove the noise, the consistency of the glove is veri�ed. Fur-

thermore, we evaluate three machine learning algorithms in classifying the output

of the data. We observe that the drift in the sensor limits the performance of

linear classi�cation algorithms. However, the performance of na•�ve Bayes clas-

si�er illustrates that a non-linear classi�er can perform excellently in classifying

the glove's output.

Future work will investigate the performance of deep learning algorithms in a

real-world classi�cation scenario such as grasp or gesture recognition.
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Chapter 5

Grasp Classi�cation with

Weft-knit Data Glove using

Convolutional Neural Networks

Deep learning algorithms have been shown to classify data more accurately than

classical machine learning algorithms. In this chapter, we apply a deep learning

algorithm, a convolutional neural network (CNN), to classify data acquired from

human participants using the data glove in two grasp classi�cation scenarios. In

addition, we compare the classi�cation accuracy of CNN with classical machine

learning algorithms applied on the data set. The results show that the simple

CNN algorithm outperforms these classical machine learning algorithms.

5.1 Introduction

The use of weft knit strain sensors in wearable devices provides a substantial

potential in designing textile wearable devices that are light weight, 
exible and

accurate [14]. Wearable devices that comprise of weft knit strain sensors include a

knee sleeve and a respiration belt [13, 76]. In Chapter 4, we designed a lightweight

textile data glove whose sensors and support structure are wholly textile. The

entire glove is fabricated in a single manufacturing process thus eliminating the

need for an external attachment between the support structure and the strain

sensors. We achieved this by weft knitting conductive yarn and an elastomeric
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5.1 Introduction

yarn into weft knit strain sensors and weft knitting the rest of the glove with the

elastomeric yarn using WholeGarmentT M technology. Consequently, our data

glove provides the feel and appearance of normal clothing while being capable of

sensing strain.

Classi�cation of the acquired data into comprehensible information is vital for

the increased adoption of wearable devices as it is impractical for physiotherapists

to understand the raw data. The use of machine learning in conjunction with

a data glove to classify acquired data into various sign languages is quite popu-

lar [119, 120, 121]. However, only a few studies have utilised machine learning

techniques in classifying the grasps performed with a data glove. Particularly,

Bernardin et al. [122] employed HMM to classify gestures made with a sensor

fusion of tactile sensors and Cyberglove. The gestures were classi�ed using Ka-

makura taxonomy into four major categories: power, intermediate, precision and

thumbless grips. Classi�cation accuracy was an average of 85.25% for the single-

user system and 91.5% for the multiple-user system. In addition, Heumer et al.

[123] compared 28 di�erent classi�ers categorised into Lazy, function approxi-

mators, Tree-based and Rules-based and Bayes classi�ers in the classi�cation of

grasps performed using a Cyberglove. It was observed that on average, function

approximating classi�ers performed best with a minimum and maximum accu-

racy of 81.41% and 86.8% respectively. Although, the results of these classical

machine learning algorithms are quite promising, they are limited by the selection

of their hand-crafted features. The performances of these algorithms are limited

because they rely on the manual selection of features that best represent the data.

In contrast, deep neural networks (DNN) extract optimal features directly

from the data by its layer-by-layer processing and in-model feature transforma-

tion. This has enabled DNN to outperform classical machine learning techniques

in various applications such as computer vision, speech recognition and disease de-

tection [124, 125, 126, 127, 128, 129, 130]. Convolutional neural networks (CNNs)

are the most popular DNN algorithms. Typically, they comprise of stacked con-

volutional �lters, activation and pooling layers that enable its optimal selection

of discriminative features in a time-series data. CNN algorithms have been very

successful across several �elds particularly in the �eld of rehabilitation using elec-

trocardiography (ECG) and electromyography (EMG) data [131, 132, 133, 134].
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5.2 Materials and Methods

Furthermore, CNN algorithms have been employed in grasp classi�cation,

albeit using a camera-based method. Notably, images of 500 objects were clas-

si�ed into four categories: pinch, tripod, palmar wrist neutral and palmar wrist

pronated. In an o�ine test, the CNN algorithm performed at an accuracy of 85%

for seen objects and an accuracy of 75% for unseen objects [135]. Seen objects

were objects used for the algorithm's validation that were included in the training

data while unseen objects were validation objects that were not included in the

training data and were therefore novel to the algorithm.

