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Abstract

The technology of wireless communication has been playing a vital role in many
aspects of the modern lifestyle. In recent years, the increasing number of wire-
less devices has resulted in a significant growth on the demand for reliable and
high rate wireless communications. Multiple-input multiple-output (MIMO) re-
lay communication systems have been identified to be one of the promising solu-
tions to high rate wireless communication. Besides enhancing the capacity of the
networks, MIMO technology is able to reduce the effect of fading in wireless com-
munication networks by means of spatial diversity. The use of relaying scheme is
able to increase the network coverage and system reliability.

However, challenging problems in implementing MIMO relay systems do ex-
ist and the solutions remain elusive. One of the challenges is to estimate the
channel state information (CSI) of the MIMO relay systems, which is required
for retrieving source signals and optimizing the design of the transceiver and re-
lay matrices. However, the knowledge of CSI is unknown in practical MIMO
relay networks, and thus needs to be estimated. This thesis focuses on the chan-
nel estimation issues for MIMO relay communication networks, considering the
amplify-and-forward relaying scheme.

First, a robust channel estimation algorithm for one-way MIMO relay systems
is proposed, which takes into account the CSI mismatch between the estimated
and the true relay-destination channel matrices. The proposed algorithm always
perform better than conventional algorithms in estimating the source-relay chan-
nel without the need of greater computational effort.

Then the channel estimation issues on two-way MIMO relay communication
networks are discussed. T'wo channel estimation algorithms, namely the superim-

posed channel training scheme and the optimized two-stage channel estimation

il



Chapter 0. Abstract iv

algorithm, are presented and compared. The proposed algorithms are able to
estimate the individual CSI for the first-hop and second-hop links. Through nu-
merical examples, it can be concluded that both algorithms outperform the con-
ventional two-stage channel estimation technique, with the optimized two-stage
channel estimation algorithm performs better than the superimposed channel
training scheme at the expense of higher computational complexity.

Next a more general situation is considered where two-way MIMO relay sys-
tems are operating in frequency-selective fading environments. The channel es-
timation problem is becoming more complicated in frequency-selective fading
environments as there are multiple paths between each transmit-receive antenna
pair. The superimposed channel training method is applied to derive the indi-
vidual CSI of first-hop and second-hop links. A minimum MSE (MMSE)-based
algorithm to retrieve first-hop channel matrices is also presented, considering the
estimation error inherited from the estimation of the second-hop channel matrices.

Thus far, the channel estimation problems are addressed by sending known
training sequences to the destination node to assist in the estimation of the chan-
nels. This thesis examines the blind approach for channel estimation, i.e., the
channels are estimated based on the statistical properties of the source signals.
Two blind source separation (BSS) methods are integrated to estimate the indi-
vidual CSI of the source-relay and relay-destination links for one-way MIMO relay
systems. In particular, a first-order Z-domain precoding technique is presented
to blindly estimate the relay-destination links, while the source-relay links are
estimated based on signal mutual information (MI) modified constant modu-
lus algorithm. The proposed blind channel estimation algorithms always have
a better bandwidth efficiency compared with training-based channel estimation

algorithms as no bandwidth is used to send training sequences.
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Chapter 1

Introduction

Wireless communication networks have been a revolutionary part in the field
of communication, which enable convenient multimedia communication between
people and devices. With a tremendous demand for high speed and reliable
wireless communications, multi-antenna and relaying techniques are expected to
be included in the next generation of wireless communication networks. The
main aim of this thesis is to develop efficient channel estimation algorithms for
multiple-input multiple-output (MIMO) wireless relay communication networks.
In this chapter, we introduce the background knowledge on MIMO relay networks
and the estimation of channel state information. We also state the contributions

and give an outline of the thesis.

1.1 Relaying and Cooperative Communication

Relaying and cooperative communications were first introduced by Van Der Meu-
len in [1], and were examined by Cover and El Gamal in [2]. The basic idea of
cooperative communication is to provide multiple routes for data packets to be
transmitted from the source to the destination. Fig. 1.1 shows a three-node two-
hop relay network, where data packets from the source node can be transmitted
to the destination node directly and/or through the relay node.

In recent years, growing interest in cooperative communications employing
relay nodes has motivated great research efforts in this area such as in [3]-[10].

The major advantages of cooperative relay communication can be summarized
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Source Destination

Figure 1.1: A three-node two-hop relay network
below [3]-[8], [11]-[14]:

e The wireless networks coverage are increased, and is particularly useful
when the distance between the source and destination is long or the channel

between the source and destination is strongly faded.

e The reliability and robustness of the wireless systems have been improved
as multiple copies of source signals are transmitted, i.e., the diversity gain

at the destination node is increased.

There are mainly two types of relaying strategies, namely the non-regenerative
strategy and the regenerative strategy. The former technique only amplifies the
received signals and forwards the signals to the receiver, while the later scheme
decodes the received signals, then re-encodes them before retransmits the sig-
nals to the receiver. Compared with the regenerative relaying strategy, the non-
regenerative relaying strategy delivers more noise to the destination as the noise is
amplified at the relay node [10]. However, the non-regenerative relaying strategy
does not require sophisticated signal processing at the relay node, thus is easier
to implement than the regenerative relaying technique. In this thesis, the imple-
mentation of non-regenerative relaying strategy is considered. Recently, relaying
and cooperative communications techniques have been considered in some indus-
trial communication standards, such as IEEE 802.16j WiMAX standard [15] and
3GPP’s long-term evolution (LTE)-advanced standard [16].

1.2 MIMO Relay Communication Networks

The emerging demands in multimedia applications such as broadcasting of high

definition television have resulted in the need for wireless systems that are able to
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support higher data rate compared with the existing systems. Many approaches
have been suggested and developed to boost the performance of wireless systems,
which include the use of multiple antennas at both the transmitter and receiver
sides, i.e., MIMO technology [17]-[31].

The benefits of MIMO systems [18]-[23] are briefly explained below.

e Spatial diversity gain. MIMO systems are able to produce smaller error
rates by transmitting and receiving the same source signals over multiple
independent fading paths (when the antennas spacing is sufficiently large).
This spatial diversity gain is able to combat the fading effects that usually
occurred in wireless channel. Comparing with single-antenna transmission,
MIMO systems are more reliable and robust when the same transmission
rate is used. The spatial diversity has an advantage over time and frequency
diversity as it does not consume additional bandwidth or require longer

transmission time.

e Spatial multiplering gain. In MIMO systems, independent data streams
can be simultaneously transmitted from different antennas to increase the
transmission rate without the need of extra bandwidth. The multiplexing
gain achieved in MIMO networks is linear to the number of antennas at the

transmitter /receiver, whichever is smaller.

e Array gain. signal-to-noise ratio (SNR) at the receiver can be improved us-
ing multi-antenna techniques. With the spatial filtering (beamingforming)
technique, the directions of the transmitter and receiver antennas can be
steered to favor the desirable signals, such as the information signals, while
suppressed the interference signals. This technique is also known as smart

antennas.

In general, tradeoff between the spatial diversity gain, spatial multiplexing
gain, and array gain is required as it may not be possible to reap all the bene-
fits of MIMO systems at the same time. The diversity-multiplexing tradeoff was
investigated in [21]. Currently, MIMO technology has been applied in many com-
mercial wireless products and systems, such as in routers, base stations, wireless

local area network (WLAN) and 3G cellular network. It has been considered
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in many industrial standards, for example, IEEE 802.11n WLAN standard [32]
and IEEE 802.20 mobile broadband wireless access systems [33]. Recently, the
application of MIMO systems for broadband power line communications (PLC)
is being investigated in [34]-[35].

Considering the advantages of MIMO technology and cooperative communic-
ations, it is expected for the next generation of wireless systems to turn to MIMO
relaying schemes. However, many challenging problems arise and research works
have been actively carried out to maximize the utilization of MIMO relaying
schemes [11],[36]-[46]. In [36] and [37], the optimal relay precoding matrix is
derived to maximize the mutual information between the source and destination
nodes for a three-node two-hop MIMO relay communication system. A unified
framework has been developed in [11] to optimize the source and relay precoding
matrices for two-hop MIMO relay systems with a broad class of commonly used
objective functions. In [38], the capacity of MIMO relay networks for Gaussian
channel and Rayleigh fading channel is studied. The joint transmit and relay pre-
coding design problems were investigated for two-hop multicasting MIMO relay
systems in [39]. A recent survey on transceiver design for amplify-and-forward
MIMO relay systems is presented in [40]. Other optimization works on MIMO

relay systems are investigated in [41]-[46].

1.3 Estimation of Channel State Information

Let us consider the simplest frequency-flat fading two-hop MIMO relay wireless
network where a source node transmits information to a destination node through
a relay node as shown in Fig. 1.2. The source, relay, and destination nodes are
equipped with Ny, N,, and N, antennas, respectively. The amplify-and-forward

strategy is considered at the relay node.

H1 H2

Source :> Relay :> Destination

Figure 1.2: A two-hop MIMO relay wireless network

In the first time block, the source node transmits an Ny X L data matrix S,
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to the relay node, where L is the length of the transmitted data sequence. The

received signal at the relay node is given by
Y, =H;S;+V, (1.1)

where H; is the N, x N, source-relay channel matrix and V,. is the N, x L noise
matrix at the relay node. In the second time block, the relay node applies an
N, X N, precoding matrix F on Y, and retransmits the linear precoded signal
matrix
X, =FH;S; +FV, (1.2)
to the destination node. The received signal at the destination node can be
written as
Y,=HX,+V,;=HFH;S, + HbFV, +V, (1.3)
where Hj is the Ny x N, relay-destination channel matrix and V is the Ny x L
noise matrix at the destination node. Let H £ HoFH; be the compound channel

matrix from the source node to the destination node and V = Hy,FV, + V, be

the equivalent noise matrix, we have
Y,=HS,+ V. (1.4)
Using a linear receiver at the destination node, the estimated S; is given by
S, = W'y, (1.5)

where W is the N; x N, weight matrix of the linear receiver. The optimal W

that minimizes the estimation error of S is the Wiener filter [43] given by
W = (HH” +Ry) ' H. (1.6)

Here Ry = E [VVH ] is the covariance matrix of V.

Let us define the singular value decomposition (SVD) of H; and Hj as
Hy =Up Ay, Ve,  Ho=Up,Ap,Va, (1.7)

where Uy,, Vg,,Upg,, and Vg, are the singular vector matrices, and Ay, and
Ap, are the diagonal singular value matrix. It was shown in [36], [47]-[48] that

the optimal relay precoding matrix for two-hop MIMO relay networks is given by

F = Vy,ArUj, (1.8)
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where Vp, and Uy, are unitary matrices of eigenvalue decompositions of the
channel matrices Hy and H;, respectively, and Ar is a diagonal matrix. It is
obvious from (1.5)-(1.6) and (1.8) that in MIMO relay networks, the knowledge of
the channel characteristics, also known as instantaneous channel state information

(CSI), is required for the purpose of
e retrieving the source information at the destination node

e optimization of the MIMO relay systems, for example, to derive the optimal

source and relay matrices in linear amplify-and-forward relay networks.

However, in practical MIMO relay communication systems [11]-[13], [36]-[46],
the instantaneous CSI is unavailable at both transmitter and receiver, and thus,
it has to be estimated. Considering the importance of CSI in the overall per-
formance of MIMO relay networks, it is crucial to address the channel estimation
problems. Different from guided transmission medias (signal propagates along a
solid medium), the channel estimation in wireless systems is much more difficult
as wireless networks exhibit highly dynamic channels. Moreover, when multiple
antennas are used, more channel parameters are needed to be estimated.

Generally, there are two types of channel estimation techniques, [18],[49]-[50].

o Training-based channel estimation. In this method, known training se-
quences are transmitted to the receiver for the estimation of the instant-
aneous CSI. The accuracy of the channel estimation can be improved by
sending training sequences more frequently, especially for fast-fading chan-
nels. This method has the advantages of simplicity and reliability compared
with blind channel estimation. However, training-based method has a lower
bandwidth efficiency as part of the bandwidth is used to transmit the train-
ing sequences. For example, 26 bits of training sequences are placed in the
middle of each packet for Global System for Mobile (GSM) systems as il-
lustrated in Fig. 1.3. The training-based channel estimation technique is

discussed in [51]-[70].

e Blind channel estimation. The blind channel estimation technique relies

only on the received signals at the receiver during normal data transmission
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3 58 26 58 3

Tail Data Training Data Tail
Figure 1.3: Structure of a data packet in GSM systems

to estimate the instantaneous CSI, without requiring the transmission of
training sequences. This technique utilizes the known statistical properties
of the transmitted signals and channels, such as cyclostationarity and con-
stant modulus properties. Eventually, blind technique might need a large
amount of data to achieve acceptable performance, which is not favorable
for fast-fading channels. Many blind channel estimation algorithms also suf-
fer from the complexity and stabilities issues. Nevertheless, this technique
achieves higher bandwidth efficiency compared with training-based chan-
nel estimation, as no bandwidth is used for the transmission of training

sequence [71]-[78].

1.4 Training-based Channel Estimation for Single-
hop Networks

In the early stage of tackling the channel estimation issues, the training-based
techniques have attracted the attention of the most researchers as the training-
based techniques are more reliable and robust compared with the blind meth-
ods. The pilot-assisted channel estimation technique was discussed in [51]-[52] for
single-antenna networks, and the performance of the technique was analyzed in
[53]. Later, these works have been extended to wireless networks equipped with
multiple antennas [54]-[65]. Let us consider the simplest frequency-flat fading
single-hop MIMO wireless network where the source node transmits information
to the destination node as shown in Fig. 1.4. The source and destination nodes
are equipped with Ny and Ny antennas, respectively. The Ny x L received signal

at the destination node can be written as

Y, = HS, + V, (1.9)
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H
Source :> Destination

Figure 1.4: A single-hop MIMO wireless network

where H is the N; x N, channel matrix from the source node to the destination
node, S, is the N, x L source signal matrix, and Vg  is the N; X L noise matrix
at the destination node. Here, L is the length of the transmitted data sequence.

There are two popular training-based linear channel estimators, which are

o Least-square (LS) estimator. This estimator is used when the knowledge
of the channel and noise parameters are unknown. From (1.9), the LS

estimation of H is given by
H, s =Y,Si. (1.10)

Note that for a linear estimator, we have L > N,, i.e., the matrix S; is a

fat matrix.

o Minimum mean-squared error (MMSE) estimator. When a priori informa-
tion of the channel and noise distributions are available, an MMSE estim-
ator can be used to reduce the estimation error. From (1.9), the MMSE

estimation of H can be written as
Honse = Ya (SPRES, + Ry,) SFRy (1.11)

where Ry and Ry, are the channel and noise covariance matrices, respect-

ively.

The channel estimation issues for single-hop multiple-antennas networks have
been widely considered in the literature. In [54], the optimal design of the train-
ing sequences is studied by using the maximum likelihood (ML) method for block
flat-fading MIMO channels. This work has been extended in [55] where a simple
ML estimator is applied for continuous flat-fading MIMO channels. The tradeoff
between the channel capacity and number of training symbols for MIMO networks
is investigated in [56], and the optimal number of training symbols required for

a meaningful channel estimation is discussed. A superimposed pilot sequence
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technique for channel estimation is proposed in [57]-[58], where a known train-
ing sequence is linearly added into the unknown data sequence. In [59], optimal
training sequences for several channel estimation methods are derived for net-
works with multiple transmit antennas and single receive antenna. Subsequently,
the work in [59] was extended to the case of MIMO networks in [60]-[62]. Other
training-based channel estimation methods for single-hop MIMO networks are

discussed in [63]-[65].

1.5 Overview and Contributions of the Thesis

In near future, MIMO relay systems are expected to be deployed in the next gen-
eration wireless systems as they are capable of providing higher data rate, wider
network coverage and better network reliability compared with the conventional
wireless systems. As mentioned in Section 1.3, the estimation of instantaneous
CSI is essential in practical MIMO relay networks. Several channel estimation
algorithms are discussed in Section 1.4 for single-hop multiple antennas networks,
but the extension to MIMO relay networks is not straightforward. This thesis
focuses on the channel estimation issues for MIMO relay wireless communication
systems. In this thesis, the amplify-and-forward strategy is considered at the relay
node. This is because for MIMO relay networks, the complexity of amplify-and-
forward scheme is much lower compared with the decode-and-forward scheme,
since great computational efforts are required to decode and encode multiple
data streams. Subsequently, the deployment of the amplify-and-forward relay
scheme is easier, more cost effective, and have shorter end-to-end delay than that
of the decode-and-forward scheme.

The major contribution of this thesis is the development of efficient channel
estimation algorithms for MIMO relay networks. Both the training-based and
blind channel estimation techniques are investigated. Chapter 2 introduces a
robust training-based channel estimation algorithm for one-way MIMO relay sys-
tems. In Chapter 3, two training-based channel estimation methods for two-way
MIMO relay systems operating in frequency-flat fading environment are proposed.

Chapter 4 studies the channel estimation problem for frequency-selective two-way
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MIMO relay systems. The blind channel estimation method for MIMO relay sys-
tems is presented in Chapter 5. The summary of the thesis and brief descriptions

on the possible future works are given in Chapter 6.

Chapter 2: One-Way MIMO Relay Systems

In this chapter, a robust channel estimation algorithm for one-way MIMO relay
systems is developed. For conventional two-phase channel estimation algorithms,
the estimated relay-destination channel is used for the estimation of source-relay
channel. However, there is always a mismatch between the estimated and the true
relay-destination channel. This motivates us to investigate the impact of such CSI
mismatch on the accuracy of the source-relay channel estimation. By explicitly
taking into consideration the CSI mismatch, a robust algorithm to estimate the
source-relay channel is presented. In the proposed algorithm, the stochastic chan-
nel mismatch model is considered. Compared with the conventional two-phase
channel estimation techniques, the proposed robust channel estimation algorithm
performs better in estimating the source-relay channel, without requiring greater
computational effort.

The material in Chapter 2 is based on the conference publication:

e C. W. R. Chiong, Y. Rong, and Y. Xiang, “Robust Channel Estimation Al-
gorithm for Dual-Hop MIMO Relay Channels,” Proc. 23rd IEEE Int. Sym-
posium Personal, Indoor and Mobile Radio Commun. (PIMRC), Sydney,
Australia, Sep. 9-12, 2012, pp. 2376-2381.

Chapter 3: Frequency-Flat Two-Way MIMO Relay Systems

It is known that two-way MIMO relay systems are able to provide higher spectral
efficiency compared with conventional one-way MIMO relay systems. This mo-
tivates us to look into the channel estimation problem in two-way MIMO relay
systems. With the increasing number of channel parameters to be estimated, the
channel estimation problem in two-way MIMO relay systems is more difficult than
that of one-way MIMO relay systems. In this chapter, we propose two channel es-
timation algorithms for two-way MIMO relay systems operating in frequency-flat
fading environment. First, we develop the superimposed channel training scheme

where a training matrix is inserted to the received signals at the relay node to



Chapter 1. Introduction 11

assist in the channel estimation, and the channel estimation is completed in one
transmission cycle. Then, we present the two-stage channel estimation algorithm
where the relay-users links are estimated in the first stage while the users-relay
channels are estimated in the second stage.

For both algorithms, the optimal structure of the source and relay pilot
matrices are derived to minimize the mean-squared error (MSE) of channel es-
timation. The power allocation issue is also discussed in this chapter, where the
power allocation between the source and relay training sequences is optimized
in the superimposed channel training scheme, and in the two-stage channel es-
timation algorithm, the optimal power allocation at the relay node between two
stages is derived. Besides having a distinct advantage of capable to estimate the
individual CSI for the users-relay and relay-users links, both proposed algorithms
perform better in estimating the channel matrices than that of conventional chan-
nel estimation algorithms.

Chapter 3 is based on the journal publication:

e C. W. R. Chiong, Y. Rong, and Y. Xiang, “Channel Training Algorithms
for Two-Way MIMO Relay Systems,” IEEE Trans. Signal Process., vol. 61,
no. 16, pp. 3988-3998, Aug. 2013.

and the conference publication:

e C. W. R. Chiong, Y. Rong, and Y. Xiang, “Superimposed Channel Train-
ing for Two-Way MIMO Relay Systems,” Proc. 15th IEEE Int. Conf.
Commun. Syst. (ICCS), Singapore, Nov. 21-23, 2012, pp. 21-25.

