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With the rapid expansion of the wireless communication, there has ée a
rapid growth in the demand for the mobile tra c. Moreover, the wireless trac
not only expands in trac volume but also in the diversity of applications and
requirements with the rise of the Internet of Things (I0T) concep The insatiable
demand for both the tra ¢c volume and the ever-expanding 10T apflications poses
a great challenge on the design of the next generation, i.e. the 5@nmumunication
system.

Time reversal (TR) technology has been proposed as a promisinghdalate
for the 5G system with several promising characteristics, such aasy densi cation,
asymmetric and heterogeneous design. TR system utilizes large dardth and ob-
serves detailed, location-speci ¢ channel impulse responses (EIRV/ith the detail
CIR information, the TR system designs waveforms to concentrattransmitted en-
ergy to the intended users via the unique spatial temporal focugjre ect. In this
dissertation, we propose a TR indoor positioning system and mediunaaess control

design based on this unique e ect.



We begin by proposing the time reversal resonating strength (TR to quan-
tify the similarity between the location information embedded CIRs. Tie TR indoor
positioning system identi es the unknown users by calculating the TRS between
the CIR of the unknown user and the CIRs in the database. We builthe system
prototype and are the rst-ever to perform precise indoor posibning at 1 to 2 cm
resolution in both line-of-sight and non-line-of-sight scenario usirane pair of trans-
mitter and receiver both equipped with a single antenna. Based ondpositioning
system, we propose an indoor tracking system by collecting CIRs sdveral regions
of interest and track unknown users when they pass it. To facilitat deployment,
we built a prototype to automate CIR collection and the experimentshow that the
system detects the users correctly with very low false alarm rate.

In the second part, we design the medium access control scheraraximize
system sum rate and guarantee quality of service to the users in awhlink sce-
nario. The system objective and constraints are transformed imta mixed integer
guadratically constraint quadratic programming and can be solved aently. We
then investigate rate adaptation scheme via selection of optimal tlkeo factors in
TR system. The rate adaptation scheme e ectively increases thgstem-wise per-

formance and the fairness among users.
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Chapter 1

Introduction

1.1 Motivation

There has been a rapid increase in demand for mobile communicationsed
to the proliferation of the versatile applications on all kinds of mobile eVvices in
everyday life, such as streaming video when commuting, navigatiorhike driving,
etc. The ever-growing number of devices and applications requirasmuch larger
transmission rate for fast and mobile data delivery in order to proviel users with
satisfactory experience. Based on a mobile data tra c forecast],lthe mobile tra c
volume is expected to increase more than 8 folds by the year 202Mhene most of
the tra cs are generated indoors. The sharp increase in the demd for the data
rates poses great challenges in the design for the next generatioe. the 5G,
communication system.

Moreover, the mobile data demand not only increases in shear voluniait
also increases in the diversity of the sources that generate dafehe reduced cost of
hardware manufacturing and the development of new applicationsake universal
wireless connectivity possible, and foster the Internet of ThingddT) trend. Not

only the aforementioned mobile devices are connected to the intetnbut also all the



everyday appliances are connected seamlessly in the 10T era. loewst years, the 0T
application has expanded from mere sensor applications to a compémosystem that
has covered areas such as healthcare, utility, marketing, etc. &mnloT is expected
to alter several aspects of everyday life and the behavior of usglorganizations
such as Industrial Internet Consortium, OpenFog Consortium,rad 10T Acceleration
Consortium, are set up to foster development, standardizationnd manufacturing
process in both academia and industry elds.

The Time Reversal system is proposed as a promising indoor solutiam the
5G communication system that addresses the aforementioned tbages in the 5G
system by using a large transmission bandwidth. The TR system hagén shown
to possess features, such as the easy network densi cationyrametric transceiver
design, and heterogeneity in bandwidth usage, which are suitable the 5G commu-
nications and the IoT implementation. By using a large bandwidth, th&'R system
records detail channel impulse response (CIR) information with neh more channel
taps than that of a narrowband system, where only one or two chaels taps are
recorded. Because the observed CIR is the superposition of tleected copies of
the transmitted signal from the surrounding environment, the AR naturally em-
beds information about the environment. Experiments show thathe di erence in
the location-speci ¢ CIRs is able to distinguish two adjacent locatiasmwith only 5
cm separation, even under the non-line-of-sight setting. TR thefore utilizes the
environment information embedded in the CIR to design transmissiowaveforms
such that the environment acts as a spatial Iter and the transmited signal adds
up coherently only at the intended users, which is the unique spatis&mporal fo-
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cusing e ect in the TR system. The unique spatial temporal focusge ect of the
TR system makes possible the exploration of opportunities and theedelopment of
di erent applications.

The CIR information can be extracted from mobile tra ¢ packets, and there-
fore the location information is implicitly contained within every activity over the
wireless channel. Statistics show that people spend most of the tinmgloor, gen-
erating most of the mobile data tra c, which makes CIRs the perfet medium for
precise indoor localization. The precise localization of human via CIR saumerous
applications and business opportunities, such as navigation and ¢gt marketing.
Moreover, the location information extracted from CIR can assidibT applications
to incorporate mobility and navigation functions and foster applicabns such as the
household robots. With all the opportunities and applications, the fility to use
CIRs for localization is an desirable feature for the 5G communicaticsystem.

Diverse applications scenarios are expected in the I0T era, and teas a large
disparity in the required quality of service (QoS) between di erent pplications. The
surveillance camera consumes much larger transmission rate foeaiming compared
with the simple on and o operation of the wireless switch. Satisfyinghte di erent
required QoS of the diverse applications is important for the seaméel® T application
integration with everyday life. Therefore, the ability to support ard satisfy the
di erent QoS requirements is highly desirable for the TR system as a@posed 5G
communication solution.

The increase in the number of users of the 5G communication systemd the
loT application poses great challenges in interference managemantd resource al-

3



location. The massive number of taps in CIR enables the TR system design wave-
forms and harvest the unique spatial temporal focusing e ect wth concentrates
the transmitted energy to only the intended users and reduces dhinterference to
the unintended ones. However, with the increase of users, thedrference increases,
and the system is not able to maintain the QoS of the users and to nmaxze the
system performance. To serve the massive number of users in tbeeseen future, it
is important for the TR system to make judicious decisions on decidinghich users
to transmit together.

On the other hand, resource allocation is another e ective way to anease the
system performance by properly distributing system resourcesiuch as the power
and resource blocks in time and frequency, among users. Howewvrost allocation
schemes concentrate on the system-wise performance but faitbnsider the di erent
transmission requirements of the users. As a result, the existingjaecation cannot
guarantee a minimal performance for users and fails to provide atisying user
experience. Therefore, a novel resource allocation scheme is kigtesirable to
jointly consider both the system-wise performance as well as thears' requirement

of the service.

1.2 Dissertation Outline and Contributions

From the previous discussions, we can see that the TR technique igramising
candidate for both 5G communications and IoT applications. Howekethere are

many new challenges and problems to be solved to achieve a sucuessfstem



design. In this dissertation, we focus on the indoor positioning sysh and the
medium access control for the TR technology. The rst part of tis dissertation
focuses on the implementation and the application of the TR indoor gdioning

system using the location-speci ¢ CIR information. In the secondagst, we develop
time reversal medium access control schemes to accommodateassive number of
users and to satisfy the QoS of the users in the scenario where assige number of

users present. The rest of this dissertation is organized as follows

1.2.1 Time Reversal Indoor Positioning System (Chapter 2)

In this chapter, we show that by using a large bandwidth, the TR syem
records detailed location-speci ¢ CIRs and is able to distinguish two ¢ations that
are only 10 cm apart under non-line-of-sight setting with only one &nna on both
the transmitter and receiver. The CIR embeds the information offte environment
and the TR system can faithfully record this information for precisendoor posi-
tioning. We propose the time reversal resonating strength, TRR$o quantify the
closeness of two CIRs and use the proposed TRRS to estimate theer’s precise
location. By constructing a database of CIRs at the locations of ietest, we can
estimate the position of the unknown user by nding the location withthe closest
CIR with the CIR of the user.

We perform experiments to rst show the important characterisics of the
CIR, including the channel reciprocity and the stationarity. We the evaluate the

performance of the proposed two-phase indoor positioning systéy locating an



unknown user in a 1 m by 0.9 m area. Experiment results show that thgroposed
TR indoor positioning system is the rst-ever system to achieve 1 t8 cm accuracy
under both line-of-sight and non-line-of-sight environment with dy one pair of

transmitter and receiver both equipped with a single antenna.

1.2.2 Virtual Checkpoint based Indoor Tracking System (Chater 3)

Based on the experiment result in Chapter 2, we propose a Virtualh&ckpoint
(VC) based TRacking system (VCTR system) for indoor tracking. B collecting
CIRs within a region of interest as the CIR database, and when thesar passes
through the region, it is very likely that the user will pass the locationwhere the
CIR is collected. Therefore, a higher TRRS value between the CIRoin the user
and the database indicates that the user passes through the i@y We call the
region of interest as VC, as it resembles the actual checkpoint deyed in all kinds
of public spaces. In order to automate the CIR collection and fostéhe deployment
of the CTR system, we construct a CIR collecting machine prototyg for massive
collection with user-friendly GUI. We perform experiments in an ordiary o ce
setting to show several performance metrics to evaluate the pemmance of the
proposed VCTR system. Experiments show that there is a signi cargap in the
CDF of the TRRS values between the cases when the user passes YT or not.
The ROC curve based on the CDF shows that the proposed VCTR ggs can

perform perfect detection with very low false alarm rate.



1.2.3 Time Reversal Medium Access Control (Chapter 4)

One of the major challenges in the design of the 5G system is to acenodate
the ever-increasing number of users. With the growing number okers, the 5G
system needs to judiciously manage the interference betweenras® satisfy the
QoS of the users. In this chapter, we propose a novel scheduler the 5G system
that maximizes the system performance while satis es users' Qo8quirements.
The optimization objective and constraints are transformed into anixed integer
guadratically constraint quadratic programming (MIQCQP) which has linear time
complexity that is suitable for a massive number of users.

To evaluate the robustness of the proposed scheduler, we inugste the chan-
nel estimation error of the TR system. The analysis reveals that ¢h TR system
has the same channel estimation error distribution as that of the assive MIMO
system. Based on the simulation result, we show that the proposedheduler is
suitable for the 5G communications system with linear time complexityersatile

application and resilient to channel estimation error.

1.2.4 Time Reversal Rate Adaptation (Chapter 5)

The spatial temporal focusing e ect unique to TR system concerdtes the
transmitted energy to the intended users. However, there is egg leakage to the
unintended users and causes interference. In this chapter, wepose a novel rate
adaptation algorithm that manages the mutual interference throgh allocating the

backo factors of the users in the TR system. The backo factoressentially de-



termines the transmission intervals between consecutive transisigen among users.
The optimization objective and constraints are again transformeuthto an MIQCQP
proposed, and the optimization can be solved e ciently.

Based on the adaptation algorithm output, we propose a waveformesign
algorithm that maximizes the system weighted sum rate and satis ethe QoS re-
guirements. The waveform design algorithm further reduces theutual interference
by redesigning the waveform using the adapted rates. Simulationsrdts show that
the proposed rate adaptation algorithm is suitable to di erent phygal layer set-
tings, and doubles the system weighted sum rate when combined witte waveform

design algorithm.



Chapter 2

Time-Reversal Indoor Positioning System

From the previous discussion, it is clear that the indoor location infonation
is useful and crucial for di erent 0T applications. In the literature, many indoor
positioning systems (IPS) approaches have been developed, anastrof them can
be classi ed into three categories [34]: triangulation, proximity metbds, and scene
analysis. In triangulation, the terminal device (TD) measures theime of arrival
(TOA) [62], time dierence of arrival (TDOA) [16], angle of arrival (AOA) [43],
[56] of the signals sent from the access point (AP) with known positis and then
uses physical principles of wave propagation to calculate the geaghical location
based on the measurements. Although the concept of triangulatios simple, some
special requirements are needed, e.g., precise measurements@A Bnd/or AOA,
synchronization between the TD and the AP, and specialized appdus for AP.
However, due to the rich scattering characteristic of the indoorngironment, the
measurements are generally not very precise, which leads to poatdor positioning
performance of these triangulation methods.

The second category of IPS algorithms is a proximity method that ceprovide
symbolic relative location information. This kind of algorithms relies ontie dense

deployment of the infrastructure. When the TD moves in the targearea, the TD is



considered to be located with the antenna that detects the TD. Hultiple antennas
can detect the TD, then the TD is simply considered to be located witthe antenna
that receives the strongest signal. Most of the radio-frequengiRF) identi cation
and the cell identi cation [66] positioning systems fall into this categry. Since the
TD will be considered to be colocated with the antenna, this kind of afgithms
cannot give precise location information. Moreover, due to the dea deployment of
the antennas, the implementation cost is very high.

The third category of IPS algorithms is the scene analysis method,hwh
rst collects features of the scene and then matches online measments with the
collected features to estimate the location. Most of the scene dysis-based IPS
algorithms make use of the received signal strength (RSS) and/thre channel state
information (CSI), while the matching method can be either determisstic or prob-
abilistic [48]. In a deterministic method, the position is determined by ling the
minimum distance between the measurements to the database. II7]2it was pro-
posed to rst use spatial Itering to reduce the number of refenrece APs and then
use kernel functions as distance measures. A root-mean-seuarror of 2.71 m was
reported using three APs. An RF-based tracking system named RR was pro-
posed in [2]. The system uses empirically determined and theoreticallgneputed
signal strength for triangulation, and triangulation is done using tk signal strength
information gathered at multiple locations. A median resolution was ported to
be in the range of 23 m using three APs. A linear approximation modehahe
RSS versus the Euclidean distance between the AP and the TD in anaymous
environment without necessary o ine training was proposed in [26]rad achieves a

10



mean estimation error of 15m. A compressive sensing scheme wasgppsed in [13]
for localization using the sparsity characteristics in positioning prdbms with 1.5-m
error.

On the other hand, in a probabilistic method, the estimation is basednosome
probabilistic criteria such as maximum a posteriori (MAP) and maximalikelihood
(ML). In [60] and [61], a positioning algorithm based on WiFi RSS was pposed.
The RSS information from multiple WiFi APs is collected, and the distribtion of the
RSS is estimated. During the online positioning phase, the MAP or ML iterion is
used to determine the location and achieve a mean error of 40 cm witlultiple APs.
In [6], the RSS ofWiFi and FM signals was used to jointly estimate the coulative
distribution function of RSS for indoor positioning. The smaller variabn of FM
signals in an indoor environment provides extra information and preson over WiFi-
only systems and achieves better roomlevel accuracy. In addititmthe RSS, the CSI
has been also used in the literature for positioning. In [25], it was proped to use the
amplitude of channel impulse response (CIR) as the ngerprint fdocalization. The
amplitude of CIR is used as an input to a nonparametric kernel reggsion method
for location estimation. In [44] and [64], it was proposed to utilize theoenplex CIR
as a link signature for location distinction, where the normalized minimd&uclidean
distance is adopted as the distance measure. The CSI was progoge be used in
the orthogonal frequency-division multiplexing (OFDM) systems athe ngerprints
in the positioning algorithm [54]. Since there are a lot of partitioned chranels
in an OFDM system, the CSI provides rich information for positioning. In the
online phase, the CSI from the TD is matched to the stored databasising a MAP

11



algorithm. The authors report a mean accuracy value of 65 cmin a 5lmy 8 m o ce
using three APs.

However, most of the existing IPS algorithms cannot achieve a desidrcentimeter-
level localization accuracy value, particularly for a single AP working ithe non-
line-of-sight (NLOS) condition. The main reason is that it is generally ery di cult
or even impossible to obtain precise measurements due to the riclatsering indoor
environment. Such imprecise measures lead to ambiguity when penfiing position-
ing algorithms. To reduce ambiguity, most existing algorithms requirenore online
measurements and/or multiple APs. Dierent from the existing appoaches, in
this chapter, we propose a single-AP indoor positioning algorithm thhaan achieve
centimeter-level localization accuracy with single realization of onlimaeasurement
by utilizing the time-reversal (TR) technique. TR technique is knowrto be able to
focus the energy of the transmitted signal only onto the intendelbcation, i.e., the
spatial focusing e ect. The foundation of spatial focusing is thathe CIR in a rich
scattering indoor environment is location speci ¢ and unique for ehdocation [50],
i.e., each CIR corresponds to a physical geographical location. Temre, by utiliz-
ing such a unique location-speci ¢ CIR, the proposed TR indoor posgining system
(TRIPS) is able to position the TD by matching the CIR with the geogrghical lo-
cation. Since spatial focusing is a half-wavelength focus spot, theoposed TRIPS
can achieve a centimeter-level localization accuracy value even wihsingle AP
working in the NLOS condition.

