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Abstract

Recent developments in Unmanned Aerial Vehicles (UAVs) and Unmanned Ground Vehi-

cles (UGVs) have attracted intensive research interest from both academia and industrial areas.

Although Unmanned Aerial Vehicles (UAV) are usually deployed outdoors, there is increasing

interest in applying UAVs for indoor applications. It is a highly attractive and challenging task

to precisely localize a UAV in an indoor environment where Global Positioning System (GPS)

service is absent. To achieve high accuracy and low cost for localization, a Radio-frequency

Identification (RFID) enhanced UAV system that provides a precise 6 degrees of freedom (6-

DoF) pose for UAVs. Moreover, UGVs are good compliments for UAVs which made them

be widely used for various tasks. Therefore, the control commands communication between

UAVs and UGVs is crucial as well. Furthermore, they are both constrained by some essential

features that make them incapable of completing complicated tasks in many scenarios. For

example, the UGV cannot reach high altitudes, while the UAV is limited by its power sup-

ply and smaller payload capacity. In my dissertation, I want to present a deep reinforcement

learning(DRL)-based network that could generate an optimal strategy to make a UGV and UAV

form a coalition that is complementary and cooperative for the completion of tasks that they are

incapable of achieving alone. At the same time, I also would like to discuss the challenge and

solutions when using DRL methods for solving such long-horizon robotic tasks. DRL methods

usually suffer when the state and action spaces are very large. So the way we handle the obser-

vations during training is essential. In the last section, a reasoning scheme that enables robots

better understand their tasks in the environment is investigated to promote the intelligence and

robustness of the cooperation system.
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Chapter 1

Introduction

The last decade has witnessed significant developments in the unmanned aerial vehicle (UAV)

and unmanned ground vehicle (UGV) technologies, which have enabled their wide deploy-

ment for various applications, such as surveillance, search and rescue, inspection [1], inventory

counting [2, 3], and more [4, 5, 6, 7, 8, 9]. Recently, With the development of wireless commu-

nication technology such as 5G network [10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23],

researchers have shown a growing interest to deploy them for more complex tasks that require

multiple UAVs or UGVs to work together to improve efficiency [24] cooperatively. Most ex-

isting research focuses on cooperation in a multi-agent (or multi-robot) system that consists of

a group of UAVs or UGVs.The topic of this thesis is to build an intelligent cooperation system

consisting of multiple UAVs and UGVs for understanding and completing long-horizon tasks

efficiently in dynamic indoor environments [25]. Basically, there are three challenges when

we build this system: localization, cooperation, and enabling robots with reasoning abilities.

Thus, deep reinforcement learning(DRL) techniques join the field of robotic policy exploring

methods. Secondly, DRL methods suffer from the huge state and action space. In such cases,

it becomes difficult for the algorithm to explore the entire space and find an optimal policy.

Furthermore, another challenge is how to leverage the reinforcement learning method to enable

robots with rudimentary reasoning abilities, such as understanding tasks in the environment and

selecting reasonable actions. In my dissertation, I would focus on these challenges to improve

the current intelligent multiple UAV-UGV intelligent cooperation system.

1



1.1 Summary of Contributions

1.1.1 RFUAV: Robust RFID Based 6-DoF Localization for Unmanned Aerial Vehicles

In this paper, indoor localization with RFID technology would be investigated because the ac-

curate pose is crucial for UAV landing on the Ground Robot and command control. It is a

highly challenging task to precisely localize a UAV in an indoor environment where Global

Positioning System (GPS) service is absent [26, 27, 28]. Moreover, due to the limited load-

bearing capacity of UAVs, the positioning method used cannot leverage large onboard equip-

ment. Therefore, Three light weighted Passive RFID tags or more ultra-high frequency (UHF)

RFID tags are attached to the UAV and interrogated by a Commercial Off-The-Shelf (COTS)

RFID reader with multiple antennas. The main contributions of this work are summarized as

follows:

1. We developed a real-time RFID tag tracing system that incorporates a Bayesian fil-

ter [29]. Based on the phase measurements of RFID responses from a COTS reader,

the tag tracker can track the motion of multiple UHF RFID tags simultaneously.

2. We propose a real-time UAV pose estimator. Based on the positions of the attached tags,

the pose estimator can compute precise 6-DoF poses for the UAV in a 3D space with a

singular value decomposition method.

3. We tested the RFUAV system with COTS RFID tags and reader and demonstrate its

performance in a representative indoor environment. Experimental results demonstrate

that RFUAV can achieve precise poses with only 0.04m error in position and 2� error

in orientation. Such performance enables a UAV to autonomously navigate in an indoor

environment.

1.1.2 IADRL: Imitation Augmented Deep Reinforcement Learning Enabled UGV-UAV Coali-

tion for Tasking in Complex Environments

We propose an Imitation Augmented Deep Reinforcement Learning Network (IADRL) that

enables a UGV and UAV to form a coalition that is complementary and cooperative for the
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completion of tasks that they are incapable of achieving alone. IADRL learns the underlying

complementary behaviors of UGVs and UAVs from a demonstration dataset that is collected

from some simple scenarios with non-optimized strategies. Based on observations from the

UGVs and UAVs, IADRL provides an optimized policy for the UGV-UAV coalitions to work

in an complementary way while minimizing the cost. We evaluate the IADRL approach in an

visual game-based simulation platform, and conduct experiments that show how it effectively

enables the coalition to cooperatively and cost-effectively accomplish tasks.The main contribu-

tions of this work are summarized as follows:

1. The proposed network enables a UGV and UAV to form a coalition to complement and

enhance each other during complicated tasks that either agent alone could not complete.

It also optimizes the complementary coordination strategy among those agents to accom-

plish various tasks with the lowest cost (e.g. minimum power consumption, optimized

navigational trajectory with shortest steps, etc.).

2. We develop an imitation network to learn the complicated complementary behavior of

UGVs and UAVs in the coalition using demonstration data that was collected from simple

scenarios with non-optimized strategies. This will greatly reduce the effort of modeling

the complementary behaviors of agents in the coalition.

3. We test IADRL in a visual game-based simulated environment, and show that our net-

work enables the complementary behaviors of UGVs and UAVs during searching tasks.

1.1.3 RIRL: A Recurrent Imitation and Reinforcement Learning Method for Long-Horizon

Robotic Tasks

In this paper, we propose Recurrent Imitation and Reinforcement Learning (RIRL) to address

the challenges and enable robots for such tasks. The proposed RIRL incorporates a long short-

term memory (LSTM) network to retain long-term memories, which could be an effective and

efficient method to tackle the long dependency problem raised in long-horizon robotic tasks. To

assess the performance of the RIRL, we test it with an optimized path planning problem for a

robot to perform a Radio-frequency identification (RFID) inventory in dynamic and previously
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unknown environments. We experimentally validate RIRL’s feasibility and effectiveness in a

visual game-based simulation platform, where the proposed RIRL model outperforms three

baseline schemes with considerable gains. The main contributions of our work are summarized

as follows:

1. To the best of our knowledge, this is the first work to develop an LSTM-embedded imi-

tation and reinforcement learning network to enhance the action prediction ability of the

agent by exploiting historical observations.

2. The proposed model allows the agent to explore the unknown environment in a continu-

ous action space, to deal with the exponentially boosted complexity and uncertainty.

3. We experimentally validate the feasibility of RIRL in a visual game-based simulated

environment and demonstrate that the proposed model enables the robot to perform in-

ventory tasks in a dynamic environment.

1.1.4 Multi-state-space Reasoning Reinforcement Learning for Long-horizon RFID-based

Robotic Searching and Planning Tasks

we propose a novel learning framework, called Multiple State Spaces Reasoning Reinforce-

ment Learning (SRRL), to endow the agent with the primary reasoning capability. First, we

abstract the implicit and latent links between multiple state spaces. Then, we embed historical

observations through an LSTM network to preserve long-term memories and dependencies.

The proposed SSRL’s ability of abstraction and long-term memory enables agents to execute

long-horizon robotic searching and planning tasks more quickly and reasonably by exploiting

the correlation between RFID sensing properties and the environment occupation map. We

experimentally validate the efficacy of SRRL in a visual game-based simulation environment.

Our methodology outperforms three state-of-the-art baseline schemes by significant margins.

The main contributions of our work could be summarized in the following:

1. To the best of our knowledge, this is the first study to integrate a reasoning scheme

abstracted from various state spaces in a DRL network, allowing the agent to comprehend

the latent correlation across state spaces with different dimensions and bases.
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2. Incorporating the reasoning scheme and recurrent networks, the proposed framework en-

ables the agent to achieve long-term goals despite exponentially increasing complexity

and unpredictability (e.g., exploring a wide area of an unknown environment in a contin-

uous action space).

3. By experimentally validating SRRL’s viability in a visual game-based simulation envi-

ronment, we prove that the proposed model enables the robot to execute long-horizon

inventory management tasks in a dynamic environment.
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Chapter 2

Robust RFID based 6-DoF Localization for Unmanned Aerial Vehicles

The last decade witnessed a tremendous growth of interest in unmanned aerial vehicles (UAV) [30].

Thanks to its outstanding maneuverability, small size, and low cost, UAVs have been widely

adopted for surveillance, entertainment, search and rescue, inspection, and maintenance ap-

plications. These applications occur mostly in outdoor environments with existing navigation

systems that rely on inertial sensors and Global Positioning System (GPS). Due to the low po-

sitioning resolution and the absence of GPS signal in an indoor environment (i.e.,warehouses,

retail stores, etc.), most existing UAVs are infeasible for operation indoors. Consequently, re-

cent research has investigated the problem of UAV indoor localization. The most popular indoor

UAV localization methods can be categorized by measurement into three groups: vision-/laser-

based, inertial navigation system (INS)-based, and wireless signals-based solutions.

