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ABSTRACT 

 

Ambient intelligence originates from the confluence of ubiquitous computing, sensor 

networks, artificial intelligence, and human-computer interaction design. The vision it 

promotes is one of a world where technology is deeply integrated into our physical 

environments, where systems work cooperatively to support people in carrying out their 

everyday life activities, and where intelligence derived from sensor networks is used to 

learn, anticipate, and adapt to the user’s needs. Tailor aims to explore the ideals present 

in ambient technology by imagining what it would be like to embed computation into our 

clothing. Following this pursuit, we propose the creation of a system that can 

autonomously learn from the occurring interactions between a user and their clothing, 

that can use this knowledge to anticipate user needs, and that can be merged into the 

environment to support natural and human interaction styles.   
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“The important waves of technological change 

are those that fundamentally alter the place of technology in our lives. 

What matters is not technology itself, but its relationship to us” 

—Mark Weiser 
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INTRODUCTION 

Since the advent of mankind, humans have built tools to help them get closer to 

achieving their goals. As such, we have developed tools to fulfill our most primordial 

needs, resulting in the creation of artifacts such as spears and arrows for hunting, clothing 

and houses for protection, and art and language for communication. More recently, we 

have seen a proliferation in the creation of tools for enhancing our lifestyle through the 

use of digital technologies that attempt to facilitate our daily living and provide us with 

entertainment. However, the relationships we form with these new kind of tools prove to 

be very different from our timeworn alternatives. We see that whereas before we used to 

build tools that worked for us, to expand the reach of our capabilities, today more modern 

tools seem to require that we work for them, demanding our constant supervision and 

input, in order for these to prove their usefulness. This has led to a world where we feel 

constantly bombarded by the myriad of tools and devices we have created, that 

continually beg for our attention and interaction, in order to keep these operating. We 

seem to have become chained to their demands, sometimes forgetting that the reason for 

their existence is to work for us, not the other way around.  
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The question thus arises: Is this current state of affairs useful, let alone desirable? 

Brian Epstein, academic philosopher and former strategy consultant at Palo Alto 

Ventures, dreams of a future where “we are no longer issuing instructions to machines in 

order to have them fill our needs, but rather where our needs are fulfilled without having 

to issue those instructions.”1 He proposes a state of affairs where machines and humans 

share such tight intimate relationships, that these anticipate our needs simply by taking 

into account our behavior within the context of our interaction with them. Within this 

world, we see technology so closely intertwined with the fabric of the physical 

environment around us, that we cease to see these two as separate entities. As a 

consequence, and through this integration of technology and environment, we reach a 

place where the machine loses the inappropriate degree of attention it currently demands, 

and the emergence of much more natural and human interaction styles ensue. Within this 

world, the utopian ideal that the father of ubiquitous computing, Mark Weiser, shares for 

our daily interactions with technology, where “using technology [feels] as refreshing as a 

walk in the woods”,2 becomes closer to a reality. 

This project is an exploration of the ways in which we can bring these ideals to life by 

attempting to enhance the current relationship we share with technology and our 

surrounding environment. To accomplish this, we looked for ways to integrate 

                                                
1 Brian Epstein, “Script for Digital Living Room Conference Keynote,” June 17, 1998, 
http://epstein.org/wp-content/uploads/DLR-Script-Internal.doc. 
2 Mark Weiser, “The Computer for the 21st Century,” Scientific American, September 1991. 
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technology into one of the most primitive and long-standing tools mankind has ever 

created: clothing. If we are to closely examine the relationship we share with our 

clothing, we will undoubtedly see that we share such an intimate connection with it, that 

we cease to think of it as a tool, although it still serves us an elementary need for 

protection. Clothing is the closest thing we wear to our bodies, the first thing we dress 

ourselves in every morning, and the last thing we take off at night. It is a tool that both 

accompanies us all day long, and one we don’t pay much attention to throughout the day 

at the same time. Moreover, it has increasingly become a vehicle for self-expression and, 

as such, has profound effects on our feelings and the way we are perceived by others in 

society. If we are to conceive of clothing as the tool that it is, we could venture to say that 

it is certainly one of the most successful tools mankind has invented: it not only fulfills its 

utilitarian purpose, but provides us with joy and means of self-expression, while being so 

deeply integrated into our lives and sharing such an intimate relationship with us, that we 

cease to think of it as a tool. 

We then wondered how we could create tools that would not only implement 

technology in ways that mimic our relationship with clothing, but that would also 

integrate into clothing items themselves in order to redefine and further enhance the ways 

in which we interact with both clothing and technology on a daily basis. The 

incorporation of technology into clothing endows us with the ability to further deepen the 

relationship we already share with it, by creating systems that can learn from the clothing 
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we wear, for which occasions, and within which contexts, based on our behavior and 

interactions with it.  

Tailor emanates as the pursuit of these aspirations. Through this project we will 

attempt to develop a tool that can integrate technology into our everyday physical 

environment, by both creating interconnected systems that can communicate with our 

clothing, and endowing clothes with the capacity to become intelligent personalized 

objects that can learn from their users, and report on their behavior. The main goal of this 

undertaking will be to create a system that can autonomously learn from the occurring 

interactions between a user and their clothing, that can use this knowledge to anticipate 

the user’s needs, and that can be merged into the user’s environment in such a way to 

support natural and human interaction styles to the point where the technology behind it 

will become invisible to the user. We will consider our aspirations to have been 

successfully accomplished when, in the words of Weiser, this technology will be able to 

provide “an invisible foundation that it is quickly forgotten but always with us, and 

effortlessly used throughout our lives.”3 

 

                                                
3 Mark Weiser, “The World Is Not a Desktop,” Interactions 1, no. 1 (January 1994): 7–8, 
doi:10.1145/174800.174801. 
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1. AN INTELLIGENT WORLD 

1.1. Introduction 

The invention of the computer has been accompanied by a number of different 

interaction paradigms that have adapted with its development to accommodate advances 

in technology. These paradigms have transformed and reshaped both the way we relate 

with computers and their place in our world. While early implementations of the 

mainframe computer promoted an interchange where expert technicians shared a single 

computer at alternate times, the introduction of the personal computer imprinted a shift to 

engender more intimate connections with this technology. This intimate relationship has 

been further deepened by the expanse of the internet and personal mobile devices 

resulting in a status quo where these devices have almost developed into natural 

extensions of ourselves. Their miniaturization has resulted in their ability to be easily 

portable, which has led to an inextricable separation between the technology and the self. 

Yet these devices, which we have become so dependent on, also require a lot of our input 

and attention to keep them from functioning and serving us. As a result, the relationships 
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that we engender with these technologies seem to produce an increasing isolating 

exchange of attention and information. This is experienced by the irrefutable fact that 

while we engage with these devices we cannot do anything else due to their demands for 

our limited attention resources. Consequently, the proliferation of this technology that 

ostensibly seeks to aid us, ends up limiting our abilities to function in the world. 

The paradigm of Ambient Intelligence (AmI) seeks to redefine the place technology 

occupies in our lives, and in this way reevaluate our relationship with it, by setting forth a 

new paradigm where “electronic devices disappear into the background of people’s 

environment.”4 This new vision for the way technology should be incorporated into our 

world, seeks to create environments that are technologically endowed to be sensitive and 

responsive to the presence of people in it. The goal of this incorporation of technology 

into the environment is to provoke a shift where the technology is no longer the focus of 

our attention due to its seamless incorporation into our physical world. What ensues of 

this integration is a new paradigm of interaction where the physical connection to our 

world is emphasized, as a result of the creation of spaces that can intimately learn and 

adapt from our personalities and behavior, and are even capable of anticipating our needs.  

The central idea behind Ambient Intelligence is that by enriching an environment 

with technology, it is possible to build a system that can “make decisions to benefit the 

                                                
4 Wim F. J Verhaegh, Emile Aarts, and Jan Korst, Algorithms in Ambient Intelligence (Dordrecht: Springer 
Netherlands, 2004), 6, http://dx.doi.org/10.1007/978-94-017-0703-9. 
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users of that environment based on observed real-time information and historical data 

accumulated.”5 In any AmI world, these autonomous intelligent environments provide 

flexibility, adaptation, anticipation, and sensible interfaces in the interest of human 

beings6. These aspirations are not easy to transform into reality, for it is necessary to 

consolidate the application of several fields and disciplines, and have them perform in 

unison, in order to achieve this goal. AmI thus arises as the confluence of ubiquitous 

computing, sensor networks, artificial intelligence, and human-computer interfaces. By 

borrowing from the foundations of each of these fields and combining them together, 

ambient intelligence bestows us with the pathway to creating tools that can alter our core 

experience with technology and redefine our relationship with both technology and the 

physical world around us. 

In the following sections we will have an in-depth look at each of these components 

that lie at the core of AmI, as well as a further examination of how they all coalesce to 

bring forth the main concept of ambient intelligence. 

 

                                                
5 Juan Carlos Augusto, “Ambient Intelligence: The Confluence of Ubiquitous/Pervasive Computing and 
Artificial Intelligence,” in Intelligent Computing Everywhere, ed. Alfons J. Schuster (London: Springer 
London, 2007), 214, http://link.springer.com/10.1007/978-1-84628-943-9_11. 
6 Weiser, “The World Is Not a Desktop.” 
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1.2. Ubiquitous Computing 

Ubiquitous Computing, also referred to as Pervasive Computing, is a concept coined 

by Mark Weiser, former Chief Technologist at Xerox Palo Alto Research Center 

(PARC), around 1991. In his seminal works, “Ubiquitous Computing” and “The 

Computer for the 21st Century”, Weiser introduces us to a vision of the future where 

technological resources have become so inexpensive and minuscule that their 

proliferation has resulted in its embedment in most everyday objects. He thus envisions 

how this inevitable development in technology would impact society at large, but also our 

daily interactions and routines. Weiser’s work explores how this advancement will affect 

our relationship with technology, and sets forth a new paradigm for how we should 

integrate technology into our everyday lives and interact with it.  

Weiser’s vision of ubiquitous computing offers a new way of thinking about the 

world, where “computing is so pervasive that everyday devices can see their relationship 

to us and to each other.”7 This resulting pervasiveness allows computers to take into 

account the natural human environment in which their interactions occur, creating a deep 

imbedding of computation in the world where “the computers themselves vanish into the 

                                                
7 D. Estrin et al., “Connecting the Physical World with Pervasive Networks,” IEEE Pervasive Computing 
1, no. 1 (January 2002): 59, doi:10.1109/MPRV.2002.993145. 
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background.”8 He compares this development to that of the electric motor, where the 

usage of a single central motor that drove every piece of machinery in a factory 

production came to be replaced by the integration of smaller and cheaper electronic 

motors into the different factory machines themselves. In Weiser’s view, this is the 

natural development of all technologies that create a profound change in the way we 

operate with the world—they disappear into the background. However, this concept, 

which the founder calls the “disappearing computer”, is considered by him to be a 

fundamental consequence of human physiology and not of technology itself, and stems 

from the observation that when people learn something sufficiently well they cease to be 

aware of it.9 As a result, ubiquitous computing ushers us into an era where users stop 

using computers and instead “simply perform a task that happens to draw on computing 

power.”10  

Moreover, by embedding computers in the environment and coupling them with 

pervasive communication networks, ubiquitous computing can promote the creation of 

human-computer interfaces than can interpret and support a user’s intentions. This can be 

achieved through the enhanced ability of these devices to capture a wide minutiae of data 

                                                
8 Weiser, “The Computer for the 21st Century.” 
9 Ibid. 
10 Mark Gasson and Kevin Warwick, “D12.2: Study on Emerging AmI Technologies” (FIDIS Deliverables 
12, 2007), http://www.fidis.net/fileadmin/fidis/deliverables/fidis-wp12-
d12.2_Study_on_Emerging_AmI_Technologies.pdf. 
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that arises from the interactions with its users. As a result, systems can be developed that 

are capable of not only identifying the various users of the system and their activities, but 

also associate these activities with the passage of time and location, and endowing them 

with the ability to infer and understand the intentions and goals behind each user’s 

actions. This results in the creation of a heightened relationship between the computing-

enhanced environment and its inhabitants, giving rise to a world where we share deep 

intimate connections with our surroundings. 

The possibility of having physical environments that are deeply entrenched with 

knowledge about ourselves, opens the door to a new approach for technology. As 

technology learns about its users and further recedes into the environment, we will be 

able to change the focus of our attention to be set on the task at hand rather than the tool 

needed to accomplish it.11 Consequently, our interaction with technology will be pushed 

so outside the realm of our consciousness that engaging in its use will be 

indistinguishable from engaging with any other natural physical object that occupies our 

environment. The most interesting and profound change that this brings forth is a 

rediscovery of the ways in which interacting with technology makes us feel. By allowing 

for computers with which we share deep interpersonal connections to be embedded 

everywhere in the environment, and “disappear” due to their ease of use and anticipation 

of our needs, we will be entering a new era reigned by what Weiser calls calm 

                                                
11 Weiser, “The World Is Not a Desktop.” 
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technology, where the current excitement that is generated through the interaction with 

technology will be replaced by a motivation to encalm and inform our human needs.12  

It is important to highlight that ubiquitous computing is characterized by the 

imbedding of computation into the everyday world, and not by the inclusion of artificial 

intelligence. Ubiquitous computing thus centers on proposing an infrastructure that 

succeeds the mobile computing era and provides us with access to common physical 

objects that are capable of both carrying computation tasks on our behalf, as well as 

producing intimate knowledge arising from the interaction between the objects and their 

users. Such a world can be conceived as a huge distributed network consisting of 

thousands of interconnected embedded systems that surround the user13 and allow for 

every object in the physical world to share information through it in order to adapt to 

each individual user.  

“The technology required to make this happen comes in three parts: cheap, low-

power [computer systems] … , a network that ties them all together, and software 

systems implementing ubiquitous applications”.14 Although Weiser first envisioned this 

technological model in 1991, we just find ourselves today at the proper intersection to 

make this vision a reality. As we see the costs of embedding computation in every day 

                                                
12 Mark Weiser and John Seely Brown, “The Coming Age of Calm Technology,” October 5, 1996. 
13 Verhaegh, Aarts, and Korst, Algorithms in Ambient Intelligence. 
14 Weiser, “The Computer for the 21st Century.” 
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objects become increasingly inexpensive, and already counting with the widespread 

adoption of wireless communication networks, such as Wi-Fi, Bluetooth, and LTE, that 

provide us with the communication infrastructure required for ubiquitous computing to 

proliferate, the only thing that is missing is to design systems that leverage these 

technologies to move us closer to this ideal. 

 

 

1.3. Sensor Networks 

Sensors provide the core infrastructure for retrieving data from the physical world 

used to power ambient intelligent systems. In most ubiquitous environments, “the sensing 

capabilities of these devices is used to detect human actions—to recognize gestures or the 

relationship between objects.”15 As such, they provide the basic interface between the 

physical and digital worlds by converting sensed environmental energy into digital 

signals that can be transmitted to electronic devices. Their main role is thus to translate 

                                                
15 Estrin et al., “Connecting the Physical World with Pervasive Networks,” 62. 
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the state of the world into information by collecting data about inhabitants and their 

environmental conditions, and communicating this information to processing units that 

can interpret them in order to be used as the implicit input required for intelligent 

environments.16  

The basic definition of a sensor is that of an object which can detect events or 

changes in its environment, and provide an output that corresponds to this change. Since 

sensors thus produce information by converting one type of sensed energy into another 

type of energy, usually electrical, these are properly known as transducers — devices that 

convert one form of energy to another. The generated signals that sensors produce are 

usually of analog nature, which means that in order for them to be communicated to 

electronic devices, an analog-to-digital converter must be used for these to be capable of 

being transmitted digitally. In short, we can say that sensors are simple devices which 

monitor single variables of observed properties in their embedded environment, which 

convert perceived stimuli into analog or digital form. 

