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ABSTRACT 
Touch is an essential modality in shopping context, but it is 
still missing from online stores. The purpose of this study is 
to explore the crowdsourcing of tactile experience of 
textiles and to fill this gap. Previous studies have focused 
on the crowdsourcing of verbal descriptors for textiles. 
However, for the multimodality of tactile experience, the 
crowdsourcing of not only verbal but also kinematic 
information of textile interaction is required to establish 
tactile communication. In this thesis, the aim is using 
motion sensors to investigate the automatic recognition of 
properties assessed in tactile interaction with textiles.  

Two experiments with the same procedure were conducted 
in this study. Participants were asked to assess five 
properties for different fabrics while the wearable motion 
sensor captured the kinematic data. The first experiment 
was carried out in experimental settings, and a classification 
model was built on the kinematic data. All properties being 
assessed were classified by the model with above-chance 
accuracy. The second experiment was carried out in 
physical store. The model generated in Experiment 1 failed 
to classify the field data in experiment 2, suggesting the 
large difference between the textile interactions in lab and 
field settings. However, the addition of field data on the 
experimental data increased the validity of the model, 
which implied the importance of large dataset. The 
individual models built upon data from both experiments 
illustrated large individual difference in textile interaction, 
so personalisation of the model should be considered. 

This study proved the potential of motion sensors to 
recognise textile properties. Future direction could involve 
the refinement of property recognition or the design of 
output device for the kinematic data to complete the tactile 
communication. 
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1. INTRODUCTION 
Touch is an important sensory modality in shopping context, 
but this modality is currently missing from the online stores. 
Posting textile samples is a solution for this problem but it 
is costly in both time and resource aspects. This thesis is 
aimed to address this issue by investigating the 
crowdsourcing of tactile experience with textiles. Previous 
literatures regarding this topic are mainly focused on the 
verbal descriptors of the tactile experience with textiles, 
which is insufficient to communicate the complete tactile 
information due to the limitation of words and individual 
difference in verbal description.  

Since the textile interaction experience is also modulated by 
kinematics (e.g. pressure, velocity, etc.) [15], further studies 
started to focus on the crowdsourcing of tactile experience 
in motion modalities. Cary [11] showed that people are able 
to tell the textile property being assessed by another person 
simply by watching the movements performed, which leads 
to the possibility to crowdsource the movements for the 
assessment of different properties of textiles. This can then 
lead to the potential to crowdsource the movements of 
textiles with different levels of properties (e.g. smoothness 
level 1, softness level 3, etc.).  

This thesis is exploring the potential of motion sensors to 
carry out automatic recognition of properties being assessed 
in textile interactions, in order to enable crowdsourcing of 
movements in the future. 
1.1 Motivation  
With the fast growth of technology, the internet is 
becoming a prevalent medium for numerous activities. 
Shopping, for instance, is one of the activities that has been 
experiencing rapid growth on the Internet [7]. Hence, it is 
of critical concern to enhance the customer experience for 
online shopping in order to continue the prosperity of e-
commerce. One of the main issues for online shopping is 
the lack of the tactile sensory modality. Most shopping 
websites provide visual and sometimes audio presentations 
of products, but the touch modality is always absent. Given 
the difficulty to build a true digital mediated touch for on-
line product exploration, this work aims to explore the 
possibility of crowdsourcing tactile experience of product, 

MSC HCI-E FINAL PROJECT REPORT 
Project report submitted in part fulfilment of the requirements for 
the degree of Master of Science (Human-Computer Interaction 
with Ergonomics) in the Faculty of Brain Sciences, University 
College London, [2019]. 
 
NOTE BY THE UNIVERSITY 
This project report is submitted as an examination paper. No 
responsibility can be held by London University for the accuracy 
or completeness of the material therein. 
 



 2 

in particular crowdsourcing handling of textile products, 
and sharing them with the on-line user.  

Tactile experience is an essential component in physical-
store shopping, and it contributes to many aspects of 
shopping experience. Touch is indeed ranked as the second 
important sensory modality in product evaluation, and it is 
the most essential sensory modality during the evaluation of 
fashion products [52]. When shopping for apparels, 
consumers evaluate the products using both visual and 
tactile modalities, and the tactile cue also acts as a 
peripheral factor in the decision-making process [45]. This 
factor affects consumers subconsciously, that the un-
satisfaction in tactile interaction can directly lead the 
consumer to abandon the product [19]. In addition, the 
tactile information enhances consumers’ confidence during 
the evaluation of products [44], and it contributes to the 
persuasiveness and the aesthetic appreciation of the product 
as well [27,46]. In contrast, without the tactile information, 
consumer may wrongly select textiles and result in the 
returning of products, which is costing almost double of the 
original price [50]. Therefore, tactile experience is an 
essential element in the shopping process, but it is still 
lacked in online shopping context. This problem could be 
reduced by bringing tactile experience to on-line sites. 

Direct interactions with textile are even more important for 
experts in fashion industry. In order to understand the 
textile comprehensively and elicit design ideations, 
designers need direct interactions with the textile using 
different parts of the body and sometimes using external 
means, or even to understand their customer reaction to the 
textile. [48]. They also need to see how their customers 
would interact with the textile to better understand what 
product or clothes the textile should become and what 
emotions it should trigger. So, in the design process, textile 
samples will be sent from the producer of the textile to 
designers and from the designer to their customers to enable 
physical handling and return verbal evaluations of the 
textiles.  

While verbal descriptions are very limited. Designers’ say 
that they need to see the hand of their customers moving to 
understand their implicit subjective experience of the 
textiles [48], posting textiles is also both costly and 
environmentally damaging. On the business aspect, as 
textile samples are usually sent free of charge, posting large 
amount of textile samples is fairly costly for the company. 
A brand leader for decorative textiles in UK claims that 
they send out around 1.2m of textile samples per year, with 
each costing 25-30p depending on the material. Among 
these samples, most were sent to the trade customers free of 
charge [57]. On the environment aspect, annually, millions 
of tonnes of textile waste are discarded in different parts of 
the world [58], which causes pollution and wastes resources. 
Even recycling can cost avoidable waste of resources. 
Therefore, introducing digital communication of tactile 
experience for textiles is necessary to tackle these issues in 
fashion industry. 

Current approaches are already attempting to compensate 
for the lack of tactile experience in digital context. 
Crowdsourcing of verbal descriptors for textiles was 
considered as a solution to communicate touch information. 
The physical properties of textiles can be collected and 
visualised to enable a more complete view of the textiles, 
and the verbal descriptors can be organised into a language 
of tactile information [25]. Yet, this approach did not 
consider the subjective embodied experience of textiles 
interaction. 

Touch is established by multimodal experience [8]. To take 
the embodied aspect of touch experience into account, it is 
necessary to extend the crowdsourcing to other modalities. 
Previous research has shown that tactile experience with a 
textile can be modulated not only by the site of skin contact, 
but also by the velocity, and pressure of touch [15]. 
Therefore, in this thesis we aim to explore the possibility of 
crowdsourcing the gestures used when touching textiles as a 
way to capture how people want to experience the 
properties of the textiles. We propose to use sensors to 
capture the movement and the pressure sensors of the 
gesture to capture the individual’s kinematic experience 
during the tactile interaction. Combining with the previous 
verbal crowdsourcing, the subjective experience can then be 
more deeply understood through the crowdsourcing of 
multimodal experience. Ideally, a data library for people’s 
tactile experience with different types of textiles can be 
established, which can serve as the output data of future 
technology to complete the tactile communication. 

The establishment of a tactile library for textiles is a long-
term goal. To take a step further from current knowledge, it 
is critical to propose a data collection method for 
crowdsourcing of multimodal tactile experience. According 
to previous work, the gestures used to assess different 
properties of a textile can differ significantly, and people 
can infer the property being assessed by watching the 
movement of textile interaction [11]. Also, it is possible to 
automatically recognise these gestures by wearable sensors 
[30]. If the kinematic data in textile interactions can be 
captured and correctly interpreted, the automatic 
recognition of gestures can be achieved, and the property 
being assessed by the gestures can be deducted. With 
reference to Anton [2], the property being assessed during 
textile interaction can be implied at an above-chance-level 
accuracy through the analysis of the kinematic data. 
However, the previous experiments were all carried out in 
lab condition only. This paper is going to test the validity of 
the previous results and bring the experiment into field, in 
order to test the generalisation ability of the lab results into 
field condition.  

The accurate auto-recognition of properties being assessed 
can lead to the possibility for further refinements of the 
results, for instance, the auto-recognition of different levels 
of a property being assessed (e.g. the level of smoothness of 
a textile). This information can then be input to the tactile 
library which aggregates the kinematic data of assessment 
of different levels of different properties (e.g. stroking in 
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pressure X and velocity Y for textiles with smoothness 
level 1). Future technology can then interpret the output of 
these data and the long-distance communication of tactile 
information can be established. 

1.2 Research Question 
To make a step further, this paper is going to investigate the 
possibility to use movement sensors to automatically 
recognize what textile properties a person is assessing when 
they touch a textile. The movement sensors (for simplicity, 
called here after GYROS) selected as the literature shows 
that speed and acceleration and rotations angles can 
discriminate between different types of textile handlings 
(e.g. the speed of stroking, or of rubbing) [16,23]. 
Electromyography (for simplicity, called here after EMG) is 
used to capture the amount of pressure or strength exerted 
when handling the textiles (e.g. the amount of squeezing or 
the forces used to stretch a textiles). Therefore, this study is 
aimed to address the questions of: 

(i) Are data from these two types of sensors (GYROS and 
EMG) able to discriminate the textile properties being 
assessed? If so, can we establish a model for the automatic 
recognition of assessed properties by the motion sensors? 

(ii) To what extent is the EMG and GYROS data able to 
infer the gestures being performed?  

(iii) Is the model of property discrimination applicable for 
the motion data in field condition (i.e. physical store), so 
that experimental data can be generalised to practice in field? 

