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Enabling Novel Sensing and Interaction with Everyday Objects using Commercial RFID Systems

Hanchuan Li

Chair of the Supervisory Committee:
Dr. Shwetak N. Patel
Computer Science & Engineering

The Internet of Things (IoT) promises an interconnected network of smart devices that will rev-
olutionize the way people interact with their surrounding environments. This distributed network
of physical devices will open up tremendous opportunities for Human-Computer Interaction and
Ubiquitous Computing, creating novel user-centered and context-aware sensing applications.

The advancement of IoT has been heavily focused on creating new and smart electronic devices,
while the vast majority of everyday non-smart objects are left unchecked. Techniques based on
active sensors are limited by their high deployment cost and the requirement for battery replacement.
There currently exists a huge gap between the collection of devices integrated to the IoT and the
remaining massive number of everyday physical objects.

Radio-frequency identification (RFID) has been widely adopted in the IoT industry as a standard
inventory management infrastructure. In this thesis, I apply signal processing and machine learning
techniques on low-level channel parameters of commercially available RFID tags to enable novel
sensing and interaction with everyday objects. These new sensing capabilities allow for the system
to understand daily activities, create tangible user interfaces, and enhance user experiences related

to human-robot interactions and object interactions in augmented reality.
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Chapter 1

INTRODUCTION

The last 50 years have witnessed significant advancements in computation. The increased den-
sity of electronic circuits has enabled computers to be smaller in form factor yet better in computa-
tional power. In 1965, Gordon Moore predicted that the number of transistors in integrated circuits
(IC) would double about every year. Later in 1975, he revised his prediction to every two years.
This is known as Moore’s law, one of the most impactful principles in the computation industry.

This exponential growth trend is illustrated in Figure 1.1 by Roser et al. [136].

Moore’s Law has allowed computers to evolve dramatically in form and application. A Morgan
Stanley study [147] describes the evolution of computing platforms from mainframe machines to
mobile devices, growing the number of deployed computers from millions to tens of billions (Figure
1.2). The physical space that computers occupy has also changed drastically, going from a time
where these machines needed to sit in a dedicated room owned by large organizations to today’s
world where portable mobile devices are ubiquitous in people’s everyday life. There have been
recent debates on whether the exponential growth of Moore’s law is sustainable; however, it is still
believed that industry will follow the trend of increasing computational power on a smaller footprint
in the foreseeable future. This trend has allowed for the natural distribution of computer systems in
everyday physical environments, and it is predicted that computers would eventually be embedded
into everyday objects, creating truly smart and immersive physical environments. This phenomenon

is described as the Internet of Things (IoT).

Recent advances in IoT and the ubiquitous usage of smart devices have dramatically changed
the way people interact with their living environment, enabling smart homes, smart cities, wear-
able electronics, and personal health applications. According to Gartner [39], 8.4 billion devices
were added to the Internet of Things by 2017. To connect this large network of devices, industry
standards employ wireless communication modules such as WiFi, Bluetooth, and Zigbee. These

wireless platforms provide real-time communication between devices and seamless sharing of sen-



Moore’s Law — The number of transistors on integrated circuit chips (1971-2016)
Moore's law describes the empirical regularity that the number of transistors on integrated cireuits doubles approximately every two years.
This advancement is important as other aspects of technological progress — such as processing speed or the price of electronic products — are

strongly linked to Moore's law.
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Figure 1.1: The number of transistors on integrated circuits chips [136].

sory data to facilitate end user applications. Given the power consumption of these wireless modules
and sensors, IoT devices today require onboard batteries. The unit cost of each sensor, the physi-
cal size of these sensors, the bandwidth used by wireless modules, and the requirement of battery
replacement all add up to the cost of maintaining this network. For everyday objects, the size of
these electronics can be obtrusive, and the cost of maintenance is still too high to be scalable. As
a result, there currently exists a big gap between the electronic devices that are now integrated into
the IoT framework and the vast majority of non-electronic objects people are interacting with on a
daily basis, leaving out a tremendous opportunity for creating compelling user experiences. Being
able to integrate sensing and interaction capabilities into these objects will dramatically improve the
ubiquity of the current IoT framework and the capacity of creating versatile applications.
Understanding interactions between users and everyday objects could fill this gap in the current
IoT framework and enable many compelling sensing applications and novel user experiences. The
objects we use define and reflect our daily activities. Leveraging the sequence of object usage

information, computer systems could infer and recognize user’s daily activities. Imagine a use case
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Figure 1.2: Computer growth over time [147].

where a smart speaker provides a person with recipe recommendations according to the groceries
they purchased, a coffee mug that is aware of a persons hydration level, or a pill bottle that is aware
of a persons medication intake. This ubiquitous sensing capability of everyday objects can enable
immersive user experiences across many different application domains. These experiences can be
augmented by tangible user interfaces for user input sensing. Today, many electronic devices utilize
capacitive touchscreen for user interaction sensing, yet touchscreens are not scalable with everyday
objects given their size, cost, and power consumption. By giving everyday objects the ability to
sense gesture inputs, traditional interfaces for controlling devices would disappear; any object or
surfaces could be repurposed as a control interface. This could also help create links between
physical objects and digital media. A pop-up book embedded with tangible interfaces could trigger
sounds or animation effects to facilitate interactive and creative storytelling experiences. Going one
step further, recognizing the precise identity and physical location of objects and users involved
in these interactions could help fuse other platforms such as virtual reality or augmented reality
wearables to further blur the barrier between what is physical and what is digital. For example,
a VR device could identify and locate a chair and then render it in the virtual world as an iron

throne, allowing users to experience natural interactions with the virtual world through objects that



exist in reality. In augmented reality, precise item identification with online media can create a
retail experience where a user can feel a piece of clothing in the real world while having access
to customer reviews online. Product information videos could also be projected onto the object in
real-time to enrich the shopping experience.

These compelling applications outlined above can be enabled by understanding how the user is
interacting with everyday objects. More specifically, the sensing capability can be broken into 3
different directions: (1) sensing the state of the objects (e.g., motion, rotation or interference from
ambient objects or users) (2) sensing expressive user input (e.g., different hand gestures), and (3) un-
derstanding the identity and location of users and objects. Combing these sensing capabilities could
enabling new and immersive user experiences in high impact spaces such as health and wellness,
remote collaboration, retail, and education. The challenge lies in how these sensing capabilities can
be applied in an unobtrusive, scalable, and user-friendly way. In the later sections of this chap-
ter, I further discuss these application domains and propose research goals aiming to address these
problem spaces.

Table 1.1 outlines a few commonly used wireless communication platform that are currently
deployed in the IoT space. Protocols like UHF RFID and NFC employ completely passive tags that
are small, flexible, and do not require a battery. In these protocols, each RF tag has a small memory
block to store a unique digital identification value. The low-cost nature of the tags makes them
ideal to use on everyday objects in scale. When under operation, each RF tag harvests from ambient
signals to back-scatter its identity to the reader. These protocols are designed as replacements for
barcode systems. As such, they are often limited to identification purposes in industry. Given the
limited sensing range of NFC, in this thesis, I focus on the long-range UHF-RFID system. I leverage
channel parameters reported by the reader to enhance the sensing and interaction capabilities of
the RFID system through signal processing and machine learning. By attaching UHF tags onto
everyday objects, I enable interactive applications that are similar to those achieved by battery-
powered wireless sensor network (WSN), such as understanding daily activities or creating tangible
user interfaces. My approach allows commercial UHF RFID systems to understand the state of
everyday objects, their users, and the interaction between the two parties. In the following sections,
I describe how I have tailored these techniques to enable novel sensing in a few different application

spaces.



Platform WiFi Bluetooth Zigbee UHF RFID | NFC
Range 30-100m 10m 10-20m 10m 0.1m
Power High Low-Mid Low Zero (tag) Zero (tag)
Privacy Low Mid Mid Mid High
Cost $10 $10 $10 $0.1 (tag) $0.3 (tag)

Table 1.1: Wireless communication platform comparison

1.1 Sensing Object Interactions and Understanding Daily Activities

One cornerstone of Ubiquitous Computing is the ability to sense and understand human behav-
ior. An important goal in this space is to enable computing systems to automatically recognize
humans daily activities, leading to context-aware applications in smart homes, personal wellness,
and assisted living. Ubiquitous sensing capabilities in everyday objects can enable immersive user
experiences, driving applications in health, wellness, and user interaction domains. The challenge
is to enable these sensing capabilities in an easy and scalable way.

Past approaches to activity recognition include vision-based systems [110, 122], which lever-
age visual clues to infer daily activities. Video streams provide rich contextual information; how-
ever, vision-based systems are limited by their requirement of line-of-sight, significant computation
power, and privacy concerns. Researchers have also explored sensing object usage by instrument-
ing users with a near-field RFID reader glove [120]. The presence or absence states of RFID tags
attached to objects in close proximity indicate the activity being conducted. However, this approach
requires users to wear battery-powered devices, which raises user burden and limits its feasibility in
real-world applications. To make such systems feasible for real-world application, scalability must

be improved without increasing user burden. The research goal here is:

RG1: Sensing object interactions and recognizing daily activities in a scalable and privacy-

preserving manner without requiring user instrumentation

Towards this goal, I designed and implemented IDSense [84] (Chapter 3), a new human-object



interaction sensing system which uses a commercially available UHF RFID to detect human-object
interactions. Differing from traditional approaches that utilize RFID tags’ binary presence states,
I leverage RF channel parameters to detect the state changes of individually tagged objects. The
object usage indicated by these state changes contains rich contextual information about the users
interaction with the surrounding environment, which allows the system to understand fine-grain
daily activities. With IDSense, physical interactions can be linked with digital media to enable com-
pelling user experiences. In addition, IDSenses activity recognition capabilities can be combined
with assistive technology to improve the life quality in assisted living scenarios [23]. Compared
to existing wearable solutions, IDSense does not require user instrumentation, which significantly
improves the user experience;in turn, this helps with technology acceptance and compliance issues
reported in previous literature [74]. Unlike previous approaches that require users to wear active
RFID readers or customized RFID tags, IDSense is capable of sensing user object interactions and
recognizing fine-granular daily activities using an off-the-shelf RFID system without user instru-

mentation and minimal instrumentation to the objects.

1.2 Tangible User Interfaces for Everyday Objects

Today, smart devices are designed to accommodate touch-sensitive input methods that can enable
interactive user experiences. Everyday objects, on the other hand, do not have embedded electronics
and thus can not support such interactivity. Bringing seamless interactivity to everyday objects can
obviate the need for traditional user control interfaces (e.g., switches, remotes), allowing any object
or surface to be repurposed as a control interface. Taking this one step further, wireless tangible user
interfaces would support connections between physical objects and digital media, creating a truly
immersive [oT user experience. The challenge here is how to lower the barrier of creating wireless,
battery-free, input interfaces for everyday objects.

Traditionally, physical input interfaces (e.g., buttons, sliders, knobs) are limited by physical con-
straints like the size of electronic circuits, wiring requirements, and the need to supply or replenish
power. These limitations make it challenging to embed physical interfaces into everyday objects,
especially objects that are lightweight and flexible (e.g., a piece of paper). The research goal here

1s:



RG2: Creating tangible and customizable user input interfaces for everyday objects while main-

taining their passive and flexible nature.

To tackle this challenge, I proposed PaperID [83] (Chapter 4), a technique that allows off-the-shelf
RFID tags to be turned into a variety of simple mechanisms to fabricate passive, thin, and flexi-
ble input devices. PaperID customizes RFID tags with hand-drawn conductive ink traces to sense
a variety of input gestures on and around tags, which enables seven different interaction methods
(e.g., buttons, sliders, knobs). Due to the low cost, wireless, and lightweight nature of the technique,
PaperID is especially suitable for rapidly prototyping input interface for everyday objects.

I demonstrated and evaluated PaperID in applications like a customized remote controller for
IoT devices and interactive paper crafted objects, such as pop-up books. PaperID expands the func-
tionality of RFID tags to quickly and easily create interactive interfaces on paper and other mediums.
The application space for PaperID is multifold. In this thesis, I implemented and evaluated appli-
cations such as a real-time polling questionnaire embedded in an exam sheet and a gesture-based
controller for lighting, as well as several examples of interactive toys that are connected to digital

media.

1.3 Localization and Identification for Objects and Individuals

The identification and localization of objects and their users will allow computer systems to facilitate
multi-user sensing and interactive applications. Imagine a retail scenario where the location and
identity of each object can be precisely measured. Online media could be seamlessly merged with
physical environments, allowing users to simultaneously look up a piece of clothing in the real
world, feel the fabric, access online customer reviews, and watch product introduction videos. All
of this information can be projected onto the object in real-time using augmented reality to enrich
shopping experiences.

However, it is challenging for existing technology to simultaneously identify and locate objects
or individuals with enough speed to enable seamless tracking for real-time applications. Recognition

systems based on computer vision can robustly determine where objects and individuals are in their



field-of-view [25], but it is still challenging to identify what the objects are and who are the individu-
als interacting with the objects. State-of-the-art deep learning vision systems have shown promising
results when given large amounts of still photos for training [43, 153]. However, extensive training
is not feasible in many real-world scenarios. The uncertainty of illumination, orientation, and oc-
clusions also add to the challenges of vision-based approach. Alternatively, recognition approaches
based on wireless signals usually require the active participation of the user by carrying a wireless
transponder [120]. However, it is still very difficult for such systems to determine precisely where
the person is due to the multi-path nature of propagating electromagnetic waves. The research goal

here is:

RG3: Enabling accurate identification and localization of individuals and objects.

Towards this goal, I developed two hybrid systems merging camera-based computer vision and
RF-based wireless communication. In particular, IDMatch [85] (Chapter 5) uses a novel reverse
synthetic aperture technique to recover the relative motion paths of RFID tags stuck on objects or
worn by individuals. The motion paths are correlated to physical motion paths measured with a 3D
depth camera to achieve accurate user identification. IDCam (Chapter 6) leverages the correlation
between the motion of user’s hand and objects to identify and enhance user interactions under an

augmented reality scenario.

I demonstrated the capability of the system through a robotic host Q& A application. The ability
of simultaneous recognition and localization of individuals allows the robot to greet users by their
names and to make eye contact during conversations to support natural human-robot interactions.
In addition, precise identification and localization of objects and individuals can combine objects
in the real world with virtual content generated by AR and VR technologies. For example, a VR
device can identify and locate a chair and then render it in the virtual world as an iron throne. One
can also overlay virtual content on top of real objects using AR technology. In IDCam, the system
utilize the part number stored in a products RFID tag to look up its price and reviews online; that

data is shown in an AR headset overlay that follows with the product as the user moves their head.



1.4 Dissertation Goals and Contributions

The research goal for this dissertation is to support novel sensing and interaction techniques with
everyday objects using commercially available RFID systems. I propose techniques to enhance the
sensing capabilities of commercial RFID by mining contextual information from its communication
channel using signal processing and machine learning. In addition, I combine RFID with other sens-
ing modalities to serve the purposes of supporting natural human-robot interactions, enhancing AR
experience, and creating tangible interfaces. Finally, I evaluate a variety of novel IoT applications
enabled with the above proposed techniques. Throughout this dissertation, I provide support for my

thesis statement:

Thesis Statement: Applying signal processing and machine learning techniques to low-level
channel parameters of commercially available RFID tags can enable novel sensing and inter-

action applications with everyday objects.

Here I summarize the hypotheses and artifact thesis contributions (TC) that I will experimentally

prove and deliver, respectively, in support of my thesis statement:

TCI1: Signal processing and machine learning techniques leveraging RFID channel parame-

ters to detect user interactions with object enhanced with RFID tags

TC2: Demonstrate that daily activities with different level of details can be recognized by sensing

the status of RFID tags attached to everyday objects.

TC3: Create wireless, passive, and customizable input devices combining RFID tags with con-

ductive ink printing to enable sensing of user inputs on everyday objects

TC4: Signal processing and machine learning techniques for fusing computer vision with RFID

to enable simultaneous identification and localization for objects and individuals.
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TC5: Benchmark the sensor fusion approach proposed through enhanced human-robot inter-

action and augmented reality retail applications.

1.5 Thesis Organization

Research Goals

Contributions

Addressed In

RG1: Unobtrusive and scalable way of sens-

ing object interactions and daily activities

TC1, TC2

Chapter 3: Through the implementation and
evaluation of IDSense: A human object in-
teraction sensing system based on commercial

UHF RFID.

RG2: Passive and customizable user input in-

terface for everyday objects

TC3

Chapter 4: Through the implementation and
evaluation of PaperID: A technique combining
conductive inkjet printing with RFID chip to

create customizable touch sensitive interfaces

RG3: Achieve accurate localization and

recognition of individuals and objects

TC4, TC5

Chapter 5 & Chapter 6: Through the imple-
mentation and evaluation of IDMatch and ID-
Cam: Techniques for fusing computer vision
with RFID to enhance human robot interac-
tions and object manipulations in augmented

reality.

Table 1.2: Dissertation organization
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Chapter 2
RELATED WORK

This thesis presents a new class of sensing techniques leveraging low-level channel parameters
of commercial UHF RFID system, addressing three research goals: (1) unobtrusive ways of sensing
people interactions with objects and inferring daily activities, (2) creating passive, thin and flexible
tangible user interfaces, and (3) achieving accurate localization and recognition of individuals and
everyday objects. This chapter is structured around these research goals, providing an in-depth
survey of existing technologies within each of these application domains to better position my thesis
work. I survey prior work related to each research goal with particular focus on wearable and
distributed sensing systems. More specifically, I first give an overview of previous work addressing
activity recognition, tangible user interfaces, and user/object localization via a variety of on-body
or distributed sensing mechanisms. Then, I outline prior RFID sensing techniques and discuss how

my thesis work is different when compared to these earlier approaches.

2.1 Understanding Daily Activities

Automatic means of activity recognition are one of the key building blocks needed to enable context-
aware ubiquitous computing applications. There is a variety of prior work that aims to accomplish
this goal using user-centered sensing and distributed sensing, leveraging active and passive sensors

each with their unique strengths and weaknesses.

2.1.1 Activity Recognition via Wearable Devices

Wearable systems require users to wear devices that continuously monitor their interactions with
their surroundings. Previous work has demonstrated promising results when tracking the state of
the body by attaching IMUs onto the user [11, 48, 97, 111] (i.e., running, walking, sitting), but
encounters difficulties when recognizing more complex activities (i.e., cooking, reading a book).

The objects we utilize in daily living can provide a rich amount of contextual information given the
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correlation between the objects used and the activities performed. To gain a better understanding
of daily activities, Ren et al. [130] applied computer vision techniques towards body-worn cam-
eras to capture hand-held objects. They achieved an accuracy of 64% with a clean background
scheme; however, challenges like background clutter and hand occlusion dramatically reduced the
accuracy. In recent years, deep learning techniques have demonstrated promising results in under-
standing user’s daily activities using sensors carried by the user, such the IMU on the mobile phone
[184, 91, 182]. Castro et al. [20] presented a deep learning activity recognition system based on
egocentric cameras. This work achieved an accuracy of 83% classifying 19 daily activities, but
lacked support for recognizing fine-grained activities (e.g., which dish is being prepared). In addi-
tion, privacy concerns of first-person visual recordings limit the usage of computer vision systems
in living environments. Prior work has also explored identifying objects utilized in daily living by
recognizing their unique electromagnetic interference (EMI) pattern [80, 164]. The approach by La-
put et al. [80] used a watch-based software defined radio. They achieved 97.9% accuracy across 24
devices. However, the vast majority of objects in daily living do not generate EM noise, limiting the
reach of such approach. The audio signal from wearable devices has also been explored for activity
recognition. In particular, Yatani et al. [180] presented a wearable acoustic sensor that could listen
for sounds produced in the user’s throat area to classify user activities. In general, user-wearable
solutions have the advantage of being mobile, extending the coverage of activity sensing compared
to distributed solutions. However, the increased user burden due to body-mounted devices limits the

technology acceptance and compliance for applications in living environments [74].

2.1.2  Activity Recognition via Distributed Sensors in Physical Environments

Researchers have also explored distributing sensors in different environments for activity recogni-
tion For example, binary state-change sensors, like piezoelectric switches, have been used to detect
object usage [160, 154]. Each object is assigned a wireless sensor that is triggered when the object is
moved. However, the form factor and unit cost is still not ideal for adoption on everyday objects. In-
frastructure mediated sensing is a novel approach that leverages the existing home infrastructure to
mediate the transaction of events and to understand the human activity [116]. Prior work leveraging

this principle includes ElectriSense [47], which measures the electromagnetic interference (EMI)
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generated by electric appliances to classify and detect appliance usage. The propagation of EMI
signals along the powerline allows this system to detect multiple appliances from a single location,
similar to the wearable solution by Laput et al., it is challenging to generalize EMI-based sensing to
non-electronic devices. SNUPI [24] is a ultra-low-power sensing platform. SNUPI leverages pow-
erline infrastructure for communication, which allows a single battery cell to operate for years for
sensing applications. This work demonstrated great research and commercial impact through real-
world applications and products. However, it is still challenging to scale these sensing applications

towards everyday objects.

Computer vision is also a popular technique in distributed sensing. Researchers have explored
leveraging video surveillance cameras and computer vision techniques to understand human activ-
ities [109, 88, 161]. To further improve the sensing accuracy, several techniques based on depth
camera has been proposed and studied [110, 175]. Audio signal has also been proven effective for
activity recognition. In particular, microphones has been deployed in living environments [51, 22]
or onto robots [150] for sensing human activities in the ambient environments. Several prior work
has also demonstrated using wireless signal reflection (e.g., WiFi backscattering) to enable activity-
related sensing human motion detection [174, 2], body gestures [123, 77], or physiological processes

like breathing [128, 1] or heart beats [185, 3].