The main properties of sensors relate to the way these sense the environment and the 

signal they produce in response. Thus, we speak of sensor sensitivity to denote the ratio 

between the output signal and the measured property. That is to say, how much the 

sensor’s output changes in response to the observed changes in the environment (e.g. a 

                                                
16 Alan Steventon and Steve Wright, eds., Intelligent Spaces: The Application of Pervasive ICT, Computer 
Communications and Networks (London: Springer, 2006), 366. 
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common household mercury thermometer will produce a 1 cm³ mercury displacement 

when the sensed temperature increases by 1° C). Additionally, we refer to resolution as 

the smallest detectable quantity of change that a sensor can detect in order to generate an 

output signal (e.g. following our example, the common resolution for a mercury 

thermometer is 0.1° C, which means that the readings provided by the thermometer can 

only be produced in 0.1° C increments at its lowest). Finally, measured signals by the 

sensor are also affected by the sensor’s range and precision. The sensor’s range 

represents the maximum and minimum values that a sensor can measure and detect as 

input (e.g. the same household mercury thermometer will usually provide a working 

range of 35° and 42° C, meaning that any temperatures below and above said threshold 

won’t produce any further effect on the device), whereas precision deals with the 

reproducibility of a measurement and relates to how close the mapping of the stimuli is to 

the sensor’s generated signal.17 All of these properties need to be taken into account when 

deploying sensors for different applications in order to make sure that the supplied data 

by the sensor meets the required needs. As a rule-of-thumb, we can deem a sensor to be 

satisfactory when it is sensitive to the property it measures, when it proves to be 

insensitive to other environmental properties that it is not measuring, and when the sensor 

itself does not influences the property it measures. 

                                                
17 “Sensor Terminology” (National Instruments, September 23, 2013), http://www.ni.com/white-
paper/14860/en/. 



 16 

Nevertheless, as exceptional as a sensor can be, it is always important to keep in mind 

that since sensors measure continuous stimuli encountered in the physical environment, 

they will inevitably be subjected to both systematic and random errors. The most 

common errors that affect ambient intelligent applications are: 1- noise, a random 

deviation in the output signal that varies in time, 2- digitization errors (also known as 

approximation errors), which is an inescapable consequence of transforming a continuous 

analog stimuli into a discreet digital signal, and results in the reading of a sensor output 

that does not closely resembles its detected input, and finally 3- sampling errors, where 

the rate at which the signal is being read form the sensor is not in close relation to the rate 

at which the sensor produces said signal, resulting in dynamic errors and the potential 

loss of information. When designing intelligent systems whose operations depend on 

sensor data, it is of utmost importance to take into account the potential effects of such 

errors, and the ensuing fluctuations in sensor data, in order to ensure for the proper 

functioning of the system.  

Finally, the last point to take into account when designing environments that react to 

sensor data, is the need for a large number of sensors to be deployed in order to 

successfully generate the proper sought out “contextual awareness”. While each sensor 

creates an information model of the part of the physical world that it observes, these 
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localized models serve little useful purpose alone.18 However, many of these sensors 

working in concert to share and communicate observations with each other allow for the 

collective creation of more comprehensive models that accurately describe the world they 

inhabit. In order to achieve this, sensors must be able to transmit information with each 

other via wireless communication networks, as well as to report all gathered information 

back to a central processing unit that can correlate the parts to create a greater whole.19 In 

consequence, sensors used in these applications must be able to form ad hoc networks 

that allow for the “plug-and-play insertion and removal of sensors at any time.”20 This 

allows for these networks to be easily scaled and reconfigured, while providing the 

necessary infrastructure for the data streams of each individual sensor to be fused 

together into composite structures that represent complex observable states. The resulting 

knowledge, derived from this fusion of information, is then transferred to high-level 

reasoning modules with the purpose of accumulating knowledge, monitoring user 

behavior, and generating responses to different observable events. 

 

 

                                                
18 Steventon and Wright, Intelligent Spaces, 289. 
19 Ibid. 
20 Ibid., 366. 
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1.4. Artificial Intelligence 

Artificial intelligence (AI) is considered a key player in the underlying infrastructure 

of ambient intelligence. As we saw in previous sections, ambient intelligence relies on 

the gathering of data through the use of sensors that are embedded in the environment in 

order to learn from its users’ behaviors and infer their future needs. Artificial intelligence 

deals with observing this user behavior and fusing a large number of sensor data in order 

to generate knowledge that can be used to inform the expectations of ambient 

intelligence. Due to its implementation in real-life applications, the artificial intelligence 

systems used to power these smart environments need to be able to learn from examples, 

be adaptive, and generalize behavior beyond the observed situations so as to be able to 

make useful predictions.21 In order to create successful models of their users’ behavior, 

AI systems must implement solutions what will fulfill the core distinct functions of: 

detecting user actions, identifying them, predicting outcomes, and analyzing the user’s 

reaction to gather feedback.  

Although there are many different approaches to artificial intelligence, they all have 

the same core objective: to provide for autonomous ways in which to generalize form 

                                                
21 Verhaegh, Aarts, and Korst, Algorithms in Ambient Intelligence, 13. 
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experience and adapt through learning. Machine learning, one approach among many, 

provides quantifiable techniques that incorporate notions of pattern recognition, as well 

as computational learning theory and statistical analysis, to fulfill the aspirations of 

artificial intelligence. Through the use of these algorithms, systems can be designed to 

generate predictions based on observed properties of learned data.22 The great advantage 

of machine learning is that it can emulate human reasoning by using appropriate 

knowledge, learning from past experience, adjusting its reasoning process to follow 

promising tracks that were discovered on earlier occasions, and applying “rules of thumb 

often called heuristics to exhibit guessing behavior.”23 As such, machine learning gives 

computers the ability to learn without being explicitly programmed.24 

There are different kinds of learning mechanisms available for machine learning, each 

of which adapts to the types of problems and tasks required for these systems to solve. 

However, they all rely on the basic principle of using data as a form of feedback to learn 

from experience. The different kinds of learning systems are thus classified according to 

the type of feedback available to them,25 into supervised, unsupervised, and 

reinforcement learning systems. Supervised learning happens when a computer is 

                                                
22 Ron Kohavi and Foster Provost, “Glossary of Terms,” Machine Learning 30, no. 2–3 (1998): 271–74. 
23 Verhaegh, Aarts, and Korst, Algorithms in Ambient Intelligence, 14. 
24 Phil Simon, Too Big to Ignore: The Business Case for Big Data, Wiley & SAS Business Series 
(Hoboken, New Jersey: John Wiley & Sons, Inc, 2013), 89. 
25 Stuart J. Russell and Peter Norvig, Artificial Intelligence: A Modern Approach, 2nd ed, Prentice Hall 
Series in Artificial Intelligence (Upper Saddle River, N.J: Prentice Hall/Pearson Education, 2003). 
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presented with certain initial data along with a desired outcome and the system must learn 

to generate a general rule that leads to this outcome. An example of this, would be to get 

the computer to learn a classification system that we have created. In unsupervised 

learning, the system is left on its own with the goal of finding structure in the initial data 

given to it as input. This can be used, for example, to discover hidden patterns and 

features in the presented data. Finally, in reinforcement learning, the system interacts 

with a dynamic environment in which it must achieve to learn how to perform a certain 

goal, such as driving a car, or learning to play a game.26 These three different types of 

learning mechanisms, allow for the creation of algorithms that can be used by machines 

to autonomously learn from their experience and adapt to the demands of different 

applications. 

The last piece of the system are artificial intelligence agents. These agents use these 

algorithms to carry on machine learning techniques in order to power an artificial 

intelligence problem. In essence, the agents provide the interface between the user and 

the artificial intelligence system, by taking in data from the environment through sensors, 

evaluating it according to a set of predefined rules, generating predictions based on 

previous learned knowledge, and then delivering said prediction to the user. Through the 

incorporation of these AI agents into the user’s environment, we can achieve the ambient 

intelligence ideal of embedding technology in our physical world that can autonomously 

                                                
26 Ibid. 
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learn from our interactions in order to predict and anticipate our needs, and further adapt 

based on our observed responses. 

 

1.5. Human-Computer Interaction 

A salient aspect of ambient intelligence is the opportunity it extends for exploring and 

forging new interaction paradigms between a user and these embedded systems. As we 

have previously illustrated, one of the main aspirations of ambient intelligence is to create 

systems that can autonomously learn from its users’ behavior in order to anticipate their 

needs and promote close, intimate relationships that can empower these users in carrying 

out their everyday life activities. The success of both creating and integrating such 

technologies into our physical environments relies on designing interactions where these 

exchanges become almost unnoticeable, or, as Weiser puts it, where “the computers 

themselves vanish into the background”.27 The motivation of ambient intelligence is thus 

to reduce explicit human-computer interaction by enabling the creation of systems that 

                                                
27 Weiser, “The Computer for the 21st Century.” 
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can “use [their] intelligence to infer situations and user needs from the recorded activities, 

as if a passive human assistant were observing activities unfold with the expectation to 

help when (and only if) required”.28 Although the goal is ultimately to create systems 

where there is minimal conscious effort behind the interactions occurring between a user 

and the underlying technology, it is also important for these systems to additionally 

provide the means to support more conscious, explicit interactions when a user decides to 

willingly seek a more direct type of communication exchange with the system (e.g. to 

report unforeseen needs or preferences). The key to creating successful ambient 

intelligence systems thus lies in efficiently combining these two modalities of interaction 

to create systems that can support its users in their daily activities through easy, 

intelligent, and most importantly, meaningful exchanges.29 

 

1.5.1. Calm Technology 

With his introduction of ubiquitous computing, Mark Weiser simultaneously presents 

us with his vision for a new human-computer interaction paradigm that he considers must 

                                                
28 Augusto, “Ambient Intelligence,” 216. 
29 Verhaegh, Aarts, and Korst, Algorithms in Ambient Intelligence, 4. 
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emerge if we are to successfully embed computation into our physical world. This 

paradigm, which he calls calm technology, redefines the core quality of our interactions 

with technology, from one that produces engages our attention and produces excitement, 

to one that “encalms and informs”30—two human needs that according to Weiser are 

usually not met together, nor found in technology today. The shift that ensues from this 

transformation is one that Weiser sees as the most “potentially interesting, challenging, 

and profound change implied by […] ubiquitous computing”.31 

Calm technology envisions new forms of interaction that empower humans by 

“encalming while informing”. These depart from the interactions that have proliferated 

today, where we encounter a constant demand for our attention that both drains our 

mental capacity and produces excitement at the same time. This had led to our current 

predicament where technology seems to be overcrowding our lives through this constant 

need for attention. Calm technology is a departure from this condition to one that 

provides calm and comfort by differently engaging with our attention. Weiser extends 

that in order for a technology to have the capacity to encalm, it must engage both the 

center and the periphery of our attention, and be able to move back and forth between the 

two.32 

                                                
30 Weiser and Brown, “The Coming Age of Calm Technology.” 
31 Ibid. 
32 Ibid. 
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The periphery is thus considered that which we are “attuned to without attending to 

explicitly”.33 In other words, it is the realm defined by the things we can perceive to be in 

our surroundings without explicitly focusing our attention on, such as the noise of the 

rain outside our window, or the sound of the motor engine as we drive. Through our 

ability to implicitly perceive these things that lie in the periphery, we can be attuned to 

these without paying explicit attention to them. The capacity to be aware of such stimuli 

through our brain’s peripheral sensory processing is what Weiser sees as pivotal in 

allowing for the design of interactions that can inform without overburdening.34 

Moreover, this awareness also enables us to take control over things we perceive in 

the periphery by consciously deciding to pay attention to them. This allows us to seek 

those things that we have become implicitly aware of and have deemed of interest, while 

empowering us to act based on said awareness. The act of “recentering something 

[formerly] found in the periphery” thus results in a heightened awareness and potential 

for interaction. In Weiser’s words,  

“Peripherally we may become aware that something is not quite right, as 
when awkward sentences leave a reader tired and discomforted without 
knowing why. By moving sentence construction from periphery to center we 
are empowered to act, either by finding better literature or accepting the 
source of the unease and continuing. Without centering the periphery might 

                                                
33 Ibid. 
34 Ibid. 
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be a source of frantic following of fashion; with centering the periphery is a 
fundamental enabler of all through increased awareness and power.”35 

 
Accordingly, calm technology presents us with the blueprint for designing 

interactions that both enhance our ability to be fully engaged in the world and also leave 

us feeling refreshed. The requirements for such systems lie in their ability to engage with 

our periphery and switch back and forth between it and the center of our attention. It is by 

facilitating this exchange of information at the periphery level, that also allows for a 

conscious recentering of perceptions deemed as interesting, that we can find a new 

approach to fitting technology into our lives with the purpose of expanding our 

knowledge and our ability to act without increasing the pervasive information overload 

we already experience.36 

 

1.5.2. Interactive Interfaces 

The introduction of ubiquitous computing and its quest to integrate computation into 

our physical world opens up the possibility for new modes of interaction previously 

unforeseen. While personal computer interfaces only afford interactions delimited by the 

                                                
35 Ibid. 
36 Ibid. 
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use of an input device, such as a keyboard or mouse, the incorporation of technology into 

smart environments enables the devise of interactions where users can interact with their 

entire body and multiple senses.37 This allows for the opportunity to consider new models 

of interaction that can come to replace the graphical user interface (GUI) which has 

become the de facto implementation for most types of human-computer interaction today. 

The graphical user interface, invented by Alan Kay at Xerox PARC in the 1960s, 

promotes the representation of information through pixels on bit-mapped displays.38 

Through these digital representations, the interface creates a bridge between the physical 

and digital world, so that users can easily understand the mental models of the products it 

empowers through the use of metaphors that provide comparisons to physical objects that 

users encounter and interact with in the physical world. Additionally, through their 

integration with input peripherals, GUIs allow for the direct manipulation of these digital 

representations by its users, which further promotes ease of use and understanding. 

Nevertheless, these interfaces do come with a series of limitations; the most important 

one being that they are inconsistent with the way in which we interact with the rest of the 

physical world.39 Ultimately, these graphical interfaces supported by screens, not only 

                                                
37 Andreas Butz, “User Interfaces and HCI for Ambient Intelligence and Smart Environments,” in 
Handbook of Ambient Intelligence and Smart Environments, ed. Hideyuki Nakashima, Hamid Aghajan, and 
Juan Carlos Augusto (Boston, MA: Springer US, 2010), 542. 
38 Hiroshi Ishii et al., “Radical Atoms: Beyond Tangible Bits, Toward Transformable Materials,” 
Interactions 19, no. 1 (January 1, 2012): 40, doi:10.1145/2065327.2065337. 
39 Ibid. 
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require for the user’s undivided attention, but are also unable to provide any form of 

feedback beyond visual (or sometimes auditory) stimuli. 

An alternative form of interaction is found in the exploration of tangible user 

interfaces (TUIs). Tangible user interfaces, first envisioned in the late 1990s by the 

Tangible Media Group at the MIT Media Lab, attempt to capitalize on the user’s haptic 

interaction skills through the use of physical objects embedded with digital information. 

This allows for an augmentation of the “affordances of [these] physical objects so they 

can support [a] direct engagement with the digital world”,40 thus interconnecting the 

digital and the physical world by making “the digital graspable, and the world the 

interface”.41 While the approach set forth by TUIs is to build upon our innate physical 

dexterity through creation of physical objects that can be seamlessly integrated into our 

natural environment42 and can be enhanced to respond to digital information—something 

notably in line with the aspirations of calm technology—it is also important to consider 

some of its drawbacks. These mostly revolve around the constraints imposed by working 

with physical matter and include the inability to dynamically represent changes to the 

                                                
40 Ibid., 38. 
41 Mikael Wiberg, “Interaction, New Materials & Computing – Beyond the Disappearing Computer, 
Towards Material Interactions,” Materials & Design 90 (January 2016): 1202, 
doi:10.1016/j.matdes.2015.05.032. 
42 Hiroshi Ishii, “The Tangible User Interface and Its Evolution,” Communications of the ACM 51, no. 6 
(June 1, 2008): 34, doi:10.1145/1349026.1349034. 
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underlying digital models through form, position, or other physical properties in real 

time.  

