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Preface xi

a uni�ed perspective of the design of linear transceivers for MIMO systems in the
case of availability of channel state information (CSI) at both sides of the link. The
chapter authored by D. P. Palomar elaborates on the design of linear precoders
at the transmit side under di�erent optimisation criteria. The third chapter con-
siders the situation in which the transmitter has access to some limited or imper-
fect channel state information. Conventional space-time codes do not need any
channel knowledge at the transmit side, and this is a clear advantage given the
di�culties of acquiring such knowledge, but it may also be a substantial draw-
back since CSI, when available at the transmit side, can be used to improve per-
formance. This chapter, authored by G. J¤ongren et al., develops the concept of
channel-side information-dependent codes. The fourth chapter, authored by M.
Johan and W. Utschick enters into the area of nonlinear transmit processing and
speci�cally considers Tomlinson-Harashima precoding. This technique can be un-
derstood as a generalisation in the transmit side of decision feedback equalisation
in the receiver. The �fth chapter considers the optimisation the di�erent trans-
mission strategies in a multiuser environment. When considering optimisation of
multiuser systems, objective functions can be de�ned based on either global or in-
dividual performance criteria. This chapter, authored by E. A. Jorswieck, motivates
and analyses important representative problems of both classes. The last chapter
of this part concentrates on the design of the appropriate multiplexing schemes in
the presence of MIMO channel matrix ill conditioning. This chapter, authored by
D. Gesbert and J. Akhtar investigates the use of constellation multiplexing in an
attempt to robustify spatial multiplexing schemes.

Network Theory

In this part new theoretical results of multiantenna systems with special emphasis
on network aspects are presented. In order to introduce the topic, MIMO channel
capacity is examined (A. F. Molisch and F. Tufvesson) and validated by measure-
ments. In the third chapter distributed space-time coding techniques are analyzed (S.
Barbarossa et al.). In this connection a shift of paradigm in wireless communica-
tion is taking place, because here cooperation between users is not only accepted,
but even favored. This makes distributed space-time coding an active research area
with a number of very interesting open problems. In the fourth chapter towards a
better understanding of the quality-of-service tradeo� (S. Stanczak and H. Boche)
the geometry of feasible QoS regions is characterized. In particular, the authors
investigated whether the feasible QoS region is a convex set, which is highly bene-
�cial for resource allocation optimization. The problem of feasible QoS regions in
the downlink and uplink of multiantenna systems with a given SINR is surveyed
in the �fth chapter duality theory for uplink and downlink multiuser beamforming
(H. Boche and M. Schubert). The duality between uplink and downlink, which
allows to �nd the downlink optimum by solving an equivalent uplink problem in-
stead, is stated and an optimization strategy for the problem of jointly optimizing
beamformers and transmit power can be derived. In the sixth chapter scheduling in
multiple-antenna multiple-access channel (H. Boche et al.) a scheduler is developed
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xii Preface

based on network stability as one interesting criterion for optimization. To reach
maximal stability a simple weighted sum of rates has to be optimized, which vali-
dates the results from the fourth chapter. As a result it is shown that the problem
can be reduced to a convex problem, when the optimal successive interference can-
cellation (SIC) order is classi�ed. In the appendix of this last chapter (T. Haustein)
the results are implemented and experimental results are presented.

Technology

This part focuses on the real physical elements of a multiantenna transceiver and
their nonidealities. Indeed, these systems operate in real life with physical compo-
nents or supercomponents such as antennas, front-ends, modems, and so forth.
Many of the bene�ts of multiantenna techniques (rate enhancements, more ro-
bust links, etc.) are dependent on the characteristics of these physical compo-
nents. The scope of the part is very broad and encompasses antenna (array) design,
parallel transceivers, analog transceiver nonidealities, emerging air interfaces, and
prototyping issues. The second chapter antenna design for multiantenna systems
(C. Waldschmidt et al.) addresses the impact of the antenna array on the spatial
channel, the link budget, and the capacity. Modelling and design for small pro-
�le antennas are also addressed. The next chapter radio architectures for multiple-
antenna systems (D. Evans) discusses how multiplexing techniques can be used to
share a single transceiver between several antenna branches and, hence, reduce the
complexity of the MIMO transceiver. In the fourth chapter transceiver nonideal-
ities in multiantenna systems (A. Bourdoux and J. Liu) we look at the impact of
analog transceiver nonidealities on MIMO communications. E�ects such as phase
noise, saturation, I-Q imbalance are addressed, and their impact is assessed, tak-
ing MIMO-OFDM as a test case. The �fth chapter multiple antennas for 4G wire-
less systems (F. Horlin et al.) considers a broader class of waveforms, combining
multicarrier and direct-sequence CDMA, and analyzes the combination of these
modulation/multiple access techniques with multiple antenna techniques. Finally,
the last chapter demonstrators and testbeds (A. Burg and M. Rupp) concentrates
on prototyping and provides a classi�cation and overview of MIMO prototypes.
Digital hardware issues, design methodology, and tools are discussed in detail.

Applications and Systems

This last part takes on board two aspects. On the one hand, future applications
of multiantenna techniques in cellular communication systems are discussed. On
the other hand, two examples for multiantenna testbeds, facilitating and validat-
ing the comprehensive design of MIMO-WLAN- and MIMO-UMTS-based sys-
tems, are explained in detail. The second chapter smart antenna solutions for UMTS
(A. Czylwik et al.) addresses downlink beamforming with respect to system-level
aspects; for example, system capacity, system coverage, and electromagnetic emis-
sion. As an extension of the second chapter, the third chapter UMTS link-level
demonstrations with smart antennas (K. Freudenthaler et al.) shows that constraints
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Preface xiii

imposed by standardization complicate the successful exploitation of multianten-
na bene�ts. The purpose of this chapter is to point out several low-complexity
algorithmical approaches aiming for integrated circuit solutions. The fourth chap-
ter MIMO systems for the HSDPA FDD mode UMTS service (A. Pag‘es-Zamora and
M. J. Heikkil¤a) continues with MIMO algorithms for the high-speed downlink
packet access (HSDPA) mode of UMTS. After summarizing HSDPA features rel-
evant for applying multiantenna techniques, various MIMO-HSDPA transceiver
architectures (e.g., space-time transmit diversity, vertical BLAST), and linear dis-
persion codes on the transmitter side and RAKE, reduced maximum likelihood
and turbo space-time decoder typed receivers are discussed and evaluated by sim-
ulations with respect to fading and mobility. The next chapter a MIMO platform
for research and education (T. Kaiser et al.) is focused on enabling the reader to
set up a complete MIMO testbed of his own; it covers the basic testbed concept,
an o�ine, hybrid, and online processing mode as well as selected network topolo-
gies. Moreover, hardware and software for BB and RF processing are highlighted;
for example, module interfacing, digital signal processor (DSP) programming and
�eld programmable gate array (FPGA) synthesis, and project and revision control
software. In the �nal chapter real-time prototyping of broadband MIMO WLAN
systems (M. Wouters and T. Huybrechts) a sophisticated testbed is presented with
special emphasis on analog front-end impairments; for example, phase noise and
ampli�er nonlinearity and their cancellation. Calibration architectures and higher
layer issues are addressed as well; the contribution winds up with an outlook on
further developments.

Thomas Kaiser, Andr·e Bourdoux, Holger Boche, Javier Rodr·�guez Fonollosa,
Jłrgen Bach Andersen, and Wolfgang Utschick

June 2005
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1Introduction

Wolfgang Utschick

Technological progress has recently changed the introduction of multiple anten-
nas at the receiver unit (Rx) of wireless access points and mobile terminals from a
purely theoretical concept to a practical issue in current and future wireless com-
munication systems. The deployment of multiple Rx antennas o�ers an extra spa-
tial dimension which can be exploited by striving for diversity, multiplexing, or
coherence gain in order to increase achievable information rates and reception
quality. The special characteristic of multiple antennas, in addition to simply in-
creasing the dimension of the signal space, is its relation to spatial directivity which
is the linking element to the natural physical environment. Since multiple Rx an-
tennas dramatically increase the number of parameters to be estimated and to be
processed, the design of powerful and e�cient receivers has become a key issue.

In this part, a collection of di�erent receiver processing techniques and para-
digms which are all based on multielement antennas is presented.

The �rst chapter introduces a spatio-temporal interference rejection combining
taking not only the spatial but also the temporal correlation of random variables at
the receiver into account. Such techniques are of interest in cellular systems since
they require few assumptions on the structure of the interference and also can be
used to suppress intersystem interference and adjacent channel interference. An
understanding for when spatio-temporal interference rejection o�ers signi�cant
performance enhancements as compared to spatial interference rejection will be
provided.

The next chapter presents subspace methods for space-time processing which
are based on the invariance of the multipath parameters of the radio channel
translated into the invariance of corresponding spatial and temporal invariant sub-
spaces. The proposed space-time equalization techniques are considered for single
or multiuser block-transmission systems and exploit the stationarity of the spatial
and temporal channel subspaces over the data-blocks.

In multiuser MIMO channel equalization, a space-time matrix modulation
technique is proposed which is then extended to the important cases of rank-
de�cient channels and multiple users. The proposed algorithm permits joint data
detection and channel equalization without knowledge of the symbol alphabet.
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4 Introduction

Special attention is drawn to the e�cient demodulation properties and to the case
of time-variant MIMO multipath channels.

A further chapter is devoted to a new paradigm in joint antenna combining
and multiuser detection which relies on multistage detection and certain properties
of random matrices. It is shown how antenna combining and multiuser detection
can be implemented jointly without the need for matrix multiplications or matrix
inversions.

In synchronization for MIMO systems, the authors consider iterative algo-
rithms for estimating the required parameters for frame synchronization and
phase ambiguity resolution in MIMO systems. A special attention is drawn to al-
gorithms which provide reliable initial conditions for the iterative techniques.

The next chapter is devoted to turbo detection and equalization which relies on
an iterative channel estimation technique and a speci�c algorithm that takes into
account the presence of unknown interference. It is shown that even though the
equalizer�s complexity can be reduced considerably, the proposed algorithms can
achieve almost optimum performance.

In architectures for reference-based and blind multilayer detection, an iterative
combination of a blind source separation algorithm and a successive interference
detection technique together with a reduced complexity technique for the sorted
channel decomposition is proposed. An illustrative description of the basic at-
tempt is given.

Finally, uplink robust adaptive beamforming addresses the problem that in
practical systems the knowledge of the user�s spatial signature is likely to be unreli-
able. State-of-the-art robust adaptive beamforming techniques to overcome spatial
signature mismatches and received data nonstationarity in application to cellular
mobile radio systems are presented.

In robust and reduced rank space-time decision feedback equalization, another
approach to mitigate the troublesome e�ects of unreliable channel state infor-
mation at the receiver is presented. At the same time, a combination of the two
paradigms of robustness and reduced rank signal processing is proposed.

Wolfgang Utschick: Institute for Circuit Theory and Signal Processing, Munich University of Technol-
ogy, 80290 M¤unchen, Germany
Email: utschick@tum.de
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2Spatiotemporal interference
rejection combining

David Ast·ely and Bj¤orn Ottersten

2.1. Introduction

During the last decade, the use of second-generation cellular systems such as GSM
has undergone a rapid growth, and we currently see deployments of third-genera-
tion systems based on CDMA. The success of GSM and the introduction of new
services, such as packet data and video telephony, motivate continuous e�orts to
evolve the systems and to improve performance in terms of capacity, quality, and
throughput.

Receive diversity is commonly used at the base stations in cellular networks
to improve the uplink performance. Relatively simple combining methods have
been used to date. However, as the users eventually compete with each other for
the available spectrum, interference in terms of cochannel interference (CCI), ad-
jacent channel interference (ACI), and possibly also interference between di�erent
systems will be the limiting factor. With this in mind, more sophisticated meth-
ods, that o�er interference suppression, appear attractive and to be a natural step
in the evolution. Further, to improve the downlink, the use of multiple antennas
at the terminal is also of relevance. The recent interest in so-called multiple-input
multiple-output (MIMO) links and their potential gains in many environments
may lead to the development of multiple antenna terminals. The multiple ter-
minal receive antennas can then be used to increase the link performance with
both spatial multiplexing and interference suppression depending on the operat-
ing conditions.

Herein, the problem of spatiotemporal interference rejection combining (IRC)
is addressed. For burst oriented systems such as GSM, we consider the use of a vec-
tor autoregressive (VAR) model to capture both the spatial and temporal correla-
tion of interference such as CCI and ACI. Some technical background and previ-
ous work in the area are �rst presented below and the underlying data model is in-
troduced in Section 2.2. The VAR model is described and examined in Section 2.3.
Two basic metrics for sequence estimation are presented in Section 2.4 in addition
to reduced complexity sequence estimators. Several numerical examples are then
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6 Spatiotemporal interference rejection combining

presented in Section 2.5 and the application to GSM is discussed in Section 2.6.
Spatiotemporal IRC utilizing both spatial and temporal correlation of interference
is of interest also for WCDMA. As outlined in Section 2.7, a di�erent approach not
using a VAR model may then be taken. Some concluding remarks are �nally given
in Section 2.8.

2.1.1. Background and some related work in the literature

In burst oriented TDMA systems such as GSM/EDGE, the modulation and the
time dispersion in the radio channel introduce intersymbol interference (ISI).
Even though ISI can be viewed as a form of interference, it is herein considered as a
part of the signal to be detected. To handle the ISI, a maximum likelihood sequence
estimator (MLSE) [1], or a suboptimum version with lower complexity, such as the
delayed decision feedback sequence estimator (DDFSE) [2], is therefore assumed
to be used. To cope with other forms of disturbance, such as CCI and ACI, in ad-
dition to ISI, there has been renewed interest in the approach taken in [3]. In [3],
interference is modeled as a spatially and temporally colored Gaussian process, and
an MLSE that takes the second-order properties of the CCI into account is derived.
Some related contributions include [4, 5, 6, 7, 8, 9, 10], which utilize a Gaussian
assumption for the CCI to derive an MLSE which may detect the signal in the pres-
ence of ISI and simultaneously suppress CCI. In [3, 5, 10], the sequence estimator
proposed by Ungerboeck in [11] is generalized to the multiple-antenna case. The
resulting structure consists of a multiple-input single-output (MISO) �lter front
end followed by a sequence estimator. The �lter may be viewed as the concatena-
tion of a MIMO whitening �lter and a �lter matched to the whitened channel. The
MLSE proposed by Forney in [1], and generalized to multiple channels and mul-
tiple signals in [12], has been derived for temporally white but spatially colored
noise and studied for CCI rejection, see [4, 7, 13, 8]. Forney�s and Ungerboeck�s
formulations for sequence estimation are equivalent and a uni�cation is presented
in [14].

A suboptimum approach to handle CCI with a MISO �lter and a Forney form
of MLSE is proposed in [15]. Other front-end �lters are considered in [16, 17].
The uni�ed analysis of front-end �lters in [18] includes a Forney form of MLSE,
derivations of optimal �lters of in�nite length, and, based on numerical studies,
guidelines on how to truncate the �lters. In [19], a front-end �lter for a decision
feedback equalizer is used with a DDFSE for joint equalization and interference
suppression.

An MLSE with spatiotemporal IRC accounts also for the temporal correla-
tion of the interference, and in general truncation is needed, both in the front-
end �lter and also in the memory of the sequence estimator. A straightforward
approach is to use a �nite-order linear predictor and to assume that the predic-
tion errors are temporally white and complex Gaussian. This is equivalent to us-
ing a complex Gaussian VAR model. Autoregressive modeling of interference in
single-antenna spread spectrum receivers has been proposed in [20] and a VAR
model is used in [21] to handle spatiotemporally correlated clutter in radar signal
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D. Ast·ely and B. Ottersten 7

processing. In the �eld of blind channel identi�cation from second-order statistics,
linear-prediction-based methods which exploit the simultaneous moving average,
and autoregressive nature of the received signals in the multichannel setting have
been proposed [22, 23, 24]. The use of a VAR model for interference rejection has
also been mentioned in, for example, [16] and investigated in [25, 26]. As will be
seen, with a VAR model, metrics both for Forney and Ungerboeck forms of MLSE
can be derived, which is interesting since a Forney form of sequence estimator may
o�er alternative strategies as compared to the Ungerboeck form when the param-
eters are to be estimated and tracked, see [8, 14].

The prediction error �lter corresponding to the VAR model introduces a �-
nite amount of additional ISI, so that the complexity of the sequence estimator in-
creases exponentially with the amount of temporal correlation accounted for. This
motivates the use of reduced complexity sequence estimators as in [19, 27, 28]. Al-
ternatively, a general sequence estimator such as the generalized Viterbi algorithm
(GVA) [29], which includes the DDFSE as a special case, may be applied.

In direct-sequence code division multiple access (DS-CDMA) systems, such
as WCDMA, RAKE receivers are typically used in time-dispersive radio channels.
To incorporate spatiotemporal IRC in such a receiver structure, an alternative to
the VAR model may be used. Some previous work on this can be found in, for
example, [30, 31, 32]. Similar to the use of a VAR model for burst oriented TDMA
systems such as GSM, we show how both spatial and temporal correlation of the
interference are exploited.

Finally, we note that to handle digitally modulated interference, such as CCI,
the �nite alphabet property may be exploited by means of joint multiuser detec-
tion [12, 33, 34]. The approach considered herein, and referred to as interference
rejection, utilizes only second-order statistics of the interference. This is in gen-
eral inferior to joint detection. On the other hand, joint detection requires the
knowledge of the channels of the interference and not only second-order statis-
tics. An interference rejecting approach is also expected to be more robust if the
�nite alphabet assumption is invalid, for example, due to frequency o�sets, or if
the modulation format of the interference is unknown. Interference rejection may
thus be applicable to a larger class of interfering signals, such as ACI and intersys-
tem interference in addition to CCI, if the second-order moments of the signal of
interest and the interference span su�ciently di�erent spaces.

2.2. Data model

A discrete time model with symbol rate sampling is considered for a quasistation-
ary scenario with time dispersive propagation. A signal of interest is transmitted
with a single antenna, NT = 1. The signals received by NR antennas are modeled as

r[n] =
L1�1�

l=0
h1[l]b1[n� l] + j[n], (2.1)

where r[n] is an NR × 1 vector modeling the received samples, the NR × 1 vector
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8 Spatiotemporal interference rejection combining

h1[l] models the channel between the transmitter and the receive antennas for
a time delay of l samples, b1[n] is the nth transmitted symbol, and j[n] models
noise and interference on the channel. Oversampling with respect to the symbol
rate can be included by treating the di�erent sampling phases as virtual anten-
nas. Properties of one-dimensional signal constellations such as binary phase-shift
keying (BPSK), or minimum shift keying (MSK) de-rotated, can be exploited in a
similar way, see [35], but this is not pursued herein.

Noise and interference are modeled as the sum of signals received from K � 1
interfering users with single transmit antennas and additive noise,

j[n] =
K�

k=2

Lk�1�

l=0
hk[l]bk[n� l] + v[n], (2.2)

where v[n] represents additive white Gaussian noise. The kth interferer transmits
a sequence of symbols, bk[n], and the channel is modeled with Lk symbol spaced
taps denoted hk[l].

A spatiotemporal model for a number of consecutive vector samples is used.
We stack P + 1 consecutive vector samples and de�ne the NR(P + 1) × 1 column
vectors�rP[n],�jP[n], and�vP[n] as

�rP[n] =
�
rT[n] rT[n� 1] • • • rT[n� P]

�T
,

�jP[n] =
�
jT[n] jT[n� 1] • • • jT[n� P]

�T
,

�vP[n] =
�
vT[n] vT[n� 1] • • • vT[n� P]

�T
,

(2.3)

the NR(P + 1)× (L1 + P) matrix HP as

HP =

�

���

h1[0] h1[1] • • • h1[L1 � 1]
. . . . . .

h1[0] h1[1] • • • h1
�
L1 � 1

�

	



� , (2.4)

and form the (p + 1)× 1 column vector �b1[n; p] as

�b1[n; p] =
�
b1[n] b1[n� 1] • • • b1[n� p]

�T
. (2.5)

Further, let �L be the maximum channel length among the interferers,

�L = max
2�k�K

Lk, (2.6)

and de�ne the NR × (K � 1) matrix G[n] as

G[n] =
�
h2[n] • • • hK [n]

�
, (2.7)
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D. Ast·ely and B. Ottersten 9

where hk[l] = 0 for l � Lk. The NR(P + 1) × (K � 1)(�L + P) matrix GP is then
formed as

GP =

�

����

G[0] G[1] • • • G[�L� 1]
. . . . . .

G[0] G[1] • • • G[�L� 1]

	




� , (2.8)

and the (p + 1)(K � 1)× 1 column vector�i[n; p] is de�ned as

�i[n; p] =
�
b2[n] • • • bK [n] b2[n� 1] • • • bK [n� p]

�T
. (2.9)

For model order P, we get from (2.1)

�rP[n] = HP�b1
�
n;L1 + P � 1

�
+�jP[n], (2.10)

where�jP[n] can be written using (2.2) as

�jP[n] = GP�i
�
n; �L + P � 1

�
+�vP[n]. (2.11)

For P = 0, the spatiotemporal model coincides with a space-only model.

2.2.1. Why spatiotemporal interference rejection?

With an antenna array withNR antennas, it is well known that up toNR�1 narrow-
band interferers may be rejected. If the interfering signals have propagated through
channels with time and angle dispersion, several resolvable paths are incident on
the array from each interferer. Each path requires roughly one spatial degree of
freedom, and if the antenna array is large, spatial interference rejection may be suf-
�cient. However, for a small antenna array, this may not be the case. From (2.10)
and (2.11), the observations may be written as

�rP[n] = HP�b1
�
n;L1 + P � 1

�
+ GP�i[n; �L + P � 1] +�vP[n]. (2.12)

If the rank of GP is less than NR(P+1), it is possible to form linear combinations of
the spatiotemporal observations which contain no interference. Then, if the chan-
nel HP is not completely in the space spanned by the columns of GP , these linear
combinations will contain a signal part for estimating the desired data. Consid-
ering the random nature of the radio channel, the latter condition appears to be
relatively mild, at least for deployments with low fading correlation. Further, a suf-
�cient condition for GP to have rank less than NR(P + 1) is that GP is a tall matrix,
that is, the number of rows is greater than the number of columns,

NR(P + 1) > (K � 1)

�L + P

�
. (2.13)
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10 Spatiotemporal interference rejection combining

As long as �L is �nite and K � 1 < NR, this inequality may be satis�ed with P su�-
ciently large. Thus, we expect large gains for spatiotemporal interference rejection
(P > 0) as compared to space-only interference rejection (P = 0) in interference
limited scenarios when the rank of G0 is NR due to time dispersion and angular
spread of the CCI. Joint space-time processing then requires fewer antennas, or
channels, compared to space-only processing to achieve comparable interference
rejection. Important applications include two-branch spatial or polarization di-
versity, for example, in mobile terminals [13].

Finally, note that the subspace for interference rejection can be determined
from the second-order statistics of the interference only, and that this is done im-
plicitly when the parameters of the VAR model introduced below in Section 2.3 are
calculated. Thus, interference rejection only requires knowledge of second-order
statistics, which in practice requires few assumptions on the interference and is
easier to estimate than the channels and modulation formats of the interfering
transmitters.

2.3. Autoregressive modeling of interference

To reject time dispersive interference with a sequence estimator which handles
both ISI and temporally correlated interference, one may, as mentioned in the
introduction, use Ungerboeck�s formulation in [3, 10, 14]. By considering the un-
derlying structure of the interference in (2.2), it can be seen that in the general
case, the front-end �lters to generate statistics for a sequence estimator as well
as the memory of the sequence estimator need to be truncated, see also [18].
Herein, a di�erent truncation approach is taken in the sense that a measurement
model with a suitable structure is assumed. This formulation also reveals how
temporally correlated CCI may be included in Forney�s form of the sequence esti-
mator.

A straightforward way to handle the temporal correlation of the interference
is to use the prediction error �lter associated with a Pth-order linear predictor.
The order of the predictor, P, is a design parameter which also controls the ad-
ditional amount of ISI introduced. By choosing the model order high enough,
we also expect the prediction error �lter to be able to temporally whiten any sta-
tionary process [36]. Furthermore, for an autoregressive process, the best linear
predictor is of �nite order. Thus, the �nite-order prediction error �lter is the true
whitening �lter of some autoregressive process. We also note that methods based
on linear prediction have been developed for blind channel identi�cation from
second-order statistics. Such methods may exploit the simultaneous moving aver-
age and autoregressive nature of the signals in the multichannel case [22, 23, 24].
In fact, with zero thermal noise and �nite channel lengths, the CCI in (2.2) may be
modeled with a �nite-order autoregressive model. Conditions for this to hold may
be found in, for example, [22, 23]. One condition is that the number of interferers
is strictly less than the number of antennas, K � 1 < NR. Thus, in interference-
limited scenarios, with negligible thermal noise, the use of an autoregressive model
appears to be very suitable indeed.
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It should be stressed that a VAR model for the interference and noise is an
approximation which in general does not agree with the underlying signal model
introduced in (2.2). However, by adjusting the model order, it may perform suf-
�cient whitening and it integrates in a straightforward way with a sequence es-
timator. We therefore formulate the measurement model. The Pth-order linear
predictor of j[n] is modeled as

�j[n | n� 1, . . . ,n� P] = �
P�

p=1
AP

pj[n� p], (2.14)

and the corresponding prediction error is

eP[n] = j[n]��j[n | n� 1, . . . ,n� P] = W


AP

��jP[n], (2.15)

where the prediction error �lter W (AP) is de�ned as

W


AP

�
=

�
INR AP

1 AP
2 • • • AP

P

�
. (2.16)

The covariance of the prediction error, denoted QP , may then be written as

QP = E
�
eP[n]e�P [n]

�
= W



AP

�
RPW�


AP
�
, (2.17)

where

RP = E
��jP[n]�j�P [n]

�
, (2.18)

and the expectation is evaluated with respect to the interfering data symbols mod-
eled as independent sequences. If the coe�cients of the Pth-order linear predictor
are chosen so that the prediction error is orthogonal to j[n� 1], . . . , j[n� P], then
the expected squared value of any component of eP[n] is minimized according to
the orthogonality principle [36]. The orthogonality principle is used for the pre-
dictor of each of the NR components of eP[n], and in this way, a set of equations is
obtained which may be written as

R j j[l] +
P�

p=1
AP

pR j j[l � p] =

�
�

�
QP l = 0,
0 1 � l � P,

(2.19)

where

R j j[l] = E
�
j[n]j�[n� l]

�
. (2.20)

The equations are known as the Yule-Walker equations, and for P > 0, they may
also be written in matrix form as

�
INR AP

1 AP
2 • • • AP

P

�
RP =

�
QP 0NR×PNR

�
. (2.21)
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12 Spatiotemporal interference rejection combining

Indeed, the solution minimizes the trace of QP , the sum of the mean squared pre-
diction errors. Furthermore, the modeling assumption made is that the prediction
error of the Pth-order linear predictor is a temporally white, complex Gaussian pro-
cess,

E
�
eP[n]e�P [n� k]

�
=

�
�

�
QP k = 0,
0 k �= 0.