With reference to the research questions, two experiments 
were conducted. The first experiment was in experimental 
condition. Participants were asked to assess five properties 
for each of the six textiles and report the gestures they used. 
The interaction was not instructed or intervened by the 
experimenter, in order to simulate the shopping context in 
the largest extent. The second experiment repeated the 
general procedure of the first experiment but was conducted 
in the field condition which is a clothing shop. The data of 
the first experiment was analysed to address questions (i) 
and (ii), and the data of the second experiment was 
imported into the model established from the previous data 
to address question (iii). 
2. LITERATURE REVIEW 
2.1 Hand of Textile 
The hand of textile or handling of textile is not strictly 
defined by previous literature, as it involves both the 
mechanical properties of the textiles and the psychological 
perception by the person [29,32]. In other words, we should 
consider the analysis of both objective and subjective hand 
to obtain the hand of textile for a specific textile. 

The objective hand is concerning how the physical 
properties of the textile affect the hand of textile. For 
instance, it was found that the weave and yarn density, raw 
materials [21], and finish [18] all influence the hand of 
textiles. Previous studies have established a series of 
standards for textile assessment. For example, the 
Kawabata Evaluation System (KES) was established in 

Japan to code the samples of textiles from men’s winter 
suits into different levels of Total Hand Value, which in this 
case refers to the hand of textiles [12]. Additionally, 
physiological measurements during tactile experience also 
provides information of hand of textiles, and they do not 
rely on a cognitive filter through which emotion is judged. 
However, even two textiles with the similar physical 
properties can differ significantly in human perception [1], 
not to mention the individual difference in the ability to 
evaluate properties of textiles [17,31,37]. This lack of 
human element in objective hand then leads to the analysis 
of subjective hand in order to obtain a full picture of the 
hand of textiles. 

A number of literatures have focused on the crowdsourcing 
of the tactile experience of textiles which can act as the 
basis for subjective hand analysis. Subjective hand is more 
regarding the psychological feeling of the person, and 
unlike the objective hand, this type of analysis is basically 
qualitative. In previous studies [24,55], non-experts were 
asked to rate different textiles in terms of physical 
properties, for instance, thickness, roughness, stiffness, 
softness, warmth and so on. By the analysis of massive 
participants’ records, the definitions of the above physical 
properties were given, to provide a standard for the 
description of the subjective feeling of textiles [6]. 
However, the issues of individual differences in tactile 
perception, acute variations of human mood, and the 
disparity between verbal expressions make it difficult to 
construct a uniform standard for subjective hand of textiles.  

Therefore, it is necessary to combine both subjective and 
objective analysis to establish the hand of textiles. As 
proposed by previous researcher [9], the subjective hand 
should take into account the psychological measurements of 
textiles that are relatively uniform across the population, 
while the mechanical properties of textiles can be translated 
into the objective hand using the Weber-Fechner law and 
Stevens’ power law. Ideally, the two analyses can then 
predict a person’s subjective experience of a textile, which 
is the actual hand of textile. 

2.2. Importance of affective touch and the kinematics of 
touch 
Tactile experience comprises both semantic touch and 
affective touch. Semantic touch experience depends on the 
physical properties of textiles, while affective touch 
experience is determined by the individual’s affective state. 
Semantic touch is the part that can be standardised using 
methods mentioned above, whereas affective touch is where 
the individual difference takes place. Therefore, affective 
touch is the critical challenge in tactile communication.  

It has long been proved that touch can communicate distinct 
emotions. First, the hedonic tone of emotion can be 
conveyed through touch, that is either positive emotions 
like warmth and intimacy or negative emotions like 
discomfort or pain [22,23]. Second, touch can act as an 
intensifier of emotion displays from other modalities [33]. 
Third, even specific emotions can be communicated 
through touch behaviour, for instance, anger, fear, 
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happiness, sadness, disgust, love, gratitude, and sympathy, 
and particular touch behaviours are also identified for each 
emotion [23]. The accuracy of touch interpretation is shown 
to be comparable to other modalities like facial expressions 
and vocal communication [14,51]. 

According to Hertenstein et al. [23], some touch behaviours 
are more associated with specific emotions than others. 
When considering the kinematics of touch, such as speed, 
pressure, direction, and duration, the discrimination 
between emotions through touch can be more specific and 
accurate, because people are shown to be able to recognise 
the emotional meaning of different motor patterns [49]. 
Therefore, identifying the gesture used when handling 
textile is important to communicate the experiences derived 
from touching. Previous studies have already attempted to 
map the gestures used onto the type of textile being handled, 
in order to enable interpretation of affective touch for 
textiles [30]. It was found that the touch behaviours for 
liked and disliked textiles are different, particularly in the 
number of gestures adopted and the contact area of the skin 
with the textile. Furthermore, the touch duration can in the 
largest extent indicate whether the individual likes the 
tactile experience of a particular textile. 

Further specification of the relationship between gestures 
and affective touch of textiles will enable the 
communication of affective touch in tactile experience. 
2.3 The multimodal language of textiles 
To communicate the hand of textiles, a means for 
communication need to be established for tactile experience. 
As suggested by previous study, human retain an innate 
preference for different types of textile [28], and in some 
extent, people can achieve consensus regarding whether a 
tactile experience is pleasant [15]. Thus, there might exist a 
constant “meaning” for each material or texture, which can 
serve as the basis for the establishment of a tactile language. 
A very initial approach to construct a tactile language is 
based on verbal descriptions of haptic experience. In 
Sonneveld’s [54] framework, the haptic experiences are 
depicted in terms of five domains – movement, physical 
sensations, affective behaviour, gut feelings and tactual 
properties. Each domain contributes to the pleasantness of a 
textile in different extent, and by assessing these domains, 
haptically pleasant and unpleasant stimuli can be 
discriminated [54].  

Echoing with the objective and subjective aspects of the 
hand of textile, more precise models are established for 
both aspects, which take different properties of textiles into 
account. Objective or instrumental models for textile 
assessment include the KES mentioned above, the HESC 
Primary Hand Values [29], the comfort affective labelled 
magnitude (CALM) scale [10], and so on. These 
instrumentations allow measurement of the physical and 
mechanical properties related to tactile experience of 
textiles. For the subjective aspect, descriptors for textiles 
are also studied to establish a consistent language for the 
verbal description of textiles. In a previous study [36], 
seven pairs of bipolar descriptors are identified as most 

prevalently used in textile depiction (Rough-Smooth; 
Hairy-Clean; Hard-Soft; Warm-Cool; Light-Heavy; Loose-
Tight; and Greasy-Dry), which can act as the dimensions 
for evaluation of textiles. They would help to improve 
communication about tactile sensory assessment in seller-
consumer condition.  

A further comparable study noted that, the objective and 
subjective ratings showed high correlation, but in this study, 
only four dimensions for subjective descriptors (Rough-
Smooth, Thick-Thin, Warm-Cool and Stiff-Flexible) were 
extracted for assessment [3]. By combining both objective 
and subjective measures, the crowdsourcing of tactile 
experience and the use of multi-modal language can 
provide more reliable tactile communication. In a previous 
study [25], the physiological data from biosensor are 
collected to aid the crowdsourcing of tactile descriptions 
and the communication of tactile experience on a website 
(www.wardrobemalfunction.org.uk). Participants revealed 
desires to review and share tactile experience on the 
website and found it helpful for decision-making during 
purchasing stage.  

Nevertheless, as previous experience largely accounts for 
people’s perception of current tactile input [27], the 
individual difference is an inevitable barrier to construct a 
consistent language for tactile communication. Moreover, 
for the standardised verbal descriptions of textiles, the 
cultural or individual differences in verbal expression of 
touch and the lack of vocabulary to describe the tactile 
experience are huge challenges to be overcomed [42]. On 
the other hand, for the instrumental scales, it is not possible 
for all non-experts to learn the interpretation of scales and 
imagine the tactile experience of a textile from the 
parameters. Therefore, a standard to describe the textile 
properties is not enough to communicate the hand of 
textiles. 

To improve the embodiment of tactile experience, further 
studies attempted to address the problem of tactile 
communication through kinematics rather than verbal 
descriptors. As the pressure and velocity of the movements 
modulates the tactile experience with textiles, gestures used 
to assess textiles were considered as means to enhance 
embodiment and to communicate tactile information [49]. It 
was evident that people use different gestures to assess 
different properties of textiles and viewing the textile 
interaction enables the deduction of the property being 
assessed [30]. This suggests a language of gestures in 
textile property assessment, which lead to a new direction 
to establish the tactile language of textiles. 

In Cary [11], different gestures were identified for textiles 
with different properties. For fabrics described as ‘soft’, the 
most commonly used gesture was rubbing; for ‘hard’ 
fabrics, it was ‘rubbing’, ‘stroking’, and ‘squeezing’; for 
‘rough’ fabrics, it was ‘rubbing’; for ‘smooth’ fabrics, it 
was lifting; for ‘light’ fabrics, it was lifting; and for ‘heavy’ 
fabrics, it was stroking, scratching, and lifting. In Kejia [30], 
four pre-defined gestures – caressing, scratching, squeezing, 
and rubbing – were correctly identified by the motion 
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sensors with the accuracy of 75.4%. These acts as basis for 
further investigation on automatic recognition of gestures in 
free textile interactions. 
2.4 Digital textile handling: current technology and 
limitations 
Researchers have worked to reproduce digitally the textile 
properties of a textile. Static images and videos are both 
adopted for examination of textiles, but the lack of control 
over the movement of the textile with one’s own hand 
limits the understanding of these properties [47]. 
ShoogleIt.com try to address the need to directly interact 
with the textile (digitally) by designing a method to 
translate physical textile into interactive digital textile 
without the need for expensive computer graphics 
knowledge [4]. This is a cheap, portable technology, which 
displays the movement of the textiles when being 
manipulated using different gestures. In the device, simple 
interactions with the textile is enabled to carry out gestures 
like stroking, pinching, and scrunching. It is a tool created 
through short videos and interactive functions. Users can 
simply produce their own videos of interaction with textiles 
and post it as a new Shoogle. Others can interact with the 
Shoogle by adopting the gestures on the touchscreen, while 
the short video of the specific gesture will be presented.  

