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Abstract

Locating objects is a key requirement in several of the emerging computing paradigms. The problem of locating
objects has been extensively studied from a variety of technological and technique-oriented perspectives.
Recently, Radio Frequency Identification (RFID), a wireless automated identification technology, has come
forth as a viable platform for locating objects, particularly in indoor environments. While rapid advances in
RFID-based object localization are evident, current approaches lack adaptability, reliability, and scalability.
This thesis addresses these issues and presents an RFID-based object localization framework and system to
help locate stationary and mobile objects with high accuracy.

Our RFID-based object localization framework and system is resilient in select environmental conditions,
accommodates numerous use-case scenarios, and is tag orientation and vendor hardware —agnostic. We
demonstrate that radio signal strength, a technique used in our location system and traditionally considered
unreliable, can be used as a reliable metric for locating objects in selective cases. Additionally, we show
that tag sensitivity caused by manufacturing variation influences object localization performance and we
present tag selection and binning techniques. This ensure range and cost -optimized uniformly sensitive tags,
leading to a reliable and high-performance object localization. We further improve the object localization
characteristics of our system by matching tags to readers and demonstrating that reference tags could be
made optional without significant loss in performance.

Rigorous experimental evidence suggests that our RFID-based object location system can simultaneously
locate several stationary and mobile objects in realistic noisy indoor environments with localization accuracy
in the range of 0.15-0.84 meters. We have also developed several visualization applications focusing on a

variety of computing platforms to help visualize the targeted object’s location.
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Chapter 1

Introduction

The increasing ubiquity of emerging computing devices is transforming all aspects of our lives, including
industrial manufacturing, energy consumption, healthcare, infrastructure management, communication,
personal entertainment, and more | , ) ) ) ) ) ) )

, , ]. Such devices manifest as a result of advances in emerging computing paradigms
that enable unprecedented new applications whose utility and demand drives the worldwide economy
[ , ]. For example, market predictions suggest that in the year 2013 about 500 billion dollars
worth of networked portable computing devices (e.g., smartphones, tablets, intelligent sensor platforms for
home automation and industrial monitoring, etc.) will be sold, thereby ushering in new applications that
require fundamentally new capabilities | , , ]. One such key capability is the ability to
locate objects in any given environment | , ]. Such a capability can serve relevant applications
available on the above computing devices.

Locating objects is important not only as an end in itself (e.g., locating boxes in warehouses, luggage in
airports, etc.) but also as a key enabler for several cross-cutting applications (e.g., location-based advertisement,
etc.) | ]. Consequently, object localization research is witnessing rapid advancements. Several competing
technologies including WiFi, lasers, ultrasonics, cameras, and more combined with techniques based on
signal time of arrival, signal phase, signal strength, etc. are at the heart of numerous object localization
approaches | , , , , , , ]. Moreover, several other hybrid

object localization approaches that can potentially improve upon existing approaches have been proposed
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Radio Frequency Identification (RFID) is an automatic identification technology that utilizes a transponder
(i.e., a tag) and a transmitter (i.e., a reader) to wirelessly store and retrieve identifying information about
a given object (e.g., milk cartons, pets, etc.). These objects are affixed with tags containing pertinent
information (e.g., inventory management, theft prevention, etc.) about them which then can be queried by

the readers to automate a variety of processes.

The invention of technologies related to modern day RFID dates back to the 1940s when Léon Theremin,
a former Soviet Union scientist, invented a covert listening device that could be powered using radio waves
(i.e., a passive tag -like operating behavior) | ]. This device is considered to be the predecessor of RFID
technology. While a variety of advances were made in related technologies during the 1950s, it was in 1969
that the first passive tag with memory was invented by Mario Cardullo | ]. This invention, combined
with the work done in the field of reflected radio signal power by Steven Depp, Alfred Koelle, and Robert

Freyman at the Los Alamos National Laboratory in 1973, helped shape the modern RFID technology [ ]

Since its inception, RFID has demonstrated significant improvements. It adheres to rigorous worldwide
standards, and has surpassed in its scope the initial goal of automating identification, serving as a platform for
automating various processes (e.g., toll collection, accounting for items in warehouses, automated checkouts,
ete.) | , , , , ]. For example, RFID technology is used to efficiently
manage a variety of supply chain processes such as product shipment, recall, and storage | ]. Recently,
RFID technology has also been found useful in enabling emerging technological paradigms such as Big Data,
the Internet of Things, Mobile Computing, and Ubiquitous Computing | , ]. Thus, RFID is

poised to become a platform for driving innovations across a diverse set of sectors.

While RFID technology was never designed to locate objects, it has several key advantages over existing
technologies (e.g. ultrasound, cameras, lasers, etc.) such as operability beyond line of sight, in less
illuminated environments, through solid obstacles, etc. Additionally, RFID displays promising potential
in supplanting current barcode technology, ease of scalability and ubiquitous presence. Consequently, the

demand for RFID-based object localization approaches and systems is witnessing rapid and wide growth

[ ; ; J
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Although research in RFID-based object localization is still in its inceptive stage, promising work is
progressing at a fast pace, particularly in the domain of locating objects in indoor environments. Several
RFID-based pure (i.e., only using RFID technology for locating objects) and hybrid (i.e., combining RFID
technology with lasers, ultrasonics, etc. for locating objects) approaches have been proposed that provide low
localization performance and limited applicability [ , , , , , , ]
Furthermore, few approaches address the key challenges that preclude high performance gains, add robustness,
enable scalability, and provide localization using only RFID technology [ , , , ].
Given the current state-of-the-art of RFID-based object localization research, the key research question of
utilizing only RFID technology for effectively locating objects is open to scientific inquiry. The resolution
of this open research question will provide an alternative technology platform for identifying and locating

objects.

1.1 Thesis Statement

The thesis statement of my research work is as follows.

Uniformly sensitive tags, empirical power-distance relationships, and performance-
enhancing heuristics enable development of reliable and high-performance RFID-

based object localization framework and systems.

In particular, uniformly sensitive tags improve the reliability of the RFID-based object localization
framework and system, empirical power-distance relationships enable accurate and fast localization of objects,

and performance-enhancing heuristics deliver sustained high-performance and future extensibility.

1.2 Contributions

In this thesis, I propose an RFID-based object localization framework and system that utilizes tag-reader
power-distance relationship for locating stationary and mobile objects in 2D indoor environments. Our work
is shaped by several key insights that impact the feasibility, performance, scalability, utility, and deployment

cost of the solution. We note that tags have variable radio sensitivity as a consequence of manufacturing
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variability. Few RFID-based object localization approaches currently account for this possibility and thus,

they either suffer from low localization performance, high cost or both | , , , ].

To mitigate tags’ radio variability, we developed a principled approach to sort tags based on their detection
sensitivity, therefore making only uniformly sensitive tags available for the object localization experiments.
While theoretical power-distance relationships characterize the distance a radio signal can travel before
becoming severely attenuated, they cannot be used to reliably and accurately locate tags due to environmental
interferences and occlusions | , ]. Moreover, the object localization performance further degrades
when variably radio-sensitive tags are used. Thus, we have utilized empirical tag-reader power-distance

relationships combined with uniformly sensitive tags to locate objects.

Additionally, when proposing an RFID-based object localization approach, it is important to consider
that tag orientation impacts tag detectability and performance | ]. Thus, to minimize tag orientation
impact on localization performance, we provide an orientation agnostic approach by employing multi tags and
we characterize tag orientation with respect to an empirical power-distance relationship. Furthermore, we
show that empirical power-distance relationships can be partitioned into transmission-side and receiving-side
power-distance relationships. This enables the transmission-side reader output power-level be algorithmically
modulated and the receiving-side reflected tag power be reliably modeled based on tag-reader distance, tag

orientation, operating environment, tag-reader pairs, and uniformly sensitive tags.

Several existing RFID-based object localization approaches rely on landmarks (i.e., reference tags) to
improve their localization performance | , , , ]. We note that reference tags can
improve localization performance only up to a point. We further explore object localization performance and
reference tag density tradeoffs, and show that reference tags can be optionally excluded without significantly
reducing localization performance, thereby considerably improving solution deployment cost. Finally, as a
design choice, we ensured that our object localization framework and system work on commercially available
off-the-shelf RFID hardware with no hardware modification. Thus, by combining the above key insights, our
RFID-based localization system can simultaneously locate multiple stationary and mobile objects quickly

and accurately.
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1.3 Thesis Outline

This thesis is organized as follows: Chapter 2 provides a brief account on the basics of RFID technology and
covers the state-of-the-art of RFID-based object localization. In chapter 3, we provide several motivating
examples for the use of RFID-based object localization, define the research problem of locating objects using
RFID, and discuss object localization challenges and their mitigating techniques. In chapter 4, we layout our
RFID-based object localization framework, describe its various stages in detail, and provide object localization
algorithms, decay models, and performance-enhancing heuristics. We present our experimental setup, discuss
our experimental methodology, and provide results and relevant analyses in chapter 5. In chapter 6, we
discuss possible future directions of our work, and conclude in chapter 7. Appendix A provides ambient noise
data-sets for possible targeted application scenarios. Appendix B derives the Friis transmission equation
from first principles. Appendix C presents the design of our multi-tag platform. Appendix D describes the

fundamentals of planar and spatial trilateration. Appendix E provides a list of research deliverables resulting

from this work.



Chapter 2

Background

In this chapter, we present the basics of RFID technology, discuss the state-of-the-art in object localization
research, and introduce an object localization type and technique -based taxonomy to help navigate the

research landscape more efficiently.

2.1 Basics of RFID Technology

RFID technology enables automatic identification of objects and has diverse applications such as livestock
tracking, automatic toll collections. Recent applications are seen in warehouses and stores to automate
checkouts, minimize thefts, and streamline supply chains | , , , , , ,

]. Tt is a wireless technology with two components — a tag (i.e., a receiver) and a reader (i.e., a
transmitter). These components utilize radio frequency signals to communicate between a tag attached to an
object and a reader integrated in the environment.

An RFID tag is an embedded computing device with onboard memory and limited functionality that is
used to wirelessly store and retrieve an object’s identifying information by the RFID reader. An RFID reader
is an embedded computing device with processing power equivalent to a modern desktop computer that can
simultaneously interact with thousands of RFID tags in real-time. RFID tags and readers come in a variety
of form factors, can utilize two different communication mechanisms, and are operable over a wide range of

frequencies and distances | , , .



2.1 | Basics of RFID Technology 7

— RFID Reader |

Operating Frequency: Low to Ultra-High (a few KHz to GHz)

.G Operating Distance: A few centimeters to several tens of meters

| RFID Reader | RFID Tag

LessI Ehan two wavelengths in meters Two wavelengths or more in meters
- - B I I B B B
ﬂ Near-Field Communication | | Far-Field Communication ’7

(©)

Figure 2.1: RFID Tag-reader — (a) Form factor, (b) Operating frequency and distance, (¢) Communication
mechanism
Figure 2.1 illustrates the different form factors, communication mechanisms, operating frequencies and

distance ranges of RFID tags and readers.

Types of RFID Tags. There are three types of RFID tags — passive, semi-passive, and active tags. Passive
tags derive their operational and communicative power using the incident radio frequency signal emitted by
the RFID reader. Semi-passive tags use the reader’s radio signal for communication purposes while having
an onboard battery for onboard computations, and active tags have an onboard battery and can initiate
communication on their own [Fin03, Swe05]. Of the three types of tags, passive tags are the cheapest (i.e.,
on the order of a few cents per tag), have the longest life-span, and are the most dependent on the reader
while active tags have the shortest life-span, are comparatively expensive (i.e., on the order of a few dollars
or more per tag), and have the capability of directly initiating communication with the reader. Additionally,
tags come in a variety of form factors (e.g., from smaller than a stamp to as large as a shoe box) and can

operate over a wide range of radio signal frequencies (e.g., from a few KHz to a few GHz).
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Types of RFID Readers. As previously mentioned, an RFID reader is an embedded device that can
operate over a wide range of radio signal frequencies (e.g., from a few KHz to a few GHZ) and comes in a
variety of form factors to meet the requirements of different use-cases (e.g., handheld, desktop, wall-mounted,
etc.). Being an embedded device, an RFID reader requires an embedded operating system (e.g., uCLinux,
VxWorks, etc.) for managing its onboard hardware resources. Furthermore, an RFID reader has a variety
of communication interfaces (e.g., USB, serial, ethernet, etc.) through which it can be programmed using
different programming languages (e.g., C++, C#, Java, etc.) to read and write tags as per the application
requirements. RFID readers can be connected to a wide variety of antennas with varying radiation patterns
(i.e., the shape of the radio signal emitted by the reader’s antenna). The current generation of readers can
connect to up to four antennas. Depending upon the radio signal frequency and power used, RFID readers
can read a tag over a wide set of distances (e.g., from a few centimeters for near-field based RFID readers to

, J-

several tens of meters for far-field based ultra-high frequency (UHF) RFID readers) | ,

Types of RFID Tag-Reader Communication Mechanisms. The two different communication mecha-
nisms used for tag-reader interaction are based on the change in the temporal radio frequency electromagnetic
fields with respect to tag-reader distance. As shown in the Figure 2.1(c), when the tag-reader distance is up
to two wavelengths of the radio frequency signal emitted by the reader, there is little separation between
the charge and current components of the electric and magnetic fields. Therefore, the combined effects at
short tag-reader distances create a near-field. Tag-reader communication using such a field interaction is
called near-field communication. However, as the tag-reader distance increases beyond the two wavelengths
span limit, the charge and current effects separate to create a radiative field. This radiative field based
communication mechanism is called far-field communication | , ]. Typically, RFID tags and readers
operating at lower frequencies (i.e., a few KHz) utilize the near-field communication mechanism while at

higher frequencies (i.e., a few GHz) the far-field communication mechanism is used.

While the our object localization research is based on passive tags using the far-field communication
mechanism in UHF band the (i.e., a band between 860-960 MHz allocated for RFID technology), our design
philosophy for the object localization framework and system can be easily adapted to different types of tags

and readers, communication mechanisms, and frequency bands.
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2.2 Object Localization Research Landscape

The object localization research landscape has been well traversed from various perspectives including
operating environment (e.g., outdoor, indoor, etc.), localization mode (e.g., plane, volume, etc.), and time
sensitivity (e.g., real-time, offline, etc.). As a result, several competing approaches have been proposed to
address the challenging and conflicting requirements of locating objects | , , ]. The
ensuing object localization solution space consists of approaches that are well-suited for niche applications. For
example, GSM-based localization uses multilateration over mobile phone signals received from neighborhood

cell towers to determine a mobile phone owner’s position | ]

As we witness rapid advances in approaches to object localization utilizing a variety of new technologies
(e.g., wireless sensor networks), a trend becomes immediately evident: Approaches either target new use-cases
or serve as an improvement over existing approaches (e.g., using cell towers and WiFi signals instead of
GPS signals to locate human beings) [ , ]. Consequently, a perfunctory perusal of continually
evolving state-of-the-art of object localization research may not reflect the underlying structure. Thus, to
coherently illustrate the structure of the ongoing object localization research, we introduce a taxonomy based

on object localization types and techniques.
Object Localization Types. Existing and new object localization approaches can be categorized based

on the entities that are aware of the object’s position. While a particular attribute (i.e., the entity aware of
object’s location) is used here, other distinguishing attributes can also be used to help categorize localization
approaches (e.g., indoor versus outdoor localization). Object localization approaches can be divided into two
groups based on the above attribute — Self Localization and Environmental Localization. In self localization
the object is aware of its own location (e.g., a mobile robot recognizing landmarks on an onboard stored
map) whereas in environmental localization the surrounding environment is aware of an object’s location
(e.g., automated tracking of a pallet’s location over conveyor belts) [ , ]. Tt is important to
note that the operability and utility of object localization approaches is determined by their localization type.
For example, wireless sensor nodes’ density impacts their overall localization performance, and yet this issue

is absent in a self-localizing mobile robot | , l.
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Object Localization Techniques. The underlying technology-independent technique being used can also
help categorize different localization approaches. There are seven such object localization techniques, based
on signal Time of Arrival (ToA), signal Time Difference of Arrival (TDoA), signal strength, signal Angle
of Arrival (AoA), signal phase, landmarks, and analytics. In ToA, the object’s position is determined by
accounting for signal propagation time from different known sources (e.g., GPS uses this method to locate
objects in outdoor environment). TDoA can help mutually locate objects using the signal propagation time
difference between them (e.g., CRICKET uses this method to locate mobile nodes in an indoor environment
[ ]). Signal strength uses theoretical and empirical signal propagation-based algorithms and models to

help locate objects (e.g., RADAR utilizes WiF1i signal strength to help locate objects in an indoor environment

[BPOO]).

In AoA, the arrival angles of received radio signals are used to determine an object’s location (e.g., APS
uses this technique to locate nodes in ad-hoc networks | ]). Signal phase relies on the difference in phases
of received radio signals to locate objects (e.g., biological systems such as an ear use signal phase to find an
object’s position | ]). Landmark-based techniques rely on identifying key distinguishable features on a
given map to locate objects (e.g., APIT combines signal strength with landmarks such as anchor nodes to
find the locations of nodes in a wireless sensor network | ). In analytics-based techniques, objects
are localized by combining analytical methods (e.g., nearest neighbors, particle filters, etc.) with the above

techniques (e.g., MCL combines radio range with Monte Carlo simulations to locate mobile sensor nodes

[LEO4)).

State-of-the-art RFID based Object Localization Approaches. While RFID-based object localization
approaches utilize the above techniques, they differ in their manner of operation (e.g., master-slave tag-reader
communication in RFID versus peer-to-peer node-to-node communication in wireless sensor networks) and
means of localization (e.g., direct object localization using RFID versus indirect object localization using
wireless sensor networks). Thus, RFID-based localization approaches are not directly comparable to other
technology-based object localization approaches even though the underlying techniques and use-cases may be

similar. We discuss key RFID-based object localization approaches that utilize the above techniques here.
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Allippi et al. | ] model the indoor localization problem as a non-linear stochastic inversion problem.
In their experimental 2D setup with multiple readers, readers are placed at fixed locations having varying
antenna orientations and tags are kept at unknown locations. They developed a conditional probability -based
model to detect tags at different power levels with varying probabilities. Their approach is computationally

expensive as it relies on probabilistic models to improve a tag’s position estimate.

Azzouzi et al. | ] uses the AoA-based localization approach to determine positions of passive tags.
AoA requires precise angle measurements of the arriving radio signals from the tags and readers. Since tags
and readers can be arbitrarily laid out in a given environment, such approaches must factor in the complexity
that arises due to the continually changing antenna orientations in many real-world deployments (e.g., tags

and readers mounted on mobile objects).

Bechteler and Yenigun | ] propose a ToA-based approach to locate surface acoustic wave (SAW)
sensor tags. ToA is known to be affected by the propagation medium (e.g., vacuum, lead blocks, steel sheets,
etc.) as well as occlusions due to obstacles (e.g., concrete walls, moisture-laden wooden boxes, etc.). Thus,
ToA-based localization approaches must account for signal arrival time variations encountered in real-world

deployments (e.g., locating boxes in a warehouse).

Bekkali et al. | ] utilize mobile readers and reference tags’ RSS to construct a probabilistic
RFID map combined with a Kalman filter to estimate target tags’ locations in indoor environments. The
overall localization accuracy of their approach is in the range of 0.5-1 meters. However, their approach is
computationally expensive due to the use of probabilistic techniques (i.e., Kalman filter, RFID map etc.),
which precludes locating objects quickly. Furthermore, due to their dependence on reference tags, the overall

cost of their approach is economically prohibitive.

Brchan et al. | ] propose to combine reference tags with linear RSS -based propagation models
and trilateration to locate stationary tags in indoor environments. While the average localization accuracy of
their approach is in the range of one to two meters, it has limited applicability due to the use of unrealistic

radio signal propagation models, reliance on reference tags, and expensive active tags.

Choi and Lee | ] use passive reference tags combined with a k-nearest neighbor algorithm to help

locate tags with an average localization error of 0.21 meters. However, their approach does not consider
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environmental interferences, tags’ inherent RSS variability, and tag orientation thus limiting its scalability.
Furthermore, their approach relies on reference tags to improve target tags’ position estimates, which makes

its high localization performance dependent on the reference tag density.

Choi et al. [ ] utilize a k-nearest neighbor algorithm combined with reference tags’ RSS to locate
objects with accuracy in the range of 0.2-0.3 meters. They note that tags have variable RSS behavior
but do not mitigate this issue. Furthermore, their approach ignores the issue that a tag’s axial-radial
orientation (i.e., tag orientation on its axis and around the reader) impacts its detection probability and thus
its localization performance | , , ]. Therefore, their approach may not be applicable in

real-world deployments.

Hekimian-Williams et al. | | use the phase difference of the received radio signals at different
reader antennas to locate active tags . To measure the phase difference accurately, readers and tags must run
on the same clock in order to minimize the phase-drifts and provide high localization accuracy. While signal
phase-based localization approaches are much more likely to be resilient to tag-reader antenna orientations, it
is unclear whether such approaches provide scalable localization accuracy, particularly when large numbers of

tags are considered (i.e., when large numbers of tag-reader clocks require calibration).

Joho et al. | | construct a probabilistic sensor model based on tags’ received signal strength, antenna
orientations, locations to localize a mobile reader. Analytics-driven approaches rely on several measurements
taken over a period of time to refine a tag’s position estimates and thus may not be used to locate the tags
quickly.