(2.22)

Thus, it is assumed that the interference may be temporally whitened with a Pth-
order linear predictor, and it is further assumed that the prediction errors are
complex Gaussian. The Gaussian assumption is not motivated by the law of large
numbers, but primarily because the solution to the sequence estimation problem
is easily obtained. The choice P = 0 will be referred to as space-only IRC, and
such a modeling assumption has been previously made to derive detectors in, for
example, [4, 7, 8]. We next consider the linear predictor for some special cases.

(i) With spatially and temporally white noise, RP is a diagonal matrix, and
the solution to the Yule-Walker equations is

W


AP

�
=

�
INR 0NR×PNR

�
. (2.23)

The solution corresponds in this case to space-only processing with maximum
ratio combining.

(ii) We consider the case with negligible thermal noise, with �vP = 0 in (2.11).
For independent temporally white symbol sequences, the linear predictor is then
determined as the minimum norm solution to

W


AP

�
GPG�

P =
�
QP 0NR×PNR

�
. (2.24)

Suppose that the received signal is �rst �ltered with the prediction error �lter. If
the covariance matrix of the �ltered interference, QP , is singular, then the �ltered
interference is con�ned to a subspace and may be rejected by spatial �ltering in a
second step. Using the structure of GP in (2.8), it can be shown that the rank of QP
cannot increase with P, see [25] for details. If G0 has rank less than NR, then QP is
singular for all P. Otherwise, we increase P until GPG�

P is singular but GP�1G�
P�1

is not. Then, as shown in [25],

det


GPG�

P
�
= det



QP

�
det



GP�1G�

P�1
�
, (2.25)

from which we see that QP is low rank. Thus, for complete interference rejection
in the noiseless case, P should be chosen so that GPG�

P is singular. Note that as P
is increased, GP will eventually be a tall matrix if �L is �nite and K � 1 < NR so that
GPG�

P is singular. This agrees with the discussion in Section 2.2.1.
(iii) We �nally consider the case with high signal to noise ratio (SNR) and

assume that

RP = GPG�
P + �2INR(P+1), (2.26)
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D. Ast·ely and B. Ottersten 13

where �2 is the noise power, and that GPG�
P has low rank. In [25], it is argued that

the signal to interference and noise ratio (SINR), after �ltering the received signal
with the prediction error �lter and whitening it with Q�1/2

P , is proportional to 1/�2

as �2 � 0 under mild conditions. Thus, the SINR grows as the noise vanishes.
For the case K � 1 < NR it is possible to reject all CCI given that the VAR

model order P is chosen so that GPG�
P is low rank.

2.4. Sequence estimation

Consider the received signal �ltered with the prediction error �lter for a VAR
model of order P. By combining (2.10) and (2.15) we obtain

z[n] = W


AP

�
�rP[n] = FP�b1

�
n;L1 + P � 1

�
+ eP[n], (2.27)

where the NR × (L1 + P) matrix FP is de�ned as

FP = W


AP

�
HP =

�
f[0] f[1] • • • f

�
L1 + P � 1

��
, (2.28)

and represents the concatenated response of the prediction error �lter and the
channel for the signal of interest. Recall that the prediction errors, eP[n], are mod-
eled as temporally white, spatially colored complex Gaussian samples, (2.22). The
underlying process is in general not a Gaussian VAR process, and the prediction
error �lter is therefore an approximate whitening �lter. Using the assumed tem-
poral whiteness and neglecting terms that do not depend on the transmitted data,
the maximum likelihood estimate of the data sequence is

��b1[n]
�
= arg min

{b1[n]}

�

n

��Q�1/2
P



W



AP

�
�rP(n)� FP�b1

�
n;L1 + P � 1

����2
2. (2.29)

This form of sequence estimator is referred to as the Forney form after [1], see also
[14]. To �nd the estimate, the minimization is to be carried out over all possible
transmitted sequences with symbols from a �nite alphabet. As is well known, the
Viterbi algorithm with a memory of L1 +P� 1 symbols can be used. With a binary
symbol alphabet, the number of states in the trellis is 2L1+P�1. Thus, the complex-
ity grows exponentially with the model order P corresponding to the amount of
temporal correlation accounted for.

As shown in [10, 11, 14], the sequence estimator may also be implemented
with a matched MISO space-time �lter followed by an MLSE operating on a scalar
signal. This form of the sequence estimator is referred to as the Ungerboeck form.
It can be shown, following [14], that the sequence estimate of (2.29) may also be
written as

��b1[n]
�
= arg max

{b1[n]}

�

n
Re

�
b�1 [n]



z[n]� sP�b1

�
n;L1 + P � 1

���
, (2.30)
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14 Spatiotemporal interference rejection combining

where z[n] is obtained by �ltering z[n] with a MISO �lter as

z[n] =
L1+P�1�

l=0
f�[l]Q�1

P z[n + l]. (2.31)

In turn, z[n] is obtained by �ltering the received signal with the prediction error
�lter, see (2.27). The statistic for the sequence estimator, z[n], is thus obtained by
�ltering the received signal r[n] with a MISO �lter. The 1 × (L1 + P) vector sP is
de�ned as

sP =
�1

2
s0 s1 • • • sL1+P�1

�
, (2.32)

with

sk =
L1+P�1�k�

l=0
f�[l]Q�1

P f[l + k]. (2.33)

The Forney form presented in (2.29) and the Ungerboeck form in (2.30) are equiv-
alent if the full trellis is used. However, when reduced complexity sequence esti-
mators are used, the two forms show di�erent performance, see also [37] and the
two last examples in Section 2.5.

2.4.1. Reduced complexity sequence estimation

Performance may be signi�cantly improved by accounting also for the temporal
correlation of the interference. The cost for this is an exponential increase in com-
plexity of the sequence estimator. Therefore, it is of interest to consider reduced
complexity detectors such as the GVA of [29]. The GVA uses as state, or label, the
last µ � L1 + P � 1 symbols of each survivor sequence. For simplicity, only binary
alphabets are considered. There are then 2µ states in the trellis, and in each state,
S � 1 survivors are retained. The GVA can be described as follows.

(1) At time n� 1 there are S survivors for each of the 2µ labels.
(2) At time n all survivors with the two possible symbols extend to form can-

didates. Calculate in a recursive way the metric for each candidate. These S2µ+1

candidates are classi�ed according to their labels, the last µ symbols, into 2µ lists.
(3) If several candidates in each list have the same last L1 +P�1 symbols, keep

only the candidate with the best metric. This is known as path merge elimination.
(4) From each of the 2µ lists, select the S candidates with the best metric. They

will form the survivors at time n.
For µ = 0, the GVA coincides with the M-algorithm [38], and for µ < L1+P�1,

S = 1, it coincides with the DDFSE in [2]. The full MLSE implemented with the
conventional Viterbi algorithm is obtained with µ = L1 +P� 1, S = 1. If S > 1, the
GVA selects the S candidates with the best metric from a list with 2S candidates.
Thus, since the M-algorithm requires ordering of the survivors, it has a higher
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complexity than the DDFSE. The DDFSE only needs to �nd the survivor with the
best metric.

We also discuss the choice of metric. For the Forney form in (2.29), the analy-
sis of the single antenna case,NR = 1, of the DDFSE in, for example, [2] shows that
most of the energy must be concentrated in the �rst taps for best performance. It
is thus desirable that the channel is minimum phase. In a fading environment, the
phase of the channel varies and an alternative is to use the Ungerboeck form in
(2.30) together with the DDFSE as proposed in [28, 37]. The Ungerboeck form is
not dependent on the phase of the channel. On the other hand, it may be limited
by ISI, which can introduce an error �oor [37].

2.5. Numerical examples

Simulations were done to illustrate the performance in terms of bit error rate
(BER) of space-only and spatiotemporal IRC. The �rst examples illustrate how
performance is improved with increasing model order P at the cost of higher com-
plexity when a full MLSE is used. Then, some further examples show that similar
gains can be obtained using reduced complexity sequence estimators. Thus, noise
sensitivity can be traded for interference rejecting capability by increasing P while
keeping the complexity roughly the same. Herein, the cost for calculating the met-
ric is neglected and the number of retained survivors in the trellis is used as a
measure of complexity.

Data was transmitted in bursts of 200 bits. The channel was stationary during
each burst but generated independently from burst to burst. The fading of the an-
tennas was uncorrelated and the channels between a transmitter and each receive
antenna had the same power delay pro�le with a number of symbol spaced rays
with the same average strength. Temporally and spatially white Gaussian noise was
added.

First, two receive antennas were used and a single cochannel interferer was
present. The SNR per antenna was 10 dB and the channels were modeled with two
rays, L1 = L2 = 2. The BER as a function of signal to interference ratio (SIR) per
antenna is shown in Figure 2.1 using a full MLSE. There are not enough degrees of
freedom to reject the time-dispersive interferer with space-only processing, P = 0.
By increasing P, the interference may be e�ectively suppressed.

Recall that as the noise vanishes, the SINR after the prediction error �lter
grows linearly with the inverse noise power given that K � 1 < NR and that P is
su�ciently large. To illustrate this, a case with two antennas and one interferer
with the same SNR as the signal of interest is considered. The average BER as a
function of SNR is displayed in Figure 2.2. For P = 0, the interference spans the
entire space, and as the noise vanishes, performance is limited by CCI. For P > 0,
the BER decreases as the noise vanishes. Performance without CCI is also included.

The two previous examples demonstrated the advantage of spatiotemporal
processing over space-only processing since G0 spans the whole space whereas the
columns of G1 only span a subspace. Performance also depends on the structure
of the disturbance, and in the next example the number of interferers was varied.
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16 Spatiotemporal interference rejection combining

P = 0
P = 1

P = 2
P = 3
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Figure 2.1. Two antennas and one interferer. Two uncorrelated taps of equal average power. The SNR
is 10 dB. Full MLSE.

P = 0, SIR 0 dB
P = 1, SIR 0 dB
P = 2, SIR 0 dB

P = 3, SIR 0 dB
P = 0, no CCI
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Figure 2.2. Two antennas, one interferer, and channels with two taps of equal power. The SIR is 0 dB.
The performance with no interferer is also included. Full MLSE.

All channels were modeled with two taps, and the results are plotted in Figure 2.3
for P = 0, 3 and K = 1, 2, 3. The SNR was 20 dB for the cases with CCI. With no
CCI, the SINR is equal to the SNR, and, as can be seen, spatiotemporal processing
is equivalent with space-only processing. For one interferer, the interference con-
tribution is con�ned to a subspace for P large enough. For two interferers of equal
power, there is still gain with spatiotemporal processing, but since the interference
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P = 0, no interferer
P = 3, no interferer
P = 0, one interferer

P = 3, one interferer
P = 0, two interferers
P = 3, two interferers

�6 �4 �2 0 2 4 6 8
SINR (dB)
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10�1

100

BE
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Figure 2.3. Two antennas, di�erent number of interferers, and two tap channels. For the cases with
interferers, the SNR is 20 dB and the SIR is varied. For the case with no interference, the SINR equals
the SNR, which is varied. Full MLSE.

is not con�ned to a subspace no matter how large P is made, the gain is smaller
than for the case with one interferer.

We now consider an example with reduced complexity sequence estimators.
The signal of interest had three taps, L1 = 3, and the two interferers had L2 = 2
and L3 = 3 taps. Four antennas were used and in Figure 2.4, the performance
for di�erent P is shown. The SIR was �10 dB and the SNR was 9 dB at each an-
tenna. The complexity was constrained so that the sequence estimators retained
four survivors except for the full MLSE with complexity increasing with P. From
Figure 2.4, we see that by retaining fewer paths in the sequence estimator, spa-
tiotemporal processing may be used to reject interference without an exponential
increase in complexity. For the Forney form, it can be seen that the M-algorithm,
µ = 0, is preferable.

Another example with two antennas and one interferer was considered. The
channels for both the signal of interest and the interferer were modeled with L1 =
L2 = 2 taps. The SIR was 0 dB and the results are plotted as a function of SNR in
Figure 2.5. As can be seen, the performance of the M-algorithm with the Unger-
boeck metric degrades at high SNR. An explanation for this may be found in [37];
the accumulated metric will not account for anticausal ISI if the trellis is reduced.
This means that ISI may limit the performance, see [37], for a remedy.

2.6. Interference rejection combining for GSM

The increasing speech and data tra�c in today�s GSM networks motivates the
study of techniques such as IRC. The study in [39] demonstrates that the system
capacity can be increased by about 50% in a tightly planned GSM network by using
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18 Spatiotemporal interference rejection combining

Forney, DDFSE (µ = 2, S = 1)
Ungerboeck, DDFSE (µ = 2, S = 1)
Forney, M-algorithm (µ = 0, S = 4)

Ungerboeck, M-algorithm (µ = 0, S = 4)
MLSE (µ = 2 + P, S = 1)
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Figure 2.4. Four antennas, two interferers, and all algorithms retain four survivors except for the
MLSE, which uses 22+P survivors. The SNR is 9 dB, the SIR is �10 dB.
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Figure 2.5. Two antennas and one interferer. All algorithms retain two survivors except for the P = 4
MLSE, which retains 32 survivors. The SIR is 0 dB.

a simple form of space-only IRC at the base stations. The gain depends to a large
extent on the uplink-downlink balance of the system. If the balance is neglected
and only the uplink is considered, the results indicate that the uplink capacity may
be increased by up to 150%. Downlink improvements by means of IRC have also
received much interest lately [40]. In fact, as outlined in [17, 40], IRC can be em-
ployed even with a single receive antenna.
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For the actual implementation of spatiotemporal IRC, several aspects have to
be considered. Functionality is of course required to cope with imperfections en-
countered in the down conversion to digital baseband such as DC and frequency
o�sets. Algorithms developed for white interference and noise may need to be
revisited, as is done for burst synchronization in [41]. When it comes to estimat-
ing the parameters required by the sequence detector, we note that there are several
challenges. Although the channel may perhaps be regarded as time-invariant dur-
ing the burst, signi�cant changes in the interference may occur during the trans-
mission of a burst if the network is not burst synchronized. On the other hand, if
the network is synchronized, the correlation between training sequences used in
di�erent cells may require some care, for example, planning as well as joint detec-
tion and estimation of the channels of the interferers.

The number of parameters to estimate grows with the chosen model order
P, see also [25, 26], and estimation errors may degrade performance signi�cantly.
Iterating between parameter estimation and data detection may be an alternative.
The simulation study in [42] shows that performance may be signi�cantly im-
proved in this way, and that performance of a linear receiver may be better than
an MLSE structure, especially in the presence of estimation errors and time vari-
ations. Another possibility is to adapt the model order to the instantaneous inter-
ference scenario. Ungerboeck�s formulation could be considered as a starting point
since it can be trained in a di�erent way, see also [3, 8, 14]. Another approach is
to utilize the structure of the interference. This is done in [43] to improve the esti-
mates of the parameters of the VAR model and in [44] to construct a zero-forcing
front-end �lter.

2.6.1. Experimental results

Data collected with a testbed for the air interface of a DCS 1800 base station was
processed. A dual polarized sector antenna was mounted on the roof of a building
40 meters above ground, and the environment was suburban with 2�6 �oor build-
ings. One mobile transmitter and one interferer were present on the air simulta-
neously. The angular separation between the two transmitters was small and never
exceeded ten degrees. The average distance to the mobile transmitter of interest
was about one kilometer, and the distance to the interferer was about 500 meters.
The SNR was high, both transmitters traveled at speeds 0�50 km/h and there was
typically no line-of-sight between the transmitters and the receiving dual polarized
antenna.

Results from processing 20000 data bursts are shown in Figure 2.6. Both trans-
mitters were synchronized so that the bursts overlapped completely. The 26 bit
long training sequence was used to estimate the parameters required for the se-
quence detector. An unstructured approach was taken in the sense that FP and
W (AP) were estimated from a least squares �t and the covariance matrix of the
residuals was used as an estimate of QP , see also [26]. Burst synchronization was
done as described in [41].
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Figure 2.6. Experimental data, dual polarized sector antenna, NR = 2, and one interferer.

As can be seen from Figure 2.6, a gain of 3�5 dB was observed at BER between
1% and 10% for spatiotemporal IRC as compared to space-only IRC. The time dis-
persion was probably small, and this may explain the modest gains, as compared
to the very large gains demonstrated in the simulations when spatiotemporal in-
terference rejection was compared to space-only interference rejection.

2.7. Interference rejection combining for WCDMA

Third-generation systems based on wideband code division multiple access
(WCDMA) are currently being deployed around the world [45]. System perfor-
mance in terms of coverage and capacity is a�ected by interference, and it is there-
fore of interest to consider advanced receiver algorithms that o�er interference
rejection. In addition to multiple access interference from other users operating
on the same frequency band, there can be other terms of interference, referred
to herein as external interference (EI). Examples of EI include ACI from adjacent
carriers including the TDD mode and other communication systems as well as
interference from narrowband communication systems operating in the same fre-
quency band or causing intermodulation products. EI may in principle a�ect the
coverage and capacity already at low loads, and it can therefore be of interest to
consider interference rejection already at an early stage of system deployment.

Sequence estimators are typically used in GSM/EDGE to handle ISI, and the
use of a VAR model as described in the previous sections represents a possible
way to evolve such a receiver structure to include spatiotemporal IRC. The FDD
mode of WCDMA is based on DS-CDMA with long aperiodic spreading codes
and commonly RAKE receivers are used to handle time dispersive radio channels.
The basic receiver structure thus di�ers from GSM/EDGE, and the approach taken
herein to spatiotemporal IRC for WCDMA is therefore di�erent as well. Common
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for the two cases is that both spatial and temporal correlations of the interference
are exploited in a conventional receiver structure. The present section is thus a
complement to the previous sections outlining a possible approach for WCDMA.

Commonly, a RAKE receiver with a limited number of �ngers is used in
WCDMA. A delay is associated with each �nger, and the receiver will for each
�nger despread the received signal by correlating it with the spreading waveform
appropriately delayed [30, 31, 32, 45]. We assume that F delay estimates are used
and that the signals received by all antennas are despread for each �nger. The NR
despread samples associated with �nger f for symbol n may then be modeled as

z f [n] = h f b[n] + j f [n], (2.34)

where h f represents the channels of �nger f , b[n] models the transmitted symbol,
and j f [n] is despread interference and noise. We de�ne the NRF × 1 vectors�z[n],
�h, and�j[n], as

�z[n] =
�
zT1 [n] zT2 [n] • • • zTF [n]

�T
,

�h =
�
hT

1 hT
2 • • • hT

F

�T
,

�j[n] =
�
jT1 [n] jT2 [n] • • • jTF [n]

�T
,

(2.35)

and de�ne the covariance matrix of the despread noise and interference Q as

Q = E
�
�z[n]�z�[n]

�
. (2.36)

The expectation is evaluated with respect to the interfering data symbols and
scrambling codes which are modeled as sequences of independent QPSK symbols.
Further details on this data model, including expressions for the covariance ma-
trix and the resulting channel, may be found in [31] for the downlink with a single
antenna and for the uplink with multiple antennas in [30, 32]. The RAKE receiver
forms a decision variable as

�b[n] = �w��z[n], (2.37)

from which the transmitted symbol and bits may be detected. The conventional
RAKE receiver assumes that the despread noise and interference of di�erent �ngers
is uncorrelated. Combining weights can then be expressed as

�w =


Q� INRF

��1�h, (2.38)
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where � denotes the element-by-element matrix product. Further, a space-only
IRC RAKE, as described in, for example, [30, 45], assumes that the covariance
matrix is block diagonal. Only the spatial correlation of noise and interference is
then handled. However, narrowband interference and interfering wideband sig-
nals that have propagated through multipath channels cause temporal correlation
in the sense that the despread interference and noise of �ngers with di�erent de-
lays is correlated. A RAKE receiver with spatiotemporal IRC will determine the
combining weights as

�wIRC = Q�1�h. (2.39)

As demonstrated in [30], large gains as compared to space-only interference re-
jection and conventional RAKE combining may be obtained for rejection of EI in
the uplink, especially for cases with wideband EI when there are not enough spa-
tial degrees of freedom. In this case, a similar behavior to that in Figure 2.1 can
be observed. In the downlink, the orthogonality between the spreading codes of
di�erent channels is destroyed and the despread interference of di�erent channels
�ngers is correlated in time dispersive multipath channels. Signi�cant gains may
then be obtained with a single-antenna generalized RAKE receiver as shown in
[31]. Another interesting observation is that in the case of temporally correlated
interference, it is advantageous to use more �ngers than there are resolvable rays
in the channel.

2.8. Concluding remarks

Spatiotemporal interference rejection combining for burst oriented systems such
as GSM was considered, and an autoregressive model was introduced to capture
both the spatial and temporal correlation of the interference. We saw that complete
interference rejection is possible if the number of interferers is less than the num-
ber of antennas and the model order is chosen so that the interference is con�ned
to a subspace in the spatiotemporal model formulated. The interference model was
then incorporated into a maximum likelihood sequence estimator and two metrics
were presented. Numerical examples demonstrated signi�cant performance gains
compared to space-only processing in interference-limited scenarios at the cost of
an exponential increase in complexity of the sequence estimator. Therefore, re-
duced complexity sequence estimators were introduced, and numerical examples
illustrated that noise sensitivity can be traded for improved interference rejection
capabilities. Thus, spatiotemporal interference rejection can be performed with
roughly the same order of complexity as space-only interference rejection. For
GSM, we also showed some experimental results and discussed implementation
aspects, such as estimation of the parameters for the detector, see also [42, 44].

Finally, we also outlined interference rejection combining for WCDMA. In
this case, the conventional RAKE receiver may be generalized to account for spa-
tially and temporally correlated interference.
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Abbreviations

BER Bit error rate
BPSK Binary phase-shift keying
CDMA Code division multiple access
DCS Digital cellular system
DDFSE Delayed decision-feedback sequence estimator
DS-CDMA Direct-sequence code division multiple access
EDGE Enhanced data for global evolution
FDD Frequency division duplex
GSM Global system for mobile communications
GVA Generalized Viterbi algorithm
IRC Interference rejection combining
ISI Intersymbol interference
MIMO Multi-input multi-output
MISO Multiple-input single-output
MSK Minimum shift keying
QPSK Quadrature phase-shift keying
SIR Signal-to-interference ratio
SNR Signal-to-interference and noise ratio
TDMA Time division multiple access
VAR Vector autoregressive
WCDMA Wideband code-division multiple access
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3Subspace methods for space-time
processing

M. Nicoli and U. Spagnolini

In wireless communication systems, where the space-time propagation channel is
time-varying, block-by-block transmission is adopted and training symbols are
inserted in each block to allow the estimation of the changing channel. The accu-
racy of the training-based estimate, usually performed on a block-by-block basis,
is known to depend on the ratio between the number of channel unknowns and
the number of pilot symbols within the block. As the reliability of channel state
information is critical in space-time receivers, methods have been widely investi-
gated in the last years to improve the channel estimate accuracy, such as paramet-
ric approaches to reduce the number of relevant channel parameters or decision-
based iterative techniques to extend the training set with hard- or soft-valued data
symbols. In the sequel we propose subspace-based methods that exploit both ap-
proaches and are designed for the estimation of a single-input multiple-output
(SIMO) channel between a single-antenna mobile transmitter and a multiple-
antenna receiver.

Two di�erent approaches can be identi�ed in the literature for parametric
estimation of the multipath channel: structured methods for angle and delay es-
timation [1, 2, 3] and unstructured reduced-rank (RR) techniques [4, 5, 6, 7, 8].
Here we focus on the RR approach as it is the preferred one in terms of computa-
tional complexity and stability. RR methods parameterize the space-time channel
in terms of unstructured low-rank matrices whose column space equals the sub-
space spanned by the spatial and/or temporal signatures of the multipath compo-
nents of the channel. These subspaces, here referred to as the spatial and temporal
subspaces, can be related either to instantaneous-fading parameters of the channel
(short-term subspaces) or to slowly-varying features only (long-term subspaces).
In the �rst case the channel estimate is derived by single-block processing (SB, sub-
space methods [4, 8]), while the second case multiblock observations are required
(MB, subspace methods [9]).

The MB approach is based on the recognition that in mobile wireless systems
the multipath channel is characterized by fast-varying features, such as fading am-
plitudes (that change from block to block), and slowly-varying parameters, such
as second-order statistics of fading, delays, and angles (that can be considered as
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constant over a large number of blocks). In subspace methods the quasistation-
arity of the above-mentioned parameters is converted into the invariance of the
corresponding spatial-temporal channel subspaces. The latter are estimated from
multiple blocks, while the fast-varying parameters are obtained on a block-by-
block basis. As the accuracy of the estimate of the subspaces increases with the
number of blocks, the parameters that a�ect the variance of the overall channel
estimate reduces asymptotically to the fast-varying features only. This leads to a
signi�cant reduction of the number of parameters which is particularly relevant
in radio environments where the angle-delay spread is small compared to the sys-
tem resolution.

Further improvements of the estimate accuracy are obtained by extending the
training set with hard- or soft-valued data symbols. This is feasible in iterative
receivers where information symbols detected in previous iterations can be fed
back to the channel estimator and used as additional known data. It is well known
how soft decisions can be more e�ective than the hard ones, as soft information
allows to account for the reliability of the estimate and thus to avoid the error
propagation e�ects that usually arise in decision feedback. Focusing therefore on
soft-iterative receivers [10] where a priori information on the information-bearing
symbols are available at the channel estimator, we propose a new version of the
MB subspace method that exploits both training and soft-valued data symbols.
For perfect a priori information (i.e., at convergence of the iterative approach),
the accuracy of the estimate is the same that would be obtained from an entire
block of training symbols.

In closing this introduction, we remark that all the SB and MB subspace meth-
ods proposed in this section (either training- or decision-based) are su�ciently
general to be adopted in any block-based transmission system (such as TDMA,
CDMA, OFDM, or hybrid TD-CDMA, multicarrier CDMA, etc.), with single or
multiple antennas at the transmitter and receiver (e.g., SISO, SIMO, or MIMO).
The presentation here is carried out at �rst for the uplink of a TDMA SIMO sys-
tem, as this is the most intuitive case. An application to time-slotted CDMA sys-
tems, such as the third-generation TD-SCDMA mobile standards [11, 12], is pro-
posed in the �nal part of the section. The extension to OFDM systems can be
found in [13].

3.1. System description and problem formulation

3.1.1. Signal model

We consider a block-based transmission system where a mobile terminal trans-
mits data blocks by a single-antenna transmitter to a multiple-antenna receiver
through a frequency-selective fading channel. As routinely employed, each block
includes a known training sequence to be used for channel estimation purposes
(Figure 3.1).