However, the gestures involved in this technology are still 
too limited for textile interaction. This approach is based on 
2D interface, so it limits users’ gestures when interacting 
with the textile. Another issue is the occlusion caused by 
the hand when interacting with the digital textile. When the 
hands are interacting with the textile on the screen, the 
deformation of the textile cannot be completely displayed. 
Since iShoogle was established based on the principle that 
the combination of visual and touch feedback of a textile 
can produce the embodiment of tactile experience of that 
textile [53], the occlusion of visual feedback would cause a 
problem on embodiment. A further technology called the 
LucidTouch was introduced to solve the hand problem, as 
the screen is transparent, and the back of the screen is 
allowed for interaction [59]. Users did reflect a preference 
towards the back-screen instead of the front-screen to 
reduce the occlusion.  
2.5 Selection of motion sensors and innovations of 
current study 
The motion sensors used in this study are the inertial 
measurement unit (IMU) and EMG sensors. With respect to 
previous research [2,30], the combination of these sensors 
can provide information on gestures in textile interaction.  

The IMU is combination of multiple sensors, which can 
measure the acceleration, rotation, angular velocity, and 
orientation of movements. In this case, the 3D 
accelerometer, gyroscope, orientation and orientation Euler 
sensors are the sensors involved. 3D accelerometer 
measures the coordinate acceleration of the device, either 
static or dynamic. Static acceleration is due to the gravity, 
which gives information of the tilted angle of the device, 
while dynamic acceleration records the movement of the 
device relative to three axes [13]. ACC is responsible for 

motion tracking functions such as step tracking in mobile 
devices [41]. The gyroscope (GYROS) measures the 
angular velocity of the device, which is the velocity of 
rotation relative to three axes (Figure 1). It helps the ACC 
to further inform the direction of movement. Generally, 
ACC measures the linear acceleration of movements and 
GYROS provides the information regarding rotation and 
circular movement [20]. The combination of ACC and 
GYROS has numerous implications, for instance, the fall 
detection – data from ACC and GYROS enables mobile 
devices to initiate protection mode before the accidental 
falling of the device [34]. 

Figure 1. Demonstration of a gyroscope 

Orientation and orientation Euler both tell the orientation of 
movements. Data of these two sensors are same in meaning 
but different in representation. Orientation data has x-, y-, 
and z-axis plus the rotation angle w, whereas orientation 
Euler data is separated by the three type of movement – roll, 
pitch, and yaw. The data of these sensors are estimated 
from the ACC and GYROS data. These data were not 
considered in the previous studies of gesture recognition 
[2,30], which will be used in this case to enrich the data 
source. 

The EMG sensors are measuring the electrical activities of 
the skeletal muscles, which, in addition to the IMU sensors, 
provides the stationary movements, for instance, fisting or 
scratching. In Kejia [30], participants were instructed to use 
certain gestures to interact with textiles, and the EMG and 
IMU sensors identified each gesture with high reliability, 
including caressing (70.8%), scratching (72.3%), squeezing 
(75.4%), and rubbing (83.1%). In Anton [2], properties 
assessed using free interaction with textiles were also 
predicted by EMG and IMU sensory data with above-
chance accuracy. Previous work showed the potential of 
EMG and IMU sensors in subtle motion recognition, so this 
study continued with these sensors to inform further 
conclusions. 

Regarding the previous studies, Kejia’s [30] thesis involved 
the instructed interactions with textiles with specific 
gestures, but it was a problem for the pre-defined gestures 
to be generalized into the textile interactions in real-life. 
Thus, Anton’s [2] thesis investigated the free interaction 
with textiles in experimental condition. However, the 
gestures were not interpreted through the sensory data to 
inform a model of gestures used in property assessment. 
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Also, participants were seated in front of a table during the 
textile interaction, which is not typical interactions carried 
out in physical stores. Hence, the goal of this thesis is to 
further interpret the gestures used in property assessment of 
textiles and to see the generalization ability of the gesture 
model into the field condition. 
3. EXPERIMENT 1 
This experiment was aimed to test the automatic 
recognition of gestures used to assess different properties of 
textiles. Participants were asked to assess five properties of 
six fabrics and were allowed to make free interaction with 
the fabrics. The motion sensor is an armband located on the 
widest part of forearm. The results showed above-chance 
accuracy for the identification of properties being assessed. 
A model was built according to the determining sensory 
data for the identification of properties, which will be 
adopted in Experiment 2. 
3.1 Method 

3.1.1 Participants 
The IMU and EMG data of 24 participants are included in 
this experiment, among which 9 are from a previous 
experiment with similar set up [2] and the rest 15 were 
recently recruited from universities in London. The 
dominant age range of all participants is 18 to 27 years old 
(mean = 22.9, std = .990), with two exceeding this age 
range. About 90% of the participants do not have any 
professional experience regarding textile or fashion industry. 
This is to prevent participants’ excessive familiarity with 
textile and the routinisation of interaction. As mentioned in 
Atkinson [3], women use more gestures when evaluating 
textiles than men, so 70% of the participants in this study 
are female and 30% are male. Regarding the ethnicity 
distribution of participants, this study considered the 
cultural difference of textile handling, thus the experimenter 
recruited a diversity of ethnic groups to generalise the 
difference. White and Asian participants each cover about 
46.7% of all participants, and about 6.6% are black 
participants.  

This study repeated Anton’s [2] general procedure, which is 
to interact with fabrics with an armband recording the EMG 
and IMU data. The data of the nine participants from 
Anton’s [2] study are all recorded with the Myo armband 
placed on participant’s left arm, which could produce 
unmeaningful data for right-handed participants. Hence, the 
current study considered the dominant arm of participants 
and placed the armband on the dominant arm for all 
participants. In total, about 86.7% of participants are right-
handed and about 13.3% are left-handed. All 15 participants 
in the current study are right-handed. However, it must be 
noted that since one of the participant experienced 
numbness on her right arm, the armband was placed on her 
left arm instead, which could cause an effect on the data 
recorded, just like the data in Anton’s [2] study. 

In the data recording process, unexpected errors have 
occurred for several participants, either due to the program 
or the armband. In this experiment, the EMG data during 

the assessment of smoothness for one fabric by one 
participant failed to be recorded, and in Anton’s [2] 
experiment the accelerometer data of 20 fabrics failed to be 
recorded. These rows of data were removed to prevent the 
influence on the overall data analysis. Also, the orientation 
and Euler data were not included in Anton’s [2] experiment, 
which can cause a problem in the model building. 

All participants were rewarded by 10 pounds for 
participating in the experiment. They were informed of the 
anonymity of their data and their freedom to not participate 
in or to withdraw from the experiment at any time.  

3.1.2 Design 
The experiment is carried out in experimental environment, 
and it is a 6x5x2 within-subjects design. Six fabrics and the 
five properties being judged (smoothness, softness, warmth, 
thickness, and durability) are the independent variables, 
where the order of the fabrics was counterbalanced to 
ensure the internal validity. The EMG data measured by the 
Myo armband and the ratings of the fabric properties are the 
dependent variables, which are then used in the quantitative 
data analysis to obtain final results for the experiment.  

Two pilot studies were carried out following the procedure 
of Anton’s [2] experiment, and a few problems were 
discovered. First, the participants did not have a chance to 
explore all the fabrics before rating their properties one by 
one, so they do not have a standard during the evaluation of 
the first few fabrics. Second, in the process of gesture 
identification after the free interaction, participants usually 
have questions on the words describing the gesture, as non-
native English speakers do not seem to have a clear 
definition on the exact action of each gesture. To tackle 
these issues, an initial free interaction with all fabrics is 
involved in this experiment, and the background 
information is being filled after this step to avoid bias 
towards the fabric being handled at last. Meanwhile, 
pictures showing the action of each gesture is provided for 
the participants in the gesture identification phase, and the 
experimenter would also demonstrate the gestures by hand 
if it was needed. The final design of the whole experiment 
is described as follows. 

In each experiment, there are three main parts. Initially, the 
armband is placed on the participant and a free interaction 
with all the fabrics is allowed. The first main part collects 
the background information and emotional ratings of the 
participant by questionnaire. The second part is the 
judgement of the five properties for the six fabrics, and 
participants are allowed to touch them freely. The third part 
collects the participant’s self-report of gesture used and his 
or her likeness of each fabric. All of the ratings are based 
on Likert scales indicated by a number from 1 to 7. Lastly, 
a few short questions regarding participants’ interaction 
experience were asked.  
3.1.3 Materials 
The motion sensor used in this experiment is the Myo 
armband, from Thalmic Labs Inc. This wearable is placed 
on the participant’s forearm, and the position and 



 7 

orientation of the armband is made sure to be similar for 
each participant. The armband is connected with computer 
through Bluetooth, while the Myo Data Capture system on 
the computer stores the real-time raw data from the 
armband. The integrated sensors in the armband include 
medical grade EMG, nine-axis IMU with a three-axis 
gyroscope (GYROS), three-axis accelerometer (ACC) and 
three-axis magnetometer. Eight EMG sensors measures the 
electric activities in muscles, while the IMU measures the 
rotation of the arm. The sampling frequency for the EMG 
data was 200Hz and 50 Hz for the IMU data. These sensors 
give information on the EMG, GYROS, ACC, orientation 
and orientation in Euler angles (Euler). For each period of 
data collection, these five types of data were stored in five 
separate time-stamped CSV files.  

Among the IMU, the ACC measures the non-gravitational 
acceleration of movement in vectors. The gyroscope 
provides the rate of rotation around the axes. The 
orientation and orientation in Euler angles (Euler) both 
provide the orientation of movement with respect to three 
axes. The axes of IMU data and positions of EMG sensors 
are shown in Figure 2, Figure 3, and Figure 4. 

