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Abstract

This thesis deals with two multiuser wireless communication systems: i) the multiple-input
multiple-output (MIMO) broadcast channel (BC) where a multi-antennastratter serves
multiple users along spatially multiplexed channels and ii) a networked const@myNCS)
where spatially distributed sensors, controllers and actuators excimogeation via a digital
wireless network in order to estimate or control a dynamical system.

In MIMO BC, channel state information at transmitter (CSIT) is essentialligesie spatial
multiplexing across users. Special interest is on frequency divisiolexing systems where
CSIT is provided through limited uplink feedback (FB) from the receivéiiher in case of
single antenna or multi-antenna receivers the main contributions are: i)ty ad novel lin-
ear transceiver strategies that account for limited CSIT, ii) the propdsaklnnel quantization
techniques and FB strategies that exploit spatial and time correlation of tki&Nhannel
and iii) the derivation of efficient and robust user selection schemethéomaximization of
the achievable throughput. In MIMO downlink systems the potential gains tfuser over
more conventional single user transmission strategies are also evaluatenuiti-aell cel-
lular network where coordination among spatially distributed base stationkigher order
sectorization are investigated as possible methods to mitigate inter-cell inbederl case
of multiuser MIMO orthogonal frequency division multiplexing (OFDM) ddimik systems
we provide non trivial generalizations of channel quantization stratgg@sosed for single
carrier flat fading systems. Interestingly, concentrating FB bits to cteaiae only a portion
of the available bandwidth at receivers and the possibility of exploiting muitdligersity can
increase significantly the achievable throughput.

In NCSs where system measurements come from multiple spatially distributeatssens
the main contribution is the generalization of estimation and control techniquesdara for
wireless link inefficiencies: i) packet loss, ii) delays and iii) signal quatitima In particular
sensors, controller and actuator share a common frequency resootigating a cross layer
optimization of i) signal/measurements quantization processes and ii) netveaikrce allo-
cation. Even with small transmission bandwidth, single-hop communication pistadth
binary phase shift keying provide close to optimum performance in applicatiealing with
state estimation or state control of a stable system. This support the widispeeaf low-cost
sensors for these applications.






Sommario

Questa tesi si occupa di due sistemi di comunicazione wireless: i) il canaéelcast (BC)
multiple-input multiple-output (MIMO) dove un trasmettitore equipaggiato con piermne
serve piu utenti lungo canali multiplati spazialmente e ii) e un sistema di contrailoesso
attraverso una rete wireless (NCS) dove sensori distribuiti nello spaairollori e attuatori
scambiano informazioni attraverso una rete wireless digitale con lo scapiondire o control-
lare un sistema dinamico.

Nel sistema MIMO BC é essenziale avere informazioni sullo stato del cahtteesmet-
titore (CSIT) in modo da ottenere multiplazione spaziale degli utenti. In modo plartc
vengono considerati sistemi duplex a divisione di frequenza dov& @8he fornita dai rice-
vitori attraverso canali di feedback (FB) a banda limitata. Considerandeitori con una o
pitu antenne i contributi principali sono i seguenti: i) il progetto di nuovategie di trans-
missione e ricezione lineari che tengano in considerazione la conodamitata del canale
in trasmissione, ii) la proposta di techniche di quantizzazione del canélategie di FB che
sfruttino la correlazione spaziale e temporale del canale MIMO e iii) la de@oma di schemi
di selezione degli utenti robusti ed efficienti con lo scopo di massimizk#neoughput del
sistema. | potenziali vantaggi di techniche di trasmissione MIMO multiutentetts@ piu
convenzionali strategie MIMO singolo-utente sono stati verificati anchetircellulare multi
cella, dove la possibilta di coordinare la trasmissione tra stazioni radiodistsibuite nello
spazio e una piu fine settorizzazione all'interno di ciascuna cella sonastidiate come pos-
sibili metodi per mitigare I'interferenza tra le varie celle. In sistemi MIMO multiutesua
multiplazione ortogonale a divisione di frequenza (OFDM) diamo genegdii@ami non banali
di strategie di quantizzazione di canale proposte per sistemi singolanf@ocan canali non
dispersivi. In questo caso un risultato interessante e che la concengalitutti i bit di FB
nella caratterizzazione di solo una parte dello banda disponibile e la possibiitauttare la
diversita multiutente possono portare significativi guadagni al thrauighgd sistema.

In NCS dove misure dello stato del sistema arrivano da sensori distriblilomainio
dello spazio, il contributo principale e la generalizzazione di technichérdase controllo
che tengano in considerazione le problematiche del canale wirelessdifppdirpacchetti, ii)
ritardi e iii) quantizzazione dei segnali. Inoltre, sensori, controllore eatite condividono
una banda di trasmissione comune, e questo suggerisce un ottimizzaziprealdss-layer
delle seguenti problematiche: i) processi di quantizzazione di segmadiLge e ii) allocazione
di risorse nella rete. Utilizzando protocolli di comunicazione single-hopamodulazione
binaria di fase €& possibile ottenere prestazioni quasi ottime in problemi di sticoatrollo
dello stato per sistema stabili. E questo addirittura con una piccola bandardissame.



Vi Sommario

Tutto cio supporta l'utilizzo di sensori a basso prezzo in applicazionudstp tipo.



"Everything should be made as simple as possible, but not simpler.*

Albert Einstein
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Chapter 1

Introduction

A multi-user wireless communication system is a competitive environment where @ultip
users compete for a common resource, the transmission bandwidth [1j. &franformation
theoretic point of view we can distinguish between three different multius@nwnication
systems [2]. The first configuration is the interference channel (l&revneither transmitters
not receivers can cooperate [3, 4, 5]. A typical IC is a sensor n&twhere spatially distrib-
uted sensors exchange messages using a common frequency re3twsecond one is the
multiple access channel (MAC) where no-cooperating transmitters comnteimiith a single
receiver [6, 7, 8]. This configuration models the uplink of a cellular nektwahere the base
station can jointly decode the independent messages coming from therdifisegs. The last
one is the broadcast channel (BC) where a single transmitter serves muitipt®perating re-
ceivers [9, 10, 11, 12, 13]. This models the downlink of a cellular systere a base station
jointly encodes and transmits independent messages to different uselnscahnot cooperate.

In this thesis we study two different multiuser wireless systems. The firstpasiders a
BC where both transmitter and receivers might be equipped with multiple astefina poten-
tial gains of multiple-input multiple-output (MIMO) transmission techniques awere con-
ventional single-antenna transmission strategies were highlighted sincetigipng works
by Foschini and Gans [14] and Telatar [15]. Even if most of the rebeactivities in the last
decade focused on single-user (SU) MIMO where multiple spatial cteaneallocated to a
single user, recently there has been a shift to multiuser configuratiops Ifi@articular in
MIMO BC the additional degrees of freedom provided by multiple antenreassed to serve
multiple users along spatially multiplexed channels. Unfortunately, differemthy 58U MIMO
where channel state information at transmitter (CSIT) is optional, in a MIMO®®T is es-
sential to achieve spatial multiplexing across users. In a time division duglékidD) system
channel knowledge at transmitter can be obtained through channel estirimatite uplink,
exploiting channel reciprocity. Differently in a frequency division duptg (FDD) system the
transmitter must rely on uplink feedback (FB) from the users to obtain C3i@.main con-
tribution of the first part of the thesis is the proposal of transceivdrimatures and channel
feedback strategies for MIMO BC with limited uplink feedback from receiv&ven with low
rate connections between transmitter and receivers we can significantigvienghie network
throughput with respect to SU MIMO techniques, supporting the developaieviU MIMO
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deployments in next generation cellular systems. This first part of the tt@sss Chapters
2-6.

The second part of the thesis considers a special interferenceethametworked control
system (NCS) [17]. In a NCS the aim is to estimate or control one or morawgahsystems,
using multiple sensors, actuators and controllers that are not physicdtigated and need to
exchange information via a wireless digital communication network. In NCSsunements
and control packets are subject to random delay and loss, [18]. dMereas to each com-
ponent is effectively allocated only a small portion of the available bandwdéasurements
and control information need to be quantized and this affects the stability sf/#tem, [19].
The main contribution of this part of the thesis is the generalization of clagsicat®n and
control techniques to account for wireless link inefficiencies: i) paldsd, ii) delays and iii)
signals quantization. Moreover we show how a cross-layer desigmaincmication and esti-
mation/control systems might provide significant performance improvemeeatsaseparated
approach. A deeper understanding of the inter-connections betweanunication and con-
trol systems, together with the widespread proliferation of wireless seedaorks, promises
a tremendous improvement of our capabilities of monitoring and controlling thiebement.
This second part of the thesis covers Chapters 7-8.

In more details, the contributions of this thesis can be summarized as follows.

e In Chapter 2 we consider a MIMO BC with perfect CSIT where both transnzitid re-
ceivers might be equipped with multiple antennas. After reviewing the capadditgv-
ing dirty paper coding (DPC) we describe a suboptimum linear transmissaiagfrde-
noted as multiuser eigenmode transmission (MET). MET is based on zenogf@d-)
beamforming (BF), therefore each active user sees no interfenema@ther users’ mes-
sages. In case the total number of users’ receive antennas is laagethéhnumber of
transmit antennas, MET selects a set of active users and a set of edgper each

user in order to maximize the weighted sum rate. A simple greedy eigenmode selec

tion algorithm is described which provides close to optimum performance. Aifidp
version of MET which serves each selected user only along its dominamtre@pe per-
forms close to MET as the number of users increases. Numerical compsawgb other
linear precoding schemes confirm the effectiveness of MET.

e In Chapter 3 we consider a MIMO BC with limited FB from single antenna recsiv
and investigate three different problems: i) beamformer design, ii) fe&dbgnalling
optimization and iii) user selection. After reviewing ZF beamforming we propose
new minimum mean square error (MMSE) beamformer under incomplete C $akeast
into account the channel quantization error. Recalling a well knowritresder per-
fect CSIT, MMSE BF shows significant performance improvements in ciissndomly
selected users but gives reduced gains with respect to ZF BF in caggaoitunistic
user selection. As a second contribution we propose channel quantizationiques
and various feedback strategies based on the Lloyd-Max algorithntH20éxploit both
spatial and time correlation of the MIMO channel. In particular we deriviealchical
FB (HFB) approach where FB bits are accumulated over multiple signallingy#@isein
order to index a much larger codebook. Moreover we propose preglieB where both



transmitter and users predict the evolution of the channel vector anddteadjust the
prediction by feeding back a quantized version of the prediction erroretdrémsmit-
ter. Finally we design two user selection algorithms based on [21] that relgens FB
and show improved performance with respect to state-of-the-art alg@ithumerical
results provide a comparison between the proposed schemes.

In Chapter 4 we still consider a MIMO BC with limited feedback but, differentiyni

Chapter 3, users are equipped with multiple antennas. We propose sofatigrisans-

ceiver design and ii) channel quantization that exploit the additionakéegf freedom
provided by multiple antenna receivers. Under the assumption of at messtmam
per selected user we propose a first technique based on ZF beamfamdingaximum
estimated signal-to-interference plus noise ratio (SINR) combiner (MBSE€provide
an analytic characterization of the achievable throughput of the prdpusabiner in
case of many users and show how additional receive antennas or hgtteiser di-

versity can reduce the required feedback rate to achieve a targeglipuatu Moreover
we extend channel quantization techniques and feedback strategiesiggdoin Chap-
ter 3 exploiting multiple receive antennas. As a second technique we gropasry
(V) BF with MMSE combiner extending [22]. The codebook is designed toprese

an high number of unitary matrices to be used as tentative precoders. difvipkfies

the control signalling and provides very competitive performance for IBwates. Nu-
merical results validate the effectiveness of the proposals with respstettésof-the-art
techniques.

In Chapter 5 we evaluate the performance of MU MIMO in a real multi-celkpttbased
cellular network with full frequency reuse, using SU MIMO and DPC asgeof com-
parison. Fairness among user is guaranteed by the multiuser propofdiosaheduling
algorithm [23]. In a TDD system, under the assumption of perfect CSéTimwestigate
two approaches to mitigate inter-cell interference: i) network MIMO wheresimission
is coordinated among spatially distributed base stations and ii) higher oderization
where parallel spatial channels are created physically rather thargthtmeamform-
ing. Network MIMO requires user messages and channel state informatiEnshared
among the coordinated bases, resulting in the need for enhanced blackpabilities.
Nevertheless coordination among co-located sectors of a cell alreadygs a signif-
icant throughput gain over a SU MIMO baseline. The potential gains of MINMO
over SU MIMO are observed even in a FDD system with low rate uplink FBicaks,
supporting the development of MU MIMO in next generation cellular deployme

In Chapter 6 the single carrier system model used in Chapter 3 is extendeM b
MIMO orthogonal frequency division multiplexing (OFDM) downlink systevith lim-
ited FB from single antenna receivers. To reflect the operatidthajeneration wireless
communication systems the available bandwidth is divided into resource blR8s) (
whose number of subcarriers reflects the coherence bandwidth dfahael. The chap-
ter contains two main contributions. Firstly we provide joint conditions on tharmla
coherence bandwidth and the FB rate per RB that allow for a simpler quidonizd the
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RB channel matrix (space-frequency) by a space vector, causitigibée performance
loss in terms of system achievable throughput. As a second contributiorvestigate
the trade-off between accurate channel knowledge and frequertiyseudiversity. It
is seen that even for a moderate number of users in the network, catoentll the
available FB bits in characterizing only one RB provides a significant gaiystes
throughput over a more classical distributed approach and this resullidated both
analytically and by simulations.

In Chapter 7 we start dealing with the second topic of the thesis. The cltaptsiders
state estimation in NCSs where observations from multiple sensors are salbgaiom
delays and packet losses. We derive the minimum error covariance estandtthe
optimum estimator with constant gains as a low-complexity solution. Generaliz&ions
account for the effects of measurements quantization and limited transmiasidwioth
are investigated for a stable system. Assuming a simple scalar system, weashoeh
proposed framework can be exploited for the design of NCSs. In plantiee investigate

i) cross-layer optimization of quantization processes and network i@saliocation and

i) comparison between single-hop and multi-hop communication protocols. @e sh
that simple BPSK and single-hop communication protocols provide close to optimum
performance in applications dealing with state estimation of a stable system.

In Chapter 8 we assume a NCS with single-hop communications and a TCPdike pr
col between controller and actuator. We solve the problem of optimum ¢@ntnond a
target state for a stable system in case of both packet drops and signéikation. Gen-
eralization for unstable systems is also given for large bandwidth transmassvtore-
over we derive the limiting behavior of the system in the infinite horizon angqe®
a general framework for cross-layer optimization of signal quantizatioimatwork re-
source allocation. As an example of application, we consider a simple ssthle
system and compare network resource allocation in the presence of ¢okiveensors
using a fix modulation and ii) long-term future sensors capable of rateatap In-
terestingly, almost optimal control is achievable with small bandwidth transmgsarh
simple BPSK, supporting the use of low-cost sensors in applications dedlingtate
control in stable systems.

In Chapter 9 we conclude the thesis summarizing the main findings of the diftérap-
ters.



Chapter 2

Precoding schemes for multiuser
MIMO downlink

The demand for higher speed communications in future wireless cellular rkstwmtivated
an intensive study of multi-antenna transmission techniques which can @igitificant per-
formance gains over conventional single-antenna transmission strdtegjiés]. Much of the
MIMO research in the last decade has focused on single-user (UWPNEchniques where the
multiple spatial channels are allocated to a single user during a given trammsniigsrval. But
lately, there is an increasing attention to multiuser (MU) configurations, waherelti-antenna
transmitter serves multiple users over spatially multiplexed channels [16]r@iffg from SU
MIMO transmissions where channel state information at transmitter (CSIplisnal, in MU
MIMO CSIT is essential to achieve spatial multiplexing across users.

In this chapter we consider a time division duplexing (TDD) system whersah®e band
is used for the uplink and the downlink. In this case CSIT for the downlimklza obtained
through channel estimation on the uplink and the assumption of ideal CSomescreason-
able. Ideal CSIT is not an appropriate assumption in frequency divibighexing (FDD)
systems where the base station must rely on uplink feedback (FB) frorséhgto obtain CSI.
Transmission strategies based on limited FB are investigated in Chapters 3-6.

It has recently been shown [9] (see also [10, 11, 12, 13]) that thaciy region of the
MIMO Broadcast Channel (BC) can be achieved by means of a nonlireesmission tech-
nique known as “dirty paper coding” (DPC) [24]. Because of the iwtamable complexity of
DPC, practical implementations using suboptimum non-linear techniques actihamarea of
research [25], [26], [27], [28], [29].

Linear beamforming techniques with lower complexity have also been proposehich
the transmitted signal is a spatially multiplexed, linear combination of the userssidatals.
Beamforming is also known as linear precoding or spatial division multiplessg@&DMA).
One class of beamforming techniques for the case of a single-antereigersds based on
zero forcing (ZF) [28], [30], [21], [31], where each user riges only its desired signal with no
interference. ZF beamforming provides good performance in high sigrradise ratio (SNR)
scenarios [31], while for a lower SNR, a better solution is given by minimumnnseaare
error (MMSE) beamforming that balances the effects of noise and muliniseference [26].
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However, the marginal gain of MMSE beamforming with respect to ZF vasistieen an
opportunistic scheduling is considered for downlink transmission and Bileas close to
optimum performance [28].

Extensions of the zero forcing technique to the case of multiple antennseneceppear
in [32], [33], [34], where multiple spatial streams (or eigenmodes) ansitnited to each user
with no interuser interference, resulting in a block diagonal transmit @oves matrix. In this
class of techniques, denoted as block diagonalization (BD), the eigesnob@egiven user
are active regardless of their spatial relationship with other users’ m@uesto the interuser
orthogonality requirement, this assumption may lead to poor performance mwwbées are
highly correlated. To address this drawback, alternative solutionsliese proposed which
perform receive antenna selection [35] or iterative optimization of trangnaitid receivers
[36].

Using linear transmission techniques like ZF or BD, the number of indepéspatial
streams is at most equal to the number of transmit antennas. In practicalidoeellular
networks the number of users is much larger than the number of transmihasteherefore
the transmitter must select a set of “active users” for receiving dateaaased of modes per
each user. This user selection could be performed optimally using a longdearch over all
possible combinations of users and modes, but due to the high complexitytmeheamber of
users is large, suboptimum techniques based on a greedy selection aiduaite been shown
to provide near-optimum performance for the case of single antennaeec1].

In this chapter after reviewing the capacity achieving DPC we describeax liramsceiver
technique known as multi-user eigenmode transmission (MET), where thamwigles satisfy
a ZF criterion and the transmitter determines the set of active eigenmodes wéhtrictions
on how they are distributed among the users. By providing greater flexibilidgtarmining
the active eigenmodes, MET is a generalization of [37] and the basic BDiteas, and it
provides performance gains in cases where eigenmodes are higldiatedr Each active user
under MET uses a linear combiner across all receive antennas, imdigeof the number of
eigenmodes it receives, thereby achieving a combining gain advantagg3®}. In order
to simplify the eigenmode selection, we propose an extension of the greedygealsction
technique in [21]. As a simplified version of MET we also propose a ZF beamifig strategy
where each active user can be served only along its dominant eigenfibidetechnique is
less complex to implement, requires less control signalling and provides clagginoum
performance in practical environments.

The chapter is organized as follows. In Section 2.1 we introduce the systatal for
the MIMO BC, then in Section 2.2 we review the capacity achieving dirty papéing and
describe the suboptimum multiuser eigenmode transmission. Section 2.3 providesical
comparisons between various state-of-the-art MU MIMO transmissiotegies and finally
Section 2.4 concludes the chapter summarizing the main findings.

The material in this chapter was partially presented in [38] and publisheer anthore
general form in [39].
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2.1 System model

As shown in Figure 2.1, the downlink of a cellular network can be modelledtasadcast
channel (BC) where a transmitter wifll antennas transmits distinct data signaldstasers,
each with/V antennas. Under a narrowband channel assumption, the basebeinddesignal
by thekth user ¢ = 1,..., K) during time slotn is

yi(n) = Hy(n)x(n) + ng(n) (2.1)

whereH (n) is thekth user'sN x M channel matrixx(n) is the M -dimensional transmitted
signal vector, andh(n) ~ CN(0,Iy) is the additive white Gaussian noise vector. Note that
we assume a block fading model for the channel so that it is static over theldim&lse trans-
mitted signal is a summation of the signals for each user, and in general, itnesls sould be
non-linearly processed. If we denote wiffin) the set of users selected at the transmitter in
time slotn, using linear precoding, the transmitted signal is given by

IS(n)

x(n) = Y Gg(S(n))di(n), (2.2)

k=1

whereG(S(n)) is the M x Li(n) linear precoder matrixdy(n) is the Ly (n)-dimensional
symbol vector for theéith user and.;(n) represents the number of streams transmitted to the
kth user. The transmit covariance is given by

Q(n) = Gi(S(n)E(dr(n)df (n))GF (S(n)) (2.3)
k

and we impose a sum power constraihamong thel/ base station antennas, i.e.
E[XH(n)x(n)] =tr(Q(n)) < P. (2.4)

A generalization of the proposed signal model for a MIMO-OFDM systegivisn in Chapter
6.

2.2 Multi-user MIMO

MU-MIMO refers to a general class of transmission techniques where eultgers are si-
multaneously served over common spectral resources during a gimsmission interval. In
this section we first review the capacity achieving DPC and then describe seuléigenmode
transmission.

2.2.1 Capacity achieving DPC

MU-MIMO performance is measured using a multidimensional capacity regifferent
points within this region can be obtained by changing the transmission stratggly chang-
ing the partitioning of power among users and adjusting the transmit covasiaRor a given
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User 1 User 1
data | Base LIJ_ Mobile
station
User K transmitter
data > M antennas
User K
Mobile

N antenna

Figure 2.1: System block diagram whekeusers, each withv receive antennas contend for
service from a base station wili transmit antennas.

set of user channeHy, ..., Hx, which we denote collectively &4, and a given power con-
straint P, we denote byCo the convex hull operation and bya user ordering. The capacity
region of the MIMO BC can be written as

Cpc(H, P) = Co (U Rw) (2.5)

where

Iy +Hogy S5, QupHE,
Rr = {RZ[le-wRK]:Rn(k): ) s iq)) ’
‘IN +H Zj:kJrl Qﬂ(j)Hw(k)‘

K
> otr(Qy) < P}. (2.6)

j=1
and R denotes a rate vector for the users.

It was shown recently in [9] that the capacity region (2.5) can be acdthiesieg a coding
technique known as DPC [24] which assumes perfect CSI at transmitteeaeiver. In DPC
users are coded in an ordered fashion such that a given usercé@gsnference from users
encoded before it. In this sense, DPC accomplishes for the downlink &atemitter what
successive interference cancellation does for the uplink at the eecdéduring each slot the
transmitter determines the point within the capacity region (2.5) which maximizesigbted
sum rate metric

K
EBC((I(TL),I:I(TL), P) = argimax Zak(n)Rk(n) (27)
r(n)eCpc(H(n),P) —1

whereay(n), k = 1,..., K are the quality of service (QoS) weights. For give®,} and
MIMO channel realizations, the set of ratBgc 1, . . ., Rpc,x that maximizes the metric can
be computed numerically [32]. The computation also provides the set ofritacsvariance
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matricesQ;, for each of the users. The actual throughput during this interval isglvem by
the element sum of the rate vectBp-:

K
Rpc(a(n),H(n), P) =Y Rpcx(a(n),H(n), P). (2.8)
k=1

We underline that MU-MIMO has several advantages over time-multiplexet18v0.
Firstly, because the former is a generalization of the latter, the MU-MIM@wgahle weighted
sum rate will be at least as large as that of SU-MIMO for a given sebafcel realizations and
QoS weights. Secondly, multiple antennas are required only at the base,dtatieither re-
ceiving or transmitting, because multiplexing gains can be achieved evesrdf aie equipped
with only a single antenna. Thirdly, the multiplexing gains in MU-MIMO can beagkd even
with highly correlated base station antennas. For example, in line-of-digihhels, the rank
deficiency of the MIMO channel matrix for SU-MIMO does not allow foasipl multiplexing
(SM). However with multiple users, sufficient spatial separation amongseeswvill ensure
low correlation among their spatial channels, resulting in SM gain. A practicedequence of
this advantage is that the base station array antennas can be very ghaselgl, vesulting in a
more compact array compared to SU-MIMO.

As discussed at the beginning of the chapter a relative disadvantage-&filIMO com-
pared to SU-MIMO is that CSI is required at the transmitter in order to act8®eacross
multiple users [16].

2.2.2 Multiuser eigenmode transmission

The high complexity of DPC motivated intensive research activities in the medigub-
optimum transmission strategies. In this Section we consider a ZF precodimmiciee based
on BD and denoted as MET, where the number of streams transmitted to eacis abo-
sen to maximize the weighted sum rate metric and where the signal is receieaglbpctive
user with no interference, [38, 39]. This technique has advantagesotver generalized ZF
techniques because it provides flexibility in the number of streams transmittedgre In the
following, for ease of notation, we drop the time index

Let us fix the set of served use$s and for thekth user select the set of transmitted eigen-
modesS), and assume they are indexed from 1Lip = |S;| The channel of théth user can
be decomposed using the singular value decomposition (SVH).as U, AV, where the
eigenvalues i\, are arranged so that the ones associated with the allocated stfgavhs
userk appear in the leftmodt;, columns. We denote these eigenvaluedgs, ..., Ay 1, The
kth user’s receiver is a linear combiner given by the Hermitian transposifitimedeftmost
Ly, columns ofU,, which we denote as,; ... uy 1,. Likewise, we denote the leftmost,
columns of the right eigenvector matik;, asvy, ; ... vy r,. From (2.1) and (2.2) the received
signal for uset after the linear combiner can be written as

r, = [uk’l . uk’Lk]H Yk (29)

= TyGudp+T Y Gjyd;+mj (2.10)
jeS.j#k
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wherel'y, = [Ap 1V .. .Akvavkva]H is aLy, x M matrix andn), is the processed noise. By
defining

~ H H

H, = [rl TE TE, r‘sd , (2.11)

the zero-forcing constraint requires that the columné&igflie in the null space of;,. Hence
if we consider the SVD of:

~ - o~ ~ ~ H
H, = U.A, [V,(j) V,Ef’] , (2.12)

WhereV,(f) corresponds to the right eigenvectors associated with the null modesetitaling
matrix of userk is given byGy, = V" Cy, whereC, € CV~Eies.iz 13)% I+ is determined
latert.

Note that sincdd, V" = 0 for all k € S, it follows thatT',G; = T,V {"'C; = 0 for
J # k and any choice o€;. Therefore from (2.10), the received signal for #th user after
combining contains no interference:

re = Fkadk + nﬁc. (215)

We perform the SVD
1, V" = Ty [A, 0] [V,QV“”} , (2.16)

whereA;, is theL;, x L;, diagonal matrix of eigenvalues, and asstgn = VS). From (2.15),
the resulting weighted rate for theh user is

ar 3 log (1 + 55.’“)2%(’“)) , (2.17)
JESK

whereﬁgk)2 is thejth diagonal element cﬁi (j € Sk), oy, is the weighting coefficient for user
k, W is theL; x L; diagonal matrix of powers allocated to the eigenmodes,z@(ﬁblis the
jth diagonal element. Therefore the total transmitted power forMsi;s:tr(GkaGkH) =
tr (Wy,). For a given selection of users and eigenmdfieas determined by andS, k € S,

'From the relation between the dimension of the null space and raﬁl%%f the following constraint has to be
satisfied in order to build the set of precoding matrices for the selectesl ins&

> Lyj<M VkeS. (2.13)

JES,j#k

From (2.13) the number of modes allocated to ke user satisfied,, < M — ZJGS s Lo 1t follows that the
number of allocated modes is upperbounded by the number of transteitreas Zkes Ly < M. We note that
it is possible to allocate all th&/ modes if the channels are statistically independent. We recall that in the BD
scheme [32, 33, 34] the constraint to be satisfied in the construction pféleding matrices @ es e N =

N(|S] — 1) < M, whereas in the BD scheme with receive antenna selection [35] the a:mmslbecome less
restrictive

> Nj<M VkesS (2.14)
JES,j#k

whereN;, < N is the number of receive antennas selected fokthaiser. We note that (2.13) is similar to (2.14)
except that instead of using a subset of receive antennas we usgseh glieigenmodes.
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1 INIT: Ty — 0, R (o) — O
2: for n = 1 tomax(K N, M) do

3:
t, « argmax R(Z,_ U {t}) (2.19)
teTa\Tp-1
4 if R(T,,_1U{t,}) < R(7,,_1) then
5: T — Ty
6: break
7: else
8: 7,7, — Tpa U{ty}
9: end if
10: end for

Table 2.1: Pseudo-code of greedy eigenmode selectionithlgor

the power allocation problem under sum power constraint can be written as

RT) =  max Yy log (1 +E§-k)2w§.k)) (2.18)
w; k€S, JESK keS jES,

® >0, keS,jes
subject to o= )= ok

k
> okes Zjesk wg(‘ ) <P

and the resulting optimization can be solved using waterfilling.

We emphasize that optimization (2.18) is performed for a given user andneigke al-
location. The allocation itself could be performed in a brute-force manneohgidering all
possible sets of up td/ eigenmodes. Due to the high computational complexity of the brute-
force case (see [40]) we propose a generalization of the greedptido@lgorithm proposed
in [21]. We define7, to be the set of alK' users’ eigenmodes. Assuming < M, each
user has at mosvV eigenmodes, and there are a totalloiV eigenmodes in s€fy. On the
nth iteration, let,, be the candidate eigenmode chosen among any of the available eigenmodes
from any user. The eigenmodgis added to the set of active eigenmodes only if the weighted
throughput increases. The proposed greedy algorithm is summarizad.i2 T.

Let's consider as a special case the maximization of the sum rate, i.e. alhsser the
same QoS weights, = 1, £k = 1,..., K. On the first iteration, the selected eigenmagde
will be the globally dominant eigenmode. In other words, its eigenvalue is thedaamong
all users’ modes. Note however that the choser?seill not necessarily contain the dominant
eigenmodes of each user. Note also that not all eigenmodes will néyelssactive. Numeri-
cal examples in Section 6.5 show the distribution of allocated eigenmodesifivisrgreedy
algorithm is suboptimum, we show in Section 2.3 that it achieves a good balatveedn per-
formance and complexity. Moreover it is also totally flexible, as it can handleambination
of M, K, andN.
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Figure 2.2: Sum rate versus average SNR of each usé¥, ferM = 4 antennas anfl = 20
users.

2.3 Simulation results

In this section, we assume an independent and identically distributed comglessi@n chan-
nel (Hy](; ;) ~ CN (0,1)) where the channel matrid;, is assumed to be perfectly known
both at the transmitter and at theh receiver. In Figure 2.2 we séf = 4, N = 4andK = 20
and compare the optimum DPC, BD and MET in terms of average sum rates\eaes@ge user
SNR. We consider two types of MET: i) the general MET which allows thectiele of multi-
ple streams per user (denoted as ZF-M) and ii) a special version of MiEfereach active user
can be served only along its dominant eigenmode (denoted as ZF-1). nasleleotwo types
of BD as well, each using greedy user selection (GUS) [37]. Undel@®L%, each selected
user employs allV antennas. Under BD-RAS we use a modified version of GUS where each
candidate user selects the best subséf oéceive antennas [35]. Interestingly ZF-M gives the
best performance among the linear beamforming options, but for a moderateer of users,
e.g. K = 20, ZF-1 is already very close to the more general ZF-M. For SNRdB ZF-M
achieves about 90% of the DPC sum rate.

In Figure 2.3, we investigate the probability of mode selection for an actiee 6sr
M =4,12, N = 4, K = 5, 20, and different values of SNR. We use the greedy user and eigen-
mode selection algorithm described in Tab. 2.1 and consider the following thtegories: i)
only the dominant eigenmode is active as in ZF-1 (eigenmggd#) only one non-dominant
eigenmode (eigenmodewith i > 2) is active and iii) multiple eigenmodes are active. We
note that when the ratid// K is small, the probability of transmitting on only the dominant
eigenmode for an active user is very high. On the other hand, we note tierteral the prob-
ability of selecting a non-dominant mode or multiple modes for the same user, ssnadit
We emphasize that for a given transmission interval, MET chooses theest between:
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for an active user
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Figure 2.3: Probability of mode transmission for an actigeruwithM = 4,12, N = 4,
K = 5,20, and different values of average SNR.

i) spatially multiplexing different independent streams to only one user (SM@®Mvith spa-

tial multiplexing), ii) spatially multiplexing independent streams to different ugerdtiuser
MIMO with rank 1 transmission to each active user) or iii) a hybrid solution where some users
are served with rank transmission whereas other users receive multiple independent streams.
In other words, any "mode switching" between SU and MU MIMO is perfatiagtomatically

by the greedy eigenmode selection algorithm. We also observe that in a mutieserrio
allocating the dominant eigenmodes as done in [33] and [36], or selectingséns without
considering the problem of the eigenmode allocation [37] are clearly sulam policies.

In Figure 2.4 we compare the performance of general ZF-M and ZFet.ZF-1 power
allocation among eigenmodes is performed using waterfilling as in ZF-M, r@wigcan be
shown that a simplified algorithm which allocates equal power across mesigiésrin nearly
identical performance, especially at high SNR. We note that when theAdfid is small, the
gap between the two considered schemes is not negligible, whereashyléns large and
multiuser diversity is exploitable, the gap decreases.