The rest of the chapter is organized as follows. In section Il, we witkrie y
review the TR technique and describe in details the proposed TRIP$hen, in sec-
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Figure 2.1: System model

tion 111, we will discuss the experimental results including the propsies of the TR
technique and the performance of the proposed TRIPS. Finally, vagaw conclusions

in section V.

2.1 Time Reversal Indoor Positioning System

As shown in Fig. 2.1, we study the indoor localization problem where theeis
an AP and a TD in an indoor environment. The AP is positioned in an arbitarily
known location, whereas the location of the TD is unknown. The TD #&nsmits
some known signals, e.g., xed pseudorandom sequences, to the ARd the AP
tries to estimate the location of the TD based on the received signal®ue to the
multipaths in the indoor environment, the received signal at the AP isigni cantly

distorted [60]. In such a case, it is generally impossible to identify thedation purely
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Figure 2.2: The time reversal signal processing principle

based on the received signal of a single AP, i.e., the single-AP indoordbzation
problem is ill posed.

To address this problem, we propose a TRIPS by decomposing the ibged
problem into two well-de ned subproblems. Speci cally, in the rst sibproblem,
we build a database o ine by mapping the physical geographical locains to the
logical locations in the CIR space. Then, in the second subproblemewnatch the
online estimated CIR of the TD to those in the database to position # TD. In the
following sections, we rst give a brief introduction of the TR technige and then

discuss in detail the proposed TR-based indoor positioning system.

2.1.1 Background of Time Reversal

TR is a technology that can focus the power of the transmitted sigh in both
time and space domains. The phenomenon of TR was rst observeg Beldovich

et al. in 1985 [63]. Later, the TR technique was studied and applied intsignal
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processing by Fink et al. in 1989 [15], followed by several theoretieald experimen-
tal works in acoustic and ultrasonic communications, verifying thathe transmitted
wave energy can be focused at the intended location with high spdtand temporal
resolution [10,12,14]. Due to the fact that TR does not require cgsticated channel
processing and equalization, it was also analyzed, tested, and vatethin wireless
communications [50], [5,9, 19{21, 31{33, 38, 47,58]. Moreover, hwia potential of
over an order of magnitude of reduction in power consumption andterference al-
leviation, as well as the natural capability of supporting heterogeaous TDs and
providing an additional security and privacy guarantee, TR technige is shown to
be a promising solution for green Internet of Things [4].

Fig. 2.2 demonstrates a simple TR communication system [50]. When tisceiver
A wants to transmit information to transceiver B, transceiver B rst sends an
impulse signal to transceiver A. This is called the channel probing psa. Then,
transceiver A time-reverses (and conjugates if the signal is colap) the received
waveform from transceiver B and uses the time-reversed versioh waveform to
transmit the information back to transceiver B. This second phases called the TR
transmission phase.

The TR technique relies on two basic assumptions, i.e., channel reapity
and channel stationarity. Channel reciprocity requires the CIR®f the forward
and backward links to be highly correlated, whereas channel statiarity requires
the CIR to be stationary for at least one probing-and-transmissio phase. These
two assumptions generally hold in practice, as validated by experinmenin [47]

and [50]. In [47], an experiment was conducted in a laboratory areacashowed
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that the correlation of CIR between the forward and backward link is as high as
0.98, whereas in [50], it was shown that the multipath channel in a typat o ce
environment does not vary much over time. Speci cally, the CIR had snapshot
once every minute for a total of 40 min, where the rst 20 snapsk® correspond to
a stationary environment, the 21st to 30th snapshots correspd to a moderately
varying environment, and the last 10 snapshots correspond to arying environment.
The experimental results show that the correlation coe cients beveen di erent
snapshots are above 0.95 for a stationary environment and abd¥@& for a varying
environment.

With the property of the channel reciprocity and stationarity, the re-emitted
TR signal will retrace the incoming paths and form a constructive su of signals
at the intended location, resulting in a peak in the signalpower distriiion over
the space, i.e., spatial focusing e ect. Since TR utilizes all the multighs as a
matched lIter, the transmitted signal will be focused in the time donain, which
is referred as the temporal focusing e ect. Moreover, by usingné environment as
matched lters, the transceiver design complexity can be signi caty reduced. In an
indoor environment, the wireless multipaths come from the surroding re ectors.
Since the received waveforms from the TD at di erent locations uretgo di erent
re ecting paths and delays, the multipath pro le is unique for each loation. By
utilizing this unique location-speci ¢ multipath pro le, TR can create the spatial
focusing e ect at the intended location, i.e., the received signals aaelded coherently
at the intended location but incoherently at any unintended location As will be

discussed in the next section, our proposed algorithm leveragestsa special feature
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to solve the ill-posed single-AP indoor localization problem.

2.1.2 The Proposed Time Reversal Indoor Positioning Algdinim

Here, we will discuss in detail the proposed TR indoor positioning algtrm.
With the spatial focusing e ect, we know that the CIR in the TR system is location
speci ¢, which means that we can map the physical geographical &imons into logi-
cal locations in the CIR space where one physical geographical lo@a corresponds
to a unique CIR in the TR system. Then, the indoor localization problentbbecomes
a classical classi cation problem that identi es the class of the TD inhe CIR space.
Therefore, the proposed TR indoor positioning algorithm containsmo phases. The
rst phase is an o ine training phase where we build a CIR database tanap the
physical geographical location into the logical location in the CIR spa&, and the
second phase is an online positioning phase where we match the estaCIR of

the TD with the CIR database to localize the TD.

2.1.2.1 Oine Training Phase

In the o ine training phase, we are building a CIR database for the otine
positioning phase. Since the database has a direct consequencélocalization
performance, how to build the database is critical to the proposeaddoor positioning
algorithm. Note that the CIR at di erent locations will be di erent if t he distance
between two locations is larger than the wavelength and may be simildrthe dis-

tance is smaller than the wavelength. Moreover, the CIR at a cerlitalocation may
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Figure 2.3: Radio stations of the proposed TR system prototype.

slightly vary over time due to the change of environment.With such amtuition, for
each intended location, we obtain a series of CIRs at di erent time.pci cally, for

each intended locatiorp;, we collect the CIRs informationH; as follows:

Hi = fhi(t = to);hi(t = ty); 5 hi(t = tw)g; (2.1)

whereh;(t = t;) stands for the estimated CIR information of locationp; at time t,.

Therefore, the databaseD is the collection of allH’s

D = fH;;8ig; (2.2)
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2.1.2.2 Online Positioning Phase

In the online positioning phase, we rst estimate the CIR informatiorbased on
the signal received at the AP. Then, our objective is to localize theI by matching
the estimated CIR information with the database using a classi catio technique.
Since the dimension of the information for each location in the databa is very
high, classi cation based on the raw CIR information may not work. herefore, it
is necessary to preprocess the CIR information to obtain importafeatures for the
classi cation.

As we have previously discussed, since the received signals undefigerent
re ecting paths and delays for the receiver at di erent locationsthe CIR can be
viewed as a unique location-speci ¢ signature. When convolving tharte-reversed
CIR with the CIR in the database, only that at the intended location wil produce
a peak, which is known as spatial focusing e ect. For the locationgher than the
intended location, there is no focusing e ect. Therefore, we caresign a TR-based
dimension reduction approach to extract the e ective feature folocalization. To
do so, we rst introduce a de nition of TR resonating strengthas follows.

De nition 1 (Time Reversal Resonating Strengdh The TR resonating
strength (hq;hy), between two CIRsh; = [hy[0], hy[1];::;;h L 1]] and h, =
[h2[O]; ho[1]; 5 ho[L 1]] is de ned as

r 3
(hiihy) = —pr ety IV 23)

o reas od .
olihalil® Lot igeli I

whereg, = [9[0]; &[1]; ::;; [L  1]] is de ned as the time reversed and conjugated
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version ofh, as follows

Q] =hL 1 Kkk=0;1, ;L L (2.4)

A close look at (2.3) would reveal that the TR resonating strength ishe
maximal amplitude of the entries of the cross correlation betweerwt complex
CIRs, which is di erent from the conventional correlation coe ciert between two
complex CIRs where there is no max operation and the indei [n (2.3) is replaced
with index [L  1]. The main reason for using the TR resonating strength instead of
the conventional correlation coe cient is to increase the robustess for the tolerance
of channel estimation error. Note that most of the channel estiation schemes may
not be able to perfectly estimate the CIR due to the synchronizatioerror, i.e., a
few taps may be added or dropped during the channel estimationguess. In such a
case, the conventional correlation coe cient without max operabn may not re ect
the true similarity between two CIRs, whereas our proposed TR resating strength
is able to capture the real similarity and, thus, increase the robusess.

With the de nition of TR resonating strength, we are now ready to escribe
the online positioning phase. Lefi be the CIR that we estimate for the TD with
unknown location. To matchfA with the logical locations in the database, we rst
extract the feature using the TR resonating strength for each ¢ation. Speci cally,

for each locationp;, we compute the maximal TR resonating strength; as follows:

= R, (= 1) @9
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(@) (b)

Figure 2.4: (a) Floor plan of the o ce room that we conduct our expaments; (b)

Floor plan of room A.

By computing ; for all possible locations, i.e.,H; 2 D, we can obtain

1, 2,5 N. Then, the estimated location, p;, is simply the one that can give
the maximal ;, i.e.,T can be derived as follows
T =argmax ;: (2.6)
|

Although our proposed algorithm is very simple, it can achieve very gd

localization performance, as we will see in the experiment in the nexdtion.
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2.2 Experiments

2.2.1 Experiment Setting

To evaluate the performance of our proposed algorithm, we build aRTsystem
prototype that operates at 5.4-GHz band with a bandwidth of 125 Mz. A snapshot
of the radio stations of our prototype is shown in Fig. 2.3, where thantenna is
attached to a small cart with RF board and computer installed on thecart. We
test the performance of our prototype in a typical o ce room tha is located on
the second oor of the Jeong H. Kim Engineering Building at the Univesity of
Maryland College Park. The layout of the oor plan of the o ce room isshown in
Fig. 2.4 (a), where the AP is located at the place with the markAP " and the TD
is located in the smaller o ce room marked as A". The detailed oor layout of
room A is shown in Fig. 2.4 (b). Notice that with such a setting, the AP isvorking

in the NLOS condition.

2.2.2 Evaluation of TR Properties

Here, we evaluate three important properties of the TR systemamely, chan-
nel reciprocity, temporal stationarity, and spatial focusing. Nte that channel reci-
procity and temporal stationarity are the two underlying assumpbns of TR system,

whereas spatial focusing is the key feature for the success of firoposed TRIPS.
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2.2.2.1 Channel Reciprocity

We explore channel reciprocity by examining the CIR of the forwarcgnd
backward links between the TD and the AP. Speci cally, the TD rst transmits a
channel probing signal to the AP, and the AP records the CIR of # forward link.
Immediately after that, the AP transmits a channel probing signato the TD, and
the TD records the CIR of the backward link. These procedures emrepeated 18
times. One CIR realization of forward and backward links is shown in Fig2.5,
where (a) shows the amplitude and phase of the forward channatda(b) shows
those of the backward channel. In these gures, we can see thée forward and
backward channels are very similar. By computing the correlation beeen the CIR
of the forward link and that of the backward link, as shown in Fig. 2.6we can
see that, indeed, the forward and backward channels are highlycierocal. Fig. 2.7
shows the TR resonating strength between most of the 18 forward and backward
channel measurements with mean to be over 0.9. This result shows that the

reciprocity is stationary over time.

2.2.2.2 Channel Stationarity

We then evaluate the channel stationarity of the TR system by mearing the
CIR of the link from the TD to AP under three di erent settings: short-interval,
long-interval, and dynamic environments with a person walking arowh In the
short-interval experiment, we measure the CIR repeatedly 30 ties, and the duration

between two consecutive measurements is 2 min. For the long-intair experiment,

26



we collect a total of 18 CIRs with 1-h interval from 9 A.M. to 5 P.M. ove a weekend.
Fig. 2.8 shows the TR resonating strength between any two CIRs from all 30 CIRs
in the short-interval experiment, and Fig. 2.9 shows the TR resotiag strength
between any two CIRs from the 18 CIRs collected in the long intervaxperiment.
We can see that the CIRs at di erent time instances are highly cortated for both
the short interval and long interval, which means that the channein an ordinary
o ce does not vary much over time even with long duration.We then inestigate the
e ect of human movement. We collect, every 30 s, the CIRs with a pson walking
randomly between the AP and the TD. Fig. 2.10 shows the TR resoriag strength
between the 15 collected CIRs. The experimental result shows thaven with a
person walking around, the TR resonating strength remains high amg all of the
collected CIRs. Therefore, the proposed TR positioning system e® not require
a frequent update of the CIR information. All these results are ewmistent with
the observations in [50], the main reason being that the multipaths owe from the
refractions and re ections of the indoor environment, which areugte stable, as long

as there is no severe disturbance of the environment.

2.2.2.3 Spatial Focusing

As we have previously discussed, the CIR comes from the surrourgl scat-
terers and such scatterers are generally di erent for di erent gographical locations.
Therefore, the CIR is location specic and unique for each locationBy utilizing

such a unique location-speci ¢ CIR, TR can focus the transmitted @ver only to
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Figure 2.11: Three-dimensional architecture for moving the locatis of the TD.

the intended location, which is known as the spatial focusing e ectfdhe TR sys-
tem. We quantify such a spatial focusing e ect using the maximum emgy that the
TD can harvest from the AP. To evaluate the spatial focusing e €¢ we conduct
experiments by moving the locations of the TD on a 3-D architectureas shown in
Fig. 2.11, within a 1 m by 0.9 m area in room A. The grid points are 10 cm apa
which leads to 110 evaluated locations in total.

We collect the CIR of all evaluated locations and compute the focugjirgain
by varying the intended location. The results are shown in Fig. 2.12,here we can
see that the focusing gain at the intended location is much larger thahat at the
unintended location, i.e., there exists a very good spatial focusingeet. In Fig.
2.12, we also observe some repetitive patterns. Such repetitivenbeior is due to
the representation of 2-D locations using 1-D index. To better illusite the spatial

focusing e ect, we x the intended location as the center of the & area and show
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in Fig. 2.13 the spatial focusing by directly using the real geograplaiclocations.
Clearly, we can see very good spatial focusing performance. Nibtat similar results
are observed for all other intended locations.

We further evaluate the spatial focusing e ect in a ner scale with icm grid
spacing, and the results are shown in Fig. 2.14. We can see that thés reasonably
graceful degradation in terms of the spatial focusing e ect withira 5 cm by 5 cm
region, which is consistent with the fact that channels are uncotiaed with a half-
wavelength spacing (the wavelength is around 5 cm when the carrigequency is
5.4 GHz). In such a case, when a user is located between grid poinithwL0-cm
spacing, it may not be localized correctly. Nevertheless, this can basily solved by
asking the user to rotate the device, e.g., smartphone, such thtte antenna can

cross the 10-cm grid points.

2.2.3 Localization Performance

From the results in the previous section, we can see that the CIR tacas
a signature between the AP and the TD, and it drastically changes,ven if the
location is only 10 cm away. Here, we will examine the performance afrgroposed
indoor positioning algorithm.

To evaluate the performance, we use the leave-one-out croskdation. Specif-
ically, we pick each CIR as the test sample and leave the rest as traigisamples in
the database. Then, we perform our proposed algorithm, i.e., thelme position-

ing algorithm, and evaluate the corresponding performance. Theare totally 3016
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Table 2.1: Localization performance with 10-cm localization accuracy

Number of Trials | 3016

Number of Error 0

Error Rate 0%

CIRs for the 110 grid points, which leads to a total of 3016 trials. Tdlocalization
performance is shown in Table 2.1, in which we can see that our propdsindoor
localization algorithm gives zero error out of a total 3016 trials, whicachieves 100%
accuracy with no error in the 1 m by 0.9 m area of interest. Note thathis result is

achieved with a single AP working in the NLOS condition using one CIR.

2.2.4 Discussions

From the experimental results and discussions, we can see thaetproposed
TRIPS is an ideal solution to the indoor positioning problem since it canchieve
very high localization accuracy with a very simple algorithm and low infretructure

cost summarized as follows.