 
Figure 2. The demonstration of axes for IMU (accelerometer, 

gyroscope, and orientation) data 

 
Figure 3. The illustration of pitch, roll, and yaw in Euler data 

[39] 

 

 
Figure 4. The positions of EMG sensors [43] 

The six fabrics used in this experiment were the same as the 
ones used in Anton’s [2] experiment. The fabrics were 
chosen with a senior research expert in Textile Design from 
the Royal College of Art. For the colour-emotion 
association in human cognition [38], the impact of colour 
on emotional responses through the sensors needs to be 
carefully controlled. Thus, all of the chosen fabrics were 
black. The experimenter avoided the fabrics with 
exaggerating appearance such as laces and fur, so that the 
visual appearances of all fabrics were controlled, and the 
tactile experience was emphasised. The fabrics included 
velvet, satin, silk, a thick mix of veil and elastane and 
elastic lycra. Each of them has different levels of 
smoothness, softness, warmth, thickness, and durability. 
The appearance of the fabrics is shown in Figure 5. 

 
Figure 5. Pictures of Fabric 1 to 6 

An iPad was used for the participants to fill in the 
questionnaires of their background information, ratings, and 
gestures. The questionnaires were created using Google 
Form. Example of the questionnaire is shown below (Figure 
6). A sheet of paper showing the actions of the gestures was 
provided as a reference for participant in the gesture 
identification phase (Figure 7). A mobile phone was used as 
the timer for the data collection process, and the memo on 
the phone was used for the experimenter to record special 
situations and general performance of the participants 
during the textile interaction. The information sheet 
(Appendix 1) and consent form (Appendix 2) were 
provided for the participants in papers (ethics number: 
UCLIC/1516/003/Staff Berthouze/Newbold), to debrief the 
experiment and to inform the ethical guidelines. Verbal 
explanation of the procedure and purpose of the experiment 
was also given. The participants can also ask questions 
during the experiment. 
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Figure 6. Example of the questionnaire 

 
Figure 7. Instructions for gestures 

3.1.4 Procedure 
The participant was invited into a quiet room and the 
information sheet was provided. The consent form was 
signed if the participant agrees to take part in the 
experiment, and all participants were informed that they are 
free to withdraw the experiment at any time. A verbal 
debrief of the purpose and the procedure of the experiment 
was provided. The participant was allowed to ask question. 
The armband was then shown to the participant and the 
non-invasiveness of the device was ensured. The armband 
was placed on the participant’s forearm and adjusted to a 
comfortable size, and synchronisation of the armband was 
performed. The participant was told to move as usual and 
asked to interact with the six fabrics placed on the table in 
front of them.  

Afterwards, the participant was asked to fill in their 
background information and rate their current emotional 
state on the SAM emotion scale. Then, instructions on the 
evaluation of fabric properties are given, and the definitions 
of each property were explained. The participant was timed 
to carry out a 15-second interaction with a fabric, in order 
to assess one property of this fabric (e.g. smoothness). This 
property was rated by the participant using the 7-point 
Likert scale after the interaction stopped. This process was 
repeated for all five properties of each fabric.  

After the rating, the participant was asked to select the most 
frequently used gesture(s) when assessing each of the 
properties. The paper showing the pictures and the names of 
the gestures was provided, and experiment also 
demonstrated each gesture by hand. Gesture used by the 
participant that was not indicated on the questionnaire could 
be added in the short-answer part. Meanwhile, the 
experimenter took notes regarding unusual gestures 
performed in the assessment process. Finally, the 
participant was required to order the six fabrics in terms of 
their likeness, and a few questions were asked regarding the 
interaction experience with the fabrics. After the 
experiment was ended, the participant received the reward 
either by cash or by bank transfer and was allowed to leave. 
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3.2 Results and interpretation for Experiment 1 
3.2.1 Questionnaire analysis 
A total of 24 participants’ responses were collected. Each 
participant rated five properties of six fabrics, so there were 
720 data points in total. However, due to the instability of 
data recording using the Myo armband, only 693 data 
points were included for the analysis. 

The ratings of the properties of the three clothes were 
analysed by intraclass correlation test, to test the inter-
participant consistency for the ratings of each property of 
each fabric. The test shows that the internal reliability of 
ratings is significant (r = .750, p < .001). This low intraclass 
correlation coefficient may be due to the lack of data. The 
mean ratings of each property of each fabric are shown in 
Figure 8. 

 
Figure 8. The average rating of the five properties for the six 

fabrics 

The gestures used by the participants to assess different 
properties of the fabrics were shown in Figure 9. Besides 
the gestures self-reported reported through the multiple-
choice section (as their thought more relevant gesture) of 
the questionnaire, a few other frequently used gestures were 
reported in the short answer section. Covering (wrapping 
the fabric on one hand using the other hand) is a frequently 
used gesture in the assessment of warmth, while pulling 
(stretching the fabric to two opposite sides using two hands) 
and pressuring (exert pressure to the fabric between thumb 
and index fingers) are frequently used gestures in the 
assessment of durability. Also, lifting (lift the fabric up and 
drop) was observed during the assessment of softness. The 
most commonly used gestures for softness assessment was 
rubbing and grabbing, and for smoothness assessment it 
was stroking and rubbing, which partially echoed the result 
from Cary [11]. 

 
Figure 9. The gestures used by the participants to assess the 

five properties of the six fabrics 

3.2.2 Automatic recognition of textile properties from 
people’s gestures 
The main aim of this experiment was to assess the 
possibility to infer what textile property was a participant 
asked to evaluate while touching the fabric, from the EMG 
and GYROS data. All 24 participants’ data were included in 
the data analysis. Each participant’s data includes the 

assessment of five properties for each of the six fabrics over 
15 second each. Therefore, there were 720 instance data of 
15 second each recorded for all participants. After deleting 
the invalid data, a total of 693 data points was included in 
this data analysis. 

The data collected from the EMG sensors were rectified, 
and both EMG and IMU sensory data were processed to 
obtain for each 15 second instance the maximum (max), 
minimum (min), mean, and standard deviation (std). There 
was a total of five sensory data measured by the IMU and 
the EMG. IMU contains the accelerometer (x-axis, y-axis, 
and z-axis), gyroscope (x-axis, y-axis, and z-axis), 
orientation (x-axis, y-axis, z-axis, and w-axis), and 
orientation Euler (pitch, roll, and yaw) data, while the EMG 
includes data from six EMG sensors (EMG 1 to 6) around 
the forearm. These are computed directly from the Myo 
EMG Armband software. 

Discriminant analysis (from SPSS version 25) was used to 
build the recognition model. The objective of a discriminant 
analysis (DA) is to categorise items, by a number of 
independent variables, into multiple mutually exclusive and 
exhaustive groups [40]. In this case, the aim is to identify 
the sensory data that allow the discrimination of the textile 
properties assessed. All sensory data were analysed to 
understand their ability to enable the identification of the 
textile property a participant was evaluating. 

A total of 693 data were included in the analysis, among 
which 449 (64.8%) data were successfully classified by the 
DA model. The rest 244 (35.2%) data were excluded by the 
model because they have at least one missing 
discriminating variable. This is due to the lack of 
orientation and Euler data in Anton’s [2] data. The 
application of DA to the data led to identify the four 
discriminant functions, independently contributing to the 
separation of the groups. The eigenvalues indicate that 
18.5%, 10.7%, 3.8%, and 0.3% of variance were explained 
by the functions 1 to 4 respectively. The canonical 
correlations are all below 0.5, but since the dataset is large, 
even this low correlation may be significant. 

The Wilks’ Lambda values were large for Functions 3 
through 4 (Λ = .960) and Function 4 alone (Λ = .997), 
implying that the within group variability is not much 
smaller than the overall variability. This indicates that the 
classification of the group by Functions 3 and 4 is not very 
clear. However, the significance levels indicate that means 
of functions 1 to 4 (χ2(20) = 139, p < .001), 2 to 4 (χ2(12) = 
63.2, p < .001), and 3 to 4 (χ2(6) = 18.0, p = .006) are all 
significantly different from the overall group means, 
whereas the group means of function 4 alone is not 
significantly different from the overall (χ2(2) = 1.39, p 
= .500).  
3.2.2.1 Automatic recognition results 
The percentages of data that is correctly classified from the 
build DA model to each of the categories using cross-
validation are shown below. Overall, there were 36.5% of 
original grouped cases correctly classified. After removing 
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the data of the participant with armband placed on left arm, 
the percentage of correctly classified cases increased subtly 
to 36.8%, but each property did not change much in 
accuracy. As there were five categories (five property 
assessments), the chance for data to be classified into one of 
the categories is 20%. According to Figure 10, all of the 
percentages of correct classification are above chance level. 
This indicates that motion and muscle activity data of hand 
movements can indeed deduct the fabric property that the 
person was assessing. Smoothness reached the highest 
value, this may be due to the wide stroking gesture done by 
almost every participant. 

 
Figure 10. Classification result: percentage of data correctly 

classified in each category (20% is the chance level threshold) 

3.2.2.2 Relevance of movement features in discriminating 
the fabric properties 
The structure matrix shows the discriminant loading of the 
sensory data onto the discriminant functions (Appendix 3). 
Loadings with higher correlation coefficients are more 
contributive to the function. According to the functions at 
group centroids (Appendix 3), combined group plots of 
canonical discriminant functions can be produced, and 
further interpretations can then be informed from these 
plots. Combining information on structure matrix and 
functions at group centroids can lead to deeper 
understanding of discriminating gestures for the 
assessments of each property. The interpretations are as 
follows. 