It is evident that although each of the aforementioned modalities of interaction 

present different advantages to their incorporation in ambient intelligence systems, they 

each do so with their share of inevitable shortcomings. We believe a solution to these 

problems to be found in hybrid interfaces, a category of interfaces that incorporates 

elements from both tangible and graphical user interfaces. These hybrid interfaces 

combine both the physicality found in TUIs, which greatly aligns with the ways in which 

we interact with every other object in our world, with the visualization of digital 

information through graphical interfaces distributed on interactive surfaces, which 

provides the capacity for dynamic adjustments to occur based on changes to the 

underlying information models. The great benefit of these interfaces, which makes them 

particularly adept for their incorporation in ambient intelligence systems, is their ability 

to support multiple modalities of interaction. While the tactility provided by these type of 

interfaces allows users to casually engage with them while focusing on other activities, 

the visualization of information through digital screens also provides more immersive 

and focused opportunities for interaction should the user chose to engage with them in 

this manner. This duality makes them ideal to support the aspirations of calm technology 

and a perfect candidate for ambient intelligence systems. 
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1.6. Ambient Intelligence 

“The snapshot I’m suggesting is one in which technology anticipates our needs, in 

which the intelligence is ambient—much like the light in this room, satisfying our need to 

see without even being conscious of it, pervades the entire room” 

—Brian Epstein 

 

 

Ambient intelligence originates as the confluence of ubiquitous computing, sensor 

networks, artificial intelligence, and human-computer interaction design with a focus on 

calm computing. The term is thus used to refer to the mechanisms that rule the 

functioning of these environments where technology and the physical world coalesce, in 

order for these to be sensitive and responsive to the presence of people while remaining 

unobtrusive. The vision that ambient intelligence presents us with, is that of a world 

where technology is deeply integrated into our physical environments in order to foster 

the creation of systems that work cooperatively to support people in carrying out their 

everyday life activities, tasks, and rituals in an easy and natural way,43 using the 

                                                
43  Šimšík Dušan et al., “Mainstreaming on Ambient Inteligence and the Role of eAccessibility 
Networking,” Assistive Technology Research Series, 2013, 391–96, doi:10.3233/978-1-61499-304-9-391. 
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intelligence derived from the network of sensors that permeates them. It allows for 

environments to learn, anticipate, and adapt to their users’ needs, and as such, allows for 

technology to offer but not demand, thereby restructuring our interactions with 

technology by placing the user at the center of the activity, and not the machine. The core 

vision of ambient intelligence is thus to embed technology into our physical world with 

the goal of forging more natural and human interaction styles,44 as a result of the deep 

intimate relationships that it will engender.  

The central characteristics that define ambient intelligence revolve around the way in 

which users interact with it. Ambient intelligence thus refers to systems that are found to 

have the following traits. Firstly, they are embedded, meaning that many networked 

devices must be integrated into the environment. It is also required for these to be 

contextually aware, resulting in the capacity for these devices to recognize their users and 

their situational context; as well as personalized, understood as need for these to possess 

deep knowledge on who their users are. They are additionally required to be adaptive, 

implying that they can change in response to their users and the environment. And finally 

they must also be anticipatory, indicating that these systems can anticipate their users’ 

desires without needing for conscious meditation on their part. These five key elements 

thus constitute the essential attributes of an ambient intelligence system, and the qualities 

it must possess to be regarded as such. 

                                                
44 Verhaegh, Aarts, and Korst, Algorithms in Ambient Intelligence, 6. 
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Ambient intelligence environments can be seen as “clusters of computing, storage, 

and input-output devices that are connected through ubiquitous broadband networks.”45 

These environments thus result from the integration of several technologies that lean on 

one another to collectively devise these systems. One of these technological advances it 

relies on is the increasing miniaturization of hardware, which allows for the sensors that 

power the information services needed in AmI to be unobtrusively embedded in the 

environment. The use of wireless networks that allow for the sensors and different 

computing elements of the system to transfer information and communicate with each 

other is the second layer of technological infrastructure needed to operate these systems. 

Thirdly, dynamic and adapting computing infrastructures are needed to transform the raw 

data collected by the sensors into comprehensive knowledge. This knowledge is then 

used to power systems that can learn from the collected data, and adapt to the responses 

observed from their users. This requirement is considered by some the most significant to 

allow for computation to be successfully embedded in our world. Additionally, human-

centric computer interfaces are needed to deliver these responses to their users, as well as 

to enable multimodal types of interaction and contextual awareness. Finally, in order for 

ambient intelligence to succeed and proliferate, it must count with dependable and secure 

systems that are self-testing, self-repairing, and that can ensure the privacy of their users.  

                                                
45 Ibid., 9. 
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The vision offered to us by ambient intelligence relies on the successful and seamless 

integration of these aforementioned factors in order achieve its ideal. An ideal that seeks 

to redefine the relationships we share with technology, and the ways we interact with it, 

by promoting the creation of environments that can learn from our interactions and adapt 

from our habits. However, the advances that this development brings with has a wider 

influence. The proliferation of environments endowed with ambient technology will also 

bring forth profound social changes. As Mark Weiser illustrates, 

The social impact of imbedded computers may be analogous to two other 
technologies that have come ubiquitous. The first is writing, which is found 
everywhere from clothes labels to billboards. The second is electricity, which 
surges invisibly through the walls of every home, office, and car. Writing and 
electricity have become so commonplace, so unremarkable, that we forget 
their huge impact on everyday life.46  

 
To conclude, we can extend that by borrowing from the notions of ubiquitous 

computing, sensor networks, artificial intelligence, and human-computer interaction 

design, ambient intelligence will not only introduce us to a new paradigm in which our 

interactions with technology and the environment will be profoundly altered, but also 

ultimately achieve the same status of these other tools that we have come to rely on so 

considerably, and so unconsciously of at the same time. 

 

                                                
46 Weiser and Brown, “The Coming Age of Calm Technology.” 
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2. TAILOR 

2.1. Introduction 

Tailor aims to explore the ideals present in ambient technology by imagining what it 

would be like to embed computation in our clothing and our environment. It envisions 

what this closet of an ambient intelligent future could be like by exploring the creation of 

an interconnected, distributed system that enables clothing to be transformed into 

intelligent personalized objects that can learn from their users, and report on their 

behavior. The main goal behind Tailor is then to create a system that can autonomously 

learn from the occurring interactions between a user and their clothing, that can use this 

knowledge to anticipate user needs, and that can be seamlessly integrated into the 

environment to support natural interaction styles that empower technology to become, for 

the most part, invisible to the user. 
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2.2. Market Study 

In order to get a better understanding of how existing solutions attempt to provide 

value through the enhancement of the user’s relationship with their clothing by 

incorporating technology, we looked at several mobile applications present today in the 

market that provide solutions centered around closet and garment organization. The 

results of this study are shown below. 

 

2.2.1. Stylebook 

Stylebook is an iOS application launched in 2009 that aspires to help users curate 

their wardrobe so “[they] can look effortlessly chic everyday”.47 The main focus of the 

application lies in its ability to provide users with tools to digitize their clothes in order to 

visualize their closet in a digital form. This process consists of photographing each piece 

of clothing and associating it to a category (e.g. tops) and subcategory (e.g. sweaters), 

and optionally entering other qualities of the item such as color, size, price, etc. The 

                                                
47 “The Stylebook Concept” (Stylebook), accessed March 23, 2016, http://stylebookapp.com/about.html. 
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application then provides a way of visually exploring these items by presenting the user 

with grids of photographs that can be filtered according to the items’ category. 

Furthermore, the application also provides a way of capturing images from other sources 

as form of inspiration, as well as the ability to mark clothing items as having been worn 

on certain dates, and a visual packing list for keeping track of items that the user wants to 

bring on vacation. 

We found the application’s greatest asset to be its ability to deliver a large set of 

analytics to the user related to the garments they own. An entire section of the app is 

devoted to “Style Stats”, where the user can be informed of how many items they own, or 

what their total closet value is, but also, more interestingly, the 25 most and least worn 

items, as well as the 25 best and worst cost-per-wear items. Moreover, its capability for 

online shopping within the app proves to be quite appealing, enabling a great user 

experience that allows for the easy discovery of a large number of pieces across a diverse 

range of manufacturers. 

In terms of its major weaknesses, we found the need to have to manually enter a large 

amount of data for each owned clothing item, as well as having to then capture a 

photograph for each item, a big pain point. This process proved to be quite difficult and 

time-consuming yet a required one to derive any sort of value from the functionality of 

the app. Additionally, we also found their “Outfit Shuffle” feature, a form of generating 

suggestions on what to wear, quite rudimentary in terms of its implementation. The 
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feature requires the user to select 3 to 8 clothing categories, after which the application 

will randomly mix the items together to come up with outfit recommendations.  

Ultimately, we thought Stylebook had good aspirations, yet the delivery of these 

ideals into a tangible form that the user can benefit from, somewhat missed the mark—

especially when it came to the need for an extended amount of data entry on the part of 

the user. 

 

 

 

Figure 1 

Stylebook’s user interface 
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2.2.2. ClosetSpace 

ClosetSpace, launched in 2015, is an iOS and Android application that positions itself 

as a “platform that learns your style preferences and profile as you save looks, add items, 

and build outfits”. 48 In a similar vein to Stylebook, the software offers users a chance to 

digitize their closet by taking pictures and adding information about each clothing item 

they own. The type of associated clothing information included seems to largely follow 

that of Stylebook’s as well, with the added capability of capturing when each item was 

bought and at which store. Additionally, the system comes bundled with a social media 

component allowing users to share information on the garments they own and their 

favorite outfits. However, we did found this feature not very easy to use nor intuitive, 

requiring us to spend a considerable amount of time trying to determine how to interact 

with it. 

In terms of its features, we found Closet Space to largely resemble Stylebook: enter 

garment information, manually track when you wear these, and get outfit suggestions. 

Most of the differences we encountered were related to the visual design and user 

experience, and the ability to subscribe to on-demand professional stylist advice for $25 

USD a month. 

                                                
48 “About” (ClosetSpace), accessed March 23, 2016, https://www.closetspace.com/about. 
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Nonetheless, a noticeable difference was found in regards to the outfit suggestion 

mechanism. While Stylebook took a “remixing” approach, where elements were 

randomly chosen together out of the selected categories in order to form an outfit, Closet 

Space focuses on providing suggestions for individual pieces of clothing to wear, rather 

than full outfits. Their approach works largely as a filtering system added to the clothing 

photo grid presentation, where users can choose to display items that only fit a certain 

weather, temperature, and occasion combination. (Note that these parameters need to be 

manually determined, for each item, by the user, at the moment of creation.) 

Overall, we found shared trends between Closet Space and Stylebook, mostly related 

to the way their information architecture is structured, their user experience design, and 

the value they seek to provide to their consumers. We did find, once again, the need for 

manually entering a vast amount of clothing information on setup rather daunting. While 

this made us wonder how this kind of approach would hinder user adoption, we found 

some of our answers in user reviews posted to the App Store, where users pointed to the 

fact that “entering stuff is quite a hassle”,49 and “excellent idea but entering information 

is agony.”50 

 

                                                
49 Reviewgrrrl2015wow, “ClosetSpace,” Customer Review, Apple App Store, accessed March 23, 2016, 
https://itunes.apple.com/us/app/stylitics/id549724282. 
50 Somanyclothes, “ClosetSpace,” Customer Review, Apple App Store, accessed March 23, 2016, 
https://itunes.apple.com/us/app/stylitics/id549724282. 
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Figure 2 

Closet Space’s user interface 

 

2.2.3. Mÿlo 

Mÿlo is a Canadian initiative, launched in July of 2015, that focuses on providing 

“the simplest way for men to dress well”.51 As such, it has crafted an iOS application that 

                                                
51 “Mÿlo” (Mÿlo), accessed March 23, 2016, http://okmylo.com/. 
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attempts to be a personal stylist for men by providing alternative solutions to some of the 

problems that we have seen present in other applications. Instead of requiring users to 

manually go through an extensive data input process in order to capture garment 

information, Mÿlo presents a different approach were users can simply select the clothes 

they own based on a list of 75 to 100 “timeless classics”. After this initial setup process, 

the application is then able to provide outfit suggestions based on combinations of said 

items, current weather conditions, and occasion (i.e. work, date, party, etc.). Moreover, it 

provides suggestions on future item purchases that could maximize the user’s outfit 

combination options through their proprietary e-commerce platform.  

Based on our experimentation with the application, we found its greatest asset to be 

its solution to the data entry problem found in most other products we saw. This results in 

a minimal configuration time, which allows the user to derive value from the 

application’s features immediately. However, the drawback that comes associated with it, 

is the necessary constraint to the kind of clothing items that a user can mark as owned. 

Moreover, this inventory based on prototypical clothing items, as opposed to the actual 

user’s ones, comes with the added limitation of not being able to obtain suggestions on 

outfits that closely resemble the garments the user possesses. 

Other qualities worth highlighting, are the application’s ability to generate outfits 

based on occasion and activity type—something that had hitherto remained unseen— as 

well as the diverse nuances available for each of their filter types. For example, when 

requesting for an outfit suggestion for a date, a user has the ability to further specify the 
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kind of date through the following options: casual date, formal date, activity date or 

breakup. Additionally, we found the user experience design to be the most successful out 

all of the options that we analyzed, providing the user with a clear information 

architecture, easy access to user operations, and friendly visual design.  

Although we found Mÿlo’s approach refreshing to discover, we did run into a few 

issues of concern. First, although the setup process was a breeze and we were able to start 

experimenting with the application’s recommendation engine in an extremely short 

period of time, we found the inability to get recommendations based on our real clothing 

items somewhat of a problem. This was especially so, given the fact that the range of 

clothing options provided by the application is not very extensive, which left a lot of our 

clothing items unavailable to be considered by the application. Moreover, we found the 

recommendation agent to somewhat produce the same repeated results remarkably often. 

This could be a result of the lack of range when it comes to selecting the kind of garments 

we owned. Nevertheless, we seemed to be suggested to wear black pants, with a white 

shirt, and a black jacket, almost too frequently.  

On the whole, we found Mÿlo to have a lot of promise to provide a simple-to-use 

tool, that would be easy to adopt by a large number of users, by circumventing the 

problems surrounding garment digitization in a novel way. Nevertheless, we did see the 

inherent limitations of their proposed method, which seems to not be an issue for some of 
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its customers—“within 5 minutes after installing the app I was able to generate a 

recommended outfit based on my location/weather and the clothes I own”52—while 

others found it too restrictive—“[if you] let the user upload 100% of their own images 

[…] this app would be GREAT.”53 

 

 

Figure 3 

Mÿlo’s user interface 

 

                                                
52 B_rad125, “Mylo,” Customer Review, Apple App Store, accessed March 23, 2016, 
https://itunes.apple.com/us/app/mylo-menswear-made-simple/id1041640117. 
53 @Jeromelegacy ON IG, “Mylo,” Customer Review, Apple App Store, accessed March 23, 2016, 
https://itunes.apple.com/us/app/mylo-menswear-made-simple/id1041640117. 
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2.3. Early Ideas 

Our early ideas gravitated towards the goal of creating an ambient technology tool 

that could use sensor data coupled with artificial intelligence in order to create value from 

the intersection of clothing and technology in a non-intrusive manner. Based on our 

comparative analysis on current market solutions, we were certain that we wanted to 

incorporate sensor data in order to solve the problem of user data entry revolving around 

clothing digitization, categorization, and usage tracking. We thus sought out different 

possibilities for how we could incorporate this kind of passive human-computer 

interaction in our users’ daily lives. The results of that exploration led us to the 

formulation of the following seven use cases as possibilities for further exploration and 

implementation. 

 

 

• Clothing tracking 

The most evident outcome of incorporating sensors into clothing resulted in the 

ability to be able to provide users with an autonomous way of tracking the garments they 

wear each day. We especially considered the usefulness of bringing this solution to an 

audience of fashionistas or public personalities that already keep track of their daily 

clothes in a more manual fashion. Additionally, although possibly inconspicuous at first, 
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we also saw how this could be extended to a wider range of target users, given the fact 

that the ability to track what a person wears on a daily basis can serve for a much larger 

purpose than simply to make sure not to repeat an outfit, for example. As we will next, 

most of our explorations are built upon this central notion of being able to autonomously 

track a user’s clothing in order to provide insight into their personalities, and create a 

more intimate relationship between the technology and the user through the use of this 

knowledge. 