A discrete-time baseband model for the signals received within each block is
derived by sampling at the symbol rate 1/T the output of a matched �lter at each
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Block 1 Block 2 • • • Block � • • • Block L� 1 Block L

Training sequence Data symbols

W � 1 Zt Zs

Figure 3.1. Block-by-block transmission system.

of the N receiving antennas. The N × 1 resulting signal is

r(i; �) = H(�)s(i; �) + v(i; �), (3.1)

where s(i; �)= [s(i; �) s(i� 1; �) • • • s(i�W + 1; �)]T collectsW transmitted
symbols, s(i; �) denotes the ith (either training or information) complex-valued
symbol within the �th block, chosen from a �nite alphabet set. As illustrated in
Figure 3.1, the sequence transmitted within the block contains Zt +W � 1 known
training symbols (for i = �W + 1, . . . ,Zt � 1) and Zs data symbols (for i =
Zt, . . . ,Zs + Zt � 1). The N × 1 additive noise vector v(i; �) � NC(0, Q) is assumed
to be temporally uncorrelated but spatially correlated (to account for cochannel
interference) with correlation function

E
�
v(i; �)vH(i� k; � �m)

�
= �(k)�(m)Q, (3.2)

where Q denotes the unknown spatial-covariance matrix. The latter is positive
de�nite, its diagonal entries [Q]n,n = �2

v for n = 1, . . . ,N represent the noise power
at each antenna element.

The N ×W space-time matrix H(�) describes the discrete-time channel im-
pulse response for the SIMO link. It accounts for the array response, the e�ects of
path fading, the symbol waveform used for transmission, and the matched �lter at
the receiver. Though H(�) is generally time-varying, in many practical situations
its variations within the block interval can be neglected as the block duration is
selected shorter than the channel coherence time. Therefore, we can reasonably
approximate H(�) as invariant within the block but varying from block to block
(block-fading channel).

This section is focused on the following topics: estimation of the channels
{H(�)}L�=1 and the noise covariance matrix Q from the training signals received
in L di�erent blocks, by exploiting the knowledge of the transmitted symbols
{s(i; �)}; detection of the information-bearing symbols {s(i; �)} contained in the
data �elds of each block, by using the estimate of the channel responses. Chan-
nel estimation is performed by exploiting structural properties of the multipath
propagation that are described below.
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3.1.2. Algebraic structure of the channel

According to the multipath model for propagation, H(�) is modelled as the super-
position of P paths, the ith path being characterized by direction of arrival �i, delay
�i, and complex-valued amplitude �i(�). As discussed in [9], in practical systems
the variations of angles and delays stay below the receiver angular-temporal resolu-
tion for several blocks, thus the pair {�i, �i} can be reasonably assumed as constant
for L � 1 blocks (the value of L depends on the terminal speed and multipath
geometry). On the other hand, the fading amplitude �i(�) is fast varying and it
randomly changes from block to block due to the terminal mobility. According to
these assumptions the channel matrix can be written as

H(�) =
P�

p=1
�p(�)a



�p

�
gT


�p
�
= AD(�)GT, (3.3)

where the W × 1 real-valued vector

g


�p

�
=

�
g


� �p

�
g


T � �p

�
• • • g



(W � 1)T � �p

��T
(3.4)

contains samples of the delayed waveform g(�), that represents the convolution
between the transmitter and receiver �lters. The complex-valued vector a(�p) =
[a1(�p) • • • aN (�p)]T denotes the N × 1 array response to a plane-wave im-
pinging from the direction �p. For instance, for a uniform linear array of half-
wavelength-spaced omnidirectional antennas, the entries of a(�p) are an(�p) =
exp(� j�(n � 1) sin �p) [14]. By collecting the set of P temporal/spatial vectors
into the temporal/spatial matrices

G =
�
g


�1

�
• • • g



�P

��
,

A =
�
a


�1

�
• • • a



�P

��
,

(3.5)

the multipath formulation for the space-time channel matrix simpli�es as indi-
cated in the third member of (3.3), where D(�) = diag[�1(�), . . . ,�P(�)] embodies
the fading amplitudes. The latter are assumed to follow the WSSUS [15] model
and to be uncorrelated from block to block:

C�(m) = E
�
D(� + m)DH(�)

�
= �(m) diag

�
�2

1 , . . . , �2
P
�

(3.6)

(see [9] for the generalization to correlated fading).
In order to avoid the computationally expensive estimation of the angle-delay

pairs, in the following we reparameterize the channel (3.3) in terms of unstruc-
tured block-fading or stationary matrices. Let the spatial (qS) and the temporal
(qT) diversity orders be de�ned as, respectively,

qS = rank[A] � N , (3.7a)
qT = rank[G] � W. (3.7b)
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As a rule of thumb, the �rst rank order accounts for the number of angles that
can be resolved in � = [�1, . . . , �P] (given the array aperture), while the second
one equals the number of the resolvable delays in � = [�1, . . . , �P] (given the band-
width of the transmitted signal). Though the number of paths can be very large, in
many practical situations the diversity orders depend only on few groups of lead-
ing scatterers with moderate angle-delay spread so that it is qS < N and/or qT < W .
Under these reduced-rank constraints, the multipath channel matrix (3.3) can be
rewritten as the combination of three full-rank matrices: the spatial and tempo-
ral stationary components US (N × qS) and UT (W × qT), and the block-fading
component �(�) (qS × qT). The new channel model is

H(�) = US�(�)UH
T . (3.8)

Di�erently from A and G in (3.3), here US and UT are unstructured matrices,
whose column space equals the subspace spanned by the stationary spatial and
temporal responses of the multipath channel, namely the long-term spatial sub-
space R[US] = R[A] and the long-term temporal subspace R[UT] = R[G] for the
channel matrix H(�).

An example of the parameterization (3.8) can be easily obtained from the
model (3.3) by considering the singular value decompositions A = US�SVH

S , G =
UT�TVH

T , and by further de�ning �(�) = �SVH
S D(�)VT�H

T . In this case, US and UT
are orthonormal bases for the spatial and the temporal subspaces, respectively.

3.2. Training-based subspace methods for channel estimation

The discrete-time model (3.1) for the signals received during the training period
of the �th block is rewritten into the standard form

Rt(�) = H(�)St + Vt(�), (3.9)

by gathering the received signals into the N × Zt matrix

Rt(�) =
�
r(0; �) • • • r



Zt � 1; �

��
(3.10)

(the �rst W � 1 samples are discarded as a�ected by the interference from the pre-
ceding data symbols). TheW×Zt Toeplitz matrix St = [s(0; �) • • • s(Zt � 1; �)]
represents the convolution of the channel with the training sequence {s(i; �)}Zt�1

i=�W+1
that is assumed to be the same for all blocks. The N × Zt matrix

Vt(�) =
�
v(0; �) • • • v



Zt � 1; �

��
(3.11)

collects the noise samples. We further assume that Zt > N + W .
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3.2.1. Subspace-based estimation

The problem addressed herein is the maximum likelihood estimation (MLE) of
the channel matrices {H(�)}L�=1 from the received signals {Rt(�)}L�=1, under the
constraint (3.8), for known rank orders {qS, qT} and unknown noise spatial co-
variance Q.

For qS = N and qT = W , the MLE reduces to the unconstrained or full-rank
(FR) MLE estimate [16]

Hu(�) = Rt(�)SH
t C�1

t , � = 1, . . . ,L, (3.12)

where Ct = StSH
t is the (positive de�nite) correlation matrix of the training se-

quence. The estimate (3.12) is unbiased with covariance matrix [16]

Cu = Cov
�
hu(�)

�
=



C�1

t
�� � Q, (3.13)

where hu(�) = vec[Hu(�)] is the vectorized channel estimate.
For any qS � N and qT � W , it can be shown [17, 18] that the MLE equals

asymptotically (for Zt � �) the minimizer of

F =
L�

�=1
tr

�
Q�1

u,L


Hu(�) � US�(�)UH

T
�
Ct



Hu(�) � US�(�)UH

T
�H�

, (3.14)

where Qu,L is the unconstrained estimate (assumed to be positive de�nite) for the
noise covariance matrix

Qu,L =
1
ZtL

L�

�=1



Rt(�) � Hu(�)St

�

Rt(�) � Hu(�)St

�H. (3.15)

It follows that loss function (3.14) coincides [19], apart from unimportant con-
stant terms, with the negative log-likelihood function for the model

Hu(�) = US�(�)UH
T + �Hu(�), � = 1, . . . ,L, (3.16)

where the zero-mean Gaussian noise �Hu(�) is now spatially and temporally corre-
lated, with spatial covariance Q = Qu,� and temporal covariance C�1

t (see (3.13)).
As a consequence, the constrained MLE can be seen as a parametric reestimate
from the preliminary noisy estimates {Hu(�)}L�=1 under the parameterization (3.8).

In the sequel, the minimization of loss function (3.14) with respect to channel
parameters (3.8) is performed at �rst for L = 1 and then for L > 1. For single-block
(SB) processing the constrained MLE coincides with the well-known reduced-rank
(RR) estimate [4], while for multiblock (MB) processing the solution is the MB
space-time (MB-ST) estimate [9].

In both cases, the reestimate is obtained from the preliminary estimates
{Hu(�)}L�=1 through the following operations: (i) weighting of the unconstrained
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channel estimate by the spatial and temporal factors, WS,L = Q�H/2
u,L and WT =

C1/2
t , to get

�Hu(�) = WS,LHu(�)WH
T ; (3.17)

(ii) estimation of the long-short term spatial-temporal channel subspaces from
{ �Hu(�)}L�=1 and projection of each channel matrix �Hu(�) onto the estimated sub-
spaces; (iii) inverse weighting of the projected channel matrix to get the �nal esti-
mate.

It is understood that the weighting operation is simply an asymptotic whiten-
ing of the preliminary estimate error �hu(�) = vec[�Hu(�)]. For Zt � �, it is
indeed WS,L � Q�H/2 and the weighted estimate error

��hu(�) = vec
�
WS,L�Hu(�)WH

T
�
=



W�

T � WS,L
�
�hu(�) �� C�H/2

u �hu(�) (3.18)

has covariance Cov[��hu(�)] � INW .

Single-block (SB) approach. For SB processing (L = 1) parameterization (3.8) is
equivalent to the RR constraint:

q = rank
�
H(�)

�
= min



qS, qT

�
� min(N ,W). (3.19)

The constrained MLE equals in this case the block-by-block RR estimate [4] that
can be expressed by any of the following equivalent formulations [8, 20]

�HSB(�) = W�1
S,1 ��S(�) �Hu(�)W�H

T = W�1
S,1 �Hu(�) ��T(�)W�H

T , (3.20)

where ��S(�) and ��T(�) are the projectors onto the (short term) subspaces spanned
by the q leading eigenvectors of, respectively, the spatial and temporal SB sample
correlations:

�CS,1 = �Hu(�) �HH
u (�), (3.21a)

�CT,1 = �HH
u (�) �Hu(�). (3.21b)

E�cient implementations of estimate (3.20) can be found in [20]. Extensions
of the RR approach to both spatially and temporally correlated noise are proposed
in [21].

Multiblock (MB) approach. The MB estimate is an extension of the RR algorithm
to MB processing (L > 1). With respect to the block-by-block estimation, the MB
approach allows the estimation of both the spatial and temporal subspaces by dif-
ferentiating between the spatial (qS) and temporal (qT) rank orders.

The MB space-time (MB-ST) MLE is obtained by minimizing loss function
(3.14) with respect to the block-independent parameters {US, UT} and the block-
dependent terms {�(�)}L�=1. The solution is [9]

�HMB(�) = W�1
S,L ��S �Hu(�) ��TW�1

T for � = 1, 2, . . . ,L, (3.22)
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where ��S and ��T represent the projectors onto the (long term) subspaces spanned
by, respectively, the qS principal eigenvectors of the spatial sample correlation �CS,L

and the qT principal eigenvectors of the temporal sample correlation �CT,L:

�CS,L =
1
L

L�

�=1

�Hu(�) �HH
u (�), (3.23a)

�CT,L =
1
L

L�

�=1

�HH
u (�) �Hu(�). (3.23b)

In dense multipath radio environments where the temporal order rises to
qT � W , it is convenient to neglect the temporal projection and set ��T = IW
in (3.22). The resulting channel estimate exploits the stationarity of the spatial
subspace only and it is referred to as MB-spatial (MB-S) estimator (see also [22]).
Dually, for a large angular spread and/or a small number of antennas (qS � N),
it might be advisable not to use the spatial projection and set ��S = IN in (3.22).
This leads to the MB-temporal (MB-T) estimator that exploits the stationarity of
the temporal subspace only.

It can be easily seen that for L = 1, MB-ST estimate (3.22) coincides with RR
or SB estimate (3.20). On the other hand, for L � � (but still stationary channel
structural properties), it is WS,� = Q�H/2 and the estimates { ��S, ��T} tend to the
projectors {�S, �T} onto the subspaces of the weighted channel matrix

�H(�) = WS,�H(�)WH
T = �AD(�) �GT, (3.24)

where �A = WS,�A and �G = WTG are the spatial-temporal components of �H(�).
Namely, ��S tends to the projector �S onto the spatial subspace R[ �A] and ��T
tends to the projector �T onto the temporal subspace R[ �G]. This can be proved by
simply evaluating the sample correlation matrices (3.23a)�(3.23b) for L � � [9]:

�CS,� = E
� �Hu(�) �HH

u (�)
�
= CS + WIN , (3.25a)

�CT,� = E
� �HH

u (�) �Hu(�)
�
= CT + NIW. (3.25b)

Here the spatial (CS) and temporal (CT) correlations for the true-weighted channel
matrix �H(�) are de�ned as

CS = E
� �H(�) �HH(�)

�
= �A�S �AH, (3.26a)

CT = E
� �HH(�) �H(�)

�
= �G�T �GT. (3.26b)

�S = �GT �G	C�(0) and �T = �AH �A	C�(0) are diagonal matrices, and 	 denotes the
element-wise product. From (3.25a) and (3.26a), it is easy to see that the subspace
spanned by the qS leading eigenvectors of the matrix �CS,L equals asymptotically the
spatial subspace R[CS] = R[ �A]. Dually, the subspace spanned by the qT leading
eigenvectors of the matrix �CT,L coincides, for L � �, with the temporal subspace
R[CT] = R[ �G].
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Remarks. In real systems the rank orders (q, or both qS and qT) have to be esti-
mated from the received signals. As discussed in [23], the order that minimizes the
mean square error (MSE) of the estimate is a trade-o� between distortion (due to
under-parameterization) and noise (due to over-parameterization). Methods for
optimal trade-o� selection are proposed in [24] (for uncorrelated noise) and in [8]
(for spatially correlated noise) by using the minimum description length (MDL)
criterion [25].

An adaptive implementation of the MB methods, that allows to cancel the la-
tency in providing the channel estimate and alleviate the computational burden,
can be obtained through subspace tracking techniques [26]. The estimate of the
spatial and temporal subspaces is updated on a block-by-block basis, allowing an-
gles and delays to vary continuously (but still slowly) over the blocks [9]. In case
of severe fading (i.e., for large-block duration and/or high velocity of the mobile
user), a tracking of the fast-varying channel parameters is needed as well within
each block interval [27].

Example 3.1. The advantage of the subspace methods with respect to the uncon-
strained one is illustrated by an example in Figures 3.2 and 3.3. The noise is spa-
tially white (Q = �2

v IN ) and the training sequence is uncorrelated (Ct = �2
s ZtIW ),

so that the weighting terms can be neglected (as �Hu(�) 
 Hu(�)). The multipath
propagation is composed of P = 5 paths having C�(0) = diag[0.33, 0.25, 0.19, 0.14,
0.083]. The path pattern is described in Figure 3.2a. Figures 3.2b and 3.2c show the
power-delay-angle (PDA) diagram for the channel in the �rst block and the un-
constrained estimate evaluated in six di�erent blocks. As illustrated by PDA plots,
the simulated angle-delay pattern is invariant over the blocks, while the fading
amplitudes change from block to block.

The subspace-based channel estimates are shown in Figure 3.3. Since �1 = �2,
�3 = �4, and �4 = �5, the spatial and temporal diversity orders are, respectively,
qS = q = 3 and qT = 4. The SB and MB (for L � �) estimates are calculated by
using as rank orders �qS = �q = 1 ÷ 3, �qT = 1 ÷ 4. Figure 3.3 compares the PDA
diagrams of all channel estimates for � = 1 and illustrates how the projection onto
the short-long term spatial-temporal channel subspace reduces the estimate error
with respect to the preliminary unconstrained estimate. The comparison shows
that the most accurate estimate is obtained by double projection (both spatial and
temporal) onto the long-term subspaces. This is proved analytically in the follow-
ing.

3.2.2. Performance analysis and comparison

In the following we evaluate and compare the performance for the SB and MB
subspace-based estimates with the unconstrained one under the following con-
ditions: known q, Zt � � and L = 1 for the SB estimate; known {qS, qT} and
{Zt,L} � � for the MB estimate (performance for any L is in [8]). Notice that for
Zt � � it is Qu,L = Q, as for known noise covariance matrix.
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Figure 3.2. Example of block-by-block unconstrained estimation for a block-faded channel with sta-
tionary angle-delay pattern: (a) multipath model with P = 5 paths, qS = q = 3 and qT = 4; (b) power-
delay-angle diagram for the channel in the �rst block; and (c) power-delay-angle diagram for the un-
constrained estimate in six di�erent blocks.

Let Hc(�) be any of the SB or MB constrained estimates, it can be shown [8, 9]
that the relationship between the constrained �hc(�) = vec[Hc(�)�H(�)] and the
unconstrained �hu(�) = vec[Hu(�) � H(�)] estimate error is

�hc(�) = CH/2
u �C�H/2

u �hu(�), (3.27)

where Cu is covariance (3.13) of the unconstrained estimate and � is a projec-
tor onto a long/short term spatial/temporal channel subspace depending on the
speci�c constrained estimate. Namely, for the SB estimate, � is the instantaneous-
fading projector

� = IW � �S(�) + ��
T (�) � ��

S (�) (3.28)

obtained from the projector �S(�) onto the short-term spatial subspace R[ �H(�)]
and the projector �T(�) onto the short-term temporal subspace R[ �HH(�)]. On
the other hand, for the MB methods the fading is averaged over L � � blocks and
� is related to the long-term projectors: � = ��

T � �S for MB-ST; � = IW � �S
for MB-S; � = ��

T � IN for MB-T.
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and does not scale with the number of users [4]. Therefore, we will choose the
order of the polynomial to be D � 1 with D � K �:

d[m] �
D�1�

k=0
�wk

 
Q[m]HQ[m] + �2I

#kx[m] (5.21)

=
D�1�

k=0
wk

 
Q[m]HQ[m]

#kx[m]. (5.22)

This procedure to approximate the LMMSE detector was �rst proposed by
Moshavi et al. [5].

It is not a trivial problem to choose the right coe�cients wk for an approxi-
mating polynomial with reduced order. In particular, it is not a wise choice to just
use the �rstD coe�cients of the full-order polynomial. Moshavi et al. [5] proposed
to choose the coe�cients in order to minimize the mean-squared error between
the output of the exact LMMSE detector and its approximation. This leads to the
following system of Yule-Walker equations for the choice of the coe�cients:

.

//0

m1
...

mD

1

223 =

.

//0

m2 + �2m1 • • • mD+1 + �2mD
...

. . .
...

mD+1 + �2mD • • • m2D + �2m2D�1

1

223

.

//0

w0
...

wD�1

1

223 (5.23)

with the empirical eigenvalue moments

mn =
1
K �

K ��

k=1
�nk . (5.24)

In complete analogy to the full-order polynomial, the coe�cients depend only on
the singular values of the virtual spreading matrix denoted by

8
�k, 1 � k � KNT.

The resource pooling result states that for many users the singular value dis-
tribution (and thus all its moments) of the virtual spreading matrix for multiple-
antenna systems is identical to the corresponding singular value distribution in a
single antenna-system with an appropriately modi�ed fading distribution. Thus,
we can apply the same approach to �nd the empirical eigenvalue moments in
CDMA systems with multiple antennas as in CDMA systems with single-element
antennas. This approach is presented in Section 5.8. For considerations concerning
asynchronous systems, the reader is referred to [6].

5.7. Block structure of receiver

Approximation (5.22) leads to the very simple implementation structure of the lin-
ear multistage receiver shown in Figure 5.5. The receiver consists of D�1 identical
stages each of which performs a respreading of the input signals (�ltering by the
�virtual� spreading matrix Q[m]) and subsequent matched �ltering (�ltering by
Q[m]H).
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Figure 5.5. Linear multistage receiver structure.

Figure 5.5 suggests an alternative interpretation of the linear multistage re-
ceiver as subspace technique, an approach followed in [4]. Each stage provides the
projection of the received signal onto a one-dimensional subspace. The subsequent
weighting corresponds to a bank of �lters working in a D-dimensional space. In
contrast to other subspace methods, this technique has the following properties.

(i) It does not require tracking of the signal subspace.
(ii) It shows the surprising property that the rank D required to achieve a

target SINR (e.g., within a small � of the full-rank LMMSE receiver) does not scale
with the system size, that is, with KNT and NNR. The signal space becomes larger
but the dimension of the subspace needed to achieve certain performance level
saturates.

(iii) A few stages are su�cient for near full-rank performance. The output
SINR of the reduced rank receiver converges exponentially fast in the rank D to-
wards output SINR of the full-rank receiver.

(iv) The complexity per transmitted bit of the projection module in Figure 5.5
scales in the same way withKNT as the complexity of the single-user matched �lter.
However, the computation of the empirical eigenvalue moments has cubic com-
plexity in KNT. This drawback can be overcome using the asymptotic weighting
discussed in Section 5.8.

5.8. Large-system weighting

The empirical moments md needed in (5.23) to calculate the weights depend on
the spreading matrices Sp[m], p = 1, . . . ,NT and the channel realizations. Thus,
the weights have to be recomputed if one of these parameters change. In mobile
communications the channel may change rapidly and the spreading matrices may
vary from symbol to symbol (e.g., in the frequency-division duplex mode in
UMTS). The weights have to be updated at each symbol interval or, at most, at
each frame interval. When the size of the virtual spreading matrix Q[m] is large,
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Figure 5.6. First two moments for 100 realizations of Q[m] with i.i.d. Gaussian entries.

it is computationally too demanding to determine the detector weights according
to (5.23). However, it is possible to exploit a property of random matrices which
allows for a signi�cant simpli�cation of the weight-computation. With some con-
ditions, usually ful�lled in practice, for the virtual spreading matrix Q[m], all em-
pirical moments md converge to deterministic limits as the system size grows large:

lim
K=�N��

md = µd. (5.25)

The limit µd depends on a small set of system parameters and can be computed
without much e�ort. Large-system weights approximate the exact weights in (5.23)
by substituting the empirical moments md with their asymptotic limits µd. When
the system size is su�ciently large, md � µd and the performance degradation due
to this approximation is negligible.

We consider a simple example. Let all the entries of Q[m] be statistically inde-
pendent and identically distributed (i.i.d.) random variables with zero mean and
unitary variance. Consider matrices Q[m] with di�erent sizes, but identical aspect
ratios.3 For each of them, generate 100 independent realizations. In Figure 5.6, the
moments m1 and m2 are shown for all realizations. It is apparent that m1 and m2
converge to 1 and 3/2, respectively, as the size of Q[m] increases. The asymptotic
moments µd depend only on the aspect ratio 
 and are given by

µd =
d�1�

i=0

�
d
i

��
d

i + 1

�

i

d
. (5.26)

We consider now the matrix Q[m] with the structure de�ned in (5.10). More-
over, assume the following:

(i) the elements sk,p,m are i.i.d. with zero mean and variance 1/N ,

3This is the ratio of the number of columns to the number of rows of a matrix.
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Initialization: let 
 = �(NT/NR), �0(x) = 1, and µ0 = 
�1.
Recursion:

(1) de�ne �d+1(x) = 
x
�d

s=0 �sµd�s and write it as polynomial in x,
(2) replace all the monomials x, x2, . . . , xd+1 in the polynomial �d+1(x)

by 
1,
2, . . . ,
d+1, respectively, and assign the result to µd+1.

Algorithm 5.1

(ii) the channel fading coe�cients hk,p,q are independent across k, p, and
q. Their distribution is uniform in phase over [0, 2�) and arbitrary, but
upper bounded4 in amplitude. For a given transmitting antenna p and
given user k, the fading coe�cients hk,p,1,hk,p,2, . . . ,hk,p,NR are identi-
cally distributed. The assumption of independence is veri�ed in scenar-
ios with rich scattering and su�cient separation between antennas. The
identical distribution of the fading coe�cients for a given transmitting
antenna element models microdiversity scenarios, in which all the re-
ceive antenna elements are placed at the same base station.

Now, we de�ne the powers

Pk,p =
NR�

q=1

��hk,p,q
��2, (5.27)

and denote with 
d the dth moment of their cumulative distribution FP(�), that
is, 
d =

9
�ddFP(�). The positive asymptotic moments µd can be determined from

the moments of the powers 
d by the recursive Algorithm 5.1.
The asymptotic eigenvalue moments for Q[m] depend only on the aspect ra-

tio and on the eigenvalue moments of the distribution FP(�). They are easily com-
puted. The �rst six asymptotic eigenvalue moments are

µ1 = 
1,

µ2 = 

2
1 + 
2,

µ3 = 
2
3
1 + 3

1
2 + 
3,

µ4 = 
3
4
1 + 6
2
2

1
2 + 4

1
3 + 2

2
2 + 
4,

µ5 = 
4
5
1 + 10
3
3

1
2 + 10
2
2
1
3 + 10
2
1
2

2 + 5

1
4 + 5

2
3 + 
5,

µ6 = 20
3
3
3
1 + 3

2

3 + 6

4
2 + 5
2
3
2 + 15
4
4

1
2 + 6

5
1

+ 15
2
4
2
1 + 30
3
2

1
2
2 + 30
2
1
2
3 + 
5
6

1 + 
6.

(5.28)

4The widely used Rayleigh distribution is not upper bounded, but by physical reasons any fading
coe�cient is upper bounded.
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Figure 5.7. BER versus Eb/N0 for 
 = 0.5 (K = 64,N = 64,NT = 2,NR = 4,D = 5).

5.9. Performance

In this section, we study the performance of linear multistage receivers with as-
ymptotic weighting proposed in Section 5.8 and compare it to the exact weighting
in (5.23), the large-system approximation of the multistage Wiener receiver in Q,
described in Section 5.10, and the full-rank LMMSE receiver.