As demonstrated by Figure 11, Function 1 discriminates 
smoothness from all other properties. Therefore, the high 
loadings of this function are responsible for the 
identification of smoothness assessment. With reference to 
the structure matrix, the GYROS data of y- and z-axis are 
playing an important role in Function 1, followed by the 
Euler pitch and the accelerometer of x-axis. The correlation 
coefficients of std GYROS of y- and z-axis are both 
negative (ry = -0.578, rz = -0.483), and smoothness is 
located on the negative axis of Function 1. This means that 
large variation of GYROS on y- and z- axes is a feature for 
the identification of smoothness assessment. GYROS y- 
and z-axis are measuring rolling and left-right movement of 
the forearm respectively. Therefore, the result is in 
accordance with the participants’ report that stroking is the 
most frequently used gesture during the evaluation of 
smoothness, as stroking is a wide horizontal movement 
which could cause large change in GYROS of y- and z-axis. 

 
Figure 11. The combined group plots of canonical 

discriminant functions 1 and 2 

As demonstrated by Figure 11 and 12, it can be inferred that 
Function 2 discriminates thickness and warmth from 
durability and softness, especially emphasising the 
difference between thickness and durability. Thus, the 
highest loadings in structure matrix primarily serve to 
discriminate between thickness and durability assessments. 
EMG data is critical in this case, with EMG 2 and 3 the 
most essential. Thickness is located on the negative axis 
while durability is on the positive side, and the correlation 
coefficients of EMG data are all positive. This means that 
the higher the mean or std of the EMG data, the more likely 
the movements are classified as durability assessment, and 
the less likely the movements are classified as thickness. 
EMG measures the electric activity of muscles, so it can be 
implied that the durability assessment generally requires 
higher muscle activation or larger change in muscle 
activation, whereas it is the opposite for the thickness 
assessment. This is in accordance with participants’ own 
report that stretching is used frequently when assessing 
durability while rubbing is usually adopted for the 
assessment of thickness, as stretching is a large movement 
and rubbing is a relatively local movement. 

 
Figure 12. The combined group plots of canonical 

discriminant functions 2 and 3 

Demonstrated by Figure 13, it can be seen that Function 3 
separates softness and warmth from thickness and 
durability. Hence, the highest loadings of Function 3 
contribute to the discrimination between the former two 
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properties and the latter two properties. EMG 3 is again the 
most essential elements loaded on Function 3, but the 
correlation coefficients are all negative. Softness and 
warmth are located on the negative axis while thickness and 
durability are on the positive side. This means that the 
increase of muscle activity under EMG 3 would lead to the 
increase in the tendency of being classified as softness or 
warmth assessment, and decreased tendency of being 
classified as thickness or durability assessment. Participants 
reported rubbing and grabbing as the most frequently used 
gestures during both the assessment of softness and warmth, 
which may lead to their similarity in Function 3. Function 4 
is able to tackle this similarity. 

 
Figure 13. The combined group plots of canonical 

discriminant functions 3 and 4 

Demonstrated by Figure 14, the separation between warmth 
and softness can be seen, so the highest loadings of 
Function 4 are mainly responsible for the discrimination 
between warmth and softness assessment. IMU data act as 
important role in Function 4, including the ACC of z-axis, 
GYROS of x- and y-axis, and the std of orientation and 
Euler data. All of the correlation coefficients are positive, 
and softness is on the positive end of the axis and warmth is 
on the negative end. This means that the higher the IMU 
data values, the more likely a movement is being classified 
as softness assessment. Large IMU data values indicate 
larger movement, so it was shown that softness assessment 
requires larger movements than warmth assessment. With 
reference to participants’ report, though both softness and 
warmth assessments involved high usage of rubbing and 
grabbing, the usage of pinching, stroking, and poking is 
much higher during the softness assessment compared to 
the warmth assessment. Instead, several participants 
reported covering and pressure as frequently used gesture 
for warmth assessment, which requires little movement. 
Whereas lifting was reported in the assessment of softness, 
which involves large movement. These again echoed the 
conclusions from Function 4. 

 
Figure 14. The combined group plots of canonical 

discriminant functions 4 and 1 

3.2.3 Combined model with Anton’s [2] data 
For the reason that Anton’s [2] data was excluded from the 
DA model due to the lack of orientation and Euler data, 
another DA was conducted to establish a model for both the 
current experiment and Anton’s [2] experiment with the 
orientation and Euler data excluded. 

The percentages of data that is correctly classified from the 
build DA model to each of the categories using cross-
validation are shown below. Overall, there were 25.4% of 
original grouped cases correctly classified. As there were 
five categories (five property assessments), the chance for 
data to be classified into one of the categories is 20%. 
According to Figure 15, the percentages of correct 
classification for smoothness, softness, and thickness are 
above chance level, while warmth and durability failed to 
be identified. This decline of classification accuracy may be 
due to the position of the armband, as Anton’s [2] study 
placed the armband on the participants’ left arm regardless 
of their dominant hand. In addition, the removal of 
orientation and Euler data also decreased the reference for 
classification. However, thickness assessment is identified 
with higher accuracy, implying that more data may indeed 
increase the accuracy of identification. 

 
Figure 15. Classification result: percentage of data correctly 

classified in each category (20% is the chance level threshold) 

3.2.4 Conclusion 
According to the DA model the accuracy of identification 
of properties being assessed was above-chance level, with 
softness and thickness especially high. There were four 
functions determining the classification of assessed 
properties, and the most relevant sensory data in these 
functions were interpreted regarding the movements they 
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are corresponding to. The movement showed consistency 
with the gestures being reported by the participants during 
the assessment of each property. The addition of Anton’s [2] 
data in the DA model failed to classify warmth and 
durability 
4. EXPERIMENT 2 
In experiment 1, a model was established for the gestures 
used to assess different properties of textiles. This 
experiment was conducted in physical clothing store, in 
order to see the generalisation ability of the model 
established in Experiment 1. The result showed that the 
model is not applicable in Experiment 2. Therefore, the 
gestures used for property assessment in field condition is 
different from that in experimental condition. It is necessary 
to establish the language of gestures for property 
assessment in field. 
4.1 Method 
4.1.1 Participants 
Due to limited time and condition in field, there were four 
participants involved in this experiment. All of the 
participants are females and in the age range of 22 to 25. 
The participants were recruited from university students in 
London, and all of them are Asian. The dominant arm of all 
participants is the right arm, so the armband was placed on 
their right arm. Three of the participants were also involved 
in Experiment 1. 
4.1.2 Design 
The experiment was conducted in the clothing area of 
Marks & Spencer, to provide the participants a shopping 
environment. This is a 3x5x2 within-subjects design. The 
three pieces of clothing (wool, silk, and cotton) and the five 
properties being judged (smoothness, softness, warmth, 
thickness, and durability) are the independent variables, 
where the order of the clothing was counterbalanced to 
ensure internal validity. The EMG data measured by the 
Myo armband and the ratings of the properties are the 
dependent variables, which are then used in the quantitative 
data analysis to obtain final results for the experiment. 

In order to compare the field performance of participants 
with the results of the last experiment, the main design of 
this experiment was similar to Experiment I. However, in 
field context, the experimenter and the participant were 
both standing, and clothes were hanged on the shelf rather 
than being on the table as in the lab. The experimenter 
carried the equipment by hands. Also, the experimenter 
tried to avoid salesperson in the shop in order to decrease 
the embarrassment of conducting experiment in public 
environment, so the field study was more difficult to 
manage compared to the experimental settings which may 
result in more variables. 
4.1.3 Materials 
The materials used were generally the same as in 
Experiment I – the Myo armband, computer, iPad, 
information sheet, and consent form. The only alteration 
was that the six fabrics in Experiment I was changed into 
the three pieces of clothing in the clothing area of Marks & 

Spencer. These chosen clothing are all black in order to 
control for variables. The composition and hand feeling of 
the three pieces of clothing were all different from each 
other, including one wool, one silk, and one cotton. The 
appearance of the clothing is shown in Figure 16. 

  
Figure 16. Pictures of Clothing 1 to 3 

4.1.4 Procedure 
The general procedure of this experiment is similar as 
Experiment I, except the alteration of environment 
(experimental to field) and posture (sitting to standing). The 
same five properties (smoothness, softness, warmth, 
thickness, and durability) were assessed, and the gestures 
used were indicated by the participants. The likeness of the 
three pieces of clothing were ordered as well. Each 
participant received 10 pounds for participating in this 
experiment. 
4.2 Results and interpretation for Experiment 2 
Similar to Experiment 1, data collected from the EMG 
sensors were rectified, and both EMG and IMU sensory 
data were processed to obtain the maximum (max), 
minimum (min), mean, and standard deviation (std) for 
each sensory data. There were four participants involved in 
this study, and each participant assessed five properties of 
three different pieces of clothing. Each assessment took 
approximately 15 seconds. Therefore, there were 60 data 
points included in data analysis.  
4.2.1 Questionnaire 
The ratings of the properties of the three clothes were 
analysed by intraclass correlation test, to test the inter-
participant consistency for the ratings of each property of 
each fabric. The intraclass correlation coefficient shows that 
the internal reliability of ratings is not significant (p = .213). 
This may be due to the lack of data. The mean ratings of 
each property of each fabric are shown in Figure 17. 

 
Figure 17. The average rating of the five properties for the six 

fabrics 

The gestures used by the participants to assess different 
properties of clothes were shown in Figure 18. Besides the 
gestures reported through the multiple-choice section of the 
questionnaire, covering was also observed in the assessment 
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of warmth just as in experiment 1, while pulling, a 
frequently used gesture in the assessment of durability in 
experiment 1, was not observed in Experiment 2. This may 
be due to the care for the selling clothes. 