 

 

Figure 4 

Clothing tracking 
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• Outfit recommendations 

The next logical step for us was to provide the ability to offer outfit suggestions based 

on the gathered sensor data through which we could infer a user’s owned items as well as 

their usage patterns. We envisioned for a user to be able to request clothing 

recommendations to be generated based upon the correlation of this information with 

weather conditions, calendar events, and activity types. Provided with this knowledge, an 

artificial intelligence system would then be able to present the user with a variety of 

options tailored to their likings. 

 

 

Figure 5 

Clothing recommendations 
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• Selling of unused clothing 

With the data derived from the clothing tracking mechanism, we thought it would be 

ideal to provide users with a way of easily selling their most unused pieces of clothing. 

However, we wanted to be able to incorporate this functionality with the least amount of 

possible user input. In order to do so, we thought of keeping track of a user’s least 

frequently used items in order to determine which garments the user might benefit from 

discarding. We could then gauge potential user interest by presenting these clothing items 

as possible purchase options to nearby users which would match a profile indicating a 

preference for the items’ overall style, and offer these to be purchased at a price 

determined by an algorithm capable of appraising the items on a number of market 

factors. Once purchase intent had been captured by a certain user, the owner of the item 

would receive a notification informing them of a selling opportunity, with the choice of 

completing the exchange or rescinding it. 

 

 

Figure 6 

Selling of unused clothing 
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• Packing suggestions for trips 

For this scenario, we sought to solve a problem frequently encountered when having 

to determine what to pack for a vacation or business trip. Based on our personal 

experience, we often found this process to be somewhat daunting, time consuming, and 

ineffective, as we encountered much of our packing choices not to ultimately be put to 

use while on the trip. We thus thought of a mechanism whereby a user could indicate the 

trip destination and the system would produce a packing list based on the user’s 

preferences, the weather conditions at the destination, the duration of the trip, and the 

activities found on the user’s calendar during this time period. Additionally, the 

recommendation agent would also be able consider the reusability of the suggested 

clothes, resulting in a packing list that would ensure the maximum number of outfit 

combination possible. 

 

 

Figure 7 

Packing suggestions for trips 
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• Locating misplaced clothing 

Given the incorporation of sensors to users’ clothing items, we thought a logical 

conclusion would be to exploit the derived data from the sensor signals to allow users to 

track potentially misplaced items. This would be fairly analogous to several market 

solutions that provide the ability to locate a user’s misplaced keys or other smaller 

objects. Extending this to incorporate it in our system seemed evident just for the fact that 

we already counted with this data. 

 

 

Figure 8 

Locating misplaced clothing 
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• Clothing cleaning notifications 

Another implementation option we considered was the ability of sending notifications 

to a user’s device when it had been determined that certain clothing items needed 

cleaning. This would, of course, require the added capability of tracking when garments 

had been cleaned or not. Nevertheless, we thought this could be especially useful for 

items that need special kinds of treatment (such as dry cleaning). Our idea would be then 

to not only notify the user of the need to clean this item, but also provide them for a direct 

way to interface with different cleaning services in order to schedule for cleaning 

appointments if needed. 

 

 

Figure 9 

Clothing cleaning notifications 
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• Ensuring proper garment care 

Finally, we wanted to provide users with the ability to make sure they would not 

damage their clothes by not taking the proper care they needed. As most clothing items 

come with handling instructions and washing recommendations, we thought we could 

leverage this information to make sure that the user abides by these and not risk ruining 

their clothes. We thus envisioned a mechanism whereby the system could detect clothing 

items about to be washed, in order to make sure that the selected washer cycle settings 

matched the items care prescription, as well as to ensure that no clothing items would be 

washed together with other garments that could result in these being deteriorated. This 

information would then be used to issue warnings to the user’s mobile device in order to 

elicit their attention. 

 

 

Figure 10 

Ensuring proper garment care 
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2.4. User Research 

In order to validate our early exploration ideas, we conducted an initial user research 

study to better assess customer needs and their motivations. The data collected from this 

research was used as a driving factor both in deciding how to best shape the product and 

determining the most compelling use cases to implement on an initial round of 

development. 

The research took the form of an online survey,54 administered between February 

10th and February 29th 2016, and distributed predominantly over social media. The aim 

of the study was to collect general thoughts and ideas regarding potential evolution tracks 

for the future of the closet, as well as data that would provide us with quantifiable means 

of evaluating the number of proposed use cases for implementation. Participants were 

asked to imagine what a closet in the year 2055 would look like, what thoughts were 

evoked in them upon hearing the term “smart closet”, and what single skill would they 

teach their closet had they possessed the means to do so. Additionally, they were 

presented with seven storyboards that depicted the various use cases for the project, and 

asked to rate each one of them on a scale from 0 to 4 (a score of 0 indicating a complete 

                                                
54A live link to the study can be found at: https://matiseijas.typeform.com/to/X9H1VS 



 52 

lack of interest, and a score of 4 indicating great interest). Finally, additional 

demographic data, such as age group, gender, and geographical location was collected as 

well. 

A total number of 130 responses were collected over a period of three weeks. Most 

responses were reported by people that fit the age group between 25-30 years old, 

accounting for 41% of the submissions, followed by 32% of responses collected from 

participants in the 19-24 age group. Additionally, 11% of responses were collected from 

people in the 31-37 age group, 4% corresponding to people in the 50-60 age group, and 

3% for respectively each of the following categories: -18, 38-43, 44-50 and unreported. 

In terms of gender, the majority of responses came from female respondents—41% of 

participants self-reported as female, while 38% reported as male, 2% as other, and 19% 

remained unreported.  

When asked about the qualities pertaining to the “closet of the future”, the majority of 

responses gravitated towards concepts of organization, digitization and categorization, 

incorporation of graphical user interfaces, analytics on outfits worn, and recommendation 

systems based on criteria such as weather, mood, and occasion. Similar answers were 

collected when asked about which kind of skill would participants teach their closets if 

they had the means to do so. 

There were a total of seven use cases asked to be ranked by the participants. These 

included: tracking which clothes are worn on a daily basis, receiving clothing 

recommendations on what to wear according to recently worn clothes and different 
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weather conditions, easily selling unused clothing items to other users, gathering 

suggestions on what to pack for a trip, locating misplaced clothing items, being notified 

of clothing items in need of cleaning, and being offered help on how to properly take care 

of different clothing items. Based on the ratings received for each one of these, the 

following ranking ensued from the responses collected. Although most use cases received 

high scores, the use cased that showed most promise was being able to easily sell unused 

clothing items with an interest ranking of 16%, followed by receiving suggestions on 

what to wear with 15.5%, and gathering suggestions for what to pack on vacation with a 

ranking of 14.7%. The remaining use cases were ranked with the following scores 

respectively: 14.3% for being able to locate misplaced clothes, 14% for receiving help on 

how to take proper care of garments, 13% for being notified when clothing items are in 

need of cleaning, and 12.5% for the daily tracking of clothing. 
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2.5. Conclusion 

Based on the results derived from our comparative analysis and initial user research, 

we agreed to center the initial project implementation around the ability to track users’ 

worn garments on a daily basis in order provide outfit suggestions according to weather 

conditions using historical usage data. The reason for it being a decidedly strong interest 

in this concept as reported both by the participants’ description of what they would like 

their closets to be capable of doing in the future, as well as a high ranking result in the 

scoring of the use cases provided to the respondents. Although the daily tracking of 

clothing was ranked as receiving the least amount of user interest, additional 

consideration was given to this use case based on the fact that all other use cases need 

this basic capability in order to collect inventory data on the user’s clothing items, as well 

as historical clothing usage data, in order to make and provide informed outfit 

suggestions as an end-result to the user—something which permeated all gathered user 

feedback.55 

                                                
55 The collected raw data for the user survey can be found on Appendix A 
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3. TECHNOLOGY 

3.1. System Overview 

Tailor is designed as a system where data is captured from actions taken by users in 

the environment and transformed into knowledge of user intent. Sensors in the 

environment capture data that provide information on the clothing items owned by a user, 

as well as the garments worn on a daily basis. The information gathered from these 

sensors is transmitted to a microcontroller and then processed by a backend server that 

stores this data in a database and correlates it with data provided by manufacturers on the 

particularities of each clothing item (e.g. clothing type, brand, color, season, etc.). At the 

time where an outfit suggestion is requested by the user, a machine learning agent looks 

up the historical usage data gathered from the sensors to generate three outfit suggestions 

corresponding to the present weather conditions. These suggestions are then delivered to 

the user via a graphical user interface running on an iOS application. Based on further 

sensor data captured from user action, it is determined if and which of the generated 

clothing suggestions were ultimately worn by the user. This information is then fed as 



 56 

feedback to the machine learning service and used for consideration of further clothing 

suggestions as well as for fine-tuning the suggestion algorithm.  

 

 

 

Figure 12 

System overview 
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3.2. Sensors 

A few alternatives were considered when choosing how to implement the sensor 

network for Tailor. Radio-frequency identification (RFID) has been the most historically 

common technology used for implementing item-tagging and asset management systems 

that rely on sensor data. Early implementations of this project thus utilized RFID 

technology as a source of sensor data. Although this technology offered a number of 

advantages, the inherent drawbacks soon made it obvious that the technology was not 

suitable for the requirements of the project. Among the alternatives considered, iBeacon 

technology, based on the Bluetooth low energy network, proved to be the most 

appropriate tool for handling the types of interaction needed to fully realize the vision 

behind Tailor. Nevertheless, with the adoption of this technology, other problems ensued. 

The following paragraphs will provide a close look at the benefits and limitations of these 

technologies, and the eventual decision of adopting iBeacon technology for the needs of 

this project. 
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3.2.1. Radio-frequency Identification 

Radio-frequency identification, most commonly referred to as RFID, has its origins in 

the work of Mario Cardullo, an inventor and 1957 graduate of the NYU Tandon School 

of Engineering. In 1973, Cardullo filed the first US patent56 for a two-part system that 

uses electromagnetic fields to identify and track tags attached to objects. The system, 

composed of a reader and a transponder equipped with memory for data storage (also 

commonly referred to as a tag) allows for the exchange of information to happen at a 

distance. By having the reader emit an electromagnetic wave that induces a current in the 

transponder, who then modulates the strength of this electromagnetic field according to 

the data stored in it, the reader is allowed to interpret the shift in wave modulation and 

determine the data stored in the tag. Later contributions have added power to the 

transponder system, thereby introducing the concept of active transponders, which allow 

for a significant increase of the distance over which information can be sent and received 

through the system. 

RFID technology is prevalent today and can be found ubiquitously embedded in 

products such as electronic toll-collection systems, employee badges that grant access to 

buildings and offices, manufacturer inventory items for tracking, and even in livestock 

                                                
56 Mark Roberti, “The History of RFID Technology” (RFID Journal, January 16, 2015), 
http://www.rfidjournal.com/articles/view?1338. 
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and pets for identification purposes. This has led the RFID world market to increase from 

$6.96 billion USD in 2012, to $8.99 billion USD in 2014. Moreover, due to its relatively 

simple implementation and continually decreasing cost, it has made it an easy candidate 

for the adoption and incorporation into Internet of Things devices, resulting in an 

expected increase of the market value to $18.68 billion USD by 2026.57 

 

 

Figure 13 

RFID schematics 58 

 

The benefits of RFID technology are numerous. On the first hand, the whole system 

is incredibly small, which means that it can be attached inconspicuously to almost any 

                                                
57 Raghu Das and Peter Harrop, “RFID Forecasts, Players and Opportunities 2016-2026” (IDTechEx, 
October 2015). 
58 Harvey Lehpamer, RFID Design Principles, 2nd ed (Boston: Artech House, 2012), 146. 
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object. According to the frequency of operation, it allows for information to be 

transmitted without the use of power over distances between 30 cm (1 foot) to 6 m (20 

feet), yet additionally allows for data transmission over distances of up to 100 m when 

using powered tags. The tags come in a wide range of sizes and form-factors, including 

tags that can can be bent, washed, or dried, and are small enough to apply to clothing. 

Lastly, they are already in use by a lot of systems, such as libraries, retail stores, and 

clothing manufacturers, and are incredibly cheap, ranging from a few cents a piece to 

about $2 USD. This makes RFID technology a seemingly ideal one to incorporate into 

Tailor. However, we will now explore the aspects that make RFID not the right fit for 

this project. 

In order to reach the maximum reading range of 6 m (200 feet) using passive RFID 

systems, we must use RFID tags that operate on the ultra high frequency spectrum (860 - 

960 MHz). In order to read tags operating at this high frequency, an antenna must be 

attached to the reader in order for it to enable the transmission of data over these large 

distances. These antennas, however, are often bulky and quite expensive, ranging from 

$200 to up to $800 USD. Additionally, the antennas offer a relatively narrow beam width 

within which the tags are detected, meaning that if any RFID tags are placed outside of 

this beam they will go undetected, leading to any implementation to be considerably 

restrained to a small “working area” where we can ensure that the tags will be perceived. 

Moreover, the area in which tags are detected can be further affected by interference 

when the antenna is placed close to metal surfaces, resulting in a further narrower beam 
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width that would disregard potential tags unless placed directly inside this beam. Finally, 

some RFID readers are limited to a certain number of tags that can be read at once, 

meaning that its implementation on a system that depends on a lot of tags being 

continually monitored might not render the best results. 

 

   ,  

Figure 14 

RFID detection area as defined by the antenna’s beam width 59 

                                                
59 Adapted from Ibid., 165. 
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3.2.2. iBeacons 

iBeacon technology comes out of Apple’s research labs in 2013 as a protocol built to 

harness the power of Bluetooth Low Energy technology—a wireless network technology 

originally introduced by Nokia in 2006 and later merged into the main Bluetooth 

standard. Bluetooth Low Energy (BLE), envisioned as a technology to be powered by 

button-cell batteries and be deployed at high volumes, was conceived as a way of 

optimizing for ultra-low power consumption, over data transfer rates, in order to reduce 

operation cost and increase user adoption. Similarly to the RFID model, the BLE system 

is comprised of a reader and a transmitter, except in this case the reader takes on a more 

passive role while the transmitter is the active agent behind the data transmission. The 

communication between the components happens through the one-way data transmission 

of an advertising packet broadcasted by the transmitter at regular intervals via radio 

waves. A BLE-enabled reader then simply listens for these radio waves carrying the 

advertising packets, which contain information on the transmitter’s identity, allowing the 

reader to detect and identify the nearby transmitters. 

iBeacons are thus Bluetooth Low Energy devices that emit advertising packets 

following a certain set of requirements as defined by the iBeacon protocol created by 

Apple. The advertising packet of an iBeacon must be 30 bytes long, where the first 9 

bytes are reserved for transmitting manufacturer data as well as information required for 

parsing the data signal. The remaining 21 bytes are user-accessible and must contain a 16 
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byte-long universally unique identifier (UUID), generally used to differentiate a large 

group of related beacons, a 2 byte-long major number, used to distinguish a smaller 

subset of beacons from the larger superset of beacons that share the same UUID, a 2 

byte-long minor number, used to identify an individual beacon, and a 1 byte-long 

received signal strength indicator number (RSSI) representing the beacon’s transmission 

power when measured by a reader over a 1 meter length (this allows the reader to 

determine the distance between the reader and the transmitter). 

