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Abstract

Indoor localization with proximity information in ultra-high-frequency (UHF) radio-

frequency-identification (RFID) is widely considered as a potential candidate of locat-

ing items in Internet-of-Things (IoT) paradigm. First, the proximity-based methods

are less affected by multipath distortion and dynamic changes of the indoor environ-

ment compared to the traditional range-based localization methods. The objective of

this dissertation is to use tag-to-tag backscattering communication link in augmented

UHF RFID system (AURIS) for proximity-based indoor localization solution. Tag-

to-tag backscattering communication in AURIS has an obvious advantage over the

conventional reader-to-tag link for proximity-based indoor localization by keeping

both landmark and mobile tags simple and inexpensive. This work is the very first

thesis evaluating proximity-based localization solution using tag-to-tag backscattering

communication.

Our research makes the contributions in terms of phase cancellation effect, the

improved mathematical models and localization algorithm. First, we investigate the

phase cancellation effect in the tag-to-tag backscattering communication, which has

a significant effect on proximity-based localization. We then present a solution to

counter such destructive effect by exploiting the spatial diversity of dual antennas.

Second, a novel and realistic detection probability model of ST-to-tag detection is

proposed. In AURIS, a large set of passive tags are placed at known locations as

landmarks, and STs are attached mobile targets of interest. We identify two tech-

nical roadblocks of AURIS and existing localization algorithms as false synchronous

detection assumption and state evolution model constraints. With the new and more

realistic detection probability model we explore the use of particle filtering method-

ology for localizing ST, which overcomes the aforementioned roadblocks. Last, we

propose a landmark-based sequential localization and mapping framework (SQLAM)
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for AURIS to locate STs and passive tags with unknown locations, which leverages a

set of passive landmark tags to localize ST, and sequentially constructs a geographical

map of passive tags with unknown locations while ST is moving in the environment.

Mapping passive tags with unknown locations accurately leads to practical advan-

tages. First, the localization capability of AURIS is not confined to the objects

carrying STs. Second, the problem of failed landmark tags is addressed by including

passive tags with resolved locations into landmark set.

Each of the contributions is supported by extensive computer simulation to demon-

strate the performance of enhancements.
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Chapter 1

Introduction

1.1 Motivation

It is widely recognized that the Internet of Things (IoT) will be the third innova-

tion wave of Information and Communication Technology (ICT) world, following the

computer and Internet [2]. The IoT conceptually means “who”, “where” and “how”

of physical objects, such as food packages in supermarkets, pharmaceutical boxes in

stores and file folders in offices. It is anticipated that trillions of radio tags will be

embedded into objects, monitoring their status, providing automation identification,

as well as geographical location information. The popular satellite-based positioning

services to date are restricted to relatively open and flat outdoor environment, since

the signal from satellite is too weak to penetrate most construction materials [3].

Therefore, the provision of localization service for trillions of objects in indoor envi-

ronment forms the major bottleneck preventing seamless localization. Due to its low

cost, miniature size, easy deployment and ultra-low power consumption, ultra-high-

frequency (UHF) radio-frequency-identification (RFID) continues to gain recognition

both in industry and academia as a pivot enabler for IoT indoor localization applica-

tion [4].

The majority of state-of-art UHF RFID localization methods are based on the
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CHAPTER 1. INTRODUCTION 2

fusion of multiple pieces of relevant information, which are either direction of ar-

rival (AoA), time of arrival (ToA), time difference of arrival (TDoA), received signal

strength (RSS) or certain other propagation characteristic obtained by single or mul-

tiple antenna points [4]. The major problem with the above methods is that they

are easily affected by the non-line-of-sight (NLoS) conditions, severe multi-path dis-

tortions and fast temporal changes of indoor environment [5]. One direction to solve

this problem is to apply proximity-based method, which relies on using binary mea-

surements to determine whether a target is within the small range from the reference

landmarks. Existing approaches are to deploy passive tags at fixed locations as land-

marks and attach the RFID reader to the mobile target [6, 7] and vice versa [8].

However, these approaches are strictly constrained by energy, cost and size. For ex-

ample, the former approach is limited to relatively large and expensive objects that

justifying carrying the RFID reader, such as autonomous household robot. In the

latter approach, it is not cost-efficient to densely deploy readers with tuned read

range.

In order to keep both mobile targets and landmarks simple and inexpensive, a

novel UHF RFID component, referred to as ST, is developed to augment the standard

UHF RFID system [5]. In the same way as passive tag, ST applies envelope detection

to extract baseband signal in the receiving path, and backscatter modulation to talk

back to in the transmitting path respectively. The difference is that ST’s receiving

path does not only capture RFID reader’s pulse-interval-encoding (PIE) command,

but also passive tags’ backscattering signal. Such unique functionality enables tag-

to-tag backscattering communication link, which could keep both mobile targets and

landmarks simple and inexpensive. Therefore, by adding ST to the standard UHF

RFID system, the augmented UHF RFID system (AURIS) can offer fine-grained

proximity-based localization in indoor environment.

Indoor localization with AURIS provides several advantages over the conventional
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UHF RFID proximity-based localization solutions. Compared with tag localization

with readers as landmarks, localization with AURIS reduces infrastructure cost by

using cheap passive tags instead of expensive readers as landmarks. And the grid of

densely deployed passive tags can improve the localization accuracy of mobile targets.

On the other hand, compared with reader localization with passive tags as landmarks,

ST outperforms reader in terms of size, power efficiency and cost. The off-the-shelf

handhold UHF RFID readers cost at least 500 CAD [9]. For rapid prototyping the

current implementation of ST is a semi-passive component, which includes FPGA

Xilinx Spartan 3AN and alkaline 9V2100 mAh battery. ST is 3′2′′× 3′2′′, which costs

about 50 CAD, and can continuously work up to 10 days [10]. Our group is working

on migrating from FPGA design to low-power miccontroller that can reduce the size

and cost, and increase the battery lifetime to one year. The ultimate version of ST

would be a passive UHF RFID component. Therefore, localization with AURIS is a

promising approach for proximity-based UHF RFID indoor localization, in particular

for the vision of locating trillions of small items indoor in IoT paradigm.

Using tag-to-tag backscattering communication link for proximity-based indoor

localization is still in its infancy. Available works are mostly feasibility study and

provide only a high-level view [5, 10, 11]. To use the tag-to-tag backscattering com-

munication in AURIS for indoor localization, certain challenges need to be addressed.

In tag-to-tag backscattering communication scheme, the RFID reader must transmit

CW for the tag to backscatter. Consequently, the signal at the ST’s antenna is the

superposition of reader’s CW and the tag’s backscattering signal. Unfortunately,

due to the relative phase difference between them, the modulation depth of tag’s

backscattering signal at ST’s envelope detector could be significantly attenuated or

even cancelled out. We refer such effect to as phase cancellation effect. Since the

proximity-based localization method purely depends on the detection of proximal

tags by ST, handling the challenge of phase cancellation is the critical step for indoor
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localization utilizing tag-to-tag backscattering communication link. The first research

problem is “What is phase cancellation effect in AURIS, and how could we counter

such effect?”.

It is demonstrated that the CW from RFID reader has a major effect on ST-to-tag

detection probability, such as the aforementioned phase cancellation effect. Besides

that, the sensing range of ST-to-tag depends on the amount of energy that passive tag

backscatters from impinging RFID reader CW. Therefore, the detection of ST-to-tag

depends on numerous factors such as the distance between tag to reader, the distance

between the ST and the tag, as well as the relative orientation of the reader, tag

and ST antennas. The traditional detection probability model used in RFID system,

which simply depends on the distance between two communication participants, is

far from realistic for ST-to-tag communication. Current model-based localization

algorithms [11] take into account only the distance between the tag and the ST which

can result in inaccurate localization. The second research problem is ”How could

the detection probability model of ST-to-tag be improved based on the investigation of

tag-to-tag backscattering communication link?”

To address the localization problem in AURIS, we consider N passive tags as

landmarks in the environment with the target attached with ST collecting ST-to-tag

detections. The successful target localization comes from the effective extraction of

useful information about target’s state from ST-to-tag detections. With the proposed

detection probability model of ST-to-tag, we introduce particle filter algorithm to

localize ST. To this end, we identify two technical roadblocks of AURIS and existing

inference algorithms as false synchronous detection assumption and state evolution

model constraints. The third research problem is “How to design the particle filter-

based algorithm to localize ST accurately?”

ST has the capability to capture the backscattering communication between pas-

sive landmark tags and RFID reader. The location of ST could be inferred from
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the aggregated detection information and prior known landmark map. On the oth-

er hand, unknown tags1 are mapped based on the uncertain ST location estimation

rather than landmark map, since there is no direct communication link between un-

known tags and landmarks. In AURIS system ST is attached to mobile target which

is always moving, while passive tags are attached to static objects. Along with more

aggregated detection information collected by ST, the mapping accuracy of unknown

tags is improved gradually. Landmark tags will fail to respond to RFID readers due

to temporary electromagnetic blockage or permanent hardware failure, which is fatal

to proximity-based localization method. Therefore, it is anticipated that ST local-

ization would benefit from compensating the failure of landmark tags by including

mapped unknown tags into landmark set. The last research problem is “How to bring

the landmark-based sequential localization and mapping framework to AURIS?”

1.2 Contributions

In this thesis, we aim to use tag-to-tag backscattering communication link in AU-

RIS for indoor localization towards the IoT. This thesis makes the following four

contributions according to the research problems raised in previous section.

First, we analyze the phase cancellation effect in detail and propose solutions to

counter such effect. The phase cancellation effect originates from the very nature

of tag-to-tag backscattering communication. Destructive superposition takes place

at the receiving tag (ST) antenna, which makes the system being unaware of its

occurrence. We model the superposition of the passive tag’s backscattering signal

and reader’s CW at the ST antenna for both ASK and PSK modulation. For the

design of phase cancellation effect-reducing techniques, there are certain constraints

to follow:

1In this thesis, unknown tag means passive tag with unknown location.
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� Minimal increase of the cost of ST, which means that envelope detection in

downlink and backscattering modulator in uplink should be preserved.

� ST should be compliant with the established RFID protocol (EPCglobal Class1

Gen2).

Therefore, we propose solutions to counter such effect by exploiting spatial diversity

of dual antennas. Two ST antennas offer two reference points for the reception

of the superimposed signal. Signals from two antennas are combined using simple

combination and selection scheme. The simple combination technique combines the

received signal from two ST antennas together. On the contrary, the receiving path

selection technique depends on two parallel co-operating receiving path in ST. The

simulation demonstrates that the dual-antenna based implementation of ST performs

better than the original single antenna implementation. In particular, the overall

probability of phase cancellation for the receiving path selection technique is below

1%.

Second, one new and realistic probability detection model is proposed, which is

better suited to ST-to-tag communication link. The probability detection model of

ST-to-tag integrates the distance and relative angle between tag and reader’s antenna

in addition to the distance between tag to ST. It also takes into consideration phase

cancellation effect and ST implementation of receiving path selection technique.

Third, some previous work dealing with particle filter-based RFID indoor local-

ization possesses strong assumption and constraints on the target state-space model,

such as exact knowledge of the initial position of moving object, linear target motion

model or exteroceptive sensor information [7, 8, 11, 12]. Additionally, in AURIS the

host computer controls RFID reader to send out a fixed number of successive query

rounds to the reference tags. Then the location inference algorithm localizes ST

using aggregated binary information reported by ST. Existing inference algorithms

rely on false synchronous detection assumption, which assumes that the detection
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measurements are received by ST synchronously [10, 11]. Our newly proposed PF-

AA introduces current measurements into constraint-free auto-regressive (AR) state

evolution model, and it also addresses the asynchronous measurements with a minor

modification of ST locator protocol which is still EPCglobal Class1 Gen2 compliant.

Last, a novel landmark-based sequential localization and mapping (SQLAM)

framework is proposed to allow for localization and mapping in proximity-based lo-

calization system. The framework expands the localization capability of AURIS to

unknown tags. Furthermore, the unknown tags with resolved locations are utilized to

localize ST. Through extensive computer simulation, we show that SQLAM enables

the accurate mapping of unknown passive tags. In addition, when certain landmark

tags are not available, the unknown tags with resolved locations assist in the localiza-

tion of ST. Some work dealing with sequential or iterative localization can be found

in the area of wireless sensor networks. In [13, 14], the localization of sensor nodes

with unknown locations utilizes the characteristic of received signal, such as RSSI

and ToA, from landmark nodes. Sensors with resolved locations are used to local-

ize other unknown nodes together with available landmark nodes. Such sequential

scheme achieves localization of unknown nodes for the entire network. However, in

SQLAM there is no direct communication link between landmark tags and unknown

tags. The localization of unknown objects, including unknown tags and ST, purely

depends on the proximity information collected by ST. The major contribution of

this section is the introduction of sequential localization and mapping framework to

proximity-based localization system. To best of our knowledge, there is no previous

work tackling such problem in RFID system. It is demonstrated that the higher lo-

calization accuracy is achieved in comparison with the situation where unknown tags

with resolved locations are not included into the localization procedure.

Figure 1.1 depicts the research problems, their effects on the localization perfor-

mance of AURIS, as well as the contributions of the thesis.
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Figure 1.1: Research problems, and their effects on the localization performance of
AURIS, as well as the contributions of the thesis.

1.3 Limitations and boundaries

This thesis is focused on addressing the research problems as phase cancellation,

mathematical models and localization algorithm in AURIS. Even though the thesis

is simulation-based, each component of AURIS system is validated by experiments.

Experiments with FPGA-based ST have been performed by [5, 10, 15]. The ST is

implemented in hardware as well as in simulation as a semi-passive device with the

goal of being simple and inexpensive, and eventually to be implemented as a passive

device in the future. In the simulation, every part of ST is implemented including

RF, analog and digital sections. The physical models of passive tag and RFID reader
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used in the simulation are validated by the experiments in PARIS simulator [16]. The

passive tag model is based on NXP UCODE G2XM passive UHF RFID tag, and the

reader model is based on general-purpose UHF RFID reader. Wireless communication

channel used in the simulation is based on the channel model from PARIS simulator,

which includes large-scale path loss, antenna gain pattern, virtual transmitter for

surface reflection, and statistical small-scale model [16]. The communication protocol

that was used is EPCglobal Class1 Gen2 [1]. The idea behind using the protocol is to

make the implementation of the results of the thesis applicable and easily developed

in real system. The simulation in the thesis is developed in MATLAB. MATLAB

has extensive functions and tools to establish accurate physical models, and support

different types of arithmetic, array and matrix operations for complex algorithm [17].

Noteworthily, the Q selection algorithm in Gen2 protocol is not implemented in the

simulator, since the simulation platform MATLAB is discommodious for scheduling

algorithm and also slow for massive computation tasks. Besides that, PASS does not

implement the interference between antennas for ST dual-antenna implementation.

Although the channel model of PASS includes the NLoS components, which are from

surface reflection and statistical multipath model, it does not consider the human or

metal shielding effect, which are common in realistic scenario.

Having the whole system implemented in the simulator allows for much faster

evaluation of the system and faster validation of the effectiveness of ideas.

1.4 Thesis organization

The remaining of this dissertation is organized as following. In Chapter 2, we provide

a brief overview of UHF RIFD technology and indoor localization system in the

context of IoT. We formulate the phase cancellation effect in AURIS and provide

solutions to counter such effect in Chapter 3. In Chapter 4, the novel probability
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detection model of ST-to-tag is described with the investigation of the tag-to-tag

backscattering communication link. With the newly proposed detection model, the

particle filter-based location inference algorithm is proposed for AURIS. Besides that,

we introduce the SQLAM framework with localization capability of ST and unknown

tags. In Chapter 5, the thesis presents the research directions of future work. Finally,

Chapter 6 closes the thesis with the main conclusions.



Chapter 2

Background and related work

In this chapter, we present the basics of Internet of Things and RFID technology, and

introduce UHF RFID-based indoor localization technique taxonomy. Furthermore,

we discuss the state-of-the-art in proximity-based approaches, location inference al-

gorithms, and UHF RFID simulation framework specified for indoor localization re-

search.

2.1 Internet of Things

The concept “Internet of Things”, coined back in 1999 by Auto-ID center at Mas-

sachusetts Institute of Technology, is rapidly gaining ground in modern wireless

telecommunication, with day-to-day continuously emerging in all context of our

lives [18]. The concept is simple but powerful, which envisages the infrastructure

of ubiquitous wireless sensing and identification with trillions of IoT nodes to connect

anything from anywhere at anytime [19]. The IoT nodes such as radio tags-type micro

devices can be embedded into objects, monitoring their status, monitoring surround-

ing environment as well as acquiring geographical information. These micro-devices

are the fundamental elements for the context-aware energy-aware and location-aware

computing for IoT. Unquestionably, IoT will make a huge impact on everyday-life

11
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Figure 2.1: IoT technology roadmap. (Courtesy: Strategic Business Insights)

and also socio-economy with rewarding applications in domains such as [20]

� transportation and logistics,

� healthcare,

� smart environment,

� social domain.

Figure 2.1 presents the IoT technology roadmap [21]. RFID technology is used

for tagging everyday objects since 2000. Everyday objects include not only the elec-

tronic devices, but the miscellany of commerce and culture. By 2015, smartphones

will serve as “windows on everyday things” to enable people to interact electronically

with everyday objects. Ubiquitous localization technology is the focus of research

and development by 2020. Ubiquitous localization means locating objects that may
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reside indoors where satellite signals may be unavailable. Later after 2020, intelli-

gent software agents may emerge that analyze the big data acquired from connected

everyday objects to make unsupervised decisions and act on behalf of people.

2.2 UHF RFID technology

2.2.1 UHF RFID system

RFID is the use of radio waves to transfer data, for the purpose of identifying item-

s. The first application of RFID-like technology can be traced back to World War

II in discriminating friend aircrafts from foes [22]. Recently along with the devel-

opment of radio antenna, ultra-low power chipsets as well as SoC integration and

miniaturization, RFID becomes more practical and promising in business world. Re-

cent applications can be seen in automated checkouts [23], anti-theft [24], streamline

supply chain [25], animal tracking [26] and asset management [27]. Noteworthily, this

is by no means an exhaustive list but it gives an indication of the many applications

of RFID technology.

The archetypal RFID system shown in Figure 2.2 consists a transponder or a tag,

which is affixed to the object of the interest, and a interrogator or a reader, which

is the data capture device to perform the identification. The first distinction criteria

for RFID systems is the presence or absence of radio transmitter and battery in tags.

Active tags are full-fledged transceivers, and have their independent power source.

Thus, active tag’s lifetime is limited by the onboard battery. Passive tags, on the

other hand, do not have any power supply and have no radio transmitter of their

own. Passive tags depend on the minute electrical current induced in the antenna

by the incoming magnetic or EM field from the reader to support the operation of

their circuity. And passive tags transmit information to the reader by modifying

their interaction with the impinging field from the reader (e.g. by load modulation
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Figure 2.2: Standard RFID system

or backscatter modulation) [28].

Frequencies of RFID system varies from 100 KHz to over 5 GHz. Among them,

low frequency (LF) system operates at 125 KHz, high frequency (HF) at 13.56 MHz,

and UHF operates in the range of 860 − 960 MHz. UHF RFID allows high data

rates, small antenna size and several meters of read range [3]. UHF RFID provides

superior performance among passive RFID systems, and it is a potent candidate for

localization in the context of IoT application.

2.2.2 Backscattering communication

Figure 2.3 illustrates the backscattering communication mechanism in UHF RFID

system [2]. RFID reader generates a carrier wave (CW), which is transmitted by

reader antenna to free space. RFID tag captures the incoming CW to power up its

own circuitry. Then the tag sends data back to RFID reader. In this mechanism,

RFID tag works as a reflector of impinging CW of RFID reader. The “reflection

characteristic” (referred to as RCS) of RFID tag can be changed by altering the

parallel load of the tag antenna. Therefore, the tag can reflect back more or less of

impinging reader’s transmitting signal corresponding to the pattern of data.
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Figure 2.3: Backscatter coupling mechanism

The research on backscattering communication has grown drastically in recent

years, which even extends to other technologies such as Bluetooth, WiFi etc. In [29],

the author presents a design of the ambient backscatter that enables the backscatter-

ing communication between two devices using existing TV and cellular transmissions

as the source of power. Ambient backscatter differs from the UHF RFID backscatter-

ing communication in the following aspects. Firstly, it takes advantages of existing

RF source rather than a special-purpose power infrastructure. Secondly, it enables

device-to-device communication. However, this work in [29] is a feasibility study,

which simply investigates the one-hop device-to-device backscattering communica-

tion. Since the device is power hungry, and limited in computational capability, the

devices could merely perform simple task such as card emulation and proximity de-

tection. Since the communication between devices in ambient backscatter system is

one-hop, there is no simple and cost efficient method to deliver the proximity infor-

mation to the server.
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In [30], the WiFi Backscatter is presented, which uses backscattering communica-

tion to bridge RF-powered devices with the Internet. WiFi Backscatter communicates

by modulating the CSI and RSSI of WiFi channel as seen by WiFi-enabled mobile

device. WiFi backscatter follows a request-response model, which is similar to EPC-

global Class1 Gen2 protocol. In [31], the author shows that BLE advertising packets

can be created by backscattering single incident CW carrier using a novel backscat-

ter subcarrier modulation. Although the power sources of the previous systems are

different, the general designs of tags are similar, which enables the conventional UHF

RFID Reader-to-tag-like communication in WiFi and Bluetooth respectively.