Niet al. | | utilize signal strength combined with reference tags to help locate passive tags. Signal
strength-based object localization approaches are susceptible not only to ambient interfering sources such
as the surrounding environmental noise, metal-liquid occlusions, multipath propagation, and tag-reader

orientations but surprisingly, also to inherently variable radio-sensitive tags [ , ]

Stelzer et al. | ] use TDoA over several base stations to locate the position of the measurement
transponder. TDoA relies on synchronized clocks between the transceivers to help determine signal propagation
time difference between the base stations and the measurement transponders. While this requirement may

not be an issue in passive tags as they derive their clocks from the incident signal, out-of-sync clocks on
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active tags can lead to inaccurate position estimates. Thus, TDoA-based localization approaches need clock

synchronization mechanisms to enable higher localization accuracy.

Zhang et al. | | correlate variation in the target tags’ RSS with reference tags and wireless sensors
to estimate target tags’ positions with an average localization accuracy of 0.45 meters. Moreover, in order
to improve overall localization accuracy, a support vector regression (SVR) -based technique is employed
to predict the most likely location of the target tag. This approach is not cost-scalable due to its reliance
on reference tags and sensors. Furthermore, their approach requires frequent maintenance due to the use of
battery-powered active tags and sensors. Additionally, SVR technique-driven location predictions come at

the expense of increased localization time.

Zhao et al. | ] introduce the notion of virtual tags and a proximity map, which considers the
proximity of actual reference tags to that of virtual tags. A linear interpolation algorithm utilizing reference
tags’” RSS is used to determine the virtual tags’ position. Target tags are localized by intersecting different
reader-dependent proximity maps consisting of virtual and reference tags. While the overall localization
accuracy of their approach is in the range of 0.14-0.29 meters, the density of reference tags impacts not only
the accuracy of virtual tags’ position estimates but also the overall accuracy. Moreover, developing proximity

maps for large-scale deployments may be computationally non-trivial.

While the above RFID-based object localization approaches are indicative of a promising trend, they
have inherent limitations (e.g., low performance, hybrid approaches, limited applicability, etc.) that must
be removed to fully realize the potential of RFID technology for object localization purposes. We need a
systematic scientific inquiry that will validate the feasibility of the pure RFID-based object localization
approach and can provide high localization performance and wide applicability. We address this need by
proposing an environmental-type extensible, high performance, reliable, fast, and scalable RFID-based object
localization framework and system. Our object localization framework and system utilizes uniformly sensitive
passive tags. It uses empirical power-distance relationships -based power-modulating and proximity-sensing
algorithms and orientation-inclusive models, and performance-enhancing heuristics to accurately, and quickly

locate multiple stationary and mobile objects in 2D indoor environments.
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2.3 Summary

RFID is a wireless technology used for automating object identification. Recently, it has been localized
for locating objects, particularly in indoor environments. While the problem of locating objects has been
studied extensively from a variety of technologies (e.g., GPS, lasers, ultrasonics, cameras, etc.) and techniques
(e.g., ToA, TDoA, AoA, signal phase, signal strength, landmarks, etc.) standpoint, object localization
approaches based on RFID technology provide yet another way to further improve performance in existing
use-cases and open up unprecedented new application scenarios. However, due to key limitations in the
underlying technology (e.g., unreliable tags, multipath propagation, etc.) and state-of-the-art RFID-based
object localization approaches (e.g., low performance, lack of scalability, etc.), several key advances need to
be made before RFID can become a viable platform for object localization.

In this dissertation we address several key challenges that preclude RFID-based high performance
object localization and propose an object localization framework and system that uses RFID technology to
simultaneously locate multiple stationary and mobile objects quickly, reliably, and accurately in 2D indoor

environments.



Chapter 3

The Research Problem: Locating

Objects Using RFID

In this chapter, we motivate the use of RFID technology for locating objects, define the research problem of
RFID-based object localization, and highlight the key object localization challenges and present their possible

mitigation approaches.

3.1 Motivation

Consider a large-scale warehouse-store model prevalent across a number of sectors (e.g., retail, defense,
health-care, transportation, energy, etc.). Although the above model is general enough to be applicable to
different sectors, for the sake of ongoing discussion, specificity, and clarity, we use Walmart as an example. A
retail conglomerate such as Walmart typically has 4000 warehouse-stores in the United States that are central
to a variety of supply chain processes including inventory management, storage, display, shipment, and recall
[ ]. For a number of supply chain processes, identifying, locating, and tracking objects is the key to
meeting consumer requirements. We briefly describe below several different use-cases where RFID-based

object localization approaches address an important need and offer key operational advantages.

15
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RFID-based Object Localization — An End. In our case study of RFID-based object localization
as an end in itself, we consider large-scale warehouse-stores as having an average floor-space of 100,000
square-feet that can periodically store millions of items. The unique opportunities available for RFID-based

object localization approaches in the above environment are highlighted below.
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Figure 3.1: RFID-based object localization benefits — (a) Save time and (b) Minimize misuse

To efficiently process large number of items in the above environment, it is reasonable to assume that up
to 100 floor workers per day are needed. A floor worker typically costs 12 dollars per hour, works for up to
275 days per year, and spends approximately 30 minutes per day locating items, as depicted in Figure 3.1(a)
[BIR10]. Aggregating the lost time in locating items over the entire Walmart’s US-based warehouse-stores
results in an overall annual productivity loss of 600 million dollars. Thus, if the items could be located
efficiently, the above loss could be turned into potential new savings. Furthermore, as shown in the Figure
3.1(b), we assume that up to one million items are processed per year in the above environment and that 5%
of these items are either lost, stolen, or misplaced. Assuming the average cost of an item to be one dollar, the
cumulative unreported misuse loss to Walmart is close to 200 million dollars annually. Thus, if the items
could be located the above loss could be minimized leading to higher savings.

RFID-based Object Localization — A Means. In our case study of RFID-based object localization
as a means to enable new location-based services, we consider large-scale warehouse-stores that are visited
by millions of consumers per year. The following illustration depicts several key opportunities that become

readily available with RFID-based object localization approaches.



3.1 | Motivation 17

\ Warehouse-Store Model \

vy
/)

Item Aisle

’

1

1

.

7’

1

\
\

g
B il | | S

Customer with

1
! 1
v B b :
[ tem Browse/Buy Pattern | RFID-enabled ‘[ Customers with el Checkout Lane =
Cart !'|_RFID-enabled Cart !

@ (b)

Figure 3.2: RFID-based object localization benefits — (a) Stimulate spending and (b) Improve utilization

In the fiscal year 2011, Walmart had a revenue (US only) of approximately 319 billion dollars, translating
to 218,000 dollars per warehouse-store per day [Gooll]. We note that on average approximately 3000
consumers visit a warehouse-store spending on average 72 dollars per consumer per warehouse-store per day
[BIR12]. Thus, if the consumers were incentivized to spend just one dollar more then this would result in a
cumulative additional revenue of 4.3 billion dollars!’ 2 per year. Such incentives could be created through new
location-based services using RFID-based object localization. For example, as illustrated in Figure 3.2(a),
by deploying RFID-enabled shopping carts and warehouse-store wide location system, consumers’ spending
patterns could be tracked, which when combined with instantaneous shopping cart item analyses can offer
suggestions of related purchasable items and real-time coupons to further stimulate spending. Moreover, as
shown in Figure 3.2(b), noting that on average 3000 consumers were visiting a warehouse-store per day, a
modest increase of 5 consumers per warehouse-store per day due to faster item localization and checkout
would lead to improved store utilization generating a potentially new revenue of approximately 500 million
dollars annually [BIR12]. While we discussed above the benefits of RFID-based object localization in the
retail sector, similar opportunities exist in other sectors such as health-care, transportation, and energy.

Although it may seem reasonable to utilize other technology-based object localization approaches in the
above scenarios, they tend to provide limited flexibility outside their currently designated use-cases and

increase the overall solution cost. For example, wireless sensor network -based object localization approaches

I Assuming 100% of the consumers at the warehouse-store make use of the location-based incentives
2Revenue growth may increase, decrease, or become stagnant due to consumer spending patterns
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can locate pallets on conveyor belts but they may not scale to include individual items on every pallet due to
cost and complexity considerations | |. However, an RFID-based object localization approach can easily
scale to locate individual items on every pallet. Moreover, inexpensive RFID tags (i.e., a tag costs about 5-10
cents in large volumes) are relatively maintenance-free, and are easily replaceable. The off-the-shelf ability
of RFID technology to uniquely identify everyday objects combined with object localization capabilities
helps address not only the current use-cases but also opens up new opportunities in diverse sectors | ]
Furthermore, we note that RFID technology is positioned to supplant the barcode technology, and for many
applications RFID-based object localization is the natural way to locate objects. Yet, several key challenges

must be addressed before it can be widely accepted.

3.2 Problem Definition

We locate objects using only RFID technology (i.e., locating objects that are affixed with passive tags
and readers as oppose to relying on other technologies such as lasers, ultrasonics, cameras, etc. that may
be combined with RFID technology in an ad-hoc manner). Although our RFID-based object localization
framework uses transmission (TX) -side power-modulating algorithms, proximity-sensing algorithms, receiving
(RX) -side orientation-agnostic models, and landmarks (i.e., reference tags), at the most fundamental level it
relies on the radio signals’ power-distance relationship. The Friis transmission equation characterizes the

free-space tag-reader theoretical power-distance relationship below | , ]

[ngéder]dB = [Pgexader]dB + [G%eader]dB + [G%ag}dB +

Where [PEX ] 4 is the power received at the reader (also known as the received signal strength or RSS on

the reader side), [PE2X .| ;5 is the power transmitted by the reader to the tag. [G%.pger]yp 20d [G2

Tag]dB are

the reader and tag antenna gains, respectively. A is the radio signal wavelength, D is the tag-reader distance,
PL(D) is the tag-reader path loss, and X, is the RSS variability modeled as a Gaussian random variable

with zero mean and o2 variance (for detailed derivation of the above equation see Appendix B).
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As shown in Equation 3.1, tag-reader distance can be estimated by knowing the tag’s and reader’s
signal power, assuming all other variables are known a priori. Alternatively, if the tag-reader distance is
known then the tag’s receiving signal power can be determined. For locating objects using the theoretical
power-distance relationship given above, RFID-based object localization approaches must determine the
tag-reader distance, knowing beforehand that the tag’s receiving signal power will be either unavailable or
cannot be measured accurately and reliably. This is due to ambient interference and tags with variable
sensitivity. While the Friis transmission equation theoretically characterizes the power-distance relationship,
an empirical approach must be devised to provide practical high-performance object localization performance
guarantees. Moreover, several existing RFID-based object localization approaches preclude extensibility,
adaptability, high-performance, scalability, and low overall solution cost | , , ]. Thus,

considering the above requirements, we define the problem of locating objects using RFID technology below.

Problem Statement: Devise an adaptive, extensible, high performance, and empirical power-
distance relationship -driven object localization framework and system using only RFID technology

for simultaneously locating multiple stationary and mobile objects.

Given the above problem statement, the key strategy of our RFID-based object localization framework
is to split the tag-reader empirical power-distance relationship -based approach into two separate object
localization approaches (namely, the TX- and RX -side based object localization approaches). In the TX-side
object localization approach, we algorithmically modulate (i.e., increase or decrease) the reader’s output
power-level in select increments to detect the tag. The reader’s output power-level at which the tag becomes
detectable for the first time to the reader (also known as the minimum tag detection power-level) indicates the
tag-reader distance. When such tag detections are combined from multiple suitably placed reader antennas,
the tag’s position can be found with higher accuracy by considering the detection regions’ intersections. We
call the algorithms that control the reader output power-levels as power-modulating algorithms. Alternatively,
the target objects are attached to the readers and their positions are determined by measuring their proximity
to neighboring reference tags. We call the algorithms that determine the target tags’ proximity to reference

tags as proximity-sensing algorithms.
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Figure 3.3: Empirical power-distance relationship — (a) TX-side and (b) RX-side

Figure 3.3(a) illustrates the TX-side object localization approach that considers both stationary and
mobile tags and readers. This approach is particularly useful when the reader cannot measure the tag’s
receiving signal power. Moreover, the shared regions induced by the geometric intersections of the reader
antennas’ generated radio signals can help improve the localization accuracy when combined with reference
tags. However, this intuitive intersecting-regions approach is only a conceptual explanation technique and in
practice our approach neither explicitly computes the geometrical regions nor is it even aware of geometry.
Instead, our approach compares the minimum tag detection power-levels of target tags with the known
reference tags to infer the target tags’ location. In other words, assuming that two tags are neighbors if their
behaviors and responses are very similar, our approach is relativized as it matches the behaviors of reference

and target tags.

While it may seem counter-intuitive that our approach can be geometry-oblivious, correlating a complex
and precise geometry based on radio signals is non-trivial due to ambient interferences that impact the radio
signals’ propagation. Our approach sidesteps these potentially intractable issues by ignoring the geometry
and considering the pragmatic approach of observing and comparing tags’ behaviors. We note that such an
empirical approach naturally adapts and automatically calibrates to unknown conditions and unexpected

effects, since such effects would affect identical target and reference tags in a very similar way.

In the RX-side object localization approach, we utilize the tag’s distance decaying received signal strength

(RSS) to develop the tags’ orientation-agnostic models that match tag-reader pairs to enable higher object
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localization performance. Modern readers that can measure tags’ RSS are particularly well-positioned to take
advantage of this approach [ , ]. Figure 3.3(b) depicts the RX-side object localization approach
that considers stationary and mobile tags and readers. In essence, in our approach, as the tag-reader distance

increases the tag’s RSS decreases to create a successively continuous RX power gradient over the tag-reader

distance.

As radio signal behavior is continuously varying in the ambient environment, constructing RSS decay
models using selected use-case driven locations (e.g., a warehouse, an hospital, etc.) enables factoring out the
environmental interferences by considering its average impact as statistically invariant. While this assumption
does not explicitly minimize ambient interferences that can cause spatio-temporal localization performance
drifts, performing periodic and on-demand in-situ calibration helps in dynamically restoring or even improving
the overall localization performance. Furthermore, by characterizing the tag’s RSS behavior with respect to
inherent radio sensitivity variability and orientation, the tag’s RSS can be reported reliably and independent
of its orientation. Moreover, both of our approaches (i.e., TX-side and RX-side) can be combined to arrive at

application-specific tradeoffs.

3.3 Object Localization Challenges and their Mitigation Techniques

The tag-reader communication is not only affected by the ambient interferences (e.g., multipath propagation,
presence of metal and liquid containers, background noise due to motors, etc.) but more importantly also by
the tag’s variable radio sensitivity, placement, and orientation. Moreover, the reader’s location proximity
to tags is another key factor that affects the object localization performance. While the impact of ambient
interferences on the tag-reader interaction can be factored out, systematic steps must be taken to mitigate the

localization challenges. Figure 3.4 illustrates two types of challenges that impact the localization performance.

Interference Challenges and their Mitigation Techniques. These types of object localization chal-
lenges take into account both ambient and hardware-based interferences that prevent tags from being located.
Ambient interferences such as radio signal noise (e.g., due to motors, stray tag reads, etc.) and occlusions (e.g.,

due to metals, liquids, etc.) can cause multipath scattering and signal attenuation, which can result in object
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localization errors. We recommend that mitigating techniques such as electrostatic shielding, full Faraday
cycle analysis, and path-loss contour mapping be used to minimize the impact of such interferences on object
localization performance [Swe05]. Moreover, strategically deploying more tags and readers in select regions of
interest may help reduce the adverse effects of previously stated interferences. Furthermore, algorithmically

modulating the reader’s output power-levels, the stray tag read-driven interferences can be minimized.
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Figure 3.4: Object localization challenges — (a) Interference challenges and (b) Placement challenges

Additionally, as mentioned above, there are hardware-specific interferences such as the tag’s variable
radio sensitivity. Tag radio sensitivity is dependent on the tag antenna gain, chip high impedance state, and
threshold power sensitivity [NR08]. Due to manufacturing variability, small changes in the circuit components
of the tag’s hardware (e.g., resistive, capacitive, inductive components, etc.) leads to variability in the tag’s
radio sensitivity, causing non-uniform tag detectability and unreliable RSS behavior that impacts object
localization performance. To address this issue, we perform a pre-processing step of sorting (i.e., binning) the
tags based on their detection sensitivities and RSS behavior. This step ensures that only uniformly sensitive
tags will be deployed in our object localization experiments for obtaining consistent results.

Placement Challenges and their Mitigation Techniques. These types of object localization challenges
involve tag-reader orientation, placement, and locality related issues that cause delays and errors in locating
the tags. For example, several RFID-based object localization approaches depend on the suitable arrangement
of reference tags to locate the target tags. Assuming a sufficient deployment density of reference tags, we
suggest that such tags be regularly placed to achieve higher localization performance [[11.L07]. Moreover, tag

orientation significantly impacts tag detectability and its RSS behavior. Recently, it has been discovered
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that multiple tags that have orthogonal orientations tend to yield higher detectabilities than the parallel
orientations when placed on the same object | , , ]. Our results indicate that the orthogonal
spatial and the horizontal planar orientations improve overall tag detectability [ ].

Additionally, RSS decay models can be orientation-agnostic by characterizing tag orientation, tag-reader
distance, and RSS decay over that distance. Thus, we utilized multi-tags to provide orientation redundancy.
We also developed uniform RSS behavior inclusive orientation-agnostic decay models to enable higher object
localization performance. Furthermore, the Friis transmission equation theoretically characterizes the distance
a radio signal can travel before getting significantly attenuated. However, a variety of interferences and
occlusions affect the practical distance covered by the radio signal. This distance determines the tags’
operating region with respect to the reader. Thus, the reader’s location and proximity to the tags plays a
key role in the tag’s localization performance. We utilized long read-range passive tags optionally combined
with a sufficiently dense and regularly arranged deployment of reference tags to improve the overall object

localization performance.

3.4 Summary

We showed that RFID-based object localization can be potentially used to efficiently utilize resources (e.g.,
time, workforce, money, etc.) in the existing use-cases while enabling unprecedented new applications across
the diverse sectors (e.g., retail, defense, health-care, transportation, etc.).

We defined the problem of locating objects using RFID, provided the theoretical background of estimating
an object’s location using signal strength (i.e., the technique used in our RFID-based object localization
framework and system), noted its limitations, and developed an empirical power-distance relationship based
object localization approach to help locate objects.

We also discussed ways to mitigated several key object localization challenges that manifest due to the
use of RFID technology and its application in different use-cases. We believe that such an analysis, in part,
provides the basis for an informed discussion that paves the way for a wide acceptance of RFID-based object

localization across different sectors.
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RFID-Based Object Localization

Framework

In this chapter, we layout our adaptive, extensible, high-performance, and scalable RFID-based object

localization framework that simultaneously locates multiple stationary and mobile objects in 2D indoor

environments. Our object localization framework consists of several integral components that work together

through various stages to help locate the target objects affixed with passive tags. Figure 4.1 depicts our

framework.
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Figure 4.1: Different stages of RFID-based object localization framework — (a) Tag selection, (b) Tag binning,
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Object localization in our framework starts by procuring a collection of off-the-shelf passive tags and
selecting the tags based on their read-ranges and RSS and read-count behaviors. The result of the tag selection
stage is a set of candidate tags of different types (i.e., vendors, chipset, form factor, etc.) that are most
suitable to the available readers (this stage is shown in Figure 4.1(a)). Consequently, a set of particular types
of candidate tags are sorted by measuring their RSS and read-count behaviors over the tag-reader distance and
reader’s output power-level combinations. This process of tag binning yields set-specific uniformly sensitive
tags (this stage is shown in Figure 4.1(b)).

The following stage of the empirical power-distance relationship, as shown in Figure 4.1(c), then utilizes
such uniformly sensitive tags, on the TX-side, to determine their positions by either algorithmically modulating
the reader’s output power-level or by sensing the proximity of object-mounted mobile readers to stationary
reference tags. On the RX-side, RSS decay models are developed that model RSS decay with respect to
tag-reader distance, taking into account matching tag-reader pairs, tag orientation, and optionally, reference
tags to help locate the target tags. A post-processing stage of hierarchical performance-enhancing heuristics
helps improve the target tags’ position estimates (this stage is shown in Figure 4.1(d)). Following this online
processing step, the target tags’ position can be visualized on modern platforms (e.g., desktops, laptops,
tablets, etc.) to help locate the tagged objects.

We describe below, in detail, the individual stages of our RFID-based object localization framework
by focusing on their scientific hypotheses and providing relevant experimental evidence. To gather the
experimental evidence, we conducted experiments in a realistically noisy environment with irregular geometry
and having a variety of interfering sources such as overhead metal beams, metal-liquid containers, WiFi access
points, servo motors, and bluetooth transceivers. Additionally, we used ThingMagic Mercury4, Mercury6,
and Alien ALR 9900+ readers that were connected with four orthogonally placed antennas and Electronic

Product Code (EPC) generation-2 (Gen2) UHF passive tags with a far-field communication mechanism.