 

 
 

Figure 15 

iBeacon advertising packet 

 

 

The main advantages of iBeacon technology, besides low-cost and low-power 

operation, involve the large reading ranges, which can vary from the standard 70 meters 
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long (230 ft) and may reach up to 450 m (1400 ft) in long-range beacons. Moreover, 

since the iBeacons are ultimately Bluetooth Low Energy devices, their signals can be 

interpreted by a slew of modern devices that are already enabled with Bluetooth 

technology, allowing for both hardware-based and also software-based readers that 

exploit the capabilities of these devices. Additionally, since the signal is transmitted over 

radio waves, there is no need for extraneous antennas to be incorporated into the system 

in order to properly detect the transmitted signal, which means that there is no concern 

for antenna beam widths that could leave transmitters outside of a reading zone. Finally, 

iBeacon technology was envisioned by Apple as a resource for facilitating indoor 

positioning systems. As such, they are designed to provide detailed data on various user 

interactions according to the user’s proximity to the beacon, resulting in the ability to 

approximate when a user has entered, exited, or lingered in a region delimited by 

iBeacons.60  

Although this technology seems to offer great advantages, there are also some 

shortcomings of incorporating this technology into a project like Tailor. The central issue 

is the requirement of power to function. As mentioned before, most iBeacon devices are 

powered by button-cell batteries, which although readily available and cheap, means that 

incorporating iBeacons onto items such as garments, elicits a question regarding the 

                                                
60 “Getting Started with iBeacon” (Apple, June 2, 2014), https://developer.apple.com/ibeacon/Getting-
Started-with-iBeacon.pdf. 
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longevity of this solution. The next concern is related to the beacons’ capacity to be both 

waterproof and able to resist relatively high temperatures as those exposed to while in a 

washer or dryer cycle. This poses yet another threat to the sustainability of this solution, 

and begs the question of whether this technology can truly be something that can easily 

be incorporated into everyday clothing. Lastly, another problem is the current market 

price for these devices, which is significantly high and can range anywhere from $3 to 

$30 USD per beacon. 

 

3.2.3. Conclusion 

Based on the preceding introduction of both RFID and iBeacon technology, and the 

subsequent analysis of the benefits and disadvantages of incorporating these technologies 

into this project, we have come to the conclusion that although RFID technology would 

provide great advantages to the project, namely the small form factor and low operation 

cost which would make manufacturer adoption a breeze, the problems introduced by the 

need of having an expensive ultra high frequency antenna that provides narrow detection 

beam widths, as well as the potential for readers to detect a certain fixed number of tags 

simultaneously, makes this technology an unfit candidate for this project. 

iBeacon technology offers great solutions to these problems but not without 

introducing a few other complications, the most important being the need for the beacons 
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to be self-powered. The fact that the beacons need to be powered by battery poses a big 

question to the feasibility of the device being able to support the natural interaction 

between a user and their clothes, which need to be washed and dried on a regular basis. 

Moreover, it also presents the problem of having to eventually replace the battery on each 

garment’s beacon, which may not be an easy or enjoyable feat given that users may 

possess a large quantity of clothing items. Failure to do so would result in the loss of 

captured data which drives this whole project. Finally, the high price tag incurred on per 

beacon could also pose a threat to manufacturer adoption. 

Nevertheless, despite these listed concerns, iBeacon technology is the most suitable 

technology found today to both identify moving items and infer user intent through data 

derived from the interaction of users in the environment. Given the fact that being able to 

collect data from the sensors in order to infer user intent is pivotal to the success of this 

thesis, the guarantee of being able to receive consistent data across large distances 

without concerns for sensor and transmitter relative positioning has been the driving 

factor in ultimately deciding to utilize iBeacon technology for this project. 
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3.3. Microcontroller 

Microcontroller systems are often found in a vast majority of physical computing 

projects due to their small size, ease of deployment and configuration, and 

interoperability with sensors. These systems, usually comprised of a core processor, 

programmable memory, and input/output pins that allow for easy communication with 

peripheral components, are a sought out alternative for building interactive objects that 

can sense and control physical devices.61 While the central concept remains the same—

communicating input and output data through the different components of the circuitry—

the increasingly large number of microcontroller-compatible peripherals allow for these 

systems to be easily extendable to suit a myriad of different project needs.  

In order to capture the advertising signal transmitted by the iBeacons embedded in the 

user’s clothing, we sought out to incorporate a Bluetooth Low Energy transceiver module 

into a microcontroller system, thereby allowing us to create a simple device that could be 

continually monitoring the environment for these signals. We found the best candidate 

for this job to the be the HuaMao HM-10 BLE module, which requires a small input of 

3.3V to run, and is able to receive and transmit data from/to other components via serial 

                                                
61 “Introduction” (Arduino), accessed March 30, 2016, http://www.arduino.cc/en/Guide/Introduction. 
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communication. Highly important is the module’s ability to support operation in central 

mode, meaning that the module is able to listen for advertising packets emitted by other 

Bluetooth Low Energy devices in the environment. This seemingly elementary capability 

is actually hard to find in a lot of the BLE modules commonly available in the market, 

rendering modules without this capacity only able to broadcast advertising packages 

without the ability to listen for other devices’ advertised signals. Consequently, this 

makes the HuaMao HM-10 BLE module a great instrument for fulfilling the requirements 

of this project. 

However, although we had great expectations for the performance of this module, our 

early prototype implementations showed that the HM-10 BLE module would not provide 

the kind of information we needed to drive the project (See Early Iterations, 

Experimentation C). Its main drawback being a hard to use interface, in which the 

transmitted information on the scanned devices was often found interrupted, and required 

the incorporation of somewhat fragile parsing methods in order to make the data 

available to other components of the system. Additionally, the module was ruled out 

completely when we discovered a limitation on the number of reported devices to a total 

of six. Given the fact that we anticipated most users to be able to have a vastly higher 

number of clothing items tagged with beacon devices, this limitation rendered the module 

unfit to capture the kind of information we wanted to derive from the user’s interaction 

with the incorporated beacon tags.  
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A temporary alternative was found in the use of a software-based iBeacon scanner 

running on a client iOS application. The clear benefit of this alternative being both the 

simplification of the number of total components in the system, as well as an easy-to-use 

and direct interface for manipulating the collected sensor data. This also reduced the 

complexity of communication of components in the system due to the fact that creating 

an iOS software-based iBeacon sensor allowed us to directly transmit this information to 

the client application, as well as to make use of the mobile device’s Wi-Fi connection to 

simultaneously communicate with the backend server and facilitate the storage of the 

collected data by the scanner. 
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3.4. Backend Server 

The backend server’s purpose is twofold: it hosts both a NoSQL database service for 

data storage and retrieval, as well as the artificial intelligence services used to generate 

clothing suggestions on a per-user basis according to the user’s clothing items and the 

present weather conditions. 

For the purposes of this project, we have set up a Parse Server62 implementation 

hosted on the Heroku cloud platform.63 Parse Server, an open source implementation of 

the Parse mobile backend as a service product, is a Node.js application released in 

January 2016 after Parse discontinued their proprietary-hosted version of the service. Our 

decision to use Parse Server for this project was rooted in its open source nature, its ease 

of deployment and scalability, as well as the extensive documentation and number of 

client software development kits (SDKs) available for a multiplicity of platforms, 

including iOS, Javascript, Arduino, and others. 

 

                                                
62 https://github.com/ParsePlatform/parse-server  
63 https://www.heroku.com/ 
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3.4.1. Database Service 

Parse Server connects to a MongoDB database service in order to power its data store 

and retrieval features. MongoDB is a non-relational (NoSQL) database that allows for 

dynamic data schemas modeled after JSON files. It has wildly gained user adoption since 

its release in 2009 due to its cross-platform and open source nature. Moreover, it provides 

answers to some of the problems found in the rigidity of the data structures used in 

standard SQL relational database management systems. As opposed to SQL databases, 

MongoDB allows for the creation of data schemas on the fly that don’t need to be defined 

beforehand, granting a broader sense of flexibility and adaptation to the database 

management system. 

For the purpose of this project, we have used MongoDB to implement a database 

structure that allows for easily capturing and storing of data pertaining to three major 

distinct sources: manufacturers, users, and artificial intelligence algorithms. We will now 

provide an analysis of the data collected from each of these sources as well as a general 

overview of the data schemas created to capture this information.64 

 

 

                                                
64 An in-depth view of these data models can be found on Appendix B 
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• Manufacturer Information 

Manufacturer-supplied information includes details on each individual piece of 

clothing produced. This combines information about the manufacturer itself, such as 

brand name and logo, as well as descriptive data on each piece of clothing, including 

clothing type, color, season, and picture of the item. Although this information is deemed 

as being supplied by the manufacturer, for the purpose of this initial implementation, all 

manufacturer-supplied data has been retrieved from the articles of clothing used for the 

prototype exploration and entered manually in the system.  

Following an analysis of the information gathered, we have created the following data 

structures to capture all of the information to enable the use cases we have set out to 

implement.  

 

1. Brand 

Includes information about the manufacturer brand, including brand name and logo. 

Each entry in the system is given a unique number entitled beaconMajor, which is then 

used to configure the beacon’s major number in order to be able to reference an 

individual piece of clothing to this particular clothing brand.  

 

2.  Clothing 

Contains detailed data on each individual piece of clothing produced by a 

manufacturer, including clothing category and clothing type (see item 3), season (see 
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item 4), color type (see item 5), color and item image. Additionally, each entry is given a 

unique beaconMinor number, which is then referenced in the beacon’s configuration in 

order to be able to identify each individual piece of clothing and retrieve all of its 

associated information.  

 

3. Clothing Category and Clothing Type 

We have determined the following clothing categories and types in order to classify 

each individual clothing item according to the ensuing taxonomy. (See Table X) 

 

4. Season 

Given that most clothing items are designed and manufacturer for a specific season in 

mind (Winter/Fall or Spring/Summer), we have provided a way of capturing this 

information in order to both provide filtering options for a user browsing their closet 

digitally, as well as to incorporate this information into generating appropriate outfit 

suggestions.  
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Clothing Categories 

Top Bottom Full Body Outerwear 

 

 

Clothing Types 

Top Bottom Full Body Outerwear 

Tank top Skirt Jumpsuit Jacket 

Tshirt (Long sleeve) Jeans Romper Coat 

Tshirt (Short sleeve) Pants Dress Parka 

Shirt (Long sleeve) Sweatpants  Blazer 

Shirt (Short sleeve) Short  Raincoat 

Blouse Leggings   

Sweater    

Cardigan    

Hoodie    

Sweatshirt    

Vest    

 

Table 1 

Clothing Categories and Clothing Types 
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5. Color Type 

In order to be able to search and filter for pieces of clothing that have specific color 

properties we have determined the subsequent color type taxonomy. The following 

categories have been established in advance corresponding to the properties of the 

clothing items tagged for this prototype. However, more color type properties can be 

easily added as need-be according to any further submitted manufacturer data.  

 

Color Types 

Color Category Qualifier 

Solid  

Pattern  

Pattern Plaid 

Pattern Color blocking 

Pattern Polka dots 

Pattern Argyle 

Pattern Print 

Pattern Stripes 

 

Table 2 

Color Types 
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• User Information 

A basic user management system has been set in place in order to register individual 

users of the application. This provides a way of not only managing user sign in, but also  

to capture and correlate information regarding ownership of each particular user’s closet 

items, and usage history data for each of the user’s garments. 

The following data structures have been set in place in order to capture this kind of 

information. 

 

1. User 

Includes the user’s name, username and password. This serves for authentication 

purposes, as well as to correlate all other user-based entries to a particular user. 

 

2. User Closet Item 

Each entry in this collection contains a reference associating a particular user (see 

item 1) with an individual piece of clothing (see Manufacturer Information, item 2). This 

allows us to accumulate data on the items that comprise a specific user’s closet, as well as 

simple properties of each item owned by the user, including information on whether the 

item is in use at the moment, and whether it is active—that is to say, whether the item 

still belongs in the user’s closet and hasn’t been sold or given away. 
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3. User History 

A user history record is created every time the system infers a different type of user 

action (see item 4) based on the transmitted sensor data. This information associates a 

particular user to an individual clothing item, and assigns it one of the system-predefined 

user actions resulting from the interaction of the user with that particular piece of 

clothing. Through these records, we can determine what clothing items are being worn, 

by which users, and in which occasions. This data is then utilized by the artificial 

intelligence algorithms to weigh the generated clothing suggestions correspondingly.  

 

4. User Actions 

These system-predefined user actions provide a way of capturing the kind of 

interaction detected between a user and their clothing as a result of collected sensor data. 

The user actions we have set to capture for this present iteration are: firstScan, a measure 

of when a specific clothing item was first detected in a user’s closet (this would typically 

represent a new purchase on the part of the user), and worn, an indication of a user 

wearing a certain item on a specific date. This list could be expanded in the future to 

include actions capturing when a user has sold an individual item, or when a user has 

tried a particular clothing item but chose ultimately not to wear it. 
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• Artificial Intelligence Data 

In order to generate appropriate clothing suggestions on what to wear on a given day 

according to the present weather conditions, it is necessary to model and store how 

appropriate different types of clothing are for certain weather conditions. In order to 

capture this data, we have set up the following structures. 

 

1. Weather Conditions 

This collection contains categorical weather condition data used to capture and 

encapsulate different weather conditions which will then be used in determining how fit a 

clothing suggestion is for a certain kind of weather. Examples of these conditions 

include: sunny, cloudy, rain, and snow. 

 

2. Clothing-Weather Prototype Score 

The Clothing-Weather prototype score includes a system-predefined data matrix 

informing how appropriate a certain clothing type (see Manufacturer Information, item 3) 

is for each weather condition (see item 1). We have personally assessed how appropriate 

different clothing types are for certain weather conditions and created a Clothing-

Weather prototype matrix for each one of the clothing types present in our defined 

taxonomy. Each matrix relates to a particular clothing type, including rows that 

encapsulate different temperature ranges, and columns that represent each possible 

different weather condition. The value for each combination of temperature-weather 



 79 

condition is then stored as a numerical value ranging from 0 to 10, where 0 represents 

this clothing item to be the most unfit for this combination and 10 represents the item to 

be a perfect fit for this temperature-weather condition combination. 

 

3. Clothing-Weather Crowdsourced Score 

In order to provide more accurate results and incorporate user feedback into the 

clothing suggestion algorithm, we have set out to collect crowdsourced data through an 

online user research study in which we ask participants to report if they would wear a 

particular clothing type in a randomly-selected weather condition and temperature (see 

Artificial Intelligence, User Research). The results of the study are stored in this data 

structure, which is then used to weigh the Clothing-Weather prototype data (see item 2) 

when generating clothing suggestions through the artificial intelligence algorithms. 
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3.5. Artificial Intelligence 

The artificial intelligence agent is the driving force behind the clothing 

recommendation system built into Tailor. This recommendation engine, which is hosted 

on the backend server and can be accessed through a Parse Server API endpoint, is 

responsible for inspecting a user’s closet items and returning a series of outfit suggestions 

that are appropriate for the present weather conditions. The system does so by analyzing 

the items owned by the user and evaluating how appropriate it would be to wear each 

piece of clothing at the current temperature and weather condition. The results of this 

initial evaluation are then correlated with the user’s historical usage data, where it is 

determined what items the user wears most frequently in this kind of weather. 

Additionally, through this correlation, we also study how accurate the recommendation 

agent’s previous suggestions have been. If the analysis shows that the user’s historical 

usage behavior is in line with the agent’s recommendations, then we continue to generate 

suggestions based on this data. However, if the opposite observation is encountered, and 

it is determined that the user has not been following the recommendations offered by the 

artificial intelligence agent, then the system adjusts itself and introduces an informed 

amount of randomness in order to generate new kinds of suggestions, which will then be 

themselves put under scrutiny and further adjusted if need-be. The goal of this process is 

to learn from the user feedback gathered from the sensor data and continually and 
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autonomously adjust the system in order to generate outfit suggestions that are relevant 

and honor each individual user’s idiosyncrasies. 

 

3.5.1. User Research 

Apart from each individual user’s historical usage data, the clothing suggestions 

generated by the recommendation agent are mainly based on the Clothing-Weather 

prototype score, determined a priori by us, in order to provide the system with a sense of 

which types of clothing are appropriate for different temperatures and weather conditions. 

However, we also wanted to incorporate collected user data to generate more informed 

suggestions that would capture and provide a better sense of what a larger crowd’s 

opinions were. In order to incorporate this type of data into the system, we looked at 

crowdsourcing this kind of information by implementing an online research study that 

would collect users’ opinions on this matter. 