2.2.3 EPCglobal Class1 Generation 2 (Gen2) protocol

To exchange data successfully every communication system should follow certain rules

and protocols. EPCglobal® is a standardization organization aiming at both world-

wide adoption of EPC technology and worldwide support standard for RFID. With

EPCglobal®’s consistent standardization effort, today the commercial UHF RFID

systems adhere to the single global standard EPCglobal Class 1 Generation 2 (Gen2).

Symbols and encoding

Gen 2 is reader-talk-first protocol. The modulation scheme of reader-to-tag link uses

double sideband amplitude shift keying (DSB-ASK), single sideband amplitude shift

keying (SSB-ASK), or phase-reversal amplitude shift keying (PR-ASK) [1]. The data

encoding format is pulse-interval-encoding (PIE) as shown in Figure 2.4. High and

low values represent CW and attenuated CW respectively. Data ‘0’ consists of a high

value interval followed by a low value interval with the same duration. The total

length of data ‘0’ is the reference time interval referred as Tari. The value of Tari is

in the range from 6.25 µs to 25 µs. Data ‘1’ can last as short as 1.5 Tari to as long
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Figure 2.4: PIE symbols (figure adapted from [1])

as 2 Tari.

EPCglobal Class 1 Gen 2 tags use amplitude shift keying (ASK) or phase shift

keying (PSK) to modulate the reader’s RF carrier in tag-to-reader link. Gen 2 tags

have two encoding formats. One is FM0 baseband, the other is Miller-modulated

subcarrier (MMS) encoding. The reader command specifies the encoding format.

As shown in Figure 2.5, FM0 encoding is straightforward. FM0 inverts the base-

band value at the edge of every symbol. Data ‘0’ has an additional transition in the

middle of symbol; data ‘1’ does not. The generator state diagram maps a logical data

sequence for FM0 basis functions.
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Figure 2.5: FM0 basis function, generator state diagram and symbols (figure adapt-
ed from [1])

However, FM0 depends on the accurate detection of single transition to discrimi-

nate data symbols. In addition, it is also vulnerable to co-channel reader interference.

To provide more flexibility to counter noise and interference, EPCglobal Class 1 Gen

2 defines MMS encoding format. Figure 2.6 illustrates the Miller basis functions and

generator state diagram. In the opposite fashion of FM0, data ‘1’ has a state tran-

sition in the middle of the symbol; data ‘0’ does not. In addition, baseband Miller

places a state transition at the symbol edge between two data ‘0’s in sequence. The

baseband waveform then is multiplied by a square-wave whose sampling rate is M

times higher, where M can be 2, 4 or 8. Simple examples with M = 2 and 4 are

shown in Figure 2.6.

Framing

Both the forward-link and reverse-link in Gen 2 protocol are packetized. For reader-

to-tag link the reader shall start with either a preamble or a frame-sync sequence
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Figure 2.6: Miller basis function, state diagram and encoding sequences (figure
adapted from [1])

as shown in Figure 2.7. Each of these sequences is preceded by a delimiter, which

is always 12.5 µs long. After delimiter a preamble comprises a data ‘0’ symbol, an

R => T calibration (RTcal), and a T => R calibration (TRcal). The length of

RTcal equals to the length of data ‘0’ symbol plus the length of data ‘1’ symbol.

TRcal specifies tag’s backscatter link frequency (BLF) with divide ratio (DR) in

the payload. A frame-sync sequence is identical to a preamble, reducing the TRcal

symbol.

For tag-to-reader link, tag replies begin with a preamble and optional pilot tone.

In FM0 the preamble comprises a sequence of symbols 1-0-1-0 and a violation. The

violation helps discriminating the preamble from regular data sequence. TRext value

specified by reader command determines whether the pilot tone is used or not. These
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Figure 2.7: Reader-to-tag link preamble and frame-sync (figure adapted from [1])

two formats of preambles are shown in Figure 2.8. In MMS the default baseband

preamble contains four consecutive data ‘0’ symbols, followed by the sequence 0-1-0-

1-1-1. If TRext is set to 1 by the reader command, the preamble of tag begins with

sixteen consecutive data ‘0’ symbols instead of four. For either FM0 or MMS the

transmission ends with a ‘dummy’ data ‘1’ and always ends on the low level as shown

in Figure 2.8 and 2.9.

Figure 2.8: Tag-to-reader link preamble with optional pilot tone, and ending of
FM0 transmission(figure adapted from [1])
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Figure 2.9: Tag-to-reader link preamble with optional pilot tone and ending of MMS
transmission (figure adapted from [1])

Media access control

EPCglobal Class 1 Gen 2 MAC protocol adopts a adaptive slotted Aloha variant

instead of the binary tree search in Gen 1. The protocol is known as Q protocol.

As in Figure 2.10, a reader issues a Query command to initiate an inventory. The

Query command contains a numerical parameter Q. Q is four bit binary number,

which takes value from 0 to 15. After receiving the Query command, each tag gen-

erates a random number in the range of [0, 2Q − 1]. If a tag’s slot count equals to 0,

it responds with a new 16-bit random number RN16 in the slot. In a successful slot,

reader sends back an acknowledge command ACK, containing the received RN16. If

tag receives the ACK command and RN16 has the same value as it previously sent,

it then replies with a longer packet containing its ID.

If the tags’ IDs are what the reader needs, at this point the reader issues QueryRep

to signal the end of a slot. Other tags decrease the slot count by 1 in response to

QueryRep, and start the process again. If no tags replies in a slot, the reader issues

another QueryRep. If there are multiple tags that replied, a collision occurs in this

slot.

For the following inventory round, Q algorithm in Gen 2 protocol determines new

value of Q based on the recorded number of empty and collision slots in the last
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Figure 2.10: Slots with successful read, collision and empty reply (figure adapted
from [1])

inventory round as shown in Figure 2.11. C is constant number. There is a wide area

of research to obtain the optimal value of C for different scenarios.

2.3 Indoor localization

During the past decade, academic and industrial community has carried out intense

research work to design and build indoor localization system to realize the vision of

IoT. The availability of indoor localization system will facilitate the location-based

IoT services and applications, which will subsequently benefit enormously to mankind

welfare. For indoor location sensing, a number of technologies have been studied, such

as camera, infrared, acoustic, WLAN/Wi-Fi, UWB, RFID and et al. [18]. Among

these technologies, passive UHF RFID has been widely recognized as enabler technol-

ogy for IoT location application due to its miniature size, easy deployment, low-cost

and ultra-low power consumption [2].

State-of-art UHF RFID localization methods can be broadly classified into three

categories: triangulation, scene-analysis and proximity [32]. Figure 2.12 provides the
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Figure 2.11: Q algorithm for tag anti-collision (figure adapted from [1])

taxonomy of the UHF RFID localization methods.

2.3.1 Triangulation

Triangulation localization method is the technique of determining the target location

using the trigonometry and geometry with multiple reference points.

Direction-based method

The AoA technique determines the target location by the intersection of pairs of

angle direction lines from multiple reference points to the target. AoA technique may

use at least two reference points and measured angles to perform 2-D localization.

The concept can be extended to 3-D with no pain. Measurements of AoA usually

are accomplished by directional antennas, phased arrays or smart antennas [33]. A

directional antenna can transmit energy to a small angular sector. Once the tag

enters into the area covered by the directional antenna, the reader can sense it, thus

obtain the angle-of-arrival [34]. Another approach to estimate the tag’s direction uses

phased arrays, in which the effective reception pattern is formulate by the relative
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Figure 2.12: UHF RFID localization method taxonomy

phases of the respective signal feeding to a group of antennas [35].

The triangulation of the tag location is shown in Figure 2.13. The reference

points are RFID reader 1 (x1, y1) and reader 2 (x2, y2). The AoAs measured at the

two RFID readers are θ1 and θ2 respectively. The location of the tag is determined

by the intersection of two rays.
x = x1 +Dcos(θ1 + φ)

y = y1 +Dcos(θ1 + φ)

(2.1)

where

D =
sin(θ2)

sin(θ1 + θ2)

√
(x1 − x2)2 + (y1 − y2)2

φ = atan(
y1 − y2
x1 − x2

)

The advantages of AoA include less quantity of reference points needed, no syn-

chronization requirement, and overall sub-meter level resolutions compared to ToA
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Figure 2.13: Localization with AoA technique

and TDoA-based methods [36]. The disadvantages are as following: first, it need-

s complex and custom designed hardware; second, localization accuracy degrades as

the distance between target and reference points increasing; third, the angle measure-

ments are influenced by misleading direction of signal reflection and also by measuring

aperture orientation [37].

Range-based method

The range-based method estimates the coordinates of the target using its geometric

distance from multiple reference points. The distance is derived from the strength

attenuation level or propagation time of wireless signal.

ToA technique estimates the distance by measuring the absolute propagation time

of signal from transmitter to receiver, requiring precise synchronization between two

ends, as well as a timestamp in transmitting signal [38]. For example, the distance

can be estimated by the measurement of round-trip time-of-flight (ToF) as [4]

d̂ = c · ToF
2

=
c · (ToP − Tp)

2

where ToP is the overall round trip delay, Tp is the signal processing time consumed
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by tag circuitry, and c is the speed of light.

TDoA technique examines arriving time difference of transmitting signal at multi-

ple reference points, while avoiding synchronization between transmitter and receiver.

However, due to common NLoS condition and the requirement of synchronization,

ToA and TDoA are challenging for implementing realistic system [38].

Signal attenuation-based technique utilizes the attenuation level of transmitted

signal strength to estimate distance between the target and reference point according

to either theoretical or empirical propagation path-loss model [39]. For an UHF RFID

system, a round-trip path loss of the wireless signal, which is transmitted from the

reader and backscattered at the tag, is formulated as

PRX,reader = PTX,readerηG
2
tagG

2
reader(

λ

4πd
)2n (2.2)

where PTX,reader is the transmit power from the reader, η is the power transfer effi-

ciency of the tag, the typical value of η is 1/3 or −5 dB. Gtag and Greader are the

antenna gains of the tag and reader respectively. λ is the wavelength, d is the range

between the tag and the reader. n is the path loss exponent. The typical value of n

is between 1.6 and 1.8 for line-of-sight indoor environment [4].

Consider a tag localization problem in 2-D scenario as shown in Figure 2.14. The

range of the unknown tag to reference points (RFID reader) (x1, y1), (x2, y2) and

(x3, y3) are estimated as d1, d2 and d2 based on the aforementioned methods. The

location of unknown tag, which denotes as (x, y), can be solved from the following

system of equations 

(x− x1)2 + (y − y1)2 = d21

(x− x2)2 + (y − y2)2 = d22

(x− x3)2 + (y − y3)2 = d23

(2.3)
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Figure 2.14: Localization with range-based method

One possible method to solve this problem is presented in [40]. We express the

equations in vector form

A ·

 x

y

 = b (2.4)

where

A =

 x1 − x2 y1 − y2

x2 − x3 y2 − y3

 b =
1

2

 d22 − d21 + x21 − x22 + y21 − y22

d23 − d22 + x22 − x23 + y22 − y23


The least-square solution of Equation 2.4 is

 x

y

 = (ATA)−1ATb (2.5)
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2.3.2 Scene analysis

Scene analysis technique collects RSSI fingerprints of an observed scene in off-line

stage. The observed fingerprints are usually specific and unique, which are used to

estimate target location through matching online measurements [41]. Approaches

from pattern recognition field are commonly used such as k-nearest-neighbor (KNN)

[42].

The main challenge of the technique is that RSSI is sensitive to shadowing, reflec-

tion, scattering and fast temporal change of indoor environment. Therefore, periodic

renewing of coordinate-based RSSI database is necessary, which makes it impractical.

2.3.3 Proximity

Proximity-based techniques exploit symbolic relative location information related to

the presence or absence of the target within a small range of reference points. These

techniques do not require sophisticated hardware or propagation model, which makes

it suitable for the low-cost RFID tags [5].

In proximity-based approach, each reference point has a limited coverage area

around the antenna. Therefore, observing whether the target is within the coverage

range of the antenna yields target’s location information. For example, if a target is

detected by more than one reference point, the location of target can be estimated

by collocating with the reference point with the highest signal strength, or the inter-

section of the coverage area of these reference points. Thus the density of reference

points heavily affects the localization resolution.

2.3.4 The challenges of indoor localization

Indoor environment are particularly challenging for localization due to a number of

practical issues [16,18,43].
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� Small-scale multipath fading can significantly reduce UHF RFID tag’s read

range and reliability. Severe small-scale fading is caused by waves scattered

from the walls, furniture, objects and humans in indoor environment.

� In UHF RFID, the LoS from RFID reader to the tag is often blocked by the

product on which the tag is attached to or other obstacles. Any localization

system has to deal with the NLoS conditions.

� Indoor environment also suffers from the fast temporal changes due to the p-

resence of people and opening windows or doors.

� The vision of ubiquitous localization requires using tiny, simple and inexpensive

devices. These devices usually come with limited processing capabilities, low

memory space and poor power supply.

2.4 State-of-art proximity-based localization with

UHF RFID

In indoor environment, due to NLoS conditions, severe multipath distortions and fast

temporal changes, the overall accuracy and robustness of techniques, which depend

on extracting location information from propagation characteristics of RF signal re-

turned to reference points from target, are low [44]. One direction to address this

problem is to apply proximity-based method, which relies on using binary measure-

ments related to whether a target is within small range of reference landmarks. This

thesis emphasizes on utilizing proximity information for indoor localization in context

of IoT application.
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(a) Reader-based method (b) Tag-based method

Figure 2.15: Existing proximity-based approaches

2.4.1 Overview of existing approaches

Conventional approaches

Existing approaches are based on deploying passive tags at fixed locations as land-

marks and attaching RFID reader to the mobile target and vice versa as shown in

Figure 2.15. Usually, the former approach is referred to as reader-based method while

the latter as tag-based method.

In [45] researchers deploy a grid of UHF RFID tags on the ceiling of the building.

The read region of each tag is well defined, thus the floor environment is subdivided

into a set of cells. When the target equipped with reader enters into the read region

of UHF RFID tag, the tag ID or the equivalent tag coordinates are retrieved. The

location of target is estimated according to retrieved data. Based on such reader-

based technique, multiple indoor localization systems have been proposed [7, 46,47].

In [8, 12] the area is covered by a mesh grid of a large set of RFID readers and

associated antennas, whose locations are known. The objects with attached UHF

RFID tags are localized and tracked using particle filter based inference algorithm.
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Figure 2.16: The block diagram of ST

Sense-a-Tag

In [44], a tag-like UHF RFID component is proposed, which is referred to as ST (Sense-

a-Tag). The ST has dual functionality: it is capable of sensing the backscattering

communication between standard RFID reader and nearby passive tags; it can also

apply backscatter communication to talk back to RFID reader. ST is an EPCglobal

Class1 Gen2 compliant component operating in the frequency band 902− 928 MHz.

Figure 2.16 depicts the block diagram of ST hardware. The antenna is followed

by a backscatter modulator, a corresponding matching network and a conventional

diode envelope detector circuit. The output of envelope detector is fed into the

analog section, which has the ability to process both reader’s PIE signal as well

as the tag’s backscattering signal. The analog processing of reader’s PIE signal is

exactly the same as the standard passive tag, which employs a hysteresis comparator

to generate digital signal. The processing circuit of tag’s backscattering signal is more

complex, which consists of a band-pass filter for removing the DC offset, followed by

a comparator acting as one-bit A/D converter. The output of analog section is the

input of digital section, which runs FSM for Gen2-based ST locator protocol. As

for rapid prototyping, the latest version of digital section is implemented on FPGA

Xilinx Spartan 3AN chip.
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ST locator protocol specifies two states of ST operations: Listening and Respond-

ing. In Listening state, ST does not respond to the RFID reader and instead listens

to the backscatter signal of tags in its proximity. Once upon receiving any backscatter

signal, ST decodes the signal, extracts the tags’ IDs, and stores a hash value corre-

sponding to the ID temporarily. In Responding state, ST itself functions as standard

passive tag, and conveys the acquired ID information to RFID reader as part of its

EPC payload. These operation states of ST are initiated by two distinct RFID reader

queries (QT for Listening, QS for Responding). QT and QS queries are generated by

manipulating the SELECT command in EPCglobal Class1 Gen2 protocol.

By augmenting ST to off-the-shelf UHF RFID system, it enables the fine-grained

proximity-based indoor localization system, which deploys a grid of passive tags as

landmarks and localizes the target with ST. In this way, both the landmarks and

mobiles are simple and inexpensive compared with conventional proximity-based lo-

calization solutions.

2.4.2 Inference algorithm

Association

The association method estimates the target’s location by assigning that of the de-

tected reference landmark to it [3]. The association method is simple, fast and also

adaptive to the dynamic change of indoor environment. However, the performance

of the association method purely depends on the deployment of reference landmarks

and the sensing range of mobile target. When detecting more than one reference

landmark, the localization of mobile target often results in zigzagging.
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Weighted Centroid Localization

The centroid localization (CL)-like method is proposed at first for wireless sensor net-

work localization solutions, which is a typical range-free localization algorithm [48].

To localize the target of interest, CL performs only averaging the coordinates of land-

marks in the range. Therefore, CL method inherently results in coarse localization.

To improve localization accuracy, a weighted centroid localization (WCL) method

is proposed. Strictly speaking, WCL is not fully range-free localization method, since

it depends on other information aside the simple connectivity. The key idea of WCL

is to assign larger weight to closer landmarks and smaller weight to farther landmarks.

The target is localized using the following weighted centroid formula:

Ltarget =

∑N
i=1(wiLi)∑N
i=1wi

(2.6)

where wi represents the weight assigned to landmark i. The weight should reflect the

Euclidean distance from target to landmark [49].

Kalman Filter

The Kalman filter assumes that the state evolution and observation model are linear

and the noises are Gaussian [50,51]. The state evolution model is

xt = Axt−1 + But + wt−1 (2.7)

with a observation that is

yt = Hxt + vt (2.8)
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The random variables wt and vt represents the process and observation noise. They

are assumed to be independent Gaussian distributions

p(w) ∼ N(0, Q), (2.9)

p(v) ∼ N(0, R) (2.10)

A relates the state of target at the previous time step t− 1 to the current step t. B

relates the control input. H relates the current state to the observation. Q and R

are the covariance of Gaussian distribution.

The Kalman filter operates recursively in two logic steps: prediction and update

[52]. In prediction step, the state estimation x̂t−1 and associated error covariance

Pt−1 are used to predict the priori state x̂−t and the associated error covariance P−t

at time t. In update step, the priori x̂−t and P−t are refined by using the current

observation yt to provide a posterior estimate x̂t and Pt. The complete picture of the

operations of Kalman filter is shown as following:

(i) Prediction step

x̂−t = Ax̂t−1 + But

P−t = APt−1A
T +Q

(a prior state estimation)

(a prior error covariance)

(ii) Update step

x̂t = x̂−t +Kt(yt −Hx̂−t )

Pt = P−t −KtHP−t

Kt = P−t HT (HP−t HT +R)−1

(a posterior state estimation)

(a posterior error covariance)

(Kalman gain)
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Particle Filter

Particle filtering belongs to the family of Monte Carlo method, where the distributions

are approximated by discrete random measures defined by particles and associated

weights [53]. For the distribution of interest p(x), {x(m),m = 1, ...,M} is a set of par-

ticles and {w(m),m = 1, ...,M} is its weights. M is the number of particles in the ap-

proximation. The random measure, which characterizes p(x) is χ = {x(m), w(m)}Mm=1.

Then, the posterior distribution at t can be approximated as

p(x) ≈
M∑
m=1

w(m)δ(x− x(m)) (2.11)

The weights can be chosen using the principle of importance sampling. Suppose

that the distribution of interest p(x) is difficult to draw samples, one can generate

sample x(m) from a distribution π(x), known as importance function. And the weight

assigned to the particle is

w(m) =
p(x(m))

π(x(m))
(2.12)

In sequential signal processing, the systems are represented by state evolution and

measurement equations, that is, in the form of

xt = ft(xt−1, qt) (2.13)

yt = gt(xt, nt) (2.14)

where yt is a vector of measurements, xt is a state vector, gt(·) is measuremen-

t function, ft(·) is a state evolution function, qt and nt are noise vectors. Let

χt−1 = {x(m)
0:t−1, w

(m)
t−1}Mm=1 denote the random measure that characterizes the poste-

rior distribution p(x0:t−1|y0:t−1). The importance function π(x0:t|y0:t) is chosen to
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factorize as

π(x0:t|y0:t) = π(xt|x0:t−1, y0:t)π(x0:t−1|y0:t−1) (2.15)

Upon the measurement yt updating at time t, PF algorithm run the following

steps to approximate p(x0:t|y0:t).

� Prediction. The system state at time t is predicted by propagating all particles

at time t− 1 according to the distribution π(xt|x(m)
0:t−1, y0:t), where m = 1, ...,M .

In literature, there are two most frequently used importance functions, the prior

function p(x|xmt−1) and optimal function p(xt|xmt−1, y0:t).

� Updating. Particles are reweighed according to

w
(m)
t ∝

p(yt|x(m)
t )p(x

(m)
t |x

(m)
t−1)

π(xt|x(m)
0:t−1, y0:t)

w
(m)
t−1 (2.16)

then the weights are normalized by wit = wit/
∑
wit.

� Resampling. Draw M particles, x
∗(m)
t from the discrete distribution χt. Then

let x
(m)
t = x

∗(m)
t , and assign equal weights 1/M to particles.