4.1 Tag Selection

To appreciate this stage’s contribution to our overall object localization framework, consider that tags have

different read-ranges (i.e., different tags can be read at different distances from the reader) and have varying
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spatio-temporal RSS and read-counts behaviors [CLEE09, CR11, CMRS13]. Thus, any object localization
approach that uses tags without properly considering these underlying variabilities may not be able to provide
a pragmatic object localization solution. Therefore, the goal is to select only those tags, from a collection of
different tags, that will enable reliable, high performance, and pragmatic object localization. To select such

candidate tags we hypothesize the following.

Hypothesis: A tag selection procedure that considers a tag’s read-range and its RSS and read-
count behavior will select tags that can be read at the longest distances and have uniform RSS
and read-count behaviors over different combinations of the reader’s output power-levels and

tag-reader distance.

To experimentally verify the above hypothesis, we selected candidate tags from a representative tag
collection of passive tags (of different types) by taking into account three different tag metrics: (a) Read
Range (i.e., the longest distance a tag can be read from the reader), (b) Read Count (i.e., the cumulative
read count of a tag read by the reader in a given time), and (c) RSS (i.e., the amount of radio signal strength
backscattered by the tag and received by the reader). Figure 4.2 illustrates a representative collection of 34

EPC Gen2 passive tags with overlaid tag type IDs used in our tag selection experiments.
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Figure 4.2: The 34 EPC Gen2 passive tag types used in the tag selection experiments

Tag Selection using Read Range. We address the problem of selecting tags from a tag collection (e.g.,
tag collection shown in the Figure 4.2) by utilizing the longest distance a tag can be read from the reader and
repeating this for each tag in the collection. We note that selecting tags with longer read-ranges is the key to

minimizing the number of deployed readers that reduces the overall solution cost [CMRS13]. We found that
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tags with type IDs {24, 8-14, 1623, 26-29, 31-34} and {2-4, 8-10, 12-14, 16, 19, 20, 22, 23, 26-29, 33,
34} (as shown in the Figure 4.2) were readable at the maximum distance of nine meters by the ThingMagic
Mercury6 and Alien ALR 9900+ reader, respectively. Furthermore, we note that tag type ID 33 was readable
at the distance of nine meters by the ThingMagic Mercury4 reader. It is important to mention here that the
ThingMagic Mercury4 reader is an earlier version of the ThingMagic Mercury6 reader and that tag type ID 33
was the only available tag on this earlier version of the reader. Figure 4.3 shows the read-range distribution

for the 34 EPC Gen2 passive tags over the ThingMagic Mercury6 and Alien ALR 9900+ readers, respectively.
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Figure 4.3: Read range distribution for the 34 EPC Gen2 passive tags over the ThingMagic Mercury6 and
Alien ALR 9900+ readers

As illustrated in the Figure 4.3, 76.47 % of the tags (i.e., 26 out of 34) on the ThingMagic Mercury6
reader and 58.82 % of the tags (i.e., 20 out of 34) on the Alien ALR 9900+ reader, respectively, were found
to have the maximum read range of nine meters. Thus, tag selection using read range acts as a filter to allow

only those tags that can be read by a reader at the maximum possible tag-reader distance.

Tag Selection using Read Count. Selecting tags based on their read ranges ensures that tags with
the longest read ranges are available for the object localization experiments. However, from the above tag
collection, we need to select only those tags that have the most uniform read count behaviors over the different
combinations of reader’s output power-levels and tag-reader distance. This type of tag selection approach

enables selection of the uniformly sensitive tags with respect to the read count metric. For selecting such
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uniformly sensitive tags, we conducted experiments that measured the cumulative tag read count for all
the tags in the above tag collection over the reader’s output power-levels set of {19.6,25.6,31.6} dBm and
tag-reader distance set of {0.61,1.83,3.05} meters, respectively. We noted that the reason to choose such

power-distance combinations was motivated by the need to balance experimental efficiency and coverage

while drawing meaningful inferences for object localization purposes.
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Figure 4.4: Read count distribution for the 34 EPC Gen2 passive tags over — (a) ThingMagic Mercury6
reader and (b) Alien ALR 9900+ reader (Red markers over the Tag-10 and Tag-14 indicate the read count
behavior at reader’s output power-level of 19.6 dBm and tag-reader distance of 1.83 meters for the ThingMagic

and Alien reader, respectively)
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Figure 4.4(a) and 4.4(b) illustrate the read count distribution for all the tags in the above tag collection
over the ThingMagic Mercury6 and Alien ALR 9900+ readers, respectively. We noted that Tag-10 (i.e., tag
type ID 10) is the most uniformly sensitive tag, using the read count metric, on the ThingMagic Mercury6
reader due to its consistent performance over the different power-distance combinations (i.e., Tag-10 is the
only tag that registers read count at the reader’s output power-level of 19.6 dBm and tag-reader distance
1.83 meters). Similarly, Tag-14 (i.e., tag type ID 14) is the most uniformly sensitive tag on the Alien ALR
9900+ reader. We noted that while it may be possible to identify several uniformly sensitive tags over both

the readers, our experiments found only one tag per reader.

Tag Selection using RSS. Ensuring that the selected tags not only have the most uniform read count
behaviors but also uniformly backscatter reader-transmitted radio signals back to the reader, requires
measuring the tag’s RSS (i.e., received signal strength at the reader). This type of tag selection approach
enables selection of the uniformly sensitive tags using the RSS metric. We conducted experiments to select
such uniformly sensitive tags by measuring the tag’s RSS for all the tags in the above tag collection over
different combinations of reader’s output power-levels and tag-reader distance. To ensure consistency with
the previous tag selection process, reader’s output power-levels and tag-reader distance were iterated over the

set {19.6,25.6,31.6} dBm and {0.61,1.83,3.05} meters, respectively.

Figure 4.5(a) and 4.5(b) illustrate the RSS distribution for all the tags in the above tag collection over
the ThingMagic Mercury6 and Alien ALR 9900+ reader, respectively. We noted that Tag-10 is the most
uniformly sensitive tag using the RSS metric on the ThingMagic Mercury6 reader (i.e., Tag-10 is the only tag
that consistently backscatters reader-transmitted radio signals back to the reader over different power-distance
combinations) while Tag-14 is the most uniformly sensitive tag on the Alien ALR 9900+ reader. We noted

that our experiments found only one type of uniformly sensitive tag each for both the readers.

It is important to mention here that the ThingMagic Mercury4 does not have the RSS measuring capability
and thus, selection using RSS metric was not performed. Following the tag selection process using the above
metrics, we combined the results to determine that Tag-10, Tag-14, and Tag-33 were the candidate tags on
the ThingMagic Mercury6, Alien ALR 9900+, and ThingMagic Mercury4 readers, respectively. The leftover

tags either did not have long enough read ranges or had non-uniform tag read count and RSS behaviors.
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Figure 4.5: RSS count distribution for the 34 EPC Gen2 passive tags over — (a) ThingMagic Mercury6
reader and (b) Alien ALR 9900+ reader (Red markers over the Tag-10 and Tag-14 indicate the RSS behavior

at reader’s output power-level of 19.6 dBm and tag-reader distance of 1.83 meters for the ThingMagic and
Alien reader, respectively)

4.2 Tag Binning

Post selection of the candidate tags, select types of tags will have the longest read-ranges and the most uniform

RSS and read-count behaviors. However, within each tag type set there will still remain radio sensitivity

variability [CR11, CMRS13]. This is due to the fact that the tag’s inherent variable radio sensitivity from

manufacturing variability that caused two separate tags of different types to behave differently would also

cause two separate tags of the same type to behave differently. If such variable sensitive tags are used in the
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object localization experiments it would lead to reduced localization performance. Thus, the goal is to sort or
bin the candidate tags of a particular type on their radio sensitivity and then select such tags that exhibit

uniform radio sensitivity behaviors over the entire set of that tag type. We hypothesize the following.

Hypothesis: A tag binning procedure that takes into account a tag’s RSS and read-count
behavior will bin the candidate tags of a particular type, enabling selection of such tags that have
the most uniform radio sensitivity behavior over different combinations of the reader’s output

power-levels and tag-reader distance.

We experimentally verify the above hypothesis by measuring the tag sensitivity of a set of candidate tags
of a particular type and sorting them according to their sensitivities by utilizing metrics such as (a) Single
Tag Sensitivity Measurements (i.e., measuring the sensitivities of individual tags using read count metric),
(b) Multi-Tag Sensitivity Measurements (i.e., measuring the sensitivities of multi-tags under proximity and
rotation operations using read count metric), (¢) Read Count (i.e., the cumulative read count of a tag read
by the reader in a given time), and (d) RSS (i.e., the amount of radio signal strength backscattered by the
tag and received by the reader). We describe in detail below the tag binning process using the above metrics.
Tag Binning using Single Tag Sensitivity Measurements. This tag binning process was applied only
to the ThingMagic Mercury4 reader, which does not have the tag’s RSS measuring capability. In this
tag binning experiment we had two configurations: (a) constant distance variable power (i.e., keeping the
tag-reader distance constant while varying the reader’s output power-levels) and (b) variable distance constant
power (i.e., varying the tag-reader distance while keeping the reader’s output power-levels constant). For the
first experimental configuration, we gathered a set of 243 Tag-33 (i.e., a tag with tag type ID 33) tags and
placed one batch of four tags at a time at a distance of 2.54 meters from the reader. Consequently, we varied
the reader’s output power-level over the set {25.6,28.6,31.6} dBm and measured the cumulative read counts.

Figure 4.6(a) illustrates the results of the first experimental configuration. We noted that 114 out of
243 tags had a cumulative read count of zero at 25.6 dBm while the remaining tags were found to have a
cumulative read count between 1 and 11. Moreover, we found that most of the 243 tags had a cumulative read
count in the range of 6 and 11 at 28.6 dBm, and at 31.6 dBm tags predominantly showed a cumulative read

count between 5 and 11. We labeled tags as low-sensitive if they had a cumulative read count of less than



Chapter 4 | RFID-Based Object Localization Framework 32

or equal to five at 31.6 dBm due to the fact that if a tag has low read count at the highest reader’s output
power-level then it cannot be considered uniformly sensitive across different power-distance combinations.
Similarly, we labeled tags as high-sensitive if they had a cumulative read count of greater than or equal to
eight at 25.6 dBm. The remaining tags were labeled as average-sensitive. Using this tag binning approach,

we binned 89 tags as high-sensitive, 133 tags as average-sensitive, and 21 tags as low-sensitive.

In the second experimental configuration, we kept the reader’s output power-level constant at 31.6 dBm,

varied the tag-reader distance over the set {1.27,2.54,3.81} meters and measured the cumulative read counts.
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Figure 4.6: Tag binning distribution for the 243 EPC Gen2 Tag-33 tags using single tag sensitivity measure-
ments over — (a) constant distance variable power and (b) variable distance constant power configurations
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Figure 4.6(b) illustrates the results of the second experimental configuration. Using the tag binning
process described previously, we binned 21 tags as high-sensitive, 161 tags as average-sensitive, and 61 tags
as low-sensitive. Consequently, we computed an intersection over both the experimental configurations
derived from average-sensitive tag-sets to arrive at 133 average-sensitive tags. Subsequently, we utilized such

average-sensitive tags in the TX-side object localization experiments.

Tag Binning using Multi-Tag Sensitivity Measurements. We constructed 33 four-way multi-tag
platforms using four average-sensitive Tag-33 tags (see Appendix C for more details on the design of our
multi-tag platform). This step was taken, in part, due to the higher operational reliability provided by the

multi-tags over single tags | , , ]

To ensure tag sensitivity consistency between the multi-tags and their constituent single tags, we performed
multi-tag binning experiments for the two operations: (a) proximity (i.e., measuring the tag sensitivity of a
multi-tag with respect to its constituting single tags) and (b) rotation (i.e., measuring the tag sensitivity of
a multi-tag with respect its axial rotation) and within each operation for two configurations: (a) constant

distance variable power and (b) variable distance constant power.

For the first experimental operation and configuration, we ensured that all four average-sensitive tags of
the four-way multi-tag platform had similar sensitivities. This objective was achieved by measuring the read
counts for all the tags on the multi-tag platform while orienting them to their respective reader antennas
(i.e., tags at position one, two, three, and four on the multi-tag platform were oriented towards the reader
antenna one, two, three, and four, respectively). We measured individual tag’s read count behavior for all
the tags on the multi-tag platform by keeping tag-reader distance constant at 2.54 meters and iterating the
reader’s output power-level over the set {25.6,28.6,31.6} dBm. For the first experimental operation and the
second configuration, we kept the reader’s output power-level constant at 31.6 dBm and varied the tag-reader

distance over the set {1.27,2.54,3.81} meters.

Figure 4.7(a) and 4.7(b) show the results pertaining to the proximity operation for both of the configurations.
It is important to mention here that reader antenna four is the closest antenna to tag four on the multi-tag
platform and thus, explains the consistent higher performance of the tag at that position. We note that,

in general, the four tags on the multi-tag platform have similar sensitivities for different power-distance
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Figure 4.7: Multi-tag sensitivity measurement for proximity operation over: (a) constant distance variable
power and (b) variable distance constant power

combinations.

For the second operation, we rotated the multi-tag platform counter-clockwise and ensured that the

individual tags on the multi-tag platform had a consistently equal sensitivity. The key idea behind this

operation is that while multi-tags can be arbitrarily oriented in real-world deployments, individual tag’s

orientation should not affect the overall multi-tag sensitivity. To achieve this objective for the first configuration,

we kept the multi-tag at a constant distance of 2.54 meters from the reader, varied the reader’s output

power-level over the set {25.6,28.6,31.6} dBm and rotated the tags four times counter-clockwise 90° to
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measure the change in average read counts as one tag is replaced by another in the same position. For the
second configuration, we repeated the rotation operation by keeping the reader’s output power-level constant

at 31.6 dBm and iterated the tag-reader distance over the set {1.27,2.54,3.81} meters.
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Figure 4.8: Multi-tag sensitivity measurement for rotation operation over constant distance variable power —
(a) Tag at position one facing Antenna one, (b) Tag at position two facing Antenna one, (¢) Tag at position
three facing Antenna one, and (d) Tag at position four facing Antenna one

Figures 4.8(a-d) and 4.9(a-d) illustrate the results for the tag binning experiment using multi-tag sensitivity
measurements for the rotation operation with both configurations. We noted that as the multi-tag platform
rotated axially, the individual tags rotated and faced different antennas. It is evident from the results shown
above that the current tag at a particular position retained the read count behavior of other tag that was
previously at that position.

Thus, the tag binning experiments using the multi-tag sensitivity measurements for the proximity and
rotation operations showed that aside from minor variations in the individual tags and multi-tags read count
behaviors, all the multi-tags had uniformly sensitive behavior for different power-distance combinations.
While we expected this outcome, rigorously followed the scientific method, ensuring that the hypothesis could

be verified experimentally.
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Figure 4.9: Multi-tag sensitivity measurement for rotation operation over variable distance constant power —
(a) Tag at position one facing Antenna one, (b) Tag at position two facing Antenna one, (c) Tag at position
three facing Antenna one, and (d) Tag at position four facing Antenna one

On a side note, both single tag and multi-tag sensitivity experiments were limited to Tag-33 on the

ThingMagic Mercury4 reader and should be considered as previous generation results that helped with the
TX-side object localization experiments.
Tag Binning using Read Count. This tag binning process considered Tag-10 and Tag-14 tag types on the
ThingMagic Mercury6 and Alien ALR 9900+ reader, respectively. To ensure that the uniformly sensitive tags
were selected, we performed tag binning experiments that measured the group average read count behavior of
500 tags both of Tag-10 and Tag-14 types. We varied the reader’s output power-level and tag-reader distance
over the set {19.6,25.6,31.6} dBm and {0.61,1.83,3.05} meters, respectively to ensure that meaningful
inferences could be drawn in regards to the tag selection stage.

Figure 4.10 (a)—(i) and 4.11(a)—(i) illustrate the tag binning distribution of 500 tags of Tag-10 and Tag-14
type on the ThingMagic Mercury6 and Alien ALR 9900+ reader, respectively. We note that the overall tag
binning distribution is a collection of nine different power-distance combinations -based distributions with

mean (p) and standard deviation (o).

Table 4.1, 4.2, and 4.3 show nine read-count distributions for the [Tag-10, ThingMagic] and [Tag-14,

Alien] tag-reader pair over the tag-reader distance set {0.61,1.83,3.05} and reader’s output power-level
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Figure 4.11: Tag binning distribution derived using the read count metric for 500 tags of type tag-14 and Alien
ALR 9900+ reader: (a)—(i) show tag read count distributions for nine different power-distance combinations
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Table 4.1: Group read count behavior of candidate tag types at the reader’s output power-level at 0.61 meters

Mean and Standard Deviation of the Selected Tag-Reader Pairs

Statistics, Pairs

[Tag-10, ThingMagic]

[Tag-14, Alien]

(119.6,019.6) (15.83, 0.37) (82.84, 0.86)
(M25.6,025.6) (17.41, 0.31) (84.03, 0.94)
(131.6,031.6) (17.61, 0.32) (78.39, 1.01)

Overall

(16.95, 0.98)

(81.75, 2.97)

Table 4.2: Group read count behavior of candidate tag types at the reader’s output power-level at 1.83 meters

Mean and Standard Deviation of the Selected Tag-Reader Pairs

Statistics, Pairs

[Tag-10, ThingMagic]

[Tag-14, Alien]

(K19.6,019.6) (0, 0) (0, 0)
(H25.6,025.6) (7.82, 0.82) (62.23, 4.88)
(IJ/31.670'31.6) (11.29, 053) (56.11, 306)

Overall

(6.37, 5.78)

(39.45, 34.30)

Table 4.3: Group read count behavior of candidate tag types at the reader’s output power-level at 3.05 meters

Mean and Standard Deviation of the Selected Tag-Reader Pairs

Statistics, Pairs

[Tag-10, ThingMagic]

[Tag-14, Alien]

(M19.670'19.6) (07 0) (07 0)
(1125.6,025.6) (0, 0) (96.72, 5.07)
(131.6,031.6) (6.29, 0.70) (60.01, 3.26)

Overall

(2.10, 3.63)

(52.24, 48.83)

set {19.6,25.6,31.6} dBm, respectively. Furthermore, to select uniformly sensitive tags from each of the
power-distance -based tag binning distributions, we utilized a filtering window of width 20 (i.e., twice the

standard deviation) about the mean per distribution.

For example, considering the [Tag-10, ThingMagic| tag-reader pair, the filtering window of width 20 at
0.61 meters (see Table 4.1) about the overall mean of 16.95 is 1.96. Thus, Tag-10 type tags selected from the
read count interval of [14.99, 18.91] would account for 95.45 % of the uniformly sensitive tags at the 0.61
meters distribution over the reader’s output power-level set {19.6,25.6,31.6} dBm. We applied the above
filtering window to each of the nine power-distance -based tag binning distributions per tag-reader pair and
eliminated the duplicates to determine that 94.6 % of the tags (i.e., 473 out of 500) of Tag-10 type and 93.8
% of the tags (i.e., 469 out of 500) of Tag-14 type were uniformly sensitive using the read count metric for

the ThingMagic Mercury6 and the Alien ALR 9900+ reader, respectively.
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Tag Binning using RSS. This tag binning process was performed on Tag-10 and Tag-14 using the
ThingMagic Mercury6 and Alien ALR 9900+ readers, respectively. A tag’s RSS provides yet another way to
measure its sensitivity, in particular, uniformly sensitive tags gracefully backscatter decreasing amount of
reader-transmitted signal strength as the tag-reader distance increases. Thus, to ensure uniformly sensitive
tags were selected, we measured the group RSS behavior of 500 tags each of Tag-10 and Tag-14 type by
varying the reader’s output power-level over the set {19.6,25.6,31.6} dBm and tag-reader distance over the
set {0.61,1.83,3.05} meters. The reader’s output power-levels and tag-reader distances were kept consistent
with the tag binning process using read count metric and tag selection stage to ensure meaningful inferences

could be drawn. Such uniformly sensitive tags would then be utilized towards RX-side object localization.
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Figure 4.12: Tag binning distribution derived using the RSS metric for 500 tags of type tag-10 and ThingMagic
Mercury6 reader: (a)—(i) show tag RSS distributions for nine different power-distance combinations

Figure 4.12(a)—(i) and 4.13(a)—(i) illustrate the tag binning distribution of 500 tags of Tag-10 and Tag-14
type for the ThingMagic Mercury6 and Alien ALR 9900+ reader, respectively. As previously noted in the tag
binning distribution using the read count metric, the overall tag binning distribution using the RSS metric is

a collection of nine different power-distance combinations -based distributions.
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Figure 4.13: Tag binning distribution derived using the RSS metric for 500 tags of type tag-14 and Alien
ALR 9900+ reader: (a)—(i) show tag RSS distributions for different power-distance combinations

Table 4.4: Group RSS behavior of candidate tag types at the reader’s output power-level at 0.61 meters

Mean and Standard Deviation of the Selected Tag-Reader Pairs

Statistics, Pairs

[Tag-10, ThingMagic]

[Tag-14, Alien]

(M19.6: 019.6)

(-58.85, 0.16)

(4785.82, 267.45)

(,LL25‘6, 025,6)

(-59.65, 0.19)

(5118.09, 205.68)

(M31.67031.6)

(-58.56, 0.22)

(5326.61, 220.80)

Overall

(-59.02, 0.56)

(5076.84, 272.74)

Table 4.5: Group RSS behavior of candidate tag types at the reader’s output power-level at 1.83 meters

Mean and Standard Deviation of the Selected Tag-Reader Pairs

Statistics, Pairs

[Tag-10, ThingMagic]

[Tag-14, Alien]

(H19.6,019.6) (0, 0) (0, 0)
(11256, 025.6) (-67.96, 0.19) (1548.78, 198.02)
(131.6,031.6) (-71.81, 0.22) (1099.20, 131.41)

Overall

(-68.22, 3.46)

(882.66, 796.77)

Table 4.4, 4.5,

and 4.6 show three RSS distributions for the [Tag-10, ThingMagic] and [Tag-14, Alien]

tag-reader pair over the tag-reader distance set {0.61,1.83,3.05} and reader’s output power-level set

{19.6,25.6,31.6} dBm, respectively. As previously noted, we utilized a filtering window of width 2¢ to select

uniformly sensitive tags from each of the power-distance -based tag binning distributions.