The simulation results presented in this section were obtained for uncoded
transmission in �at Rayleigh fading, using �/4-o�set QPSK modulation, and as-
suming perfect knowledge of the channel. The receivers are compared in terms of
their bit error rate (BER) evaluated as a function of the normalized signal-to-noise
ratio Eb/N0 where Eb is mean energy per bit and N0 is the one-sided noise spec-
tral density. Figure 5.7 shows the BER versus Eb/N0 for a �ve-stage detector and

 = 0.5 (K = 64, N = 64, NT = 2, NR = 4). The performance degradation due
to the large system approximation of weights is completely negligible. Figure 5.8
shows the performance improvements of the detector with large-system weighting
for increasing number of stages.

5.10. Related works

The linear multistage receivers in (5.22) with weighting (5.23) belong to a wider
class of receivers described by

�d[m] =
D�1�

k=0
Wk

 
Q[m]HQ[m]

#kx[m] (5.29)

with Wk = diag(wk,1,wk,2, . . . ,wk,K �).
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Figure 5.8. BER versus Eb/N0 for 
 = 0.5 for D = 2, . . . , 5 (K = 64,N = 64,NT = 2,NR = 4).

The weighted linear parallel interfering cancelling (W-PIC) receivers, gener-
alized to multiple-antenna systems provide a simple example of receivers in the
class described by (5.29).

A nonadaptive implementation of the multistage Wiener �lters [4] is obtained
from (5.29) enforcing Wd, d = 0, . . . ,D � 1, to minimize the mean-squared er-
ror E{��d[m] � d[m]�2}. Throughout, we refer to it as the multistage Wiener �l-
ter in Q. This receiver was proposed and its asymptotic performance for CDMA
systems in �at fading channels analyzed in [7]. Let Qk�[m] be the matrix ob-
tained from Q[m] by suppressing the virtual spreading corresponding to the signal
k�. Under the conjecture5 that, at least asymptotically, E{

:
k xH

k�(Q
H
k�Qk�) jkxk� } =:

k E{xH
k�(Q

H
k�Qk�) jkxk� } with jk � N, the large-system approximation of the

weights for the multistage Wiener �lter for the MIMO channel model (5.9) is a
straightforward extension of the results in [1, 7]. The weights for estimating the
signal transmitted by antenna p of user k can be obtained from (5.23) by sub-
stituting md, d = 1, . . . , 2D, with �d(Pk,p). The multistage Wiener �lter performs
marginally better than the receiver discussed in Section 5.8, when applied in sys-
tems with received power imbalances among users [7] (see Figure 5.7). The two
receivers coincide for equal received powers at the receiver front end [7]. However,
the multistage Wiener �lter in Q requires the inversion of equation system (5.23)
for each transmitting antenna of each user. This drawback makes it less attractive
for implementation. Often, an alternative linear multistage receiver is considered
in literature: the multistage Wiener �lter in Qk� . For each transmitted signal k�, it is

5This conjecture is supported by simulations (see Figure 5.7).
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given by

�d[m] =
D�1�

k=0
wk

 
Qk�[m]HQk�[m]

#kxk�[m], (5.30)

where xk�[m] is the matched �lter output corresponding to the signal k�. The
weights satisfy

.

//0

�1
...
�D

1

223 =

.

//0

�2 + �2�1 + �2
1 • • • �D+1 + �2�D + �1�D

...
. . .

...
�D+1 + �2�D + �D�1 • • • �2D + �2�2D�1 + �2

D

1

223

.

//0

w0
...

wD�1

1

223 (5.31)

with �1 = Pk,p and �d = Pk,p
µd�1. This detector has been erroneously consid-
ered completely equivalent to the multistage Wiener �lter in Q and widely studied
since it is easier to analyze. The two receivers are equivalent from the performance
point of view only. However, their implementations di�er considerably. The sub-
space basis of the multistage Wiener �lter in Q can be computed jointly for all the
transmitted signals, as shown in Figure 5.5, and it has linear complexity order per
signal. The subspace basis of the multistage Wiener �lter in Qk� has to be com-
puted again for each transmitted signal and the �lter has a quadratic complexity
order per signal, as the linear MMSE receiver.

The convergence rate of the multistage receiver output SINR toward the full-
rank LMMSE receiver output SINR is studied in [8]. A uni�ed framework for the
asymptotic performance analysis of multistage detectors (5.29) with any kind of
weighting in CDMA systems is provided in [9]. The weighting approximation for
large systems was proposed in [10] for communication over the AWGN channel.
Afterwards, much e�ort has been devoted to extend these results to more real-
istic scenarios. We can distinguish two large groups: one assumes the spreading
matrix to be a completely random matrix without additional constraints in order
to model systems with pseudonoise scrambling sequences. The second group fo-
cuses on unitary random matrices to model systems with orthogonal spreading
sequences. The extension of large-system weighting to CDMA systems in uplink
with �at fading in [9] belongs to the �rst group. An approximation of the widely
linear MMSE receiver for BPSK modulation in �at fading channels is proposed
in [11]. CDMA systems in uplink with multipath fading channels are studied in
[12] while the multistage Wiener �lter in Qk� for the downlink is analyzed in [13].
MMSE analysis of systems with large unitary random matrices has been intro-
duced �rst in [14]. This result allows the extension of asymptotic analysis based
on random matrices to OFDM and multicarrier CDMA systems. Large systems
weighting for CDMA systems in downlink with multipath fading channels and
unitary random spreading matrices has been proposed in [13]. In [1], the exten-
sion of the resource pooling result for scenarios with microdiversity to scenarios
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94 Joint antenna combining and multiuser detection

with macrodiversity, in which the receive antennas are not colocated is conjec-
tured. The resource pooling result by Hanly and Tse [1] has been generalized to
CDMA systems with correlated antennas in [2]. The general result includes, as
special cases, the microdiversity and macrodiversity scenarios in [1] and provides
a rigorous proof for macrodiversity. In addition, it allows for arbitrary distribu-
tions of the fading coe�cients including line-of-sight scenarios.

Generalized resource pooling. Let hk,p = [hk,p,1, . . . ,hk,p,NR ]T be the known vector
of channel coe�cients between the pth antenna of user k and the receive antennas.
Let hk,p be a realization of an NR-dimensional random column vector h such that its
distribution converges almost surely as K � � to a limit distribution function Fh(h)
with upper bounded support. Then, as N ,K � � with K/N � � and NR and NT
�xed, the SINR at the receiver output for the pth antenna signal of user k conditioned
on hk,p converges almost surely to the deterministic constant

lim
N ,K��

SINRk,p
a.s.= hH

k,pChk,p, (5.32)

where C is the unique positive de�nite NR × NR matrix solution to the �xed point
equation

C�1 = �2I + �NT

- hhH

1 + hHCh
dFh(h). (5.33)

The linear multistage approach is extended to estimation of multipath fading
channels for synchronous CDMA [15]. The e�ects of imperfect channel knowl-
edge on the performance of linear multistage receivers is analyzed in [15].

In the previous works only synchronous systems have been considered. The
impact of asynchronicity on multistage receivers for CDMA systems in �at fading
channels has been studied in [6, 16]. A slightly modi�ed version of the receiver
structure in Figure 5.5 has been proposed. In contrast to the linear MMSE receiver
which su�ers from performance degradation due to truncation e�ects in asyn-
chronous systems, the proposed implementation of multistage detectors is not af-
fected by truncation e�ects [16]. Chip asynchronicity is taken into account in [6]
and an algorithm to determine the large-system weighting is given.
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Abbreviations

AWGN Additive white Gaussian noise
BER Bit error rate
BPSK Binary phase-shift keying
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CDMA Code-division multiple-access
LMMSE Linear minimum mean-squared error
MIMO Multi-input multi-output
OFDM Orthogonal frequency-division multiplex
QPSK Quadrature phase-shift keying
SINR Signal-to-interference-and-noise ratio
W-PIC Weighted linear parallel interfering cancelling
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6Synchronization for MIMO systems

Frederik Simoens, Henk Wymeersch,
Heidi Steendam, and Marc Moeneclaey

In this contribution we consider the problem of carrier and symbol synchroniza-
tion in a MIMO context. We assume the transmission of frames, containing pilot
symbols and coded symbols over a �at fading MIMO channel. From the likelihood
function related to the above scenario, we derive iterative algorithms for estimat-
ing the carrier frequency o�set, the time delay, and the channel gains. These algo-
rithms exchange information between the detector stage and the estimator stage.
In order to function properly, accurate initial estimates are required. We derive
algorithms that provide these initial estimates, and compare their performance to
the Cram·er-Rao lower bound on the estimator error variance. The initial estimates
are further re�ned by means of iterative algorithms. We provide performance re-
sults of a few selected iterative algorithms in terms of their estimator error vari-
ance, and compare them to the Cram·er-Rao bound. Finally, the impact of the es-
timation algorithms on the BER performance is determined.

6.1. Introduction

Using multiple transmit and receive antennas in wireless �at-fading channels has
been advocated as a means to increase capacity and mitigate fading e�ects [1]. In
order to fully exploit the potential of high spectral e�ciency, a number of cod-
ing structures for MIMO systems have been presented: they include multidimen-
sional trellis-coded modulation [2], space-time (ST) block codes based on orthog-
onal design [3, 4], bit-interleaved coded modulation (BICM) [5, 6], and MIMO
multilevel coding [7]. These (space-time) coded schemes assume ideal coherent
detection, which means that the complex channel gains have to be estimated ac-
curately before data detection can take place. In addition, timing estimation and
carrier frequency recovery have to be carried out in order to perform optimum
demodulation.

To achieve accurate synchronization without resorting to a large amount of
pilot symbols, the parameter estimation algorithm should also make use of the
data portion of the frame containing the coded symbols. Recently, a great e�ort
is being devoted to develop e�cient estimation techniques using soft information
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98 Synchronization for MIMO systems

from the decoding process, in order to fully exploit the code properties during
estimation. In particular, the expectation-maximization (EM) algorithm [8] is be-
coming an attractive tool to carry out iterative joint estimation and decoding.

Most of the current technical literature in the �eld of estimation for MIMO
channels has been focused on channel estimation. Iterative receivers with di�er-
ent coding schemes have been proposed using the EM algorithm for joint channel
estimation and data detection in a MIMO context [9, 10, 11, 12]. The EM algo-
rithm is utilized in [9] to perform joint noise variance and channel estimation for
fast fading channels with space-time coding and MAP decoding. An MMSE chan-
nel estimator that exploits knowledge of the transmitted symbols via a modi�ed
Viterbi decoder is considered in [10, 11]. In [12], joint MIMO channel estima-
tion and MAP ST-BICM decoding is performed. Extensions to ST-OFDM have
been proposed in [13]. Rather ad hoc methods have been considered for iterative
decoding and MIMO channel estimation, such as frequency selective channel es-
timation with decision feedback for space-time codes with Viterbi decoding [14]
and MAP decoding [15].

All these channel estimation algorithms cause only a small degradation in BER
performance as compared to the ideal case with known channel state information
(CSI). However, the performance of these schemes may seriously degrade in the
presence of synchronization errors, that is, when the estimates of the frequency
o�set or the symbol timing are not su�ciently accurate. In comparison with the
abundant literature on (iterative) channel estimation, the literature on synchro-
nization in a MIMO context is quite scarce: the authors of [16] investigated the
performance of data-aided joint MIMO channel and frequency o�set estimators,
while data-aided joint time and frequency synchronization for MIMO OFDM is
considered in [17].

Here we propose an iterative EM-based receiver that includes the estimation
of all of the above-mentioned parameters, as was done for conventional single-
input single-output channels [18, 19]. Since initial estimates are required for a
number of parameters, we also show how these may be obtained using conven-
tional data-aided (DA) or non-data-aided (NDA) algorithms.

This contribution is structured as follows. In Section 6.2 we present the MIMO
system setup. As the EM algorithm is crucial to the operation of the considered
receiver, Section 6.3 gives a brief general overview about how this algorithm per-
forms ML estimation in an iterative way. In Section 6.4 the EM algorithm is ap-
plied to the MIMO system for performing synchronization and channel estima-
tion, while in Section 6.5 we consider conventional estimation algorithms to ini-
tialize the iterative EM estimation algorithm. Simulation results are presented in
Section 6.7. Finally, conclusions are drawn in Section 6.8.

6.2. System model

We consider a �at-fading MIMO transmission system with NT transmit and NR
receive antennas. The transmitter is shown in Figure 6.1: a block of information
bits is channel-encoded, bit-interleaved (denoted by � in Figure 6.1), and mapped

A print edition of this book can be purchased at
http://www.hindawi.com/spc.3.html

http://www.amazon.com/dp/9775945097

http://www.hindawi.com/spc.3.html
http://www.amazon.com/dp/9775945097


Frederik Simoens et al. 99

Source Encoder � Mapper MUX S/P

Pilot

...

Figure 6.1. MIMO transmitter with channel coder and bit-interleaving.

onto a normalized Mc-point signaling constellation �. Pilot symbols are multi-
plexed with the coded symbols, and the resulting frame, consisting of MNT sym-
bols, is then split into NT subblocks of length M. These subblocks are each sent
over a di�erent transmit antenna using a unit-energy square root cosine roll-o�
pulse p(t).

The fading channel is characterized by a response matrix H of size NR × NT:
the (q, p)th component of H is denoted hqp, and represents the channel gain from
the pth transmit antenna to the qth receive antenna. We consider a block-fading
channel: the channel matrix H is constant during a frame, but can change from
one frame to the next. Assuming Rayleigh fading, the components hqp are mod-
eled as statistically independent complex-valued Gaussian random variables; their
real and imaginary parts are statistically independent with zero mean and variance
equal to 1/2, yielding E[|hqp|2] = 1. In addition, the path from the pth transmit
antenna to the qth receive antenna is a�ected by a propagation delay (�) and a
carrier frequency o�set (F), which are assumed to take on the same values for
all paths; this assumption is accurate when the path delay di�erences are much
smaller than the symbol duration, there is a common oscillator for up-converting
the NT transmitted signals, and a common oscillator for down-converting the
NR received signals. Finally, at each receive antenna the signal is corrupted by a
complex-valued AWGN process; the noise processes at the di�erent receive anten-
nas are statistically independent. Hence, the input signal at the qth receive antenna
can be written as (q = 1, . . . ,NR)

yq(t) =
M�1�

m=0

NT�

p=1
hqpa

p
mp(t �mT � �) exp( j2�Ft) + vq(t), (6.1)

where apm is the mth symbol transmitted on the pth transmit antenna, T is the
symbol interval, and vq(t) is a complex-valued zero-mean AWGN process with in-
dependent real and imaginary parts, each having a power spectral density of N0/2.
Es = E[|apm|2] will denote the energy per transmitted symbol (which is assumed
to be the same for all m and all p). Using vector notation, (6.1) becomes

y(t) = H exp( j2�Ft)
M�1�

m=0
amp(t �mT � �) + v(t)

� s(t) + v(t),
(6.2)
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where y(t) = [yq(t)]Tq=1•••NR is the vector ofNR received samples, am = [apm]Tp=1•••NT

is the vector consisting of NT symbols transmitted at the di�erent antennas at in-
stant m, H = [hqp]q=1•••NR, p=1•••NT is the channel matrix, s(t) = [sq(t)]Tq=1•••NR

contains the NR useful contributions, and v(t) = [vq(t)]Tq=1•••NR consists of the NR
complex white noise processes. We denote by A the NT ×M space-time matrix of
transmitted symbols: A = [a0, a1, . . . , aM�1].

The main task of the receiver is to reliably detect the transmitted symbols A. In
order to do so, however, the receiver needs accurate estimates of the channel ma-
trix H, the carrier frequency o�set F, and the propagation delay �. In Section 6.4
we will consider iterative estimation of these parameters based on the expectation-
maximization (EM) algorithm. Section 6.3 gives a general overview of the opera-
tion of the EM algorithm and provides the basic equations to be used in Section
6.4.

6.3. ML estimation through the EM algorithm

Assume we want to estimate a parameter vector b from an observation r in the
presence of a so-called nuisance vector a, with distribution p(a). In the context
of the MIMO transmission system, a denotes the coded symbols, whereas b con-
tains the synchronization parameters (frequency o�set and symbol timing) and
the channel gains. It will turn out to be convenient to decompose the time delay
� as � = k�T + �� , with �T/2 � �� < T/2 and k� integer; in these cases, the time
delay is represented by two parameters, that is, the continuous parameter �� and
the discrete parameter k� . Therefore, in the following, the parameter b is allowed
to contain both continuous and discrete parameters.

The maximum likelihood (ML) estimate of �bML of b maximizes the log-like-
lihood function (LLF):

�bML = arg max
�b

!
ln p

 
r|�b

#"
, (6.3)

where

p
 
r|�b

#
=

-

a
p
 
r|a, �b

#
p(a)da (6.4)

denotes the likelihood function. Often p(r|�b) is very di�cult to calculate. The
EM algorithm is a method that iteratively solves (6.3). De�ning the complete data
x = [r, a], the EM algorithm breaks up in two parts: the expectation part (6.5) and
the maximization part (6.6):

Q
�

�b, �b(i)
�
=

-

x
p
�
x|r, �b(i)

�
ln p

 
x|�b

#
dx, (6.5)

�b(i+1) = arg max
�b

�
Q
�

�b, �b(i)
��

. (6.6)
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Pilot

Estimate
H, �, F

�H, ��, �F

Z

P(am|y, �H, ��, �F)

Iterative
detector

Detected bits
...

Figure 6.2. MIMO receiver with EM estimation.

It has been shown that �b(n) converges to a stationary point of the LLF under
fairly general conditions [8]. However, when the initial estimate (�b(0)) is not suf-
�ciently close to the ML estimate or when b contains discrete components, the
EM algorithm may converge to a local maximum or a saddle point, instead of
the global maximum [20, 21]. To avoid the convergence problems associated with
(�nite-valued) discrete parameters, we propose the following approach [22]: let
b = {bd, bc}, where bd and bc denote the discrete and continuous components of
b, respectively. We assume that bd can only take on values in a �nite set Bd. We
keep bd �xed to some value �bd � Bd and iteratively update only bc:

�b(i+1)
c = arg max

�bc

!
Q
 !�bd, �bc

"
,
!�bd, �b(i)

c
"#"

. (6.7)

We denote by �bc(�bd) the estimate obtained after convergence of (6.7). The �nal
estimate of bd then becomes

�bd = arg max
�bd�Bd

!
Q
 !�bd, �bc

 �bd
#"

,
!�bd, �bc

 �bd
#"#"

, (6.8)

while the �nal estimate of bc is given by �bc(�bd).
The EM algorithm can easily be extended to acquire the maximum a posteri-

ori (MAP) estimate of b, by taking the a priori distribution p(b) into account in
(6.5).

6.4. Code-aided estimation for MIMO systems

In this section, we apply the EM algorithm to the MIMO system from Section 6.2,
with b � {H,F, �} the parameters to be estimated and a � {A} the nuisance
parameters. The resulting receiver structure is shown in Figure 6.2. It operates
by iterating between the detection stage and the estimation stage: an estimate of
b is provided to the detector, which computes marginal posterior probabilities
P(apm|y, �b(i)) of the coded symbols. These probabilities are then used by the esti-
mator to update (and improve) the estimate of b. The computation of P(apm|y, �b(i))
requires the presence of a MAP detector. Such a detector will be described in
Section 6.4.3.
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102 Synchronization for MIMO systems

6.4.1. Expectation step

Denoting by y a vector representation of the received signals, obtained by expand-
ing y(t) onto a suitable basis, we now make use of the EM algorithm for estimating
b = {H,F, �}. The conditional LLF (conditioning is on A) is given by

ln p
 
y|A, b

#

 �

- +�

��

� NR�

q=1

��yq(t) � sq(t)
��2

�

dt (6.9)

with sq(t) denoting the useful signal at the qth receive antenna (i.e., the qth com-
ponent of s(t) from (6.2)). It can easily be seen that

NR�

q=1

- +�

��

��sq(t)
��2dt = tr

 
HAAHHH#, (6.10)

where tr(X) denotes the trace of the square matrix X. Similarly,

NR�

q=1

- +�

��

 
yq(t)s�q (t)

#
dt = tr

 
Z(�,F)AHHH# (6.11)

with Z(�,F) denoting the NR ×M matrix of matched �lter outputs:

�
Z(�,F)

�
q,m =

- +�

��
yq(t)p�(t �mT � �) exp(�2�Ft)dt. (6.12)

Note that the received signal yq(t) is �rst frequency-corrected by multiplying yq(t)
with exp(� j2�Ft), and the resulting signal is applied to the matched �lter; in
Section 6.5 we will point out that the order of frequency correction and matched
�ltering can be reversed when |F|T � 1, yielding a considerable implementation
advantage. Substituting (6.10) and (6.11) in (6.9) and dropping terms that do not
depend on A or b, the conditional LLF becomes

ln p
 
y|A, b

#

 � tr

 
HAAHHH# + 2�

 
tr
 
Z(�,F)AHHH##. (6.13)

The E-step in the EM algorithm can be written as

Q
 
b|�b(i)# = Ea

�
ln p

 
y|A, b

#
|y, �b(i)�

= � tr
�
HAAH (i)

HH
�

+ 2�
�

tr
�
Z(�,F)AH (i)

HH
�� (6.14)

with

AAH (i)
= Ea

�
AAH |y, �b(i)�,

AH (i)
= Ea

�
AH |y, �b(i)�.

(6.15)
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Since (6.15) can be written as Ea[
�

amaHm|y, �b(i)], it su�ces to provide the
estimator with the marginal posterior probabilities of the coded symbol vectors
P(am|y, �b(i)). In Section 6.4.3, we explain how these probabilities can be computed
using a MAP detector.

6.4.2. Maximization step

Substitution of (6.14) in (6.6) yields

�b(i+1) = arg max
b

�
� tr

�
�HAAH (i) �HH

�
+ 2�

�
tr
�
Z(��, �F)AH (i) �HH

���
. (6.16)

The maximization problem can be solved as follows. We �rst note that for �xed
(��, �F), (6.16) can be maximized analytically with respect to �H, yielding

�H(i+1) = Z(��, �F)AH (i)�
AAH (i)��1

. (6.17)

Substituting (6.17) into (6.16) results in

 
��(i+1), �F(i+1)# = arg max

��, �F
�
�

tr
�
Z(��, �F)AH (i)�

AAH (i)��1
AZH(��, �F)

��
(6.18)

while �H(i+1) is �nally obtained by evaluating (6.17) at (��(i+1), �F(i+1)).

6.4.3. Detector operation

We now determine the marginal posterior probabilities of the coded symbol vec-
tors, based on the received signal and the current estimates of H, �, and F. As
the computation of the true posterior probabilities has a complexity that increases
exponentially with the frame length M, we will focus on a near-optimal iterative
detector, operating according to the turbo principle [6, 12]. This implies that all
posterior probabilities will be factored as the product of an a priori probability
(with subscript a) and an extrinsic probability (with subscript e). According to the
turbo principle, the a priori probability of a certain random variable should not
be used to compute its extrinsic probability.

The symbol posterior probabilities can be decomposed into

P
 
apm|y, b

#
= CPe

 
apm

#
Pa(a

p
m), (6.19)

where C is a normalization constant and the extrinsic symbol probability is given
by, (for � � �)

Pe
 
apm = �

#
= P

 
y|apm = �, b

#

=
�

am:apm=�

P
 
y|am, b

# 7

p� �=p
Pa

 
ap

�

m
# (6.20)
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��1 P(apm[l]|y, �H, ��, �F)
#
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to
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Block IV
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p
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# ��1 Pe(a
p
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Pe(a

p
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p
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#
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#

��1

Figure 6.3. Iterative detector.

with

P
 
y|am, b

#
=

1
(2�)NR�2NR

exp
*
�

1
2�2

��zm � Ham
��2

+
, (6.21)

wherein zm is the mth column of Z(�,F), �2 = 2Es/N0.
Similarly, the bit posterior probabilities are given by

P
 
apm[l]|y, b

#
= C�Pe

 
apm[l]

#
Pa

 
apm[l]

#
(6.22)

with C� a normalization constant and, for 
 � {0, 1},

Pe
 
apm[l] = 


#
= P

 
y|apm[l] = 
, b

#

=
�

���:�[l]=

Pe

 
apm = �

#7

l� �=l
Pa

 
apm[l�]

#
, (6.23)

where apm[l] denotes the lth bit of the bit sequence mapped to the symbol apm.
Finally, bit a priori probabilities can be converted into symbol a priori probabilities
according to

Pa
 
apm

#
=

7

l
Pa

 
apm[l]

#
. (6.24)

Note that the purpose of the interleaver is two-fold: it makes the transmitted sym-
bols on each antenna as well as the bits within each constellation symbol essentially
independent. This allows us to write expressions (6.20) and (6.23), respectively.

In order to compute all the above-mentioned probabilities, we consider a de-
tector as shown in Figure 6.3. It consists of four main blocks.

(i) Block I is the equalizer: it converts the matched �lter output samples Z into
extrinsic symbol probabilities (Pe(a

p
m)) according to (6.20) and (6.21). It uses the
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a priori symbol probabilities (Pa(a
p�

m )) computed by block IV and the estimates of
{H,F, �}.

(ii) Block II is the demapper: it takes the extrinsic symbol probabilities
(Pe(a

p
m)) from block I and computes extrinsic bit probabilities Pe(a

p
m[l]) accord-

ing to (6.23). It uses the a priori bit probabilities (Pa(a
p
m[l�])) computed by decoder

(block III).
(iii) Block III is a MAP decoder. The decoder computes from the extrinsic bit

probabilities Pe(a
p
m[l]) the posterior bit probabilities (P(apm[l]|y, �b(i))) by using the

properties of the code. Taking for each bit the ratio of its posterior probability to
its extrinsic probability yields the a priori probabilities Pa(a

p
m[l]) that are used as a

priori information for block II.
(iv) Block IV converts a priori information on the bits (Pa(a

p
m[l])) to a pri-

ori information on the symbols (Pa(a
p
m)) according to (6.24). These are used by

block I.
To start this iterative detector, we initialize Pa(a

p�

m ) in (6.20) and Pa(a
p
m[l�])

in (6.23) with a uniform distribution. The combination of block II and III can be
seen as a standard BICM-ID (bit-interleaved coded modulation with iterative de-
coding) scheme [23]. When the detector has reached convergence after a number
of iterations, the computed posterior probabilities of the coded bits are assumed
to be good approximations of the true posterior bit probabilities. Final decisions
on the bits are made based on these probabilities.

The posterior probabilities of the coded symbol vectors are �nally obtained as

P
 
am|y, b

#
= C��Pe

 
am

#
Pa

 
am

#
= C���P

 
y|am, b

#7

l,p
Pa

 
apm[l]

#
. (6.25)

These symbol vector probabilities are required for the EM estimator in (6.14).
In principle, the proposed EM algorithm is limited to codes for which (approx-
imate) symbol vector MAP decoding, as outlined above, is computationally fea-
sible. Such codes include convolutional codes, turbo codes [24, 25], LDPC [26]
codes, RA (repeat-accumulate) codes [27], and so forth. In practice, the estima-
tion algorithm can also be used with decoders that only provide hard decisions
(such as convolutional Viterbi decoders), by simply replacing the posterior sym-
bol probabilities with the hard symbol decisions resulting from the decoder; in this
case the estimation becomes decision-directed.