Chapter 4: Frequency-Selective Two-Way MIMO Relay Systems

In this chapter, we propose a channel estimation algorithm that generalizes the
findings in Chapter 3 from frequency-flat fading channels to frequency-selective
fading channels. This extension is non-trivial as the optimization of channel es-
timation problem in frequency-selective two-way MIMO relay systems is much
more complicated compared with the frequency-flat systems. The method of su-
perimposed channel training is proposed to estimate the individual CSI of the
users-relay and relay-users links for frequency-selective two-way MIMO relay sys-

tems. To minimize the MSE of channel estimation, the optimal structure of
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the source and relay training sequences, as well as the optimal power allocation
between the source and relay training sequences, are derived. In addition, a novel
method based on the MMSE criterion to retrieve the first-hop channel matrices
is presented, which explicitly takes into account the estimation error inherited
from the estimation of the second-hop channel matrices.

The material in Chapter 4 is based on the journal publication:

e C. W. R. Chiong, Y. Rong, and Y. Xiang, “Channel Estimation for Two-
Way MIMO Relay Systems in Frequency-Selective Fading Environments,”
IEEE Trans. Wireless Commun., to appear, 2014.

and the conference publication:

e C. W.R. Chiong, Y. Rong, and Y. Xiang, “Channel Estimation for Frequency-
Selective Two-Way MIMO Relay Systems,” Proc. Int. Symposium Inf.
Theory Its Applications (ISITA’2014), Melbourne, Australia, Oct. 26-29, 2014.

Chapter 5: Blind Channel Estimation for MIMO Relay Systems

Blind channel estimation technique is well known for better spectral efficiency
compared with training-based scheme as all the bandwidth is used for the trans-
mission of communication data. This motivates us to examine the channel estim-
ation problem from the perspective of blind technique. In this chapter, two blind
source separation (BSS) methods are integrated to estimate the individual CSI of
source-relay and relay-destination links for two-hop MIMO relay systems. Spe-
cifically, a first-order Z-domain precoding technique is proposed to blindly estim-
ate the relay-destination channel matrix. This technique exploits the Z-domain
properties of the precoders applied at the relay node to derive the estimation cri-
terion for the relay-destination channel matrix. Then, using the estimated signals
at the relay node, an algorithm based on the constant modulus and signal mu-
tual information properties is developed for the blind estimation of source-relay
channel matrix.

Chapter 5 is based on the journal publication:

e C. W. R. Chiong, Y. Rong, and Y. Xiang, “Blind Channel Estimation and
Signal Retrieving for MIMO Relay Systems,” IEEE Trans. Signal Process.,
revised, Sep. 2014.



Chapter 1. Introduction 13

and the conference publication:

e C. W. R. Chiong, Y. Rong, and Y. Xiang, “Blind Estimation of MIMO
Relay Channels,” Proc. IEEE Workshop on Statistical Signal Processing
(SSP’2014), Gold Coast, Australia, Jun. 29-Jul. 2, 2014, pp. 400-403.



Chapter 2

One-Way MIMO Relay Systems

In conventional two-phase channel estimation algorithms for dual-hop MIMO
relay systems, the relay-destination channel estimated in the first phase is used
for the source-relay channel estimation in the second phase. For these algorithms,
the mismatch between the estimated and the true relay-destination channel affects
the accuracy of the source-relay channel estimation. In this chapter, the impact
of such CSI mismatch on the performance of the two-phase channel estimation
algorithm is investigated. The state of the art is given in Section 2.1 while the
system model of an one-way MIMO relay communication system is introduced in
Section 2.2. The impact of CSI mismatch on the performance of the two-phase
channel estimation algorithm is investigated and by explicitly taking into account
the CSI mismatch, a robust algorithm to estimate the source-relay channel is
developed in Section 2.3. In Section 2.4, we show some numerical examples.

Conclusions are drawn in Section 2.5.

2.1 State of the Art

An overview of the training-based channel estimation techniques for single-hop
MIMO networks is given in Section 1.4. However, the techniques used to estimate
the channel matrices for single-hop MIMO systems can not be directly applied
in MIMO relay systems. In the following, we discuss some channel estimation
algorithms for one-way MIMO relay networks that have been proposed in the

literature.

14
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A novel interim channel estimation technique has been proposed in [79] where
the source-relay and relay-destination channels are estimated at the destination
node with the help of a known pilot enhancement matrix inserted at the relay
node. However, the algorithm in [79] is developed for a MIMO mimicking amplify-
and-forward relay system, and it is proven in [80] that the relay system can never
fully mimic a real MIMO relay system as the multiplexing gain is limited. Two
algorithms have been proposed in [81], namely, Bayesian-based linear minimum
mean-squared error (LMMSE) and expectation-maximization (EM)-based max-
imum a posteriori (MAP) channel estimation. In the LMMSE channel estimation
algorithm, only a sub-optimal solution can be achieved due to the high complex-
ity in the computational of the LMMSE estimator. Consequently, the authors
of [81] suggested the EM-based MAP channel estimation algorithm, where the
initial estimate of the EM algorithm depends on the LMMSE estimator proposed
earlier. However, the training sequences and relay precoding matrix are not op-
timized in [81]. A parallel factor analysis-based MIMO channel estimator was
proposed in [82].

In [83], an algorithm based on the LS method was developed to estimate
the channel matrices of MIMO relay networks. In particular, both the source-
relay and the relay-destination channel matrices are estimated from the observed
composite source-relay-destination channel matrix. A drawback from channel
estimation using [83] is the scalar ambiguity of the estimated channel matrices.
The performance of [83] was further analyzed and improved in [84] by using the
weighted least squares (WLS) fitting method. A superimposed channel training
algorithm has been proposed in [85] for orthogonal frequency-division multiplex-
ing (OFDM) modulated one-way relay systems.

A two-phase channel estimation scheme based on LMMSE was proposed in
[86] for two-hop MIMO relay networks. In particular, in the first phase, the source
node is silent while the relay node transmits a pilot matrix to the destination node
to estimate the relay-destination channel matrix. In the second phase, the source
transmits a source pilot matrix to the relay. The relay node linearly precodes
its received signal and forward it to the destination node. Then the source-relay

channel is estimated at the destination node making use of the relay-destination
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channel matrix estimated at the first phase. Compared with the approach in [83],
there is no scalar ambiguity in this approach.

However, in practical relay systems, there is always mismatch between the
estimated and the true relay-destination channel. Such CSI mismatch affects
the accuracy of the source-relay channel estimation in [86]. In this chapter, we
investigate the impact of this CSI mismatch on the performance of the two-phase
channel estimation algorithm [86]. By explicitly taking into account the CSI
mismatch, we develop a robust algorithm to estimate the source-relay channel,

without the need of greater computation effort.

2.2 One-Way MIMO Relay System Model

We consider a one-way two-hop MIMO relay system where the source node
transmits information to the destination node through a relay node as shown
in Fig. 2.1. The source, relay, and destination nodes are equipped with N, N,,
and N, antennas, respectively. We focus on the case where the direct link between
the source and destination nodes is sufficiently weak to be ignored [83], [86]. This
scenario occurs when the direct link is blocked by an obstacle such as a mountain.
In fact, a relay plays a much more important role when the direct link is weak

than when it is strong.

R [ 5 A

Source :> Relay Destination

Figure 2.1: Block diagram of a one-way MIMO relay communication system.

Similar to [86], the channel matrices are estimated in two phases, where the
relay-destination channel matrix Hj is estimated in phase one while the source-
relay channel matrix H; is estimated in phase two. In phase one, the signal

received by the destination node is given by

YV =H,8, + VvV (2.1)
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where S, is the N, x N, pilot matrix transmitted by the relay node to the destin-
ation node satisfying S/'S, = S,S/ = &1y, [61], and V&l) is the Ny x N, noise
matrix at the destination node during phase one. Here p, is the power budget
available at the relay node. Note that we choose the length of S, to be N, to
maximize the overall system spectral efficiency [87].

A minimal variance unbiased (MVU) estimation [88] of Hy can be obtained
from (2.1) as

. N, N,
H, = YVSH = H, + ~tvIsH, (2.2)

T T

It can be seen from (2.2) that due to the existence of the noise Vg), there is
a mismatch A, £ %VS)S{{ between Hy and ﬂg. Obviously, Ay is a complex
Gaussian random matrix with zero mean and the variance of its entries is N, /p,.

Therefore, Hy is a complex Gaussian matrix with the following distribution
H, ~ CN (Ha, Iy, ® In,) (2.3)

where 8 = N,/p,. It can be seen from (2.3) that the variance of Hy decreases
when p, increases.

In phase two, the source node transmits an N, X N, pilot matrix S, to the
relay node. Here we choose the length of S, to be N, to maximize the overall
system spectral efficiency. The relay node applies an N, x N, precoding matrix

F and retransmits the linear precoded signal matrix
X, =FH;S,+FV, (2.4)

to the destination node, where V,. is the N, X Ny noise matrix at the relay node.

The signal received at the destination node can be written as
Y,=HFH;S, + H,FV,.+V, (2.5)

where V, is the N; x N, noise matrix at the destination node during phase two.

By vectorizing both sides of (2.5), we obtain
Ya = (Sz & HgF)hl + (INS & HQF)VT + vyq (26)

where y; = vec(Yy), hy = vec(H,), v, £ vec(V,), and vy £ vec(Vy). To obtain

(2.6) from (2.5), we use the property of vec(ABC) = (CT ® A)vec(B) [89].
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In this chapter, we assume that the channel matrices H; and Hjy satisfy the

well-known Kronecker correlation model [90]
1 T
H, = CiH,,C7, i=12 (2.7)

where C,;, and C,,, 1 = 1,2, are channel correlation matrices at the transmit side
and the receive side of H;, respectively, and H,,;, ¢ = 1,2, are Gaussian random
matrices with independent and identically distributed (i.i.d.) entries having zero
mean and unit variance. We also assume that all noises are i.i.d. additive white
Gaussian noise (AWGN) with zero mean and unit variance. The following lemma
is useful in this chapter.

LEMMA 2.1 [91]: For H ~ CN(0,© @ ®), there is E[HAHY] = tr(AGT)®,
and E[H? AH] = tr(®A)O7.

2.3 Robust Channel Estimation Algorithm

In this section, we derive the optimal S, and F that minimize the MSE of estim-

ating H;. Using a linear estimator, the estimated h; is given by
h; = Wy, (2.8)

where W is the weight matrix of the linear estimator. Using (2.8), the MSE of

estimating h; can be written as

Jl = E[tr((hl — fll)(hl — fll)H)]
= tr(Rpy,pi — Rpyn W = WRY o + WRy ,nWH). (2.9)

From (2.6) we have

Ruyr = Elhyy] = (CyS;) @ (C,, FHY) (2.10)
R, i1 = Elyiy,]

= (SI'C;,SY) ® (HoFC,,FTHY) + Iy, ® (HoFFYHY) + Iy, n,(2.11)
Ry = Ehh{]=C, ©C,,. (2.12)

Here we use h; = (C2 ® C# )h,; with h,; = vec(H,,1).
From (2.10)-(2.12), it can be seen that the CSI of Hy is needed in order to

minimize .J;. However, the exact Hs is unknown in the second phase. In fact,
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it is shown in (2.3) that Hy is a complex Gaussian random matrix with the
mean matrix of ﬂg. Obviously, the mismatch between Hy and ﬂg affects the
accuracy of the estimation of H;. To take such mismatch into account, we adopt
a statistically robust objective function through averaging .J; in (2.9) with respect

to the distribution of Hy as

Eu, [11] = tr(Ry i — B, Ry, yn] W — W Eg, [R] yir] + WEm,[R wH).

(2.13)

yayH ]

The estimator W which minimizes (2.13) is the linear MMSE estimator [88] given
by

-1

W = B[Ry, ] (Br,[Ry 1)) (2.14)

Substituting (2.14) back into (2.13), we have
By, [ 1] = tr(Ruyyns — By, [Ryyy o) (B, [Ry ) % B[R] jil). (2.15)
It can be easily seen from (2.10) that
Eu,[Ry,y1] = (C,,S;) ® (C,, F'HY). (2.16)
Using Lemma 2.1, we have from (2.3) that

Eu,[R = (8'c,S:) ® (H.FC,, F'HY + tr(BFC,, F)Iy,)

yayl ]

Iy, © (AFFPAY + tr(BFFY)Iy,) + Iy, (2.17)
Substituting (2.16) and (2.17) back into (2.15), we obtain that

Eu [l = tr(Ctl ®C,, — (STCHC,s") @ (H,FCH C, FIHY)
x[(STC,,S:) ® (HoFC,, F¥HY + tr(BFC,, F/)Iy,)

+Iy, ® (ELEFPHY + tr(BFF)Ly,) + INsNdTl) (2.18)

The transmission power consumed at the relay node during phase two can be

calculated from (2.4) as

pr = Eg, [tr(FH;S,SIH{ + NIy, )F7)]

= tr(STC, SH)tr(FC,,F") + N tr(FFY). (2.19)
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Using (2.18) and (2.19), the optimal robust S and F can be found as the solution

to the following problem

min B[] (2.20)
st. tr(S,8) < p, (2.21)
tr(STC,, SHtr(FC,, F¥) + N, tr(FF?) < p, (2.22)

where (2.21) and (2.22) are the transmission power constraint at the source and
the relay node, respectively, and p, is the power budget available at the source
node. The problem (2.20)-(2.22) is complicated with matrices variables. We first
show the optimal structure of S, and F.

Let us define the following eigenvalue decompositions (EVDs)

STC;, St = UsAsUY (2.23)
H,FC, FIHY = UpAUY (2.24)
C, = U,A,U/ (2.25)

C, = U,A, U/ (2.26)

where Ug, Up, U, and U,, are the unitary eigenvector matrices, and Ag,
Ap, Ay, and A, are the diagonal eigenvalue matrices with descending diagonal

elements. From (2.23)-(2.24), we can obtain that
1 1 . 1 1
SI'C? = UsA2Qs, H,FC? = UpAZQr (2.27)

1 1
where Qg and Qp are unitary matrices. Here C; and Cy7, are defined based on

(2.25) and (2.26) as
C2 =U,A}, C=U,A} (2.28)
Let us introduce the SVD of ﬂg as
Hy, = Uy, X, Vi (2.29)

where Uy, and Vg, are the singular vector matrices and ¥y, is the singular
value matrix with descending diagonal elements.

From (2.27) and (2.29) we have

SI' = UsA2QsC,2 (2.30)

S

1 _1
F = V3, U007 UpAZQrC, . (2.31)
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Using (2.23)-(2.31), J; £ Eg,[J1] — tr(C,,®C,,) can be written as

_ 1 1
Ji = —tr([As ® (Ap+aly,) + Iy, © (AFQrA ' QFAZ) + 0Ly, n,] "
< (AZQsA, QGAZ) ® (AFQrA, QrA})) (2.32)
where
a £ tr(BAFPURULX2U Up)

1 1
b £ tr(BUPALQrA'Qpr AU UL, X2 Us ) + 1.
The power constraints (2.21) and (2.22) can be rewritten as

tr(AsQsAL'QY) < ps (2.33)
tr(AS)tr(z;{gUZQUFAFU;f Uy,)

1 1
+N (2 U, UrA L QrAL QP AR U Up,) < p. (234)

From (2.32), we see that the mismatch between Hy and H,, is considered by
matrices aly, and bly,. In fact, the objective function in [86] can be viewed as
a special case of (2.32) where a = b = 0. It can be proven similar to [86] that if
C,, = aly,, then at the optimal S;, there is Qs = In,, Qr = In,, Up = Up,,
and Ug = Iy,. Therefore, the optimal structure of S; and F can be written as

1 1

ST =AZC,?, F=a VT AL (2.35)

S t1

Substituting (2.35) back into (2.32)-(2.34) and let Asi, Api, Atyis Ay and op,
be the ith diagonal element of Ag, Ap, Ay, A, and Xy, respectively, the
problem (2.20)-(2.22) is converted to the following problem with scalar variables

. Cij
min — : 2.36
{As,i}AAF, i} ZZI _]Zl d; ; ( )
Ns )\
S,i
1. — < py 237
N Nd Nd
)\F,' Ns)\F,'
Z)‘S,iz ) ’ +Zﬁ < pr (2.38)
i=1 j=1 2.J =1 = H2,j7T1.d
)\Sﬂ‘ ZO? 1= ]-7 aNs (239)

)\F,j > 07 j: 15 e 7Nd (240)
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where

Cij £ )\S,i)\tl,z’)\F,j)\rl J
BASZAF] n AR BAF,

2
UHQ \J )\7'1 J j=1 )\TlvjaHQ,j

Ny
+1

Ny
d; j £ )\S,i)\F,j+Z
Jj=

{)\S,i} £ {)\S,iai = 15 e 7N8}
ey 2 {Dri=1,-++,Na}

The problem (2.36)-(2.40) is non-convex. However, as the optimization of
{A\r;} is convex when {\g;} is fixed, and vice versa, (at least) a local optimum
solution can be found by iteratively optimize {\p;} and {\s;}. These two sub-
optimizations problem are formulated as follows.

1. Optimizing {\r;} with fived {\g;}. The power constraint at the source
node is irrelevant as {\g;} is fixed. Therefore, the Karush-Kuhn-Tucker (KKT)
conditions of optimizing {Ar;} can be written as

N, 7 N,
S A BARy 1 ~ As Ny
Z d12} U[Z <)‘SZ \ )+1 :“122 + = h\
1,j r1,0

i=1 1,1£j H2 l —1 OHy,j OHy,j

T1,J

(2.41)

Ng

(S e ) v

HQJ ] 1 aHij)\Tl’j

where p > 0 is the Lagrange multiplier such that equation (2.42) holds. With
any fixed {Ag;}, p, and Apy, [ = 1,---, Ny, [ # j, the non-negative A\p; can be
derived using the bi-section search, since the left-hand-side (LHS) of (2.41) is
a monotonically decreasing function of Ap;. Note that (2.41) depends on Ag;,
Jj =1,---, Ny, hence, the value of {\p,} needs to be updated each time a new
Arj is obtained. To find the optimal value of u, an outer bi-section loop is used
as the LHS of (2.38) is an increasing function of A\p;, and Ap; is a monotonically

decreasing function of .
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2. Optimizing {\s;} with fivzed {\p;}. The KKT conditions of this subprob-

lem can be written as

e R k) S O
=2 4 T (2.43)
2 2
]:1 dZ,j Atl,l ]:1 0’]{27‘7
)\Sz
— =0 2.44
(3 0] (2

Ny

(Z ASZZ 2B 4y % - m) =0 (245)

— O =1 OHz 1

where 4 > 0 and v, > 0 are the Lagrange multipliers. For any fixed {\g;}, 11
and v,, the non-negative \g; can be found by a bi-section search for all 7. This
is because the LHS of (2.43) is a monotonically decreasing function of Ag,;. Note
that the LHS of both (2.37) and (2.38) are increasing function of Ag;, and Ag;
is a monotonically decreasing function of both v and 1v,. Generally, to find the
optimal value of v; and 1, a 2-D bi-section loop search is required. However, if
only one of the constraints is active (i.e. only one of the constraints satisfies the
equality), then only 1-D bisection loop search is required to find the corresponding
multiplier for the constraint as the other multiplier is zero. If both constraints
are inactive, then a 2-D bi-section loop is required to determine the optimal value

of v; and vs.

2.4 Numerical Examples

In this section, we study the performance of the proposed channel estimation
algorithm through numerical simulations. We compare the proposed approach
with the algorithm developed in [86] (denoted as “imperfect Hy”) where H, is
used in the second phase to estimate H;. As a benchmark, the performance of
channel estimation algorithm with exactly known Hj is also studied.

In the simulations, for simplicity, we set Ny, = N, = Ny = N. The channel
correlation matrices are modelled as [Cy, ], = pm=l =12, [Crylmn = plm=nl,
where p is the correlation coeflicient, and C,, = I,. For each channel realization,
the normalized mean-squared error (NMSE) of channel estimation for all three

algorithms is calculated as |[H; —H, ||% /N, N,.. All simulation results are averaged
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Figure 2.2: Example 2.1: Normalized MSE of H; versus p for N = 2 and
p=0.2

over 100 random channel realizations.