For example,
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Table 4.6: Group RSS behavior of candidate tag types at the reader’s output power-level at 3.05 meters

Mean and Standard Deviation of the Selected Tag-Reader Pairs
Statistics, Pairs | [Tag-10, ThingMagic] [Tag-14, Alien]
(19.6,019.6) (0, 0) (0, 0)
(M25.67025.6) (0, 0) (1223.83, 156.24)
(M31‘670‘31‘6) (—7288, 028) (99612, 11580)
Overall (-24.29, 42.08) (739.98, 650.88)

considering the [Tag-14, Alien] tag-reader pair, the filtering window of width 20 at 1.83 meters (see Table
4.5) about the overall mean of 882.66 is 1593.54. Thus, Tag-14 type tags selected from the RSS interval of [0,
2476.2] would account for 95.45 % of the uniformly sensitive tags at the 1.83 meters distribution over the
reader’s output power-level set {19.6,25.6,31.6} dBm. We applied the above filtering window to each of the
nine power-distance -based tag binning distributions per tag-reader pair and eliminated the duplicates to
determine that 66 % of the tags (i.e., 330 out of 500) of Tag-10 type and 69.8 % of the tags (i.e., 349 out of
500) of Tag-14 type were uniformly sensitive using the RSS metric for the ThingMagic Mercury6 and Alien
ALR 9900+ reader, respectively.

Thus, we combined the results from tag binning single tag and multi-tag sensitivity measurements to
arrive at 133 uniformly sensitive passive tags of Tag-33 type. Furthermore, by combining the results of tag
binning experiments using the read count and RSS metrics, we found that 330 tags of Tag-10 type and
349 tags of Tag-14 type were uniformly sensitive. We used Tag-33 type passive tags on the ThingMagic
Mercury4 reader for TX-side object localization while Tag-10 and Tag-14 type passive tags were used on the

ThingMagic Mercury6 and Alien ALR 9900+ reader, respectively for the RX-side object localization.

4.3 Empirical Power-Distance Relationship

After carefully selecting and binning the tags based on their read-ranges, read-count, and RSS behaviors,
tag-reader power and distance relationships must be established for the purpose of object localization.
However, theoretical tag-reader power-distance relationships (e.g., Friis transmission equation described in
(3.1)) -driven approaches cannot be used in practice due to ambient noise, the surrounding environment’s

structural variations, multi-path radio signal propagation, and metal-liquid occlusions | ] (see Appendix A
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for more details on our ambient noise measurements). Thus, an empirically derived tag-reader power-distance

relationship is needed to enable high-performance object localization. Thus, we hypothesize the following.

Hypothesis: A tag-reader power-distance relationship approach that empirically measures the
transmitted and received radio signal power in determining the tag-reader distance will provide

better tag position estimates than the theoretical power-distance relationship.

Such a tag-reader empirical power-distance relationship must take into account both the TX-side and the
RX-side of the radio signals to arrive at the position estimates of the target tags | , ]. More
importantly, on the TX-side, readers that cannot measure the tag’s RSS (e.g., ThingMagic Mercury4 reader)
must provide an alternate way to measure the tag-reader distance. Thus, we develop several power-modulating
algorithms that control the radio signal power emitted by the reader to determine the minimum power
required to detect the tag. Target tags can be located by correlating their minimum tag detection power-levels

with that of the reference tags placed at known locations.

Additionally, both stationary and mobile objects with sufficiently large dimensions (e.g., a fork lift) can
be localized by determining the proximity of object-onboard readers to neighbor reference tags. Thus, we
develop a proximity-sensing algorithm that helps locate objects having onboard readers. On the RX-side,
when readers have the capability to measure the tag’s RSS (e.g., ThingMagic Mercury6 and Alien ALR
9900+ readers), we develop robust RSS decay models that adapt the theoretical power-distance relationships
(e.g., Friis transmission equation described in (3.1)) by incorporating the tags’ uniformly sensitive behaviors,
axial-radial orientations, matching tag-reader pairs, and optionally, reference tags to arrive at target tags’
position estimates. Furthermore, TX-side and RX-side approaches could be combined to provide tradeoffs

between the localization performance and overall solution cost. We describe the TX-side and RX-side object

localization approaches in detail below.

4.3.1 TX-Side Object Localization

An RFID reader typically can transmit radio signals at a given frequency with signal power up to 33 dBm (or

2 Watts) [ ]. Furthermore, modern RFID readers can transmit radio signals at different power-levels
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with a caveat that radio signals with lower signal power would propagate to shorter distances (due to radio
signal attenuation) while radio signals with higher signal power could travel to larger distances.

We use this property of the readers to develop algorithms that dynamically modulate the transmitted
radio signal power (i.e., alter the radio signal power in real-time) to determine the minimum radio signal
power needed to detect (i.e., get a successful tag read) a tag. We repeat this process from several orthogonally
positioned antennas to establish an empirical power-distance relationship of a tag kept at known location (i.e.,
a reference tag) with each of the reader antennas. Consequently, we place a target tag (i.e., a tag that needs
to be located) in the experimental region, derive its empirical power-distance relationship, and correlate that
relationship with the pre-stored reference tag empirical power-distance relationship to arrive at the target

tag’s location estimate. Figure 4.14 illustrates the concept below.

Antenna
Radiation
Pattgrn ,

N i

e \\ Target Tag A ’

Figure 4.14: TX-side object localization — Modulating radio signal power to determine a target tag’s
minimum detection power-level and correlating it with a reference tag to estimate the target tag’s location

In the above figure, a reader antenna’s radiation pattern is defined as the 3D description of the radio
signal transmitted by that antenna to its surrounding environment. We note that while antennas can have
varying radiation patterns (e.g., elliptical, spherical, narrow beam, etc.), spherical-elliptical radiation pattern

is most suitable for object localization due its wider coverage, relatively uniform distribution of radio signal
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power, and low deployment cost | ].

We have developed three algorithms that dynamically modulate the radio signal power to help locate
the objects affixed with passive tags and we call these classes of algorithms the tx-side power-modulating

algorithms. The following algorithmic description provides details about these power-modulating algorithms.

Power-Modulating Algorithm I: Linear Search. In this first algorithm, we linearly increment the
reader-transmitted radio signal power from the lowest to highest power-level (i.e., from 0 dBm to 33 dBm) to
determine the minimum tag detection power-level (i.e., the minimum radio signal power at which the tag
could be read). While this algorithm can find a high-resolution minimum tag detection power-level, it may
take some time to converge due to the linear step-wise power-level incrementing approach. Alternatively, the

power-level can be varied from the highest to lowest power-level in order to detect tags.

Since tags are typically located rather far away from the readers, stepping down the power-level tends to
lower the average number of iterations required to determine the minimum tag detection power-level. We call
this algorithm Linear Search and outline it in the Figure 4.15. As shown in the algorithmic description of

Linear Search algorithm above, the power-level step is controlled using the input parameter PowerStep.

The direction of reader power-level increment (e.g., from lowest to highest, highest to lowest, etc. power-
level) is controlled using the input parameter PowerDirection. At each power-level, a single tag having
the unique tag ID, specified by the input parameter TagID, is searched until either it is found, or else a
search timeout occurs. We note that the reader power-level is set using an internal system variable called
ReaderPowerLevel as shown in line 7 and 23 in the above algorithmic description. Thus, given a set of tags to
be found this Linear Search algorithm operates in a serial manner, to determine the minimum tag detection
power-levels for each given tag. This algorithm provides high resolution minimum tag detection power-level
while having longer overall runtime. Thus, time complexity of the Linear Search algorithm is O(N - P), where
N is number of tags to be located and P is the number of power-levels. For example, if the PowerStep is 1.0
dBm then there are 33 power-levels (or P = 33), however if the PowerStep is 0.5 dBm then there are 66

power-levels with P = 66.

Power-Modulating Algorithm II: Binary Search. Our second algorithm improves the time needed to

determine minimum tag detection power-levels. It starts at a mid-value power-level and steps up or down the
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Input:

Unique tag ID TagID

Power-level step PowerStep
Power-level direction PowerDirection

Output:

Minimum Power-level Power
Power-level TempPower

01 if (PowerDirection = LowToHigh) then {
02 Power = MinPowerLevel

03 repeat {

04 if (Power > MaxPowerLevel) then {
05 | return ‘Tag Not Found’

06 }

07 ReaderPowerLevel = Power

08 search for tags until successful or time-out
09 if (TagID is found) then ({

10 return Power

11 }

12 Power = Power + PowerStep

13 }

14 }

15 else

16 {

17 Power = MaxPowerLevel

18 TempPower = MaxPowerLevel

19 repeat {

20 if (Power < 0) then {

21 | return ‘Tag Not Found’

22 }

23 ReaderPowerLevel = Power

24 search for tags until successful or time-out
25 if (TagID is found) then {

26 TempPower = Power

27 }

28 else

29 {

30 Power = TempPower

31 return Power

32 }

33 Power = Power - PowerStep

34 }

35 }

Figure 4.15: TX-side power-modulating algorithm I — Linear search

power-level based on the reader’s ability to detect any tag at that power-level step. This binary search -based
algorithm tends to converge faster on the minimum power-levels required to detect tags. The direction of the

power-level increment is controlled by using the variable TagFound.

Figure 4.16 gives an algorithmic description of our Binary Search algorithm. We note that the desired



Chapter 4 | RFID-Based Object Localization Framework 46

minimum tag detection power-level convergence-point is determined by the condition that the minimum
and maximum power-levels differ by only the power-level step size, as shown in in line 20 in the algorithmic
description of the Binary Search algorithm. At this point of convergence, the minimum tag detection
power-level is returned through the variable Power. TempPower variable holds the current minimum tag

detection power-level for the given tag.

Input:

Unique tag ID TagID
Power-level step PowerStep

Output:

Minimum Power-level Power
Power-level TempPower

01 TempPower = MaxPowerLevel + 1

02 TagFound = false

03 repeat {

04 Power = (MinPowerLevel + MaxPowerLevel) / 2
05 ReaderPowerLevel = Power

06 search for tags until successful or time-out
07 if (TagID is found) then {

08 TagFound = true

09 if (TempPower > Power) then {

10 | TempPower = Power

11 }

12 }

13 if (TagFound) then {

14 | MaxPowerLevel = Power

15 }

16 else {

17 | MinPowerLevel = Power

18 }

19 if ((MaxPowerLevel - MinPowerLevel) < PowerStep)) then {
20 Power = TempPower

21 return Power

22 }

23 }

Figure 4.16: TX-side power-modulating algorithm IT — Binary search

While the Binary Search algorithm given above searches for tags in an exponentially converging manner,
as opposed to linearly, it requires less time to terminate than the Linear Search algorithm. However, the
Binary Search algorithm is slower in searching for tags than the Linear Search algorithm when the tags can
be found near the antennas. This is due to the fact that the Linear Search algorithm takes fewer iterations to

determine minimum tag detection power-levels for such tags than the Binary Search algorithm. Thus, in a
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small region the Linear Search algorithm may outperform the Binary Search algorithm marginally, however
for longer range of distances the Binary Search algorithm will overall perform better. We note that time
complexity of the Binary Search algorithm is O(N - log{P}), where N is the number of tags to be localized
due algorithm operating in serial manner and P is the number of power-levels.

Power-Modulating Algorithm III: Parallel Search. Our third algorithm addresses the limitation of
locating the tags in serial manner by determining the minimum tag detection power-levels for all the tags in
the reader’s vicinity, in parallel. This Parallel Search algorithm is equivalent to running the Linear Search
algorithm in parallel for all the tags. Figure 4.17 provides an algorithmic description for the Parallel Search
algorithm, which takes as input a list of tags to be found, through the input parameter TagIDSet, and returns

the minimum tag detection power-levels via the variable PowerSet.

Input:

List of unique tags TagIDSet[1..N]
Power-level step PowerStep

Output:

List of minimum power-levels PowerSet[1..N]

01 for TagIndex = 1 to MaxNumTags do {

02 | TagIDSet [TagIndex] = MaxPowerLevel

03 }

04 Power = MaxPowerLevel

05 while (Power = 0) {

06 ReaderPowerlLevel = Power

07 search for tags until successful or time-out

08 for all detected tags in TagIDSet do {

09 update power-level of detected tag in PowerSet
10 }

11 for TagIndex = 1 to MaxNumTags do {

12 lookup tags in TagIDSet with no power-level update in PowerSet
13 }

14 Power = Power - PowerStep

15 }

16 return PowerSet

Figure 4.17: TX-side power-modulating algorithm IIT — Parallel search

We note that only the tags that are detected by the readers are considered for power-level updation, as
shown in line 08-10 in the above algorithmic description. A key step in this algorithm is determining which
tags have reached their optimal minimum detection power-levels by checking the power-levels of tags whose
detectabilities have not changed for a certain number of iterations as shown in line 11-13. The underlying

RFID equipment and protocols are already designed to detect/read multiple tags in a single read phase
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(without causing tag collisions within acceptable limits). Thus, the embedded RFID hardware functionality
is relied upon to achieve the required parallelism (i.e., the simultaneous detection of many tags in a single
reader operation). Our Parallel Search algorithm sweeps from the highest to lowest power-levels, since more
tags tend to be farther away from a given reader than closer to it. Since Parallel Search can determine the
minimum tag detection power-levels of many tags in parallel, it enables the simultaneous localization of
multiple stationary and mobile objects, resulting in faster overall run times per localized object. We note

that time complexity of the Parallel Search algorithm is O(P), where P is the number of power-levels.

Our previous three power-modulating algorithms focused on locating the tags attached to objects while the
next algorithm is directed towards locating the readers, in particular readers that can be mounted on objects
(e.g., fork lifts, large boxes, etc.). The purpose of this algorithm is to help locate object-mounted readers
by determining their proximity to suitably placed reference tags. We call this algorithm proximity-sensing

algorithm and describe it below.

Proximity-Sensing Algorithm: Measure and Report. In this algorithm, we locate the object-mounted
reader by measuring its proximity to the nearest reference tags. In particular, the unique tag IDs encountered
by the objects along their motion path are detected and recorded. A timestamp is associated with each
such measurement, resulting in a list of tuples of the form (TagID, Timestamp). Thus, the trajectory of
the mobile objects is determined by sorting the above list of tuples by timestamps. This proximity-sensing

algorithm is called Measure and Report and its algorithmic description is given in the Figure 4.18.

Input:
Unique tag ID TagID

Output:

Two-tuple with unique tag ID and current timestamp (TagID, TimeStamp)

01 if (TagID is found) then {
02 return (TagID, TimeStamp)
03 }

04 else

05 {

06 | return ‘Tag Not Found’
07 }

Figure 4.18: TX-side proximity-sensing algorithm — Measure and report
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The Measure and Report algorithm runs on the readers onboard the objects and as the mobile object
comes closer to a reference tag, the onboard reader reads its tag ID and associates a timestamp, as shown in
the line 01-03 of the above algorithm description. Since the positions of reference tags are known beforehand,
proximity of the mobile objects to such tags helps in locating them. Time complexity of the Measure and
Report algorithm is O(1).

We note that Measure and Report algorithm is the fastest algorithm, while the Linear Search and
Binary Search algorithms take considerably more time due to their serial manner of operation. The Parallel
Search algorithm takes less time than either the Linear Search or Binary Search algorithm, as its run time
is independent of the number of tags and only depends on the number of power-levels used during the
search operation. We believe that, theoretically, all power-modulating algorithms should provide similar
minimum tag detection power-level resolution. However, in practice, the algorithms that require more time
tend to generate higher resolution minimum tag detection power-levels. This behavior is attributed to
underlying reader hardware that generates higher resolution power-levels when moving linearly from low to
high power-levels than converging exponentially to a power-level. It is important to mention here that the
power-modulating and proximity-sensing algorithms were developed with the ThingMagic Mercury4 reader,

which does not have the tag’s RSS measuring capability.

4.3.2 RX-Side Object Localization

Modern RFID readers have the capability to measure the tag’s RSS | ]. In particular, tag’s RSS reported
by such readers dynamically varies with the tag-reader distance and is utilized to coarsely locate the mobile

target tags by integrating their speed over time as shown below.

D:/O S(t)dt (4.1)

where D is the distance a mobile target tag moves towards or away from the reader starting from the reference
location, t is the duration of time the target tag remains mobile, and S(¢) is the mobile target tag’s speed

during that time. However, the above approach cannot determine the target tag’s absolute positions as the
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target tag must remain mobile during the entire duration of measurements. Thus, the above approach is

ineffective in locating both stationary and mobile target tags.

Thus, to overcome the limitations of object localization capabilities of modern readers and theoretical
power-distance relationships (as defined by Friis transmission equation in (3.1)), we establish the empirical
power-distance relationships by modeling the tag’s RSS decay (i.e., degradation of the tag’s RSS as the
tag-reader distance increases) and taking into account varying tag-reader distance and tag’s orientation.
We call these models RSS decay models. It is important to mention here that tag orientation is a key
variable to consider while modeling the tag’s RSS decay because tags can be arbitrarily oriented in real-world
deployments. Therefore, incorporating tag orientation into the models enables the objects to be localized in
an orientation-free manner. Moreover, this process also eliminates the need to use multi-tags as defined in

the tx-side object localization approach, thereby reducing the overall deployment cost.

We assume that the surrounding environment’s impact on tag’s RSS is statistically invariant (i.e., the
amount of change in tag’s RSS behavior due to the surrounding environment can be carefully characterized
and be deemed invariant). While this assumption may seem counter-intuitive, carefully selecting application
scenarios where the surrounding environment may not change significantly enables minimizing its average-case

spatio-temporal impact on the tag’s RSS and RSS decay models.

For developing our RSS decay models, we considered the reader antenna’s radiation pattern, gradient
relationship between the tag-reader distance and tag’s RSS, and tag’s axial (i.e., tag’s orientation on its axis)

and radial (i.e., tag’s orientation around the reader) orientation as shown below.

Figure 4.19 illustrates measuring a tag’s RSS while considering its axial and radial orientation using
reader antenna’s radiation pattern with spherical volume. While different reader antennas can have different
radiation patterns, we prefer spherical-ellipsoidal shaped radiation patterns as they provide broader radio
signal coverage and lower overall deployment cost. Subsequently, we varied the tag-reader distance over the
range [0, 3.30] meters in steps of 0.127 meters while keeping the reader’s output power-level constant at 31.6

dBm.

To measure the impact on tag’s RSS due to its axial-radial orientation, we planar-rotated the tag on its

axis and around the reader over the interval [0°,90°] in steps of 15° and 30°, respectively. While there may be



4.3 | Empirical Power-Distance Relationship 51

Antenna
Radiation
Pattern

Reader Antenna

Figure 4.19: Measuring tag’s RSS using reader antenna’s radiation pattern and tag’s axial-radial orientation

disparity between the axial and radial orientation step sizes, the need for efficiently covering larger radial area
compared to smaller axial area places such requirements on the step sizes (see Figure 4.19). Furthermore, we

also measured the tag’s RSS at 270° to ensure complete coverage of the reader antenna’s radiation pattern.
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Figure 4.20: RSS decay for (a) [Tag-10, ThingMagic Reader, Axial Orientation], (b) [Tag-10, ThingMagic
Reader, Radial Orientation], (¢) [Tag-14, Alien Reader, Axial Orientation], and (d) [Tag-14, Alien Reader,
Radial Orientation]
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Figure 4.20(a-b) and 4.20(c-d) illustrate the tag’s axial-radial orientation -based RSS behavior for the
[Tag-10, ThingMagic]' and the [Tag-14, Alien]? tag-reader pairs, respectively. We note that the well-defined
RSS behaviors shown above are the result of tag selection and binning steps. Thus, based on the above

methodology, we developed several RSS decay models having the following general expression.

RSS =C - DF (4.2)

where RSS, C, D, and E are the tag’s received signal strength provided by the reader, coefficient, tag-reader
distance, and exponent, respectively. We note that while several different models could be fitted to the
above empirical power-distance relationships, we chose simpler models (such as those defined in (4.2)) that
performed well across two separate goodness-of-fit measures — R? and root mean square error (RMSE). This
approach not only ensures that the developed RSS decay models are a good fit for the empirical power-distance

relationships but also are computationally efficient.

To mitigate the radial gap introduced by the axial-radial orientation step size disparity, we interleaved the
RSS-distance radial orientation data gathered at 30° intervals with the values generated from the coeflicient
and exponent based interpolating functions at 15°, 45°, and 75°, respectively. Thus, we efficiently radial-cover
the radiation pattern while bringing axial-radial orientation step sizes on par with each other. Interpolating

functions for the [Tag-10, ThingMagic] tag-reader pair are shown in (4.3).