Finally in Fig. 2.5 we sefi/ = N = 4, SNR= 15 dB and show the achievable sum rate
of ZF-M, ZF-1, DPC, BD-GUS and BD-RAS as a function of the numbeusdrsiK. It is
interesting to observe how ZF-M outperforms all other linear precodigesfies and achieve
a sum rate very close to the upper bound given by DPC even for mod&rategain ZF-1
provides almost the same performance of METAOtM large enough. We notice that even if
the sum rate of BD-RAS has been shown to scale optimally when the numbsersfgoes to
infinity [39], for a practical number of users it has a significant gap witthiZF-M and DPC.
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Figure 2.4: Comparison between ZF-M and ZF-1 with wateirfjlpower allocation foh! =
4,12, N = 4 andK = 5, 20.
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Figure 2.5: Sum rate versus number of ugérbor M = N = 4 andSNR = 15 dB.

2.4 Conclusions

Multiuser eigenmode transmission (MET) is a multiuser MIMO technique thatluness zero-
forcing beamforming to flexibly allocate multiple data streams to multiple users. Muitlehs
ing between single-user and multiuser transmission is based on quality weserights and
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channel measurements and is performed on a frame-by-frame basis to neatkienizeighted
sum rate. MET has the flexibility of transmitting spatially multiplexed streams to a single
user, however in moderately loaded systems, its strategy for maximizing thextitypically
results on transmitting a single stream to multiple users. Numerical results teaedMET
outperforms other state-of-the-art linear beamforming techniques afatmpevery close to

the optimum DPC in most practical network conditions.






Chapter 3

Multiuser MIMO downlink with
limited feedback and single antenna
receivers

As explained in Chapter 2, multiuser MIMO downlink systems require CSIT ligesie spatial
multiplexing across users. Differently from TDD systems where chanmalledge can be
acquired from channel estimation in the uplink, in FDD systems CSIT canta@&el only by
setting up an explicit feedback (FB) channel from each user. As thbauof bits required to
describe the channels grows as the product of the number of transnmé@ide antennas, the
channel delay spread and the number of users [41], only by a popmpienization of the FB
signalling its impact on the network throughput can be limited.

Recently, this problem has received a lot of attention and various adpeasbeen in-
vestigated including transmitter and receiver design [42], [43], [4d]ferdback optimization
in both SU and MU systems [45], [46], [47] [48]. Typically, the FB bits ased to index a
set of vectors (or codewords) in a codebabkvhich is known to the transmitter and all re-
ceivers. For exampleB bits per feedback interval can be used to index a codebook2#ith
vectors. For a transmitter, each codeword iis a multi-dimensional vector that characterizes
the MIMO channel for that user or more generally provides informatiotherreconstruction
of the user’s channel. A well-designed codebook will contain codesvitralt effectively span
the set of MIMO channels experienced by the users [46], [47]. Isyiems it has been shown
that only a few FB bits (roughly on the order of transmit antennas) argeckt® achieve near
perfect-CSIT performance. Differently in downlink channels accuchgnnel knowledge is
essential to avoid multiuser interference and a severe degradation chikgable throughput
[42], [49]. As with perfect CSIT, an opportunistic user selection apph can increase the
performance of this systems leading to asymptotically optimum performancetivdvanmber
of users goes to infinity [45],[42],[44] .

In this chapter we focus on single-antenna mobile terminals and investigagediffezent
problems: i) beamformer design, ii) channel quantization and feedbawkilsig optimization
and iii) user selection. Firstly, we revise ZF beamforming and propose aviid®E beam-
former under incomplete CSIT that takes into account the quantization @frtbe channel
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vector. Recalling a result known under perfect CSIT, MMSE BF shsigsificant perfor-
mance improvements in case of randomly selected users but gives reghiosdvith respect
to ZF BF in case of opportunistic user selection. Secondly, we proposeisa&hannel quanti-
zation techniques and feedback strategies based on the Lloyd-Mailaigz0] that exploit
both spatial and time correlation of the MIMO channel. In particular we daihierarchical
FB (HFB) approach where FB bits are accumulated over multiple signallingy&i$ein order
to index a much larger codebook. Moreover we propose new predieBvstrategies where
both transmitter and users predict the evolution of the channel vectorsansl adjusts the pre-
diction by feeding back a quantized version of the prediction error to therriter. Finally
we propose two greedy user selection algorithms based on [21] thatrelseos FB and show
improved performance with respect to state-of-the-art algorithms. Nuaheesults provide
an useful comparison between the proposed schemes.

The chapter is organized as follows. Section 3.1 introduces the systen fooa®lMO
BC with limited uplink feedback and Section 3.2 derives ZF and MMSE beamfstpeo-
viding for both techniques tight approximations of the users’ estimated athegignal-to-
interference plus noise ratio (SINR). Then, Section 3.3 addressesdbkms of channel
guantization and optimization of the FB signalling, while Section 3.4 proposelgreser se-
lection algorithms for the maximization of the achievable throughput. Numericapadsons
of the proposed techniques are given in Section 3.5 and Section 3.6 desche chapter
summarizing the main findings.

Some of the material in this chapter has been published in [50], [51], [E2]%8]. More-
over part of the results was presented at the 3GPP long term evoluti@) (h&etings [54],
[55].

3.1 System model

We consider the downlink of a cellular system where a transmitterMiaantennas and<
users have one antenna each, e.= 1. Transmission is performed in time slots of siZe
and in each time slot users feed back a partial CSl, which is used by tsenitter to schedule
downlink transmissions and design the beamformer. The transmitted sigral the signal
received by usek, yi, are modelled as in (2.2) and (2.1), respectively, with= 1 for each
selected user. Sinc¥ = 1 we denote the channel and beamformer of usas thel x M
vectorhy(n) and theM x 1 vectorgy(n), respectively. From (2.2) and (2.1) the achievable
SINR for userk is given by

by (n)gx(n)]?
SINR;(n) = . 3.1
My s P G
i€S(n)\{k}
Under Gaussian codes and minimum-distance decoding, the achievabte taert: is given
by
Ry (n) =log(1 + SINRg(n)) . (3.2)

The transmission strategy we propose develops in three phases: itliaengl estimation
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and FB of channel information to the transmitter, ii) user selection and bear@fatesign at
the transmitter and iii) users data demodulation.

In the first phase each user perfectly measures its channel gdtoy once a slot, based
on pilot signals transmitted on each of thé antennas. In particular, as in [42], we assume
that each user estimates two quantitigghe channel direction information (CDI), namely

- hy(n)

P = (ol ¢2)
andii) a channel quality information (CQI) related to the user’s achievable ragzura-
lently its SINR. Each user feeds back to the transmitter a quantized versibe DI and
the unquantized CQI assuming a zero-delay and error free uplink ¢eh@anel. The CDI
FB consists ofB bits per slot, used at the transmitter to reconstruct user’s channel vEotor
channel reconstruction algorithm depends on the FB strategy adopéseers. For instance,
for the basic FB (BFB) strategy (see also Section 3.3.1) the channetioliréx quantized ac-
cording to minimal chordal distance [42] using a codebook &{thunit-norm codewords. In
this case the index of the best codeword is fed back to the transmitter aszqda@DI and
the reconstructed channel is simply the best codeword. More detail$ thigoproposed FB
strategies are given in Section 3.3. We note that the unit-norm reconstalzenel vectors of
all users are stored at the transmitter into the matrix

H=[h(n)",... hg(n)]". (3.4)

In phase 2, the transmitter uses the CQI and CDI information from all rexsete determine

the set of active usetS and the precoding vectogs,, k € S for each data strean),. In phase

3, each user it estimates its equivalent channel using dedicated pilots [49] and demodulates
the data.

We notice that the actual achievable rate of a served user in phase 3diatiof its MISO
channel, the transmit beamforming weights and the residual multiuser interéeréuring
phase 1, a user does not haveriori knowledge of the CDI vectors for the other usersSin
and hence it cannot know what the beamforming weights or interfereitideew\We therefore
propose to use thexpectedSINR as the CQI by making a judicious prediction on the inter-
ference statistics. We notice that in cellular standards, the quantizationlde€dpack uses
a large number of bits in order to closely match the channel quality with a fimeilgwdty of
modulation and coding options. We use this observation to justify our assuntimpditime CQI
is an unquantized analog value. This is a typical assumption found in litefdfré9].

We notice that the transmitter does not have an exact knowledge of theaubigeate
(3.2) which could be obtained only after a second uplink FB from usées pliase 3. On the
other hand, practical systems such as 1XEV-DO [56] make use of tastiiental redundancy
coding in order to cope with residual channel uncertainty, i.e. the aféectbding rate is
adapted such that, eventually, it is slightly less than (3.2) even though thedatisrknown.
Asin[42, 43, 49] we optimistically assume that thanks to fast incrementahdaohey or some
other higher level medium access protocol (3.2) is achievable.
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3.2 Beamformer design

In this section we briefly review ZF BF and derive a new MMSE BF undeonmalete CSI
assumptions. For ease of notation we drop the slot imdex

3.2.1 Zero-forcing beamforming

Let us denote witiHI(S) the matrix containing as rows the reconstructed channel vectors of
the selected users. By denoting wi#i(S) = H(S)! the right pseudo-inverse &i(S) the ZF
transmit matrix is given by

G(S) = W(S)diagp)"/?

() (E(S)ES)) " diagp)? &9

wherep is the vector of power normalization coefficients imposing the power consffagm
the transmitted signal. Under the assumption of equal power distributionsacsessp has

element$
P

S [lwl[*
wherewy, is the k-th column of W(S). We recall that, by constructiow, is orthogonal to

h! fori € S\ {k} and|hywy| = 1 for everyk. We also note that the computation@{S)
requires only the CDI feedback from the terminals.

PE = (3.6)

CQlI feedback

As explained in Section 3.4 the proposed user selection algorithms requitbdéhaansmit-
ter can estimate the achievable user rates (3.2), i.e. the SINRs (3.1). lalltveirig we
derive various approximations of the expected SINR. We emphasize thantiysis we de-
velop is based on the following assumptions: i) Rayleigh fading channels withelecthents
~ CN(0,1) ii) basic FB strategy iii) quantization error vector isotropically distributed in the
hyperspace orthogonal to the selected codeword iv) independégib@oks for different users.
As a consequence it strictly holds for random vector quantization (R¥£})(fee also Section
3.3.1) but it also provides a good approximation for BFB in case of welgded codebooks
and largeB. Numerical simulations revealed that the proposed analysis gives a tigtuap
mation even for other FB strategies explained in Section 3.3.

Let us define the anglé. < [0, 7/2] between complex vectots, andhy,, such that

cos O, = [hyhi| . (3.7)

One naive approach is for the transmitter to assume that there is no quantezatiom
the CDI report, such thah,w;| ~ 0 fori € S\ {k}, and|hywy| ~ ||hg|| cos . In other

This last restriction is clearly sub-optimum but allows to derive a goodagapation of the expected SINR of
each user that otherwise would be difficult to predict. Moreover, afiegin Chapter 2 under perfect CSIT, there
is marginal loss in achievable throughput when considering ZF with quuaér allocation instead of optimum
water-filling power allocation.



3.2. Beamformer design 21

words, the channelk; are approximated with the projection along their quantized direction.
With this assumption (3.1) can be roughly approximated as

SINRy, ~ py||hy||? cos? 6, 2 475D (3.8)

As p; are known to the transmitter, wherelg is perfectly known only at the receiver, the
required CQI feedback from the terminals wouldgdgh;,) = ||hy||? cos? 6.

One better approximation can be derived by taking into account the quéaotizaror,
defined as;, = hy, — (hyhf)hy, with square nornile||> = sin? 6. Let us introduce the
unit-norm vectorss;, = e, /||ex|| andw;, = wy/||wg||. Then, by decomposinly, as

hy, = (hyhi )by, + e (3.9)
(3.1) can be rewritten as

2

SINR 57|l | (b (hyoy) + e 3.10

L |S\Hhk‘|25m O > |erw;|? (3.10)
i€S\{k}

Let us focus on the term at the numerator. 3ay= [0, 7/2] the angle between vectdhg and
wi, Which is in general non-zefpthen by construction of the ZF beamformer

COS ¢k = ‘Bk‘i’k’ = (3.11)

Wl
Moreover, if¢y, is small enough, i.e. the users selected for transmissions have neartyasrého
reported channels, thieth error vector is orthogonal to thieth beamforming vector such that
we can approximate

ekv~vk ~0. (312)

We now focus on the sum at the denominator of (3.10). The unit vegtaadw; are both
isotropically distributed on théM — 1)-dimensional hyperplane orthogonallip. Moreover,
as the directional distribution af; on this hyperplane depends only bpfor j € S\ {k, i},
it follows thatw; is independent of the quantization erggy, for any: # k. Hence, the inner
product|/é,w;| is Beta-distributed with parametefs M — 1), and mean valug¢/(M —1). By
taking the expectation of (3.10) w.r.t. the interference term and noticing th&IMR function
is monotonic with this term, Jensen’s inequality yields the following lower-bound

2
%HthQ ‘(hk ) (hpwy) + e/ch‘

E[SINR,] >

%HthZSln QkE

2. ékvViP]

ieS\{k}
5 B2 | (BB f) (Biw) + e

S|—-1 .
1+ & 5= by 2 sin? 6

(3.13)
‘2

2¢r = 0 only if hy, is orthogonal tch, forall i € S\ {k}.
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] Feedback methods for ZF precoder

Method 1
g(hg) SINR;, approximation
||h|[* cos® B, ’Y;EZF’D = prg(hy)
Method 2
g(hg) E [SINR;] lower bound
L= ]}|th| 2 COS.2 92k %gZF,Q) _ Lg(hk)
1+ 7|[hg[? sin® 0, |S][[w ||
Method 3
g1(hg) g2(hy) E [SINRg] lower bound
el | cos?oy [ 4f7n? = —RellbulPeos by
L+ & 5T g 2 sin? 6

Table 3.1: Feedback methods and SINR estimation methods.

From (3.13), using (3.11) and the approximation (3.12) we get the following

h 2 20 )
E[SINR,] 3 — PellbullTeos™0e 4 (zrs) (3.14)

L+ & T by 2 sin? 6

As the cardinality ofS is unknown to the terminals, the only way for the transmitter to
compute (3.14) is by having the terminals report the square amplitude of thaedhah||?,
and the square amplitude of the quantization efteg)|? (or, equivalentlycos? #) separately
This implies that each terminal has to sewd CQI values, thus if the CQI are to be quantized
with a finite number of bits, the precision of the reported CQI’s is necessadlyced compared
to the single CQI case.

One way of reducing the CQI report to one value is by further lowerdmg (3.14), by
noticing that(i — 1) /i < (M — 1)/M for all i < M. Therefore, from3.14) we get

by || cos? 6
E[SINR,] 2 -~ PelPelCeos 0 czrz) (3.15)
= 1+ 7! hg]? sin® 6y,

It is straightforward to show that,(CZ F2) represents the exact SINR of théh receiver

when the CDIs of the selected users form a setlobrthogonal vectors. In fact in this case the
precoding vectors are simply the CDIs of the selected users recondtinctbe transmitter,
i.e. wi = hy, the error vectoe, becomes strictly orthogonal to ti¢h precoding vector, i.e.
ellw, =0,and 3 |[efw;> = |lefl||*> = 1. Under this simplification, (3.10) reduces to
ieS\{k}

(3.15).

In Table 3.1, we summarize the CQI expressions and the SINR estimates ofttines
different approaches. The estimated throughput achieved by usirith tmethod is given by

RFD (8) =Y log, (1 n fy,iZF’”) (3.16)
keS
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Where%iZF’i), 1 =1,3,2 are defined in (3.8), (3.14) and (3.15), respectively.

3.2.2 MMSE beamforming

Differently from ZF BF, MMSE BF aims at minimizing the sum mean square eMSK) of
the received signals. To this end, we first decompose the channet veletiive to usef into
two orthogonal vector, ande,,, parallel and orthogonal th;,, respectively, with

hy, = [[hy[| (fe + €x) (3.17)
wheref;, = cos 0, h;, and we recaltos 6, = [hyh!!|. Let also defind® = [f], ..., fﬁ;l}T and
E=I[,. .., e%|]T. We assume that usérdivides the received signal b3} |h;||, whereg is
a power normalization coefficient. In this case, by defifg- diag(||h]|, ..., ||h|$‘||), the

normalized received signal can be written as
y = (F+E)G(S)d + 5 'N'n. (3.18)

The problem to be solved for linear MMSE-BF design is the joint optimizatiotQf)
andg in order to minimize the MSE U ly' —d| \2] under the sum power constraint, i.e.

GWMMSE)(§)  — argminE{Hy’—dHﬂ (3.19a)
G,3

)

E[|Gd]?]

IN

P (3.19b)

We notice that, differently from ZF-BF, in (3.19) we are not imposing ega&ler allocation
among the selected users. Moreover the expectation in (3.19a) is takeresptct to data,
noise and the direction of the error vectess while from (3.17) we observe thélle,||? =
sin?(6;). The solution of (3.19) is provided in Theorem 1 whose proof is givenppekdix
Al

Theorem 1 Let us define the normalized matrix

2 -1
G = [FHF +R+ O;)VI} FH (3.20)

whereR = E[E”E] ando% = >, ¢ HhiHQ. The minimizings in (3.19) is given by

P
== 3.21
7=\ @) (3:21)

which leads to the MMSE-BF
GWMMSE) _ 3G . (3.22)

O
The error correlation matriR can be computed numerically as a function of the channel
guantization codebook. In Lemma 1 we characteRzeinder realistic assumptions for the
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channel quantization error. The proof of Lemma 1 is given in Appendix A.2

Lemma 1 Let us assume that, are statistically uncorrelated and that the unit-norm vector
éx = €1/||ex|| assumes all directions orthogonal k. with equal probability. We have

S|
R =E[E"E] =) sin*(6,)A{EA,, (3.23)
k=1
whereE is a diagonal matrix with entries
— 1 — 1
(Elpp = owe P <M-1, [Elyam1= SM—3 (3.24)

Ay isan(M — 1) x M matrix having as rows a base of the space orthogonal;tand
E[efé) = ATEA,. (3.25)

O
For MMSE-BF the SINR relative to usércan be written as

Hhk\|2\ (flk cos Oy, + € sinHk) gk|2

SINR,, = i k) ,
1+ ||hg|[? Zi#k | (hk cos 0y, + €, smﬁk) gi|?

(3.26)

Neglecting the second term in the numerator of (3.26),d;@5; ~ 0, and taking the expecta-
tion with respect to the interference term in the denominator of (3.26), wénobta

(MMSE) ||| |? cos? | hy.g |
g L[y cos? Ok Yo,y [higil? + (b2 sin® 0, Y-, g7 E [ €] g
(3.27)
Note that for the MMSE-BF design, the transmitter must know two CQIs be@ivid i) the
channel nornmy; (hy) = ||hg|| and ii) the correlatioryz(hy) = cos 6. Therefore each user
should use Method 3 of Tab. 3.1 for CSI FB.
The estimated throughput with MMSE beamforming is given by
RMMSE) (g Z log, ( n ,_ykMMSE)> (3.28)

keS

3.3 CDI feedback strategies

In this section we proposedifferent CDI FB strategies: i) Basic Feedback (BFB), ii) Hierar-
chical Feedback (HFB), iii) Predictive Feedback with quantization of thar @ector (QEV),
and iv) Predictive Feedback with Unitary Rotation Matrix (RM). A numermainparison of
the proposed strategies is given later in Section 3.5.2.

3.3.1 Basic feedback signaling

In the baS|c feedback Signalling (BFB), usequantizes the “direction” of its channel vector,

hy, = I kH’ to a unit norm vectoh;,, selected from a codebook. We can have either a differ-
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ent quantization codeboak, = {cy,1,...,c; o5} for each user, wher® is the number of
quantization bits and,, ; areM x 1 unit-norm vectors, or the same codebook for all users, i.e.
C, =C,k=1,..., K. The quantization criterion is minimughordal distancd&see e.g. [42]
for a general definition),

hy, = arg max \flkckH]] : (3.29)

{ck,;1ECK

which maximizes the CQI of usérin case of ZF BF (see (3.15)). Each user shares knowledge
of its codebook with the transmitter, and feeds back the channel quantizatiex, which
requiresB bits per mobile. In BFB the reconstructed channel of usisrsimplyhy, = hy.

We consider two different codebooks: i) RVQ and ii) Lloyd-Max basedebook. In
RVQ the28 quantization codewords are independently chosen from an isotropiibuitn
on theM -dimensional unit sphere. As pointed out in [42], since any reasonailydesigned
codebook should perform at least as well as RVQ, RVQ gives a loaendin terms of per-
formance.

Alternatively, codebook design can be performed following the Lloydlslgorithm [57]
that for a given performance metrﬁqﬁk,ci) derives the optimum codebook that maximizes
the expectation ofi(hy, ¢;), i.e.

max E[u(hg, c;)] . (3.30)

In particular we use the Linde, Buzo and Gray (LBG) approach [58], shibstitutes the ex-
pectation in (3.30) by a sample average. In details, the LBG algorithm ceossidarge set
of Nrg channel realizationgh;, }, referred as training set (TSand derives with an iterative
approach the optimum codebook which maximizes the average averagenmerte metrit

2B
1 ~
max — > D wlhgei), (3.31)
1=1 hyeR;
whereC = {ci,co,...,cyn} is the generic codebook afd; is the partition region of the

training set associated to codeward

Since system performance is measured in terms of the achievable sum2jata ¢3iterion
for codebook design is the maximization of the average CQI, e.g (3.15H®&* This could
be done only by numerical methods but there is no guarantee of coneerg#/e notice that for
a given channel realization, (3.15) is maximized by choosing the codewydhét maximizes
the correlation

p(hy,c;) = [hyef*. (3.32)

Therefore we use (3.32) as suboptimum performance metric for cokdelesmn in (3.31).

3The size of TS has to scale at least linearly with the number of desired/oodieto achieve good performance
[20], hence the complexity of codebook design scales at least empalhe with the number of feedback bits.
Nevertheless codebook generation can be performed off-line atebooks can be uploaded from the base station.
Therefore the complexity of the algorithm is not an issue.

“We recall that the LBG algorithm converges to a maximum that is not gtesdito be global, nevertheless it
provides a practical way for codebook design even when the PDF abilree signal is not known or difficult to
characterize.
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3.3.2 Hierarchical feedback

In BFB, the time correlation of the MIMO channel is not exploited. If the ¢ters chang-
ing sufficiently slowly, the mobile CDI feedback could be aggregated ovdiipteufeedback
intervals so that the aggregated bits index a larger codebook. In genknager codebook im-
plies more accurate knowledge of the MIMO channel at the transmittettingsin improved
throughput. By aggregating the feedback bits over multiple intervals, thewards can be
arranged in a hierarchical tree structure so that the feedback oemigierval is an index of
codewords that are the "children nodes" of a codeword indexeddvyours feedback. Based on
these considerations we propose an alternative hierarchical FB gt(atEg) that adopts an
incremental feedback approach for the update of the reconstrucedelat the transmitter.

As in BFB, in HFB search, usér quantizesﬁk to a unit norm vectoﬁk. selected from a
codebookC of 28max unit norm codevectors and using (3.29) as quantization rule. Note that
here Bmax can be larger than the FB codeword length

Codebook Design

We consider a variant of the LBG algorithm that proceeds iteratively Bidex the codebook
design, according to the following steps:

1. From the TS, compute the optimum codebook with two codevectors by theald
rithm;

2. Splitthe TS into two subsets, where each subset collects all the chaatals in TS at
minimum chordal distance from the corresponding codevectors;

3. Recursively iterate steps 1) and 2) to each of the subsets of TS.

This binary construction procedure can be represented by a binargftie levels, having at
leveli the codewords of the optimal codebook wihelements.

With the designed codebook, quantization can be performed with a binarghsen the
tree, thus requiring a lower computation complexity than conventional quaatizat the
expense of a larger memory and a little decrease in quantization performampared to a
full tree brute force search.

As shown in Figure 3.1 for the case Bf,,. = 6, a binary representation (codeword) of
each codevector is obtained by associating a bit to each of the two bsagxitieg a node and
identifying a node at level with the i bits on the branches leading from the root to the node
itself. As a consequence, all nodes of the subtree departing fromeaatddveli have the
samei most significant bits. The codeword of- 1 bits associated to a channel vector can be
obtained by adding one bit to the channel vector representation Wwit.

Moreover, slight changes of the channel in subsequent time slots nuixilly lead to
codewords with the same most significant bits. This feature is the key asptw HFB
signaling.
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Level 2
|
10]
Level 4 10
0
T —
M
i
Level 6
0
\/

Figure 3.1: Example of tree structure for the LBG-based bodk with B,,,,. = 6 levels
andB = 3 bits per feedback interval. Each tree node in levels 2 andvé 3! = 4
descendants. Starting from the codeword labgledl] in level 4, all codewords from level 2
and descendants @001] in level 6 are considered as candidate codewords for thetinegst
slot. If the codeword labelefl1] is the best, then the feedback181] where the first bit
represents an "up" transition and the remaining (bitgive the selected codeword at level 2.
If the codeword labelef)00110] is the best, then the feedbackig0] where the first bid
represents a "down" transition and the remaining titgive the selected codeword which is
the descendant ¢6001].

HFB feedback signaling

We assume that at slet— 1, both transmitter and usérshare the reconstructed channel vector
hy(n — 1), represented by a binary word of variable lengitiin — 1).

At slot n, userk quantizeshy(n) into hy(n) and compare the first,(n — 1) bits of the
binary representations f,(n) andhy,(n—1). The comparison leads to two cases, correspond-
ing to a matchPown casgor no match Up Cas¢ between the two sequences. ligin) be
the binary word ofB bits fed back by usekt at time slotn. The first bitiy, ; (n) denotes the Up
or Down case. The following bits are determined as follows:

e Down CaseThe CSlis refined by feeding back furthBr— 1 bits of theB,,,,..-bits code-
word. These additional bits are obtained by going dowmBby 1 levels into the quanti-
zation tree. This is performed by feeding back bits at posifigim — 1) +1,. .., Ls(n—
1)+ B —1 of the codeword associatedti(n). Moreover,L(n) = Ly(n—1)+ B —1.

e Up Case. The CSI must be updated and tie— 1 bits Ly(n — 1) — 2(B — 1) +
1,...,Ls(n—1) — B+ 1 of the B,,,,, bit codeword associated m(n) are fed back to
transmitter. Now/Ls(n) = Ls(n — 1) — B + 1.

The proposed algorithm can be easily generalized to account for Bpuadnditions im-
posing thatB — 1 < Ls(n) < Bmae- Thanks to this strategy we are able to track channel
variations at the cost of an overhead of one flag bit.
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Figure 3.2: Predictive FB (PFB).

3.3.3 Predictive feedback with quantization of the error vetor (QEV)

In this section we propose an alternative predictive FB (PFB) strategyentdhannel quanti-
zation and CSI FB is based on predictive vector quantization. As in HFBwatexploiting
the time-correlation of the channel across different slots.

As depicted in Fig. 3.2, at slot, both transmitter and user obtain a predicthiﬁ) (n) of
the channel directiohy,(n), based on past reproduced valgiag (m) , m < n}. For example,
a simple first order linear predictor yields

h") (n) = hy(n—1) (3.33)

where only the previous CSl value is used for prediction. Next, eachqusetizes the predic-
tion errorey,(n) = hy(n) — h,(f) (n) and feeds back to the transmitig(n), a binary represen-
tation of the quantized vector erréf(n) using B bits. Both transmitter and user update the
reproduced channel vectar,(n) by combining the prediction with the quantized prediction
error, i.e.,

(p) -
By (n) = — )(”) touln) (3.34)
0P (n) + ex(n)]
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denoted as-/||.|| in Fig. 3.2.

The codebook of the prediction error quantizer is designed with the aim afnizing the
mean square errdi[||e, — c;||%]. As in HFB we consider the generalized LBG algorithm [58].
We follow the open loop approach, hence from a training hgtn)} we first obtain the set of
channel predictions and channel prediction erfergn)}, which are then used to design the
codebook using the LBG algorithm.

3.3.4 Predictive feedback with unitary rotation matrix (RM)

In this section we describe an alternative FB technique still based on cationtinf the pre-
diction error but using quantization and prediction rules different froensitheme in Section
3.3.3. At slotn, both transmitter and usérobtain a predictiorh,(f) (n) of the CDIhy(n),
based on past reconstructed vectphg (m), m < n}. As in Section 3.3.3 we consider a
simple first order linear predictor (3.33). We note that, since CDIs arenonih vectors, this
predictor is the optimal first order predictor for the minimization of the choddalnce.

Sincehff) (n) andhy,(n) are unit-norm vectors, we model the prediction error as a rotation
vector from the predicted vectthlép )(n) to the true normalized channel vecioy(n).

In details, at slot both userk and transmitter derive in the complex hypersp&¢€<! of
the MIMO channel a unitary basis whose first element is given by thécmefeti/ectom,(f) (n).
This is done by computing the unitafy’ x M matrix Z;(n) obtained by the Gram-Schmidt
orthogonalization procedure [20] applied to the columnsfehéf) (n) I], wherely, is the
M x M identity matrix. With this definition the componentsh)f’) (n) in the new basis are
contained in the constant vector= Zk(n)Hh,(f’)(n) =[10 ... 0]T, while the prediction error
vector is defined as

ex(n) = Z/ (n)hy(n). (3.35)

Let éx(n) be the quantized version ef.(n) fed back to the transmitter. The reconstructed
vector is defined as
hy.(n) = Zy(n)é(n) . (3.36)

We note thakey(n) is expected to lie with high probability in an hyper-cone centered around
the constant vectdt, 0, . . ., 0]7 and whose surface area, although depending on channel time
correlation, is usually much smaller than the complete surface area of theyunipar-sphere
described byhy(n). This suggests that for a target quantization distortion we need fewer
codewords to quantize the prediction ereg(n) than what we would need to quantiag(n)
as in RVQ [42] or Grassmannian line packing [46].

For codebook design we use the LBG algorithm. In this case, from (3r82]336) the
metric to be maximized is given by

ulh(n),c) = B (n)Z(n)e|

= "z (n)h(n)hf (n)Z(n)c . (3.37)

5The feedback scheme described in this section is similar to the techniquesprbin [59] but has been derived
in a completely independent way
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1: INIT: Ag «— {1,..., K},
2: 81 < arg max ’y,iZF’Q)

keAy
3 81— {s1}
4: for n =2to M do
5:

Ap —{ke A1 |l_1k}_1£\ <ej=1,...n} (3.39)

6: if |A,| = 0then
7: S—S5,1
8: break
9: else 22
10: Sp, «— arg 1?61?4}5 o
11: S,8p — Sp—1U{sp}
12: end if
13: end for

Table 3.2: Pseudo-code of SUS.

We follow the open loop approach, hence from a sequence of cheguters{h(n)} we derive
the set of channel predictiof&?) (n)}, which are used to compu{&(n)} in (3.37).
We notice that if we define th&/ x M complex matrix relative to the partition regiagy

of the training set

A= ) z"(n)h(n)h" (n)Z(n), (3.38)

h(n)er;

it's easy to show from (3.31) and (3.37) that the optimum codeword fordh&ipn regionR;
is the dominant eigenvector of matr; normalized to unit norm.

3.4 User selection schemes

In this section, after a quick review of the user-selection scheme adop2]jnve introduce
our greedy user-selection algorithms. We notice that all algorithms aim at maxintiee sum
rate of the system, nevertheless they can be easily generalized to a weigimteate criterion
as in Chapter 2.

3.4.1 Semi-orthogonal user selection (SUS): review

Using both CQIs and CDIs from all th& users, the transmitter performs a semi-orthogonal
user selection (SUS) algorithm [42] to support upMousers in each time slot. In more de-
tails, SUS sets a parametethat establishes the maximum spatial correlation allowed between
reconstructed user channels. At stepfirstly it selects among the remaining users the set
A,, of users having small correlation with already selected users. Thenadsebdhe user
with largest CQI in the se#l,,. By using this heuristic algorithm the transmitter selects only
semi-orthogonal users with large CQI. The SUS algorithm is outlined in Tab. 3
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1 INIT: Sy — 0, U «— {1,...,K}, R () — 0
2: for n =1to M do

3:
- ()

Sy, «— arg uegl\%}iq RY (S,—1 U{u}) (3.40)
4: if R9(S,_1U{s,}) < RY (S, 1) then
5: S—S,1
6: break
7: else
8: S, S, —S,1U {Sn}
9: end if
10: end for

Table 3.3: Pseudo-code of Algorithhfor user selection.

3.4.2 Improved user selection schemes

The SUS algorithm depends on the correlation parametehich must bet set beforehand.
Its value is difficult to optimize, indeed, if it is chosen too small, there are dwtiat very
few users are scheduled for transmission. On the other hand, if it iedixcgy large, the
transmitter may select unwanted users that cause too much interference.

Here we propose two greedy user selection algorithms using quantizégv@fich, unlike
the SUS algorithm, do not depend on design parameters. Both algorithme caedbin case
of ZF and MMSE beamforming and in combination with any of the signalling teclesiau
Table 3.1. The proposals generalize the algorithm proposed in [21} timel@ssumption of
perfect CSIT.

In Algorithm 1, users are added successively one at a time, up to a maximh ibfthe
estimated achievable throughput is increased. The pseudo-code fuitiAdg 1 is given in
Tab. 3.3.