The online survey65 asks each participant to report whether they would wear a 

particular type of clothing in a certain temperature-weather condition combination. The 

survey works by randomly selecting a clothing type from the available types entered into 

                                                
65 A live link to the survey can be found at: http://www.tailortags.com 
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the system’s database and presenting it to the user. Next, an algorithm randomly 

generates a temperature determined by a set of ranges for which we would like to collect 

user feedback, and couples it with one of four weather conditions—sunny, cloudy, rain 

and snow— randomly chosen as well. Presented with these three elements, the user is 

then asked to respond whether they would personally wear this piece of clothing on said 

temperature and weather conditions with either “yes” or “no”. If for any reason, the user 

does not feel comfortable responding to one of the presented clothing type, temperature, 

and weather condition combinations (maybe a male respondent is asked whether he 

would wear leggings on a cold, cloudy day, which is not something he usually would 

wear altogether, rendering his response inaccurate), users also have the possibility of 

skipping questions and asking for new combinations to be randomly suggested to them.  

The study was distributed over social media on April 2, 2016, and at the time of this 

thesis’ publication, had collected over 5,030 responses. These responses, stored as entries 

in the Clothing-Weather Crowdsourced Score data model (see Backend Server, Artificial 

Intelligence Data, item 2), are made available to the recommendation engine every time a 

new outfit suggestion is requested. The data is incorporated into the system, if and only 

if, the number of recorded responses for a certain clothing type and temperature-weather 

condition combination has reached a minimum of ten responses total. If the condition is 

met, the system then processes this information by generating a score comprised of the 

percentage of times users have said they would wear an item in a certain temperature-

weather condition combination, in relation to the number of total times this individual 
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combination was shown to users throughout the study. The algorithm will then take into 

account this information by averaging this value with the stored value found on the 

Clothing-Weather prototype score. This newly generated score, resulting from the 

combination of the prototype and crowdsourced scores, is then finally used to determine 

the appropriateness and sorting of each clothing type at the moment of outfit suggestion 

generation. 

The incorporation of this study into the project was deemed crucial for us in order to 

be able to produce an artificial intelligence system that could further learn not only from 

an individual user’s clothing usage, but could also continually be able to refine its 

suggestions based on this ever-growing number of larger user feedback. 

 

3.6. iOS Application 

The iOS application serves as the second major point of contact between the user and 

Tailor—the first being the direct interaction with the user’s tagged clothing items. The 

application thus provides the user with a graphical interface that allows for the following 

operations to occur: account creation and user authentication, initial system 
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configuration, item browsing and filtering, and clothing suggestion response presentation. 

With the added qualification of capturing sensor data and communicating it to the 

backend server, as a result of the incapability of doing so through a microcontroller 

system (see Microcontroller), the iOS application thus sits at the confluence of all sensor 

data, user input, server information, and artificial intelligence outcomes.  

For the purpose of this initial prototype, we envision this application running on an 

iPad device dedicated exclusively to detecting available clothing items and inferring user 

intent through the recognition of changes in the sensor data transmitted to the application. 

As such, we assume on counting with a continual power supply for the device, as well as 

unlimited access to the device’s resources (meaning that no other applications are 

envisioned to be running at the same time as Tailor, which could prevent the application 

from potentially losing communication with the iBeacon modules). 

Based on the previously described roles to be fulfilled by the application, most of its 

operations can be abstracted into one of the three following categories—sensor scanner, 

data processing, and user interface—which will analyze hereinafter. 
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3.6.1. Sensor Scanner 

The sensor scanner service is executed on application launch and is responsible for 

continually monitoring the environment for incoming advertisement packets issued by 

iBeacon devices. The scanner is configured only to listen for packets that conform to a 

specific universal unique identifier (see Sensors, iBeacon) given to all iBeacons 

configured to work with Tailor. This is done in order to filter the received information 

and discard potential incoming advertising packets from other beacons in the 

environment not deployed for the purposes of this project, ensuring that we only keep 

track of the changes in signals from the beacons that we’re actually interested in 

monitoring. 

The sensor scanner is thus in charge of keeping an inventory of all encountered 

beacons, as well as detecting and recording changes in these signals that give notice of 

different kind of user interactions, the most important being detecting an item being worn 

by a user on a particular day. When this occurs the sensor scanner service is responsible 

for transmitting this information to the data processing layer for appropriate handling and 

storage. 
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3.6.2. Data Processing 

The data processing layer acts as a liaison between the data collected from the 

scanner and the data stored and retrieved from the server. As such, this service is 

responsible for managing all locally accessed application data, as well as performing all 

required communications with the backend server to transmit any data between these two 

components. The data processing layer is thus a core component of the application which 

comes into play nearly constantly in order to allow for user interface updates, clothing 

browsing and filtering, processing of artificial-intelligence-generated suggestions, and 

lastly, user authentication. 

 

3.6.3. User Interface 

The user interface is the mediator of all interaction between the user and the iOS 

application. Through the service we provide both a visual representation of the data 

gathered by the system, as well as the controls and feedback needed for the user to 

explore their closet and request clothing suggestions to be generated by the artificial 

intelligence recommender agent. This graphical interface attempts to provide this 

information in a clear, concise, and enjoyable manner to the user in order to allow for an 

effective understanding of the data collected related to the user’s clothing items. 



 87 

Although we wish for most of the interactions between the user and the application to be 

happening passively through the use of the collected sensor data, this interface does 

provide an opportunity for the user to engage with their information in an active manner 

(should they wish to do so), as well as the tools needed to execute a number of available 

operations including exploring the collected data, providing feedback related to the 

clothes detected to be in use, and requesting for the generation of new outfit suggestions. 
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4. IMPLEMENTATION 

4.1. Early Iterations 

4.1.1. Exploration A 

The start of the implementation process begun with identifying how to properly 

configure and gather data from the sensors that would be used to tag the user’s clothing 

items. The goal of this experimentation was both a familiarization with the iBeacon 

technology, as well as gaining a deeper understanding of the components needed to build 

a system that would detect the advertising signals emitted by these devices. 

 

The components used for this prototype were the following: 

1. Gimbal Proximity Beacon Series 10 

2. iPhone + iOS Application 

3. Clothing Items 
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In order to configure the beacons, we fist had to properly understand the singularities 

of the Gimbal Beacon devices. These $5 USD devices run on a single button-cell battery 

and can be configured to operate on a number of different standards, including the 

iBeacon protocol, as well as other configurations, such as a Gimbal-proprietary 

configuration, and an Eddystone configuration.66 Configuring the beacons entails a two-

step process, where each device must be first added and registered on a Gimbal beacon 

manager online portal. The settings are then synchronized to the actual beacon device 

through the use of a Gimbal-provided mobile application that reads the settings stored for 

each beacon on the online portal and writes these values to each appropriate device. This 

two-step process did provide to be somewhat cumbersome, especially due to the fact that 

in order for the mobile application to detect any nearby beacons, these would first need to 

be pry opened and have their batteries taken out and reinserted.  

 

 

Figure 16 

Gimbal Proximity Beacon Series 10 

                                                
66 Eddystone is a Bluetooth Low Energy beacon profile released by Google in July 2015, and offers an 
alternative to the Apple-defined iBeacon protocol. 
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We proceeded to configure three Gimbal beacons that we later on attached to three 

clothing items: a hat, a jacket and a sweater. We arranged for each beacon to have its 

own, different universal unique identifier, as well as random major and minor values. We 

then ensured that the beacons had been properly configured and could be detected though 

the beacon manager mobile application provided by Gimbal. 

The following step was to get familiarized with the software-based components 

provided by Apple to build iOS applications that would leverage the device’s Bluetooth 

module to scan the environment for the advertisement packets issued by the beacons we 

had just configured. We quickly found that Gimbal also provided an iOS SDK in order to 

be able to build applications that interacted with their beacons, so we chose to use these 

libraries for the purposes of this prototype, instead of using the Apple-supplied ones.  

We then photographed each of the clothing items that had been selected for this test, 

and created a simple iOS application that would identify the nearest beacon to the mobile 

device. With the information obtained from the Gimbal SDK we thus were able to access 

the UUID, major, minor, and approximate distance for each of the beacons present in the 

environment. This data was then used to determine the closest beacon to the mobile app, 

and a through a hard-coded list of values that contained the various beacon 

configurations, the appropriate photograph of the corresponding beacon’s clothing item 

was shown on the screen. 
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Figure 17 

Exploration A: User interface 

 

 

Though this exploration we learned how to properly configure the beacon devices as 

well as how to develop an iOS application that could interface with the data provided by 

these sensors. 

A video of this first prototype can be found at: https://vimeo.com/155685794. 
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4.1.2. Exploration B 

The purpose of this exploration was to try to create a hardware-based iBeacon 

scanner—as opposed to the software-based iOS scanner application we had previously 

created,—in order to be able to externalize this process from the mobile device and have 

a dedicated physical device that could live on the user’s closet and always be plugged in 

to the power to continually monitor for changes in the environment. 

 

The list of components for this experimentation include: 

1. Particle Photon microprocessor 67 

2. RedBear BLE Mini module 68 

3. Gimbal beacons (from Exploration A) 

 

The Photon microprocessor was chosen to due its integrated WiFi capabilities, as well 

as its development environment and cloud services which allow developers to deploy 

projects that can easily transmit data over the internet by leveraging the communication 

tools that come bundled with the device. As such, code for the Photon can be written and 

                                                
67 https://www.particle.io/prototype#photon 
68 http://redbearlab.com/blemini/ 
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compiled online, where developers can expose different variables and functions of their 

choice to the internet through a simple REST API.  

Deciding on a Bluetooth Low Energy (BLE) module was not as easily achieved. Most 

of our research into this kind of components indicated that the vast majority of modules 

only provide operation in peripheral mode—i.e. the ability to transmit BLE signals into 

the environment— and not in central mode—meaning the capacity to observe the 

environment and read signals that other BLE devices have emitted. Our initial research 

found the RedBear BLE mini module to be the only device able to run in both modes 

through the implementation of a special firmware update.  

We thus attempted to build a system based on the Particle Photon microprocessor that 

would interface with the RedBear BLE Mini module over serial communication in order 

to identify the previously-configured Gimbal beacons. Our ideal implementation would 

then allow us to use the Photon’s cloud services to post this information over the internet 

to a web-based client that could then present the most recently detected beacon’s 

information in the form of a simple website.  

Upgrading the RedBear BLE module’s firmware, in order to be able to force its 

operation into central mode, was not an easy feat. The interface proved to be extremely 

glitchy, with the device repeatedly disconnecting through the upgrade process. After 

several attempts to replace the module’s firmware, we reached a point where we were 

fairly certain that the firmware had been successfully upgraded, although we had no 

means of verifying that this was truly so. 
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Figure 18 

Photon microcontroller connected to RedBear BLE module 

 

 

We proceeded to wire the module to the Photon microprocessor’s serial port, and 

wrote a simple script that would listen to this serial port in order to detect beacon 

information communicated from the Bluetooth module. The results from this process 

were not very successful as the module’s operation kept causing the microprocessor to 

reboot every, approximately, thirty seconds. Moreover, the information transmitted from 

the Bluetooth module seemed to be wildly inaccurate, as the data received seemed to 

portray identified beacons that were not present in the environment while ignoring all 

identification from the Gimbal beacons we had previously configured and placed near the 

Bluetooth module. 
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Ultimately, this exploration helped us reach the conclusion that the RedBear BLE 

Mini module was not the right tool for this project, and that we needed to find an 

alternative. 

 

 

4.1.3. Exploration C 

Our objective here was to be able to find a replacement for the RedBear BLE Mini 

module that had been deemed unsuitable for the project in Exploration B, in order to be 

able to create a physical device that could be placed on the user’s closet and continually 

scan for the information broadcasted from the clothing items that had been previously 

tagged with iBeacons. 

 

The components for this experimentation are as follows: 

1. Particle Photon microprocessor  

2. HuaMao HM-10 BLE module 69 

3. Gimbal beacons (from Exploration A) 

                                                
69 http://wiki.iteadstudio.com/SERIAL_PORT_BLE_MODULE_(MASTER/SLAVE):_HM-10 
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The setup for this project was nearly identical to that of Exploration B’s except with a 

different Bluetooth module. In this case we decided to try the HuaMao HM-10 BLE 

module due to numerous user reviews we found on people actually being able to easily 

implement a beacon scanner with it. It was additionally convenient that this module 

allowed for this kind of operation without the need for any firmware updates, which had 

been proven to be a weak point of the RedBear BLE Mini module’s. 

We thus proceeded to connect the HM-10 BLE module to the Photon’s serial port in 

order to both control and receive data from it. The process of figuring out how to allow 

for two-way communication to happen between these components was not evident at 

first. We needed to provide a way to issue commands to the BLE module over a serial 

connection, while also being able to receive responses from the module over serial as 

well. Much of our research indicated to the implementation of a software-based serial 

port, allowing for the microcontroller to connect serially to a computer that would issue 

commands that would then be redirected to the BLE module over a serial connection 

created synthetically through the input/output pins of the microcontroller. However, the 

Photon did not allow for this kind of software-serial port to be established. We later 

discovered that the Photon actually possessed its very own two hardware serial ports, 

allowing us to use one to transfer information between the Bluetooth module and the 

microcontroller, and then relay this information to a computer via the additional serial 

port that came on board.  
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Figure 19 

HM-10 Bluetooth Low Energy module 

 

 

Once these communication pathways were established, we were able to issue text-

based commands over the serial port that allowed us to configure the HM-10 module to 

operate on central mode in order to detect signals form nearby beacons, as well as receive 

data back from these identified devices. It soon came to our attention that the module 

could not continually scan for devices in the environment, but a request to do so was 

needed to be issued every time we wanted to retrieve this information. With this 

understanding we wrote a script that would continually request the Bluetooth module to 

scan for beacons in the environment and report back with the findings. The problem we 

encountered at this point was being able to use the data transmitted from the scanner in an 

actionable manner, due to the fact that the received response was delivered as a chain of 
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characters with no clear demarcation of how many characters were to be expected from 

the response, nor any indication to communicate that the transmission of the signal had 

reached its conclusion. 

 

 

Figure 20 

Serial monitor response from the HM-10 BLE module 

 

 

With this in mind, we implemented a parsing algorithm that allowed us to interpret 

the received signal from the HM-10 module and decompose it into different pieces that 
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we could actually handle. The basic functionality of the parsing process consisted of 

breaking down the chain of characters we received as a response, into information about 

each found beacon that would include its UUID, major, minor, and RSSI values. With 

this data we could then identify each beacon, and transmit this information to the Photon 

cloud services where it could be easily redirected to any front end client. 

Although originally our development had led us to what we thought was a 

functioning working model of a physical beacon scanner that could effectively be used to 

leverage the sensor data captured needed as a base requisite for this project, we soon 

found this not to be so after increasing the number of beacons we deployed into the 

environment. After incrementing the number of beacons, from our initial three to ten, we 

discovered an unbeknownst limitation of the HM-10 module: the scanner could only 

report back on information of up to six total beacons found. This meant that if more than 

six beacons were deployed, we would run into the risk of potentially never being able to 

detect some of the beacons—although we could probably receive multiple subsequent 

responses that would avow to the total number of beacons in the environment, this was 

not a guarantee, and the probability of receiving the information of the same initial six 

beacons with every response was just as likely.  

This exploration thus taught us that although it is possible to couple the HM-10 

module with a microprocessor in order to receive and identify nearby beacons, this 

particular component is unfit for the project as we need to bear the ability of supporting 
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and detecting a number of beacon-tagged clothing items that could potentially range in 

the hundreds. 

4.1.4. Exploration D 

All previous explorations had focused on employing Gimbal Proximity Beacons as 

the sensors to be attached to the clothing items in order to identify these through either a 

software- or hardware-based scanner application. We had resorted to these beacons as a 

prototyping tool, however, their size proved to be somewhat large and their adoption into 

a large number of pieces rather expensive. 

We thus focused on finding alternatives to the Gimbal solution that could provide us 

with a cheaper substitution in order to be able to help drive future market adoption as a 

result of a lower price. An alternative was found through the Chinese manufacturer 

Shenzhen Sunflytek Technology who agreed to supply us with NRF51822 iBeacon 

modules at $3.40 a piece. Besides the lower cost, the great advantage of these devices 

resulted in their smaller form factor, as well as their ability to operate at temperatures 

between -40 °C and 105 °C, which would eventually be useful if we wanted to create a 

solution that could be attached to garments with peace of mind, allowing these clothes to 

be placed in a washer or dryer without much trouble. As drawbacks, these beacons came 

with no enclosure, leaving their circuitry out on the open, which made them potentially 

more fragile. Additionally, their interface used for configuration purposes proved to be 
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much more rudimentary than the Gimbal’s, resulting in a longer time expense to 

configure each individual beacon. 