A few research spaces are being designed and instrumented as home environments to facilitate
studies of activity recognition, including the PlaceLab [67] in the MIT house_n [103] and the Geor-
gia Tech Aware Home [78]. Researchers have investigated activity recognition tasks in these spaces
using a variety of sensing modalities. In particular, several researchers have leveraged sensory data
collected in the PlaceLab for daily activity recognition tasks [50, 90, 53]. These sensors include ob-
ject state sensors, location beacons, microphones, cameras, current and water flow sensors, humidity
and light sensors, object and person motion detectors, etc. Although combining multiple sensing
modalities can improve activity recognition accuracy, it also increases the burden of deployment and
maintenance, creating barriers for real-world adoption. In general, techniques based on sensor net-
works demonstrate promising results in activity recognition but also face challenges in form factor,

high unit cost, and the requirement for battery replacement.
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2.2 Input Devices for everyday objects

Electronic IoT devices usually come with dedicated physical interfaces. For example, smartphones
and tablets come with the capacitive touchscreen to accept user inputs. Having touch-sensitive
interfaces is crucial towards enabling interactive user experiences. However, the form factor and
battery required for a touchscreen is not scalable with everyday objects. Consider one common
object: paper. Paper is extremely thin and flexible, and yet its low-costnature makes it disposable.
Enabling touch sensitivity on paper would greatly enrich user’s experience with this common media.
Previous research has discussed applications that could be enabled by paper-based input interfaces,
including cross-media hyperlinking, documentation tagging, and interactions techniques connecting
written text with digital media [6, 93, 46, 60, 148]. However, it is very challenging to enable
unobtrusive input sensing while still preserving the lightweight, passive, and disposable nature of
the paper.

Paper-based interfaces have been explored previously as a method for rapid prototyping. Qi and
colleagues [125] introduced a paper circuitry approach where a user could build control interfaces
on a sheet of paper, attaching electronic components with conductive ink and copper tape. Kawa-
hara and colleagues [76] extended this work by creating inkjet-printed circuits on photo paper for
rapid prototyping. They demonstrated easy and effective ways for printing connection circuits or
even sensors to enable interactive scenarios. However, the utility of these paper-based interfaces
is limited to on-paper devices, which in turn are constrained by the difficulty of augmenting paper
with wireless communication components. Attaching wireless modules and power sources for them
makes it difficult to retain the flexible and lightweight nature of paper. Additionally, using active

components counteracts the benefit of using inexpensive paper as a medium.

There are other ways to integrate user interfaces onto everyday objects. For example, using
computer vision-based sensing on a hand-held or wearable projector has been heavily studied for
interface projection and user input sensing [104, 102, 12, 19, 171]. Even though such techniques
allow user interfaces to be projected onto everyday objects, computer vision based input sensing
is still limited by inconsistent environmental factors (e.g., lighting conditions, object orientation,
and occlusion from the human body). Additionally, having users wear or carry a battery-powered

projector system adds to user burden.
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2.3 Simultaneous Localization and Identification of Users and Objects

The ability for computing systems to quickly recognize and localize individuals and objects is the
key component for understanding the context of interactive applications and crucial towards creat-
ing immersive user experiences. However, this becomes especially challenging in dynamic environ-

ments that require fast, implicit, non-intrusive, and ubiquitous identification and localization.

User recognition systems based on computer vision (including stereo cameras, structured light,
and LiDar) can robustly determine where people are in their field of view, but not who those individ-
ual people are. State-of-the-art face recognition systems have shown promising results when given
large amounts of still photographs for training [153, 43, 113, 170, 126, 31]. Gathering those photos
requires a cumbersome user registration process consisting of photographing and manually annotat-
ing each participant for training purposes, which is not feasible when scaling to a large number of
participants or casual, one-time encounters. Face recognition is also limited by constraints that nor-

mally plague vision-based sensing, such as orientation, lighting conditions, and image resolution.

Advancements in computer vision have also brought real-time object recognition into real-
ity. Large-scale open-source image databases like ImageNet [27] provide a variety of labeled
images with which researchers can train and test their systems. State-of-the-art deep learning
models have demonstrated promising results when given large amounts of pictures for training
[55, 167,151, 129, 186, 143]. However, the granularity of object labels in a dataset like ImageNet is
categorical. ImageNet may contain labels for multiple brands of jeans, but the labels for all of them
is the same. In a retail setting, for example, identifying an object by its brand and size is critical.
Knowing the precise identity of an object is still very challenging for computer vision given the
visual resemblance of similar products (e.g., the same jeans in slightly different sizes). In addition,
machine learning algorithms require many labeled pictures taken from different angles and settings,
incurring a substantial deployment cost. Since models must be retrained as new types of objects are
added to the dataset, this approach does not scale well. Furthermore, certain contextual information
is not embedded in the visual clue (e.g., the owner of a coffee mug), making it extremely challenging

for computer vision to understand this information and create a unique identity for each object.

Alternatively, objects and users can be easily recognized if they are instrumented with visual

identifiers. Prior work has also looked at retrieving item information through barcodes [118, 75].
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However, this interaction is not as seamless and natural as it may sound. Taking a picture of a
barcode requires that the barcode is easily accessible to the customer and that the customer can
properly frame the code in their smartphone’s camera. QR codes have been widely utilized for
object identification in augmented reality or accessibility applications [73, 13]; scanning a QR code
requires similar effort by the user.

Alternatively, recognition approaches based on wireless devices require active participation by
the user, but significantly increase the reliability of identification. They typically require the user to
activate an app on their cell phone for each interaction or to carry a wireless transponder [135, 61].
These devices can actively transmit data to identify the user or object involved in an interaction. In
this case, it is challenging to determine the precise location of objects and users. This is primarily
due to the nature of propagating electromagnetic waves, which makes it difficult to precisely locate

a transmitter with an accuracy greater than 1-2 meter [89, 176, 106].

2.4 RFID Related Sensing Techniques for Interaction Detection

This section focuses on the body of prior RFID work similar to techniques presented in this thesis.
I will break down this body of work into a few specific application domains including activity
recognition, touch interfaces, and localization. I will also discuss opportunities of combining RFID
with other sensing modalities to enhance RFIDs sensing capabilities. For each application domain,
I will further discuss how my approach has advanced upon the prior work to improve scalability,

usability, and sensing accuracy..

2.4.1 Activity Recognition using RFID

In the field of activity recognition, RFID systems have the advantage of being passive and low-
cost when compared to other distributed sensing solutions. Philipose et al. developed a wearable
near-field RFID reader that could identify tags attached to objects nearby [119, 37]. Objects held in
hands are recognized by the wrist-worn reader; over time, the usage of these objects can be utilized
to infer higher level activities. This work combined user-centric sensing with distributed RFID tags
on objects and demonstrated that the feasibility of identifying daily activities solely from tracking

object usage events. They achieved a precision of 88% and a recall of 73% classifying 14 activities
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of daily living (ADLSs [72]). In a separate study [117] they demonstrated the capability to classify 11
daily activities with 88% accuracy. However, like all other user-centric sensing systems, Philipose
et al.’s system requires the user to wear an active sensing device continuously.

The recent advances in commercially available passive long-range RFID systems give rise to
their popularity in distributed sensing applications. These systems operate at 900Mhz ultra-high
frequency (UHF) ISM band. The long range and low-cost nature of such RFID technology make
it scalable to instrument everyday objects. The RF channel parameters reported in the Gen 2 UHF
RFID readers [33, 63] provides insights into the state of the tag and its surrounding environments.
This system is previously studied for health and wellness sensing applications [162, 15, 68, 159].
Researchers have also studied the use of passive UHF RFID for activity recognition in trauma resus-
citation scenarios [86, 114, 115]. However, the object usage classifiers described in their systems are
based solely on reflected signal strength (RSSI). In addition to requiring multiple antennas, these
previous work require excessive training for each object, making it infeasible to scale to a large
number of objects.

Researchers have also explored modifying circuits of the commercial RFID system for enhanc-
ing its sensing capabilities. In particular, Smith et al. presented methods of adding mercury switches
to tags in order to enable binary acceleration detection [121, 145]. They also leveraged this method
to detect object usage and daily activities [144]. Prior work has also presented custom sensing plat-
forms based on RFID communication, such as the UHF WISP[140, 146, 139] or the UMass Moo
[183]. These sensing systems provide custom-built RFID tags with an embedded microcontroller to
collect data from onboard sensors. Although expensive due to their special-purpose nature ( $100
per unit), these tags are capable of many sensing tasks. For example, prior work describes their use
for tracking tag movement within a large room[17]. Buettner et al were able to distinguish between
12 everyday household activities leveraging the tags onboard accelerometer.

In this thesis, I leverage various channel parameters reported by RFID readers to improve the
sensitivity of object interaction detection while minimizing the antenna requirements. In Chapter
3, I present a system named IDSense [84] to enable scalable recognition of human object inter-
action and daily activities. Different from prior work, IDSense is capable of robustly classifying
states of tagged objects using a single RFID reader and antenna. In addition, IDSense combines sig-

nal processing with machine learning to adapt to different environments without retraining. I also
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demonstrate other applications that could be enabled via IDSense such as interactive storytelling

with toys and understanding of customer interest in products in a retail setting.

2.4.2 RFID based Input Devices

Modern tools and techniques now make it quite easy to construct a graphical interface with only
minimal training and effort. Advances in low-cost, micro-controller-based electronics (e.g., [7]) and
accompanying tools such as hardware toolkits (e.g., [82, 42, 52]) have sought to bring that same
ease of creation to physical interactive devices as well. However, because of physical constraints,
such as the size of electronic circuits, required wiring, and the need to supply and/or replenish power
to those circuits, creation of physical interfaces has remained difficult. Thus, construction of such
devices still cannot really be considered easy, lightweight, or simple. As a result, we might normally
start any design effort aimed at creating such an artifact with an exercise in paper prototyping [131].
We do this in part because the paper is lightweight — both in a physical and economic sense, but also

with respect to the ease with which we can work with it and modify it on demand.

Enabling touch and gesture sensing on tags can make them an ideal alternative for use in control
interfaces given their thin, flexible, passive nature. Early work on the use of RFID tags for input con-
structed power-free buttons from modified RFID tags [9]. Other sensing approaches that use RFID
technology as an interface have required a large number of tags or reader antennas. For example,
Asadzadeh and colleagues [8] implemented an 80cm by 80cm matrix with 64 tags and three anten-
nas to detect hand gestures. Their system was able to classify 12 predefined hand gestures with 93%
accuracy. Their system was able to trace tag position with a median error of 3.7cm. Marquardt and
colleagues [96] explored the implementation of input buttons and sliders by modifying RFID cir-
cuits and adding electrical components around RFID chips. Together, these projects demonstrated
the feasibility of RFID-based input sensing. However, constraints in system complexity or user
burden make them undesirable for augmenting everyday objects in realistic scenarios.

Fine-grain motion detection can also be utilized as a mechanism for user input sensing. Fishkin
et al. [36] were able to demonstrate the use of inexpensive, passive UHF RFID tags as a sensor
for detecting motion. However, motions were detected at the cost of multiple tags per object and

multiple readers. Motion-related gesture sensing is utilized for pairing objects instrumented with
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RFID tags [79]. Even though binary motion detection is sufficient for object usage detection, it
is not sufficient for sensing user input. The granularity of motion detection needs to be improved
to support expressive gestures. More recently, Wang and colleagues [166] proposed a system for
tracking tag movement that used 8 antennas in 4 pairs. Even though they were able to track motion
traces with an error of a few centimeters, their system relied on heavy hardware installation, limiting
its scalability in real-world scenarios. These previous research projects demonstrate the feasibility
of using UHF RFID systems to sense user inputs. However, there are either only support binary
motion detection or require extensive hardware, limiting its expressiveness or scalability for input

sensing.

Techniques for printing RFID antenna on paper has been studied as a way for customizing RFID
tag design [179, 133]. In Chapter 4, I present the PaperID system [83], which extends prior work
by creating new tag types that can be quickly prototyped using conductive inks and an off-the-shelf
RFID IC. Specifically, I introduce the “half antenna tag’ design, a passive RFID tag that can use the
human body as part of the antenna structure for operation when touched. Additionally, a number of
new input modalities are enabled that include 7 types of on-tag and free-air gesture interaction types
(e.g., hand waving around the tag) as well as sensing the real-time motion velocity and trajectory of
the tag relative to the reader. I also demonstrate how these input modalities can be customized to

create passive, lightweight tangible input interfaces for IoT applications.

The PaperID project presented in this thesis was completed in 2016. More recently, a few inter-
esting research projects are introduced to further improve the expressiveness of RFID based gesture
sensing. In 2017, Zou [187] and colleagues presented a method for sensing 6 different mid-air hand
gestures. In 2018, Jin and colleagues introduced a system for body frame tracking [70], which can
be utilized for body gesture sensing. These new works further expanded the expressiveness of RFID
gesture input sensing, yet still require multiple tags or antennas to achieve these functionalities.
Future work in lowering the hardware setup will be necessary to improve the scalability of these

systems.



20

2.4.3 RFID Localization

Given that RFID is capable of sensing the identity of tags, we can enable simultaneous identifica-
tion and localization of tagged objects and users if tag localization can be achieved. Commercial
solutions can achieve coarse-grained RFID localization using phased array antennas. For example,
Impinj Xarray [66] can achieve a localization error of approximately 1.5m with 85% confidence.

This level of accuracy is not sufficient for detecting object interactions.

Synthetic aperture radar (SAR) and angle-of-arrival (AoA) techniques are regularly used in wire-
less communication systems to locate active transmitters [176, 106, 58, 89, 26]. Many of these gen-
eral approaches have been adapted to the UHF RFID space, where RF channel parameters such as
received signal strength (RSSI) and RF phase. Using these features has led to localization accuracies
on the order of 10-100 centimeters [108, 141, 57, 173, 163, 10] for well-controlled environments
such as the anechoic chamber. When deployed in real-world scenarios, tag localization will be less

accurate and insufficient for differentiating between neighboring users or objects.

To increase localization resolution of tags in unconstrained and multipath environments, sev-
eral systems use synthetic aperture antennas on the RFID reader. However, these approaches face
limitations when both the reader and the tag are moving. For example, Miesen et al. [101, 100],
used an antenna on a linear actuator to create a synthetic aperture. However, this requires that the
environment remains static while scanning occurs. Wang et al. [165] uses a spinning antenna to
create a synthetic aperture but need densely spaced marker tags placed throughout the environment
to disambiguate the mobile tag motion from reader antenna motion. Yang et al. [177] demonstrated
the use of multiple RFID reader antennas that can locate various moving tags in harsh multipath
environments. In their system, tags can only be located while traveling at a constant velocity along

a known trajectory (i.e., on a conveyor belt).

A variety of mobile robotic systems have used RFID tags for navigation [45, 112] and to localize
tagged objects [49, 28]. Although these robots have computer visions systems, they are typically
used for object manipulation instead of real-time user tracking purposes. One notable exception
is Grema et al. [152], who built an eight-element phased array into a mobile robotic platform to

determine the AoA of people wearing RFID tags.

In general, prior work in RFID based localization has a high requirement for hardware installa-
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tion (e.g., multiple antennae in the physical environment or multiple tags on each object), requires
extensive calibration or fingerprinting for a specific physical environment, or imposes constraints on
the possible state of tags (e.g. moving in a linear trace). Also, the accuracy that has been achieved in
prior work (10s-100s cm) is not sufficient for differentiating between small objects that are in close
proximity. Given these constraints, researchers have investigated combining RFID other sensing

modalities to further improve its localization accuracy.

2.4.4  Sensor Fusion Approach towards Identification and Localization

Sensor fusion has been explored in a number of different sensor combinations for identification and
localization purposes. Fusion between the motion sensor and computer vision has been examined
by the CrossMotion project [172], where visible users can be correlated with their smartphone’s
acceleration data as they walk through a room. Such a system is feasible for identifying people since
they carry their smartphones with them at all times, but it is not practical to instrument everyday

objects with accelerometers.

Two hybrid computer vision and RFID systems have been reported with the goal of identifying
and locating tagged people. Prior work by Cafaro et al. [18] demonstrates the ability to determine
which of two people are standing on the left and right of an interactive display. The second example
by Goller et al. [41] shows an occupancy counting scenario where the authors can simultaneously
determine the direction of travel for two people. Both of these systems use RSSI fingerprinting,
which requires extensive training and multiple reader antennas. As is the case with all fingerprinting
based location schemes, changes in the RF environment will result in accuracy degradation and
require the system to be retrained. Additionally, these systems are limited to tracking only two
participants.

In Chapter 5, I present a hybrid system named IDMatch [85] that combines commercial UHF
RFID with computer vision for accurate user localization. Different from prior hybrid approaches
that have required complex antenna setups and RSSI fingerprinting procedures that are not scalable
towards new environments, this work is based on trajectory correlation. Trajectory correlation, or
the matching of motion traces across two different sensing domains, allows for fast alignment of

human and tag motion without requiring retraining for new physical spaces. At the core of the
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IDMatch system is a method for determining the fine grain change in distance between the reader
and the tag using a reverse synthetic aperture radar (SAR) approach. These RFID SAR paths are
then compared to the position paths of the people in the space as reported by a 3D depth camera.
This core capability is augmented with a machine learning approach that classifies changes in low-
level RFID communication channel parameters to the motion of a person in space.

Researchers have also explored the combination of computer vision and RFID for item tracking
[40] and localization. [107, 138]. In those studies, the computer vision and RFID sensing systems
are either collocated or installed at relatively fixed locations. In augmented reality applications,
item interactions are best viewed from the user’s perspective, whether through a smartphone or
smart-glasses. In Chapter 6, I present that the two sensing systems, RFID and computer vision,
can be decoupled for a mobile augmented reality object interaction scenario and still achieve high
accuracy in item identification and localization. Similar to the techniques presented in the human-
robot interaction work, I employ velocity correlation for fusing the two systems yet here the RFID
and vision systems are decoupled where the RFID system is fixed onto the ambient environment
while vision system is moving as the user conduct object interactions. To overcome this challenge, I
implemented a dynamic coordinate transformation technique that can compare velocities measured
from the two systems for correlating objects with identities stored in the RFID IC. In addition, I
demonstrate that this approach works for short motion traces (on the order of tens of centimeters),
which provide us with an unique opportunity for enhancing AR applications which are detailed in

Chapter 6.
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Chapter 3

UNDERSTANDING HUMAN OBJECT INTERACTIONS AND DAILY
ACTIVITIES

3.1 Introduction

Effective means of identifying peoples activities in their indoor environments has the potential to en-
able a wide number of human computer interaction applications [59, 168, 169]. One key observation
is that the objects we interact with provide rich contextual information about the state of our envi-
ronment and the activities that we are doing. Whether its reading a book to a child, cooking a meal,
or fixing a bicycle the objects that we use both define and reflect the activities we do in our daily
lives. The challenge is to create an unobtrusive and general purpose approach to monitoring human
object interaction via computer systems. A variety of sensing approaches have been proposed and
shown that activity recognition is possible based on object interaction [114, 119, 154]. One common
approach is to instrument objects with wireless sensor nodes using accelerometers (or other sensors)
to infer object interactions. This approach can provide high fidelity streaming sensor data but due to
their relatively high per unit cost, large size, and need for battery replacement these methods have
found limited usage for object-based activity monitoring. In this Chapter I propose IDSense [84], a
new human object interaction detection technique which uses commercially available passive Ultra
High Frequency (UHF) RFID tags and readers to detect human object interactions in the form of
motion and touch. Combined with the ID information inherently provided by the RFID tags, the
approach enables interaction identification for a wide variety of daily objects. This is accomplished
by observing changes in the physical layer signals of the communication channel between the RFID
reader and the passive tags. The key insight is that the channel parameters reported by the RFID
reader, such as Received Signal Strength Indicator (RSSI), RF Phase, and Doppler shift represent
a unique signature of the RF environment of each individual tag. By observing changes in these
parameters over time, inferences can be made about the state of the tag and thus the object the tag

is attached to. IDSense is a scalable, real-time object interaction detections system that can robustly
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Figure 3.1: IDSense applications include: (a) activity inferencing of daily tasks (b) interactive story

telling with low cost toys (c) identification of customer browsing habits

monitor large rooms and living spaces with a single RFID reader. Everyday objects can easily be
retrofitted with RFID stickers or integrated with RFID tags by the manufacture. Users are able to
naturally interact with 10s to 100s of tagged objects and the system detects events such as object
motion and tag touch. By observing these interaction events over time, it is possible to enable a wide
variety of applications such as inferencing of daily activities in the home (Figure 3.1a), interactive
story telling using low cost tangible toys with computer based media (Figure 3.1b), enhanced retail
experiences where interactions with tagged merchandise can be used to determine customer interests
(Figure 3.1c). Generally speaking, IDSense makes sensing human interaction with everyday objects
easy and unobtrusive, by minimally augmenting objects with low cost and long-lived RFID tags. I
develop a new human object interaction detection technique based on commercially available, long
range RFID technology. This system is capable of robustly classifying tagged objects using a single

RFID reader and antenna in home and office environments.
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3.2 System Overview and Implementation

The goal of this project is to use minimalistic hardware in the form of commercially available
RFID tags to provide enough sensing capability to robustly detect basic human object interaction.
Figure 3.2 shows an example of a toy ambulance augmented with a UHF RFID tag on its hood; the
copper antenna is most visible in panel C. Good RF engineering practices should be observed when
choosing the type of tag and its placement on the object. There are a wide variety of tag shapes
and sizes to choose from, as well as tags specially designed for glass and metal object. Generally
speaking it was not difficult to find good tag locations but some trial and error can be expected.
Three different object states are investigated as well as two different touch events. The primary state
is object still, meaning no interaction with object. The second state is object translation as shown
in Figure 3.2a. Where an object translation is defined as movement of greater than 10cm within 2
seconds. The third state is rotation as depicted in Figure 3.2b, which consists of a 90 degree rotation
around one of the objects axis. Swipe touch (shown in Figure 3.2c) consist of the user swiping their
finger across the tag antenna within 2 seconds. Finally a cover touch is when a user touches more
than half the tag antenna for a minimum of 1 second. It should be noted that small and/or extremely
short duration movements were not specifically studied and only natural human interactions are

explored.