As explained in the numerical results, when Algorithm 1 is used with the moraatec
SINR approximation given by Method 3, the system does not become ietiecke limited for
increasing SNR as it happens with Methods 1 and 2. Indeed, for hight®RZF BF and
MMSE BF achieve the same sum rate of a simpler transmission scheme that celywéhe
best user in each time slot, which we denote as time division multiple access (J.DivfAct,
if the number of quantization bits is small and kept constant with SNR, evenfaaljgh SNR
transmitting to the best user using a TDMA approach turns out to be optimunms tdrsum
rate. Unfortunately, the user selection Algorithm 1 applied jointly with Methodd®ices the
number of active users at high SNR, but performs worse than with M&lothe intermediate
SNR region.

In order to overcome this drawback we propose a novel user selecticmamiem (Algo-
rithm 2) which leads to an increment of the average number of selectesl uskgorithm 2
can be explained by representing the possible sets of selected uséhaspatree of depth
min{M, K} (see Figure 3.3). The number of nodes atithiéy level of the tree |§KKf'n), The
greedy selection Algorithm 1 performs a very limited search, just E@E{M’K} (K—n+1)
nodes. Our goal is to improve Algorithm 1 without adding much complexity.
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Figure 3.3: Representation as a tree search of Algorithnn @der selection.

Let us definel = {1,..., K} and consider a given path,_; of length(n — 1). We
introduce an ordering of the nodes at levebelonging to the same subtree 8§, and
indicate these nodes d.s, ()},_1._\s,_,» Such thatR®)(S, 1 U {Ls,(1)}) > ... >
RO(S, 1U{Ls,(k)}) >...> RO(S, 1U{Ls, (|[U\S,_1])}). When exploring a subtree of
Ls,_,(j), if the conditionR® (S, _; U Ls, (1)) < R (S,_1) is met, instead of stopping the
search as in Algorithm 1 and takif,_; as the final set of active users, we go back by one level
and start exploring the “second best” subtree, by seSiing = S,,_2ULs,_,(j+1). In order
to keep control of the maximum number of visited nodes, we use the paramgigr, which
represents the maximum number of trees (or backward steps) beingsiutigesearched. The
pseudo-code of Algorithr is shown in Tab. 3.4.

In Fig. 3.4, we consided = 4, K = 20, B = 8, hy ~ CN(0,I) and ZF beamforming
and compare the average number of users selected by the two algorithfosetsan of SNR.

We notice that Algorithm 2 selects a larger number of users with respect twitklign 1. In
particular with SNR= 25 dB Algorithm 2 increases the number of selected users with respect
to Algorithm 1 by almost a factor o2.

3.5 Simulation results

In this section we compare the proposed solutions for i) user selection, life@Dback and
iii) beamformer design, by means of numerical simulations.

3.5.1 Greedy user selection vs SUS

We consider a flat Rayleigh fading channel model with i.i.d. elementdyi.ec CN(0,1).
Adopting ZF beamforming and simple RVQ, in Figs. 3.5 and 3.6 we compare thealsetion
schemes proposed in Section 3.4 in terms of sum rate vs. SNR fer 20 users,M = 4
antennas ané® = 4, 8 bits.

In Fig. 3.5 we compare Algorithnh for user selection (see Table 3.3) with SUS for the
three CQI methods summarized in Table 3.1. As terms of comparison we alscetickidum
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1 INIT: Sg — 0, U « {1,..., K}, R9 (Sy) « 0, nps «— 1
2: forn=1to M do 4
3: Ls, — argsort { R (S, U {u})}

weU\Sp—1
4: pogn| < 1
5: Sp — Sp—1ULg, (1)
6: if R() (Sn) < R (Sn—1) & nps < mpg,y, . then
7: BACKOFF « 1,1+ n—1,80mws) — S,
8: while BACKOFF & [ > 0do
o: pog!] « pogl] + 1
10: if posii<|Ls,| & R™(S,_1ULs,[POSI])>RD(S,—1) then
11 BACKOFF « 0, npg «+— nps + 1,
12: S; — 8-1 U Lg,[pogl]], n <1
13: else
14: [—1—-1
15: end if
16: end while
17: end if
18: end for
19: S «—arg ~ max RO (sW))

Table 3.4: Pseudo-code of Algorithirfor user selection.

rate achievable with TDMA and ZF BF (see also Chapter 2), both understhergption of
perfect CSIT. For the SUS algorithm, we get= 0.4, which was empirically found to be a
good choice. The optimization ef however, remains an open problem.

We observe that Methotigenerally yields very poor performance. For low SNR, Method
2 outperforms all the other schemes at all feedback rBteslowever, at high SNR, Method
2 tends to allocate too many users and the system becomes interference lineitefyré) at
certain SNR depending on the number of FB bits, TDMA becomes preferihiedepends on
the fact that the SINR lower-bound used by Method 2 is tight for a numfeertive users close
to M but is loose for few active users (one or two), therefore the systamgly estimates the
sum-rate at high SNR, where in fact TDMA eventually becomes optinfhis problem can
be partially solved using Methat] where a better approximation of the SINRs is guaranteed
in each step of Algorithm 1 for user selection. However, for the reaalveady mentioned in
Section 3.4 we observe that at intermediate SNR Methodtperforms Method.

In order to improve performance of Meth@dat intermediate SNR we use Algorithin
for user selection (see Table 3.4). In Figure 3.6 we can see how simulatisults confirm
the considerations in Section 3.4 concerning the improvements of Algogithwar Algorithm
1. We emphasize that by using Algorithtnand Method3, the saturation of the sum rate is
avoided and we are able to achieve very good performance over alNfRea&hge. Notice that
the maximum number of backward steps used for the results of Fig. 8e§,jg = 5.

5This is true only for a number of feedback bits fixed with the SNR.
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Figure 3.4: Average number of allocated users vs SNRxfor 20 for M = 4, B = 8 and
ZF beamforming. SINRs have been calculated by using Method
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Figure 3.5: Average throughput vs SNR fof = 4, K = 20 andB = 4,8. Comparison
between the proposed techniques and SUS [42].

3.5.2 Comparison between CDI feedback strategies

We still consider a transmitter equipped witlh = 4 antennas and{ = 20 users. Differ-
ently from Section 3.5.1 the channel is modellediae-variantwithin each time slot and flat
Rayleigh fading, according to the spatial channel model (SCM) [60& derrier frequency is
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Figure 3.6: Average throughput vs SNR fof = 4, K = 20, B = 4,8 andnpg,,, = 5.
Comparison between Algorithinand Algorithm?2.

2 GHz, the transmission bandwidth is 5 MHz and the distance between two @tdjasesmit
antennas is 10 wavelength. The time slot duratiofi is 0.5 ms and each user transmits the
FB once per slot. The transmitter performs user selection according toithigat, computes
the CQI feedback as in Method 2, and designs the ZF beamformer at tinainegof the time
slot, keeping it unchanged for the whole time slot. Under this setting the abléesam rate
is determined as

S(n)]
E| > Re(t)], (3.41)
k=1

with Ry (t) the achievable rate of uskrat timet of slotn, i.e.,

Ry, (t) = logy [1 + SINR, ()] (3.42)

and extending (3.1) to time variant channels inside a time slot,

by, () gr(n)|?

I+ 3 (i)
ieS(m)\{k}

SINR,(t) = (3.43)

For the HFB strategy, the largest codebook sizB,js,, = 12, corresponding to a tree witt2
levels. The codebook for QEV and RM is designed from a TS composeltboinel vectors of
the SCM for users moving &t 50 and130 km/h with equal probability.

We compare the following FB strategies: 1) BFB with RVQ, 2) BFB with LBGduhs
codebook, 3) HFB with linear search of the best codeword, 4) QEV wisingle holder
as predictor, 5) RM with a simple holder as predictor, 6) ZF BF with perf&iTGPCSIT)
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Figure 3.7: Sum rate as a function of SNR for the BFB strategiy)g RVQ and LBG quanti-
zation methods. Channel with block fading= 130 km/h.

which gives an upper bound for the achievable sum rate. Moreavézra of comparison we
include 7) Predictive FB with state evolution (PFB-SE), a recursivelfaekireduction method
based on [61]. This scheme has been proposed to exploit the corradftimmchannel in the
frequency domain for a MIMO OFDM system. The same approach candakisur scenario
to exploit the channel correlation in the time domain. Quantization is performedtlgion
hy;,(n) using a time variant quantizer. At slat = 1 user quantizedy, (1) according to the
minimal chordal distance (3.29) for a codebabkomposed o2?" codewords. In general, say
c the codeword used at slat— 1, at slotn user uses a codebodk containing only the2?
codewords of’ at minimal chordal distance from In the simulations we usB’ = B + 8.

In Fig. 3.7 we compare BFB with RVQ and BFB with LBG, in terms of sum rate as a
function of SNR for a block fading (BF) channel (i.e., assuming the celanmariant during a
time slot). Performance is evaluated for different FB [itand the sum rate achievable with
ZF BF and PCSIT is added as an upper bound. We note that LBG-badebaok outperforms
RVQ for any SNR condition and FB rate thanks to its capability of better explditiegpatial
correlation of the channel. Moreover as in Figs. 3.5 and 3.6 the sum @ttuelly saturates
for high SNR, due to quantization errors that lead to inaccurate ZF beawnmigpand multiuser
interference. From results not reported here it is also seen that whehannel is time vary-
ing within a slot, both LBG an RVQ show a performance degradation with cespeblock
fading, since the beamformer design is for outdated channel vectongeudq the LBG-based
codebook still yields an higher sum rate than RVQ in any SNR condition.

In Figs. 3.8 and 3.9 we set the average SNR5 dB, assume a time-variant channel, and
compare the proposed FB strategies in terms of sum rate as a function asHB bor users
moving at3 and130 km/h, respectively. As terms of comparison we include ZF beamforming
with perfect CSIT and PFB-SE. Firstly, we notice that HFB, QEV and Rd¥jale a significant
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Figure 3.8: Sum rate as a function of FB bits for various FAtetyies. M=4, K=20, SNR =
15 dB andv = 3 km/h.

gain over BFB, especially in a slowly-time variant channel, because th@gieghannel time
correlation. For few FB bits HFB is the best option for beth= 3 and 130 km/h, but as
the FB rate increases predictive FB strategies, e.g. QEV and RM, becafezable and
approach the sum rate achievable with perfect CSIT.sFer 3 km/h HFB achieves its best
performance already faB = 4 and there is no further gain with an increment of the FB rate,
as its performance is limited by the maximum siZg.x of the codebook. For high FB rate and
high speed, HFB has worse performance than BFB because the trapidly changes, and all
users send with very high probability the most significBnt 1 bits of the quantized channel.
In this case, the flag bit yields a rate inefficiency. Differently, predidtiZestrategies are not
affected by this drawback and provide higher sum rate. In particulaRhlys outperforms
QEV because it adopts a better strategy for the quantization of the predationvector.
Unfortunately we notice that the gap with BFB significantly reduces as thedspiethe user
increases.

In Figs. 3.10 and 3.11 we sé&t = 6 and compare the proposed FB strategies in terms
of sum rate as a function of SNR, for = 3 and 130 km/h, respectively. In the low SNR
region the gap between the various strategies is small because systeis dorsénant, but as
SNR increases RM becomes the best option because it leads to a momedgoantization
accuracy and less multiuser diversity. In particular#oe= 3 km/h it performs close to ZF
with PCSIT already forB = 6. The gain with respect to BFB reduces when the user speed
increases, especially at high SNR.

3.5.3 ZF beamforming vs MMSE beamforming

In Fig 3.12 we sefVl = 4, K = 4 andv = 130 km/h and compare MMSE-BF and ZF-BF in
terms of sum rate as a function of SNR, for both BFB and RM. We assunieatied channels
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Figure 3.9: Sum rate as a function of FB bits for various FBtetyies. M=4, K=20, SNR =
15 dB andv = 130 km/h.
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Figure 3.10: Sum rate as a function of SNR for various FB atyies and FB bits. Users
moving at 3 km/h.

for the K = 4 users, i.e. there is no user selection (or equivalefitly= 4 users are selected
randomly). MMSE-BF is preferable because it better copes with multiuseférdace caused
by quantization errors, although it requires a double CQI FB. Nevegtgelge verified that

even considering the mean valuecof 6, in BF design, MMSE-BF still highly improves ZF-
BF.

Simulation results revealed that in case users are selected with an opparmisoach
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Figure 3.11: Sum rate as a function of SNR for various FB atyies and FB bits. Users
moving at 130 km/h.
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Figure 3.12: Sum rate as a function of SNR for various FB agfias and FB bits adopting
both ZF-BF and MMSE-BF. Users moving at 130 km/h.

MMSE-BF does not provide gain with respect to ZF-BF. Indeed both Skfthe proposed
greedy user selection algorithms try to select almost orthogonal usesdjrttiting multiuser
interference that MMSE-BF tries to cope with.
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3.6 Conclusions

This chapter consider a MIMO-BC with limited FB and single antenna received investi-
gates three different issues: i) beamformer design ii) channel quantizaii feedback op-
timization iii) user selection. In case of randomly selected users the propdSEsE BF
outperforms ZF BF in terms of achievable throughput, nevertheless thisogaomes negli-
gible when users are selected by an opportunistic approach. This resalls a well know
finding under perfect CSIT.

We propose novel channel quantization algorithms and feedback stsatiegt exploit spa-
tial and time correlation of the MIMO channel and lead to significant perfao@amprove-
ment over conventional approaches. In particular predictive FB widimiged rotation matrix
achieves close to optimum performance even with a moderate number of FBrbgiowly
time variant channels and with few FB bits hierarchical FB is very competitieeis less
complex to implement with respect to predictive FB strategies.

We introduce new opportunistic user selection algorithms that exploit multiisensidy
in systems where users do not have strict delay constraints. The plopse limited uplink
FB information and select the set of active user in each time slot baseduom i@te criterion.
Interestingly no off-line parameter adjustments are required and theydpran improved
estimation of the achievable throughput with respect to information fed baokdrs.



Chapter 4

Multiuser MIMO downlink with
limited feedback and multiple antenna
receivers

In this chapter we address the problem of transceiver design andelttarantization in a MU
MIMO downlink system with limited uplink FB where users employ multiple antennasr
estingly quantization codebook design adapts to the transceiver stracaaiexploits MIMO
channel statistic.

A first solution considers zero-forcing (ZF) beamforming. While the bod& design and
receiver combining strategies are dependent, the combining strategg danived for a fixed
set of codebook vectors. Because CSI at transmitter (CSIT) is ndt ehezh active user will
experience residual interuser interference. Exploiting the additiorgmeds of freedom pro-
vided by multiple receive antennas, the combiner is designed to maximize the expected
signal-to-interference-plus-noise ratio (SINR), where expectatiorkentavith respect to the
SINR as the receiver is assumed to have no apriori knowledge of thelmtams used by the
transmitter. We call this strategy asaximum expected SINR combi(®ESC). We provide
an analytic characterization of the achievable throughput of the prdmmsabiner in the case
of many users. Extending results in [62] and [42], we show how additiecaive antennas or
higher multiuser diversity can reduce the required feedback rate tovachitarget throughput.
We show how scaling the number of feedback bits linearly with the SNR esgulda dB as-
sures a constant gap from the achievable sum rate with perfect Q8tfeFRmnore, the constant
of proportionality linearly decreases with the number of receive antennas

The quantization codebook is designed according to the Lloyd-Max algof20], ex-
tending the approach used in Chapter 3 for single-antenna receivellswing 3GPP-LTE
system design guidelines we extend the FB strategies proposed in Chgpteg3special in-
terest to reduced complexity and low FB rate solutions. In particular werglerebasic FB
(BFB) and hierarchical FB (HFB) strategies to the case of multiple-anteseis. This is ac-
complished after deriving two new performance metrics for codeboagmeasorresponding to
low and high SNR regimes. Interestingly HFB provides significant perfoomamprovement
over BFB for users with moderate mobility.
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A second solution considers unitary beamforming (U-BF) [44] extendiadgbhnique in
[22]. A unitary precoder allows for a perfect estimate of the user SINBoth sides of the
transmission link, yielding to a design of the MMSE combiner with no approximatodsa
more reliable user selection. In this case adapting to the transceiver st codebook
design i) exploits the statistic of the channel model and ii) comprises an highemahinitary
matrices. Two greedy solutions are proposed and their effectivenedilated by simulations.

The chapter is organized as follows. In Section 4.1 we describe the systelel. Section
4.2 describes ZF with MESC technique under limited feedback and Sectionrciglgs an
asymptotic performance analysis of the proposed strategy in case of marsy $ection 4.4
describes the LBG-based codebook design technique and geneakkiesB and hierarchical
FB to multiple antenna receivers. Then, Section 4.5 proposes a novelyup@amforming
scheme and numerical results are presented in Section 4.6. Finally Sectmondliddes the
chapter summarizing the main findings.

Part of this chapter has been published in [63], [64], [65] and [66].

4.1 System model

We consider a narrowband multiantenna downlink channel modelled as &MA®I with flat
fading, whereK users request service from a transmitter equipped Witantennas. Differ-
ently from Chapter 3 we assume that each useras 1 receive antennas. The discrete-time
complex baseband received signal by kitle user is given by (2.1).

As shown in Chapter 2, sind¥ > 1 each user could receive multiple spatial data streams
[67, 39], however we transmit at most a single stream to each active lnsgystems where
K > M (as in the practical cellular systems we consider), this restriction is justifieddghr
analytic [68] and empirical observations (see Chapter 2) under idddl @®reover similar
observations were made in the case of limited CSIT [62]. Furthermore, limitingjghsmis-
sion to a single stream results in less uplink feedback per user, providiiitgpaal justification
for the restriction.

As for single antenna users the proposed transceiver architecrgsise three phases:
i) channel estimation, determination of FB information and combining vector nesigach
receiver, ii) user selection and beamformer design at the transmitter anatéifidmodulation
at the receivers after estimating the equivalent channel by dedicatést pidee underline that
the additional degrees of freedom provided by multiple antenna at thiveec@nplies the
computation of a combining vector and a different approach for the detationof CDI and

CQl.
4.2 The maximum estimated SINR combiner technique

In this section we describe a first transmission strategy based on ZF re@angat the trans-
mitter and maximum estimated SINR combiner (MESC) at receivers.

!Dedicated downlink training is not strictly necessary in case of unitary BEuse each selected user already
knows its beamforming vector and can estimate the equivalent charpeiftsm coherent detection.
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4.2.1 Phase I: Determining feedback from receivers

In this section for ease of notation we refer to a BFB strategy where tbes&acted channel
vector at the transmitter is simply the CDI fed back by the user. An alternaBvstfategy
based on HFB is described later in Section 4.4.2.

We suppose that the transmitter serves a set of Usefbekth receiver g € S) processes
the received signal using a linear combiner given by a unit-ndfdimensional vectony,.
The signal at the combiner output is

H
Tk = Up Yk

= ukHHkgkdk + ukHHk Z gid; + n;C (4.1)
€S, itk

wherey; is the received signal given by (2.1}, is the unit variance complex Gaussian
processed noise, arg is the M x 1 precoding vector for théh selected user. From (4.1) the
SINR for userk is

prluf Hywy|?

L+ Y piluf Hyw;f?
i8S\ [k}

SINRy =

4.2)

where we defined; = /prwy as the beamforming vector for usgrwith w, the ZF precoder
to be defined in Section 4.2.2. We consider an average sum-power gorestichimpose equal

power-allocation for the selected usefise. p;, = W.

We definev, = HkHuk to be the equivalent MISO channel for thth user and assume
v}, to be its unit-norm quantized version fed back as CDI. Following the santexipmtions
used in Section 3.2.1 and assuming a full loaded systemdsi.e= M, we get an approximated
lower bound for the expected SINR

E[SINR, = — % 25, (4.3)

where we define . )
N P’uk Hj, vy |

L+ pllufHy, — (uf Hvp ) Vi |2

Vi (4.4)
as the CQI feedback with = ﬁ. We recall that (4.4) represents the exact SINR of user
when the CDIs of the selected users form a set/obrthogonal vectors.

From (4.4), the linear detectar, and the codebook vectér, are chosen according to

(ug, Vi) = arg max Vi,i(Uk, €5) (4.5)
ukG(CN, Huk||2=l7 c;eC

where I
u; Akuk

=_ kB HF 4.6
1+ u,IjBkuk ( )

Vi

2As in Chapter 3 this last restriction is sub-optimum but allows to derive a gpptbximation of the expected
SINR of each user that otherwise would be difficult to predict.
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and

A, = p(Hpc;cFH) (4.7)
B = p[Hi(I—cic;)H/]. (4.8)

We call the optimum detectolkH given by (4.5) themaximum expected SINR combiner
(MESC). The maximizing arguments in (4.5) can be determined in a straightibrwanner
by considering all codewords; € C. For a given codeword;, the desired detector is the
MMSE linear combiner which can be derived as

u, = (I+By) 'pHic, (4.9)
normalized to unit norm. Then the resulting expected SINR becomes
Wi = pei Byl (T+ By) ™ Hye. (4.10)

We note that for the special case of low SNR, the interference becomligilole compared

to the thermal noise, and the matched fikgr = Hgiizil\ becomes the optimum receiver. In
this case, (4.4) becomes
Low SNR v, = pvIHIH,V, . (4.11)

From this observation, for asymptotically high the quantization vector that maximizes (4.11)
would be, with very high probability, close to the direction of the dominant lafjidar vector
of the channel matriH;, which represents the quantization strategy proposed in [63]. Hence
the proposed MESC reduces to choosing the codeword closest in diréattbe dominant
right singular vector of the channel matrix at low SNR and asymptotic Bigh

For another special case of high SNR, thermal noise becomes negligibleesfict to
multiuser interference, and (4.4) reduces to

~Ho |12 2
High SNR v, = Vi Vil” _ cos”(6k)

= = 4.12
1— [VH,2 sin?(6y) (4.12)

wherecos(f) = [vi,¥,| and the expected SINR is maximized minimizing the arjle
between the normalized equivalent chanfigland the quantized vectar,. In other words
the quantization vector is chosen as the codeword at minimum chordal ditancthe space
spanned by the rows of the channel maiiy completely neglecting the gain associated to
the equivalent channel. This corresponds to the quantization-basgangp (QBC) solution
proposed in [64.

This analysis reveals how the proposed MESC, according to the rec&WR and the
number of feedback bit8, chooses the combining vector and the codeword that give the best

3We emphasize that if/ = N the channel vectors spdi with probability one. Therefore each quantization
vector has zero angle with the channel subspace and when using Q®Gstihe gain in increasing the feedback
rate. Differently MESC accounts for the norm of the equivalent chizaame even withV' > M is able to exploit
additional feedback bits and provides significant gain over QBC asrsiro®ection 4.6.
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trade-off between quantization accuracy (minimizatiod,9fand gain of the equivalent chan-
nel (|vg||) in order to maximize the expected SINR. For low SNR and tigkhis corresponds
to choosing the equivalent channel with the largest gain. WhereastaBN&, quantization
accuracy becomes the dominant factor.

4.2.2 Phase II: User selection and precoder determinationtahe transmitter

Using CDI vector and CQI feedback from all of the mobiles, the base stefionses a s&f
of users to serve based on a weighted sum rate given by

R(S) = aylogy (1+ ) (4.13)
keS

whereay, is the QoS weight for théth user and the CQY,, is given by (4.3).

For a given sef, we collect the CDI vectors of selected userifS) = [v1,...,v 5",
and define matriW (S) = [wi,..., w5 = A(S)T = AS)7 (A(S)A(S)T)™". The ZF
beamforming vectog;, of thekth user is théith column of the matridG (S) = [g1, .. ., g|s|] =
W (S)diag(p)'/? wherep = [p1,...,p;s)]-

For determining sef, we consider two different user selection schemes: 1) the greedy
algorithm 1 (GUS) proposed in Section 3.4.2 and 2) the semi-orthogonadeisetion (SUS)
algorithm proposed in [42] (see also Section 3.4.1).

SUS is more amenable for analysis, and we use it Section 4.3. On the otdeéhbaalative
simplicity of GUS, makes it preferable to implement and we use it in Section 4.6 inntahe
simulations.

4.2.3 Phase lll: Data demodulation at the active receivers

Users in the active seft, in order to perform coherent demodulation, need a coherent channe
estimate of the beamformed SIMO channel which can be obtained by pilotseeg; some-
times known asledicated pilots A dedicated pilot is a training symbol transmitted to a user,
using its designated beamforming vector. In turn, data demodulation canfoenped using

the MESCu, from (4.5). Alternatively, as suggested in [63], each user could estithate
equivalent channels with respect to the precoded streams destinetthdorusers and derive
the MMSE combiner explicitly for the desired signal in the presence of thisfamerce. Let

f,gj) = H,g;, in case of perfect channel estimation, the new MMSE combiner for uiser

given by
—1

we= [T+ 30 £ ) ) (4.14)
JES,j#k
normalized to have unit norm. We will investigate in Section 4.6 the conditionsruvgeh
this additional MMSE processing might be useful.
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4.3 Asymptotic analysis of MESC forN < M

In this section using RVQ we analytically characterize the performance @G&ith SUS.
Because we are interested in cellular downlink systems, we study the casengfusers
K > M and fewer receive antennas than transmit antensas, /. We assume each user
channel matrixH; has i.i.d complex zero-mean Gaussian entries with unit variance. More-
over to simplify analysis we assume that users with orthogonal CDIs arxtes iz transmitter
and that (4.4) represents the effective SINR for usddnder these assumptions and adopting
MESC, the achievable SINR, ; of userk for a generic codeword; is given by (4.10) which
can also be expressed as [69]
1
Vhi = — -1 (4.15)
(t+erarG) |

)

whereG is the unitary beamformer argl, = ,/pc; is the precoding vector for usér In
the following we characterize the probability density function (PDF) of (4.I1% this aim,
sinceN; = HkHHk is a central complex Wishart matrix witlh degrees of freedom and
covariance matrid, (N, ~ W(N,I)), it is unitary invariant [70], i.e.GHHkHHkG has the
same distribution opH H,.. As a consequence the distributionf; is equivalent to the

distribution ofy;, ; = [(HPHH; ),1] — 1. The cumulative density function (CDF) of, ;
ke Tk K.k

can be derived from [71] and under the assumptions of equal pdiweaton we get

F’Yk,i(z) = F:Yk:,i(z) = P[fyk,z < Z]
N n—1
_z E.(z) (=z
= 1= - 4.16
“;m—l)!(p) (4.16)
where
1 N>M-—-1+n
En(2) ={ 5"(01)s : (4.17)
g V< M-l

We underline that the analysis developed in this section explicitly refers to the pnactical
caseN < M in which (4.16) becomes

Praal) = Py (2) = 1= s L) @19
with v
N E:O (Mfl)zz S\ "1
L(z) = ; o <p> : (4.19)

The following theorem derives the CDF gf for the best codeworgl.

Theorem 2 In a system withV < M where channel quantization is performed according to
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(4.5), using RVQ witlB feedback bits, the CDF of CQ}, is given by

(N-1)2%

Fw(z):l_ma

2=0(p)>1. (4.20)

Proof: Using Taylor series expansion we give an approximated characteriphtiop , ()
valid for z, p > 1. Indeed forL(z) we get

N o ()

Ha = Z:: = n—1> G
) le -ty

= N-! <M - 1) +o (N (4.21)

N -1

and still applying Taylor approximation” =t = (1 + 2)M =1 4 o(2~1), the CDF ofyy; for
z,p > 1 becomes

(N-i)e 7

Po(2) = 1= 5w (4.22)

Since for RVQ the codebook is composed2/independent random vectors, is the maxi-
mum among” i.i.d. random variables distributed according to (4.18) and its CDF results

2B

F’Yk(z) =P |max y,; < z| = [F’WH(Z)}
B

{7’“}12 1

Again using Taylor series expansion fo= O(p) > 1 from (4.22) and (4.23) we finally get
(4.20).0

Theorem 2 gives the distribution of SINR of any given user but to finebgmmession of the
achievable throughput, we need the distributionofor a selecteduser which depends on the
user selection algorithm. We recall that according to the SUS algorithn(; the )th selected
user has the highest, among|.A())| users with independent channels and the same average
SNR. Let~;.y be theith largest order statistic amorig i.i.d. random variableg~;}. The
selection of useﬂ- 1 can be seen as the selection of the (1)th largest order statistic in a set
with U = | A®)| 4 4 elements all having the same statistic. An approximated expression for
the achievable throughput when using MESC and SUS is given by

(4.23)

M
E | logy (1+7.p6-0)| (4.24)

where the approximation takes into account that (4.4) is the SINR after beainf in case
M users with orthogonal CDIs are selected at transmitter. In the followingesigedan ap-
proximation of (4.24) in case of many usets Applying the law of large numbers it's easy to
see thal/(V) ~ Ka; 4+ O(1) whereq; is the probability that a user belongs.45"). Moreover
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from [42, Theorem 1] and (4.20) one can easily derive an approximafi¢4.24) in the case
of many users as

M M—-1\oB
E[R] ~ ZlogQ (1 + plog (N_lp)]\i_fjaz_1> : (4.25)
=1

I (N_1)2P Koy , .
The logarithmic term\ = log ey in (4.25) can be interpreted as the SNR variation,
which includes the effects of both quantization error and multiuser divetstgrestingly for a
given A that assures a constant gap from ZF beamforming with perfect @Sdhd K should
scale withP as

B +logg K = (M — N)logy P+ ¢, (4.26)

wherec = —(M — N)logy M — log, (y—}) + d is monotonically increasing wittv' andd
depends om\. We observe that for a giveR™ the scaling ofB with log, P ~ P;5/3 has a
smaller slope with increasingy, meaning that the increment of the feedback rate necessary
to assure a constant gap from ZF beamforming with perfect CSIT is smailgrdreasingV.
Moreover as in [42], quantitie3” and K are interchangeable. Hence for a target sum rate,
every doubling of the number of users saves one feedback bit per Tisis result naturally
extends the scaling rule derived in [42] foF = 1, showing the benefit of multiple receive
antennas in systems with limited uplink feedback. Furthermore it also gensrdizeesults
obtained in [62] for QBC in case of random or no user selection, showavg multiuser
diversity can be exploited to reduce feedback overhead.

It is important to observe that (4.20), (4.25)-(4.26) are valid only large user regime
asK — oo. For finite K and B, if P is too large, the system enters tinéerference-limited
regime Applying similar arguments of Theorem 2, the CDFgfsimplifies to

(No1)2?

F’Yk(z)zl_m7

z>1. (4.27)

From [42, Theorem 2] and (4.27) an approximation of (4.24) in case ajmasers is

M
B[R] = = (B+log K) +

M log, (]Xf[:ll) + vaz[l logy a1

[T (4.28)

Under finite B and K > 1 we see that the sum rate eventually converges to a constant value
as given by (4.28) which increases with

4.4 Codebook Design based on the LBG algorithm

In this section we investigate the problem of codebook design assuming ¢hd&8C algo-
rithm described in Section 4.2 is used by each receiver. We design teéaald using the
LBG algorithm described in Section 3.3.1 and repropose BFB and HFR:dbdiek strategies.



4.4. Codebook Design based on the LBG algorithm 49

Here HFB is preferred to other predictive FB strategies, e.g. QEV andliRkhuse we are
interested in low-complexity solutions and low FB rates.

Let u(H, c;) be a performance metric to be used in (3.31) VHkisubstitutingh. We note
that in contrast to the single-antenna case the optimization criteriaN for 1 has to involve
the computation of the receiver combingy, which depends on the quantization codebook and
the channel realization.

4.4.1 Performance metrics

A direct optimization of the quantization codebook based on (4.10) coulaie ldy numer-
ical methods, however the complexity is very high and there is no guarahtesergence.
Moreover (4.10) depends on the transmission paftehence the derivation of the optimum
codebook should be related to this parameter and different codebaals e necessary for
different SNR values. These motivate the derivation of a simplified pedoce metric as an
approximation of (4.10). Indeed we consider two limit situations, low-SNR tdgh-SNR
regions and derive suboptimal but practical performance metrics.

Codebook design for low-SNR

In the low-SNR region when interference is negligible with respect to ntiiseexpected SINR
for the kth user can be approximated as

LowSNR  E[SINR] = pE [|uflHyc|?] (4.29)

wherec = Q[Hj, u;]. Hence we adopt the performance mefri¢Hy, ¢) = [ul’Hyc|? also
because the maximization problem does not depend on the constanpfactor

We notice that in the low SNR region the problem of codebook design simpliffesdiog
the best codewords for a SU-MIMO system. In this case, as stated in[f4g] if transmit
antennas are uncorrelated receive correlation and the number keraatennas do not influ-
ence the problem of codebook design and the same codebook useatiaily uncorrelated
channels may be used. The same arguments are not applicable in caselatexd transmit
antennas where not only the transmit correlation matrix but also the rezm@Radation matrix
and the number of receive antennas have to be taken into account inooéddesign. The
proposal applies to the general case of possible transmit and reaévaas correlation.