From the experimental results, we can see that, with a single AP wkng
in the 5.4-GHz band under the NLOS condition, the proposed TRIPSao
achieve perfect centimeter localization accuracy. Such localizati@aecuracy
is much better than that of existing state-of-the-art IPSs undethe NLOS
condition, which typically achieve meter-level localization accuracywioreover,

the accuracy can be improved if we increase the resolution of thetaldase,

32



which, however, will increase the size of the database and, thusgtcomplexity

of the online positioning algorithm.

Based on the TR technique, the matching algorithm in our TRIPS is ver
simple, which just computes the TR resonating strength betweerh¢ esti-
mated CIR and that in the database. Compared with existing appraznes,

our method does not require complicated calibrations and matchings

Although the localization performance can be further improved witimultiple
APs, our method only uses a single AP and has already achieved velighh
localization accuracy under the NLOS condition. Moreover, no spatappa-
ratus is needed for the AP. Therefore, the infrastructure cosif our TRIPS is

very low.

The size of the database is determined by three factors, i.e., theoro size, the
resolution of the grid point, and the number of realizations at eachrigl point.
For a typical room such as room A" shown in Fig. 2.4 (a), the size is 5.4 m by
3.1 m. Considering a resolution with 10-cm spacing between two neigining
grid points, there are a total of 1760 grid points. Suppose 20 ClRalizations
are collected at each grid point, where the length of the channklis 30 and
where each tap of CIR is represented with 4 bytes (2 bytes for theal part
and 2 bytes for the imaginary part). Then, the size of the databasis 1760
20 30 4 =4224000 bytes (4.2 MB). Such a database is reasonably small,
which can be easily stored with an o -the-shelf storage device. Mmver,
all system con gurations, including the grid size, the number of rdiaations,
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and the channel lengthL, are all adjustable to t a speci c environment at a

desired localization performance.

The proposed TRIPS is not limited to the 5.4-GHz band. It can be alsqplied
to the ultrawide band with a larger bandwidth, where we expect to dueve

much higher localization accuracy.

2.3 Summary

In this chapter, we have proposed a TRIPS by exploiting the unique ¢ation-
speci ¢ characteristic of CIR. Speci cally, we have addressed thé-posed single-
AP localization problem by decomposing it into two well-de ned subprolems. One
subproblem is calibration by building a database that maps the physitgeographical
locations to the logical locations in the CIR space, and the other sploblem is
matching the estimated CIR with those in the database. We built a rdgrototype
to evaluate the proposed scheme. Experimental results show thaven only with a
single AP under the NLOS condition and a single realization of online measments,
the proposed scheme can still achieve 100% localization accuracyhet scale of 10
cm within a 0.9 m by 1 m area of interest. Furthermore, the ner grid gperiment
also shows the system's capability to provide 1 to 2 cm precision perfance in the

indoor positioning scenario.
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Chapter 3

Virtual Checkpoint based Indoor Tracking System

As discussed in the Chapter 2, the detail, location-speci ¢ CIR infonation can
be used for precise indoor positioning. TR system uses wide bandwidor detalil
sampling of the CIR, and preserves the information of the surroding environment
embedded in the CIR. Once the CIRs of the intended locations arecgrded in the
databaseD, the TRIPS can identify the location of the user with simple algorithm k
calculating the time reversal resonating strength between the RIfrom the unknown
user and the CIRs in the database.

Based on the experiment result in Chapter 2, the CIR information isnecise
for localization and the TRIPS correctly identi es the location with in a1 m by
0.9 m area. Such precision indicates that the area can be viewed ashadakpoint
because the system can detect the user's location whenever tleemupasses. The
collection of CIRs acts like a normal checkpoint just like a checkpoinhstalled at
the entrance of building. We therefore de ne this area as a virtualheckpoint (VC),
within which the system stores the complete CIR information. We namthe indoor
tracking system as virtual checkpoint based tracking system, dhe VCTR system.

The VCTR system detects the presence of the user by calculatinge be-

tween the received CIR of the user with the CIR information of the Z in the
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database. Moreover, multiple VCs can be deployed in the VCTR systeto keep
track of the movement of the target from one VC to another. Intie following Sec-

tions, we describe in detail the implementation and discussion of theCW'R system.

3.1 Virtual Checkpoints

The idea of the VC in the VCTR system stems in the fact that the CIR fom
the unknown user produces high values with the CIRs recorded in the database.
Therefore the construction of the VC needs to ensure that whewer the target passes
through VC, the collected CIR can be matched to the CIRs in the datbase. There
are several points and parameters in VC construction that neegacial consideration
for the proper operation of VCTR system and we discuss these détof the VC

construction in the following.

CIR Density d: The density of the CIR in the VC depends on how decreases
with the displacement from the measured location to the user's acllocation.
Since we do not know whether the user hits the exact location whettee CIRs
are collected or not, the rate of the decrease inis an important factor on
how dense the CIR distribution in the VC shall be. The faster the deease
in  with the displacement, the denser the CIR distribution the VC shall b.
The density needs to be high enough such that we can ensure thaetCIR
collected from the unknown user still shows high with the CIRs in database
even not passing through the exact location. According to our egpment,

the area with high around the exact location is about 2 cm in radius. In our
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VC construction, we proposed that using a 1 cm separation betwe€IRs is
a suitable balance between performance and computation complgxiBased
on this density, the VCTR locates the user with very low false alarm inwr

experiment.

Frequency of CIR Probingf : The frequency of probing a ects the construc-
tion of the VC. The frequency needs to be high enough such that ehever
the target passes through the VC, the VCTR receives at lease of#R prob-
ing signal within the VC. The higher the frequency, the smaller distage the
target moves between consecutive CIR probings at VCTR, and thefore the
smaller the thickness the VC needs to be. The frequency of CIR fmiag is
restricted by the underlying communication protocol and platfornthe time re-
versal technique is applied upon. Moreover, some protocols may alloniform
probing of the CIRs, such as a round robin probing in a centralized tweork,
while others may su er from contention between other targets inite VCTR
system or from the interference of other transmitting systemscoupying the

same frequency band.

Speed of the Targetv: Since the VCTR system needs to receive at lease one
CIR probing signal when the target passes the VC, the speed ofetharget
a ects the construction of VCs. When the target moves fastetthe VC needs
to be thicker to assure that at least one CIR is collected when theriget passes

VC.

VC i dimension &;;yi; h): The (X;;yi; h;) denotes the width, the depth and the
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height of the VC respectively. The target application dictates the ithension of
the VC, such as the user's speed, the CIR collection platform, ant actual
environment, etc. The depthy; grows large when the target speed is faster.
The width x; is a ected how big the hall way or the target area is, while the
height h; is a ected by the possible range where the TR device will be put

during the tracking.

These four parameters are the main factors that a ects the caitruction of
the VC in terms of size and the CIR density. Other elements that a et the VCTR

performance, but not the VC construction are discussed in 3.6.

3.2 Virtual Checkpoint Construction

A schematic diagram of the prototype of the VC constructing mache is de-
picted in Fig. 3.1, where the proposed prototype contains two mobks. The up-
per half is the CIR collection module, and the lower half is the motor camolling
module. The CIR collecting module can be implemented using any platfarthat
collects CSI information at satisfactory frequency. In this prottype system, we
use the Galileo board equipped with Atheros WiFi card to collect CIR imrmation,
where the Galileo board acts as a small computer controlling the tramission of
the WiFi card. Although the bandwidth of the WiFi system are only 20MHz or 40
MHz, the spacial temporal focusing e ect is still observable whenenconcatenate
the CIR information from di erent antenna pairs to form the virtual bandwidth as

proposed in [3]. In this VCTR prototype, the WiFi RF interface has 3 atennas at
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both the transmitter and receiver which gives in total 9 links with 40 NHz for each
link.
The upper part of Fig. 3.1 shows the CIR collection module with a pair of

AP and TD pair. The AP receives commands and ask for CIR informatiofrom
the TD. This pair is used for continual collection of the CIR informatim while
the motor controlling module moves the structure on the VC consticting machine
where the TD is mounted. The lower part of Fig. 3.1 shows the motooatrolling
module that is composed of a central PC, a Galileo board running themtrolling
program, and a remote control PC. The central PC hosts the ctmolling graphic
user interface (GUI) and maintains connection with the CIR collectig module and
the motor controlling program. Fig. 3.3 shows a screenshot of theUbwe develop
and the user can adjust the parameters of the VC. The central®has two network
interface, the rst one is connected to the AP via Ethernet, and lte other one is
connected to the controlling program on the Galileo. A mobile remoteoatrol PC is
set up to control the GUI at the central PC and the user can stdrand stop the CIR

collection from afar. Detail information of the prototype is describd as follows:

The Central PC: Host to the GUI and the post processing algorithnof the
collected CSI. GUI sends commands to the AP via Ethernet and semdm-
mands to the motor controlling module via a closed WLAN network. A ligh
weight mobile PC mirrors the desktop of the Central PC via the closed@/LAN

network.

The Motor Control: Galileo runs Linux and is connected to the CentriaPC.
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Figure 3.1: Mapping machine system.

The Galileo connects to two motor shields that control the two stepnotors
and a DC motor. The Galileo also acts as an access point (AP) at 2.4 Gt
provides WLAN network for the Central PC and the Mobile PC to estalish

remote desktop connection.

AP and TD pair: The AP connects to the Central PC via Ethernet andsend

command to TD for CSI collection.

Movement Structure: The structure provides movement in the with, depth,
and height directions ;y; h). The width is controlled by the DC motor while
the other two dimensions are controlled by step motors for precigbstance
control. The precision ofy and h axis are currently set at 1 cm. Fig. 3.2
shows a picture of the prototype of VC collecting machine. The dimeions of

X, Yy, and h is the shown in Fig. .
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Figure 3.2: Prototype of the VC measuring machine.

Figure 3.3: Screenshot of the VC collecting GUI.
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3.3 System Implementation

Here, we list out some implementation details of the mapping system. aybrity
of the system is written in Python 2.7, and the GUI implementation is bsed on
the wxPython package. Some calculation intensive modules are weatt in C++ to
reduce the time for CIR post processing. The mraa package is usadthe motor
controlling module for communication between the Galileo and the matsheild via

the 12C interface.

Multi-thread: Python GUI is the main thread and the CSI collection is per-
formed in a separate thread. Main thread controls the motor moweent in the
x direction while the other thread performs the CIR collection. The dtected
CIR is saved directly into the target folder and no interprocess camunication

is needed. The two threads will synchronize before the next CIR esurement.

MVC model: View and Control modules are implemented together and is
responsible of the visual content and the control ow of the GUIeents. Model
module is implemented as a class, which performs sanity check on tlaage

of the location variables.

Motor Control: The direction of the movement in thex, y and h are coded in
the motor controlling module. When the executable of the central®is ported
to other devices, no change needs to be made at the GUI side. Rad®n

of functions of the motor controlling module running on the Galileo baod

changes the direction of the movement.
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CIR Parser: Implemented inC ++ for fast parsing of the data and calculating
. The output CIR information from the AP is in raw bits and the CIR parser
parse it into appropriate CIR data structure. The calculation of thke is also

implemented usingC + + to speed up the intensive calculation load.

3.4 System Operation

There are two phases in the VCTR system operation: the VC collectinpphase

and the online detection phase.

VC collecting phase: The VC Constructing machine is placed at the lotan
where VCs locate. Multiple pairs of APs and TDs can perform CIR collec
tion simultaneously to speed up the total collection time. The collecteCIR
information is stored in the databaseD. Specically, for VC i, we collect
H; = fhi(x;y;h)j(x;y;h) 2 (Xi;Vyi;h)g. The database is simply the collection

of all the VC, i.e. D = fH;;8ig.

Online detection phase: The user keeps transmitting CIR probing sigl. The
VCTR system calculates the of the received CIRA from the unknown user
with the CIRs fh;h 2 H;g in the database. When the calculated is higher
than a threshold T, the VCTR system detects that the user is in one of the
VCs. The estimated location of the user is the VC that gives the large ,

that is 1 = argmax ;.
i i>T
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3.5 Experiment

To evaluate the performance of the proposed VCTR system, werf@m the
following experiment. Fig.3.4 shows an example of VCTR system opeiat. In this
example, the AP is placed at the corner of the oor while the user wadka straight
line and passes one VC along the way. To rst validate that the proped VCTR
system detects the user's passing through, we plot out the maximu of the system
when the user walks through the VC. Fig.3.5 shows the max calculated between
the received CIR probing and the CIRs in the database. The systembserves a
prominent peak in maximum of across the time, which clearly indicates that the
user is detected at the VC.

After validating the concept of the VC, we perform experiments t@ather the
statistics of the maximum in two cases: when the user actually passes through the
VC and when the user wonder around the VC. We repeat the experant 100 times
and calculate the CDF of the maximum value of the two cases. Fig.3.6(a) shows
the CDF of the maximum when the user passes VC, while Fig.3.6(b) shows the
CDF of when the user does not passes VC. We can see that there is a clegy g
between the CDF of of the two cases and a properly chosen threshold can perform
perfect detection with very low probability of false alarm. Fig.3.7 shosvthe ROC
curve obtained by the two CDF curves, which shows that the VC basl detection

achieves perfect detection with very low false alarm probability.
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Figure 3.4: Floor map showing the location of the Origin and the VC.
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the CIRs in the VC database.
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3.6 Discussion

We discuss some issues concerning to the implementation of VC in thexgon.

The Waterlevel: The TRIPS declares the unknown user to be at the VC
when the of the received CIR and the CIR from the VC is larger than a
threshold. This simple detection algorithm produces false alarm whehe
target passes through locations with higher is calculated using the CIRs
around the VC, which we call the waterlevel. The waterlevel is di erent
for each of the VC and the waterlevel is a ected by the environménsuch as
the LOS, NLOS setting, the room layouts, etc. A uniform thresholdor all the

VCs raises the false alarm and gives the wrong location estimate whiciwses

a7



trouble for following tracking algorithms. Therefore, an optimal tmeshold of
for each VC shall be found considering the statistical behavior ofaround the

virtual checkpoint.

Hardware Consistency: The RF component used for VC CIR collecticand
the RF component used by the user are not the same one in generakes.
Therefore, the hardware inconsistency between each RF interéashall be con-
sidered when the system is implemented. The inconsistency causdeveered
even if the target is in the VC, which results in a higher false alarm rate
Experiments show that the hardware consistency can be accoabte for a 0.3

drop in in some cases.

Database Size: The database size is related to size of the VC. Inardbr the
user to transmit at least one CIR probing signal when passing thrgh the VC,
the CIR has to be dense enough. Also, the user's speed and thensmitting
frequency also constraints the thickness of the VC, which also ats the size
of the nal VC database. When we factor in multiple VCs in the system
the computation load may be intense and parallelization is needed. Fdre
current VC, we have 6 cm in the depth, 6 cm in height, and about 75 cm
in width, with 1 cm resolution at all dimensions, and each CIR realizatiois

2816 bytes. Therefore, the database size for one VC is about 7.8 M

Side Information: The location detection via VC only detects user ahe VC,
where the exact location of the user between VCs is not clear. Indar to
get the estimate of the user between checkpoints, side informatiérom other
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sensors can provide an estimation between VCs. Also, the estintiecation
can also narrow the set of VCs that the VCTR system has to calculatthe

using the received CIR.

3.7 Summary

In this chapter, we propose a novel indoor tracking system thatack the target
via virtual checkpoint. The essence of the construction of virtdacheckpoint stems
at the spatial temporal focusing e ect of the TR system as showm Chapter 2,
where location identi cation is possible using the location-speci ¢ CIRnformation.
We built a prototype machine for collecting CIR information which opeaites auto-
matically. We then verify the virtual checkpoint concept via a simple pth and a
virtual checkpoint. The experiment data shows that the proposkvirtual checkpoint

captures the activity of the user and gives estimation of the targe location.
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Chapter 4

Time Reversal Medium Access Control

In previous chapters, we have developed and veri ed the perfoamce of the
TR indoor positioning system based on the unique spatial temporavdusing e ect.
The location-speci ¢ CIR, on the other hand, also benets the TR gstem with
the spatial temporal focusing e ect [55] that focuses the tramsitted energy to the
intended user. By selecting the waveforming signature as the timeversed and
conjugated version of the intended receiver's CIR, the transmetd waveform adds
up constructively at the exact location of the intended receiver, kle the waveform
adds up randomly at all other locations. The receiver receives maxim signal
energy with small energy leakage to surrounding users. The eneff@cusing due
to location-speci ¢ CIR information separates TR users operatingn the same fre-
guency band and allows simultaneous access, leading to the desigtiroé reversal
division multiple access (TRDMA) system that provides service to a lge amount
of users [20].