Cp =aq - sin [w (9—@2)}
as

Ep = aq - cosh {77 (‘9 - “5” (4.3)

In (4.4), we describe the interpolating functions for the [Tag-14, Alien] tag-reader pair.

1ThingMagic here means ThingMagic Mercury6 reader
2 Alien here means Alien ALR 9900+ reader
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Cg = a7 - cos(f) + as,

E@ = ag - sin(am . 9) +ai
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(4.4)

where 0, Cp, Ep, and {a;...a11} are the radial orientation measured in degrees, coefficients, exponents, and

constants, respectively. We note that while coefficient and exponents could be derived from a variety of

interpolating functions, we used only those functions that were a good fit across the two goodness-to-fit

measures while being computationally efficient. In particular, for the [Tag-10, ThingMagic] tag-reader pair,

the interpolating functions described in (4.3) had the R? and RM SE values of 0.91 and 1.49 for the coefficient

(Cy) and R? and RMSE values of 0.89 and 0.03 for the exponent (Ejy), respectively. Similarly, for the [Tag-14,

Alien] tag-reader pair, the interpolating functions described in (4.4) had the R? and RM SE values of 0.99

and 77.38 for the coefficient while the exponent had the R? and RM SE values of 0.90 and 0.03, respectively.

We now describe the average-case (i.e., a combination of empirically derived tag axial-radial orientation

data-sets with interpolation functions derived tag radial orientation data-sets at 15°, 45°, and 75°) RSS decay

models for both the tag-reader pairs in tables below.

Table 4.7: RSS Decay Models for [Tag-10, ThingMagic| Tag-Reader Pair

Parameter Values for (Axial, Radial) Angles
Degree (0) | Coefficent (Cy) | Exponent (Ey) R? NRMSES{,
(Axial, Radial) | (Axial, Radial) | (Axial, Radial) | (Axial, Radial)
0° (-50.32, -50.32) (0.32, 0.32) (0.95, 0.95) (0.07, 0.07)
15° (-50.62, -51.11) (0.33, 0.32) (0.95, 0.90) (0.07, 0.02)
30° (-50.33, -51.69) (0.33, 0.32) (0.96, 0.92) (0.06, 0.08)
45° (-50.27, -54.97) (0.34, 0.27) (0.96, 0.90) (0.06, 0.02)
60° (-50.89, -54.87) (0.33, 0.28) (0.94, 0.85) (0.08, 0.12)
75° (-50.76, -58.21) (0.32, 0.23) (0.95, 0.90) (0.06, 0.02)
90° (-50.72, -61.57) (0.32, 0.17) (0.96, 0.70) (0.06, 0.12)
270° (-51.53, -62.50) (0.29, 0.12) (0.93, 0.83) (0.08, 0.10)
Overall -53.17 0.29 0.91 0.07

2 R? €[0.0, 1.0}, values closer to 1 indicate better fit

> NRMSE € [0.0,1.0], values closer to 0 indicate better fit

c (NRMSE -

RMSE

RSSpmax—RSSmiInN
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Table 4.8: RSS Decay Models For [Tag-14, Alien] Tag-Reader Pair

Parameter Values for (Axial, Radial) Angles
Degree (0) | Coefficent (Cy) | Exponent (Ey) R?2 NRMSE
(Axial, Radial) | (Axial, Radial) | (Axial, Radial) | (Axial, Radial)
0° (3958.34, 3958.34) (-0.99, -0.99) (0.98, 0.98) (0.03, 0.03)
15° (4069.10, 3733.83) (-0.94, -0.88) (0.97, 0.95) (0.04, 0.01)
30° (4013.29, 3342.66) (-0.93, -0.84) (0.97, 0.95) (0.04, 0.06)
45° (4002.81, 3003.46) |  (-0.92, -0.80) (0.98, 0.95) (0.04, 0.01)
60° (4005.73, 2351.52) |  (-0.83, -0.82) (0.94, 0.98) (0.06, 0.04)
75° (3910.10, 1738.42) |  (-0.79, -0.91) (0.92, 0.95) (0.07, 0.01)
90° (3859.02, 1040.17) (-0.81, -0.94) (0.93, 0.96) (0.07, 0.04)
270° (3937.00, 1024.31) (-0.91, -1.01) (0.97, 0.96) (0.04, 0.04)
Overall 3246.76 -0.89 0.96 0.04

It is important to mention here that we normalized the RM SE values of interpolation function -based
tag radial orientation data-sets with respect to the overall range of observed tag’s RSS values in order to
provide a fair comparison of the fidelity between the empirically and interpolation functions derived data-sets.
We call these normalized root mean square error values as NRMSE. We note, in the above table, that
different readers may return the tag’s RSS value in different units® (e.g., ThingMagic Mercury6 reader returns
RSS values in dBm units while Alien ALR 9900+ reader provides unitless RSS values). Post-development
of the RSS decay models, several stationary and mobile objects affixed with target tags can be located by
combining target tag’s real-time RSS values, translated to distance measurements by applying (4.2), with

planar trilateration | | (see Appendix D for more details on the planar trilateration).

While the object location system can exhibit spatio-temporal drifts, such drifts can be accommodated
by performing either periodic or on-demand in-situ calibrations. This observation is consistent with the
overall design philosophy for our object localization framework and location system that focuses on robustness
through need-based calibration. To mitigate such drifts and help sustain object localization performance,
uniformly sensitive reference tags can be combined with the k-nearest neighbor algorithms to estimate the
model parameters. Furthermore, the RSS decay model parameters can evolve in different ambient physical

conditions by employing modern sensor-tags | ]

Power(dBm)—30
10

3Power(Watts) = 10
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4.4 Performance-Enhancing Heuristics

Localization errors manifest in our object localization framework and location system due to the use of
reference tags, limited read-range of object-onboard readers and tags, inherent estimation, calibration, and
modeling errors in the TX-side power-modulating and proximity-sensing algorithms and RSS decay models.
Figure 4.21 illustrates a key source of localization errors based on reference tags.

In particular, we note in the figure that the choice and manner of selection of neighbor reference tags
(i.e., which reference tags to be considered neighbors to the target tag) impacts the object localization error.
Moreover, the method (i.e., a heuristic) of selecting neighbor reference tags should be computationally efficient

in order to achieve high localization performance.

Heuristic
Antenna | 7 Based
Radiation | . J— A Localization
Pattern . Error

Referenée Tag

Target TaQ ,,

Reader Antenn

Figure 4.21: Manifestation of localization errors through the use of reference tags

4.4.1 TX-Side Heuristics

We now describe performance-enhancing heuristics that are utilized by TX-side object localization approaches
(i.e., power-modulating and proximity-sensing algorithms) to help improve the localization performance.

There are four different types of heuristics as described below.
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Heuristics Type I - Absolute Difference. This heuristic computes the absolute difference of the reader
power-levels between the neighboring tags and the onboard target tag. Four such heuristics are described

below.

/M
Hl . A§3n <Z AI (RJ)) (45)
=1
4 M M
Hj : VJ,%Z};K (Z Ar(Ry)+ Z A (RK)> (4.6)

) M M
H3 : viKehIsK <Z Ap (RJ)+ZAI (RK)> (4.7)

I=1 I=1

Hy : vikeosx (ZAI (Ry)+>_A; (RK)> st Y Ar(Ry) < Y A;r(Rk) (4.8)
=

I=1

Heuristics Type II - Minimum Power Reader Selection. This heuristic computes the absolute
difference of the power levels between the neighboring reference tags and the onboard target tag using the

minimum power-levels of two orthogonally-positioned readers. Two such heuristics are described below.

Hs : yitcagerx (Ag(T) + Ag (T)) (4.9)

Hg - VJ,Kgé?J;eK (A (T)+ Ak (T)) (4.10)
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Heuristics Type III - Root Sum Square Absolute Difference. This heuristic computes the square
root of the sum of the squares of the absolute difference in reader power-levels between the neighboring

reference tags and the onboard target tag. Four such heuristics are described below.

M
H7 : J\g}n ZAI (RJ)2 (411)
=
M M
Hs : wyitger (| DA (R + |3 A (Rk)? (4.12)
= =
M M
Hy : viKes.+x SOALR)?H+ | DA (Rk)? (4.13)
= =

M M M M
Hyo = vixesiorr | 1| D ATR)*+ [ D Ar(Re)? | st (| D Ar(R)? < | D Ar(Rx)? (4.14)
I=1 I=1 I=1 I=1

Heuristics Type IV - Meta-Heuristic. This meta-heuristic computes the minimum over all the power
levels obtained using the above heuristics. The description of meta-heuristic that yields the least tag detection

power-levels is given below.

Hyy o N (Hp) (4.15)

where the variables in the above expressions have the following denotations.
{J, K, L} : Assorted variables

T = Target tag
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R; = Reference tag J

H = Heuristic

Power = Minimum tag detection power-level
M = Number of readers

B = Set of neighbors

Ar(R) = |Power(T) — Power(R)| using reader I

4.4.2 RX-Side Heuristics

We now describe performance-enhancing heuristics that are utilized by RX-side object localization approaches
(i-e., RSS decay models) to help improve the localization performance. There are three different types of
heuristics as described below.

Heuristics Type I - Average. This heuristic computes the average over K nearest neighbor reference

tags’ positions and treat that as the position of target tag. One such heuristic is described below.

K
1
H, : Heuristic :—E RT, 4.16

N Vdexv.z) K~ ! (4.16)

Heuristics Type IT - Weighted Sum. This heuristic computes a weighted sum over three nearest neighbor
reference tags’ positions and utilizes that as the position of target tag. Weights (i.e., ¢,,) are determined
based on the need to better distinguish the individual reference tags’ position-error contributions. One such

heuristic is described below.

3

H, : Heuristicqg = Z cn - RTy 4 (4.17)

Vde(X,Y,Z) 1T}

Heuristics Type III - Meta-Heuristic. This meta-heuristic minimizes the Euclidean distance between

the target tags’ position estimates derived from the primary heuristics and RSS decay models.
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Hip et : argmin (L\/EZQX + E2y + EEZD (4.18)
VH,eH ' ’ '

where the variables in the above expressions have the following denotations.
{a, i, 7, m,n, K, X, Y, Z} : Assorted variables

¢n, ¢ Series of weight coefficients such that > ¢, = 1.0

d : Axis in the Euclidean space R3*

RT : Reference tag

H : Set of heuristics

E; m : Error metric (H;m — Im)

H; ,, : Heuristic ¢ based tag distance along the axis m

I, : RSS decay models based inferred tag distance along the axis m

We utilize both the TX- and RX -side performance-enhancing heuristics in an online-step after determining
the tag’s location. Thus, it is important for these heuristics to be computationally efficient in order to provide
sustained high object localization performance. Furthermore, the hierarchical structure of heuristics enables
future extensibility while simultaneously improving object localization performance (i.e., as new heuristics
are developed they can be easily added to further improve the meta-heuristics as well as the overall object
localization performance). See chapter 5 for understanding the impact of performance-enhancing heuristics

on object localization performance.

4.5 Summary

To address the problem of locating objects using RFID, we developed an RFID-based object localization
framework consisting of different stages that work together to provide reliable and high-performance object
localization. Furthermore, we note that tags have varying read-ranges, read-count and RSS behaviors due to

manufacturing variability. Thus, to minimize the impact of tag’s performance variability, we selected and
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binned (or sorted) the tags based on their read-ranges, read-count and RSS behaviors. Consequently, we
utilized such uniformly sensitive tags in empirically establishing power-distance relationships. Our object
localization approach that is based on empirical power-distance relationships can be split into TX-side and
RX-side object localization approaches.

In the TX-side object localization, we developed power-modulating and proximity-sensing algorithms to
help locate tags and readers. We note that this approach is particularly useful when the readers do not have
the capability to measure a tag’s RSS. We also developed a multi-tag platform to help improve tag detection
probabilities. In the RX-side object localization, we modeled RSS decay with respect to tag-reader distance
and its axial-radial orientation. Such models can be utilized to locate tags with the help of modern readers
that have tag’s RSS measuring capability. We also developed a number of performance-enhancing heuristics
that help improve the localization performance of the object localization framework and location system.

We believe that our empirical approach to locating objects will provide reliable and high-performance
localization results and become a key component in diverse applications (e.g., locating items in warehouses,

location-based advertisements, location-sensitive energy management, etc.).



Chapter 5

Experimental Evaluation

In this chapter, we describe the experimental setup used to evaluate our RFID-based object localization
framework, present the results highlighting different aspects of our location system, and discuss their

implications.

5.1 Experimental Setup

We evaluated our RFID-based object localization framework by developing a location system using the
ThingMagic Mercury4, ThingMagic Mercury6, and Alien ALR 9900+ readers. This location system was
deployed in the RFID/Algorithms Lab at the Department of Computer Science, University of Virginia. The
lab environment, with a volume of 227 cubic-meters, served as a realistic test-bed for our location system
due to the presence of a variety of interfering sources including overhead metal beams, randomly placed
moisture-laden wooden objects, WiFi access points, and Bluetooth transceivers. Within this environment, an
experimental setup of 16 cubic-meters was constructed for the tag-reader placement. We utilized numerous
different types of EPC Gen2 compliant tags for evaluating our location system. Furthermore, we also developed
several mobile robots using Lego Mindstorms kit with onboard HP iPAQ hx2490 personal digital assistant
(PDA), iDtronic Voltaire portable compact flash (CF) UHF readers, and multi-tags for programmatically

controlling the objects’ motion.
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Figure 5.1: Experimental setup for evaluating our RFID-based object localization framework — (a) TX-Side
and (b) RX-Side
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| Experimental Setup

Figure 5.2: Close-up view of our mobile robot based track system — (a) Side-view and (b) Top-view
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Table 5.1: Technical Specifications of the Experimental Setup

Type Component Details
Host Machine CPU AMD Athlon 64 @ 2 GHz
RAM 4 GBytes
Hard Disk 100 GBytes
0S Windows 7
PL CH++, C+#, and Java
RFID Equipment Reader ThingMagic Mercury4
ThingMagic Mercury6
Alien ALR 9900+
iDtronic Voltaire CF-UHF
Antenna Linear with 6 dBi gain
Protocol EPC Gen2

Reference Tags

132 Tag-33 type
192 Tag-10 type
192 Tag-14 type

Environment Region Volume 16 cubic-meters
Lab Volume 227 cubic-meters

Robots Kit Lego Mindstorms
Onboard Control PDA HP iPAQ hx2490
Onboard Link Wireless Bluetooth Dongle

64

Figure 5.1 and Table 5.1 illustrate our experimental setup for our RFID-based object location system
and its technical specifications, respectively. The above figure also shows the Lego railroad track that was
used to conveniently move the mobile robots along the pre-determined paths. Figure 5.1(a) illustrates the
TX-side setup wherein the power-modulating algorithms combined with reference multi-tags helped locate
the onboard multi-tags. Furthermore, in the same setup, proximity-sensing algorithms running onboard the
mobile robots assisted in locating them by reporting the reference tags’ IDs read during the mobile robots’
motion-path to a host machine. Figure 5.1(b) shows the RX-side setup wherein tag-orientation -agnostic RSS

decay models were used to locate mobile robots with onboard single tags. Figure 5.2(a) and 5.2(b) show

close-up view of our mobile robot based track system from the side and top, respectively.

As previously noted, multi-tags are not required in the RX-side object localization experimental setup
due to RSS decay models being tag orientation-inclusive, thereby eliminating the need for multi-tags. In
both the experimental setups, we utilized planar-spatial trilateration (see Appendix D for more details on
the planar-spatial trilateration) as the underlying approach for locating the stationary and mobile objects.
Additionally, all the localization data collected at the host machine was wirelessly transferred to several

tablets (e.g., iPad, Samsung Galaxy Tab, etc.) to help visualize the target tags’ positions.
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While the experimental setup may be small (i.e., 16 cubic-meters), it enables fine-grained control of
the variables involved in the experiment. We note that the mobile robots used above have a somewhat
bounded speed due to the inherent computational delays as well as the reader’s operational speed. Thus,
while mobile robots may move several meters/second independently, high performance object localization
requires slower speeds. Such locomotion speed limitations were also found to be present in other mobile object
localization approaches [ ]. Tt is possible that in the near-future high performance object localization
can be achieved for mobile objects moving at much higher speeds with the help of advancements in RFID

technology.

5.2 Results and Analyses

We performed extensive experiments to determine the capabilities and limitations of our RFID-based object
localization framework and system. These experiments were grouped according to the TX- and RX -side
object localization aspects of our framework. In particular, on the TX-side, we compared the theoretical
power-distance relationship (as characterized by the Friis transmission equation in (3.1)) with the empirically
measured power-distance relationship to highlight their variation differences. This variation difference between
the theoretical and empirical power-distance relationship is key to understanding its impact on the object
localization accuracy.

Furthermore, we reported the overall object localization accuracy results. We also measured the object
localization time and variability in the minimum tag detection power-level due to the power-modulating
algorithms. Moreover, we also determined the effect of power-step size on the variability in minimum tag
detection power-level for each of the power-modulating algorithms. This is important in establishing a tradeoff
between the minimum tag detection power-level (and thus, object localization accuracy) and localization time
required by the power-modulating algorithms. Finally, we also measured the impact of reference tag density
on the object localization accuracy. It is important to mention here that the TX-side object localization
experiments were performed on the ThingMagic Mercury4 reader and Tag-33 type.

On the RX-side, we present the object localization accuracy results for the stationary as well as mobile

objects using both the [Tag-14, Alien] and [Tag-10, ThingMagic] tag-reader pairs. We also measured the
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object localization accuracy of the stationary and mobile objects by combining the tag-reader pairs. This
combined measurement is different from individual measurements because it allows us the determine the
performance of tags with readers with which they were not paired (e.g., object localization performance of
objects tagged with Tag-14 type using the ThingMagic Mercury6 reader). In addition to the above results,
we also measured the impact of locating a large number of objects on the overall object localization accuracy
of our location system. These measurements allow us to determine the degree of scalability (in the number of

objects) of our location system, which is a key requirement in real-world deployments.

We also located several objects in large-scale environment to determine the object localization performance
of our location system. This ensures that our location system can scale to larger environments and helps us in
understanding its operational behavior in such a setting. We also measured the impact of locating stationary
and mobile objects as a function of reference tag density. These measurements allow us to determine the
role of reference tag density in the overall object localization accuracy. We note that a similar tradeoff was
observed in our TX-side object localization approach. As our RX-side object localization approach can work
without the multi-tags and reference tags, it is interesting to observe the performance improvements derived

by utilizing the reference tags in combination with RSS decay models.

It is important to mention here that the RX-side object localization experiments were performed using

the Tag-10 and Tag-14 type with the Alien ALR 9900+ and ThingMagic Mercury6 readers, respectively.

5.2.1 TX-Side Object Localization Results and Analyses

We now describe the TX-side object localization experiments, results, and their implications in detail below.

Theoretical versus Empirical Power-Distance Relationship. In this experiment, we compare the
theoretical power-distance relationship as defined by the Friis transmission equation (see equation 3.1) with
the empirically derived power-distance relationship to ascertain the difference in their behavior. To verify this
difference in power-distance relationship behavior, we plotted the Friis transmission equation for different
radio signal attenuation rates. In particular, the radio signal attenuates by the fourth power of distance in

the Friis transmission equation (i.e., d%) and for this comparison we chose an attenuation factor N while



5.2 | Results and Analyses 67

varying it between 2 and 6 (i.e., U%N, where N € [2, 3, 6]). Separately, we empirically measured the minimum

tag detection power-level required for a uniformly sensitive tag by gradually varying the tag-reader distance.
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Figure 5.3: Comparison between theoretical and empirical power-distance relationships

Figure 5.3 shows the comparison between the theoretical and empirical power-distance relationship. We
note that at the radio signal attenuation rate equal to two (i.e., C%N, where N = 2), the theoretical reader
output power required to detect the tag is less than its empirically derived measurements.

Moreover, the theoretical reader output power required to detect the tag at the radio signal attenuation
rate of six (i.e., U%N, N = 6) is significantly more than its empirical measurements. We found that the
empirical estimates were between the theoretical attenuation rate of two and three (i.e., d%\,, where N € [2,
3]). This may lead to a conclusion that the theoretical value of N between two and three (e.g., diN, where N
= 2.5), would enable empirical and theoretical power-distance relationships to behave similarly. However, it
should be noted here that the structure of the test environment plays a significant role in determining the
empirical power-distance relationship, which can be theoretically approximated in hindsight but may not be
predicted in advance.

A key side-effect of ensuring that the tags were uniformly sensitive is that they can be ruled out from
being an interfering source (i.e., ambient environment, metal-liquid containers, etc. are considered as sources

that interfere with radio signal propagation). Thus, the narrow range of 95 % confidence-interval, as shown
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in the Figure 5.3, over the empirical power-distance measurements ensures that not only tags’ behavior have
been well characterized but also the ambient environment’s impact on the reader output power is well defined
(i.e., statistically invariant).