The vision-based solutions are proposed to exploit the visual information provided by

one or two cameras [31, 32, 33, 34, 35] for UAV indoor localization and navigation. Most of

the vision-based solutions are leveraged with simultaneous localization and mapping (SLAM)

technologies and use an Iterative Closest Point (ICP) algorithm to achieve real-time indoor

localization. One of the first real-time, monocular SLAM methods based on nonlinear filtering

was proposed by Chiuso et al. [36]. Most laser-based approaches employ a similar architecture

to tackle the indoor UAV location. Instead of visual signals, they rely on laser beams to estimate

the location of the UAV. Nevertheless, the SLAM technologies are easily challenged with issues

related to the use and collection of feature points and their inability to provide stable and highly

accurate localization in a complex indoor environment.
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The INS is a navigation system that uses the Inertial Measurement Unit (IMU) to track the

speed, position, and orientation of a device. With the development of Microelectromechanical

systems (MEMS) technology, researchers can equip a small and low-cost IMU on a UAV, while

many modern mini-UAVs have integrated the IMU internally. However, because of unavoid-

able, inherent hardware error and the error accumulated during the drift, accuracy will decrease

after the UAV has been flying for a certain period of time [37].

With the astonishing growth of wireless systems and applications, many researches now

focus on RF-based indoor localization [38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49, 50]. The

basic concepts of indoor wireless localization are suitable for UAVs. Up to now, many systems

based on received signal strength indicator (RSSI) and Ultra-wideband (UWB) were designed

for localizing UAV in GPS-denied indoor environments [51, 52]. RSSI is a cheap and efficient

way to measure distance and position, but its accuracy is unsatisfactory. In [53], the authors

presented an algorithm based on measurements of the distance between a UAV and the exist-

ing infrastructure consisting of Wi-Fi Access Points (APs). With known locations of APs, a

UAV is deployed to collect RSSI from the Wi-Fi APs during flight, transform these measure-

ments into distances, and draw the flight trajectory with 33 points. The ultra-large bandwidth of

UWB technology enables highly precise time measurements using Time Difference of Arrival

(TDOA). Tiemann et al. proposed a cooperative UWB positioning system that enabled au-

tonomous flying of a UAV [54]. This state-of-the-art UAV indoor localization work integrated

UWB and INS technology. For example, Li et al. utilized UWB, INS, and 3D laser scanner

data fusion, which is based on a Kalman filter, to achieve precise UAV indoor localization [55].

Meanwhile, radio-frequency identification (RFID) technology, especially the passive UHF

RFID, has been widely deployed in retail environments [56]. RFID was developed as a cost-

effective wireless technique for item serialization and has been widely recognized as a promis-

ing solution for indoor localization [57, 58, 59, 60, 61, 62, 63, 64]. Due to lightweight and

low-cost RFID tags, RFID technology offers a promising method for UAV indoor localization.

Choi et al. first proposed the concept of using passive RFID tags [65] for indoor UAV local-

ization in [66]. However, they only demonstrated their concept and design of the system but

lacked experimental validation. Recently, RFID technology was used in 3D reconstruction. For
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example, Bu et al. presented a new theory based on the phase difference of RFID tags for 3D

reconstruction of standard cubes [67]. Most existing RFID-based 3D reconstruction methods

adopt an architecture of finding optimized results among multiple potential poses [67, 68, 69],

which limits their applicability for UAV indoor localization, where six degrees of freedom (6-

DoF) poses are needed in real-time.

In this chapter, we present the RFUAV – a low-cost RFID based system to localize a UAV

and enable it to autonomously navigate in complex indoor environments, such as warehouses,

retail stores, hazmat storage facilities, and factories. Usually, such environments are crowded

with racks, shelves, furniture, and other items of various sizes and layouts. With the increase in

popularity of UAVs, there has come an increased concern with UAVs and public safety, leading

to a compelling need for accurately locate an UAV in such 3-D indoor space [70, 71]. The

proposed RFUAV will be deployed in an indoor environment to maintain the UAV’s precise

positioning, prevent collisions with other objects, and, hence, reduce the safety risks while

flying in target environments. Our idea for RFUAV was motivated by existing RFID-based 3D

reconstruction work [61]. However, the proposed method can provide precise 6-DoF poses,

including both position and orientation in a 3D space, in real-time. In RFUAV, N (N � 3)

UHF passive RFID tags are attached to a UAV, the position of each tag against the built-in

coordinate of the UAV is measured first. This position is denoted as a local position. Then, a

COTS (Commercial Off-The-Shelf) RFID reader with multiple antennas is deployed to collect

observations of the tags. Based on the phase measurement of each RFID tag’s response at

multiple antennas, we can precisely track the position of the tags in the global coordinates of the

3D space. We denote this position as a global position. With the known local position of each

tag and the global position of the N tags, the 6-DoF pose of the UAV is determined. Note that

the reader and antennas are installed on the ground and powered from the target environment,

while only the passive UHF RFID tags are attached to the UAV in the proposed scheme. Thus,

the RFUAV system does not incur any extra power consumption to the UAV. Furthermore, the

RFID infrastructure is already deployed in most of our target environments and the proposed

system can be seamlessly integrated without much extra financial investment. The remainder

of this chapter is organized as follows. The preliminaries are discussed in Section 2.1. We
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present the proposed approach and the analysis of the RFUAV system in Section 2.2 and our

experimental study in Section 2.3. Section 2.4 concludes this chapter.

2.1 Preliminaries

2.1.1 Phase Model for an UHF RFID System

To interrogate RFID tags, continuous-wave (CW) signals are transmitted by an RFID reader.

The phase value of a tag response measured by the reader describes the phase difference be-

tween the transmitted signal and the corresponding received signal, which ranges from �� to

�. Nowadays phase values can be read by many commercial RFID readers, such as Impinj

R420 and Zebra FX7500. Specifically, the phase value depends on the spatial distance between

the tag and the reader’s antenna. Letting d denote the tag-antenna distance, the measured phase

value � can be expressed as:

� =

�
2�

�
2d

�

�
+ �0 + �noise

�
mod 2�; (2.1)

where � is the wavelength of the channel, mod represents the modulo operation, and �noise is

the phase offset caused by thermal noise and is a normal random variable. �0 is the phase offset

caused by the reader’s transmit/receive circuits and the tag circuits, which is expressed as:

�0 = �T + �R + �TAG; (2.2)

where �T , �R, �TAG are the RF phase rotation caused by the reader’s transmit circuits, the

reader’s receive circuits, and the tag’s reflection characteristics, respectively.

Even though �0 is unknown, it dependents on the given hardware and is quite stable over

time. We first conducted a benchmark experiment, as follows, to demonstrate that the phase

offset �0 is stable while the tag moves throughout the environment. As the tag moves within

the detectable range of the antenna, the measurement � and the associated distance d to the an-

tenna are recorded at several positions. According to (2.1), the theoretical phase is calculated

as �T = 2�
�

2d
�

�
. The phase remainder is determined by �0 + �noise = unwrap(�)� �T , where
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Figure 2.1: Phase remainders (�0 + �noise) at 6 sampling positions.

unwrap(�) adjusts the radian phases by adding multiple �2� to remove the phase disconti-

nuities introduced by the round operation, while the distance between the tag and the antenna

continuously increases Fig. 2.1 shows the experimental results of phase remainders that are

measured at 6 positions when the tag moves. It shows that the phase remainders of 5 channels

at the 6 locations are quite stable. The maximum phase remainder change occurs on channel-5,

which is 0.15 rad. Considering that �noise is about 0.1 rad, �0 remains quite stable as the tag

moves.

Therefore, �0 could be easily removed from the phase observation. As shown in Fig. 2.2,

the measured phase value repeats from �� to � with a period of a half wavelength. Within a

half wavelength and for a given channel, the phase value exhibits a linear relationship with the

distance between the tag and the reader’s antenna.

2.1.2 Coordinates of the UAV

In general, the UAV is flying in a three-dimensional environment which has six degrees of

freedom (6-DoF). Three translational degrees of freedom (DoFs) represent the position and

three rotational DoFs represent the orientation. A pose of a UAV is depicted by the combination

of position and orientation. A common means to describe the pose of a UAV is to attach it to a

frame coordinate system. After a frame coordinate system is defined, the pose can be described

by the origin and orientations of the axes of the frame. A pose P referring to given frame
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Figure 2.2: The linear relationship between the phase of RFID tag response and tag-antenna
distance on a given channel.

coordinates A can be denoted as:

P = [T;R]T ; (2.3)

where T and R are the position and orientation against frame A, respectively, and (�)T is the

transpose operation.

In our proposed RFUAV system, two frame coordinates are created to depict the UAV

position. The first one is called the global frame coordinate system, which is denoted by g,

representing the experimental environment coordinates. The second one is the UAV’s built-in

frame coordinate system, which is denoted by c, representing the UAV reference coordinate

system. To translate a position from the UAV’s built-in coordinates to the global coordinates,

a rigid transformation, gcT, is calculated and consists of a translation matrix, T, and a rotation

matrix, R. Here, T and R are the position and orientation of the UAV against the global

coordinates, which are given in (2.3). When we obtain a position �ln = (�xn; �yn; �zn)T in the

UAV’s built-in coordinate system, the corresponding global position ln = (xn; yn; zn)T can be
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derived by:

ln = R ��ln + T: (2.4)

The translation matrix T describes the position shift of the UAV’s built-in frame c with

reference to the global frame g. Let [ogx ; o
g
y; o

g
z] and [ocx; o

c
y; o

c
z] be the origin point positions

of frame g and c, respectively. Then T can be expressed as:

T = [ogx � ocx; ogy � ocy; ogz � ocz]T : (2.5)

Rotation matrix R describes the relative relationship of orientations between the two

frames. The orientation of the UAV’s built-in frame c with a reference to the global frame

g is expressed by R as:

R =

266664
X̂c � X̂g Ŷc � X̂g Ẑc � X̂g

X̂c � Ŷg Ŷc � Ŷg Ẑc � Ŷg

X̂c � Ẑg Ŷc � Ẑg Ẑc � Ẑg

377775 ; (2.6)

where X̂c, Ŷc, and Ẑc are the unit vectors of the axes of the UAV’s built-in coordinate frame, and

X̂g, Ŷg, and Ẑg are the unit vectors of the axes of the global coordinate system. The relationship

between the two coordinate systems is illustrated in Fig. 2.3.