In addition, CNNs have been utilised successfully in other glove-based gesture

classi�cation. The taxonomies in these studies include sign languages and custom

taxonomies[136, 137, 138]. In particular, CNN was used to classify hand poses

acquired with a data glove [139]. The classi�cation accuracy was computed to be

89.4%. However, the study was limited to only one participant.

Although CNN algorithms have performed excellently across several classi�ca-

tion applications, to the best of our knowledge, they have not been implemented

in grasp classi�cation using a data glove. Therefore, in this chapter, we propose

applying CNN in classifying grasps performed with the weft knit data glove. We

compare the results with popular classical machine learning algorithms. Our re-

sults show that the simple CNN architecture outperforms the classical machine

learning algorithms.

5.2 Materials and Methods

5.2.1 Data Glove

In this study, we utilise the data glove illustrated in Chapter 4. As shown in

Figure 5.1, it is a wholly knitted textile glove with no external attachment be-

tween the support structure and the strain sensors. This was achieved by knit-

ting the sensors and the support structure in a single fabrication process using

WholeGarmentT M technology. Data is transmitted by sewing conductive thread

from the sensors in the data glove to the analog-digital converters (ADC) located

in the microprocessor (Arduino Lilypad). A voltage divider circuit enables the
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5.2 Materials and Methods

ADC to convert the resistance of the weft knit strain sensors to digital values be-

tween 0 and 1023. The microprocessor is connected to a computer (Intel I7-8750H,

16GB RAM, Nvidia GTX1060) for o�ine processing on MATLAB R2019. The

USB port of the computer also powers the microprocessor. Furthermore, positive

and negative connections are prevented from creating a short circuit by sewing

the negative connections at the back of the glove and positive connections at the

front of the glove. The measurement setup is depicted in Figure 5.1(b) and (c).

Figure 5.1: (a) Fabricated weft knit data glove, (b) Front view of the data glove

and its embedded measurement setup, and (c) Back view illustrating connection

with conductive thread.

5.2.2 Experimental Setup

This study was approved by the Faculty Research Ethics Committee of University

of Leeds, UK (reference: MEEC 19-006). There were �ve healthy participants

in this study including three males and two females. All participants signed an

informed consent form. The ethical approval of this study and the consent form

is shown in Appendix A.

The Schlesinger taxonomy [140, 141] was used in this study for selecting the

grasp types. This taxonomy is widely known to be the earliest study to accurately
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Table 5.1: Objects used in the experiment and their grasp types

Grasp Type Objects

Cylindrical Water bottle, 
ask, co�ee cup, can, plastic bottle.

Hook Mug, bag strap, headphones, kettle, back pack.

Lateral Key, CD, ruler, id card, spoon.

Palmar breadboard, phone, match box, multimeter, plastic case.

Spherical Lemon, orange, apple, mouse, onion.

Tip Pen, pencil, chopstick, stylus, ball pen.

Figure 5.2: Grasp types of objects used in the study (Schlesinger taxonomy).

categorise the di�erent grasps of a human hand [142]. We selected this taxon-

omy as a research constraint that acts as a base in which more patient-tailored

taxonomies can be built upon.

For each grasp type shown in Figure 5.2, 5 objects were selected for the

experiment. These objects and their corresponding grasp type are enumerated in

Table 5.1. The participants performed �ve grasps per object thereby providing a

total of 750 samples (5 participants x 5 grasps x 30 objects). Each grasp was for

30 seconds and participants were allowed to take breaks during the experiment

to prevent fatigue.
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5.2.3 Data Pre-processing

Data was recorded by the glove at a frequency of 20 hertz from the �ve sensors

located at the distal interphalangeal joints. For each 30 seconds grasp of an

object, 3000 (600 x 5 sensors) data values were recorded. This data obtained in

the time series represents the signal features. As CNN requires a 3d image as an

input, each grasp is represented as a 600x5x1 array. A short transition time was

implemented between each new grasp to facilitate the collection of data. This

transition time was later removed from the data to ensure that only the grasping

period was recorded from the glove. In addition, this eliminated the complexities

that involve the starting position of the grasping hand.