This work focuses on common indoor environments such as the home and office with no special
consideration given to building materials, room selection, or furniture placement. Figure 3.3 shows
an image of the lab environment where initial testing and validation of the IDSense system was
done. The RFID reader antenna is placed on top of a ceiling panel (highlighted in pink) pointed
downwards. A coax cable leading back to the Impinj Speedway Revolution reader and host com-
puter is visible. The read distance of UHF RFID tags in free space is +10 meters. In this example
the reader coverage zone extends from the gray work bench on the left to the gray work bench on
the right and includes the wooden table and floor in the middle of the frame. In this region per tag
read rate (or sampling rate) is constantly between 15-40 reads per second depending on the size of
the tag population. As a point of reference, it is possible to read tags on the far white shelves in
the background but read rate is typically below 10 reads per second. As will be discussed later in

this Chapter, proper RFID reader antenna placement is important to achieve good performance and
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Figure 3.2: IDSense: types of human object interactions a) translation b) rotation c) swipe touch d)

cover touch

reduce false detection caused by human activity, and a detailed discussion of room coverage can be

found in [30].

3.2.1 Physical Layer Signals of UHF RFID Systems

The commercially available UHF RFID system used in this work is capable of reporting low-level
channel parameters such as Received Signal Strength Indicator (RSSI), RF Phase, and Doppler shift
as well as the unique identification number of each tag. The RFID reader interrogates tags within
its range according to the ISO-18000-6C specification, based on the Slotted Aloha protocol, and
has a maximum theoretical read rate of 1,200 tags/sec. Given proper reader settings, it has been
observed that an individual tag can be read at 90 reads/second and a population of 10 tags can be
read at 330 reads/sec with individuals reading at 30 reads/sec. A large population will begin to
saturate the system. For instance, we observed that 60 tags had a total read rate of 616 reads/sec and
thus the individual rate dropped to around 10 reads/sec. To overcome this limitation it is possible
to programmatically mask sub-populations of tags to increase read rate. This technique was not
needed for this work and as a rule of thumb the typical per tag read rate was between 15-40 reads
per second for all experiments.

In RFID systems, RSSI is a measurement of the signal power received at the reader and is
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Figure 3.3: Lab environment used for initial IDSense testing. The RFID reader antenna is placed on

top of a ceiling panel (highlighted in pink) pointing downwards.

predominantly affected by large changes in the distance between the tag and the reader. RF phase is
a measure of the phase angle between the RF carrier transmitted by the reader and the return signal
from the tag. Phase is dominated by small changes in distance and/or in carrier frequency and repeats
every wavelength. Finally Doppler is the frequency shift between the transmitted and reflected
signals caused by quickly moving objects. Each time a tag is read, the RFID reader measures these
physical layer channel parameters and reports them along with the tag ID and the transmit frequency
to the real-time host application. To retrieve the low-level data streams, a reader communication

software was implemented in C# using Octane SDK provided by Impinj.

A plot showing 60 seconds of raw RSSI and Phase data for a single tag is depicted in Figure 3.4,
panel A. During the first 20 seconds the tag is still, next the tag is moved for 20 second, and for the
remaining 20 seconds it is still. This sequence of events can be inferred from the RSSI data but the
phase data does not show a discernable trend. This is due to FCC regulations which require RFID
readers in the 915MHz ISM band to pseudo-randomly change their transmit frequency in order to
minimize interference with other devices. The result is that the RFID reader must frequency hop
across 50 channels from 902MHz to 928MHz (in the USA) at an interval of approximately 0.2

seconds. This causes significant discontinuities in the RF phase reported by the reader as a function
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of time (see Figure 3.4a), which makes detecting tag movement particularly difficult. However, the
RFID reader also reports which channel (aka frequency) was used when a tag is read. Thus, re-
mapping the window of the RF phase data from time into transmitted frequency (as shown in Figure
3.4c) reveals well-defined structures that can be used to build classification features. One of the key
insights is that these low-level channel parameters represent a snap shot of the RF environment that
is unique to each tag. Each tags RF environment is comprised of, the far-fields signal path from the
reader to the tag (including all multipath elements), as well as the objects within the near-field region
of the tag, which has an effective radius around the tag of a half wavelength ( 16cm). Thus, any
changes in distance and/or tag orientation will result in altering the signal paths and will be reported
as change in RSSI and/or RF phase. By watching the change in these parameters over time, the state
of an individually tagged object can be inferred. Furthermore, changes in the near-field region of the
tag (such as hand touch) will alter its resonant frequency and/or the impedance match between the
RFID IC and the antenna. Both of these effects will be reported as changes in RSSI and RF phase

as reported by the reader.

3.2.2  Feature Selection and Mchine Learning

Through experimentation, it was determined that 2 seconds is approximately the upper bound
needed for the participants to complete translation, rotation, swipe touch, and cover touch inter-
action in a natural fashion. Thus a 2-second sliding window (which is advanced each second) was
employed to segment the RSSI and RF phase data stream to generate features as inputs for the ob-
ject interaction classifier. A longer window could be used to identify longer object interaction but it
would also increase the latency of the real time system. Figure 3.5 shows examples of the raw RSSI
and RF Phase signals for the same object undergoing four different types of interactions. Figure
Sa shows a still tag (i.e., no human interaction) with the RSSI vs time plot on the top and the RF
phase vs. transmit frequency plot on the bottom. The RSSI vs time plot is relatively stable for a
two second time window and the RF phase vs. frequency plot shows phase decreasing at a constant
slope. Translation (Figure 3.2b) and rotation (Figure 3.2¢) has a major influence on phase variation
while swipe touch (Figure 3.2d) has a major influence on RSSI variation. To minimize the influence

of RF signal multipath effect, the features are based on differentials rather than absolute values of
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Figure 3.4: IDSense: raw RSSI and Phase data for a single RFID tag undergoing an interaction event

(panel a). Due to pseudo-random frequency hopping a two second windows of phase data (panel b)

must be sorted by channel (i.e. frequency) to reveal the tag expected phase behavior (panel c).
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Figure 3.5: IDSense: tag RSSI vs time and phase vs frequency for Still, Translation, Rotation, and

Swipe Touch over a 2 second window

RSSI and RF Phase. Eight features have been implemented from RSSI, RF Phase, and read rate.

RSSI Features

Generally speaking, changes in RSSI are predominantly caused by changes in the distance between
the reader and the tag as well as the orientation of the tag antenna. However, it is well known that
multipath effects can cause unpredictable variations in signal strength between a transmitter and
receiver. In real world settings multipath increases the spatial variation in RSSI and thus provides a
greater likelihood of detecting motion events. To identify these changes the following features have

been selected.

 Standard Deviation of RSSI signal

* Mean of RSSI Standard Deviation within each frequency

e Mean of RSSI difference

RF Phase Features

RF phase is sensitive to smaller changes in distance between the tag and reader and is particularly

useful for detecting translation. Additionally in Figure 3.4, the frequency hopping effect demon-
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strates RF Phase dependency on channel frequency, which results in the phase related features being
divided into two subgroups: the Constant Frequency Phase Rate (CFPR) and the Variable Frequency
Phase Rate (VFPR). Since the RFID reader performs many tag reads on a single frequency before
hopping to the next channel, changes in the phase are a good indicator of an interaction event. Here

the Constant Frequency Phase Rate is defined as

CFPR = Phaseli + 1] — Phaseli] 3.1

Where Phaseli+ 1] and Phase[i] are neighboring RF phase measurements at the same frequency
(for a given time window). I employ the following three features to represent variations of Constant

Frequency Phase Rate caused by human tag interaction.

¢ Median of the CFPR

¢ Sum of the absolute CFPR

¢ Standard Deviation of the CFPR

When the RFID reader does frequency hop from one channel to another, the change in frequency
adds an additional dimension of information to infer human tag interaction. Equation (2) shows that
the distance between the reader and tag is proportional to the partial derivative of the phase with
respect to the derivative of frequency, as described in [108]

c 00

d=-1-5 (3.2)

Therefore the Variable Frequency Phase Rate is defined in equation (3) as the incremental change
in phase divided by the incremental change in frequency
Phaseli + 1] — Phase|[1]

VFPR = - - (3.3)
Frequencyli + 1] — Frequency[i]

Finally, since VFPR is proportional to the distance of the tag to the reader, the standard deviation

is used to determine tag motion.

¢ Standard Deviation of VFPR
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Read Rate per Tag

A cover touch event on a tag will dramatically weaken the received signal strength, which results in
decreased read rate. Read rate of an uncovered tag ranges from 15 to 40 per second, while a covered

tag (half covered or fully covered) usually has a read rate less than 10 reads per second.

* Read Rate: Number of packets received from each RFID tag per second.

Doppler Features

Doppler shift is used in a number of radio sensing scenarios to infer the relative motion of two radio
systems. several features were developed using the Doppler information reported by the reader;
unfortunately due to the relatively low speeds of human motion and the large amount of noise in
the signal, these features did not prove to be expressive enough when compared to the other eight
features. It should be noted that RFID based Doppler shift features would be useful in fast moving

scenarios such as outdoor sporting activities and automotive settings.

3.2.3  Motion and Touch Event Classifier

In a pilot study conducted in the lab setting depicted in Figure 3.3, I determined that the system
is able to detect horizontal translation greater than 20 centimeters in distance, vertical translation
greater than 10 centimeters, and rotation of more than 45 degrees; all in a 2 second window. One
limitation of the system is that when objects are moved very slowly, there may not be a significant
RF signal change (in the two second sliding window) to be classified as an interaction event. At the
other extreme, it could be possible to start and complete an object moment so quickly that the data
would only appear as a brief impulse, thus making classification difficult. This edge condition was
difficult to produce and was not observed in practice. Note that we later take this motion sensing
capability one step further to track one dimensional traces of moving tags. Please refer to Chapter 4
Section 4.2 for more details.

In a pilot study, 600 instances of interaction events were recorded with one participant interacting
with one tagged toy doing 5 types of interactions: still, translation, rotation, swipe touch and cover
touch. For translation, the toy is moved by 20 centimeters and in the rotation class, the toy is rotated

by 90 degrees. Interactions are conducted on a table top with the RFID reader antenna mounted on
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the ceiling facing downwards at a distance of approximately 3 meters. A real-time classifier using
Support Vector Machine (SVM) with Radial Basis Function (RBF) kernel [21] was implemented in
Matlab, which received streaming RFID read events from a Java application over TCP/IP.

A 5-class classifier is trained based on the 600 annotated instances and tuned parameters in the
RBF kernel by 10 fold cross validation. This approach was able to achieve an 86.0% accuracy
(table 3.1). However, the major classification confusion occurred between the translation class and
the rotation class, which could only be distinguished with a 74.7% accuracy. It is believed that
using multiple tags on a single object could improve these results in the future. Since the goal of
this work is to robustly identify human object interactions, rotation and translation classes were
combined into one motion class. The final classifier detects human tag interaction including still,
motion, swipe touch and cover touch. The 10-fold cross validation results in a 4-class classifier,
which shows an improved accuracy of 95.7%. It should be noted that the classifier is invariant to
which object was used to train the classifier. Thus annotated data from all objects are being used to
train a uniformed model. In later sections I demonstrate that this classifier can be used by different
participants, without the need for retraining. This make sense, since the system is detecting that an
object is being interacted with, not a gesture or action that is unique to an individual.

The real-time classifier reports results once per second for each tag, which is accomplished by
sliding the two-second window over the data stream in one-second intervals. The following sections

investigate several applications using the IDSense system and are implemented using the real time

classifier.
Classified as | Still Trans Rotate Swipe Cover
Still 97.5% 1.7% 0% 0.8% 0%
Trans 0.8% 68.3% 28.3% 2.5% 0%
Rotate 0.8% 20.0% 74.2% 4.2% 0.8%
Swipe 0% 3.3% 3.3% 93.3% 0%
Cover 0% 0.8% 0.8% 1.7% 96.7%

Table 3.1: IDSense:

10 fold cross validation result for 5-class classifier
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3.3 IDSense Application and Evaluation

IDSense sacrifice the rich sensing data of an objects state, for a low cost method of instrument-
ing that object with an passive RFID tag. The previous section demonstrated that the system is
fundamentally capable of identifying basic human object interaction in a normal office/lab environ-
ment. To gain a better understanding of the capabilities of the system it is useful to focus on a few
application spaces.

The following sections explore three application scenarios and provide a deeper analysis of
system performance. It should also be noted that human subject approval was obtained for all
studies in this work and the RFID equipment used is commercially available and meets the FCC

regulations for health and safety as well as radio interference.

3.3.1 Interactive Storytelling with Physical Toys

An interactive story telling application is shown in Figure 3.6 where a stuffed toy lion is enhanced
with a low cost RFID collar that communicates with a higher cost game console (RFID reader)
connected to a computer or TV. When a child plays with the real toy, interaction events are recorded
by the IDSense system which triggers actions by a virtual character on a computer screen. For
instance a swipe touch near the collar is interpreted as petting the lion, while a cover touch triggers
the character to take a nap. Likewise shaking the lion causes the digital character to dance. Any of
these actions can advance the plot line of the story and be used to trigger visual and audio feedback.
Since RFID tags inherently provides unique identification information, multiple toys can be used
simultaneously to create complex and dynamic stories. Additionally, each toy can be personalized
based on previous story lines or users preferences using a database or the writeable memory in the
RFID tag. Ultimately IDSense offers unobtrusive way to bridge interactive digital media with real

world toys and objects.

Study Design Overview

In this study I evaluate the performance of the system at classifying events necessary to support the
interactive storytelling scenario. These events include the toy being: still, in motion, swipe touched,

and cover touched. In this case the motion class includes both toy translation (Figure 3.2a) and
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Figure 3.6: IDSense: an example of interactive storytelling where interaction with a physical toy

lion, such as petting, holding, and shaking triggers digital character actions and plot events.

rotation (Figure 3.2b).

Five tagged toys were placed on a table measuring 140cm x 70cm as shown in Figure 3.7, which
is in the same location as shown in Figure 3.3. The table was divided into 6 sections marked with
number 1-6. For move events, the toys were moved from one section to another, distance between
neighboring sections was approximately 20 to 35 centimeters, and non-neighboring sections ap-

proximately 40 to 80 centimeters.

Study Procedures

11 participants were recruited including 7 males and 4 females, with a mean age 25.7 years. Each
participant finished the study independently, spanning a period of over two weeks. During the study,
each participant was asked to follow visual instructions on a monitor to perform 10 instances of each
of the following interactions on 2 randomly selected toys. Instructions were given once every 5 sec-
onds. The instruction script is used as ground truth and users mistakes are manually annotated. I
also monitor interaction records on the 3 unselected toys to test false alarms triggered by interaction

with nearby objects.
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Figure 3.7: IDSense: study setting for toy interaction

1. Translation: Translate 2 toys simultaneously between 6 sections for 10 instances (Figure 3.2a,
Figure 3.7). 5 translations to neighboring sections and 5 translations to non-neighboring sections.
Note that 2 toys were following different paths during translations.

2. Rotation: Rotate 2 toys simultaneously by approximately 90 degrees for 10 instances (Figure
3.2b)

3. Swipe touch: Perform 10 swipe touches on 2 toys simultaneously. (Figure 3.2c)

4. Cover touch: Perform 10 cover touches on 2 toys simultaneously. (Figure 3.2d)

Training & Testing

A 4-class interaction classifiers was trained based on annotated data from one participant and tested
the classifier for all other 10 participants. Classification results are reported in real time (and
recorded for post processing), but were not made visible to the participants during testing. The

script with annotated mistakes was then compared to data collected by the RFID reader.

Evaluation Results

The system achieved an average of 93.7% (SD=2.1%) classification accuracy for 5 toys on 1600
instances across 4 classes collected from 10 participants, and a 2.8% (2400 instances) false alarm

rate on the 3 still reference toys. Table 3.2 shows detailed classification results. These results show
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that the system is capable of classifying multiple tagged objects even when simultaneous interaction
events occur. During natural interactions with toys, participants would have to reach over still toys
in order to pick up adjacent objects when prompted. This could cause a change in the RF signature
of the still toy since the arm of the participant would partially blocked some of the RF signals from
the reader, potentially causing a false positive. However, the training session included this type of

interference and the results show that it did not cause a significant false positive rate.

Classified as | Still Motion Swipe Cover
Still 94.5% 2.5% 3.0% 0%
Motion 2.3% 92.3% 5.5% 0%
Swipe 1.0% 5.5% 93.5% 0%
Cover 0% 3.0% 2.5% 94.5%

Table 3.2: IDSense: classification results for user toy interaction events. Five toys where interacted

with in total and at any one time two toys where being interacted with

I also evaluated the system in the same setting with only one tagged toy to get an upper bounds
on performance. This accuracy is only slightly higher than then the 5 tag scenario with an accuracy

of 95.3% (SD=4.0%).

3.4 An Activity Recognition Study in a Home Environment

To validate the effectiveness for the activity recognition approach, we conducted a naturalistic study
across 4 different spaces in a living environment: a living room (Figure 3.8a), a kitchen (Figure
3.8b), a dining room (Figure 3.8c), and a bathroom (Figure 3.8d). We instrumented 110 commonly
used objects with RFID stickers. RFID reader with a single antenna is placed in each of these
environments, the positions of the antennas are highlighted with the red boxes in Figure 3.8. 10
participants were recruited, who are undergraduate and graduate students (7 males, 3 females), aged
from 21 to 28 to participate in the study. The study happened in 7 different days during a period of
1 month. On each day, there are either 1 participant individually or 2 participants working together

to finish all or a subset of the 24 activities outlined in Table 3.3.
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1. Blend smoothie, 2. Make cereal, 3. Make a sandwich, 4. Cook rice, 5. Garlic shrimp, 6. Fried egg
Preparing meals ~ with tomato, 7. Roasted chicken and potato, 8. Sweet and sour ribs, 9. Spinach almond salad; 10. Pan
seared salmon; 11. Caesar salad; 12. Potato salad; 13. Pork chops; 14. Make tea.
Eating 15. Eat dinner
Mobility  16. Climb stairs
Medication 17. Take vitamin pills
Housework 18. Mop floor
Entertainment  19. Watch TV; 20. Read a book
Personal hygiene  21. Wash hands; 22. Brush teeth; 23. Wash face; 24. Dry hair

Table 3.3: IDSense: activities conducted in the user evaluation study

Figure 3.8: In home study environments and example activities (a) kitchen: making smoothie; (b)

bathroom: comb hair; (c) dining room: take medicine; (d) living room: read book

3.4.1 Data Collection and Processing

26 hours of RFID data in total was collected as participants went through 24 different activities in
these environments. These 24 different activities belong to a few categories of ADLs and instru-
mental ADLs, referring to people’s daily self-care activities proposed by Sidney Katz [72]. These
activities cover categories including preparing meals, eating, taking medication, housework, read-
ing, personal hygiene, mobility, and entertainment. Table 3.3 provides more details on these ac-
tivities. Examples activities are shown in Figure 3.8. A ceiling-mounted camera is deployed to
collect ground truth information about object usage and activities. We created a video analysis tool
to manually annotated object usage and activities happened in the study. The data was annotated
using 1-second sliding windows. 2 annotators were employed to label these videos independently
and the sections in which their labeling are consistent was utilized as ground truth (97%) and the

inconsistent sections are ignored (3%).
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3.4.2 Sensing Object Usage

The way we utilize daily objects varies with the nature of the object. To improve performance in
object usage sensing, daily objects are grouped into 2 categories and apply different tagging and
usage detection strategies. The 2 categories include objects that are mobile while being used and
objects that are static while being used. For example, floor mop (Figure 3.9a) are under motion

when performing cleaning tasks, while sitting bench (Figure 3.9b) are static when seated.

Tagging strategy

Objects that are mobile under usage are instrumented with a single tag (Figure 3.9a). Most of the
objects used in the evaluation study come from this category. For objects that are static under usage
(Figure 3.9b), a tag is attached every 30 cm on the object; a single tag is applied to objects that are

smaller than 30 cm.

Tag states and object usage correlation

Object usage was detected leveraging its correlation with object states. In Figure 3.10 I visualize
the time series usage data and the object states of a floor mop (Figure 3.10a) and a sitting bench
(Figure 3.10b) for 100 seconds. These data are collected in real-world living environments. For
each object, the data is segmented into 2 sections. In the first 50 seconds, the object is not in use
while in the next 50 seconds it is being used. For mobile objects, the motion is a direct indication
of object usage. However, other states are also detected including blocked, still and a few interfered
examples. This is a typical situation for mobile object since the pauses in between motions will
generate still states while interference and blocking from the human body will generate interfered
and blocked states. The distinctive signature for usage is the increased variations in object states
when compared to sections where the object is still. I apply a moving buffer with length x seconds
to capture this variation and determine usage when the SD of object states (0 to 3) in the buffer
breaks threshold p. The buffer size and the threshold will be optimized using training data. For tags
that are attached to static objects, such as the ones on the bench, usage can be determined by the

absence of tags when users are seated.