 
Figure 18. The gestures used by the participants to assess the 

five properties of the six fabrics 

4.2.2 Application of Model from Experiment 1 
A DA model was obtained for Experiment 1, and data from 
Experiment 2 were predicted by the model using the 
scoring wizard in SPSS. The scoring wizard used the five 
most essential features accounting for the four functions 
obtained in experiment 1 to predict the properties assessed 
in Experiment 2 from the feature data. After the comparison 
with the actual property assessed, the result showed that 
only 26.7% of data are correctly predicted for Experiment 2 
by the DA model obtained from experiment 1. This low 
predicting value may be the reason that the scoring wizard 
only allows for the five essential features to act as 
predictors and the field dataset is really small. Despite these 
limitations, the conclusion still revealed a large difference 
between the classifications of feature data in lab and field 
condition. This implies that the gestures used for property 
assessments of fabrics in field condition is different from 
those used in lab condition. Therefore, the generalisation of 
lab results into field is not applicable for the automatic 
recognition of property assessment. 
4.2.3 Combination of training and testing data 
The training data of Experiment 1 was combined with the 
testing data in Experiment 2. A further DA model was 
produced to examine the quality and learning ability of the 
model. There are 56.2% of original group cases correctly 
classified, which is a substantial increase compare with the 
DA model in experiment 1. This indicates that the increase 
of the amount of data enables more accurate classification, 
so large-scale crowdsourcing is necessary. However, the 
accuracy of the identification of warmth assessment falls 
below the chance value (20%).  

 
Figure 19. Classification result: percentage of data correctly 

classified in each category (20% is the chance level threshold) 

4.2.4 Individual models and personalisation 
In Experiment 2, three of the four participants have 
participated in Experiment 1. The DA models of these three 
participants were established and compared to examine the 
individual differences in the gestures used for property 
assessment. 

Figure 20 shows that smoothness assessment is the most 
robust across all participants, and it is the most reliably 
classified property for all three participants and for the 
overall DA models. All other properties have large 
individual differences, implying the necessity for the 
personalised design of the gesture model for textile 
assessment.	  

 
Figure 20. Classification result: percentage of data correctly 

classified in each category (20% is the chance level threshold) 

4.2.5 Automatic recognition of textile properties from 
people’s gestures in field condition 
A DA is conducted again for Experiment 2. In this case, the 
aim is to identify the sensory data that is responsible for the 
discrimination of the textile properties assessed in the field 
condition. All sensory data were analysed to understand 
their ability to enable the identification of the textile 
property a participant was evaluating. 

A total of 60 data were included in the analysis, and all of 
the data were successfully classified by the DA model. 
According to Table 8, there were two functions being 
identified, while each function independently contributes to 
the separation of the groups. The eigenvalues indicate that 
96.0% and 2.7% of variance were explained by Functions 1 
and 2 respectively. The canonical correlations of Function 1 
are high (r = .700), so this correlation is strong. The 
canonical correlation of Function 2 (r = .162) and the low 
Eigenvalue indicate that Function 2 is accounting for only a 
small portion of data in the dataset. 

The Wilks’ Lambda values were large for function 2 (Λ 
= .974), implying that the within group variability is not 
much smaller than the overall variability. This indicates that 
the classification of the group by Function 2 is not very 
clear. The significance levels indicate that means of 
functions 1 are significantly different from the overall 
group means (χ2(8) = 38.8, p < .001), whereas the group 
means of function 2 is not significantly different from the 
overall (χ2(3) = 1.48, p = .686). 
4.2.5.1 Automatic recognition results 
Overall, there were 48.3% of original grouped cases 
correctly classified in Experiment 2. According to Figure 
21, only warmth falls below the chance level in Experiment 
2. This indicates that motion data of hand movements can 
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indeed deduct the property that the person was assessing, 
but warmth is not identifiable in this case. 

 
Figure 21. Classification result: percentage of data correctly 

classified in each category (20% is the chance level threshold) 

4.2.5.2 Relevance of movement features in discriminating 
the fabric properties 
According to the structure matrix and the functions at group 
centroids (Appendix 4), further interpretations on 
discriminating gestures for property assessments can be 
informed. In Figure x, with reference to the horizontal axis, 
Function 1 is separating smoothness and thickness in a 
large extent, while other properties are less well separated. 
The highest loadings of Function 1 include the Euler pitch, 
GYROS in x-axis, EMG 8, 5, 3, and 1, which account 
largely for the discrimination between smoothness and 
thickness assessments. The pitch represents the up-down 
movements of forearm while GYROS in x-axis is 
associated with the left-right movements. As indicated by 
the questionnaire result, stroking was the most frequent 
gesture used to assess smoothness, whereas grabbing is the 
used the most during the assessment of thickness. In field 
condition, the clothes were hanged, and the participants 
were standing, so stroking in this case is a wide, up-down 
movement. Meanwhile, grabbing is a relatively stable 
movement which mainly involves finger muscle. These 
could explain the ability of the high loadings on Function 1 
to separate smoothness and thickness assessments. 

Function 2 is a lot less contributive to the discrimination 
between the properties, but as we can see in Figure 22, 
durability is largely separated from thickness. The high 
loadings of Function 2 include Euler roll, GYROS in z-axis, 
and orientation w. Roll means the rolling of forearm and 
orientation w illustrates the angle of rotation, while left-
right movements are associated with z-axis. Indicated in 
questionnaire result, scratching and poking were used the 
mostly frequently in durability assessment whereas it was 
not used at all in thickness assessment. Grabbing as the 
most usual gesture in thickness assessment was rarely used 
in durability assessment as well. These are all very local 
gestures with little wide movements, so they may involve 
more rolling and small left-right activities rather than large 
up-down activities. Therefore, the discriminating factor was 
mainly regarding rotation and z-axis. 

 
Figure 22. The combined group plots of canonical 

discriminant functions 1 and 2 

4.2.6 Conclusion 
The DA model for training data in Experiment 1 failed to 
predict the results of testing data in experiment 2, so that 
the gestures used in field condition is different from that 
used in experimental condition. The DA model established 
for both training and testing data showed an increased 
validity, which may be due to the increase of data. The 
individual DA models produced for the testing and training 
data of three participants showed large individual difference 
in the gestures used to assess different properties, which 
suggest the importance of personalized gesture models for 
individuals. The analysis of the DA model for Experiment 2 
alone showed some correspondence between the sensory 
data and the gesture reported by the participants, but the 
lack of data hampered further illustrations of gestures used 
to assess each property. 
5. GENERAL DISCUSSION 
The aim of this thesis is to examine the automatic 
recognition of gestures during the property assessment of 
textiles using motion sensors. Two experiments were 
conducted using similar procedures, with Experiment 1 
testing the accuracy of recognition in experimental 
conditions, whilst Experiment 2 collected data in the field. 
The classification model established in Experiment 1 
demonstrated above-chance accuracy for the recognition of 
all five properties (smoothness, softness, warmth, thickness, 
and durability), but the model failed to predict the results of 
Experiment 2. The combination of data from both 
experiments enhance the quality of the model, suggesting 
the necessity to conduct large-scale crowdsourcing. 
Individual models for participants involved in both 
experiments showed large individual variation, indicating 
the importance of the personalization of the model. 

Generally, smoothness assessment was recognized with the 
highest accuracy and with least individual variation, 
whereas warmth assessment failed to be recognized in field 
conditions. The gestures used the most frequently for each 
property are as follows – 

(i) Smoothness: stroking 

(ii) Softness: rubbing and grabbing 

(iii) Warmth: grabbing 
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(iv) Thickness: rubbing 

(v) Durability: pulling and scratching. 

The results will be compared with previous works and 
further interpreted as follows. 

5.1 Comparison with previous works 
In the study of Cary [11], participants were asked to rate the 
properties of textiles by viewing another customer 
interacting with the textile. It was shown that with the 
presence of slow stroking gesture in textile interaction, the 
smoothness rating of the textile was significantly higher. 
Also, the most commonly used gesture was rubbing for the 
textiles described as ‘soft’. The result in this study further 
illustrated that stroking is the mostly frequently used 
gesture during the assessment of smoothness and rubbing is 
most commonly used in softness assessment. Therefore, it 
is evident that stroking and rubbing are related to 
smoothness and softness assessment respectively in tactile 
communication. Future studies may focus on the 
relationship between speed of stroking and the level of 
smoothness of the textile. 

Regarding the interpretation of the sensory data, the 
determining features for functions in current experiments 
seem to differ from previous work. In Kejia [30], the 
gesture identification mostly relied on the EMG sensors, 
which are responsible for the detection of muscle 
contraction rather than the direction of movement. In this 
case, the ACC and GYROS are more critical in most 
functions, indicating the importance of movement direction 
and thus the involvement of large movements. This may be 
the reason that the gestures used in Kejia’s [30] thesis were 
mainly subtle movements (e.g. scratching, squeezing, and 
rubbing) which can be completed by hand muscle 
contractions alone. In free interactions, however, people 
adopt more large movements such as stroking and pulling, 
which elicit large change in direction of movement.  

In the DA model of the training data in Experiment 1, there 
were four functions responsible for the classification of 
properties being assessed, consistent with Anton’s [2] study. 
Function 1 in the current study is primarily separating the 
smoothness assessment from other property assessments. 
The the most contributive features are the GYROS y- and z-
axes, which corresponds to the stroking gesture, the main 
gesture used in smoothness assessment. Kejia [30] also 
showed accurate identification of caressing (i.e. stroking) 
by the sensors (70.8%). Function 2 separates thickness from 
durability, and the primary features are EMG 2 and 3, 
which detects relatively stable and subtle muscle 
movements. Thickness assessments primarily involved 
rubbing, while durability assessment included scratching, 
therefore only EMG sensors can separate these two subtle 
movements. Kejia [30] also illustrated high accuracy in 
recognition of rubbing (83.1%) and scratching (72.3%) by 
the sensors. Function 3 separates both softness and warmth 
from thickness and durability, and the main features again 
include EMG 3. Grabbing was the most frequently used 
gesture in assessments of softness and warmth, whereas it 

was not usually used in durability and thickness 
assessments. With reference to the accurate recognition of 
squeezing (i.e. grabbing) in Kejia [30] (75.4%), it is 
reasonable for EMG to separate the four properties by the 
large presence of grabbing gesture in two of them. Function 
4 is more complicated, as it separates warmth and softness, 
which both involve the large usage of subtle gestures. 
However, the primary features involved in function 4 were 
the IMU data which identifies the direction of movement 
rather than muscle activation. This may be because of the 
lifting gesture observed in softness assessment, which cause 
large variation in direction of movement.  