Since in the low-SNR region for a given codewerdnd a channel matrid;, the optimum
combiner is given by the MRC with respect to the equivalent chaHpel we can rewrite the
performance metric as

And the optimum codeword for the partition regi®; results the dominant eigenvector of the

matrix > HZH; normalized to unit norm.
HieR;
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Codebook design for high-SNR

In the high-SNR region when noise is negligible with respect to multiuser imggrée from
the expectation of (4.12) the expected SINR is given by

- Vi cf?
HighSNR  ESINR,] = E|—hS (4.31)
1— v/ c|?
E[Iv{cf’]

© T-Elfer] -

where (4.32) follows from Jensen’s inequality applied to the convextimmey,. in the high
SNR region. Observing that the maximization of (4.32) is achieved simply maximi@ng
numerator, a suboptimum performance metric in the high-SNR scenario, stipendent of

P, is given by

u,[ij 2

. u,]jCkuk
T IS ~ oD
|| H|

po(Hg, c) = |\7,1?c|2 = (4.33)

ukauk
whereC;, = Hyec’H andD, = H,HY. Given a certain codeword, the optimum

combiner for a given channel realization is easily derived as a scalsigon®fu, = D,;lch
and the performance metric simplifies to

cHHI(Dy)'Hy . 2
|lcHH! (D)~ 1 Hy||

= cHI (D)) 'Hic. (4.34)

M2(Hk7 C) =

As a consequence, the optimum codeweydor the partition regiork; results the dominant

eigenvector of the matrix Y~ H (D)~ " Hy, normalized to unit norm.
HieR;

4.4.2 LBG-based codebook with tree structure and hierarchickfeedback

As in Section 3.3.2 we generate the quantization codebook by a tree strulifferently
from Section 3.3.2 we initialize the LBG algorithm by considering at levet log, M a
codebook composed dff orthogonal unit norm vectors. In particular we adopt the discrete
Fourier transform (DFT) matrix which is an optimum codebook for both an indl lane-of-
sight (LOS) channel. It can be shown that with this approach we impravadhievable sum
rate for low FB rates with respect to the technique described in Section 8sp&cially for
N > 1.

We notice that forV > 1 the HFB signalling follows the same rules described in Section
3.3.2 withhy, and]ﬁ;‘C substituted by andvy, respectively.

4.5 Unitary beamforming with MMSE receiver

In case of U-BF if exactlyl/ users are selected at transmitter, each one can perfectly estimate
its achievable SINR even without knowing the precoding vectors of the stiected users
and as anticipated in Section 4.2.1, (4.4) becomes the exact SINR fdr.usence differently
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from ZF-BF where user selection is based on estimated achievable SiNtRIJ-BF user
selection can rely on an exact computation of the achievable rates.

We propose a generalization of [22] that considers a set of unitary s tentative
beamformers and selects both users and precoder in order to maximizegheedi@chievable
throughput. In detail the codebook is compose®®funit vectors organized in sets of
vectors forming a number of unitary matrices. Each user, assuming an M&t8ker and\/
selected users as in (4.4), feeds back the index of the precoding trettprovides the highest
achievable SINR Then the transmitter selects for each precoding vector the user with the
highest weighted rate and chooses among the possible unitary matricegtti@bprovides
the highest weighted throughput. This proposal generalizes the trarmmssbieme [22] in
the design of the quantization codebook.

4.5.1 Codebook of unitary matrices

According to the transceiver scheme, codebook design for CDI qadintizhas to address two
main issues: i) match the statistic of the channel model and ii) comprise a numineitayfy
matrices. In [22] there is a first attempt to address this problem with a colelmmnposed by
2B /M unitary matrices, derived from rotations of théx M discrete Fourier transform (DFT)
matrix. This scheme shows to be efficient in case of high correlation amamggriieantennas
but provides worse performance with spatially uncorrelated chanmetgrticular for a given
B the scheme strongly depends on the number of usertndeed ag< decreases there is a
corresponding increment of the probability that some vectors of eachryimnitatrix are not
selected by any user. In other words for snfdlthe transmitter serves with high probability
fewer than)M users, reducing the multiplexing gain of the system.

Focusing on spatially uncorrelated channels we propose two new aaldebuat better
exploit the channel statistic and comprise a larger number of unitary matdcesgivenB.
This last feature aims at reducing the impact/ofon the transmission scheme allowing the
selection the precoding matrix in a larger set. The proposed strategiestlmeain case of
M = 4, but they can be easily generalized to ady> 2.

First Algorithm

LetC = {ci,...,cys} denote the codebook @ codevectors for CDI quantization which
we are going to derive. In the initialization step £ 0) of the algorithm the first four
codevectors are chosen to form a unitary matrix where each vector é&aged according
to an isotropic distribution, [49]. Next, at stép= 1,...,25/4 — 1 we randomly select two
couples of vectors from the s,(;_1)41,---,c4;} and design two orthogonal subspaces in
C*, e.g{Ca(_1)+1,Ca(i—1)+2} and{cq(_1)+3,csi}. Then a different basis is generated for
each subspace that we denote{as;1,c4+2} and{c4;ii 3,4 41)}, respectively. The set
{caiy1,- -+, a1y} Still represents a basis f@r but at the same time we generated two other

“We notice that for a give®, ZF-BF and U-BF with BFB have the same computation complexity at thévesce
with regard to the choice of CDI, CQI and combiner, as the quantizeomasfan exhaustive search among all
codevectors using (4.5), with a complexi®(2?). Differently ZF-BF-HFB with tree search has a linear complexity
with B, i.e. O(2B), but requires a larger memory.
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basis{ca(;—1)+1,Ca(i—1)+2s €4i+3: Cair 1)} ANA{Cy(i_1)13, Cai)s Cait1, Caiy2}. With this ap-
proach at each step> 0 of the algorithm we include three unitary matrices in the codebook,
while only one matrix is added in the initialization step. It's easy to see that the totaber

of unitary matrices in the codebook is

N =143(028/4-1) . (4.35)

Notice that, differently from [22], each codeword with index in thedet {1,2,3,4,25, 25 —

1,28 —2,28 — 31 belongs to two different tentative beamformers, e;gs a precoding vector

for both[cy, c2, c3, c4] @nd|cy, co, c7, cg] in the example. Moreover any other codewordin
with index not inA belongs to three different unitary matrices. We underline that thanks to the
unitary constraint a user can perfectly estimate its achievable SINR whesioly a codeword,
even without knowing the beamforming matrix selected at transmitter.

Second algorithm

LetC = {ci,...,cyn} denote the codebook @ codevectors for CDI quantization which
we are going to derive. In the initialization step £ 0) of the algorithm the first four
codevectors are chosen to form a unitary matrix with each vector gedexeterding to an
isotropic distribution, [49]. Next we randomly select two couples of vecfoom the set
{c1,...,cq} that design two orthogonal subspace<€ih e.g{ci,co} and{cs,c4}. At each
stepi > 0 of the algorithm we add four new vectors forming a unitary matrix and where
{C4i+1, 4512} and{cy;+3, cqi+4} form new basis for the subspaces designeddyc,} and
{cs, ¢4}, respectively. With this alternative codebook design algorithm eachwawdébelongs
to 28 /M different unitary matrices. For instance with = 3 codewordc; belongs to the
following 2 /M = 4 unitary matrices{ci, c2, c3, ¢4}, {c1, 2,7, cs}, {c1,¢a,c11, c12} and
{c1,¢c2,c15,c16}. In this case the total number of unitary matrices is given by

NP = (2B/Mm)? (4.36)

We note that a generalization of the proposed algorithm to a systemWvith4 can consider
the split of the initial unitary matrix in more than two subspaces, yielding to anrimenéof the
number of unitary matrices each codeword belongs to. We notice that ewéh this second
algorithm the codebook contains a larger number of tentative beamforinbies a partial
drawback. Indeed each codeword is always associated to anottewama in each tentative
beamformer it belongs to. For instangeandc, are always associated in the previous example.
This reduces the flexibility of the user selection and can have a negdtee@f the achievable
throughput when the scheduling algorithm try to guarantee long term $siamaong users (see
also Chapter 5).

4.6 Simulation results

We consider a transmitter with/ = 4 antennas and for the purpose of this first comparison
we consider a Rayleigh fading channel model with i.i.d element3\/(0,1). We adopt the
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Figure 4.1: Effects of of receive antennas and multiusegrdity in the achievable throughput.
MESC with SUS and RVQ. M=4, i.i.d. Rayleigh fading channel.

proposed MESC, a simple RVQ and the SUS algorithm with correlation parametér3. In

Fig. 4.1 we show how scaling the number of feedback Bisccording to (4.26) witlt = 9,

K = 256 and N = 3, we can assure a constant gap in terms of sum rate from the curve of
perfect CSIT. Differently using the same amount of feedback bits int@sysith N = 2 or

N = 1is not enough to keep a constant gap from the upper bound. This cewdHieved

only usingN = 2 or N = 1in (4.26) and scaling3 accordingly. Moreover we show how
quantities2” and K are interchangeable. Indeed settiBg= 6 and scalingil’ according to
(4.26) for N = 3 still provides almost a constant gap from ZF with perfect CSIT.

In Figs. 4.2 and 4.3 we compare the achievable sum rate of MESC, MRC BGdo@»-
posed in [62] as a function of SNR, fdf = 20 users,B = 4 feedback bits andv = 2,4
receive antennas. We still use an i.i.d. channel model and RVQ but #oo@US algorithm
because as verified by simulations and shown in [50] it generally prokideer performance
than SUS and is more practical, not requiring the optimization of the correladi@netet.

As an upper bound under perfect CSIT, we show the performangie-afwith optimum water-
filling power allocation introduced in Chapter 2. The proposed MESC gdljayutperforms

the other two schemes in all the SNR region with MRC approaching the progosdion in

the low SNR while QBC in the high SNR region. We notice that the gap betweerOviag

QBC is very small forN = 2 but strongly increases with more receive antennas. Moreover
with N = 2 and fixedB, K the system becomes interference limited at high SNR as suggested
by (4.28). It is also interesting to observe that designing in the secorskhaew MMSE
combiner for the selected users does not provide significant gain f@ &l the proposed
solution. Indeed, the combiner designed in the first phase fdtttheelected user would rep-
resent the MMSE combiner if the CDI of the selected users were orthbgAsdong as the
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Figure 4.2: Comparison between different combining scteemtRC, QBC, MESCM = 4,
N =2,K =20, B =4, RVQ.
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Figure 4.3: Comparison between different combining scteemtRC, QBC, MESCM = 4,
N =4,K =20,B =4, RVO.

number of users in the system is much greater than the number of transmitas)tére user
selection algorithm used at the transmitter tries to select almost orthogomslsasthat the
combiner designed in the first phase becomes a close approximation of tisE=MbMbiner
for the set of selected users.

In Fig. 4.4 using the proposed MESC we compare the performance aglaievith RVQ
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and the new LBG-based codebooks designed for both low (LBG-L)hagid (LBG-H) SNR
regimes. The transmitter is still equipped witth = 4 antennas/X = 20 users are present
in the system withV = 2 antennas each anél = 3 bits are fed back by each receiver. We
analyze three different channel models: the i.i.d Rayleigh fading and tattafp correlated
channel models. For these last two models the transmit antennas are bpated = 10
and2 )\, respectively, where. = c¢/f. is the wavelengthe = 3 x 10® m/s is the speed of
light and f. = 2 GHz is the carrier frequency. The channel is modelled as time-variant, flat
Rayleigh fading, according to the spatial channel model (SCM) [60g firthe slot duration
is T = 0.5 ms and the receive antennas of each mobile are spaggd= 0.5 \. First we
observe as the LBG codebooks outperform RVQ both for indeperatehspatially correlated
channels. Increasing the transmit antenna correlation generally sethecspatial diversity of
the system, nevertheless the proposed transmission scheme, exploiting mditiersity and
the spatial correlation of the MIMO channel through the LBG-basedmoules, provides better
performance increasing transmit antenna correlation. Interestingly tfegipance metric used
in the design of the LBG codebook does not affect significantly systeformpgance, anyway
using LBG-L is preferable in the low SNR regime while LBG-H provides betegfggmance
for higher SNR.

The beneficial effect of transmit antenna correlation for the propg@seldased transmis-
sion schemes is also emphasized in Fig. 4.5. In the cases of both peddrh&ed channel
state information at the transmitter, increasing transmit antenna correlatividgsqerfor-
mance improvement when multiuser diversity is available. Especially under linagstback
from receivers, transmit antenna correlation reduces the dimensioa bjferspace to quan-
tize and for a given number of bits the resulting codebook better chamsse¢he space of the
MIMO channel realizations. Hence even if higher transmit antennalatime implies less
spatial diversity, the higher quantization accuracy and the possibility mbrixg multiuser
diversity provides significant performance improvement over untzge® channels.

In Figs. 4.6 and 4.7 we compare MESC-RVQ, MESC-LBG-L and U-BF fareasing
number of feedback bitB. We setMl = 4, N = 2,4 and adopt an i.i.d. Rayleigh fading chan-
nel and the SCM wittArx = 10 A\, Agrx = 0.5 X and f. = 2 GHz, respectively in Figs. 4.6
and 4.7. We fix an average SNR 10 dB and comparison is performed in term of achievable
sum rate. As an upper bound we also include ZF-1 with perfect CSITolWerve in Fig. 4.7
as MESC with the LBG-based codebook is able to exploit the spatial corretztihe MIMO
channel providing higher performance than MESC with RVQ and maintainpeyfarmance
gap even when the number of feedback fBitsrcreases and both schemes approach the upper
bound provided by ZF-1 with perfect CSIT. As shown in Fig. 4.6 this gagishes in spatially
uncorrelated channels with increasidy Differently from MESC, the sum rate achievable
with U-BF degrades with higher FB rates. Indeed for a given numbesefslin the network,
increasingB has two opposite consequences: i) higher channel quantization egdynacre-
ment of the probability that some vectors of each unitary matrix are not selegtany user.
While i) is beneficial for the achievable throughput, with ii) the transmitter sewith high
probability fewer than\/ users reducing the multiplexing gain of the system. For a practical
number of users in the network i) is dominant for small but eventually, when increasing
the FB rate, ii) causes a performance degradation. Interestingly thamkshimher number
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Figure 4.4: Comparison between different LBG based codeband RVQM = 4, N = 2,
K =20, B =3, MESC, i.i.d. Rayleigh fading channel model and SCM withy = 10,2 A
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Figure 4.5: Effects of transmit antenna correlation andtionsgr diversity.M = 4, N = 2,
SNR =10 dB.

of unitary matrices in the codebook, U-BF with the second proposed oco#lahitigates the
self-defeating effect of ii) and outperforms both PU2RC and U-BF withfitts¢ codebook.
Moreover for spatially uncorrelated channels and low FB rates U-BFisrgdly preferable to
ZF-BF thanks to a better estimation of the achievable SINR in the user selenticesp. We
emphasize that all schemes benefit from the additional degrees adfingedvided by multiple
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Figure 4.6: Comparison between ZF-MESC with LBG based codlebor RVQ and Unitary
BF. M = 4, K = 20, SNR= 10 dB, i.i.d. Rayleigh fading channel.
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Figure 4.7: Comparison between ZF-MESC with LBG based codlebor RVQ and Unitary
BF. M =4, K =20, SNR= 10 dB, SCM withArx = 10 A andArx = 0.5 \.

receive antennas thanks to MESC or MMSE receiver that attenuates reuititesference.
We notice from Fig. 4.6 that all proposals are equivalentBor= log, M. Indeed for
both schemes the codebook is a unitary matrix and the combiner is computed\isi 8te
combiner assuming the CDIs of the selected users form a skt ofthogonal vectors. We
underline that among the unitary beamforming strategies best performaacieiésed using
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Figure 4.8: Comparison between hierarchical (HFB) andcb@#B) feedback signalling.
M = 4, N = 2, K = 20, B = 3 feedback bits per interval3,,., = 12, SCM with
Arx = 10 X andAgrx = 0.5 A. Comparisons are between the LBG codebooks at low (L)
and high (H) SNR and the DFT codebook given in [72], when usiiit5C.

the second codebook design algorithm (see Section 4.5.1).

Finally in Fig. 4.8 we show the performance impact of exploiting time correlatiphB&
codebooks designed with a hierarchical structure. A codebook isrsbigith a depth of
Bmae = 12 levels and is indexed using = 3 bits per interval. We compare the proposed so-
lution using the MESC and a hierarchical LBG codebook with the hierarchied codebook
based on [72]. Since the channel is lightly correlated the performangiemarchical DFT is
poor while the proposed LBG codebooks used jointly with hierarchicallfaek (HFB) pro-
vide significant gain with respect to the basic feedback strategy (B8, when the speed of
the mobiles increases. Still we notice that LBG-H is preferable at high SNRobWerve that
the hierarchical approach used with the DFT codebook results in addgigma of system per-
formance. This is mainly due to the tree search applied with the new CDI quioniz&rategy
that does not guarantee a maximum likelihood quantization as a brute fqyueaap would
do. Indeed since the DFT codebook does not effectively charaetdréz channel statistics,
even increasing its effective size using the hierarchical feedbackmuteorovide a sufficient
gain in quantization accuracy to compensate the loss due to the suboptimuesiiee s

4.7 Conclusions

This chapter considers the problems of i) transceiver design and iipehgoantization in a
multiuser MIMO downlink system with limited uplink FB where, differently from @ier 3,

users are equipped with multiple antennas. These provide additionakdegfrreedom that
are exploited to enhance the achievable throughput for a given feledhte. \We consider two
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different solutions based on ZF and unitary beamforming, respectiadi/allocating in both
cases at most one stream per selected user.

Under ZF-BF the proposal jointly designs the receive combiner at eattierend the
feedback information in order to maximize the expected achievable SINRhisgporoposal,
known as the maximum expected SINR combiner (MESC), we provide antenetharacteri-
zation of the achievable throughput in the case of many users and shoadditional receive
antennas or higher multiuser diversity can reduce the required fdetidado achieve a target
throughput. Simulations results show that MESC generally outperformssthemes known
in literature. Under ZF-BF, codebook design is based on two new peafuce metrics derived
for low and high SNR. The resulting quantization codebook exploits the §patielation of
the MIMO channel and leads to a simple generalization of the FB strategiesaB&BIFB
introduced in Chapter 3. Numerical results show how antenna correlat@mmjonction with
multiuser diversity can provide performance improvement over unctece@nannels in multi-
user MIMO systems with limited feedback.

Under unitary BF users can have a perfect estimation of the achievatie &lopting an
MMSE combiner. This property is exploited in the proposal of two codebaoknprising an
high number of tentative unitary beamformers as opposed to state of thudugidrss.

U-BF has the advantage of requiring only common pilots for channel estimatidpro-
vides very competitive sum rate performance for low FB rates. Differedfybeamforming
with MESC requires dedicated pilots for channel estimation, but when ugbdHFB can
provide close to optimum performance even with small FB bits, especially fomotility
users.






Chapter 5

Multiuser MIMO downlink in a
multi-cell cellular network

In parallel to the rapid development of understanding the fundamentaldosmiation and
communication theory of MU-MIMO, there is a need to apply these techniquestevorld
systems. In contrast to isolated communication links where performance ialtyfliimited by
noise, the spectral efficiency of cellular networks is limited by co-chaimteiference gener-
ated by nearby cells. In this chapter we evaluate the performance of MOMIiansmission
strategies introduced in the previous chapters in the context of a multi-ckphased cellular
network and using also SU MIMO as term of comparison. We consider tierelift network
configurations i) TDD system with perfect CSI at transmitter and ii) FDD syst@ere CSI at
transmitter is provided through limited uplink FB from mobile terminals (MTs).

In the context of TDD systems we also investigate a novel class of teclnioosvn as
network MIMO [73, 74], which coordinates the transmissions among multipte lséations
(BSs) for reducing interference. As a result of network MIMO, inédlrimmterference can be
eliminated among the coordinating bases, resulting in a significant improvemegstiem
throughput. The tradeoff is that this technique requires user messagjebannel state infor-
mation to be shared among the coordinating bases, resulting in the neetldoced backhaul
capabilities. Performance evaluation of network MIMO often use an agt@las opposed to
scheduled packet) criterion [73],[75] or use simplified cellular models ieroi@ obtain ana-
Iytical results [74]. Moreover full coordination over all bases in the mekws often assumed.
In this chapter we consider a more practical setting where coordination isgaentimited
set of BSs and multiuser proportional fair scheduling is adopted to giegr&irness among
users. With limited coordination we implicitly reduce the backhaul required dselstation
cooperation [76], that represents one of the main challenges in futpteydeents of network
MIMO.

Moreover as a simple, alternative way to reduce inter-cell interfereedewgstigate higher
order sectorization, where parallel spatial channels are createitg@lhysather than electron-
ically through beamforming. As a final contribution, MU MIMO schemes intiatlin Chap-
ters 3 and 4 under the assumption of limited uplink FB are evaluated in a real milkiet-
work, showing the potential gains of MU MIMO over SU MIMO even for FBpstems and
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low FB rates.

The chapter is organized as follows. In Section 5.1 we establish the systdei, rand
in Section 5.2 we describe the SU and MU-MIMO transmission strategies.clin8é.3 we
describe the cellular system methodology, including how MU-MIMO techrigue general-
ized to perform network coordination. We give numerical results in Se&idrand present
conclusions in Section 5.5.

The material in this chapter has been in part published in [77], [66],d86][78].

5.1 System model

We generalize the system model in Section 2.1 considering a cellular netwtbrwbase sta-
tions andK users where each base and user are equippediWvdahd N antennas, respectively.
The term “base station” or “base" will be used generically to refer to togexcell, or a cluster
of cells, depending on the context. Users are dropped uniformly in therigtand each is as-
signed to the base with maximum average SNR based on pathloss and shpa®wdascribed
in Section 5.3. We lef;, denote the set of users assigned to kaseth b = 0,..., N, — 1.
We are interested in determining the throughput of liaisethe presence of interference from
the otherN, — 1 bases. For théth user assigned to base-= 0, the received signal is:

Ne—1

yi = Hioxo+ Y Hipx, + 1y (5.1)
b=1

whereHy ; is the N x M complex channel matrix between basand userk, x; is the M-
dimensional transmitted signal from baseandn; ~ CA(0,Iy) is an additive complex
white Gaussian noise vector with identity covariance matrix. Bases with intlices, N. — 1
correspond to the other bases in the network that cause interferenie usgh We assume a
block fading model for the channel so that it is static over one time slot. Merege assume
an average sum power constraint (SECfpr the M transmit antennas in each base, i.e.

tr(E[x;x']) < P. (5.2)

The transmitted signad; is a summation of the signals for usersnand, assuming linear
precoding, the signal transmitted by bade given by

Xp = Z Gij (53)
JESy
whered;, G; € CM*4i ands; = [s;(1),...,s;(d;)]T are the number of transmitted streams,

the precoding matrix and the information symbol vector for yseespectively. We note that
this model can also accommodate coordination among spatially separatetiypesesidering
the desired base with index 0 to be a “super-base” that includes all Wakasa coordinated
cluster.
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5.2 Transmission strategies

In order to reflect the operation of a possible next-generation paelsebcellular network,
we assume that the average number of users per sector is much largéhghammber of
transmit antennas per sector. Due to the limited degrees of freedom, ne¢dlaan be served
during each transmission slot. Therefore, we employ a scheduler thidedeghich users
are served during each time slot, and at what rate. During:thdime slot, the scheduler
generates a QoS weight (n) for userk according to the multiuser proportional fair scheduling
(MPFS) algorithm [23]. LetS(n) be the set of users scheduled at sidtve have dropped the
dependence on the cluster indefor convenience) an®&;(n, S(n)) the rate scheduled to user
k at slotn. For MPFS, the average throughput of MTp to slotr is denoted a§}(n) and is
updated as follows:

Tp(n+1) = <1 - 71_> Ti(n) + %Rk(n,S(n)) , (5.4)

wherer is a parameter related to the time over which fairness should be achiev@g] intas
been shown that proportional fairness, maximizg log, 7% (n), is achieved by scheduling
users according to the following criterion:

n) = arg max o R (n,U(n))
() = argymacx ) logy 1+ o s o9

We observe that for >> 1 we can approximate

Ri(n,U(n)) > . Ri(n,U(n))
o (1 25 o) = G 2 (50
and (5.5) boils down to the following criterion
S(n) = arg max Z ag(n)Ri(n,U(n)) . (5.7)

U reu

with weightsay (n) = Ti.(n—1)~1. Therefore in each time slot, the scheduler compuijgs.)
for each user and the resource allocation algorithm determines theS{sgrand user rates to
maximize the weighted sum rate (see also Fig. 5.1).

We consider both single user (SU) and multiuser (MU) MIMO transmissiomtgabs.
For SU-MIMO we adopt: 1) Transmit diversity using Alamouti space-timelbtmded (STBC)
transmission and maximal ratio combining at the recever [79], 2) closedBo&ST (CLB)
which requires CSI at the transmitter and serves as an upper boundbhNsO performance
[14, 15], and 3) Open-loop SM with linear minimum mean square error (MM®Hmbiner as
a relatively simple way to achieve SM gain without requiring CSI at the transr{Bér Since
each BS transmits to only one user during a given slot, the set of seleetesd(s) is simply
the user with the largest weighted rate:

S(n) = {k} = arg max ag(n)rsuk(Hi(n), P) (5.8)
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Figure 5.1: Detail of base station transmitter with schedwhhich includes: QoS weight
calculator, user selector, and resource allocator.

wherergy i, (Hy(n), P) is the rate of usek which assumes the following values according to
the specific transmission strategy [79, 14, 15, 80]:

2
P
log, (1 +5 mzl |hk7m(n)]2> STBC
rsuk(Hi(n), P) = o mmax _p 1082 ‘IN + Hk(n)QHk(n)H‘ CLB (5.9)
M
> logy [1+ by () Ay j(m)"'hy ;(n)] MMSE
j=1

whereh, ,,,(n) is themth column of matrixHy(n), Q is the transmit covariance matrix and
A j(n) = (%IN + Zf\i1,i¢j hk,i(n)hk,i(n)H)- We underline that for STBC we consider
only the case\l = 2. The actual transmission rate during shats

Rsu(n) = rgy . (Hy(n), P) (5.10)

In case of MU MIMO we consider five different transmission techniqulesee under the
assumption of perfect CSI at transmitter and two adopting limited uplink fe&dlbacase of
perfect CSIT we adopt: 1) Multiuser eigenmode transmission introducekaptér 2 (denoted
as ZF-M) for which user selection follows (2.18) , 2) ZF-1 where onlydbminant eigenmode
of each user can be selected for transmission (see Chapter 2), ara&8p#rcity achieving dirty
paper coding (DPC) [9] for which users are selected according th (B.Zase of limited uplink
feedback we consider: 4) ZF beamforming with MESC and LBG-basedbuomk designed
for high SNR, introduced in Chapter 4 (see (4.13) for user selectiorcamgbutation of the
weighted sum rate) , and 5) U-BF with MMSE receivers described in €hdp For both 4)
and 5) we consider the additional MMSE processing computed based efféhtive set of
selected users (see Section 4.2.3). For the specific computation of the opiseusetS(n)
and the rates of selected users in case of MU MIMO strategies we remahapdets 2 and 4.
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S=3 S=6 S =12

Figure 5.2: Sectorization with = 3,6, 12 sectors per cell. The arrow indicates the orienta-
tion of a representative sector antenna.

5.3 Cellular system simulation methodology

The channel coefficient between each transmit and receive antaini@gfunction of distance-
based pathloss, shadow fading, and Rayleigh fading. We letithe:)th element ¢ =
1,...,N,m = 1,..., M) of the kth user's MIMO channel matrifl; ; from baseb be given

by:

(Hkb] (. my = Brep \/ A(O b(my) [1,5/10) " prepT (5.11)

where 3,}" is independent Rayleigh fading, ;" ~ CN(0,1), A(0xpm)) is the antenna
element response as a function of the direction fromrtiile antenna of théth base to the
kth user,pp, is the distance between tih base and théth user,y is a fixed reference
distance;y = 3.5 is the pathloss coefficient, ang ; is the lognormal shadowing between the
bth base andth user with standard deviatiar), = 8 dB. Since shadowing is caused by large
scatterers we assume that antennas of the same cell are close enougihéodoterized by
the same shadowing effect. We assume universal frequency reuggtsll bases transmit
on the same frequency. The paraméteas the reference SNR defined as the SNR measured
at the reference distangg, assuming a single antenna at the base station transmitting at full
power and accounting only for the distance-based pathloss. If we leé the distance from
the base station to the cell boundary, a reference $NR 20dB captures the various power
and noise parameters associated with a typical cellular network operating imenference-
limited regime [75].

The antennas of each cell site are grouped and oriented so thefe-arg, 6 or 12 sec-
tors per cell, with the orientations shown in Figure 5.2. The antennas acedspafficiently
far apart so they are spatially uncorrelated. We model the antenna elssapahse as an in-
verted parabola that is parameterized by3lB beamwidthds,;z and the sidelobe powet;
measured in dB(A(0, y(m)) ) yg = — MIn{12(04 p(m)/O34n)*, As} whered € [—m, ] is the
direction of userk with respect to the broadside direction (given by the arrow in Fig. 5.2) of
the mth antenna of bask In the case of coordination, the broadside direction could be dif-
ferent for the coordinated antennas as we discuss later. As the satitoriarder increases,
the beamwidth decreases, and the physical width of each sector’'s ardieamges inversely
proportionally to the beamwidth [81]. F&% = 3,6, 12, the corresponding parameters are
O34 = (70/180)m, (35/180)m, (17.5/180)7 and A; = 20, 23,26 dB, respectively. The
antenna parameters as a functiorbaire summarized in Tab 5.1.
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Number of sectors per celb] O34 A,
3 sectors (70/180)w | 20dB
6 sectors (35/180)r | 23dB
12 sectors (17.5/180)m | 26 dB

Table 5.1: Antenna pattern parameters.

To provide fairness in the network we adopt the MPFS algorithm with fasrfeedorr =
10 time slots. A total o650 users are uniformly dropped in each cell site, and users are assigned
to the base (or more generally, the cell cluster) with the highest averaBeaStbunting for
distance-based pathloss and shadowing. For each drop of usechatieel is modelled as
H;;, ~ CN(0,I) and we either assume a TDD or FDD mode. In TDD mode we consider
stationary users so that channel state information (CSI) at the transmitteals Rerfect CSI
is also assumed at the receiver. In FDD mode we assume either static or nvblingnd
assume limited CSI from the receivers.

We consider four sets of results, each for a different network cor#tgn. The first three
sets consider a TDD system, while the last one assumes an FDD systemyv&tdhexfirst set
of results compares SU-MIMO (diversity and SM) and MU-MIMO for t#nsector cells. Here
we assume &, = 19-cell network with the architecture A in Fig. 5.3 add = 2 antennas
per sector. This represents a configuration commonly found in cur@sy8tem deployments.
The second set of results considers the effects of high-order gatton for SU-MIMO and
MU-MIMO. Again we assumeV, = 19 (architecture A of Fig. 5.3) but the total number of
antennas per cell iR2. There areS = 3, 6, 12 sectors per cell. This configuration is associated
with near future cellular deployments. For the third set of results, we stwdyribact of base
station coordination still adoptint2 antennas per cell. Because of the complexity of sharing
data and CSI over the backhaul network, we consider coordinatianiovieed clusters. We
let C' denote the number of cells in the coordination cluster and conéider 1,3, and7.
As a baseline, we consider the case of no coordination=(1/S, N. = 19) with network
architecture A. With this notation the number of coordinated antennas pegrdkid/ x L x C.
We assume that the antenna elements are sectorized according to the parfongte: 3 and
the corresponding sector orientation in Figure 5.2. €ok 1, the 12 co-located antennas
for each cell site are coordinated. The number of baség is- 19, and the cell topology is
given by architecture A of Figure 5.3. F6t = 3 andC = 7, the cell topologies are given by
architectures B and C, respectively, in Figure 5.3. There are a togdl ahd84 antennas in
each coordination cluster, respectively, and the number of cells petezsll “base” refers to
a cluster of coordinated cells) I§. = 7 for both cases!

For the final set of simulation results we compare MU MIMO strategies with limitethFB
three-sectors cells and with no cell coordination, Me.= 19, S = 3 andC = 1/3. The total
number of antennas per celllig, i.e. M = 4 antennas per sector, and CLB is included as term

We note that in case of coordination between spatially separated antéhras (7) it would be necessary to
consider an average per-base power constraint instead of the S&Liged in Section 2.1. Off-line analysis of the
power allocation per base indicates that under SPC, the distribution of wearly the same for all bases. This
observation indicates the marginal performance difference undarlagse constraint would be minimal.
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A. No coordination and
(C' = 1)-cell coordination

B. (C' = 3)-cell coordination

C. (C = T7)-cell coordination

Figure 5.3: Network architectures for varying levels oféatation coordination.

of comparison.

Colored intercell interference (or more generally, inter-cluster intenieg) is accounted
for using a two-phase methodology. In the first phase, the resouraatidio and transmit
covariance calculations are performed assuming the intercell interéeisrapatially white
and estimating the achievable SINR assuming all bases transmit at full pod/@ceounting
for path loss and shadowing. In the second phase, the actual adbieatds are computed
assuming that the transmit covariances are colored according to samaie@anoces generated
from the first phase. The assumption of spatially white noise in the firsepbdse worst-case
noise and results in a somewhat pessimistic rate. This methodology circumwepi®iiem
of resource allocation when the statistics of the colored spatial noise ekaaen. In order
to achieve the rates predicted in the presence of colored noise, we abstifiast incremental
redundancy or some other higher level medium access protocol is erdptyeogressively
adapt the rates.

Cell wraparound (or more generally, cluster wraparound) is usecei@pt network edge
effects by ensuring each cell (cluster) is surrounded by a suffiniember of interfering cells
(clusters). For the case of no coordination &d= 1-cell coordination, wraparound is used
so each cell is surrounded by two rings of cells. Each cell is at the cehitsrown network,
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as shown in architecture A of Figure 5.3. Similarly, for the cas€'of 3 andC = T7-cell
coordination, cluster wraparound is used so that each cluster is sdedwy one ring of
clustered cells. Even though the network topology changesdiitine comparisons are valid
because at leagtrings of interfering cells are always considered; considering more aglls
source of interference would have a negligible effect on the user Sthligtics.