We perform no feature extraction or �ltering of the data for CNN or the

classical machine learning algorithms as this study aims to show the performance

of algorithms in classifying raw data from weft knit strain sensors. Particularly,

as research on classi�cation using weft knit strain sensors is still nascent, it would

be impractical to extract features manually.

5.2.4 CNN Algorithm

Convolutional Neural Networks are feed forward deep neural networks consisting

of stacks of convolutional and pooling layers and then one or more fully connected

layers [143, 144]. The convolutional layers employ convolution in extracting the

features from the input data. Particularly, feature maps are generated by con-

volving the input signal with �lters (kernels) consisting of neurons with learnable

weights and biases. The convolution operation of theg-th feature map on the

f -th convolutional layer located at position (a; b) can be described as:

va;b
f;g = �

0

@bf;g +
X

i

X f � 1X

x=0

Yf � 1X

y=0

wx;y
f;g;i va+ x;b+ y

f � 1;i

1

A ; (5.1)

where bf;g is the feature map's bias,wx;y
f;g;i is from the weight matrix, X and Y

are the kernel's height and width respectively, and� (�) is a non-linear activa-

tion function such as Recti�ed Linear Unit (RELU), Sigmod or Tanh. In our

architecture we use a RELU non-linear function and it can be represented as:

� (k) = max(0 ; k): (5.2)
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A pooling layer is added between convolutional layers to increase the invari-

ance of the feature maps to minor changes in the input. It achieves this by

aggregating the neighbouring outputs as a representative of the spatial region.

In earlier studies, average pooling was the standard. However, maximum pooling

has become the benchmark in state-of-the-art CNN approaches [143]. Similar to

traditional neural networks, the fully-connected (FC) layer(s) classi�es the input

signal based on the extracted features obtained from previous layers.

5.2.5 CNN Architecture

An ablation study was performed to determine the optimal CNN con�guration.

Four parameters (i.e. the number of convolutional blocks, the number and size

of convolutional �lters, and the dropout layer's probability) were varied to create

16 CNN con�gurations. These parameters are known to signi�cantly impact

the performance of a CNN [145]. The con�gurations and their parameters are

shown in Table 5.2. All other parameters were constant for all con�gurations.

In particular, each convolutional block had a recti�ed unit layer (RELU) acting

as a nonlinear activation function, a downsampling pooling layer with �lters of

size 2x1 and a dropout layer to reduce over�tting. The last convolutional block

was connected to a fully-connected layer with 6 hidden units representing the 6

grasp types, a softmax layer which employs a cross entropy loss function and a

classi�cation layer. Moreover, the networks were trained at a dynamic learning

rate using stochastic gradient descent. The initial learning rates were 0.001 and

were reduced by 95% after every 10 epochs. The batch sizes were �xed at 16 and

the number of epochs was 36.

These con�gurations were utilised in classifying the data in two experiments.

In the �rst experiment, one grasp was used as the validation data while the re-

maining 4 grasps were used as the training data i.e (80% training data and 20%

validation data). Thereafter, cross validation was performed by repeating the

experiment 5 times where each grasp was utilised as the validation data. In the

second experiment, the CNN con�gurations were trained with 4 out of 5 objects

with the remaining object as the validation data i.e (80% training data and 20%
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Figure 5.3: CNN architecture (C15) for grasp classi�cation.

validation data). Cross validation was also performed by repeating the experi-

ment 5 times where each object was used as the validation data. The average

accuracy of each CNN classi�er in both experiments was calculated. These exper-

iments were performed on Participant 1's data with the aim of utilising the best

CNN con�guration in terms of classi�cation accuracy on an expanded experiment

comprising of all participants.