Auxiliary Particle Filter

The auxiliary particle filter builds on the conventional sequential importance sampling

particle filter [54]. As aforementioned, if the particle measures is available at time t−1,

the particle filter can predict the system state at time t according to the importance

function π(xt|x(m)
0:t−1, y0:t). Then the newly generated particles are reweighed. Last,

the particle measure is resampled to construct a more evenly distributed particle set.

In the literature, the most frequently used importance function π(xt|x(m)
0:t−1, y0:t) is

the prior importance function p(xt|x(m)
0:t−1) [55], and thus the particle weight update
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in Equation (2.16) comes into

w
(m)
t ∝ p(yt|x(m)

t )w
(m)
t−1 (2.17)

However, the particle filter can perform poorly if the importance function π does

not take into account the current measurement yt [56]. The auxiliary particle filter

introduces current measurement to the prediction step in an attempt to improve the

performance [57]. The auxiliary particle filter includes two stages of weighting. In

the first stage of weighting, the weight for each particle based on how well it explains

the current measurement yt. The likelihood is a good approximation to evaluate the

weights.

p(yt|x(m)
t−1) =

∫
p(yt|xt)p(xt|xmt−1)dxt (2.18)

Then the auxiliary particle filter resamples the particle according to the first-stage

weights.

After obtaining the new particle measure of xt, the particles is propagated accord-

ing to the importance function p(xt|x(m)
t−1). And the following steps are the same with

those of conventional sequential importance sampling particle filter.

Simultaneous localization and mapping

The simultaneous localization and mapping (SLAM) is a process by which the robot

incrementally builds a map while simultaneously determining its location on the map

[58]. Consider a robot moving in the environment at time instant t, the following

quantities are defined in Table 2.1.
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Table 2.1: Summary of terms and their definitions in SLAM

Term Definition

xt the state vector describing the location of the vehicle at time t

ut the control vector applied at the time t− 1

mi a vector describing the location of ith landmark

zt the observations from the vehicle of landmarks at time t

X0:t the history of vehicle locations

U0:t the history of control inputs

m the set of all landmarks

Z0:t the history of the set of observations

In probabilistic form, the SLAM process requires to compute

P (xt,m|Z0:t,U0:t, x0) (2.19)

In general, a recursive solution to the SLAM is desirable. Given the distribution

P (xt−1,m|Z0:t−1,U0:t−1) at time t − 1, the joint posterior distribution is computed

by Bayes theorem with ut and zt. The observation model describes the probability of

observation zt with the vehicle location and landmark locations.

P (zt|xt,m) (2.20)

The motion model for the vehicle is in the form

P (xt|xt−1, ut) (2.21)

The SLAM is implemented in a recursive prediction and correction form. The
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prediction (time update) step is

P (xt,m|Z0:t−1,U0:t, x0) =

∫
P (xt|xt−1, uk)P (xt−1,m|Z0:t−1,U0:t−1, x0)dxt−1

(2.22)

The correction (measurement update) step is

P (xt,m|Z0:t,U0:t, x0) =
P (zt|xt,m)P (xt,m|Z0:t−1,U0:t, x0)

P (zt|Z0:t−1,U0:t)
(2.23)

Equation 2.22 and 2.23 provide a recursive procedure to calculate the posterior dis-

tribution P (xt,m|Z0:t,U0:t, x0).

2.4.3 Literature review on existing approaches

As stated in Section 2.4.1, the proximity-based UHF RFID indoor localization solu-

tions can be categorized into reader-based, tag-based and ST-based methods. These

methods are based on localizing objects using binary measurements. Binary mea-

surements indicate whether the device is present or absent within the detection

range of the landmarks. This section analyzes the literatures to gather knowledge

on proximity-based UHF RFID indoor localization solutions in terms of the assumed

model, localization algorithms and performance.

Reader-based method

a. An accurate and efficient object tracking system [7]

The author presents an object tracking system in indoor environment, which considers

continuously locating RFID reader with passive RFID tags deployed as landmarks in

the environment.
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The assumed probabilistic sensing model of a specific tag by RFID reader is pro-

posed as

p(r) =


λe−βr

α
, r ≤ tr

0, r > tr.

(2.24)

all tags that lie beyond the distance tr have the probability of 0 to be detected while

tags lying within the range of tr have a detection probability that exponentially

decreases as the distance r increases. λ, α and β are model parameters.

This work proposes a hybrid method which combines particle filter (PF) with

weighted centroid localization (WCL). Based on the observation WCL has the same

accuracy as PF with much lower cost if the object’s velocity is low, which is due to the

WCL algorithm itself and the measurement model of PF. The target keeps moving

when the reader is gathering data. WCL method is extended in time domain. The

current location is estimated by smoothing RFID readings of recent N observations.

Historical RFID readings are assigned different weights, among which the latest RFID

reading is given the largest weight based on the time elapsed and target velocity.

Therefore, when the velocity of target is low the localization accuracy of WCL is

higher compared with the target moving at high velocity.

In PF algorithm, two models are proposed: first, state evolution model, which

uses the velocity estimation of target as control input; second, a measurement model,

which is based on the Bernoulli distribution. The measurement model is given by

p(zk|lk) =
M∏
i=1

p(rik|lk) (2.25)

p(rik|lk) = rikp(di) + (1− rik)(1− p(di)) (2.26)

where di is the distance of landmark i from target and p(di) is the RFID sensor

model in Equation 2.28. zk = {rik}Mi=1 are the RFID readings from M landmarks.
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When the velocity of target is low, the measurement model does not benefit from

more measurements for certain target locations, which is in the form of Bernoulli

distribution. We could anticipate that the localization performance of PF would be

improved by modifying the measurement model to Binomial distribution based on

aggregated binary measurements.

The key ingredient of the algorithm is the estimation of target velocity. This work

roughly estimates the average speed as

v =
2tr · c
dmax(N)

(2.27)

dmax(N) = max di. The time duration di(N) in which the tag i stays in the reader’s

reading range in the lastN time slots. c is scaling constant depending on the landmark

tag density.

The simulation is conducted in the scenario, where the tags are densely deployed

onto the plane. The spacing size of tags was 0.27 m. The reading range of the reader

is 0.3 m. The average of localization error achieves 0.062 m.

b. Indoor navigation system for visually impaired people [45]

The indoor navigation system allows the user to move autonomously resorting to a

grid of UHF RFID tags for localization and simple procedures to plan the route.

Since UHF RFID tags have longer detection range and less constraints in placing the

tags in the environment compared to HF and LF tags, UHF RFID tags can be placed

far from the path of the user, like the ceiling, allowing more degrees of freedom for

localization infrastructure.

In the proposed localization infrastructure, a grid of UHF RFID tags is deployed

on the ceiling of the whole building. The tag on the ceiling is detected when it enters

the read region of RFID reader, which is a space that the power collected by the tag

exceeds the tag sensitivity. The read region of each tag is shown as an ellipse tangent
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to the ceiling in Figure 2.17. Therefore, the cross section of read regions at 1 m from

the floor are the circles with center at the position of each tag.

Figure 2.17: Localization infrastructure

The assumed sensing model of a specific tag by RFID reader is

p(r) =


1, r ≤ tr

0, r > tr.

(2.28)

r is the distance between reader to tag’s projection on the cross section of read region

of the tag at the horizontal plane of reader.

The localization algorithm is simple, which is based on the centroid localization.

The experiment is conducted in lab environment. The UHF RFID tags are deployed

on the ceiling with 3 m height to form a square mesh having 1.2 m space. The
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localization error is lower than 0.5 m.

In [46], the same author proposes to localize indoor autonomous vehicle in the

infrastructure as shown in Figure 2.17. The author designs a Kalman filtering-based

method to fuse RFID readings with the vehicle odometry data. The localization error

of the proposed system achieves 0.135 m.

Tag-based method

a. Indoor tracking system with a network of RFID readers [12]

The author proposes a method for accurate real time tracking of objects tagged by

UHF RFID tags with a network of RFID readers. The method is based on the

aggregated binary measurements in the number of times that a tag is detected while

it is in the read range of RFID reader. The tracking of tagged objects are performed

by particle filter.

The probability of the tag being detected by a reader is a random variable p(d),

where d is the distance between the tag and the reader. The distribution p(d) is

modelled by Beta distribution.

π(p(d)) ∝ p(d)α(d)−1(1− p(d))β(d)−1 (2.29)

where α(d) and β(d) are the parameters. The mean of p(d) is assumed to have the

form

E(p(d)) =
1

1 + ea(d−d0)
(2.30)

where a > 0, and d0 > 0 is the distance from reader where the detection probability
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is 1/2. The mean of Beta random variable is α(d)/(α(d) + β(d)). Therefore, we have

α(d)

α(d) + β(d)
=

1

1 + ea(d−d0)
(2.31)

The variance of p(d) is assumed to have the form

σ2(d) =
6∑
i=0

cid
i (2.32)

where {ci, i = 0, · · · , 6} are parameters. Modelling the variance of p(d) as polynomial

regression comes as a result of Taylor expansion of the variance as a function of d.

With the known variance of Beta random variable, we have

α(d)β(d)

(α(d) + β(d))2(α(a) + β(d) + 1)
=

6∑
i=0

cid
i (2.33)

With the mean E(p(d)) and variance σ2(d), we can uniquely obtain the α(d) and

β(d). Then we could determine the distribution π(p(d)) of p(d).

Each reader sends a fixed number N of queries in a fixed time interval, the number

of reads is n is given by binomial distribution

p(n|p(d), d) =

(
N

n

)
p(d)n(1− p(d))N−n (2.34)

Since p(d) is random variable, p(n|d) is

p(n|d) =

∫ 1

0

p(n|p, d)π(p)dp (2.35)

=

(
N

n

)
B(n+ α(d), N − n+ β(d))

B(α(d), β(d))
(2.36)

where B(·, ·) is the Beta function.

With the obtained model the author designs a particle filtering scheme to track
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tagged objects based on the readings. The simulation is conducted in the scenario,

in which a network of RFID readers are deployed to form a square mesh having 10 m

between neighboring readers. For both of these two papers, the velocity of target

attached with RFID reader is 1 m/s, and variance of the zero mean Gaussian noise is

0.01. Therefore, the dynamic pattern of target is comparatively linear with constant

speed. The average of localization error is around 1 m.

b. Indoor tracking with RFID systems [8]

In this paper, the same author addresses the indoor tracking of tagged objects with

a network of RFID readers. A new and more realistic detection probability model is

proposed. The detection probability is described by Beta distribution. The probabil-

ity of detection is modelled as a function of distance and angle between the tag and

the reader. In addition, the model also accounts for the possibility that the tag is

placed in the dead-zone.

Besides the proposed detection probability model, the novelty of the paper is

that an asynchronism of RFID readings is described, and a particle filtering-based

method is proposed to resolve this problem. Each reader sends a fixed number N of

queries in a fixed time interval between (k − 1)Ts and kTs. In an ideal synchronous

system, all the measurements are obtained by the readers at the sampling instance

kTs as in Figure 2.18(a). However, in the real system the measurements are obtained

asynchronously, but mistakenly considered as synchronous measurements as in Figure

2.18(b).

Figure 2.18(c) depicts the true asynchronous measurements. Let the random

measure at the time instance (k − 1)Ts be χ(k−1)Ts = {x(m)
(k−1)Ts , w

(m)
(k−1)Ts}

M
m=1, where

x(k−1)Ts are the particles of the measure, and w
(m)
(k−1)Ts denotes the corresponding

weights. Suppose the first available reading in the kth round is at the time instance

τ1,k and the measurement is y1,k. First, the particles are propagated according to
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(a) True synchronous case

(b) False synchronous assumption

(c) True asynchronous case

Figure 2.18: Synchronous and asynchronous measurements.

state evolution model

x(m)
τ1,k

∼ p(xτ1,k |x
(m)
(k−1)Ts) (2.37)

Next, the weights are updated according to the measurement model given the mea-

surements y1,k.

w(m)
τ1,k

∝ w
(m)
(k−1)Tsp(y1,k|x

(m)
τ1,k

) (2.38)

The Equation 2.38 is an approximation to capture the measurement information

from one round of N queries. The location of the tag changes during the N queries.
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Through the proposed particle filter the asynchronous measurements during the N

queries are addressed. The simulation is conducted in the scenario, which is the same

with the previous analyzed paper. The localization error is around 1 m with the

proposed PF, while the localization error is around 1.5 m with the PF with false

synchronous assumption.

ST-based method

a. A semi-passive RFID system for indoor localization [5]

This paper is the seminal work on ST, which describes the design of ST and explores

several applications for ST. One of the major applications is to investigate the ST-

based indoor localization. The goal is to achieve satisfactory localization accuracy

without any calibration after the landmark tags are placed in the environment.

There areM landmark tags placed at known locations xi, i = 1, · · · ,M and one ST

at unknown location l. A landmark tag can be detected by ST with the probability pi,

which is estimated by counting the number of detection out of a fixed number of reader

queries. With the obtained detections the author proposes three location inference

algorithms as association, centroid localization and weighted centroid localization.

First, the location of ST is associated with the nearest landmark tag. The prox-

imity is measured by comparing the pi of landmark tags.

Second, the location of ST is estimated by the centroid of the locations of detected

landmark tags.

l̂ =

∑
i xi
n

(2.39)

where n is the total number of landmark tags detected by ST.

Third, the location of ST is estimated by the weighted average of the locations of
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the detected landmark tags.

l̂ =
∑
i

p̂ixi =
∑
i

nid
nq
xi (2.40)

where nq is the number of queries, nid is the number of detections of ith landmark tag

by ST.

Figure 2.19: CDF of location errors for three inference algorithms.

To evaluate these three inference algorithms the author deployed 12 landmark

tags at 6 reference points, where two tags per point. The area is 1.6 m× 1.2 m. The

reader is located 1.8 m above the center of the plane of ST and landmark tags. The

author provides the CDF of the location error of the three algorithms in Figure 2.19.

The probability of location error being less than 40 cm is about 40% for association

algorithm, 82% for centroid algorithm and 95% for WCL. We can see that WCL per-

forms better than the other two algorithms. However, one problem in the experiment

is that the author does not provide the number of query rounds.

b. Indoor ST tracking with PF [11]
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The author proposes to track ST-tagged objects with RFID system based on aggre-

gated binary measurements. First, the probability of detection of a tag by a ST is

modelled as

p(d) =
1

1 + ea(d−d0)
(2.41)

where d is the distance between ST and the tag, a > 0, d0 > 0 are model parameters.

d0 is the distance where the probability of detection being 1/2, and a is the parameter

which determines the steepness of function curve.

To design the particle filtering-based inference algorithm this work uses the fol-

lowing state evolution model.

xt+1 = Axt +But (2.42)

and

A =



1 0 TS 0

0 1 0 TS

0 0 1 0

0 0 0 1


B =



TS 0

0 TS

1 0

0 1


where xt = [x1,t, x2,t, ẋ1,t, ẋ2,t]

T is the state vector at time t. The first two elements of

the state vector denote the location of target in the two-dimension Cartesian coordi-

nate system, and the other two elements are the velocity of the target. ut = [u1,t, u2,t]
T

is the process noise with known distribution which accounts for the variation of target

speed.

The measurements are the detections of a tag by ST in N query rounds. Therefore,
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the probability of nk times of detections is modelled by binomial distribution.

P (nk) =

(
N

nk

)
pnkk (1− pk)N−nk (2.43)

where pk is according to Equation 2.41 for the kth landmark tag. Let’s consider that

there are K landmark tags, the number of detections for them is {nk|0 ≤ nk ≤ N}Kk=1.

With the state evolution model and measurement model, the author proposes par-

ticle filtering-based algorithm. To evaluate the proposed algorithm this work conduct

extensive computer simulation. 16 landmark tags are deployed in 4 m × 4 m. The

mean RMSE of location error is around 0.25 m.

Summary

Through the study of state-of-art works related to proximity-based UHF RFID indoor

localization, this section clarifies the assumed model, inference algorithm and local-

ization performance of existing approaches. There are also other studies [6,47,59,60]

covering the similar topics. A comparison table with 7 analyzed works is presented

in Table 2.2.

In general, the reader-based approach is capable to provide highly accurate local-

ization for indoor environment. But the cumbersome, complex and energy-demanding

RFID reader confines the application to localize certain sizable and expensive objects,

such as autonomous household robot. The tag-based approach is less popular than

the reader-based approach. The read range of RFID readers is comparatively large,

thus the proximity information could not represent the tag’s location accurately. On

the other hand, it is not cost-efficient to densely deploy readers merely exploiting

proximity information. While for ST-based methods the problems could be found

in Section 1.1, which are listed as our primary research challenges. The existing

approaches for ST-based solutions do not tackle the phase cancellation effect. The
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particle filtering-based algorithm should address the asynchronism of detections of

ST-to-tag and constraint state evolution model. Furthermore, the localization ca-

pability of ST-based AURIS could expand to passive tags with unknown locations,

which in turn benefits the localization of ST.

2.4.4 PASS simulation framework

Proximity-detection-based Augmented UHF RFID System Simulator (PASS) is a

time-domain system-level MATLAB-based simulator, which is based on position

aware RFID system (PARIS) simulator [61,62]. From PARIS simulation framework,

PASS inherits the behavioral model of a NXP UCODE G2XM-based passive UHF

RFID tags and wireless propagation channel, as well as a core framework to perform

simple control and logging. While PARIS mainly focuses on channel modeling and

ranging with UWB signal rather than system behavior, PASS completes the func-

tionality of generic reader and tag, by which the simulator behaves according to ISO

18000-6C protocol. Further, the behavioral model of ST is developed, and is inte-

grated into the simulation framework. PASS provides accurate physical models and

lots of powerful functions. Various characteristics of implemented RFID models can

be configured, such as scenario deployment, parameters of wireless channel and so

on. With the simulator-provided functions and basic functions, behaviors of imple-

mented components in simulator can be measured, such as wireless signal delay and

attenuation.

The PASS simulation framework is organized in a hierarchical fashion, shown in

Figure 2.20. Following the modular and hierarchical design pattern, the levels of

PASS hierarchy are separated, and different models for reader, tag, ST and channel

are also strictly separated.

The user description script st room.m defines the simulation setup, which is
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scenario-dependent. The setup is transferred to the simulator via setting data struc-

ture. The behavior description script sim st room.m describes the type of simulation,

the signal model, as well as the signal and control flow. The behavior description

script configures the behavior of components through maintaining the setting struc-

t. Reader, tag, ST and channel are controlled by the basic main function based on

the common interface for the underlying model, calculation and characteristic lookup

table.

st_room.m
(define scenario, setup and setting, enviornment, reader, tag...) 

sim_st_room.m
(define system behavior, signal and control flow, and maintain settings) 

reader_main

(common 

interface)

channel_main

(point to point)

tag_main

(common 

interface)

Reader model
Channel 

model
Tag model

comtag_main

(common 

interface)

ST model

Figure 2.20: The hierarchical structure of PASS

In this section we briefly introduce the large-scale model and statistical small-

scale model under the channel model, which are inherited from PARIS. Besides

that, the channel model also includes virtual transmitter model, which accounts

for surface reflection. The detailed structure and component description are pre-

sented in Appendix A. The software and tutorial are available on Github repository

https://github.com/wacoder/PASS.git.

https://github.com/wacoder/PASS.git
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Large-scale model

In the simulator the large-scale power gain is obtained according to Friis equation

ΘLS ∝ (
c

4πfcd
)ξ (2.44)

and the propagation delay is

τLS = round(
fsd

c
) (2.45)

where c is the speed of light, fc is the carrier frequency, d is the path length, fs is the

sampling frequency of the simulator, and ξ is the path loss factor.

Directivity patterns of antenna are implemented using lookup tables. These char-

acteristics are loaded from files, which are either 2×2 dimensions or full 3 dimensions

gain patterns.

Statistical small-scale model

Statistical small-scale model is implemented according to an exponentially decaying

continuous average power-delay profile (APDP), which is defined as

ψ̄(τ) =



0 , τ < 0

ρ2δ(τ) , τ = 0

Πe−γτ , τ > 0

(2.46)

where τ is the delay, ρ2 is the power of LoS, δ(τ) is the Dirac function, and Π is the

NLoS power density. The K-factor and RMS delay spread of this APDP are

KLoS =
PLoS
PNLoS

=
ρ2γ

Π
(2.47)
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and

τRMS =
1

γ
·
√

2KLoS + 1

KLoS + 1
(2.48)
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Chapter 3

Phase cancellation in AURIS

Backscatter radio - the broad system that communicates using scattered electromag-

netic waves - is the driving technology behind RFID [63]. The research on backscatter

radio has grown drastically in recent year, and it even extends to other technologies

including Bluetooth and WiFi [30, 31]. UHF RFID provides superior performance

among passive RFID systems, ensuring a larger operating distance (up to several

meters), a high data rate (up to hundreds of kb/s), and smaller antenna size [2]. The

conventional UHF RFID system is characterized as asymmetric communication where

the majority of communication burden is shifted to the carrier-modulated transceiver

RFID reader. Both reader-to-tag and tag-to-reader communication link have been

thoroughly studied [63–65].

Unlike the conventional UHF RFID reader, tag-to-tag communication relies on

neither an active radio for transmitting query signal nor a full-scale IQ demodulator

to receive the response. It relies purely on backscatter modulator to convey data to

other tags and passive envelope detector for receiving the response. In AURIS, during

the communication between ST and passive tag, the RFID reader must transmit CW

for tag to backscatter. Consequently, the signal at the ST’s antenna is the superpo-

sition of reader’s CW and the passive tag’s backscattering signal. Unfortunately, due

to the random phase difference between these two signals, the modulation depth of

58
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RFID 
Reader

CW signal

Backscatter 
modulation

transistor

Passive tag

ST

CW signal

Figure 3.1: Schematic depiction of ST-to-tag backscatter link

tag’s backscattering signal at ST’s envelope detector could be significantly attenuated

or even cancelled out. We refer such effect as phase cancellation effect. The phase

cancellation effect originates from the very nature of tag-to-tag backscatter communi-

cation. Since the proximity-based localization method purely depends on successive

detection of proximal tags by ST, handling the challenge of phase cancellation effect

is the critical step to achieve robust localization.