The other 5G candidate, the massive MIMO system, achieves theezgy fo-
cusing by using a large number of antennas [29]. The massive MIMO tgys con-
centrates the transmitted energy at the intended user by adjtiag the weight vector

of the antennas, which is known as beamforming. With the increasé the number
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of antennas, the massive MIMO system directs the energy to moirgended users
with small energy leakage to the unintended users, and therefdree system is able
to supports lots of users.

However, with the ever-increasing number of users in the foreabk 10T fu-
ture, the 5G systems cannot inde nitely support all users simulta@ously due to the
xed usable bandwidth and/or the xed number of antennas. Inteference among
the users will increase and the energy focusing e ect can no longeipport the mas-
sive users with satisfactory quality of service (QoS). As a result,system scheduler
that dictates when and whom to access the system simultaneouslgdamaximizes
the system performance is desirable. The scheduler also requiregasonable com-
plexity in order to operate in real time with strict scheduling deadlines

Many existing systems already have schedulers deployed, howevesne can
be implemented directly on the TR and the massive MIMO system. Therare
two main reasons. The rst is the fundamental di erences in the pysical layer
design. In existing and widely deployed OFDMA systems, such as th&E system,
the scheduler allocates the resource blocks (RBs) that are mutlyaorthogonal in
time and frequency to users. The RBs are allocated based on systeequirements
such as the QoS awareness of the users [28,46,52] or the weihkten rate of the
overall system [23]. However, in the case of TR system, the tranission resource
is not mutually orthogonal and all the users are using the same tramission band.
Therefore a new scheduler design is needed to select a subset@&fsu®r transmission
while managing the in-band interference. On the other hand, althgih OFDMA

can be an element for massive MIMO system, the interference betwm users still
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exists for the users on the same frequency band and interferemnanagement is still
desirable.

The second reason is that with the massive number of users in thessm,
it is possible that the system cannot accommodate the users simuieously via
power control. In a typical power control scheme, the system pbts the transmit
power to di erent users in order to control the interference intoduced to unintended
users [24, 39,59]. However, when a massive number of users aesgnt in the
system, all the proposed power allocation based algorithm might nbe feasible due
to minimum transmitted power requirements of the users. The sysin therefore
needs to e ciently select a subset of users for transmission thabih only maximizes
the system objective but also meets the individual QoS requiremesnt

In a scheduler design, it is usually assumed perfect channel infottioa, whereas
the channel information is imperfect in reality. Several factors atribute to the im-
perfect channel information including the aging of the channel, theeceived noise
during channel estimation, the pilot contamination between userg&nd so on. The
imperfect channel information not only degrades the performaacof the physical
layer, but also deteriorates the scheduler performance. Robuosss against imper-
fect channel information in scheduler design is therefore highly deble to sustain
the system performance when the channel information is inacctea

In order to address the above issues, we propose a novel mediwreas control
(MAC) layer scheduler design by taking into consideration of the unige focusing
e ect for both the TR and massive MIMO system. In the rst part of the chapter,

we focus on the scheduler algorithm that selects a subset of usansl maximizes the

52



system weighted sum rate. The optimization problem is transformezhd formulated
as a mixed integer quadratically constrained quadratic program (MICQP) [53]
where the optimization problem is solved using an optimization solvern the second
part, we focus on the impact of imperfect channel information onhe scheduler
performance. We analyze a channel estimation scheme for TR ®yst proposed
in [36] and identify similar channel estimation error distribution as in tle massive
MIMO case. We evaluate the robustness of the proposed schedualgainst imperfect
channel information provided by the channel estimation scheme.

The main summary of this chapter is as follows:

1. We propose an e cient scheduler algorithm for 5G system that mamizes the
weighted sum rate by selecting a subset of users for transmissidine system
objective and QoS constraints are transformed into a MIQCQP witlempirical

linear time complexity.

2. We analyze the channel estimation error distribution of the TR stem. Anal-
ysis shows that the TR channel estimation scheme reduces the chal esti-
mation error power and reveals a similar estimation error distributioras in

the massive MIMO case.

3. We evaluate the proposed scheduler under imperfect channdbimation. Ex-
periment results show that the proposed scheduler is robust agsinmperfect

channel information with small performance degradation.

The chapter is organized as follows. System description for botheélR and
massive MIMO system is given in Sec.4.1. The energy focusing e ecthafth TR
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and massive MIMO systems is illustrated via simulation in Sec.4.2. The sttuler
objective and user requirements are described in Sec.4.3 and theQ@QP formu-
lation is developed. In Sec.4.4, we investigate the impact of the impect channel
information on the performance of the scheduler. Simulation resslare presented in
Sec.4.5 where the performance of the scheduler is evaluated ungaious settings.

Finally, a conclusion is given in Sec.4.6.

4.1 System Overview

We give brief overviews of the TRDMA downlink system and the massive

MIMO downlink system and introduce the spatial focusing e ect of bth systems.

4.1.1 Time Reversal Division Multiple Access System

A schematic view of a TRDMA downlink system is depicted in Fig.4.1, where
N users/terminal devices (TD) are served. The access point (APxst upsamples
the symbol stream for usel by the backo factor D;. The upsampled symbols are
encoded using the corresponding waveformgswhich are assigned to the users. The
AP transmits the summed signal with a single antenna and the transtted signal
passes through individual users' channels. The users adjust the power using one
tap gain, downsample the received signal and then perform deteet to estimate
and recover the transmitted symbols.

Using the time reversed and conjugated CIR; between the AP and user as

the waveformg;, useri obtains the maximum signal power. However, the interuser
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Figure 4.1: System diagram of a TRDMA system.

interference (IUl) and intersymbol interference (ISI) reducghe SINR of users and
therefore the TR waveformg; can be speci cally and jointly designed for the system
to meet system requirements. Several waveforming algorithmsveabeen proposed

in [58] and [57] to alleviate 1UIl and ISI and to increase the SINR.

4.1.2 Massive MIMO system

Suppose that there areM antennas in the base station serving one-antenna
terminal devices. The channeh™ from the base station to the usei is anM by 1
vector where thej th element is the channel from thg th antenna to theith user. We
assume a narrowband massive MIMO system which observes one¢hpnnel due to
the limited subcarrier granularity. Proper beamforming vectorgM can be designed
to steer the energy to the intended usei, such as the maximum-ratio transmission
and zero forcing beamforming in [42].

The TR system utilizes the time-reversed and conjugated CIR as guod-

ing waveform to transmit the energy to the specic users. Becaesthe CIR are
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location-speci ¢ [55], the energy only concentrates at the intendausers with small
energy leakage to the surroundings, which is called the spatial feoug e ect. The
large bandwidth enables the TR system to resolve more taps from &iimn-speci c
channels and focuses the energy more sharply to the intended rus®n the other
hand, the massive MIMO system focuses the energy to the intemtd@sers using
the maximum-ratio-combining beamforming weights. By installing mor@and more
antennas, the massive MIMO system concentrates the energy masharply at the
intended users as the TR system does with a larger bandwidth. Theatial focus-
ing e ect resulting from either larger bandwidth or more antennas rables the 5G
system to pinpoint the energy to the exact users, to reduce thet@rference leakage,
and therefore to accommodate more users than that in existingstgms. In order
to illustrate the spatial focusing phenomenon, we conduct a simulat in both TR
and massive MIMO systems to reveal how the focusing e ect becemprominent

with the increase in either bandwidth or the number of antennas.

4.2 Spatial Focusing E ect

With proper waveform designg; and beamform weight desigrgM, both the
systems focus energy only at the intended users. The ability of tlemergy trans-
mission targeting at speci c users is a ected by the degree of fréem (DoF) of the
design, which is the number of variables ig; or g™. The TR system increases the
DoF by using a large bandwidth which results in a massive number of @rsed CIR

taps, while the massive MIMO system increases the DoF by installing aassive
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number of antennas. The larger the bandwidth and the number ofngennas, the
larger DoF, and therefore the better spatial energy focusing #te locations of the
intended users.

To illustrate the spatial focusing e ect of both systems with di erent DoF,
we conduct a simulation based on ray-tracing techniques in a disceescattering
environment. 400 scatterers are distributed randomly in a 200 200 area, where

is the wavelength corresponding to the carrier frequency of thegssem. The
wireless channel is simulated by calculating the sum of the multipathssing the
ray-tracing method given the locations of the scatterers. Withduoss of generality,
we use a single-bounce ray-tracing method to calculate the chatméor both the
TR system and the massive MIMO system on the 5GHz ISM band. Welset the
re ection coe cients of the scatterers to be i.i.d. complex random &riables with
uniform distribution in amplitude [0; 1] and phase [02 ]. For the massive MIMO
system, the linear array is con gured with the line facing the scatténg area and the
interval between two adjacent antennas is= 2. The distance from the transmitter
and the intended location is chosen to be 500or both systems.

To show the e ect of system DoF on the spatial focusing e ect, wadjust
the transmitting bandwidth of the TR system and the number of anénnas in the
massive MIMO system. The transmitter of the TR system transmitsvith band-
widths ranging from 100 MHz to 1GHz with one antenna, where a widéandwidth
observes more CIR taps and increases the system DoF. The numbgantennas in
the massive MIMO system is selected from 20 to 100 with bandwidth ed at 1MHz

in the simulation. We select the matched Iter waveform and beamfoning weights
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Figure 4.2: Demonstration of the spatial focusing e ect for both R and massive

MIMO systems with di erent DoF.
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in the TR system and the massive MIMO system, respectively.

We consider the received energy strengthina 5 5 area around the location
of the intended user. Fig. 4.2 shows the simulation results for botlysems with
a single channel and scatterer realization, and we normalize the ni@xm received
energy to 0dB. We can see that the energy focusing e ect becaneore obvious
at the intended location with the increase in the bandwidth and the nober of
antenna, which is the result of larger DoF to concentrate the engy at only the
intended users.

However, a closer look at the energy eld in Fig. 4.2 reveals that evenith
large transmitting bandwidth and massive number of antennas, ergy leakage still
occurs at the surrounding of the intended users. The energy leale causes the
Ul and the interference level increases when the number of userows. Scheduler
design is therefore desirable to perform interference manageméy selecting a
subset of users for transmission. In essence, the user selecoio choose a subset
of users such that the energy leakage has small interference tay af the other

selected users in order to reduce the Ul and to increase the tbteansmission rate.

4.3 Downlink User Selection Algorithm

In this section, we detail the algorithm for maximizing the weighted sum rate
in the downlink system. To be speci c, the scheduler receives the mualized inter-
ference matrix and the allocated transmission power for each ofethusers from the

physical layer and the minimum required transmission rate for the es from the ap-
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plication layer. The scheduler maintains weights for the users to adjt the fairness
and to avoid starving due to poor channel condition and shadowing@ased on the
information, the scheduler selects a subset of users to transmitnsiitaneously and
maximizes the weighted sum rate while satisfying the minimum SINR regement

for the selected users.

4.3.1 TRDMA System Overview

First let us characterize the received signal of the users in a TRDMdownlink
system. Suppose that there ar&l users in the system and all users use the same
backo factor D. X;[m] is the transmitted symbols to user, which is assumed to
be i.i.d. with unit power. Based on the system structure in Fig. 4.1, th&ansmit
signal of the AP can be expressed as

X X p_

s[m] = poim 11X (4.1)

i
WhereXi[D] represents the upsampled version of the symbols to udeby D, p; is
the allocated transmit power andg; denotes the designed transmitting waveform

with unit power for useri. Useri receives the signal and downsamples the signal

for detection, and the downsampled signal can be expressed as
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XX p

Yi[m] = Gyp X;[(hi g;)[mD ID]+ ni[m]
=1 |
| 2L 2
[ — p_ %
= GipXi[m](h; g)lL 1]+ Gip Xi[m 1I(hi  g)IDI] (4.2
=016 S5+
2L 2
X p_ 2R
+ Gip Xi[m 1](hi g)[DI]+ ni[m];
isi =0

where h; is the channel from AP to useri with unit power. L is the length ofh;,
which depends on the delay spread of the environment and the utildzdandwidth
of the system. With our measurement using TR system prototypeith 125 MHz
bandwidth, we observe about 10 signi cant CIR taps and the totathannel length
L is about 30. For notation brevity, we assume that. 1 is an integer multiple of
the backo factor D. G; is the path gain from the AP to useri. Note that the h;
is unit power and the channel power is absorbed intG;. n; is the receiving noise
of useri and is assumed to be an i.i.d. complex Gaussian r.v. with powef. In
(4.2), the rst term represents the intended signal for user; the second term is the

ISI; the third term is the IUl and the last term is the receiving noise.

4.3.2 Normalized Interference Matrix Calculation

Let us characterize the interference between the users basedloe unit power
channel h; and the waveformsg;. The (i;j )™ entry Z;; of the normalized inter-
ference matrixZ refers to the interference from usey to useri. Therefore, Z;; is
determined by the channeh; from the AP to the useri and the waveformg; used
transmit to user j. Z;; is calculated using unit powerh; and unit power g;, and
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therefore the name normalized interference matrix. We separafg in the calcu-

lation of Z;; because the power allocation and the waveforms are not necesgar
designed together and the separation expands the occasions ghihe scheme is
applicable. Based on (4.2), the normalized interference betweeretsscan therefore

be represented as

2L 2
» . .2
Zij = j(hi gy)DI]i"; (4.3)
1=0
2L 2
» . .2
Z; = j(hi g)[DI]j7; (4.4)
1=0
L 1

where (4.3) and (4.4) are the IUI and ISI for user, respectively. On the other hand,

the Ul for the massive MIMO system can be calculated as

2
Zij = (hiM)ngM ; (4.5)
there is no ISl in the massive MIMO system due to the assumption of lited

subcarrier granularity and a single tap channel is observed.

4.3.3 Scheduler Objective

Let us rst formulate the scheduler objective and the constrairg. Suppose that
the physical layer provides the scheduler with the normalized intexfence matrixZ
between users, the allocated powgr and the path gainG; between the AP and user
i. The scheduler gathers the transmission rate requiremeri® from the application
layer for proper operation if usel is selected to transmit. For a speci ¢ transmission
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rate requirementsR;, we can obtain the corresponding minimum SINR requirement
i by the one to one mapping between rate and SINR. The scheduler imains a

set of weightsw; to indicate the relative importance of each user. Based on the

collected information and requirement, the scheduler objective & maximizes the

system weighted sum rate is formulated as

maximize X wix; log, p_ Gb S +1
x i G RZijxt+
X
subject to x; 2 f 0; 1g; PiXi  Prax; (4.6)
i
GipiXi

P
G pZijx+ ?

iX;; 8i:

The rst constraint requires the decision variables; to be binary, andx; = 1
represents user is selected to transmit. The second constraint requires that theis
of the transmitting power of the selected users to be no more thahe maximum
AP transmitting power. The third set of constraints correspond & the minimum
SINR requirements ; that the selected users must meet, and therefore the selected

users meet the minimum transmission rate requiremeiw); .

4.3.4 Mixed Integer Optimization

Let us describe the optimization transformation here. By enumetiag all
possiblex vectors, we can nd the optimal decision vectok,: that maximized the
objective and meet all the SINR constraints. However, the complgy for complete
enumeration grows exponentially with the number of usefd and therefore enumer-

ation is not feasible when the number of users grows big. In this siect, we propose
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a simple yet e ective problem formulation that transforms the objetive and the
constraints into a MIQCQP problem.

One property for binary decision variables that is used in the optimizean

formulation is as follows,

x? = xi; 8i: (4.7)
This relationship helps convert some of the quadratic terms into linederms in the
system objective and the constraints.
We consider that the scheduler operates at the high SNR region wheve omit
the noise term 2 at the receiver and the plus 1 term in the logarithm function. Also,

the path gain G; cancels each other and the optimization objective becomes

!
X

maximize w;X; log, &
X | i B Zij X
X
subject tox; 2 f 0;1g; PiXi  Pmax (4.8)
i
Pi Xi .
P iXi: 8i
ipZigx + =G

We decompose the objective function into two terms using charatstics of
the logarithm function as the following

X .
maximize w;X; log, &
x i i B Zij X | 40
X X X ' (4.9)
maximize w;iX; In p; Xiw; In B Zij X
X

i i j
Next, we linearize the second logarithm term using the Taylor expaios of

logarithm at xo = 1 and use the constant term and the rst order term. Note thatthe
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Taylor expansion for logarithm function to the linear term is a global werestimator
of the logarithm function.
Let p, w be the power and weight vector of lengtiN of the users respectively.
The second term in (4.9) can be simplied as
X X ' X X .
Wi, X In pj Zi;j Xj Wi, X pj Zi;j Xj W' X
i j i j (4.10)
= x' (diag(w)Zdiag(p)) x w'x;
where diag() operation generates a diagonal matrix using the elements in thecter.
The inequality comes from the upper bound of Taylor expansion of ¢hnatural
logarithm to the linear term. De ne A = diag(w)Zdiag(p) and as the Hadamard
product of two vectors. The objective function can be represtu as
!
X Pi
wixiln P—— (In(p) w)'™x xTAx + w'x (4.11a)

i B Zij X

= (In(p) w+ w)'x %XT(A + AT)x; (4.11b)

where (4.11a) follows the property of Taylor expansion. The origihabjective func-
tion is transformed into (4.11b). However, it is not guaranteed thathe optimal
vector Xqp: for (4.9) and (4.11b) are the same.