6.5. Conventional estimation algorithms

Conventional feedforward estimation algorithms can be either data-aided (DA) or
non-data-aided (NDA). DA algorithms make only use of so-called pilot symbols
within the transmitted frames, while NDA estimation algorithms operate on all
symbols in the frame by only exploiting the fact that the transmitted data symbols
belong to a given constellation. These conventional estimation schemes do not
exploit the code properties and can be used to provide initial estimates in (6.14).
We will now describe how H, �, and F can be estimated using such algorithms.
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106 Synchronization for MIMO systems

The delay � can be decomposed as � = k�T + �� , with �T/2 � �� < T/2.
Some form of energy detection is assumed to roughly determine the arrival of a
burst withinM� symbol durations, hence k� � {0, . . . ,M��1}. First, we determine
a NDA estimate of �� , irrespective of the values of the frequency o�set F and the
channel matrix H. Then, we determine a DA estimate of the remaining parameters
H, F, and k� .

A simple NDA estimate of �� can be obtained using the Oerder&Meyr (O&M)
algorithm [28]. This algorithm is unable to distinguish between delays that di�er
by a multiple of the symbol interval. It therefore provides an estimate of �� , but
not of k� . The O&M estimator has originally been designed for NT = NR = 1, but
the extension to a MIMO setup is straightforward,

��� = �
Ts

2�
�
;
�

k

NR�

q=1

��zq
 
kTs

#��2 exp
*
� j2� kTs

T

+<

, (6.26)

where �{•} denotes the angle of a complex number, 1/Ts is the sample rate (usu-
ally Ts = T/4), and zq(kTs) is the matched �lter output at the qth receive antenna
at time kTs when assuming F = 0, that is, zq(kTs) =

9
yq(t)p�(t � kTs)dt. This

estimator does not require knowledge of H and F. Moreover, as we will show later,
the performance of this delay estimator gives rise to a very small BER degrada-
tion. It therefore makes sense to keep this estimate of �� unchanged for all EM
iterations. It is important to note that when a reliable estimate of �� is obtained, a
signi�cant reduction in computational complexity can be achieved: all subsequent
processing may be performed at the symbol rate 1/T when we use the following
approximation (valid for small frequency o�sets, i.e., |F|T � 1):

�
Z(k�T + ��� ,F)

�
q,m � exp(�2�FmT)

- +�

��
yq(t)p� t �mT � k�T � ���

#
dt.
(6.27)

This leaves us with the following parameters to be estimated using a DA algo-
rithm: b ={H,F, k�}. We can decompose the matrices A and Z as A = [PC] and
Z = [ZPZC], where the leftmost submatrices (of dimension NT ×MP) correspond
to the pilot symbols, and the rightmost submatrices (of dimension NT ×MC) cor-
respond to the coded symbols (MP +MC = M). DA-ML estimation of b is accom-
plished by maximizing the part of the log-likelihood function corresponding to
the pilot symbols only:

�bDA = arg max
b

!
�(H, k� ,F)

"
(6.28)

with

�
 
H, k� ,F

#
= � tr

 
HPPHHH# + 2�

 
tr
 
ZP

 
k�T + ��� ,F

#
PHHH##. (6.29)
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Similar to Section 6.4.2, this maximization problem can be solved in the following
way:

 �k�,DA, �FDA
#
= arg max

k� ,F

$$$ZP
 �k�,DAT + ��� ,F

#
PH PPH#�1P

$$$
2
, (6.30)

�HDA = ZP(�k�,DAT + ��� , �FDA)PH(PPH)�1, (6.31)

where (6.31) results from the identity tr(XXH) = �X�2, with � • �2 denoting the
sum of the absolute squares of the matrix elements. As explained in Section 6.3, an
initial estimate of the discrete parameter k� is not required for the EM algorithm.
However, it is necessary to evaluate (6.30) for all M� possible values of k� to obtain
the DA-estimates �FDA and �HDA.

As will be shown in the sequel, DA frequency o�set estimation requires a large
number of training symbols in order to provide an accurate estimate. To overcome
this problem, we also derived an NDA frequency o�set algorithm for Mc-PSK con-
stellations. The estimate is found by averaging the low-SNR limit of p(y|H,F, A)
over the symbols A and channel matrix H and maximizing with respect to F:

�FNDA = arg max
F

�����
�

k,l
(zHk zl)Mce� j2M�FT(k�l)

�����

2

, (6.32)

where [zm]q =
9 +�
�� yq(t)p�(t �mT � �)dt and Mc denotes the constellation size.

6.6. Computational complexity

In this section, we investigate the overall computation time of the receiver, and
show how it may be signi�cantly reduced.

Denoting by TEM the time to perform an update of the estimates of H, F,
and �� , by M� the number of values that k� can assume, by Tdetect the time to
compute the marginal posterior symbol probabilities (given the received signal
and the estimates of H, F, �� and k�), and by IEM the number of EM iterations, the
total computation time Ttot is given by

Ttot = M�IEM(TEM + Tdetect), (6.33)

which re�ects that the EM algorithm has to be run separately for each possible
value of k� . According to Figure 6.3, the detector is iterative itself. It consists of
three types of �nested� iterations:

(1) IE iterations between the decoder and the equalizer, with each equaliza-
tion stage taking time TE,

(2) IM iterations between the decoder and the demapper, with each demap-
ping stage taking time TM ,

(3) ID iterations inside the decoder (e.g., turbo codes or LDPC codes), with
each iteration taking time TD.
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The resulting time for detection is given by Tdetect = IE(TE+IM(TM+IDTD)). When
performing (iterative) detection for a given EM iteration, the detector should be
reinitialized by the uniform probabilities as explained in Section 6.4.3, in order
to provide the posterior probabilities that correspond to the estimates related to
the considered EM iteration. The above procedure in general gives rise to a total
computing time Ttot that is excessively large. This is because for each EM iteration
a su�cient number of iterations inside the detector is required for the detector to
converge from reinitialization with uniform probabilities. An alternative approach
is to take ID = IM = IE = 1, and to initialize the detector with the probabil-
ities obtained at the end of the previous EM iteration. Although this approach
requires more EM iterations to approach convergence, the number of iterations
(per EM iteration) inside the detector are drastically reduced, yielding a substan-
tial reduction of the total computing time Ttot. In Section 6.7, we show that this
reduced-complexity approach yields excellent results.

6.7. Performance results

We have carried out computer simulations for a rate 1/3 turbo-coded system with
BPSK signaling for NT = 2 transmit, NR = 3 receive antennas setup. The con-
sidered turbo code is a parallel concatenation of two recursive systematic binary
convolutional codes with octal generators (27, 33) and a total frame length of 840
bits, corresponding to 420 BPSK symbols per transmit antenna. As explained in
the previous section, only one mapping iteration, one equalizing iteration, and
one internal decoding iteration is performed for each EM iteration (i.e., ID =
IM = IE = 1). Iterations between estimation and detection are carried out until
convergence of the EM algorithm. The pilot symbols P are chosen randomly for
each frame, with the restriction that PPH is nonsingular. In the remainder, we will
refer to the number of pilot symbols per transmit antenna rather than the overall
number of pilot symbols. The channel matrix H is generated randomly for each
frame and generated according to the statistics described in Section 6.2. The delay
shift k� is chosen uniformly within {0, 1, 2} for each frame. The considered per-
formance measures are the bit error rate (BER) and the mean square error (MSE)
of the estimates. The BER will be compared to the BER under perfect synchro-
nization, while the MSE will be compared to the modi�ed Cram·er-Rao bound
(MCRB), which is a lower bound on the MSE of any unbiased estimator [29]. Per-
formance will be considered as a function of SNR = Eb/N0, with Eb denoting the
transmitted energy per information bit. For an Mc-point signalling constellation
and a rate R code, Es and Eb are related by Es = EbR log2 Mc. In the following, we
consider a number of scenarios, involving the estimation of a subset of parameters,
assuming the remaining parameters are known. But �rst, we illustrate the impact
of inaccurate estimation of these quantities on the BER.

6.7.1. Effect of synchronization errors

Figure 6.4 shows the e�ect of inaccurate estimation of the di�erent parameters
on the BER performance. We observe that even a small delay estimation error (of
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Figure 6.4. Performance of Oerder&Meyr timing estimation algorithm and impact of synchronization
errors on the BER performance.
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Figure 6.5. BER performance of pilot-assisted frame synchronization versus EM frame synchroniza-
tion.

0.15T at roll-o� factor 0.5) can cause a signi�cant degradation. Also, a small error
on the channel taps (a complex-valued zero-mean Gaussian estimation error with
variance 0.1 on the real and imaginary components) will have a severe impact on
the BER, especially at high SNR. Finally, we see that even a very small frequency
estimation error (of 3 • 10�4/T) will cause very high BER degradations at all con-
sidered SNRs. This clearly illustrates the need to perform accurate estimation of
H, F, and �.
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6.7.2. Symbol synchronization

The O&M algorithm (6.26) provides a timing estimate �� , irrespective of the other
parameters. The resulting estimate causes virtually no BER degradation compared
to the case where �� is known (Figure 6.4). Hence there is no need to further up-
date �� during the EM iterations. This leaves us with the following parameters to
estimate: frame delay k� , channel matrix H, and frequency o�set F.

6.7.3. Frame synchronization

We consider frame synchronization assuming knowledge of the other parame-
ters H and F. Since frame synchronization involves the estimation of a discrete
parameter k� , no initial estimate and thus no pilot symbols are necessary (see
Section 6.4). In Figure 6.5, we compare the BER in the cases of perfect frame
synchronization, DA frame synchronization, and EM frame synchronization. As
shown in Figure 6.5, the EM frame synchronization without pilot symbols yields
hardly any degradation compared to perfect synchronization, whereas DA frame
synchronization requires more than 8 pilot symbols to achieve a comparable per-
formance. Due to the inherent randomness of the turbo-code, time-shifted ver-
sions of a codeword are very unlikely to resemble another codeword. Hence, accu-
rate frame synchronization is possible, based on information from the coded data
symbols only.

6.7.4. Channel estimation

In contrast with frame synchronization, initial estimates are necessary for the EM
estimation of the continuous parameters, that is, channel matrix H and frequency
o�set F. The DA and NDA algorithms described in Section 6.5 will be utilized to
provide these estimates. As will be shown in the sequel, the performance of the EM
algorithm depends on the accuracy of these initial estimates.

Figure 6.6 compares the BER performances corresponding to DA estimation
and EM estimation of the channel matrix, assuming the other parameters (k� and
F) to be perfectly known. The DA estimate makes use of 16 pilot symbols, and the
EM algorithm is initialized with this DA estimate. As compared to perfect channel
estimation, DA channel estimation gives rise to a BER degradation of about 2 dB,
whereas the degradation is limited to about 0.5 dB for EM-based channel estima-
tion. Considering the hypothetical situation where the EM algorithm is initialized
with the correct value of the channel matrix, the corresponding BER degradation
amounts to about 0.1 dB only; this illustrates the importance of the accuracy of
the initial estimate. It is interesting to investigate the performance of the EM al-
gorithm in terms of the MSE of the channel gains. In Figure 6.6, we observe that
the MSE of the EM estimator (both with perfect and DA initialization) reaches the
MCRB for SNRs above 2 dB. Nevertheless, a BER degradation of around 0.5 dB
remains for the EM algorithm with DA initialization, while with perfect initializa-
tion this degradation is below 0.1 dB. The reason for this apparent discrepancy is
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Figure 6.6. BER and MSE performance for channel estimation through EM and DA algorithms.

that occasionally poor DA initial estimates cause outliers in the EM estimation er-
ror distribution. These outliers have little impact on the variance of the estimation
error distribution but may cause a noticeable BER degradation. When the initial
estimates are perfect, these outliers are no longer present, resulting in very low
BER degradation.

6.7.5. Frequency estimation

The frequency o�set estimation performance is even more sensitive to the accuracy
of the initial estimate. We will consider three di�erent carrier frequency estimation
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Figure 6.7. MSE of frequency o�set estimate for NDA and EM estimation of F when all other param-
eters are known. Both EM and NDA algorithm use 420 symbols, and the EM algorithm is initialized
with the NDA algorithm.

algorithms, assuming the other parameters (k� and H) to be known: the �rst is DA
frequency o�set estimation, the second corresponds to NDA estimation, and the
third one is the EM algorithm. The �rst and second algorithms do not exploit any
knowledge about the channel matrix. The EM algorithm can be initialized with a
DA or NDA-algorithm or can even be applied without initialization ( �F(0) = 0).

Figure 6.7 shows the MSE for frequency estimation, resulting from the NDA
algorithm and from the EM algorithm with NDA initialization; we note that the
EM estimator reaches the MCRB for SNR above 4 dB.

Figure 6.8 considers the MSE and the BER performance resulting from DA es-
timation (128 pilot symbols), NDA estimation and EM estimation (with initializa-
tion �F(0) = 0) of the carrier frequency o�set. Results are shown for Eb/N0 = 3 dB,
as a function of the unknown frequency o�set F. While the performance corre-
sponding to the DA and NDA algorithms does not depend on F, the EM algo-
rithm will only work well when (F � �F(0)) × T ×M � 1, irrespective of how �F(0)

is obtained. Hence EM estimation with initialization �F(0) = 0 severely limits the
acquisition range. Within its acquisition range, the EM algorithm performs very
close to the MCRB, and yields a very small BER degradation. The DA estimator
requires many pilot symbols to achieve a similar performance. As compared to the
EM algorithm, the NDA estimator yields an MSE that is about twice as large, but
achieves nearly the same BER performance. Consequently, taking computational
complexity into account, the NDA algorithm appears to be the best solution for
frequency o�set estimation. We should mention, however, that the performance
of the NDA frequency estimation algorithm degrades for higher constellations.
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Figure 6.8. MSE and BER performance for frequency o�set estimation using EM algorithm initial-
ized with �F(0) = 0 compared to NDA and DA estimation (without EM) for di�erent values of the
normalized actual frequency o�set for Eb/N0 = 3 dB (channel and frame synchronization are perfect).

6.7.6. Frame synchronization and channel estimation

Since a signi�cant amount of pilot symbols is necessary to provide an accurate
initial channel estimate, one could perform frame synchronization exploiting only
the pilot symbols. In this case, the EM algorithm is used solely to provide an es-
timate of H and F (i.e., k� is excluded from the EM algorithm). Assuming F to
be known, Figure 6.9 shows that the latter scheme results in only a small addi-
tional degradation (of about 0.2 dB), compared to joint EM frame synchroniza-
tion and channel estimation. This means that by using DA frame synchronization
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Figure 6.9. BER performance of joint EM frame synchronization and channel estimation versus data-
aided frame synchronization and EM channel estimation. 16 Pilot symbols are used in both scenarios.

and EM-based channel estimation, a signi�cant reduction in computational com-
plexity can be achieved (namely, a factor M� in expression (6.33)) with only minor
BER degradation.

6.7.7. Frame synchronization, channel estimation,
and frequency estimation

Finally, we consider the joint frame synchronization, channel and frequency o�set
estimation. In Figure 6.10, the BER performance of the EM algorithm is illustrated
for the joint frame synchronization and estimation of channel gains and frequency
o�set. Note that 16 pilot symbols are used to provide the initial channel estimate,
while no pilot symbols are necessary for initial estimates of the frequency o�set
(NDA) and frame synchronization (no initialization). Estimating the channel re-
sults in a signi�cant degradation (about 0.5 dB) compared to perfect synchroniza-
tion, while frequency o�set estimation and frame synchronization cause very little
additional degradation.

Taking into account that NDA frequency estimation and EM frequency esti-
mation give rise to nearly the same BER degradation (see Section 6.7.5), compu-
tational complexity can be reduced with virtually no performance loss by making
an NDA frequency estimate instead of an EM frequency estimate. In addition, a
further complexity reduction can be achieved by performing DA frame synchro-
nization instead of EM frame synchronization (see Section 6.7.6). In Figure 6.10,
we observe that the NDA frequency estimation with EM estimation of the other
parameters results in hardly any performance degradation compared to the EM
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Figure 6.10. BER performance of conventional algorithm and EM algorithm for di�erent scenarios:
DA frame and channel estimation with NDA frequency estimation (no EM); EM channel estimation
with perfect knowledge of other parameters; EM frame, frequency and channel estimation with initial
NDA frequency estimate; NDA frequency estimation with EM frame synchronization and channel es-
timation; DA frame synchronization with NDA frequency estimation and EM channel estimation. In
all scenarios, the initial channel estimate is obtained through 16 pilot symbols, which are also used for
DA frame synchronization.

estimation of all parameters. On the other hand, performing DA frame synchro-
nization instead of EM frame synchronization gives rise to an additional degrada-
tion of about 0.2 dB (which is consistent with the results from Section 6.7.6).

6.8. Conclusions and remarks

We have considered the problem of symbol synchronization, frame synchroniza-
tion, frequency estimation, and channel estimation in the context of coded trans-
mission over a �at-fading MIMO channel. We have derived iterative ML estima-
tion algorithms that are based upon the EM algorithm; these algorithms make use
of the posterior symbol probabilities that are provided by a symbol MAP detector.
We have pointed out how initial estimates can be obtained from conventional DA
or NDA estimation algorithms. We have shown that for the MIMO setup consid-
ered, EM estimation gives rise to a BER degradation of about 0.5 dB, as compared
to the case where all parameters are known; it turns out that this degradation is
caused mainly by the channel estimation errors, whereas estimation errors related
to the other parameters have a much smaller impact on the BER.

The numerical complexity of the estimator can be reduced by applying the
iterative EM algorithm to a subset of the parameters to be estimated, whereas the
estimates of the other parameters are obtained from conventional DA or NDA
algorithms. By means of computer simulations we have pointed out that involving
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only frame synchronization and channel estimation in the EM algorithm, while
performing NDA symbol synchronization and NDA frequency estimation, yields
no noticeable BER degradation as compared to the case where all parameters are
updated during the EM iterations. A further complexity reduction can be achieved
by performing DA (instead of EM) frame synchronization, in which case the EM
algorithm is used for channel estimation only; the DA frame synchronization gives
rise to an additional degradation of about 0.2 dB.
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Abbreviations

AWGN Additive white Gaussian noise
BER Bit error rate
BICM Bit-interleaved coded modulation
BPSK Binary phase-shift keying
CSI Channel state information
DA Data-aided
EM Expectation-maximization
LDPC Low-density parity check
LLF Log-likelihood function
MAP Maximum a posteriori
MCRB Modi�ed Cram·er-Rao bound
MIMO Multiple-input multiple-output
ML Maximum likelihood
MMSE Minimum mean square error
MSE Mean square error
NDA Non data-aided
OFDM Orthogonal frequency-division multiplexing
O&M Oerder&Meyr
RA Repeat-accumulate
ST Space-time
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7Iterative (turbo) signal processing
techniques for MIMO signal
detection and equalization

Tad Matsumoto

7.1. Introduction

The discovery of the turbo codes has driven research on the creation of new sig-
nal detection concepts that are, in general, referred to as the turbo approach. Re-
cently, this approach has made a drastic change in creating signal detection tech-
niques and algorithms such as equalization of intersymbol interference (ISI) expe-
rienced by broadband single-carrier signaling over mobile radio channels. It has
long been believed that the computational complexity needed for the ISI equal-
ization in broadband mobile communication channels is prohibitive, the belief of
which is being overturned by the turbo approach.

The goal of this chapter is to provide readers with understanding of the tech-
nique based on the turbo approach. This chapter is started by an explanation that
coded transmission over memory channel can be seen as a serially concatenated
coded system, where the outer code is the channel code used, and the inner code
the channel itself. Therefore, the turbo equalization can be viewed as a decoding
technique for serially concatenated codes.

This chapter will then introduce an iterative signal detection technique, a soft
canceler followed by a minimum mean square error (SC/MMSE) �lter, which can
be seen as a technique based on the turbo approach. The SC/MMSE concept is
then applied to the equalization of relatively severe ISI experienced in broadband
single-carrier signaling. It is shown that even though the SC/MMSE turbo equal-
izer�s complexity is proportional to the third power of the total path number in the
equalizer�s coverage, it can achieve almost equivalent performance to that of the
optimal detector based on the maximum likelihood sequence estimation (MLSE)
technique. The MLSE equalizer�s computational complexity increases exponen-
tially with the equalizer�s coverage, for which single-carrier signaling has long been
believed to be impractical for broadband mobile communications.

This chapter then applies the SC/MMSE technique to multiple-input multi-
ple-output (MIMO) signal detection as a reasonable expansion of the SC/MMSE
turbo equalizer. The resulting device is called SC/MMSE MIMO turbo equalizer.
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120 Iterative MIMO turbo equalization

The SC/MMSE MIMO turbo equalizer�s performance is almost equivalent to that
of the MLSE single-user signal detector, even though it does not require prohibi-
tively large computational e�ort.

Although the SC/MMSE equalizer does not require exponentially increasing
computational complexity, its cubic order of complexity requirement may still
be too large when the equalizer has to detect many signals that were transmitted
from the multiple antennas in multiuser MIMO scenarios. Some approximation
techniques that can further reduce the complexity without causing any signi�-
cant performance loss are known. This chapter also provides the approximation
techniques. This chapter then extends the SC/MMSE algorithm to the case where
transmitted signals use quadrature amplitude modulation (QAM) format.

The low complexity of the SC/MMSE MIMO turbo equalizer has triggered
research on single-carrier broadband MIMO uplink systems, where all users use
the same time slots and the same frequency slots without relying on multicarrier
or spread spectrum techniques. Obviously, single-carrier signaling is bene�cial for
handset terminals because when transmitting single-carrier signals highly linear
ampli�er is not necessary, which results in battery long lifetime. The purpose of the
last section of this chapter is to estimate in-�eld performances of the single-carrier
SC/MMSE MIMO turbo equalizer. The methodology of the link-level simulation
using channel sounding �eld measurement data is presented. The results of the
simulations are also presented to demonstrate the e�ectiveness of the single-carrier
SC/MMSE MIMO turbo equalizer in �elds.

7.2. SC/MMSE turbo equalizer

Severe signal distortion due to ISI is imposed upon received signals when broad-
band signal is transmitted over mobile radio channels. Furthermore, cochannel
interference (CCI) is another cause of signal distortion when multiple signals are
transmitted on the same frequency. The CCI scenario happens when multiple
users transmit their uplink signals using the same time slots and frequency slots.
Another scenario is the single-user signal transmission using multiple antennas
where di�erent sequences, that are most possibly coded sequences, are transmit-
ted sharing the same time slots and frequency slots. Obviously, considering the
mixed mode of these scenarios is a meaningful roadmap, when creating broad-
band mobile communication system concepts. The radio networks featuring these
scenarios are categorized as MIMO systems in this chapter.

MIMO receivers have to e�ectively suppress ISI as well as unknown CCI that
are not to be detected, while adequately detecting the multiple desired signals.
Recently, the iterative technique for equalization of the signal distortion due to ISI,
which is considered as an application of the turbo decoding concept, has attracted
much attention [1, 2, 3]. However, when it is used in broadband MIMO channels,
the computational complexity required to derive the a posteriori log-likelihood
ratio (LLR) is still excessive. This is because the number of the states in the trellis
diagram for the frequency-selective MIMO channels increases exponentially with
the product of the number of users and their channel memory lengths.
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Figure 7.1. System block diagram for single-user single-carrier turbo equalization.

The SC/MMSE equalization algorithm was �rst developed by Reynolds and
Wang for severe ISI channels [4] in single-user single-carrier signaling scenar-
ios. However, it can be seen as an extension of the iterative multiuser detection
algorithm originally derived for code division multiple access (CDMA) systems
presented in [2]. The conceptual basis of SC/MMSE is to replicate the ISI com-
ponents by using the LLR of the adjacent bits causing ISI, fed back from their
channel decoder, and to subtract the soft replica from the received composite sig-
nal vector. Adaptive linear �ltering is then performed to remove the interference
residuals; taps of the linear �lter are determined adaptively so as to minimize the
mean square error (MSE) between the �lter output and the signal point corre-
sponding to the symbol of interest. The LLR of the �lter output is then calculated.
After deinterleaving, the LLR values of the �lter output are brought to the channel
decoder as extrinsic information. Soft-input soft-output (SISO) decoding of the
channel code is performed by the channel decoder. The process discussed above is
repeated in an iterative manner. The key point of this scheme is that it o�ers much
lower computational complexity than turbo equalizers using trellis diagram of the
channel.

In Section 7.2, the system model used is �rst introduced, and Reynolds and
Wang�s proposed single-user single-carrier SC/MMSE equalization algorithm is
described in detail, assuming binary phase-shifted keying (BPSK) modulation.
Several derivative techniques related to the original SC/MMSE algorithm are also
introduced.

7.2.1. System model

A transmitter-receiver block diagram of the system considered in this section is
depicted in Figure 7.1 [3]. The information source delivers a binary sequence
c( j), with j being the information bit index, to the transmitter, which is fed to
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122 Iterative MIMO turbo equalization

a convolutional channel encoder. It transforms the information sequence c( j) into
a length B block of BPSK symbols b(i), with i being the coded bit index. To re-
duce e�ects of burst errors, the encoded data is reordered by an interleaver that
performs a �xed random replacement in time of the coded bits in the block. After
the interleaving, the coded bits are indexed by k. The coded bit sequence b(k) is
transmitted using the BPSK modulation format (as noted above, this subsection
assumes BPSK modulation, and therefore BPSK symbols correspond to the bits
coded by the encoder). The BPSK symbols b(k) are transmitted over the multi-
path fading channel which is subjected to severe frequency selectivity. The channel
output is corrupted by additive white Gaussian noise (AWGN). Due to the mul-
tipath e�ect, the channel introduces distortion onto the transmitted signal. Thus,
the received signal, which is a sum of the multipath components, su�ers from ISI.

The receiver employs M antennas that are indexed by m. A discrete-time rep-
resentation of the received signal at sampling timing k is given by

rm(k) =
L�1�

l=0
hm,l(k)b(k � l) + vm(k), (7.1)

where L is the number of propagation paths, hm,l(k) is the channel coe�cient
between transmitter and mth antenna for the lth path, b(k) is the BPSK symbol
transmitted at the kth symbol timing, and vm(k) is a complex AWGN process with
variance �2.

Due to single-carrier transmission, it is reasonable to assume that the frame
length is short enough compared with the fading variation speed. Therefore, it is
assumed that the channel is constant over the frame, and thus symbol indexing in
the channel realization is not needed. Hence, the path index l is cited in parenthesis
as hm(l), 0 � l � L� 1, later on.

A vector presentation of the received signal rm(k) of (7.1), representing the
result of space-domain sampling, is given by

r(k) =
	
r1(k) r2(k) • • • rM(k)


T

=
L�1�

l=0
h(l)b(k � l) + v(k),

(7.2)

where

h(l) =
	
h1(l) • • • hM(l)


T
(7.3)

and

v(k) =
	
v1(k) v2(k) • • • vM(k)


T
(7.4)

is the noise sample vector.
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Figure 7.2. An example of space-time communication scenario.