In the first example, we show the normalized MSE of estimating H; when
N = 2 and p = 0.2 in Fig. 2.2. A different number of antennas N = 4 and
normalized correlation coefficient p = 0.8 are used for the next scenario and the
results are shown in Fig. 2.3. Note that for both scenarios, the power at the source
node is assumed to be the same as the power at the relay node, i.e. ps = p, = p.

In the second example, we show the normalized MSE of estimating H; in
Fig. 2.4 when the power at the source node p; is fixed at 20dB while the power at
the relay node p, is varied from 5dB to 30dB. The number of antennas and the
normalized correlation coefficient are set to be N = 2 and p = 0.8 respectively.

From the simulation results, it is obvious that by considering the mismatch
between Hy and H in the algorithm, the performance of the algorithm has been
improved without the need of greater computation effort. The simulations are
executed with different parameters to examine the effectiveness of the algorithm,

and all results show an improvement in the estimation of channel matrices.
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Figure 2.3: Example 2.1: Normalized MSE of H; versus p for N = 4 and
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2.5 Conclusions

The effect of the mismatch between the estimated and true relay-destination
channel on the performance of the LMMSE-based MIMO relay channel estim-
ation algorithm has been investigated in this chapter. It has been proven that
the robust channel estimation algorithm performs better compared to the chan-
nel estimation algorithm proposed in [86] that does not take the mismatch into
the consideration. Moreover, the robust channel estimation algorithm does not

require greater computational effort.



Chapter 3

Frequency-Flat Two-Way MIMO

Relay Systems

Two-way relay systems are known to be capable of providing higher spectral ef-
ficiency compared with conventional one-way relay systems. In this chapter, we
focus on the channel estimation problem for two-way MIMO relay communication
networks. Section 3.1 introduces background knowledge on channel estimation
for two-way MIMO relay systems. In Section 3.2, the system model of a two-way
MIMO relay network is presented. Two channel estimation algorithms, namely
the superimposed channel training scheme and the two-stage channel estimation
algorithm, are proposed and developed in Section 3.3 and Section 3.4, respect-
ively. For both algorithms, we derive the optimal structure of the source and
relay training sequences which minimize the MSE of channel estimation. In the
superimposed channel training scheme, the power allocation between the source
and relay training sequences is optimized. For the two-stage channel estimation
algorithm, we optimize the power allocation at the relay node between two stages
to improve the performance of the algorithm. Section 3.5 shows numerical ex-
amples to demonstrate the performance of the proposed algorithms. Conclusions
are drawn in Section 3.6. This chapter ends with the proof of Theorem 3.1 in

Section 3.A.

27
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3.1 Background Information

The channel estimation algorithms in Chapter 2 are developed for one-way re-
lay systems, where a source node sends signals to a destination node through
relay node(s). In two-way relay systems, two source nodes exchange their in-
formation through assisting relay node(s). Initially studied by Shannon in [92],
two-way relay systems are getting more attention recently as they have higher
spectral efficiency compared with one-way relay systems. For two-way MIMO
relay systems, the joint source and relay optimization is recently investigated in
[93]-[95] assuming the channel matrices are known. Channel estimation issue is
not discussed in [93]-[95].

The channel estimation problem becomes more complicated in two-way relay
systems and several algorithms have been proposed in [96]-[98]. ML and linear
maximum SNR channel estimation techniques have been introduced in [96], while
block-based training and pilot-tone based training algorithms are presented in
[97]. However, the algorithms in [96] and [97] are based on the assumption that
each node is equipped with single antenna only, and extension to MIMO systems
is not straightforward.

For two-way MIMO relay systems, cascaded channel estimation and individual
channel estimation algorithms have been proposed in [98]. The cascaded channel
estimation is easy to implement but does not provide the second-hop CSI, which
is necessary for system optimization [95]. In the individual channel estimation
algorithm, the first-hop CSI is first estimated at the relay node and then fed-
forward to the receive nodes. However, this algorithm requires the relay node to
be capable of performing advanced signal processing, and therefore, increases the
cost and complexity at the relay node.

The major challenge in channel estimation for two-way MIMO relay systems is
to obtain the instantaneous CSI of both the first-hop and second-hop links with a
minimal amount of signal processing at the relay node. In this chapter, we address
this challenge by proposing two algorithms: the superimposed channel training
scheme and the two-stage channel estimation algorithm. Both algorithms are
developed for two-way MIMO relay systems with frequency-flat fading channels.

In the superimposed channel training algorithm, both source nodes transmit their
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training sequence simultaneously to the relay node in the first time block. The
relay node then amplifies the received signals and superimposes its own training
sequence, before transmitting the superimposed signals to both receive nodes. By
exploiting the training sequences from the source and relay nodes, the individual
CSI of the first-hop and second-hop links can be successfully estimated.

In the two-stage channel estimation algorithm, both source nodes are silent at
the first stage, while the relay node broadcasts a pilot matrix to both receive nodes
for the estimation of the channel matrices from the relay node to the receive nodes
(second-hop links). During the second stage, both source nodes transmit their
training sequence simultaneously to the relay node, and the relay node amplifies
the received signals and forwards them to the receive nodes. Then, the channel
matrices from the source nodes to the relay node (first-hop links) are estimated
by exploiting the second-hop channel matrices estimated at the first stage. We
would like to mention that although the estimation of the second-hop channels
at the first stage is similar to the problem in [61] and [62], an efficient estimation
of the first-hop channels is a non-conventional problem.

For both algorithms, we derive the structure of the optimal training sequences
that minimize the sum MSE of channel estimation. In particular, we show that
the optimal training matrix for each hop matches the eigenvector matrix of the
correlation matrix of the MIMO channel at that hop. Moreover, in the super-
imposed channel training scheme, the power allocation between the source and
relay training sequences is optimized. For the two-stage channel estimation al-
gorithm, we optimize the power allocation at the relay node between two stages
to minimize the MSE of channel estimation. The performance of the superim-
posed channel training scheme and the two-stage channel estimation algorithm

are demonstrated and compared through numerical examples.

3.2 Frequency-Flat Two-Way MIMO Relay Sys-
tem Model

We consider a three-node two-way frequency-flat MIMO communication system

where node 1 and node 2 exchange information through a relay node as shown in
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Node 1 Relay node Node 2

Figure 3.1: Block diagram of a two-way MIMO relay communication system.

Fig. 3.1. Nodes 1 and 2 are equipped with N; and N, antennas, respectively, while
the relay node has N, antennas. For ¢ = 1,2, H;, is the N; x N, channel matrix
from the relay node to node i, while H,; denotes the N, x N; channel matrix from
node ¢ to the relay node. In this chapter, we consider that all nodes are operating
in the half-duplex mode, i.e., one node cannot transmit and receive at the same
time. Since in a two-way relay system, both source nodes transmit signals to
the relay node at the first time slot, they cannot receive signals from each other.
Therefore, there is no direct link between two source nodes. The half-duplex
mode has been widely used in two-way relay communications [95]-[97].

In this chapter, we assume that the channel matrices H,; and H,, satisfy
the well-known Gaussian-Kronecker model [90], where H,.; and H;, are complex-

valued Gaussian random matrices with
Hm’ ~ CN(Oa T, ® Rm’)7 Hir ~ CN(07 Cr ® Rir)7 1= 17 2. (31)

Here T,; and R,; denote the N; x N; and N, x N, covariance matrix at the
transmit and receive side of H,;, respectively, while C, and R;, stand for the
N, x N, and N; x N; covariance matrix at the transmit and receive side of H;,,,

respectively. In other words, from (3.1) we have

Hri = AriHri,wBH

i)

H;, = A, H, K7, i=1,2 (3.2)

H _ H _ mT H _ H_ T ; _
where AMAM‘ = Rm‘, BMBM‘ = Tm-, AZ'TA@'T = Rim KrKr = CT, 1 = 172, Hri,w
and H,,, are N, x N; and N; x N, Gaussian random matrices with i.i.d. zero
mean and unit variance entries. We assume that H,;,, and H;, , i = 1,2, are

statistically independent of each other.

3.3 Superimposed Channel Training Algorithm

In this section, we develop a superimposed channel training algorithm to estimate

H,; and H;,, i = 1,2. This channel estimation scheme is completed in two time
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blocks. In the first time block, the source node ¢ transmits an N; x L training
signal matrix S;, where L is the length of the training sequence. The N, x L

received signal matrix Y, at the relay node is given by

2
Y, => H:S;+V, (3.3)

i=1
where V, is an N, X L noise matrix at the relay node.

In the second time block, the relay node amplifies Y, and superimposes its
own training matrix S,. Thus, the NNV, x L signal matrix transmitted by the relay

node can be written as

X, =vaY, +8, (3.4)

where o > 0 is the relay amplifying factor. From (3.3) and (3.4), the N; x L

received signal matrix at node ¢ is given by

Y, = H,; X, +V,

where V; is an N; x L noise matrix at node 7. Here, i =2 fori =1, and ¢ = 1 for
t = 2. The main idea of the superimposed channel training algorithm is to use
S, to estimate the second-hop channels H;,. Then the first-hop channels H,;,
j = i,1, can be estimated by exploiting S; and the estimated Hj,.

Let us introduce the EVD of TZ as U;A; U i = 1,2, and the EVD of CT as
U,A,U”. Then we have BY = ILAZUY, i = 1,2, and K# = I, AZU¥ | where
II; and II, are arbitrary NV; x N; and N, x N, unitary matrix, respectively. Using

(3.2), we can rewrite (3.5) as

where S, £ UYS,,

[I>

T

G, 2 H,H,;, S, Ul

i =

rj — HrjUja J=u1

mz
3
>

H,U,, i=1,2 (3.7)

and

V, & /aH,V, +V,, i=1,2 (3.8)
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is the equivalent noise matrix at node ¢. In the following, we develop an algorithm
to estimate I:Iir and G;; in (3.6). Then an estimate of H;, and H,; can be obtained
from (3.7) as H, = IinrUf{ and ICITj = I:IITGZ‘jU;I7 j = 1,1, where H,, and éij
are the estimates of H;, and G, respectively.

By vectorizing both sides of (3.6), we obtain

Yi = [\/aSzT ® INN \/aSET ® INN S? ® INJ [gz?;’ gg’ ﬁz;]T +vi (3'9)

where for i = 1,2, y; £ vec(Y,), g = vec(Gy), j = 1,1, h;, £ vec(H;,),
v; = vec(V;). Here the identity of vec(ABC) = (CT ® A)vec(B) [89] has been
used to obtain (3.9) from (3.6). In (3.10), v, = [gf, gZ, flmT is the vector of
unknown variables at node i with a dimension of Q; £ N;(N; + N; + N,), and
M, £ [\/aST @1y, aST @1y, ST ®Iy,] has a dimension of TN; x Q;.
Due to its simplicity, a linear MMSE estimator [88] is applied at node i to

estimate «,. We have

where 4, stands for an estimation of v, and W, is the weight matrix of the MMSE
estimator. It can be seen from (3.11) that since a linear estimator is used, there

is L > Ny + Ny + N,., and the MSE of estimating -y, can be written as

MSE; = Eftr((%: —7:) (% = 7:)")]
= tl"((WZ‘HMZ‘ - IQi>R%‘ (Wf{Ml _ IQZ)H n W{{R@iwi>, =12

(3.12)

where R, £ E[y,7] is the covariance matrix of v, and Ry, £ E[v,;¥/] is the

noise covariance matrix. Using (3.2), (3.8), and Lemma 2.1, we obtain that

Ry, =1, @ (atr(KI'K,)A,; Al +1y,) =1, @ (atr(CI)R;, +1y,),  i=1,2.

(3.13)
Using Lemma 2.1, R,, can be calculated as follows. First, the mth column of
Gy is given by [Gijln = A2, Ay Hiy JKT A H,j [T, m = 1, , N;, where
Ajm is the mth diagonal element of A;, and [II;],, is the mth column of II;.

Since H;, and H,,, are independent, the covariance matrix of [Gyj],, can be
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calculated as

E[[GijlmlGijln] = Xmtr(KALATK, ) A, AL

= A\jmbjRip, m=1--- /N;, j= i (3.14)

where b; 2 tr(R,;CT). Second, the covariance matrix of the mth column of H;,,
denoted as [I:IZ-T]m, is given by

E[[Hzr]m[ﬂzr]g} = )\r,mRiM m = 17 T 7N1" (315)

where A, ,, is the mth diagonal element of A,. From (3.14) and (3.15), R, can

be written as
R, = Bdiag[A; ® bRi, Aj®@ bR, A, ®R;], i=1,2. (3.16)
The matrix W; minimizing MSE; in (3.12) is given by
W, = (MR, M7 + R;) " 'MR,,, i=12 (3.17)

Substituting (3.17) back into (3.12), and using the matrix inversion lemma of
(A+BCD)'=A"1'- A 'B(DA'B+ C")"'DA!, the MSE of estimating

7, can be obtained as
MSE; = tr([Ry! + MIR;'M] ), i =1,2 (3.18)
The transmission power consumed at nodes 1 and 2 is
tr(S;S7) = tr(S;SH), i=1,2. (3.19)

From (3.4), the power consumed at the relay node is given by

2
aF tr(ZHm-SiSf{Hg + INT> +tr(S,8H7)
=1
2 ~ ~ ~ ~
=aN, +a > _tr(ASS)r(R,,) + tx(S,S!). (3.20)
i=1

From (3.18)-(3.20), the optimal training matrices and the optimal « can be de-

signed by solving the following optimization problem

2
min tr( R + MIR;'M; ‘1> 3.21
L min ; R M] (3.21)
st. tr(S;SH)Y <pi,  i=1,2 (3.22)

2
o N+ Y t(ASSI (R, | + (S,SF) <p (3.23)
=1
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where p; is the transmission power available at node ¢, « = 1,2, and p, is the
transmission power available at the relay node. The following theorem establishes
the optimal structure of S, Sy, and S, as solution to the problem (3.21)-(3.23).

THEOREM 3.1: The optimal training sequences Sy, Sy, and S, satisfy S;S7 =
UX U/, i=1,2,r,and S;S! = 0,4,j = 1,2,7, i # j, where X;, i = 1,2,7, is
an N; x N; diagonal matrices.

PROOF: See Appendix 3.A. O

The optimal structure of S;, i = 1,2, r, can be obtained from Theorem 3.1 as
S, = UZ-EZ% Q;, where ; is an N; x L semi-unitary matrix satisfying £, = In,.
1=1,2,r, and QZQJH =0,4,7=1,2,r,i# j. Such Q,, €, and €5 can be easily
constructed, for example, from the normalized discrete Fourier transform (DFT)
matrix when L > Ny + Ny + N,.

Interestingly, it can be seen that the optimal training matrix at node ¢ matches
the eigenvector matrix of the transmitter correlation matrix of H,;, and the op-
timal training matrix at the relay node matches the eigenvector matrix of CZ.
Using Theorem 3.1 and (3.81) in Appendix 3.A, the problem (3.21)-(3.23) is

equivalently converted to the following problem

2 2
. -1 -1
st tr(3) < piy i=1,2 (3.25)
2
alN, +a ) tr(AZ)tr(Ry) + tr(S,) < p, (3.26)
i=1
a >0, >0, i=12r (3.27)

where for a matrix A, A > 0 means that A is a positive semi-definite (PSD)
matrix. Using the definition of D;;, Dy;, and D,; in (3.78) in Appendix 3.A, the
problem (3.24)-(3.27) can be equivalently rewritten as the following problem with
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scalar variables

2 2 NN 1
D 31 095 9 9] SRRV
i=1 j=1 m=1n=1 L7 pMm=LN
N, N; | .
+ mzl ; { oot di,nor,m] ) (3.28)
N;
st Y Oim <pi i=12 (3.29)
m=1 , . .
alN, + o Z (Z /\Z-ymai,mtr(Rm)> + Z Trm < pr (3.30)
=1 m=1 m=1

a>0, g, >0, m=1,---,N;, i=1,2,r (3.31)

where d;, £ 1/(atr(CI)0;, + 1), n=1,--- ,N;, i = 1,2, 0; £ [031,- - ,aLNJT,
i = 1,2,7, 6im, ¢ = 1,2, is the mth diagonal element of A;, and \;,,, 0im,
1 =1,2,r, are the mth diagonal element of A; and 3;, respectively.

Given that bj, A\jm, 0in, din, and A, ., are known variables with fixed o, the
objective function (3.28) can be rewritten as

min E
01,02,0r

2
i=1 Nj

<

2 N; N N;
N i 1 T i 1
sum,,_ g + E g
_ 1 Qi.5.m,n + CinOjm Gi,m,n + di,nar,m

1 n m=1 n=1

where a; jm.n = 1/(bjAjmbin), Cin = ad; », and g mn £ 1/(A\rmdin) are known
variables. It can be seen from the above equation that the triple summation terms
and the double summation terms are monotonically decreasing and convex with
respect to o;,, and o, ,,, respectively. Moreover, with fixed «a, the constraints
in (3.29) and (3.30) are linear inequality constraints which can be rewritten as
1To; < p;, i = 1,2, and zl oy + ZL 0y + 110, < p, — aN,, respectively, where
z; = atr(R.)[Nig, -+, AT, @ = 1,2, and 1 is a vector of all ones with a
commensurate dimension. Therefore, the problem (3.28)-(3.31) with respect to
o1, 09, and o, is a convex optimization problem when « is fixed, where the
optimal o1, o9, and o, can be efficiently obtained through the KKT optimality
conditions of the problem (3.28)-(3.31). In particular, the gradient conditions are
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given by

2 N

| - Z—‘r_ &y :]‘7”'aNia :1;2
; ; [(bz‘)‘i,méj,n)fl 4 adj,ngi,m}z K H3€E; m g

(3.32)

2 N;

>0 G =p3, m=1---,N, (3.33)

i=1 n=1 [()‘r,méi,n)_l + di,ngr,m]2

where €;,, £ atr(Ryi)\im, i = 1,2, and p; > 0, 7 = 1,2,3, are Lagrange multi-

pliers such that the complementary slackness conditions [99] given by

N;
14 (pl- -> am> =0, i=1,2 (3.34)

are satisfied.

With fixed a and p;, i = 1,2, 3, for each m, the non-negative o ,,,, o2, and
o.m can be found by using the bi-section search, since the LHS of (3.32) and
(3.33) are monotonically decreasing function of o;,, and o, ,,, respectively. To
find the optimal u;, ¢ = 1,2, 3, an outer bi-section search loop is used as the LHS
of (3.29) is an increasing function of o, ,,, and the LHS of (3.30) is an increasing
function of oy 4, 09, and o, ,,,, while in (3.32), 0; ., is a monotonically decreasing
function of y; and ps3, and o,,, is a monotonically decreasing function of pg in
(3.33).

When « is an optimization variable (not fixed), the problem (3.28)-(3.31) as
a whole is not a convex optimization problem. However, we can show that (3.28)
subjecting to (3.29)-(3.31) is a unimodal (quasi-convex) function with respect to
a. Let us introduce X;m,m = Q0im, m = 1,--- N;,;i = 1,2, the problem (3.28)-
(3.31) can be rewritten as

N;

2 2 Ni 1 .-
min Z (Z Z Z Qi jomn + dinXim + Z_

a7 K 70
X1X2oTr 5 N2 =1 ne=1 1

al 1
st. 17x, < ap;, i=1,2 (3.37)
2 X1+ 25X, + 170, <p, — aN, (3.38)

a>0, 0pm=>0, Xim >0, m=1,--- Ny i=1,2 (3.39)

where x; £ [Xia s xan "5 and 2 £ tr(Ryi) [N, s AT i = 1,2,
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Let us first ignore the effect of all d;,, by treating them as known variables.
Then the problem (3.36)-(3.39) is a convex optimization problem, since (3.36)
is a convex function of x;, X3, o, and (3.37)-(3.39) are linear inequality con-
straints. In particular, with increasing «, the value of (3.36) first decreases and
then increases based on the following reasons. For a significantly small «, the
value of (3.36) is strongly governed by the constraints in (3.37), since constraint
(3.38) is inactive compared with those in (3.37) when « is small. Once « in-
creases from a small value, the feasible region specified by (3.37) expands, and
thus, the value of (3.36) decreases. On the other hand, when « is large, the
value of (3.36) is strongly governed by the constraint in (3.38), since constraints
in (3.37) are inactive compared with that in (3.38) when « is large. Once «
decreases from a large value, the feasible region specified by (3.38) expands, res-
ulting in a deceasing of the value of (3.36). Now we consider the effect of d; ,,.
Since d;,, = 1/(atr(CI)é;,, + 1), d;,, monotonically decreases with increasing a,
and (3.36) increases when d, ,, decreases.