40

Figure 3.9: IDSense: Example objects for each of the two categories: a. mop, a mobile object, b.

bench, a static object

a Floor mop usage: NO Floor mop usage: YES
Moving 3 T T T T v T -

Interfered 2 -

Still 1
Blocked 0 . . : ! Ldl | 4 -
0 10 20 30 40 50 60 70 80 90 100
time (sec)
b Bench usage: NO Bench usage: YES
Moving 3 T T T "
Interfered 2 —h h n 8
Still 1 l 1
Blocked 0 ‘ : : : - - . .
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Figure 3.10: IDSense: correlation between tag states and object usage: a. mobile objects, b. static

objects
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Evaluation

To evaluate the object usage sensing approach, The RF channel parameters of each tag are processed
into object states using the object state classifier trained in the controlled object state study. There
are in total 7 days of data. Annotated object usage data were collected during one day for optimizing
parameters in the object usage classifier by maximizing object detection F1 score. We then evaluate
this object usage model (tag absence for static objects and x = 21s, p = 0.94 for motive objects)
on other 6 days of annotated object usage data. the system achieved object usage detection with a
precision of 92.4% and a recall of 90.9% for all objects involved in the study. It is worth noting that
the false positive is low (0.03%). During the study, each object will generate on average about 1

false positive every hour.

3.4.3 Activity Recognition Approach

Previous literature has demonstrated how to recognize daily activities from object usage [117, 17].
In this work, I employ one commonly used methods: hidden markov models (HMM). Note that
the contribution here is not meant to be of machine learning, but it serves as an important piece to

demonstrate the feasibility of the RFID based object usage data towards activity recognition.

HMM Emission & Transition Probabilities

The HMM classifier considers the activity sequence to be the hidden states and the object used to
be the emission states. There are three variables that need to be optimized from the training data,
the initial probability of all activities, the transition probabilities between different activities and
the emission probability from the activates to the objects. These concepts are explained using the

following example. Consider a list of two activities, each with a set of utilized objects

* Blend smoothies: Orange, Apple, Cutting Board, Ice, Blender, Milk, Water Cup

* Make a sandwich: Cutting Board, Plate, Bread, Cheese, Ham, Plate

Here, the activities are hidden states, and their corresponding objects are the observations. The

emission probabilities for activity “blending smoothies” refers to the conditional probability of each
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object given the activity. (E.g. the probability of using “orange” given activity “blending smooth-
ies”). The transition probability control how the activity is chosen given the state of the previous
activity. For example, what is the chance that a user is making a sandwich given that he was pre-
viously blending smoothies? The initial probability is the prior likelihood distribution of the two
activities. These parameters are learned using training data in the evaluation section. The system
infer the most likely sequence of activities by maximizing the joint probability of the activity se-
quence and the observations of objects. The most likely sequence of activates for any given sequence
of objects can be effectively determined using the Viterbi algorithm [38]. For more details on the

HMM-based activity recognition, please refer to the evaluation section.

3.4.4 Activity Recognition evaluation

In this section, I leverage the object usage data to classify 24 different activities outlined in table 3.3
. Given that there is a dedicated antenna installed in each room, we can refer to the corresponding
antenna number to narrow down the search space for activity recognition. In particular, activity #1
to #13 is conducted in the kitchen, activity #14 to #17 is conducted in the dining room, activity #18
to #20 is conducted in the living room and finally activity #21 to #24 is conducted in the bathroom.
Next, time series data of object usage are segmented into “episodes”. For example, if the object is
continuously used, for 30 seconds, that will be considered a single episode of object usage. Each
episode will be considered one emission state from an activity (a hidden state) in the HMM model
which are ordered by their starting time. The activity recognition results will be compared with
manually labelled ground truth for evaluation. For example, given a continuous usage of a “floor
mop” from 0 to 30 seconds, the HMM inferred the most likely activity for this 30-second episode
is “cleaning the floor”. However, ground truth labeled 20 to 30 seconds as “watching TV”. So that
period will be considered as false positives for “cleaning floor” and false negatives for “watching
TV”. To evaluate the HMM for activity recognition, I apply leave-one-out cross validation. The
HMM is trained on data from 6 days and then evaluated on the data collected on a remaining day.
In Figure 3.11, I compare the activity recognition accuracy using manually annotated object usage
with usage generated by RFID tags. Given that different activities have different time duration. I

normalize activity recognition results by time and evaluate the average F1 score accuracy across all
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Figure 3.11: IDSense: average activity recognition F1 score for 24 different daily activities

24 daily activities. A random guess in this case would yield an F1 score of 4.2%, and the system
was able to achieve an average F1 score of 82.8% recognizing 24 different daily activities.

Figure 3.4 shows the classification accuracy for each of the 24 activities described in Figure 3.3.
In general, the accuracy for recognizing sub-activities in the food preparation category (#1 to #14)
is low when compared to all other activities since they take place in the same environment and share
a number objects, making it a challenge to differentiate between these activities. Activities that
take place in other environments have a comparatively distinctive set of objects, making it easier to
accurately recognize and classify these activities. In addition, given activities across different rooms
does not involve any shared objects, the system did not generate any false positives and negatives

among activities conducted in different locations.

3.5 A Preliminary Study in a Retail Environment

To better understand the effectiveness and limitations of the approach, I conducted an evaluation
study in a retail gift store. Items are placed on multiple layers of shelves in the store (Figure 3.12).
In the prior studies, the maximum number of tags visible to a single reader is around 100. Given the
opportunity of the high density of products in the store, I evaluated the system performances when

a single reader is exposed to approximately 100, 200 and 300 items and see how well the algorithm
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Blend smoothies
Make cereal

Make a sandwich
Cook rice

Garlic shrimp

Fried egg with tomato
Roasted chicken and potato
Sweet and sour ribs
Spinach almond salad
Pan seared salmon
Caesar salad

Potato salad

Pork chops

Make tea

Eat dinner

Climb stairs

Take vitamin pills
Mop floor

Watch TV

Read book

Wash hands 21

Brush teeth 22

Wash face

Dry hair 24
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Table 3.4: IDSense: activity classification confusion matrix by class

could capture user pick up events in these scenarios.

In a staged study, I evaluated three different sections of the store including a clothing section,
a gift box section as well as a section with hand-held bags. In three separate session of studies, I
controlled the number of tags visible to each reader at approximately 100, 200, and 300. The study
covered 63 shelves from these sections and we conducted 20 pick up events on each shelf. The false
positive rate of pick-up events was evaluated during an hour-long study when the store is empty, and
no interaction events occurred. The results for detecting these pickup events are as follow. Under
the 100 tag scenario, the system achieved an average recall rate of 81% with a false positive rate of
0.005%. Under the 200 tag scenario, the method achieved an average recall rate of 65% with a false
positive rate of 0.003%. Under the 300 tag scenario, the system achieved an average recall rate of
38%, with a false positive of 0.002%. We can see here that the recall rate of sensing pick up events
is impacted by the number of items visible to the reader.

The decreased recall rate is primarily affected by the insufficient read rate for each tag. The
Gen-2 UHF reader has a maximum read rate of 1000+ per second. However, in reality, maximum
read rate was observed at between 700-800 reads per second. The increase in overall tag volume will
dramatically impact the read rate for each tag, creating gaps in reads and making it more challenging

to capture these pick-up events. Even though features across different channels were utilized to
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Figure 3.12: IDSense: a section with multiple shelves in the gift store for evaluation purposes

mitigate the effect caused by channel frequency hopping, having a read rate of lower than 5 per
second means each RF channel will only capture a subset of the tag visible to the reader, making
it challenging to understand the motion state of tags. Prior research has demonstrated methods
to improve the overall read rate through modification of the communication protocol to minimize
collisions between tags. If these methods could be incorporated into the reader firmware upgrade or
the design of the next generation of RFID, it would help the case of interaction sensing, especially

under the scenario where items are densely populated.

I also investigated the effect of signal coverage across different layers of the shelf. Take the
clothing section as an example, In Figure 3.13 items placed at four different locations (A, B, C, and
D) were evaluated. There are in total about 100 tags exposed to the RFID reader. The picture wasn’t
able to capture the antenna but it is placed on top of location B as illustrated in the figure with a
30dBm power setting, making it very easy for detecting items placed at that location. Location B
has a pick-up recall rate of 94%. However, for location A which is towards the edge of the antenna
beam angle and location C, D which are covered by many layers of clothing, it is still challenging
for the reader to query tags with the same speed as location B. As a result, the recall rate is reduced
to 85%, 69% and 78% accordingly. The RFID industry is improving the sensitivity of reader by

approximately 1dBm per year, which will help with interaction sensing challenges related to signal
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Figure 3.13: IDSense: a clothing section with variable sensing locations A, B, C and D.

coverage.

Several principles will help with the case of increasing signal coverage for interaction sensing
proposes. One should try to reduce materials with a high dielectric constant in the line-of-sight path
as well as in proximity to the tags. In addition, it will also be beneficial to reduce the overlapping
between tags. For example, in the case of figure 3.13, if the antenna is placed right on top of the
shelf, there will likely be many layers of overlapped items. If the antenna can be moved outwards
and then tilted towards the shelf surface, that would improve signal coverage at the bottom of the
shelf. Finally, reducing tag density will also be helpful. When tags are in the near field range
(approximately 15cm for UHF tags) from each other, it will be challenging for the reader to pick up
these tags at long ranges.

It is also worth pointing out that the sensing accuracy for pick-up events is also impacted by the
reader’s management of power between antennas. When there is only one antenna attached to the
reader, the antenna is powered 100% of the time; however, the reader can support up to 4 different

antennas. When all antennas are plugged in, the reader can only power one antenna at any given
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time. And each antenna is working under 25% duty cycle. In the experimentation, I noticed that it
could take up to 0.7 seconds before the reader come back to the same antenna, which means any

interactions happened in between these gaps will not be tracked by the reader.

One interesting observation is that the trade-off between recall (sensitivity) and false positive can
be tuned by thresholding the confidence output of the machine learning classifier. Consider a 2 class
classifier with ’still” and ’pick-up’ as outputs. The default confidence threshold for classification is
0.5, which means that the classifier will output a result as *pick-up’ when its confidence level is more
than 0.5. Lowering this confidence threshold will increase the system’s sensitivity and improve the
recall rate on recognizing ’pick-up’ events, but will also generate more false positives. For location
C in Figure 3.13, the default SVM classifier has a recall rate of 69% with a false positive rate of
0.005%. This level of false positive will generate about four false pick-ups during a daytime. The
false positive needs to be kept low so that it does not overwhelm the real pick-up events. Now
consider a case where we bring in other sensing mechanisms, such as present sensing system using
IR sensors. The tolerance for false positive will be much higher since user presence is a prerequisite
for item interactions. The RFID system only need to pay attention to the period of time when the
IR sensing system is triggered by user presence. For example, the IR system determined that there
is only 10 percent of the time during a day when a user is standing in front of the location C. In this
case, a false positive rate of 0.5% on recognizing the "pick-up’ events will generate approximately
the same amount of false positives during a day time. Given this improved tolerance, the system
can achieve a much improved recall for detecting these ’pick-up’ events. Consider another scenario
where more information can be retrieved from other parallel sensing system. For example, if we can
introduce cameras with computer vision techniques to look at when these pick up events happened.
In this case, the RFID system only needs to recognize and disambiguate similar objects. As a result,
most items can be recognized by querying the velocity of all tags in proximity and pick the one with
the highest speed. This will help further eliminate the possibility of false positives and improve the

overall accuracy for detecting item interaction events.

Please see Chapter 7 for more discussions on improving reader performance, sensor fusion, and

scalability in real-world applications.
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3.6 Conclusion

This Chapter presents a robust method for enabling human object interaction by using minimalistic
instrumentation in the form of passive UHF RFID tags. I have shown that it is possible to infer
tag motion and touch events by measuring changes in the RF communication channel between the
tag and reader with 93% to 97% accuracy. I also evaluated the system performance in a natural-
istic study and achieved an F1 score of 82.8% recognizing 24 different daily activities. IDSense
achieved similar or better results when compared with previous work where multiple antennas and
extensive training data are required. I demonstrated an unobtrusive and scalable way for understand-
ing activities in living environments. The minimal instrumentation and low maintenance nature of
commercially available RFID systems lower the barrier for its adoption to real-world sensing appli-

cations.

One of the limitations of activity recognition is the requirement of excessive training data. In
this work, this problem mitigated by instrumenting RFID antennas at a room level thus reducing
the potential classes of activities in the HMM classifier. As a result, our system achieved promis-
ing recognition results given the relatively small set of activity data we collected in the study. In
addition, the training data and testing data are generated by different participants, demonstrate the
feasibility of applying the activity recognition approach towards new users without the requirement
of retraining. For evaluation purposes, we manually labeled video recordings to collect ground truth.
In real world applications, this will not be necessary since object usage events will be automatically
determined by the object usage classifier. The only annotation required would be the annotation of
daily activities for training supervised activity recognition mode. An alternative to video recording

would be self-reporting, which can be supported by smart phone applications.

One thing that could be improved in the study is the tagging strategy. A single tag is applied
to each of the mobile objects being utilized in the study. At times when the tag is being occluded
by the hand of the users, it is challenging to determine the state of the object. This situation can
be improved by having an additional tag at a different location of the object, which will reduce the
probability of occlusion. In addition, it can also help us detect fine-grain actions such as holding on
to the object which can be achieved by comparing the state of the 2 tags attached to the same object.

However, having more tags on objects will increase the user burden of putting tags on objects. This
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issue can be improved by embedding tags in objects during manufacturing.

In the future, I am interested in further explore reducing the training required for activity recog-
nition. Instead of using a list of predefined activates, I want to explore the possibilities to automati-
cally cluster activities into different categories leveraging the object state and human presence data
provided by our system. In addition, I am interested in studying how to detect and differentiate
multiple activities conducted by multiple users simultaneously. I consider these as important next
steps towards the goal of creating an intelligent system that provides ubiquitous and fine-granular
activity recognition as a service to support smart environment, personal wellness and assisted living

applications.
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Chapter 4

CREATING PASSIVE BATTERY-FREE WIRELESS INTERFACES ON PAPER

4.1 Introduction

In this chapter, I describe a technique named PaperID [83] that allow inexpensive, ultra-thin, battery-
free Radio Frequency Identication (RFID) tags to be turned into simple paper input devices. Signal
processing techniques was utilized to determine how a tag is being manipulated by the user via
an RFID reader and show how tags may be enhanced with a simple set of conductive traces that
can be printed on paper, stencil-traced, or even hand-drawn. These traces modify the behavior of
contiguous tags to serve as input devices. Our techniques provide the capability to use off-the-shelf
RFID tags to sense touch, cover, overlap of tags by conductive or dielectric (insulating) materials,
and tag movement trajectories. Paper prototypes can be made functional in seconds. Due to the
rapid deployability and low-cost of the tags used, PaperID can create a new class of interactive
paper devices that are drawn on demand for simple tasks. These capabilities allow new interactive

possibilities for pop-up books and other paper-craft objects.

4.2 Technical Overview

The process for creating an RFID-enhanced paper interface employs a familiar set of supplies and
techniques consisting of paper, RFID tags in the form of stickers, and pens with conductive ink,
along with extras such as glue, scissors, tape, and markers. Here, I provide a brief overview of the
necessary steps and techniques as an outline for the in-depth discussion in the following sections
where I focus on the fabrication, signal processing, and machine learning techniques related to
prototyping interactive interfaces using off-the-shelf tags as well as customized tags.

As shown in Figure 4.1, fabrication using tags with customized antennas typically begins with
placement of an RFID tag on the paper or by drawing the antenna itself and adding a loop IC sticker
to form a fully functional RFID tag. The ability to hand draw, ink-jet print, or use commercial

RFID tags provides a great deal of flexibility in visual design, RF performance, and the types of
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Figure 4.1: Example PaperID prototyping: a user creates an antenna with a stencil, affixes a loop

IC, builds a slider, and uses the slider to control light brightness in a dollhouse.

interactions. I discuss the fabrication of these antennas in the Custom Tag Fabrication section.

In order to harness the wireless sensing capabilities of commonplace RFID tags (Figure 4.2
panel d), PaperID monitor changes in the low-level channel parameters of the reader / tag commu-
nication to infer human / tag interaction events. In the Signal Detection section, I discuss in detail
the signal processing and machine learning techniques applied to low-channel parameters of this
commonplace tag to enable a wide variety of on-tag and free-air interaction sensing capabilities.

Once the mechanics of building and sensing interactions are established, a number of primitives
can be built in the form of paper knobs, sliders, pop-ups, etc. These building blocks are then
combined with on-tag and free-air RFID tag gestures to create a variety of interaction types that

can be used to build and prototype new interfaces and applications.

4.2.1 Background

In this work, a commercially available EPC Gen 2 UHF RFID system [32] that operates with a
carrier signal at a frequency from 902 MHz to 928 MHz is employed and is capable of powering
and reading hundreds of RFID tags simultaneously within a range of 6-10 meters. RFID readers vary
in shape, size and performance with prices from $200 to $1,500. Generally, any full-featured reader
that reports RSSI and RF phase can be used. We utilized commodity UHF Squiggle RFID tags and
UHF loop tags that are inexpensive (10 cents), disposable, and completely passive in conjunction

with user-customized tag antennas created with conductive ink.
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4.3 Custom Tag Fabrication

UHF RFID tags are readily available in a wide variety of shapes and sizes that typically take the
form of two-dimensional stickers or labels. While commercial tags offer the greatest possible per-
formance in terms of read range, they are not suitable for dense deployment due to near-field inter-
ference. In this chapter, I implemented overcome this limitation by presenting a half-antenna design
together with a sticker RFID IC as depicted in Figure 4.1(a,b,c). The design acts as an ungrounded
monopole antenna, which performs poorly at harvesting RF energy thus making the tag invisible to
the reader. When the antenna pad is touched, the human body (which is reasonably conductive at
these frequencies) acts as a ground plane, which improves received signal power allowing the tag
to harvest enough power for operation. The design of these ’silent’ touch buttons will dramatically
reduce interference between near-field tags. For rapid touch interface prototyping, I outline a few
antenna construction methods that can be used to fabricate this type of customized RFID tag.

One standard approach to designing custom antennas is to use an inkjet printer with conductive
ink [132, 178], which was used to print the half-antenna in figure 4.2(e). This provides the greatest
amount of control and repeatability. One challenge to this approach is bonding the RFID IC (which
is approximately 0.5mm x 0.5mm) to the printed antenna, which cannot be hand-soldered. This can
be overcome by re-purposing an ultra small form-factor, near-field UHF RFID tag [155] into what is
referred as a loop IC, as shown in Figure 4.2(d). Instead of having to mechanically and electrically
bond an IC to the antenna, I use the loop IC to inductively couple to the spine of the printed antenna,

thereby forming a fully functional custom RFID tag (i.e., antenna plus IC).

il

(b) Drawn  (b) Stencil  (e) Printed  (e) Loop IC (e) Sticker

Figure 4.2: PaperID tag antenna types
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An alternative approach is to use conductive ink pens to draw the antenna freehand (Figure
4.2(a)). While it is quite simple to draw a straight line design, other more compact antenna shapes
can also be drawn, as shown in Figure 4.2. While hand drawn antennas do not have the 10-meter read
range of their commercially available counterparts, with a little trial and error, it is quite easy to make
hand drawn RFID antennas with a functional range of 5-6 meters. In order to help users become
comfortable with drawing UHF antennas, a plastic antenna stencil can be used as a guide (Figure
4.2(b)). This also insures consistent performance from one tag to the next while still allowing
people to prototype their interface quickly. In practice, I noticed that the conductive ink should have

a resistance less than 10 ohms per inch in order to ensure an antenna with reliable performance.

4.4 Signal Detection

In addition to fabricating conductive ink antennas for loop ICs to enable responsive hand touching
detection, PaperID also utilize other commodity tags to support interactions, including on-paper or

in-air hand gesture detection as well as motion tracking of the paper interface.

In order to integrate rich hand interaction types that include touch, wave, swipe, cover and tag
movement into a single tag (Figure 4.5(a)-(e)), PaperID employ the channel parameters reported
by the RFID reader, such as Received Signal Strength Indicator (RSSI), RF Phase, and Read Rate,
which represent a unique signature of the RF environment of each individual tag. Each tag’s RF
environment is comprised of the far-field signal path from the reader to the tag (including all multi-
path elements), as well as the near-field region of the tag, which has an effective radius around the
tag of half of a wavelength (~16cm). Thus, any changes in either the far-field or near-field regions
of the tag, such as hand touch, wave, cover gestures, or tag movements, will result in altering the
signal paths and be reported as changes in RF channel parameters. By putting tags onto the paper
interface and observing and extracting the patterns of each tag’s channel parameters, PaperID can
establish a quantitative understanding of people’s interactions with the interface. In the following
subsections, I explain how PaperID make use of low-level channel parameters including RSSI, RF

Phase and read rate to enable tag motion tracking, as well as on-tag and free air gesture detection.
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4.4.1 Understanding Channel Parameters
RSSI

When an RFID tag receives power from a reader, part of the received power is reflected back to
the RFID reader. This reflection is called backscatter and RSSI is a power measurement of the
backscattered signal from each tag received by the reader. RSSI is predominantly determined by the

distance to the tag as well as the power level of the reader, as shown in equation 4.1.

G Ao

RS ST = 10log(P,) = 10log(———
0g(Py) = 10log( s

) + 10log(P;) “4.1)

where P, = backscatter signal power, P, = reader transmit power, G, = reader antenna gain, A =

carrier wavelength, o = tag radar cross section, and d = distance between the reader and tag.

Phase

The difference in phase between the signal transmitted by the reader and the backscattered signal
from the tag as seen by the reader provides additional insight into the state of the tag. RF phase is
dominated by the antenna-tag distance d as well as signal carrier frequency f = 1/4, and repeats ev-
ery wavelength. The constant shown in Equation 4.2 is introduced by the transmit circuits, receiver

circuits, and the tag’s reflection characteristic.