2.2 The Proposed Approach and Analysis

The RFUAV system is a low-cost, RFID-based system that enables a UAV to autonomously

navigate in a complex indoor environment. This is achieved by providing precise 6-DoF poses

of the UAV in a 3D space, which includes both position and orientation. Specifically, we attach

N (N � 3) UHF passive RFID tags to a UAV. Through tracking the RFID tags with phase

measurements, we can estimate the 6-DoF pose of the UAV. In this section, we introduce the

system model, architecture, and analysis of RFUAV.
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Figure 2.3: The global coordinate system and the UAV’s built-in local coordinate system.

2.2.1 System Architecture

The architecture of RFUAV is illustrated in Fig. 2.4. The proposed system consists of two main

components.

• RFID tracker: Based on phase measurements from the reader, a Bayesian filter is used

to track the position of the tags against the global coordinates in a 3D space.

• Pose estimator: After the RFID tracker provides the global position of N (N � 3) tags,

with the known local position of the tags compared to the UAV’s built-in coordinates, the

pose of the UAV can be estimated by an SVD-based algorithm.

2.2.2 RFID Tracker

In the RFUAV system, an RFID reader with M antennas is deployed to obtain phase measure-

ments from responses of the attached tags. The positions of all antennas are already known.

Hereafter, we use hgm to denote the position of the mth antenna in the global coordinate.
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Figure 2.4: The system architecture of RFUAV, including the RFID tracker and pose estimator.

Bayesian Filter Updates for Tag Tracking

The RFID tracker utilizes a Bayesian filter to estimate (or track) tag locations. The Bayesian

filter addresses the problem of estimating belief over the hypothetical posterior state l of a

dynamic system from sensor observations. Here, state l denotes the location of the tag in the

global coordinate system. The Bayesian filter recursively updates the belief bel (lt), which

denotes the probability of the system in state l at time t. The bel (lt) is calculated from control

ut, observation zt, and prior belief bel (lt�1) at time t� 1, which is calculated previously.

There are two essential steps for the updating cycle of a typical Bayesian filter. The first

step is called control update or prediction, which is given by:

bel (lt) =

Z
P (ltjut; lt�1) bel (lt�1) dlt�1; (2.7)

where P (ltjut; lt�1) is a motion model and provides the probability for a tag to move from state

lt�1 to lt after control ut is applied, and bel (lt) denotes the state probability distribution of the

tag after control ut is applied. We deploy a constant speed mobility model for the RFID tracker,
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i.e., we assume that in a very short time interval, the speed of a tag will remain constant. We do

not assume that the tag moves at a constant velocity over all time, but rather that it maintains an

average speed, ut, with an undetermined and negligible amount of acceleration within a short

time frame. Its movement can be described mathematically by a Gaussian distribution as [29]:

P (ltjut; lt�1) =
1p
2��

Z �t

0

e
� (lt�(lt�1+ut��))2

2�2 d�; (2.8)

where ut is the speed of the item at time t (i.e., the control), �t is the time interval between t�1

and t, and �2 is the variance to model the movement of the item satisfying a typical Gaussian

distribution.

A commercial RFID reader can interrogate tags at a rate of about 500Hz. To demonstrate

this, we provide an experimental setting of a reader connected with 3 antennas to read 10 tags

in an environment where there are hundreds of tags. Fig. 2.5 shows how many times each

of the 10 tags were read by three antennas within 60 seconds. This benchmark experiment

was conducted in a mock apparel store, where hundreds of RFID tags were deployed in the

environment. During the experiment, we enabled the filter function, which is available for

most COTS readers, of the reader to only interrogate the 10 given tags. Each tag was read

for about 3000 times (1000 times per antenna) in a period of 60 seconds. Thus, each tag can

be interrogated by the reader for about 50 times per second. Considering N (10 > N � 3)

tags will be attached to the UAV, the practical reading frequency should be larger than 50Hz.

Thus, the interval of two continuous observations of the tag is about 10 � 20 milliseconds.

In such a short period, our constant speed model in (2.8) should be suitable, since for indoor

deployment of UAVs, the speed is usually lower than that in outdoor applications. Therefore,

for practical applications, we can program the filter function to ensure the assumption of (2.8)

be maintained.

The second step is measurement update, which is given by:

bel (lt) = � � bel (lt) � P (ztjlt) : (2.9)

15



1 2 3 4 5 6 7 8 9 10

Tag Index

0

500

1000

1500

2000

2500

3000

R
ea

d
in

g
 T

im
es

Antenna1

Antenna2

Antenna3

Figure 2.5: Reading occurrences of 10 tags by 3 antennas in a period of 60 seconds.

In (2.9), � is a constant that helps to normalize the sum of all bel (lt) to 1, and P (ztj lt) is

called the observation model. In the RFID tracker, M reader antennas are deployed. Therefore,

P (zt j lt) is given by:

P (ztj lt) =
MY
m=1

P (ztjlt; hgm): (2.10)

We can thus rewrite (2.9) as:

bel (lt) =
MY
m=1

� � bel (lt) � P (ztjlt; hgm): (2.11)

where P (ztj lt; hgm) is the observation model for the mth antenna, which provides the proba-

bility for the tag to be located in position lt, and the measurement of zt is observed by the mth

antenna that is in a known position hgm. More details of the observation model are given in the

next subsection.
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The Observation Model of RFID Phase Measurement

The relationship of the RF phase shift between the sent and received signals is given by (2.1)

and (2.2). The experimental results in Fig. 2.1 show that �T , �R, �TAG are relatively constant

when the reader antenna, the RFID tag, and the radio frequency are fixed. When we consider

the RF phase for the same antenna, the same RFID tag, and under the same RF frequency, and

ignore �noise,1 (2.1) can be rewritten as:

� =

�
2� �

�
2d

�

�
+ �0

�
mod 2�: (2.12)

Assume a reader antenna is set in position hgm, a tag is in position lt�1, and the RF phase �1

for the tag is observed. When the tag moves to position lt, it generates an RF phase �2 under the

same frequency. The differential RF phase between these two positions satisfies the following

relationship.

��12 = (�1 � �2) mod 2�

(2.13)

��12 =

 �
2�

�
2 jlt�1; h

g
mj

�

�
+ �0

�
mod 2� � (2.14)

�
2�

�
2 jlt; hgmj

�

�
+ �0

�
mod 2�

!
mod 2�

��12 =

�
4�

�
� (jlt�1; h

g
mj � jlt; hgmj)

�
mod 2�; (2.15)

where j�; �jmeasures the Euclidean distance between two positions. Equation (2.15) shows

that the differential RF phase, under the same frequency, the same antenna, and the same RFID

tag, can be determined by the difference of distances when the tag moves from one position

to another. In other words, ��12 is not affected by the constant phase offset �0 and is only

related to the distance between the two positions. Hereafter, we assume that all the RF phases

are measured by the same reader antenna for the same RFID tag at the same RF frequency.

1The modeling of �noise will be introduced later.
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The antenna of the RFID reader is stationary in a known position hgm. The tag will be located

in a series of positions denoted as fl1; l2; : : : ; ltg, and the corresponding phase shifts for these

positions are f�1; �2; : : : ; �tg. It follows that

8><>: jli; h
g
mj � jlj; hgmj = �

4�
���ij + n � �

2

��ij = (�i � �j) mod 2�;
(2.16)

n = f1; 2; :::g ; i; j � f1; 2; :::; tg and i 6= j:

We next update the observation model P (ztj lt; hgm) by (2.16), which gives the probability

that a tag moves from lt to lt�1 to achieve the differential RF phase shift ��t;t�1. The model of

differential RF phase is given by:

P (��t;t�1 jlt�1; lt; h
g
m ) =

8><>: 1; if (2.16) is satisfied

0; otherwise:
(2.17)

The RF phase is measured by the reader antenna, and usually it is distorted by thermal

noise, denoted by �noise in (2.1). Experiments reveal that �noise satisfies a typical Gaussian

distribution. Therefore, the RF phase containing this random error can be modeled as � �

N (�; �2), where � is the mean of the RF phase without thermal noise and �2 is the variance. It

follows that the phase difference, as the difference of two Gaussian random variables, is also

Gaussian as ��ij � N (�i� �j; 2�2). Incorporating the thermal noise to (2.17), we have

P (��t;t�1jlt�1; lt; h
g
m)=

1p
2��

Z ��t;t�1

0

e�
(y�(�t��t�1))2

2�2 dy; (2.18)

where

�t��t�1 =

�
2 jlt; hgmj

�
� 2 jlt�1; h

g
mj

�

�
mod 2�: (2.19)
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To consider thermal noise when estimating the location of RFID tags by (2.11), we can use (2.18)

instead of (2.17).

2.2.3 Pose Estimator

The RFID tracker provides the tag position in the global coordinate system. We use ltn =

(xtn; y
t
n; z

t
n)T to denote the global position of tag n at time t. With the UAV be located at Tt,

with orientation Rt in the given global coordinate system, while Tt and Rt together provide

the pose of the UAV at time t. The position of each attached tag in the UAV built-in coordinate

is known and fixed. We indicate this local position for the nth tag as �ln = (�xn; �yn; �zn)T . The

relationship between local and global positions is given by (2.4), which can be rewritten as:

ltn = Rt ��ln + Tt; (2.20)

where Rt and Tt are the orientation and position of the UAV in the global coordinate system

at time t, respectively; and ltn and �ln are the locations of the nth tag in the global coordinate

system and the UAV built-in coordinate system, respectively.