Besides the five gestures listed in the gesture identification 
process, pulling, covering, and lifting were observed to a 
large extent as the assessment gesture for durability, 
warmth, and softness. We, therefore, suggest that these 
gestures should be included in identification lists in future 
studies. 

Regarding the classification accuracy of property 
assessments, this study showed an improvement compared 
to the results shown in Anton’s [2]. The overall percentage 
of group cases that were correctly classified was 33.5% for 
Anton’s [2] study and 36.5% for the current study. This 
suggests the importance of the amount of data and sample 
size for the accuracy of classification, as Anton’s [2] only 
contains nine participants. In this current study, the 
percentage of accurate classification for smoothness 
(51.7%), softness (25.6%), thickness (41.1%), and 
durability (26.7%) assessments all increased compared with 
Anton’s [2] model, while only warmth assessment was less 
accurately identified in this experiment (24.4%). While 
Anton’s [2] study revealed confusions of classification 
between the assessments of smoothness and thickness, and 
between thickness and durability, the current study only 
showed a confusion of classification between warmth and 
thickness. This confusion may be due to the fact that non-
experts in textile area often mistakenly rate the warmth of a 
textile according to the thickness of the textile [3]. 
5.2 Importance of study 
This study provides a model for the automatic recognition 
of the properties assessed in textile interaction. In addition 
to previous works, this study proved that the increase of 
data can enhance the reliability of the model, and that the 
personalisation of the model is needed for precise 
recognition of properties assessed by each individual. 
Furthermore, the model generated from data collected in 
experimental condition cannot be generalised to field 
condition. With the establishment of this model, further 
refinements of motion sensors and larger-scale study can 
lead to more precise recognition of properties and even the 
recognition of textiles with different levels of properties.  

By crowdsourcing the kinematic information in tactile 
interactions with textiles of different properties, a kinematic 
library for textile interaction can be created. This kinematic 
information can act as a language to communicate the hand 
of textiles. For instance, the kinematic information of a 
specific textile can be output through a muscle stimulating 
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device, conveying to the user the corresponding motion that 
is supposed to be conducted during the interaction with that 
textile. Additionally, when combining the kinematic model 
with iShoogle [5], the presence of both visual and tactile 
experience can enhance the embodiment of textile 
interaction substantially. This multimodal touch 
communication can enrich information in online stores, 
enable designer to carry out long-distance interaction with 
textiles, and decrease the waste of resources for the 
returning products and textile samples. Therefore, the 
overall significance of this thesis is to make a step further to 
the digitalisation of tactile communication in shopping 
context. 
5.3 Limitations 
Considering the experimental procedure, a few limitations 
exist for this study. First, the gesture identification phase 
may cause priming effect for the textile interaction. For the 
first fabric being assessed, the participants have no 
knowledge of the specific gestures that require to be 
identified, but after the gestures were introduced, the 
participant may intentionally use those gestures in the list. 
As one participant said after the first gesture identification 
phase – “Scratching is an interesting gesture, I’ll try that 
one next time”. Therefore, this type of gesture identification 
may affect the free interaction in some extent. We suggest 
using video recording and thematic analysis to identify the 
gestures used rather than through participants’ self-report. 
This not only eliminates the priming effect of gestures, but 
a more complete and accurate report of gestures can be 
obtained. 

Second, the experimenter tried to place the armband on the 
same position for each participant, but due to the human 
eye error and difference in arm shape, it was not possible to 
place the armband on the exact same position for each 
participant. This may cause the variation in motion data 
captured on each participant, so more precise motion sensor 
is suggested in the future when investigating the correlation 
between fine movements and different levels of properties. 
Also, only one armband was used to record the motion data 
on the dominant arm. Yet, people usually interact with 
textiles using both hands, so it is necessary to record and 
analyse the motion data of both arms to obtain a more 
complete picture of tactile interaction.  
5.4 Future directions 
The DA model produced in this study can act as the basis 
for the generation of a kinematic model for the muscle 
movements, with reference to the determining features in 
the model. It is necessary to identify the exact muscle 
movement triggering the variation of each feature, so the 
specific gesture and even the velocity and pressure applied 
to that gesture can be determined. This precise kinematic 
information may lead to the next step towards the 
establishment of tactile communication, that textiles with 
different levels of properties (e.g. smoothness level 1, 
thickness level 3, etc.) can be recognised through the 
analysis of the gestures used for interaction. 

Meanwhile, it is also essential to investigate the output of 
the kinematic data which provides the tactile experience to 
the user. The technology named electrical muscle 
stimulation (EMS) is a means to convey kinematic 
information. It uses electrical impulses to elicit muscle 
contraction. The involuntary muscle contractions can 
generate different movements with respect to the area of the 
electrodes. This technology is widely adopted among 
athletes and in physical therapies [26,56]. A design for 
virtual reality boxing game called Impacto can even 
produce the feeling of hitting and being hit by another 
person using the EMS armband [35]. Therefore, it is 
possible for the development of output device for the 
kinematic information of the tactile interaction with a 
specific textile, which, ideally, would enhance the 
embodiment of tactile experience. Further user testing is 
required to ensure the feasibility of the system. 
6. CONCLUSION 
The goal of this study is to establish tactile communication 
of textiles in online environment. To address this issue, a 
language for textiles needs to be created through the 
crowdsourcing of tactile experience with different textiles. 
Tactile experience is multimodal, but the kinematic aspect 
of touch was not yet well explored. Recently, the properties 
of textiles were shown to be assessed by different gestures, 
so this study explored the possibility for the automatic 
recognition of properties assessed in the tactile exploration 
of textiles, with the kinematic data captured by motion 
sensors (IMU and EMG).  

Two experiments were conducted to collect the kinematic 
data of participants during the assessment of five properties 
(smoothness, softness, warmth, thickness, and durability) of 
the textiles, with the first one in experimental setting and 
the second one in a physical store. A classification model 
was established for the experimental data, with all five 
properties assessed being classified with above-chance 
accuracy. The commonly used gestures identified in the 
assessment of each property were generally echoing the 
sensory data. Yet, this classification model failed to classify 
the data collected in physical stores, which implied large 
difference between the textile interaction in lab and that in 
store. The model shows increased reliability with the field 
data added to the experimental data, suggesting the 
importance of large dataset for the accuracy of the model. 
The individual model established for the combined data of 
both experiments showed large individual difference, which 
demonstrates the necessity for personalised model. 

This study contributes to the tactile communication of 
textiles by providing the possibility for the automatic 
recognition of textile properties, and act as the basis for 
future directions in refinements of property recognition in 
textile interaction.   
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APPENDIX 1: INFORMATION SHEET 
 

 
Title of project: Automatic Recognition of Emotional Responses in the Tactile Exploration of Textiles 
This study has been approved by the UCL Research 
Ethics Committee as Project ID Number: UCLIC/1516/003/Staff Berthouze/Newbold 
 
 
Name, Address and Contact Details of  
investigators: 
 
 
 
 
 
We would like to invite you to participate in this research project. You should only participate if you want to; 
choosing not to take part will not disadvantage you in any way. Before you decide whether you want to take part, 
please read the following information carefully and discuss it with others if you wish. Ask us if there is anything 
that is not clear, or you would like more information. 
 
This project aims to connect sensor data from the touching experience to the subjective assessment of the textile 
fabrics in use in order to find a way of digitising the experience of touch. You will be asked to interact with fabrics 
and fill out questionnaires concerning your perceptions. Your hand movement will be videotaped, your face will 
not be included in the video. The experiment will take about 60 minutes.  
 
If for any reason will you feel uncomfortable, you may stop the experiment at any time. 
 
We hope that you’re your help we will manage to better understand the experience of touch and translate this in 
to the digital environment. 
 
We will be interviewing you to gather the needs for such technology. We may also ask you to try current available 
technology to motivate and measure physical activity. Hence, we may ask you to wear biosensors (such as 
respiration sensor, movement sensors Electromyography sensors) and do some activity involving touching fabrics 
while assessing certain properties of these fabrics and your experience. The activity may be recorded using 
motion capture technology, non-intrusive biosensors and/or video/audio recording. We may also ask you to fill in a 
questionnaire about the experience. 
 
AII data will be handled according to the Data Protection Act 1998 and will be kept anonymous. Researchers 
working with Prof Nadia Berthouze will analyse the data collected. The information gathered will be used to 
understand the requirements for such a technology. 
 
With your permission, we would like to use extracts of the video recording to demonstrate how technology can be 
used. 
 
With your permission, we may want to use an extract of the video recording for teaching, conferences, 
presentations, publications, and/or thesis work. 
 
It is up to you to decide whether or not to take part. If you choose not to participate, you won't incur any penalties 
or lose any benefits to which you might have been entitled. However, if you do decide to take part, you will be 
given this information sheet to keep and asked to sign a consent form. Even after agreeing to take part, you can 
still withdraw at any time and without giving a reason. 
 
AII data will be collected and stored in accordance with the Data Protection Act 1998. 
  

Dr Nadia Bianchi-Berthouze 
UCL lnteraction Centre 
66-72 Gower Street, 
London WC1E 6EA 
United Kingdom 
020 3108 7067 
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APPENDIX 2: CONSENT FORM 
 
 

Title of Project: Automatic Recognition of Emotional Responses in the Tactile Exploration of Textiles 
 

This study has been approved by the UCL Research Ethics 
Committee as Project ID Number: UCLIC/1516/003/Staff Berthouze/Newbold 

Participant’s Statement 

I ……………………………………………………………………….. 
agree that I have 
� read the information sheet and/or the project has been explained to me orally;  

� had the opportunity to ask questions and discuss the study; and 

� received satisfactory answers to all my questions or have been advised of an individual to contact for 
answers to pertinent questions about the research and my rights as a participant and whom to contact 
in the event of a research-related injury. 

� I understand that I must not take part if I am not physically able to do the tasks 

� Given this I am happy to engage in mild physical activity and wear non-intrusive biosensors 

For the following please circle “Yes” or “No” and initial each point. 