Localization Accuracy. In this experiment, we measured the object localization accuracy of the power-
modulating algorithms. For measuring the localization accuracy, we placed a uniformly sensitive tag at a
fixed distance from the reader and used the different power-modulating algorithms to locate it. In particular,

we measured the overall localization accuracy.
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Figure 5.4: TX-Side object localization accuracy — Overall (2D)

Figure 5.4 illustrates the overall localization accuracy. As evident from the results above, the inferred
location estimates derived using the power-modulating algorithms closely approximate the actual positions of
the target tag at most of the measurements points. A few locations where the localization accuracy was not
good comparatively (e.g., measurement point 10) was due to target tag being present at a location where
radio signals were partially available. It is important to mention here that the above localization results were
derived using a combination of power-modulating algorithms.

Localization Time. In this experiment, we measured the object localization time for each of the power-
modulating algorithms. To measure the localization time, we varied the distance between the target tag and

reader’s antenna while measuring the target tag’s minimum tag detection power-level.
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Figure 5.5: TX-Side object localization time

Figure 5.5 shows the localization time for all the power-modulating algorithms. We note that the Linear
Search (LH) algorithm (i.e., a variant of our Linear Search algorithm which modulates the reader output
power from low to high power-level) takes fewer steps to determine the target tag’s minimum tag detection
power-level when the tag is closer to reader’s antenna and it takes more steps (and thus, higher minimum tag
detection power-level) at larger tag-reader distance. This behavior is also exhibited by the Binary Search
algorithm. However, as the Binary Search algorithm needs fewer steps to determine target tag’s minimum tag
detection power-level than the Linear Search (LH) algorithm, its overall minimum tag detection power-level

is lower than the Linear Search (LH) algorithm.

For the Linear Search (HL) algorithm (i.e., a variant of our Linear Search algorithm which modulates
the reader output power from high to low power-level), the total number of steps taken to determine the
target tag’s minimum tag detection power-level is greater at the shorter tag-reader distance. However, as the
tag-reader distance increases, the steps needed to determine target tag’s minimum tag detection power-level

decreases thereby leading to a lower minimum tag detection power-level.

This behavior is also demonstrated by the Parallel Search algorithm that determines the minimum tag
detection power-level of 33 multi-tags. Thus, considering the localization time taken by each of the power-

modulating algorithm, it should be relatively straightforward to note that the overall amortized localization
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time (i.e., total time taken to locate a number of tags divided by the same number of tags) is the lowest for
the Parallel Search as it simultaneously locates the tags. Binary Search algorithm is the next best performing
algorithm while Linear Search (HL) performs third best. Linear Search (LH) algorithm takes the most time
to locate the tag. It is important to mention here that while Parallel Search algorithm was the fastest its
localization accuracy resolution was lower compared to the Linear Search (LH) algorithm. Thus, we find a
localization accuracy and time tradeoff which can be utilized as per application requirements (see Table 5.2

for more details on the localization accuracy and time tradeoff).
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Figure 5.6: Variability in minimum tag detection power-levels -based on different power-modulating algorithms

Algorithmic Variability in Minimum Tag Detection Power-levels. In this experiment, we measure
the variability in the minimum tag detection power-levels for all the power-modulating algorithms. To
accomplish this, we varied the distance between a target tag and reader’s antenna while measuring its
minimum tag detection power-level and repeat this for all the power-modulating algorithms. Figure 5.6
illustrates the minimum tag detection power-level variation for all the power-modulating algorithms. We note
that when the tag-reader distance is small, the Linear Search (HL) algorithm (i.e., high to low reader output
power-level variant of the Linear Search algorithm) and Parallel Search algorithm show more variability than
the Linear Search (LH) algorithm (i.e., low to high reader output power-level variant of the Linear Search
algorithm) and Binary Search algorithm. This may be due to the fact that both Linear Search (HL) and

Parallel Search algorithm modulate the reader output power-level from high to low and thus, tend to overshoot
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at shorter tag-reader distances (smaller measurement point numbers correspond to shorter tag-reader distance).
However, these variations disappear at longer tag-reader distances as all the power-modulating algorithms
tend to stabilize.

The key observation here is that at shorter tag-reader distances it may be useful to utilize the Linear
Search (LH) and Binary Search algorithms due to their consistent performance while at larger tag-reader
distances all the algorithms can be used to locate the tags. Furthermore, since at larger tag-reader distances
all the power-modulating algorithms exhibit similar variations in the minimum tag detection power-levels, it

may be worthwhile to use the Parallel Search algorithm due to its lower localization time.
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Figure 5.7: Impact of power-step size on TX-Side object localization accuracy

Impact of Power-step Size on Localization Accuracy. In this experiment, we measured the impact of
power-step size (i.e., the step size used to jump between two reader output power-levels) on object localization
accuracy. To understand the nature of this impact, we varied the power-step size, measured the minimum tag
detection power-level needed to detect the target tag, and repeated this process for all the power-modulating
algorithms. Figure 5.7 shows the impact of power-step size on the minimum tag detection power-levels (and
thus, the localization accuracy) over all the power-modulating algorithms. We note that the Linear Search
(HL) algorithm (i.e., high to low reader output power-level variant of the Linear Search algorithm) tends to
provide lower minimum tag detection power-level estimates at the power-step size of 0.25 dBm and 0.50 dBm,

respectively. Furthermore, the Linear Search (LH) algorithm (i.e., low to high reader output power-level



Chapter 5 | Experimental Evaluation 72

variant of the Linear Search algorithm) has the least minimum tag detection power-level at 0.25 dBm while
Binary Search algorithm consistently provides minimum tag detection power-level across all the power-step

sizes. Parallel Search algorithm has the highest minimum tag detection power-level at 0.50 dBm.

Since the goal of TX-side object localization approach is to determine the least possible minimum tag
detection power-level of the target tag and correlate that to prior-stored reference tag empirical power-distance
relationships, it may be useful to utilize the power-modulating algorithms with the power-step sizes where
they achieve the least minimum tag detection power-levels. Thus, for the Linear Search (HL), Linear Search
(LH), Binary Search, and Parallel Search power-modulating algorithms those power-step sizes are [0.25, 0.50]

dBm, 0.25 dBm, [0.25, 0.50, 0.75, 1.0] dBm, and 1.00 dBm, respectively.
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Figure 5.8: Impact of reference tag density on TX-Side object localization accuracy

Impact of Reference Tag Density on Localization Accuracy. In this experiment, we measure the
impact of reference tag density on object localization accuracy. In particular, we vary the number of reference
tags to determine its role in impacting (i.e., either increasing or decreasing) the localization accuracy. To
achieve this objective, we place a target tag in a region already consisting of 33 reference multi-tags. We then
measure the target tag’s localization accuracy by gradually removing one reference multi-tag at a time. Figure
5.8 shows the impact of reference tags on localization accuracy. We note that as the reference tag density

increases the overall localization accuracy of target tag improves. However, beyond a point of diminishing
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return (i.e., when the total number of reference tags are 22 or more), the localization accuracy does not
appreciably improve. Thus, this experiment enables us to determine a fine balance between the number of
reference tags that may be sufficient to achieve the given localization accuracy. It is important to note here
that the required optimal reference tag density will vary based on the size of experimental region and desired

localization accuracy.
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Figure 5.9: A desktop application -based visualization tool for illustrating the TX-Side object localization

Visualization. We developed a desktop computer -based visualization tool for helping locate the target
tags. This tool enables the user to experiment with various parameters including choice of power-modulating
algorithms, performance-enhancing heuristics, number of antennas to consider when computing the localization
accuracy, and availability or lack of thereof of reference tags. Figure 5.9 illustrates a visual representation of
the experimental region, placeholders for reference and target tags, connecting lines between the neighbor
reference tags and their corresponding target tags to represent localization error as Euclidean distance, and a
variety of statistics (e.g., the minimum, maximum, average-case localization accuracy for a given configuration
of parameters, etc.). Thus, using this visualization tool can enable the user (i.e., location system developer,

researcher, end-user, etc.) to locate the target objects affixed with tags in a 2D environment.
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5.2.2 RX-Side Object Localization Results and Analyses

We now describe the RX-side object localization experiments, results, and their implications in detail below.
Stationary Object Localization Accuracy. In this experiment, we simultaneously located several
stationary objects using the RSS decay models based approach and measured their object localization
accuracy. In particular, we placed three stationary objects at three separate locations and used the RSS

decay models based approach to locate them.
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Figure 5.10: RX-Side stationary object localization accuracy — Overall (2D)

Figure 5.10 shows the result for the stationary object localization. It is evident that the inferred location
estimates for the three stationary objects closely follow their actual locations. We determined that the
stationary object localization accuracy using the [Tag-14, Alien| tag-reader pair is in the range of [0.42, 0.60]
meters while it is in the range of [0.22, 0.40] meters for the [Tag-10, ThingMagic|] tag-reader pair.

Mobile Object Localization Accuracy. In this experiment, we located a mobile robot (as shown in the
Figure 5.1) using RSS decay models based object localization approach. In particular, we measured the
mobile robot’s location at 16 different positions over the Lego track system.

Figure 5.11 illustrates the result for the mobile object localization using our RSS decay models based
approach. We note that the inferred location estimates of the mobile robot closely match with its actual

position on the track. A key observation here is that the time taken to locate mobile objects places a
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Figure 5.11: RX-Side mobile object localization accuracy — Overall (2D)

upper-bound on the speed with which the mobile robot can move. In our experiments, we determined that

this speed for the mobile robot was 0.2 meters per second for the object localization time of four seconds.

Mixed Stationary Object Localization Accuracy. In this experiment, we simultaneously located three
stationary objects placed at three separate locations using the RSS decay models based object localization
approach. The key difference between this experiment and previously mentioned stationary object localization
experiment is that in this experiment objects affixed with target tags were located using a combination of two
ThingMagic and two Alien reader driven antennas as opposed to separate object localization using individual
tag-reader pairs. In order to appreciate the importance of this experiment, consider that in many real-world
scenarios different types of tags are to be localized using a variety of readers and thus, placing restrictions
only the type of tags and readers that can be matched for localization purposes can be a counter-productive

and expensive operation.

Figure 5.12 shows the results pertaining to mixed tag-reader based stationary object localization. We
note that using mixed tag-reader pairs, objects affixed with Tag-14 type were located with accuracy range
of [0.44, 0.75] meters while objects affixed with Tag-10 type were located with an accuracy in the range of
[0.37, 0.43] meters. It is important to observe here that even though mixed tag-reader pairs were used in

this localization experiment the localization accuracy range is comparable to stationary object localization
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Figure 5.12: RX-Side mixed stationary object localization accuracy — Overall (2D)

accuracy range that was mentioned previously. Thus, our localization system allows for locating tags using

different readers while sustaining high performance localization.

Mixed Mobile Object Localization Accuracy. In this experiment, we locate a mobile robot using RSS
decay models and mixed tag-reader pairs. In particular, we measured the location of mobile robot at 16
different positions over the Lego track (as shown in the Figure 5.1). The key difference between this experiment
and previously mentioned mobile object localization experiment is that in this experiment the mobile robot
is located using mixed tag-reader pairs while in the previous experiment individual tag-reader pairs were
utilized. This configuration of experiments is important from the perspective of real-world deployments of
our location system, wherein different tags can be located using selected readers thereby providing low-cost

sustained high-performance that is not behooved to only a few tag-reader pairs.

Figure 5.13 shows the results pertaining to mixed mobile object localization. It is evident that the inferred
location estimates closely follow the actual locations of the mobile robot except at a few locations (e.g.,
measurement point 15) where the radio signals were partially available. We note that overall localization
accuracy range using the Tag-14 type is [0.76, 0.84] meters while for the Tag-10 type is [0.79, 0.84] meters.
These results compare favorably to mobile object localization results using individual tag-reader pairs. Thus,

our location system can locate different type of tags without reducing the overall localization accuracy.
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Figure 5.13: RX-Side mixed mobile object localization accuracy — Overall (2D)

Impact of Locating Large Number of Objects on Localization Accuracy. In this experiment, we
measured the impact of simultaneously locating large number of objects on the overall localization accuracy of
our object location system. In particular, we gradually increased the number of objects to be simultaneously
located from 20 to 100 in steps of 20 objects and measured the overall object localization accuracy using the
RSS decay models for both the tag-reader pairs. This is an important experiment to perform as it allows us to
determine whether our location system can locate large number of object simultaneously without significantly

degrading the overall localization performance.

Figure 5.14 shows the object localization accuracy for different number of objects located (the dotted
lines show the overall average object localization accuracy for both the tag-reader pairs). It is evident that
the object localization accuracies for different number of objects located compares favorably with the overall
average object localization accuracy and individual and mixed stationary and mobile object localization
accuracies. Thus, our location system can simultaneously locate a large number of objects while sustaining

high-performance localization.

Impact of Locating Objects in Larger Environment on Localization Accuracy. In this experiment,
we measured the impact of simultaneously locating several objects in an environment larger than the RFID

Lab. In particular, we located three stationary objects simultaneously at the Digital Media Lab situated
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Figure 5.14: Impact of locating large number of objects on the RX-Side object localization accuracy (Red
and Blue arrows indicate the overall average for both tag-reader pairs)

in Robertson Media Center of the University of Virginia. The experimental region had a volume of 29.48
cubic meters. This experiment is key to understanding whether our object location system can locate objects
beyond the the RFID Lab environment, which is important because real-world deployments would differ in
size, structure, number and type of objects present in the surrounding environment, ambient environment
noise, and other interferences and occlusions. We only utilized the [Tag-10, ThingMagic] tag-reader pair to
evaluate the experiment as it balances examining the issue at hand with efficient experiment process.
Figure 5.15 shows the experimental setup at the Digital Media Lab. Figure 5.16 illustrates the results
pertaining to locating objects in larger environment. It is evident that the inferred object location estimates
closely follow their actual positions. We determined that the overall object localization accuracy was 0.32
meters, which is better than the object localization accuracy derived at the RFID Lab. It is important to
consider these results within the context of ambient noise (see Appendix A for more details on ambient noise
data-sets and plots) and its impact on object localization accuracy. In particular, we found that the RFID
Lab is less noisy than Digital Media Lab and thus, the overall improvement in object localization accuracy is
even more significant under these observations.
Impact of Reference Tag Density on Localization Accuracy. In this experiment, we measured the

impact of reference tag density on object localization accuracy. In particular, we varied the number of
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Figure 5.15: Experimental setup for evaluating the impact of locating objects in larger environment on the
object localization accuracy
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Figure 5.16: Impact of locating objects in larger environment on the RX-Side object localization accuracy —
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reference tags over the interval [20, 52, 192] and measured its impact on the overall object localization

accuracy under different heuristics and both the tag-reader pairs.
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Figure 5.17: Impact of reference tag density on the RX-Side object localization accuracy — Stationary object
localization (2D)

Figure 5.17 shows the result indicating the impact of reference tag density on the RX-side object localization
accuracy for stationary objects. In the above graph, we see three different heuristics (i.e., Hy, Hy, and
H,eta) based object localization accuracy for both the tag-reader pairs. There are several observations based
on the above graph. For example, for [Tag-14, Alien] and [Tag-10, ThingMagic] tag-reader pair the object
localization accuracy range is [0.15, 0.26] and [0.21, 0.30] meters, respectively, which is reasonably lower
than the corresponding stationary object localization accuracy range of [0.42, 0.60] meters. This implies that
reference tags indeed help improve the overall object localization accuracy and that even without the reference
tags, our RX-side object localization approach provides high-performance object localization. Furthermore,
the overall object localization accuracy for both the tag-reader pairs remains consistent as the reference
tag density increases from 20 to 192. This could be attributed to the fact that the placement of additional
reference tags (i.e., beyond the first 20 tags) was such that it could only keep the object localization accuracy
consistent with initial levels.

Figure 5.18 shows the result indicating the impact of reference tag density on overall object localization

accuracy of the mobile objects. It is evident that, in addition to observations made in the stationary object
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Figure 5.18: Impact of reference tag density on the RX-Side object localization Accuracy — Mobile object
localization (2D)

localization case, as the reference tag density is increased from 20 to 192, we see a gradual improvement
in the overall object localization accuracy. We note that for the [Tag-14, Alien] tag-reader pair the object
localization accuracy is in the range [0.33, 0.41] meters while for the [Tag-10, ThingMagic] tag-reader pair
the object localization accuracy is in the range [0.26, 0.41] meters. As is the case with stationary objects,
reference tags improve the overall object localization accuracy for the mobile objects. However, our RX-side
object localization results are reasonably high-performance enough without the use of reference tags.
Impact of Arbitrarily Sensitive Tags on Localization Accuracy. In this experiment, we measured
the impact of localizing tags that have been shown to be arbitrarily sensitive in the tag binning stage on
the localization accuracy. In particular, we located three arbitrarily sensitive stationary tags and compared
their overall localization accuracy with the three uniformly sensitive tags. This experiment was performed
to highlight the key role tag binning stage plays in helping improve the overall localization accuracy of our
localization system. We only used [Tag-14, Alien| tag-reader pair for this experiment in order to manage the
experimental efficiency with the need to examine the issue at hand.

Figure 5.19 illustrates the localization accuracy results pertaining to arbitrarily sensitive tags. While it is
evident that the inferred location estimates of arbitrarily sensitive tags closely follow their actual locations, it

is clear that the overall localization accuracy of these tags is lower than that of the comparable uniformly
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Figure 5.19: Impact of arbitrarily sensitive tags on localization accuracy — Stationary object localization
(2D)

sensitive tags. We determined that the stationary object localization accuracy of arbitrarily sensitve tags
using the [Tag-14, Alien| tag-reader pair is in the range of [0.72, 0.96] meters compared to [0.42, 0.60] meters
for the uniformly sensitive tags. Furthermore, the overall average localization accuracy of uniformly sensitive
tags is found to be 0.56 meters while it is 0.83 meters for the arbitrarily sensitive tags; an overall localization
accuracy loss of 0.27 meters (i.e. approx. a foot length accuracy loss by using arbitrarily sensitive tags).
Visualization. We developed two tablet based apps to help visualize the locations of target objects. These
apps were developed for Android and iOS OS platforms running on a Samsung Galaxy Tab 10.1 and iPad,
respectively. Figure 5.20 illustrates the Android based app while Figure 5.21 shows the iOS based app. These
apps enable the user to select the number and type objects to be visualized and to provide appropriate labels
for the selected objects.

Comparative Evaluation. In addition to evaluating our object location system on above aspects, we
also compare its overall object localization accuracy with the other state-of-the-art object localization
approaches as shown in the table 5.2. In particular, our combined TX-side power-modulating algorithms
based approach provides overall better object localization results than the other state-of-the-art object
localization approaches. It is important to note here that our TX-side power-modulating algorithms based

approach utilizes passive reference tags, which is better than using battery powered active tags as used by a
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RFID-Based Object Localization Approaches
Approach Localization Time | Localization Accuracy Operating Region Reference Tag-Type
Ni et al., 2003 | ] Not Real-Time 2 meters 2D, 20 m? Active
Allipi et al., 2006 [ ] Not Real-Time 0.68 meters 2D, 20 m? Passive
Bekkali et al., 2007 | ] Not Real-Time 0.5-1 meters 2D, 9 m? Passive
Zhao et al., 2007 | ] Not Real-Time 0.14-0.29 meters 2D, 20 m?2 Passive
Choi and Lee, 2009 | ] Not Real-Time 0.21 meters 2D, 14 m? Passive
Choti et al., 2009 | ] Not Real-Time 0.2-0.3 meters 2D, 3 m? Passive
Zhang et al., 2010 [ ] Not Real-Time 0.45 meters 2D, 36 m? Active
Brchan et al., 2012 | ] Real-Time 1-2 meters 2D, 22 m? Active
Our Approach: TX-Side Power-Modulating Algorithms
Linear Search (LH)! Not Real-Time 0.27 meters 2D, 8 m? Passive
Linear Search (HL)? Not Real-Time 0.29 meters 2D, 8 m? Passive
Binary Search Not Real-Time 0.31 meters 2D, 8 m? Passive
Parallel Search Not Real-Time 0.35 meters 2D, 8 m? Passive
Combined Approach Not Real-Time 0.18 meters 2D, 8§ m? Passive
Our Approach: TX-Side Proximity-Sensing Algorithm
Measure and Report Real-Time ‘ 0.25 meters 2D, 8 m? Passive
Our Approach: RX-Side RSS? Decay Models
Stationary [Tag-14, Alien] Real-Time 0.42-0.60 meters 2D, 8 m? Optional, Passive
Stationary [Tag-10, ThingMagic| Real-Time 0.22-0.40 meters 2D, 8 m? Optional, Passive
Combined Stationary Real-Time 0.22-0.60 meters 2D, 8 m? Optional, Passive
Mobile [Tag-14, Alien] Real-Time 0.68 meters 2D, 8 m? Optional, Passive
Mobile [Tag-10, ThingMagic| Real-Time 0.69-0.70 meters 2D, 8 m? Optional, Passive
Combined Mobile Real-Time 0.68-0.70 meters 2D, 8 m? Optional, Passive
Stationary-MX? [Tag-14] Real-Time 0.44-0.75 meters 2D, 8 m? Optional, Passive
Stationary-MX [Tag-10] Real-Time 0.37-0.43 meters 2D, 8 m? Optional, Passive
Combined Stationary-MX Real-Time 0.37-0.75 meters 2D, 8 m? Optional, Passive
Mobile-MX [Tag-14 Real-Time 0.76-0.84 meters 2D, 8 m? Optional, Passive
Mobile-MX [Tag-10 Real-Time 0.79-0.84 meters 2D, 8 m? Optional, Passive
Combined Mobile-MX Real-Time 0.76-0.84 meters 2D, 8 m? Optional, Passive
Stationary-RF°> [Tag-14, Alien] Real-Time 0.15-0.26 meters 2D, 8 m? Passive
Stationary-RF [Tag-10, ThingMagic] Real-Time 0.21-0.30 meters 2D, 8 m? Passive
Combined Stationary-RF Real-Time 0.15-0.30 meters 2D, 8 m? Passive
Mobile-RF [Tag-14, Alien] Real-Time 0.33-0.41 meters 2D, 8 m? Passive
Mobile-RF [Tag-10, ThingMagic| Real-Time 0.26-0.41 meters 2D, 8 m? Passive
Combined Mobile-RF Real-Time 0.26-0.41 meters 2D, 8 m? Passive
Other Localization Approaches
Approach Technique Localization Time Localization Accuracy Drawback
GPS | ] ToA — Trilat® A few seconds 1-5 meters Outdoors only
Active Bats | ] US — Lat” Not Reported 0.09 meters Ceiling sensor-grid
Cricket | ] Prox — Lat8 Not Reported 1.49 square-meters Node-centric
Radar | ] WF — Triang® Not Reported 3-4.3 meters WiFi cards needed
Easy Living | ] VS — Triang™® Not Reported variable Dense camera deployment

! Low to High variant of Linear Search power-modulating algorithm
2 High to Low variant of Linear Search power-modulating algorithm

3 Received Signal Strength

4 Mixed Tag-Reader Pairs

5 Reference Tags

6 ToA with Trilateration

7 Ultrasound with Lateration

8 Proximity Sensing with Lateration

% WiFi with Triangulation
10 Vision with Triangulation

few of the other object localization approaches | , , ]. Our RX-side RSS decay models
based object localization results can be compared with other state-of-the-art object localization approaches

in a case-by-case fashion. For example, our combined stationary object localization results without and with
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using the passive reference tags are in the range [0.22, 0.60] meters and [0.15, 0.30] meters, respectively. These
results are better than the other comparable stationary object localization results. Moreover, our results
were obtained in a real-time fashion while other approaches take inordinate amount of time to locate objects.