Considering the two effects above, we can draw the following conclusion re-
garding the value of (3.36) with respect to @. When « increases from a signi-
ficantly small positive number, the value of (3.36) starts to decrease since the
potential decrease of (3.36) due to the expanded feasible region (3.37) dominates
the potential increase of (3.36) caused by the decreasing d; ,,. The value of (3.36)
keeps decreasing as « increases till a ‘turning point’ where the decreasing of d, ,,
starts to dominate the effect of relaxed feasible region (3.37). After such turning
point, the value of (3.36) will monotonically increase with an increasing «.

To validate the analysis above, a plot of the MSE value (3.28) over a range of
feasible values of « is generated in Fig. 3.2 for the case where all nodes have the
same number of antennas, i.e., N; = N =4, ¢ = 1,2, r, and the channel matrices
have i.i.d. entries, i.e., T,; = R,; = R;, = C, =1y, ¢t = 1,2. Fig. 3.2 shows the
NMSE, which is (3.28) divided by 6N?, versus « for different p; = py, and p, is
set to be 20dB. It can be observed from Fig. 3.2 that (3.28) is a unimodal (quasi-
convex) function of a.. Thus, the optimal « for the problem (3.28)-(3.31) can be
efficiently found by applying the golden section search (GSS) technique described

in Table 3.1, where ¢ is a positive constant close to 0 and ¢ > 0 is the reduction
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factor. It is shown in [100] that the optimal ¢ = 1.618, also known as the golden
ratio. The GSS method can guarantee that the minimum of a unimodal function
to be found by bracketing the minimum to an interval of 0.618 times the size of
the preceding interval. Unlike the Fibonacci search, the GSS method is able to
perform up to the desired accuracy and does not require the number of iterations
as input. However, the GSS method may need more iterations compared with

the Fibonacci search.

10f| —— P, = p, = 10dB

NMSE
(6]
[N
)

NMSE
o
H\
%

0 i i 0 05 1 15 , 2 2.5
0 5 10 15 20 25 30
a
10r- 7p1=p2=20dB
09 .

NMSE
o
H\
)

0 02 ; 04 0.6 0.8
0 5 10 15 20 25 30

Figure 3.2: Superimposed channel training: NMSE versus « for different p; =
py with N =4 and p, = 20dB.

The complexity of the superimposed channel training algorithm can be es-
timated as O(cqcuco (N1 + No)(Ny + No + N,)), where ¢, is the number of GSS
iterations required to obtain the optimal «, ¢, stands for the number of iterations
in the outer bi-section loop to obtain the optimal w4, p2, and p3, and ¢, represents
the number of bi-section operations required to obtain the optimal o, o5, and

o,.
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Table 3.1: Procedure of applying the golden section search (GSS) to find the
optimal « in the problem (3.28)-(3.31).

1. Set a feasible bound [a,b] on «.
2. Define ¢y = (¢p—1)a+ (2—¢)band ¢y = (2 — ¢p)a+ (¢ — 1)b.

3. Solve the problem (3.28)-(3.31) for a = ¢y;
Compute the MSE value defined in (3.28), fyse(c1) for a = ¢;.

4. Repeat Step 3 for a = cy.

5. If fyse(er) < fuse(cz), then assign b = cs.
Otherwise, assign a = ¢;.

6. If |b — a| < e, then end.
Otherwise, go to step 2.

3.4 Two-Stage Channel Estimation Algorithm

There are two stages in this channel estimation scheme. In particular, the channel
matrices H;,, 1 = 1,2, from the relay node to the receive nodes are estimated in
the first stage, while the channel matrices H,;, « = 1,2, from the source nodes
to the relay node are estimated in the second stage. The first stage requires one

time block while the second stage requires two time blocks.

3.4.1 Stage One

At the first stage, the relay node transmits an N, x L; training signal matrix P,
to both receive nodes, where L; is the length of the training sequence and will be

determined later. The NN; x L; received signal matrix Y, at node ¢ is given by
Yi,l - HiT'P’r' + Vi,la Z == 1, 2 (340)

where V;; is an V; X Ly noise matrix at node ¢ in stage one. By vectorizing both

sides of (3.40), we obtain
Yia = (P} @Iy hir + viy, 1=1,2 (3.41)

where y;; = vec(Y,1), hy £ vec(H,,), and Vi1 = vec(Vi1).
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Using a linear MMSE estimator at node ¢ to estimate h;,., we obtain

~

hy, = Wiy, i=1,2 (3.42)

where flir denotes an estimation of h;, and W, ; is the weight matrix of the MMSE
estimator given by

W1 =R;{Ci1, =12 (3.43)
Here R;; £ Elyiyf] = (PTC,P;) @ Riy + Iy, and C;y = Ely; hfl] =
(PTC,) ® Ry, @ = 1,2. From (3.41) and (3.42), we find that since a linear
estimator is used, there is L; > N,. Using (3.41)-(3.43), the MSE of estimating

h;, can be written as
MSEZ'J = E [tr((flm« — hm«)(flw — hm«)H)}
= tr([(C, @ Ry) "+ (PP @1Iy]7Y), i=1,2

Since the transmission power consumed by the relay node at stage one is

tr(P,PH), the optimal P, can be derived by solving the following optimization

problem
2
. _ . -1
min El tr([(CT ®R;) "+ (PIP]) @ Ly, ) (3.44)
st.  tr(P,PY) < g (3.45)

where ¢, ; is the power allocation at the relay node at the first stage. The following
theorem establishes the optimal structure of P, as the solution to the problem
(3.44)-(3.45).

THEOREM 3.2: The optimal training sequence P, satisfies P,Pf = U, &, UH,
where Z, is an N, X N, diagonal matrix.

PROOF: Similar to the proof of Theorem 3.1. O

The optimal structure of P, can be obtained from Theorem 3.2 as P, =
U,«Eé Q, 1, where £, ; is an NV, X L; semi-unitary matrix satisfying Qr,lﬂfl =1y,
and can be easily constructed from the normalized DFT matrix when L; > N,.

Using Theorem 3.2, the problem (3.44)-(3.45) is equivalently converted to the

following problem

2
min ) tr([(A;1 @A) + (B, ®1y,)] *1> (3.46)
= i=1
st tr(E,) < ¢, =, >0. (3.47)
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The problem (3.46)-(3.47) can be equivalently rewritten as the following problem

with scalar variables

' 1
min 3 DD + & (3.48)

1 m=1 n=1 r,m-’ir,n

N
s.t. Erm < Qr1, &m >0, m=1,.-- N, (3.49)
m=1
where &, = [&71, . ,§T7NT}T and &, ,,, is the mth diagonal element of =,.

The problem (3.48)-(3.49) is convex and thus can be efficiently solved through
the KKT optimality conditions. The gradient condition is given by

2 N;

>N L =y, m=1,---,N, (3.50)

i=1 n=1 [A;Jln)‘z;,ln + gTvm}Q

where 1 > 0 is the Lagrange multiplier such that the complementary slackness

condition ,u(q,n,l — Zan;1 fnm) = 0 is satisfied. For each m, with fixed u, the non-
negative &, ,, can be found using the bi-section search, since the LHS of (3.50)
is a monotonically decreasing function of &, ,,. To find the optimal p, an outer
bi-section search is used as the LHS of (3.49) is an increasing function of &, ,,

while in (3.50), &,,,, is a monotonically decreasing function of p.

3.4.2 Stage Two

At the second stage, the source node 7 transmits an N; X Ly training signal matrix
P, to the relay node. The N, x Lg received signal matrix Y, s at the relay node

is given by

2
Y, 2= Z H,P; +V,»

=1

where V, 5 is an N, X Ly noise matrix at the relay node. Then the relay node
amplifies Y, 5 and retransmits X, ; = /Y, 2, where n > 0 is the relay amplifying
factor. The N; x Ls received signal matrix at node ¢ is given by

Yo = HiyX, 2+ V;,

= \/ﬁHersz + \/?]HZTHTEPE + \/ﬁHirVrQ + Vz"g, 1= 1, 2 (351)

where V; 5 is an N; X Ly noise matrix at node ¢.
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IHtI‘OdUCng pj £ U;-;IP]', j = ’l',g, VLQ = \/ﬁHirvrQ —+ Vz',27 1= 1, 2, we can
rewrite (3.51) as

Y2 = v1GiPi + v1GiP; + Vio, i=1,2 (3.52)

where G;; is defined in (3.7). Similar to Section 3.3, we first estimate G;;. Then
an estimation of H,; is obtained as H,; = IiIZTTCv}Z-jUf, j =1i,1, where H;, is the
estimation of H;. obtained from stage one and éz‘j is the estimation of G;;. By

vectorizing both sides of (3.52), we obtain

Yi2 = [\/ﬁPZ-T ® In;, \/ﬁf’g ® INJ [g'f;, gg]T + Vio

where Yio £ VeC(YLQ), \71‘72 £ Vec(\_/'i,g), Nz = [\/ﬁ].s;r X INi’ \/7_7].5,{ X INJ, and
0; £ [gl, gg]T is the vector of unknown variables at node 1.

Using a linear MMSE receiver to estimate 6;, we have
0, =Why,», =12 (3.54)

where 91 stands for an estimation of 8;, W, 5 is the weight matrix of the MMSE

estimator and given by
Wis= (NRy N +R;,) 'NiRy,  i=1,2 (3.55)

From (3.53) and (3.54), we find that since a linear estimator is used, there is
Ly > N1+ Ny. In (3.55), Ry, £ E[0,0!] is the covariance matrix of ;, which can

be calculated similar to R, in (3.16) and written as

In (3.55), Ry, , = E[vwv{g] is the noise covariance matrix which can be calculated

similar to Ry, (3.13) as
Ri, =11, ® (ntr(CHRyr + Ly,),  i=1,2.
Using (3.55), the MSE of estimating 8; can be obtained as

= (R, + NIRAN] ), =12 (3.56)
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The transmission power consumed at nodes 1 and 2 is
tr(P,P?) = tr(P;PH), i=1,2. (3.57)
And the power consumed at the relay node is given by
IE [tr( 22: H,.P,PTH | INT)
i=1

From (3.56)-(3.58), the optimal training matrices P;, ¢ = 1,2, and the optimal n

2
=N, +n Y tr(APPHtr(R,).  (3.58)
=1

can be obtained through solving the following optimization problem

2
min tr< R, + NPR:IN, ‘1> 3.59
77,151,152 Zl [ bi "2 ] ( )
st.  tr(PPH) < ¢, i=1,2 (3.60)

2
0 [NT v ;tr(AiEPZH )tr(Rri)] < o (3.61)

where ¢; is the transmission power available at node 7, ¢ = 1,2, and ¢, is the
transmission power available at the relay node at the second stage. Note that for
a fair comparison with the superimposed channel training algorithm, the power

at three nodes should satisfy
qr,lLl + qr,2L2 = pTL7 QZLQ = sza 1= 17 2. (362)

The following theorem establishes the optimal structure of P; and P, as the
solution to the problem (3.59)-(3.61).

THEOREM 3.3: The optimal training sequences P; and P, satisfy Ple =0
and P,P = U,E, U i =12 where E; is an N; x N; diagonal matrix.

PRrROOF: Similar to the proof of Theorem 3.1. O

The optimal structure of P; can be obtained from Theorem 3.3 as P; =
UZEZ-% Q; 2, where €2, 5 is an N; X Ly semi-unitary matrix satisfying 913291{{2 =1y,
1=1,2, and 9172932 = 0. Such ;5 and 23 can be easily constructed from the
normalized DFT matrix when Ly > N; + Ny. Using Theorem 3.3, the problem
(3.59)-(3.61) is equivalently converted to the following problem

22: 22: tf([Dz’j + 15 ® By ‘1) (3.63)

min
L= i=1 j=1
st () < ¢, i=1,2 (3.64)
2
NN, + 0> tr(AE)tr(Ry) < g (3.65)
=1

n>0, >0 i=12 (3.66)
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A

where E,; = (ntr(CZ)AZ- + INZ.)fl, 1 = 1, 2, are diagonal matrices. The problem
(3.63)-(3.66) can be equivalently rewritten as the following problem with scalar

variables

2 Nj

2 N; 1 1
e, IS [m + nfi,ngj,m} (3.67)

i=1 j=1 m=1n=1

N;
st Y &Gm<aq =12 (3.68)
m=1
2 N;
nNT =+ n Z (Z )\i,mfi,mtr(Rri)> S QT,2 (369)
=1 m=1
n>0, §m=>0, m=1,---,N;, i=12 (3.70)

where fi, = 1/(ntr(CT)6;,, + 1), & 2 [fi,h e ,&,NJT, i =1,2, and &, is the
mth diagonal element of =;.
With fixed 7, the objective function (3.67) can be rewritten as
2 2 N ;

mind 3N S

i1 =1 met nmy Qi+ hin&im

<
N

where a; j ., and by, = nfin are known variables. It can be seen from the above
equation that the summation terms are monotonically decreasing and convex with
respect to &, and & . Moreover, with fixed 7, the constraints in (3.68)-(3.70)
are linear inequality constraints. Therefore, the problem (3.67)-(3.70) is a convex
optimization problem with respect to &, and &, when 7 is fixed. For a given 7,
the optimal &, and &, can be efficiently obtained through the KKT optimality
conditions associated with the problem (3.67)-(3.70). The gradient conditions are
given by

2 N;j

ZZ nfj?n 2:Vi+y30ima m=1--- Ny, 1=1,2
=1 n—=1 [(bi)\i,m5j,n)_1 + nfj,ngi,m} ’

(3.71)
where ¢; , = Ntr(Ryi)Aim, i = 1,2, and v > 0, i = 1,2, 3, are Lagrange multipli-

ers such that the complementary slackness conditions given by

N;
v (qz- - Z@-,m) =0, i=1,2 (3.72)
m=1

2 N;
V3 (Qr,2 - nNT -1 Z Z /\z,mgz,mtr(er)) =0 (373)

i=1 m=1
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are satisfied.

With fixed n and v;, i = 1,2, 3, for each m, the non-negative &; ,,, and &3 ,,, can
be found by using the bi-section search, since the LHS of (3.71) is a monotonically
decreasing function of & ,, and &;,,. To find the optimal v;, ¢ = 1,2, 3, an outer
bi-section search is used as the LHS of (3.68) and (3.69) are increasing functions
of &, and &, while in (3.71), &, ,,, is monotonically decreasing with respect to
v; and vs.

The problem (3.67)-(3.70) as a whole is is non-convex with respect to &;, &,
n. However, based on a similar analysis used in the problem (3.28)-(3.31), it
can be shown that (3.67) subjecting to (3.68)-(3.70) is a unimodal (quasi-convex)
function with respect to n. To validate our analysis, a plot of the MSE value
over a range of feasible values of 7 is generated in Fig. 3.3 for the case where
all nodes have the same number of antennas, i.e., N; = N =4, 1= 1,2,r. The
channel matrices have i.i.d. entries, i.e., T,, = R,;, = R;, = C, =1y, 1= 1,2.
Fig. 3.3 shows the NMSE value versus n for different ¢; = ¢, with ¢, 2 set to
be 20dB. It can be observed from Fig. 3.3 that (3.67) is a unimodal function of
n. For a unimodal function, the minimum value can be efficiently found by the
GSS algorithm [100]. Hence, the optimal 7 for the problem (3.67)-(3.70) can be
obtained by applying the GSS technique similar to the procedure listed in Table
3.1.

Now let us investigate the optimal power allocation ¢,; and g,» at the relay
node during two stages of channel training. Based on (3.62), we let ¢,.1 L1 = fp, L
and ¢, 2Ly = (1 — B)p.L, where 0 < 8 < 1. The aim is to find the optimal g to
minimize the overall MSE of channel estimation over two-stages which is given

by the summation of (3.44) and (3.59), and can be written as
2
Ztr([(Cr @Ry + (PP @ 1y] " + Ry + NZHR;Z}QNZ-}“). (3.74)
i=1

Fig. 3.4 shows the value of (3.74) over a range of feasible values of j for different
¢ = ¢ with L1 = N,, Ly = Ny + Ny, L = Ny + Ny + N,, and p, = 20dB.
We assume that N; = N =4, =1,2,r,and T,; = R,; = R;, = C, = Iy,
i = 1,2. Here for each g, the problem (3.44)-(3.45) and the problem (3.59)-(3.61)
are solved to obtain the optimal P,, Py, Py, and . It can be seen from Fig. 3.4
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that (3.74) is a unimodal function of 5. Hence, the GSS technique described in
Table 3.1 can be applied to obtain the optimal 5.

The complexity of the two-stage channel estimation algorithm can be estim-
ated as O(dgd,d¢ N, (N1 + Na) + dgd,d,de (N7 + N2)?), where the first term is the
complexity of stage one, and the second term represents the complexity involved
in stage two. Here dg, d,), and d, stand for the numbers of iterations required to
obtain the optimal 3, n, and u, respectively, d, is the number of iterations in the
outer bi-section loop to obtain the optimal vy, v5, and pus3, and d¢ represents the

number of bi-section operations required to obtain the optimal &, &, and §,..

3.5 Numerical Examples

In this section, we study the performance of the proposed superimposed chan-
nel training algorithm and two-stage channel estimation algorithm through nu-
merical simulations. We consider a three-node two-way MIMO relay system
where all nodes are equipped with the same number of antennas, i.e., N; = N,
1 = 1,2,7. We also assume that all nodes have the same transmission power
p; = p, i =1,2,r, and use the shortest training sequence possible with L, = N,
Ly = 2N, L = 3N. Thus, based on (3.62), there are ¢ = ¢ = 1.5p and
(gr1 + 2q,2)/3 = p for the two-stage channel estimation algorithm. The channel
covariance matrices have the commonly used exponential Toeplitz structure [90]
such that [Tyilmn = p™ ™, i = 1,2, [Rydmn = ™™ i = 1,2, [Rip)inn = o™,
i =1,2, and [C,]in, = pI™="where p is the correlation coefficient with mag-
nitude |p| < 1. For all scenarios, the NMSE of channel estimation at nodes 1
and 2 are computed. The optimal training sequences for the superimposed chan-
nel training method and the two-stage channel estimation algorithm are gener-
ated by using Theorem 3.1 and Theorems 3.2 and 3.3, respectively. In particu-

lar, the semi-unitary matrices in the superimposed channel training method are

set based on the normalized DFT matrix as [Q1],, = vedal Q] =
1 _ 2m(m4N)n 1 _ 2n(m42N)n
ﬁe J=7 3N , [Qr]m,n = ﬁe J— 3N , m = 1’

Matrices €2,.; and €2; 5, ¢ = 1, 2, in the two-stage channel estimation algorithm are

1 - 2mmn 1 _ s2mmn

chosen as [Q,1]mn = JRe Ty mon =1, , N, and [ 2], = voidEa
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Figure 3.5: Example 3.1. Superimposed channel training: NMSE versus p for
different o with N =4 and p = 0.8.

[Q29]mn = ﬁe*jw, m=1,---,N,n=1,--- ,2N.

In the first example, we study the performance of the superimposed channel
training algorithm with respect to a. Fig. 3.5 shows the NMSE of this algorithm
versus p with different & when N = 4 and p = 0.8. The curve associated with
the optimal « is obtained by applying the GSS algorithm on the proposed super-
imposed channel training technique to find the optimal « for different p. It can
be seen from Fig. 3.5 that the curve associated with the optimal o has the lowest
MSE level. This justifies that the GSS algorithm can be applied to obtain the
optimal « at different p efficiently. Interestingly, we observe from Fig. 3.5 that
the optimal a vary with respect to p, indicating that using constant « is strictly
suboptimal. In fact, the optimal « at low p level is smaller compared with the
optimal « for large p. The reason is that the estimation of the first-hop channels
H,; is based on that of the second-hop channels H;.. When p is small, at the re-
lay node, more power should be allocated for the estimation of H;,, which is also
beneficial to the estimation of H,;. When a large amount of power p is available,

the MSE of estimating H;,. is smaller compared with that of H,;. Therefore, more

power should be allocated at the relay node to assist the estimation of H,;.
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Figure 3.6: Example 3.2. Two-stage channel estimation: NMSE versus p for
different g with N =4 and p = 0.8.