When the RFID tracker localizes three or more tags simultaneously, we can use (2.20) to

obtain an optimal transformation g
cTt, which consists of Rt and Tt. The method to solve (2.20)

will be introduced later in this section. In practice, the RFID reader cannot query multiple tags

simultaneously. However, we can assume the three consecutive queries happen at the same

time. This assumption is reasonable for most indoor UAV applications. Unlike the scenario

of moving rigid body localization discussed in [72], the UAV usually moves at a much lower

speed (e.g., 1 m/s) in an indoor environment. As discussed previously, the current RFID reader

can conduct 500 queries per second, which is only 2 ms per query. In such a short time period

the displacement of the UAV is only about several millimeters (e.g., 2 mm when a UAV moves

at 1 m/s) and can be ignored. Therefore, when the N tags are located by the RFID tracker, it
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follows (2.20) that

8>>>>>>><>>>>>>>:

lt1 = Rt ��l1 + Tt

lt2 = Rt ��l2 + Tt

� � �

ltN = Rt ��lN + Tt;

(2.21)

where lt1, lt2, and lt3 are the global positions for tags 1, 2, and 3, respectively; and �l1, �l2, and

�l3 are the local positions (measured in the built-in coordinate of the UAV) for tags 1, 2, and

3, respectively. The goal is to find the optimal transform g
cTt, which includes rotation Rt and

translation Tt, between two sets of corresponding 3D data points. The task can be formulated

as a least squares minimization problem as:

min
fRt;Ttg

NX
i=1

jjlti � (Rt ��li + Tt)jj; (2.22)

where jj�jj is the norm of a vector. Determining the rotation and translation relationship between

two sets of data points at different coordinates is a typical problem in pattern analysis [73, 74].

Based on the method introduced in [73], the proposed pose estimator is developed to find the

optimal gcTt with the following procedure:

1. Find the centroids of all the positions in both the global coordinate system and the UAV’s

built-in coordinate system.

2. Use the centroids as the new origin of the two coordinate systems, and transforming the

positions into these two coordinates. Then based on these transformed positions to find

the optimal rotation Rt with the singular value decomposition (SVD) method.

3. Solve for the translation Tt using rotation Rt.

In Step 1, the centroids are computed as:

8><>: Og = 1
N

PN
i=1 ltn

Oc = 1
N

PN
i=1

�ln;
(2.23)
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where Og and Oc are the centroids of all the positions in the global and the UAV’s built-in

coordinate systems, respectively.

In Step 2, we use Og and Oc as new origins to shift the global and UAV’s built-in coor-

dinates to create two new coordinate systems, which are called the shifted global and shifted

UAV’s built-in coordinate systems, respectively. The positions in these two coordinates, which

are denoted as �Pi
g and �Pi

c, are given by:

8><>:
�Pi
g = lti �Og

�Pi
c = �li �Oc;

for i 2 [1; 2; :::; N ]: (2.24)

We then apply the SVD method to find the optimal rotation between the two sets of positions

in the shifted global and shifted UAV built-in coordinate systems. First, we create a matrix H,

which is given by:

H =
NX
i=1

�Pi
c � (�Pi

g)
T
: (2.25)

Note that the position in each coordinate system is 3-dimensional, and �Pi
g and �Pi

c are each

represented by a 3� 1 vector. Hence, the H given by (2.25) is a 3� 3 matrix. We decompose

or factorize matrix H by the SVD method as:

[U;S;V] = SVD(H): (2.26)

Then the optimal rotation Rt can be derived as:

Rt = V �UT : (2.27)

A special case must be considered here. When the determinant of V is �1, we must multiply

the third column of Rt by �1 to obtain the correct rotation.
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Figure 2.6: Antennas setup for the RFUAV prototype: (a) Side view of the RFID detectable
field; (b) Top view of the RFID detectable field.

In Step 3, after obtaining the rotation Rt, we can easily derive the translation Tt by the

following equation.

Tt = Og �Rt �Oc: (2.28)

Thus we derive the orientation Rt and position Tt of the UAV in the given global coordinate

system.

2.3 Experimental Study and Discussions

2.3.1 Experiment Setup

To validate the performance of the RFUAV system, we conduct a set of experiments in a rep-

resentative indoor environment at the RFID Laboratory of Auburn University, Auburn, AL.

To build a prototype of RFUAV, we employ a Zebra FX7500 RFID reader and four Zebra

AN720 Antennas to collect observation of the RFID tags. The entire RFID system operates

in the 902 � 928 MHz band, which is the frequency range allocated by Federal Communi-

cations Commission (FCC) in the USA. The Zebra FX7500 reader is one of the most widely

used RFID products in the market. It is compatible with EPC Gen2 standard, and provides

the Low-Level Reader Protocol (LLRP) through an Ethernet port to report the RFID readings.

The reader interrogates the RFID tags and sends query reports that includes the information

on EPC, RSSI, phase, time stamp and channel index. The Zebra AN720 Antennas provide a
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AR. Drone 2.0
Hull with guard rings 

(for indoor use)

Figure 2.7: Illustration of the Parrot AR. Drone 2.0 schematic.

5:5 � 6 dB gain and a left circular polarization with 100� beamwidth. The size of each an-

tenna is 132.8�132.8�18 mm3. Each antenna is mounted on a holder of 0.4 m high. The four

antennas with their holders are deployed at the corners of a square of 4�4 m2. During our

experiment, the reader is operated at the maximum RF transmission power of about 33 dBm.

This allows the reading range of the antenna up to 6 m. Four antennas create a detectable field

and can interrogate an RFID tag simultaneously. The configuration of our experiment is shown

in Fig. 2.6.

The Parrot AR Drone2.0 Elite Edition, a low-cost platform with good maneuverability, is

employed as our indoor UAV platform. It consists of a drone shell, hull, and battery, as shown

in Fig. 2.7. A fully charged battery can support the UAV in continuous flight for 15 minutes.

The AR Drone is equipped with a front and bottom camera, a sonar, and an IMU. With readings

from these sensors, it can localize itself by a sensor fusion method, such as Parallel Tracking

and Mapping (PTAM) [75] that estimates a 3D pose of the UAV in an unknown environment.

Three UHF passive RFID tags are attached to the UAV as illustrated in Fig. 2.8. Our

experimental RFID tag is Smartrac Dogbone - Impinj Monza R6, which is widely used in the

retail market. It is equipped with an Impinj Monza R6 chip that provides up to -22.1 dBm read

wake-up sensitivity and up to -18.8 dBm write wake-up sensitivity. Our proposed RFUAV is

not restricted to any specific tag layout, and a detailed experiment will be presented later to

demonstrate the effect of various tag layouts. In our experiments, the Electronic Product Code

(EPC) of each tag serves as its identity to consistently and accurately distinguish the received
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Table 2.1: Eperiment Con�guration and Parameters

Parameter Value

RFID reader Zebra FX7500 RFID reader

Antenna Zebra AN720 Antennas

Number of antennas 4

Antenna frequency 902� 928 MHz

Antenna gain 5.5� 6.0 dB

Antenna beamwidth 100�

Antenna height 0.4 m

Transmission power 33 dBm

RFID tag Smartrac Dogbone - Impinj Monza R6

Tag read sensitivity -22.1 dBm

Tag write sensitivity -18.8 dBm

UAV Parrot AR Drone2.0 Elite Edition

UAV battery 15 min

Dynamic ground-truth Ultra-Wideband (UWB) positioning system
positioning system from PLUSLocation.LLC

readings from that of other RFID tags. During the experiments, to achieve accurate localization

and orientation estimation, the initial position of tags in the three-dimensional global system

and the UAV's built-in coordinate system are given. The con�guration for the experiments

reported in this section is summarized in Table 2.1.

To precisely collect the ground-truth for the poses and trajectories of the UAV, we design

two experimental settings, a con�ned and a dynamic setup. In the con�ned setup, the UAV

was mounted to an adjustable rolling rack, as illustrated in Fig. 2.9(a). The UAV-mounted

rolling rack is easily maneuverable throughout our experimental �eld, and the height of the

UAV can be adjusted from 0.8m to 1.6m. During the experiments, we manually moved the

rolling rack instead of �ying the UAV, as shown in Fig 2.9(b). In this setting, the ground

truth of the moving trajectories can be represented by a set of discrete sample poses, including

positions and orientations, which are precisely and manually measured while the rolling rack

is at a sampling point. Considering the errors usually introduced by taking measurements
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Figure 2.8: The Parrot AR Drone2.0 UAV with three attached RFID tags.

manually, these ground truth data can provide sub-centimeter accuracy. However, the con�ned

setup enables us to provide extremely precise ground-truth trajectories and poses in a semi-

static manner. To evaluate our RFUAV in a dynamic manner and obtain ground truth while

it is �ying, we designed the dynamic setup. An Ultra-Wideband (UWB) positioning system

from PLUSLocation.LLC was installed to cover the entire space of the RFID Laboratory in the

Auburn University campus. We attached a UWB tag to the UAV, which is shown in Fig 2.9(c),

in such a way that while the UAV is �ying, its positions can be read by the system in real-

time. The localization accuracy of the UWB system in the experimental �eld was 3cm with

a limited area of 4� 4 m2. Although we are able to track the UAV in a dynamic way in this

setup, it provides us with position information but no orientation information, so the UAV's

position accuracy is compromised. Therefore, we utilized the con�ned setup for quantitative

experiments and the dynamic setup for qualitative experiments or experiments where the UAV

must �y.
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Figure 2.9: (a) UAV carried by a rolling rack in the con�ned setup, (b) The UAV con�ned
rolling rack moves in the experimental �eld, (c) An UWB tag is attached to the UAV in dynamic
setup, the UWB tag is marked by a red rectangle, (d) Two nodes that are marked in red of the
UWB positioning system, there are 6 nodes are installed in the experimental �eld.