De ne Iy as an identity matrix of sizeN and 1 be an all 1 vector of corre-
sponding size, we ad(ngINx and subtract (—2:1Tx which have the same value by
the property in (4.7), wherec is a constant larger than the smallest eigenvalue of

A + AT. Since the same value is added and subtracted in the objective, ite
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not change the objective value nor the feasible set. The reasom flois redundancy
will be discussed in Sec.4.3.5. Den® = A + AT + cly, we arrive at the nal

formulation as

. 1
maximize (In(p) w + w)"x éxT(A + AT)x
X
.1
minimize EXT(A +AT+cy)x (In(p) w+w+ gl)Tx (4.12)
X
. - - l T C T .
minimize §X Qx (n(p) w+w+ él) X:
X

The second constraint can be written as

PTX P (4.13)

For the third constraint, we have the minimum SINR constraint for seri as,

Pi Xi
P iXi 4.14a
(RZipx+ =G ( )
X 7 p
Xi pZgx+(g X O (4.14b)
| |

j
Let O,.m be an by m all zero matrix. De ne B; as an all zero matrix withith
row to be the Hadamard product ofz;, the ith row of Z, and the transpose of the

power allocation vectorp as follows

2
0i 1;N
Bi=fz pTi: (4.15)



De ne g; as an all zero vector of lengtiN , except for theith component being

=G p=,
2 3
0i 11
2
_ Piz.
g=g— 4 (4.16)
| Gi i
oN i:1

Then the constraint can be represented as

x"Bix+qg/x 0 8i
17 T T G Qi 4.17
SX(Bi+ Bl +cly)x+(af  S1)x 0 8 (4.17)
1 G .
éxTQix+(qiT §1)x 0; 8i

where Q; = B; + B! + ¢ly. ¢ is a constant that is larger than the minimum

eigenvalue ofB; + B .

Based on the above transformation, the whole optimization probleis formu-

lated as

minimize %XTQX (n(p) w+w+ (—2:1)Tx
X

subjecttox; 2f0;19; P'X  Pmax (4.18)

1 : .
éxTQix+(qiT %1)x 0: 8i:

which is an MIQCQP problem if and only ifQ and Q;s are positive semide nite.

4.3.5 Positive Semide niteness of) and Q;

To ensure the transformed optimization problem to be an MIQCQP mblem,
we need to ensurd) and Q; are all positive semide nite. We rst introduce the
Weyl theorem [22] which states as follows.
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Theorem 1 Let U, V be Hermitian matrices of sizeN and let the eigenvalues
i(U), i(vV),and ;(U+V) be arranged in non-decreasing order. Fde=1;2; ;N,

we have

KU+ a(V) (U +V)  ((U)+ n(V) (4.19)

Take U asA + AT andV ascly. Itisclearthatif ¢ (A + AT) then Q
will be positive semide nite. The same also applies tQ; and the constantsc for
the constraints.

The calculation for the eigenvalue for both the objective functionrad each
of the constraints might seem time consuming. Nevertheless, wencsimply use
a prede ned constant rather than calculating the eigenvalue foragh optimization
problem. In our simulation, simply choosinge= ¢ = 1 is su cient to ensure a valid

MIQCQP formulation.

4.3.6 Extension to Multi-Cell Scenarios

We propose an scheduler based on the MIQCQP formulation in a dowrktin
single-cell setting in previous sections. The same formulation mettmogy can be
applied to downlink cooperative multipoint (CoMP) scenarios with chages in the
de nition of variables and in the derivation of the normalized interfeence matrixZ.
Let us consider a downlink scheduler in a multi-cell network witlC full frequency-
reusing and synchronized cells. Suppose thhl, users are in celk;k =1; ;C,

and there is inter-cell interference (ICI) due to full frequencyause among cells.
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To distinguish the users in di erent cells, we use superscript to indita the
index of the cell, and use subscript to indicate the user in a speci clteDe ne h¥
as the normalized CIR from cell to useri in cell k and de ne gj' as the transmitting
waveform assigned to usgrin cell I. De ne G!‘:' as the path gain from cell to the
useri in cell k. Suppose all users in all cells use the same backo factr then the

downsampled received signal for userin cell k can be expressed as

k ><: )@C X q k;c c k;c c k
Y [s] = GipE X ltlthy™ gy)[sD  tD]+ n{[s]
c=1 u=1l t
2L 2
q k:k Kk g Kk » k:k
= GUPX{[sI(h™ gIlL 1]+ G pf X{[s tl(h g)[Dt]
tzO;t&%
G 2L 2
X — X .
G Xfs ™ goIpt]
i6i t=0
2 2
x x4 kic ~c X c k;c c k
+ Gip Xils tl(hy™ g)[Dt]+ n{[s];
c=1;c6k | t=0

(4.20)
where the rst term is the received signal, the second term the ISthe third term
the 1UI, the fourth term is the ICI, and the last term is the receivirg noise.

Let Z¥k denote theN, by N, normalized interference matrix within cellk as
de ned in Sec.4.3.2. LeZ¥' be the Ny by N; ICI matrix. Z{', the (i;j )™ term of
Zk! represents the ICI to the usei in cell k due to the transmitted signal to user

j incelll. Z{' is de ned as

2 2
. Gk . 2
z¢'= 2 (' ghpt] (4.21)
t=0 Gi
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where GI* in the denominator is to cancel the same term later in the formulatian

We can de ne the normalized interference matriXZ in the multi-cell scenario as

2 3
Zl;l Zl;2 Zl;C
ZZ;l 22;2 ZZ;C
Z= : (4.22)
ZC;l ZC;2 ZC;C

Let N = i © . N be the total number of users in all cells, and we de ne
the new decision variable vector of lengtiit as® = [x] X} x&]", and the
new power vector of lengthN\r asp =[p] p3J p&]T. The total interference
| X including ISI, IUl and ICI to user i in cell k is G*Zzdiag(p)x [P KNG+ ],
where the term in () is a vector of lengthN', and the operator [] takes out the
corresponding element in the vector.

The weighted sum rate maximization in (4.6) can be reformulated usinte

newly de ned variables and interference matrix as

0 1
X X kik K
maximize wixk log, @—— G'p B +1A
T Gi*zdiag(E)x [ op Ne+ il+( [)2
X
subject to x¥ 2 f 0; 1g; 8i; k; pEXE PXo8K;
i
Gt ,

L P .
Gi“zdiag®)x [ oy Ne+ i]+( [)?
(4.23)
where useri in cell k has its own corresponding weightv®, SINR requirements ¥

and receiving noise (¥)2. The same procedure follows to transform the optimization
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problem into the MIQCQP formulation. In the CoMP setting, it is assuned that
the scheduler has the full knowledge of the path gain, channels andveforms of
the system. If the full knowledge of the system is too expensive tbtain, some of

the components can be approximated and the MIQCQP formulatiorti8 applies.

4.4 Impact of Imperfect Channel Information

In the previous Section, we assume that the CIR information provet by
the physical layer to be perfect. However, the CIR information mvided by the
physical layer is subject to receiving noise. Mismatch between theue and the
estimated channel causes worse energy focusing in the 5G systetrich results in a
lower SINR in communication. Moreover, the mismatch also degradtse scheduler
performance by noisy physical layer parameter inputs.

To investigate the impact of imperfect channel information, we sta from
analyzing the channel estimation error of the physical layer. Therare existing
literature on the distribution of the channel estimation error for he massive MIMO
system [40], but there is no existing analysis or models on the chanmstimation
error on the TR system. Therefore, we rst analyze a Golay sequee based channel
estimation scheme for TR system proposed in [36] and analyze its incpan the

accuracy of scheduler parameter inputs.
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(@) Ga. (b) Go. () Corr(Ga;Ga)  +

Corr(Gyp; Gyp).

Figure 4.3: An example of Golay sequence.

4.4.1 Golay Sequence Based Channel Estimation

The Golay complementary sequence is rst proposed in [17], which g&gted
a set of complementary sequence paifS; and Gy of the same lengthLs. The
correlation of G, with itself, i.e. Corr(G,;G,) has a prominent peak but noisy
sidelobes. However, Corff ,; G,) + Corr( Gy, Gp) produces a single maximum peak
with no sidelobes. This prominent peak is useful in channel estimatidrecause a
clean copy of channel estimation can be obtained at the peak withidhe interference
from the sidelobes.

Generation of G, and Gy, is based on two di erent sequenceB, and W, of
length n, and the length of the generated Golay sequencelig = 2". Fig. 4.3
shows an example oG, and Gy pair using randomly generated,, and W, with
Ls =256, and Corr(G,; G,) + Corr( Gp; Gp) shows a clear peak with no sidelobes.
Please note that the amplitude of the peak islZ; and the length of the zero at the

two sides of the peak id. ¢ 1.
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Figure 4.4: Diagram for Golay based channel estimation.

4.4.2 Channel Estimation via Golay Sequence

A channel estimation scheme using a.& by 1 probing sequence is proposed
in [36], which is composed of the corresponding pair of Golay sequenGe; Gy, as

=[G G} G, G G} G, G! G/ (4.24)

a a

Fig. 4.4 shows the block diagram of the channel estimation. The tramitter
transmits the channel estimation sequenceand the receiver receives the+8Lg 1
by 1 signals = h + n, wherelL is the length ofh. We assumen is AWGN with
zero mean and variance 2.

The received signak is divided into two branches. One branch goes through

a delay of 2. and is summed with the other branch af g.

02 3 2 31

Rg = %g . - EOZLG;L& s (4.25)

021 6L I

We calculate the correlation oR 4 with G, and Gy, using the Golay correlator
block, which produces two branchef ; and Ry, respectively. De neC, and C,, as
theL+3Lg 1 byL +2Lg convolution matrix constructed by the time reversed

version of G, and Gy, and the outputs of the Golay correlator can be expressed as
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Ra.= CiRgand Ry, = CyR4. Ry is delayed by & ¢ to summed with R, in order to
produce the nal channel estimation result. Therefore, the wHe estimation block

can be expressed as

3 2 3
IL+3LG 1 OZLG;L+3LG 1
y = CaRaq + CoR ¢
OZLG;L+3LG 1 IL+2LG 1
2 3
T, (4.26)
=T( h+n)= ( h+n):
T2

The matrix T is the total transfer function from the estimation block inputs
to the block output, and it is separated into three partsTy; , and T, by the rows.
T, and T, represent the noisy part of the channel estimation scheme whichttse
sidelobes of the correlation of5, and G, and these two parts are of no interest
in channel estimation. is the 7Lg-th to the 8Ls-th rows that correspond to the
clean peak of the correlation of the Golay sequences without sidedsh as shown in
Fig. 4.3(c). is a matrix that is determined by the Golay sequence pairand each
row of has exact 4Lg none zeros entries with amplitude 1.

The channel estimationf of length Lg + 1 can therefore be represented as
A=( h+n)=4Lgh®+ n=4Lgh% ng; (4.27)

whereh?is of length L + 1 which is formed by zero-paddingh to match the matrix
dimension, andn. is the channel estimation error due to the received noiseat the

receiver.
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4.4.3 Channel Estimation Error Analysis

We investigate the mean and variance of, to show the e ect ofn and Lg on
the quality of channel estimation. By the assumption thatn is AWGN with zero
mean and variance 2, the mean of estimation errom, is also zero. The covariance
of the channel estimation errorn, is Cov( n) H. It is assumed thatn is i.i.d.
AWGN with variance 2, and therefore the covariance ofi.is 2 .

To give an example of the correlation oh,, we randomly generate a Golay
sequence pair withLg = 256. Fig. 4.5 is the correlation ofn with n to be
i.i.d. Gaussian with unit 2, namely ". The prominent diagonal components
have value 4 ¢ and each element of the diagonal is the noise variancg of ne.
The o -diagonal components have extremely low value, which showisat di erent
components o, are almost uncorrelated. Therefore, the channel estimation erns
ne on each tap of the estimated channéi®are nearly uncorrelated, which is nearly

independent due to the assumption than is i.i.d. AWGN.

4.4.4 SNR Enhancement of Golay Sequence Based Channel Eatim
tion

The Golay sequence based channel estimation scheme increasesSNR of
the channel estimation. Suppose that the SNR at the receiver B= 2 where P
and ? are the power of the received signad and the noisen, respectively. The
channel estimation output has a peak with amplitude U, by which the power of

the channel estimation is lﬁéP. Each row of consists of exactly 4. none zero
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Figure 4.5: An example of M.

elements with amplitude 1, therefore 2 is 4Ls 2. As a result, the SNR at the
channel estimation output is boosted for Bg times.

The channel estimate using the proposed Golay channel estimatisosheme
is contaminated with noise which has zero mean and variance &4 °. Therefore,
the length of the Golay sequence a ects the SNR boost at the esttion output,
and the TR system can adapt the Golay sequence lengths based on the system
requirement on channel estimation. More importantlyne on each tap of the channel
estimation are nearly independent, which is the result from the stature of the
transfer function of the Golay channel estimation scheme.

The channel estimation error for the massive MIMO system is invegated
in [40]. The channel estimation errors on the links from the base stah to a user
are i.i.d. complex Gaussian with zero mean and same variance which isetetined

by the shadowing e ect of the user. The channel estimation erraf the TR system
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and the massive MIMO system share similarity in that the estimation eor of the
channel are i.i.d variables with zero mean and the same variance. Thisgarity in
channel estimation error therefore extends the discussion andalation results on

the scheduler performance degradation to massive MIMO counparts.

4.45 E ecton the Scheduler Parameter

The proposed scheduler algorithm generates the transmission eofor the
users based on the estimated channel and the assigned powemfrime physical
layer. Inaccurate channel estimation deteriorates the e ciencyf the scheduling in
the MAC layer, and it is desirable to investigate how the channel estiation error
a ects the input parameter of the proposed scheduler.

Based on the previous investigation of the channel estimation errave model
the estimated channeh as

A=h+ng (4.28)

where we assume than, is i.i.d. complex Gaussian noise with zero mean and vari-
ance 2. According to the optimization formulation of the scheduler in (4.6)channel
estimation errorne a ects the scheduler performance by a ecting the calculation of
the normalized interference matrixZ. De ne 2 as the normalized interference ma-
trix obtained using the channel estimationfi, and we calculate the expectation of
2 to show the impact of channel estimation error on the normalized iatference

matrix Z.

77



) 2o 2 2L 2 3
| o 2 o 2
E2; =E3 (A gDl E=E]" (hi+ny g)DI L
1=0 1=0
8
L1
| 2 2
%Ziﬂm B ! ta 9Pl =]
- L1 (4.29)
gz Lt 2 ® DI ifi6|
o+ + .
24T e D a, Wbl 18]
8 1=0
2 | 1 o
%Zi;j + E T ,Ifl—j
3 > L1
L . L
yAY T D 1 Jf 16 j

where the last inequality results from the normalized waveforrg; and serves as an
upper bound forEhﬁI .
The formula suggests that the error in the normalized interfereec matrix
Z = Ehﬁi;jl Z;; relates to three factors, the backo factorD, the channel
length L, and the length of the Golay sequenckeg. A larger backo factor not only
reduces the Ul and ISI but also reduces the impact of the channestimation error
on the normalized interference matrix. The longer the channel letig the larger the
Ul and IS, thus the bigger Z. The last factor is the Golay sequence lengthg,
which a ects the additive noise power at the channel estimation. Tén dependence

of ne on Lg gives the system the exibility to adapt the length of Golay sequence

to the users' SNR conditions.
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4.5 Simulation Results

In this section, we evaluate the performance of the proposed sduler algo-
rithm from several aspects. First, we compare the time complexityf the proposed
scheduler algorithm with that using enumeration. We also evaluate éhscheduler
performance under di erent physical layer structures. Then wévestigate the im-
pact of channel estimation error. We use the following model andstgm parameters.
We generateh of the TR system based on the channel model proposed in [20], and
waveformg is the time reversed and conjugated version of. For TR system, users
are distributed randomly within a 20 meter by 20 meter area with the ransmit-
ter located at the center to simulate an indoor environment. For nssive MIMO
system, users are distributed randomly within a 300 meter by 300 tee area to
simulate an outdoor environment. The transmitter is located at thecenter of the
area in both cases. The path loss exponent is53 The rate requirements for the
usersR; are generated uniformly from the range of 1 Mbps to 2 Mbps. The gt
vector w is generated uniformly from O to 1. The power vector is generatetbin a
uniform distribution from 0:1 to 0:3 for each user andP,ax iS setto 1. The SNR is
0 dB for each of the users, unless mentioned otherwise. The systbandwidth of
the TR system is 125 MHz in the simulation. The simulation is repeated f@000
channel realizations for each of the settings. Lastly, we selectetl&urobi solver to

solve the MIQCQP problem [18].
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Figure 4.6: Run time comparison for di erent number of users.