Most of the state-of-the-art object localization approaches focus only on stationary objects. Our mobile
object localization results without and with reference tags are in the range [0.68, 0.70] meters and [0.26, 0.41]
meters, respectively. We note that our object localization approach located the mobile objects in real-time,
which is key to enabling several real-world applications. Furthermore, by combining different tag-reader pairs
and without using the passive reference tags, our object localization approach located stationary and mobile
objects with an overall object localization accuracy in the range of [0.37, 0.75] meters and [0.76, 0.84] meters,
respectively. We also compared our localization approach with several other technologies -based localization
approaches to note that our approach provides higher accuracy, lower localization time, and comparable
resource deployment (see Table 5.2 for more details). In essence, no other comparable RFID-based object
localization approach provides such a reliable and high-performance object localization capability for locating

stationary and mobile objects.

5.3 Summary

We present our experimental setup and layout the technical specification of our object location system.
For the RX-side object localization approach, we compare the variation in the theoretical and empirical
power-distance relationships to show that high-performance object localization is only feasible through
empirical measurements. We present the TX-side object localization accuracy and time results and show
the variability in different power-modulating algorithms is estimating minimum tag detection power-levels.
Furthermore, we measure the impact of power-step size and reference tag density on the object localization
accuracy and present a desktop based object location visualization tool to help visualize objects’ locations.

On the RX-side, we present object localization accuracy results for locating stationary and mobile objects
using individual and mixed tag-reader pairs and without using the reference tags. Furthermore, we measure
the impact of locating a large number of objects, locating objects in larger environment, and reference tag

density on object localization accuracy. Moreover, we show two different apps based on Android and i0OS
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platforms for helping visualize objects’ locations and compare our object localization results (i.e., both TX
and RX -side) with the results of the other state-of-the-art object localization approaches.

We believe that our results are best in class compared to state-of-the-art object localization results
whether considering object localization accuracy, localization time, simultaneous stationary and mobile object
localization, mixed tag-reader pair localization, localization of large number of objects, localization of objects
in larger and noisy environments. Our TX-side and RX-side object localization approaches are scalable,
reliable, and provide high-performance object localization and thus, are amenable to real-world deployments

pending use-case driven field tests.



Chapter 6

Future work

In this chapter, we focus on the possible ways our RFID-based object localization framework and system can be
further improved, thus, laying out the roadmap for the future work. Since our framework comprises of several
stages, we provide stage-by-stage suggestions that would help deliver sustained reliable and high-performance

object localization through our location system.

Tag Selection. In the tag selection stage of our framework we used tag’s read-range, read count, and RSS to
select the candidate tags from a collection of tags. We note that the tag’s read-range metric was considered
in a manner to select only those candidate tags that had the longest read range. This was done to ensure
fewer reader antennas would be deployed thereby reducing the overall solution cost. However, it may be
possible that for a number of applications (e.g., aisle-specific theft prevention in a warehouse, etc.), the tag’s
read-range need to be short in order to enable proximity measurements. While our tag selection stage does
not utilize tag’s read-range metric in this manner, our framework is general enough to accommodate such a

useful addition.

Tag Binning. In the tag binning stage of our framework we sorted or binned several hundreds of candidate
tag-types to ensure their uniformly sensitive behavior with respect to the tag’s read-count and RSS metrics
under a variety of single and multi-tag operations. While this binning stage is a necessary component to
ensure that only uniformly sensitive tags are available for object localization, we suggest that this process
should be carried out at the RFID hardware vendor’s end (e.g., tag-reader supplier, manufacturer, etc.) in
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order for the end-user to focus their efforts on solving their application-specific problems. This is due to
the fact that tag binning stage is a time-consuming blocking process, which may impact the progress of

dependent applications.

To assist the user in speeding up the tag binning process, we suggest that power-distance combinations
should be carefully considered (e.g., reader’s output power-levels could be further narrowed to 19.6 dBm and
25.6 dBm, tag-reader distance measurement points could be reduced to 1.83 and 3.05 meters, respectively,
etc.), need-based tag sample size used (e.g., use a smaller sample size of 20, 50, or 100 tags), and utilize

automated tools (e.g., robotic arms to load, mount, and unload tags from the platform, etc.).

On the other hand it may be useful to know the tag sensitivity behavior of each candidate tag in the
candidate tag-type set in order to characterize their performance and making them available for various
applications. Thus, in such a scenario, each candidate tag in the candidate tag-type set must be binned based
on a wider range of power-distance combinations (e.g., reader’s output power-levels would vary from 0 dBm
to 33 dBm and tag-reader distance would vary from one meters to the maximum read-range). Consequently,

the number of bins would increase to accommodate the subtle tag sensitivity behavior variations.

Empirical Power-Distance Relationship. In the empirical power-distance relationship stage of our
framework we empirically established TX and RX -side power-distance relationships in order to locate the
objects affixed with tags. On the TX-side, we modulated the reader’s output power-levels to determine
a target tag’s minimum tag detection power-level and correlated that with the prior-stored reference tag

power-distance relationships to arrive at the target tag’s position estimates.

Towards this end, we provided three power-modulating algorithms with decreasing time complexity. We
believe that newer algorithms with lower time complexity can be developed to further improve the efficiency of
the TX-side object localization. For example, by performing the Binary Search in parallel to determine tag’s
minimum tag detection power-levels would take O(log{ P}) amount of time, where P is the number of reader’s
output power-levels. The key research question here is to determine whether there exists a power-modulating
algorithm that can converge to a tag’s minimum tag detection power-level in O(1) time. Possible directions
to look into, but not limited to, are: taking advantage of historical information about tag’s location, using

bigger or smaller power-step sizes, and hybrid power-modulating algorithmic strategies involving fine-grained
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Linear and Binary Search. On the RX-side, we established the empirical power-distance relationship by
modeling tag’s RSS variation with respect to tag-reader distance. In particular, we developed such RSS decay
models by take into account tag’s axial and radial orientation by assuming that surrounding environment’s

impact on tag’s RSS is statistically invariant.

While these RSS decay models were carefully matched to their corresponding tag-reader pairs, we believe
that a family of such models can be constructed that would incorporate various attributes of selected tags and
readers (e.g., RSS decay models could be developed in such manner that a few of them operate only at shorter
ranges while other models are used for longer distances). Furthermore, by utilizing modern sensor-tags,
RSS decay models can evolve to include measurements of a variety of physical conditions (e.g., temperature,
pressure, gas concentration, etc.) in addition to tag’s RSS information. Such RSS decay models can then be
used to locate tags based on different ambient conditions. Finally, higher-order RSS decay models could be

developed to further improve the RX-side object localization performance.

Performance-Enhancing Heuristics. In the performance-enhancing heuristics stage of our framework we
improve the object localization estimates provided by the TX and RX -side object localization approaches.
We have developed a hierarchical framework for these heuristics that relies on several primary and one
meta-heuristic to provide high-performance object localization. We believe that due to the nature of our
heuristic framework adding new primary heuristics based on different tag-reader properties that can further
improve the object localization performance should be relatively straightforward. The key insight here is
to isolate and utilize a useful property of the underlying RFID hardware, object localization techniques,
and surrounding environment (e.g., odd-even reader antenna pair coupling, tag sensitivity behavior -based

heuristics, etc.)

Visualization. We have developed several desktop and tablet form-factor compliant visualization tools for
helping visualize the location of the target objects. These tools depict the target objects’ locations in a 2D
plane. Thus, a reasonable future work in this direction would be to extend these visualization tools to 3D
spaces, wherein the target object could be visualized in a 3D space. Another useful direction would be to port
the visualization tools on several modern OSes (e.g., Windows, MacOS, UNIX variants, etc.) and platforms

(e.g., smartphones, etc.).
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Field Testing. Our RFID-based object localization framework and location system has been tested in a
rigorous albeit smaller-scale RFID Lab and Digital Media Lab at the University of Virginia. To ascertain
the true potential of this location system we suggest that it be tested in a variety of environments (e.g.,
warehouses, stores, etc.) having varying sizes. This would enable strengthening various aspects of our location
system particularly the number of objects that can be located simultaneously, size of environment which
could be localized, and more. Since large-scale deployment is dependent on adding more tags and readers, it
would be prudent to customize such field testing based on various application requirements (e.g., locating

wooden boxes in a large-scale warehouse, locating surgical instruments on the operation table, etc.).



Chapter 7

Conclusion

In this thesis, we have developed a reliable and high-performance RFID-based object localization framework
and system to simultaneously locate several stationary and mobile objects in 2D indoor environments. In the
process of developing this framework and system, we discovered that tags have varying performance with
respect to their read-range, read count, and RSS behavior. To mitigate this performance variation caused
by tag manufacturing variability, we introduced a tag selection and binning process, wherein tags were first
selected from a collection of tags based on their performance across read-range, read count and RSS metrics.
Consequently, the selected candidate tags were sorted or binned to further select only the most uniformly

sensitive tags amongst the set of candidate tags.

Our object localization approach utilizes radio signal strength technique to help locate objects affixed with
passive tags. Since the early stage of our research, we noticed the limitations of theoretical power-distance
relationship -based approaches such as Friis transmission equation (such as described in (3.1)) in the presence
of environmental interferences, metal-liquid occlusions, tag orientation, and tag sensitivity. Thus, instead of
relying purely on theoretical methods to estimate tag’s location, we empirically measured the relationship
between radio signal strength and tag-reader distance. We developed two separate classes of object localization
approaches based on the TX-side (i.e., transmitted radio signal strength) and RX-side (i.e., received radio
signal strength) techniques. In particular, on the TX-side, we showed that a target tag’s location could
be estimated by determining its minimum tag detection power-level (i.e., the minimum reader’s output
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power-level or transmitted radio signal strength needed to get the tag read) and correlating it with prior-stored
reference tag power-distance relationship. We developed three power-modulating algorithms (i.e., algorithms
that step-up or step-down the transmitted radio signal strength in a carefully controlled manner to determine

the target tag’s minimum tag detection power-level) to help locate objects.

We also noted that a few objects’ form-factor (e.g., fork-lift) may allow for onboard mounting of readers.
Such objects could be localized by determining their proximity to neighbor reference tags. This insight was
the basis for our proximity-sensing algorithm (i.e., an algorithm that determines the proximity of the onboard
reader to a neighbor reference tag) that help locate the onboard reader as well as object itself. Moreover, we
designed multi-tag platform that took into consideration prior research on improving the tag detectabilities
under different orientations [ , , ]. Such multi-tags are useful in real-world deployments

where they are expected to be arbitrarily oriented while still retaining their detectabilities.

On the RX-side, we modeled the received radio signal strength backscattered by the passive tag to reader
to estimate the tag-reader distance. While modeling such power-distance relationships we considered the
tag’s axial (i.e., on its axis) and radial (i.e., around the reader) orientation to ensure that the models are tag
orientation -agnostic; a key requirement in real-world deployments. We called these models as RSS decay

models and matched them to different tag-reader pairs to unlock hardware-specific optimizations.

Objects’ location estimates derived using the TX and RX -side empirical power-distance relationships
were further improved by developing a hierarchical heuristics framework that comprised of two levels. At the
first level the location estimates were fed to primary heuristics that utilized different underlying properties
(e.g., orthogonal position of reader antennas, etc.). Consequently the resulting improvements were routed to a
secondary meta-heuristic that would select the least of all the improved location estimates. This offline stage
was designed to provide localization accuracy improvements without incurring significant run-time costs. The
post-processed objects’ location estimates were then routed to modern platforms (e.g., tablets, etc.) to help

visualize the results. Towards this end, we developed several visualization tools for various platforms.

We note that our location system can simultaneously locate several stationary and mobile objects in 2D
indoor environments having localization accuracy in the range of 0.15-0.84 meters while taking time in the

range of a few seconds to 1.67 minutes (see table 5.2 for more details on our object localization results and
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Appendix E for more details on our research deliverables). We believe that our RFID-based object localization
framework and location system presents a unique opportunity in addressing the key object localization
requirements spread across different applications and hope that it will act as a catalyst for enabling pioneering

use-cases in the area of object localization and beyond.



Appendix A

Ambient Noise Data-Sets and Plots

In this appendix, we provide ambient noise data-sets for the select targeted application scenarios of our
RFID-based location system. The key motivation to measure ambient noise in the above scenarios is to
ensure that it does not cause in-band interference with the RFID signals operating in the 860-960 MHz band.
This process increases the likelihood of successfully deploying our system in the select application scenarios.
To measure the ambient noise, we utilized Advantest R3131A spectrum analyzer with a directional antenna
to gather five highest frequency signals (sorted using signal frequency) along with their signal frequency (in

MHz) and signal power (in dBm).

Each such signal in the ambient noise data-set is an average of 100 signal samples. We repeat the process
for a week at four separate deployments and calibrate it with RFID signals to minimize transient and
calibration effects (e.g., certain radio signals may not be present at certain time of the day, comparing signals
gathered at deployments with RFID signals to ensure their out-of-band presence, etc.) The following tables

and illustrations provide calibrated ambient noise data-sets for different application scenarios.
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Table A.1: Ambient Noise Data-sets from RFID Lab without RFID Signals — Signal Frequency

Signal Frequency (MHz)

Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 0 0 0 0 39.67
2 0 0 0 0 0
3 0 0 0 0.1 0.6
4 0 0 0 0 0.6
5 0 0 0 0 0
6 0 0 0 0 0.5
7 0 0 0 0 0

Table A.2: Ambient Noise Data-sets from RFID Lab without RFID Signals — Signal Power

Signal Power (dBm)
Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 0 0 0 0 -54.35
2 0 0 0 0 0
3 0 0 0 1.07 0.99
4 0 0 0 0 1.03
5 0 0 0 0 0
6 0 0 0 0 1.04
7 0 0 0 0 0
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Figure A.1: Ambient noise measurements from RFID Lab without RFID signals — (a) Signal frequency
(MHz) and (b) Signal power (dBm)

Table A.1 and A.2 show the signal frequency and power of the ambient noise measured in the RFID Lab
when RFID signals were not present. Figures A.1(a) and A.1(b) illustrate the above tables. It is evident that
the measured ambient noise is not in the RFID signal band of 860-960 MHz.

To calibrate the ambient noise measurements with respect to the RFID signals, we used ThingMagic
Mercury6 UHF RFID reader operating in the 860-960 MHz band and measured the radio signals present in

the RFID Lab.
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Table A.3: Ambient Noise Data-sets from RFID Lab with RFID Signals — Signal Frequency

Signal Frequency (MHz)

Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 904.3 906.5 907.7 908.8 918.2
2 24.7 25.4 28 908.4 924.5
3 26.8 274 899.6 922.3 936.6
4 0 2710 2900 2970 3000
5 9124 924.1 2670 2916 3000
6 24.1 30.6 38.7 908.4 908.4
7 26.9 30.1 906 926.6 936.6

Table A.4: Ambient Noise Data-sets from RFID Lab with RFID Signals — Signal Power

Signal Power (dBm)
Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 -18.43 -15.9 -15.52 -15.24 -12.84
2 -41.76 -41.5 -41.53 -22.36 -18.4
3 -45.02 -46.03 -45.02 -12.55 -17.03
4 0 -37.3 -36.82 -36.46 -36.61
5 -8.11 -12.72 -37.12 -37.5 -36.44
6 0.77 -43.36 -41.61 -9.36 -13.38
7 -16.18 -41.68 -15.49 -15.56 -17.14
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Figure A.2: Ambient noise measurements from RFID Lab with RFID signals — (a) Signal frequency (MHz)
and (b) Signal power (dBm)

Tables A.3 and A.4 show the radio signal frequency and power of the RFID signals emitted by the
aforementioned reader. Please note that whenever the radio signals were present in the RFID signal band the
signal power was significantly higher than that of other noise sources.

To measure the ambient noise present beyond our RFID Lab setup, we selected Digital Media Lab situated
in the Robertson Media Center as one of our target deployments due to its large scale and presence of assorted

objects (e.g., metal boxes, various electronic equipments, etc.) and noise sources (e.g., WiFi, etc.).
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Table A.5: Ambient Noise Data-sets from Digital Media Lab — Signal Frequency

Signal Frequency (MHz)

Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 353.7 739.9 2424.8 3000 3000
2 739.9 739.9 739.9 740.7 1883.5
3 736.5 738.8 739.8 3000 3000
4 739.9 739.9 1490 2430 3000
5 352.1 736.5 739.9 1280 3000
6 734.1 734.1 734.1 829.1 3000
7 737.4 737.4 737.4 1979.4 2440.9

Table A.6: Ambient Noise Data-sets from Digital Media Lab — Signal Power

Signal Power (dBm)

Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 -44.54 -40.72 -42.11 -37.26 -37.29
2 -43.9 -43.86 -43.1 -44.15 -43.36
3 -42.9 -44.16 -45.84 -38.58 -57.02
4 -44.84 -42.95 -44.19 -42.27 -38.12
5 -44.07 -43.15 -43.37 -44.87 -42.12
6 -46.34 -45.95 -45.87 -47.78 -39.58
7 -46.26 -45.64 -45.42 -44.05 -42.5
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Figure A.3: Ambient noise measurements from Digital Medial Lab — (a) Signal frequency (MHz) and (b)

Signal power (dBm)

Tables A.5 and A.6 show the radio signal frequency and power of the radio signals present in the Digital

Media Lab. Figures A.3(a) A.3(b) illustrates the above tables. We note that the measured ambient noise is

not in the RFID signal band of 860-960 MHz.

Another possible application scenario is a Library, which often requires various reading materials (e.g.,

books, journals, periodicals, etc.) to be located. Thus, we measure the ambient noise present in the Clemons

Library due to the presence of assorted objects to be localized (e.g., books, etc.) and its large scale.
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3000

Signal Frequency (MHz)

Table A.7: Ambient Noise Data-sets from Clemons Library — Signal Frequency

Signal Frequency (MHz)

Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 0 62.2 737.4 844.4 2458.4
2 739.9 743.2 757.7 1960 1981.9
3 0 764.1 1941 1972 1970
4 0 734.9 736.5 785.4 2407
5 0 733.2 739.8 756.67 766.1
6 588 743.2 743.2 1980 2840
7 0 577.2 754 1547.5 1980

Table A.8: Ambient Noise Data-sets from Clemons Library — Signal Power

Signal Power (dBm)
Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 0 -44.42 -49.87 -43.7 -40.7
2 -43.93 -43.84 -44.84 -38.41 -41.09
3 0 -44.42 -42.1 -42.35 -43.2
4 0 -43.81 -39.98 -44.09 -41.88
5 0 -41.31 -42.87 -46.17 -43.52
6 -40.35 -43.22 -40.84 -41.22 -40.82
7 0 -43.12 -46.12 -44.81 -42.65
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Figure A.4: Ambient noise measurements from Clemons Library — (a) Signal frequency (MHz) and (b)
Signal power (dBm)

Tables A.7 and A.8 show the radio signal frequency and power of the radio signals present in the Clemons

Library. Figures A.4(a) A.4(b) illustrates the above tables. It is evident that the measured ambient noise is

not in the RFID signal band of 860-960 MHz.