After time-domain sampling on r(k) to capture the multipath components,
the received signal vector y(k) can be expressed in a space-time representation as

y(k) =
	
rT(k + L� 1) rT(k + L� 2) • • • rT(k)


T

= Hb(k) + V(k),
(7.5)

where

H =

.

//////0

h(0) h(1) • • • h(L� 1) 0 • • • 0

0
. . .

...
. . . . . .

...
...

. . . . . .
...

. . . . . . 0
0 • • • 0 h(0) h(1) • • • h(L� 1)

1

2222223
(7.6)

and

b(k) =
	
b
 
k + (L� 1)

#
• • • b(k) b(k � 1) b

 
k � (L + 1)

#
T
(7.7)

with

V(k) =
	
vT(k + L� 1) vT(k + L� 2) • • • vT(k)


T
. (7.8)

The matrix H is called a �space-time channel matrix.�
An example of the multipath space-time communication with one transmit

and two receiver antennas is shown in Figure 7.2. In each of the transmit-to-receive
antenna radio links, there are 3 path components. The space-domain sampled re-
ceived signal for this example is expressed as

r(k) =

=
h1(0)
h2(0)

>

b(k) +
=
h1(1)
h2(1)

>

b(k � 1) +
=
h1(2)
h2(2)

>

b(k � 2) + v(k)

= h(0)b(k) + h(1)b(k � 1) + h(2)b(k � 2) + v(k).
(7.9)
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After time-domain sampling over the ISI length (= 3), we have

y(k) =

.

//0

r(k + 2)
r(k + 1)

r(k)

1

223

=

.

//0

h(0) h(1) h(2) 0 0
0 h(0) h(1) h(2) 0
0 0 h(0) h(1) h(2)

1

223

.

///////0

b(k + 2)
b(k + 1)
b(k)

b(k � 1)
b(k � 2)

1

22222223

+

.

//0

v(k + 2)
v(k + 1)

v(k)

1

223

= Hb(k) + V(k).

(7.10)

7.2.2. Turbo equalization principle

Turbo equalization can be viewed as an extension of turbo decoding. Turbo coded
signal contains multidimensional memory due to multiple recursive systematic
codes (RSCs) that are separated in time by interleavers. A turbo decoder consists
of multiple SISO decoders, corresponding to the RSCs encoders, and it produces
soft decisions of the received symbols in the form of LLR, which is propagated
between the decoders [5]. The RSCs may be convolutional codes or block codes,
and the connection of the RSCs encoders is either parallel or serial, or in their
hybrid mode.

In the case of turbo equalization, the two-dimensional memory is a result of
the encoder used and ISI caused by the multipath Rayleigh fading channel. Un-
like the turbo codes, the code should not necessarily be systematic. The multipath
channel does not produce any �redundant� symbols, but it imposes ISI on the
received signal due to the channel memory. Furthermore, the complex envelopes
associated with the multipath components vary according to the mobile station�s
move, causing the time-varying ISI. Therefore, the space-time channel matrix H
has to be estimated frame by frame.

Recognizing that the multipath propagation is the process taking a convo-
lution of the symbols transmitted over each multipath component, the channel
can be seen as a �convolution code,� the de�nition of which is in the complex
�eld. Therefore, the system is a �serially concatenated code� [6] comprised of two
codes, one is the channel code used, the other the multipath channel itself. They
are serially connected, and are separated by an interleaver. To �decode� the serially
concatenated code, decoding techniques for serially concatenated turbo codes can
be used. Such system is called �turbo equalizer.�

A block diagram of communication system using single-carrier signaling with
turbo equalizer is shown in Figure 7.1. The receiver presented in Figure 7.1 consists
of a SISO detector and a SISO decoder that are connected by a deinterleaver and an
interleaver. The inverse operation of interleaving is performed by the deinterleaver,
for which the coded bit is indexed by i after deinterleaving.
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For the BPSK�s case, the SISO detector delivers the a posteriori LLR of a trans-
mitted symbol �+1� and ��1,� de�ned as

�1
�
b(k)

�
= ln

Pr
�
b(k) = +1|y(k)

�

Pr
�
b(k) = �1|y(k)

� . (7.11)

Using Bayes� rule, �1[b(k)] given by (7.11) can be rewritten as

�1
�
b(k)

�
= ln

Pr
�
y(k)|b(k) = +1

�

Pr
�
y(k)|b(k) = �1

�
% &’ (

�1[b(k)]

+ ln
Pr

�
b(k) = +1

�

Pr
�
b(k) = �1

�
% &’ (

�p2 [b(k)]

, (7.12)

where �p2 [b(k)] is the a priori LLR of the code bit b(k) provided by the channel
decoder in the previous iteration with p indicating the quantity obtained from
the previous iteration. The �rst term �1[b(k)] represents the extrinsic information
based on the received signal y(k) and a priori information �p2 [b(k�)] of the code
bits except the kth bit, that is, k� �= k. After deinterleaving, �1[b(i)] is fed to the
SISO channel decoder, which calculates a posteriori LLR using the prior informa-
tion about all possible symbols and the knowledge about the trellis structure of the
code, as

�2
�
b(i)

�
= ln

Pr
�
b(i) = +1|�p1b(i�)

�B�1
i�=0

Pr
�
b(i) = �1|�p1b(i�)

�B�1
i�=0

= �2
�
b(i)

�
+ �p1

�
b(i)

�
,

(7.13)

where B is the length of the frame. To obtain the LLR calculated by using the trel-
lis diagram, �1[b(i)] is subtracted from �2[b(i)] before feeding it back as a priori
information to the SISO detector through the interleaver.

The decoder also calculates the a posteriori LLR of every information bit c( j),
on which the �nal decision is made at the �nal iteration. At the �rst iteration
�1[b(k)] and �p2 [b(k)] are statistically independent, since the ISI and the chan-
nel code put independent forms of memory. But subsequently, since both use the
same information indirectly, there will be more correlation as more iterations are
performed, until �nally the improvement through iterations diminishes.

If the trellis diagram of the multipath channel, which can be seen as an inner
code of the serially concatenated code, has to be used to calculate the a posteriori
LLR �1[b(k)], its computational complexity becomes prohibitive for broadband
single-carrier signaling. This is because the number of the states needed to express
the channel�s trellis diagram increases exponentially with the number of the chan-
nel memory length L�1. The SC/MMSE iterative equalization technique can solve
this problem by replacing the trellis-based LLR computer with soft cancelation and
MMSE �ltering.
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Figure 7.3. Block diagram of SC/MMSE signal processing.

7.2.3. SC/MMSE turbo equalization algorithm

A block diagram of the SC/MMSE iterative equalizer is shown in Figure 7.3. The
principle of the SC/MMSE equalizer is that it �rst performs the ISI cancelation by
subtracting the soft replica of ISI components from the received signal vector, and
further suppresses the residual interference components by an adaptive �lter. The
tap coe�cients of the �lter are determined based on the minimum mean squared
error (MMSE) criterion [4].

The soft replica is constructed from the a priori LLR �p2 [b(k)] of the symbols
delivered by the SISO decoder from the previous iteration. For notational simplic-
ity, the bit index k and its corresponding bit value b(k) are ignored in the following,
resulting in a simpler notation:

�2 = ln Pr(+1)
Pr(�1)

. (7.14)

After some mathematical manipulations we have

Pr(�1) =
1

1 + e�2
. (7.15)

The soft estimate of symbol �b = �b� can be calculated from the probabilities
Pr(+1) and Pr(�1) as

�b = (�1) • Pr(�1) + 1 • Pr(+1)
= �Pr(�1) + Pr(+1)

= �Pr(�1) + Pr(�1)e�2

= Pr(�1)
 
e�2 � 1

#
.

(7.16)
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Using (7.15) and (7.16) we get

�b =
e�2 � 1
e�2 + 1

. (7.17)

Given the de�nition of the hyperbolic tangent function

tanh(x) =
e2x � 1
e2x + 1

(7.18)

it is found that the symbol estimate �b is given by

�b = tanh �2

2
. (7.19)

Now, we assume without loss of generality that b(k) is the bit to be detected. A vec-
tor representation �b(k) of the soft estimates of the ISI-causing symbols is given as

�b =
	
�b
 
k + (L� 1)

#
• • • �b(k + 1) 0 �b(k � 1) • • • �b

 
k � (L� 1)

#
T
. (7.20)

To calculate the soft replica of ISI components, �b(k) is multiplied by the estimate
of the space-time channel matrix H provided by the channel estimator. The prod-
uct is then subtracted from the received signal y(k) to perform soft interference
cancelation for a symbol b(k) as

�y(k) = y(k) � H�b(k) = H
 
b(k) � �b(k)

#
+ V(k). (7.21)

After the soft cancelation, the remaining ISI components are further suppressed
by applying a conditional linear MMSE �lter as

z(k) = mH(k)�y(k), (7.22)

where the vector m(k) corresponds to the �lter coe�cients. The term �conditional
MMSE� indicates that the optimization due to the MMSE criterion is conditioned
upon the soft feedback vector �b(k). The criterion for determining vector m(k) is
such that it minimizes the mean squared error (MSE) between symbol b(k) and
�lter output z(k) as

m(k) = arg min
m

E
�$$b(k) � mH �y(k)

$$2�

= arg min
m

mHE
!
�y(k)�y(k)H

"
m � 2mHE

!
b(k)�y(k)

"
.

(7.23)

In (7.23)

E
!
�y(k)�yH(k)

"
= H�(k)HH + �2I (7.24)
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and

E
!
b(k)�y(k)

"
= HeL, (7.25)

where

�(k) = cov
!
b(k) � �b(k)

"

= diag
!
1 � �b(k + L� 1)2, . . . , 1 � �b(k + 1)2, 1,

1 � �b(k � 1)2, . . . ,1 � �b(k � L + 1)2"
(7.26)

and eL is a length 2L � 1 vector, of which all elements are zero except the Lth ele-
ment being 1. Substituting (7.24) and (7.25) into (7.23), the MSE after the MMSE
�ltering can be written as

MSE = mH(k)
?
H�(k)HH + �2I

@
m(k) � 2mH(k)HeL + 1 (7.27)

from which the gradient with respect to m(k) is taken and set at zero to obtain

?
H�(k)HH + �2I

@
m(k) � HeL = 0 (7.28)

m(k) can then be given as

m(k) =
�
H�(k)HH + �2I

��1HeL. (7.29)

Hence, the MMSE �lter output is given by

z(k) = eTLHH�H�(k)HH + �2I
��1�r(k) � Hb̃(k)

�
. (7.30)

The extrinsic information of the coded bit b(k) is derived from the MMSE �l-
ter output, assuming that the MMSE �lter output z(k) can be approximated as a
Gaussian channel output having input b(k), as

z(k) = µ(k)b(k) + 
(k), (7.31)

where 
(k) is an equivalent noise sample, and

µ(k) = E
!
z(k)b(k)

"
= eTLHHm(k) (7.32)

with

v2(k) = E
���z(k)

��2�� µ2(k) = eTLHHm(k) � µ2(k) = µ(k) � µ2(k). (7.33)
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With this expression, the extrinsic information �1[b(k)] at the MMSE �lter output
is given by

�1
�
b(k)

�
= ln

p
?
z(k)|b(k) = +1

@

p
?
z(k)|b(k) = �1

@

= �
��z(k) � µ(k)

��2

v2(k)
+

��z(k) + µ(k)
��2

v2(k)

=
4 Re

!
z(k)

"

1 � µ(k)
.

(7.34)

7.2.4. Asymptotic performance

At early stages of the iterations the e�ect of the soft interference cancelation is not
signi�cant due to the symbol estimates tanh{�p2 [b(k)/2]} being near zero. How-
ever, with su�cient iterations, the soft estimates become more accurate, and �(k)
approaches �� = diag[0, . . . , 0, 1, 0, . . . , 0]. With �(k) = ��, the ISI components in
the equalizer coverage can be completely canceled by the soft canceller. If this hap-
pens, since H ��HH becomes a rank-one matrix, the MMSE �lter taps become

m(k) �� m =
�
hhH + �2I

��1h, �(k) �� ��, (7.35)

where h = HeL is the Lth column vector of the space-time channel matrix H. Using
the matrix inversion lemma,

A�1 =
 
CD�1CH + B

#�1

= B�1 � B�1C
 
D + CHB�1C

#�1CHB�1
(7.36)

the MMSE �lter weight m of (7.35) becomes

m =

=
1
�2 �

1
�2 h

�
1

1 + hHh/�2

�

hH 1
�2

>

h

=

=
1
�2 �

1
�2 •

hHh
�2 + hHh

>

h

= �h,

(7.37)

where � = 1/(hHh + �2). Now, it is found that MMSE is equivalent to a �lter
matched to the channel [7], with which performance is equivalent to that of the
maximum ratio combining (MRC) path diversity. Therefore, the performance of
the SC/MMSE equalizer is asymptotically equivalent to the MRC bound that is also
the performance limit of the MLSE equalizer. However, there is a certain point of
convergence, over which the performance is not improved by further iterations. In
fact, the convergence property of SC/MMSE is a�ected by the channel realization,
and if the channel is in highly non-minimum phase mode, it cannot achieve the
asymptotic performance described above.
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Figure 7.4. Performances of original SC/MMSE and its matched �lter approximation (MFA) algo-
rithms, 20-path Rayleigh fading ( fDTS = 1/12 000).

7.2.5. Performance results

Figure 7.4 shows results of simulations conducted to evaluate bit error rate (BER)
performance of the SC/MMSE equalizer in a severe frequency-selective multipath
fading environment. An exponentially decaying delay pro�le was assumed where
there are 20 path components in the range from the top to 10 dB down point in
the delay pro�le. Other simulation parameter values are summarized in the �g-
ure. The light solid lines are for the original SC/MMSE equalizer with the iteration
number as a parameter, and the dark solid lines for the matched �lter approxima-
tion SC/MMSE equalizer which will be derived in Section 7.4.2. It is found that
SC/MMSE achieves signi�cant iteration gain, and after 3 iterations, SC/MMSE�s
BER converges into its achievable asymptotic value.

7.3. SC/MMSE MIMO turbo equalization

7.3.1. Extension to MIMO

This subsection extends the single-user single-carrier SC/MMSE turbo equaliza-
tion algorithm to MIMO cases [8, 9]. MIMO refers here to a situation where
multiple signals are transmitted simultaneously using the same time slots and the
same frequency slots. Some groups of the signals may be transmitted by some
single users, each using multiple antennas, and some transmitted by multiple in-
dependent users, each using a single antenna. In the former case, each single user�s
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Figure 7.5. Single-carrier MIMO system model and block diagram of SC/MMSE MIMO turbo equal-
izer.

data is divided into di�erent chains that perform encoding and interleaving sep-
arately. However, the symbol detection algorithm shown in this section can be
extended easily to the case where the transmit antennas are grouped into several
subgroups, in which coding and interleaving take place over the multiple antennas
[10, 11].

Despite the scope of the radio network con�guration described above, it is
assumed later on that each antenna transmits signal of single �users� for simplicity.
Now, the system has N �users,� each having a single transmit antenna, and the
receiver is equipped with M antennas. The receiver is comprised of a multiple user
signal detector (MUSD) and SISO decoders for each user. The MUSD consists of
soft interference cancellers for theN users, each followed by the MMSE �lter. Since
the channel model is basically the same as in the single-user case, the extended
notations are shown brie�y.

Figure 7.5 presents the single-carrier MIMO communication system model
investigated in this section. All N users transmit their information symbols using
the same time slots and frequency slots without spreading signals in the frequency
domain. The information bits cn(i) with i and n denoting the bit and user in-
dices, respectively, are encoded by each user�s channel encoder. After interleaving
the symbols bn(k), where k denotes the symbol index after interleaving, are modu-
lated using the BPSK modulation format, and transmitted over frequency-selective
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channels. At the receiver, the discrete-time representation of the received signal at
the mth antenna can be expressed as

rm(k) =
L�1�

l=0

N�

n=1
hmn(l)bn(k � l) + vm(k) (7.38)

which is equivalent to (7.1), except that it sums up multiple users and that as noted
in Section 7.2.1, the path index l is cited in parentheses as hmn(l) 0 � l � L � 1,
and 1 � n � N . Equation (7.38) can be rewritten in a matrix form as

r(k) =
	
r1(k) r2(k) • • • rM(k)


T

=
L�1�

l=0
H(l)b(k � l) + v(k),

(7.39)

where

H(l) =

.

//0

h11(l) • • • h1N (l)
...

. . .
...

hM1(l) • • • hMN (l)

1

223 ,

b(k) =
	
b1(k) b2(k) • • • bN (k)


T

(7.40)

and

v(k) =
	
v1(k) v2(k) • • • vM(k)


T
. (7.41)

After space-domain and time-domain sampling, the space-time representation of
the received signal y(k) is given by

y(k) =
	
rT(k + L� 1) rT(k + L� 2) • • • rT(k)


T

= Hu(k) + V(k),
(7.42)

where

H =

.

//////0

H(0) • • • H(L� 2) H(L� 1) 0 • • • 0

0 H(0)
. . . H(L� 2) H(L� 1)

. . .
...

...
. . . . . .

...
. . . . . . 0

0 • • • 0 H(0) • • • H(L� 2) H(L� 1)

1

2222223

(7.43)

represents the temporal and spatial characteristics of the frequency-selective
MIMO channel with u(k) and V(k) being

u(k) =
	
bT(k + L� 1) • • • bT(k) • • • bT(k � L + 1)


T
(7.44)
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Figure 7.6. Block diagram of MIMO SC/MMSE signal processing.

and

V(k) =
	
vT(k + L� 1) vT(k + L� 2) • • • vT(k)


T
, (7.45)

respectively.
Since the details of the mathematical derivation of the SC/MMSE algorithm

is presented in Section 7.2.3, the extension to the MIMO case is described here
only brie�y. The principle of MIMO SC/MMSE signal processing is illustrated in
Figure 7.6. For each of the N users the SC/MMSE signal processing is conducted
independently. Assume that the nth user�s kth bit bn(k) is to be detected. De�ne
�un(k) as

�un(k) =
	
�bT(k + L� 1) • • • �bT(k) • • • �bT(k � L + 1)


T
(7.46)

with

�b(k�)=
	
�b1(k�) �b2(k�) • • • �bN (k�)


T
, k � L + 1 � k� � k + L� 1, k� �= k

(7.47)

and

�b(k) =
	
�b1(k) • • • �bn�1(k) 0 �bn+1(k) • • • �bN (k)


T
, (7.48)

where �bn(k) is the soft estimate of bn(k).
The soft replicas of all ISI and CCI components H�un(k) is subtracted from the

received signal vector as

�yn(k) = y(k) � H�un(k). (7.49)
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Figure 7.7. BER performance of SC/MMSE MIMO turbo equalizer. The scenario includes 2 antennas,
3 users each having 5 paths, MRC + Viterbi decoding, 900 symbol/frame, fdTs � 0, K = 3 conven-
tional code.

Remaining interference components are further suppressed by the MMSE �lter,
which also combines the multipath components of bn(k) spread in time over the
ISI length L. The MMSE �lter weight mn(k) for the nth user�s kth bit can be cal-
culated in the same way as m(k) was derived by (7.29) in the single user�s case.
However, it requires quite a heavy computational burden to invert the covariance
matrix of �yn(k). Section 7.4 investigates computationally e�cient approximation
methods that do not cause serious performance degradations.

After the LLR calculation by (7.34), the soft values are deinterleaved, and the
extrinsic information is fed as input to each user�s SISO decoder, which performs
the SISO decoding of the channel code user by user to provide updated LLRs.

7.3.2. Performance results

Figure 7.7 shows results of simulations for the SC/MMSE MIMO equalizer perfor-
mance evaluations in a 5-path frequency-selective multipath fading environment.
There are 3 simultaneous users, and the receiver uses 2 antennas; each transmit-
to-receive antenna radio link is comprised of 5 propagation paths having equal
average power. The curve indicated by �single user� describes the single-user BER
performance where the other two simultaneous users are not present, and the en-
ergy of the user�s corresponding 10 path components (2 × 5) are MRC combined,
and soft input Viterbi decoding follows for the channel code used.
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Table 7.1. Complexity comparison of SISO algorithms.

Operation Additions Multiplications Comparison

Log-MAP 2Lc�1(4Lc + 17) � 5 2Lc�1(4Lc + 2) 4 • 2Lc�1 � 2
Max-log-MAP 2Lc�1(4Lc + 8) 2Lc�1(4Lc + 2) 4 • 2Lc�1 � 2
SOVA 2Lc�1(4Lc + 2) 2Lc�1(4Lc + 2) 2 • 2Lc�1 + 5Lc

The curves indicated by MIMO show BER performance of the 3-user SC/
MMSE MIMO equalizer. After 4 iterations, the decay of the MIMO performance
curves is almost the same as the �single user� curve, and the di�erence between
the two curves is less than 1 dB.

7.4. Approximations

7.4.1. Complexity of the SC/MMSE turbo equalizer

7.4.1.1. Complexity due to SISO decoder

In general, trellis-based SISO decoders require complexity order O(MLc�1
c ), where

Mc is the level of modulation and Lc is the constraint length of the code. However,
there are some marginal di�erences in the complexities of SISO algorithms. The
result of the complexity evaluation for the several well-known SISO algorithms is
summarized in Table 7.1.

From Table 7.1, it can be seen that among the algorithms compared, SOVA
requires the lowest computational complexity due to the lowest comparison oper-
ations. The computational burden due to comparisons is only roughly half of that
required by the max-log-MAP and log-MAP algorithms.

7.4.1.2. Complexity due to SC/MMSE

The heaviest part of SC/MMSE equalizer�s signal processing is the calculation of
MMSE �lter coe�cients, since it requires inversion of the covariance matrix
(H�(k)HH + �2I) of the soft canceller output. Hence, the complexity of the
SC/MMSE algorithm is of a cubic order O(L3M3), which is presented in detail
in Section 7.4.4. Obviously, the larger the matrices, the heavier the computational
e�ort needed for the matrix inversion. Even though the SC/MMSE turbo equalizer
does not require exponentially increasing computational complexity, it is obvious
that the complexity still becomes prohibitive when the numbers of propagation
paths and receive antennas increase.

7.4.2. Matched filter approximation

As it has been shown in Section 7.2.4, the MMSE �lter approaches a �lter matched
to the channel after su�cient iterations. In the matched �lter approximation tech-
nique the MMSE �lter is replaced by a matched �lter even from the second
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136 Iterative MIMO turbo equalization

iteration onwards. Since the matrix inversion needed for the MMSE weight cal-
culation is eliminated, the complexity can be reduced signi�cantly.

For the �rst iteration, it is apparent from (7.26) that �(k) = I due to the
unavailability of the symbol estimates from the SISO decoder. In this case the co-
e�cients of the MMSE �lter can be determined adaptively by using the training
sequence transmitted for the estimation of the channel matrix H. From the sec-
ond iteration onwards, �(k) �= I and, thus, this method cannot be used.

After su�cient iterations, when the soft canceller is supposed to eliminate ISI
components perfectly, equivalence between MMSE �ltering mH �y(k) and matched
�ltering, matched to the channel, is clearly seen from (7.37). Namely then, the
role of the MMSE �lter is to maximize the desired signal energy which can be
performed by matched �ltering. Hence, the matched �lter m = �hH may be used
instead of (7.29) even from the second iteration onwards [7]. Since the matched
�lter is unique only to the channel and independent of iterations, m has to be
determined only once.

Since the matrix inversion is no longer needed with the matched �lter ap-
proximation, and since the vector-vector inner product that appears in the matrix
inversion lemma only requires a square-order of complexity, the matched �lter
approximation can reduce the SC/MMSE complexity to O(L2M2). BER perfor-
mance of the matched �lter approximation SC/MMSE equalizer in the 20-path
single-user environment is shown in Figure 7.4. It is found that after 3 iterations,
the matched �lter approximation can achieve almost the same performance as the
original SC/MMSE equalizer. The matched �lter approximation SC/MMSE algo-
rithm can easily be extended to MIMO cases [12].

7.4.3. Common covariance matrix inversion technique

Using the common covariance matrix inversion technique, the complexity can be
further reduced by replacing the symbol-by-symbol interference covariance ma-
trix by a frame-wise average. The equation for the soft cancelation, corresponding
to (7.49) in Section 7.3.1, can be rewritten as

�yn(k) = y(k) � H�u(k) + hn�bn(k) = �y(k) + hn�bn(k), (7.50)

where

�u(k) =
	
�bT(k + L� 1) • • • �bT(k) • • • �bT(k � L + 1)


T
(7.51)

with

�b(k�) =
	
�b1(k�) �b2(k�) • • • �bN (k�)


T
, k � L + 1 � k� � k + L� 1,

�y(k) = y(k) � H�u(k)
(7.52)
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and

hn = He(L�1)N�n. (7.53)

The covariance matrix �� of �yn(k) is then given by

�n(k) = �(k) + hn�b2
n(k)hH

n , (7.54)

where

�(k) = H�c(k)HH + �2I = E
!
�y(k)�yH(k)

"
(7.55)

is a common covariance matrix with a diagonal matrix �c(k) de�ned as

�c(k) = diag
!
1 � �b1(k + L� 1)2, 1 � �b2(k + L� 1)2, . . . ,

1 � �bN (k + L� 1)2, . . . , 1 � �b1(k)2, 1 � �b2(k)2, . . . ,

1 � �bN (k)2, . . . , 1 � �b1(k � L + 1)2,

1 � �b2(k � L + 1)2, . . . , 1 � �bN (k � L + 1)2"

(7.56)

which corresponds to the matrix �(k) in the original SC/MMSE de�ned by (7.26)
with a di�erence of the {(L� 1)N + n, (L� 1)N + n}-element being 1 � �b2

n(k).
�(k) may be approximated by a frame-wise average as

�(k) �= � =
1
K

K�

k=1
�y(k)�yH(k) (7.57)

for all k and n, where K is the total sample number in a frame. This can be calcu-
lated using the matrix inversion lemma in a similar fashion as the covariance ma-
trix is propagated in the recursive least square (RLS) algorithm. The staple equa-
tions of the RLS algorithm needed for the common covariance matrix inversion
estimation method are [12]

k(g) =
��1�(g � 1)�y(g)

1 + ��1�yH(g)�(g � 1)�y(g)
(7.58)

and

�(g) = ��1�(g � 1) � ��1k(g)�yH(g)�(g � 1), (7.59)

where � (� 1.0) is the forgetting factor, whose value is chosen to be close to 1.0
[13], and g is the updating index of the RLS algorithm. In many cases, the updating
index g is equivalent to the symbol index k, with which K = B with B being the
frame length in bits. However, in the case that updating does not take place in the
symbol order in the frame, or fractional sampling per symbol is performed, g �= k.
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138 Iterative MIMO turbo equalization

Applying (7.58) and (7.59) to (7.57), the inverse matrix can be calculated by
iterating

��1(g) = ��1�(g � 1) �
��2��1 �y �yH��1(g � 1)

(1 � �)�1 + ��1 �yH��1(g � 1) �y
(7.60)

over the frame, where the contribution from noise is included in the residual signal
as

�y = �y(g) + V(g) (7.61)

and hence the need of estimating the noise variance is avoided. The algorithm is
initialized by setting

��1(0) = ��1I, (7.62)

where � is a small positive constant. Since the symbol likelihood calculation may
be biased due to inaccuracy in �(k), the matrix inversion lemma is normalized by
(1��)�1. Then, the calculated �(k) is combined with the symbol-wise information
for each user n as given in (7.54). Since the ��1(k) is now known, ��1

n (k) can be
calculated again using the matrix inversion lemma as

��1
n (k) =

 
�(k) + �b2

nhnhH
n
#�1

= ��1(k) � ��1(k)hn

�
1
�b2
n

+ hH
n ��1(k)hn

��1

hH
n ��1(k).