5.4 Numerical results

We present four sets of simulation results showing either i) the cumulativéodistn function
(CDF) of the cell throughput, ii) the mean cell throughput or iii) the CDF ofrttean user rate.

5.4.1 Diversity, SU-MIMO, and MU-MIMO with no base coordination

We setN, = 19, S = 3 andC = 1/3. Each sector has &, N = (2,2) deployment. As
shown in Fig. 5.4, because of the interference-limited nature of the nettherkjains of SU-
MIMO MMSE over less complex STBC with MRC are marginal (similar results Hasen
shown in [82].) In the case of isolated cells or lower frequency reusercell interference
would decrease, and the throughput per sector would increase velotlie overall throughput
per cellwould be reduced because of the reuse inefficiency [83]. If CSladable at the
transmitter, SU-MIMO with CLB provides an additional gain of 30% in medianughput
compared to the MMSE receiver.

If CSl is available at the transmitter, then MU-MIMO ZF should be used singmitides
a significant performance gain with comparable complexity with respect tMSo CLB.
Under ZF-1, this gain is due to multiuser diversity and transmitting a single steetmo users
simultaneously. Under ZF-M, there is the additional option of transmitting bodarsis to
a single user, like SU-MIMO CLB. However, ZF-M has a negligible perfance gain with
respect to ZF-1 and the resource allocation for ZF-1 is also more rabtisé presence of
colored intercell interference. Using ZF-1 is further justified because liégss complex to
implement compared than ZF-M, requiring less control signalling and fegdbeerhead. The
rightmost curve in Fig. 5.4 indicates the potential gains under sophisticatggdper coding
due to non-linear processing and multiuser interference pre-cancellaside each sector.

5.4.2 Impact of sectorization

In the second set of results, we study the effects of sectorization ougtfpat for a fixed
number of antennas per cell. The total number of antennas per t2JIss that as we vary the
number of sectors per cell &= 3,6, 12, the number of antennas per sectoMs= 4,2, 1,
respectively. Results are given for single anten¥ia={ 1) users and multiple antenn&/(= 2)
users in Figs. 5.5 and 5.6, respectively. To make a fair comparison,loudata the throughput
per cell.

We first consider CLB performance fof = 1 in Figure 5.5. With only a single receive
antenna, no spatial multiplexing is possible. In going frém= 3 to 6, the diversity and
combining order drops from/ = 4 to 2. However, this drop in the diversity ordper sector
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Figure 5.4: CDF of throughput per cell (bit/s/H%),= 3 sectors per cellM = 2 antennas
per sectorN = 2 antennas per user, no base coordination. SU-MIMO techgi¢@®€&BC,
MMSE, CLB) are compared with MU-MIMO techniques (ZF-1, ZF-BIPC).

is offset by the doubling in the number of sectors per cell. Overall, the meeéiathroughput
increases by about 35%. A similar gain is observedNot= 2 in Figure 5.6 where multiple
receive antennas allow for spatial multiplexing per user. Fixing the nunfoantennagper
sectorto M = 2 and referring to the CLB curve in Figure 5.4, the median throughput nearly
doubles in going frond = 3 to 6 sectors forV = 2. These results highlight the potential gains
of higher order sectorization.

Comparing CLB and ZF-1, CLB transmits to a single user usingtreams whereas ZF-1
transmits a single stream to as many\dsusers. For the case 8f= 6, M = 2, N = 2, even
though CLB and ZF-1 have the same multiplexing order, the ZF-1 perforniansuperior
because of the multiuser diversity advantage. For the other case$§ witB or 6, ZF-1 has a
clear multiplexing advantage. For MU MIMO whe¥ = 2 (see Fig. 5.6) we have the option
of allocating multiple streams to a single user using ZF-M. We observe that tfegrpance
gain over the more restrictive ZF-1 is minimal, for the same reasons givertingé.4.1.

For both CLB and ZF, performance improves in going fr8no 6 sectors. For CLB,
the improvement is the result of higher order multiplexing. However for Z& ntaximum
number of spatial channels per cell is fixedlf indicating that the spatial channels formed
by sectorization are more effective than those formed by ZF beamformardodth CLB and
ZF, the throughput is further improved in going frath= 6 to 12 sectors. In this case, since
there is onlyM = 1 antenna per sector, no spatial multiplexing can be achieved, and the CLB
and ZF techniques are equivalent. The superior performanSe-ofl2 comes at the expense
of larger antenna elements, as mentioned in Section 5.3.

Regarding DPC, in the case of single antenna users, the opposite tanding sectoriza-
tion is observed. In other words, the throughput CDF slightly shifts to thetethe number
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Figure 5.5: CDF of throughput per cell (bit/s/Hz) for fixedmber of antennas per ceB. =
3,6, 12 sectors per cell, 12 antennas per cKll= 1 antenna per user, no base coordination.

of sectors goes from§ = 3 to 6. The reason is that the spatial channels formed with DPC are
more effective than those formed by sectorization. On the other handy| for2 under DPC,

the throughput performance increasesSascreases. The reason is that the transmit covari-
ances during the first phase of the simulation methodology are creatediagsjpatially white
interference while throughput performance is measured in the prestoaiered interference.
Therefore with higher order sectorization, inter-cell interferenceeapgpmore spatially white
and there is a lower performance loss when the throughput is actually ¢ednpu

5.4.3 Impact of base coordination

In this section, we sef = 3 and consider the impact of coherent network MIMO as a function
of coordination cluster size, designated by the number of coordinating(€el\&e consider
coordinated transmission using ZF-1 and DPC and include CLB with no icztich as a
reference term. For a fair comparison between different coordinatider® the results are
given in terms of throughput per cell.

In going from no coordination up 16 = 7-cell coordination for ZF-1, the median through-
put increases by about 60% for single antenna users (see Fig. 8 30%nfor multiple antenna
users (see Fig. 5.8). The largest gains are achieved by movingdreml /3 to C' = 1 when
the intersector interference within a cell is mitigated. Diminishing returns o thieacoor-
dination cluster size increases, indicating that interference mitigation isfeatie¢ once the
interference power is equal or below that of the receiver noise.efdrer network coordination
gains are higher for higher transmit powers (in other words, higheredgké SNR). This ob-
servation was made for uplink network coordination in [75]. Note that thé Zerformance
with C' = 1-cell coordination is about the same &is= 12 sectors. This option presents a



5.4. Numerical results 71

09r s=12 1
08F 7F M, 5=6 i
0.7} .
ZF-M, S=3
DPC, S=3
0.6} i
ZF-1,S=6 -
% o5l o _-DPC,S=6 |
ZF-1,S=3
0.4f ~DPC, $=12 1
03l  CLB.S=6 |
0.2F  CLB, S=3 : - ]
01f .
0 ‘
0 40 50

cell throughput [bit/s/Hz]

Figure 5.6: CDF of throughput per cell (bit/s/Hz) for fixedmber of antennas per ce. =
3,6, 12 sectors per cell, 12 antennas per chll= 2 antennas per user, no base coordination.

favorable performance-complexity tradeoff since it can be implemented withcl smaller
antenna array and minimally complex coordination among co-located antefimagiains of
coordination for DPC are much higher where, with= 3-cell coordination, the throughput is
almost double the case of no coordination. If we consider CLB With 3 sectors and/ = 4
antennas per sector as a baseline, then ZF-1With 7-cell coordination gives an approximate
2.5-fold improvement in median cell throughput for bath= 1 and2.

5.4.4 Limited feedback transmission strategies

For the last set of numerical results the network is configured as in artthigeA of Fig. 5.3,
i.,e. N.=19,C =1/S. There are5 = 3 sectors per cell withh/ = 4 antennas each and MTs
are equipped with eitheW = 1, 2 or 4 antennas.

Fig. 5.9 considers a static spatially uncorrelated channel and comparesigixdemean
cell throughput as a function of the number of feedback Bitsi) ZF-BF with MESC and
LBG-based codebook, ii) U-BF with codebook described in Section 45RK, cod. 1) iii)
U-BF with codebook described in Section 4.5.1 (U-BF, cod. 2) and MIRU [22]. For all
schemes we consider a BFB strategy. Interesting all transmission strdtiegiefit from the
additional degrees of freedom provided by multiple receive antennaksha MMSE receiver
that attenuates multiuser interference. While cell throughput for ZF-Bfeases withB the
performance of U-BF and PU2RC degrades with high feedback raierddalls similar results
obtained in Chapter 4 for users with equal average SNR.

Both U-BF and PU2RC seem to outperform ZF-BF in terms of mean cell-thmutgor
small B but this loss is traded for an higher fairness of the system. Indeddl fer, Fig. 5.10
shows that the CDF of the individual user rate has a steeper behawidFBF assuring more
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Figure 5.7: CDF of throughput per cell (bit/s/Hz), 12 antesper cellC = 1/3,1,3,7 cell
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cluster coordinationN = 2 antennas per uses, = 3.

fairness among users. Interesting for= 4, U-BF with cod. 2 achieves both an higher cell
throughput and an higher user fairness with respect to other unitargfoeming strategies.
Finally Fig. 5.11 compares i) ZF-BF with BFB, ii) U-BF, cod. 1, with BFB, iii) 8% with
HFB, iv) ZF-BF with perfect CSIT (ZF-BF-PCSIT) and v) CLB, in termiscell throughput for
different speeds of the mobile terminals. Spatial and time correlation of tibmehia modelled
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Figure 5.10: CDF of user rate for U-BF, cod. 1, U-BF, cod. 2-BFand PUZRC. All
schemes adopt the BFB strategd = 4, K = 20 users per sector on averagé,= 1,2,
B = 4, spatially uncorrelated Rayleigh fading chanmek 0 km/h.

as in [60] assuming transmit antennas spaked = 10 A, with ) the transmission wavelength,
f. = ¢/\ = 2 GHz the carrier frequency ard= 3 x 10® m/s the speed of light. The time slot
isT = 0.5 ms and mobile terminals speed is eithes 3, or 50 km/h. All limited feedback
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Figure 5.11: CDF of the cell throughput for U-BF, cod. 2 withBB ZF-BF-BFB, ZF-BF-
HFB and CLB.M = 4, K = 20 users per sector on averagé,= 1, B = 4, spatial channel
model withAr, = 10).

schemes us®& = 4 bits andB,,,,.. = 12 is the maximum number of levels in the LBG-tree
codebook. While ZF-BF-BFB and U-BF, cod. 1, with BFB have complarpbrformance, ZF-
BF-HFB is able to exploit the time correlation of the channel and thanks torbieahindexing
achieves approximately:#% improvement in median cell throughput over the other schemes.
Moreover ZF-BF-HFB significantly outperforms CLB with PCSIT, emphiagjzhe potential
gains of MU MIMO even with few FB bits. Numerical simulations verified that alitary
BF schemes (U-BF, cod. 1, U-BF, cod. 2 and PU2RC) have practicalgame performance
for B = 4. Interestingly, increasing mobile terminals speed, the proportional fairitigo
benefits from time diversity providing higher cell throughput for ZF-BFB, U-BF cod. 1
with BFB, CLB and ZF-BF-PCSIT. Differently HFB is less efficient with ireisingy because
quantization accuracy degrades. Numerical simulations verified that simglamants hold
for N > 1 as well.

5.5 Conclusions

This chapter evaluates the downlink throughput of SU and MU MIMO teclesqunder a
unified simulation environment that models a multi-cell system serving a depsdggion of
stationary users.

In case of perfect CSI at transmitter, a reasonable assumption in TDEhsy,dor a given
sectorization order, MU-MIMO outperforms SU-MIMO because of tgeapatial multiplex-
ing. For a fixed number of antennas per cell, throughput increases asatfber of sectors per
cells increases, resulting in larger antennas. Coordinating transmiseiong @antennas at one
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or more cells improves throughput by mitigating interference but requirditi@ual backhaul
resources and higher computational complexity.

Compared to a SU-MIMO baseline with = 3 sectors per cell and/ = 4 antennas per
sector, a MU-MIMO with the same antenna architecture but with coordinatignasnong12
co-located antennas in a cell (effectively eliminating the notion of sectan®ases the median
throughput by a factor df. Similar performance is achievable with the configuration using the
maximum sectorization order but the first solution requires a much smallemanéeray. By
coordinating a cluster df cells (a total o84 antennas), the throughput increases by a factor of
2.5.

In case of no coordination and limited uplink FB from users, a suboptimumNUMO
strategy based on ZF with MESC and HFB shows a significant perforngacevith respect
to SU MIMO with perfect CSIT, emphasizing the potential gains of MU MIM@evn FDD
systems.






Chapter 6

Multiuser MIMO-OFDM with limited
feedback

In Chapters 2-5 we considered single carrier flat fading MIMO transamisswith particular
interest in uplink FB optimization for FDD MU MIMO downlink systems.

Anyway FB optimization might become even more relevant in broadband systbers
the channel is dispersive. In this context, orthogonal frequendgsidivmultiplexing (OFDM)
is considered a good candidate as modulation scheme for the LTE of 3G csjisiams [84],
since it converts a frequency selective fading channel into a numbparaflel flat fading
subchannels that allow an efficient and simple equalization.

In this chapter we consider a MU MIMO-OFDM downlink system with beamfogvand
address the problems of channel quantization and FB optimization. Welinedbat, differ-
ently from most contributions in literature [85, 86, 61], the proposed saistare explicitly
designed for a multiuser environment. In order to reduce control osdraed signal process-
ing complexity we resort to an approach vastly adopted in the standardipatitngeneration
wireless communication systems, e.g. LTE [84], where the available bandwiditided into
resource blocks (RBs), each comprising a number of adjacent sigosd87]. We notice that
as the transmitter is equipped with multiple antennas, in general the chantigbrslea RB
is represented by a space-frequency matrix. Moreover the spedtithl @f a RB is chosen
so that almost independent fading realizations are experienced in @idi8e, motivating an
independent channel quantization per RB. The RB approach rethecesmplexity of i) chan-
nel quantization at receivers, i.e. how to select a suitable codematrixgioea RB channel
matrix, and ii) user selection at the transmitter.

The chapter contains two main contributions: i) the proposal and comparfisechniques
for RB channel matrix (space-frequency) quantization and ii) the optimizafi&B bit alloca-
tion across the RBs in a specific multiuser environment. Within the problem ohRBnel ma-
trix quantization we propose a new simplified metric for designing the quantizetdidebook
based on the Lloyd-Max algorithm [20]. This metric is derived from thdesysachievable
throughput and is a non trivial extension of the approach followed irptehna for flat fading
MIMO channels. As main result on RB channel quantization we provide gmntitions on
the channel coherence bandwidth and the FB rate per RB that allow &mpaaximation of the
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channel matrix (space-frequency) as a simpler channel vectore)spakis approach further
simplifies quantization at receivers and user selection at transmitter, witdditeoaal benefit
of reducing the complexity of beamformer design at transmitter.

As second contribution we consider an optimization problem that has eelddeiss attention
in literature but might lead tremendous performance improvement in a MU aeméot. In
fact, most state-of-the-art techniques use the available FB bits to quamtizerttplete channel
frequency response of a user [85, 88, 89], to exploit frequenmelation. This might not be
the best approach in a MU environment where multiuser diversity can fileieed. To this
purpose we study whether it's better tocncentrateall the available FB bits in quantizing
only one selected RB for each user omitributethe available FB bits among more RBs. We
show analytically that when the number of users is large, the first agpisgueferable and
through simulations we validate this finding even for a practical number of irséhe system.
This result emphasizes the importance of an accurate channel knowtedgse of limited
uplink feedback and recalls a similar finding obtained in [48] for flat MIM@uanels, where a
high-rate/high-quality feedbadkom asmall numbeiof randomly selected users is proved to
be preferable thanlaw-rate feedbackrom alarge numbernf users.

The chapter is organized as follows. Section 6.1 presents the system 1Bedibn 6.2
addresses the problem of codebook design for RB channel matrixizatéon and Section 6.3
compares both analytically and by numerical simulations the RB channel mattitharkRB
channel vector approximation models. Section 6.4 describes two FB ratatalfostrategies
that exploit frequency/multiuser diversity and numerical simulations aréiged in Section
6.5. Finally, Section 6.6 concludes the paper summarizing the main results.

The material of this chapter has been in part published in [90] and [91].

6.1 System model

We generalize the system model in Section 2.1 and consider the downlinletfiacOFDM
system withN¢ subcarriers. The transmitter has transmit antennas an users have one
antenna each. The available bandwidth is divided ¥ipRBs [84] each comprising adja-
cent subcarriers, and both FB signalling and user selection are medorn a RB-basis. The
channel is assumed frequency selective andlthe M channel vector of usek relative to
subcarrier of RB n is denoted withhy, ,,(¢). The L x M channel matrix relative to RB is
denoted withHy, ,, = [hy,,(0)T, ..., hy (L — 1)T]T. We assume that the channel is quasi
static, i.e., it can be considered invariant for the duration of one OFDM elara vectors
h;, ,(¢) are assumed to be uncorrelated across users. We consider an RBM aysl in each
OFDM symbol (slot) users feed back a partial CSlI, which is used by thertriter to schedule
downlink transmissions and perform beamforming.

LetS, = {51(11), e sg‘g“')} be the set of scheduled users receiving data omRBdx,, (¢)
thel x M transmitted symbol vector on subcarriee 0, ..., L — 1, which is related to the
information symbolgd; ,,(¢)} for userj € S,, via linear beamforming, i.e.

Xn(g) = Z gj,n(g)dj,n(@ , (61)

JESn



6.1. System model 79

with {g;,(¢)} 1 x M beamforming vectors. The signal received by userS,, on subcarrier
¢ can be written as

yk,n(@ = hk,n(g)xz;(z) + nkm(g)
- [hk,n(g)gg,n(g)] dk,n(g) + Z [hk,n(g)gjj:n(g)] dj,n(g) + nk,n(e)(ﬁz)
JeU(n).j#k

whereny, ,(¢) is the additive complex Gaussian noise with zero mean and unit varianceeand th
summation term in the second line of (6.2) accounts for multiuser interferengsenk.
The transmit signal is subject to the average power constraint

Nr L—-1
g [z S (O

n=1 (=0

<P, (6.3)

whereP is the available power at transmitter. We assume equal power allocatios actoe
RBs and the corresponding subcarriers, hence the power allocateaboarrier! of RB n
is P(¢) = P/(LNg) where Ny is the number of active RBs. Moreove?,¢) is uniformly
distributed across the users selected on subcdraed the power allocated to th¢h selected

useris
P(0) P

~ |Sa]  LNg|S.|’
From (6.3) and assuming that the channel has unitary average gainetiagea system signal
to noise ratio per subcarrier is defined as SNR°/(LNg).

Py(0) (6.4)

6.1.1 Finite rate feedback strategies

As in Chapters 3-4, we assume that usgrerfectly estimates its frequency selective channel
frequency responsd, = [Hy ,,..., H] v ] and feeds back in each slot a quantized version
utilized at transmitter for both user selection and beamformer design. In {hes p& propose
two different strategies for allocating the available FB bits amongNieRBs, denoted as
distributed feedbackDFB) andbest RB feedbaqBeFB).

In DFB a set ofD RBs is randomly selected by the transmitter for each user, irrespective of
channel conditions, with the aim of assuring that CSl relative to at leastiser is available for
each RB. Then usérfeeds back two information for each assigned RB: 1) the channel direc-
tion information (CDI) given by a quantized versi®fy, , = [h;,,(0)7, ..., hy, (L — 1)T]"
of the normalized channel matridy, ,, = [hy,(0)7,... hy (L — 1)7]7, with hy ,(¢) =
hy, ,(0)/|/hy»(¢)|| and 2) an analog channel quality indicator (CQI) related to the estimated
achievable throughput on the RB. The total FB ##%sp; for CDI quantization are uniformly
distributed among th®& RBs leading tdcp; = Bepr/D FB bits per RB. This FB bit allo-
cation includes as limit situations: i) a uniform bit distribution 8f,; among all the RBs,
whenD = Ny and ii) the use 0B p; bits for quantizing only the RB channel matrix selected
by the transmitter, whe® = 1. We notice that the optimum value &f should be chosen by
the transmitter as a function of both the user selection algorithm and the numisgre in
the system and then conveyed to the users via a feed-forward link. fé¥daeSection 6.5 for
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Num. of CQl CDI
selected | tot. bits | bits per RB | tot. bits | bits per RB bits RB
RBs Begr boor Bepr bepr indexing
DFB | D D 1 B-D |B/D-1 0
BeFB | 1 1 1 B—1 | B—1—1logy(Ng) | logy(Nr)

Table 6.1: Allocation of the available FB bits in DFB and BeFB

more details on the optimization &1.

Similarly to DFB with D = 1, BeFB still uses all the available FB bits for characterizing
only the channel matrix of one RB, but differs from the aforementionedesjy in the choice
of the RB. In this case, selection is done by the user, which feeds bawknation about the
RB providing the highest estimated achievable throughput. Note that with BeFigser needs
to feed back the index of the selected RB along with CDI and CQI. Indeggd(Ng) bits
are reserved as RB index and the remainthgr; — log,(NRr) bits are used for RB channel
quantization.

With regard to CQI FB, we notice that BeFB requires only one analog valbie DFB
needsD values per slot, which may become a significant FB overhead. In the fotiowia
optimistically assume that by exploiting the time correlation of the MIMO channeh €&
can be updated with an incremental approach using only one FB bit pesisidarly to power
control schemes in cellular systems [82As a consequence, DFB needs at |gasEB bits
whereas BeFB requires only one bit per slot. Adopting this mod#l hifts are available, DFB
keepsBcgr = D bits to update the CQIs anBcpr = B — D bits for CDI quantization.
Differently, BeFB uses only one bit for CQI FB a¢}p; = B — 1 bits for CDI quantization.
Notice that we are implicitly favoring DFB whehR > 1, because in time variant channels one
bit per slot might not be enough for an accurate CQIl update. As a goesee, more FB bits
should be allocated for this task, leaving fewer bits for CDI quantizatios.dlllocation of the
available FB bits according to the two strategies is summarized in Tab. 6.1.

6.1.2 CDI quantization and CQI feedback

We consider two approaches for CDI quantization: RB channel matrintgagion (RBCM-
Q) and RB channel vector quantization (RBCV-Q). In RBCM-Q each REejsesented by
L frequency components per transmit antenna and we make use of a ckhdaparr—¢

1This assumption needs a comment for BeFB. If the channel is slowly tarient, we can expect the value
of CQI FB, as the maximum value d¥r CQIs, to change slowly from slot to slot, and hence one FB bit per
slot may suffice to describe its variation, even if the maximum value mayrdoc a different RB. Indeed, denote
with v » (t) (see also Section 6.1.2) the CQI for ugein RB n at time slott. In BeFB the CQI is chosen as the
maximum amongVr CQIs. If the best RBr changes in subsequent time slotsyi.e- ¢ at time slott andn = j,
j # dintime slott + 1, it means thatyx ; (t) < vk,:(t) = & (t)™ where~, ()™ denotes the maximum CQI
for userk in time slott, but (t + 1)™ = v ;(t + 1) > v.:(t + 1). As a consequence it's easy to show that
one of the following inequalities must hold: either4), (¢t + 1)™ — v (6)™| < |vk,;(t + 1) — v&,;(¢)] or ii)
vk (t+ D)™ — 45 ()™ < |yk,:(t+ 1) — vk,:()|- Therefore in slowly time variant channels if we can assume, as
in DFB, al-bit incremental quantization for the CQI of a generic RB (€.gr 5), this is reasonable also in BeFB
because in each time slot the differensg(t + 1)™ — 4 (¢)™®| is always smaller than the difference between
subsequent CQIs relative to at least one RB.
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of 2bcpr I x M complex matrices €;}. Differently, with RBCV-Q we look for a single

1 x M space vector that approximates the entire RB channel matrix, assumingethaators
across the frequency domain are similar. In this case we use a codéhgek ¢ of 2bcpr

1 x M complex vectorgc; }. RBCM-Q allows for a better characterization of the RB channel
matrix in case of highly frequency selective fading channels, but when is large the mem-
ory required for codebook storage may be prohibitive. On the othet, FRBCV-Q requires
less memory but might become less effective when the coherence banaivitith channel
diminishes. A comparison between these two strategies is proposed in Se8tion 6

In this paper the system performance is evaluated in terms of achievahlghiprdg. We re-
call that uselk does not hava priori knowledge of the CDlIs of other selected users, therefore
it does neither know the beamforming vectdgs; ,} nor the multiuser interference. Nev-
ertheless, generalizing the approach in Chapter 3, under the approximéa@ssuming)/
orthogonal selected users and equal power allocation, the achieviahlghtput on the generic
RB n of userk is estimated as

L—-1

R(Hyp, Hyp) = Y logy (1+ Yk (0)) (6.5)
/=0

where
(6.6)

en(0) = Pk ()] By (£) flk,ngf)H\Q

’ 1+ pl by (O] (1 = [hyp (€) Dy (O ]2)
is the achievable signal-to-interference plus noise ratio (SINR) ofiuearsubcarrief of RB

n andp = P/(M LNp) is the power allocated to each user. Interestingly, (6.6) can be shown
to provide a tight approximation of thexpectedachievable SINR even in case oéarly or-
thogonal selected users as done in Chapter 3 for flat MIMO channelsddpt (6.5) as metric

for RBCM-Q, therefore aguantization ruleve select the codematrl?lk,n that maximizes the
estimated achievable throughput,

Quantization rule Hy, = argmax R(Hp,,C;), (6.7)
CieCrBcM-Q

whereC; = [c;(0)2 ci(1), ... c;(L —1)H]" with [|c;(0)|| = 1, £=0,...,L — 1, is the
generic codematrix. In particular RBCV-Q can be considered a spesalwithe; () = c;,
for/ =0,...,L — 1. For both RBCM-Q and RBCV-Q the codebook is designed off-line and
known to both transmitter and users a priori. The actual codebook degiistisssed later in
Section 6.2.

With regard to CQI, based on (6.7) and extending the approach of Ctaja®©FDM, the
value of CQI feedback for RB is given by

’Yk,n — 2R(Hk,n:ﬂk,n)/L — 1. (68)

We notice that by performing channel coding acrossitlsibcarriers of RB:, the achievable
rate on the RB iRy, ,, = Llogy(1+7%,). Therefore (6.8) can be seen as the equivalent SINR
on RBn that assures ratgy, ,.
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6.1.3 User selection

The transmitter performs user selection and linear beamforming based obib€6C7) and
CQlIs (6.8) received from the users and supports up/tasers on each RB. As user selection
algorithm we propose a simple generalization of the semi-orthogonal ueetiee (SUS)
scheme [42] described in Chapter 3 that operates on a RB basis. Definditi user semﬁlo)
containing all the indexes of users that fed back CDI and CQI fonRBhe first selected user

IS

uD)

= arg max "y, - (6.9)
ke AL

After selectingi users, théi + 1)th user is chosen within the set

L—1 1/2
) . 1 N N
AD =L e A (L > hyn(0) hij) n(e)2> <e j=1,...i (6.10)
=0

as

i+1)
n

= arg max "y, , (6.11)

keA)
wheree is a design parameter setting the maximum correlation allowed between the gqdiantize
channel matrices of the selected uders

We note that in DFB withD = Ng, A%O) = {1,..., K}, while for both BeFB and DFB
with D < Np, A%O) C {1,...,K}. Moreover the SUS algorithm described in Chapter 3

becomes a special case of the proposed algorithm when used with RBCV-Q

6.1.4 Zero-forcing beamforming (ZF-BF)

Let H,(¢) = [h ) (0)7,...,h gs.)(0)T]T be the concatenated unit-norm quantized chan-
nel vectors of the selected us%ﬂ?g on subcarrie of RB n. By denoting withF,,(¢) =
[f,zn(o), . ,f,gTL(|Sn])] the right pseudo-inverse of the quantized channel, the ZF beamform-
ing matrix is given by

Gu(t) = [8hn(0). 80, (ISa])] = Fr(0)diagP, (¢))"/?
= H, (0" (B, (08,07 diagP(6)/? (6.12)

whereP,,(¢) is the vector of power normalization coefficients imposing the power constrain
. . _ _ _ P
(6.4), with entriesP;, ,,(¢) = [P, ({)]x = ARG
We note that when RBCM-Q is used we need to design one beamformerhuariser.
Differently, in RBCV-Q the same beamformer is used for all the subcarietise same RB,

reducing the design complexity by a factor

2We underline that the optimization efdepends on boti and the quantization codebook. For example, if we

, _ 1/2 - . Lo
definea = min (% ZZL:Ol lci(€)c; (é)H\Q) as the minimum correlation between codematrices in
i,j=1,...,2°CDI ji#£j

CrBCcM—q, We have to set > «, otherwise only one user is selected by the transmitter.
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6.2 Codebook design for RBCM-Q and RBCV-Q

In this section we address the design of the quantization codebook foy®RBahd RBCM-Q,

which in both cases is done off-line for a given channel statistic and edsavthe memory of
both transmitter and receivers. For ease of notation we drop both indexedk of the RB

and user.

The RBCV model does not characterize the channel variability across tbcarriers
of a RB and the codebook can be simply designed using algorithms profoydéat MIMO
channels, either uncorrelated [46, 42] or correlated [47, 93, Gijpalticular we adopt the
codebook generation technique used in Chapter 3 based on the LB@hagor

Differently, quantization in the RBCM model is performed jointly for thesubcarriers
forming a RB, whose correlation depends on the power delay profile &g channel. As
a consequence, the codebook for RBCM-Q should exploit correlattmib frequency and
across transmit antennas (spatial). To this aim we consider the LBG alggréhenalizing the
approach used in Chapter 3 for flat MIMO channels.

For RBCM, the performance metric (6.5) is fairly complex to be used in (3.Biljact,
codebook optimization could be done only by numerical methods, with a vehnydoignputa-
tion complexity and no guarantee of convergence. It is shown in Appehdixhat a subop-
timum performance metric, derived by applications of Jensen'’s inequalig/5pi0 both low
and high-SNR regimes, is given by

p(H,C;) = |h(f) c(0)7]*. (6.13)

Now, codebook design according to (3.31) with the performance metri8)(&ads to opti-
mizing separately each row ;. Indeed given a partition regioR; of the training sequence,
the corresponding optimum codemat€iy is given by

C;, = arg max Z uw(H, C), (6.14)

cecLlxM H _
le(0)][2=1, e=0,.... L~ R

where from (6.13)

L—-1
Y wHC) = Ih(¢) c(0)7?
HeR; (=0 HER;
L—1
= c(f) ( > ﬁ(e)Hﬁ(e)) c() . (6.15)
=0 HeR;

The maximization of (6.15) can be achieved independently for each roparticular thefth

row of the optimum codematri; is the dominant eigenvector of the matri}_ h(¢)h(¢),
HeR;
normalized to unit norm.
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6.3 Comparison between RBCM-Q and RBCV-Q

In this section we compare analytically RBCV-Q and RBCM-Q, using as metrgaivalent
time domain (TD) representation of (6.13). Analytic results are then validaied numerical
simulations to compare the two quantization schemes in terms of achievable thub(§5),
using (6.7) as quantization rule.

In details, the discrete inverse Fourier transform of RBEMrovides

L—1 _
p(i) = > h()e*™ i, i=0,...,L-1, (6.16)
=0

where{p(i)} are space vectors in the TD. We underline that for the RBCV model vectors
{p(7)} are of the type

V=0 i=0,....j—1,j+1,....L—1
{p(l) i=0,...,5—-1,74+1,..., (6.17)

p(j) #0

for a suitable value of € {0,..., L — 1}.

Assuming that vector$p(i)} are statistically independent, optimum quantization is ob-
tained by quantizing each vector separately. In particulap(etbe the quantized version of

p(i) = p(@)/||p(4)||. With this approach in the RBCM model the available FB bitg; are

distributed among thé, TD vectors while in RBCV model the FB bits are used to quantize
only one TD vector.