2.3.2 Accuracy of RFID Tag Tracking

We �rst launched an experiment to evaluate the performance of the RFID tracker of RFUAV

by comparing its accuracy with that ofthe state-of-art approach Tagoram [61]. To guarantee

the fairness of comparison, the same equipment is utilized for both approaches. The con�ned

setup was used for this experiment and three UHF-passive RFID tags were attached to the UAV.

These tags were moved around the experimental �eld by manually pushing the UAV-mounted

rolling rack. The ground-truth positions of each tag were manually measured at the sampling

positions of the trajectories. The moving trajectories were unknown to the proposed RFID

tracker or to Tagoram. Therefore, the Tagoram functioned in uncontrollable mode where the

trajectory function is unknown. Tracker performance was evaluated by assessing the amount

of errors between the estimated and ground-truth positions of the sampled points.
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Figure 2.10: CDFs of multiple tags' localization errors for RFUAV and Tagoram.

The experiment results are presented in Fig. 2.10 and Fig. 2.11. As shown in Fig. 2.10,

about80% of all the localization errors for RFUAV are less than 0.04 m. In addition, the

RFUAV maximum location error is 0.085 m, while the maximum error for Tagoram is 0.33

m. Obviously, the proposed RFID tracker of RFUAV is more suitable for a complex indoor

environment. Fig. 2.11 presents the average localization error and standard deviation (see er-

ror bars) of RFUAV and Tagoram. The average localization errors of RFUAV are much less

than those of Tagoram. Furthermore, the RFUAV's standard deviations are also much smaller,

indicating more robust performance by our proposed scheme.

2.3.3 Accuracy of Pose Estimation

In this section, we investigate the pose accuracy of the RFUAV system by conducting a set

of experiments to evaluate the impact of two important system con�gurations: the layout and

number of attached tags on the UAV.

Effect of the Layout of Tags

The design of our proposed pose estimator allows for RFUAV to not be restricted by any spe-

ci�c tag layout. To demonstrate this advantage, we attached three tags in four representative
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Figure 2.11: Average distance error and standard deviation of RFUAV and Tagoram.

layouts, which is illustrated in Fig. 2.12. In Layout 1 in Fig. 2.12(a) shows three tags arranged

in a plane with two identical coordinate values against the UAV's built-in coordinate system.

In Fig. 2.12(b), Layout 2 shows three tags arranged in a plane, but not on a straight line. For

Layout 3 in Fig. 2.12(c), three tags are arranged in a plane, but on a straight line. As shown in

Fig. 2.12(d), Layout 4 consists of three tags arranged neither in a plane nor on a straight line.

This experiment was conducted in the con�ned setup, and we moved the UAV-mounted rolling

rack throughout the environment in the same small-scale trajectory (with a length of 0.5 m) for

each representative tag layout. Each trajectory is sampled in every 2cm, that is 25 points for

every trajectory. We compared the pose accuracy for these four layouts, and those results are

presented in Fig. 2.13.

Fig. 2.13 shows that the average position errors for the four layouts are 0.038 m, 0.016

m, 0.019 m, and 0.019 m, respectively. The average orientation errors for the four layouts are

56.4� , 2.0� , 2.3� , and 2.2� , respectively. Clearly, all layouts achieve a small error (less than

0.04 m) on positioning of the UAV. However, the orientation of Layout 1 yields a relatively

greater error of 56.4� , due to the arrangement of tags being in an extremely adversarial layout;

two coordinate values in the UAV's built-in coordinate system are identical. This layout is

vulnerable to small turbulence of estimated global tag locations. It may also cause the estimated
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Figure 2.12: Four representative layouts of the attached tags in the UAV's built-in coordinate
system: (a) Layout 1; (b) Layout 2; (c) Layout 3; (d) Layout 4.

orientation of the UAV to reverse. However, Fig. 2.13 shows that except for this extreme

case, the other layouts of tags have an orientation error of less than 2.5� and do not affect the

performance of RFUAV.

Effect of the Number of Tags

The RFUAV requires at least three tags to compute a 6-DoF pose in an indoor environment. We

examined the effect of the number of attached tags on pose accuracy. We attached three, four,

�ve, and six tags on the UAV in each experiment. According to the previous experiments, the

layout of the tags does not affect the tracking precision (except for the extreme case). Based

on the previous experiment and to guarantee a fair comparison in this experiment, Layout 4 is

used. Fig. 2.15 illustrates the experimental layout. For each trial of the experiment, the same

trajectory (a con�ned setup with a length of 0.5 m and 25 sampling points ) is followed by the

UAV. This experiment's results are presented in Fig. 2.14.

Fig. 2.14 presents the relationship between pose error and the number of tags that are used

in RFUAV. From Fig. 2.14(a) we can see that the highest position error, 0.019 m, is achieved
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Figure 2.13: (a) Position errors of different layouts of attached RFID tags; (b) Orientation
errors of different layouts of attached RFID tags.

when 3 tags are used in our system, while the lowest position error, 0.016 m, is achieved with

4 tags. The variation of the position errors among different sets of tags is less than 3 mm.

Fig. 2.14(b) shows that the number of tags does not affect the orientation accuracy neither. All

sets of tags provide a similar orientation error around 2� . Thus, it is safe to say that the RFUAV

system does not exhibit an obvious difference in performance when different numbers of tags

are deployed. For experiments herein, we attached three tags to the bottom of the UAV's hull,

as shown in Fig. 2.8. Due to the uneven shape of the hull, the deployed layout is Layout 4 in

Fig. 2.12(d), which we have discussed previously.
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Figure 2.14: (a) Position errors of different numbers of attached RFID tags, (b) Orientation
errors of different numbers of attached RFID tags.

Comparison with State-of-the-Art Method

Next, we compare our approach to the state-of-the-art UAV indoor localization method. We

implement the recently developed Parallel Tracking and Mapping (PTAM) scheme [75] with

our Parrot ARDrone 2.0 hardware. The PTAM based implementation utilizes data from a 2D

camera, sonar, and an IMU to estimate a 3D pose in an unknown environment. We conducted

this �rst experiment under the con�ned setup, and each trial followed the same trajectories in

our experimental �led. We manually moved the UAV-mounted rolling rack back and forth in

4� 4 m2 �eld and adjusted the UAV's vertical height to make the total length of the trajectories
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Figure 2.15: Layout 4 is deployed for evaluating the effect of the number of tags on pose
accuracy: (a) three tags, (b) four tags, (c) �ve tags, and (d) six tags.

Figure 2.16: Examples of the experimental trajectories.

more than 10 m. An example of the trajectories is shown in Fig 2.16. The proposed RFUAV

system localizes the UAV using readings from the RFID reader, while the PTAM localizes the

UAV with multi-modal data fusion from the Parrot ARDrone2.0 platform.

The results of comparing the CDFs of position and orientation error are presented in

Fig. 2.17. As shown in Fig. 2.17(a), RFUAV achieves a median position error of about 0.04
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Figure 2.17: Comparison of localization accuracy: (a) CDFs of position errors of RFUAV and
PTAM; (b) CDFs of orientation errors of RFUAV and PTAM.

m, and the 90th percentile error is about 0.06 m. The PTAM system achieves a median error

about 0.067 m, and the 90th percentile error is slightly lower than 0.1 m. RFUAV outperforms

PTAM with a great reduction of both the median error and 90th percentile error. Fig. 2.17(b)

compares the orientation accuracy of RFUAV and PTAM. It shows that RFUAV can achieve a

median error about 2� . On the other hand, PTAM has a median error about 2.5� . Obviously,

RFUAV can provide a more reliable orientation estimation than PTAM, because the maximum

orientation error of RFUAV is less than 5� , while the maximum orientation error of PTAM is

up to 21� .

Our second experiment was conducted under the dynamic setup to compare the perfor-

mance of the two methods, while the UAV is hovering in a position in the air. During the

experiment, we sealed all air vents in the laboratory to create a windless environment for the

UAV. Absolute position oscillations were about 10 cm in each direction ofx, y, andz. Usually,
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Figure 2.18: Cumulative positioning error of RFUAV and PTAM while the UAV hovers for 35
seconds.

vision-based algorithms, such as PTAM, suffer from signi�cant position error when the UAV

is hovering due to camera data noise and the slight position shift induced by IMU. For vision-

based positioning systems, the current localization result depends on the estimation of its pre-

vious location. So the accumulative error will persistently increase as �ight time goes on [76],

especially, while the UAV is hovering. We compared the position error between RFUAV and

PTAM while the UAV hovered in a �xed position for 35 seconds, the results of which are pre-

sented in Fig. 2.18. Results show that the position error of PTAM increases continuously; the

error grows to 0.2 m by the end of the 35-second period. Whereas, RFUAV achieves a stable

position error while the UAV hovers for the same period of time. The maximum position error

of RFUAV is less than 0.08 m. From Fig. 2.18, we conclude that RFUAV is resilient to accu-

mulative error, and it can provide a precise position for a hovering UAV. RFUAV localizes the

UAV at each individual observation from the RFID reader. Even though the measurement noise

in the observation will distort the estimated position, the observation model of the RFID does

not accumulate error over time.
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Figure 2.19: The UAV Trajectory as estimated by RFUAV (red dashed line) and ground truth
(blue solid line).

Navigational Trajectory

To evaluate the RFUAV system's potential for indoor autonomous navigation, we conducted an

experiment under the dynamic setup in our indoor laboratory. During the experiment, the UAV

moved through a set of �xed destination waypoints. The trajectory of the movement is repre-

sented by the positions provided by RFUAV. The experiment's results are shown in Fig. 2.19,

and illustrate that the estimated trajectory is highly accurate, with only a small disturbance

around the ground-truth. Thus, control of the UAV becomes quite straightforward with RFUAV.

As shown by other works, the pose estimation algorithm plays a critical role in the control strat-

egy of autonomous UAV navigation [77, 78]. Thus, our proposed RFUAV system can greatly

improve the performance of autonomous navigation of UAVs in indoor environments.