(7.63)

In MIMO systems, the calculated matrix inverse is common to all users.
Hence, each equalization stage is composed of a common matrix inverter, a chan-
nel estimator, and a likelihood generator that provides the LLR for each bit of each
user. This approximation requires the assumption that the channel is constant over
the frame, which is, however, quali�ed for broadband single-carrier systems due to
the short frame length. The advantage of using the time averaging technique is the
possibility to evade the bit-wise matrix inverse by performing one matrix inverse
lemma iteration for each received bit, the complexity of which is O(M2L2).

Figure 7.8 shows results of simulations for the evaluation of the SC/MMSE
MIMO equalizer performance based on the common covariance matrix inver-
sion technique in a 10-path frequency-selective multipath fading environment.
There are 3 simultaneous uses, and the receiver uses 3 antennas; each transmit-
to-receive antenna radio link is comprised of 10 propagation paths having equal
average power. Perfect knowledge about the channel is assumed. The dashed line
indicates the maximum ratio combining bound of single-user BER performance
where assuming that the other two simultaneous users are not present, the energy
of the user�s corresponding 30 path components (= 3×10) is MRC combined and
soft input Viterbi decoding follows for the channel code used.
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Figure 7.8. BER performance of common covariance estimation SC/MMSE MIMO turbo equalizer
(w/3 users, 10-path Rayleigh fading, 3 antennas).

Table 7.2. Complexity comparison of SC/MMSE algorithms.

Operation Additions Multiplications Comparison

SOVA 2L�1(4L + 2M) 2L�1(4L + 2)M 2 • 2L�1 + 5L� 1
SC/MMSE M3L3 + 4ML2 � 4ML M3L3 + ML2 �ML + 1 �
MFA (1st iteration) M(3M + 2)L2 M(4M + 1)L2 + 3L + 2 �
MFA (2nd iteration) 2M(M + 3)L2 � 4ML 2M(M + 3)L2 �ML + 1 �
COM (RLS part) M(3ML2 + 2L) + 2 2M(3ML2 + 4L) �
COM (each user�s part) M(4ML2 � 3L) + 1 2M(2ML2 + L) �

The solid lines indicate BER performance of the 3-user SC/MMSE MIMO
turbo equalizer with the common covariance estimation technique. It is found
that the MRC bound can be asymptotically achieved, and after 8 iterations, the
performance di�erence is very minor.

7.4.4. Complexity comparison

A computational complexity comparison between the original SC/MMSE algo-
rithm, its matched �lter approximation (MFA) version, and the common covari-
ance inverse estimation (COM) version, as well as the SOVA algorithm for BPSK
is depicted in Table 7.2 for a single-user case.

Figure 7.9 compares the complexities of the algorithms in terms of the num-
ber of multiplications as a function of multipath components where the number
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Figure 7.9. Complexity comparison in terms of multiplications.

of antennas is �xed at four. It is found that in environments with less than 10 prop-
agation paths, the complexity of SOVA does not di�er much from the complexi-
ties required by the other equalization algorithms. Actually SOVA is much simpler
than the original SC/MMSE algorithm when L < 10. However, as L increases, the
complexity of SOVA becomes prohibitive. The complexity reduction obtained by
using the approximation algorithms is signi�cant.

Comparison in terms of the number of additions versus L is presented in
Figure 7.10 for the single-user case where the number of antennas is �xed at four.
In the presence of only a few multipath components, the required number of ad-
ditions is clearly the lowest with SOVA. In environments with more than 10 mul-
tipath components, the complexity reduction achieved by using approximation
algorithms is noteworthy. However, the di�erence in complexity between the ap-
proximation algorithms is very minor.

7.5. Extension to generic modulation formats

Up to this point it has been assumed that the modulation format used is BPSK,
but from a practical viewpoint, more spectrally e�cient modulation format such
as multilevel QAM has to be used. The con�guration to perform equalization and
SISO decoding for a standard bit-interleaved coded modulation (BICM) with ar-
bitrary mapped QAM is introduced in this section [14].

The scenario investigated in this subsection is the same as that shown in Figure
7.5 except for the coding and modulation schemes. There are N users that are in-
dexed by n; each transmit symbol sn(k) is generated by mapping each segment of
M interleaved code bits to a 2M-ary signal constelation S. All users are assumed to
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Figure 7.10. Complexity comparison in terms of additions.

use the same modulation format. The equalizer performs soft ISI and CCI inter-
ference cancelation, as in SC/MMSE for BPSK, for each transmitted symbol sn(k)
with n = 1 � N and k = 0 � B � 1 using a priori symbol probabilities.

The �rst-order and the second-order statistics of the symbols are obtained
from the symbol a priori probabilities as

�sn(k) �= E
!
sn(k)

"
=

�

s j�S
s j Pa

 
sn(k) = s j

#
,

var
!
sn(k)

"
�= E

���sn(k)
��2��

���sn(k)
��2,

E
���sn(k)

��2� =
�

s j�S
|s j|2 Pa

 
sn(k) = s j

#
.

(7.64)

The symbol a priori probability Pa(sn(k) = s j) is obtained from the corresponding
bit-wise a priori LLRs, produced by the channel decoders, as

Pa
 
sn(k) = s j

#
=

*1
2

+M M7

m=1

;

1 � flbn,m(k) tanh
 
�j
n,m(k)

#

2

<

, (7.65)

where flbn,m(k) = 1�2bn,m(k) and �j
n,m(k) is the extrinsic likelihood ratio, provided

by the decoder, of the bit bn,m(k) � (0, 1) in the segment that constitutes the sym-
bol s j . The soft canceller output is obtained in the same way as (7.50), where the
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corresponding bit is replaced by symbol sn(k) as

�y(k) = y(k) � H�s(k), (7.66)

where the vector �s(k) is comprised of expected symbol values of all users and all
symbols that fall within the window for the space-time sampling. To further re-
duce the e�ects of the residual interfering components, conditional MMSE �lter-
ing mn(k) is used, for which the optimality criterion is

mn(k) = arg min
mn

E
���sn(k) � mH

n
 
�y(k) + hn�sn(k)

#��2�, (7.67)

where �sn(k) is the soft estimate of sn(k). The solution to this MMSE problem is
given by

mn(k) =
�
�(k) +

 
1 � var

!
sn(k)

"#
hnhH

n
��1hn, (7.68)

where �(k) is the covariance matrix of the residual signal in (7.66) and is given as

�(k) = H�(k)HH + �2I, (7.69)

where �(k) is the covariance matrix of the symbol given by

�(k) = diag
�
var

 
sn(k)

#�
(7.70)

and I is the size-LM identity matrix. The MMSE �lter output becomes

zn(k) = �n(k)m�H
n (k)

�
�y(k) + �sn(k)hn

�
(7.71)

with

�n(k) =
 
1 +

 
1 � var

!
sn(k)

"#
m�H

n (k)hn
#�1 (7.72)

and

m�H
n (k) = hH

n ��1(k), (7.73)

where the matrix inversion lemma was used.
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Approximating the MMSE �lter output as a Gaussian channel output, as in
the SC/MMSE algorithm derivation for BPSK, symbol extrinsic probabilities
p(zn(k)|sn(k) = si) with si � S using an equivalent Gaussian channel assumption
at the output of the MMSE �lter can be calculated as

p
 
zn(k)|sn(k) = si

#
=

1
v2
n(k)�

exp
�

�
��zn(k) � µn(k)si

��2

v2
n(k)

�

(7.74)

for each si � S, where µn(k) and v2
n(k) are given by

µn(k) = �n(k)m�H
n (n)hn (7.75)

and

v2
n(k) = µn(k) � µ2

n(k), (7.76)

respectively. Now, given the symbol extrinsic probabilities by (7.74) and the a pri-
ori symbol probabilities, the bit extrinsic LLR for the nth user�s channel decoder
can be calculated as

�en,m(k) = ln
�

s j�S1
n,m

p
 
zn(k)|sn(k) = si

#
exp

 
La

 
si
##

�
s j�S0

n,m
p
 
zn(k)|sn(k) = si

#
exp

 
La

 
si
## , (7.77)

where S1
n,m and S0

n,m de�ne the subsets of S where the bit bn,m(k) takes the values
1 and 0, respectively. The a priori symbol probability La(si) for symbol si � S in
(7.77) is based on all bit a priori LLRs, except for that particular bit m. Note that
(7.34) is the result of de�ning (7.77) for BPSK modulation in logarithm domain.

7.6. Field measurement data-based simulations for SC/MMSE detectors

Current advances in multidimensional channel sounding techniques [15] make it
possible to evaluate performances of signal processing algorithms in realistic con-
ditions. Channel impulse response (CIR) sequences from a transmitter to each
of the multiple antenna elements can be recorded. Recorded real-time channel
sounding measurement data can be used for realistic o�ine simulations. Since the
data represents a real propagation scenario, in-�eld performances can be accu-
rately evaluated by running the measurement data through the signal processing
algorithms of interest. This technique provides us with signi�cantly more realis-
tic performance estimates than model-based simulations. Figures 7.11a and 7.11b
show, for a 3-by-3 MIMO with the transmitter and receiver�s antenna spacings be-
ing 1.0� and 1.2�, respectively, the time series of the bit errors after 4 iterations,
indicated by bars [16]. The measurement took place in Ilmenau, a suburban area
in Germany. Through the measurement campaign, a series of the 3-by-3 MIMO
channel impulse response was recorded, and the set of data was used in o�ine
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(b)

Figure 7.11. The dotted lines in SC/MMSE BER performances versus delay and spatial spreads.

simulations to evaluate performance of the single-carrier SC/MMSE MIMO turbo
equalizer. The dotted lines in Figures 7.11a and 7.11b indicate the root mean
square (RMS) spatial and delay spreads, respectively. It is found that the larger
the spreads in the spatial and temporal domains, the better the BER performance.
This tendency agrees with the results of MIMO channel capacity analysis and mea-
surements [17, 18].
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Abbreviations

ISI Intersymbol interference
SC/MMSE Soft canceler followed by minimum mean square error
MLSE Maximum-likelihood sequence estimation
MIMO Multiple-input multiple-output
QAM Quadrature amplitude modulation
CCI Cochannel interference
LLR Log-likelihood ratio
CDMA Code division mutiple access
MSE Mean square error
SISO Soft-input soft-output
BPSK Binary phase-shifted keying
AWGN Additive white Gaussian noise
RSC Recursive systematic codes
MMSE Minimum mean squared error
MSE Mean squared error
MRC Maximum ratio combining
BER Bit error rate
MUSD Multiple user signal detector
RLS Recursive least square
BICM Bit-interleaved coded modulation
RMS Root mean square
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8Architectures for reference-based
and blind multilayer detection

Karl-Dirk Kammeyer, J¤urgen Rinas, and Dirk W¤ubben

Multilayer systems are predestinated for high-rate wireless data transmission,
where the source simultaneously radiates several data streams via multiple trans-
mit antennas. The main computational e�ort of transmission schemes of this type
is required at the receiver for separating the superimposed information signals. We
distinguish between two types of detection schemes, where the �rst type requires
channel knowledge for the receiver and the second type performs a totally blind
data estimation.

Recently, several detection algorithms have been investigated under the as-
sumption of known channel state information at the receiver. This channel knowl-
edge may be obtained by pilot-aided transmission and channel estimation. For
these reference-aided transmission the well-known linear detection schemes are
generally outperformed by successive detection schemes, namely, the V-BLAST al-
gorithm. In order to decrease the required computational complexity of this non-
linear scheme, we will restate it by applying the QR decomposition of the channel
matrix. This yields the same successive interference cancelation (SIC) detection
algorithm with complexity comparable to linear detection.

A detection approach avoiding pilot symbols is given by the concept of blind
source separation (BSS). BBS approaches normally lead to linear spatial �lters. In
order to achieve the performance of reference-based detection, an iterative com-
bination of BSS and nonlinear SIC is proposed. Furthermore, the application of
BSS is favorable in many practical cases, as the sophisticated MIMO estimation
problems can be transformed to well-known solutions for SISO communication.

The performances of the discussed schemes are demonstrated by simulations
as well as by measurement results.

8.1. System model

Within this chapter, we consider the single-user multiple-antenna system in Figure
8.1 with NT transmit and NR 
 NT receive antennas in a non-frequency-selective
environment. At the transmitter, the binary information data is demultiplexed into
NT data substreams of equal length and mapped onto PSK or QAM symbols of
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Figure 8.1. Model of a MIMO system with NT transmit and NR receive antennas.

the alphabet A with cardinality |A|. These substreams are organized in frames of
length M and simultaneously transmitted over the NT antennas. Thus, the investi-
gated scheme corresponds to the V-BLAST (vertical Bell Labs layered space-time)
architecture introduced in [1, 2].

In order to describe the MIMO system, the discrete-time complex baseband
model is investigated. Let sp[m] denote the symbol transmitted at time instant
1 � m � M from antenna 1 � p � NT. By de�ning the NT × 1 transmit signal
vector s[m] = [s1[m] • • • sNT[m]]T the corresponding NR × 1 receive signal vector
r[m] = [r1[m] • • • rNR [m]]T is given by

r[m] = Hs[m] + v[m]. (8.1)

In (8.1), v[m] = [v1[m] • • • vNR [m]]T represents white Gaussian noise of vari-
ance �2

v observed at the NR receive antennas while the average transmit power of
each antenna is normalized to one, that is,1 E{s[m]sH[m�]} = INT�(m �m�) and
E{v[m]vH[m�]} = �2

v INR�(m�m�). TheNR×NT channel matrix H = [h1, . . . , hNT]
with column vectors hp contains uncorrelated complex Gaussian fading gains hk,p
with unit variance. We assume that the channel matrix H is constant over a frame
of length M and changes independently from one frame to another (block fading
channel). As the time slots m in (8.1) are independent of each other, we will drop
the time index m in the sequel resulting in

r = Hs + v. (8.2)

In order to investigate the maximum performance achievable, we introduce the
singular value decomposition (SVD) H = U�VH of the channel matrix H, where U
and V are unitary matrices and the diagonal matrix � = diag [�1, . . . , �NT] contains
the singular values �p 
 0 [3]. By calculating the �ltered receive vector

r� = UHr = � VHs% &’ (
s�

+ UHv% &’ (
v�

= �s� + v� (8.3)

the MIMO system (8.2) is decomposed into NT parallel single-input single-output

1� de�nes the Kronecker delta with �(0) = 1 and �(n) = 0 for n �= 0.
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(SISO) systems

r�p = �ps�p + v�p, (8.4)

where s�p denotes a modi�ed transmit signal. Obviously, information can only be
transmitted over those equivalent SISO channels with nonzero singular values �p.
If the number of transmission layers exceeds the number of strong singular values,
the performance degrades. This e�ect is demonstrated in Section 8.4 with respect
to measurements.

Several schemes have been investigated to estimate the transmitted informa-
tion at the receiver. One class of detection algorithms requires an estimate of the
channel state information (CSI), whereas a second class applies higher-order sta-
tistics to separate the distinct transmit signals. In the sequel both detection princi-
ples are investigated and a hybrid scheme exploiting the advantages of each prin-
ciple is proposed.

8.2. Reference-based detection algorithms

Within this section we discuss several detection schemes under the assumption of
perfect channel state information at the receiver. Therefore, the achieved perfor-
mances give the upper bound for the blind and non-blind schemes in the subse-
quent section.

8.2.1. Maximum-likelihood detection

In order to detect the transmitted information, it would be optimal to use a maxi-
mum-likelihood (ML) detector. For each time instant m this optimum ML detec-
tor searches over the whole set of transmit signals s � ANT , and decides in favor of
the transmit signal �s that minimizes the Euclidean distance to the receive vector r,
that is,

�sML = arg min
s�ANT

�r � Hs�2. (8.5)

As the computational e�ort for each time instant is of order |A|NT , brute force ML
detection is not feasible for larger number of transmit antennas or higher modu-
lation schemes. As an example, for a system with NT = 4 transmit antennas and
16-QAM modulation, the ML detection requires the computation of 164 = 65536
Euclidean distances for each transmit vector.

A feasible alternative is the application of the sphere detector [4], which re-
stricts the search space to a sphere around r. However, the computational complex-
ity is still high in comparison to simple but suboptimal linear detection or succes-
sive interference cancelation. In the sequel, we investigate these suboptimum linear
and nonlinear schemes. The advantage of both strategies is that the computational
overhead is only required once for each transmitted frame, so for a large frame
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Figure 8.2. Block diagram of a MIMO scheme with linear detection.

length, the e�ort for each signal vector is very small. Furthermore, these subopti-
mum detection schemes may achieve near-ML performance in combination with
lattice reduction, for example, see [5, 6].

8.2.2. Linear detection

The linear detector (LD) is the simplest approach for estimating the transmitted
signals. The receive signal vector r is multiplied with a �lter matrix G, followed by
a parallel decision on all layers, as shown in the block diagram in Figure 8.2.

In case of the zero-forcing (ZF) solution, the mutual interference between
the layers is completely suppressed. This is accomplished by the Moore-Penrose
pseudoinverse (denoted by (•)+) of the channel matrix

GZF = H+ =
 
HHH

#�1HH , (8.6)

where we assume that H has full column rank. The decision step consists of map-
ping each element of the �lter output vector

�s = GZFr = H+r = s +
 
HHH

#�1HHv (8.7)

onto an element of the symbol alphabet A by an elementwise minimum distance
quantization, that is, �sp = QA{�sp}. The estimation errors of the di�erent layers
correspond to the main diagonal elements of the error covariance matrix

�ee,ZF = E
!
(�s � s)(�s � s)H

"
= �2

v
 
HHH

#�1, (8.8)

which equals the covariance matrix of the noise after the receive �lter. It is obvious
that small eigenvalues of HHH will lead to large errors due to noise ampli�cation.

In order to improve the performance of the linear detector the noise term can
be included in the design of the �lter matrix G. This is done by the minimum mean
square error (MMSE) detector, where the �lter

GMMSE =
 
HHH + �2

v INT

#�1HH (8.9)

represents a trade-o� between noise ampli�cation and interference suppression.
The resulting �lter output signal is given by

s̃ = GMMSEr =
 
HHH + �2

v INT

#�1HHr (8.10)
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and the error covariance matrix is found to be

�ee,MMSE = �2
v
 
HHH + �2

v INT

#�1. (8.11)

For the derivation of the nonlinear MMSE detection algorithm considered
later it will be useful to point out the correspondence of the MMSE and the ZF
criterion. To this end, we de�ne an (NT + NR) × NT extended channel matrix2 H
and an (NT + NR) × 1 extended receive vector r through [7, 8]

H =

=
H

�vINT

>

, r =

=
r

0NT,1

>

. (8.12)

With these de�nitions we can rewrite the output of the MMSE �lter (8.10) as

s̃ =

�
�
HH�vINT

�
=

H
�vINT

>��1 �
HH�vINT

�
=

r
0NT,1

>

(8.13)

=
 
HHH

#�1HHr = H+r. (8.14)

Furthermore, the error covariance matrix (8.11) becomes

�ee,MMSE = �2
v
 
HHH

#�1. (8.15)

Comparing (8.14) and (8.15) to the corresponding expression for the linear zero-
forcing detector in (8.7) and (8.8), the only di�erence is that the channel matrix
H has been replaced by H. Thus, an MMSE detector can be interpreted as a ZF
detector with respect to the extended system model. This simple observation will
be important for incorporating the MMSE criterion into the nonlinear detection
algorithm in the sequel.

8.2.3. Successive interference cancelation detection

Instead of detecting the transmitted symbols in parallel, the nonlinear successive
interference cancelation (SIC) schemes detect the signals one after another. Simi-
lar to a decision-feedback equalizer, the estimated interference of already detected
signals is subtracted from the receive signal r before detecting the remaining sig-
nals. Due to the e�ect of error propagation, the sequence of detecting the layers
has a strong impact on the overall error performance [2].

V-BLAST algorithm. The original V-BLAST detection algorithm [2] is based on
the linear zero-forcing solution (8.6), but detects the signals one after another and
not in parallel. In order to achieve the best performance, it is optimal to choose al-
ways the layer with the largest postdetection signal-to-noise ratio (SNR), or equiv-
alently with the smallest estimation error [2]. By rewriting the error covariance
(8.8) as �ee,ZF = �2

vGZFGH
ZF, the pth diagonal element corresponds to �2

v g(p)gH(p),

2Henceforth, underlined variables indicate the application of this extended MMSE system model.
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with g(p) denoting row p of GZF. Consequently, the smallest estimation error cor-
responds to the row of GZF with minimum Euclidean norm. Assuming that row
i has the smallest norm in the �rst detection step, the corresponding �lter output
signal is given by

�si = g(i)r = si + g(i)v (8.16)

and the estimated signal �si = QA{�si} is found by quantization. The estimated
interference caused by this signal is then subtracted from the receive signal vector
r and the ith column is removed from the channel matrix, leading to a system with
only NT�1 transmit antennas. This procedure of nulling and canceling is repeated
for the reduced systems until all signals are detected.

The adaptation to the MMSE criterion was presented in several publications
(e.g., [9]), where the optimal detection sequence maximizes the signal-to-inter-
ference-and-noise ratio (SINR) in each decision step. Again, this corresponds to
choosing the layer with the smallest estimation error in (8.11) or (8.15). Using
similar arguments as before, the layer with highest SINR corresponds to the row
of H+ with minimum norm. It is worth to note that this best layer is not neces-
sarily associated with the row of GMMSE with minimum norm, as GMMSE is not
a square root of �ee,MMSE [10]. Consequently, a detector applying the ZF sorting
criterion based on the Euclidean row norm of GMMSE in the MMSE case will lead
to a signi�cant performance loss.

The main drawback of the V-BLAST detection algorithm lies in the compu-
tational complexity, as it requires multiple calculations of the pseudoinverse of
the channel matrix in the ZF case [11] or of the extended channel matrix in the
MMSE case. Thus, several schemes with reduced complexity have been proposed,
for example, [8, 12, 13, 14].

Within this section, we consider the scheme presented in [14] and extended
in [8]. To this end, we restate the successive interference cancelation scheme us-
ing the QR decomposition of the channel matrix, for the ZF as well as the MMSE
case. In order to e�ciently achieve an optimized detection order, we will then in-
troduce a suboptimum approach, the so-called sorted QR decomposition. Later
on, we extend this simple scheme by the postsorting algorithm, yielding the per-
fect detection sequence and thereby the performance of the V-BLAST scheme. The
main advantage of this combined scheme comes with the complexity reduction, as
it only requires a fraction of the computational e�ort of the original V-BLAST
algorithm [8, 11].

ZF-SIC with QR decomposition. It was shown in several publications, for example,
[11, 14, 15, 16, 17], that the zero-forcing solution of the V-BLAST algorithm can
be restated in terms of the QR decomposition of the channel matrix H = QR,
where the NR × NT matrix Q has unitary columns and the NT × NT matrix R =
(ri, j)1�i, j�NT is upper triangular [3]. Multiplying the receive signal r with QH yields
the su�cient statistic

s̃ = QHr = Rs + �v (8.17)
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Figure 8.3. Block diagram of the successive interference cancelation detector for a system with NT = 4
transmit antennas.

for the estimation of transmit vector s. As Q is a unitary matrix, the statistical
properties of the Gaussian noise term �v = QHv remain unchanged and in a com-
ponentwise notation (8.17) becomes

.

////0

�s1
�s2
...

�sNT

1

22223
=

.

//////0

r1,1 r1,2 • • • r1,NT

... r2,2
...

...
. . .

...
0 • • • rNT,NT

1

2222223

.

////0

s1
s2
...
sNT

1

22223
+

.

////0

�v1
�v2
...

�vNT

1

22223
. (8.18)

Due to the upper triangular structure of R, the pth element of s̃ is given by

�sp = rp,psp +
NT�

i=p+1
rp,isi + �vp (8.19)

and is free of interference from layers 1, . . . , p � 1. Thus, �sNT is totally free of in-
terference and can be used to estimate sNT after appropriate scaling with 1/rNT,NT .
Proceeding with �sNT�1, . . . , �s1 and assuming correct previous decisions, the inter-
ference can be perfectly canceled in each step. Then it follows from (8.19) that the
SNR of layer p is determined by the diagonal element |rp,p|2. For a system with
NT = 4 transmit antennas the successive detection and cancelation procedure is
shown in Figure 8.3.

The signal spaces of the corresponding detection and interference cancela-
tion steps are shown in Figure 8.4 (achieved with the experimental equipment de-
scribed in Section 8.4). The �rst depicted column (step 1) corresponds to s̃ (scaled
by r4,4 for illustration purpose), the output of the �lter matrix QH . Obviously layer
4 is free of interference and can be estimated, whereas the other layers are still af-
fected by interference. The second column shows the signal space after subtracting
the estimated interference, that is, step 2 in Figure 8.3. Thus, layer 3 may be de-
tected. The succeeding steps are straightforward.

MMSE-SIC with QR decomposition. In order to extend the QR-based detection
with respect to the MMSE criterion, we can exploit the similarity of linear ZF and
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Figure 8.4. Signal space of each layer at the distinct steps of the successive interference cancelation
for a system with NT = 4 transmit antennas, NR = 4 receive antennas and QPSK modulation with
estimated SNR.