3.1 Problem formulation

Figure 3.1 depicts the scheme of ST-to-tag backscattering communication link wherein

the CW signal is provided by RFID reader. In this section, we will analyze the

phase cancellation in detail while passive tag employs ASK and PSK modulation

respectively.
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3.1.1 ASK modulated tag’s backscattering signal

Let’s assume that AR is the amplitude of the reader CW at the ST antenna. The

passive tags apply ohmic load modulation, thus the backscattering is ASK modulated

signal. Let AT1 and AT2 be the amplitudes of the tag backscattering in the two

different RCS states. Let θ be the relative phase between the reader signal and the

tag signal. Then the resultant signals at the ST antenna for the two RCS states are

given as following: 
S1 = ARe

jωt + AT1e
j(ωt+θ)

S2 = ARe
jωt + AT2e

j(ωt+θ)

(3.1)

The sinusoidal form of the signal is the real part of the phasor expression. Let’s

denote the sinusoidal functions by C1, C2 respectively.



C1(t) = ARcos(ωt) + AT1cos(ωt+ θ)

= ARcos(ωt) + AT1cos(ωt)cos(θ)− AT1sin(ωt)sin(θ)

C2(t) = ARcos(ωt) + AT2cos(ωt+ θ)

= ARcos(ωt) + AT2cos(ωt)cos(θ)− AT2sin(ωt)sin(θ)

(3.2)

The amplitude of the signals as detected by the envelope detector in two RCS states

could be written as

A1 =
√

(AR + AT1cos(θ))2 + (AT1sin(θ))2

=
√
AR

2 + 2ARAT1cos(θ) + AT1
2

A2 =
√

(AR + AT2cos(θ))2 + (AT2sin(θ))2

=
√
AR

2 + 2ARAT2cos(θ) + AT2
2

(3.3)



CHAPTER 3. PHASE CANCELLATION IN AURIS 61

The ability of ST to detect backscatter from tags depends on the small change

of the superimposed signal’s amplitude. The larger this change is, the higher is the

likelihood that the ST will detect tags’ backscatter. The value of amplitude change

|A1 − A2| is

|A1 − A2| =

∣∣∣∣√A2
R + 2ARAT1cos(θ) + A2

T1 −
√
A2
R + 2ARAT2cos(θ) + A2

T2

∣∣∣∣
=

|AT1 − AT2||AT1 + AT2 + 2ARcos(θ)|√
A2
R + 2ARAT1cos(θ) + A2

T1 +
√
A2
R + 2ARAT2cos(θ) + A2

T2

(3.4)

The complete phase cancellation effect occurs when A1 = A2. From the equation

sets above, we could know that the phase cancellation will occur when

θcancel = arccos
(
− AT1 + AT2

2AR

)
(3.5)

The condition of phase cancellation effect is satisfied by certain combination of θ,

AR, AT1 and AT2, which are dependent on the distance, tag’s RCS and the wireless

channel. Besides that, any amplitude difference |A1 − A2| that is lower than ST’s

sensitivity, would be missed by the ST. Theoretically, for some locations ST would

completely miss the tag due to such destructive superposition. The localization ac-

curacy would be deteriorated significantly, since the localization algorithm mainly

depends on the read rate of tags on the ST side. The destructive superposition

takes effect at the ST antenna. Thus it is difficult to address this problem through

modifying the demodulation or signal processing method of the ST receiving path.

Figure 3.2 shows the phasor diagram of the superimposed signal at ST antenna

according to Equation 3.1 and 3.2. The dotted circles represent the locus of AT1 and

AT2 with varying θ. Since the tag’s backscattering modulation applies ASK, AT1 and

AT2 have the same θ. Figure 3.2(a) depicts an example with no phase cancellation.
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(a) Without phase cancellation

(b) With phase cancellation

Figure 3.2: Phasor diagram that shows superimposed signal at the ST antenna
when the tag transmits logic zero and logic one with ASK modulation.

The envelope amplitude A1 and A2 are not equal, thus the ST could capture tag’s

backscattering information. Figure 3.2(b) depicts an example with phase cancellation.

In this case, the amplitude difference |A1 − A2| is negligible and θ ≈ θcancel.

The amplitude difference |A1−A2| of the superimposed signals at the ST antenna

with varying θ from −π to π is shown in Figure 3.3. According to the backscattering

principle AT1 and AT2 are expressed as fraction of AR. AR can be normalized to

1. AT1 and AT2 are varied, but they are kept smaller than AR. The amplitude of

|A1−A2| is calculated in MATLAB according to Equation 3.4. As from the figure, we

could see that the maxima of |A1 −A2| occurs at θ = 0 and θ = ±π. As the value of
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Figure 3.3: Variations of amplitude difference |A1 − A2| with varying θ (AR = 1)

summation of AT1 and AT2 decreases, θcancel approaches ±π/2 from ±π respectively.

3.1.2 PSK modulated tag’s backscattering signal

Let’s assume that AR is the amplitude of the reader CW at the ST antenna. Apply-

ing capacitive load modulation, tag’s backscattering signal is PSK modulated. The

amplitude of tag’s backscatter signal remains constant for two RCS states, while the

phase of RCS states varies. Let AT be the amplitude of the tag backscattering signal,

and ψ be the phase difference of two RCS states. Let θ be the relative phase differ-

ence between the reader CW and the tag’s backscattering signal. Then the resultant
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signals at the ST antenna for the two RCS states are given as following:
S1 = ARe

jωt + AT e
j(ωt+θ)

S2 = ARe
jωt + AT e

j(ωt+θ+ψ)

(3.6)

The sinusoidal form of the signal is the real part of the phasor expression. Let’s

denote the sinusoidal functions by C1, C2 respectively.



C1(t) = ARcos(ωt) + AT cos(ωt+ θ)

= ARcos(ωt) + AT cos(ωt)cos(θ)− AT sin(ωt)sin(θ)

C2(t) = ARcos(ωt) + AT cos(ωt+ θ + ψ)

= ARcos(ωt) + AT cos(ωt)cos(θ + ψ)− AT sin(ωt)sin(θ + ψ)

(3.7)

The amplitude of the signals as detected by the envelope detector in two RCS states

could be written as

A1 =
√

(AR + AT cos(θ))2 + (AT sin(θ))2

=
√
AR

2 + 2ARAT cos(θ) + AT
2

A2 =
√

(AR + AT cos(θ + ψ))2 + (AT sin(θ + ψ))2

=
√
AR

2 + 2ARAT2cos(θ + ψ) + AT
2

(3.8)
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The value of amplitude difference |A1 − A2| is

|A1 − A2| =

∣∣∣∣√A2
R + 2ARAT cos(θ) + A2

T −
√
A2
R + 2ARAT cos(θ + ψ) + A2

T

∣∣∣∣
=

2ARAT |cos(θ)− cos(θ + ψ)|√
A2
R + 2ARAT cos(θ) + A2

T +
√
A2
R + 2ARAT cos(θ + ψ) + A2

T

(3.9)

As the case in ASK, the complete phase cancellation effect occurs when A1 = A2.

This will occur when

cos(θ) = cos(θ + ψ) (3.10)

Thus the null phase θcancel is

θcancel = −ψ
2

+ kπ, where k is integer (3.11)

Figure 3.4 depicts the phasor diagram of the superimposed signal at the ST an-

tenna according to Equation 3.6 and 3.7. The dotted circles represent the locus of

AT1 and AT2 with varying θ. Since the tags’ backscattering applies PSK modulation,

AT1 and AT2 have the same amplitude AT , the phase difference is ψ. Figure 3.4(a)

shows an example when phase cancellation does not occur, θ 6= θcancel. In this case,

ST could detect tag’s backscattering information. Figure 3.4(b) shows an example

which satisfies Equation 3.11 θ = θcancel. In this case, the amplitude A1 and A2 are

the same when AT1 and AT2 are separated by the phase difference ψ.

The amplitude difference |A1−A2| of the superimposed signals at the ST antenna

with varying θ from −π to π is shown in Figure 3.5. As in ASK case, AR is normalized
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(a) Without phase cancellation

(b) With phase cancellation

Figure 3.4: Phasor diagram that shows superimposed signal at the ST antenna
when the tag transmits logic zero and logic one with PSK modulation.

to 1, and AT is set as 0.4. The calculation is conducted for four values of ψ as π, π/2,

π/4 and π/8. The figure can verify that the phase cancellation occurs according to

Equation 3.11. The maxima of the amplitude difference curve depends on the phase

difference ψ. As phase difference ψ decreases from π to π/8, the level of amplitude

difference |A1−A2| decreases as well. This situation is due to the decreasing Hamming

distance for two RCS states with the same amplitude AT .
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Figure 3.5: Variations of amplitude difference |A1 − A2| with varying θ (AR =
1, AT = 0.4)

3.2 Dual-antenna technique

Phase cancellation effect originates from the nature of backscatter modulation and the

unique design of ST. Destructive superposition takes effect at the ST’s antenna, which

excludes the possibility of system’s awareness of the occurrence of phase cancellation.

Thus it is difficult to counter the phase cancellation effect through altering parameters

of wireless signals, such as the power and phase of transmitting signal, or the modula-

tion scheme. The very nature of phase cancellation effect motivates the usage of dual

antenna technique. Two ST antennas offer two reference points for the reception of

the superimposed signal. With the introduction of spatial diversity, it is reasonable

to expect that the likelihood of phase cancellation would be reduced. Signals from

two antennas could be combined using several technique such as simple combination

or the selection scheme [66]. The phase cancellation effect merely deteriorates the
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information-conveyed small amplitude difference in the superimposed signal, which is

different from the destructive wireless multipath superimposition. Thus the combina-

tion method based on the signal noise ratio (SNR) of multiple receiving paths is not

feasible [67]. The simple combination technique adds the receiving signals from the

two ST antennas together. On the contrary, the receiving path selection technique

depends on two parallel co-operating receiving path in ST. The specific description

of these two techniques are presented in the following section.

3.2.1 Simple combination technique

The model for the simple combination of dual antenna is as following. Let us assume

that AR and AR
′ are the amplitude of the reader CW at the ST’s antenna SA1 and

SA2. Let {AT1, AT2} and {A′T1, A′T2} be the amplitude of the tag backscatter signal in

two RCS states measured at the ST’s antennas SA1 and SA2 respectively. Let θ and

θ′ be the relative phase difference between the reader CW and the tag’s backscatter

signal at the ST antennas. Such relative phase difference is the same for the tag’s two

RCS states because of the applied ASK modulation scheme. Let θ1 be the relative

phase difference between the reader’s CW at the ST’s two antennas. In addition,

the radiation pattern of ST antennas are modelled as omnidirectional. The resultant

signals at the ST antennas for the two RCS states are given as
S1(t) = ARe

jωt + AT1e
j(ωt+θ)

S2(t) = ARe
jωt + AT2e

j(ωt+θ)

(3.12)


S ′1(t) = A′Re

j(ωt+θ1) + A′T1e
j(ωt+θ1+θ′)

S ′2(t) = A′Re
j(ωt+θ1) + A′T2e

j(ωt+θ1+θ′)

(3.13)
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Then the signals after the simple combination for the tag’s two RCS states are
Ŝ1 = (AR + A

′
Re

jθ1)ejωt + (AT1 + A
′
T1e

j(θ1+θ
′−θ))ej(ωt+θ)

Ŝ2 = (AR + A
′
Re

jθ1)ejωt + (AT2 + A
′
T2e

j(θ1+θ
′−θ))ej(ωt+θ)

(3.14)

Let 

ÂRe
jα = AR + A′Re

jθ1

ÂT1e
jβ1 = AT1 + A′T1e

j(θ1+θ′−θ)

ÂT2e
jβ2 = AT2 + A′T2e

j(θ1+θ′−θ)

(3.15)

According to Friis transmission equation [68], the power density PD at the ST’s

antenna from tag:

PDtag→ST =
PRGRGTσ

(4π)2R2r2
(3.16)

In this simple form, PR is the output power of the transmitting antenna of the reader,

GR is the reader antenna gain (with respect to an isotropic radiator), GR is the tag

antenna gain, σ is the RCS of the tag antenna, R is the distance between reader and

tag’s antennas, and r is distance between tag and ST’s antenna.

On the tag side, the value of RCS for two backscatter states are σ1 and σ2 respec-

tively. The distance from the tag’s antenna to ST’s antennas are r1 and r2. Moreover,

the power of imping wireless signal is proportional to the square of the amplitude of

the signal. Therefore,

σ1
r21
∝ A2

T1

σ2
r21
∝ A2

T2

σ1
r22
∝ A

′2
T1

σ2
r22
∝ A

′2
T2

⇓
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AT1
A
′
T1

=
AT2
A
′
T2

(3.17)

⇓

β1 = β2 = β

The resultant signal in Equation 3.14 could be written as following
Ŝ1(t) = ÂRe

jαejωt + ÂT1e
j(β+θ)ejωt

Ŝ2(t) = ÂRe
jαejωt + ÂT2e

j(β+θ)ejωt
(3.18)

The sinusoidal form of the signals is the real part of the phasor expression. Let’s

denote the sinusoidal functions by C1, C2 respectively.

C1(t) = ÂRcos(ωt+ α) + ÂT1cos(ωt+ β + θ)

= ÂRcos(ωt)cos(α)− ÂRsin(ωt)sin(α)+

ÂT1cos(ωt)cos(β + θ)− ÂT1sin(ωt)sin(β + θ)

C2(t) = ÂRcos(ωt+ α) + ÂT2cos(ωt+ β + θ)

= ÂRcos(ωt)cos(α)− ÂRsin(ωt)sin(α)+

ÂT2cos(ωt)cos(β + θ)− ÂT2sin(ωt)sin(β + θ)

(3.19)

The amplitudes of the signals detected by the envelope detector for two RCS states
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are 

A1 =

√
(ÂRcos(α) + ÂT1cos(β + θ))2 + (ÂRsin(α) + ÂT1sin(β + θ))2

=
√
Â2
R + Â2

T1 + 2ÂRÂT1cos(β + θ − α)

A2 =

√
(ÂRcos(α) + ÂT2cos(β + θ))2 + (ÂRsin(α) + ÂT2sin(β + θ))2

=
√
Â2
R + Â2

T2 + 2ÂRÂT2cos(β + θ − α)

(3.20)

The value of amplitude change is

|A1 − A2| =
|ÂT1 − ÂT2||ÂT1 + ÂT2 + 2ÂRcos(β + θ − α)|√

Â2
R + Â2

T1 + 2ÂRÂT1cos(β + θ − α) +
√
Â2
R + Â2

T2 + 2ÂRÂT2cos(β + θ − α)

(3.21)

The phase cancellation occurs when A1 = A2

β + θ − α = arcos(−ÂT1 + ÂT2

2ÂR
) (3.22)

Figure 3.6 shows that the phasor diagram of the simple combination of two antenna

inputs. ÂR and α correspond to the phasor representation for the combination of

reader’s CWs at the ST’s antennas. The two dotted circles represent the locus of ÂT1

and ÂT2 with varying phase β+θ. 3.6(a) shows one example where phase cancellation

does not occur, while 3.6(b) shows one example where phase cancellation does occur.

According to the phasor diagrams and Equation 3.21, the amplitude difference

|A1 − A2| depends on ÂR, ÂT1, ÂT2, α, β and θ. Nota that, for the single antenna
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(a) Without phase cancellation

(b) With phase cancellation

Figure 3.6: Phasor diagram that shows superimposed signal at the ST antenna
when the tag transmits logic zero and logic one.

implementation of ST the amplitude difference merely depends on AR, AT1, AT2 and

θ. Consequently, the dual-antenna based simple combination technique possesses

higher degree of freedom than that of the single antenna case. Intuitively, we could

assume that there is less likelihood of phase cancellation occurrence for the simple
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Figure 3.7: Block diagram of the ST model with receiving path selection technique

combination technique on account of diversity gain. In next section, we verify this

assumption through simulation.

3.2.2 Receiving path selection technique

The diversity selection scheme with multiple antenna inputs has long been used in

wireless communication system as a tool to mitigate multipath fading effect. Such

scheme selects, among multiple diversity branches, the branch providing the largest

SNR [67]. The receiving path selection scheme requires a novel ST design with the

chance of resolving the phase cancellation in AURIS. The proposed approach is to

implement two separate receiving paths for tag’s backscattering in the ST. The block

diagram of the new ST model is shown in Figure 3.7.

Figure 3.7 shows that the proposed structure of ST model has two major branches

labelled as Path1 and Path2. In Path2 the full functionality of ST is implemented,

and ST retains the capability to sense the backscattering communication between

the reader and tags in its proximity, as well as backscatter the sensed information to
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the reader. In addition, Path1 is an extra parallel co-operating receiving path based

on the envelope detection technique. The embedded algorithm of ST inherits the

EPCglobal Class1 Gen2 protocol-based ST locator protocol.

Following the ST locator protocol the ST does not respond, instead it just listens

for the backscatter signal from tags. The main modification of the ST is that it is

equipped with two co-operating receiving paths for the tags’s backscatter signal. In

Path1, the antenna is followed by a passive envelope detector with corresponding

matching circuits. The output of the envelope detector is fed into the analog section,

which employs a band-pass filter and a comparator. The output of analog section is

the input the digital section. Comparing with Path2, there is no backscatter modu-

lator. Therefore, Path1 acts as a pure receiver rather than a fully functional passive

transceiver. After extracting two sets of tag’s IDs ID1 and ID2 from the backscat-

tering signal, the receiving path selection technique applies a simple selection algo-

rithm Algorithm. 1 to discriminate the cases whether the phase cancellation occurs.

ALGORITHM 1: The selection algorithm

Initialization: ID1 = Decode(P1); ID2 = Decode(P2);

Procedure SELECTION(ID1, ID2 ):

if ID2 != NULL then

return (ID2 )

else

return (ID1 )

end

end Procedure

The prior consideration of ST is to avoid the occurrence of phase cancellation effect

at the two antennas concurrently. For a given time the parameters of reader’s CW

at reader antenna and tag’s backscatter signal at tag antenna could be considered as

stable. According to Equation 3.4, we could obtain the amplitude difference |A1−A2|

for various situation and locations of reader, tag and ST. According to Equation
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(3.16 ∼3.17) and the propagation parameters of wireless signal, we could obtain the

following equations. 

AT1 =
AT1 bsk

r

AT2 =
AT2 bsk

r

AR =
AR trans

R̃

θ = 2π
R̃−r
λ

+ θC

(3.23)

AT1, AT2, AR and θ are in agreement with Equation 3.4. AT1 bsk and AT2 bsk are the

amplitudes of tag’s backscatter signal at tag’s antenna for two different RCS states.

AR trans is the amplitude of reader’s transmitting signal at the reader’s antenna. R̃ is

the distance between the antennas of reader and ST, while r is the distance between

the antennas of tag and ST. λ is the wavelength of the signal at 915 MHz. θ is the

phase difference between reader’s transmitting signal and tag’s backscattering signal

at ST’s antenna. θC is the phase difference between reader’s transmitting signal at

reader’s antenna and tag’s backscattering signal at tag’s antenna. For the locations

within the proximity of tags, θC could be considered as stable at a particular time

instance. ST’s two antennas could be placed at any pair of positions in the field.

We obtain the measurements of AT1 bsk, AT2 bsk, AR trans and θC from PASS sim-

ulator as, AT1 bsk = 0.0526, AT2 bsk = 0.0485, AR trans = 2.5612 and θC = π/8 for the

case the distance between tag’s and reader’s antenna R = 2 m. The reader is placed

at (0, 0), while the tag is at (0, 2). Based on the measurements and equations, we

model Equation 3.4 in MATLAB. The result is shown in Figure 3.8.

Figure 3.8 shows the pattern of phase cancellation effect at the proximity of passive

tag. The colorbar shows that the darker color stands for lower amplitude difference

|A1−A2|. From (0, 2) to (0, 0) the distance between nearby phase cancellation curves
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Figure 3.8: The pattern of amplitude difference |A1 − A2| at ST’s antenna for the
case when reader is at (0, 0) and the tag is at (2, 0).

is around λ/4 = 0.082 m. Such periodic pattern verifies the variation of amplitude

difference in Figure 3.3. As the ratio of AR to AT1, AT2 increases, the null phase

θ cancel approaches ±π/2. In addition, the phase difference θ alters by π for any two

locations on x-axis, whose distance is λ/4.

From the figure, we could see that the possibility of concurrent occurrence of phase

cancellation effect at two antennas cannot be eliminated, because it is possible to place

these two antennas at the phase cancellation spots at the same time. However, the

phase cancellation effect is mitigated significantly using the receiving path selection

technique when compared with single antenna and simple combination technique.
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Figure 3.9: The structure and functions of ST

3.2.3 Simulation results

Simulation setup

The AURIS is modelled in PASS simulation framework as described in Appendix

A. The development environment framework is MATLAB 2012a on Windows 8.1

(64 bits). Furthermore, the behavioral model of ST with receiving path selection

technique is developed, and integrated into the simulation framework. The structure

and functions of new ST model is presented in Figure 3.9.