2.4 Conclusions

In this paper, we proposed an innovative indoor localization system for UAVs, termed RFUAV,

which provides precise 6-DoF orientation and location estimation with a COTS RFID reader

and tags. A Bayesian �lter was leveraged to estimate the location of tags with phase differ-

ence. Then, we estimated pose with an SVD-based algorithm. To evaluate the performance
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of our RFUAV system, we conducted exhaustive experiments in an indoor environment. The

results demonstrated that our RFUAV system can achieve an accurate location estimation with

a mean error of 0.04 m and an accurate orientation estimation with a mean error of 2.5� . To

the best of our knowledge, this was the �rst feasible UHF passive RFID based localization

system for UAVs. RFUAV is a promising method for indoor UAV navigation that is simple,

computationally cost-effective, and not dependent on speci�c UAV architecture.
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Chapter 3

RFHUI:An RFID based Human-Unmanned Aerial Vehicle Interaction System in an Indoor
Environment

3.1 Introduction

The application of Unmanned Aerial Vehicle (UAV), which originated in the military arena,

has rapidly expanded to other areas, such as agriculture, research, commerce, and so on. Due

to its prominent maneuverability, small form factor, and low cost, the UAV is widely adopted

for surveillance, entertainment, search and rescue, and inspection for maintenance. In terms of

personal UAV applications, over the past few years, more and more advanced algorithms and

sensors have been introduced, which make their use increasingly powerful and comprehensive.

These personal UAVs are usually used for human entertainment activities, such as taking photos

and videos. The mounting growth of demands makes the interaction between the user and UAV

a research topic attracting considerable interests [5].

In this paper, we proposeRFID-basedHumanUAV Interaction (RFHUI), a low-cost,

RFID-based system which provides an intuitive and easy-to-operate way to control and nav-

igate a UAV in a complex indoor environment. The proposed method provides a means to

precisely control a UAV to navigate it in a 3D space in a real-time manner. Speci�cally, we

attachN (N � 3) Ultra high frequency (UHF) passive RFID tags to a small board to create

a hand-held controller. We record the position of each tag against the built-in coordinates of

the controller. This position is denoted as a local one. We then deploy a Commercial Off-The-

Shelf (COTS) RFID reader with multiple antennas to gather the observation of the tags. The

global position, which refers to the global coordinates in the 3D space, of an RFID tag can be

precisely tracked by the channel state information (CSI) phase measurements of the RFID tag
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responses from multiple antennas. A 6-DoF pose of the controller can be obtained from the

known local position and estimated global position of theN attached tags. Finally, following

the movement of the controller, the UAV responds and updates its pose and position in the air.

The remainder of this paper is organized as follows. We review related work in Section 3.2.

We present the design and analysis of the RFHUI system in Section 3.3 and our experimental

study in Section 3.4. Section 3.5 concludes this paper.

3.2 Related Work

With the development of robotics and growing demands for civilian and industrial applica-

tions, the concept of interaction and collaboration between human and robots has received a

lot of attention. The study of Human Robot Interaction (HRI) focuses on how their communi-

cation achieves better real-time performance. It can be approximately divided into three areas

of applications: teleoperation in speci�c environments [79, 80, 81, 82, 83], human-centric so-

cial interaction [84], and industrial manufacturing [85]. For applications in social interaction,

Santos et al. proposed a tour-guide robot which is capable of recognizing users hand gestures

and providing voice feedback [86]. In the �eld of HRI teleoperation in a speci�c environment,

urban search and rescue (USAR) is a high-interest research topic for deploying an HRI tele-

operation in a speci�c environment. For example, Kohlbrecher et al. presented a human-robot

system for rescue missions [87].

Compared to traditional robotic Unmanned Ground Vehicles (UGV), the UAV has signif-

icant differences, including �ying freely, poor carrying capability, and being unsafe to touch.

These demand a different and suitable new interaction method for human and UAV. The appli-

cations of Human Drone Interaction (HDI) are primarily focused on jogging companion UAVs

involved in shooting videos, gesture recognition, and �oating display. Muller et al. designed

and built an outside jogging companion quadcopter system with GPS localization [88]. In [89],

Scheible et al. proposed a system that combines a quadrocopter, a video projector, and a mobile

phone for projecting contents onto walls or objects in an open space. Obviously, these UAVs

are large and could only be used outdoors, thus prohibiting close interaction between human
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and drones. For gesture control applications, Cauchard et al. investigated the problem of mul-

tiple participants and found that natural gesture control leads to a more intimate relationship

between user and UAV [90]. In the current commercial UAV market, DJI announced a state-

of-the-art small gesture control based UAV product, called Spark, in May 2017. This is the

�rst time that gesture recognition technologies have been introduced for consumer-class UAVs,

enabling the removal of a traditional remote controller.

Since the last decade, RFID technology has been widely recognized as a promising so-

lution for item serialization and tracking. Due to its cost-effective, lightweight, small form

factor, and power-free properties, the RFID has also been widely deployed for indoor localiza-

tion [64, 91, 92, 93, 94, 95, 96, 57, 97, 98, 99]. A considerable number of studies have focused

on accessing the phase measurement of RF signals for localization [58, 59, 100, 101, 102, 103]

and vital sign monitoring [104, 105]. Making use of Angle of Arrival (AOA) is a classic so-

lution, which is driven by measuring the phase difference of the signals received at different

antennas. In [59], Azzouzi presented the new measurement results for an AOA approach to

localize RFID tags. In addition to localization applications, RFID technology has also been

employed for 3-D reconstruction. Bu et al. proposed an approach based on the phase differ-

ences of RF signals for the 3-D reconstruction of cubes [67], which is free of the limitation of

line-of-sight and battery life constraints. Moreover, there are many other interesting scenarios

that access RFID technology [106, 107, 108]. For example, in [109], the reading patterns of

RFID tags are leveraged to detect customers' behaviors in a physical clothes store. In [110],

RFID tags are attached to the clothes of a patient to measure his/her respiration rate.

Motivated by the research of the aforementioned RFID applications, we go beyond the

above HRI and HDI works to design a practical HDI navigation system based on the RFID

technology and test it in a real-world laboratory environment. Compared to traditional vision-

based HDI systems, the proposed RFHUI does not have the line-of-sight limitation due to the

penetrating characteristics of RF signals.
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3.3 RFHUI Design and Analysis

RFHUI is a low-cost, RFID-based system aiming to offer �exible human-UAV interaction. It

provides an intuitive and easy-to-operate means for controlling a UAV in a 3D space. The

RFHUI system comprisesN (N � 3) UHF passive RFID tags and a COST RFID reader with

M (M � 2) antennas. The tags are attached to the controller, and, when tracking the RFID tags

by querying the phase information of each tag, a 6-DoF pose of the controller can be obtained.

Then, the UAV can be controlled by this pose. In this section, we will introduce the system

model and RFHUI architecture and design. Table 3.1 shows the important notations used in

this paper.

3.3.1 System Architecture

The system architecture of RFHUI is presented in Fig. 3.1. Our proposed RFHUI system

consists of three main components as follows:

• RFID Localizer: We deploy a Bayesian �lter to estimate the global location of the tags

by utilizing the phase measurement from each tag, which is obtained by the reader.

• Pose Tracker: After the global location ofN (N � 3) tags are obtained by the RFID

localizer and combined with the given local location of each tag, we can track the pose of

the controller with an SVD based method. Here, the local location is given in the built-in

coordinate of the controller.

• Control Module: It converts the pose of the controller into �ying control commands,

which are transmitted to the UAV. Thus, the UAV can be navigated following a trajectory

that is guided by the movement of the controller.

We present the design of these three components in the remainder of this section.
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Table 3.1: Important notations used in the paper

Notation Description

N Amount of implemented RFID tags
M Amount of RFID antennas
lm The position of themth antenna in the global co-

ordinate
x t The hypothetical posterior state of a dynamic sys-

tem at a given timet. In RFHUI system, it refers
to the position of an RFID tag at timet

ut The received control at timet. In RFHUI system,
it denotes the speed of an RFID tag at timet

zt Observation at timet
B(x t ) The belief that denotes the probability of the sys-

tem is in statex at time t. In RFHUI system, it
refers to the probability of a tag in positionx t

P(zt j x t ; lm ) The observation model of themth antenna
� RF phase measured from the reader
R The distance between the reader antenna and an

RFID tag
� Wavelength of the RF radio signal
� T ; � R ; � T AG The RF phase distortion caused by the reader's

transmit circuits, the reader's receiver circuits, and
the tag's re�ection characteristics, respectively

X̂ c; Ŷc, Ẑc Unit vectors of the axes of the built-in coordinates
of the controller

X̂ g, Ŷg, Ẑg Unit vectors of the axes in the global coordinates
T t , R t The position and orientation of the controller at

time t
p t

n The position(x t
n ; yt

n ; zt
n )T of thenth tag at timet in

the global coordinates
g
cT t The rigid transform between the controller's built-

in coordinates and the global coordinates at timet
H t Pose of the controller at timet
U t Pose of the UAV at timet
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Figure 3.1: The system architecture of RFHUI, where the global coordinates are built in the
real world.

3.3.2 RFID Localizer

In the RFHUI system, phase measurements of the tag responses are collected by an RFID reader

with M antennas. We �x and measure the positions of all the antennas. Hereafter, letlm denote

the position of themth antenna in the global coordinate.

Bayesian Filter Updates for Tag Localizing

In RFHUI, a Bayesian �lter is deployed to localize the tags mounted on the controller. The

Bayesian �lter addresses the problem of estimating belief over the hypothetical posterior state

x of a dynamic system by sensor observations. For the RFID localizer, the statex denotes

the position of the tag against the global coordinate. The beliefB(x t ), which denotes the
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probability that the system is in statex at timet, is recursively updated by the Bayesian �lter.

The update is calculated from controlut , observationzt , and prior beliefB(x t � 1) at time(t � 1),

which is calculated previously.