Here we derive the optimum bit allocation across the€D vectors{p(i)}. Let’s introduce
B8 = [pi,...,0L], wheres; > 0,i = 0,...,L — 1, Zi:O ; = 1, and saybcprfS; the
number of bits assigned to the quantizatiorp¢f). Quantities{;} are chosen to maximize
the expectation of the performance metric (6.13) with respect to both chstatistics and
codebook realizations. In the analysis, for the sake of simplicity, we asthandifferentp(i)
are quantized with independently generated codebooks. Using thearofg(®.16) and after
some algebra, the expectation of (6.13) can be expressed in terms of trecids as

E[M(H,H] = [ZHh HZHP i)l p(0)b() |

where(' is a constant not involved in the optimization. From the independence betheen
norm of a TD vector and its direction and defining) = E [||p( Mk ZE 0 ThD) H4] from
(6.18) we have

+C, (6.18)

E [n(HLH)| = 3~ () E[Ip(0)p(0)] +C . (6.19)

Optimization of (6.19) with respect to quantization bits yields the following coimstda
problent

3Quantizing a unit norm vector according to the minimum chordal distan@g [®. the maximum inner
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L—1
max > _2() E [Ip()p(i) ] (6.20a)
=0
B >0,i=0,...,L—1 (6.20b)
SE <. (6.20¢)

We focus on the special case in which the channel vedi¢f$ have i.i.d. complex
Gaussian entries with zero mean and unit variance. Moreover we a@éogadmtization upper
bound (QUB) [88] based on the assumption that each quantization celbiwadi region of a
spherical cap with surface ar@a’cr15 of the total surface area of the unit sphere. With these
assumptions we obtain

E [lp()p()7] =1 - (M7 ) 2 (6.21)

Using (6.21) the optimization problem (6.20) can be rewritten as the conoeékeon

i Lzl (4) o SPA (6.22a)
min 2\ -1 . a
s 1=0
B;>0,i=0,...,.L—1 (6.22b)
St s <. (6.22c)

The following Lemma provides a sufficient condition for the optimality of RBCV-Q

Lemma 2 Under the assumptions of i) independent TD vecf{er&)} and ii) QUB approxi-
mation, the solution of (6.22) is of the type= 1 andg; = 0,4 # j, i.e. RBCV-Q is optimum
according to the performance metric (6.13) (see also (6.17)), when

Elllp()II)
Elllp(i)I*]

Proof: The Lagrangian for the convex problem (6.22) is given by

bemr £ (M~ 1) 1o, ). vizi. (6.23)

L—-1 bep1Bi L-1 L-1
LB Am) = 2(i)27 M1 47 <Z Bi — 1) DR (6.24)
=0 =0 =0

whereX = [\o, ..., z_1]7 comprises the dual variables for (6.22b) anid the dual variable
for (6.22c). Computing the derivatives of the Lagrangian with respebbtb {3;} and dual

product, causes an uncertainty of a common phase rotation of all thergkewf the vector, i.e|p(i)p(i)|> =
[P(i)p(i)e’®i|?, Vo; € [0,27). In the time domain quantization strategy the transmitter needs to recortauct
RB channel matrix from the quantized TD vector§p(i)} to perform beamforming. Therefore the phase
along with the vector normiip(7)|| are essential and a fraction of the available FB bits should be used t@chara
terize these quantities for each quantizeditap j. In the following we neglect this problem because we are only
interested in deriving a bound for RBCV-Q optimality when the channelirigtquantized with only one vector.
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variables leads to the the Karush-Kuhn-Tucker (KKT) conditions

bepra(i) ,-tepifs

G- 1) =n—\ (6.25a)

Sy Bi=1, B;>0, i=0,...,L—1 (6.25b)
\i>0, i=0,....,L—1 (6.25c)

Niffi =0, (6.25d)

In particular, a solution of the typg; = 1 andj3; = 0,7 # j (i.e. RBCV-Q is optimum), is
obtained when

bepr < (M — 1) log, (ig;) Vi #j. (6.26)
Finally, using the approximation(i) ~ E[||p(i)||*], validated by simulations, leads to (6.23).
O

As an example we consider a system with = 4 transmit antennasy- = 256 subcar-
riers andL = 12 adjacent subchannels per RB. We udesquency selectivRayleigh fading
MIMO channel(FSC) with an exponential power delay profile and independent chéapse
The two strategies RBCV-Q and RBCM-Q are compared in Fig. 6.1 for difteralues of the
root mean square delay spread normalized with respect to the samplingd, perig We recall
that the boundary (6.23) for RBCV-Q optimality was achieved using theagegperformance
metric (6.13). Differently, in numerical simulations, we compare RBCV-Q aBER-Q per-
formance adopting the achievable throughput (6.5) as performance métriquantization
rule (6.7). Moreover for RBCM-Q a different codebook was getegldor each value of,.,,
using the LBG algorithm with the performance metric (6.13), while for RBCV-8© shme
codebook is used for all channels. We observe that the simpler RBQp@ach is optimal,
and hence RBCM-Q is not needed, for channels with 1gy;, while RBCM-Q is preferable
for channels with a smaller coherence bandwidth or with a higher FB rateerfiieless, in
practical cellular environments [60] we usually hayg,; < 4, therefore RBCV-Q is the best
approach in practical channel conditions even with high FB rates.

It's worth underlining that although the theoretical boundary (6.23) vesised under par-
ticular conditions, it still gives an indication (pessimistic) of the optimality of RB@Wn-
fortunately, due to high complexity of RBCM-Q with high FB rate, the comparisetween
RBCM-Q and RBCV-Q could be verified only fép; < 11. Nevertheless we can trivially ar-
gue that ifr,.,,s — 0, RBCV-Q becomes optimum for any FB rate because the channel on each
RB becomes flat. This consideration is validated by the behaviour of thestimdiboundary
(6.23) in Fig. 6.1 whem,.,,,s — 0.

6.4 DFBvs BeFB

In this section we compare DFB with BeFB, generalizing the analysis in [42] dtiuser
MIMO-OFDM. Initially we use anideal i.i.d. MIMO channelmodel (Id-C) where the fre-
quency response is constant within a RB and independent acrosemiffeBs and resort to
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Figure 6.1: Comparison between RBVC-Q and RBCM-Q in diffiérehannel conditions.
M = 4 and FSC model.

the QUB approximation for channel quantization. This provides an appation of a real
channel when each RB has a spectral width comparable to the chaheetcoe bandwidth.
However, in Section 6.5 we provide numerical simulations for more realisticnganodels,
validating the analytical results achieved with the Id-C. Under Id-C conditiba user selec-
tion algorithm (6.11) simplifies to the SUS algorithm while the quantization encodlad6.7)

is equivalent to the maximum inner product [42]. Moreover the CQI fer k$n all subcarriers
of RB n simplifies tov; ,,(¢) = ., computed withhy, ,,(¢) = hy,,, £ = 0,...,L — 1. We
claim, as in [42], that even if the exact SINR for useafter SUS is unknown at the transmitter,
“k,n Provides a close approximation of the SINR for small valuesiof(6.10).

To find an expression of the achievable throughput, we need the distrituitig, ,, for
a selecteduser which depends on both the FB scheme (see Tab. 6.1) and the lastoise
algorithm. We recall that according to the SUS algorithm, (the 1)th selected user on RB
n has the highesty, ,, among]Aﬁf)\ users with independent channels and the same average
SNR. Moreover in DFB the statistic of; ,, is different from BeFB due to the maximization
performed acroséVy i.i.d RB channels. As a consequence,]lé&i) be the number of i.i.d.
random variables among which the maximgm, is chosen at stept- 1 of the SUS algorithm.
In DFB N\” = |A®)(n)|, while in BeFBN.) = Ng|A®(n)|, because we account for the
maximization performed across thé; RBs of each user.

Let ¥;.v,, be theith largest order statistics amoigi.i.d random variable§~; ,}. The
user selection rule (6.11) can be seen as the selection of the)th largest order statistics in
a setwithV,\") elements all having the same statistics, whgf8 = N\” + 1 = |A® (n)| + i
in DFB, N\ = N\ + 1 = Ng|A®(n)| + i in BeFB andi accounts for the number of users
already selected. An approximated expression for the achievable thouger RB is given
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by

M
E[R] =~ E{L210g2 (1+@.2N§_1>’n)} : (6.27)
1=1

where the approximation takes into account tha, is the SINR after beamforming in case
M users with orthogonal CDIs are selected at transmitter.

6.4.1 Asymptotic analysis of DFB and BeFB

In this section we derive an approximation of (6.27) in case of many userargeK . Firstwe
note thang)] is in general a random variable depending on the selection of the RBelsann
to be fed back by each user. FocusingAﬁ;?), in DFB, userk belongs toA') only if RB
n has been selected for transmission. Since we assume the selection to lendedef the
user channel conditions, each RB has the same probability of being sefi@ckB. Therefore
the probability of feeding back CSI of RBis D/Npr and applying the law of large numbers,
when K is large, we approximate the cardinality of the initial user se}mﬁ& ~ (KD)/Ng.
Differently, in BeFB, usek belongs tQAﬁLO) only if v ,, is the maximum among th&r i.i.d.
RB channels. A further application of the law of large numbers yien;i§>| ~ K/Ng.

Let o; be the probability that a user belongsfﬁ&). An approximation oﬂASf)\ can be
derived from|A510)| by applying the law of large numbers @0, i.e. |Agf)\ o~ (|A7(10)| — z) a;,
and we finally get

DFB N = [AD|+i~ <KD - Z> witi=2L0 o0y, (628
Ng Ng
BeFB N = Np|AD|+i~ (K —iNg)oy+i=Kao;+0(1). (6.29)

From [42, Theorem 1], (6.28) and (6.29) an approximation of (6.27age®f many users

M
2beniUa;
E[R] ~ LY log, <1+plogpM‘f1), (6.30)
i=1

whereU = (K D)/Npg for DFB while U = K for BeFB. The termA = log% in
(6.30) can be interpreted as the SNR variation, which includes the effesptaotization error,
frequency and multiuser diversity. From Tab. 6.1, it is straightforwanortwe that for large
K, exploiting multiuser diversity, (6.30) is maximized for DFB whBn= 1, i.e. when all the
available FB bits are used to characterize only one RB. This behaviosrradechange if a
larger fraction of the available FB bits is left for CQI updating. Interestinigliya given SNR
variation A that assures a constant gap from ZF beamforming with perfect GSnd K
should scale with? and Ny as

DFB B 1 logy(KD) = (M —1)logy P +logy Ng + ¢, (6.31a)
BeFB B +logy K = (M — 1)logy P +logy Ng + ¢, (6.31b)
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wherec depends or\. It is worth noticing that DFB withD = 1 gives the same scaling law as
BeFB. Since in BeFB a portiolog, (/N ) of the available FB bits is used to index the selected
RB, this suggests that the same performance of DFB Witk 1 can be achieved exploiting
frequency diversity and using a smaller codebook, hence requiriagriesory. Finally, DFB
with D > 1 requires almosD times FB bits to achieve the same throughput of BeFB.

Itis important to observe that (6.30)-(6.31) are valid only large user regimaskK — oc.
For finite K, Nr and B, if P is too large, the system enters tiierference-limited regime
Following similar arguments applied in [42], an approximated expression éathievable
throughput per RB becomes

LM LY M logy a1

E[R] ~ T 1(bCD1 +logy U) + 1

(6.32)

Again DFB with D = 1 and BeFB achieve the highest achievable throughput, with BeFB
requiring less memory. Finally for finit& and Ng, if either B is too large orP is too small,

the system falls in théigh resolution or noise-limited regioand the achievable throughput
may be approximated as

M
ER] ~ L Z logy(1 + plogy Ucvi—1) - (6.33)
=1
In this case, the best choice for DFB beconies= Ny, because quantization noise does not
significantly limit the achievable throughput and having an higher multiuserslty per RB
is preferable. Still, BeFB achieves the highest achievable throughpD&Rsvith D = Ng,
because the loss in multiuser diversity is compensated by the gain in frgoliearsity.

6.5 Simulation results

In this section we present numerical results to validate the asymptotic andl$&ston 6.4.1.
We assume a transmitter equipped with = 4 antennas and = 0.35 is the correlation
parameter in (6.10). The OFDM system hsg = 256 subcarriers andvp = 8 RBs with
L = 12 subcarriers each. The channel is assumed spatially uncorrelatedeaadopt two
different channel models: i) the 1d-C introduced in Section 6.4 and ii) te With 7,.,,,s = 2.5
introduced in Section 6.3. In the 1d-C we use QUB approximation while in thew&S@erform
RBCV-Q using an LBG-based codebook with (6.7) as quantization rule.

In Fig. 6.2 we sefB3 = 12 as the total amount of FB bits per user and consider 200
users in the system. We compare DFB and BeFB in terms of the achievablghptawas a
function of the average SNR. As term of comparison we also include th&igation scheme
proposed in [89] that performs channel quantization in the time domain usimgga square
error (MSE) criterion. Since all channel taps are independentabath space and time do-
mains and circularly symmetric, quantization is performed independently dnceacponent
of the channel taps using an uniform quantizer. We denote this schaimeagomain uniform
quantization(TD-UQ). We underline that to minimize the MSE the quantization bits are dis-
tributed across the different channel taps according to the power pdéile of the channel,
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Figure 6.2: Comparison between DFB, BeFB and TD-UQ in terfrezhievable throughput
vs. average SNRVI = 4, K = 200 andB = 12. Two spatially uncorrelated channels are
considered: i) Id-C, ii) FSC with,.,,,s = 2.5.

using bit allocation strategies proposed in [94].

We observe how BeFB and DFB with = 1 yield very close performance in the high
SNR region while BeFB is preferable at low-SNR thanks to its ability of exploifiaguency
diversity as predicted in Section 6.4.1. Eventually, for increasing SNRytsters becomes
interference limited as observed in (4.28). Moreover both BeFB and DB W = 1 out-
perform DFB with D > 1, thanks to a better policy in channel quantization and feedback
signalling. We notice that TD-UQ allocates the available FB bits across all Ry to
DFB with D = Ny and therefore it has very poor performance with respect to BeFB &l D
with D = 1 whenK is large. Similar considerations hold even when the uniform quantizer is
substituted by the optimum scalar quantizer. Interestingly, the relativerpefice of the FB
strategies are similar in both types of channels (Id-C and FSC). Only a segaldhation in the
achievable throughput is observed for the FSC, mainly due to the fregwaniability of the
channel within a RB.

Fig. 6.3 compares the achievable throughput of DFB and BeFB as a fuétioe number
of usersK in the system for an average SNR20 dB. From the asymptotic analysis of Section
6.4.1 for fixedB and P the system gets into the large-system regim&as: oo, and in these
conditions BeFB and DFB witlh = 1 significantly outperforms DFB witl® > 1. In practice
Fig. 6.3, besides investigating the gap between the proposed FB schémes, that the
asymptotic results give useful indications even for practical valuds.dhdeed, although the
optimum value ofD for DFB depends ot, DFB with D = 1 outperforms DFB withD > 1
already forK' = Ng. Interestingly TD-UQ is preferable for lower values@fbut becomes a
bad choice whetk increases. We underline that f&f < Ny there is a non zero probability
that some subcarriers are not used for transmission in BeFB and DFBmath/3.
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Figure 6.3: Comparison between DFB, BeFB and TD-UQ in terfrechbievable throughput
vs number of user&. M = 4, B = 12 andSNR = 20 dB. Two spatially uncorrelated
channels are considered: i) Id-C and ii) FSC writh,s = 2.5.

Finally in Fig. 6.4, for the Id-C and considerirfg = 512 users, we show how scaling the
number of FB bitsB according to (6.31b) witlk = —6, both BeFB and DFB withD = 1 can
assure a constant gap from the curve of perfect CSIT. DifferantFB with D > 1 scaling
the FB rate as in (6.31b) is not sufficient to guarantee a constant Shéiemay this would be
achieved only by scalin@ according to (6.31a). The same behaviour has been observed even
under the FSC for practical values Bf< 12.

6.6 Conclusions

The chapter considers the problem of channel quantization and FB ogtoniaa multiuser
MIMO-OFDM downlink systems. As in current standard proposals fott generation wire-
less networks, to reduce the control overhead and the signal piragessmplexity the available
bandwidth is divided into RBs whose spectral width reflects the cohetesrodwidth of the
channel.

From both the analysis and the numerical results of the chapter we cae ted main
contributions. Firstly, we show that quantizing the RBCM by a single spacienis optimum
for practical values of the FB rate and in typical dispersive channels RBRCV-Q is to be
preferred to RBCM-Q. In this context we also derive a new simplifiedgoerdnce metric
for codebook design in RB channel quantization, which is related to thterayachievable
throughput.

As a second contribution, an asymptotic analysis of the system througbapuedi for a
large number of users reveals that allocating all the available FB bits to gaamtly the
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Figure 6.4: Comparison between DFB and BeFB in terms of &able throughput vs average
SNR. QUB is adopted scaling the FB rdewith P as in (6.31b)K = 512 and Id-C model.

channel relative to one RB provides a significant gain in achievable ghpu over a more
classic distributed FB approach and simulations validate these considest@nfor a mod-
erate number of users in the network. We conclude that, in case of limited dpddkack, for
a practical number of users in the network, accurate channel knosvisqgeferable to high
frequency/multiuser diversity.



Chapter 7

On state estimation in networked
control systems

Recent research activities and technological progress in communicagiony tiDSP capabil-
ities and computing are revolutionizing our capabilities to build distributed saretarorks

[95] that, by offering access to unprecedented quality and quantity afation can improve
tremendously our possibilities and abilities of monitoring and controlling the emvient. In

these networked control systems (NCSs) [17] the aim is to estimate or congabr more
dynamical systems, using multiple sensors, actuators and controllers ehabtaphysically
co-located and need to exchange information via a wireless digital communicegio/ork.

Typical applications vary from environmental control [96], vehiculatworks and traffic con-
trol [97], surveillance systems, tracking in warehouse [98] and militagpaiios [99].

In NCSs measurements and control packets are subject to random ddldysa, [18].
Moreover, as to each component is effectively allocated only a small partithe available
bandwidth, measurements and control information need to be quantizedisuadfeicts the
stability of the system, [19]. This suggests that a cross-layer designnohaaication and
estimation/control systems might provide significant performance improveoventa sepa-
rated approach [100], leading to a generalization of classical con#otytio account for the
stochastic nature of the communication channel.

In this chapter we propose a framework for state estimation in NCSs wheegvaltions
from multiple sensors are subject to random delays and packet logsesalizing previous
contributions [18, 101]. We derive the minimum error covariance estimatahydifferently
from standard Kalman filtering [102], is strongly time variant, stochastic amghgubetween
different estimation strategies as a function of received measurements.lofdscomplexity
solution we design the optimum estimator with constant gains which depends padket
arrival probabilities. In case of a stable system we generalize the ggd@olutions to account
for the effects of measurements quantization and limited transmission banddasiiming a
simple scalar system we show how the proposed framework can giwd irsdi€ations in the
design of NCSs in the presence of i) low-cost sensors using a fix modylatid ii) long-term
future sensors capable of rate adaptation. As examples of applicatiomyvegtigate issues
within two network set-ups: i) cross-layer optimization of quantization prsE®and network
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Figure 7.1: System setting.

resource allocation and ii) comparison between single-hop and multi-hop aoicatian pro-
tocols.

The chapter is organized as follows. The problem of state estimation is in&ddiu Sec-
tion 7.1, the minimum error covariance estimator is derived in Section 7.2 artbatsnum
estimator with constant gains is proposed in Section 7.3. Section 7.4 intratieqa®blem of
measurements quantization and Section 7.5 present some examples of applicitie pro-
posed framework for stable scalar systems. Finally Section 7.6 summarizesitheesults of
the chapter.

Part of the material in this chapter has been published in [103].

7.1 Problem formulation

We consider a general multi-input multi-output (MIMO) discrete time linear systed parti-
tion the observation vector into two parts, modelling the observation of the stanoldiffer-
ent sensors. The system has the following dynamics:

Xpr1 = Axp+ wg (7.1)
Yik _ |G _ Vik (7.2)
Yo,k C, Vo i

wherex;,, wy, € R™ are the state of the system and the system noise at ikstauaty; ., v1 , €
R™, yo 1, Vo € R™2, are the measurements and measurement noises at fonsensorl
and2, respectively. MoreoveA € R"*", C; € R"™*", Cy € R™2*™ and(xq, Wk, V1 &, V2 k)
are uncorrelated Gaussian random vectors with niggr0, 0, 0) and covariance matrix given
by (Po, Q,R1, R2). Furthermore we defin€ = [C{C%]T and the covariance matrix of the
total noisev;, = [v{kvgk}T asR = diag(R1,R2). We also assume that the péix, C) is
observable andA, Q'/?) is controllable.

The measurements outpyts,,, y» », are encoded separately by two sensors, time-stamped,
and transmitted through a digital sensor network (DSN) whose goal is teedpkckets from
multiple sources (sensors) to a destination (estimator) possibly introducidgnmedelays (see
also Fig. 7.1). Time-stamping of measurements are necessary to recrkletspat the receiver
in case they arrive out of order. We assume that transmitted packetpanatis error detection
coding [20], therefore the estimator knows perfectly weather packe&ivezl from sensors
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Figure 7.2: Estimator with infinite buffers.

contain errors or not. At estimator side all packets correctly delivereddatected in a queue
with two infinite buffers, one for each sensor, while faulty packets aadied (see also Fig.
7.2). The arrival process is modelled by the random variap,gewith i € {1, 2} denoting the
sensor, in the following waly

(7.3)

¢ ) 1 yixhasbeenreceived at> k
Tk =\ 0 otherwise

From (7.3) it follows that if a packet is present in the buffer at tintleen it will be present for
all future times, i.e. ify{, =1 thenfyff,;h = 1, Vh € N. We also define the packet delay;,

i = 1,2, for observatiory; ;. as follows:

L >
Tip =4 0 Yik =0 VEZ K (7.4)
' tir —k otherwise

wheret; ;, = min{t|y!, = 1} denotes the arrival time of observatign; at the estimator.
Since the packet delay can be random, observation measurements\eourof order at the
estimator, moreover we assume a packet is lost whgnr= co.

At first we do not consider the effects of measurement quantizatioomaisg that the
distortion introduced by data encoding/decoding is negligible with respect &sumement
noise. An extension of the proposed model to cope with quantization effertgestigated
later in Section 7.4.

The value stored in thkth slot of the estimator bufferat timet can be written as
Yir =VinYik = VipCiXp + Vi pVig, i=1,2 (7.5)

where we assume a zero [18] is stored in gldtobservationy; ,, has not arrived at time

with this model we are assuming that the channel coherence time is cantepéw the length of the packet,
therefore packet arrivals in subsequent time slots can be approxiraatendependent. Moreover the use of a
Bernoulli random variable implies a “hard” detection/decoding strate@y\ihere packets are simply dropped if
they contain errors. Generalizations to correlated packet arrivad$ @ more powerful “soft” detection/decoding
strategies, where detected bits are associated with reliability values [@0&ftas future works.
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7.2 Minimum error covariance estimator

In this section we derive the optimal mean square error estini@ﬁpré E [xt\}“f,io,PO]
where 7 = {54 5400 Vv b Fon = (T o700 )s ¥n = (Yoo 2n) i =
1,2. Letey, £ x, — Xy, estimatork,, is optimal in the sense it minimizes the error covariance
Py £ E [et\teﬁtlffaimpo] First let’s introduce the following quantities

}A(};‘h £ E[Xk’f;;,)_(o,Po] (76)

E [(xk - x;m) (xk — xl,;lh)T IFL %o, PO} (7.7)

t
Py

where with a little abuse of notation we can say = fcilt andP,, = Pi‘t.

Generalizing results from [18, Theorem 1] and [101], the optimal estintatobe derived
from the following theorem whose proof is given in Appendix B.1.

Theorem 3 Let’s consider the stochastic linear system (7.1)-(7.2), the packehpiocess
defined in (7.3) and the mean square error estimatgr. Then the following facts hold:

(@ The optimal estimator is given By, = fcjg‘t with:

ot ot
Xppe = AXp_qp_+
Vi k756K (S’Z - CA&Z—l\k—l) +
Vel =75 K (5’5/% - ClAf‘quq) +

(1- 'ﬁ,k)'Yé,kK%,k (%k - CQA’A(Z—1|1¢—1> (7.8)

P§c+1|k = APII‘%\kqAT +Q+
*’Yf,/ﬂé,kAKZCPZ\k—lAT +
(1 - ’Yé,k)AKg,kCIPZ\kAAT +
—(1 =715k AKS  CoPyyy AT (7.9)

wherefc’é'O = %o, P! , = Py are the initialization conditions and

K| = P}, ,C"(CP}, C"+R)"! (7.10)
K/, = P ,Cl(CP, ,Cl+R)™", i=1.2 (7.11)

are the Kalman gains.

(b) The optimal estimatag,, can be computed iteratively using a buffer of finite lenytkf
and only ifyf,k, = %{21, 1=1,2,Vk > 1,Vt > k + N. In case this property is satisfied

thenx,, = 5<§|t whereﬁcat is given by (7.8)-(7.9) fot = 1,..., N and as follows for



7.3. Optimum estimator with constant gains 97

t> N:
X_nj-n = X njpen (7.12)
Pf&—N+l|t—N = PE:}VJrl\th (7.13)
Equations (7.8)-(7.9) k=t—N+1,...,t (7.14)

O

We observe that there are two major differences with respect to the adaalman filter
[102]. First the optimal estimator described by (7.8)-(7.9) jumps betwe&srelit estimation
strategies according to the values assumedf’lgy In detail we have 1) an open loop estimate
when~yi, = 75, = 0, 2) a closed loop estimate whefy, = 73, = 1, for which state
estimation evolution is the same as the classical Kalman filter, 3) estimation evolutian as
were the only observation foy; , = 1, 75, = 0, and 4) estimation evolution asgb . were
the only observation fox; , = 0, 73, = 1. Therefore, the optimal estimator and its error
covariance are strongly time-variant and stochastic.

The second difference is that standard Kalman filter only needs thentaoreasurement;,
the previous state estimate_,,_, and the past error covarian®®;_; to compute the current
state estimat&,,. Differently, in case of random delays and packet drops, for tweasrthe
optimal estimator needs i) to store all past packets and ii) to invertumédrices (see (7.8) and
(7.9)) at any time instartt with a linear increase of complexity as time progresses. Moreover,
a buffer of finite lengthV can be used if and only if all packets correctly delivered arrive at
estimator withinV time steps (Theorem 3(b)). We note that in DSNs transmission protocols
usually drop from transmission buffer packets that are very old, e.@r thénV time slots.
Therefore the problem of computing the optimal estimator with a finite bufferiie gammon
in DSNs.

7.3 Optimum estimator with constant gains

The great complexity of the optimal estimator motivates the investigation of subaptit
more practical solutions for state estimation. In this section we study a filter witaat gains
and a buffer with finite dimensio®, i.e. K; , = K5, K}, , = Kip, i = 1,2,Vt € Nand
h=0,...,N —1. The gains for the different state evolution scenarios are designedtigvac
the smallest error covariance at steady-state, assuming stationary iival @nwcesses.

We model the packet arrival process at estimator relative to sémngitin the probability
function

Plrie < h] = Ain (7.15)

wheret > 0 and0 < \;;, < 1is clearly non decreasing ila > 0. Moreover we define the
packet loss probability as
>\i,loss £ 1- Sup{Ai,h“L > 0} . (716)

Finally we denote the maximum delay of arrived packets relative to seasoy ., and define
Trmaz = max;{7;maz }- We underline that the arrival processes relative to the two sensors ar
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independent and described by possibly different probability functions
We consider a constant-gains estimatgy = t|t with finite buffer of dimensionV, where
t‘t is recovered iteratively fromt hlt—h? h=0,....,.N—1 aSXt‘t in (7.12)-(7.14), but using
constant gains, i.&K! , = Kh,KZt h= Kz,h,z =1,2,vte Nandh =0,...,N — 1.

Lete; ;.1 = Xt—kt1 — AX{ ;. , be the prediction error and consider the predic-

tion error covariance matrlPt k+1li—k = E [et . (&l b1t k)T} where expectation
is computed with respect to both initial conditions and arrival processeseder define the
following operator:

Py, 2, (P) = APAT + Q- M\ AKpCPAT +
~A\i(1 = A)AK,; pC,PAT +
—(1 = A\)A\2AK, pCoPAT (7.17)

with the gainsKp = PCT(CPC” + R)™}, K; p = PCY(C,PC! + R;)"},i =1,2. The
following theorem, whose proof is outlined in Appendix B.2, derives the optiorastant-gains
estimator that minimizes the steady state error covariance.

Theorem 4 Let us consider the stochastic linear system given in (7.1)-(7.2), whésfe i)

is observable andA, Q'/?) is controllable, ii) arrival processes are defined at the beginning
of the section and iii) estimators have constant gaiBs, }, ', {Kix}r o, ¢ = 1,2. The
following statements hold:

(a) If A is not strictly stable there exists an instability region for the couple A; joss, 1
A2,10ss) for which no stable estimator with constant gains exists. More generally a dif-
ferent stability region can be found for each valueMof Hence giverd) < A\ v <1
there exists\; \,_; such that a stable estimator exists if and onlyify_1 > AS ;.
Both a lower bound\; r_; and an upper bound\gN | can be derived fon\g _;,
e A5y S ANy < )\QN 1, [101]. Similarly a bound\{ 5, _; can be derived for
A1,n—1 When)g v is fixed.

(b) LetN such that A1 y—1, A2, v—1) belongs to the stable region, the optimal ga{iﬁéN}k 0
{KD, Nt i = 1,2 are defined as follows:

K = vyc'cvyc"+Rr)! (7.18)
KDY, vyclhe,vicer +ry)! (7.19)
Vo = Panen o (VAZ1) (7.20)
vy Br oo (V) k=N —2,..., (7.21)

t

Moreoverlim;_, E_Hl‘t_k = V¥, independently of the initial conditiofPy, %o).
AlsoVY ™ < V. Finally, let 7,4 = max;{7; maz } If Traz < 00, thenV{y = Ve

forall N > 7,,4..00

Theorem 4 shows how the optimal estimator with constant gains can bedlsoléng an

algebraic matrix equation (7.20) and then iteratvg 1 times operator (7.21) having the same
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structure of (7.20) but with different values &f. In case the system is unstable a stable esti-
mator exists if and only if the packet loss probabilities for the two links arecserfiily small

or more precisely if and only the coupl&; n—1, A2, v—1) belongs to the stability region which

is a function of NV and system parameters. Interestingly a stable estimator with constant gains
exists if and only if the optimal estimator with constant gains exists. Furthernstiraagor
stability does not depend on the packet delgy.. as long as a sufficient number of packets
eventually arrive. Another important result is that the performance agtimator improves as

the buffer lengthV increases but at the same time a longer buffer implies higher computation
complexity. Therefore a natural trade-off arises between estimatioorpexhce and complex-

ity. However if the maximum packet delay for both sensors is finite, 7,8, < oo, then the
performance of the estimator does not improveXor- 7,4 -

7.4 Quantization processes and transmission strategies

In this section we show how the proposed framework can be adaptedaorador the effects
of measurements quantization and limited transmission bandwidth. We refer tola scalar
system but the technique can be generalized to more complex MIMO systems.

Let us consider a scalar, stable system with< 1, C; = Cy = 1, Ry, Ry > 0, i.e. the
system is observed by two sensors with possible different featuregj; J.de the quantized
version ofy; .. We model the effects of measurements quantization (source coding) as an
additive noise, i.ey; , = U  + n; 1 (B;), whose distribution depends on both the quantization
strategy and the number of quantization s We note that the measurement can be modelled
as a Gauss-Markov procegs, 11 = Ay; k+vi, Wherey; , = w1+ (1—A)v; , is a Gaussian
random variable with zero mean and variane= Q + (1 — A%)R;. Moreovery, results a
Gaussian source with zero mean and variamgze: %. In case of small distortion and
uniform quantizatiom; ; (B) is white noise with zero mean and variangg B;) = 3022~ 25
[94]. The effects of measurement quantization can be included in th@gedgramework
considering the equivalent measurement noise = v; , + n; x(B;) having zero mean and
varianceR; = R; + o2(B;).

We adopt a time division multiple access (TDMA) as medium access controC{j\M#at-
egy where sensaris allocated a portioff; of the available time sloi”. We assume a total
transmission bandwidtl/z and a block fading model with independent Rayleigh fading real-
izations for all links, i.e. each radio link gain is modelled\8E; k; j, with h; , ~ CN(0, 1) and
I';, i € {1,2}, denoting the average link SNR. Moreover we assume that only the a/8Nig
is available at the two transmitters. The probability of packet loss dependsammel condi-
tions, number of quantization bits, modulation and coding strategy. We comsioelifferent
sensor deployments. The first set up adopts low-cost sensors witliBFESK or QPSK) and
no channel coding. Assuming independent transmitted symbols, thel @ndlzbility for a
packet composed bi; = T;Wp bits in a flat Rayleigh fading channel is given by [1]

Ao = [% <1+ Bfirilﬂ& BPsK (7.22)
2

(i) aes
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Differently, the second set up considers a long-term future sengtwyaeent where sen-
sors might perform adaptive rate allocation (ad-RA) choosing amonge ¢t of modulation
and coding rate modes similarly to the IEEE 802.11 wireless LAN [105]. In th&ecas-
suming Gaussian coding the probability of packet loss might be approximétethe outage
probability [1]

_ (QBi/(WBTi) _ 1)
L'

Pouti(Bi, Ti) = 1 — exp (7.23)

with 322 | T; = T. From (7.23) we have
Xio=1—pouti(Bi, T;), i=1,2. (7.24)

We underline that\; o provides an upper bound for the arrival probability in case of long
packets [1]. Moreover this bound becomes tight when the transmitter hgm4dséility of
choosing among a large set of modulation and coding rate modes and theekchade is
almost capacity achieving.

7.5 Examples of applications

The framework introduced in Sections 7.3 and 7.4 can give useful dinsctio the design of
NCSs. In particular as examples of applications, we investigate issues withimetwork set-
ups: i) cross-layer optimization of quantization processes and resallwcation withlV = 1,
and ii) comparison between single-hop and multi-hop communication protocobsethe
system state is observed by a single sensor.

7.5.1 Cross-Layer optimization of quantization processesra resource alloca-
tionwith N =1

As in Section 7.4 we consider a simple scalar, stable systemAvith0.9, Ry = Ry = 1073

and set the length of the receive buffér= 1. Moreover we assume a simggle-hopcom-
munication protocol witmo packetretransmissiorfSH-nR) where each sensor measurement is
transmitted directly to the estimator, with no retransmission in case of packetdodsr this
setting we propose a cross-layer optimization of the communication parafiBiérand{T; }

for the minimization of the error covariance matﬁigl. We recall that for BPSK or QPSK,
B; depends linearly oft; asB; = Wg1T;. Therefore we can consider the following constraint
optimization problems:

BPSK/QPSK min vy (7.25)
T;>0,37_ T,<T
ad-RA min Vi (7.26)

B;,T;>0, Y7, T;=T

Although the communication parametdis; } and{7;} are optimized minimizing/y, to bet-
ter representthe results we introduce a more effective cost functidn: = Vi /o2 where

02 = % is the variance of.
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Figure 7.3:A, as a function of the available bandwidts. T'=1s,A = 0.9, Q = 0.1,
R =Ry,=10"3,T; =5dB,Ty, =0dB.