The major modification of the ST in comparison with ST model is one ex-

tra receiving branch, which consists of the RF front end st rf.m, demodulator

st demodulation.m and backscattering decoding section st bsck decoding.m. The re-

ceiving path section algorithm is implemented in st selection.m.

Figure 3.10 shows the experiment setup, which is used to evaluate the effectiveness

of the proposed techniques. The reader is placed at the origin (0, 0) of the area. The

trajectory of the tag is along the x-axis from (1, 0) to (7, 0) in the increment of 0.5
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Figure 3.10: Experiment setup.

m. The position of ST is uniformly distributed over the circle plane centering at

the tag and with the radius of 0.5 m. An instance of the experiment of one tag

position and its associated ST’s sampling positions is referred as a cell. In a cell there

are 300 possible positions for ST based on uniform distribution which are obtained

by Monte Carlo sampling [69]. We establish this experimental scenario in PASS

simulation framework. Figure 3.11 shows the simulation setup by side-way view and

nadir view. The transmitter is represented by the colored radiation pattern. A darker

color signifies higher gain.

Experimental result

The first set of experiments is to observe the reader’s transmitting signal and passive

tag’s backscattering signal at ST antenna for the two cases when phase cancellation

happens. The output of the envelope detector serves as the indicator of phase can-

cellation effect. We conducted the simulation trial in the first cell, and captured a

phase cancellation point for ST. As we can see in the Figure 3.12(a), tag’s backscat-

tering ASK signal arrived at ST’s antenna with the amplitude difference 0.0017 V.

However, the envelope amplitude difference of the superimposed signal from envelope
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(a) Side-way view

(b) Nadir view

Figure 3.11: Simulation setup in PASS (1, 3, 5 cells).
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detector for two RCS states is negligible as shown in Figure 3.12(b). On the contrary,

the case without phase cancellation is shown in Figure 3.13. In Figure 3.13(a) the

amplitude difference of tag backscattering ASK signal is also 0.0017 V, but the am-

plitude difference of the envelope for two RCS states is 0.01 V, which could be easily

detected by the analog section of ST. We present the relative physical quantities in

Table 3.1. Based on these measurements of signals, we could calculate |A1−A2| and

θcancel according to Equation 3.4.

Table 3.1: The values of physical quantities and phase cancellation condition calculation

Case index AR (V) AT1 (V) AT2 (V) θ (rad) |A1 − A2| (V) θcancel (V)

Phase cancellation 0.0802 0.0576 0.0560 2.2710 0.000133 2.3578

No phase cancellation 0.1087 0.0585 0.0568 0.7570 0.0015 2.1298

The designation of physical quantities and calculation results as in Equation 3.4.

In the second set of experiments, our goal is to observe the pattern of phase

cancellation curve as shown in Figure 3.8. We conducted the simulation with 4 line

trajectories of ST in the third cell. The simulation setup is shown in Figure 3.14.

The angle between four ST tracks with tag to reader vector are 0, π/4, π/2 and π

respectively. For each track ST is moving away from the tag with the distance from

0.04 m to 1 m in intervals of 0.02 m. The amplitude difference of the superimposed

signal is measured for each steps as shown in Figure 3.15. In Figure 3.15(a) the

distances between the positions of minima that are spaced around 0.08 m on average.

Correspondingly, the distance between the dark colored phase cancellation curves in

Figure 3.8 on x-axis is around λ/4 = 0.082 m. In addition, for other three tracks of

ST, amplitude difference pattern from PASS simulator also matches with that from
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(a) Reader CW and tag backscatter signal

(b) The output of envelope detector

Figure 3.12: With phase cancellation.

mathematical model.

In the third set of experiments, we measured relative physical quantities of tag

backscattering and reader CW at both antennas of ST. Two antennas are random-

ly placed with the constraint as that the distance between these two antenna is
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(a) Reader CW and tag backscatter signal

(b) The output of envelope detector

Figure 3.13: Without phase cancellation.

λ/4 = 0.082 m [70]. We carried out the experiment in first cell, and located a phase

cancellation point for the dual-antenna based simple combination implementation.

The output of envelope detector serves as the indicator for phase cancellation. The

values of these physical quantities are presented in Table 3.2. Based on the Equation
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Figure 3.14: Experiment setup for the second experiment.

3.14-3.21, we could calculate relative physical quantities ÂR, ÂT1, ÂT2, α, β, and θ

of simple combined signal as shown in Table 3.3. Then the amplitude difference of

the combined signal |A1 − A2| equals to 0.0009 V according to Equation 3.21, which

could not be detected by the comparator in the analog section of ST. Meanwhile, for

receiving path selection technique the amplitude difference of the receiving signal at

antenna SA1 is 0.0019 V according to Equation 3.21, and the amplitude difference

of envelope detector’s output is 0.012 V, which is larger than the phase cancellation

threshold 0.005 V.

Table 3.2: The values of physical quantities at dual antennas of ST

Antenna SA1 AR (V) AT1 (V) AT2 (V) θ (rad)

0.0976 0.066 0.064 3.2536

Antenna SA2 A′R (V) A′T1 (V) A′T2 (V) θ′ (rad) θ1 (rad)

0.1247 0.1233 0.1196 1.3365 0.1916

The designation of physical quantities and calculation results as in Equation 3.14-3.15.

Finally, we studied the anti-phase cancellation performance of two dual-antenna



CHAPTER 3. PHASE CANCELLATION IN AURIS 84

(a) 0 degree (b) 45 degree

(c) 90 degree (d) 180 degree

Figure 3.15: Measurements of amplitude difference.

Table 3.3: The physical quantities of simple combined signal

Simple combination ÂR (V) ÂT1 (V) ÂT2 (V) θ (rad) β (rad) α (rad)

0.2213 0.1306 0.1267 3.2536 -1.2026 0.1075

The designation of physical quantities and calculation results as in Equation 3.14-3.15.

based technique and compared with the single antenna implementation. As in the

simulation setup in Figure 3.10, we conducted experiment through 3900 sampling

points in 13 cells. In addition we repeated the trial three times with different Monte

Carlo sampling positions of ST. In Figure 3.16, the probabilities of phase cancellation

for three implementations are shown over 13 cells. The dual-antenna based imple-

mentation performs better than the simple antenna implementation. Especially, the

overall probability of phase cancellation for receiving path selection technique is be-

low 1%. Nota that, the decline phenomenon of phase cancellation probability with
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Figure 3.16: Probability of phase cancellation.

increasing distance is due to the condition of phase cancellation that the envelope

detector output of the superimposed signal of tag’s backscattering signal and syn-

chronized Reader’s CW (with no phase difference) should be larger than the phase

cancellation threshold 0.005 V.

3.3 Summary

In this chapter, we analyze the phase cancellation effect in AURIS and provide solu-

tions to counter such effect. In AURIS, the signal at ST’s antenna is the superposition

of RFID reader’s CW and passive tag’s backscattering signal. The combination of

such two signals with different phase may cause the ST could not capture the mod-

ulated information in tag’s backscattering signal. We model the phase cancellation

effect mathematically, and then demonstrate the model with extensive computer sim-

ulation. To resolve the phase cancellation effect we propose techniques by exploiting

the spatial diversity of dual antennas.



Chapter 4

Indoor localization with AURIS

We address the problem of indoor localization with AURIS. The probabilistic model

of detecting a tag by ST is proposed. This new and more realistic detection model

is formulated by integrating the distance and relative angle between the tag and the

reader’s antenna, as well as considering the interference of reader’s CW on ST. For

indoor localization, we propose a novel particle filter method (PF-AA) as inference

algorithm for AURIS. To this end, we identify two technical roadblocks of AURIS as

false synchronous detection assumption and state evolution constraints. It is demon-

strated that the proposed PF-AA algorithm overcomes such roadblocks. Further-

more, we propose a landmark-based sequential localization and mapping framework

(SQLAM) for AURIS, which enables the accurate mapping of passive tags with un-

known locations in the environment, but also improves the accuracy and robustness

of ST localization.

4.1 The detection probability model

The location inference algorithm of AURIS relies on the detection probability model

of ST-to-tag, which describes the relationship between detection and the true state

of reader, tag and ST. The traditional detection probability model used in RFID,

86
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which is simply modeled as the function of the distance between two communication

participants [8,11,71]. However, according to the research on tag-to-tag backscatter-

ing communication link, the detection probability of ST-to-tag depends on various

factors.

Tag-to-tag backscattering communication link has been explored in literature,

but mainly as a feasibility study [44, 72]. While the general feasibility has been es-

tablished, virtually no much attention has been paid to characterize the tag-to-tag

communication link. One of the pioneering works in the field characterizes the inter-

tags communication link by the near-field mutual coupling model [73]. However, it is

not applicable for the ever increasing tag-to-tag range. The rest of this section aims

to present the propagation mechanism governing tag-to-tag backscattering communi-

cation theoretically, and then set up some design guidelines for modeling ST-to-tag

detection probability.

4.1.1 ST-to-tag link budget

Figure 3.1 depicts the scheme of ST-to-tag backscattering communication link wherein

the CW signal is provided by RFID reader. The first radio link budget is the linear

scale, power-up link budget that describes the amount of power arriving at the passive

tag’s antenna from RFID reader [63].

PT =
PRGRGTλ

2XRT

(4πD)2ΘTBRT

(4.1)

� PT power received by the passive tag antenna (W)

� PR power transmitted by RFID reader antenna (W)

� GR load-matched, free-space gain of RFID reader antenna

� GT load-matched, free-space gain of passive tag antenna
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� ΘT passive tag antenna on-object gain penalty

� XRT reader to tag link polarization mismatch

� BRT reader to tag link blockage loss

� λ carrier frequency wavelength (m)

� D reader to tag separation distance (m)

Equation 4.1 is similar to the form of Friis Equation [22], but accounts for losses

Θ, B, which are commonly encountered in indoor environment.

The second link budget is the ST-to-tag backscatter link budget that governs the

amount of modulated backscatter power from passive tag received by ST.

PS =
PRGRG

2
TGSλ

4XRTXTSσ

(4π)4D2d2ΘTΘSBRTBTS

(4.2)

� PS power received by ST antenna from the tag (W)

� GS load-matched, free-space gain of ST antenna

� XTS tag to ST link polarization mismatch

� ΘS ST antenna on-object gain penalty

� BTS tag to ST link blockage loss

� d tag to ST separation distance (m)

� σ radar cross section (RCS) of passive tag antenna

Radar cross section σ is a measure of the amount of power backscattered by an

antenna [22]. Traditionally, the RCS of UHF RFID tag is measured considering the

reflection direction is the same as the incident direction [74]. However, the RCS in
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ST-to-tag link is not the case. In general, the RCS in ST-to-tag link can be written

as

σ ∝ |As − Γ|2 (4.3)

where As is the load-independent structural component, and Γ is reflection coefficient,

which is the load-dependent antenna component. A backscatter modulator manip-

ulates the signal backscattered from its antenna by switching the load impedance

between two states. The load-dependent reflection coefficient Γ is defined as [75]

Γ =
Zload − Z∗ant
Zload + Zant

(4.4)

where Zload is the load impedance, and Zant is the input impedance of tag antenna

as shown in Figure 4.1. When an open circuit is presented to the antenna, the path

to ground is blocked. There is no current flow in the antenna, thus there is no power

backscattered. When a short circuit is presented to the antenna, the current flows

directly to the ground without any resistance. In this state, a large amount of power

is backscattered, but there is no power dissipated in the load. The optimum power

transfer occurs in the matched state. The power dissipated in the load is equal to the

power backscattered in the space.

According to [76], the differential RCS is only dependent on the antenna com-

ponent, while the structure component is cancelled out. The differential RCS ∆σ

is

∆σ ∝ |ΓA − ΓB|2, (4.5)

where ΓA and ΓB are the reflection coefficients for load impedance ZA and ZB respec-

tively.

In Equation 4.2, the power received at the receiving tag goes as the inverse square

of the separation distance between reader and the transmitting tag, as well as the
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Figure 4.1: Block diagram of passive tag

inverse square of the separation distance between the transmitting tag and the re-

ceiving tag. It is also proportional to the antenna gains. Additionally, it shows that

the modulated-backscattered power is dependent on the difference between reflection

coefficient of each antenna load in Equation 4.5. Since the detection of ST-to-tag

depends on hamming distance between received signals for two difference RCS states,

it is evident that detection model should integrate these two separation distances and

antenna gains.

4.1.2 Model description

According to the study on ST-to-tag backscattering communication link, the detection

probability of ST-to-tag depends on numerous factors, including the distance from

reader antenna, the orientation of antenna and phase cancelation et al. In this section,

we therefore develop a more realistic detection probability model that is better suited

for ST-to-tag communication link.

First, the detection probability model is modelled as the function of the distance
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D
d

 Reader Antenna

X

Y

Z

(θ, ψ)

Tag

Figure 4.2: Representation of detection probability model parameters.

and (elevation, azimuth) angle pair from reader antenna to tag, as well as the distance

between tag to ST. Second, augmented by phase cancellation-reducing technique,

phase cancellation has an insignificant effect on detection probability as mentioned

in Section 3.2.2. Therefore, the detection probability does not take into account the

superposition of reader CW and tag’s backscattering. Noteworthily, due to the very

nature of phase cancellation, it is highly possible that the detection probability model

will suffer from overfitting issue by integrating phase cancellation effect without the

effect-reducing techniques [66].

Figure 4.2 depicts the distance D, azimuth θ and elevation φ from reader antenna

to tag, as well as the distance d from tag to ST. The azimuth θ represents the relative

orientation angle between antenna (X, Z) plane and antenna-to-tag direction. The

elevation φ represents the relative orientation angle between antenna (X, Y) plane and

antenna-to-tag direction. Both of these angles have the range of [−π/2, π/2]. The

detection probability of ST-to-tag p(D, d, θ, φ) is formulated as logistic regression

model.

p(D, d, θ, φ) =
1

1 + ea0+a1D+a2d+a3|θ|+a4|φ|
(4.6)

where {ak, k = 0, 1, 2, 3, 4} are the model coefficients. The logistic regression model is

used to estimate the probability of a binary response based on one or more variables,
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therefore restricted to the range (0, 1) [77]. The logistic model reflects the inverse

exponential relationship between detection probability and features D, d, θ, φ. We

refer to such model as RTS model.

For comparison, the conventional model, where the detection probability is a

function of distance between tag and ST, is presented. We refer to this probability

detection model as TS model.

p(d) =
1

1 + ea0+a1d
, (4.7)

where d is the distance between tag and ST, a0 and a1 are the model coefficients.

4.1.3 Model evaluation

We evaluated the proposed detection probability model by the experiment data ob-

tained from the newly developed PASS simulation framework. PASS is system-level

time-domain UHF RFID simulator, which is based on PARIS simulator developed by

Dr. Arnitz [61, 66]. In the experiment, the reader antenna is RFMAX S9028PCRJ,

which is a circularly polarized panel antenna working at 902-928 MHz frequency band.

The power level of reader antenna is set as 30 dBm. Figure 4.3 plots the antenna

radiation pattern. The channel type is selected as “room” in PASS. The tag model is

based on NXP UCODE G2XM tag. The ST model is designed to emulate the specific

ST device with dual-antenna implementation.

Figure 4.4 shows the experimental setup. The reader antenna is placed at the

origin (0, 0, 0). The position of tag is uniformly distributed over the cuboid area,

where x ∈ [1, 8] m , y ∈ [−4, 4] m, z ∈ [−4, 4] m. There are 3000 possible positions

for tag, which are obtained by Monte Carlo sampling method and represented by

green points. The position of ST is randomly sampled within the sphere, whose globe

is at tag position and radius is 2 meters. ST possible positions are represented by
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Figure 4.3: Antenna radiation pattern

brown points. The detection y of ST-to-tag among these 3000 measurement samples

are recorded.

The cost function for training the logistic model is

J(a) =
1

m

m∑
i=1

[−y(i)log(pa(D, d, θ, φ)(i))− (1− y(i))log(1− pa(D, d, θ, φ)(i))] (4.8)

where m is the size of dataset [78].

We apply gradient descent method to estimate the model coefficient. The esti-

mated values are a0 = −1.462, a1 = 0.4941, a2 = 2.506, a3 = 0.0126 and a4 = 0.0523.

Figure 4.5 shows the visualized detection probability model. It is found that dis-

tances D and d are much more significant in affecting the detection probability than

orientation of the tag with respect to reader antenna. The reason is mainly related

to the radiation pattern of panel antenna, as well as the position sampling space of

tag and ST in experiment. The experiment setup reflects the real indoor localization
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application, in which the panel antenna is usually mounted on the roof while tags and

STs on the ground. Following the same manner, we obtain the estimated coefficient

values for TS model, where a0 = 0.8970 and a1 = 2.4443. The visualized detection

probability is plotted in Figure 4.6.

Figure 4.7 shows the calculated detection probability based on the samples from

training dataset. In Figure 4.7(a), the data samples are collected within the region

d ∈ [0.4, 1] m. The detection probability is calculated along the variable D with the

interval as 0.3 m shown by the bar chart. The probability curve of RTS and TS model

are plotted along the variable D at d = 0.6 m. Since the TS model purely depends

on the parameter d, the distance between tag and ST, the detection probability is

constant over the range of D. In Figure 4.7(b), the data samples are collected with

the region D ∈ [2, 4] m. The detection probability along the variable d with the

interval of 0.2 m. The probability curves of RTS and TS model are plotted along the
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Figure 4.5: The estimated detection probability versus (a) D and d with θ = 0,
φ = 0 (b) θ and φ with D = 2 m, d = 0.5 m for RTS model
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Figure 4.6: The detection probability versus d for TS model

variable d, in which the parameter D of RTS model is set at 3 m. From the Figure

4.7, we can see that probability curve of RTS model agrees with the dataset, while

the TS model suffers from the underfitting problem.

Last, we obtain another 1000 measurement samples with the same simulation

setup as test dataset. The cost is computed according to Equation 4.8. The cost of

RTS model on test dataset is 0.1278, while the cost of TS model is 0.1502. Therefore,

we can conclude that RTS model has higher modelling accuracy than the TS model.
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Figure 4.7: The detection probability versus (a) D with data from region d ∈ [0.4, 1]
(b) d with data from region D ∈ [2, 4]
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4.2 Particle filter-based localization method with

AURIS

This section addresses the problem of indoor localization of ST-tagged objects in

AURIS. The method relies on the binary proximity information of ST-to-tag and the

corresponding detection probability model introduced in Section 4.1. As described

in Section 2.4.1, ST is a semi-passive UHF RFID component with unique dual func-

tionality, which is augmented to off-the-shelf UHF RFID system. Populated with

a large set of passive tags as landmarks, the augmented UHF RFID system could

provide fine-grained proximity-based localization service for indoor environment. We

propose a novel particle filter method (PF-AA) as inference algorithm for AURIS

indoor localization. Some previous works dealing with particle filter-based RFID in-

door localization possess strong assumption and constraints on the target state-space

model, such as initial pose knowledge, linear target motion model or exteroceptive

sensor information [11, 79, 80]. Additionally, according to ST’s Gen2-based locator

protocol, the host computer controls reader to send out a fixed number of query

rounds to reference tags. Then the inference algorithm localizes ST using aggregated

binary information reported by ST [5]. Existing inference algorithms possess a false

synchronous detection assumption, which considers that the detection measurements

are received by ST synchronously [5, 10, 11]. The novel PF-AA introduces current

measurements into the state evolution model using a constraint-free auto-regressive

(AR) model, and it also addresses the asynchronous measurements with a minor

modification of ST locator protocol.

4.2.1 Problem formulation

Figure 4.8 shows a typical deployment case of AURIS for find-grained proximity-based

localization. The system is composed of a host server which runs the localization
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Listening (QT ) Responding (QS)

Host server
• Initiate query QT • Initiate query QS

• Obtain tags’ IDs • Obtain ST’s EPC payload

ST

• Listen to the reader • Respond to the reader

• Listen to the proximal tags by backscattering its ID

• Store tags’ IDs and the stored tags’ IDs

Table 4.1: ST locator protocol

algorithm, an off-the-shelf RFID reader, a large set of passive tags placed at known

locations as landmarks, and a ST attached to mobile target of interest. The ST

incorporates a Gen2 compliant locator protocol, which is a two-stage query process

as illustrated in Table 4.1.

Host

Query for Tag (QT)Query
 fo

r S
T (Q

S)

  STLandmarkRFID reader

Figure 4.8: The deployment of AURIS

A query of QT drives the ST to Listening state. In this state, ST does not respond

instead listening to backscattering signal of passive tags within its proximity. Upon

detecting any backscattering signal, the ST decodes the signal, extracts tag’s ID and

stores a hash value corresponding to the ID temporally in memory. The query of QS
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drives ST to Responding state. In this state, ST itself works as a standard passive

tag, and conveys the information about the detected tags’ IDs during QT to the RFID

reader. As a result of several query rounds, the host server aggregates the associated

information and determines the location of ST. For instance, as in Figure 4.8, the

detection range of ST is shown by a dotted circle. Thus ST can acquire the ID

information of these two tags. Because the location of passive tags are known prior

to operation, the host server can determine the location of ST.

In some of our previous works [5, 10, 11], we have studied certain inference algo-

rithms for AURIS localization system. First, we introduce weighted centroid localiza-

tion (WCL) method, which is commonly used in wireless sensor network localization

application [81]. The key idea of WCL method is the weighted average of the detected

tags’ locations. The WCL method is cheap in computational cost, but yields coarse

location estimation. We then propose a general method for continuous localization of

ST using particle filtering (PF), by which the localization accuracy is improved but

with higher computation cost [11]. Since the computation task is executed on the

host server, the increased computation cost draws little concern. However, two fun-

damental issues, which deteriorate the localization accuracy, are identified in AURIS

design itself and PF algorithm. These issues are discussed as following.