Usually, one updating cycle of a typical Bayesian �lter can be divided into two essential

steps. Control update or prediction is the �rst step of the process, which is given as:

B (x t ) =
Z

P(x t j ut ; xt � 1)B (x t � 1) dxt � 1; (3.1)

whereP(x t j ut ; xt � 1) provides the probability of a tag moving from positionx t � 1 to x t under

the control ofut , referred to as a motion model, andB(x t ) represents the probability of the

tag at positionx t after controlut is executed. We assume that the speed of tags will remain

constant for a very short time interval, and hence, a constant speed model can be deployed for

the RFID localizer, which is expressed as:

P(x t j ut ; xt � 1) (3.2)

=
1

p
2��

Z � t

0
exp

(

�
(x t � (x t � 1 + ut � y ))2

2� 2

)

dy;

whereut denotes the speed of the tag at timet � 1 and� t represents the time interval between

t � 1 andt.

Without loss of generality, we assume the movements of the tag satisfy a typical Gaussian

distribution with standard deviation� . The second step is the measurement update, which is

written as:

B(x t ) = � � B(x t ) � P(zt j x t ): (3.3)

In (3.3), � is a constant to integrate the sum of allB(x t ) into 1, andP(zt j x t ) represents the

observation model. The RFID localizer is equipped withM reader antennas. Thus (3.3) can be
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rewritten as:

B (x t ) =
MX

m=1

� � B(x t ) � P(zt j x t ; lm ); (3.4)

whereP(zt j x t ; lm ) denotes the observation model for themth antenna. It provides the prob-

ability when themth antenna in positionlm observes measurementzt of the tag, which is in

positionx t . The detail of the model is presented in the following.

Model of RFID Phase Measurement

The relationship of the RF phase shift between transmitted and received signal is given by the

following equation:

� =
�

2� �
�

2R
�

�
+ � T + � R + � T AG

�
mod 2�; (3.5)

where� is the RF phase measured by the reader,R is the distance between the reader antenna

and the RFID tag,� is the wavelength of the RF radio signal,� T ; � R ; � T AG are the RF phase

distortion caused by the reader's transmit circuits, by the reader's receiver circuits, and by the

tag's re�ection characteristics, respectively, andmod is the Modulo operation.

Experiments show that for the same reader antenna, the same RFID tag, and the same radio

frequency,� T ; � R , and� T AG are �xed, and can be denoted as� 0 = � T + � R + � T AG . Thus (3.5)

can be rewritten as:

� =
�

2� �
�

2R
�

�
+ � 0

�
mod 2�: (3.6)

We assume that a tag is in positionx t � 1 and a reader antenna in a positionlm observes the RF

phase� 1 from the tag's response. Under the same RF frequency, the tag moves to positionx t

and the RF phase� 2 is observed from the tag. The differential RF phase measurement between
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the two positions satis�es the following conditions:

� � 12 = ( � 1 � � 2) mod 2� (3.7)

� � 12 =
��

2�
�

2 jx t � 1 � lg
m j

�

�
+ � 0

�
mod 2� (3.8)

�
�

2�
�

2 jx t � lg
m j

�

�
+ � 0

�
mod 2�

�
mod 2�

� � 12 =
�

4�
�

� (jx t � 1 � lm j � j x t � lm j)
�

mod 2�: (3.9)

Equation (3.9) shows that under the same frequency for the same antenna and the same

RFID tag, the differential RF phase� � 12 is only determined by the distance the tag moves

from x t � 1 to x t . In (3.9), jx t � lm j denotes the distance between the two positions. Hereafter,

we assume that all the RF phases are measured for the same RFID reader and the same RFID

tag under the same RF frequency. The tag moves in a discrete trajectory that is represented

by a series of locationsx1; x2; :::; xt . The antenna, which is stationary in positionlm , collects

the phase measurement for each location as� 1; � 2; :::; � m . Then, the discrete trajectory of the

movement of the tag should satisfy:

8
>>>>>>><

>>>>>>>:

jx i � lm j � j x j � lm j = �
4� �� � ij + n � �

2

� � ij = ( � i � � j ) mod 2�

n 2 f 1; 2; 3; :::g

i; j � f 1; 2; :::; tg and i 6= j:

(3.10)

The observation modelP(zt j x t ; lm ) can be updated by (3.10) to provide the probability

that if a tag moves fromx t � 1 to x t , the differential RF phase� � t;t � 1 is obtained by the reader.

We model the differential RF phase by the following equation:

P(� � t;t � 1 j x t � 1; xt ; lm ) =

8
><

>:

1; if (10) is satis�ed

0; otherwise.
(3.11)

Let's consider the distortion of the RF phase that is caused by the thermal noise. Ex-

periments reveal that the thermal noises introduces random errors to the phase measurement
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following a typical Gaussian distribution. Thus, we denote the RF phase as� � N (�; � ),

where� is the RF phase without the distortion of thermal noise and� denotes the standard de-

viation. Hence, we can update the differential RF phase as� � ij � N (� i � � j ;
p

2� ), and (3.11)

can be updated as:

P(� � t;t � 1 j x t � 1; xt ; lm )

=
1

p
2��

Z � � t;t � 1

0
exp

(

�

�
y �

�
� t � � t � 1

�� 2

2� 2

)

dy (3.12)

� t � � t � 1 =
�

2jx t � lm j
�

�
2 jx t � 1 � lm j

�

�
mod 2�: (3.13)

Based on (3.12), (3.13) and (3.4), we can estimate the locations of the RFID tags.

3.3.3 Pose Tracker

The location of a tag, which is denoted asp t
n = ( x t

n ; yt
n ; zt

n )T for thenth tag at timet, can be

estimated by the RFID localizer. When the controller is located atT , with orientationR in

the given global coordinate,T andR together are called the pose of the controller. Here, we

denote the position of the controller at timet asT t = ( x t ; yt ; zt )T , and the orientation at timet

as

R t =

2

6
6
6
6
4

X̂ c � X̂ g Ŷc � X̂ g Ẑc � X̂ g

X̂ c � Ŷg Ŷc � Ŷg Ẑc � Ŷg

X̂ c � Ẑg Ŷc � Ẑg Ẑc � Ẑg

3

7
7
7
7
5

; (3.14)

whereX̂ c; Ŷc, andẐc represent the unit vectors of the axes of the built-in coordinates of the

controller, andX̂ g, Ŷg, andẐg denote the unit vectors of the axes in the global coordinates. The

relationship of the two coordinates is illustrated in Fig. 3.2.

We measure the location of each attached tag in the controller's built-in coordinates, and

the local location for thenth tag is denoted as�pn = ( �xn ; �yn ; �zn )T . The transformation between
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Figure 3.2: The global coordinates versus the built-in coordinates of the controller.

the global location and local location of the same tag is given by:

8
>>>><

>>>>:

~P t
n = g

cT t � �Pn

~P t
n = ( p t

n ; 1)T

�Pn = ( �pn ; 1)T ;

(3.15)

whereg
cT t denotes the rigid transform at timet, p t

n and �pn is the location of thenth tag in

the global coordinates and the controller's built-in coordinates, respectively. In (3.15),g
cT t

comprises the pose of the controller in the global coordinate:

g
cT t =

2

6
4

R t T t

0 0 0 1

3

7
5 ; (3.16)

whereR t andT t denote the global orientation and global position of the controller at timet,

respectively. Based on (3.15) and (3.16), we can obtain the pose of controller by searching an

optimal transformg
cT t . When the global locations of all the tags of the controller are provided
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by proposed RFID localizer, (3.15) can be updated as follows:

8
>>>>>>><

>>>>>>>:

p t
1 = R t � �p1 + T t

p t
2 = R t � �p2 + T t

:::

p t
n = R t � �pn + T t ;

(3.17)

wherep t
1, p t

2, andp t
n are the global locations for tag 1, 2, andn, respectively; and�p1, �p2, and

�pn are the local locations for tag 1, 2, andn, respectively. Therefore, the process of �nding an

optimal transformg
cT t can be formulated as a least square minimization problem as:

min
f R t ;T t g

NX

i =1

k p t
i � (R t � �p i + T t ) k; (3.18)

whereN is the total number of tags andjj � jj is the norm of a vector. Problem (3.18) is a

typical problem of determining the rotation and translation relationship between two sets of

data points at different coordinates, and a variety of methods have been introduced to solve

such problems [73, 74]. Based on the approach that is introduced in [73], our proposed pose

tracker is developed to �nd the optimalg
cT t in three steps:

Step 1. Finding the centroids of all the locations in both the global coordinates and the local

coordinates, which is denoted asC and �C, respectively. Then, use the centroids as the new

origins of two coordinates and transfer the locations into these two coordinates, as:

8
><

>:

p t
i
0 = p t

i � C; for i 2 [1; 2; :::; N ]

�p0
i = �p i � �C; for i 2 [1; 2; :::; N ];

(3.19)

whereN is the total number of tags.

Step 2. Determining the optimal rotationR t with the singular value decomposition (SVD)

method. First, cascade all the shifted locations of the tags in both global and local coordinates
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to form two matrices:

8
><

>:

A = [ p t
1

0; p t
2

0; :::; p t
n

0]

B = [ �p0
1; �p0

2; :::; �p0
n ];

(3.20)

where bothA andB are3 � N matrices. Then, we decompose or factorize the matrixAB T

with the SVD method as:

[U ; D ; V ] = SVD(AB T ); (3.21)

where,UU T = VV T = 1, andD = diag(di ); d1 � d2 � � � � � dn � 0. Based on the result

in [73], we obtain the optimal rotationR t as:

R t = USV T ; (3.22)

where

S =

8
><

>:

I ; if det(U ) det(V ) = 1

diag(1; 1; :::; 1; � 1); if det(U ) det(V ) = � 1:
(3.23)

In (3.23),I is an identity matrix, and diag(�) is a diagonal matrix.