4.5.1 Time Complexity

Time complexity is an important performance indication for schedulethat
performs in real time with strict deadline. Moreover, the importane grows with the
foreseeable sharp increase in the number of users in the systeng. B.6 shows the
comparison of the running time with number of user®l ranging from 3 to 10 and
D = 4. The proposed scheduler consumes more time than that of exisdive search
when the number of users are small due to the model setup, andeals an empirical
O(N) complexity. Result showsO(2V) complexity for exhaustive search and the
execution time outpaces the proposed scheduler. TI(N) complexity makes the

proposed scheduler suitable for application with strict deadline.

4.5.2 Scheduling Performance Comparison

To evaluate the performance of the proposed scheduler, we cargthe weighted

sum rate of the proposed scheduld®s with the weighted sum rate obtained by ex-
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haustive searchR,,; by calculating the average of the ratio = Rs=R,p:. We chose
the backo factor D = [4;8;12 24;30] and number of userdN = [3;5;7;9]. Fig.
4.7(a) shows the with dierent N and D. For a smallD, the deviation from opti-
mality with large N comes from the errors at the linearization of the logarithm term
around 1, because the actual sum is far from 1. However, whBnincreases, the
entries ofZ becomes smaller and the error due to expansion at 1 gets smallerr Fo
larger N, which is the targeted use case for the next generation systemincreases
rapidly to above Q9 in all cases wher® is larger than 8.

To evaluate the performance of the proposed scheduler under elient SNR
conditions, we perform simulations where all users have the sameFRS8klected from
[ 5;0;5;10] dB. We simulate with di erent backo factors D =[4;8;12 24; 30] and
N =9, and the result is presented in Fig. 4.7(b). In the low SNR region,hie
approximation in (4.8) is not as accurate and there is a gap betweehnet performance
of the proposed scheduler and that of exhaustive search. Howev increases over
0:9 whenD is larger than 8 in most SNR cases.

The proposed scheduler separates the physical layer implementat and the
separation makes the scheduler suitable for di erent waveform sign and power al-
location algorithms. Fig. 4.8(a) shows with a downlink system using the waveform
design and power allocation proposed in [57]. The original uplink max-mBINR
algorithm in [57] is modi ed using the uplink-downlink duality for downlink pur-
pose. The gure shows a similar as in Fig. 4.7(a), which shows that the proposed
scheduler algorithm is versatile for di erent physical layer implemeiattion.

We also evaluate the scheduler performance on the massive MIMGstgm.
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Figure 4.7: Performance of the proposed scheduler compared watthaustive search

result.

We assume at fading channels, i.e. one tap channel, on each links betmassive
MIMO system. Each link is modeled as a complex Gaussian random varialwith
zero mean and unit power a€N (0; 1). The beamforming vectory; is selected as the
maximum ratio combining (MRC) scheme, wherg; is simply the complex conjugate
of the channel linkh; . We set the number of user®l = [3;7;10; 13] and the number
of antennasM =[10; 20; 30; 40] and simulate 2000 channel realizations. Fig. 4.8(b)
shows of the proposed scheduler and it is obvious that approaches to 1 in all
cases we simulated.

To evaluate the performance of the scheduler with a large numbef asers,
we evaluate the scheduler performance with the number of uséts= [15; 20; 25; 30]
and D = [16; 20, 25]. We compare the average weighted sum rate of the scheduler
output with a rst-come- rst-serve system that tries to accommodate as much as

users as possible given the users' requirements are satis ed. Viewate 4000
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rithm proposed in [57].

Figure 4.8: Performance of the proposed scheduler with di erenthgsical layer

implementations.

channel realizations for each set dff and D and Fig. 4.9 shows the results of the
two schedulers. The result shows that the proposed schedulertperforms the rst-
come- rst-serve system in every setting by a large margin, showgrihe e ectiveness
of the scheduler with a largeN. With a xed D, the weighted sum rate increases
with N and saturate whenN is large. The SINR requirements of the users limits
the achievable regions of the system and results in the weighted suate saturation
at larger N. With a xed N, the system weighted sum rate decrease with largBr
because of less frequent transmission.

To evaluate the scheduler performance with existing schedulerse wompare
the performance with the massive MIMO scheduler proposed in [11].h& authors
proposed a pair-wise semi-orthogonal user selection (pair-wiseS$cheduler that

selects transmitting users with mutual channel correlations lowéhan a cut-o value
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Figure 4.9: Performance of proposed scheduler compared with aticome- rst-

serve system.

min - We select i, to be 0.45 which shows the best performance across di erent
number of antennas at the transmitter in [11]. We impose the rate ostraints on
the users selected by pair-wise SUS scheduler and remove useesliynone until all
users' rate constraints are satis ed. We simulate 150 antennas the transmitter,
and 30 to 100 users in the system. We assume that each user has shme weight
and simulate 2000 channel realizations. The performance metric i®asured by the
complexity and the average ratio sys = Rs=Rsys of the system sum rates between
the proposed schedulerRs) and the pair-wise SUS scheduleRsys).

Fig. 4.10(a) shows the mean execution time of the pair-wise SUS sbhier
and the proposed scheduler. Simulation result shows that the proged scheduler
has O(N) complexity, while pair-wise SUS scheduler ha® (N ?) complexity, where
N is the number of users. TheO(N?) complexity of the pair-wise SUS scheduler is
the result of the need to search through all pairs of users' chagls to nd the high

correlated pairs and to remove one of them in the selected user.set
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Figure 4.10: Performance comparison between the proposed skcher and the pair-

wise SUS scheduler.

Fig. 4.10(b) shows the sys of the pair-wise SUS scheduler and the proposed
scheduler. Simulation shows that the proposed scheduler outpmrhs the pair-wise
SUS scheduler in all cases, and increases with the increase of users. The pair-
wise SUS scheduler removes users with high channel correlation-bgeone, and
therefore the selection process of the scheduler may reach a laggimum. On the
other hand, the proposed scheduler selects users togetherd dgimerefore the global

optimal value of the MIQCQP formulation can be reached.

4.5.3 Channel Estimation Error

To investigate the distribution of the channel estimation error, wasimulate the
estimation error of the Golay channel estimation block output as flows. We gener-
ate i.i.d. AWGN n with zero mean and unit variave at the receiver input. We ran-

domly generate 100 pairs of Golay sequence with lendtly = [16; 32, 64; 128 256].
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Les| 16 32 64 128 | 256

rij; | 0.187| 0.145| 0.0118| 0.093| 0.081

Table 4.1: Maximum absolute value of the o -diagonal components tfie estimated

channel estimation error correlation with di erent Lg.

For each pair of the Golay sequences, we generate 10000 realinagtiof n and es-
timate the correlation coe cient of the channel estimation error & the output, i.e.
the correlation of ne.

Table. 4.1 shows the maximum absolute value of the o -diagonal eleme
of the estimated correlationr;; ;i 6 j of n. over all the 100 random realizations
of the Golay sequence. With the increase &fs, max(ri; );i 6 j decreases to less
than 0.1 which indicates that the channel estimation error has low o@lation value.
This justi es our previous assumption that the channel estimatiorerror on each tap
of channel estimation at the output of the Golay based estimationltbck can be
modeled as independent. Also, the Golay sequence in the simulation engrated
via random realizations ofD,, and W,,, and exhaustive search o, and W, can
further reducer;; if desirable.

We evaluate the e ect of channel estimation error on the stability bthe sched-
uler performance as the following. We assume the SNR at the receii® 0dB and
calculate the corresponding channel estimation noise power with érent Golay se-
quence lengthL . Then we calculateZ with the estimated channelfi; and gj being

the time-reversed and conjugated CIR. Then we calculate the iat ¢ between the
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Figure 4.11: Performance ratio ¢ between perfect channeRs and channel estima-

tion error Rg.

scheduler output with channel estimation errolRg and the scheduler output with
perfect channel informationRs. We perform 2000 realizations and calculate the
mean of g in all cases.

Fig. 4.11 shows the ratio ¢ with N =9, where the y axis runs from @6 to 1.
A small Lg does a ect the scheduler performance, but the performancedwtion
reduces with a largelLs. Moreover, for the range wher® > 8 which is a preferable
operating point for N = 9, the reduction in performance is marginal. The result
shows that the proposed scheduler is robust against channeliegttion error and the
system can adjust the Golay sequence length according to the SMRthe received

signal.
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4.6 Summary

In this chapter, we propose a novel scheduler for the 5G downlinkstem.
The scheduler objective of maximizing system weighted throughpaind the SINR
constraints of the users are transformed into an MIQCQP problemThe proposed
schduler has a linear complexity compared to the exponential compity of exhaus-
tive search with slight performance reduction. Secondly, we invégate the impact
of imperfect channel information and analyze a channel estimatistheme of TR
system using Golay sequence pairs. The Golay sequence based raagstimation
error has similar distribution as the channel estimation error of tht1IMO system.
The proposed scheduler is shown to be robust against channeliresttion error and
is versatile for di erent physical layer structures. The robustnss, versatility, and
the low time complexity make the proposed scheduler suitable for depment in

systems with a massive number of users and strict scheduling dead8n
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Chapter 5

Time Reversal Rate Adaptation

In previous chapter, we have developed scheduler for 5G commuaticn sys-
tems by selecting a subset of users to transmit simultaneously. Aqper selection
of user decreases the interference and increases the systet®. r@ther than simply
selects users for transmission, proper allocation of resourcesagen users increases
the system performance by proper allocation of mutual interfenee in the literature.
For example, judicious allocation of transmitting powers and wavefims reduces the
interuser interference (IUl) and increases the system perfoemce. Power allocation
has been proposed such as in [41,51,65] to manage the interfegeletween users.
Waveform design and beamforming take another approach by optathy designing
the transmission waveform and/or the weights of the antennas tocus energy to the
intended users with small energy leakage to the unintended ones2(8,30,35,37,45].

The power allocation scheme does not guarantee all the users in thestem
with a minimum power to maintain QoS. In the case when each of the useeeds
a minimum transmission energy to guarantee performance, it is pdss that there
is no solution to the power allocation scheme. On the other hand, thperformance
of waveform design cannot guarantee QoS for users when the ten of users is

large, and the performance is constrained by the actual physicahvironment, CIR
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and/or number of antennas. To avoid the infeasibility and to mitigatethe lowered
performance in power allocation and waveform design, an algorithingt both selects
a subset of users for transmission and judiciously allocates resmito the users to
improve the overall system performance is greatly desirable.

The backo factor D is the parameter in TR system that dictates the interval
between consecutive transmissions and a ects the total amounf transmitted in-
formation within a speci c time span. The smaller theD is, the smaller the interval
between the symbols in time and the higher transmission rate. Hovwexy a smaller
D also results in larger interference from two di erent aspects. Fitsthe smaller
transmitting interval makes the concentrated energy by the spgi@l temporal focus-
ing e ect to overlap more on the time axis, which causes larger ISl.e€ond, the
smaller transmitting interval causes larger Ul due to more energligakage to unin-
tended users via more frequent transmission. Backo factdd has the double e ect
on the amount of interference and therefore it is bene cial to all@ate D judiciously
to users and maximize the TR system performance.

We propose a medium access control (MAC) backo factor adapian algo-
rithm for the downlink time reversal division multiple access (TRDMA) ystem.
The algorithm maximizes the system throughput by allocating the optnal D for a
selected subset of users for transmission, and satis es the Q@&§uirements of the
selected users. The proposed backo factor adaptation algorith transforms the
system objective and the QoS requirements of the users into an MCQP which
can be solved e ciently. Next, since the set of allocated power anché waveforms
provided by the physical layer is not optimal with the set of selectedsers and the
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allocated backo factors, we propose a joint power allocation andaveform design
algorithm that ensures the minimum SINR constraints to be met fortie selected
users and the allocated backo factors. With the two-step rate @aptation and
waveform design, the system meets the minimum QoS requirementdaimcreases
system-wise performance.

We summarize this chapter as follows:

We investigate the spatial temporal focusing e ect of the TR sysm and

illustrate how the backo factor D a ects the interference among users.

We develop a rate adaptation algorithm that selects a subset of useand al-
locates optimal backo factors for transmission. The optimizatiorproblem is
transformed into a mixed integer quadratically constraint quadrdt program-

ming.

We propose a joint power allocation and waveform design guaraniteg the
minimum SINR requirement of the selected users. The proposed aifam
maintains the QoS requirement of the users and increases the systperfor-

mance.

The chapter is organized as follows. A downlink TRDMA system is given in
Sec.5.1. Then we give a simple illustration of the spatial temporal fosing e ect,
and how the IUI and ISl is a ected by the backo rate in Sec.5.2. Thehroughput
maximization algorithm is formulated in Sec.5.3. Waveform design is detid in
Sec.5.4 and simulation results are given in Sec.5.5. Finally the conclusiomgigen
in Sec.5.6.
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5.1 System Overview

First we describe a downlink time reversal division multiple access (TRDA)
system as depicted in Fig.4.1, where we considgrusers, or terminal devices (TD),
are served. The access point (AP) rst upsamples symbok§;[m] for useri using
the corresponding backo factorsD;. The upsampled symbols are encoded using
the assigned waveformg); for useri, and the AP transmits the summed signal
using a single antenna. Users receive the signal and adjust the powsing one tap
gain, downsample the received signal with the corresponding backactor D; and
perform detection to estimate and recover the transmitted syndjs.

Based on the system structure, the transmit signal of the AP calpe expressed
as

X

X
sim] = Poalm 1x Py (5.1)

where Xi[Di] represents the upsampled version O(i[Di] by Di, pi is the allocated
transmit power andg denotes the designed transmitting waveform with unit power
to useri. Useri receives the signal and downsamples the signal for detection, and

the downsampled signal can be expressed as
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Yi[m] = Gip X;[l(h  g)[mD; ID;]+ ni[m]
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= GipXi[m](hi @)[O]
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+p?pi Xilm 1]J(hi  g)[Dil] (5-2)
I=bLD—i1c60
X p___ bﬁ
+ Gip Xj[m 1])(hi - g)[D;I]+ ni[m];
6 1= b 51c

D;

where h; and G; are the channel impulse response (CIR) with unit power and the
path gain from the AP to useri, respectively. Note that the CIR power is absorbed
into the path gain variable. In (5.2), the rst term represents theintended signal
for TD i at time m; the second term is the ISI; the third term is the IUl and the
last term is the noise term.

Several resources can be optimally allocated and designed to insesthe SINR
in observing (5.2), such as the transmitting waveforrg;, the power allocated to users
pi and the backo factor D;. For example, joint power and waveform design can
increase the system performance by reducing the 1Ul and ISI in¢hl'R system [58],
[57]. (5.2) also suggests that the allocated backo factors also aethe system
performance by a ecting the amount of interference in ISI and 1U To see in detail
how D;s aect the interference, we introduce the energy focusing of ehspecial
spatial temporal focusing e ect in TR system. Then we illustrate ha the backo
factor a ects the energy focusing distribution in time and space,ral eventually the

amount of Ul and ISI.
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5.2 Spatial Temporal Focusing E ect

Wireless communication system transports energy and informatidnom the
transmitter to the receiver by utilizing the physical phenomenon oélectromagnetic
wave propagation. Channel statistics and characteristics of teommunication sys-
tem, such as the channel delay spread and the coherence disggrare obliged to the
law of physics [49] and are determined by the bandwidth, the carriédrequency of
the system, and the surrounding environment, etc. For examplé&e channel delay
spread is de ned as the span of time within which the observed chagincontains
signi cant energy. When the environment is more complex with compaments and
occluding objects or when the transmitter and receiver are non-grof-sight, the
channel delay spread is generally longer because some of the edetaignetic waves
arrives at the receiver later due to multiple re ections from the olgcts. The chan-
nel information in the channel delay spread records the arrival timof the re ected
waves, providing detail information about the environment.