In the second example, we investigate the performance of the two-stage chan-
nel estimation algorithm with respect to 8. A plot of the NMSE of this algorithm
for different 3 is shown in Fig. 3.6, where the curve with the optimal 3 is obtained
from the GSS algorithm. Similar to Fig. 3.5, it can be seen from Fig. 3.6 that
the curve associated with the optimal 5 has the lowest MSE level.

In the third example, we compare the performance of the superimposed and
two-stage channel estimation algorithms when the optimal o and 5 are used. We
also show the performance of the conventional two-stage channel estimator, where
random orthogonal pilot sequences are used to estimate the channel matrices
and the transmission power at the relay node is equally distributed between two
stages. Fig. 3.7 demonstrates the MSE performance of all algorithms with p = 0.2
for different N, while Fig. 3.8 shows the MSE results at p = 0.8. It can be seen
from Figs. 3.7 and 3.8 that the proposed algorithms yield much smaller estimation
error compared with the conventional two-stage channel estimator, especially
at high p level. It can also be observed from Figs. 3.7 and 3.8 that for both
scenarios, the two-stage channel estimation algorithm yields smaller MSEs than

the superimposed channel training scheme. This is mainly due to the fact that
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Figure 3.8: Example 3.3. NMSE versus p for p = 0.8 and different V.
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in the superimposed channel training algorithm, the estimation of H;, is affected
by the noise at the relay node, which is not the case in the two-stage channel
estimation scheme. However, the two-stage channel estimation algorithm has a
higher computational complexity than that of the superimposed channel training
scheme, since both # and 7 need to be optimized in the former algorithm. Such
performance-complexity tradeoff can be exploited in practical two-way MIMO

relay communication systems.

3.6 Conclusions

In this chapter, we have proposed and investigated the performance of two channel
estimation algorithms, namely, the superimposed channel training and two-stage
channel estimation schemes, for frequency-flat two-way MIMO relay communic-
ation systems. The proposed algorithms can efficiently estimate the individual
CSI for two-way MIMO relay systems, with the two-stage channel estimation
algorithm performs better than the superimposed channel training scheme at a

higher computational complexity.

3.A Proof of Theorem 3.1

Let us introduce the EVD of R;, = Q;A;Q. We can equivalently rewrite (3.13)
and (3.16) as

R; = I,® (Qi(atr(CHA; +1Iy,)Q[7), i=1,2 (3.75)

Yi Yi?

i=1,2 (3.76)
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where U,, £ Bdiag[Iy, ® Q;, In. ® Q;, Iy, ® Q;], i = 1,2. Substituting (3.75)
and (3.76) back into (3.18), MSE; can be rewritten as

MSE; = tr 0 D 0 [T | VaSioly,

-1
><<IL ®Dri> <\/a§iT @Iy, VaST @1y, ST ®1Ni>} )(3.77)
where

DZ_] é A;l ® (bjAl')il, j == Z-,g, Dsi é A;l ® A;17

1

D,; £ (atr(CHA; +1y,) (3.78)

are all diagonal matrices. It can be seen from (3.77) that the objective function

(3.21) is minimized only if
(S;®Ly,)(1:@D,,)(Sf ©1Ly,)
(S;®In,) (1, @Dy:)(S] @1y,

(S;ST @D, =0 (3.79)

)

(S;S)®D,; =0 (3.80)

fori =1,2, and j = 4,7. Equations (3.79) and (3.80) hold if and only if S1ST = 0
and Sjng =0,i=1,2, or equivalently S;S¥ = 0 and S;S” =0, i =1,2. Then
the objective function (3.21) can be written as

2

2
> (Z [D;; +aS:ST®D,;] " + [Dy + S:ST@D,/] 1) , (3.81)
i=1 j=1

Since D;;, Dy;, and D,; are all diagonal, to minimize (3.81), S;‘SZT, i =1,2,r,
must be diagonal. Note that the diagonality of SZS{f does not change tr(SZS{f ),
i = 1,2,r, in the constraints (3.22) and (3.23). We would like to note that
tr(A;S;S) in the constraints (3.23) is minimized if S;S¥ is diagonal and its

diagonal entries are in the inverse order of that of A; [101]. Denoting glgf =3,

i=1,2,r, then we have S;SF = U, 3, U i =12 r. O



Chapter 4

Frequency-Selective Two-Way
MIMO Relay Systems

In this chapter, the channel estimation problem for two-way MIMO relay commu-
nication systems in frequency-selective fading environments is investigated. After
an overview of the existing techniques in Section 4.1, the system model of a two-
way MIMO relay system in frequency-selective fading environments is presented
in Section 4.2. The method of superimposed channel training is developed in
Section 4.3 to estimate the CSI of the first-hop and second-hop links for two-way
MIMO relay systems with frequency-selective fading channels. The optimal struc-
ture and power allocation of the source and relay training sequences are derived to
minimize the MSE of channel estimation. Moreover, taking into account the es-
timation error inherited from the estimation of the second-hop channel matrices,
a novel MMSE-based algorithm is developed to retrieve the first-hop channel
matrices. Numerical examples are shown in Section 4.4 to demonstrate the per-
formance of the proposed superimposed channel training algorithm for two-way
MIMO relay systems in frequency-selective fading environments. In Section 4.5,
summaries on this chapter are given. The proof of Theorem 4.1 and Theorem 4.2

are presented in Section 4.A and 4.B, respectively.

23
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4.1 Overview of the existing works

Due to a larger number of unknowns, channel estimation problems are generally
more challenging in two-way relay systems than those in one-way relay systems.
In [96], two-way relay channel estimation algorithms based on the ML and linear
maximum SNR criteria have been proposed. However, the algorithms in [96]
were designed for single antenna relay systems, and the extension to MIMO relay
systems is not straightforward. Two methods were presented in [98] for two-
way MIMO relay systems, namely, cascaded channel estimation and individual
channel estimation. In the first algorithm, the cascaded channel matrices are
estimated at two source nodes. However, this approach cannot estimate the
individual second-hop channel matrices, which are essential for the optimization
of MIMO relay networks [95].

This problem has been addressed by the superimposed channel training al-
gorithm for two-way MIMO relay systems in [68], where a training sequence is
superimposed at the relay node. The purpose of superimposing a training matrix
at the relay node is to estimate the CSI of individual first-hop and second-hop
channel matrices at the destination nodes, which cannot be achieved by simply
multiplying the received signals at the relay node with a relay precoding mat-
rix. Individual CSI can also be obtained by first estimating the first-hop channel
matrices at the relay node and then forwarding the estimated channel matrices
to the destination nodes, as the individual channel estimation algorithm in [98].
Obviously, the approach in [98] increases the cost and complexity of the relay
node.

The relay systems in [68], [96], and [98] are assumed to have frequency-flat
fading channels, which is only valid for narrowband communication systems. In
this chapter, we consider a more general situation where two-way MIMO relay
systems are operating in frequency-selective fading environments, i.e., there are
multiple paths between each transmit-receive antenna pair. We apply the method
of superimposed channel training to estimate the individual channel matrices of
the first-hop and second-hop links for two-way MIMO relay systems in frequency-
selective fading environments. In particular, the channel training is completed

in two time blocks. In the first time block, both source nodes transmit their
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training sequences simultaneously to the relay node. The relay then amplifies the
received signals and superimposes its own training sequences before broadcast-
ing the superimposed signals to the destination nodes. The channel estimation
processes are implemented at the destination nodes to minimize the amount of
signal processing at the relay node.

Since the superimposed channel training approach does not require the re-
lay node to be capable of performing the advanced signal processing of channel
estimation, and hence, provides an easy and cost-effective implementation of two-
way relay communication systems. Such advantage of the superimposed channel
training approach is particularly important under frequency-selective channels,
as the complexity at the relay node increases significantly compared with the
frequency-flat fading environment when the approach in [98] is used. Thus, the
superimposed channel estimation method is preferred from practical point of view.

We derive the optimal source and relay training sequences by minimizing
the sum MSE of channel estimation. We also optimize the power allocation
between the source and relay training sequences at the relay node. The algorithm
developed in this chapter generalizes the results in Chapter 3 from frequency-flat
fading channel to frequency-selective fading channels. We would like to note that
such extension is non-trivial as the optimization problem for channel estimation in
frequency-selective two-way MIMO relay systems is much more complicated than
that of frequency-flat relay systems. Moreover, we develop a new MMSE-based
algorithm to retrieve the first-hop channel matrices, which takes into account the

estimation error inherited from the estimation of the second-hop channel matrices.

4.2 Frequency-Selective Two-Way MIMO Relay
System Model

We consider a three-node two-way MIMO relay communication system operating
in a frequency-selective fading environment, where two source nodes, node 1 and
node 2, exchange information through a relay node as shown in Fig. 4.1. The
source nodes and relay node are equipped with Ny and N, antennas, respectively.

In this chapter, we assume that the practical half-duplex mode is used at all
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Figure 4.1: Block diagram of a two-way MIMO relay communication system.

nodes, i.e., each node is not able to send and receive signals at the same time.
With this assumption, there is no direct link between two source nodes as both
source nodes are transmitting signals at the first time block and cannot receive
signals from each other. The implementation of half-duplex mode is common in
two-way relay communications.

Let us denote hl? = [hri | - Zi,m,Q}T as the Q x 1 first-hop multipath
channel vector from the mth antenna at node ¢ to the nth antenna at the relay
node, 2 = 1,2, m=1,--- Ny, and n = 1,---, N,, where we assume that all
channels have the same number of taps (). The extension to systems with dif-
ferent number of channel taps between each transmit and receive antenna pair is
straightforward. In a similar way, hl = [hfzr,m,h R f{m’Q]T is used to denote
the @ x 1 second-hop multipath channel vector from the mth antenna at the relay
node to the nth antenna at node 1.

The channel estimation process is completed in two time blocks. In the
first time block, source node 1 transmits an N, X L training signal matrix S =
[s1,89, -+ ,sy.]T and node 2 transmits an N, x L training matrix T = [t1,to, - ,
tn.]7, respectively, where L > @Q is the length of the training sequence and will
be determined later. Cyclic prefixes of length L., > @) are inserted at s,, and t,,

m,n = 1,---, Ny, to prevent the inter-block interference at the relay node [85].

The received signal vectors at the relay node over L time slots after removing the
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cyclic prefix can be written as

Ns N
rl r2
Yen = E Hnymsm + E Hn,mtm + Virn
m=1

m=1
N N
= S Colsmhlly + 3 Coltm)h2, +Vem, n=1,---,N, (41)
m=1 m=1

where y,, and v,, are the L x 1 received signal vector and noise vector at the
nth antenna of the relay node, respectively, H' ~and H? are L x L circu-
lant channel matrices whose first columns are given by [(h:jm)T, 015 L_Q)}T and
(b2 )7, 01X(L_Q)}T, respectively, and Cg(s) represents an L x () column-wise
circulant matrix taking s as the first column.

In the second time block, the relay node amplifies y,,, n = 1,---, N,, and

superimposes its own training matrix R = [ry,r9,--- ,ry,|7. Thus, the signal

vector transmitted by the nth antenna of the relay node is given by
Xr,n:\/ayr,n_'_rna n= 17 7N1" (42)

where o > 0 is the relay amplifying factor. Similarly, a cyclic prefix is inserted
at x,, prior to the transmission. The received signal vectors at the source node
i, i = 1,2, after removing the cyclic prefix are given by!

Nr

Yir = Z Z;TLXT,TL + Vik, k= 15 e 7N8 (43)

n=1
where y;  and v, are the L x 1 received signal vector and noise vector at the
kth antenna of node i, respectively, Hy, is an L x L circulant channel matrix
whose first column is [(hi:n)T, le(L,Q)}T.

The main idea of the superimposed channel training algorithm is to exploit R
to estimate the second-hop channels {h}c’"n} = {h}jn,z =1,2k=1,--- ,Nyyn =

1,---,N,}, and then estimate the first-hop channels {h} } £ {hl’ . i=1,2,n=

-+ ,N,,m=1,--- N} using S, T, and the estimated {h}:n} In this chapter,

we assume that

1. All channel taps are zero-mean circularly symmetric complex Gaussian

(CSCG) random variables.

Tn this chapter, cyclic prefix is removed to facilitate the superimposed channel training al-
gorithm. It is an interesting topic to combine the proposed approach and the channel estimation
using the cyclic prefix, which may improve the accuracy of channel estimation.
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2. Channel taps associated with the same transmit-receive antenna pair, as
well as different transmit-receive antenna pairs are independent from each

other.

3. Channels are assumed to be quasi-static, i.e., channels do not change within

one cycle of transmission.

4. All noises are i.i.d. AWGN with zero mean and unit variance.

4.3 MMSE-Based Optimal Training Matrices

In this section, we design the optimal training matrices S, T, R, and the relay
amplifying factor o to minimize the MSE of channel estimation. By substituting

(4.1) and (4.2) into (4.3), we obtain

N, N N
yie = » Hy, (ﬂ > H sw+vVa Y HPZ b, 1, + \/avr,n> +Vig
n=1 m=1 m=1

Ns Ny Ns Np Ny
= Va) Y HiH! s, +Vay Y HIHZ t,+> Hlr, +Vp
m=1 n=1 m=1 n=1 n=1
k:lj...’Ns (44)
where
Ny
Vie 2V H Ve, +vig, k=1 N, (4.5)
n=1

is the equivalent noise vector at the kth antenna of node 7. Since both H}/, and
H;'  are circulant matrices, (4.4) can be rewritten by exploiting the property of
circulant matrix as

N Ny
vir — ﬂz[cw_1<sm>2 ztn*h:;%m}
m=1

n=1

Ng Ny Ny
ay [CQQ_1<tm> S hy, + h;?m} £ 3 Colrhl, + v
m=1 n=1 n=1

= Va®(s)d + Vad®(t)d? + &(r)dy +v,y, k=1,--- N, (4.6)
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where
®(s) 2 [Cag_1(s1), Cag-1(82), -+, Cag_1(sn,)] € CH¥EDN (4.7)
P(t) £ [Cag_1(t1), Cag_i(ta), -, Cag_i(ty,)] € CL¥EL7DNe (4.8)
®(r) £ [Cq(r1), Co(rs), -+, Cq(ry,)] € CH*N 4.9)
[/ N, T N T N, 7T
aj (Z b, h:;h) | (z b, - h:;;) . (z bt s h;;st)
n=1 n=1 n=1
(4.10)
- NT T NT T NT T_ T
2 |(Sonen ) (Dnnt) o (Snkeni
n=1 n=1 n=1
(4.11)
i ir ir ir T
dy = [(hy)", (o))", (hyly)] (4.12)

Here d¥! in (4.10) and d%? in (4.11) can be viewed as the compound channel from
all antennas of node 1 and node 2 to the kth antenna at node ¢, respectively,
and di" in (4.12) is the channel from all antennas of the relay node to the kth
antennas at node 7.

By introducing

A 2 [ad(s), Vad(t), ®(r)] € CL¥UQINAQN:) (4.13)
0. 2 [(dNH7, @)@, k=1.---.N, (4.14)

we can rewrite (4.6) as
yi,k :Aei,k+\7’i,ka k = 1, ,NS. (415)

Here 6, . in (4.14) is the vector of unknowns that need to be estimated at node i.
Due to its simplicity, a linear estimator is applied at node ¢ to estimate 6,

as

~

Bi,kzwﬁgyi,ka k= 17 7N87 L= 172 (416)

where élk denotes an estimation of 8;; and W, is the weight matrix of the
linear receiver. As a linear estimator is used, we can see from (4.13) that the
length of the training sequences should satisfy L > (4Q) — 2)N; + QN,. Based

on (4.15) and (4.16), the sum MSE of channel estimation at two nodes can be



Chapter 4. Frequency-Selective Two-Way MIMO Relay Systems 60

written as
MSE = Z th 0,,—0, k)(ézk — Ozk)H])
i=1 k=1
2 N, '
=Y > u(BE[(W/LA —15)CH(W/LA - 1p)" + WACHW,,]) (4.17)
i=1 k=1

where B £ (4Q —2)N, + QN,, Ci¥ = E [BZkBZHk} is the covariance matrix of 6, ,
and C%k = E[Vzk\’/ﬁ} is the noise covariance matrix.

From (4.5), we have

(o :<a220kn] )IL, i=1,2, k=1,---,N,

n=1 j=1

I r
where akm E[hkm

(4.10)-(4.12) and (4.14), we obtain that Ci* = Bdiag[C¥, Cl, Ck ], where

(hw

kn])*} is the variance of h?n], j=1,---,Q. Based on

Cl, = E[dJ(d})"] =Bdiag[C/,, -, C/y], =12 (4.18)

Ci = E[dy(d})"] = Bdiag[C{y, -, Cy . ]. (4.19)

. . : : 4 T i i T

By introducing o}/, = [a,’fml, e ,Uifan] and o}/, = [anfmyl, . ,anjymyQ} ,
where agjmp = E[hgjmp(hgjm p)*] is the variance of h;{myp, j=12p=1,---,0Q,

we obtain that
.. Nr Ny H
ci, = ¥ (z b, h;;z'm) (z b, h:;;m)
n=1 n=1
Ny
= Zdlag[akn*a mls =12, m=1,- N,

n=1

C, ~ Elb,(mE,)"

_ : i i _
= diag[0y, 1,0 0ing), n=1 N,

4.3.1 Structure of Optimal Training Sequences

The matrices Wy, = 1,2,k = 1,--- , N, that minimize MSE in (4.17) are given
by

. o\ 1 .
Wi = (ACHAT +CI}) ACH, =12 k=1 N, (420
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Substituting (4.20) back into (4.17), the MSE of channel estimation at both source
nodes can be written as
2 N, o g4
MSE=3"S tr ([(c;k)‘ +AT(CH) A ) . (4.21)
i=1 k=1

The transmission power constraints at the source nodes are given by

N N,
> slsu<pi, D> tht, <p (4.22)
m=1 m=1

where p; and py are the transmission power available at source nodes 1 and 2,
respectively. From (4.1) and (4.2), the transmission power constraint at the relay

node is given by

Ny
Z E [tr (Xr,nxfn)}
n=1
Ny N
=> <atr <Z (Cq(sm)D:L,,.Ch(s,) + Cqlt,)DI2,Cl(t,)) + 1L>
n=1 m=1
+ry) rn> <p, (4.23)

where D}/, | £ diag 0"

ey Ol Q] , 7 =1,2, and p, is the transmission power

available at the relay node. It can be seen from (4.23) that the feasible region of

o depends on p, as 0 < a < (p, — S0 rHr,)/Q, where

n=1"n
N N,
Q2) tr (Z (Cq(sm)DL,,Ch(sm) + Coltn)Dr2, Ch(ty)) + IL> .
n=1 m=1
From (4.21)-(4.23), the optimal training sequences and the optimal « design

problem can be written as

2 N

) iy —1 H ik -1, 171

Sun ;;H([(Cx) +AT(CH) A ) (4.24)

Ns

s.t. Z sis,, <p (4.25)
m=1
Ns
> bl <po (4.26)
m=1
Ny N
3 (m (Z (Colsm)D;,.,,Co (sm) + Co(tm)D;2,Ch (t)) + 1L>
n=1 m=1

+rnHrn> < p,. (4.27)
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The following theorem establishes the optimal structure of S, T, and R as the
solution to the problem (4.24)-(4.27).
THEOREM 4.1: The optimal training matrices S, T, and R satisfy the fol-

lowing equations for all m,n=1,--- ,Ng,;andp=1,--- | N,

2Q 1(8m)Cag-1(sm) = Bmlag-1,
Cily 1 (tn)Cag-1(tn) = g1, CH(r,)Cqlr,) =6l (4.28)
2Q 1(8m)Coag-1(t,) =0,

(
2Q 1(8m)Cq(rp) = 0, C2Q 1(t,)Cq(r,) =0 (4.29)

_oH _ 4 H _ H
where 3, = s,Sm, Tn = t,, t,,, and 0, = r, T,

PROOF: See Appendix 4.A. O

It is worth noting that the training matrices S, T, and R satisfying (4.28)
and (4.29) are not unique in general. Indeed, we are not particularly interested
in a unique solution of the problem. The minimum MSE of channel estimation is
achieved as long as the training matrices satisfy (4.28) and (4.29). One example
of achieving (4.28) and (4.29) is given below

si = Fsy, [514l=vVB/L, i=1,---,L

Sy = Fém, Smi = \/m§li€j27r(z‘—1)(2Q_1)(m_1)/L’
,l::]_’--.’L’ m:2’-..’NS

tr = Flo, bni = /Y /P15, 270D ML
i=1,---,L, m=1,---,N;

r, = Fr,, r,;,= \/mgli€j27r(i—1)[(2Q—1)(2N3_1)+Q(n_1)}/L’

i=1,---,L, n=1,---,N,

where j = v/—1 and F is an L x L normalized fast Fourier transform (FFT) matrix
with [Fl, = (1/V/L)e 727m=D(=D/L " The training matrices shown above have
the advantage that they are easy to implement as the elements of §,, (also t,,

and T,,) have a constant magnitude.
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4.3.2 Optimal Power Loading

Applying Theorem 4.1, the MSE function in (4.21) can be written as

MSE = Z Ztr <Z )71 + Oéﬁmm,kIQQ—lrl

=1 k=1 m=1

+Z sz - _'_Of)/mnz’,kIQQfl}_l

+Z I 5nni,kIQ]1> (4.30)

where 7, is defined in (4.56). Let us denote czj;m,q £ [(Cgm)fl}qq, A, =

(€)' and ki 2 SN 22 07i i = 1,2, The problem (4.24)-(4.27)

q=1 nmq’
with matrix variables can be equivalently rewritten as the following problem in
scalar variables
. Ns 2Q-1

%;ZZZ%( ot T

=1 k=1 ¢=1 i=1 Chomg T OBmlik €y + OVl g

’r s

15 3)3)3) P —

(4.31)
n=1 k=1 p=1 i=1 Cknp+5"mk
Ns
s.t. Z B < p1 (4.32)
m=1
Ns
> v <o (4.33)
m=1

N, N, Ny
o (Z K1,mBm + Z lig,m’}/m> + Z 0n + aLN, < p, (4.34)
m=1 m=1 n=1

a>0, fn>0,%,>0m=1,--- Ny, 6,>0n=1,--- N, (4.35)

where B2 [B1,- A", 72 o T and 8 2[5y, by, 7.