           I agree for the videotape and photographs to be used by the researchers in further research studies  

YES / NO 
 

           I agree for the videotape and photographs to be used by the researchers to demonstrate the technology  
YES / NO 

           I agree for the videotape and photographs to be used by the researchers for teaching, conferences, 
presentations, publications and/or thesis work  YES / NO 

           I agree to be contacted in the future by UCL researchers who would like to invite me to participate in 
follow-up studies  YES / NO 

I understand that I am free to withdraw from the study without penalty if I so wish, and I consent to the 
processing of my personal information for the purposes of this study only and that it will not be used for any 
other purpose. I understand that such information will be treated as strictly confidential and handled in 
accordance with the provisions of the Data Protection Act 1998. 

 
Signed: Date: 

Investigator‘s Statement 

I ……………………………………………………………………….. 

confirm that I have carefully explained the purpose of the study to the participant and outlined any 
reasonably foreseeable risks or benefits (where applicable). 

 
Signed: Date: 
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APPENDIX 3: STRUCTURE MATRIX & FUNCTIONS AT GROUP CENTROIDS FOR EXPERIMENT 1 
 

Structure Matrix 

Feature Function 

1 2 3 4 

min_gyro_y .744* -.096 .341 .534 

std_gyro_yb -.578* .185 -.128 -.522 

std_orientationEuler_pitchb -.494* .222 .419 -.243 

std_accelerometer_x -.484* .264 .406 -.319 

std_gyro_zb -.483* .193 .089 -.394 

min_gyro_zb .410* -.128 -.101 .326 

max_orientationEuler_pitchb -.400* .012 .034 -.103 

max_gyro_zb -.349* .123 .141 -.322 

std_accelerometer_yb -.343* -.078 -.074 -.232 

min_orientationEuler_pitchb .338* -.188 -.297 .328 

min_accelerometer_xb .316* -.079 -.123 .243 

min_orientation_zb .217* .174 .057 -.100 

mean_gyro_yb .083* -.018 .043 .062 

std_emg_emg3 .240 .718* -.556 .246 

mean_emg_emg3b .252 .613* -.573 .261 

std_emg_emg2b .245 .583* -.388 .161 

max_emg_emg3b .122 .579* -.438 .069 

std_emg_emg1b .199 .536* -.403 .088 

mean_emg_emg2b .245 .517* -.414 .174 

std_emg_emg8b .224 .495* -.355 .099 

mean_emg_emg8b .202 .479* -.369 .053 

max_emg_emg2b .160 .459* -.336 -.019 

mean_emg_emg7b .215 .453* -.375 .079 

std_emg_emg4b .199 .450* -.422 .087 

mean_emg_emg1b .201 .444* -.428 .072 

std_emg_emg7b .195 .434* -.380 .115 

max_emg_emg1b .070 .415* -.296 .038 

max_emg_emg8b .130 .400* -.312 .001 

max_orientation_wb -.044 .397* .046 .014 

mean_orientation_wb -.016 .385* .037 .075 

min_orientation_wb .017 .385* .022 .128 

std_emg_emg6b -.023 .367* -.133 -.122 
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mean_emg_emg6b .053 .338* -.168 -.124 

max_emg_emg5b .048 .332* -.060 -.171 

max_emg_emg4b .092 .326* -.257 .021 

max_orientationEuler_rollb -.090 -.312* -.136 -.126 

min_accelerometer_yb .018 -.290* -.140 .059 

std_emg_emg5b .118 .288* -.102 -.118 

mean_orientationEuler_rollb -.075 -.276* -.108 -.056 

mean_accelerometer_yb -.096 -.272* -.058 -.092 

min_orientationEuler_rollb -.063 -.268* -.103 .008 

max_emg_emg6b -.127 .232* -.083 -.080 

mean_emg_emg5b .135 .218* -.119 -.110 

max_accelerometer_yb -.202 -.213* -.022 -.157 

min_orientation_xb .138 -.200* .004 .055 

mean_orientation_xb .095 -.195* .013 .012 

max_orientation_xb .034 -.193* .007 -.050 

min_orientationEuler_yawb -.017 .184* .077 .140 

mean_gyro_zb -.090 .183* .144 -.059 

mean_orientationEuler_yawb -.035 .173* .063 -.023 

mean_orientation_zb .168 .170* .060 -.161 

max_orientationEuler_yawb -.093 .146* .085 -.116 

max_orientation_yb -.134 -.135* -.060 .107 

mean_emg_emg4b .248 .356 -.413* .078 

max_emg_emg7b .053 .259 -.403* .032 

std_accelerometer_z .139 -.121 -.067 -.754* 

min_accelerometer_zb .095 -.180 -.157 .643* 

std_orientationEuler_roll .105 -.231 -.140 -.580* 

std_orientation_wb -.164 -.002 .117 -.484* 

std_orientation_zb -.190 -.053 .096 -.479* 

std_orientation_yb -.187 -.038 .022 -.462* 

std_gyro_xb -.307 .042 -.023 -.438* 

max_gyro_yb -.414 .115 -.006 -.435* 

max_accelerometer_xb -.307 .240 .242 -.379* 

std_orientation_xb -.257 .004 .082 -.330* 

mean_accelerometer_zb .034 -.046 -.112 .319* 

min_gyro_xb .204 .004 -.036 .301* 

max_gyro_xb -.285 -.019 .015 -.286* 

min_orientation_yb -.023 -.116 -.044 .264* 
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max_orientation_zb .115 .157 .064 -.220* 

std_orientationEuler_yawb -.017 -.058 -.016 -.219* 

mean_orientation_yb -.064 -.112 -.057 .188* 

mean_orientationEuler_pitchb .033 -.091 -.159 .161* 

mean_accelerometer_xb -.038 .087 .158 -.160* 

max_accelerometer_zb .006 .010 -.031 -.113* 

mean_gyro_xb -.111 -.090 .037 .113* 

 

Functions at Group Centroids 

Property Function 

1 2 3 4 

Smooth -.858 .012 -.030 -.004 

Soft .236 .262 -.213 .076 

Warm .264 -.256 -.205 -.076 

Thick .153 -.453 .216 .047 

Durable .196 .435 .233 -.042 
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APPENDIX 4: STRUCTURE MATRIX & FUNCTIONS AT GROUP CENTROIDS FOR EXPERIMENT 2 
 

Structure Matrix 

Feature Function 

1 2 

max_orientationEuler_pitcha .429* -.263 

mean_gyro_xa -.422* .149 

max_emg_emg8a -.383* .001 

mean_emg_emg5a -.335* .064 

mean_emg_emg3a -.314* .182 

mean_emg_emg1a -.307* .139 

std_emg_emg3a -.290* .097 

max_emg_emg3a -.286* .099 

mean_orientationEuler_pitcha .270* .014 

max_accelerometer_ya .245* -.054 

mean_emg_emg8a -.243* -.141 

max_orientation_xa -.243* .030 

std_emg_emg1a -.236* .145 

mean_emg_emg7a -.230* -.152 

mean_emg_emg4a -.227* -.106 

mean_emg_emg2a -.224* .066 

min_orientation_wa .193* .067 

mean_orientation_xa -.184* .118 

min_orientation_ya .165* -.066 

std_emg_emg2a -.157* -.061 

std_emg_emg6a -.148* .024 

mean_orientation_ya .135* -.124 

min_orientation_za -.117* -.089 

max_emg_emg7a -.066* .048 

min_orientationEuler_roll -.378 .926* 

max_gyro_z .614 .789* 

max_accelerometer_xa .398 -.664* 

std_orientationEuler_rolla .325 -.651* 

std_accelerometer_xa .358 -.626* 

mean_accelerometer_za .291 -.621* 

min_accelerometer_za .444 -.620* 

mean_gyro_za .243 -.580* 

mean_accelerometer_xa .397 -.568* 
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std_orientation_wa -.198 .565* 

min_orientationEuler_yawa .255 -.548* 

max_gyro_ya -.007 -.537* 

std_gyro_ya .267 -.525* 

mean_orientationEuler_yawa .221 -.518* 

mean_orientation_wa .396 -.514* 

std_emg_emg8a -.187 .504* 

min_gyro_ya -.456 .500* 

std_orientation_za .192 -.471* 

max_emg_emg4a .008 -.470* 

max_emg_emg5a -.053 -.423* 

std_accelerometer_ya .135 -.408* 

min_gyro_za .340 -.396* 

std_gyro_za -.027 .379* 

mean_orientationEuler_rolla -.249 .375* 

std_orientationEuler_pitcha .177 -.367* 

max_orientation_za .038 -.343* 

max_accelerometer_za .209 -.334* 

std_orientation_xa -.196 -.317* 

mean_accelerometer_ya -.089 .311* 

mean_emg_emg6a -.290 .304* 

min_gyro_xa -.141 .303* 

max_orientation_wa .049 .297* 

std_emg_emg4a -.126 -.297* 

min_orientationEuler_pitcha -.011 .297* 

min_accelerometer_ya -.014 .284* 

mean_orientation_za .007 -.273* 

min_orientation_xa -.048 .270* 

max_gyro_xa .029 -.270* 

std_emg_emg5a -.149 -.256* 

max_emg_emg6a .013 -.252* 

max_orientationEuler_rolla .036 -.248* 

std_accelerometer_za -.081 -.225* 

max_orientationEuler_yawa -.035 .221* 

std_gyro_xa -.066 -.193* 

std_orientation_ya -.038 -.190* 

max_emg_emg2a -.051 -.183* 
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std_emg_emg7a -.135 -.164* 

max_orientation_ya .086 -.163* 

mean_gyro_ya .032 -.108* 

min_accelerometer_xa -.074 .104* 

max_emg_emg1a -.026 .045* 

 

Functions at Group Centroids 

Property Function 

1 2 

Smoothness 1.461 -.013 

Softness .384 -.157 

Warmth .149 .135 

Thickness -1.232 -.183 

Durability -.762 .218 

 