The coherence distance, another crucial channel statistics, ie ded as the
distance in which the observed channels do not signi cantly changené are con-
sidered to be highly correlated. Due to the high correlation, the trasmitter can
uses the estimated channel for transmission and the receiver csiill receive the
signal power as long as the receiver is within the volume spanned byetboherence
distance. Physic model shows that the coherence distance is detmed by the
half wavelength of the carrier frequency of the system. As a rdsuhe larger the

carrier frequency, the smaller the coherence distance, the smaltke ball within
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which channel estimation can be reused, and the more frequentlyet system has to
estimate the channel for communication.

Both the channel delay spread and coherence distance are im@mit elements
for the spatial temporal focusing e ect in the TR system. Given axed channel delay
spread, TR system utilizes a much larger bandwidth for transmissipiand samples
the CIRs more frequently compared to narrowband systems. Irarrowband system,
due to insu cient bandwidth, only two to three CIR taps can be obseved, in which
most of the information about the surrounding environment is lost. TR system
observes massive number of CIR taps by sampling more frequentlgdapreserves
the information embedded in the CIR. In our measurement with TR pototype with
125 MHz bandwidth, we observe about 10 signi cate channel tapbdt contain most
of the channel energy, and the total CIR length is 30.

With the large bandwidth and the detailed CIR information, TR systemde-
signs special transmitting waveforms such that the environmentces as a matched
Iter and all the transmitted signal adds up at the intended user cherently. The
transmitted signal adds up randomly at unintended locations due t€IR mismatch
with the environment. In narrowband system, we cannot observine focusing ef-
fect because the environment information is smeared and therefdhe transmitted
signal cannot match with the environment to focus the energy. Meover, the con-
centration of the energy is not only in temporal domain, but also in ta spatial
domain. The environment acts like the matched lIter to concentrag¢ the energy at
the intended location, therefore the energy also concentratesthe vicinity within
the coherent distance. The transmitted energy not only concedites at the intended
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user but also within the volume spanned by the coherent distance around the user.

In short, we can view the energy focusing of the TR system in two y&
either in the temporal or spatial domain. First, the large bandwidthenables the
system to nely sample the location-speci ¢ CIRs, resulting in a masge number
of channel taps. The nely sampled, massive number of channelps match with
the complex environment, such that the signal energy is maximized e instant
of sampling. We call this temporal focusing e ect. Secondly, the laton-specic
CIRs concentrates the energy in the volume spanned by the cobst distance, and
we call it spatial focusing e ect.

To show the granularity of the spatial temporal focusing e ect ofthe TR
system, we collect CIRs in a 5cm by 5cm area of interest and evaludlte energy
focusing within the area and across time. We use the TR prototypeitiv 125 MHz
bandwidth and carrier frequency at 5.4 GHz. we collect 300 CIRs witbhannel
length L = 30 at each of the 5 millimeter grid points, which we collect a total of
121 grid points. The point of interest is at the center of the area,ral we use the
time-reversed and conjugated CIR as the transmit waveforrg. We calculate the
received energy off h[m], whereh is the CIRs collected at all the grid points in
the area, and the maximum energy is normalized to 0 dB. Fig.5.1 showsetenergy
distribution near the location of interest at di erent time. We plot m = 23; ;37,
which is 7 samples before and after the energy focusing peakrat 30, where each
sample are 8 nanoseconds apart due to the 125 MHz bandwidth. Th& gures
are listed from left to right rst, and then from top to bottom, whic h correspond to
m = 23; ; 37 respectively.
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Figure 5.1: Energy distribution of TR system within the area of interst and across
time. The gures are listed from the left to right rst, and then top to bottom. The
middle one the time instant with maximum energy focusing, which ien = 30. The

energy are normalized such that the maximum energy received is QdB
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We observe the energy distribution temporally from the sequencd gures.
In the series of gures across time, the received energy is maxinuzs the sampling
instant, i.e. at m = 30. There are also some ripples arouneh = 30, and this spread
of transmitted energy around the focusing time is dictated by the oioor channel
delay spread and the frequency of sampling. The indoor channellale spread is
about 30 to 50 nanoseconds at the 5.4GHz, which results in aboutd®& signi cant
CIR taps in the 125 MHz TR prototype. The spread of energy is coistent with
the focusing shown in the gure.

Secondly, at the center gure wheran = 30, we can see energy concentrates
at the vicinity of the point of interest. The energy concentration isthe result of
coherent distance and it is a ected by the carrier frequency of th system. The
channel correlation between two locations drops signi cantly if theeparation of the
locations are larger than half the carrier wavelength. The carrierdquency of the
TR system is at 5.4 GHz with half wavelength to be about 2.7 centimetgrand we
can see that the received energy is much less at the edge of theaaskinterest.

From the observation in both spatial and temporal domain, the spel tem-
poral focusing e ect of the TR system is an energy ball that occarwithin a certain
volume and a certain time span. The energy ball's diameter on the st and
temporal domains are determined by the surrounding environmemtnd the system
parameters. With each transmission, there is an energy ball forngirand dissipating
at the spatial temporal area of interest. It is to be noted that ths spatial temporal
energy ball exists in all the communication systems; however, onlitivthe large

bandwidth can the system observe distinctive CIRs with ne granulaty and harvest
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the energy concentration in both spatial and temporal domain.

The backo factor D in TR system controls the interval between consecutive
transmissions, and therefore determines how the energy balls hap in time. With
a larger D, a longer interval, the energy balls are farther apart in the tempat
domain, which causes less ISI to following symbols. On the other hartde larger
D, the transmitter transmits less frequently to the intended userand therefore less
leaked interference to the unintended users farther than the lcerent distance of the
system. We show the e ect of di erentD on both ISI and 1Ul in the following with

simple examples.

5.2.1 Temporal Impact of Backo Factor on Interference

Let us illustrate the e ect of D via an example with only two users in the
downlink TRDMA system. Suppose that there are two users in the TRMA system
and the transmitter transmits to both users with the same powerUser 1 is located
at the center of the interested area as in Fig. 5.1. User 2 is locatedtside of the
interested area of user 1. We suppose that there is no noise at tieeeiver and focus
on the signal to interference ratio (SIR). We plot out the SIR in Fig.5.2 of user
1 with D, = 8 and D; = [4;8]. The gure shows that by increasingD of user 1,
its SIR increases and has a more prominent peak across the areade BIR increase
is the result from the less overlapped energy ball along the time axis the same

location, which reduces the ISI| of user 1.
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Figure 5.2: Spatial focusing e ect withD = 4 on the left and D = 8 on the right

for user 1.

5.2.2 Spatial Impact of Backo Factor on Interference

Next, let us illustrate the e ect of D in the spatial domain. Suppose again
a two user TRDMA system with same transmit power allocated for théwo users.
User 1's backo factor is chosen fronD; = [4;6; 8; 10; 12] and user 2's backo factor
D, = 4. We again suppose that there is no noise at receiver and focusthe signal
to interference ratio (SIR). Fig. 5.3 shows the SIR of the two usemwith di erent
D;s. WhenD; increases, the SIR of user 2 increases. With a larder and a xed
channel delay spread, the transmitted symbols of user lare faer apart, and less
energy is leaked to user 2.

The two simplied examples show that using a larger backo rateD?> D
has two e ects. First, the SIR of usern increases due to the decrease of ISI, which is

the result of larger intervals between the energy focusing balls inghtime domain.
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Figure 5.3: SIR of two users withD, = [4;6; 8; 10; 12].

Secondly, the SIRs of the other users also increase due to therdase of the [UI,
which is the result of the less energy leakage outside of the ball in tpace. Both
the increase of SIRs, either by decreasing IUIl or ISI, comes akthost of the reduced
transmission rate. Simply put, with a largerD;, useri increases the SIR of everyone

in the system, at the cost of a lower transmission rate.

5.3 Weighted Rate Maximization

Since backo factor plays an important role in the interference, w@ropose a
weighted throughput maximization algorithm for the downlink TRDMA system by
adjusting the backo factors D; to manage the interference. Let us rst formulate
the system objectives and the QoS constraints of the users. $wge that there
are N users in the system and each user's backo factdd; is chosen from a set

fD;D?  ;DMg, whereM is the number of available backo factor settings to
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the users. We assume that the application layer tolerates transrsisn delay, but not
transmission error caused by bit/packet error that requires reansmission. In order
to reduce the transmission error, each user has a minimum SINR straint ; and
can only transmits when SINR is larger than ;. Given the ;, the transmission rate
is denoted a3V log,(1+ ;)=D;, whereW is the bandwidth of the TR system, andD;

is the adapted backo factor. The weight ; is assigned to each of the users to re ect
the relative importance between the users. Denote the allocatedwer assigned by
physical layer and the path gain for user asp; and G;, respectively. Denote the
maximum system power afna. Based on this setup, the rate maximization by

optimizing backo factor adaptation and user selection can be foralated as

X i Xj |ng(1 + i)

mai(il;rglilzew i D,
P
subject to x; 2 f 0; 1g; 8i; NoPXi Prax (5.3)
i Gi X .
7G:O'Zi s SRR

where X; is the decision variable andx; = 1 denotes that useri is selected for
transmission. The termZ; is the total interference to usern, which is a function of
the decision variables;, the power allocatedp;, the backo factors D;, the channel
h; and the waveformg; of all the users in the network. The objective function is not
convex and the decision variables appear on both the numeratorcadenominator
of the objective function, so it is di cult to obtain the optimal solutio n by solving
the problem directly without transformation. To tackle this challeng, we convert
the problem to an MIQCQP that can be solved with much lower complextas the

following.
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First, for the brevity of notation and analysis, we assume that thébacko
factor satisesD™*! = kD™, wherek is the ratio between successive backo factors.
We assumeR; = W log,(1+ ;)=D? and the rate usingD™ is R;=k™ ! due to the
xed ratio between the backo factors.

Each useri has a binary decision vectok; of sizeM, de ned as
xM T (5.4)

When useri is adapted with backo rate D™, x! = x2= = x™ =1 and
other entries inx; are 0. The decision vectok; is constructed in such a way that we
can optimally allocate the backo factor and select a subset of usefor transmission
simultaneously. By the requirement of the decision vectox; = 1 when useri is
selected for transmission, no matter which backo factor is adaptl. We de ne the

decision vectorx to be the concatenation of the decision vector of all users as

X5 Y (5.5)

k 1 k 1 k 1 "
; ; ; k2 Ri i—kM 1Ri . (56)

Therefore, r{x; is the transmission rate of useii with the adapted backo

factor. Let r be a vector of sizd\M with entries

T T. (57)

and the system throughput is a linear function that can be expresd asr'x.
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The constraints of the optimization formulation is listed as follows. Fst, the

decision variables are binary,
x"2f0;1g; i=1; ;N; m=1; ;M: (5.8)

If useri selects to use backo factoD™, then xi = x2 = = x" =1and
other entries be 0. This translates to another set of constraintsn the decision
variable as

x™t x™ 8; m=1; ;M L (5.9)

The third constraint is that the sum of allocated power cannot exas the
maximum transmitting power of the AP. Let p be an all zero vector of siz&M ,
except thatp((i 1)M +1)= p;;i=1; ;N. The constraint on the total power
consumption becomes

P'X  Pmax; (5.10)

wherep((i 1)M + 1) is multiplied with x! which is 1 whenever user is selected
to transmit.

In order to convert the constraint on each user's SINR, we need talculate
the normalized interference with unit power channeh; and unit power waveform
gi- The actual interference can be calculated by multiplying the tramait power p;
and the channel gainG; with the corresponding normalized interference terms. To

characterize the normalized Ul and ISI for user under the adapted backo factors,

we rst de ne several terms. Letl™;m=1;2; ;M be dened as
L1
1 X 17 2
I = (hi g)ID1] "5 (5.11)
- L1
= 5
160
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and form > 1,

"= ith g)D™: (5.12)

1 .
b sinteger

Let Ij";m=1;2" ;M be dened as

—
=

X

e (h g)ID]%; (5.13)

L

D1

=

form> 1,

-
=

X
3

|m = jthi g)ID™*: (5.14)

|= L1
= pm

1 .
D sinteger

Denotel; to be the normalized ISI row vector of user as
=0t 1P IM; (5.15)
and denotel;; to be the normalized IUI row vector caused by usgrto useri as
y =[;  1f 1 : (5.16)

By the construction of I; and the relation that x! = x? = = x{" = 1if user
i chooseD™, Iix; is the normalized ISI of user using backo factor D™. By the
same token,l; x; is the normalized IUI of userj to useri with the adapted backo

factor.

Let the interference row vectorz; of useri be de ned as
zi = [pulin  p2liz pili Pnlin ] (5.17)

where we multiply the allocated powep; of the users to the normalized interference.
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With the de ned interference vector z;, the total interference to useri due to

IUlI and ISl is z;x, then the minimum SINR requirement can be expressed as

Gir;i(jii(il 3 X ©19

We de ne Z; to be anNM by NM all zero matrix, except that [( 1)M +1]-

th row being z; and g; as an all zero vector of sizBlM except theq((i 1)M +1) =
=G, p= ;. The SINR requirement constraint is converted as

piGiXil v
Gzx+ 2

|
Pli iy iyl (5.19)
i i<l i
i Gi
xTZix+qg'x O
Denote ;(Zi+ Z[); j =1; ;NM to be the eigenvalues oZ; + Z[ in
non-decreasing order. By the Weyl's inequality [22], any constadf 1(Zi+ 21
will make Q; = Z; + ZT + dilym a positive semide nite matrix, wherely denotes

an identity matrix with size N. De ne 1 as the all one vector with corresponding

dimension. Use the Weyl's inequality with the propertyx? = x; of the binary

variables and the SINR constraint for user is

1
éxT Zi+ Z! + dilyw x+

d .
af  Slw x 0 8 (5.20)

1 d .
éxTQix+ al fllNM x 0; 8i
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To sum up, the optimization problem is converted to an MIQCQP as folles
maximize r ' x
X
subject tox™ 2 0;1g;8i;m x™*  x;8i;m

(5.21)

pT X Pmax

1 d; )
éxTQix+ al 5'1NM x 0:8i

which can be solved with much lower complexity than exhaustive searc

5.4 Waveform Design with SINR Constraints

The rate optimization algorithm selects users based on the given vedorms
and the given set of backo rates, and maintains the SINR requireemts for the
selected users. However, the rate optimization algorithm does nobnsider the
fact that the given waveforms are not the optimal ones for the Bxted users and
backo rates. Therefore, an optimization of the transmission waform and the
power allocation shall be considered to increase the transmissiomerand therefore
improve the system performance, given the selected users ane #dapted backo
factors. Existing works has investigated the waveform design lsak on the given
waveform and the backo factor in the TR system [58] without conislering di erent
backo factor adaptations and the minimum SINR requirement of tke users. In this
section, we extend the proposed algorithm for adaptation to di eant badko factors
and to maintain the minimum SINR requirement.

Suppose we get a subseéd f 1;2; ;Ng of the N users from the rate

optimization algorithm with the corresponding waveforms g;gi»s and backo factor
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fDigi.s. From (5.2), the SINR for useri 2 S is

oigl R”g

SINR?" = — P .
POMRIG+ 5556 MOTR G + 2

: (5.22)

WhereRi(O) = GiHi(L)H H-. Hiisa (2L 1) L Toeplitz matrix with each column
being the shifted version of normalized CIR; from the AP to the TD. We absorb
the channel power into the channel gain facto;. Hi(') to be the I row of H; and
superscriptH is Hermitian operator. R; = G; Fer H;, whereH;j is the upsampled
H; with backo factor D; and the sampling center is located aH{". Then R, =
R; Ri(o). The rst term and the second term in the denominator representhe 1Sl
and Ul respectively. In this section, we consider the joint designf ¢the waveform
G =[gi];8i 2 S and the power allocation vectop =[p]";8i 2 S to maximize the
weighted sum rate of the selected users subject to the SINR ctasts, i.e.,
X :
maﬁi;rgizew | D_Il log(1 + SINRP")
i2S
subjectto1™p Pmax; P O; (5.23)
ofgi=1; SINR™ i:8i2S;
where the last set of constraints ensure that the constraints dhe original rate

adaptation algorithms are ful lled with the newly designed waveformsnd allocated

powers. 1 is an all-one vector of sizgSj, wherej j is the cardinality of the set.
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5.4.1 Uplink Downlink Duality

In the optimization problem shown in (5.23), SINR of user depends on the
waveforms of userg;j 2 S;j 6 i, therefore the waveforms for all users have to be
designed together. The simultaneous optimization of all users' weforms makes the
optimal waveform design hard to solve. We use the well-known dowrithuplink du-
ality to untangle the interdependence between users. With the dliy, the optimal
downlink waveforms can be individually obtained via the virtual uplink seip with
xed power allocation. Moreover, the achievable SINR regions araeé same for both
the downlink and the virtual uplink case, and therefore the SINR mguirement of the
downlink can be also applied at the virtual uplink case. The transfored virtual

uplink problem can be express as follows.