Given that ¢, ., €& o> Chm.g> a0 7 are known variables with fixed o, it can
be observed that the fractions in the objective function (4.31) are monotonically
decreasing and convex functions with respect to f,,, 7m, and 9,. Moreover,
when « is fixed, the constraints in (4.32)-(4.35) are linear inequality constraints.
Therefore, with fixed «, the problem (4.31)-(4.35) with respect to 5., Ym, and

0, is a convex optimization problem where the optimal f3,,, v,., and §, can be

efficiently obtained through the KKT optimality conditions [99] of the problem
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(4.31)-(4.35). The gradient conditions are given by

Ns 2Q—-1 2 an:

Z Z i1 e 5 = M1+ p3Qky,, m=1-- Ny (4.36)
Ns 2Q—-1 2 o

> Z > e 5 = Mot f3Qkgm, m=1--- N, (4.37)
k=1 ¢=1 i=1 (Ckmq+a/ymni7k)

Q2
ZZ o e = ps, n=1---,N, (4.38)

2
k=1 p=1 =1 knp+5n Zk)

where p; > 0, 1 = 1,2, 3, are Lagrange multipliers such that the complementary

slackness conditions given by

Ns
pmlp—) Bm> =0 (4.39)
m=1
N,
o - z%) - (140
m=1
N, N N
us| pr — aNL — Z Op — @ Z K1mBm — o Z lig’m’}/m> =0 (4.41)
n=1 m=1 m=1

are satisfied.

When « and p;, ¢ = 1,2, 3, are fixed, the non-negative 8,,, Y, m =1,--- , Ng,
and 6,, n = 1,---, N,, can be found by using the bi-section search, as the LHS
of (4.36), (4.37), and (4.38) are monotonically decreasing functions of 5,,, Ym,
and 0, respectively. An outer bi-section search is applied to find the optimal
Wi, © = 1,2,3, since the LHS of (4.32) and (4.33) are increasing functions of /3,
and 7,,, respectively, and the LHS of (4.34) is an increasing function of S,,, Y,
and §,. Moreover, in (4.36), (,, is a monotonically decreasing function of u; and
U3, Ym is monotonically decreasing with respect to pe and pg in (4.37), while in
(4.38), 6, is a monotonically decreasing function of ps.

When « is not fixed, i.e., a is an optimization variable, the problem (4.31)-
(4.35) as a whole is not a convex optimization problem. However, the following
theorem states that (4.31) is a unimodal function of a.

THEOREM 4.2: The objective function (4.31) subjecting to (4.32)-(4.35) is a
unimodal (quasi-convex) function with respect to .

PRrROOF: See Appendix 4.B. O

To verify Theorem 4.2, a plot of the MSE value over a range of feasible values

of a is shown in Fig. 4.2. We consider the case where all nodes have the same
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Figure 4.2: NMSE versus « for different p; = ps and p, with N =2 and @) = 4.

number of antennas, i.e., Ny = N, = N = 2, and = 4. Fig. 4.2 shows the
NMSE versus « for different p; = ps and p,.. Note that the NMSE is obtained
by dividing (4.31) with L = (5Q) — 2)N. It can be seen from Fig. 4.2 that (4.31)
is a unimodal function of . For a unimodal function, the minimum value can
be efficiently found by the GSS [100] technique. Hence, the optimal « for the
problem (4.31)-(4.35) can be found by applying the GSS technique as described
in Table 4.1, where ¢ is a positive constant close to 0, and ¢ > 0 is the reduction
factor. It is shown in [100] that the optimal ¢ = 1.618, also known as the golden
ratio. It can be seen from Fig. 4.2 that the optimal value of «a varies with py, pa,
and p,. For fixed p; and po, the optimal « has a larger value when p, increases.
For a given p,, the optimal value of o decreases when p; and p, increases.

Since at each iteration, the GSS method reduces the interval containing the
optimal « to 0.618 times of the interval at the preceding iteration, the length of
the interval of uncertainty after the nth iteration is I',, = (0.618)"I"y, where 'y is
the length of the initial feasible interval [100]. Therefore, the complexity of the
GSS method depends on the number of iterations, which is determined by the

desired accuracy.
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Table 4.1: Procedure of applying the golden section search (GSS) to find the
optimal « in the problem (4.31)-(4.35).

1. Set a feasible bound [a, b] on a.
2. Define ¢y = (¢p—1)a+ (2—¢)band ¢y = (2 — ¢p)a+ (¢ — 1)b.

3. Solve the problem (4.31)-(4.35) for a = ¢y;
Compute the MSE value defined in (4.31), fusg(c1) for a = ¢;.

4. Repeat Step 3 for a = cy.

5. If fuse(c1) < fuse(cz), then assign b = cs.
Otherwise, assign a = ¢;.

6. If |b — a| < e, then end.
Otherwise, go to step 2.

4.3.3 Retrieving the Multipath Channel Vectors

Based on (4.12) and (4.14), the second-hop channels hj’, , i = 1,2 can be directly
obtained from 6; . The first-hop channels h;' and h}’, can be estimated based
on 6;; as follows. Since hi, «h! = T(hy )h' . where T(h) stands for a

n,m?

(2Q — 1) x Q circulant matrix taking [h”, 011" as its first column, we have

N, Ny
Sohxhil, = Yo TOE)h, =dl,. km=1-- N, (442)
n=1 n=1
N, Ny
n=1 n=1

Equations (4.42) and (4.43) can be represented in matrix form as

U, h'! = el m=1,-- N, (4.44)

m?

v, h? = e2 m=1,---, N, (4.45)

m?
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where
\Ilzré 7h:rZLé 77’_1727
T(h%s,l)a T T(h%S,NT) h?\%,m
d?,,
el & : ,j=1,2. (4.46)
ij
Ns,m

In the following, we develop an LMMSE estimator to retrieve the first-hop
multipath channel vectors {h’,“fm} Taking into account the estimation errors in

W and dY - we have

n,m)

ir  __ jair ir ij __ Jij i
— + K’k,m’ dn,m — dn,m + Ln,m (447)

k,m k,m

where fl}jm and (Ai;]m are the estimates of hj/, and dY,,, respectively, obtained
from éi,k, and k{/,, and ¢}/, are the estimation error vectors. Substituting (4.47)

back into (4.44) and (4.45), we have

(xi:,-mLAl-)h:,{:énggﬁg, m=1,--- N. j=1,2 (4.48)
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where
T(ﬁll7:1>7 Ty T(flzlfNT) allj,m
li’zr é ) é% é
T(h%s,l)a T T(h%S,N) d%S,m
T("'sz:l)a T T(szf:Nr) Li{m
A, £ : : , gl =
T(K'%S,l)a T T(""%S,NT) L%S,m

We can rewrite (4.48) as

éij - \i’zrh:yjl +€%7 m = 15 e >Ns> j = 1a2 (449)

m

where €% is the equivalent estimation error vector given by
€l & AhlY — g, (4.50)
Using a linear estimator to estimate h’? at node i, we have

h/=VH & m=1... N, j=1,2 (4.51)

iymm>
where V,j,, is the weight matrix of the LMMSE estimator at node i. From (4.49)

and (4.51), the sum MSE of the first-hop channel estimation at node 7 is given
by

2 Ng
MSE; = 3> tr(E[(hy] — b (B — bi)"])
j=1 m=1
2 N
- Z Z tl"(E [(ng\I’”‘ B INT‘Q)Rhij (ng‘I'zr - INTQ)H
j=1 m=1
+VI R Vim]) (4.52)

A .. VHT . . . . . A
where R_i; = E [e% (r—:%) } is the estimation error covariance matrix and R, r; =
m m

E [h;{ (h;{)H] is the covariance matrix of h’J. From (4.46), we have

R, = Bdiag[D}’

1,m>”

"7D7];[jr7m]7 mzla"'aNS)j:laQ
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rji A s rJ .. rj
where Dn,m = dlag[an,m,h ’Jn,mQ]'

The estimation error covariance matrix R_i; is obtained from (4.50) as
m

Ry = B[(Ab-gl) (Ab7 —g)”]

— E|AR, A+ E[gl (g0)], m=1 N, j=12

Due to the circulant structure of A; and the fact that R;.; is a diagonal matrix,

we have

Z7] ’

RS% :Bdlag[Rl’m "o 7R£Y;7m] +Rg:r]z m:]_)... ’NS7 j:1,2

where R iy = E [ | %)H] can be obtained from (4.30) and Ri’jm = Zfl\zl diag(
a;{m*d%n). Here o7/, is defined in the line after (4.19) and d,; =~ contains the
diagonal elements of R . = E[li}:n (li?n)H], which can be obtained from the
MSE expression (4.30).

The weight matrices Vij,,j = 1,2,m = 1,--- | N, that minimize MSE; in
(4.52) are given by

1
Vi = (¥R + R, ) iR, (4.53)

Substituting (4.53) back into (4.52), we obtain the MSE of channel estimation at
node 7 as
2 N, o
MSE; =) > tr ([(haz)l + ol (RE%)*@W] ) . (4.54)
j=1 m=1

It can be seen from (4.54) that the MSE of the first-hop channel estimation
depends on the covariance matrix of the second-hop channel estimation error
R,i;. When the MSE of the second-hop channel estimation increases, the MSE

of the first-hop channel estimation also increases.

4.4 Numerical Examples

In this section, we study the performance of the proposed superimposed chan-
nel training algorithm for two-way MIMO relay systems operating in frequency-
selective fading environments through numerical simulations. We consider a

three-node two-way MIMO relay system where all nodes are equipped with the
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same number of antennas, i.e., Ny = N, = N. For simplicity, we assume that all
channel taps have unit variances. We use the shortest length of training sequence
possible with L = (5Q) —2)N. For all scenarios, the NMSE of channel estimation
at nodes 1 and 2 are computed.

For the first three simulation examples, we assume that all nodes have the
same transmission power p; = p, ¢ = 1,2, 7. In the first example, we investigate
the performance of the superimposed channel training algorithm for different «.
Fig. 4.3 shows the NMSE of the proposed algorithm versus p with different o
when N = 2 and ) = 4. The optimal « curve is obtained by applying the GSS
technique to the proposed superimposed channel training algorithm to obtain the
optimal « for different p. It can be observed from Fig. 4.3 that the optimal «
curve consistently has the lowest MSE level for all p. This proves that the GSS
technique is able to obtain the optimal « at different p efficiently.

10° : :
: —#— Optimala
——a =0.01
a=0.04
101 AA ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, —8—Qq = 006 o
: —2—q=0.1

5 10 15 20 25 30
p (dB)

Figure 4.3: Example 4.1: NMSE versus p for different a with N = 2 and @ = 4.

Interestingly, we notice from Fig. 4.3 that the optimal « varies with respect to
p, indicating that using a constant « is strictly suboptimal. Although the NMSE
with a = 0.06 is close to the NMSE using the optimal « for p between 10dB and
30dB, a = 0.06 yields a higher NMSE than o« = 0.04 at p = 5dB. Moreover, for
other simulation examples (e.g. different N and @), the NMSE with o = 0.06
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—&— Superimposed, N =2, Q
—6— Superimposed, N=3,Q =
10 '§ —a— Superimposed, N=4, Q =
— 8 —Conventional, N=2,Q=6
— © —Conventional, N=3,Q=6
— A —Conventional, N=4,Q=6

5 10 15 20 25 30
p (dB)

Figure 4.4: Example 4.2: NMSE versus p for different N with ) = 6.

might not be close to the NMSE using the optimal a.. In practical systems, a table
containing the value of the optimal « at different p, N, and ) can be constructed
for reference.

In the second example, we study the performance of the proposed superim-
posed channel training algorithm when the optimal « is used under different sim-
ulation parameters. We compare the proposed algorithm with the conventional
two-stage MMSE channel estimation algorithm, where the second-hop channel
matrices are estimated at the first stage by using the training sequence sent from
the relay node, and the first-hop channel matrices are estimated at the second
stage by exploiting the training signals sent from the source nodes [86]. Fig. 4.4
demonstrates the NMSE performance of both methods versus p for different N
and @ = 6. As expected, when the number of antennas increases, the NMSE of
channel estimation at both sides also increases as there are more unknowns to be
estimated. It can also be seen from Fig. 4.4 that the performance of the proposed
algorithm is always better than the conventional two-stage channel estimation
method, especially at high power levels.

Fig. 4.5 demonstrates the NMSE performance of the algorithm proposed in
Section 4.3.3 which retrieves the individual CSI {hj/,} and {h}’ }. It can be
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NMSE

p (dB)

Figure 4.5: Example 4.2: Individual channel NMSE versus p for different N
with @ = 6.

observed that the NMSE performance for the estimation of {hj/, } is always better
than that for the estimation of {hj’ }, as the estimation of {h]’ } depends on
the estimation of {hj’ }.

In the third example, the effect of the number of multipath ) on the perform-
ance of the proposed superimposed channel training algorithm is investigated.
The results are shown in Fig. 4.6 for the case of N = 2. It can be seen that
the NMSE performance of channel estimation improves when () increases, as all
channel taps are set to have unit variance. It can also be seen from Fig. 4.6 that
such improvement diminishes when ) becomes larger.

The fourth simulation example studies the scenario where the power con-
straints at the source nodes and relay node are different. Fig. 4.7 shows the
NMSE of the proposed algorithm versus p; = ps = p, for different fixed p, when
N =2 and @) = 6. It can be seen that as expected, the proposed algorithm has a

better NMSE performance when the power at the source/relay node is increased.
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10 ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, .4
—8—p =15dB
—6— p =20dB
—4&—p =25dB

NMSE

—

Q

Figure 4.6: Example 4.3: NMSE versus () for different p and N = 2.

10 T T T T

—5—p =15dB

20
p, (dB)

Figure 4.7: Example 4.4: NMSE versus py for different p, with N = 2 and
Q = 6.



Chapter 4. Frequency-Selective Two-Way MIMO Relay Systems 74

4.5 Conclusions

We have applied the method of superimposed channel training to two-way MIMO
relay communication systems in frequency-selective fading environments. The
proposed algorithm can efficiently estimate the individual CSI for two-way MIMO
relay systems with frequency-selective fading channels. We also derived the op-
timal structure of the training sequences that minimize the MSE of the channel
estimation and optimize the power allocation between the source and relay train-

ing sequences.

4.A Proof of Theorem 4.1

The MSE in (4.24) can be rewritten as
r -1

ck 0 0

MSE = } ) t 0 Ch 0

0 0 Ck

wr

Va®!(s)
| aeny | (VaR(s) vae(t), @) (4.55)

& (r)

where

N, Q -1
i = (ozZZa,i’jn,j + 1) . i=1,2, k=1, N, (4.56)
n=1 j=1

It can be seen that (4.55) is minimized only if all off-diagonal matrices of the

second term are zero, i.e.,

7 (s)®(t) =0 @Y (s)P(r)=0 @7 (r)®(t)=0. (4.57)
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Based on (4.7)-(4.9) and (4.57), we have that form,n=1,--- /Ng,p=1,--- N,

C-1(8m)Cag-1(tn) =0, Cy5 4(sm)Col(r,) =0,

Cly 1 (t,)Colr,) = 0. (4.58)

Using (4.57), MSE in (4.55) can be written as

2

= 3 ([ o]

+[(Ch) ™+ amp@f ()@ ()] + [(Ch) T+ e @) ).
(4.59)

Since from (4.18) and (4.19), C¥, Ck,, and C! are all diagonal, to minimize
(4.59), ®H(s)P(s), D (t)®(t), and & (r)®(r) must be diagonal, and together
with (4.7)-(4.9), we have

Cfol(sm)C2Q—l(Sm) - Ds,m> Cé{Qfl(tn)C2Q—l(tn) = Dt,na

Cg(rp)CQ(rp) =D, (4.60)

where Dy, and Dy, are (2Q) — 1) x (2Q) — 1) diagonal matrices, while D,., is a
@ x @ diagonal matrix.

It is worth noting that (4.58) and (4.60) do not change the value of sis,,,
t7¢,,, and rfr,, in the constraints (4.25)-(4.27). Moreover, it can be deduced that
tr(CQ(sm)D:jmcg(sm)) in the constraint (4.27) is minimized if Cf(sy,)Cq(sm)
is diagonal and its diagonal elements are in the inverse order to that of Dj!
[101]. Similarly, the term of tr(Cgq(t,,)D2, CH(t,,)) in (4.27) is minimized if
C{ (tm)Cq(ty) is diagonal and its diagonal elements are in the inverse order to
that of D’T"fm. Obviously, these two requirements are satisfied by (4.60).

Considering (4.58), (4.60), and the circulant structure of Cag_1(Sp,), Cag-1(ts),

and Cg(r,), we have
Ds,m = ﬁmI2Q717 Dt,n = ’YnI2Q717 Dr,p = 5pIQ

He _ Hy H. _
where s;8,,, = B, t, tn = 7, and 71, = 0. O
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4.B Proof of Theorem 4.2
By introducing &, £ @Bm, Com = Y, m = 1,--- N, the problem (4.31)-
(4.35) can be equivalently rewritten as

Ns Ns 2Q-1 2 1 .
R DIIDIPS (Cu + 5 )

12
et =1 =1 =1 \ Gk T §omMik  Crimg + S2mTik

N, Ns Q

: 1
*ZZZZTM (4.61)

C
n=1 k=1 p=1 i=1 kmnp

st. 17¢, < ap;, i=1,2 (4.62)
ki€ + K36+ 170 <p, —alN, (4.63)

a>0, &m>0i=1,2 m=1,---,N,, 6,>0,n=1,--- N, (4.64)

where k; = [ki1, - kinT, & = (G, &N , i = 1,2, and 1 is a column
vector of all ones with a commensurate dimension.