2d
6= 27r7m0a’(27r) + constant 4.2)

Read Rate

The RFID read rate is defined as the number of packets received from each tag per second. Read
rate can be influenced by dramatic changes in signal strength as a result of blocking or capacitive
coupling of the human body. To get a better understanding of these RF parameters, I attached a
tag to a sheet of paper and show 15 seconds of the raw RSSI and phase signal streams of the tag
in Figure 4.3. There was no interaction during the first 5 seconds, and for the next 5 seconds, the
tag is undergoing constant hand waving in the near-field region. For the last 5 seconds, the tag

is moving in a circular trace. The still state with no interaction can be distinguished from other
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Figure 4.3: PaperID RF channel parameter example: (a) raw RSSI and Phase data for a single
RFID tag remaining still or experiencing near-field hand waving and circular movement. (b) due to
pseudo-random frequency hopping, a 2-second window of RF phase is sorted by channel to reveal

characteristics of these events.

states by observing the RSSI and phase raw signal variations shown in Figure 4.3(a), noting larger

variations in RSSI as well as Phase signal.

We can notice the discontinuity in RSSI and phase samples in the first 5 seconds of Figure
4.3(a). When there is no interaction involving the tag, this is a result of the RFID reader constantly
changing its transmit signal frequency. FCC regulations require RFID readers in the 915 MHz ISM
band to pseudo-randomly change their transmit frequency in order to minimize interference with
other devices. To satisfy this requirement, RFID readers frequency hop across 50 channels from

902 MHz to 928 MHz (in the USA) at a time interval of approximately 0.2 seconds.

To better reveal the underlying characteristics of phase hidden by frequency hopping, I take a
1-second slice of phase from the still state and one from interaction state and re-plot against channel
frequency in Figure 4.3(b). For the first 5 seconds, phase is linearly correlated with the carrier signal
and wrapped into segments within [0, 2]. Hand waving around the tag as well as circular movement
of the tag resulted in dramatic phase variations within each channel, as depicted in the right panel

of Figure 4.3(b).
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Figure 4.4: PaperID Motion trace reconstruction: (a) Two segments of raw phase data; (b) appli-
cation of the trace recovering technique to reveal the moving trace relative to the RFID reader; (c)

applying a Fast Fourier transform to reveal the frequency of the movement.

4.4.2 Trace Recovering

Here, I demonstrate a technique for tracking the movement traces of tags using the phase signal. This
technique enables the “continuous tracking” of the tag’s velocity, motion magnitude, and relative
direction of motion towards and away from the reader. Figure 4.4.1 is a 2-second slice of seconds
12 to 14 shown in Figure 4.3. According to the phase definition in Equation 4.2, after unwrapping

the phase signals, the distance change d; and d> can be calculated with the following equation:

1A
dy—dy = 55(91 —6). 4.3)

I apply this equation to the phase signal in panel (a) and then apply signal smoothing between
timestamps where frequency hopping occurs. circular movement of the paper is recovered as rep-
resented in Figure 4.4.1(b). Note that according to Equation 4.2, distance d is the relative distance
between the tag and the reader. In this case, the movement represented in the recovered trace is a
1-dimensional component of the circular trace, which is close to a sine wave. More details of this

technique is discussed in Chapter 5 section 3



57

A Fast Fourier transform is applied to this trace signal to get the frequency component of the
trace in panel (c). This trace-tracking technique is later applied to paper-based toy applications.
Consider the “conductors wand” application where the frequency at which the wand is waved side-
to-side is mapped to the tempo of the music while the magnitude of motion is mapped to volume.
This technique provides a rich user interface, in contrast to the binary motion detection in IDSense

[84], which would only be able to turn the music on or off.

4.4.3 Multi-Gesture Classifier

Here, I discuss the technical details of a multi-gesture classifier that is later utilized to enable con-
trolling applications. PaperID support interactions including finger touch, cover, swipe and in-air
directional hand waving on a single tag.

In order to enable a variety of gesture input methods on paper interfaces, I apply machine learn-
ing to these lower RF channel parameters to describe the unique RF environment of each tag on

paper interfaces. For each segment, I calculate the following features.

Read Rate

» Read Rate: This feature is defined as the number of packets received from each RFID tag per
second. This feature is effective for characterizing interactions that dramatically change the
ambient RF environment, such as a cover gesture, or detuning events happening on the tag,

such as a touch gesture.

Phase Features

» Tag position change: The relative position change within each segment characterized by the
trace recovering technique. This feature is effective for describing motions related to a paper

interface.

 Standard deviation of phase within each channel: This feature is effective for describing pe-
riodic hand gestures in the near-field region of the tag, such as swiping or touching the tag

surface.
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* Standard error of the linear regression of phase versus channel frequencies: As demonstrated

in the left panel of Figure 4.3(b), when no interaction is happening on the paper interface, the
phase is linearly correlated with the channel. Here, I unwrap the phase samples and calculate
the error of the linear fit, which is useful for separating non-interaction states from other

interactions on the paper interface.

RSSI Features

* Average Standard Deviation of RSSI per channel: As demonstrated in Figure 4.3, RSSI vari-

ation will increase when there are interaction events happening with the paper interface. The
magnitude of the variation is dependent on the interaction type, so this feature is included

here to describe the variation in signal strength related to different interaction types.

Sum of RSSI difference per channel: This feature describes the directional changes of the
RSSI magnitude, which is useful for monitoring immediate change in reflected signal as a

result of near-field interference, such as hand touching.

RSSI Average Value: The RSSI value can vary according to the relative distance, antenna
orientation, and power level of the reader, so uncontrolled RSSI values cannot provide ef-
fective information about the interaction states of the paper interface to which it is attached;
however, the initial RSSI value is calibrated to approximately -25dBm. In this case, the RSSI
Average Value (within each segment) can indicate the interaction types that will change the

RSSI, including on-tag and free-air interactions.

Machine Learning

Here, I introduce the machine learning pipeline for the purpose of distinguishing multiple simultane-

ous gestures on RFID tags. More details on how I have applied this pipeline to gesture classification

applications will be discussed in later sections. First, RF channel parameters segmented by moving

windows. Through experimentation, a window size of 1 second that advances every half second

with 50% overlap was employed. This achieves a good balance between classification accuracy and

delay in real-time. A longer window may help to further boost classification accuracy, but it would

also increase the latency of the real-time system.
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Phase, RSSI and read rate features are utilized to implement a Support Vector Machine (SVM)
with the Radial Basis Function (RBF) kernel. Training data is collected offline. Training data for
each of the interaction classes at multiple locations was recorded and labelled for training to improve
the robustness of the classifier. Then, I optimize parameters of the RBF kernel by maximizing 10-
fold cross-validation results. This classifier makes real-time predictions based on the most recent

1-second RF parameters and refreshes prediction results every 0.5 seconds.

4.5 Interaction Methods and Primitives

Thus far, I have presented several methods for quickly building custom RFID antennas using con-
struction techniques consistent with prototyping on paper. By applying the signal processing tech-
niques described above, PaperID is able to turn the custom tags and commercial tags (that normally
only report their ID number) into battery-free, ultra-thin, wireless user input devices.

In this section, I describe several user interaction primitives that can easily be made with RFID
tags. The first set of primitives consists of a single RFID tag that can be implemented in several
ways. Next, I combine multiple RFID tags together to make complex interactive structures, such as
rotary dials and sliders. Finally, free air gestures and actions are presented wherein the user is either

interacting with a static paper object or is manipulating the paper object dynamically.

4.5.1 Single Tag Primitives

This is the simplest interface as it only requires the use of a single RFID tag. I describe ges-
tures including cover, two types of finger touch, swipe touch, and hand waving (represented in Fig-
ure 4.5(a)-(d)). By applying the SVM classifier onto the RF features discussed earlier, all of these

primitives can be integrated onto a single tag for real-time interaction detection and classification.

Waving

This technique is for detection of the free air hand waving gesture proximate to a paper interface. It
can be applied to a single tag or multiple tags on one paper interface.
With a single tag, PaperID can detect the binary wave / no wave as represented in Figure 4.5(a).

This is achieved by applying the SVM classifier to RF features. With the support of multiple tags
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Figure 4.5: PaperID supported User interactions: (a) Wave (b) Swipe (c) Finger Touch (d) Cover
Touch (e) Free air tag motion (f) Slider (g) Knob

on the paper interface, PaperID can also detect the direction of waving by monitoring the sequence

of variation in RF features of the two corresponding tags.

Button Touch

Button touch interactions can be accomplished in two different ways. First, a commonplace RFID
tag will be affected when a finger touches either end of its antenna. This type of touch will cause
a change in the RSSI and RF phase as reported by the reader, but will not block the signal such
that the tag can no longer be read as is the case with cover touch. Using SVM, it is easy to reliably
classify touch events when the tag is still. However, if this type of button is used to prototype a
remote control for a TV, it would be challenging to detect button pushes while the remote control is
in motion.

To overcome this limitation, a second type of touch button based on a “half antenna” has been
developed, as described in the Antenna Fabrication section. In this configuration, the tag operates
as a button or key press. Multiple tags can be set up on a single sheet of paper and multiple buttons
can be touched simultaneously. Because the actual operation of the tag is binary, it is very robust
to the motion of the prototyped device the tag is on. However, since the button is normally off /
momentarily on, the RFID reader will not know that the device is present until the button is pushed.

If desired, the designer can add a second normal tag to the prototype to indicate if the button is
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within view of the reader.

Cover Touch

One of the most basic RFID interaction methods is covering the RFID tag such that the signal from
the reader is completely blocked or such that the tag’s antenna becomes detuned to the point where
it cannot receive enough power for operation (Figure 4.5(d)). This can be done by covering the
tag with a person’s hand or body or with a conductor like copper tape. The most effective way to
detect these cover events is to measure the read rate of the tag and set a threshold for activation.
One drawback is that when the tag leaves the interrogation zone of the RFID reader, its read rate
will also appear to drop (i.e., go to zero) and will be registered as user input. To overcome this edge
condition, a time-dependent interaction can be employed, such as covering the tag for a window of

1-2 seconds and then uncovering it.

Swipe Touch

PaperID also supports swipe touch interaction, which is the interaction of swiping a fingertip across
the tag surface (Figure 4.5(b)). This gesture brings dramatic variation to both RSSI and phase

signals, which can be characterized using the RF features.

4.5.2 Multi-Tag Primitives

The ’silent’ nature of the customized touch button tag type makes them ideal for dense deployment.

Below, I introduce more complicated primitives using multiple customized touch button tags.

Slider

For the slider interface, the user slides his or her finger across a row of customized button tags as
depicted in figure 4.5(f)). Multiple tags with half antennas are placed on one static layer of paper;
the finger is placed near the edge of the tab. As the finger is moved across the static half antennas,
it can couple with each one to provide enough power to backscatter signals to the reader. Thus, the

reader can detect the position of the finger as a discrete touch state sensor. For example, each static
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tag can be paired with a different light bulb/LED, sound effect, or onscreen event that is activated

when the moving hand and static half antennas align.

Rotary

This interface relies upon a group of static tags with half antennas and a single moving half antenna
that triggers a unique response when moved to pair with each static tag. In the sample implementa-
tion, the static tags are placed on the front of a single sheet of paper in a spoke-like design. On top
of this, a single circle is attached that has a single half antenna placed on one radius. The circle can
spin freely, rotating the half antenna on the circle relative to the static tags (Figure 4.5(g)). When the
rotating antenna contacts a static tag, it provides enough power to backscatter signals to the reader
for detection and triggers a set response.

Note that in addition to using the hand as a ground plane to enable touch interaction, one can
also overlay a second antenna to complete the circuits as a dipole antenna, which can also trigger
the same effect as hand touching. In this case, the state of the slider and rotary will stay in place

even if the hand moves away.

4.5.3 Free Air Motion Primitives

PaperID also create tag-based interfaces that track motion signals over single and multiple tags.
Below, I describe a free air system with a single tag moving in space. This primitive can be applied
to a paper interface of a stand-alone RFID tag where PaperID provide functionality for fine-grain
trace tracking of the interface relative to the RFID reader as well as frequency tracking for periodic
movements. This primitive is supported by the trace tracking technique introduced in the Signal

Processing section.

4.5.4 LED User Feedback

Most of the RFID tags described thus far are geared to user input. However, it is possible to con-
struct an LED-enhanced RFID tag that harvests enough power for the RFID reader to flash an LED.
Although not as complex and full-featured as prior work [137], this tag does not need a “loop IC” to

communicate with the reader. Instead, the RFID reader can programmatically modulate its output
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power from high to low to turn the LED on or off. The LED tag can also be made into a half tag

such that the user completes the antenna and lights the LED when touched.

4.6 Applications

In this section, I present several applications that use combinations of the primitives described above

to build new interactive paper interfaces that come to life when read by an RFID reader.

4.6.1 Polling Device

One of the most widely used test-taking and grading methods involves the Scantron test form. In
this classic paper interface, users fill in bubbles with a number two pencil to denote answers to
multiple choice test questions. By using the RFID half tag concept, PaperID re-imagine test taking
as a real-time, interactive experience. In Figure 4.6.1, I demonstrate two methods to use RFID tags
to create polling/multiple choice devices. First, users can indicate a choice among multiple tags
by either covering a complete RFID tag (touch interaction) or by completing a half antenna with a
finger (button interaction). Second, users can complete one of multiple half antennas by coloring in
the end of the antenna with a conductive pen. In both cases, data can be collected and assessed in
near real time. This method allows nearly instantaneous processing of users’ opinions or knowledge
without requiring that each user has access to an individual wired or otherwise powered system,

resulting in lower cost.

4.6.2 Magic Wand/Conducting Baton

Besides augmenting a static 2D piece of paper with touch controls, the “free air” gestures described
above can be used to transform a piece of paper into a tangible gesture interface. In this example,
a commercially available RFID tag sticker is placed on a single sheet of paper that is then rolled up
into a cylinder to form a magic wand, as shown in Figure 4.6.1. As a user waves the wand back and
forth through the air, the RFID reader streams the RF channel parameters to the signal processing
pipeline (on a host PC) to extract wand motion in terms of frequency content and velocity. These two
metrics are then used to control the tempo and the volume of music played through the host PC. The

effect is that the user can control the tempo of the music by the rate at which they swing the wand
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Figure 4.6: PaperID example applications left: In this polling application, a student can pick a
response on a worksheet and receive live feedback. Right: The wand frequency is mapped to music

tempo and the velocity is mapped to gain.

back and forth. To increase the volume of the music, the user increases the size of the gesture (i.e.,
the velocity it takes to complete one repetitive swinging motion). Thus, large, repetitive gestures

make the music play louder and small, repetitive gestures make the music play softer.

4.6.3 Pinwheel

A corollary to the wand application is the pinwheel made of construction paper shown in Figure 4.7
left. For this application, A single RFID tag sticker is attached to a pinwheel. A user can blow on
the pinwheel and use the velocity of the tag to control the animation flow of blowing particles with

varying number and force, as shown in the supplementary video.

4.6.4 Pop-Up Books

Pop-up books offer a wide array of mechanical motions where pieces of paper are sliding across
each other, bending, folding, and lifting. Using the RFID interaction primitives described above,
these motions can inexpensively be instrumented to stream interaction events back to a computing
device via the RFID reader.

For this application (Figure 4.7 right), I create an interactive, pop-up book page with a barn.

First, An LED light circuit is created which turns on when the page is opened and the barn pops
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Figure 4.7: PaperID example applications (1) The speed of the spinning tag on the pinwheel is
mapped to onscreen graphics; (2) This pop-up book contains a knob interactor which selects audio

tracks and a shielded tag in the pop-up barn.

out. Next, a single tag is placed on an exterior wall of the barn that is blocked by a piece of copper
tape when the page is closed. Opening the page stops the copper from blocking the RF signals so
that the tag can be read, which in turn triggers the host PC to play the song *Old McDonald Had a
Farm’. Second, I present a rotary dial that allows the user to trigger various sounds. By aligning the
customized button tag on the dial with the half antenna on the paper underneath, the RFID reader
can determine the state of the rotary and prompt the sound that corresponds with that particular state.
In the pop-up book example, the rotatory dial is covered with images of barnyard animals. Thus,

when the child rotates the wheel to an image of a sheep, a ’baa’ sound is played.

4.6.5 Dollhouse

In the dollhouse example shown in Figure 4.8, both the button and the slider are used. When a user
presses the button, the house emits a doorbell sound. For the slider, there a set of stationary half tags
connected to LEDs in each room in the house. As a finger is dragged across the stationary tags, it

completes each tag antenna to adjust the brightness of the lights.

4.6.6 Interactive Light Control

cover, swipe, and wave interactors are combined into a single RFID tag to create a control system

for a desk lamp with a Phillips Hue light bulb that can be controlled remotely by Bluetooth® and
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Figure 4.8: PaperID example applications: paper interfaces can be used to create new sensors to

control the lighting and doorbell of this foam doll house.

offers a full-color spectrum at varying levels of brightness (Figure 4.9). I use the cover action to
turn the light on and off. The touch interaction changes the color of the light bulb across the light

spectrum, and the swipe and wave gestures control the brightness.

4.6.7 RFID Powered LED

Although RFID is primarily designed for communication, it also transmits RF power that is har-
vested by the RFID tag for operation. This mechanism of wireless power transfer can be hijacked
and used to wirelessly power LEDs. In the example application shown in Figure 4.10, an image of a
cartoon skull is augmented with two LED enabled RFID tags in the eyes, and one hand-drawn stub
antenna for a button tag in the mouth. When the user touches the button tag. the RFID reader is
commanded to increase its output power level and cause enough power to be harvested by the two

LEDs for them to turn on, creating the effect of shining eyes in the paper skull.

4.7 Evaluation

In this section, I evaluate the interaction methods and primitives used in the applications. One factor

influencing performance is the reflected signal strength. To control this factor, the antenna power is



67

Figure 4.9: PaperID example application: light controller using a single RFID sticker

automatically calibrated so that RSSI is at approximately -25dBm.

4.7.1 Gesture Sensing Evaluation

Interaction primitives including wave (Figure 4.5(a)), swipe (Figure 4.5(b)), touch (Figure 4.5(c))
and cover (Figure 4.5(d)) are integrated into a tag gesture-sensing application using features and
classification methods described in the Signal Detection Section. The training data was recorded
at 3 locations (2m, 4m, and 6m away from the reader). The classifier has 5 classes, including the
4 gestures and the still state when no interaction is performed. 30 instances from each class are
recorded, 10 at each of the 3 locations. Training is done offline by optimizing parameters in the
RBF kernel maximizing the 10-fold cross validation results of gesture classification. 5 participants
were recruited (4 male, 1 female) with a mean age of 24.4 years. Each participant was asked to
follow visual instructions on a monitor to perform 20 instances of each of the 5 gesture classes.
Each participant repeated the task 3 times at each of the 3 locations (2m, 4m, and 6m away from
the antenna). Visual gesture instructions were given once every 4 seconds, and pauses between
gestures were utilized to generate still instances. The instruction script was used as ground truth
and user mistakes were manually annotated. The classifier achieved an average of 94.1% accuracy
classifying gestures into 5 categories with a 2.4% STD across participants and 1.4% STD across

locations. This study result demonstrates the high performance of the system across all locations
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Figure 4.10: PaperID example applications #2: (1) The intensity and color of light can be altered
using wave and touch gestures; (2): LEDs are wirelessly powered using the same antenna for input

sensing, A single touch tag is used as the input to increase or decrease the reader’s power output.

with low variations, showcasing the promising potential for deploying the technique for real-world

user interfaces.

4.7.2 Customized Touch Button Evaluation

The effectiveness of the customized touch button design is evaluated in this study for touch vs
no-touch states using a read rate threshold of 5 reads/per second. 10 hand-drawn touch buttons are
arrayed in a row on a sheet of paper. Note that there are 3 ways to fabricate the button antenna: hand-
drawn, stencil-traced, and inject printing. The most challenging hand-drawn ones are evaluated to
establish a performance baseline. 5 participants were recruited (3 male, 2 female) with a mean age
of 26.0 years. Each participant was asked to follow visual instructions on a monitor to perform 10
touches on each of the 10 tags, one tag at a time. The study was repeated 3 times at 3 different
locations (2m, 4m, and 6m away from the reader). Instructions were given once every 2 seconds.
The instruction script was used as ground truth and user mistakes were manually annotated. Pauses
between touches were utilized to generate no-touch instances. This approach achieved an average

of 96.2% accuracy on detecting touch events, with a 1.1% STD across participants and a 0.4% STD
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across locations. Because the Knob and Slider primitives were designed based on customized touch
button elements, their performance will be similar to what’s shown in this evaluation.

It is worth noting that the number of squiggles in the antenna tag design will have an impact on
the feasible operating rage of the tags. When there are too many squiggles, the tags will automati-
cally turn on when being close (e.g. 2m away) form the reader, making it challenging to detect finger
touches. On the other hand, if there are too little squiggles, it will be hard to sense the touch event
when the tag is far away from the reader antenna. During the experimentation, having a squiggle
number of 5 as demonstrated in the figure 4.1 will have the best balance between long and short
ranges. Other factors such as conductivity of the ink, as well as the size of the top rectangle area
of the antenna design will also affect the tag performances at different locations. The investigation
of these factors are beyond the scope of this work, but would be interesting to explore through RF

stimulation and experimentation methods.

4.7.3  Velocity Metric Evaluation

The magic wand described in the Applications section is utilized to evaluate the Trace Recovering
technique. A tagged wand was moved between 2 points with a separation of 20 centimeters back
and forth at 1, 2, 4, 6 Hz per second from 2, 4, and 6 meters away from the antenna, each for
20 seconds. Velocity is calculated by accumulated displacement divided by time difference and
frequency is estimated by the most significant frequency component after the Fast Fourier Transform
is performed. These two metrics are calculated in real time using window length of 2 seconds and
updated every 1 second. Study results demonstrated that velocity sensing had an average standard

error of 6.4% and frequency sensing had an average standard error of 8.2%.