In Figs. 7.3 and 7.4 we assurfie=1s,Q = 0.1,T'; = 5dB andI's; = 0 dB and for
both BPSK/QPSK and ad-RA we represent, respectivklyandT; as a function of¥/z. In
Fig. 7.3 as term of comparison we also includeittesal scenariowith no packet loss and no
signal quantization. We can see thiet decreases withl’z because additional bandwidth can
only be beneficial, nevertheless good performance is achievable éVea sufficiently small
bandwidth, e.g10 < Wpg < 40, and there is no significant gain in increasing the bandwidth
further, since we are already very closédeal scenarigperformance.

We observe how ad-RA can improve system performance especiallyrfg ez and
approaches the lower bound given by ttleal scenariofor Wz — oc. Furthermore BPSK
performs very close to ad-RA and is preferable to QPSK. This means thairéferable to
have an higher arrival probability as in BPSK than more quantization bit€Q#®K. For the
same reason we notice in Fig. 7.4 that for BPSK and QPSK the total portibrathdcated for
transmissions, i.ezfz1 T;, decreases witlhl’g because above a certain threshold additional
quantization bits only cause a degradation of the packet arrival pititpabithout improving
the estimation process, a$(3;) becomes negligible with respect®. Differently, in case of
ad-RA we always hav® >, T; = 1 because the additional bandwidth can be used to increase
Ai,0 With a proper choice of the modulation and coding rate mode.

Interestingly, for ad-RA the entire time slot is always allocated to the senfiohighest
SNR, i.e.T7 = 1 s. Differently, for BPSK/QPSK this is optimum only for small transmission
bandwidth and’; > T, > 0 for largerWWp.
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T[S

Figure 7.4:T; as a function of the available bandwidttiz. T'=1s,A = 0.9, Q = 0.1,
Ry =Ry, =10"3,T; =5dB,T, = 0 dB.

7.5.2 Single-hop vs multi-hop communication protocols fosingle sensor mea-
surements

We assume a scalar, stable system observed by a single sensar,withl. Using BPSK
we consider three different transmission protocols: 1) SH-nR intratlic&ection 7.5.1, 2)
single-hopcommunication with packeetransmission(SH-R), 3) multi-hop communication
with packetretransmission$MH-R). As for SH-nR, in SH-R each measurement is transmitted
directly to the estimator (there is onl;, = 1 hop), but differently from SN-nR, SH-R employs
packet retransmission in case of packet loss. Moreover we assung&HtRituses orthogonal
resources (either in frequency or time domain) for retransmitted packétstsarrival proba-
bilities for the different measurements are independent. Based on tlsesem®ns SH-R re-
quires a larger transmission bandwidth than SH-nR also due to packewdekigements from
the estimator. Finally in MH-R we assumg, > 1 hops and packet retransmission. Again the
different packets follow independent paths (either in frequency, tispace domain). Consid-
ering only packet loss and Rayleigh fading the SNR in each hbp is, = N,fl“l because we
assume each hop covers the same distance. Under these assumptiongathgralpabilities
for SH-R and MH-R are [106]
h—Nj, .
A = (>\1,0)Nh (Nh +.] -1

; >Q—Amy (7.27)

J=0

B;
[T
where); o = [; (1 + Fl;:%)} .

InFig. 7.5wesef" =1s,4=0.9, R, = 1073, T'; = —5 dB and compare SH-nR, SH-R
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Figure 7.5:A y as a function of the buffer lengti. T = 15,A=0.9,R; = 1073,T;, = -5
dB.

and MH-R in terms ofA y = V¥ /o2 as a function of the receive buffer length for different
values of(). We notice that for each strategy we consider the number of quantizatioBbits
that minimizesA y for the maximum buffer lengttiVinax = 8. As predicted by Theorem 4

the performance of both SH-R and MH-R improves withand interestingly SH-R is the best
strategy forV large enough. SH-nR performs very close to SH-R, especially forasarg

Q, becauser; becomes fast time variant and old measurements (coming from retransmitted
packets) do not provide significant information for the estimation procegferently, asq
decreasesy;, becomes slowly time variant and even old observations are useful to improve
the estimation process as in SH-R and MH-R. We notice that even if a smalleads to

a reduction ofV¥, the costAy and @ relate in a different way. Generally MH-R besides
increasing the complexity of network design and packet routing, doeproeide gain over

SH communication protocols because it increases the packet delay, whiohaier drawback

in applications dealing with state estimation. Numerical simulations reveal that MtfgRt

be useful only for small) and very lowl';. Similar considerations hold even using ad-RA.

7.6 Conclusions

We derive the minimum error covariance estimator and the optimum estimator wiskaabn
gains for a NCS where observations from multiple sensors are subjemtdom delays and
packet losses. The effects of measurements quantization are invest@atestable system.
For a scalar stable system, simple BPSK and single-hop communication prqiomotte close

to optimum estimation performance. This supports the use of low-cost sensmvironment

monitoring applications.






Chapter 8

Cross-layer design of networked
control systems

In Chapter 7 we dealt with state estimation in networked control systems (N€&sdinting
for wireless link inefficiencies. In this chapter we consider the more gépeoblem of state
control.

Most research activities in NCSs either focus on the problem of pacgetlssuming no
quantization [107, 101, 108] or study measurements and control sigaatigation but as-
suming perfect packet delivery [109, 19, 110]. Considering amggnastable system and i.i.d
Bernoulli packet drops, [108] derives conditions on the arrivabpbilities of measurements
and control packets that guarantee closed loop stability of a discrete titeensy$he more
specific problem of optimum state estimation is investigated in [101] for measotgmeam-
ing from multiple sensors and in [104] for Markovian packet loss. Déffely, under the ideal
assumption of no packet loss, [109, 19] derive the minimum transmissiothedtguarantees
closed-loop system stability of a discrete time unstable system.

In real sensor networks packet losses and signal quantizationiegca not separate
problems but intimately correlated. In this work we study the problem of systartrolla-
bility in NCSs with multiple sensors, accounting as in [100], for both packepsiand signal
guantization at sensors and controller. Assuming a TCP-like protocb] fietween controller
and actuator, we solve the problem of optimum Linear Quadratic Gaussga)(€ontrol [102]
around a target state for a stable system and provides a generalizatiorsfable systems in
case of a large transmission bandwidth. We show how the separation [&ifi@2] of clas-
sical control theory does not hold in general because the optimum estidegiends on the
quantizer used at controller. Moreover we characterize the limiting bahaeivilmth estimator
and controller in the infinite horizon and derive bounds for the mean eqliatance of the
state from the target.

Since sensors, controller and actuator share the same transmission mesliavaithble
bandwidth needs to be allocated to the different wireless links, a problanhdakareceived
less attention in literature. We propose a cross-layer optimization of quantizaticesses
and resource allocation in order to minimize a final performance metric, e.gnéba square
distance of the state from the target. As an example of application the optimizapimpssed
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for a simple scalar system using the framework derived for state estimatibaantrol in
the infinite horizon, nevertheless the technique is general and can Ineledteven to MIMO
systems. As case studies we consider two different sensor deploymemistemporary low-
cost sensors with PSK (BPSK or QPSK) modulation and no channel goididgng-term
future sensor deployment capable of adaptive rate allocation. We shbwviin with a small
bandwidth transmission and simple BPSK modulation we can reach performlaseeto the
optimum state control achievable with no signal quantization and no packefllbis supports
the widespread use of low cost sensors for these applications.

The chapter is organized as follows. Section 8.1 introduces the probletatefcontrol
for a stable system, Section 8.2 derives the optimum state estimator in casekef loas
and quantized signals at both sensors and controller and Section 8.8 gwvproblem of
optimum control around a target state in case of a TCP-like protocol beteadroller and
actuator. Then in Section 8.4 we characterize the properties of both estamdtoontroller in
the infinite horizon and give generalizations for unstable systems. Se8tand 8.6 propose
a cross layer optimization of i) quantization processes and ii) resourcatiodor a scalar
system and numerical simulations are provided in Section 8.7. Finally, Sec@i@oiicludes
the chapter summarizing the main findings and proposing future resedaingtiesc

The material in this chapter has been in part published in [112] and [113].

8.1 Problem formulation

We generalize the system model introduced in Chapter 7 and consideereulti-input
multi-output (MIMO) discrete time linear system with control packets and partitierobser-
vation vector into two parts, modelling the observation of the state by two ditfeensors.
The system has the following dynamics

Xpr1 = Axp+ Buj +wy (8.1)
S1.,k _ C X5, + Vik (8.2)
S2.k C, Vo k

wherex;,, w;, € R™ are the state and noise of the system at instanéspectivelyuj, € R
is the control signal applied by actuator asd,, vy € R, sop,vor € R™2, are the
measurements (or sensor observations) and measurement noises fatfoinsensorl and
2, respectively. MoreoveA € R™ ™ B e R™ ¢ C; € R™*" C, € R™*" and
(x0, W, V1 i, Vo) are uncorrelated Gaussian random vectors with nigg/0, 0, 0) and co-
variance matrixPy, Q, R1, R»), respectively. Furthermore we defige= [C1 CY] T and the

covariance matrix of the total measurement neige= {vﬂvgk} ’ asR = diag(R1, Ro).
Measurements; ;, s» ;, are quantized and encoded separately by two sensors and trans-

mitted through a digital communication network (DCN) whose goal is to delivekeia from

multiple sources (sensors) to a destination (estimator/controller) with possibketpdrops.

For simplicity each link is modelled as a single hop transmission with no packehsetis

sions. Indeed both retransmissions and multi-hop DCN would possibly irteodundom de-
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lays in packet delivery which complicates the state estimation process [4B, Wbreover,
packet retransmission is not guaranteed to provide performance gai@$s With stringent
delay constraints as shown in Chapter 7 and this motivates our simplifiedagbpr&imi-
larly, the control signal computed by the estimator/controller is quantizeddedcand sent to
the actuator through a wireless link. However over this link we assume alik€Brotocol,
so that successful or unsuccessful packet delivery at redgigriator) is acknowledged to the
sender (estimator/controller) within the same sampling time period {1A%]in Chapter 7, we
assume that estimator (actuator) perfectly knows whether packetsa@drim sensors (con-
troller) contain errors or not. Accounting for both the effects of sigmaloeling and packet
loss, the received signals at estimator and actuator are modelled reslyeasisee also Fig.
8.1)

Vik = Yik(Sik+2Zik) =Yik(Cixp + Vip +2ik) (8.3)
—
Vik
up = v (uf +ng)+(1—vp)use (8.4)
——
;

where~; i, 72, andyy, are i.i.d. Bernoulli random variables which model the wireless links
between sensors-controller and controller-actuator, with arrivdlgitities 1, 52 andz, re-
spectively. Signals is the control signal computed by the controlies, is a constant control
signal applied by the actuator in case of packet losszand z, j, n;, are quantization errors
for the sensor observations and the control signal, respectivelyy dittemodelled as zero-
mean, independent noises with covariance matiegs, Rz, andR y whose values depend
on the quantization strategy and the number of quantization bits. We undediriothn; and

z; ;; are modelled as independent of the source signals, which become®aatgiasapproxi-
mation for most practical quantization strategies as the number of quantizésandoeases.

In (8.4) for ease of notation we defing, = uf + n; as the quantized control input and
Vik = Vik + 2i 1, © = 1,2, as the equivalent observation noise after measurement quantiza-
tion, assumed to be Gaussian with zero mean and covarRpee R; + Rz,. Moreover we
denotey, = [y{,,y3,"-

As a consequence of possible packet drops, the estimator/controllertraigh& complete
(vire = 1,7 =1,2), partial ¢y1 1 # v2,4) Or N0 ¢, = 0 ¢ = 1,2) observation of the system
state. Differently, if the control packet is correctly received & 1) the actuator applies the
quantized control lamj, = uj, while if the packet is lostf, = 0) a constant control signal
uf = u is applied.

We consider a stable system, i|l8;(A)| < 1,7 =1,...,p(A), with {\;(A)} andp(A)
denoting the eigenvalues and the rank of mat&ixrespectively. Possible generalizations of
the proposed framework for unstable systems are investigated in Sectibn 8.4

We notice that in (8.4), in case of packet loss, the actuator applies theanbesntrol
signalu,, whose value can be optimized according to the specific performance mehig. T

LA TCP-like protocol between sensors and estimator is not consideredise we focus on energy-efficient,
low-cost sensors that simply transmit an observation of the systemtbitefore packet acknowledgement would
not be useful. Differently, packet acknowledgement would be hefpfumore expensive sensors, with higher
computational resources, that transmit state estimates rather than simmbgervations [18].
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Figure 8.1: System setting.

is a more general approach with respect to the control law propose®&j fiat keeps the
actuator idle ¢, = 0) in case of packet drop. We underline that (8.4) is only an option, indeed
the optimum strategy in case of packet drop is not known in general.

Letus define™ ! = [u%_,,...,u§], 7 as the target system state ahe {xo, Po, X, U }-

We consider the following cost functién

JN(ﬁN_l,g) =E (XN — X)TWN(XN — )2) +

N—

—_

(Gen = %) Wi(xn = %) + (uf)” Upu ) )ﬁNfl, gl . (8.5)
k=0
whereW, andU,, are positive semi-definite matrices. Notice that we weight the difference
between the current system state and the target valué¢xj,e- x), and the control input only
when it is applied at actuator, i.a., # 0.

Let us define the information s&, = {y*,~+},~75,v""'} wherey" = [y, ..., y1],
Y = [iks- - vin] andv®~1 = [yp_1,...,11]. We search for the control input sequence
u*V—1 as a function of the information s&}, the target stat& and the control sighal, i.e.
uf = g (Zk, X, ux ), that minimizes the functional defined in (8.5), namely

e . @ 8.6
~(G) 0 =g (T R, b0 N1 vVl g) ©.6)

2A quadratic cost is reasonable and largely adopted in literature [108}ibedt induces a high penalty for large
deviations of the state from the target but a relatively small penalty fol siexg@ations. Moreover it leads to an
analytical solution.
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8.2 Estimator design under TCP like protocols

In this section we derive the equations for optimal state estimation when meesiisecome
from two spatially distributed sensors and are subject to quantization asibjmpacket drops.
In the derivation we use similar arguments that apply in standard Kalman fil{f@®ag First
we define the followings:

Xk = E[xx|Zk] (8.7)
epr = X — Xy (8.8)
Py = E[ek|keZ\kz|Ik] (8.9)

For the optimal estimator the prediction step is given by:

Xppie = EXp1lve, Ze] = Axpp + vpBug + (1 — v)Bus (8.10)
CLt+ilk = Xkl — )A(k:—ﬁ—l\lc = Aek|k + vp.Bny + wy, (8.11)
Piir = Eleripeiylve, Zel = APy AT + 1, BRyBT +Q (8.12)

where we used the independence between n; andZ, and the requirement that; is a
deterministic function of;,. Exploiting the independence betwee. 1, i k+1, Wi, ni and
;. and applying the theory of time variant Kalman filtering [18, Theorem 1] J1ib& update
step is given by [101]:

Rpt1hot1 = Ktk T Yh172 k1 Krr1 (Yrg1 — CRpg i) +
Y1 (1= Y2041 K1 (Y1p41 — CiRprap) +
(1 =y k1) 241 Ko pr1 (Y2041 — CoXpai) (8.13)
Piiprr = Proge — 1e+172601Ke 1 CPryg e +
V1 k1(1 =725 1) K1 k1 1C1P i +
(1 =7 k1) 72441 K2k +1CoPryii (8.14)
where
Kip1 = PipCh (CPyyyCT + R)il (8.15)
Kiri = PropCl (CPunCl+R) ™, i=1,2 (8.16)

are the Kalman gains. We notice two main differences with respect to stakakandn filtering
[102]. Firstly, as in Chapter 7, the optimal estimator described by (8.10%)fumps between
different estimation strategies according to the values assumeg,byn fact we have 1) an
open loop estimate when ,, = 2, = 0, 2) a closed loop estimate whef;, = 725, = 1,
for which state estimation evolution is the same as the classical Kalman filter, 3) tastima
evolution as ify; ,, were the only observation for, ;, = 1, 72, = 0, 4) estimation evolution
as ify, ;. were the only observation for ,, = 0, 721 = 1. Secondly, both the optimal Kalman
gains (8.15)-(8.16) and the error covariance matrices (8.12), (8r&4teongly time-variant
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and stochastic as they depend on the arrival sequeneg$ and{vy }.

8.3 Optimal control under TCP-like protocols

Evaluation of the optimal control policy and the corresponding value foolijective function
will be derived following the dynamic programming approach based on ttetaego iterative
procedure [102], which decomposes the minimization problem (8.6) intoweeseq of much
simpler minimizations.

Define the optimal value functioVi, (x;) as follows:

Vn(xn) £ Ellxy —%)"Wx(xy — %)|Zy, X, uo] (8.17a)

Vk(xk) £ rnin E[(Xk — }_()TWk(Xk — )_() + (uz)TUkuﬁ

uy
Vi1 (Xp41) | Zp, X, Uoo | (8.17b)
wherek = N —1,..., 1. Using dynamic programming theory [102], one can show that

IN(G) = Vo(xo0) - (8.18)

Under TCP-like protocols lemma 3 holds, whose proof can be found in igipd.3.

Lemma 3 The value functior;(z) defined in (8.17) for the system dynamics (8.1)-(8.3)
under TCP-like protocols can be written for= N, ..., 0 as:

Vie(xp) = E[X%Skxk — QXTTka +2(1 - D)UZOBTZ]CAXMI]C, X, uoo] +ci, (8.19)
where the matriceS;, T\, Z;, and the scalar;, can be computed recursively as follows:

S, = ATS,  A+W,—pATS, BT(BTS, . B+ U;) 'BTS, ;A (8.20)
Ty = Wi+ Ty (I-0B(Uy,+B7S;11B) 'BTS;41) A (8.21)
Zi = Sii1+ZpA(I-0B(U,+B'S,1B) 'BYS; 1) (8.22)
ce = trace((ATSy 1A + Wy —Sy) Pypi) + tracgS;,11Q) +
vtrace(BTSy 1B + Up)Ry) + X M 4% + (1 — 7)ul My jus +

2(1 — P)ul B" M, T}, 1% + Elck41(Tk, X, U] (8.23)
where
M, = Wy - 0Ty B(U +B'S,1B)'B'T] (8.24)

My, = Up+B'S; 1B+ (1-2)B" (Zy1A+ATZ] )B+
(1 - 7)B"Z;11AB(Uy, + B'S, 1 B) 'BTATZ] B
M3y, = ©vZp 1 AB(U, +B”S; B)"'BT —1 (8.25)
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and the initial values ar&y = Wy, Ty = Wy, Zy = 0 andey = X' W yx. Moreover
the optimal control input is given by:

u, = —(B'SpB+U) "B (Spp1A%y, — TE %+ (1 - 2)ATZ{,  Buy)

(1>

0

From (8.18) and Lemma 3 it follows that the cost function for the optimal LQ@Grodler
using TCP-like protocols is given by:

* 2
T = IV ({EulPupl} ) ) + I8 (8.27)
with
N—-1
({E% [Pril}h ) trace((A”Sk11A + Wy, — S¢) By, [Pipl) (8.28)
k=0
J](\?) = igSOXO + tl’(S()P()) — Q)ZTT()XO + )ZTWNf( + 2(1 — _)uT BTZOA)EO +
N—-1 N—
[tr(Sk11Q) + vtrace (B”S, 1B + U)Ry)] Z <M, . x +
k=0 k=0
N—-1 N-1
(1 - P)ulMypue + Y 2(1 - p)ul B M3, T], % (8.29)
k=0 k=0

where E, ,[-] explicitly indicates that the expectation is calculated with respect to the arrival
sequence$y; . } and{v;}. We notice that the cost function depends on the target statel
on the steady control law,, that can be optimized for the minimization of (8.27). We could
either derive the optimal., for any specific time stefv. Hereu,, is derived in the infinite
horizon forN — oo (see Lemma 5).

With respect to standard LQG control theory we have two main observations

1. The separation principle between estimation and control does not stiaddly because
optimal Kalman filtering depends on the adopted control strategy throughottasi
ance quantization noisR y, as it can be inferred from (8.12). Even if under different
assumptions, this observation recall the certainty equivalence andsgyasation theo-
rem derived in [19].

2. Certainty equivalence [102] holds and the optimal control law is a lingwation of the
estimated stat®y,;, i.e. uj, = LgXy;, — FrX + Grus. Moreover the control gainky,
Fj, andGy, are independent of the arrival process sequefiggs}, i = 1, 2.

Using similar arguments used in [107, 101] it can be inferred that the &gt of the
expected error covariance matix, , [P ;] cannot be computed analytically. Nevertheless
it can be bounded by computable deterministic quantities as shown in the folltevimga
whose proof can be recovered along the lines of [101].
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Lemma 4 The expected error covariance matiix, ., [P},,] satisfies the following bounds:

Pup < Eyu[Pri] < Prp, VE>0 (8.30)
where matrice®y;,, ?klk can be computed as follows:

P = APy AT +Q+vBRyB” +
—9172APy;_1CT (CPyy_1CT + R)7'CPy_ AT +
31 (1 = 32) APy 1 CT (C1Py_1C] + R1)7'C1 Py AT +
—(1 = 51)%2AP_1C3 (CoPyp_1C3 + Ry) 7' CoPy_ AT (8.31)

Pur = Pyt — 172Pp—1CT (CPy_1CT + R)7'CPy_; +
(1 = 32)Pp—1Cl (C1Pyp—1CT + R1)T'C1 Py +
—(1 = 31)%2Pk—1C3 (CaPpp—1C3 + Ra) ' CoPyppy (8.32)
P = (1=71)(1 —52)APy; AT +Q + vBRyB” (8.33)
Pur = Q=51 —%)Pyp_ (8.34)

with initial conditionsPg g = Pgq = Po. O

From Lemma 4 it follows that also the minimum achievable ctgtcannot be computed
analytically, however it can be bounded as follows:

TN <IN < IR (8.35)
. N-1

gpin = g0 <{Pk|k}k:0>+J§§) (8.36)
max P N-1

s = I8 (Pashsy ) + I8 (8.37)

8.4 Infinite horizon LQG control

The infinite horizon LQG control can be obtained as limit/ér— oo in all the previous equa-
tions. Nevertheless, as matricEBy,;,} depend nonlinearly on the specific arrival sequences
{7i,x} and{vy }, both the expected error covariance matrices B;,;,] and the minimum cost
Jx, cannot be computed analytically and both do not seam to have limit [108].etdovwve
can derive bounds for the cost function and limit behaviours for the optiomdrol gains.

Let us set for simplicityW, = W andU;, = U. Moreover let us introduce the following
modified algebraic equations

9ms(P) = APAT + Q+7BRyBT — 7,3 APCT(CPCT + R)"!CPAT +
—31(1 —3)APCT(C,PCT + R))"!CPAT +
—(1 = 91)32APCI(CoPCT + Ry) ' CoPAT (8.38)
hx(S) = ATSA +W —pATSB(BTSB + U) 'B’sA (8.39)
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for the estimation and control problems respectively. The main results in théerfiorizon
for the proposed LQG control problem are summarized in the following Lemhs&/proof
is given in Appendix B.4.

Lemma 5 Consider the system (8.1)-(8.3) and the optimal estimator under TCPrbkecpls
given in (8.10) and (8.12)-(8.14). LéA, B), (A, Q'/?) be controllable,(A, C), (A, W'/2)
be observable, and be stable. Moreover assurv€;, = W andU, = U. Then the following
statements hold:

(a) The infinite horizon optimal controller gain is constant:

Jim Ly = Lo = ~(BTS B+ U)'BTs A (8.40)
Jim B = Foo = -B's, B+U) BT, (8.41)
Jim G = Goo=—(1- 7)(BTS,.B+U)'BTATZL B (8.42)

(b) The infinite horizon optimal estimator gaiks, andK; ;, are stochastic and time-varying
since they depend on the arrival sequengegs, } and{v;}.

(c) The infinite horizon optimal constant control in case of packet loss is
U = —M; B M5 TEx 2 Ak (8.43)

Let us note that it is a linear function of the target statehenceu,, = 0 is optimum
only whenx = 0.

(d) Using the steady control law (8.43), the minimum cost can be boundedlueterministic
sequences:
Jmm < —JN < —Jm‘”” (8.44)

Where%J]”V””, iJ}Z}‘” converge to the following quantities:

1
Jongm L A}Enoo NJmm — ]( ) + ]éo) (845)
1
e & im e =30 4 59 (840
with
(1) & . ( ) N

= (1- %)(1 — o)trace((ATS A + W —S.) (P))  (8.47)
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=(1)

[I>

. 1 = JN-1
lim ./ ({Pertisy )

Joo N—oo
— tracq (ATSwA + W~ S.) (P +
—7172PoCT (CP,CT + R)"1CP,, +
(1 = 32)PsCl (C1PC{ + Ry)'C1Po +
—(1 = 71)%2PxC3 (CoPoCh + R2)_1C2?oo)> (8.48)
i@ 2 lim %Jf?)

= vtracd(BSB + U)Ry) + (S Q) +
%" (Mi = (1= 7)ToM] . BM; L BTM; o TL ) % (8.49)

and the matrice$ .., T, Zo P, P+ are solutions of the following equations

S = hs(Swo) (8.50)
Too = W+ T (A-7B(U+B'S,B) 'B'SA) (8.51)
Zoo = Soo+ZooA (I-0B(U+B'S B)'B’S,) (8.52)
P, = (1-7)(1-%)AP A"+ Q+ vBRyB” (8.53)
P, = 95 ,,72717(§OO) (8.54)

]

It can be shown by numerical simulations that the lower bound (8.45) is quise |dDif-
ferently, the upper bound (8.46) is tight and would represent thete#eafinite horizon cost
function if we were to use optimal constant Kalman gains in the estimation pr(aegso-
posed in Section 7.3), instead of the time varying Kalman filters derived in)(@8186). This
consideration follows as a simple generalization of the analysis in Section &3 eamsider-
ing N = 1 as the receiving buffer length, no packet retransmission and accguatinontrol
signal quantization.

8.4.1 Generalizations for unstable systems in case of naghle quantization er-
ror

In the previous sections the problems of state estimation and control aratgxpliestigated
for a stable system. With this assumption the quantization process at botrssam$controller
can be performed with simple time-invariant quantizers without compromising sepeare
stability. Moreover, in case of small distortion (many quantization bits), thattqadion error
can be modelled as an additive noise independent of the source signgrtudately this
considerations do not always extend to more general unstable sysietesd] even assuming
perfect packet delivery, if the system is strictly unstable and either w;, has infinite support,
neither time-invariant memoryless encoders (e.g uniform quantizer) or-$itasite predictive
gquantizers [94], can guarantee a bounded cost function [19].ctnifacase of perfect packet
delivery, only adaptive quantizers with possibly unbounded ranger@antain mean square
stability for sufficiently high data rates, e.g. using notation of Section 8.5 ahdt 8ust
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be % > log, |A[, [109, 19]. Therefore, the framework introduced in the previousies,
accounting for packet loss and limited transmission bandwidth, does niyt fppnstable
systems for which the problem of signals quantization and error quantizaioielling are
still unsolved and active areas of research.

Nevertheless, if we can neglect quantization errors, for example wieetrgahsmission
bandwidth is large enough, i.& y = Rz, = Rz, ~ 0, the control laws (8.26) and (8.43) are
still optimum for state control around a target state even in case of unsyaidens, providing
a generalization of the analysis given in [108]. We recall that assumihgpatket drops
and no quantization errors, an unstable system can be stabilized in the indirizen only if
7:, v are higher than given thresholds, i®. > 4" andv > . These thresholds define
a stability region for the system whose boundaries depend on systemaiara [108, 101].
Interestingly, the convergence of (8.40)-(8.43), (8.51)-(8.52) (8b)-(8.46) in the infinite
horizon is guaranteed inside the same stability region.

8.5 Optimization of quantization processes in the infinite horizon

In this section we propose an optimization of quantizers at sensors atrdlsradopting as
performance metric the infinite horizon cost metric derived in Section 8.3siRglicity we
refer to a simple scalar system but the technique can be generalized toongrkex MIMO
systems.
Let us consider a stable, scalar system witk: 1, C; = Cy =1, B=1andRy, Ry > 0,
i.e. the system is observed by two sensors with possible different feailfieeconsider simple
uniform quantization and denote with, i = 1,2, andbs the number of bits used for signal
gquantization at senseand controller, respectively. In case of small distortion, the quantization
errors,zz k(bi) andny(bs) can be modelled as white additive noises with uniform distribution
n [—A;/2,A;/2] where the quantization step siZg depends on the source signal and the
number of quantization bits [92] If we approximate the system state as Gaussign(b; )
andny,(bs) have variancerz, (b;) = 30227 and Ry (b3) = 3022723 [94], wheres?, and
o2 denote the variance of observatisyy, and control signalg, respectively. BothRz, (b;)
and Ry (bs) depend on the number of quantization bits and the variance of the sounegssig
s; ,, anduy,. These signals are interconnected through the state evolution equatibrgs(4),
therefore the optimization of the quantization bits at sensors and controtleldsbe carried
out jointly for an effective minimization of the performance metric (8.5) in the itdihorizon.

Taking the expectation of (8.3) and (8.4) and computing the limitfer oo we get the

3Under uniform quantization the equivalent observation noise= v; » + 2., and process noise, Bn, +
wy, (see also (8.11)) are not strictly Gaussian and Kalman filtering is not optifior state estimation [102].
Nevertheless, let us define wimJ (z) the probability density function (PDF) of the Gaussian random variable

' having zero mean and varlanm R; + Rz, and denote withD; = [ \f (x) — fs,,, (x)|dx the norm

one distance between the PDFSU@L andv; . It can be seen that faR; > Rz, the Gau35|an approximation is
quite tight asD; < 0.05 for the value ofR; used in Section 8.7. In the cross-layer optimization of Section 8.6
the quantization noise is either negligible with respect to the observation dise (Rz,) or at most comparable
(R: = Rz,), therefore the Gaussian approximation is generally tight and Kalmarirfgter nearly optimum. The
same considerations apply to the process noise as well.
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following equations

ms, = klim Elsix] = Ci klim Elzg] = Cimy = my (8.55)
Mye = klim E,, v[ui] = Loo klim Ey, v[El2k|Zh, T, uso)] — (Foo — GooAo)T
= Loomay — (Fao — Gooloo)7 (8.56)
whereL., = —S"‘jﬁ, Foo = =52, Goo = —(1— 1) SZOOO°+"}] while A is defined in (8.43).

From (8.55)-(8.56) and (8.1) we can derive the following system

Mg = Amy + vmye + (1 — V)Aoojﬂ (8.57)
Mye = LooMy — (Foo — GooAoo)T
whose solution is given by
 P(GooAe = Foo) + (1 = D)Ase] T o _
My = 1—A ol = ax (8.58)
Mye = (Lo — Foo + GooAxo) T (8.59)

It's interesting to note that:,, depends linearly on the target stateUsing (8.58) and (8.59)
we can get the variance of signalg, andug, in the infinite horizon as

agi = klim El(six — mi,S)Q] = klim E[((zx —Z) + (1 — )z + vi,k)z]
—00 — 00
= lim E[(zx — )]+ Ri — (1 — a)?z? (8.60)
ol = Jim E[(uf, - Mae)?] = Jim By (Lo — (Foo = Gooloo)T — M )?]

= L2 lim El(ay — ad)?] = L2 lim E[((z — 7) — exp + (1 - )7)°] (8.61)

From (8.61) we can further get

ope = L% Jim (El(zr — )% — (1 — @)*2® + E[Pyy] — 2E[(exji + Tuji) i)
= L5 Jim (El(zx — 7)) — E[Pyy] — (1 - a)2) (8.62)

where in the last line of (8.62) we used the orthogonality between estimationasrd state
estimate, i.e. By rexr] = 0.

Varianceai ando?. can hardly be computed analytically, nevertheless if we use the upper
boundlimy, %J;’;, ~ jaT we can derive approximationﬁi andé2. noticing that in the
infinite horizon we have

JmT U My

D, 2 lim E AT e 8.63
g, Bllon =77~ = (669
where
Mye 2 lim E [(uge)?] = 0(ofe +mige) + (1 - p)u (8.64)
—00

is the average power of the control signal at actuator. Moreover witkpleisific system setting
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we have
jmaz — (S (A% —1) 4+ W)Ps + 7(Seo + U)Rn + Sac@Q +
72 (MLOO —(1- V)W> (8.65)
with
-2 -2 -2
P =P — mmﬁ}eq =)~ (=R (866)
where R, = R’?ﬁ% and the second term of (8.66) is obtained using the matrix inversion
lemma.

From (8.63) we get

o2 =~ &5 =Dy+ R —(1—a)’z® (8.67)
02 ~ G2 =I2% (Dw Py —(1- 04)2:?72) (8.68)

If we use the approximation®z, (b;) ~ 35227 % and Ry(b3) ~ 352.27%3 we can
obtain&ﬁi anda2. from (8.67), (8.68), (8.54) and (8.50) after solving for giveni = 1,2, 3,
%, 1 = 1,2 andv the following system

o =Dy + Ry — (1 — )22, i=1,2
2 ~
ot = (57) (De— P = (1- 0)%2)

- 5 _ -~ AP - _\ AP -\~ AP
Poo = APoo + Q + VRN — Mg~ nl =W 5 — (=) ep 5,

ot
_ A2 _ A%252
Soo = A*Ss + W — Vg r

(8.69)
whereRz,, Rz,, Ry, P~ andS,, are the unknowns. We notice that the last two equations of
(8.69) result from simplifications of (8.54) and (8.50) in case of a scgkies.