False synchronous detection assumption

In AURIS, ST has two operation states Listening and Responding controlled by

RFID reader queries. First, RFID reader sends out N rounds of the query QT to

address passive tags. Once capturing the backscattering response from passive tag

to RFID reader, ST records the tag’s ID and the associated read rate out of N . The

following query QS drives ST to convey the stored information from ST to RFID

reader. However, existing localization algorithms treat the detection measurements

in N rounds indiscriminately, which assumes that all the measurements are obtained
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with the same target pose. In other words, It assumes that all the measurement are

obtained at the same time instant of QS as shown in Figure 4.9. We refer to this

situation as false synchronous detection assumption. Such assumption is appropriate

when ST is static. But it introduces a significant bias to the estimated ST location

when ST is moving, especially when the speed is high.

Tag 1

Tag 2

QT Qs

ST

4

2
t

QT QT QT

Figure 4.9: Representation of a set of queries QT and QS with N = 4

State evolution model constraints

In PF-like sequential Bayesian estimation algorithm, the state evolution model is

used to approximate the current state based on the history [53]. From practical

perspective, state evolution model is formulated based on the knowledge of system

dynamics. In [11], the state evolution model possesses a strict constraint as shown in

Equation 4.9.

xt+1 = Axt +But (4.9)
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and

A =



1 0 TS 0

0 1 0 TS

0 0 1 0

0 0 0 1


B =



TS 0

0 TS

1 0

0 1


where xt = [x1,t, x2,t, ẋ1,t, ẋ2,t]

T is the state vector at time t. The first two elements of

the state vector denote the location of target in the two-dimension Cartesian coordi-

nate system, and the other two elements are the velocity of the target. ut = [u1,t, u2,t]
T

is the process noise with known distribution which accounts for the variation of target

speed.

The state evolution model above is a linear model, which has remarkable perfor-

mance when the dynamic pattern of target is prior known and comparatively linear.

However, the performance of the model degenerates severely when dynamic pattern

of target is different. Besides that, the model requires the prior knowledge about the

initial state of target.

4.2.2 PF-AA algorithm

Our method includes two simple ideas: (1) we estimate the velocity of the moving tar-

get based on the estimation state history and current measurement using AR model.

The current measurement is introduced into the AR model by WCL method. In [7],

the velocity of state evolution model is updated by the time duration of each land-

mark tag staying in the reader’s reading range. The estimation is highly inaccurate

and unreliable. To best of our knowledge, our method is the first to use WCL on

fusing the current measurement into the state evolution model; (2) we implement a

minor modification to ST locator protocol, by which the host server is able to obtain
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the asynchronous detection information. Based on such information the estimation

bias could be computed. With these two ideas, we design PF-AA algorithm for better

accuracy and applicability in indoor target localization application.

As mentioned earlier, RFID reader sends out the number of N rounds of QT

queries for reading the tags in the time interval between t− 1 and t. In the original

ST locator protocol the reader does not record any information about reading, and

ST simply accumulates the read rate of passive tags in its proximity. To counter the

false synchronous detection assumption, a minor modification is introduced to record

the asynchronous detection associated information. Since it is designed to be simple

and energy efficient, ST is not a good candidate for the modification to record the

detection information. Instead, we propose that RFID reader records the time instant

of successive detection associated with the tag ID for each query. In addition, ST

reports to the reader the query round number of detections for each detected passive

tag rather than merely the read rate out of N . The host server obtains the time

instants for each tag detection of ST by fusing the recorded information together.

The modified ST locator protocol is still EPCglobal Class1 Gen2 compliant. We

denote the detection of the specific passive tag Tk at time t by

yt,k = {nt,k, τi,k : nt,k < N, t− 1 < τi,k < t, i ∈ {1, ..., nt,k}} (4.10)

where nt,k is read rate, τi,k is the time instant of ith detection of tag Tk.

The state evolution model characterizes the location state xt = [x1,t x2,t] of the

moving target over time. The main purpose of the state evolution model is to pre-

dict location state xt given the most current one xt−1. The implementation of state

evolution model depends on the dynamic pattern of the moving target. In this work,

we utilize AR model to represent the discrete state evolution model as follows:

xt = xt−1 + v̂t∆t+ qt (4.11)
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where xt = [x1,t x2,t] denotes ST location in 2D cartesian coordinate system at time t.

v̂t = [v̂1,t v̂2,t] denotes the ST velocity estimation based on the current measurement

and history estimation. qt is the noise vector with known Gaussian distribution.

Now we address the velocity estimation given the target location x̂t−1 and velocity

v̂t−1 from previous sampling step, as well as the current measurement {yt,k, k ∈

{1, ..., Ntag}}. It is worth noting that yt,k is represented in Equation 4.10.

First, the current target location xt is estimated through WCL method:

x̂∗t =

∑Ntag
i=1 (nt,i · LTi)∑Ntag

i=1 nt,i
(4.12)

where {LTi, i ∈ 1, ..., Ntag} are the known locations of landmark tags. Then the

velocity estimation v̂∗t simply based on the current measurements is calculated by

v̂∗t =
x̂∗t − x̂t−1

∆t
(4.13)

The current velocity v̂t is estimated by a auto-regressive (AR) model,

v̂t = b0v̂
∗
t + b1v̂t−1 (4.14)

where b0 and b1 are weighting parameters. Note 1-order AR model is reasonable since

there is no dynamic pattern constraints and proprioceptive sensor information.

When the RFID reader, landmark tags and ST are deployed as in Figure 4.8, the

number of times that the tag is detected by ST is modelled as binomial distribution,

that is, the probability of n detections out of the number N query rounds is given by

P (n|D, d, θ, φ) =

(
N

n

)
p(D, d, θ, φ)n(1− p(D, d, θ, φ))N−n (4.15)

where D, θ and φ are the distance, azimuth and elevation from reader antenna to tag.
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d is the distance from tag to ST. p(D, d, θ, φ) is the detection probability of ST-to-tag.

With the state evolution model and measurement model, we are ready to imple-

ment particle filter scheme to localize ST. Suppose that at time instant t−1, a random

measure of size M , χt−1 = {x(m)
t−1, w

(m)
t−1}Mm=1 is available, which is used to characterize

the posterior distribution of xt−1, where x
(m)
t−1 are the particles of measure, and w

(m)
t−1

are the corresponding weights indicating the goodness of the particle.

Upon receiving the current measurements {yt,k, k ∈ {1, ..., Ntag}} at the time

instant t, the particles are propagated by using

x
(m)
t ∼ π(xt|x(m)

t−1, y0:t) (4.16)

where π(xt|x(m)
t−1, y0:t) is the proposal distribution used for generating new particles

x
(m)
t .

PF-AA utilizes a different method to generate new particles based on current mea-

surement compared with the traditional auxiliary particle filter, which uses current

measurement to reweight the particles x
(m)
t−1 before particle propagation [56]. Current

measurement is used to update dynamic input of state evolution model through WCL

method. Therefore, the target state at time instant t is predicted by propagating all

particles at time t− 1 according to the importance function p(xt|x(m)
t−1) based on state

evolution model. The weights that are assigned to the particles are given by

w
(m)
t ∝

p(yt|x(m)
t )p(x

(m)
t |x

(m)
t−1)

π(xt|x(m)
0:t−1, y0:t)

w
(m)
t−1

∝
p(yt|x(m)

t )p(x
(m)
t |x

(m)
t−1)

p(xt|x(m)
t−1)

w
(m)
t−1

∝ p(yt|x(m)
t )w

(m)
t−1 (4.17)
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where

p(yt|x(m)
t ) =

Ntag∏
i=1

[

(
N

nt,i

)
pi(x

(m)
t )nt,i(1− pi(x(m)

t ))N−nt,i ] (4.18)

pi(x
(m)
t ) =

1

1 + ea0+a1Di+a2d
(m)
i +a3|θi|+a4|φi|

(4.19)

where Di, θi and φi are from the geometry relationship between reader and tag Ti,

d
(m)
i is the distance between particle x

(m)
t and tag Ti.

Then the weight of particles are normalized by

w(m) =
w(m)∑M
i=1w

(i)
(4.20)

Once the weights are normalized, we form the random measure for the time instant

t, χt = {x(m)
t , w

(m)
t }Mm=1. This random measure is used to estimate xt by

x̂t =
M∑
m=1

w
(m)
t x

(m)
t (4.21)

To avoid degeneration of the random measure, the resampling scheme is executed

to eliminate particles with small weights and replicate particles with large weights [82].

After resampling the current particles is replaced with the new one and the weights

{w(m)
t ,m = 1, ...,M} are set to 1/M .

Then we utilize the current target location estimation to update the current ve-

locity estimation,

v̂t =
x̂t − x̂t−1

∆t
(4.22)

An additional step of the algorithm is to characterize the estimation bias from the
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synchronous detection assumption. When the speed estimation v̂t exceeds certain

predefined threshold, the following steps are executed. We obtain the time instants

of successive detections from the measurement {yt,k, k ∈ {1, ..., Ntag}}, which spread

over the range of (t−1, t). We assume the location estimation x̂t is at the time instant

t̂ given by

t̂ =

∑Ntag
k

∑nt,k
i τi,k∑Ntag

k nt,k
(4.23)

thereby, the final estimate of target at the time instant t is given by

x̃t = x̂t + (b0v̂t + b1v̂t−1)(t− t̂) (4.24)

The PF-AA algorithm takes the above steps in a recursive fashion. A pseudo-code

description of this algorithm is given by Algorithm 2.

4.2.3 Performance evaluation

In this section, the simulation is used to evaluate the effectiveness of the proposed

algorithm. The simulation setup follows the deployment scenario of AURIS in PASS

as shown in Figure 4.10. The area was 4 m × 3.2 m, and covered by 9 × 5 UHF

RFID landmark tags. RFID reader’s panel antenna is placed at center of the area with

height as 2 m facing the ground. The PASS simulation framework is configured as in

Section 4.1.3. As for simulation parameters, the state evolution noise vector is given

as qt = [N (0, 0.3),N (0, 0.3)]. The parameters of measurement models were the ones

obtained in Section 4.1.3. In all the simulation, the PF algorithms used 200 particles.

The number of query round QT was set as 10. The localization performance was

measured by average root mean square error (RMSE). The RMSE for one realization
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ALGORITHM 2: PF-AA algorithm

while t = 1, 2, 3, ... do
if t == 1 then

/* Initialization */

x
(m)
1 ∼ N(x̂∗1,q1), w

(m) = 1/M and v̂1 = 0
where x̂∗1 is calculated according to (4.12), q1 is predefined Gaussian
noise vector.

/* Weight Update */

Update w(m) according to (4.17) and normalize according to (4.20).
/* Estimation */

Estimate x̂1 according to (4.21)
else

/* Velocity update */

v̂t is updated according to (4.14).
/* Propagation */

Generate particles x
(m)
t ∼ p(xt|x(m)

t−1) according to (4.27)
/* Weight Update */

Update w(m) according to (4.17) and normalize according to (4.20).
/* Estimation */

Estimate x̂t according to (4.21).
/* Velocity update */

v̂t is updated according to (4.22).
end
/* Resampling */

Resample M particles from the current measure χt = {x(m)
t , w

(m)
t }Mm=1;

Assign w(m) = 1/M to each weight of new particle set.
/* Output */

if v̂t < vthreshold then
x̃t = x̂t

else
/* Bias compensation */

x̃t is estimated according to (4.24).
end

end

is calculated as
√

(x̃1,t − x1,t)2 + (x̃2,t − x2,t)2.

In the first set of experiments, our goal was to obtain the speed threshold used
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Figure 4.10: Experiment setup with landmark tags deployment, and ST trajectories.
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Figure 4.11: The performance of PF-AA bias compensation technique.
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Figure 4.12: The performance of PF-AA and PF-BIN with ST speed 0.5 m/s.

for bias compensation of false synchronous detection assumption. We compared the

localization performance of two implementations of PF-AA algorithms over moving

speed at the range of [0.1, 3] m/s. One implementation was the original PF-AA

without bias compensation at any vt by setting vthreshold as 100. The other was

the original PF-AA with bias compensation at any vt by setting vthreshold as 0. We

generated 100 independent realizations for the two implementations following the

ST trajectory 1 as shown in Figure 4.10. The query period was set as Ts = 0.3 s.

The results are shown in Figure 4.11. We can see that these two implementations

perform differently for ST with different speed. To be specific, PF-AA without bias

compensation performs better than that with bias compensation when the speed of

ST is lower than 1.2 m/s. Therefore, it is reasonable to set vthreshold as 1.2 m/s.
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Figure 4.13: The performance of PF-AA and PF-BIN with ST speed 2.5 m/s.
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Figure 4.14: The CDFs of position erros of PF-AA and PF-BIN.

In the second set of experiments, we compared the localization performance of d-

ifferent PF algorithms: (a) PF-BIN algorithm in [11]; (b) PF-AA algorithm. For PF-

BIN algorithm, it requires prior knowledge of initial state and movement speed. The
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process covariance matrix of its state evolution model was given by diag(0.01, 0.01).

Note the measurement model of PF-BIN is updated to RTS model. First, ST trajec-

tory was set as ST trajectory 2 in Figure 4.10. The speed was 0.5 m/s. We generated

100 independent realizations of the ST trajectory 2. The results are shown in Fig-

ure 4.12, where the data is obtained by averaging the RMSEs over time. The overall

RMSE of PF-BIN is 0.1681 m, while that of PF-AA is 0.1717 m. In this situation,

PF-BIN performs slightly better than PF-AA. Second, ST speed is modified to be 2.5

m/s. We implemented 500 independent realizations of ST trajectory 2. According to

Figure 4.13, the PF-AA consistently performs better than PF-BIN. During some ini-

tial period, the performance of PF-AA is not desirable due to the setup time for bias

compensation. In Figure 4.14, we plot the cumulative distribution functions (CDF)

of the errors for PF-AA and PF-BIN. PF-AA performs better than PF-BIN.

Finally, we simulated a scenario with random walk trajectory of ST to compare

WCL and PF-AA. The random walk trajectory is implemented as that ST moves

straight with a constant speed, whenever it arrives at the area boundary, it bounces

back at random angle with random speed. The speed of ST is uniformly distributed

over the range of [0.1, 3] m/s. As seen in Figure 4.15, as expected, PF-AA performs

better than WCL. As the time goes by 1500 seconds, the cumulated RMSE is reduced

by around 36.6%.

4.3 Landmark-based sequential localization and

mapping framework using AURIS

In this section, we propose a landmark-based sequential localization and mapping

framework (SQLAM) using AURIS, a system that leverages a set of passive landmarks

tags to localize ST, and sequentially constructs a geographical map of passive tags
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Figure 4.15: The performance of PF-AA and WCL with random walk trajectory.

with unknown locations while ST is moving in the environment. Mapping location-

unknown passive tags accurately leads to practical advantages. First, the localization

capability of AURIS is not confined to the objects carrying STs. Second, the passive

tags with resolved locations could be included into landmark set to localize ST, hence

leading to better ST localization accuracy and robustness.

Figure 4.16 shows a typical deployment case of AURIS for fine-grained proximity-

based localization. The system is composed of a host server which runs the localization

algorithm, an off-the-shelf RFID reader, a large set of standard tags placed at known

location as landmarks, a ST attached to mobile target of interest, as well as certain

other standard tags with unknown locations. The sensing range of ST is depicted as

the dotted circle. In this example there are two landmark tags and one passive tag

with unknown location within ST’s sensing range. As a result of several query rounds,

the host server could utilize the aggregated information to localize ST. Furthermore,

the estimation of the passive tag’s location is available with the proposed SQLAM
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Figure 4.16: The deployment of AURIS with unknown tags

framework in this section.

Compared with the conventional simultaneous localization and mapping (SLAM)

method used in robot domain [83], which utilizes various equipped sensors to update

a local map of surrounding environment while simultaneously keeping track of the

target’s position within it, the major difference of SQLAM is that it purely relies on

proximity information. In particular, SQLAM uses three critical steps as following:

� First, a large set of passive tags are deployed in the area of interest at known po-

sitions as landmarks. According to AURIS’s EPCglobal Class1 Gen2-compliant

locator protocol, the RFID reader sends out a fixed number of query rounds

to the passive tags. Then ST is localized according to a particle filtering-based

inference algorithm using aggregated binary measurements reported by ST.

� Second, SQLAM discovers passive tags with unknown locations that already

exist in the environment, by a temporal weighted centroid localization approach

based on aggregated binary measurements of ST to passive tags as well as ST

location estimation. In this way, these passive tags with unknown locations

become passive tags with resolved locations. The philosophy behind temporal
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WCL is straightforward, in which the most relevant measurements of ST-to-tag

are maintained in the observation vector for each passive tag according to the

detection rate of ST-to-tag. The observation vector is a vector with pre-defined

size, which holds the largest detection rates of ST-to-tag with the number of

vector size until the current time instance.

� Third, passive tags with resolved locations are incorporated into the landmark

set to replace the landmark tags in case the landmark tags fail or get damaged.

Landmark tags will fail to respond to RFID reader due to temporary electromag-

netic blockage or permanent hardware failure, which is fatal to proximity-based

localization method. SQLAM proposes to compensate the failure of landmark

tags by selecting passive tags with resolved locations as substitutes.

4.3.1 Framework overview

The objective of this framework is to design a method to localize ST and map un-

known tags accurately. We depict our AURIS system by using Figure 4.16. ST has

the capability to capture the backscattering communication between passive land-

mark tags and RFID reader. The location of ST could be inferred from the aggre-

gated detection information and prior known landmark map. On the other hand,

unknown tags are mapped based on the uncertain ST location estimation rather than

landmark map, since there is no direct communication link between unknown tag

and landmarks. In AURIS system ST is attached to mobile target which is always

moving, while passive tags are attached to static objects. Along with more aggregat-

ed detection information collected by ST, the mapping accuracy of unknown tags is

improved gradually. Unlike conventional simultaneous localization and mapping (S-

LAM) framework, SQLAM does not include the discovered unknown tags to localize

ST till their mapping accuracy surpasses certain threshold. Figure 4.17 shows the
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SQLAM framework architecture.

Our SQLAM framework includes three main modules.

Particle filter

In particle filter-like approach, two models are defined: first, a model describing the

evolution of object’s state (the state evolution model); second, a model relating the

noisy ST readings (the measurement model) [53].

As the control input the state evolution model, the velocity of the moving ST is

not estimated in the particle filter framework but based on the location history and

current ST-to-landmark measurements. Incorporating the current velocity estimation

as input, the state evolution model of the particle filter is more robust than previous

models, which relies on a strong assumption that the motion pattern of the object is

relatively stable without sharp maneuver and speed change [11].
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Temporal WCL

The weighted centroid localization (WCL) calculates the mobile target’s location by

weighted average from all the locations of the landmarks in the range of mobile

target [49]. However, ST keeps moving while unknown tags are static, which leads

conventional WCL unapplicable for localizing unknown tags. To overcome the above

issue, we extend WCL in time domain for localizing unknown tags with obtained ST

location estimation. Specifically, the current location of unknown tag is estimated by

weighted averaging a limited number of most relevant ST location estimations, whose

relevance are measured in terms of read rate.

Landmark replacement

The coverage of landmark tags is crucial for proximity-based indoor localization meth-

ods. However, certain landmark tags could be compromised due to temporary electro-

magnetic blockage or permanent hardware failure. We propose landmark replacement

algorithm exploiting passive tags with resolved location from previous stage. The re-

placement algorithm depends on the combination of passive tag location uncertainty

and the distance of passive tag to the failed landmark. Additionally, two methods

are proposed to include the substitute into the landmark set, which will described in

Section 4.3.2.

4.3.2 The SQLAM Framework

The general introduction of SQLAM framework is described in Section 4.3.1. This

section explains the details of different modules in the framework.
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Table 4.2: Summary of terms and their definitions related to SQLAM

Term Definition

x̂t ST location estimation at time t

v̂t ST velocity estimation at time t

p(D, d, θ, φ) the detection probability model of ST-to-tag

NLT the number of landmark tags

LTk the prior known location of the kth landmark tag

nt,k the read rate of the kth landmark tag at time t

ℵi
the read rate vector of the ith unknown tag

along the time 1 : t

OVi the vector formed by Ntmp largest elements in ℵi

Nui

the number of aggregated binary measurements

for the ith unknown tag along the time 1 : t

NUT the number of unknown tags

UTi the location estimation of the ith unknown tag

RPk
the unknown tag selected to replace

the failed landmark tag k

N∗LT the number of replacement landmark tags

Velocity Estimation

We first estimate the speed of the moving ST at time t. Let’s suppose that xt =

[x1,t x2,t] denotes ST location in 2D cartesian coordinate system at time t. vt =

[v1,t v2,t] denotes the ST velocity. x̂t = [x̂1,t x̂2,t] denote ST location estimation.

v̂t = [v̂1,t v̂2,t] denotes the ST velocity estimation.

Given the ST location estimation x̂t−1 and velocity estimation v̂t−1 at time t− 1,

as well as the detection rate from NLT landmark tags at time t, nt = {nt,k, k ∈

{1, . . . , NLT}}, we estimate the current velocity v̂t. The current ST location is roughly
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estimated using WCL method:

x̂∗t =

∑NLT
k=1 (nt,k LTk)∑NLT

k=1 nt,k
(4.25)

where {LTk, k ∈ {1, . . . , NLT}} are the prior known locations of landmark tags.