4.8 Conclusion

In this chapter, I demonstrated techniques to create simple, lightweight, recyclable paper interfaces
that rely on RFID technology. Using a single RFID reader antenna and inexpensive passive tags,
PaperID can create applications with numerous controllable features, including lights, sounds, soft-
ware control, and animations. Subtle changes in the low-level radio frequency signals that typically

retrieve tag identification information are leveraged to determine how each tag is manipulated by
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the user. Additionally, I introduce multiple techniques for creating RFID tag antennas in order to
customize tags for different contexts. This methodology expands the functionality of RFID tags to

quickly and easily create user interfaces on paper, a ubiquitous, lightweight medium.
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Chapter 5
SENSOR FUSION FOR NATURAL HUMAN ROBOTIC INTERACTIONS

5.1 Introduction

In this chapter, I present ID-Match [85], a hybrid computer vision and RFID system that recovers
the relative motion paths of an RFID tags worn by people and correlate that to physical motion paths
of individuals as measured with a 3D depth camera. This allow autonomous robots and computer
systems to quickly recognize and interact with individuals in a group setting has the potential to
enable a wide range of personalized experiences. Results show that the real-time system is capable
of simultaneously recognizing and correctly assigning IDs to individuals within 4 seconds with
96.6% accuracy and groups of ve people in 7 seconds with 95% accuracy. In order to test the
effectiveness of this approach in realistic scenarios, groups of ve participants play an interactive

quiz game with an autonomous robot, resulting in an ID assignment accuracy of 93.3%

5.2 System Overview

ID-Match is a real-time, hybrid computer vision and UHF RFID system that can simultaneously
track, and individually identify multiple people wearing RFID tags in multipath rich, real world
environments.

Figure 5.1 shows a typical implementation of the ID-Match system consisting of an Impinj
Speedway Revolution UHF RFID reader [65] with a single antenna [64], along with a Kinect v2
depth camera [98]. Users wear low cost (7-15 cent each) UHF RFID tags in the form of clip-on
name badges or lanyard. As people walk within view of the system the RFID tags are continuously
read and the Kinect tracks the position of the unknown skeletons in 3D space. Since passive UHF
RFID tags have a read range of up to 10 meters and a single reader can cover 50-150 square meters,
the challenge is to determine which ID belongs to which skeleton.

ID-Match accomplishes this using two independent correlation pipelines, which are combined

to provide a fast and accurate determination of the precise location and ID of individuals. The
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Figure 5.1: An illustration of a typical implementation of the ID-Match system consisting of a

Kinect depth camera and UHF RFID reader.

procedure is outlined below and is covered in greater detail in subsequent sections.

Reverse Synthetic Aperture Pipeline:

1. Use a reverse synthetic aperture technique to determine the relative radial path of each of the

RFID tags to the RFID reader’s antenna

2. Use the Kinect to track each person in 3D and determine his or her equivalent radial path in

the coordinate frame of the RFID reader antenna

3. Compare and rank each of the tags synthetic aperture paths to the visual motion paths and

place in a voting buffer

RF Motion SVM Pipeline:

1. Record the RSSI, phase, and channel number for each tag and extract seven RF motion fea-

tures

2. Track the location of each skeleton using the Kinect and extract three motion features

3. Use SVM machine learning to classify similar RF motion features to physical motion features

and place results in a voting buffer

Final Step:
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1. Combined the two independent voting buffers and determine the final tag ID to skeleton cor-

respondence

5.3 Reverse Synthetic Aperture
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Figure 5.2: ID-Match: overview of the signal processing algorithm used to associate RFID SAR

data to Kinect motion data

Synthetic Aperture Radar (SAR) techniques have been widely used to increase the imaging
resolution of radar systems [26] and the localization accuracy of both radio transponders [89, 176]
as well as UHF RFID tags [177, 101]. This is accomplished by moving the objective antenna
(i.e. reader antenna) along a known trajectory at a constant velocity, to synthesize a large array of
antennas. Localization accuracy is increased since the objective antenna can take multiple samples
of a stationary target from different angles.

In contrast, the goal of the ID-Match system is to locate and identify people wearing RFID
tags as they naturally walk and play in their environment. This breaks traditional SAR approaches
since both the objective antenna and the target object would be simultaneously moving at unknown
velocities. This would normally result in blurry radar images and large localization errors.

In this work the SAR paradigm is reversed as shown in Figure 5.2, panel A. Here the RFID
reader is placed in a fixed location and the motion of the RFID tag (when worn by a person moving)
creates a synthetic aperture. Since the exact trajectory of the people wearing tags is not known (i.e.
they are ’free roaming’) it is not possible to directly compute the exact location of the tags. Panel
A shows a motion path of a person wearing and RFID tag while being continuously measured by
the ID-Match system (top view). Panel B shows a two-second snapshot of the raw RFID phase data
as a function of time. In panel C, the phase data has been converted to the radial distance from

the antenna. In Panel D the phase discontinuities cause by frequency hopping are “stitched” back
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together. Finally, panel E shows the RFID SAR trajectory (blue circles) compared to the radial
motion of the person as measured by the Kinect (dashed red line)

One of the key attributes of UHF RFID systems is that the tags do not actively generate and
transmit radio waves. Instead the tags back-scatter (i.e. reflect) the RFID reader’s carrier wave
back to the reader in order to send data. This unique feature of the UHF RFID physical layer
means that in a single read event, the RFID reader can precisely measure the phase angle between
its transmitted signal and the reflected signal received from the tag. Figure 5.2, Panel B shows a
two-second snapshot of the raw phase measurement as a function of time, for a person wearing
an RFID tag walking towards the ID-Match system. The discontinuities in the reported phase are
partially due to 27 radian wrapping as can be seen at 4.2 seconds. An additional source of error is
due to an unknown phase offset introduced when the reader pseudo-randomly frequency hops from
one carrier to another as required by government regulations [34]. This manifests in panel B as a
grouping in the phase data. Where each group consists of a series of data points read consecutively
at the same frequency.

Using equation 5.1, it is straightforward to calculate the relative radial distance from the tag to
the reader, where ¢ is the phase angle reported by the RFID reader, f is the frequency of the RF

carrier, and c is the speed of light.

Distance(relative) = f—c}; O<¢p<2r (5.1)
vy

Figure 5.2, Panel C shows the phase data converted to distance. However, since the phase angle
between the transmitted and reflected signal will rotate 2 radians for every A wavelength, it is not
possible to calculate the absolute distance, but instead rather the relative distance. Given the inertia
of a person walking, and the high sampling rate of the reader, it is reasonable to assume that large
discontinuities in distance are not due to human behavior, but rather an artifact of the RFID reader
frequency hopping. Thus, given the channel number reported by the RFID reader it is possible to
“stitch” the disconnected groups back together. This is shown in Figure 5.2 panel D, where the slope
of the trailing points of one group are aligned with the slope of the leading points of the next group.

Working in conjunction with the RFID reader the ID-Match system uses a Kinect 3D depth

camera to track the location of people with in its frame of view. In this work people wear RFID
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tags on their torso, as either name tags or lanyards. By computing the distance of the person’s spine
(as measured by the Kinect) to the RFID reader antenna, it is possible to correlate the physical path
of the person, to the RFID tag’s SAR path. It should be noted that due to phase wrapping, there
is an equivalent distance wrapping, and the absolute distance of the tag to the reader cannot be
determined. Thus for a given time window both the Kinect distance data and RFID SAR distance
data are aligned at the beginning. The final result is shown in Figure 5.2, Panel E, which shows good
agreement between the Kinect (red dashed line) and RFID reader (blue circles).

When multiple people are walking in front of the ID-Match system it will result in multiple
RFID SAR paths and multiple Kinect motion paths. By taking the standard error between the sets
of paths it is possible to determine which path belongs to which person. Details on the ranking

algorithm are presented in the ID Association section.

5.4 Probabilistic Correlation

In addition to the synthetic aperture approach described above it is possible to use low-level channel
parameters along with machine learning techniques to determine the correlation between bodies in
the view of the Kinect and tags within the view of the RFID reader. The key idea is that each time
the RFID reader interrogates a tag, it reports channel parameters such as Received Signal Strength
Indicator (RSSI), RF Phase, and Doppler shift, along with the channel number, representing a unique
signature of the RF environment of that individual tag. By observing the changes in these channel
parameters over time, it is possible to correlate the motion signature of a tag, with the motion of the
person wearing it.

In Chapter 3 I discussed using RFID channel parameters including RSSI, RF Phase, and tag Read
Rate to classify a tag as either being still, moving, cover by a hand, or swipe touch. Building upon
this approach new features have been specifically designed for the task of correlating tag motion to

the motion of people as measured by a depth camera.

5.4.1 RFID Phase Features

Note that all features are calculated using RF channel parameters within each segments. The first

two RF phase features are based on the tags velocity using equation 5.2, which is calculated from
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consecutive tag reads on the same channel [108].

A6 -6)

Y= ax - 1) (5-2)

1. Radial Velocity: the average of v,.
2. Absolute Radial velocity: the average of the absolute v,.

3. Standard error of the simple linear regression of unwrapped phase versus channel frequencies.

stderror(linear fit(channel, unwrap(phase)))
4. Average of phase change divided by frequency change when carrier signal frequency hops.
f:ll ((phase(i + 1) — phase(i))/(frequency(i + 1) — frequency(i)))/(k — 1)
5.4.2 RFID RSSI Features

Change in distance will create variations in the RSSI signal which is employed in the following

three features.
1. Average RSSI standard deviation within each channel

2. Average RSSI difference between consecutive samples within each channel

3. Absolute value of the RSSI

5.4.3 RFID Read Rate

The read rate of a given tag is primarily correlated to the amount of RF power it can receive. This
typically means that RFID tags with a low read rate are on the edge of the read zone which is well
outside the field of view of the Kinect. Thus, this feature is mainly employed to exclude tags that

are unlikely to be a viable candidate for ID to body matching.

1. Read rate: number of packets received from each RFID tag per second
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5.4.4 Kinect Motion Features

Both RSSI and phase are sensitive to movement in the radial direction to the reader. Thus, the
position of the spines on the skeletons reported by the Kinect are transformed from the Kinect’s
Cartesian coordinate system to a polar coordinates centered at the reader. Once the skeleton tracking

is started, the following three features are utilized.

1. Radial component of the skeleton’s velocity relative to the RFID reader antenna

2. Azimuth (i.e. non-radial) component of the skeleton’s velocity relative to the RFID reader

antenna

3. Distance between the skeleton’s spine and the RFID reader antenna

5.4.5 Data Segmentation & Machine Learning

A Support Vector Machine (SVM) classifier with the Radial Basis Function (RBF) kernel was
trained by recruiting three participants to wear RFID tags while walking freely in the view of the
depth camera and the reader (ground truth was taken manually). The data stream was segmented
with a window size of 2/3 second which was advanced every 1/3 second resulting in a 50% over-
lap. This achieved a good balance between matching accuracy and latency. The classifier was
only trained to two prediction classes, “Match” and “Not-a-Match”. The parameters of the SVM

classifier where optimized by maximizing the 10 fold cross validation results.

Since the system is trained for large movements that are generic to a majority of people, and
since the machine learning features are differential and/or relative to the reader antenna, training
does not have to be redone for new environments or people. In fact, training was done on one set
of participants at one location, while all testing was done at several other locations with many other
participants over the course of several weeks. Finally, In the following section, the output of the
SVM classifier is combined with the results from the SAR method to provide final decisions on

body to ID matches.
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5.5 Matching Algorithm

The true strength of the ID-Match system is that ID association is based on similarity ranking be-
tween a finite number of possibilities, rather than the raw ability of the RFID reader and/or the
Kinect to precisely locate tags and people. This is accomplished by measuring small variations in
tag and body motion of people as they walk in order to differentiate between them. While these
motion difference can be hard to visualize, they are statistically distinct. In order to illustrate how
the ID association algorithm works I present a 'toy example’ of five people walking in a single file
line, towards the RFID reader and Kinect mounted on a tripod. While this does not represent a real
usage scenario (which is presented in detail in subsequent sections) for the sake of an example, it
simplifies the motion the people and ensures that there are no blocking events where one person is
visually occluded by another.

Figure 5.3 panel A, shows the distance traces for five participants (i.e. Persons 1-5) walking
toward the system as measured with the Kinect. Panel B shows the relative distance of the RFID
tags (Tags 1-5) as worn by the five people over the same period of time. Since the RFID reader
can detect the tags at a range of 7-8 meters they are visible to the system before the Kinects depth
camera can track them (which occurs at 4.5 meters).

The ID-Match system is implemented in Matlab and is capable of assigning IDs to people in real
time. This is accomplished by applying a 2/3 second sliding window (which is advanced every 1/3
seconds) to the incoming data stream from the Kinect camera and RFID reader. During each time
segment the system analyzes the buffered data and applies the SAR and SVM techniques previously
described.

In the case of the SAR approach, the standard error between each of the five SAR tag traces is
computed across each of the five participants position traces. An example can be seen in Figure 5.3
panel C which shows an expanded view of a 2/3 second time slice from panels A and B. Here it can
be seen that “Tag 1’ (red circles) is the best fit for ‘Person 1’ (dashed red line), which will result in
the lowest standard error and highest confidence. Thus, every 1/3 seconds the system outputs new
matching events and places them in the SAR results buffer for each person seen by the Kinect. It
should be noted that SAR data is only considered valid for people in motion.

During the same time window, the 8 RF features for the five RFID tags and 3 Kinect features
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for the five bodies are passed to a trained SVM classifier which generates a probability estimation
of each Tag and Person pair. For each individual body, if a given RFID tag has a probability with a
margin of 30% or more when compared to all the other RFID tags, it is considered a matching event
and the SVM results is placed in a result buffer.

Each of the five bodies is assigned their own final results buffer consisting of a FIFO of the last
10 prediction points from the SAR and SVM predictor. The arithmetic mode is taken as the final
matching result, and the ID is assigned to the body. Since the prediction FIFO for each body seen
by the system can be updated over time, misidentifications can be corrected for. Once sufficient

confidence is obtained, the identity of the body (i.e. tag / body pair) is “locked in”.

5.6 Performance and Evaluation

In this section ID-Match is evaluated under a number of controlled scenarios so that the underlining
behavior of the system can be better understood and quantified. In particular, I evaluate the abil-
ity of the system to: recognize individuals in groups of people, distinguish between multiple tags

undergoing the same motion, and reacquire people after the identity match has been lost.

5.6.1 Recognition of Individuals In Groups

When multiple people, walking as a group, approach the ID-Match system. This creates a number
of dynamic events where people in the foreground can visually occlude (and possibly RF occlude)
people in the background. Additionally, since the RFID SAR motion paths are a relative measure of
distance and not a trace of position over time, there is the potential that the paths may not be unique,
causing confusion in the matching algorithm.

In this study, two groups of five participants wore RFID tags on their upper torso. They were
asked to start outside of the Kinect’s field of view (approximately 6-7 meters away from the system),
and walk as a group up to the ID-Match system. They were instructed to stop in one of five general
locations such that upon arrival in front of the ID-Match system they would be standing five a
breast and could visually see the system. Figure 5.4 panel a shows the final location of one set of
participants of one trial as seen by the Kinect, and panel b shows the path they took as reported by the

Kinect. For ground truth each person was assigned a “Body Number” (1-5) and the corresponding
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Figure 5.4: ID-Match: panel A shows the RGB image captured by the Kinect as five people walk
up to the system. Overlaid on the image is the RFID tag ID that has been automatically associated
with that person. Panel B shows a top view diagram of the paths of the participants as recorded by

the Kinect.

RFID ID (1-5) was also recorded. To emulate a more real world scenario and to ensure the problem
space was not unduly constrained, two dummy tags were also introduced into the view of the reader
(IDs 6 & 7). Each group of participants was asked to repeat the experiment 6 times for a total of
60 potential matching events. The two experiments are folded together into the truth table shown in

table 5.1.

These results show and overall ID association accuracy of 95%. There were two trials where
the Kinect was not able to see one of the participants as indicated in the two columns to the right in
table 5.1. Excluding this data point results in an accuracy of 98.3% when both the Kinect and RFID
reader can view all people. In one trial an /D was not assigned to a body leaving body 5 “pending”,

meaning the confidence threshold for a match has not been met. Observations of the trials suggest
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RFID Tags Visible to the RFID Reader Error States
Assigned ID1 ID2 ID3 ID4 ID5 ID6 ID7 Pending | NotSeen
to > (dummy) (dummy) (not matched) by Kinect
% | Body1l 11 0 0 0 0 0 0 0 1
o © | Body?2 0 11 0 0 0 0 0 0 1
& £ [ Body3 0 0 12 0 0 0 0 0 0
o % | Body4 0 0 0 12 0 0 0 0 0
2 | Body5 0 0 0 0 10 0 0 1 0
*Ground Truth: Body 1=1D 1, Body 2 =1D 2, Body 3=1D 3, Body 4=1D 4, Body 5=1D 5

Table 5.1: A confusion matrix showing the results for assigning IDs to five participants as they

approach the ID-Match system.

the errors are due to occlusions.

One of the important criteria of the proposed system is that it should be able to quickly identify
and recognize individuals such that an autonomous robot can properly interact with them in a timely
manor. However, for the ID-Match system calculating the exact acquisition time for groups of
five people is a multi-dimensional problem consisting of (but not limited to); the walking rate of
individuals, the total time all participants take to arrive at the destination zone, the fact the some
people will enter the Kinect’s depth field of view before others, the issue of people dynamically

blocking the view of the Kinect, and the resulting need for target reacquisition and ID association.

Instead of quantitatively addressing each one of these variables individually the following plot
qualitatively shows that, given all the above variables, ID-Match is indeed able to identify individu-
als in a timely manor. The red line in Figure 5.5 shows the accuracy of matching the correct /D to an
individual as a function of time. Since there is variability in the time of arrival and walking speed,
the data has been normalized to the point in time when each participant first walked into the view
of the Kinect’s depth camera. Results show that ID-Match is capable of correctly assigning IDs to

individuals within 4 seconds with 96.6% accuracy.

The second blue line in the plot shows the accuracy of assigning the correct ID to all five par-
ticipants in the group as a function of time. The reason this plot takes longer to converge is that the
system must wait for all participants (regardless of how fast they walk) to enter the field of view.
Results show that a group of five participants can be correctly matched within 7 seconds with 95%

accuracy. It should be noted the line for the individual acquisition time has a higher accuracy than
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Figure 5.5: ID-Match prediction accuracy of the system overtime

the group case because the two people not seen by the Kinect are excluded.

A detailed examination of the SAR and SVM voting buffers for the above data shows the pre-
dictive power of each technique individually. For the data shown in Figure 5.5, at t=4sec for each
individual, the SVM classifier has an accuracy of 70.1% and the SAR approach has an accuracy of

89.4%, while the combination of the two results in a total of 96.6% accuracy.

5.6.2 Disambiguating Similar User Motion

One important question is how unique does the motions of the users and the paths they take, have to
be for the ID Association algorithm to work properly. One concern is that groups of people walking
in lock step may have nearly identical RFID SAR paths. Since the measurements RFID SAR of
relative distance and not absolute distance it may not be possible to distinguish them from each
other.

Given the complexity of precisely and repeatedly controlling the motion of five people, an alter-
native and arguably more stringent test has been implemented. Figure 5.6, panel A shows an image
of five RFID tags (in the form of name tags) attached to a wooden rod. They are spaced evenly

approximately 40 cm apart to mimic five people standing shoulder to shoulder. For this study ten
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Figure 5.6: ID-Match experimentation: a person carrying a horizontal rod with five RFID tags

mounted on it and their corresponding motion traces

participants were recruited and each person was asked to hold the wooden rod such that one of the
tags was place firmly against their chest as if they were wearing the tag. Starting outside the field of
view of the Kinect’s depth camera the participants were ask to walk towards the ID-Match system.
This procedure was repeated five times such that each participant held each tag on the wooden rod
against his or her chest once, which resulted in a total of 50 runs. Again two dummy tags were

placed in the environment to insure a more realistic experiment.

The results in Figure 5.7 show that ID-Match is capable of correctly matching the tag ID to
the corresponding body position on the wooden rod with an accuracy of 96.7%. The probability
of randomly guessing the correct answer for one instance is 1-out-of-7. Since each of the 60 trials
was done by a single person (rather than a group) there were no occlusions, and the Kinects depth
camera was able to track each person without errors. These results show that ID-Match is able to
take advantage of the slight difference in radial direction of parallel movement to successfully assign

the correct ID to the corresponding body.
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Figure 5.7: ID-Match: the accuracy of the system at matching the correct tag to the skeleton in
the disambiguating similar motion evaluation. The blue line shows and average accuracy of 96.7%

within 6 seconds, for the 60 trial.

5.6.3 Match Reacquisition

The Kinect depth camera has proven to be reasonably reliable at detecting the presence of a person,
determining the position of their body and limbs (i.e. skeleton), and tracking the location of the
person while in the field of view. However, all computer vision systems suffer from occlusions
when the camera’s view of the target person is blocked by an object or another person. In the case
of the Kinect this means that when a person is occluded or goes out of view, their virtual skeleton
(and corresponding skeleton ID) is discarded. Once the person reenters the field of view, they are
given a new skeleton and skeleton ID. This means that each time the Kinect loses a person and
they reenter the field of view the ID-Match system must reacquisition the person and perform ID

association to determine who they are and where they are.

In order to investigate how effectively ID-Match re-acquisitions tagged people once they have
been lost by the Kinect’s depth camera, the following experiment has been devised. Here three
participants have been asked to walk in a circle marked on the floor with a diameter of 3 meters.
As they walk around the perimeter of the circle the person in the foreground as seen by the Kinect
blocks the people in the background. Thus, each person is potentially occluded twice per revolution.

The three participants are asked to walk in a circle for 5 minutes resulting in 86 blocking and
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Figure 5.8: ID-Match accumulated accuracy overtime for re-acquisitioning a person after visual

tracking is lost.

reacquisition events. Results for the percent accuracy for matching the correct ID to the correct
person is shown in Figure 5.8. In this case the available time was only approximately five seconds
(i.e. the time between a person becoming visible and then blocked again). This test shows that
ID-Match performs quite well at reacquiring people once they have been lost by the Kinect, with a

percent accuracy of 90.7% over the limited time interval of 5 seconds.