Let us first ignore the effect of a on all 7; , by treating them as known variables.
Then the problem (4.61)-(4.64) becomes a convex optimization problem, as (4.61)
is a convex function of €, &€,, 8, and (4.62)-(4.64) are linear inequality constraints.
When « has a sufficiently small value, the value of (4.61) is strongly governed by
the constraints in (4.62), since the constraint (4.63) is inactive compared with the
constraints in (4.62) for small value of . Once « increases from a small value, the
feasible region specified by (4.62) expands, and thus, the value of (4.61) decreases.

On the other hand, when « is large (close to p,./(LN;)), the value of (4.61) is
strongly governed by the constraint (4.63), as the constraints in (4.62) are inactive
compared with that of (4.63) when « is large. Once «v decreases from a large value,
the feasible region specified by (4.63) expands, leading to the decreasing of (4.61).

Now we consider the effect of a on 1. It can be seen from (4.56) that
n;x monotonically decreases with increasing «, and (4.61) increases when 7,
decreases. From the analysis above, it can be deduced that when « increases
from a significantly small positive number, the objective function (4.61) starts to
decrease since the potential decrease of (4.61) due to the expanded feasible region
of (4.62) dominates the potential increase of (4.61) caused by the decreasing 7; j.
The value of (4.61) keeps decreasing till a ‘turning point’ where the decreasing of

i starts to dominate the effect of relaxed feasible region in (4.62). After such
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turning point, the value of (4.61) is monotonically increasing with an increasing a.

Therefore, the objective function (4.31) subjecting to (4.32)-(4.35) is a unimodal

function with respect to a. a



Chapter 5

Blind Channel Estimation for
MIMO Relay Systems

In this chapter, we propose a blind channel estimation and signal retrieving al-
gorithm for two-hop MIMO relay systems. We first introduce the background
knowledge on blind channel estimation for one-way MIMO relay systems in Sec-
tion 5.1. The system model of a one-way MIMO relay system is presented in
Section 5.2. We propose a new blind channel estimation algorithm which in-
tegrates two BSS methods to estimate the individual CSI of the source-relay
and relay-destination links. In particular, a first-order Z-domain precoding tech-
nique is developed in Section 5.3 for the blind estimation of the relay-destination
channel matrix, where the signals received at the relay node are pre-processed
by a set of precoders before being transmitted to the destination node. With
the estimated signals at the relay node, we propose an algorithm based on the
constant modulus and signal mutual information properties in Section 5.4 to es-
timate the source-relay channel matrix. Compared with training-based MIMO
relay channel estimation approaches, the proposed algorithm has a better band-
width efficiency as no bandwidth is wasted for sending the training sequences.
Numerical examples are shown in Section 5.5 to demonstrate the performance
of the proposed algorithm. Conclusions are drawn in Section 5.6. We show the

proof of Theorem 5.1 and Corollary 5.1 in Section 5.A and 5.B, respectively.

78
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5.1 Introduction

In general, there are two types of channel estimation techniques, which are
training-based channel estimation and blind channel estimation. Several training-
based channel estimation algorithms have been proposed in Chapter 2, 3, and 4.
A tensor-based channel estimation algorithm is developed in [102] for a two-way
MIMO relay system. Since the algorithm in [102] exploits the channel reciprocity
in a two-way relay system, its application in one-way MIMO relay systems is not
straightforward.

The main drawback of the training-based channel estimation algorithms is
the high cost involved in sending the training sequences, considering the limited
bandwidth available for wireless communication. Moreover, in some applica-
tions such as asynchronous wireless network and message interception, training-
based algorithms are unrealistic and not suitable for implementation [71], [72].
In these applications, blind channel estimation techniques, which do not require
training sequences, become important. Recursive least squares (RLS) and least
mean squares (LMS) subspace-based adaptive algorithms were proposed in [73]
for blind channel estimation in code-division multiple access (CDMA) systems. A
subspace-based blind channel estimation algorithm with reduced time averaging
was proposed in [74] for MIMO-OFDM systems. However, the algorithms in [73]
and [74] were developed for point-to-point (single-hop) communication systems,
and the extension to MIMO relay systems is not straightforward. A blind chan-
nel estimation based on the deterministic maximum likelihood (DML) approach
was developed in [75] for two-way relay networks with constant-modulus signal-
ing. However, this algorithm only estimates the cascaded source-relay-destination
channel in a single-input single-output (SISO) relay system, and does not provide
the estimation of the individual second-hop channel in MIMO relay systems which
is important for the optimal receiver design at the destination node.

In this chapter, we develop a blind channel estimation algorithm for two-hop
MIMO relay communication systems by exploiting the link between BSS and
channel estimation. BSS techniques are able to separate a mixture of signals
into individual source signals, without the knowledge (or little knowledge) of the

source signals or the channel between the source and receiver. The proposed
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algorithm integrates two BSS methods to estimate the instantaneous CSI for the
individual source-relay and relay-destination links. We would like to note that
channel matrices of the first-hop and second-hop are estimated at the destina-
tion node. The advantage of directly estimating both channel matrices at the
destination node is to avoid sending the CSI from the relay node to the destina-
tion node [68], [82]. As the blind channel estimation algorithm we proposed uses
the communication data for channel estimation, unlike [86], there is no need for
sending training signal from the relay node to the destination node. Therefore,
the proposed algorithm does not require more signalling bits.

In particular, we first develop a first-order Z-domain precoding technique for
the blind estimation of the relay-destination channel matrix using signals received
at the destination node. In this algorithm, the signals received at the relay
node are filtered by properly designed precoders before being transmitted to the
destination node. By utilizing the Z-domain properties of the precoded signals, an
estimation criterion is derived to recover the relay-destination channel matrix and
signals received at the relay node. Note that in this algorithm, the order of the
precoders is fixed to one, while a second-order Z-domain precoding algorithm was
developed in [76] for blind separation of spatially correlated signals. Obviously,
the computational complexity of the first-order precoder is smaller than that of
the second-order precoder.

With the estimated received signals at the relay node, we then develop a blind
channel estimation algorithm based on the constant modulus and signal mutual
information (MI) properties to estimate the source-relay channel matrix. The
constant modulus property of many modulated communication signals such as
phase-shift keying (PSK) and quadrature amplitude modulation (QAM) is ex-
ploited in this blind estimation algorithm. However, using the constant modulus
property of signals alone does not guarantee the complete separation of the source
signals and the channel matrix, as the constant modulus algorithm might capture
the same signal even though there are multiple signal streams. To overcome this
problem, we minimize a cost function which includes the MI of the estimated
signals in addition to the constant modulus property, to ensure that all estimated

signals are distinct. This algorithm does not have the problem of estimation error
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propagation as in [103] and [104]. A similar method was adopted in [72] for the
extraction of unknown source signals, essentially in single-hop (point-to-point)
MIMO wireless networks.

Comparing the proposed blind channel estimation algorithm with the training-
based channel techniques, the former one has a better bandwidth efficiency as all
the bandwidth is used for the transmission of the communication signals. We
would like to note that the proposed algorithm can be applied in two-hop MIMO
relay systems with multiple distributed source nodes and multiple distributed

relay nodes.

5.2 System Model

Let us consider a three-node two-hop MIMO communication system where the
source node transmits information to the destination node through a relay node as
shown in Fig. 5.1. The source, relay, and destination nodes are equipped with Ny,
N,., and N, antennas, respectively. We would like to mention that the algorithm
developed in this chapter can be easily extended to MIMO relay systems with
multiple sources and relay nodes. In this chapter, we assume that the direct link
between the source node and the destination node is sufficiently weak and thus
can be ignored. This scenario occurs when the direct link is blocked by obstacles,

such as tall buildings or mountains.

Ns Nd

5 P 5 (I
w | = | =2y

vi(n)— va(n)—

Source Relay Destination

Figure 5.1: Block diagram of a general two-hop MIMO relay communication
system.

The communication process is completed in two time slots. In the first time

slot, the source signal vector s(n) = [si1(n), s2(n), -, sy, (n)]F is transmitted
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from the source node. The signal vector received at the relay node can be ex-

pressed as

y-(n) = Hyis(n) + v,(n) (5.1)

where y,(n) is the N, x 1 received signal vector, H; is the N, x Ny MIMO channel
matrix between the source node and the relay node, and v,.(n) is the N, x 1 noise
vector at the relay node.

In the second time slot, each received signal stream in y,(n) is preprocessed

separately by a first-order precoder p;(z) as

pi(z)=1—mz™", i=1,--- N, (5.2)

where r; is the zero of the precoder p;(z). Note that all zeros are distinct and
satisfy 0 < |r;| < 1, for ¢ = 1,--- | N,, and are known at the destination node.

From (5.2), the ith precoded signal at the relay node can be written as

ri(n) = pi(2)yri(n)
Yri(n) — Tiyr,i(n -1), i=1,--- N, (5.3)

where y,;(n) is the ith element of y,.(n). It is worth noting that the precoding
operation (5.3) can be readily implemented at physically distributed relay nodes,
as there is no need for cooperation among different signal streams. The first-
order precoding operation in (5.3) serves for the blind estimation of the relay-
destination channel matrix, where the estimation criterion will be derived by
exploiting the Z-domain properties of the precoders as shown in Section 5.3.

The precoded signal vector x(n) = [z1(n), z2(n),-- - ,zx,(n)]T is transmitted
to the destination node, and the received signal vector at the destination node
can be expressed as

y(n) = Hyx(n) + va(n) (5.4)

where Hj is the N; X N, channel matrix between the relay node and the destin-
ation node and v4(n) = [vg1(n),va2(n),- -+ ,van,(n)]" is the noise vector at the

destination node. We assume that:
1. All noises are i.i.d. AWGN.

2. The source signals in s(n) are temporally white and have constant modulus.
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3. The noises are independent of the source signals.

4. The number of antennas at the receiving sides is equal or greater than that

of the transmitting sides, i.e., Ny > N, > Nj.

The model in (5.4) has a similar structure to the classical BSS problem. In
BSS techniques, signal separation is usually achieved by exploiting the statist-
ical properties of the source signals, either based on the higher-order statistics
(HOS) or second-order statistics (SOS). Independent component analysis (ICA)
is one example of the HOS-based BSS methods, and is generally applied for non-
Gaussian source signals. One of the drawbacks of the HOS-based methods is the
large number of data samples required for a satisfactory result. On the contrary,
the number of data samples required by the SOS-based BSS methods is gener-
ally much smaller than the HOS-based BSS techniques. However, the SOS-based
BSS methods usually require the source signals to be mutually uncorrelated. This
limits the application of the SOS-based BSS methods in MIMO relay communic-
ation systems as the signals received at the relay node (y, in (5.1)) are mutually
correlated.

A second-order precoding-based BSS algorithm has been developed in [76]
to separate mutually correlated sources. However, this algorithm might not be
applicable to MIMO relay systems. This is because the algorithm in [76] does
not allow any source signal to be linear combination of the other source signals,
while in a MIMO relay system, the received signal at the relay node (5.1) is a
linear combination of the source signals. Thus, when the noise at the relay node
is sufficiently small, the signal at the relay node does not satisfy the requirement
of the second-order precoding technique. This motivates us to develop the first-
order precoding technique for blind channel estimation in MIMO relay systems

as presented in the next section.
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5.3 First-Order Z-Domain Precoding Based Chan-
nel Estimation

In this section, we develop a first-order Z-domain precoding algorithm for the
blind estimation of the relay-destination channel matrix Hy. The main idea of
this approach is to preprocess the received signals at the relay node with the first-
order Z-domain precoders before retransmitting them to the destination node.
Then, by utilizing the Z-domain properties of the precoders, this blind channel
estimation aims to find a separation matrix By to separate x(n) and Hy in (5.4)
with only the observable output at the destination node y(n). Compared with
[76], the first-order precoding technique requires less transmission time at the
relay node and simplifies the implementation of the precoders at the relay node
in practical MIMO relay systems.

Let By = [by1,b12,-,b1n,] be an Ny x N, matrix, the desired outcome of

the blind channel estimation algorithm is given by
%x(n) = Bfy(n) = Ax(n) + B vy(n) (5.5)

where X(n) is an estimation of the precoded signal vector and A £ B H, is a
diagonal matrix of scaling ambiguity inherited in the blind estimation algorithm.
Note that the permutation ambiguity usually associated with BSS methods does
not exist in (5.5) due to the filtering operation (5.3) at the relay node before
retransmitting the signals, as each signal stream in y,(n) is preprocessed by a
distinct precoder. The scaling ambiguity can be resolved, for example, through
normalization as in [83] and [105]. Once the separation matrix By is obtained,
H; and y,(n) can be efficiently estimated as shown later on. In the following sub-
section, we will first propose an estimation criterion by exploiting the Z-domain
properties of the precoders and find the separation matrix B; based on this cri-

terion.
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5.3.1 Estimation Criterion

Let us define the autocorrelation matrix of y,.(n) at time lag k as

Cyryr(k> = E[yr(n)yT(n_k>H]
= H,C(hH{ + Cy,v, (k) (5.6)

where Cys(k) = E[s(n)s(n — k)¥] and Cy,y, (k) = E[v,(n)v,(n — k)¥] are the
autocorrelation matrices of s(n) and v,.(n), respectively. Note that Cy,y,(k) =0
for k # 0 as the noises are temporally independent. Based on (5.6), the power
spectral matrix of y,.(n) is defined as
Qy,y. () = Z Cy.y. (k)z"". (5.7)
k=—o00

As the noise covariance matrix at the relay node Cy,y,(0) is of full rank, the
following proposition is established.

PROPOSITION 5.1: The power spectral matrix Qy,y, (%) is of full rank at
z=r;fort=1,--- N,.

Let us denote the autocorrelation matrices of y(n) and v4(n) as Cyy (k) and

Cyyvq(k), respectively. It follows from (5.4) that

Cyylk) = E[y(my(n— k)]
— HCx(R)HY + Cyyuy(R) (5.8)

where Cyux(k) = E[x(n)x(n — k)] is the autocorrelation matrix of x(n) and
Cuyuva(k) = E[va(n)va(n — k)] = 0 for k # 0 as the noises are temporally
independent. Similarly, the power spectral matrix of y(n) can be derived based

on (5.3), (5.7), and (5.8) as

Qyy(2) = Z ny(k)z_k
= H2QXX(2)H£{ + QVdVd(z)
— HP()Quy, (P HE + Quu () (59)
where Qux(2) = > o Cxx(k)z7" and Qy vy (2) = D re . Cyyva(k)z7F are the

power spectral matrices of x(n) and vg4(n), respectively, and P(z) = diag(p1(2),

p2(2),- -+ ,pN,(2)) is a diagonal matrix.
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Let us introduce
Ti(2) = Pi(2)Qy.y. (2)P(z" )", i=1,--- N,
where P;(2) is the matrix P(z) with the ith diagonal entry replaced by zero, i.e.,

Pi(z) = diag(p1(2), - pi-1(2), 0, pisa(2), - -+, pvi(2)) (5.10)

It can be shown that for any r;,
rank(P;(r;)) = N, — 1

while the matrix P(r; })# is of full rank, since 7; ' is not a zero of any precoder.
It can be shown using (5.10) that all elements in the ith row of T;(r;) are zero.
Using these results and Proposition 5.1, the following lemma can be established.

LEMMA 5.1: The rank of T;(r;) is N, — 1, for i = 1,--- | N,, and all rows of
T;(r;) except for the ith row are linearly independent.

Let Hy; be equal to Hy with the ith column replaced by a zero vector, i.e.,
Hy; = [hyy1,--- ,hy; 1,0, hgp0,---  hon . (5.11)
We can rewrite (5.9) as
Qyy(ri)) = HaP(ri)Qy,y, (Ti)P(Tfl)HHg + Quava(ri)
= Hy Pi(r:)Qy,y, (1) P(r; ) THY + Cyyyy (0)
= HQ’ZTZ(T’Z)Hg + CVdVd (0) (512)
Assuming that Cy v, (0) can be estimated, which will be shown later, and removed

from (5.12), we have
Qyy (ri) = Hy Ty (ry) Hy'. (5.13)

The following theorem establishes the estimation criterion for our blind channel
estimation algorithm.

THEOREM 5.1: Fori=1,---,N,, by, is an Ny X 1 separation vector ensuring
bi'/H, =[0,---,0,¢;,0,---,0], ¢ #0 (5.14)
if and only if

{ b Qyy(ri) =0 (5.15)
b{!,Cyy(1)by,; # 0. (5.16)
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PRrROOF: See Appendix 5.A. O

Theorem 5.1 holds when the autocorrelation matrix of y(n) has a time lag
of 7 =1, ie., Cyy(1). Interestingly, it is shown in the following corollary that
Theorem 5.1 is not valid for Cy, (7) with other time lag values.

COROLLARY 5.1: Theorem 5.1 does not hold for Cy,(7), 7 # 1.

PROOF: See Appendix 5.B. O

It can be seen that the proposed first-order precoding algorithm has differ-
ent requirements on the selection of parameters compared with the second-order
precoding algorithm in [76]. The implementation of the first-order Z-domain
precoding based blind channel estimation algorithm is shown in the following

subsection.

5.3.2 Algorithm Implementation

The following blind channel estimation procedures are applied to obtain the relay-

destination channel matrix Hs.

1. Compute the autocorrelation matrix of y(n) as

S y(m)y(n — k)" (5.17)

where L > N, is the number of samples of the received signal.

2. Compute the power spectral matrix of y(n) as
Quy(ri) =Y Cyy(k)ry*, i=1,--- N, (5.18)
k

3. Estimate the noise covariance matrix Cy,v,(0). It follows from (5.8) that
C,y(0) = HyCi (0)HY + Cy v, (0). (5.19)
Since the noises are assumed to be i.i.d. white Gaussian, we have
Cuyyva(0) =02 Iy, (5.20)
where o7 is the noise variance. Let us introduce the EVD of

C,y(0) = Uy Ay UY (5.21)
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where Uy is the unitary eigenvector matrix and Ay is the diagonal eigen-
value matrix with descending diagonal elements. Obviously, from (5.19)
there is

Ay = Ax + 0. Iy, (5.22)

where Ax is the eigenvalue matrix of HgCXX(O)Hf with descending diag-

onal elements.

If Ny > N,, i.e.,, Hy is a tall matrix, from (5.22), we have

Nyi = Aeit ol t=1,--- N,

Ny = o2 i=N,+1,--- Ny (5.23)

vq?

where Ay ;,i=1,---,Ng,and A, ;, j = 1,--- , N,, are the diagonal elements

of Ay and Ax, respectively. From (5.23), we can estimate o7, as

1
2 - __ = Ay 5.24
avd Nd _ Nr Z Y, ( )

i=N,+1
If Ny = N,, i.e., Hy is a square matrix, the noise covariance matrix can

be estimated prior to the transmission of data, i.e., when y(n) = vy(n),

n=1,---,.J, we have
=
CVdVd (O> ~ j y(n)y(n>H
n=0
4. Estimate Qyy(r;) as
QYY(ri) = QYY(ri) - CVdVd (0)7 =1, N (5'25)

5. Obtain separation matrix By as follows. From Lemma 5.1, it can be seen
that Qyy(r;) has a rank of N, — 1. Since Qyy(r;) is an Ny x N; matrix,
there are Ny — N, 4+ 1 zero singular values. As we assume N; > N, there
exists at least one zero singular value. Let V; be an N; x (Ng — N, + 1)
matrix whose columns consist of the N; — N, + 1 left singular vectors cor-
responding to the zero singular values of Qyy(r;), and column vector u; be
the eigenvector corresponding to any nonzero eigenvalue A of VZCy, (1)V..
It can be proven that

uf{VZHny(ri) =0
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and

W/ VIC,y (1) Viu; = Auf'u; # 0.

Then, the separation vector by; can be selected as b{/; = u/V/. The

operations in this step are carried out for i =1,--- | N,.