We recall that, if we were to use optimal constant Kalman gains instead of tigrga
Kalman filtering, with a noteworthy simplification of the estimation proce3s, and j7%*
would represent the true infinite horizon error variance and costitmaespectively. In this
case both (8.67) and (8.68) would hold as strict equalities and the soluti@68) would
provide the exact values of the unknowns.

8.6 Cross-layer optimization of quantization processes and resource
allocation in the infinite horizon

As in Section 7.4 we adopt a time division multiple access (TDMA) as medium sicoasrol
(MAC) strategy. Both sensors and controller are allocated a pditi¢in= 1, 2 for sensol and
i = 3 for controller) of the available time sId@. We assume a total transmission bandwidth
Wp and a block fading model with independent Rayleigh fading realizationalifinks, i.e.
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each radio link is modelled agT;h; , with h; , ~ CN(0,1) andT;, i € {1,2,3} denoting
the average link SNR. Moreover we assume that only the average SNRilsbée at the two
transmitters.

The probability of packet loss depends on channel conditions, the mwhhaantization
bits, the modulation and the coding strategy. The framework introduced iio8&8.2 and 8.3
is general and can be applied for many transmission strategies.

As examples of application we investigate the cross-layer optimization of qatotiz
processes and resource allocation for two different sensor dephgniehe first set up adopts
low-cost contemporary sensors with PSK (BPSK or QPSK) modulation@astiannel coding.
We recall that assuming independent transmitted symbols, the arrivalpliopfor a packet
composed by, = T;Wp bits in a flat Rayleigh fading channel is given by (7.22). The same
transmission strategy is also used for the link between controller and actuatorcan be
modelled as in (7.22).

Differently, the second set up considers a long-term future sengtwyaeent where sen-
sors might perform adaptive rate allocation (ad-RA) choosing amonge $&@t of modulation
and coding rates. In this case the packet arrival probability for sensan be approximated
with (7.24). We use the same model for the control packet too.

We can derive a cross-layer optimization of the communication param{étérand{7;}
for the minimization of the infinite horizon cost metric (8.46) using the framewdrkduced
in the previous sections. For PSl depends linearly off; asb; = WgT;, and we can consider
the following constraint optimization problem:

Ti,gﬁzsjm (8.70a)
3
T;20,) L;<T (8.70b)

i=1

Differently, for (ad-RA) the optimization problem becomes

i jmaz 8.71a
bi,Tmlznl,Q,sjoo ( )

3
bi, T, >0,y T,=T (8.71b)

i=1

Both (8.70) and (8.71) are generally non-convex and using numefitimhiaation tools
we can only guarantee to achieve local optimum solutions.

8.7 Simulation results

In this section we present two sets of numerical results dealing with: i)-tages optimization
of quantization processes and resource allocation by solving (7.2Z8}(Within the frame-
work introduced in the previous sections and ii) representation of statetievofor a given
target state trajectory assuming BPSK and a practical wireless channel. sdn Sections
8.5 and 8.6, we consider a simple scalar, stable systemAvith0.9 andCy, = Cy, = B = 1.
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MoreoverR, = R, = 10~ to model sensors with the same technical features.

In the first set of numerical results the communication paramétensd; are optimized
for the minimization of;2** according to the constraint problems (7.25)-(7.26). In Fig. 8.2
we assumd’ = 1s,Q =0.1, W =1,I'1 =TI's = 10dB,I'ys = 5dB andWpg = 20 Hz.
We adopt the second sensor network deployment (ad-RA) and egpg€s” as a function of
z, for different values of/. Using optimumu., in (8.4) provides a further gain with respect
to the suboptimum strategy that keeps the actuator idle in case of packetdoss,, = 0.
And this consideration applies even changing the wdighssigned to the power of the control
signal. Moreover using., we achieve with onlyi¥’z = 20 Hz performance very close to the
ideal scenariowith no packet loss and no quantization.

Under the same system setting, Fig. 8.3 shows the portion of time slot allocatesl to th
different links. Choosing the optimum,, has an additional benefit over, = 0, because
resource allocation becomes almost independemnt ahd the network does not need to be
reconfigured wherr changes. Moreover evenlif; = I's to the controller is allocated more
than50% of the available time slot and the rest is distributed among the two sensors: here
Ty > Ty as a consequence of the higher link reliability, iB; > T',. Differently, with
U = 0 the optimum resource allocation varies with In particularTs increases withe
because increasing the reliability of the link between controller and actusdonies more and
more important for state control. Indeed in case of packet loss the acttaysridle and the
state evolves towards the point of equilibriugn= 0. This causes an increment of the distance
from z and this effect becomes more pronounced for increasinfhe same system setting
is considered also in Fig 8.4 where the allocated quantization bits are shawfumstion of
Z. Still using optimumu,, renders the system more robust to variationg ofmoreover the
number of quantization bits for both schemes generally reducesniritbrder to increase link
reliability (see (7.23)).

In Fig. 8.5 and 8.6 we keep the same system parameters of Figs. 8.2, 8.3 asetB= 5
and represent respectivef{’** andT; as a function of the available bandwiditiz. Both
in case of fix rate (BPSK, QPSK) and ad-RA the cost decreasesifijitibecause additional
bandwidth can only be beneficial, nevertheless good performancdévalste even with a suf-
ficient small bandwidth, e.g.0 < Wg < 30, and there is no significant gain in increasing the
bandwidth further, since we are already very closeléal scenarigperformance. We observe
how ad-RA can improve system performance especially for [efgeand approaches the lower
bound given by thédeal scenaridior Wp — oco. Furthermore BPSK becomes preferable to
QPSK if Wg is large enough. Indeed there is no gain in increasing the number of catéortiz
bits above a given threshold because the quantization npjsbecomes negligible with re-
spect to the observation noisg;, therefore forlVz large enough BPSK is preferable because
it gives an higher arrival probability than QPSK. For the same reasamotvee from Fig. 8.6
that for BPSK and QPSK the total portion Bfallocated for transmissions, i.8.>_, T;, de-
creases with¥p because above a certain threshold additional quantization bits only cause a
degradation of the packet arrival probability without improving the estimationess. Differ-
ently, in case of ad-RA we always ha@fz1 T; = 1 because the additional bandwidth can be
used to increasg; and with a proper choice of modulation and coding rate. S#llZ 0.5
and1; > T, as a consequence bf > I's. Moreover,1; = 0 for smallWWp, because the two
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Figure 8.2:;572%* as a function of the target system stator ad-RA. T = 1 s,Wp = 20 Hz,
A=09,Q=01R=0.001,I'y =3 =10dB,I'y = 5 dB.
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Figure 8.3: Portion of time slot assigned to sensors andaiertas a function of the target
system state for ad-RA.T =1s,Wg =20 Hz, A=0.9,Q = 0.1, R =0.001,T'; =T'3 =
10dB, Ty = 5 dB.

sensors provide measurements of the same qualityRi.e= Ro, and with limited bandwidth
allocating a portion of the time slot only to the sensor with the highest SNR isrpladée

Figs. 8.7 and 8.8 show respectivel§?** and T; as a function ofl’; for two different
values ofl's and for both ad-RA and BPSK. The optimum, is adopted for all transmission
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Figure 8.4: Number of quantization bibs for sensors and controller as a function of the
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strategies. Whei's = 10 dB there is marginal gain in considering an additional sensor even
if o, = 30 dB, meaning that a single measurement of the state might be sufficient if the
link between sensor and controller is reliable. Differently]'sf = —20 dB an additional
sensor measurement provides a significant gain in term% 6f even with small’; ~ 0 dB.
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From Fig. 8.8 we notice that if the SNRs for the two sensors are significaiffiéyeit, the
available time slot is mostly distributed between the controller and the best séfm®over
the optimum allocation among them depends on their SNRs with less time assignetirtk the
with the highest SNR.
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We notice that in Figs. 8.5 and 8.7 the gap in termg/ff* between ad-RA and BPSK is
usually small, meaning that even a simple BPSK with no channel coding mighficlotived for
state control of a scalar, stable system.

The second set of numerical results considers two sensors using BRISK carrier fre-
quency of2.4 GHz [115]. Each wireless link is modelled as a flat Rayleigh fading channel
with classic Doppler spectrum having a Doppler spreaglof 6.7 Hz [116], which accounts
for pedestrian mobility in the surrounding environment. We assiimel s,WW =1, U = 0,

I'h =I's =10dB,I'y = 5dB, zg = 0, W = 20 Hz and perfect channel estimation at de-
modulators. Note that fdf = 1 s, since the coherence time of the channél.isz 1/f; = 15

ms, the assumption of independent packet arrivals in Section 8.1 is tigsatesfied. In Fig.

8.9 we use the proposed NCS to contrglaround a target state trajectory. Assuming optimum
Unso, the optimization ob; in the infinite horizon, according to (7.25) yields= by = b3 = 4

for @ = 0.1 andb; = 5, by = 3, b3 = 4 for Q = 1, independently of. The independence
of optimumb; from the target state recalls a similar finding for ad-RA in Fig. 8.4. The con-
troller adopts the optimum control law (8.4) with infinite horizon controller ga&4@)-(8.42)
which do not need to be reconfigurediashanges. Nevertheless, every timehanges, the
controller has to transmit,, to the actuator while the estimator feeds back ando?, to the

two sensors for the update of the quantization parameters. We notice 8tb5) &nd (8.67)
thatmg, = my ando—gi — R; are independent of the sensor index, therefore a common infor-
mation can be transmitted to the two sensors. We observe from Fig. 8.9 that evjitotiosed
framework we are able to have a tight control of the system state aroursdatieetrajectory,
especially for a slowly time variant system with sma@ll Moreover, convergence af, in the
presence of a switch in the state target is generally accomplished within fewlttagvgith
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faster convergence for increasiag

8.8 Conclusions

The chapter studies the problem of system control around a target afatgdry in NCSs with
multiple sensors, accounting for both packet drops and signal quantizdtsensors and con-
troller. Assuming a TCP-like protocol between controller and actuatorpive she problem of
optimum linear quadratic Gaussian (LQG) control around a target stadestable system and
provide a generalization for unstable systems in case of negligible quantizatuos, i.e. large
transmission bandwidth. Moreover we characterize the limiting behaviortbfdstimator and
controller in the infinite horizon and derive bounds for the mean squatandis of the state
from the target. By a cross-layer approach we optimize quantization ggeseand resource
allocation in order to minimize a final performance metric. Although the algorithmojsqsed
for a simple, scalar, stable system the proposed framework is gendrabald be extended to
MIMO systems. Surprisingly even with a small bandwidth transmission and sinipfKBve
can reach performance close to the optimum state control achievable wittantization and
no packet loss. This supports the widespread use of low cost sensapplications dealing
with state control around a target trajectory.

This work also attracts attention on several issues that motivate futur@chszctivities
for a better understanding of NCSs design: i) correlated packeaks;riy) time-variant signal
gquantization in unstable systems, iii) generalization of the cost function tauattmr sensor
energy efficiency, iv) vector quantization modelling in case of MIMO gystand v) general-
ization of estimation and control techniques adopting “soft” detection/degatiategies.
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Conclusions

This thesis considers two different multiuser wireless communication systeavitio
broadcast channel and a networked control system. Chaptersaé®ittethe MIMO BC with
special interest in FDD systems where the transmitter receives quantiaedattinformation
from the receivers. Differently, Chapters 7 and 8 consider NCSsenmeltiple sensors, con-
troller and actuator exchange low-rate messages to monitor or controbanibal system. In
the following we summarize the main contributions of the different chapters.

In Chapter 2 we assume perfect CSIT and describe a sub-optimum mukigsamode
transmission (MET) technique based on ZF BF where the set of active asd the set of
eigenmodes per user are selected with a greedy algorithm in order to maximzeitfhted
throughput. MET outperforms most state-of-the-art linear precodiadesfies and achieves a
large fraction of DPC capacity in most channel environments.

In Chapter 3 we assume limited uplink FB from single antenna receivers aestigate: i)
beamformer design, ii) channel quantization and feedback signalling optiomzand iii) user
selection. We design a novel MMSE beamformer under incomplete CSITut@grforms ZF
BF when users are randomly selected, but provides marginal gainsusbeselection follows
an opportunistic approach. Moreover we propose various LBGdfaBestrategies that exploit
spatial and time correlation of the MIMO channel. In particular hierarcti@snd predictive
FB provide the largest gains. Finally robust and efficient greedyaedection algorithms are
derived for the maximization of the system sum rate.

In Chapter 4 users are equipped with multiple antennas. Under the assuofditomost
one stream per selected user we design two transceiver strategie8 k) &ifh MESC and ii)
unitary BF with MMSE combiner. Both channel quantization codebook anstfeegies adapt
to the transceiver technique. ZF BF with MESC and hierarchical FB iemble especially
for low mobility users, nevertheless unitary BF with MMSE combiner requires tontrol
signalling and is very competitive for low FB rates.

In Chapter 5 we evaluate the potential gains of MU MIMO over SU MIMO in a nuétl-
packet-based cellular network. Network MIMO and higher order sietibon are investigated
as possible methods to mitigate inter-cell interference.

In Chapter 6 we consider a MIMO-OFDM BC where the available bandwidthivised
into RBs. We provide joint conditions on the channel coherence bandadtithe FB rate per
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RB that allow for a simpler quantization of the RB channel matrix by a spaderyeausing
negligible throughput loss. Moreover we show that even for a modetatder of users in
the network, concentrating all the available FB bits in characterizing onlyRiherovides a
significant gain in system throughput over a more classical distributedagip

In Chapter 7 we derive the minimum error covariance estimator and the optistumasor
with constant gains for a NCS where observations from multiple sensostibject to random
delays and packet losses. The effects of measurements quantizaiioreatigated for a stable
system. For a scalar stable system, simple BPSK and single-hop communicatiocofs
provide close to optimum estimation performance.

In Chapter 8, assuming a stable system and a TCP-like protocol betwetnller and
actuator, we solve the problem of optimum state control around a targetrstzee of both
packet drops and signal quantization. Generalization for unstablemsy$sealso given for
large bandwidth transmissions. The proposed framework is used fasa-layer design of
signal quantization processes and network resource allocation falaa sgstem. Again al-
most optimal control is achievable with small bandwidth transmissions and sim@.Bmis
supports the use of low-cost sensors in this kind of applications.



Appendix A

Proof of theorems for MU MIMO
downlink systems

A.1 Proof of Theorem 1

We solve the constraint problem (3.19) using Lagrangian multipliers. Deéfeneost function

J(G.5,) = E[[(F+E)GS)d+N"'n) 5" —d||’] +
A (r(G7G) - P)
= [Br(FGGHFY) + p2r(E[EGGTEM)) +
—B71tr(GHFT) — 71 (FG) + M + 7203 +
A (r(GHG) - P) (A.1)

From the computation o?”‘](gic’f“) = 0 we get as necessary condition for the constraint
minimization problem (3.19F”FG + RG — BF + \32G = 0, which yields

G =3 (FFH+ R+ \3°T) ' FY . (A.2)
Introducingn = A\3? and
G(n) = [F'F+ R+ 1] FH (A.3)

(A.2) can be equivalently written as

G(n) = B(n)G(n) (A.4)
where
Bln) = | —e (A5)
\/tf (G G(n))

imposes the average power constraint (3.19hb).
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For the solution of (3.19) we have to impo%(%’” = 0 which yields
0.2
tr (FGGHFH + E[EGGTE!] - gR(FG) + éV‘ILg) =0, (A.6)

whereR(A) denotes the real part &. Substituting (A.3) in (A.6) and dividing by? we get,
after some computations

2
tr (FGGHFH + E[EGGTE!] - pR(GTFH) + "];VGGH> =0. (A.7)

SinceGH (FAF + R + ¢€1)G is a positive semi-definite matrix, its trace is a real number and
from (A.3) we have

tr (GHFF+R+nI)G) = tr((FIF+R+7I)GGH)
= tr(GFH)
= tr (R (G"FH)) (A.8)

Applying (A.8) in (A.7) we get, tr((—nI + @I) GGH) = 0 and the resulting value foy
becomes
= ﬁ (A.9)
n= P .
Substituting (A.9) in (A.3), (A.5) and (A.4) we finally get (3.20), (3.21) 4B®22), respectively.

A.2 Proof of Lemma 1l

Firstly we deriveE [¢/ €] under the hypothesis: &),éf’ = 0, b) €x€f’ = 1, c) hyhf =1,
d) all direction ofé;, in the space orthogonal 1o, are equally probable.

From vectorh;, by the orthonormalization procedure of Gram-Schmidt, we obtéivf a-
1) x M orthonormal matrixA, such thatA;h = 0 andé;, = x, Ay, withx, al x M — 1
unit-norm vector. We also have

Elefe] = AHE[xTx;]A) . (A.10)

Then, we can writgx,], = | [x], le/?ka, We assume thaty , are i.i.d. uniform random
variables in(0, 27, while [|z|]; are i.i.d. zero mean variables, so that

« 0 P#q
Blepzal ‘{ Ellfasl,”) p=a. (A1)

We now writex, in hyperspherical coordinates as

i—1
I[xk]i] = cos(¢y) H sin(¢p), t=1,2,...,M —2, (A.12)
p=1
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Xk = H sin(¢p) , (A.13)

whereg;, i = 1,2,..., M — 2 are independent uniform random variables in the rgdgern]|.
Hence we obtais[|[x;],|%] = 57, p < M — 1 andE[|[x}]a—1|*] = z51—. From (A.10) and
(A.11) we obtain (3.25).

Lastly, from the definition oR, i.e. R £ E[E” E], and the assumption that all vectess
are independent, (3.25) leads to (3.23).

A.3 Suboptimum performance metric for RBCM-Q

Applying Jensen’s inequality and exploiting the concavity of the fundiigr(1+ x), an upper
bound of (6.5) for a generic codemati@ is

AIB(OIPIE() c(0)7 ]
RH, Cy) < Llog, (1 1 Z T+ plIn(OIP(1 - R cmHP)) S

Sincelog, (1 + x) is a strictly monotonically increasing function, maximizing the right hand
side of (A.14) is equivalent to maximizing

= 21k H\|2
Roouna(H, C;) = pI(O)]]"[h(€) ei(6)”| |
o ! ZZ; L+ p[[h(€)[[2(1 — [h(£) c;(0)]?)

Note that (A.15) depends on the transmitted powethroughp, hence different codebooks
should be designed for different SNRs. With the aim of designing praaomebooks, we
focus only on two limit situations: low-SNR and high-SNR regimes.

(A.15)

In the low-SNR regime, when multiuser interference is negligible with respékttohan-
nel noise, the expectation of (A.15) yields

—1
LOW-SNR  E[Rpouna(H, C)] = Elzpuhw)wﬁw) ci<e>H|2]

L—1
= pY_E[IR©)IPIE ) ei(0)"?] (A16)
=0

where in the last equality the independence between the norm and the didie MIMO
channel has been used. Moreover, d$/E(¢)||%] is the same for all subcarriers, the maxi-
mization of (A.16) follows from maximizing the expectation of (6.13).

In the high-SNR regime, multiuser interference becomes predominant plyileplensen’s
inequality to the expectation of (A.15) yields

ZeL_oli\fl (0) ei(OF]

E[Rbound(Huci)] > LE
o TIh(e) ci(O)F]?

(A.17)
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A further application of Jensen'’s inequality on (A.17) leads to the following

FE [T B i(0)1?]

~ , (A.18)
L— B[S 1B(0) e (0)P]

High-SNR E[Rbouna(H, C;)]

showing that (6.13) is a reasonable metric also in the high-SNR regime, &) (&rhaximized
by maximizing the expectation of (6.13).
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Proof of theorems for networked
control systems

B.1 Optimal state estimation in case of packet drops and delays:
proof of Theorem 3
(&) Since the information available at the estimator at tinig given by the time-varying

linear stochastic system given by (7.1)-(7.5), then the optimal estimatorda iy its
corresponding time-varying Kalman filter [102]

Xpe = AXp_ypy + Kj (S’tk - CzAﬁ}fﬁukq) (B.1)
% T T T
K, = Py, (Ch) (CZPZ|1€—1 (Ch)” + RZ) (B.2)
P§c+1\k = APZ\k—1AT +Q+
T T t
AP, ()" (CEPL L (C) + RY) CLP, AT @3
X0 = %o, Pig=Pg (B.4)

T
whereC! = [Py{’kClT,fy;kCﬂ andR} = diag (yile,yg’km). Using the proper-
ties of the pseudo-inverse it's easy to verify that

T
(Ch)" (CiPly . (Cl)” +BY) Cf =

1
’Yf,k’Yﬁ,kCT <CP2|kfICT + R) C+

1
(= 72)CT (Clpz\ch{ + Rl) Ci+

1
(1= )54C5 (CQPZM_lCzT + R2> C, (B.5)

which is equivalent to consider only correctly received observatiotiseistate estima-
tion process. From (B.1)-(B.5) we easily get (7.8)-(7.11).

(b) Let us considet > N. If yfk = ﬁ;l, 1 =1,2,Vk > 1,Vt > k + N, then also
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Pl = P}:rluk andxj, = xfdjj hold under the same conditions on the time and
sensor indices. In particular fér= ¢t — N we havePi_NH‘t_N = Pi:}VH'th and
fci_N“_N = &i:}v‘t_N. Therefore it is not necessary to compli’tgrllt andfcat at any
time stept starting fromk = 1, but it is sufficient to use the vaIuerjVHIFN and

&::}V“_N pre-computed at the previous time step 1, as in (7.12)-(7.13), and then

iterate (7.8)-(7.11) for the lagt observations.

B.2 Optimal estimator with constant gains: proof of Theorem 4

The proof of Theorem 4 can be recovered along the lines of [18, rEhe®] and is only
outlined in the following.

Let us define the following operator:

Ly (K Ki, Ko, P) = (1-\)(1— X)) (APAT + Q) + A1) (AFPFTAT + V) +
(1= Xo) (AFPFTAT + V) +
(1—X1)X (AF,PFIAT +V5) (B.6)

whereF =1-KC,F; =1-K;C;,V = Q+AKRK”AT andV; = Q+ AK;R, K7 AT.
From (7.12)-(7.14), exploiting the independence betwegnv; 1., 7; ;. ézﬂ‘k and the fact
thatv; ;,, w;, are zero mean random vectors we get

=t =t—1

Pt—N+2|t—N+1 = ‘C>\1,N—17)\2,N—1 (KNfla I<1,N*17 K2,N*1’ Pt—N+1\t—N) (8'7)
=t =t

Pt—k:-i—l\t—k = ‘C)\l,k:)\2,k (Kkv Kk Ko, Pt—klt—k—l) yk=N-2,...,0(B.8)

Notice that (B.7)-(B.8) define a set of linear deterministic equations fodfixg., K; and

K .. In particular if we defines; = FLNJrHt,N then (B.7) can be rewritten as

St+1 =Ly v 1 hon Kv-1, Kin-1,Kan-1,5;) . (B.9)

Since all matrice?i_kﬂu_k, k = 0,...,N — 1 can be obtained fror$,, it follows that
the stability of the constant-gains estimator can be completely inferred fronrdpenties of
the operatorZ), », (K, K1, K, P). In the following lemma we study the properties of this
operator. The proof of Lemma 6 can be recovered along the lines offfi&rem 2] using
results from [101].

Lemma 6 Assume thaP > 0, (A, C) is observable(A, Q'/?) is controllable and) < \; <
1. Then the following statements are true:

(@) Ly (KK, Ko, P) =&y, ,(P)+Z2) ), K-Kp,K;-K; p, Ko — K3 p, P) where
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ExonK—-Kp,Ki —K; p, Ko — Ky p,P) =
AMAA (K - Kp) (CPCT +R) (K - Kp)" AT +
A(1 = M)A (Ki — Ky,p) (CiPCT + Ry1) (K1 — Ki,p)" AT +
(1—X1)MA (K2 — Ko p) (C2PCT + Ras) (K2 — Ko p)" AT(B.10)

(b) Lx, x (K, K1, Ko, P) > 0y, (P) =Ly, (Kp, Ky p, Ko p,P), VK, K;
(€) 0< Py <Py = &), ,(P1) <Py, 1, (P2)

(d) 0 <A < 1fixedand) < APV < AP <1— ®, 0 (P) >, (P). Similarly for
1\ 22

. 1 2
0< X\ < 1fixedand < AV < AP <1— ®,,P) 220 (P).

(e) If there existsP™* such thatP* = L, », (K, K, Ky, P*), thenP* > 0 and it is unique.
Consequently this is true also fd& = Kp, K; = K;p, 7 = 1,2, whereP* =
(I)/\l)\z(P*)'

M If0o < A\ < 1isfixedd < )\gl) < )\§2) < 1 and there exist®7}, P such thatP] =

<I>Al L\ (P7) andP; = <I>/\1 \@ (P3), thenP] > P3. A similar property holds switching
sN\Q N2
the role of\; and \».

(9) LetSi11 = Ly, 0, (K K, K2, 8¢) andSy > 0. If S* = £y, ), (K, K;,K>,5*) has a
solution, therlim; .., S; = S*, otherwise the sequen&g is unbounded.

(h) If there existsS*, K, K; such thatS* = £, », (K, K;,K>,S*), then also matrixP* =
Py, ), (P*) exists andP* < S*.

(i) If A is strictly stable, thelP* = ®,, ,,(P*) has always a solution. Otherwise for fixed
0 < A1 < 1 there exists\§ such thatP* = @, ,(P*) has solution if and only if
A2 > A§. Moreover for a giver\; we have an upper bound and a lower bound X§r
e A < A§ < Xg [101]. Similar considerations hold for fixe@ < A\ < 1 and varying
A O

From Lemma 6, we can now prove)(and @) in Theorem 4. First we prove by con-
tradiction that, for a givenV and with A unstable, there is an instability region for which
no stable estimator with constant gains exists. Hence for given \; y_; < 1, let us
assume there exists a stable estimator wher_; < )\ng_l, i.e. there exist{Kk}]kV;Ol,
{Kir}oy, i = 1,2 such thatfi‘t is bounded for alk. SinceP,,; = Aﬁf‘tAT +Q
also P, 1), must be bounded for all. From (B.7)-(B.8) it follows that?, |, is bounded
if and only if Fﬁ,kﬂﬁ,k, k =0,...,N — 1 are bounded for alt. Since the bounded se-
quenceS; = ?ff—N-&-llt—N needs to satisfy (B.9), from Lemmadj(it follows that S* =
Lxin-1den—, Kn-1,K1n-1,Kz n_1,8%) has a solution. Moreover from Lemmahg(it
follows that alsaP* = @), ,_, x, y_, (P*) has a solution. However according to Lemm§g 6(
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P* = ®,,  , x n_,(P*)cannot have a solution, which contradicts the hypothesis that a sta-
ble estimator exists. The same arguments can be used forfixed, x_; < 1 and varying

ALN-1-

Consider now the case in which the couple y—1, A2 y—1) belongs to the stability region.
From Lemma @), it follows that (7.18)- (7 21) are weII defined and have a solution. Let
us consider any other set of gaifKy}, ', {Kix}n o, i = 1,2 for which the following
equations hold:

TN 1= ‘C>\1,N71,>\2’N71(KN—17K1N laKQN 17T% 1) (Bll)
TN = L onos K Kip, Ko, TN, ), k=N —2,...,0 (B.12)

From Lemma 6g) it follows thatlim; . Fﬁ,kﬂ‘t,k =V} for the optimal gains{Kk}iV‘Ol,
(K)o, andlimg_.o ?ﬁ,kﬂﬁ,k = T2 when using generic gaind; } v, {Kix
i = 1,2. From Lemma &) it follows thatVY , < TY . From Lemma Gc() we have

Vs = ®ayonens (V1) (B.13)
< Ly oanonEnv-2. Kin-2,Kon 2, VN_)) (B.14)
< Lanvodon_2 (Ky_2,Kin-2,Kon_2, TN ) (B.15)
= TV, (B.16)

where (B.14) and (B.15) derive from Lemma®and €), respectively. Inductively it's easy to
show thatV)Y < T# forallk=0,...,N — 1.

Now we want to show thav '™ < V{'. From Lemma &) and the property; y >
Ai,N—1 We get

V%+1 = (I)>\1,N7>\2,N (V%+1)

S = (I)/\l,N7)\2,N—1<g)
< V%—l = (I)>\1,N71,>\2,N71(V%—1) (B.17)

IN

ThereforeVy Tl = @5, o (VAT < @5y un s (V) = VN_, and induc-
tively VTt < V¥ forall k = N — 1,...,0, which proves the statement.

forall kK > 7,,,42. ASSUMeN > 7,42, then

2, Tmax

Finally, if 7,4, is finite, then); ;, = \;

N N N
Vo1 = (I)>\1,N717)\2,N71(VN71) = ®A1,N72,A2,N72 (VNfl)
N N N
= Vyo= (I)A1,N—2,)\2,N_2 (Vn_2) = <I>/\1,N—37>\2,N—3 (VN_2) =
= 7]'\7[77,(11 = /\l,Tmazv’\QaTmaz (Vi\imz) ) (818)

Since we also hav€7maz = &, 5, (VIme) thenfrom Lemma &) we haveVmae =
VY . From (7.21) we then obtaiN]"** = V¥ for k = Ty . .., 0, which concludes the

Tmaz "

proof.
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B.3 Optimal state control under TCP-like protocols: proof of
Lemma 3

The proof is by induction. Let us define for ease of notatign= {Zx, X, u~ }. The claim is
clearly true fork = N with the choice of paramete&y = Wy, Ty = Wy, Zy = 0 and
ey = XWX, Suppose now that the claim is true for- 1, the value function for timé is

given by:

Vk(xk) = min E[(Xk — f)TWk(Xk — }_() -+ I/k(l_lZ)TUkl_lz -+

uy
(1 — ve)ul, Ugin + Vi1 (Xpt1) | Fi
= micn E[(Xk — i)TWk (Xk — 5() + Vk(ﬁi)TUkﬁi +

k
—|—(1 — l/k>u3;OUkuoo + X£+1Sk+1xk+1 - QRTTk+1Xk+1 +
2(1 — P)ul B Zp 11 Axpey1 + oyt | Fi) (B.19)

where we used the propertyEg(xy+1)|Fr+1]|Fr] = Elg(xk+1)|Fx], Vg(+) [108], to get the
last equality. After some computations we can equivalently express (Bs19) a

Vie (X1

E[xf (Wi + ATSy 1 A)xg|Fi] + otr (BTS11B + Up)Ry) +
tr(Sk11Q) — 2% (Wi, + Thy1 A)Rpps +
2(1 - ’/)u BT (Spi1 + Ziei1 A) ARy, +
(1-p)ul, (B'S 1B+ Uy + (1 - 2)BY (Zp1 A + ATZ],)B) us +
xITWpx — 2(1 — 0)xT Tjp1Bue + E[cpq1| Fi] +
ymin ((uf)” (BT Sy 1B + Up)uf +

u

2(uf) "B (Spr1A%y, — Thx+ (1 — 9)ATZ], Buy) ) (B.20)

We notice that/,(x;,) is a quadratic function ofy, therefore the optimum control signal can
be simply obtained by solving the equatiéﬁg = 0 which gives (8.26). If we substitute the
optimumuyj, back into (B.20) after some computations we get:

Vk (Xk)

E|x] (Wi +ATS; 1A +

~7ATSk 1 B(Uy + BTS, 1 B) T BT Sy A)xi 7| +

—2%" (W, + Tj 1A — 0T B(Uy, + BTS; 1 B) ' BT S A)kys +
2(1 — v)ul BT (Sk+1 + Zp A+

—9Zy 1 AB(U}, + BTSkHB)_lBTSkH)Af{Mk +

ptr(ATSp 1 B(Uy, + B'S;1B) 'BTSi 1 AP) + (S5 Q) +

ptr(BT(Sp11B + Up)Ry) + Elcks 1| Fi] + XMy X +
(1 - ) ul My pus +2(1 — 2)ul B'M; . TT % (B.21)
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where we used the propertys& Sxy| 7| = fc;ﬁkSiMk +tr(SPy;), VS > 0. Recalling (8.7),
the claim given by (8.17) is satisfied for tinkeand for allx;. if and only if (8.20)-(8.23) are
satisfied.

B.4 Optimal state control under TCP-like protocols in the infinite
horizon: proof of Lemma 5

The proof of Lemma 5 can be recovered along the lines of [108, Thebr6hand is only
outlined in the following.

(a) Since the system is stable it can be shownlihat ... S; = S for all initial condition
Sy > 0 [108]. Moreover the stability of the system also guaratieg_.., T = T
andlimy_.., Z; = Z~. Therefore (8.40)-(8.42) follows from (8.26).

(b) Thisis because the optimal state estimator described in Section 8.2 depehdsrrival
sequence$y; .} and{v}.

(c) Asitcanbe seenfrom (8.27), on!)g) depends oM. Moreover,jc(f)) 2 limy oo %J](VQ)

exists as a consequence of system stability, and it is a quadratic functiop.ofhere-

. . . . (2 :
fore the optimumu,, can be simply obtained by solving the equat%i% = 0, and this
yields (8.43).

(d) Since the system is stable, using similar arguments of [101] we can shoulltthe fol-
lowing limits exist: limy oo Py 1k, imp oo P, limy oo Py, andlimy, o Py
Therefore the claim follows from (8.35)-(8.37), (8.31)-(8.34) and 33.
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