5.7 HRI and Occupancy Tracking Studies

In an environment where the system is supposed to capture which users are passing a gate, users will
enter, continue moving, and leave the field of view of the system at different speeds and at different
times, with no constraints on how long they would stay in the field of view.

In the following sections, I present two different scenarios to evaluate the accuracy of ID-Match

with less control on the behavior of the users.

5.7.1 Human Robot Interaction Study

In this application, the ID-Match system has been integrated into Furhat [4], an interactive an-
thropomorphic robotic head with an rear-projected 3D face. Computer animation delivers dynamic

facial movements such as gaze (eye movement), facial expressions (happy, sad, confused, surprised
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etc.) and lip animation of basic phonemes which are synchronized to computer generated speech.
Additionally Furhat is equipped with a pan-tilt neck which along with the animated eyes allows for
convincing gaze simulation, and importantly for this work, allows the robot head to turn to address
an individual person while looking at them in the eyes.

In this experiment Furhat has been programmed to autonomously host a multi-player quiz game
[5]. In this interaction, users in groups freely approach the robot to compete in a gaming interaction
scenario where the robot asks players different trivia questions and the users collect points when
giving the correct answer. The interaction is constructed such that the robot needs to use the identity
of the user and address the user by name (e.g. “Jack, here is the next question: what is...”). For
the purposes of this game contestants were asked multiple choice questions and a commercially
available speech recognition engine was used to capture users verbal answers, which were limited
to “one”, “two”, “three”, or “four”.

The interaction was setup up in a large office room (4 x 6 square meters), with the robotic head
placed on a pedestal in one of the corners, as shown in Figure 5.9. The RFID antenna and the depth
camera was placed to maximize the field of view of the ID-Match systems and the coordinate frame
of the Kinect was transformed to the robot’s coordinate frame to account for the offset in location
and pose between the two. Ten participants were recruited to interact with the robot in two groups of
five users each. Seven of the users were male and three were female. All participants were graduate
level students between 20 and 30 years old. Groups of five users carrying pre-registered RFID tags
were instructed to enter the room and playing and quiz game with the robot. In order to allow the
interaction to be natural, the participants were not told to stand in any predefined locations, order,
or distance from the robot. However, the participants were asked to avoid standing directly in front
of another person so as not to block the view of the other participants in the game. Each of the two
groups of participants played the quiz game 6 times, giving a total number of 12 games, and 60
interactions (questions). Each of the 12 sessions lasted approximately 5 minutes.

Although the interaction was complex in terms of robot and task design, the ID-Match system
task was simple: each time a new skeleton is tracked by the camera the system will attempt to match
that skeleton to one of the RFID tags out of all the tags currently visible to the RFID reader. Figure
5.10 shows a plot of the average accumulated ID to human assignment accuracy of the system over

time.
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Figure 5.9: ID-Match application: a snapshot of the Human-Robot Interaction setup showing 5

participants in front of the robot playing a quiz game.

The “individual” (red line) shows the accuracy of the system at identifying each individual
people approaching the robot in a group. It is important to mention here that at any moment in
time, there was always two additional static tags in the environment that were not held by a person.
The results show that the system is able to recognize each individual at 94.8% accuracy within 5
seconds starting from when the person enters the scene. This is consistent with the controlled studies
presented earlier. This fast acquisition time gave the robot the ability to customize the interaction,
and address the individual person by name, almost by the time they completed their approach and
came to a stop by the robot. The*“group” blue line in Figure 5.10 shows the accuracy of the system
in identifying all individuals in the five-person group with time starting at the moment when the first
person enters the scene. Here the system is capable of accurately identifying all individuals with
91.6% accuracy in 12 seconds. Although this group acquisition time is highly dependent on actions
and speed of the participants, it is important to include this result as a benchmark for a group of

people naturally approaches the robot for interactions.

5.7.2  Occupancy Monitoring Scenario

The second uncontrolled user study evaluated ID-Match’s ability to passively monitor the flow of
people in an office as they pass through a “virtual gates” and checkpoints. The systems task is to

quickly recognize the identity of the passersby while they are visible to the camera and determine
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Figure 5.10: ID-Match evaluation: a plot showing the accuracy of the system over time

in which direction they are moving over a long period of time.

Physical Space

The study was conducted in an office setting as shown in Figure 5.11 consisting of a central hallway
with offices one side and workstations in an open floor plan on the other side. The ID-Match
system was configured to log data for a full working day (i.e. continuously for 7.5 hours). Out of
40 employees on site during that day, 16 were assigned RFID tags and registered in the system,
the other employees had no other RFID tags. In the same area where the system was setup, two
additional static RFID tags were placed and were visible to the reader at all times. Additionally, 3
of the 16 employees with RFID tags had workstations within the read range of the RFID antennas,
being visible to the reader at almost all times, but not visible to the camera. This causes a greater
level of uncertainty when attempting to match the IDs to people. The Kinect camera was set up
pointing towards the hallway with a 30-degree side view as demonstrated in 5.11, panel A. In order
to increase system reliability a second RFID antenna was used to insure tags were properly read as
participants either walked towards and away from the Kinect.

As mentioned earlier, 40 participants took part in the experiment, 16 of them were carrying a
registered RFID tag. The environment and the users were not controlled during the day. The partic-

ipants were not informed about the purpose of the study in order to maintain their usual behavior.



90

Figure 5.11: ID-Match physical setup of the occupancy study.

The only requirement placed on the participants was to wear the tags around their chest position, at

the time they entered the office till the time they left for the day.

During the day-long experiment, 302 instances of people passed through the hallway where the
experiment was set up. 129 of these were people who carried an RFID tag, and 173 did not carry a
tag. The system’s task was to recognize the identity of any visible skeleton, whether it belongs to
one of the registered users, or whether that skeleton did not have a registered tag in the system. Out
of the 129 instances of people wearing tags, the ID-Match system was able to correctly recognize
122 users (at an accuracy of 94.5%). For people not wearing tags, the system incorrectly assigned
5 identifications, yielding a 2.9% false positive rate, while the rest was correctly identified as not

wearing tags.

By using the 3D skeleton tracking of the Kinect, the system was able to recognize the direction
of movement of the correctly identified skeletons at a 100% accuracy. Although this study is set
up in a highly uncontrolled environment, the main objective of the study is to show the ability to
function equally for registered users and unregistered users, giving bigger context for the application

space where the system can be deployed.
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5.8 Conclusion

This work presents a novel hybrid computer vision and RFID system that is capable of seamlessly
matching the identity of an individual (as stored on an RFID tag) to the 3D image of that person
as captured by a depth camera. This real-time system is capable of determining the identity of
individuals within 4 seconds at an accuracy of 96.6% and groups of five people in 7 seconds with
95% accuracy.

Users studies show that ID-Match is capable of robustly identifying people with enough speed
and accuracy to enable a humanoid autonomous robot to naturally interact with up to five people
simultaneously. The system has also been shown to be effective at passively monitoring both tag
and un-tag participants without requiring active participation for identification and tracking.

In order to demonstrate that this approach is scalable to other usage scenarios several controlled
lab experiments are presented that cover many of the edge conditions and worst case scenarios.
Including participant re-acquisition after visual tracking is lost, and the systems ability to distin-
guish between nearly identical tag motion. Ultimately ID-Match is a novel sensor fusion technique
providing a valuable method for enabling automated computing systems to quickly and accurately

recognize multiple people simultaneously.
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Chapter 6

SENSOR FUSION FOR ENHANCED AR OBJECT INTERACTION

6.1 Introduction

Augmented reality enables applications to seamlessly overlay virtual information onto the physical
world, immersing a user’s surrounding environment with interactive digital information. Recent
advancements have brought dramatic changes to user experiences in many application spaces, in-
cluding retail, gaming, education, and remote collaboration. In retail, for example, AR could enable
systems that display customizable information about a product whenever a person interacts with it.
That information could include online reviews or video introductions (Figure 6.1a). With the cus-
tomer’s permission, the store may be able to remind the customer of deals related to the product or
push coupons directly to their phone. Such a system would allow shoppers to access rich informa-
tion online while experiencing the details of products in the real world. In a residential setting, AR
could also be used to provide real-time instructions as a user builds furniture or performs repairs.
In an industry setting, AR could allow remote collaboration, getting expert knowledge to workers
when and where it’s needed.

None of these applications are possible without a precise understanding of the objects involved,
when the objects are being manipulated by the user, and the task at hand. One way to automatically
detect interactions with an object would be through an AR headsets outward-facing camera. State-
of-the-art systems have begun to surpass the performance of humans at identifying objects [55, 54]
; however, these results are limited to classifying item categories (e.g., mugs, bowls, shirts) and
each new category requires retraining of the classifier. Situations where objects have contextual
differences but little or no visual difference, such as identical mugs owned by different people,
pose serious challenges for systems solely based on computer vision. Scannable codes (bar or QR)
provide another means of discriminating objects, but the code must be clearly visible to the user.
Furthermore, the user must be able to locate the code to capture a clear photo of it, which is not

trivial and adds to the users burden.
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I propose IDCam, a hybrid system that combines two sensing modalities - computer vision
and radio frequency identification (RFID) - to achieve accurate item identification for seamless
information augmentation. I assume that each item is instrumented with an off-the-shelf RFID tag
and that there are long-range RFID readers installed in the ambient environment (roughly 10 m
apart) to query these tags in real time. In retail environments, such a deployment is plausible in
the near future given the push by major retailers to deploy RFID systems throughout their stores
[94]. As people interact with RFID-tagged objects, they disturb the RF signal that is reflected off
the tag and back to the reader. Using insights from prior work [83], these disruptions manifest in
the low-level channel parameters measured by an RFID reader. IDCam captures these changes to
determine which items are being manipulated and how fast they are moving. Separately, the motion
of the customer’s hands is tracked via their AR headset using computer vision. When these traces
are correlated to one another, users can be matched with interactions with objects.

IDCam is capable identifying objects and sensing user interactions even when multiple people
in the same location interact with similar items. To support this claim, IDCam is evalauted through
a simulated shopping scenario. Two groups of five participants were asked to interact with 20
clothing items on the same rack simultaneously, which is beyond the typical density of interactions
at a normal retail store. IDCam managed to match user interactions with object identities with
82.0% accuracy within 2 seconds.

Our contributions are the following:

1. A technique that correlates velocity calculations from RFID and computer vision with differ-

ent coordinates systems to match object interactions with users, and

2. An evaluation with two groups of 5 participants in a dense simulated shopping scenario to

quantify the performance of our system.

6.2 System Implementation

In this section, I will outline the hardware requirements for IDCam. I will then describe the software
components, including the processing of the data streams and how they are correlated together to

match item interactions with the users.
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Figure 6.1: (left) IDCam enables information to be automatically displayed with a product when
customer interacts with it wearing AR headset; (middle) a HoloLens headset with a Leap Motion

controller mounted on top; (right) an RFID antenna installed on the ceiling of a retail store

6.2.1 Hardware

Figure 6.1 shows the different hardware components that comprise IDCam. To take advantage of
IDCam, a user must wear an AR headset; this is necessary anyway in order to present real-time
data about objects as an overlay. In the study, Microsoft’s HoloLens [99] (figure 6.1b) is employed
for augmenting visual information. Even though the HoloLens is equipped with an outward-facing
stereo camera and IR structured light, a hand-tracking API has not yet been released. To get access
to accurate hand-tracking data, I mounted a Leap Motion controller [81] on top of the HoloLens.
RFID readers are mounted on the ceiling of the environment in question to provide good coverage
of the space (figure 6.1c). An RFID tag is placed on each object to provide uniquely identifying
information. RFID tags are inexpensive ( $0.10), thin, and battery-free, making them as easy to use

as the price tags that are already attached on products.

6.2.2 Approach

Consider a case where a user picks up a shirt instrumented with an RFID tag while wearing an
AR headset in a store (Figure 6.2). Assuming the position of the RFID tag is fixed relative to the
customer’s hand as they take the shirt off of the rack, the velocity vectors of their hand (V},) and the
RFID tag (V) at any given moment should be approximately equal. As a result, the trajectory of the

hand T;h and the tag T?, should be similar. Even when there are other customers interacting with
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nearby items, it is unlikely that all of the customers will move items in the same way, especially with
respect to the RFID antenna. Based on this observation, users can be matched with item interactions
through a correlation of velocity vectors between the RFID and computer vision systems.

Our system was implemented as a HoloLens app and a MATLAB server running on a desktop
PC. The Leap Motion and RFID antenna interface directly with this PC. The HoloLens app is im-
plemented using the Unity 3D game engine. It streams information about the user’s head position
and orientation to the MATLAB server. The server is responsible for matching this information
with data from the Leap Motion and RFID antenna, computing the RFID and hand velocities, and
detecting whether an object is being held by the user.

The hand location (denoted as X, Y, Z in Figure 6.2) can be accessed using the Leap Motion
controller’s API. Computing the change in hand location over time leads to measurement of Vj in
the Leap Motion’s coordinate space. RFID readers can report the phase angle difference between the
transmitted signal and the backscattered signal. Prior work has demonstrated that the motion trace
of a tag relative to the antenna can be reconstructed by utilizing the phase information retrieved
from multiple communication channels [83], thus yielding a measurement of \7, The velocity mea-
surements from the computer vision and RFID systems are not directly comparable since they are
measured relative to different reference points. The RFID velocity is computed as 1-dimensional
radial movement relative to the ceiling-mounted antenna. The user’s hand velocity is measured
in 3D relative to the Leap Motion controller, whose position and orientation change as the user
moves around in the retail store. As a result, the two coordinate systems must be unified before the

velocities are compared.

6.2.3 Coordinate Transformation

The different coordinate frames of the HoloLens, Leap Motion, and RFID reader present a challenge
in correlating motion from the RFID tags and hand. In this section, I describe our approach to
integrate data from these different systems.

The reference frames relevant to computation is defined as below:

* W: The world reference frame, defined by the position of the HoloLens during a one-shot

calibration procedure. The RFID reader is specified in this frame based on the geometry of



96

Figure 6.2: IDCam: a frame showing the output of the Leap Motion controller overlaid with velocity

vectors for the hand (\7;,) and the RFID tag (\7;)

the environment,

» U: The Unity world frame, defined by the placement of the app in the environment when

launched,
* C: The HoloLens camera frame, defined within U by the tracking system of the HoloLens,

* L: The Leap Motion frame, defined by the physical placement of the Leap Motion on the
HoloLens.

Qquaternions is employed for our calculation of the coordinate transformation to eliminate gim-
bal lock. To explain the transformation, notation from [95] is adopted. 2@ represents the rotation of
frame B relative to frame A, and é p represents the position of object C in frame A. The objective is
to compute VHV P, the position of the hand in world space.

On the HoloLens, the position and orientation of the HoloLens is computed in the Unity frame,
gq and lé p respectively, and stream this to MATLAB for further analysis. To align the Unity (U)
and world (W) reference frames, HoloLens is first positioned at the origin of the desired world

coordinates, pointed toward the floor. The values are saved as cléfl and clé p- HoloLens camera frame

is defined during calibration, Cy, as the world frame W. This allows us to treat {;q as Cléq
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New positions and orientations are transformed to compute the HoloLens position in world

space.
IC] Orientation of hand in world space (6.1)
vgp = %@ ® (gp - CLgp) ® g@* Position of hand in world space (6.2)

To integrate data from the Leap Motion hand tracker, we transform the raw coordinates of the
hand in the L frame, Igp, to the HoloLens camera frame. This is done by transforming the right-

handed coordinates to approximately match the left-handed Unity coordinates by Equation 6.3.

-1 0 0
Up'=10 0 —1|xjp (6.3)
0 1 0

The LeapMotion was physically tilted downwards relative to the HoloLens, so we accounted for
that in the calculation by rotating estimated hand coordinates 20 degrees in the opposite direction
to obtain a better estimate of hand position in the camera frame, Z p. Finally, the hand position is

obtained in world coordinates by applying the HoloLens rotation and position quaternions:

W=t eGpe2y)+ Ly (6.4)

6.2.4 Trace Correlation

Since there can be scenarios with thousands of RFID-tagged objects, it would be infeasible to com-
pute the velocity correlation between all pairs of objects and users. IDCam first narrows down the
potential items with which a user could be interacting by leveraging knowledge about the location of
the multiple RFID antennas installed in the HoloLens’ 3D mapping system. IDCam only considers
the items that are seen by the closest antenna to the user.

The sensing area of each RFID antenna is approximately 200 sqft, so there may still be many tags
that need to be checked. IDCam further reduces candidates by filtering out tags with insignificant
motions. When a person takes a shirt off of a rack, for example, they are likely to jostle many of the
other shirts on that rack by a small amount. I observed that these interactions result in a tag speed

of no faster than 10 cm/s, so IDCam uses this threshold to ignore items with no significant motion.
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Figure 6.3: IDCam: a one second segment of the motion trace tracked of hand 7, when compared

to 3 different RFID traces Tr;1, Tr;2 Tr;3

Combining the location information of items and the speed threshold, IDCam narrows the list of

potential items that the user could be handling by a significant margin.

Velocity Correlation

Figure 6.3 displays a 1-second segment of position data from a person’s Leap Motion (pink) and the
RFID system (blue, orange, yellow). The position in both domains was calculated by integrating
the velocity measurements; given that the antenna can only infer the relative position change of
items, all of the position traces start at the origin for easy comparison. As the user grabbed a tagged
object, two other people moved nearby tagged objects with a velocity greater than 10 cm/s relative
to the RFID reader. By overlaying all four trajectories, it is clear to see that the motion of Item
#3 (yellow) is most correlated with the participant’s hand (pink). IDCam computes trace similarity
using the Pearson correlation coefficient (PCC) over 1-second windows with 80% overlap. The
object that leads to the highest correlation coefficient is likely the one that the user is manipulating,
so its information is displayed on the AR headset.

Figure 6.4 shows the distance of a user’s hand relative to the antenna as they pick up 5 different
items within roughly 30 seconds. While the user interacted with items, other users were also disturb-
ing nearby tags. Each rising edge indicates when the user takes an item off the rack (and away from

the RFID reader), while each falling edge indicates the opposite. Green sections represent when the
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Figure 6.4: (left) An example scenario that shows the accuracy of using PCC alone for matching. In
this case, the user handles five products sequentially. (middle) a 1 second voting buffer is applied

to smooth the results. (right) nearest neighbor algorithm was applied to fill in motion gaps.

user was correctly matched with the item they were handling. Red sections indicate mismatches,
which happen when interactions conducted by other users are falsely matched with the target user.
Black sections indicate the that IDCam was uncertain because no significant motion was detected
from the RFID tags or there was poor correlation between the 2 systems. The left part of Figure 6.4
shows an example of how well the described matching algorithm worked for that scenario. Using
the PCC correlation, IDCam has a matching accuracy of 84.0%. Further assumptions can be made
in order to remove brief, spurious detections. It is highly unlikely that a user will handle one item
for 5 seconds, handle a second item for 0.5 seconds, and then go back to the original item for 5
seconds; it is more likely that the second item was mismatched with the customer. IDCam handles
these cases by building a 1 second buffer of correlation results and then applying a majority vote
across them for the best match. Using this method, matching accuracy in the example scenario is
improved to 86.9% (Figure 6.4, middle). Nearest neighbor matching can also be used to reduce brief
moments when no object motion is detected (e.g., the customer is holding the item, but not moving
it). Using this method, matching accuracy of the example data is improved to 89.5% (Figure 6.4,

right).

6.3 Evaluation

The accuracy of IDCam is a function of simultaneous item interactions in the area of a single RFID

reader. Off-the-shelf RFID antennas can cover 200 sqft, but RFID systems that can localize objects
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Figure 6.5: IDCam: each article of clothing had an RFID tag placed near the price tag.

(e.g., Impinj Xarray) can only do so with an accuracy of 5 ft, the rough size of a clothing rack.
Increasing the number of interactions in that area leads to more candidates for correlation matching,
making it a more challenging task. In real-world applications, item interactions can be sorted be-
tween RFID readers by individual shelves/racks, so users not in the proximity of an RFID antenna
will not be considered for its matching calculation.

To evaluate the effectiveness of the matching algorithm, a simulated retail experience was set up.
A single rack of clothing on hangers was placed in the middle of a laboratory space along with an
RFID reader. 10 (6 males, 4 females) undergraduate and graduate students from a public university
was recruited. The participants were separated into 2 groups, each with 5 participants, and asked to
interact with multiple articles of clothing simultaneously (Figure 6.5), as if they were all interested
in purchasing something in that area. Beyond the simultaneous interactions, clothing was also free
to jostle on the rack, creating false positive item interactions. I believe this scenario makes the study
representative and perhaps even more challenging than a real-world retail situation since so many

people will likely not be in the same place at one.

6.3.1 Study Procedures

Twenty articles of clothing were hung on a 1.5 m-long rack. An RFID tag was placed in the center

of each item’s price tag (Figure 6.5). The RFID reader was placed 2 meters away from the shelf.
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Figure 6.6: The simulated shopping experience used to evaluate IDCam involved five participants
interacting with clothing on a rack. One of the five participants wore a HoloLens with a Leap Motion

controller mounted on top

For each study session, all participants were asked to pick up an article of clothing by its hanger,
read the product information on the price tag, and then put the hanger back on the rack. One of
the participants was asked to wear a HoloLens with a Leap Motion controller while they picked
up hangers. The participant wearing the HoloLens was asked to pick up each hanger in sequence
for the ease of ground truth labeling, while all other participants were free to interact with items
as they chose. The start and finish time for each interaction for the person wearing the HoloLens
was annotated using a video recording. Each of the 5 participants took turns wearing the HoloLens.
There were 893 item interactions in total by participants, 200 interactions of which were generated
by users wearing the HoloLens. Each session took 5.1 minutes on average. Each item interaction

took 13.7 seconds on average, which means that 4 items were typically in motion simultaneously.