The results of this study are also shown in Table 5.2. It was observed that

CNN con�gurations with two convolution blocks had a higher accuracy than

similar con�gurations with only one convolutional block. However, the higher ac-

curacy occurred at a computation cost as observed in the increased run times seen

in con�gurations with two convolutional blocks. In particular, con�gurations with

two convolutional blocks had run times that were on average 1.5 seconds longer

than similar con�gurations. However, the aim of this ablation study was to se-

lect the optimal CNN con�guration in terms of its accuracy. Therefore, classi�er

C15 illustrated in Figure 5.3 was seen to achieve the highest average classi�ca-

tion accuracy and was selected as the optimal CNN con�guration. Moreover, in

comparison with con�gurations with two convolutional blocks, the computation

time of C15 was relatively low. No further optimisation of C15 was performed

in its implementation on the expanded experiment. This study was important in

ensuring that the optimal parameters were selected for the CNN algorithm.
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Table 5.2: CNN con�gurations and their respective parameters.
Con�g. Conv.

Filter

size

Number

of Conv.

Filters

Number

of Conv.

blocks

Dropout

Proba-

bility

Accuracy Run

time

C1 3x2 32 1 0.1 81.00 4.5s

C2 3x2 32 1 0.2 82.67 4.4s

C3 3x2 32 2 0.1 83.67 6.0s

C4 3x2 32 2 0.2 82.00 6.1s

C5 3x2 64 1 0.1 79.67 5.0s

C6 3x2 64 1 0.2 76.33 5.0s

C7 3x2 64 2 0.1 83.67 6.7s

C8 3x2 64 2 0.2 81.00 6.9s

C9 3x3 32 1 0.1 78.67 4.7s

C10 3x3 32 1 0.2 80.67 5.0s

C11 3x3 32 2 0.1 83.67 6.3s

C12 3x3 32 2 0.2 82.00 6.1s

C13 3x3 64 1 0.1 81.00 5.1s

C14 3x3 64 1 0.2 78.33 5.1s

C15 3x3 64 2 0.1 86.00 6.2s

C16 3x3 64 2 0.2 82.34 6.3s

5.2.6 Classi�cation Scenarios

In this study, we evaluate the performance of the selected CNN (C15) and other

algorithms on the following classi�cation scenarios. These scenarios are:

Object Seen

This scenario exempli�es applications where the validation objects are known.

That is, the objects in the validation data are part of the training data. Tradi-

tionally, classi�ers will achieve high accuracy in this scenario but because weft

knit strain sensors experience hysteresis and drift, the performance of the classi-

�ers will be adversely a�ected. In this scenario, the classi�ers were trained with

4 out of 5 grasps of an object and validated with the last grasp of the object (i.e.
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120 images for training and 30 images for validation per participant). Cross val-

idation was performed by repeating this experiment 5 times where each grasp of

an object was selected as the validation data and computing the average accuracy.

Furthermore, this was repeated for all participants and the average accuracy was

recorded.

Object Unseen

This scenario illustrates applications where the objects grasped by the patient

are unknown. It ensures that the therapist is provided with some information

about the grasp type despite the object being held by the patient is not part of

the training data set. In these experiments, the classi�ers were trained with 4

out of the 5 objects in each grasp type and were validated with the last object

(120 images for training and 30 images for validation per participant). Similar

to the object seen experiment, cross validation was performed by repeating the

experiment 5 times where each object was selected as the validation data and the

average accuracy was computed. In addition, the experiment was repeated for

all participants.

5.2.7 Comparative Machine Learning Techniques

In this study, popular machine learning techniques were implemented to compare

their performance with the CNN in the various applications. These techniques

include k-nearest neighbours (k-nn), Support Vector machine (SVM) and Decision

Trees (trees) [108, 146, 147, 148, 149]. The default parameters in Matlab R2019's

Machine Learning Toolbox were selected for the various con�gurations of these

techniques. As there are no classi�cation studies with weft knit strain sensors,

these parameters were chosen from a popular and reliable toolbox to provide a

veri�able comparative study.

k-nearest neighbours (k-nn)

k-nn is a probabilistic pattern recognition technique that classi�es a signal output

based on the most common class of its k nearest neighbours in the training data

[150]. The most common class (also referred to as the similarity function) can
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be computed as a distance or correlation metric. In this study, we select the