 

 

Figure 21 

NRF51822 iBeacon module 

 

 

The only available interface provided to communicate with these beacons is through 

the use of a mobile application developed by the manufacturers of a Bluetooth Low 

Energy microcontroller board, Punch Through.70 Their iOS application, LightBlue 

Explorer, allows users to identify all Bluetooth devices in close proximity while 

additionally providing the ability to interrogate these devices and send programming 

                                                
70 https://punchthrough.com/platform 
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instructions to them over Bluetooth. With this tool at hand we proceeded to configure 

each of the beacon devices we had received from our manufacturer. The only added 

complexity to this process resulted from the fact that all communication sent to the 

devices needed to be encoded using hexadecimal code.71 This meant that every 

programming command needed to first be converted to a hexadecimal encoding, and then 

manually inputted on the iOS application in order for that signal to be sent to the beacons 

and have them properly interpret it. Moreover, the full configuration process consisted of 

interrogating the device, sending the manufacturer-provided password in order for the 

beacon to accept our incoming connection, reconfigure the device with a newly created 

password in order to be granted access to continue the configuration process, and then at 

that point send the appropriate signals to set the name of the iBeacon device, and define 

its universally unique identifier, and major and minor numbers.  

The following table of commands thus transpired, with its appropriate hexadecimal 

encoding, as an easy-to-reference tool to configure the beacons. 

 

 

 

 

                                                
71 Hexadecimal is the name given to a positional numeral system with a base of 16. As such it uses sixteen 
different symbols in order to represent different numerical values. The numbers 0 - 9 are usually used to 
represent values from zero to nine, while the letters A - F represent values from ten to fifteen. 
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Configuration Parameters 

Operation Command Parameters 

Enter manufacturer password 01 456D756D0808 

Set custom password: Tailor 02 5461696C6F72 

Set device name: Tailor 11 5461696C6F72 

Set UUID 12 < UUID > 

Set Major, Minor, RSSI 14 < Major >< Minor >< RSSI > 

Set advertising interval: 200ms 16 04 

Set transmission power: -16dbm 17 F0 

Reboot beacon 55  

 

Table 3 

Hexadecimal encoding of configuration parameters for the HM-10 BLE module 
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4.1.5. Exploration E 

Exploration E consisted of testing the capabilities and operational range of the 

previously obtained beacons in order to properly assess the potential limitations we could 

face if these were to be attached to a user’s clothing in future deployment iterations. After 

properly configuring the beacons, we wanted to evaluate if they would survive daily 

living conditions when incorporated into a user’s clothing items. This meant that the 

beacons needed to be able to survive a washer and dryer cycle. However, as we had 

previously mentioned, the beacons did not bore any type of enclosure, leaving their 

boards exposed to the elements and rendering them rather frail. As a result, we would 

first need to find a way of insulating them. 

In order to insulate the iBeacon devices, we first resorted to the use of high 

temperature performance acrylic adhesive glue. Our research indicated that this particular 

kind of glue could resist temperatures of up to 170 °C - 200 °C, making it a potentially 

good candidate to resist the temperatures submitted to throughout a washer and dryer 

cycle. We thus proceeded to cover the beacons with a thick coating of this acrylic 

adhesive. Although the coating did considerably increase the overall size of the device, 

we decided to disregard this matter at the present stage of the development process, 

knowing we could always refine our procedure in future iterations and hopefully decrease 

its bulkiness. 
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Figure 22 

Beacon insulated with high temperature performance adhesive glue 

 

 

A few minutes after the application of the glue, and once the adhesive was set, we 

moved on to testing its durability on the washer and dryer. We submitted the beacon to a 

hot water, heavy duty, full cycle wash and waited for the process to complete. 

Subsequently, we placed the beacon in the dryer and ran a high heat automatic drying 

cycle. At the end of the process, we took the beacon out of the dryer and analyzed it to 

evaluate if it was still operating properly.  

To our pleasant surprise, the beacon did survive both the washer and dryer cycles we 

submitted it to. The operation of the device remained, in fact, intact. The sole problem we 

encountered throughout this trial was finding that some of the dryer sheets had become 

stuck to the acrylic glue coating we had imbued the beacon with. This led us to the 
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realization that we would need to cover the beacon on some other sort of material, in 

addition to the acrylic waterproof coating, in order to be able to ensure that these would 

not get eventually stuck to the users’ clothing fabrics during the drying process. 

 

 

4.1.6. Exploration F 

After our initial explorations A through C, we came to the conclusion that we would 

need to find another alternative to implement a beacon scanner that could continually 

scan the environment and provide us with data on the behavior of a large number of 

beacons. Our attempts to make a hardware-based physical device that could fulfill our 

needs had been trumped by the limitations that we found present in the Bluetooth Low 

Energy modules that we had been employing. We thus resolved to reconsider a software-

based solution, as we had initially done on exploration A, in order to attempt to solve this 

problem. 

For this exploration we decided to use the resources offered to us, built by Apple into 

the iOS environment. We soon found the Apple-provided APIs to be remarkably simple 

to use in order to achieve our set goal. The CoreLocation framework provided an easy 

way to interface with the device’s Bluetooth module, through which we can request to be 

provided with detailed information from the beacons detected in the nearby surroundings. 
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As opposed to the implementation we had toyed around with on exploration C—where 

we needed to constantly request the Bluetooth module to rescan the environment—the 

Apple CoreLocation framework provides the ability to denote interest in beacons that 

abide to certain conditions (such as a universally unique identifier, major and/or minor 

number), and be continually notified of the progress of these particular devices. 

We thus implemented a simple iOS application that would scan for devices found to 

have the UUID we had configured our iBeacons with on exploration E, and report back 

on their availability as well as distance range to the iOS device. 

Additionally, we implemented and configured a backend server with the specificities 

previously outlined on the Technology section (see Technology, Backend server), and 

consequently developed the data models needed to capture the data previously reviewed 

(see Appendix B for technical details). We then proceeded to load the database with the 

details corresponding to each beacon and garment we had previously tagged and 

configured on exploration E—this included the beacon’s properties, such as UUID, 

major, and minor values, as well as detailed information on the clothing’s qualities. 

Finally, we utilized the Parse-provided SDK to establish a connection between the iOS 

application and the backend server, allowing us to send and receive information between 

these two components. 
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Figure 23 

iOS application displaying information from nearby detected beacons 

 

 

With this infrastructure in place, we developed our application to utilize the data 

retrieved from the Bluetooth scanner on the identified nearby beacons, and retrieve the 

clothing data associated with these beacons from the backend server. We then 

incorporated these results into a simple user interface that displayed images 

corresponding to the clothes of all nearby detected beacons. Subsequently, we improved 

this by establishing a threshold radius from the mobile device within which all present 

beacons would be considered to be placed inside the user’s closet (and hence not in use), 
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leaving all beacons beyond this range to be considered to be outside of the user’s closet 

(and thus in use). The resulting data was incorporated into the user interface by visually 

representing which garments had been found to be presently in use and which ones had 

deemed to be not in use. 

This exploration thus provided us with a number of valuable takeaways, including a 

deeper learning and understanding of the ways we can interact with the iOS device’s 

Bluetooth module and the data we can derive from it, as well as a robust infrastructure 

upon which we can continue build and develop towards fulfilling the goals we set out to 

achieve in this project. 
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4.2. Final Prototype 

The final prototype took into account all the lessons learned in our previous 

explorations in order to build a robust system that could be used as a proof-of-concept to 

demonstrate the user value that could be derived from a product like Tailor, as well to 

showcase the underlying technologies at play that enable these interactions. The goal we 

set out to accomplish with this prototype was thus to create a solution where we could use 

iBeacons embedded in users’ clothing items, have these beacons both be inconspicuous 

to the user and able to survive normal usage, including washing and drying, and provide 

an iOS application that would scan for these beacons in order to automatically generate 

an inventory of the user’s garments, as well as track their daily usage, in order to 

incorporate this information into an artificial intelligence agent that would produce smart 

recommendations on what to wear according to the user’s clothing items, their frequency 

of use, and the observed whether conditions. 
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4.2.1. iBeacon sensors 

Based on our previous experimentation with the beacons supplied by the Shenzhen 

Sunflytek Technology manufacturer, we found these to be able to survive the 

temperatures and forces submitted to throughout a typical washing and drying cycle by 

first insulating them with high temperature performance acrylic adhesive glue. Despite 

our tests showing the beacons to be perfectly operational after this experiment, we did 

found however that during the high temperatures of the drying cycle, the acrylic adhesive 

could become somewhat soft thus causing it to stick to certain fabrics and surfaces, such 

as dryer sheets. We thus set out to solve this problem by constructing thin neoprene fabric 

enclosures—chosen due to the great elasticity of the fabric—where we placed the 

beacons after having insulated them.  

The neoprene sleeves proved to be a great solution to prevent the beacon adhesive 

insulation from potentially becoming soft and sticking to the user’s garments, which 

would have rendered them unusable. In addition to this practical concern, the neoprene 

also allowed us to create a new form factor for the beacons that resembled a common 

clothing tag, which worked great towards accomplishing our goal of producing an 

iBeacon sensor that could be incorporated both seamlessly and inconspicuously to users’ 

garments. We decided to name these objects TailorTags. 
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Figure 24 

Illustration of a TailorTag 

 

 

As part of this final iteration, we decided to additionally focus on optimizing the 

configuration settings of the iBeacons in order to be able to provide both a stable signal to 

be captured by the scanner, as well as excellent battery lifetime. Part of the configurable 

interface for these beacon devices includes the ability to override the factory-set 

advertising interval and transmission power levels. The advertising signal and 

transmission power levels both greatly impact the range of the transmitted signal, as well 

as the battery life extent; but they do so in different ways. 

The transmission power level determines how much power is going to be drawn in 

order to send each advertising signal—the greater the power, the greater the range 
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broadcast of the signal. While a high transmission power is important in order to be able 

to establish communications over large distances, it is also useful in order to prevent 

broadcasted signals from being affected by interference, which can cause these to become 

diffracted or distorted. The Bluetooth Low Energy signals are transmitted at a 2.4 GHz 

frequency which makes them prone to attenuation and interference by large objects, as 

well as the human body itself. Given the fact that our beacons would be in extreme close 

proximity to the human body, we needed to make sure that the transmission power for 

our beacons would be configured appropriately to ensure that the signals emitted from 

these beacons would not get lost. The default transmission power value proved to be set 

by the manufacturer at its highest possible value, 4dbm. While this effectively made our 

beacons identifiable within a great distance range of 70 meters, including being in close 

proximity to the human body, it also resulted in a major power drainage that would 

develop in a need to replace the beacon’s batteries every fifteen months.72 We thus 

decided to set the transmission power at a comfortable level of -16 dbm, which would 

provide us with a broadcasting range of 10 meters—a value we found more than suitable 

to allow for the contents of even a large closet be captured by the beacon scanner. 

Subsequently, our next optimization point focused on finding the appropriate values 

for the advertising interval. As the name implies, the advertising interval determines how 

                                                
72 Simon Toulson, “Transmission Power” (Kontakt.io, October 20, 2015), https://support.kontakt.io/hc/en-
gb/articles/201695471-Transmission-Power-best-practise.  
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often the beacon’s signal will be broadcasted into the environment by the device. Setting 

a low advertising interval will result in a higher broadcast rate which will produce a 

highly stable signal, while a high advertising interval will produce a more unstable signal 

due to it being transmitted less frequently. It is clear to see that a low advertising interval 

will produce more accurate results, but will also further strain the battery. The default 

advertising signal for our beacons comes set at 2 seconds from the manufacturer. This is a 

considerable gap from the 100 ms that the Apple iBeacon protocol advocates for, or the 

200 ms that the Google Eddystone protocol suggests.73 We experimented with a few 

options and finally concluded that a 200 ms advertising interval rate produced extremely 

stable results for our needs.  

Through this process of experimentation and research we arrived at the optimal 

configuration of having our beacons advertising interval be set at 200 ms, with a 

transmission power of -16 dbm. This results in our beacons being able to broadcast a 

steady signal over a 10 meter radius, and has the added advantage of providing the 

beacons with an approximate battery life of 36 months, which comes closer to providing 

a solution that consumers can put on their clothes and forget about (at least for a while). 

 

 

                                                
73 Simon Toulson, “Advertising Interval” (Kontakt.io, September 18, 2015), 
https://support.kontakt.io/hc/en-gb/articles/201567802-Advertising-Interval-best-practise.  
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4.2.2. iOS Application 

Our early prototype explorations had led us to the conclusion that we would need to 

develop an iOS application that would serve both as a software-based iBeacon scanner, as 

well as a tool that would allow for the collected data to be synchronized with a backend 

server, and provide the user with a graphical interface through which to interact with this 

collected data and request for outfit suggestions to be generated at will. 

 

4.2.2.1. iBecaon Scanner 

The results of exploration F of our early iterations had provided us with a rather 

robust solution, allowing us to use the Apple CoreLocation framework to designate 

interest in beacons that adhered to the UUID we had configured our devices with in order 

to subscribe to an incoming stream of updates from these. However, a few unresolved 

issues still lingered from that implementation. First, a need for a debouncing mechanism 

was needed due to the fact that we were getting false-negatives from the beacon scanner 

rather frequently. This meant that due to small oscillations in the beacon’s advertising 

signal produced by uncontrollable factors in the environment, the scanner would 

sometimes report that a certain beacon was no longer within the scanner’s working range 

while it not being true. Additionally, the logic previously implemented to determine if a 
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certain beacon’s clothing was in use or not did not actually model real-life situations. The 

rational used throughout that early exploration was to mark all beacons found to be at a 

certain distance range from the scanner as being in use. However, in reality, we would 

need to infer for a garment to be in use by noticing its lack of presence from the normal 

inventory we had catalogued for a particular user.  

In order to solve both of these problems, we reimplemented the scanner’s 

programming to count the number of times that advertising signals had been received 

from each beacon over a certain time period—in this case, we set this time frame to be 8 

seconds. We then decided we would only deem beacons to have been properly identified 

if the count of advertised signals was above a certain threshold—this would grant us the 

ability to report on the beacon’s presence in the environment with a greater confidence. 

In order to determine this “cut-off threshold”, below which all reported beacon data 

would be considered not reliable enough to report on their presence, we looked at the 

beacon information received within the scanning interval of 8 seconds and determined 

what was the maximum count number for the beacons’ advertising signal over this 

period. We then established that beacons from which we had received a count lower than 

40% of the maximum count number would be considered unfit to be reported on. This 

allowed us to ensure that all beacon reported data would meet a certain confidence level 

derived from having their advertised signal count be over the 60th percentile. 

In terms of adjusting the logic needed to determine how to consider a beacon-tagged 

clothing item to be in use or not, we followed an approach similar to the one used to rule 
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out false-negatives. The beacon scanner was configured to start a timer upon initialization 

that would fire a cleanup process every second. This process would examine all 

previously scanned beacons and determine the time difference resulting from the last time 

a beacon’s advertising signal had been detected and the present time. If this time 

difference were to exceed a certain threshold—set at twice the scanner’s advertising 

count time frame, that is to say 16 seconds,—we would deem these beacons as not being 

present in the environment anymore due to the lack of information received from them. 

Subsequently it would be inferred for the clothing items porting these beacons to be 

currently in use somewhere outside of the user’s home, resulting in the scanner no longer 

receiving signals from them. 