6.3.2 Study Evaluation

The Leap Motion controller has difficulty tracking a person’s hand with a cluttered background.
Given that the contribution is not meant to be one of computer vision, but rather the fusion of RFID
and visual traces, participants were asked to extend their hands in front of the Leap Motion controller

as an initialization gesture. There were still 17 interactions among the 200 collected in the user
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Figure 6.7: IDCam: a cumulative distribution function showing the accuracy of item identification

as a function of the duration of the correlated traces.

study that were not properly tracked by the Leap Motion controller. For the 183 item interactions
that were fully or partially successfully tracked, the hand motion traces were transformed into the
RFID antenna’s coordinate space and compared them to RFID tags.

Figure 6.7 is a cumulative distribution function showing IDCam’s interaction matching accuracy
as a function of the time duration of the interaction traces. After 2 seconds, IDCam achieved an
accuracy of 82.0%. The accuracy improved to 88.0% after 5 seconds of user interactions. At the
beginning of each interaction, it is hard for the system to make accurate decisions due to the lack
of motion. As the user generate longer motion traces, the system makes better decisions using the

sliding window and voting buffer approach mentioned in the previous section.

6.4 Discussion

The goal was to develop a method of precise object identification for augmented reality that would be
easy to deploy and scale to large number of new objects. I addressed this goal by proposing IDCam,
a system that fuses velocity information from computer vision and RFID to identify the precise
object of interest for a user. IDCam is relevant to a number of augmented reality applications, In
an evaluation study focused on a simulated shopping scenario, IDCam is tested with 5 participants

interacting with items on the same rack simultaneously. In that study, IDCam correctly matched
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users with the objects they were interacting 82.0% of the time within 2 seconds.

The current capabilities of hand tracking imposes a number of limitations on IDCam. There were
17 cases of item interactions where the Leap Motion controller failed to track the user’s hand. This
was primarily due to the hand being outside of its field of view. There were also additional 10 cases
when the hand was only temporarily tracked. In general, I believe the evaluation study provides
a lower bound for object identification in real-world scenarios and I believe hand tracking will be
much more accurate in the near future given recent advancements in computer vision. This trend
should continue to improve IDCam’s accuracy and robustness. Also, AR systems like HoloLens
already have hand-tracking capabilities that I hope will be available soon to replace the Leap Motion
to help provide better hand tracking for the system.

Natural user motions can be challenging to track since they are unconstrained, so providing users
with instructions can help improve IDCam’s performance in edge cases. As an extreme example,
IDCam could suggest that a user shakes an item to help with edge cases when the item is not being

detected initially.

6.5 Conclusion

IDCam is a novel system that fuses long-range RFID with computer vision for linking the objects
in physical world with digital content. IDCam matches object identity stored in the RFID tag to
user interactions by correlating the motion traces tracked by the two systems. IDCam overcomes
challenges of differentiating visually similar items while scaling well to a large number of new items
without requiring retraining. IDCam system is evaluated in a simulated retail scenario with a high
density of users. I believe IDCam has many other application potentials in fields such as remote
instruction, collaboration and education and intend to explore and evaluate these application spaces

in the future work.
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Chapter 7

CONCLUSION

In this thesis, I presented a new class of sensing techniques leveraging low-level channel pa-
rameters of commercial RFID system to detect the state of everyday objects, users, and the interac-
tions between the two parties. By applying signal processing and machine learning techniques and
customizing RFID antenna design, I turned off-the-shelf RFID systems into sensors that measure
object motion, detect user presence, and understand touch and mid-air gesture interactions. I also
presented a sensor fusion system combining RFID with computer vision to precisely identify and

localize individuals and objects in complex and dynamic physical environments.

These sensing capabilities have a variety of applications in understanding physical environments
and connecting physical objects to digital media. In this thesis I proposed and evaluated applications
such as (1) autonomous recognition of fine-grain daily activities, (2) customizable touch interfaces
for everyday objects, (3) natural human-robot interactions, (4) enhanced AR object interactions as

well as (5) shopper’s interaction tracking in retail environments.

The major contributions of this thesis can be summarized into three different categories: (1)
signal processing and machine learning algorithms that can be applied to both RF channel parame-
ters and RF-vision sensor fusion to enable various sensing applications presented in this thesis. (2)
Novel system design that combines RFID with other hardware components such as inkjet printed
circuits, depth-sensing camera, robot hosts and AR head-mounted displays to facilitate interactive
user experiences. (3) Designing and conducting user studies to benchmark the performance of the
sensing techniques in lab controlled or real-world environments. A more detailed list of contribu-

tions is included in Chapter 1 Section 4. These contributions support and prove the thesis statement:

Applying signal processing and machine learning techniques to low-level channel parameters
of commercially available RFID tags can enable novel sensing and interactive applications with

everyday objects.
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In the later sections of this chapter, I would like to discuss a few additional application domains
that could be impacted from my work described in this thesis. Then I will discuss methodology,
techniques, and lessons learned that are generalizable to other sensing platforms or other research

domains. Finally, I will discuss directions that I would like to explore in my future research.

7.1 Potential Application Spaces

7.1.1 Enhancing Augmented/Virtual Reality Experiences

My research involves understanding peoples daily activities through precise identification and lo-
calization of objects and individuals. This can enable computer systems to digitize everyday objects
and surroundings in the real world and combine them with virtual content generated by AR and VR
technologies. For example, a VR device can use the hybrid system to identify and locate a chair,
and then render it in the virtual world as an iron throne, allowing users to experience natural in-
teractions with the virtual world through objects that exist in reality. This is related to the passive
haptics research field which often relies on cameras to track the geometry of the objects. With our
system, object identity and geometry can be digitally embedded to enable much faster tracking and
natural interactions. By combining precise item identification with augmented reality (AR), one can
also seamlessly merge online media with physical environments, bring immediate changes in high

impact spaces such as health and wellness, remote collaboration, education, and retail.

7.1.2  Improving social interaction through fine-grained activity recognition

Social media connects billions of people with each other. My research involves connecting each
user with hundreds of objects they interact with on a daily basis, creating interactive user expe-
riences with the physical surroundings. I believe my research will help social media to achieve
greater impact by bringing user interactions from online and mobile platforms to offline real-world
scenarios, facilitating people-to-people interactions. As an example, imagine a scenario where your
coffee mug, instrumented with a passive sensor, sends a notification to your friend when you pick it
up and start moving to the coffee machine. Social media apps could encourage people who respond

to that notification to get coffee together, thereby facilitating face-to-face interaction. Object that
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users interact with define and reflect their daily activities. Leveraging the convergence of people and

objects to facilitate user interactions will allow engaging social media experiences.

7.1.3  Smart Home Applications

My research focuses on creating interactive user experiences with the physical surroundings through
detection of user interactions with daily objects. 1 believe there are many opportunities in this
space leveraging low-cost, passive sensors and sensor fusion to detect fine-grained daily activities.
Consider an environment where your water cup is aware of your hydration level, your pill bottle is
aware of your medication intake and each physical space is aware of the current activity and can
adjust lighting, temperature, and humidity accordingly. Understanding of users daily activities can

enable many context-aware applications to improve the life quality of everyday users.

7.1.4  Business Intelligence Applications

When detection of object interactions is combined with business scenarios, techniques presented
in this thesis can help business to understand customer behavior and to create novel user experi-
ences. In the shopping scenario discussed earlier, interaction sensing can quantify consumer inter-
est through their interactions with products. One can measure the conversion between user’s visit
at each store section towards item interactions and sales. These data will provide critical informa-
tion towards business analytic platforms and can help retailers to understand customer journey and
to conduct effective A/B testing on merchandising and pricing decisions. RFID-based sensing of
object interactions can also be applied towards automatic (line-free) check-out and theft prevention,

improving customer experiences while reducing loss for the business.

7.2 Improving RFID readers for Interaction Sensing Applications

So far, I have demonstrated a variety of applications that could be enabled by the UHF RFID.
However, there are limitations in the current RFID systems that I would like to discuss here, with

the goal of help informing the design of the next generation of RFID for interactive IoT applications.
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7.2.1 Improving Reading Rate and Tag Sensitivity

The sensing accuracy is a function of read rate. When the reading rate of each tag drops below 5
reads per second, it is very challenging to guarantee accurate interaction detection. Low reading rate
means bigger gaps between samples which makes it more likely to miss some of the user interaction
events, creating false negatives. The industry standard today for UHF RFID reader is the EPC-Gen2,
which in theory allow each reader to query tags at 1000+ reads per second. However, in reality,
a maximum read rate between 700-800 reads per second were observed under ideal conditions. If
there are more than 200 tags visible to the reader, the average reading rate of each tag will drop below
4 per second. In addition, insufficient sensitivity of the reader also resulted in decreased reading rate
in tags approaching the boundaries of the reader’s reading range (10m), or those within sensing
range yet under challenging ambient RF environments, which makes it challenging to maintain a
consistent sensing accuracy across large physical environments.

The current generation of RFID systems employs a slotted Aloha protocol for communication.
Research in the field of RFID communication protocols has demonstrated promising results in im-
proving sampling rate by mitigating collision problems between RFID tags. Integration of more
advanced communication protocols will help improve the reading rate of the UHF RFID system.
The pace of hardware research and engineering efforts improves the reader.by approximately 1 dBm
every year. Having readers with better sensitivity and faster reading capabilities will dramatically
improve the scalability of RFID systems for interactive sensing purposes under dynamic conditions

and in complex environments.

7.2.2  Form Factor and Power Consumption

The smallest UHF reader module on the market today comes in size of about 1-inch square with 0.1-
inch thickness and its power consumption is about 2 watts when tuned for 1-meter sensing range.
The module size and power consumption today are still not ideal for integration into mobile plat-
forms such as the smartphone or AR head-mounted displays. For the scope of this thesis, the readers
are installed into the physical environments. However, with the current trend in reducing power con-
sumption and form factor. Future RFID readers will have better opportunities to be integrated into

mainstream mobile devices to facilitate broader application spaces.
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7.2.3  Channel Hopping and Duty Cycle Control

Current APIs of commercial RFID readers do not allow control of physical parameters such as chan-
nel hopping frequency or power shifting frequency between multiple antenna ports. User control
over these parameters may seem excessive to the RFID manufacture because the reader is designed
for inventory tracking. Also, full control of these functionalities has the risk of validating FCC reg-
ulations. However, I would argue that certain level of control should be given to users for building
applications beyond inventory tracking. Take the user-product interaction sensing in retail environ-
ments as an example - discontinuity of the phase signal caused by frequency hopping and antenna
switching will reduce the effective samples for determining the item states which can be problematic
especially when items are densely populated. There is plenty of room to improve this situation if

partial control access to the reader firmware is granted without violating FCC regulations.

7.2.4  Specialty Tags

Commercial UHF tags work well for objects with low dielectric constant. However, it is challenging
to find tags that work well for materials with high dielectric constants. The primary reason is the
dielectric of these materials can still vary a lot from each other, and it is challenging to manufacture
general purpose tags that works well for a wide range of objects without knowing their dielectric
constant. Real-world scenarios can be even more challenging since certain objects consist of more
than one material. One interesting idea that may be worth exploring is to manufacture tags with
special antenna design whose size can be easily customized (trimmed) to adapt to materials with
different dielectric constant. Another idea is to have specialized materials with adjustable thickness
attached in between the tag and the object to help to improve the impedance matching for objects

consisting of metal and liquid.

7.3 Lesson Learned from Building Sensing Systems

7.3.1 Generating Hypothesis from Physical Principles

Sensing is the discovery process of turning sensory data into the understanding of the physical world.
To achieve this goal, one must first start with understanding the fundamental physical principles of

the sensing platform. Take the RFID-based gesture sensing work in Chapter 4 as an example;
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understanding of the fundamental physical properties of RSSI, RF phase, Doppler shift, as well
as theory related to impedance matching and multipath reflection is required to hypothesize the
correlation between user’s gestures and the change in the RF channel parameters. In addition, having
a comprehensive understanding of a variety of sensing modalities is crucial towards application-
driven research, where one needs to find the most elegant and effective sensing approach among

many potential candidates.

7.3.2 Importance of Interactive Data Visualization

Once a hypothesis is established between a physical process and its correlation with signals, the next
step will be visualizing these signals in real-time to validate these hypotheses. Note that finding the
best visualization method is usually an iterative process, where one can start with visualizing a
moving window of the raw signals in time domain and frequency domains via FFT, then move
on to customize the visualization according to the specific nature of the sensing system. This will
likely be an interesting learning process to uncover the hidden correlation between the signal and the
corresponding physical process that one is trying to sense. In the case where the initial hypothesis
is disproven, good real-time visualization of signals may help discover new patterns beyond the

original hypothesis.

7.3.3 Data Cleaning

In cases when the correlations that one tries to observe are hidden due to the noisy nature of the
signal, signal processing can be helpful for noise reduction. Familiarity with noise removal filters in
both time and frequency domains such as Wiener, Kalman or Butterworth filters are beneficial for
data cleaning. Note that data cleaning and visualization are an interactive process where the user
can continue to experiment with the filter selection until the signal demonstrates clear patterns that

are either consistent with or contradicts the original hypothesis.

7.3.4  Feature Engineering

Machine learning can help turn raw signals into understanding of the physical environments. A

typical output for machine learning is a multi-state classification or a regression correlation. The
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deep neural network has simplified feature engineering by taking raw data as input, yet it requires
lots of training data to perform accurately. Many classification tasks with smaller scale training data
still require feature engineering using observations and domain knowledge. Feature engineering
aims to find the variables as a function of the raw signal that has significant prediction power for
machine learning models. Take RFID motion detection as an example, the phase signal is know to
be correlated with the tag location wrapped in each wavelength. So when the tag is under motion,
the phase signal collected from each communication channel will have a much larger variation
compared to when the tag is still. Consequently, taking the standard deviation of phase for each
channel will be a good feature to differentiate moving tags from still tags. When feature selection
is completed, it is usually beneficial to visualize these features to confirm they can properly capture

different physical events.

It is important to engineer features that match with physical intuitions. For example, hand wav-
ing gestures around the tags cause variation in the channel parameters. To detect this event, features
looking at variations in Discrete data points such as differences of channel parameters in time were
employed. Unlike absolute channel parameter values, variation features are not impacted by the
relative physical location between the tag and the reader, allowing the system to detect hand waving
events across multiple physical locations. In addition, variation features can better characterize the
changes in signals when the hand gesture happens, which matches with the physical intuition. The
sensing goal determines the feature engineering process. For example, if one wants to determine
the absolute location of tags, absolute values of channel parameters will be much more useful than

differential features.

7.3.5 Staged Experimentation for Machine Learning Exploration

To validate the effectiveness of the selected features for classification tasks. One can start with
collecting a small dataset using staged experimentation. Methods such as video recording can be
employed for annotation of the data. With labeled data, one can perform cross validation using
popular machine learning models. Given the dataset collected in the staged experimentation is
usually too small for deep learning approaches, one can start with popular methods such as Random

Forest or SVM classifier. Implementation of Random Forest is straightforward, but SVM requires
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more attention on kernel selection and parameter tuning. Parameters can be learned and optimized

during the cross-validation process using the training data.

7.3.6  Scaling to Multiple Physical environments

If the small-scale staged experimentation turned out to be successful, the immediate next step would
be trying to scale to a larger dataset. For sensing applications, it is essential to collect data from
multiple users as well as multiple physical environments for training purposes so that the training
data accounts for the variability present in the physical world. Then, one validates its accuracy
by applying the machine model towards new incoming data. It is also important to examine the
sensing accuracy via data collected from physical environments and users that were not included in
the training data to evaluate its scalability.

Even with careful system design and machine learning considerations, dynamic and complex
real-world environments can raise new scalability challenges, especially if the sensing application
is based on a single sensing mechanism. It is often worth considering employing a few different
sensing mechanisms that are complementary regarding their sensing advantages and disadvantages.
If the sensing accuracy is a high priority, it is okay to introduce redundancy, in which case one
event will be detected by several different sensing mechanisms. In fact, sensing redundancy is often
necessary in real-world applications to guarantee system robustness. When deploying a system with
multiple sensing modalities, it is also worth exploring the signal relationship between modalities to

discover new sensing capabilities through a sensor fusion approach.

7.4 Sensing Methodologies

7.4.1 Generalizing to other platforms

The signal processing and machine learning techniques being applied towards the RFID system are
based on a few signals such as RSSI, RF Phase, and data rate. The generalizability of the discussed
techniques towards other platform is dependent on the availability of these signals. Even though
all channel parameters explored in this work are not unique to the RFID system, their availability
and granularity are different across various RF platforms. RSSI is the most common one that has

been thoroughly investigated across WiFi, Bluetooth, and Zigbee systems for localization purposes.
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I believe the application space for RSSI based sensing on these other RF devices can be extended
towards hand gesture sensing leveraging techniques mentioned in this thesis. The support for phase
signal varies across platforms. Commercially available Bluetooth or WiFi chips, in general, do
not support API for phase difference measurement between devices. Zigbee allows open access
towards phase difference measurement given its onboard phase measurement unit (PMU). Even
though that phase measurement on Zigbee is based on differences between time-synchronized RF
modules instead of the difference of transmitted and backscattered signal, its physical nature is very
similar to the RF phase of the RFID system which describes device relative location within each
wavelength. Prior research has demonstrated leveraging Zigbee phase difference measurement to
do fine-grained distance estimation [142]. Given the availability of both RSSI and phase difference
measurement on Zigbee devices, I believe this application space can be extended towards understand
how people are manipulating physical objects instrumented with Zigbee, sensing the presence of
users in the ambient environment as well as their daily activities. In addition, the velocity-based
correlation methodology for fusing RFID with computer vision presented in this thesis could also

be repurposed to enable sensor fusion between Zigbee and other sensing platforms.

7.4.2  Simplicity in Sensing Hardware

To achieve goals such as understanding object interactions or creating tangible touch interfaces,
prior work has demonstrated many different approaches consisting of a variety of hardware and
sensing modalities. Different from prior work which mostly took on the approach of building a new
and highly customized system with dedicated sensors, in this thesis, I focus on taking simple and
off-the-shelf devices that are already deployed. I then apply signal processing and machine learning
techniques to enhance its sensing capabilities through a software approach. Such methods will have
more design constraints when compared to building a new sensing systems from the ground up.
However, it is beneficial towards scalability as well as immediate impact since software algorithms
can be easily deployed. I believe this principle in sensing can be valuable for research and engineer-
ing beyond the scope of this thesis, especially in the real-world environment where one can expand
the boundaries of sensing by adding more intelligence towards how signals of existing off-the-shelf

devices are processed and trained to enable new applications.
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7.4.3 Modeling through Physical Principles

Given the constraints of commercially available hardware, it is critical to understand the physical
properties of the sensing system. Each sensing system has its unique physical principles due to the
sensing modalities utilized and the firmware design specific to these sensing systems. A clear under-
standing of the physical principles and its correlation with potential application spaces is crucial for
discovering new sensing opportunities that were not included in the original system design. During
my research, I found it greatly beneficial to break down complex problems using physical principles
and reason upwards to identify unconventional solutions. In addition to the scope of work presented
in this thesis, I also applied this principle towards infrared and capacitive sensing platforms and

discovered interesting results in gesture sensing and user localization.

7.5 Future Research Directions

7.5.1 Smart Environment with Artificial Intelligence

I am passionate about building sensing systems and creating compelling user experiences around
them. Sensing tackles the problem space of detecting events happening in the physical world, and
Al will bridge the gap between sensing and understanding. With the ever-increasing volume of de-
vices in the IoT and major adoption of artificial intelligence across the industry, the line between
what’s physical and what’s digital has started to blur. There are many great opportunities to cre-
ate compelling user experiences leveraging computational resources and information in the digital
world while at the same time allowing users to interact with the physical environments in a natural
way. This direction of research extending Al applications through sensing the physical world is of

great interest to me, and I would love to continue exploring this space in future research.

7.5.2  Mobile Sensing and Interactions

I am also interested in finding new ways to enrich the interactive experiences between humans and
computers. I am particularly interested in sensing and interaction opportunities on mobile devices.
Mobile phones today are capable of collecting a wide spectrum of sensory data such as capacitive,
electromagnetic, infrared, NFC, acceleration, and audio signals. This sensory data indicates the state

of the device and activities that the user is engaging in, which provides opportunities for contextual-
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aware computing applications. Utilizing existing sensors or building new attachments to mobile
devices could also enable new and interesting ways for users to interact with mobile devices and

more satisfying user experiences.

7.5.3  Customizable Physical User Interfaces

Physical interfaces such as touch input devices are ubiquitous. Unlike digital interfaces which are
easy to customize using computer graphics, physical interfaces usually come with fixed form-factors
which makes it very challenging to customized once manufactured. One of my research interests is
to explore easy and scalable ways to prototype physical interfaces that are customizable by users and
can be easily fabricated into the physical objects. Following up on the touch interface work combin-
ing RFID chips with conductive ink-jet printing, I have been exploring ways to further enhance the
sensing capabilities to support 2D or 3D continuous touch interactions using smart antenna design
and signal processing. With the advancement in digital fabrication and the variety of materials that
can be integrated, I believe there are many research opportunities for fabricating interactive objects,

allowing the maker community to customize touch interactions in an easy and scalable way.

7.6 Summary

I'hope this dissertation serves as an inspiration for anyone who is interested in leveraging RF channel
parameters of wireless devices to build interactive IoT applications. I strongly believe that repurpos-
ing devices that has already been deployed in the physical world via signal processing and machine
learning approaches could bring immediate changes to high impact application spaces such as smart
cities, personal health, education, productivity etc. Sensing helps computer systems to make sense
of the world, blurring the line between what is physical and what is digital. With emergence of the
Internet of Things, there will be more and more sensing opportunities like the one discussed in this

thesis waiting to be discovered by future researchers.
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