6. The precoded signals can be estimated by

%(n) =Bfy(n), n=1,---,L. (5.26)

7. The relay-destination channel matrix is estimated as
H, = YX! (5.27)

where Y = [y(1),y(2),---,y(L)] and X = [%(1),%(2),---,%(L)]. Note

that since L > N,., we have the right inverse of X as

X = XT(XXT)~L. (5.28)

5.4 Channel Estimation Based on Signal MI Mod-
ified Constant Modulus Algorithm

In this section, we develop a signal MI modified constant modulus algorithm to
estimate the first-hop channel matrix H;. Based on the estimated precoded sig-
nals z;(n), i =1, -+, N,, the signals received at the relay node can be estimated
by

Uri(n) = &;(n) +19,,(n—1), i=1--- N,. (5.29)

Let us introduce an N, x N, separation matrix By and let
8(n) = By, (n) = Cs(n) + B¥v,(n) (5.30)

where §(n) is the estimated source signal vector and C = BYH,. This blind
channel estimation algorithm aims to obtain the separation matrix B, in order
to recover the first-hop channel Hy, only from the estimated relay channel output

signals y,(n). Obviously, the estimation of H; is affected by the accuracy of the
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estimation of y,(n). Due to the unaccessible source signals, there are inherent

scaling and permutation ambiguities in this algorithm, i.e.,
C =BlH, = PA

where P is a permutation matrix and A is a diagonal matrix.

5.4.1 Development of the Algorithm

The general cost function for the constant modulus algorithm is given by
N,
Y E[(5m) =)7]
i=1

where §;(n) is the ith element of §(n) and v is a priori constant dispersion. As
mentioned earlier, the constant modulus algorithm is capable of retrieving one
source signal at a time. However, it does not guarantee the extraction of all
source signals as the constant modulus algorithm might extract the same signal.

Similar to [72], we propose to exploit the MI property of the estimated signals,
along with the constant modulus algorithm, to ensure that the channel matrix
and source signals are completely separated. In particular, the following cost

function with the addition of the MI term is minimized
N N
J(By) =Y E[(15:(m)* = )] + 8| > log(ri;) — log| R (5.31)
i=1 i=1

where 3 is a positive real number that balances the constant modulus term and
the MI term, ;; is the diagonal element of Rgs, and Ry = E[é(n)é(n)H } is the
covariance matrix of §(n). From [72], we have the following proposition.
PROPOSITION 5.2: The MI term is zero when Rgs is a diagonal matrix, i.e.,
when the elements of §(n) are uncorrelated.
Proposition 5.2 is important to ensure that all source signals are separated
from the channel matrix H; at the destination node. The cost function (5.31)

can be rewritten as

Ns
‘](B2) = E Z(e?Bg}A’T(n)yr(n)HBQei_’y)Q
=1
Ns
+8| > log(e/ By Ry,5,Bse:) — log|BY Ry, 5, By
=1
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where Ry 5, £ E[y.(n)y,(n)f] is the covariance matrix of y,(n) and e; is an
N, x 1 column vector whose elements are zero except for the ith element which

is one. The gradient of J(By) is given by

9J(B,)
OB;

= 2 B[ )9 e (50 Bre)

VJ(B;) =

+ ARy.5, By [(diag(Réé))*l - R:l]. (5.32)

SS

5.4.2 Algorithm Implementation

The procedure of applying the signal MI modified constant modulus algorithm

to estimate the source-relay channel matrix H; is listed below.

1. Initialize Bgo) and R, ; Set i = 1.

Vryr?
2. Update jos’r through
@ (i-1) NN
Ry, = (1-— ”)Rﬁrﬁr + Ry (1)y,(7) (5.33)
where 0 < k < 1 is a small positive real number.

: - G-\ 7. .
3. Estimate §(i) = <B2 ) v (7).

B/ Y.

Yryr

4. Calculate Rgé) = <B(22_1)> R,

5. From step 1)-4), an estimation of (5.32) is obtained by removing the ex-
pectation operator E in the equation. Let us denote this estimation as

VJ(B,).
6. Update the separation matrix By as

By = B{™Y — 1VJ(B,) (5.34)

\BFBSA).
7. Repeat steps 2) — 6) for i = 2,3,---, L to obtain By = B(QL).
8. The source signals are estimated as

s(n) =Bly,.(n), n=1,--- L (5.35)
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9. Estimate the source-relay channel matrix as
H, =Y,Sf (5.36)

where Y, = [y,(1),9,(2),---,¥-(L)] and S = [§(1),8(2),---,8(L)]. Note
that since L > N, we have the right inverse of S as

A ~

St = 8T(SS7)~L. (5.37)

We would like to note that the algorithm proposed in [72] was developed for
blind signal separation in one-hop systems, whereas in this chapter we apply this

algorithm for channel estimation in two-hop MIMO relay communication systems.

5.5 Numerical Examples

In this section, we study the performance of the proposed blind MIMO relay chan-
nel estimation algorithm through numerical simulations. We consider a three-
node two-hop MIMO relay system with Ny, IV, and Ny antennas equipped at the
source, relay, and destination node, respectively. For the proposed first-order Z-
domain precoding based channel estimation algorithm, the zeros of the precoders

in (5.2) are chosen as

jm(2i—1)

ri=me 2% , i=1,--- N, (5.38)

where j = v/—1and 0 < 7 < 1,4 = 1,---,N,. This model ensures that all
zeros are distinct and satisfy 0 < |r;| < 1,7 =1,---, N,, and the angles of zeros
are equally spaced on the Z-plane. For the signal MI modified constant modulus
based channel estimation algorithm, unless explicitly mentioned, the matrices
Bén) and R:(EZ)SIr are initialized as Béo) = [INS,ONSX(NT_NS)}H and R;OT)S,T = Iy,,
respectively. We choose p = 0.0005, x = 0.05, 5 =1, and v = 1. The simulation
parameters are assigned with reasonable values. The step size of the gradient
descent algorithm g is chosen to be small enough to ensure the convergence of
the algorithm, while « is chosen to be 1 as the absolute value of the source signals

has a constant unit value. We assume that the channel matrices H; and H, are

complex Gaussian distributed with zero mean and unit variance, and channels do
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Figure 5.2: Example 5.1: BER versus number of samples for different Ny and
N, with SNR,_4 = SNR,_, = 20dB.

not change within one cycle of transmission. All simulation results are averaged
over 1000 random channel realizations. The SNR of the source-relay and relay-
destination link is denoted as SNRy_, and SNR,_g4, respectively.

In the first example, we evaluate the performance of the proposed blind chan-
nel estimation algorithm at various number of samples L of the received signal.
Fig. 5.2 shows the bit-error-rate (BER) of the proposed algorithm versus L for
various Ny and N, with SNR._, and SNR,_q4 fixed at 20dB. It can be seen from
Fig. 5.2 that the BER performance of the proposed algorithm improves when L
increases. This is because in the proposed first-order Z-domain precoding based
channel estimation algorithm, the accuracy of estimating the autocorrelation mat-
rix Cyy (k) is affected by L, i.e., the estimated Cyy (k) approaches its theoretical
at a large L. Moreover, the performance of the signal MI modified constant mod-
ulus algorithm improves when a larger L is used as more iterations are involved
in finding the separation matrix. In the following simulation examples, the num-
ber of samples is chosen as L = 5000 to achieve a good tradeoff between the
performance and the computational complexity.

In the second example, we study the performance of the proposed blind estim-

ation algorithms in finding the separation matrix. For each channel realization,
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the mean interference rejection level (MIRL) for the first-order Z-domain precod-

ing algorithm is calculated as

7‘ 7‘ BHH
MIRLy, = IOlogw( Z Z HHQ) ) (5.39)
2

i=1 j= 1]751
while the MIRL of the signal MI modified constant modulus algorithm is given
by

N 2 [(C)yl? — max(](C)yl?)
) (5.40)

MIRLg, = 101 =
RLy, Olog (Ns(NS —1) 21 m]aX(|(C)z‘j|2)

Note that a smaller value of MIRL indicates a better performance of the blind
channel estimation algorithm.

Fig. 5.3 shows the MIRL for the proposed blind channel estimation algorithms
versus SNR,_q with N, = N, = 3, N; = 4, and SNR,_, = 20dB. It can be seen
from Fig. 5.3 that the MIRL performance of the proposed blind channel estima-
tion algorithm improves with the increase of SNR,_4. Interestingly, the first-order
Z-domain precoding technique performs better than the signal MI modified con-
stant modulus algorithm, as the latter algorithm is affected by the accuracy of
the estimation of y,.(n). Note that for the first-order Z-domain precoding tech-
nique, theoretically the derivation of the separation matrix is not affected by the
noise at the destination node, thus only a small improvement is observed when
SNR,_4 increases. A plot of the MIRL of the proposed blind channel estimation
algorithms versus SNR,_4q for SNRs_, = 20dB and different Ny and N, is shown
in Fig. 5.4. It can be seen from Fig. 5.4 that when the number of antennas at the
source node and relay node increases, the MIRL also increases.

In the third example, we demonstrate the performance of the proposed blind
channel estimation algorithms in terms of the NMSE. For the relay-destination
channel, the NMSE is calculated as

| H, — Hy||2

NMSEn, = '~
riVd

(5.41)

Similarly, the NMSE for the estimation of the source-relay channel matrix is given

by )
|IH; — Hy||%

NMSEg, = 5

(5.42)
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Figure 5.3: Example 5.2: MIRL versus SNR,_4 for N, = N, = 3, N; = 4, and
SNR,_, = 20dB.
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Figure 5.4: Example 5.2: MIRL versus SNR,_4 for different Ny and N, with
SNR,_, = 20dB.
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Figure 5.5: Example 5.3: Normalized MSE versus SNR,_4 for different Ny and
N, with SNRg_, = 20dB.

Similar to [76], the scaling ambiguity in estimating Hs is removed by minimizing
the mean square error between Hy and H,. The scaling and permutation ambi-
guity in the estimation of H; is removed by minimizing the mean square error
between s(n) and §(n).

Fig. 5.5 shows the NMSE of the proposed blind estimation algorithm versus
SNR,_q4 for different N, and N, with SNR,_, fixed at 20dB. It can be seen from
Fig. 5.5 that the NMSE of estimating H; and H, decreases when the number of
antennas at the source and relay nodes decreases. Note that only small improve-
ment is observed in the estimation of Hy, when SNR,_4 increases as theoretically,
the estimation of Hj is not affected by SNR,_4. We also investigate the perform-
ance of signal MI modified constant modulus channel estimation scheme when the
algorithm is initialized with random matrices. It can be seen from Fig. 5.5 that
the NMSE of the first-hop channel estimation with random matrices initialization
is very similar to the NMSE when the scheme is initialized with identity matrix.

In the fourth example, we compare the proposed blind MIMO relay channel
estimation algorithm with the training-based MIMO relay channel estimation
algorithm developed in [86], where the training sequences are optimized with

proper adjustment of simulation parameters for a fair comparison. The channel
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Figure 5.6: Example 5.4: Normalized MSE versus SNR,_4 for Ny = N, = 2
and Ny = 4 with SNR,_, = 20dB.

correlation matrices used in the training-based algorithm [86] are set to identity
matrices to have the same statistical distribution as the channel model used in
our proposed blind channel estimation algorithm. Fig. 5.6 shows the NMSE
performance of estimating Hy and H; versus SNR,_4 with SNRy_, = 20dB, N, =
N, = 2, and Ny = 4. The MSE performance of two algorithms versus SNR,_4 with
SNRs_, = 20dB, Ny, = N, = 3, and N; = 4 is demonstrated in Fig. 5.7. It can
be seen from Figs. 5.6 and 5.7 that at low SNR, the performance of the proposed
algorithm is comparable to that of the training-based algorithm. However, at
high SNR, the training-based algorithm outperforms the proposed algorithm at
the expense of bandwidth efficiency.

Fig. 5.8 illustrates the BER performance of two algorithms versus SNR,_4
when Ny, = N, = 2, Ny = 4, and SNR,_, is fixed at 20dB. As a benchmark, we also
show the BER performance of the MIMO relay system when the channel matrices
are perfectly known. It can be seen from Fig. 5.8 that the BER performance of
our proposed blind channel estimation algorithm is close to the performance of
the training-based algorithm.

Finally, we compare the computational complexity of the proposed blind chan-

nel estimation algorithm and the training-based channel estimation technique.
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Figure 5.7: Example 5.4: Normalized MSE versus SNR,_4 for Ny = N, = 3
and Ny = 4 with SNR,_, = 20dB.
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Figure 5.8: Example 5.4: BER versus SNR, 4 for Ny = N, = 2 and Ny = 4
with SNR,_, = 20dB.
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The complexity of the first-order Z-domain precoding based channel estimation
algorithm is governed by the EVD and the SVD operations required in deriving
the separation matrix, while the complexity of the signal MI modified constant
modulus algorithm is governed by the matrix inversion operation in the gradi-
ent descent method. Thus, the computational complexity of the proposed blind
channel estimation algorithm can be estimated as O(N3 + LN?), where the first
term represents the complexity of the first-order Z-domain precoding based chan-
nel estimation algorithm, and the second term is the complexity of the signal MI
modified constant modulus algorithm.

The complexity of the training-based channel estimation technique can be
estimated as O(d,d.N? + dod,, dx, Ns + dod,,d,,drgNg), where d,,d,,,d,,, and
d,, stand for the number of iterations required to obtain the optimal Lagrangian
multipliers associated with the optimization problem in [86], d. and d,, represent
the number of bisection operations required to obtain the optimal training se-
quences, dy, is the number of bisection operations required to derive the optimal
relay amplification matrix, and d, stands for the number of iterations required to

find the local optimal solution to the problem.

5.6 Conclusions

We have developed a new blind channel estimation algorithm for two-hop MIMO
relay systems. The proposed algorithm is able to estimate the individual source-
relay and relay-destination CSI at the destination node, which is necessary for
retrieving the source signals at the destination node. In particular, a novel first-
order Z-domain precoding technique has been developed for the blind estimation
of the relay-destination channel matrix. The proposed algorithm has a similar
BER performance to the training-based channel estimation algorithm, and bet-
ter bandwidth efficiency as all the bandwidth is used for sending communication
signals. The proposed algorithm can be extended to other MIMO relay com-
munication systems such as multiuser MIMO relay systems with multiple relay

nodes.
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5.A Proof of Theorem 5.1

We prove Theorem 5.1 through verifying the necessity and sufficiency conditions.
Assuming that (5.14) is satisfied, we prove the necessity of (5.15) as follow

Since we assumed the source signals to be temporally white, from (5.3), (5.8),

and (5.14), we prove the necessity condition for (5.16) as
biCyy(1)b1; = biHyCyxx(1)H by,

= ¢ Elai(n)zi(n —1)]
=[Gl ] (yri(n) = rigi(n = 1)) (graln = 1) = rigi(n = 2))]
= |Ci|2E[ = TiYri(n — 1)yri(n — 1)*}
= —|cil*rio
# 0

where 02 £ Ely,(n — 1)y,..(n — 1)*].

Now we prove the sufficiency of (5.15) and (5.16). Since bf;Qyy(r;) = 0, from
(5.13) we have

2
%

b, Hy, T;(r;)HY = 0. (5.44)
The matrix HZ is of full row rank, and thus implying that

From Lemma 5.1, all the rows of the matrix T;(r;) excluding the ith row are

linearly independent, and therefore we obtain that
bi'hy; =0, j=1,--- N, j#i. (5.46)
Subsequently, from (5.11) and (5.46), we have
b Hy = [0,---,0,bf}hy;,0,---,0]. (5.47)
Next, we consider b{f,Cyy(1)by; # 0. From (5.8), we have
bi HyCux(1)Hy by ; # 0 (5.48)
which implies that b{’, Hy # 0, and from (5.47), we can infer that
b Hy =1[0,---,0,¢;,0,--- 0] (5.49)

where ¢; = b{{ihg’i £ 0. O
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5.B Proof of Corollary 5.1

5.B.1 For 7=0

For the case of Ny > N,, the channel matrix Hy has a row-rank deficiency, i.e.,
the rows of Hy are linearly dependent. Subsequently, an Ny X 1 non-zero vector
b; exists such that

bH, = 0. (5.50)

From (5.13) and (5.50), we have
Based on (5.8) and (5.50), there is

b C,y(0)b; = bIH,C,,(0)H)b; + b/’ C, ., (0)b;
- bfcvdvd(o)bi

£ 0. (5.52)

It can be observed from (5.50)-(5.52) that bQyy (r;) = 0 and b/’ Cy, (0)b; # 0
do not guarantee (5.14).

5.B.2 For 7> 2

Assuming (5.14) is satisfied, we have

b/Cyy(T)b; = b'HyCyx(7)Hi b,
= ¢ Elz;(n)zi(n — 7)"]
= 6P| (9ri(n) = g (n = D) (yrsln = 7) = riga(n = 7 = 1))’]

= 0.

This indicates that no separation vector b, can satisfy the condition b Cyy (7)b; #

0 for time lag 7 > 2. O
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Conclusions and Future Work

In practical MIMO wireless relay communication networks, the knowledge of the
instantaneous CSI is unavailable at both transmitter and receiver. As CSI is
important for the retrieval of the source information and the optimization of
MIMO relay networks, it is necessary to estimate the instantaneous CSI. In this
thesis, several efficient channel estimation techniques have been developed for
cooperative MIMO wireless communication systems. Some final remarks and

possible future works are given in Section 6.1 and Section 6.2, respectively.

6.1 Concluding Remarks

This thesis investigates the channel estimation problem for MIMO relay net-
works using two methods, the training-based scheme and the blind technique.
Chapter 2, 3, and 4 focus on the development of training-based channel estima-
tion algorithm while Chapter 5 addresses the channel estimation issue using the
blind technique. In Chapter 2, a robust channel estimation algorithm for one-
way MIMO relay networks is studied. This robust algorithm incorporates the
effect of the mismatch between the estimated and true relay-destination channel
into the estimation of source-relay channel. It has been proven that the overall
channel estimation algorithm performs better when the mismatch is taken into
consideration.

In Chapter 3, two channel estimation algorithms, which are the superimposed

channel training and two-stage channel estimation schemes, are proposed and

102
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compared for frequency-flat two-way MIMO relay communication systems. The
proposed algorithms are able to estimate the individual channel matrices involved
in the communication efficiently. In comparison, the two-stage channel estima-
tion scheme has a better performance than the superimposed channel training
algorithm at the expense of higher computational complexity.

This work is extended in Chapter 4 by applying the method of superimposed
channel training to a more general situation where two-way MIMO relay commu-
nication networks are operating in the frequency-selective fading environments.
The proposed algorithm can efficiently estimate the individual channel matrices
for two-way MIMO relay networks with frequency-selective fading channels. The
optimal structure of the training sequences and the optimal power allocation
between the source and relay training sequences are derived.

Last but not least, a blind channel estimation algorithm for two-hop MIMO
relay systems is developed in Chapter 5. This algorithm integrates two BSS
methods, namely first-order Z-domain precoding technique and signal MI modi-
fied constant modulus algorithm, to estimate the individual CSI for the source-
relay and relay-destination links. Compared with training-based methods, the
proposed blind channel estimation algorithm has a better spectrum efficiency as

no transmission of training sequence is required.

6.2 Future Works

Several efficient channel estimation algorithms for cooperative MIMO wireless
communication networks have been developed in this thesis. Nonetheless, the
works in this thesis can be further extended in many possible ways. In Chapter 2,
a local optimal solution is found for the channel estimation problem in one-way
MIMO relay network. It will be interesting to develop an algorithm that gives a
global solution to the channel estimation problem in Chapter 2.

Channel estimation problem for MIMO relay networks with frequency-flat
fading channels and frequency-selective fading channels have been investigated
in Chapter 3 and 4, respectively. These works can be extended to consider the

channel estimation issue for MIMO relay networks operating in time-selective
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fading environments, where the users are moving at a high speed.

In Chapter 5, a blind channel estimation algorithm is proposed for one-way
MIMO relay networks. Further research can be done on developing blind channel
estimation algorithms for two-way MIMO relay networks. Moreover, any possible
method to improve the convergence and accuracy of the blind channel estimation
algorithm can be an interesting future work.

This thesis focuses on the MIMO relay networks with the amplify-and-forward
relaying scheme. It will also be interesting to compare the works in this thesis
with the channel estimation algorithms developed for MIMO relay networks with
decode-and-forward relaying scheme in terms of the complexity and performance.
Such tradeoff between the complexity and performance can be investigated to
maximize the benefits of the MIMO relay networks.

In addition, the algorithms derived in this thesis do not consider OFDM mod-
ulated relay networks as an option. The channel estimation problem for MIMO-
OFDM relay networks can be included in future works.

Finally, any novel channel estimation algorithm, either using the training-

based or blind technique, is of great interest.
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