Then the velocity v̂∗t simply based on the current measurement is calculated by

v̂∗t = (x̂∗t − x̂t−1)/∆t. v̂t is estimated by a auto-regressive (AR) model to improve the

performance [84].

v̂t = b0v̂
∗
t + b1v̂t−1 (4.26)

where b0 and b1 are weighting parameters.

ST Tracking with Particle Filter

In this subsection, we solve the ST tracking problem through particle filter approach.

The state evolution model characteristics state sequence of ST location, xt = [x1,t x2,t].

We have the discrete state evolution model as follows:

xt = xt−1 + v̂t∆t+ qt (4.27)

where qt is the noise vector with a known Gaussian distribution.

The detection rate from passive tag to ST is modeled as a binomial distribution,

that is, the probability of n detections in N query rounds is given as follows:

P (n|D, d, θ, φ) =

(
N

n

)
p(D, d, θ, φ)n(1− p(D, d, θ, φ))N−n (4.28)
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Upon receiving the current measurement nt, the particles are propagated for gen-

erating new particles x
(m)
t according to state evolution model Equation (4.27). The

weights that are assigned to the new particles are given.

w
(m)
t ∝ p(nt|x(m)

t )w
(m)
t−1 (4.29)

where p(nt|x(m)
t ) is formulated by the measurement model.

p(nt|x(m)
t ) =

NLT∏
k=1

[

(
N

nt,k

)
pk(x

(m)
t )nt,k(1− pk(x(m)

t ))N−nt,k ] (4.30)

pk(x
(m)
t ) =

1

1 + ea0+a1Dk+a2d
(m)
k +a3|θk|+a4|φk|

(4.31)

Dk, θk and φk are from the geometry relationship between reader and landmark tag

k, d
(m)
k is the Euclidean distance between particle x

(m)
t and landmark tag k.

Once the weights of particles are computed according to Equation (4.29), we

normalize the weights and form a new random measure, χt = {x(m)
t , w

(m)
t }Mm=1. This

random measure then is used to estimate xt by

x̂t =
M∑
m=1

w
(m)
t x

(m)
t (4.32)

To avoid a degeneration of the random measure, we execute resampling on χt =

{x(m)
t , w

(m)
t }Mm=1, by drawing M particles from x

(m)
t with probability proportional to

the corresponding weight w
(m)
t . An additional step of the algorithm, is to update the

estimation of current velocity v̂t by (x̂t − x̂t−1)/∆t, which could be used in velocity

estimation at time t+ 1.

The algorithm is specified below in Algorithm 3.
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ALGORITHM 3: ST tracking with particle filter

while t = 1, 2, 3, ... do
if t == 1 then

/* Initialization */

x
(m)
1 ∼ N(x̂∗1,q1), w

(m)
0 = 1/M and v1 = 0;

x̂∗1 is calculated according to Eq. (4.25), q1 is predefined Gaussian
noise vector.

/* Weight Update */

Update w
(m)
1 according to Eq. (4.29) and normalization;

/* Estimation */

Estimate x̂1 according to Eq. (4.32);
else

/* Evolution Model Update */

v̂t is updated by v̂t = b0v̂
∗
t + b1vt−1;

v̂∗t = (x̂∗t − x̂t−1)/∆t, x̂∗t from Eq. (4.25).
/* Propagation */

Generate the new particles according to Eq. (4.27);
/* Weight Update */

Update w
(m)
t according to Eq. (4.29) and normalization;

/* Estimation */

Estimate x̂t according to Eq. (4.32), evolution model is updated by
vt = (x̂t − x̂t−1)/∆t.

end
/* Resampling */

Resample M particles from the current measure χt = {x(m)
t , w

(m)
t }Mm=1;

Assign w
(m)
t = 1/M to each weight of new particle set.

end

Unknown Tag mapping with Temporal WCL

As mentioned in previous subsection, ST is localized accurately using particle filter

based on the aggregated binary measurements with landmark tags. Meanwhile, ST

also gathers the aggregated binary measurements with unknown tags as it moves in

the environment. The task of localizing unknown tags is rooted in analyzing the

aggregated binary measurements. We propose a WCL-like method, in which the

conventional WCL is extended in time domain.
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ALGORITHM 4: Tag mapping with temporal WCL

while t = 1, 2, 3, ... do
for i = 1,..., NUT do

/* Update OVi */

if Nui < Ntmp then
OVi = ℵi;

else
OVi = MAX(ℵi, Ntmp);

end
/* Location estimation */

UTi is calculated according to Eq. (4.33).
end

end

The detections of ST-to-unknown tag are accumulated to form a vector with read

rates as elements. One major limitation of WCL method is that it is easily affected

by outliers [85]. To resolve this issue, we iteratively update the vector so that it

includes only the limited number of the most relevant observations by comparing the

read rate.

For unknown tag i the aggregated binary measurements are represented as ℵi =

{ni,tj , j ∈ {1, . . . , Nui}}, and the location estimation of ST at time tj is x̂tj . The

number of unknown tags is represented by NUT . We form the vector OVi of unknown

tag i by selecting Ntmp largest read rate in ℵi. It could be written in the form of

OVi = MAX(ℵi, Ntmp), in which the observation set is {ni,t∗j , j ∈ {1, . . . , Ntmp}}.

The location of unknown tag i is estimated according to the following equation:

UTi =

∑Ntmp
j=1 (ni,t∗j x̂t∗j )∑Ntmp

j=1 ni,t∗j
(4.33)

The algorithm is specified below in Algorithm 4.
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Replacement Algorithm with Resolved Unknown Tags

Our next objective is to exploit the estimated location of unknown tags to assist

in localization of the STs in case some of the landmark tags are not available. To

realize this objective, our strategy is to select unknown tags with resolved locations

as substitutes for dysfunctional landmarks. If it is detected that a landmark tag is

failed, the neighboring unknown tag with resolved location is selected to replace it.

Otherwise, certain part of the environment will not be covered by the landmarks.

From previous subsection, for unknown tag i we obtain the location estimation

UTi and the corresponding OVi = {ni,t∗j , j ∈ {1, . . . , Ntmp}}. The variance of the

observations is

s2i =
1∑Ntmp

j=1 ni,t∗j − 1

Ntmp∑
j=1

(ni,t∗j ||x̂t∗j − UTi||
2
2) (4.34)

where || • ||2 is `2-norm operation.

Considering the distance to the failed landmark and the variance of observations,

the unknown tags with resolved locations are selected under the following constraints:

� Constraint 1 : the distance from the unknown tag with resolved location to the

failed landmark should be closer than the distance to any other landmarks.

� Constraint 2 : s2i < Sthreshold, the variance of observations s2i reflects the esti-

mation precision of observation mean UTi. Sthreshold is a predefined parameter.

� Constraint 2* : sum(OVi) > αNtmp, the alternative constraint for Constraint

2 to evaluate the quality of observations collected by ST. The summation of

OVi reflects the estimation accuracy of the observations to the unknown tags,

since higher read rate means closer distance between ST-to-tag. α is the scaling

parameter.
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From the previous constrains, a set of potential substitutes for failed landmark

k is formed. Among the substitutes , the one with the smallest distance to the

failed landmark k is selected as replacement RPk. The read rate vector of RPk is

OVRPk = {nt∗j ,k, j ∈ {1, . . . , Ntmp}}.

To incorporate the substitute landmark into particle filter method, this paper pro-

poses two methods that we refer to as parametric and Monte Carlo-based method.

a. Parametric method

The unknown tag i with resolved location substitutes the failed landmark tag assum-

ing that the location of unknown tag is UTi without considering the uncertainty of

location estimation. Therefore, the likelihood probability p(nt|x(m)
t ) is updated as

p(nt|x(m)
t ) =

NLT−N∗LT∏
k=1

[

(
N

nt,k

)
pk(x

(m)
t )nt,k(1− pk(x(m)

t ))N−nt,k ] ∗

N∗LT∏
k=1

[

(
N

n∗t,k

)
p∗k(x

(m)
t )n

∗
t,k(1− p∗k(x

(m)
t ))N−n

∗
t,k ] (4.35)

where NLT is the number of landmarks, N∗LT is the number of substitutes. nt,k and

n∗t,k are the read rate of ST to landmark and substitute tag respectively. pk(x
(m)
t ) and

p∗k(x
(m)
t ) are the detection probability from ST sampling particle x

(m)
t to landmark

and substitute respectively following Equation (4.31).

b. Monte Carlo-based method

In Monte Carlo-based method, the distribution of substitute location is approximated

by a set of samples. Take the substitute RPk for instance, the sampling particles

of substitute location distribution is represented by {x̂t∗j ,k, nt∗j ,k}
Ntmp
j=1 according to

the read rate vector OVRPk = {nt∗j ,k, j ∈ {1, . . . , Ntmp}}. The detection probability

p∗k(x
(m)
t ) from ST sampling particle to substitute is represented in terms of conditional
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Figure 4.18: Experiment setup with landmark tag, unknown tag and ST.

probability:

p∗k(x
(m)
t ) =

1∑Ntmp
j=1 nt∗j ,k

Ntmp∑
j=1

nt∗j ,k p
∗
k(x

(m)
t , x̂t∗j ,k) (4.36)

p∗k(x
(m)
t , x̂t∗j ,k) is the detection probability from ST sampling particle x

(m)
t to substi-

tute sampling particle x̂t∗j ,k. The form of p∗k(x
(m)
t , x̂t∗j ,k) follows Equation (4.31), where

Dk, θk and φk are from the geometry relationship between reader and replacement

tag particle x̂t∗j ,k, d
(m)
k is the Euclidean distance between ST particle x

(m)
t and sub-

stitute sampling particle x̂t∗j ,k. After obtaining p∗k(x
(m)
t ), the likelihood probability is

calculated as in the form of Equation (4.35).

4.3.3 Performance Evaluation

To evaluate the validity of the proposed SQLAM framework, a number of experiments

have been carried out. The simulation setup follows the deployment scenario as shown
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in Figure 4.18. The PASS simulation framework is configured as in Section 4.1.3. The

area is 5 m × 4 m, and is covered by 7 × 6 UHF RFID landmark tags. Unknown

tags are randomly distributed in the area. RFID reader’s panel antenna is mounted

at the center of the area at 2 m height facing the ground. The number of QT in

each query round is set to 10. The localization performance is measured by average

root mean square error (RMSE), which is `2-norm operation of the difference between

estimation and true location.

In the first set of experiments, we simulate a scenario with random walk trajectory

of ST to evaluate the localization performance of ST with particle filter comparing

with conventional WCL method. The random walk trajectory is implemented as

that ST moves along a straight line with constant speed. Whenever it arrives at the

area boundary, ST bounces back at random angle with random speed. The speed is

uniformly distributed over the range of [0.1, 3] m/s. As for simulation parameters,

the state evolution noise vector is given as qt = [N (0, 0.3),N (0, 0.3)]. The weighting

parameter of speed approximation are b0 = 0.8 and b1 = 0.2. The particle filter uses

200 particles, M = 200. The reader sends out query round every 0.3 second. The

time duration of query rounds is assumed to be proportional to the population of tags

in the environment [86]. We conduct the simulations of 100 random tracks of ST.

As seen in Figure 4.19, particle filter method performs better than WCL in terms of

localization accuracy of ST. The overall RMSE of ST location is reduced by around

41.9% for the duration of 500 seconds.

The second set of experiments is to explore the temporal WCL for unknown tags

based on the obtained ST location estimations. Our goal is to get the parameter

Ntmp for the size of the observation set. The reader and landmark tags are deployed

as in Figure 4.18. The ST moves along the random walk trajectory as described in
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Figure 4.19: The performance of PF and WCL with random walk trajectory (the
RMSE of ST location estimation against time).
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Figure 4.20: The performance of temporal WCL with different Ntmp (the RMSE of
unknown tag location estimation against the number of Ntmp).
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Figure 4.21: The performance of temporal WCL for 42 unknown tags (the mapping
accuracy of 42 unknown tags against time).

the first set of experiments. An unknown tag is randomly placed in the environment,

which is mapped by temporal WCL method. We repeat the simulation for 300 times

with difference unknown tag placements. The results are shown in Figure 4.20 as the

RMSE of the unknown tag location estimation versus different value of Ntmp. The

temporal WCL algorithm achieves the highest mapping accuracy of unknown tag at

Ntmp = 25.

The third set of experiments is to investigate the mapping accuracy of temporal

WCL with Ntmp = 25. We conduct the simulation with 42 unknown tags randomly

deployed in the scenario as in Figure 4.18. Figure 4.21 shows the mapping error dis-

tribution of these 42 unknown tags over time with box-and-whisker plot. In the plot,

the central rectangular spans the first quartile to the third quartile. A segment inside

the rectangular shows the median. The circle represents the mean. The “whiskers”

above and below the box show the locations of the minimum and maximum. The

crosses above the maximum whisker are the outliers. As time goes, there are more
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Figure 4.22: The estimation error of unknown tag versus (a) variance of observations
in Constraint 2 (b) summation of read rates in vector OV in Constraint 2∗.

observations of unknown tags are collected by ST, thus the mapping accuracy is im-

proved. It is found that the outliers at the time 120 s are the tags with limited

amount of available observations.
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Figure 4.23: ST Localization performance with three methods: parametric-based
method, Monte Carlo-based method and PF without replacement method.

We continue the simulation for another 300 s and obtain 2100 unknown tag es-

timations, as well as the corresponding read rate vectors. Based on the read rate

vectors, the metrics in Constraint 2 and 2* are calculated. Figure 4.22 shows the

scatter plot of variance of observation and summation of read rate vector along with

the estimation error of unknown tags. The correlation coefficient of estimation error

of unknown tags versus variance of observation and summation of read rate vector is

0.4787 and −0.8939 respectively. Therefore, the summation of read rate vector is a

more accurate linear indicator for estimation error of unknown tags. The Constraint

2* is selected and the scaling parameter α is set as 7.

Last, the experiment is to evaluate the overall performance of SQLAM framework.

The simulation setup is as shown in Figure 4.18. There are 60 unknown tags randomly
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Figure 4.24: ST localization accuracy for different percentage of failed landmark
tags (ST localization accuracy is measured by `2-norm operation of the differ-
ence between estimation and true location).

distributed in the environment. The ST moves along the random trajectory as de-

scribed in the first set of experiments. We compare three methods: the particle filter

localization method without replacement, SQLAM with parametric replacement and

SQLAM with Monte Carlo-based replacement. The simulation time is 4500 seconds,

during which certain amount of landmark tags are removed after 1500 s. The removed

landmark tags stand for the failed landmarks, which are randomly picked from the

whole population of landmark tags. The results are shown in Figure 4.23. We can see

that the new proposed algorithms outperform the other method without replacement.

To be specific, for instance, the RMSE of ST location estimation is improved by 2.3

meters when the percentage of failed landmark tags is 100%. For the particle filter

method without replacement, the location of ST is estimated as origin of the area,

since there is no available measurements. The parametric-based method performs as
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good as the Monte Carlo-based method in terms of RMSE of ST location estimation,

notwithstanding the former method possesses significantly higher computation cost.

Then we compare the distribution of ST location estimation with box-and-whisker

plot for parametric-based and Monte Carlo-based method. We pick the percentage

of failed landmark tags as 30%, 60% and 90%. As shown in Figure 4.24, the distribu-

tions of location estimation for these two methods have minor difference. Therefore,

the parametric-based method is selected over the Monte Carlo-based method due to

lower computation cost.

Simulation in research lab application

8 m

10 m

Figure 4.25: The floor plan of uOttawa SITE 5130 research lab.

The second proof-of-concept simulation for the above-mentioned SQLAM frame-

work has been conducted in the scenario of uOttawa SITE 5130 research lab. A floor
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plan of the room can be found in Figure 4.25. Let’s envisage that in lab environment

the grid of landmark tags are embedded into the carpet or floor during the deployment

phase. Afterwards, the lab is filled with furniture, equipments and other objects that

UHF RFID tags are attached to. Empowering by SQLAM framework, the system

could construct a geographical map of these UHF RFID tags, while a mobile object

with ST is traversing in the area. The UHF RFID tags with resolved locations could

assist in the localization of ST, when certain landmark tags are not available due to

temporal electromagnetic blockage or permanent hardware failure.

Figure 4.26: Simulation setup following the deployment scenario in SITE 5130 (the
square represents landmark tag, the hexagon represents unknown tag, and the
red line represents the boundary).

The simulation setup follows the deployment scenario of Figure 4.25, which is

shown in Figure 4.26. The area is 10 m × 8 m, and is covered by 11 × 9 UHF R-

FID landmark tags. Unknown tags are attached to the monitors, the printer, the

microwave, the pots of plants and the chairs. We use one RFID reader with four

panel antennas placed at the coordinates (−2.5 m,−2 m, 2 m), (2.5 m,−2 m, 2 m),

(−2.5 m, 2 m, 2 m) and (2.5 m, 2 m, 2 m). The panel antennas face the ground. The
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RFID reader activates the antenna whose distance is closer to the location estimation

of ST in the simulation. The ST follows a random walk trajectory within the bound-

ary of the area. The random walk trajectory is implemented as the ST moves along a

straight line with constant speed. Whenever it arrives at area boundary, ST bounces

back at random angle with random speed. The speed is uniformly distributed over

the range of [0.1, 3] m/s. The angle is uniformly distributed in [−π, π]. The SQLAM

framework uses the same configuration parameters as described in the previous sub-

section. The localization and mapping error is measured by `2-norm operation of the

difference between estimation and true location.
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Figure 4.27: The heat map of location estimation error associated with coordinates
when all landmark tags are available (each block is 0.5 m× 0.5 m).

In the scenario of research lab, we conduct the simulation to evaluate the local-

ization performance of ST. ST travels along the random walk trajectory for 10000 s.

We collect the data of true ST location and location estimation error along the tra-

jectory. The average RMSE of ST location estimation is 0.2560 m. Figure 4.27 shows

the heat map of location estimation error associated with coordinates. Each block
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of heat map is 0.5 m × 0.5 m, whose value is determined by the average RMSE of

location estimation while ST resides within the block.

As the ST travels in the area, the unknown tags are mapped. Figure 4.29 shows

the mapping error of unknown tags over time with box-and-whisker plot.
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Figure 4.28: The mapping accuracy of 55 unknown tags in research lab scenario
against time.

Last, at the time instance of 10000 s we remove all the landmark tags. According

to the SQLAM framework, 14 unknown tags with resolved locations are selected as

the substitutes for landmark tags. The average RMSE of ST location estimation is

1.1945 m. Figure 4.30 shows the heat map of location estimation error associated

with coordinates. Since the localization algorithm without replacement could not

locate target with ST, it is a significant advantage for SQLAM. In addition, it is

reasonable to anticipate that the localization accuracy of ST would be improved with

more objects in the lab, that are attached by UHF RFID tags, such as books or cups.
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Figure 4.29: Simulation setup (the 14 darker passive tags are landmarks).

4.4 Summary

In this chapter, we address the problem of indoor localization of ST-tagged objects in

AURIS system. A more realistic parametric model of the detection probability of ST-

to-tag is proposed, which is a function of the distance between ST to tag, and also the

distance and angle of the tag with respect to the reader. Furthermore, we propose a

particle filter-based inference algorithm to localize ST based on the aggregated binary

measurements of landmark tags reported by ST. The proposed PF-AA algorithm

addresses the problems as false synchronous detection assumption and state evolution

model constraint. Last, we propose a landmark-based sequential localization and

mapping (SQLAM) framework, so that we could construct the geographical map of

passive tags with unknown locations in the environment. The mapping of unknown

tags assist in the localization of ST in future stage. We demonstrate the performance
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Figure 4.30: The heat map of location estimation error associated with coordinates
when all landmark tags are not available, and 14 passive tags with resolved
locations are used as substitutes of landmarks (each block is 0.5 m× 0.5 m).

of the proposed algorithms by extensive computer simulations.



Chapter 5

Research directions and future work

This chapter contains some research directions for future work related to ST-to-ST

backscattering network. In addition, it describes future work related to AURIS system

described in Chapter 3 and 4.

5.1 ST-to-ST backscattering network

The key ingredient of AURIS is that ST uses backscatter modulator to convey data

and passive envelope detector to receive passive tag’s backscattering signal. With

such capability it is natural to consider that STs have the potential to communicate

among themselves without the coordination of RFID reader. Incorporating ad-hoc

communication protocol would enable multihop network of STs. One direction of

the advancement is that ST could be augmented by low power sensors, have smaller

form-factor and become battery-less [74]. In this way, a multihop network of STs will

bring the vision of IoT closer to reality. In this section, we emphasize on the benefits

for localization brought by ST-to-ST backscattering network.

In AURIS, passive tags and STs are inexpensive while RFID readers are rather

expensive. Apparently, the cost of RFID reader raises scalability issue when one

envisages a world-wide infrastructure for localization in the IoT [3]. One benefit of

138
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ST-to-ST backscattering network is that STs are capable to communicate among

themselves within the presence of the simple and inexpensive RF exciter rather than

RFID reader. RF exciter simply feeds CW with zero intelligence. RF exciter is low

cost compared with RFID reader, and can be simply integrated into the infrastructure.

Another benefit of ST-to-ST backscattering network is that single RF exciter can

cover larger area compared with RFID reader since there is no reverse link from ST

to RF exciter.

RF exciter

Gen2 readerST

Tag

Figure 5.1: The infrastructure of AURIS on the left and ST-to-ST backscattering
network on the right.

A pictorial description of one implementation of the proposed localization infras-

tructure is shown in Figure 5.1. In ST-to-ST backscattering network, STs backscatter

the incoming CW generated by RF exciters. STs can broadcast their connectivity in-

formation to neighboring STs through backscattering communication, and eventually

forward the information to server through the sink node. The localization algorithms

in multihop wireless sensor network could be borrowed into the research [87,88].