Step 3. Obtaining the translationT t . After obtaining the rotationR t , T t can be determined

by the following equation:

T t = C � R t � �C: (3.24)

Therefore, based on the locations of the tags in both global and local coordinates, the proposed

pose tracker can determine the controller's pose, including the orientationR t and the position

T t , referring to the global coordinates.
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3.3.4 Human UAV Interaction Module

The human UAV interaction module primarily links the change of the controller's pose with

UAV movement to achieve �exible remote control. We use the estimated pose of the controller

to control the navigation of the UAV. To achieve real-time control, the UAV must react sen-

sitively to the change of the controller's pose in a manner that follows the trajectory of the

moving controller.

We useH t to denote the pose of the controller, andU t to denote the pose of the UAV at

timet. The process of the module can be divided into four steps, which are detailed as follows:

1. ObtainingH t andH t+1 from the pose tracker.

2. Calculating� H = H t+1 � H t , which contains the change of position and orientation in

the three-dimensional space.

3. Amplifying � H as� H 0 = � � � H , where� is the parameter of the ampli�cation, and

we usually set� = 5. We can make a slight movement of the controller to activate a

large-scale movement of the UAV.

4. Converting the� H 0 to �ying control commands and send it to the UAV.

Step 4 cooperates with the speci�c UAV platform, and it usually relies on the API to com-

municate with the UAV. For example, in our experimental platform, an ROS based system is

developed to communicate with the ARDrone2.0 platform. It updates the target position of the

UAV by

U t+1 = U t + � H 0; (3.25)

and sends theU t+1 to the UAV through the ROS message service.
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Figure 3.3: Side view of the RFID detectable �eld.

3.4 Experimental Validation and Results

3.4.1 Experiment Setup

We conduct a series of experiments to demonstrate the performance of the RFHUI system.

We establish a prototype of RFHUI using a COTS reader and several UHF passive RFID tags.

A Zebra FX7500 RFID reader with four Zebra AN720 antennas is incorporated to query the

RFID tags. The Zebra FX7500 reader is widely deployed in retail, manufacturing factory, and

warehouse applications, and meets the EPC Gen2 standard requirements.

In our prototype system, we use the Low-Level Reader Protocol (LLRP) through an Ether-

net port to communicate with the reader and report the RFID measurements. The Zebra AN720

Antennas provide a left circular polarization with a 100� beam width and a5:5 � 6 dB gain.

Each antenna is mounted on a holder of 1.4 m in height. The four antennas with their holders

are deployed in front of the user. In all our experiments, we set the reader works at the maxi-

mum RF transmission power, i.e., 33 dBm, to enable each antenna to gain a detectable range

of up to 6 m. Our experimental setting is illustrated in Fig. 3.3 (side view) and Fig. 3.4 (top

view). The con�guration of the four antennas created a detectable �eld, which allows the four

antennas to interrogate an RFID tag simultaneously.
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Figure 3.4: Top view of the RFID detectable �eld.

Three UHF passive RFID tags are attached to a foam board working as our prototype

controller, which is shown in Fig. 3.5. Fig. 3.6 shows how the controller is operated by a user

during the tests. Our experimental RFID tag is Smartrac Dogbone Monza R6, which is widely

used in the retail business. We choose The Parrot ARDrone2.0 Elite Edition drone [75] as

our UAV platform, which is shown in Fig. 3.7. It is equipped with a front camera, a bottom

camera, a sonar, and an inertial measurement unit (IMU). Based on the measurements of the

onboard sensors, it can localize itself by using a sensor fusion method. For example, the Parallel

Tracking and Mapping (PTAM) technique can be implemented to estimate the 3D pose of the

ARDrone2.0 drone.

3.4.2 Accuracy of RFID tracking and Pose Estimation

Effect of the Number of Antennas

Before revealing the performance of the proposed RFHUI system, we �rst conduct a set of

benchmark experiments to discover the effect of the number of RFID antennas on the system

performance. We con�gure the RFID reader with 1, 2, 3, and 4 antennas in each benchmark

experiment, respectively. During every benchmark experiment, the controller is moved along

the same trajectory, which is given in Fig. 3.8. We �rst moved the controller 20 centimeters

in the direction of thex-axis, and then moved it for another 20 centimeters along they-axis
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Figure 3.5: A prototype of our RFHUI controller.

direction. We sampled the trajectory every 2 centimeters, which is illustrated by the red points

in Fig. 3.8. There was a total of 21 sampled points. At every sampled point we record the

ground truth location and the estimated location that is provided by the RFID localizer for

every tag and collect the ground truth and the estimated pose of the controller.

First, we evaluate the accuracy of the RFID localizer by comparing the estimated location

to the ground truth location of every tag at all sample points. The average location error of

each tag at different antenna con�gurations is shown in Fig. 3.9. We can see that the more

antennas are deployed, the more accurate the estimated localization. The results are consistent

with the conclusion of (3.4): the more antennas are deployed, the more accurate estimation can

be made.

We also evaluate the accuracy of the controller's pose, including position and orientation,

which is measured by our RFHUI system. The results in each antenna con�guration are given
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Figure 3.6: A user holds the controller in hand during an experiment.

in Fig. 3.10 and Fig. 3.11. From Fig. 3.10 and Fig. 3.11, the average errors of both position and

orientation are reduced dramatically when the number of deployed antennas is increased. For

the con�guration with 4 antennas, the system achieves an average error of 0.021 m in position

and 1.8� in orientation. Therefore, all hereafter experiments are executed with the 4-antenna

con�guration with the setup shown in Fig. 3.4.

RFID Tags Tracking

To evaluate the performance of the RFID localizer in RFHUI, we launch another experiment

by attaching three UHF passive RFID tags to the controller. A user holds the controller and

moves it following a given trajectory, which is inside the experiment �eld. In contrast to the

simple trajectory in our benchmark experiments, we move the controller in a more complex and
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Figure 3.7: The ARDrone2.0 Elite Edition drone used in our experiments.

Figure 3.8: The moving trajectory of the benchmark experiments: the red points are the sam-
pled locations.

longer trajectory with more variety in the moving direction, thus mimicking the actual user be-

havior while operating the UAV. During the experiment, the RFID localizer of RFHUI provides

estimated locations for each tag while the controller is moving. We obtain the ground-truth

locations by measuring the sampled points every 5 mm along the trajectory. The accuracy of
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Figure 3.9: The average error and standard deviation of the localization error of the controller's
tags for different antenna con�gurations.

Figure 3.10: The average position error of the controller for different antenna con�gurations.

the proposed method is evaluated by calculating the errors between the ground-truth locations

and the estimated locations of the sampled points.

We repeat the experiment several times, and the experimental results are presented in

Fig. 3.12 in the form of the cumulative distribution function (CDF) of localization errors be-

tween estimated and ground-truth positions. We can see that the maximum error of the RFID

localizer is less than 0.095 m for all the three tags. Moreover, with the RFID localizer of

RFHUI, 80% of the localization errors are less than 0.045 m and 90% of them are under 0.06

m. Therefore, it is safe to state that the RFID localizer achieves very precise localization for

tracking the moving RFID tags. Note that the average error of every tag is a little bit higher
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Figure 3.11: The average orientation error of the controller for different antenna con�gurations.

Figure 3.12: CDF of RFID tags tracking error with a more complex and longer trajectory.

than that in the benchmark experiments because we considered much more sample points and

the controller moves along a more complex trajectory in this experiment.

Controller Pose Estimation

We next conduct an experiment to verify the feasibility and accuracy of our proposed pose

tracker, including position and orientation estimation. The controller moves along a trajectory

in our experiment �eld, held by a user.

The results are presented in Fig. 3.13. Fig. 3.13(a) shows that about 78% of the position

errors of the proposed pose tracker are under 0.05 m, and the maximum error is less than 0.083
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Figure 3.13: (a) CDF of the controller position estimation error; (b) CDF of the controller
orientation error.

m. Additionally, as shown in Fig. 3.13(b), we can see that 60% the orientation errors are less

than 2.5� . Moreover, for the pose tracker, almost 90% of the orientation estimations achieve

an error under 3.5� . Obviously, regardless of position and orientation estimation, the proposed

pose tracker of RFHUI is suf�ciently accurate for most practical human-UAV interaction sce-

narios. Also note that similar to the result in the of RFID tags tracking experiment, due to

the greater number of sample points and increased complexity of the moving trajectory in this

experiment, the average error in both position and orientation are a little bit higher than that in

the benchmark experiments.

3.4.3 Overall System Performance

Finally, we conducted an experiment in our indoor lab environment to demonstrate the feasibil-

ity of our system in a real-time manner. The typical experimental environments are shown in

Fig. 3.14 and Fig. 3.15. The complex indoor environment, with intricate features and layouts
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Figure 3.14: The empty lab environment.

with shelves, clothes stands, and furniture as shown in Fig. 3.15, requires our proposed RFHUI

system to provide an accurate and robust control method to safely operate the UAV indoors.

During this experiment, a user holds the controller, which is attached with 3 RFID tags, to con-

trol the UAV. We compared the ideal movement trajectory of the UAV, which is ampli�ed by the

trajectory of the controller, and the actual movement of the UAV to illustrate the performance

of the proposed RFHUI.

A typical experiment result is presented in Fig. 3.16. The movement of the controller

follows a random trajectory, which is illustrated by the black curve in Fig. 3.16. The blue

curve represents the trajectory of the controller. The red curve denotes the ideal trajectory of

the UAV, which is an ampli�ed version of the trajectory of the controller. Clearly, we can tell

that the UAV precisely follows the ideal trajectory, with only tiny disturbances around the ideal

occurred. This is caused by the inherent errors of the UAV, especially, when the UAV is in

a hovering mode. It is apparent that our RFHUI system achieves high accuracy in real-time

navigation. This experiment validates that our RFID-based controller strategy is robust and

practical. This is mainly due to the fact that our proposed RFHUI system can provide a highly

accurate pose estimation, which plays a critical role in UAV navigation.
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