Euclidean distance as the similarity function as it is the most commonly used

metric in k-nn. The number of k-neighbours was varied to be 1, 10 and 100 for

�ne, medium and coarse k-nn techniques respectively. The probability density

function p(M ; cj ) of the output data M belonging to a classcj with j th training

categories can be computed as:

p(M ; cj ) =
X

nz �knn

d(M ; nz)V(nz; cj ); (5.3)

where nz is a neighbour in the training set,V(nz; cj ). The Euclidean distance

d(M ; nz) of output data M and neighbournz can be calculated as:

d(M ; nz) =

vu
u
t

kX

z=1

(M z � nz)2: (5.4)

Gaussian SVM

Traditionally, support vector machines (SVM) is a supervised learning method

used for performing linear classi�cation. However, the data obtained during ex-

periment cannot be separated using linear hyperplanes because of the close re-

semblance of some grasp types and the hysteresis and drift that occur in a weft

knit strain sensor [151]. In order to use SVMs for non-linear classi�cation, we ap-

ply Gaussian kernels which can map the data into an unlimited dimension space.

Three variations of Gaussian SVM were implemented by selecting 7.9, 32, and

130 on the kernel scale for �ne, medium and coarse Gaussian SVM respectively.

The decision function for Gaussian SVM classi�cation of pattern datau can be

represented as:

f (u) = sign
� hX

k=1

� kck exp
� �k uk � uk2

2� 2

�
+ t

�
; (5.5)

where ck is the class label for thek-th support vector uk , � k is the Lagrange

multiplier, and t is the bias.
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Decision Tree

Decision tree is a supervised learning technique that aims to split classi�cation

into a set of decisions that determine the class of the signal [152]. The output of

the algorithm is a tree whose decision nodes have multiple branches and its leaf

nodes deciding the classes. Three con�gurations of the Decision tree algorithm

were implemented by varying the maximum number of splits as 100, 20 and 4 for

�ne, medium and coarse Decision tree respectively.

5.3 Results

5.3.1 Object Seen

Figure 5.4 illustrates the accuracy of the classi�ers when the object to be grasped

is known. CNN outperforms all the classical classi�ers with an average accuracy

of 88.27%. This accuracy is slightly lower than results obtained by commercial

data gloves in other classi�cation scenarios. This is caused by the drift that occurs

in weft knit strain sensors. Drift causes the output of the sensor to stray despite

the absence of change in its extension.

Figure 5.5 illustrates the confusion matrix of the average results of all par-

ticipants in the object seen scenario. The confusion matrix shows that grasps

of Hook, Lateral, Spherical and Tip are classi�ed excellently at 87.2%, 92.8%,

92% and 92.8% respectively. In contrast, the average classi�cation accuracy of

Cylindirical and Palmar grasps were signi�cantly lower at 80% and 84.8% respec-

tively.

Figure 5.6 depicts a detailed view of the average classi�er class performance

on each participant. CNN outperforms all classi�er classes for each participant in

terms of its mean accuracy. In particular, it outperforms other classi�er classes

by an average of 21% in terms of its mean classi�cation accuracy. Moreover,

CNN achieves an accuracy of 99.33% for Participant 5 (P5) because the glove

was manufactured to �t the hand size of this participant.
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5.3 Results

Figure 5.4: Object seen. Bars represent mean accuracy of the classi�er and

error-bars illustrate the standard deviation.

Figure 5.5: Confusion matrix depicting the average results of the object seen

scenario.
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5.3 Results

Figure 5.6: Detailed results of object seen. Bars represent mean accuracy of

the classi�er class performance for each participant and error-bars illustrate the

standard deviation.

5.3.2 Object Unseen

Figure 5.7 depicts the accuracy of the classi�ers when the validation object is

unknown. This exempli�es applications where the glove may be used to grasp

objects not within the training data. It was observed that the accuracy of the

classi�ers in this scenario were lower than the accuracy seen in object seen sce-

nario. This was expected as it is common in glove-based gesture classi�cation

because the validation objects are not part of the training data (i.e., they are un-

known). Nonetheless, CNN outperforms the classical machine learning methods

with an average accuracy of 75.73%.