There are some open issues for realizing ST-to-ST backscattering network for
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Figure 5.2: Schematic depiction of ST-to-ST backscatter link

localization.

� Phase cancellation effect is also a problem in ST-to-ST backscattering network.

Figure 5.2 depicts the scheme of ST-to-ST backscattering communication link

wherein the CW signal is provided by RF exciter. The signal at the receiving

ST antenna is the superposition of the backscattering signal of the transmit-

ting ST and CW of RF exciter. In next section, we briefly describe a tech-

nique to counter phase cancellation effect with dual antenna implementation in

ST-to-ST backscattering network, which has been done as the initial work of

incorporating ST-to-ST link in AURIS. Inspired by our work, in [89] the author

proposes that a tag sends one bit of information twice using ASK and PSK

modulation respectively to counter the phase cancellation effect. The method

is simple and efficient in term of countering phase cancellation effect. However,

the method does not make the best of the valuable communication resource in

the link. Since the ST-to-ST backscattering network is at the research stage and

communication standards have not been developed, the modulation scheme in
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ST-to-ST backscattering communication link possesses more flexibility. There-

fore, the main emphasis of the design is on the modulation and encoding scheme

of ST-to-ST backscattering communication by exploiting multiple phase diver-

sity. The new design should have higher communication capacity, and is also

invulnerable to phase cancellation effect.

� In ST-to-ST backscattering network, it is preferable to implement the localiza-

tion algorithm in a distributed fashion rather than on a central unit as shown

in Figure 5.1. The distributed localization can be found in the area of wireless

sensor network [90]. However, compared with wireless sensors ST has simple

hardware in terms of limited memory space and computational capability. The

sensing information of ST is merely binary detection. Therefore, it is chal-

lenging to implement simple localization algorithm in ST while achieving high

localization accuracy.

� To realize ST-to-ST backscattering network, interference control and routing

algorithm should be studied. Without the presence of RFID reader, ST-to-ST

backscattering network must rely on distributed and asynchronous schemes for

multiple access and interference control. The routing algorithm of ST-to-ST

backscattering network is similar to those of wireless sensor network. Howev-

er, the ST-to-ST backscattering communication link is more prone to failure.

Therefore, the routing algorithm should act fast to the link failure. In [91, 92]

the communication protocols for tag-to-tag backscattering network have been

studied. However, these works are mainly feasibility studies and need prototype

system or comprehensive simulator to evaluate the proposed protocols.
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5.2 Reducing phase cancellation effect in ST-to-ST

backscattering network

Phase cancellation effect is also a problem in ST-to-ST backscattering network. Dual-

antenna based receiving path selection technique is feasible to combat the phase

cancellation effect in this scenario. However, due to the ad hoc fashion of the network,

the power consumption would be a major issue for ST compared with that of Gen2

reader-based system. In AURIS, receiving path technique performs simple selection

algorithm on two co-operating receiving paths, all the workload of countering phase

cancellation effect lies at at ST’s two receiving paths.

In ST-to-ST backscattering network such technique leads to unnecessary power

consumption. Unlike standard passive tags, with simple modification the transmitting

ST would acquire the capability of informing the occurrence of phase cancellation to

the receiving ST. This work proposes to inject an ASK-PSK modulated stamp to the

pilot tone of ST’s backscattering signal. The receiving ST decides on activating one

of the two receiving paths in digital section based on the captured stamp. Adopting

this technique allows only one receiving path of ST’s digital section to operate for

each communication round.

In off-the-shelf UHF RFID systems, the backscatter link employs either ASK or

PSK backscatter generated by a two-state modulation of impedance presented to the

transponder’s antenna [22]. Employing multiple FET switches along with multiple

load impedances, passive RFID components could perform M-ary modulation, such

as arbitrary QAM [93]. Thus as shown in Figure 5.3 with three FET switches and

two impedances, ST could conduct ASK and PSK modulation in the backscattering

communication link. Each impedance value Z1 and Z2 must be designed around

a given antenna impedance Za and center frequency 915 MHz. With the design

the refection coefficients for two states in ASK and PSK are as Figure 5.4. The
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Figure 5.3: Backscatter modulator scheme

Figure 5.4: Model of ST reflection coefficients

probability of phase cancellation occurring for two types of modulation in the same

frame is minimal. Therefore, in ST-to-ST communication link a ASK-PSK modulated

stamp in the pilot tone could be used as the signature of phase cancellation effect.

The model for the ASK-PSK modulated backscatter signal is as following. Let AR

denote the amplitude of external RF exciter’s CW signal received at the receiving ST

antenna SA2. Let AS1 and AS2 be the amplitude of the transmitting ST backscatter in

two states of ASK modulation measured at the receiving ST antenna. The amplitude

of the signal backscattered by the transmitting ST in PSK modulation remains the

same as AS1, while ψ is the phase difference of backscatter signal in two states. Let θ

be the phase difference between the RF exciter signal and the transmitting ST signal
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(a) No phase cancellation (b) Phase cancellation for ASK

(c) Phase cancellation for PSK (d) Phase cancellation for ASK-PSK

Figure 5.5: Phasor diagram that shows superimposed signals at receiving ST an-
tenna for ASK-PSK backscatter modulation

in one of three states as measured at the receiving ST antenna.

Figure 5.5 shows the phasor diagram of the superimposed signal at receiving ST

antenna. The dotted circles represent the locus of AS1, AS2 with varying θ. Figure

5.5(a) depicts an example with no phase cancellation for either ASK or PSK. The

envelope amplitude A1 and A3, A1 and A2 are not equal, thus the receiving ST could

detect two types of modulation. Figure 5.5(b) and Figure 5.5(c) depict the example

with phase cancellation for one type of modulation schemes ASK and PSK respec-

tively. The examples above apply one set of ASK-PSK modulated signal parameters

AS1, AS2 and ψ. Figure 5.5(d) depicts one example with phase cancellation for both

ASK and PSK modulation with a different set of signal parameters AS1, AS2 and ψ∗.

Theoretically, the phase cancellation condition for both modulation schemes could
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Figure 5.6: Experiment setup for ASK-PSK modulated stamp technique.

be avoided with certain backscatter modulation design, e.g. ψ = π. However, the RCS

of passive backscatter modulator is highly frequency-dependent, nonlinear and fast

time variant [61]. Therefore, the probability of phase cancellation for both modulation

schemes could not be eliminated, but the likelihood of the occurrence of such type

phase cancellation would be extremely low. Thus a ASK-PSK modulated stamp in

pilot tone could serve as the signature of phase cancellation for receiving ST. Once

detecting the occurrence of phase cancellation for ASK modulation in stamp, ST

could switch to the alternative receiving path. It is reasonable to assume the phase

cancellation effect would be lessened.

We evaluate the proposed ASK-PSK stamp-based technique in PASS simulator.

The RF exciter antenna is placed at the origin (0,0) of the area. The trajectory of

the transmitting ST is along x-axis from (1,0) to (7,0) in the increment of 0.5 m.

The position of receiving ST is uniformly distributed over the circle centering at the

transmitting ST and with the radius of 0.5 m. An instance of the experiment for one

transmitting ST and its associated receiving ST’s sampling positions is referred as

a cell. In a cell there are 300 possible positions for receiving ST which are sampled

by Monte Carlo method based on uniform distribution. The experiment scenario is
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Figure 5.7: The format of ASK-PSK modulated stamp in test.

established in PASS simulation framework.

The test stamp frame used in simulation is shown in Figure 5.7, followed by the

data frame as 10 bits ‘0’ in Miller 2 modulated by ASK. The phase difference of

two PSK states are separated by the ideal 180◦. In the receiving ST, the output

of decoded module of one receiving path is ‘-’ when phase cancellation occurs. As

the decoded stamp matches the phase cancellation pattern, the selection algorithm

activates the switch procedure to activate the other receiving path. Noteworthily, the

communication protocol used in the simulation is simple, in which the transmitting

ST merely send data frame with ASK-PSK stamp to the receiving ST.

In the simulation, we explored the anti-phase cancellation performance of ASK-

PSK modulated stamp based dual-antenna selection technique, and compared with

the single antenna implementation and original receiving path selection technique.

The output of ST’s envelope detector for ASK modulated 10-bits data serves as the

indicator of anti-phase cancellation performance of ASK-PSK stamp based technique.

As in the simulation setup in Figure 5.6, we conducted experiment through 3900

sampling positions in 13 cells. We repeated the experiments three times with different

Monte Carlo sampling. In Figure 5.8, the probability of phase cancellation for three

techniques is presented. The performance of two dual-antenna based techniques are at

the same level. The difference of overall probability for these two techniques is below
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Figure 5.8: Anti-phase cancellation performance.

0.1%. Last, we roughly estimate power consumption of current FPGA Spartan-3

embedded implementations in Xilinx Power Estimator (XPE), the dynamic power

consumption of one operating receiving path implementation is 79 mW, while that of

two co-operating receiving paths is 94 mW. Thus ASK-PSK stamp based technique

is promising in increasing the power efficiency.

5.3 Future directions related to AURIS

In this section, we will return back to RFID reader based systems and look at future

directions related to AURIS.

Indoor localization using tag-to-tag backscattering communication link was in its

infancy at the beginning of this thesis project. Even though it has definitely grown in

the meantime, it is still immature. As a consequence, the research will be promoted

by new technologies and applications. The following are suggested topics that can be
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considered in future research.

Optimizing landmark delopment did not receive a lot of attention during the

work on this thesis. We simply deploy the landmark tags in a square pattern, and the

distance among neighboring landmark tags is constant. However, it is beneficial to

investigate the relationship between localization accuracy and the density of landmark

tags, as well as the deployment pattern. In the reader-based method [7], the spacing

of landmark tags was 0.27 m. The reading range of the reader was 0.3 m. The

achieved localization error was 0.062 m on average. Such solution achieves high

localization accuracy with densely deployed landmarks and fine-tuned reader read

range. In AURIS, we could anticipate that the localization accuracy depends on the

combination of the read range of ST-to-tag and the density of landmark tags.

Through this work, landmark tags are considered as homogeneous. However,

in reality it is highly possible that the backscattering capability and sensitivity of

landmarks are different from other other. Therefore, the heterogeneity of landmark

tags should be investigated.

In the thesis, we studied the localization of single ST with a set of landmark tags.

The localization method could be easily extended to localize multiple STs, since we

could localize each of these STs independently.

In SQLAM framework, we assume that unknown tags in the environment are

stationary, which is not always the case. The future work needs to identify the

dynamic pattern of the movement of unknown tags, which could depend on additional

information, such as RSSI or phase of arrival, that can be obtained at the RFID

reader from unknown tags other than the aggregated binary measurements of ST-

to-unknown tags. Besides that, this work only considers the localization of one ST.

However, it can be easily extended to more than one since STs collect aggregated

binary measurements of neighboring tags independently.

The most important research direction is to realize the proposed ST improvement
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and localization algorithms. The real system would evaluate the proposed improve-

ments and algorithms against certain factors, which are not considered in the sim-

ulation. These factors include the cross-talk between dual antennas, and human or

metal shielding.

Another interesting direction to proceed is to develop the tag-to-tag backscatter-

ing using WiFi signal. In [30] the WiFi backscatter is presented, which bridges the

WiFi-powered tag with the WiFi model. The proposed method enables the reader-

to-tag like backscattering communication link. This is an encouraging start for the

tag-to-tag backscattering using WiFi signal. The research on tag-to-tag backscat-

tering using WiFi signal will benefit in the proximity-based localization solutions

facing the consumer electronic sector, since WiFi deployment is popular in various

scenarios. The research problems answered in this thesis would be a good starting

point for backscatter-based localization in WiFi network. However, it is reasonable

to anticipate that the problems encountered in tag-to-tag backscattering using WiFi

signal would be more challenging. For example, in UHF RFID system RFID reader

transmits a single-tone CW as the medium for tag to backscatter, but for WiFi there

are 60 OFDM subcarriers over 20 MHz [30].



Chapter 6

Conclusion

In recent publications on proximity-based UHF RFID indoor localization solution-

s [5, 7, 8, 11, 12, 45, 46], proximity-based localization using tag-to-tag backscattering

communication becomes a promising technology for locating items indoors in IoT

paradigm. However, certain critical issues are left unanswered or open to explore,

such as phase cancellation, the mathematical models and location inference algo-

rithms. This dissertation attempts to address the challenging issues of proximity-

based indoor localization using tag-to-tag backscattering communication in AURIS.

First, in Chapter 3 we investigated a unique phase cancellation effect that oc-

curs in the tag-to-tag backscattering communication link. The essence of tag-to-tag

backscattering communication is the adoption of backscatter modulator and envelope

detection on both communication participants. In AURIS, during the communica-

tion between UHF tag and ST, the RFID reader must transmit CW for the tag to

backscatter. Consequently, the signal at the ST’s antenna is the superposition of

tag’s backscattering signal and RFID reader’s CW. Unfortunately, due to the ran-

dom phase difference between these two signals, the baseband information from UHF

tag that contained in the envelope of the superimposed signal could be significantly

attenuated, or even cancelled out. We modelled the phase cancellation effect for both

ASK and PSK modulation. We proposed to counter such phase cancellation effect

150
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by exploiting the spatial diversity of dual antennas.

We have proposed a new and realistic probability detection model of ST-to-tag,

which is better suited to ST-to-tag communication link. The probability detection

model of ST-to-tag is modelled as a function of the distance and relative angle between

tag and RFID reader antenna in addition to the distance between tag to ST. The

modelling accuracy of RTS model is improved compared with TS model in terms of

cross-entropy cost function. We further proposed a particle filter-based location infer-

ence algorithm for AURIS. To this end, we identify two technical roadblocks of AURIS

and existing localization algorithm as false synchronous detection assumption and s-

tate evolution model constraints. Our method to overcome such roadblocks includes

two simple ideas. Firstly, we estimate the velocity of ST based on the estimation

state history and current measurement using AR model. The current measurement

is introduced into the AR model by WCL method. Second, we implemented a minor

modification to ST locator protocol, which is still Gen2 protocol compliant. Through

such modification, the host server is able to obtain the asynchronous detection infor-

mation. With these two ideas, we designed PF-AA algorithm for better accuracy and

applicability in indoor localization application. Compared with PF-BIN algorithm,

the localization capability of PF-AA is enhanced to handle the sharp maneuver and

speed change of target.

We have also proposed a landmark-based sequential localization and mapping

(SQLAM) framework for AURIS. The SQLAM framework includes three critical part-

s, such as ST tracking with particle filter, unknown tag mapping with temporal WCL

and replacement algorithm with resolved unknown tags. The framework extends the

localization capability to unknown tags other than ST. Furthermore, the unknown

tags with resolved locations could be utilized to localize ST. The extensive computer

simulation demonstrates that unknown tags could be mapped accurately according
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to SQLAM. In addition, when certain landmarks are not available, the higher local-

ization accuracy is achieved by including unknown tags with resolved locations into

localization procedure.
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Appendix A

The PASS Simulation Framework

Figure A.1 shows the signal flow implemented in the simulator, which reflects the

communication between reader and tag, reader and ST, as well as tag and ST. The

PASS framework supports multiple readers, tags and STs. Each reader, tag and ST

interfaces with the channel.

Reader to reader 
feedback channel 

Reader to tag 
downlink channel

Reader to ST
 downlink channel

Tag to reader 
uplink channel

ST to reader 
uplink channel

Tag to ST 
backscatter 

channel

  tag_modulation.m      
  tag_demodulation.m
  tag_encoding.m
  tag_decoding.m
  tag_clock.m 

Tag 

    reader_command.m      
    reader_oscillator.m
    reader_modulation.m
    reader_transmitter.m 

Reader transmitter 

   reader_receiver.m        
   reader_demodulation.m
   reader_decoding. m 

Reader receiver 

  st_modulation.m      
  st_demodulation.m
  st_encoding.m
  st_decoding.m  
  st_bsck_decoding.m

ST

Figure A.1: Signal flow and component model graph for the simulator
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A.1 Component models

(1) Reader model

The reader in PASS simulation framework is a generic powerful device, with im-

pressive analog and digital processing capabilities. The model of reader does not

reflect any specific types of readers.

transmitter/pwr-amp
reader_transmitter.m

carrier modulation
reader_modulation.m

to 
channel

from
protocol

receiver
reader_receiver.m

command/encoding
reader_command.m

demodulation
reader_demodulation.m

decoding
reader_decoded.m

from 
channel

to
protocol

carrier generation
reader_oscillator.m

Figure A.2: Basic structure and functions of reader model

The main reader function, reader main.m, provides an interpreter interface to con-

trol the functions in Figure A.2. The reader structure implements a standard com-

munication transceiver. Fist a command/encoding block reader command.m encodes

the query command and then send to the carrier modulator reader modulation.m,

which in turn modulates the carrier signal provided by carrier generation block

reader oscillator.m. The modulated signal is fed into the transmitter read-

er transmitter.m, through which it enters into the channel. The receiving path in-

cludes receiver reader receiver.m, I/Q demodulator reader demodulation.m, and de-

coding block reader decoding.m.

(2) Tag model

In the PASS simulation framework the tag model is based on a NXP UCODE

G2XM passive UHF RFID tag. The structure of tag model is shown in Figure A.3.
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On the transmitting path, the encoding block tag encoding.m sends the encoded data

to the backscatter modulator tag modulation.m. On the receiving path the imping

wireless signal is send over the backscatter modulator tag modulation.m to determine

the portion of reflection and absorbtion by the tag’s modulator circuity. And accord-

ing to the absorbed imping power tag calculates whether the on-board is powered

up. Subsequently, the signal is sent to the demodulator block tag demodulation.m.

Finally, it is decoded in the tag decoding.m.

tag reflection coefficient
tag_modulation.m

demodulator
tag_demodulation.m

encoding
tag_encoding.m

clock generator
tag_clock.m

power supply

To/from

channel

To 
protocol

from
protocol

decoding
tag_decoding.m

Figure A.3: The structure and functions of tag

(3) ST model

The ST model is designed to emulate the specific ST device. The basic structure

and functions of ST is shown in Figure A.4.

The reflection coefficients of ST is determinant for communication process mod-

elling, since it is the physical parameter bridging ST with tag and reader. The reflec-

tion coefficient is frequency-dependent highly non-linear and time-variant, which is

provided by st modulation.m. On the receiving side some portion of incident signal is

captured by the antenna and RF front end of ST according to the reflection coefficient

over frequency and power level of the incident signal. Afterward, the captured signal
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st reflection coefficient
st_modulation.m

demodulator
st_demodulation.m

encoding
st_encoding.m

clock generator
st_clock.m

power supply

To/from

channel

To 
protocol

from
protocol

decoding
st_decoding.m

backscattering decoding
st_bcsk_decoding.m

Figure A.4: The structure and functions of ST

is amplitude-demodulated by the envelope detector and resampled to the ST clock

by the demodulator block st demodulation.m. Decoding block for reader’s command

signal is implemented in st bcsk decoding.m. The backscatter decoding block obtains

certain parameters of tag’s backscattering modulation from the decoding block. Both

of the blocks strictly comply with ISO 18000-6C. On the transmitting side the en-

coding block st encoding.m sends the encoded data directly to modulate the ST’s

reflection state in st modulation.m. The locator protocol of ST is provided in the

behavior description script, where the Listening and Responding query rounds are

performed.

(4) Channel model

The channel model of PASS simulation framework is optimized for UHF RFID-

typical application. The structure and functions of channel model are shown in Figure

A.5. This model combines large-scale path loss, antenna gain pattern, a deterministic

small-scale model consisting of surfaces and virtual transmitters, and a stochastic

small-scale model.
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large-scale model
channel_large.m

from

transmitter
to

receiver

directivity model
channel_directivity.m

NTX

small-scale model
channel_small.m

surface reflection 
channel_surface.m

surface model

large-scale model
channel_large.m

directivity model
channel_directivity.m

position dependent
channel_newpos.m

LOS NLOS

noise model
channel_noise.m

NRX

NRX

NRX×NTX 

Figure A.5: The structure and functions of channel model

In PASS simulation framework the channel model does not provide a script inter-

face, but merely calculate the output signal for the given input signals and channel

settings. The model can handle arbitrary number of transmitters and receivers, NTX

and NRX . The channel impulse response between a transmitter and a receiver is

formed by a piecewise assembly fashion. The LoS component is created by large-

scale propagation model channel large.m and transmission again channel directivity.

The LoS component power gain is calculated via Friis equation (log-distance mod-

el) and transmission gain using lookup table. The large-scale propagation delay is

calculated based on the speed of light and sampling frequency.

The NLoS part of the channel impulse response is created by deterministic re-

flection in surfaces and a stochastic small-scale model. The virtual transmitters are

employed to model reflection from surfaces. The virtual transmitters are created

by mirroring the transmitters by surfaces. Like normal transmitters, the channel
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between the virtual transmitter and the receiver contains a ”direct” path (chan-

nel large.m, channel directivity.m), a stochastic small-scale part, as well as reflection-

s in surfaces channel surface.m. The stochastic small-scale components are created

by channel small implementing via a sampled version of an exponentially decaying

short-range indoor wireless average power-delay-profile (APDP).

Position-dependent model channel newpos.m provides the geometric setting, such

as distance, directivity pattern angle, distance-dependent small-scale parameters,

etc. The background noise is modeled as additive Gaussian noise (AWGN) chan-

nel noise.m.

A detail description of tag backscatter modulator and channel model can be found

in [61].
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