Finally, we measure the ambient noise from a Walmart store, which is representative of a large warehouse;

a possible application scenario for our system due to the presence of assorted objects to be localized (e.g.,

milk cartons, pasta boxes, etc.), variable consumer traffic, potential use-cases (e.g., saving time, minimizing

misuse, etc.), and its large scale.
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Table A.9: Ambient Noise Data-sets from Walmart — Signal Frequency

Signal Frequency (MHz)

Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 0 60.2 61 67.6 1855.4
2 0 0 56.3 840.7 1861.2
3 0 0 69.6 829.1 1871.1
4 0 0 832.8 838.6 1878.6
5 0 0 840.7 1893.3 1895.1
6 0 0 753.7 1820 1891
7 0 0 732.42 841.2 1890

Table A.10: Ambient Noise Data-sets from Walmart — Signal Power

Signal Power (dBm)
Day | Signal 1 | Signal 2 | Signal 3 | Signal 4 | Signal 5
1 0 -42.67 -43.75 -42.25 -56.98
2 0 0 -49.35 -45.92 -44.2
3 0 0 -41.51 -36.89 -44.15
4 0 0 -45.03 -43.95 -41.49
5 0 0 -41.33 -36.25 -43.52
6 0 0 -45.03 -41.3 -38.94
7 0 0 -41.22 -42.17 -37.64
2000 0
o 1800 |
< 1600 | I I I . -0
< 1400 | ®Signal 1 BSignal 2 ®Signal 3 ®Signal 4 @Signal 5 n% 20
g 1200 f =2
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Figure A.5: Ambient noise measurements from Walmart — (a) Signal frequency (MHz) and (b) Signal power
(dBm)

Tables A.9 and A.10 show the radio signal frequency and power of the radio signals present in the Walmart
store. Figures A.5(a) and A.5(b) illustrates the above tables. We note that the measured ambient noise is
not in the RFID signal band of 860-960 MHz.

It is important to mention the limitations of the conclusion that measuring ambient noise increases the
likelihood of the deploying our system in the aforementioned scenarios. We do not claim that this is the only
hurdle impeding the deployment rather we show that the ambient noise present would not cause in-band

interference. This leads to easier deployment and fewer technical issues to deal with.



Appendix B

Derivation of Friis Transmission

Equation

In this appendix, we provide detailed derivations of the simple and general Friis transmission equations that
theoretically establish radio signal power and distance relationships. Since our localization approach and
system is based on empirically establishing a relationship between the radio signal strength and distance,
understanding the Friis transmission equation not only provides a theoretical background on the topic but also
helps put experimental results in perspective. Consider the following illustration that depicts a transmitter

and receiver. The transmitter is the RFID reader antenna while the receiver is the RFID tag antenna.

| D
D O REEE e >|
RX RX
PTag PTX PReader
Reader
D
1P
I:)Tag
__________________________ >
| RFID Tag Antenna | | RFID Reader Antenna |

Figure B.1: Tag-reader theoretical power-distance relationship

Where D is the distance between the reader and tag antennas. PLX, = PEX =PI a};, PEX

Tag are the radio

and

signal strength transmitted and received by the reader and tag, respectively. Assuming that the antennas
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are isotropic radiators (i.e., the antennas emit radio signals in all directions equally), we have the following

relationship between the signal strength density and reader transmitted signal strength.

PTX
PSD — ( Reader) (Bl)

Where Pgp is the signal strength density measured in watts per square meters. ngf;der is the reader

transmitted signal strength measured in watts, D is the distance between the tag and reader antennas
measured in meters, and 4w D? is the spherical surface area of the reader transmitted radio signal radiation
pattern. It is important to note here that if the tag antenna is directional then the receiving signal strength
density is increased by a factor of reader antenna gain. Consequently, the tag antenna only gathers a fraction
of the reader transmitted signal strength. Thus, the effective reader transmitted signal strength density

adjusted for the tag antenna area and reader antenna gain is given below.

TX

PrioderGReader AT
PSD:< Read 47r5a2 er{Tag (B.2)

We know that the tag antenna gain is given as the following.

4 A1,
Gy — ()\59) (B.3)

Where A is the radio signal wavelength. Re-arranging the terms in (B.3), we get the following.

Gragh?
Apag = <T4;T7> (B.4)

Reader transmitted signal strength received at the tag antenna is given below.
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Pﬁ(ig = PSDATag (B5)

Substituting Psp and A,y from (B.2) and (B.4) in (B.5) and re-arranging terms we get the following.

)\ 2
Pﬁfg = nglderGReaderGTag (47TD) (BG)

The above equation is known as the simple Friis transmission equation as it theoretically characterizes the
signal strength and tag-reader distance by taking into account radio signal propagation direction from the
reader to tag. However, in RFID communication protocol, in order to complete the tag-reader communication
the tag backscatters the incident reader transmitted radio signal to the reader. Thus, we need to consider the
radio signal propagation direction from the tag (i.e., a transmitter) to the reader (i.e., receiver), the modified

Friis transmission equation is given below.

A\ 2
RX TX
PReader = PTagGReaderGTag <47TD> (B7)

We note that the free-space radio signal propagation leads to its spatio-temporal decay (i.e., attenuation),
which is defined as path loss. Considering the radio signal propagation direction from the tag to reader and

adjusting for the path loss we have the following relationship.

PIX = P PL(D) (B.8)

Substituting (B.8) in (B.7) we get.

A 2
Pllge)éder = PTI‘%;;GReaderGTag (471'1)) PL(D) (BQ)
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Substituting (B.6) in (B.9) we get.

A 4
PReader ReaderGReaderG%ag <47T1)> PL(D) (BlO)

The physical quantity expressed in (B.10) is measured in watts, which could become inconvenient when
relatively small or large values are involved. Therefore, we simplify calculating the received signal strength by
using a decibels (dB) scale, wherein both sides of (B.10) are multiplied by 10logio{-} (expressed here as the

operator [-]gp). Thus, the scale-adjusted Friis transmission equation is given below.

o)

Furthermore, when locating objects in an indoor environment, the ambient environment’s impact on the

+ [PL(D)],5 (B.11)
dB

[PReader] [PReader]dB [G%eader]dB [GTag]

tag-reader signal strength (and thus the received signal strength) must be characterized. While this impact,
measured using variability in received signal strength, could be theoretically modeled in numerous ways, the
most general way is to model it as a Gaussian random variable | ]. Thus, the received signal strength

variability adjusted Friis transmission equation is as follows.

+[PL(D)],p + Xo (B.12)
dB

[PReader] [P eadeT}dB [G2Reader]dB [GTag]dB +

(v5)

Where [PEX ] 4p 18 the power received at the reader (also known as the received signal strength on the

reader side), [PLX

o derlap 1S the power transmitted by the reader to the tag. [Gh.ogerl p 2nd [G

Tag]dB are
the reader and tag antenna gains, respectively. A is the radio signal wavelength, D is the tag-reader distance,

PL(D) is the tag-reader path loss, and X, is the received signal strength variability modeled as a Gaussian

random variable with zero mean and o2 variance.



Appendix C

Design of Multi-Tags

In this appendix, we present the design of the multi-tag platform used in our localization experiments. Our
design philosophy for the multi-tag platform is based on having a robust and compact construction from
dispensable parts. We experimented were several multi-tag designs before arriving at the final construction.
Each of our multi-tag comprises of four uniformly sensitive tags mounted on a platform made with Lego
blocks. We chose Lego blocks over other materials (e.g., wood etc.) due to their transparency to radio signals.
Furthermore, circular base at the bottom of our multi-tag platform was chosen to provide convenient axial
rotation. Figure C.1 illustrates the side-view and top-view of our final multi-tag platform. We have developed

33 such multi-tag platforms for different localization experiments.
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(b)

Figure C.1: Design of a multi-tag — (a) Side-view and (b) Top-view



Appendix D

Planar Trilateration

In this appendix, we provide a detailed overview of the planar (or 2D) trilateration.

(X1, Y1)

(X2, Y2)

(X3, Y3)

Figure D.1: Trilateration in 2D Plane

106



Appendix D | Planar Trilateration 107

Trilateration is the process of determining the location of a target point in a 2D plane by measuring its
distance from three or more points. In 2D plane, at least three known points are required to locate the target
point as shown in Figure D.1. Where, (z;,y;) is the location of the known point 4, (X,Y) is the location of
the target point, and d; is the distance between the target point and the known point i. Please note that the
circles represent the range of the radio signal emitted by the reader antenna ¢ located at the known point .

The following equations represent locations of the three known points (for i = 1, 2 and 3).

(X — ZE1)2 +(Y - yl)2 =d,?,
(X —22)? + (Y —12)” = do°,

(X —23)> + (Y — y3)° = d? (D.1)

By solving the equations in (D.1) and applying the Cramer’s rule of matrix algebra we get the following

solution for the location of the target point (X,Y).

(df —d3) — (2 —23) — (yi —v3) 2(y2— 1)

(d? —d3) — (2% — 23) — (yi —43) 2(ys —w1)

X —
2(z2 —z1) 2(y2 — 1)

2(x3 —x1)  2(ys —y1)
2xg —x1) (df —d3) — (2] — 23) — (v7 — v3)
2wz —x1) (df —d3) — (af —23) — (47 — 43)

Y — (D.2)
2(z2 — 1) 2(y2 —y1)

2(xs —x1) 2(yz —y1)

We note that in RFID-based object localization approaches that are based on planar trilateration, reader

antennas are positioned at known points while target tag is located at the target point.
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Research Deliverables

In this appendix, we provide a list of research deliverables including journal and conference papers, patents,

copyrights, and awards that resulted from this work.

Journal Publications.

e K. Chawla, C. McFarland, G. Robins, and W. Thomason, Working-Title: An Accurate Real-Time

RFID-Based Location System, In preparation, USA, 2014

e K. Chawla and G. Robins, An RFID-Based Object Localisation Framework, International Journal of

RFID Technology and Applications, Inderscience Publishers, USA, 2011
Conference Publications.

e K. Chawla, C. McFarland, G. Robins, and C. Shope, Real-Time RFID Localization Using RSS, IEEE
International Conference on Localization and Global Navigation Satellite System, Italy, 2013 | Best

Presentation Award

e K. Chawla, G. Robins, and L. Zhang, FEfficient RFID-Based Mobile Object Localization, IEEE Inter-
national Conference on Wireless and Mobile Computing, Networking and Communications, Canada,
2010
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e K. Chawla, G. Robins, and L. Zhang, Object Localization using RFID, IEEE International Symposium

on Wireless and Pervasive Computing, Italy, 2010

Patents.

K. Chawla and G. Robins, Working Title: System and Method for Real-Time RFID Localization, UVA

Patent Foundation, Submitted, USA, 2014

K. Chawla and G. Robins, Real-Time RFID Localization Using Received Signal Strength (RSS) System

and Related Method, UVA Patent Foundation, US Patent Application Number: 61/839,617, USA, 2013

K. Chawla and G. Robins, Object Localization with RFID Infrastructure, UVA Patent Foundation, US

Patent Publication Number: 20130181869 A1, USA, 2013 (Listed on USPTO)

K. Chawla and G. Robins, Object Localization with RFID Infrastructure, UVA Patent Foundation,

World Patent Publication Number: 2012047559 A3, USA, 2012 (Listed on WIPO)

Copyrights.

e K. Chawla, C. McFarland, and G. Robins, Working-Title: Location Visualization Apps for Portable

108 Devices, Submitted, USA, 2014

e K. Chawla, C. McFarland, and G. Robins, Working-Title: Location Visualization Apps for Portable

Android Devices, Submitted, USA, 2014

e K. Chawla, C. McFarland, and G. Robins, Working-Title: An RFID-Based Location Server, UVA

Patent Foundation, Submitted, USA, 2013

e K. Chawla and G. Robins, An RFID-Based Object Localization Framework, UVA Patent Foundation,

US Copyright Registration Number: TXu001766418/2011-07-15, USA, 2011

Awards.

e Best Presentation Award for the Paper - Real-Time RFID Localization Using RSS, IEEE International

Conference on Localization and Global Navigation Satellite System, Torino, Italy, 2013
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e Member of the 2nd Prize Winning Team - Darden Business Plan Competition (Award: $4000), University

of Virginia, Charlottesville, USA, 2012

e Member of the Selected Team - 4th Annual University of Virginia Venture Summit, University of

Virginia, Charlottesville, USA, 2012

e Member of the Finalist Team - University of Virginia Entrepreneurship Cup, University of Virginia,

Charlottesville, USA, 2011

e Member of the Winning Team - SEAS Entrepreneurial Concept Competition (Award: $3000), School

of Engineering and Applied Science, University of Virginia, Charlottesville, USA, 2011

e Member of the 2nd Prize Winning Team - Best Awe-Inspiring Research Lab Competition (Award:

$200), Department of Computer Science, University of Virginia, Charlottesville, USA, 2011
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Acronyms

2D: 2 Dimensions (i.e., X and Y -axes)

3D: 3 Dimensions (i.e., X, Y, and Z -axes)
AOA: Angle of Arrival

APIT: Approximate Point-In-Triangulation Test
APS: Adhoc Positioning System

CF: Compact Flash

dB: Decibels

dBm: Decibels measured w.r.t. one milliwatt
EPC: Electronic Product Code

Gen2: Generation 2

GHz: Giga-Hertz

GPS: Global Positioning System

GSM: Global System for Mobile Communication
HF': High Frequency

HL: High to Low (a Linear Search power-modulating algorithm variant)
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Acronyms

ISO: International Standards Organization
KHz: Kilo-Hertz

LF: Low Frequency

LH: Low to High (a Linear Search power-modulating algorithm variant)
MCL: Monte Carlo Localization

MHz: Mega-Hertz

NRMSE: Normalized Root Mean Square Error
PDA: Personal Digital Assistant

RADAR: Radio Detection and Ranging
RFID: Radio Frequency Identification

RMSE: Root Mean Square Error

RSS: Received Signal Strength

RX: Receive

SAW: Surface Acoustic Wave

SVR: Support Vector Regression

TDOA: Time Difference of Arrival

TOA: Time of Arrival

TX: Transmit

UHF': Ultra-High Frequency

USB: Universal Serial Bus

WiFi: Wireless Fidelity
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Glossary

Active Tag: A tag that draws its operational power from a battery instead of radio signals for performing

onboard computational and communication operations.

Ambient Noise: A collection of electro-magnetic signals having a variety of frequencies and powers that
are present in the surrounding environment where the signal under consideration is also present. Often

ambient noise is detrimental to the test signal.

Angle of Arrival: A method for determining the propagation direction of a radio signal that is incident on

an antenna.

Axial Orientation: Determination of the relative position of an object (e.g. a tag) along a fixed rotational

direction. Tag’s axial orientation means rotating a tag along a fixed axis in a plane.

Calibration: Comparing measurements of a phenomenon under study to help understand and correct
unexpected behavior and converge onto meaningful results. The use of reference tags in RFID-based
localization serve to calibrate the empirical measurements comprising of radio signal power, distance

between tag and reader, etc.

Decay Model: A method that establishes a relationship between the variation in radio signal strength and
tag-reader distance. Thus, given radio signal strength, such a model can help determine the distance
between tag and reader.

119



Glossary 120

Empirical Power-Distance Relationship: An experimental data-driven methodology to establish a re-
lationship between radio signal strength (i.e. radio signal power) and tag-reader distance. There are

several approaches to develop such a relationship such as decay models, reference tags, etc.

EPC Gen2: An international standard similar to Universal Product Code (or UPC) for barcodes, Electronic
Product Code (or EPC) defines technical, organizational, and other requirements for the RFID technology.

Generation 2 (or Gen2) is version two of this standard applicable to passive RFID technology.

Far-Field: A region of electro-magnetic field at a distance of two or more wavelengths around a transmitting
or radiation scattering object (e.g. an antenna). RFID technology based on far-field communication

mechanism involves backscattering of the incident radio signals from the tag to reader.

Framework: A set of building blocks, stages, rules, design guidelines, and principles for constructing,

improving, and curating an engineered system.

Gradient: A variation (namely, either an increase or a decrease) in the magnitude of property or a set of
properties under consideration. For example, radio signal strength based RFID localization approaches

exhibit signal strength and distance gradient under different conditions.

Heuristic: A rule of thumb, technique, or process achieved through trial and error in order to optimize a
task at hand. Heuristics make use of underlying properties of the phenomenon under consideration (e.g.
reference tags based RFID localization approaches utilize heuristics to select carefully nearest neighbors

to target tags to improve the overall localization accuracy).

Inferred Estimate: A position estimate derived from the RFID-based localization system.

Interference: A disturbance in the test radio signal due to presence of ambient noise.

Localization Error: The difference between the actual position of a target tag and its inferred position

estimate.

Localization Time: The time taken by a RFID-based localization system to determine the position of a

target tag.
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Meta-Heuristic: A top-down heuristic that incorporates the output of several heuristics to provide the
final result. The role of meta-heuristic is to select best performing heuristic from a set of heuristics in

order to ensure the overall optimal outcome for an operation.

Multipath Scattering: An electro-magentic signal based effect wherein multiple signals in the wave form

bounce off of an object (e.g. a wall etc.) and spread over a given region.

Multi-Tag: A tag comprising of two or more tags often positioned orthogonally.

Nearest Neighbor: A reference tag that is nearest to a given target tag.

Near-Field: A region of electro-magnetic field at a distance of up to two wavelengths around a transmitting
or radiation scattering object (e.g. an antenna). RFID technology based on near-field communication

mechanism involves electro-magnetic induction coupling of tag and reader coils.

Passive Tag: A tag that draws its operational power from incident radio signals for performing onboard

computational and communication operations.

Power-Level: A numeric value denoting the radio signal’s strength. It is measured in dBm.

Power-Modulation: An algorithmic approach of varying the radio signal strength.

Proximity-Sensing: An algorithmic approach of determining the proximity of mobile reader to several

nearby reference tags.

Radial Orientation: Determination of the relative position of an object (e.g. a tag) along a fixed revolutional

direction. Tag’s radial orientation means revolving a tag around the reader along a fixed axis in a plane.

Radiation Pattern: A three-dimensional description of radio signal propagating from the antenna. Such
patterns come in a variety of shapes (e.g., spherical, ellipsoidal, etc.) and determine the amount of

radio signal strength available along the spatial-planar axes.

Read Count: A metric that determines the number of times a tag was read by the reader in a given time.

For example, a read count of 15 could mean the tag was read 15 times in last 3 seconds.
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Read Range: A metric that determines the longest distance a tag can be read from the reader. Typically

EPC Gen2 passive tags can be read at a distance of equal to or more than 10 meters.

Reader: An embedded system with an onboard real-time operating system, a microprocessor, and a digital
signal processor that can read several hundreds of tags per second. A typical reader comes in a variety
of forms factors, can operate over wide range of frequencies and power-sources, and supports up to four

antennas.

Received Signal Strength: The amount of signal strength that is backscattered by the tag and received

at the reader. Typically it is measured in dBm.

Reference Tag: A tag that is placed at known location to help locate a target tag.

RFID: Radio Frequency IDentification is an automatic identification technology that allows orientation free
and beyond line-of-sight identification of everyday items. There are two components in this technology

— a tag and a reader.

Semi-Passive Tag: A tag that draws its operational power from a combination of sources including battery
and incident radio signals. It uses batter for onboard computational operations while radio signals are

used for communication purposes.

Signal Attenuation: The gradual loss in the radio signal strength as it propagates through a medium.
Typically, radio signal attenuation follows a power-law wherein the radio signal strength attenuates by

square of distance between the transmitter and measurement point.

Signal Phase: A fraction of sinusoidal radio signal waveform that has elapsed relative to its origin. Two

radio signals of same type but different phases are transmitted and received at different times.

Spatio-Temporal Drift: A variation in operational behavior of the RFID-based localization system that
utilizes empirical power-distance relationship due to variation in space and time. For example, the
localization accuracy of the RFID-based localization system may vary at different locations and times

of the day.
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Statistically Invariant: A relatively deterministic (in ambient noise sense) surrounding environment whose
lack of rapid variation in ambient physical conditions (e.g., temperature, moisture, etc.) is characterized

through statistical measurements.

Tag: An embedded device that operates using a combination of battery and incident radio signals provided

by the reader and can be attached to everyday objects for automatic identification purposes.

Tag Binning: A process of sorting a set of tags of same type based on their detection sensitivites and using

a given metric (e.g., read count, read range, etc.).

Tag Density: A metric that determines number of tags per unit area or volume. It is measured in tags per

square- or cubic-meters.

Tag ID: A globally unique 96-bit number that can be stored on a tag’s onboard re-writable memory. This

number is used to distinguish objects which are affixed with tags.

Tag Selection: A process of choosing tags from a set of tags of different types using a given metric (e.g.,

read count, read range, etc.).

Tag-Reader Pair: A pair of tag and reader that perform well with each other across different metrics.

Target Tag: A tag whose location needs to be determined.

Time Difference of Arrival: A technique that measures the time difference of departing of radio signal

from one transmitter and arrival of radio signal at another to determine the position of transcievers.

Time of Arrival: A technique that measures the absolute arrival time of radio signals to determine the

position of transcievers.

Transmitted Signal Strength: A amount of radio signal’s strength that is transmitted by the reader.

Trilateration: A geometrical process of determining the absolute or relative locations of points using
intersection of circles. This process is used in RFID-based object localization approaches to help locate

target tags by measuring its distance from different antennas.
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Uniformly Sensitive Tag: A tag whose well-defined response is characterized over different combinations
of radio signal strength and tag-reader distance. Such tags help calibrate the empirical power-distance

relationships by enabling graceful radio signal attenuation as the tag-reader increases.
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