Figure 5.8 illustrates an expanded view of the performance of each classi�er

class on the participants. CNN outperforms other classi�er classes in each par-

ticipant in terms of its mean accuracy. Particularly, for P5, it outperforms the

next best classi�er class by 23.8%.
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5.4 Discussion

Table 5.3: Accuracy of CNN classi�er for each participant in the two classi�ca-

tion scenarios
Participants Object seen Object unseen

Mean Std. Mean Std.

P1 91.33 2.66 76.00 4.90

P2 87.33 9.29 74.00 13.40

P3 80.67 4.90 69.33 12.54

P4 82.67 6.80 66.67 8.69

P5 99.33 1.33 92.67 9.98

Average 88.27 5.00 75.73 9.90

Figure 5.9 depicts the confusion matrix of the average results of all participants

in the object unseen scenario. Similar to the results obtained in the object seen

scenario, the algorithm struggled with classifying Cylindrical and Palmar objects

with classi�cation accuracy of 63.2% and 68.8% respectively. In contrast, higher

classi�cation accuracy were achieved in Hook, Lateral, Spherical and Tip objects

with accuracy of 72.8%, 84%, 79.2% and 86.4% respectively.

5.4 Discussion

In the last decade, the implementation of convolutional neural networks in sev-

eral applications has been very popular. These applications include image and

text classi�cation, disease recognition and gait classi�cation. In these applica-

tions, CNN has outperformed popular machine learning algorithms because of its

ability to automatically extract features from the data set. In contrast, machine

learning algorithms require manual feature extraction techniques such principal

component analysis or dimensionality reduction to produce accurate classi�ca-

tion accuracy. However, despite its popularity, there has been no research on

its application to grasp classi�cation from data obtained with a piezoresistive

data glove. Therefore, this study aims to bridge that gap by implementing a

CNN architecture that outperforms classical machine learning algorithms in this

application.
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5.4 Discussion

Figure 5.7: Object unseen. Bars represent mean accuracy of the classi�er and

error-bars illustrate the standard deviation.

Our results show that a simple CNN architecture outperforms k-nn, Gaussian

SVM and Decision Tree algorithms in both classi�cation scenarios. Moreover,

the simplicity of our CNN architecture is intentional. Particularly, the absence

of research illustrating the implementation of CNNs in this application caused

us to investigate the performance of a simple architecture before applying more

complex CNN architectures.

In addition, the results in Table 5.3 illustrate that the accuracy of all algo-

rithms are higher for P5 (participant 5) than for other participants. This tran-

spired because the data glove was created to �t the hand size of this participant.

This illustrates the potential of textile wearables, as the one-size-�ts-all con-

straints can be eliminated by fabricating these devices alongside the conventional

size measurements (for example: XS-extra small, S-small, M-medium, L-large

etc.) that have been used in the clothing industry for several decades. Therefore,

by utilising weft knit strain sensors, higher classi�cation accuracy can be achieved

by creating perfectly �tting wearables based on the user's physical dimensions.
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5.4 Discussion

Figure 5.8: Detailed results of object unseen. Bars represent mean accuracy of

the classi�er class performance for each participant and error-bars illustrate the

standard deviation.

Furthermore, the results of this study in Table 5.4 show that the average

accuracy of most classi�ers reduced in the second classi�cation scenario. This

scenario depicted an application of the glove where the grasp type of the ob-

ject is unknown. Consequently, the validation data set comprises objects not

in the training data set. Therefore, it is a more di�cult classi�cation problem

for the algorithms. However, despite this di�culty, CNN still outperforms other

classi�ers.

Although, CNN outperforms other classi�ers, its average accuracy among the

participants is less than 90%. However, we have shown that for participants

for whom the glove is speci�cally designed for, then the average accuracy was

much higher (> 99% for seen objects and> 92% for unseen objects) regardless of

whether the validation object was part of the training set. This is remarkable

for classi�cation using weft knit strain sensors as they are still technologically

immature and struggle with hysteresis and drift. This is a fertile area for further
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