The changes introduced to the programming logic of the beacon scanner provide us 

with all necessary infrastructure to support the constant gathering of data from advertised 

beacon signals in a confident manner. This enables us to rely on accurate data with which 

to track user behavior with conviction, and drive our artificial intelligence algorithms to 

provide users with trustworthy outfit recommendations. 
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4.2.2.2. User Interface 

The two aspects we predominantly focused on for the final implementation of the 

user interface revolved around the ability to request and provide outfit recommendations, 

as well as the ability to explore the entirety of the user’s closet items. Since this interface 

is the mediator of all interaction between the user and the iOS application, we paid close 

attention to design it in a way that would facilitate a natural user engagement and did not 

require a great deal of preceding knowledge. We also envisioned that the user would 

chiefly interact with the application in the morning after waking up, and thus optimized 

our interactions with this context in mind.  

Most of the interaction for the requesting and receiving outfit recommendations 

happens within a screen named “Today”. As previously noted, we foresee these 

interactions as some of the user’s first to happen after they wake up. Accordingly, this 

screen facilitates the exchange of information that will help the user determine what to 

wear for the day. For this purpose, the interface presents the user with current weather 

information, alongside the ability to request outfit suggestions from the artificial 

intelligence agent. This screen ultimately condenses all required information needed by 

the user to asses what to wear each day, serving as the single focus point of the 

application, where we envision most of the interaction between the user and this screen-

based interface to occur.  

 



 119 

 

Figure 25 

“Today” interface 

 

 

The remaining of the available user interactions occur in a screen entitled “Closet” 

where, as the name suggests, the user can explore all of their closet items that have been 

detected to be embedded with TailorTags. The main goal behind this interface is to 

provide the user with a way to digitally interact with the sensor data that has been 

collected by the system to allow for the exploration and cataloguing of this information. 

With this in mind, we focused on designing an interface that provided a clear information 
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architecture, and allowed for a concise representation of this data, in order to keep these 

interactions as simple as possible. As a result, the “Closet” screen presents the user with a 

display of images of garments that they own, as well as with the added functionality of 

being able to filter these images by several of the data attributes collected on each item 

(e.g. clothing category). Lastly, the screen also serves as a means to provide the user with 

feedback associated with the clothing items that have been detected by the system to be 

in use by showing these in a different color. 

 

 

Figure 26 

“Closet” interface 
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4.2.3. Artificial Intelligence 

In order to generate accurate and valuable outfits suggestions that can take into 

account the user’s historical usage data, as well as the present temperature and weather 

conditions, we implemented a system that combines rule-based learning methods with a 

probabilistic approach. Rule-based learning allows for the creation of algorithms that can 

use sample data to generate rules that can then be applied to new sets of data. By 

combining these rules with probabilistic models that can weigh these different outcomes, 

we were able to construct a system that can generate outfit suggestions by evaluating the 

appropriateness of each of the user’s closet items in relation to the present temperature 

and weather conditions, as well as the user’s frequent usage of said items.  

The evaluation process follows these subsequent stages. First, the appropriateness of 

each clothing type (see Technology, Backend Server, Manufacturer Information, item 3) 

is assessed for the current weather conditions. We do this by analyzing the values of the 

Clothing-Weather prototype score (see Technology, Backend Server, Artificial 

Intelligence Data, item 2) for each clothing type within a range of the observed 

temperature-weather condition combination. The Clothing-Weather prototype score 

provides the agent with a score ranging from 0 (least appropriate) to 10 (most 

appropriate) which is used to evaluate if items for a certain clothing type should be 

considered to be suggested or not. (The score for each temperature-weather condition 

combination was a priori determined and manually entered into the system by us.) 
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Next, we look at the results obtained from the user research study (see Technology, 

Artificial Intelligence, User Research) in order to influence the previously retrieved 

Clothing-Weather prototype score with the data collected from the study. We generate a 

new score, also representing each clothing item’s appropriateness, and ranging from 0 to 

10, by analyzing the collected entries on our Clothing-Weather crowdsourced score data 

models. Through this analysis, we look at the number of participants that have reported a 

certain clothing type to be appropriate for said temperature-weather condition 

combination, and produce a score resulting from the ratio of this count over the total 

number of responses gathered for this particular combination. However, we only compute 

these scores when the total number of responses for each combination is greater than ten. 

This is done in order to set a minimum number of gathered user responses before we take 

this information into account, thereby allowing us to generate more stable predictions. 

Each of resulting scores, further referred to as appropriateness scores, is then averaged 

with the originally retrieved Clothing-Weather prototype scores to generate a final score 

for each clothing type that will be used to evaluate each of the user’s clothing items. 

The recommendation engine finally examines each of the resulting scores from our 

previous step and analyzes the correlation between these and the historical usage data for 

each clothing item in the user’s closet. The Pearson correlation coefficient (r), which 

allows us to measure the linear correlation between two variables, is thus computed on 

these two data sets for this purpose. If a positive correlation is found between these two 

data sets (r → 1), which means that the recommendation agent has been generating 
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suggestions that the user appreciates and ultimately wears, then each clothing item is 

ranked by computing the product from each data point’s components, and sorting this 

value accordingly. The top three results are then deemed the most successful predictions 

on what the user could wear according to what they mostly like to wear under these 

temperature-weather circumstances, and are offered to the user as such. 

 

 

Figure 27 

Pearson correlation models 

 

 

If, however, it is found that there is no correlation between these two data sets (r → 0)—

usually as a result of a lack of significant volume of collected user historical data—or that 

the correlation between these sets is a negative one (r → -1)—denoting that past 

suggestions offered to the user have not been deemed to their liking—the system will 

produce three clothing recommendations through an act of informed randomness, where 
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the probability of each generated suggestion is weighted by the appropriateness scores 

generated in the previous steps. For this purpose, we look at each clothing item’s 

appropriateness score and define the probability of recommending each item as the 

percentage value of the appropriateness score over the sum of all scores. After drawing a 

random number between 0 and 100, these probability values are used to determine and 

reference which clothing item will be offered to the user as a suggestion.  

Finally, the system will run through this evaluation process as many times needed in 

order to generate a full outfit suggestion comprised of either the combination of a top and 

bottom garment (e.g. a shirt and pants), or a full body piece (e.g. a dress or body suit). 

Once a complete outfit suggestion is arrived at, and the generated result is presented to 

the user, we will use the user’s subsequent behavior (i.e. whether they ultimately chose to 

wear what was offered as a suggestion) as a mechanism to gather feedback and further 

calibrate future suggestions. 
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5. CONCLUSION 

5.1. Contributions 

Through this thesis we have sought out to both explore the possibilities of 

interaction allowed for by ambient intelligence—a new technological paradigm in 

which technology is deeply intertwined with our physical world—and to provide an 

example of a possible implementation of these ideals, embodied in the form of a closet 

that uses technology-augmented clothing. 

 

The contributions made by this project are as follows:  

1. Transforming clothing into intelligent personalized objects, embedded with 

computation, that can learn from their users and report on their behavior through 

the use of iBeacon technology. 

2. Designing an interconnected, ambient intelligence system that can communicate 

with a user’s clothing in order to autonomously learn through the interactions 

between a user and their clothing. 
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3. Implementing a hybrid user interface, focused on calm technology ideals, 

comprised of physical, tangible objects (clothing items), in addition to digital 

representations of information (GUI), that supports a natural interaction style 

between the user and the system, as well as the ability to consciously engage in 

more focused interactions if so desired by the user. 

4. Formulating an artificial intelligence agent that is able to learn and continuously 

adapt through observations of a user’s behavior with their clothing, and can 

provide personalized outfit suggestions according to different temperature and 

weather conditions. 

5. Establishing a platform for collecting data on the appropriateness of different 

clothing types for different temperature and weather conditions as determined by 

reports of user preferences. 

6. Developing an iOS application that serves as a central communication entity to 

coordinate the exchange of information between all disparate parts of the system, 

including the collection of sensor data, the transmission of said information to a 

backend server for storage and training purposes of the AI, the processing of requests 

and responses from the AI agent, and all ultimate communication with the user.  

7. Combining all previously outlined contributions to introduce new interaction 

modalities between a user, their clothing, and technology, as an example of an 

interaction paradigm that can enhance the ways in which we relate to technology.  
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5.2. Limitations, Challenges, Open Issues 

There are a number of obstacles that we had to face throughout the development and 

implementation of this project. Although alternative solutions were uncovered along the 

way in order to produce a working final prototype of the ideas we sought out to 

demonstrate, there still exists a number of pending issues and limitations present in the 

workings of Tailor. We will discuss and provide an overview of these next. 

The major limitation we found was in regards to the beacon scanner implementation. 

Our original idea had been to produce a small physical device capable of being placed in 

a user’s closet inconspicuously, in order to continually collect data on the user’s 

garments. Much of our initial explorations dealt with making this objective a reality—in 

fact, a lot of our implementation time was spent trying to create this device. However, 

after repeated attempts to do so, we soon realized that we faced a hard limitation in terms 

of what we could accomplish with the Bluetooth Low Energy modules found available to 

us. The first obstacle we encountered with these modules was being able to have them 

run in central mode, thus allowing them to search for other beacon’s broadcasted 

advertised signals, as opposed to emitting their own. The number of available modules 

with the ability to do so proved to be incredibly small—at least at our operating range for 

these controllers. Although eventually we were able to find a module that fulfilled this 

requirement, we soon found that the data obtained from it was far from ideal, due to its 
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necessity to be parsed in a somewhat rudimentary manner, as well as the module’s 

limitation to report on up to six found devices—which rendered this component entirely 

unusable for our goals. We thus opted for implementing ad software-based iBeacon 

scanner, to be ran on an iOS device, and built upon the Apple provided frameworks to 

interact with the device’s Bluetooth module. Despite the fact that this bestowed us with 

the ability to retrieve the information we needed from the beacon devices deployed into 

our clothing, this solution still remained far from ideal due to the necessity of having to 

set an iOS device entirely dedicated to this purpose—an extremely expensive solution for 

this sole objective. The goal of being able to create a small, inexpensive, hardware-based 

iBeacon scanner that can be easily distributed to users of Tailor still remains open ended.  

Smaller considerations revolve around our adoption of the NRF51822 iBeacon 

sensors. Although these devices proved to be a great tool to execute this prototype, issues 

around the feasibility and durability of a large deployment and adoption of these beacons 

still remain to be determined. Firstly, the fact that these devices are battery powered 

result in the unavoidable task of having to replace these after a certain timespan in order 

to keep them operating. Although we have spent a considerable amount of time 

optimizing the beacons’ configuration in order to allow for these to have the maximum-

possible lifespan on a 3V lithium coin battery, while still providing a stable and long-

range signal, we have not been able to individually evaluate if these settings would, in 

fact, endow the beacon with a 3-year lifespan, as our research indicates.  
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Additional concerns revolve around the potential mass adoption of these sensor in 

regards to their price and form factor. We would ideally like for manufacturers 

implement these beacons into the clothing during the manufacturing process. This would 

provide users with the increased user experience of not having to tag each one of their 

items manually after purchase, which would result in barriers to adoption. However, the 

current market price for these beacons, about $3 USD a piece, makes its incorporation 

into every piece of produced clothing an exorbitant investment on the part of the 

manufacturer. Furthermore, the final form factor of our produced TailorTags still remains 

somewhat bulky, making it potentially hard to incorporate into some types of clothing. 

This can result in a further reluctance on the manufacturer’s part to incorporate it into 

their clothing, as well as an unwillingness for users to wear garments rendered 

uncomfortable due to the incorporation of these tags. A question on how to produce 

smaller iBeacon devices at a lower price still remains to be answered. 

In terms of the implementation of the software that drives this project, we have been 

successfully able to deliver a project that meets our ambitions of collecting sensor data, in 

order to produce an inventory and historical usage data of a user’s closet items without 

the need for user intervention. We were also able to develop an artificial intelligence 

agent that uses this data and correlates it with observed weather conditions in order to 

suggest outfits that we esteem the user would like and are appropriate for the present 

temperature and weather. Although the recommendation agent we developed has been 

able to successfully produce these suggestions, the algorithms used to draw them are 
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somewhat limited at this present stage, only taking into account information regarding 

individual garments’ appropriateness as a result of historical usage and temperature-

weather combinations. Although the offered suggestions do adjust to these conditions, 

there is no consideration for how the outfit pieces’ style works together, not how the 

layering of different clothing items could give result to other outfit suggestions that 

would still be appropriate and appreciated by the user. The precision and capabilities of 

these algorithms still remain to be further shaped and developed. 

Finally, the challenges expounded upon on the previous section regarding user testing 

still remain. The nature of implementing ambient intelligent solutions for the home 

makes them especially hard to evaluate due to their complexity of replication within the 

user’s home environment—the place they will ultimately be utilized in,—making any 

data collection based on observational studies extremely complex to achieve. An open 

question thus remains on how to find ways of producing user feedback for this project 

that will be accurate and represent a user’s actual daily-life engagement with the product. 
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5.3. Future Work 

As we saw in previous sections, there are a lot of open issues and challenges that 

arose through the development of this project—some of which we were able to find more 

adept solutions to than others. A lot of the future roadmap for this project, thus stems 

from these limitations we faced, while part of it additionally relates to future aspirations 

we would like to see this project develop into.  

A core component of Tailor is the data derived from the clothing-embedded sensors. 

The interactions that we’re able to support, as well as the value we are able to derive from 

this system, is as good as the collection of this information. In our limitations section we 

explored how our current software-based solution to scan for these beacons, is a sore 

point due to its necessity of requiring an iOS device to be set entirely for the purpose of 

listening to and capturing this data. Several attempts were made in order to create a 

physical device capable of leveraging this task, however, the results were unsuccessful 

due to the components used. In future iterations of this project, we would like to see this 

issue conquered in order to provide for a more sustainable end-product.  

Additionally, there exists further room for optimization regarding the logic used by 

the scanner in order to create an inventory of the user’s garments and deem which clothes 

are currently in use or not. Our present implementation relies on a scanner response rate 

set at 8 seconds, where data received by the scanner is first aggregated in order to weave 
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out potential false-negatives that might result from distortions to the iBeacon signals due 

to environmental factors. Although this buffering interval provides with stable, reliable 

results, the 8s intermission should be further optimized and reduced in order to minimize 

the lag experienced between interacting with a piece of clothing, and seeing the results on 

the screen.  

In terms of the artificial intelligence agent, current recommendations are generated 

solely based on temperature and weather conditions, and how these relate to a user’s 

historical usage data. It would be sound to expand this criteria to allow for the agent to 

process a larger set of parameters, in order to provide more meaningful results to the user. 

We would like for future iterations of Tailor to include the capability of considering how 

different garment’s style work together to create a cohesive outfit look and of generating 

solutions that take into account how different items are layered. Furthermore, we would 

like to expand the capability’s of the agent to also be able to generate reports based on 

historical data in order to determine the clothing items the user wears less frequently, in 

order to suggest for these to be sold to other users of the application whose profile would 

indicate they would probably be interested in purchasing these. 

Improvements to the user interface in order to be able to provide a larger range of 

operations would also be favorable. The main actions we would further like to support 

would be to provide users with the ability to buy and sell their clothes to other users 

directly through the application, as well as being able to generate suggestions on what to 

pack for a vacation according to the length of the stay, destination, and type of activities 
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scheduled—these proved to show the highest user interest based on our initial research 

study. Moreover, we would also like to incorporate other possibilities for human-

computer interaction, in order to provide users with increasingly passive ways of 

interacting with the system. Presently, the user must walk to the iOS device and tap on a 

graphical user interface in order to request for an outfit suggestion to be generated. 

Furthermore, successive taps are required in order to generate further suggestions if the 

user is not pleased with the initial ones. Given the fact that we envision for the user to be 

able to interact with Tailor, while being in close proximity to their closet (i.e. at a 

distance from the mobile device), it would be beneficial to also incorporate a voice-

driven interface through which to interact with the system. This would expand the modes 

of interaction available and would bring us one step closer to our vision of integrating 

technology into the environment without the use of screens. 

Finally, in order to provide a realistic product that could be adopted and brought into 

users’ homes, it would be necessary to determine how to provide support for multiple 

users. The current implementation assumes that all detected beacons belong and are used 

by the same user. However, this is not a very reasonable assumption to make as it rules 

out the potential for Tailor to be used by families, partnered people, or even people 

sharing a living space. This will undoubtedly be a hefty obstacle to overcome if we wish 

to create a product that provides real value for real people. 
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