X )
maximizeW  —-log(1 + SINR'L)
;G 2 Di

subject t01'q  Pra;g O (5.24)
g"gi =1;SINR'" ;18I 2 S;
whereq represents thgSj 1 uplink power allocation in the virtual uplink. fgigi»s is

the uplink transmit waveform which is the same as the downlink transihwaveform.

The SINR for the uplink case is expressed as

HROg
SINRP" = — g R o : (5.25)
o' Rigig + i2sjei O Rjgig + 2

and SINR’" only depends on the waveforng; of useri. SINR’" maximizing wave-

form given the power allocation vectorq is the MMSE waveformu;, which is

109



P

X WH
gMMSE = MMSE qR; + 2 HO (5.26)
j=1;2s

The constantc™MSE s to normalize the waveformgMMSE to unit norm.

5.4.2 Power Allocation with SINR Constraint

Given a set of the transmit waveforms,fgigi>s, the optimization problem
involves solving the power allocation vectog with a given sum power constraint.
The optimization problem is non-convex and therefore it is hard to dhin directly,
and we transform the optimizing variables from the power allocationector q to
the SINR allocationf ;gi.s. The power allocation can be obtains aftef ;gi,s is
allocated properly.

The ; can be expressed as

HROq
= SINRV: = — d-Ri 99 . (5.27)
gi IQigiq t i2siei 9 RjGIG T
Denote be a diagonal matrix where []; = ;=g"R®g; and  with
8
EgFRwﬁ k6]
[1w = (5.28)

TofReg k=]
With the de ned matrices, the power allocationq can be represented by the
SINR ; as
T) 1

q=(I ; (5.29)

where is ajSj 1 vector with all elements equal to 2. The q exists as long as
I T is invertible. This constraints can be enforces if the spectral radiu ()
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is smaller than 1.
The weighted sum rate optimization problem is transformed as the lfowing

into an SINR allocation problem

X .
. . I
ma>i<;|ir2nS|ze | WD—iIog(1+ i)
i2S
subject to (| Ht Prax (5.30)

( <L > 8i2S;
By the Karush-Kuhn-Tucker (KKT) conditions, the optimum SINR allocation

i satis es

= max it- Lo (5.31)
(I T) ! = Prax; (5.32)
( N<y (5.33)

where is KKT multiplier and t; is

1
tp= =17 ™ teel (I nHt; (5.34)
i
and g is the i™ column of ajSj by jSj identity matrix.
Based on the KKT condition, we can nd the optimal SINR allocation via
water lling and the algorithm is summarized in Algorithm 1. The SINR corstraint

is enforced in the algorithm at line 5 such that the minimum SINR level isresured

in each iteration of optimization. We iterate the SINR allocation and tle MMSE
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waveform design until convergence and the speci c two-step medure is given in

Algorithm 2.

p=(l ) ! (5.35)

Algorithm 1  Iterative SINR Water lling with Minimum SINR Constraints
1. Given g, initilaize ; with (5.25)

2: while do g not converges, and max. interation not reached

3: max = Max; j=Djtj; mn = > 0

4:  while do j17(l nt Pmax] >
5: =( min + max)=2 i =Mmax 5, iti 1, ; ;8i28S
6: if ( T)< 1then

7: if 17l ) 1 <P max then
8: max —

o: else

10: min —

11: end if

12: min =

13: end if

14: end while
15: Conpute g with (5.29)

16: end while
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Algorithm 2 Iterative Weighted Sum Rate Optimization with SINR Constraint
1: Initialize g = p;

2: while do q or fu;gj,s; not converge or max. iteration not reached
3: Calculate f u; gj 5 sj using (5.26)

4: Calculate g using Algorithm 1

5: end while

6: Obtain ; using (5.27)

7. Obtain p using (5.35)

5.5 Simulation Results

We evaluate the proposed backo rate adaptation algorithm with tle following
setup. The number of userdN is chosen from 46;8;10. The path gain G; is
generated by assuming the AP is located at the ceter of 20m by 20mea while
the receivers are randomly distributed within. The pathloss expomnéis chosen to
be 35 and the bandwidth W is 125 MHz. The CIRsh; are generated based on
the model in [20], and the waveforng; are the time-reversed and conjugated CIRs,
unless otherwise designed. The powpr is generated uniformly from 0.1 to 0.3 and
the maximum power P, is 1. The signal to noise ratio is 0 dB and the SINR
requirement ; is generated uniformly from 0.3 to 0.6. The weight; is generated
uniformly from [0; 1]. For each of the settings, we perform 5000 channel and location
realizations. To get the optimal solution of the original optimization poblem de ned
in (5.3), we do an exhaustive search by assuming all users choose $ame backo

factor D!. Te performance metric is measured by comparing the proposedaighm
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with the result of the exhaustive search in terms of absolute weigdd sum rate and
the weight sum rate ratio. Finally, we use Gurobi [18] as the MIQCQPaodver.

We evaluate the performance of the rate adaptation algorithm byatnparing
the weighted sum rate against the case when the users have to ussl D!. Fig. 5.4
shows the average weighted sum rate witl = 2, k = 4 using di erent D's and the
case when users use xeb!. Result shows that the proposed algorithm outperforms
in all simulated cases than the xedD?! case. The increase of throughput is larger
whenD? is small, i.e. when the IUI and ISI are more severe. Two conclusionsica
be made according to the result. First, the proposed algorithm eatively adjusts
D; for the users, manages the interference and increases the systveighted sum
rate. Secondly, the algorithm is more e ective in crowded networksith severe
interference because some users can use larger backo for sramssion and reduce
the interference to others. This is strongly desirable when massimember of users
are present in the network.

In order to show the relative increase in the throughput with the poposed

algorithm, we calculate the ratio between the throughput of the MIQCQP al-

gorithm Rwigcop and the throughput Ryixeq Obtained by xed Dls, i.e.
Rmiocop =Rfixed - Fig. 5.5 shows the average with M = 2, dierent D's and
k = f2;4g. All values of are above 1 in all scenarios we simulate, which shows
that the proposed algorithm increases the system throughput. WénN is large, the
exhaustive search has more exibility in choosing the optimal set ofrsultaneously
transmitting users, so decreases a little with the increase dfl. The second ob-
servation is that the increases withk, which results in a higher total throughput
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due to the much lowered interference at the cost of reduced indiudl transmission
rates of some users.

To investigate the system fairness with the use of the optimal backfactor
adaptation, we calculate the fairness index (x) = i N Xi i N i N x2 pro-
posed in [7], wherex denotes the binary decision variables for the userd.(x) has
maximum of 1 which is completely fair between users, and minimum ofMl which
is the most unfair case when only one user transmitsl] (x) captures how evenly
the transmission opportunities are distributed among the users. oF the proposed
adaptation algorithm, x! is used forJ calculation becausex! is 1 when uselii is se-
lected, no matter which backo factor setting is used. We use exhative search to
nd the optimal x for the case using a xedD's. Fig. 5.6 shows the averaged(x)

with dierent N and D! with k =2 and M = 2. J(x) is larger for the adaptation
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algorithm in all cases. With smallerD?, the proposed adaptation algorithm shows
larger increase in the fairness index, which means the proposed alfpon is more
e ective when IUIl and ISI is more severe.

Lastly, we evaluate the performance of the proposed algorithm witanother
physical layer waveform to show the versatile applicability of the pmosed adap-
tation algorithm. We use the waveform design algorithm proposed inTh The
original algorithm is proposed for the uplink system, and we modify it sing the
downlink-uplink duality for the downlink TRDMA system. Fig. 5.7 shows te re-
sults and we observe similar performance as in Fig. 5.5. The ratias larger than
1 in all scenarios, especially whek is large which reduces the interference greatly
using a lower rate setting.

Fig. 5.8 shows the Jain's index for di erentD* with dierent N atk =2;M =

2. The results shows that the waveform design increases the fass than that in
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Fig. 5.6, which shows the waveform design alleviate the IUl and ISI.hE proposed
algorithm further increases the fairness index slightly in all scenaso The increase
in both and Jain's index with waveform design signi es the e ectiveness of ¢
backo rate adaptation algorithm even with di erent physical layer structures.

We have evaluated the performance of the proposed rate adajda algo-
rithm in the previous results. We next evaluate the rate adaptatioralgorithm with
waveform design that ensures the users' SINR requirements. &mumber of users
N = f4;6;8,10g and D! = f4;5;6; 7g. The number of backo factor setM = 2 and
the ratio k = f2; 4g. The performance metric is evaluated using the ratio between
the weighted sum rate of the rate adaptation algorithm with wavefion design and
without waveform design, i.e. = Rwp=Rwmigcopr - Result in Fig. 5.9 shows that

the waveform design algorithm increases the system performariceall cases. When
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D? is small and the interference is large, is much larger because the waveform
design reduces the interference and redistributes the transmas power among the
selected users ir5. When k is larger, the rate adaptation algorithm has already
managed the interference e ectively by using much larger backoate, and therefore
the performance increase is smaller whénis larger.

Next, we evaluate the performance of the proposed rate adapta algorithm

and the waveform design as a whole, and compare with the result ofhaustive

search where all users usB!. The number of usersN = f4;6;8;10g and D*

f4,5;6;79. The ratio k = f2;4g. Fig. 5.10 shows the result of the ratio

Rwp =Rsixeds between the weighted sum rate of the proposed algorithm and the
exhaustive search. Result shows that the performance incresise all cases, and in

cases with larger interference, i.e. smallé@?, the performance increase is larger.
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5.6 Summary

In this chapter, we propose a rate adaptation algorithm to simulta@ously
determine the optimal subset of transmitting users and the optimiéacko factors
for users to maximize the weighted sum throughput of a downlink TRMA system.
The rate maximization problem with minimum SINR constraints is transbrmed
into an MIQCQP problem which can be solved e ciently with an optimization
solver. In the second part, we propose a waveform design and povallocation
algorithm according to the output of the selected user, the assigd backo factor
and the SINR constraints of the selected users. Results show thhe proposed
algorithm improves both the system throughput and the fairnessdiween the users,
especially in cases when the interference is severe. The perforoganre ciency,

and the versatile applicability to di erent physical layer implementations make the
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proposed algorithm suitable suitable for the time reversal system.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

In the rst part of this dissertation, we demonstrated the spatid focusing of
the TR system and proposed a positioning system with 1-inch resoiom. Based on
the excellent localization precision, we propose a VCTR system for imdr tracking
by deploying multiple virtual checkpoints within the target area. In the second
part, we focused on the interference management problem forlieasing the system
performance. First, we proposed a MAC layer scheduler that maxined the system
weighted sum rate while satisfying the users' QoS requirement. Waen devised a
rate adaptation algorithm that manages the interference by optielly selecting the
backo factors for the users in the TR system. More speci cally, @ addressed the
following problems in this dissertation.

In Chapter 2, we proposed a time reversal indoor positioning systeby uti-
lizing the unique location-speci ¢ characteristic of CIR. We addressl the ill-posed
single-AP indoor localization problem by decomposing it into two well-deed sub-
problems. We solve the rst subproblem by building a database that aps the

physical geographical location to its corresponding CIR space, wh we call the
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data collection phase. The second subproblem is to calculate the TRRbetween
the estimated CIR from the unknown users with those in the datalse. We built
a prototype to evaluate the characteristics of the CIR and the p@ormance of the
proposed scheme. Results show that the indoor positioning syst@mototype is the
rst-ever system to achieve 1 to 2 cm accuracy in both line-of-sigland non-line-
of-sight cases using only one pair of transmitter and receiver bo#guipped with a
single antenna.

In Chapter 3, a novel indoor tracking system based on the virtuaheckpoint is
proposed. With the experiment results shown in Chapter 2, we cdnscted virtual
checkpoints where the CIR information within the checkpoints is coliged. The
location of the unknown user can be identi ed when the user passgwough the
virtual checkpoints. We built a CIR collection machine prototype forautomated
large-scale CIR information collection with a user-friendly GUI. By déecting the
statistics of the TRRS between the unknown user and the CIRs in ¢hdatabase, we
found the CDF of the TRRS of the cases when the unknown user gas the virtual
checkpoint or not. The clear di erent in CDF indicates that by seleding a proper
threshold, the proposed tracking system can detect the user gsng through the
virtual checkpoint with very low false alarm.

In Chapter 4, we proposed a novel scheduler for the general 5@walink
system. The scheduler maximizes the system weighted throughpahd satis es
the SINR constraints of the users. The objective and constramtare transformed
into an MIQCQP problem. The proposed scheduler has a linear compiigx as
compared with the exponential complexity of the exhaustive sedravith only slight
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performance degradation. We also investigated the impact of imgect channel

information on the proposed scheduler. We analyzed the Golay segee based
channel estimation scheme of the TR system and reveal the sarhagnel estimation

error distribution as the massive MIMO system. Experiment resultshow that the

proposed scheduler is versatile to di erent physical layer structas and is robust the
channel estimation error. The versatility, robustness, and low aaplexity make the

proposed scheduler suitable for systems with a massive nhumber eérs and strict
scheduling deadlines.

Lastly, in Chapter 5, we proposed a rate adaptation algorithm for downlink
TRDMA system. The algorithm maximizes the system weighted sum tlughput
by simultaneously determining the optimal subset of the transmittig users and the
optimal backo factors for the users. The rate maximization and e minimum
SINR constraints of the users are transformed into an MIQCQP pblem, which
can be solved e ciently. We also proposed a waveform design and pawalloca-
tion algorithm based on the selected users, the selected backocfars, and the
SINR constraints. Results show that the proposed algorithm impves the system
throughput and the fairness between users, especially in casesveithe interference
is severe. The proposed algorithm is suitable for TR system deploymdased on
the performance, e ciency and the versatile applicability to di erent physical layer

implementations.
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6.2 Future Work

To fully develop the TR system and to meet the versatile applicationghere
are several open problems and challenges that need to be explaaad investigated.
The exploration of these issues not only leads to fruitful researeksults but also
makes the 5G communication system come true with great loT applitans. In this
dissertation, the TR technology for 5G and loT application can be fither explored
in the following aspects.

First, the RF component consistency across di erent devices rideto be stud-
ied. The spatial temporal focusing e ect of the TR system relies otine precise CIR
information collected from the RF component. Any inconsistenciesebveen the RF
components, such as the receiving beam pattern, oscillator fremcy mismatch, RF
gain di erence, etc. can signi cantly reduce the TR system perfonance. Therefore,
further exploration of the quanti cation and the evaluation of the RF inconsistency
e ect on the TR performance is desirable. These researches leadsblutions to mit-
igate the decrease in performance and play an important role for auitful system
design.

Moreover, the CIR information is a ected by the objects in the envonment.
An environment change such as a chair removed or human activity mahange
the CIR information signi cantly. However, there is no precise modeabout how
the CIR is aected by a specic object change in the surrounding emronment.
The CIR model is important to the VCTR system deployment for thatthe CIR

change signi cantly decreases the performance and increases tteed to recollect
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the database. The VCTR system can reduce the frequency of oflecting database
if the CIR can be modeled by some parameters. A deep investigatiobcaut CIR

modeling is very helpful for actual implementation of the VCTR systa and the TR

system performance in general.

The proposed scheduler assumes perfect synchronization amdngrent users
in a downlink scenario. However, the precise synchronization algdmih for uplink
tra c is not yet explored. The synchronization of the users a ecs the CIR informa-
tion quality observed by the base station. A little shift in time signi cartly decreases
the spatial temporal focusing e ect of the TR system and increas the interference
between users because of the low-quality CIR information. The sgtironization be-
tween users with heterogeneous bandwidth also poses a challemgéhfe TR system
design, because the granularity in time is di erent for di erent uses. Some users
may synchronize to a wrong time instant and reduce the system permance.

Lastly, the operation of TR system needs a large bandwidth and it isevy likely
that the TR system shares the frequency band with other systesn The existence
of another system in the same band polluted the CIR information andegrades the
TR system performance. Quanti cation of the performance degdation is needed
for the TR system deployment. On the other hand, noise suppréss algorithm
and coexistence strategy are very much desirable in these caseguarantee the TR

system performance.
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