MMSE detection. For this purpose, we introduce the QR decomposition of the
extended channel matrix (8.12)

H =

=
H

�vINT

>

= QR =

=
Q1
Q2

>

R =

=
Q1R
Q2R

>

, (8.20)

where the unitary (NT+NR)×NT matrix Q was partitioned into theNR×NT matrix
Q1 and the NT × NT matrix Q2 and R = (ri, j)1�i, j�NT denotes the corresponding
upper triangular matrix. Obviously,

QHH = QH
1 H + �vQH

2 = R (8.21)

holds and from the relation �vINT = Q2R in (8.20), it follows that

R�1 =
1
�v

Q2, (8.22)

that is, the inverse R�1 is a by-product of the QR decomposition and Q2 is an
upper triangular matrix. This relation will be useful for the postsorting algorithm
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proposed later on. Using (8.21), the �ltered receive vector becomes

s̃ = QHr = QH
1 r = Rs � �vQH

2 s + QH
1 v. (8.23)

The second term on the right-hand side of (8.23) including the lower triangular
matrix QH

2 constitutes the remaining interference that cannot be removed by the
successive interference cancelation procedure. This points out the trade-o� be-
tween noise ampli�cation and interference suppression.

As mentioned in the discussion of the V-BLAST algorithm, the order of de-
tection is crucial due to error propagation. Within the QR-based SIC the detec-
tion order can be changed by permuting the columns of H and the correspond-
ing elements in s. The optimum detection sequence now maximizes the signal-
to-interference-and-noise ratio (SINR) for each layer, leading to a minimum es-
timation error for the corresponding detection step. The estimation errors of the
di�erent layers in the �rst detection step correspond to the diagonal elements of
the error covariance matrix (8.15)

�ee,MMSE = �2
v
 
HHH

#�1 = �2
vR�1R�H. (8.24)

The estimation error for layer p after perfect interference cancelation is given by
�2
v /|r p,p|2. Thus, it is optimal to choose the permutation of H that maximizes |r p,p|

in each detection step, that is, in the orderNT, . . . , 1. The algorithm proposed in the
next paragraph determines an improved detection sequence within a single sorted
QR decomposition and thereby signi�cantly reduces the computational complex-
ity in comparison to the V-BLAST algorithm.

Sorted QR decomposition (SQRD). In order to obtain the optimal detection order,
�rst |rNT,NT| has to be maximized over all possible permutations of the columns of
the extended channel matrix H, followed by |rNT�1,NT�1|, and so on. Unfortunately,
using standard algorithms for the QR decomposition, the diagonal elements of R
are calculated just in the opposite order, starting with r1,1. This makes �nding the
optimal order of detection a di�cult task.

A heuristic approach of arranging the order of detection within the QR de-
composition for the ZF detection was presented in [11, 14] and extended to the
MMSE criterion in [8, 16]. This sorted QR decomposition algorithm is basically
an extension to the modi�ed Gram-Schmidt procedure by reordering the columns
of the channel matrix prior to each orthogonalization step. The fundamental idea
is based on the fact that the determinant of the Gram matrix HHH, that is, the
squared volume of the parallelepiped spanned by H, is invariant to column ex-
changes [3]. Since this determinant can be rewritten as

det
 
HHH

#
= det

 
RHR

#
=

NT7

p=1

��r p,p
��2 = const, (8.25)

the product r1,1 • . . . • rNT,NT is also independent of the chosen column order. Thus,
the basic idea is to exchange the columns to minimize the diagonal elements r p,p
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(1) R = 0, Q = H, p = [1 • • •NT]
(2) for i = 1, . . . ,NT
(3) norm(i) = �Q(:, i)�2

(4) end
(5) for i = 1, . . . ,NT
(6) ki = arg min norm(i, . . . ,NT)
(7) exchange columns i and ki in

R, p, norm and in the �rst
NR + i� 1 rows of Q

(8) R(i, i) =
8

norm(i)
(9) Q(:, i) = Q(:, i)/R(i, i)
(10) for k = i + 1, . . . ,NT
(11) R(i, k) = Q(:, i)HQ(:, k)
(12) Q(:, k) := Q(:, k) � R(i, k)Q(:, i)
(13) norm(k) := norm(k) � R(i, k)2

(14) end
(15) end

Algorithm 8.1. Pseudocode of MMSE-SQRD-algorithm.

in the order of their calculation, that is, in the sequence r1,1, . . . , rNT,NT . As the
product is constant, small r p,p in the upper left part should lead to large elements
in the lower right part of R.

Now, r1,1 is simply the norm of the column vector h1, so the �rst optimiza-
tion in the SQRD algorithm consists merely of permuting the column of H with
minimum norm to this position. During the following orthogonalization of the
vectors h2, . . . , hNT with respect to the normalized vector h1, the �rst row of R is
obtained. Next, r2,2 is determined in a similar fashion from the remaining NT � 1
orthogonalized vectors, and so forth. Thus, the extended channel matrix H is suc-
cessively transformed into the matrix Q associated with the desired ordering, while
the corresponding R is calculated row by row. Note that the column norms have
to be calculated only once in the beginning and can be easily updated afterwards.
Hence, the computational overhead due to sorting is negligible. An in-place de-
scription of the whole MMSE-SQRD algorithm is given in3 Algorithm 8.1, with
vector p denoting the permutation of the columns of H.

The reordering steps (lines (6) and (7) within the algorithm) require only a
very small computational overhead compared to an unsorted QR decomposition
[8]. However, the SQRD ordering strategy does not always lead to the perfect de-
tection sequence, but in many cases of interest the performance degradation is
small compared to the reduced complexity. Furthermore, whenever SQRD fails to
�nd the optimal order, the postsorting algorithm described in the sequel assures
the optimal sorting and thereby achieves the same performance as V-BLAST.

3A(a : b, c : d) denotes the submatrix of A with elements from rows a, . . . , b and columns c, . . . ,d.
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Postsorting algorithm (PSA). In this section we brie�y present the postsorting al-
gorithm (PSA) introduced in [8]. In order to motivate the PSA, the structure of
the error covariance matrix in case of optimal sorting is investigated in more detail.
Due to the relation Q2 = �vR�1 introduced in (8.22) the error covariance matrix
(8.24) is given by

�ee,MMSE = Q2QH
2 , (8.26)

that is, Q2 is a square root of �ee,MMSE [7]. Thus, the pth diagonal element of
�ee,MMSE is proportional to the norm of the pth row of Q2. Recalling the optimal
ordering criterion, the last row of Q2 must have minimum norm of all rows. As-
sume that this condition is ful�led, then the last row of the upper leftNT�1×NT�1
submatrix of Q2 must have minimum norm of all rows of this submatrix. In case
of the correct sorting this condition is accomplished by all upper left submatrices.

Now assume that this condition is not ful�led for the matrix Q2. Then the row
with minimum norm and the last row (as well as the corresponding elements of p)
need to be exchanged at the expense of destroying the upper triangular structure.
However, by right multiplying the permuted version of Q2 with a proper unitary
NT ×NT Householder re�ection matrix4 �, a block triangular matrix is achieved.
Finally, Q1 has to be updated to Q1�. Instead of permuting columns of R and left
multiplying with �H in each step, we can alternatively invert Q2 at the end of the
PSA, due to the relation R = 1/�vQ�1

2 . These ordering and re�ection steps are then
iterated for the upper left (NT � 1) × (NT � 1) submatrix of the such modi�ed
matrix Q2 and the �rst NT � 1 columns of the new matrix Q1, resulting in the QR
decomposition of the optimally ordered channel matrix H. The whole postsorting
algorithm is given in Algorithm 8.2.

Thus, a two-step decomposition and reordering procedure is achieved. This
scheme �nds the optimum detection sequence in the sense of V-BLAST and there-
fore leads to the same performance. However, the computational complexity of
the whole detection process reduces to a fraction of the V-BLAST complexity and
is comparable to the e�ort of linear detection [8].

Performance evaluation. In order to compare the di�erent detection schemes we
investigate the achieved bit error rates (BER) for a system with NT = 4, NR = 4,
and QPSK modulation. Eb denotes the average energy per information bit arriving
at the receiver, thus Eb/N0 = NR/(log2(|A|)�2

v ) holds. (Due to this normalization
the antenna gain is canceled out.)

Figure 8.5a shows the performance of various ZF detection algorithms and
the BER of ML detection. As expected, the successive detection algorithms outper-
form the linear ZF detector. The impact of an optimized detection order becomes

4The Householder matrix for a 1 × n row vector a with complex elements is given by � = In �
(1 + �)uHu with the de�nitions u = (a � �a�en)/�a � �a�en�, en = [01,n�11] and � = uaH/auH . The
multiplication of a with � results in a vector consisting of n� 1 zero elements and one element equal
to the norm of a, that is, a� = [01,n�1�a�] holds.
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(1) kmin = NT

(2) for i = NT, . . . , 2
(3) for � = 1, . . . , i
(4) error(�) = �Q2(�, 1 : i)�2

(5) end
(6) ki = arg min error(1, . . . , i)
(7) kmin := min(kmin, ki)
(8) if ki < i
(9) exchange rows i and ki in Q2

and columns i and ki in p
(10) end
(11) if kmin < i
(12) calculate � such that elements

of Q2(i, kmin : i� 1) become zero
(13) Q2(1 : i, kmin : i) := Q2(1 : i, kmin : i)�
(14) Q1(:, kmin : i) := Q1(:, kmin : i)�
(15) end
(16) end
(17) R = 1/�vQ�1

2

Algorithm 8.2. Pseudocode of MMSE-PSA-algorithm.

obvious by comparing the unsorted SIC, SQRD-SIC, and SQRD-PSA-SIC (or
equivalently V-BLAST). As SQRD-SIC does not always �nd the optimum detec-
tion order it results in a performance gap of about 1 dB for a BER of 10�3 compared
to SQRD-PSA-SIC. However, this degradation reduces for an increasing number
of receive antennas, for example, for a system with NR = 6 the di�erence is only
0.5 dB for a BER of 10�5 [11].

For the same system, Figure 8.5b shows the performance of the MMSE detec-
tion schemes. Comparing these results with the ZF schemes, a remarkable perfor-
mance improvement can be observed. Furthermore, the SQRD-SIC achieves the
same performance as the optimally sorted SQRD-PSA-SIC up to Eb/N0 = 10 dB.
In many cases of interest, the SQRD approach would be the �rst choice for im-
plementation due to the reduced complexity. However, the combination of SQRD
and PSA yields optimum SIC performance with a minimum of computational
complexity [8].

8.3. Blind source separation

Blind source separation (BSS) is a general problem in multisensor multiantenna
systems and aims at separating data streams from a mixture of signals that stem
from statistical independent sources. There are many applications for this problem
ranging from audio processing to medical applications and communications. In
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Figure 8.5. Bit error rate of (a) ZF and (b) MMSE detection of a system with NT = 4 antennas and
NR = 4 antennas, uncoded QPSK symbols.

this section applications to current MIMO communication systems are presented.
The investigated algorithms are termed blind, because the channel matrix H is not
known and no additional pilot symbols are used to separate the data streams.

8.3.1. Linear separation

For the instantaneous (nonconvolutive) channel model

r = Hs + v (8.27)

of linear separation, the problem can be stated as follows. Blindly �nd a matrix G
to be multiplied from the left-hand side onto r so that the statistically independent
data streams s can be recovered. This leads to a linear detection of the data streams.

Possible approaches to this BSS problem. In general there are three types of infor-
mation that can be utilized to solve the blind source separation problem [18]:

(i) non-Gaussianity of the source signals. This property is explicitly uti-
lized in all higher-order statistics-(HOS-)based algorithms and will be
explained later on in this text;

(ii) the di�erent coloring of the source signals. This property can normally
not be exploited in a communication context, because communication
signals are designed to utilize a given bandwidth as good as possible and
therefore the signals are mostly white. This type of information is used in
the second order blind identi�cation (SOBI) type of algorithms [19, 20];
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(iii) instationarity of the source signals (or channel). This can be applied to au-
dio and communication signals but requires fading or frequency-select-
ive channels. This can also be utilized in SOBI-like approaches [19, 20].

The general idea of the HOS-based source separation algorithms will be described
in this section in an illustrative way. We search for an NT × NR equalization ma-
trix G that exploits the fact that the signal streams contained in the vector of the
extracted signals

e = Gr (8.28)

are statistically independent. The general de�nition of statistical independence is
that the joint probability density function (pdf) is the product of the marginal
densities5

p
 
e1, e2

#
= p

 
e1
#
• p

 
e2
#
. (8.29)

In order to obtain simple algorithms from this abstract formulation, we need to
apply some approximations. The simplest (�rst- and second-order) approach to
this problem is to apply this multiplication property not to pdfs but to expectation
values

E
!
e1 • e2

"
= E

!
e1
"
• E

!
e2
"
. (8.30)

Because in most practical cases communication signals have a mean value of zero,
we can simplify this expression to

E
!
e1 • e2

"
= 0. (8.31)

This can be interpreted as follows. The separation problem is split into two steps
to determine the equalization matrix G = BHW. A �rst approximation towards a
blind source separation is the decorrelation of the output signals with matrix W.
This computation step is also known as sphering, whitening, standardization, or
principle component analysis. With the decorrelation the separation problem is
not yet solved! The second step is to determine the unitary matrix B. This can be
accomplished using di�erent algorithms and will be explained below.

The whitening matrix

W = D�1/2UH (8.32)

is calculated by taking the eigenvalue decomposition (EVD) �rr = E{rrH} =
UDUH of the covariance of the received signals r. Consequently, the decorrelated

5In this section we use a simpli�ed notation, where we do not distinguish between random vari-
ables and their realizations.
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signals can be obtained by

z = Wr, �zz = E
!
zzH

"
= INT . (8.33)

This procedure can be used in a similar way to limit z to the dominant subspace di-
rections (corresponding to the greatest eigenvalues) in order to reduce the number
of dimensions and the noise in�uence [21].

Since the decorrelation will lead to orthogonality but not statistical indepen-
dence, we have to search for further degrees of freedom. One remaining degree of
freedom is an NT × NT unitary matrix B, if we do not want to destroy the spatial
orthogonality of z, that is,

I != E
!
BHzzHB

"
= BHE

!
zzH

"
B = BHB. (8.34)

The basic criterion to determine B is the maximization of the kurtosis of a
separated signal stream. The kurtosis is a fourth-order (auto-)cumulant

kurt{e} = E
!
|e|4

"
� E

!
ee�

"
E
!
ee�

"
� E{ee}E

!
e�e�

"
� E

!
ee�

"
E
!
e�e

"
(8.35)

that can be interpreted as a fourth-order moment minus the Gaussian parts of the
distribution, so that its value is zero for Gaussian distributed signals. A mixture of
many independent signals (as it is provided by the MIMO channel) will lead to a
Gaussian distribution due to the central limit theorem of statistics. Therefore the
non-Gaussianity in terms of the kurtosis is one possible criterion that is utilized in
the two algorithms that are brie�y explained below.6

JADE. The joint approximate diagonalization of eigenmatrices (JADE) algorithm
[21] is one common batch procedure that solves the separation problem. The
�rst step of this algorithm is to decorrelate the input streams as shown in (8.33).
The �nal separation is done by additionally utilizing fourth-order information.
Therefore, the JADE algorithm maximizes some elements of the cumulant matrix
cum(e�i , ei, e�j , el)7 obtained from the extracted signals e de�ned in (8.28)

max
B

NT�

i, j,l=1

�� cum
 
e�i , ei, e�j , el

#��2. (8.36)

This optimization problem is solved by an eigenvalue decomposition of the cu-
mulant matrix and a joint diagonalization of the dominant cumulant eigenvectors
rearranged as matrices. This diagonalization is done by a Jacobi-like procedure

6Compared to this illustrative explanation of BSS algorithms more mathematical ones can be
found in specialized textbooks [20, 22, 23] or in [24].

7cum(e�i , ei, e�j , el) is a fourth-order cross-cumulant of the extracted signals ep . Cumulants can
be interpreted as higher-order moments minus their Gaussian parts of the distribution. For further
details see [25].
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using Givens rotations and leads to the unitary NT × NT matrix B and the inde-
pendent data streams

e = BHW% &’ (
G

r = BHz. (8.37)

For details see [21]. A similar approach that needs less computational e�ort is the
SSARS algorithm presented in [26].

FastICA. The FastICA algorithm is organized in a di�erent way [10, 27] compared
with the JADE algorithm. The basic idea of this algorithm is to apply a blind source
extraction (BSE) for each component separately and to prevent the same signal
from being extracted multiple times. It starts with the whitening of the received
data as presented in (8.33).

In order to extract signal number p out of the whitened mixture z, a randomly
initialized extraction vector bp�a column vector of the NT × NT matrix B�is
generated. In order to preserve the signals to remain uncorrelated, B has again to
be a unitary matrix. Therefore, bp is constrained to form an orthonormal basis
using the knowledge of the vectors b1 • • •bp�1 obtained in previous iterations. To
reach this goal matrix,

Bp =
�
b1, b2, . . . , bp

�
(8.38)

containing the extraction vectors of the former iterations is built. The randomly
initialized vector bp is orthogonalized with respect to the space spanned by Bp�1

b�
p = bp � Bp�1BH

p�1bp (8.39)

and normalized to a length of one

b��
p =

b�
p$$b�
p
$$ . (8.40)

In order to determine bp we choose the maximization of the kurtosis of a single
signal as the criterion

max
bp

JFastICA,p
 
ep
#
= max

bp
kurt

���ep
��4� = max

bp
kurt

���bH
p z

��4�. (8.41)

This can be solved using a �xed-point iteration including the additional con-
straints (8.39) and (8.40) [10]. The resulting signal streams e can be extracted by
multiplying the received signal with the matrix of all collected extraction vectors
B = BNT according to (8.37).
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Figure 8.6. Block diagram of hybrid BSS detection.

Symbol decision. The algorithms presented in the previous sections only provide
statistically independent data streams e. Therefore the signal streams can be ro-
tated by an arbitrary phase factor�modeled by the diagonal matrix � = diag [�1,
. . . ,�NT]�and can be permuted by a matrix P. In general the permutation prob-
lem cannot be solved without additional addressing in the data streams or other
side information, but the phase problem can be tackled by utilizing knowledge of
the symbol alphabet. If QPSK is used as a modulation form, the phase can be esti-
mated up to a discrete phase or quadrant ambiguity �� = diag [ ��1, . . . , ��p, . . . , ��NT],
��p � {0,�/2,�, (3/2)�}, which can be corrected by

ep,derot[m] = ep[m] • e� j(1/4) arg {�
�M

m�=1 e4
p[m�]} �p � 1, . . . ,NT. (8.42)

The remaining discrete ambiguity �� can be removed by di�erential modulation
forms or rotational invariant coding. But a decision of the pure symbols s is only
possible with a remaining discrete ambiguity.

8.3.2. Hybrid BSS detector

The blind algorithms presented in the previous section approximate only linear
spatial �lters in order to separate the data streams. This reaches only a fractional
amount of the performance reached by iterative detection algorithms as can be
seen in Figure 8.5 for the nonblind case.

In this section we improve the detection performance by applying a cancela-
tion scheme. This utilizes the �nite symbol alphabet that was only used marginally
up to now and results in a hybrid scheme that is initialized using a linear detection
and iteratively improved using a symbol detection in order to obtain a totally blind
scheme up to the point of the �nal symbol decision.8

We propose a system as depicted in Figure 8.6. We start with coarsely decided
symbols �s that were obtained using a blind separation method (e.g., JADE) and

8This scheme can also be applied in semiblind setups using very few pilot symbols.
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phase correction (8.42) described above.9 Using this data we produce a �rst chan-
nel estimate �H. This channel estimate is used to detect the symbols once more
using the MMSE-SIC as presented in Section 8.2.3. Using the output of the SIC
detector for an improved channel estimation in combination with a further detec-
tion of the data will iteratively lead to better results.

The whole detection scheme remains blind, since this detection loop is blindly
initialized and the SIC algorithm only decides symbol positions with quadrant
ambiguities �s1, . . . , �sNT . It has to be proven that despite these ambiguities the iter-
ations work properly. Therefore we assume that the matrix of estimated symbols
�S = [�s[1],�s[2], . . . ,�s[M]] achieved by the blind source separation is given by

�S = QA
! ��PS

"
. (8.43)

In (8.43), S = [s[1], s[2] • • • s[M]] is the matrix of transmitted symbols, P is a per-
mutation matrix, and �� de�nes the diagonal matrix modeling the discrete quad-
rant ambiguities.

In order to use these BSS decision results �S for a �rst channel estimation we
calculate

�H = R • �S+ (8.44)

using the matrix of the received symbols R = [r[1], r[2] • • • r[M]]. After insert-
ing (8.43) and assuming only a few decision errors, we can simplify the channel
estimation [28] to

�H = H • PH ��H. (8.45)

This leads to an estimation �H of the channel matrix H in a permuted form, where
every column contains a quadrant ambiguity.

If we use the estimated channel matrix �H again for the detection, we should
�nd the data streams permuted and rotated in the same way as in (8.43). To show
that this channel estimation leads to the same permutation and rotation, a simple
linear detection is used:

�S = QA
! 

H • PH ��H#+R
"
= QA

! ��PH+ •
 
HS + V

#"

� QA
! ��PH+ • HS

"
= QA{ ��PS}.

(8.46)

9We need to start with a coarse data decision and cannot rely on the separation matrices B and W
since these matrices do perform well for separation but do not include a correct amplitude estimation
of the signals and therefore every cancelation scheme will fail without a �rst data decision.
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Figure 8.7. BER of hybrid BSS detector, NT = NR = 4, QPSK.

Therefore iterating between detection and channel estimation in a blind way leads
to a stable solution of �H with permutation and quadrant ambiguity.

If we apply this channel estimation in the SIC algorithm we get symbols �s
(Figure 8.6) with the corresponding discrete quadrant ambiguities ��, but this does
not in�uence our further detection and cancelation process, as long as we only
want to decide symbols from the alphabet A.

To summarize, we found an iterative estimation and detection scheme that
utilizes the �nite symbol alphabet and remains completely blind.

Performance of the proposed iterative scheme. In order to show the feasibility of our
detection approach we present some BER results of the blind source separation and
the hybrid approach (Figure 8.6). As an initialization we exemplary use the output
of the JADE algorithm.

Figure 8.7 depicts the results of our simulations. Beside the reference curves of
the MMSE and zero-forcing linear detection the MMSE-SIC detection with ideal
known channel matrix was introduced as a further reference. The performance of
the blind JADE algorithm is between the ZF- and the MMSE-linear detection.

Using the proposed iterative scheme we can observe a gain of about 10 dB at a
bit error rate of 10�3 (hybrid BSS, iterations = 5) compared to the classical source
separation using the JADE algorithm only. For this improvement we need only 5
iterations of detection and channel estimation. We nearly reach the curve of the
SIC algorithm with perfectly known channel matrix H.10 We have to emphasize
that the whole detection scheme remains blind since no reference data is used in
order to gain the symbol decisions.

10We can even decrease the gap to the detection with ideally known channel matrix if we increase
the length M of the data block.

A print edition of this book can be purchased at
http://www.hindawi.com/spc.3.html

http://www.amazon.com/dp/9775945097

http://www.hindawi.com/spc.3.html
http://www.amazon.com/dp/9775945097


166 Architectures for reference-based and blind multilayer detection

Remove
DC o�set

Receive
�lter

Frame
detection

Frame
splitting

Blind
source

separation

Downsampling

...

Exp( )

SISO
processing

...

SISO
processing

... Iterative
processing

and
detection

Downsampling

Timing
estimation

Exp( )

Frequency
estimation

Exp( )

Phase
estimation

Figure 8.8. Receiver setup in case of hybrid blind source separation.

8.4. Experimental results—measurements

In this section some experiments of transmissions using reference-based and blind
schemes are presented. As a MIMO demonstrator we used our multiple-antenna
system for ISM-band transmission (MASI). This system can be applied to realize
MIMO systems of up to 8 transmit and 8 receive antennas [29]. The transmission
experiments are executed in real time while the processing is done o�ine using an
interface to Matlab.

Figure 8.8 depicts the receiver setup considering exemplarily a source-separa-
tion-based transmission system. To realize transmissions, some practical problems
have to be solved. First of all the DC o�set caused by the direct conversion front
end of the receiver has to be removed. A coarse frame detection based on a power
estimation is carried out. Timing and frequency estimation have to be realized
before the symbol rate processing can be accomplished.

In order to show the feasibility of the proposed approaches, the MIMO system
with NT = 4 antennas, and NR = 4 antennas, and QPSK signals is considered.
The presented measurements are carried out with a sampling frequency of fs =
50 MHz. With an oversampling ofw = 8 we can consider the transmission channel
as nearly �at. The distance between transmitter and receiver was spanning two
o�ce rooms.

8.4.1. Reference-based SIC detection

For the proposed scheme we investigate two examples for reference-based trans-
missions. Figure 8.9 shows the eigenvalues �p of HHH (�p = �2

p with �p denoting
the singular value of H) and the signal spaces at the slicer inputs, corresponding to
Figure 8.4. Since four eigenvalues contribute to the signal transmission, the slicer
input signals correspond to the modulation alphabet leading to a su�cient signal
detection.
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Figure 8.9. Eigenvalue pro�le and signal space diagrams for good channel condition.
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Figure 8.10. Eigenvalue pro�le and signal space diagrams for bad channel conditions.

Figure 8.10 shows a second measurement in the same o�ce environment
with slightly changed positions. In contrast to the �rst example, only two strong
eigenvalues contribute to the transmission. The third and fourth eigenvalues are
almost zero and the detection process fails.

8.4.2. Hybrid BSS detection with iterative refinement

In this section, we show the performance of the hybrid blind source-separation-
based detector by some measurements. The setup used is depicted in Figure 8.8. To
separate the independent components, the BSS algorithm is directly applied to the
oversampled signal. For this step we choose the JADE [21] algorithm as a spatial
separation approach. The separation leads to data streams which are processed in
the classical way like in single-antenna systems. This is a considerable advantage,
since well-known algorithms (e.g., for timing and for frequency synchronization)
can be applied for the separated layers of MIMO systems. We synchronize to the
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Figure 8.11. Signal constellations before and after blind source separation and after 5 iterations, to-
gether with blindly estimated SNR.

symbol timing using the method presented in [30]. In order to determine the car-
rier frequency o�set we apply a non-linearity and frequency estimation.

Figure 8.11 depicts the signal constellation at symbol rate before separation,
after separation, and after 5 iterations of the scheme presented in Figure 8.6. We
have included estimations of the SNR of the symbol constellation before the deci-
sion devices [31]. In Figure 8.11 one of the signal constellations after BSS consists
of noise only. Using the proposed iteration scheme with SIC detection and itera-
tive channel estimation, even this constellation can be resolved to QPSK. Denote
that the overall SNR has been improved.

8.5. Conclusions

Within this contribution, architectures for reference-based and blind detection of
multilayer systems have been investigated. In case of known channel state infor-
mation at the receiver a computational e�cient detection algorithm has been pro-
posed. Without any channel state information, we proposed a hybrid combina-
tion of blind source separation with successive interference cancelation. To ensure
the feasibility of the distinct approaches, real-world transmissions have been car-
ried out. It has been shown that the measurements correspond to the predicted
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theoretical results. The feasibility of the proposed schemes have been shown in an
indoor o�ce scenario.

Abbreviations

BER Bit error rate
BSE Blind source extraction
BSS Blind source separation
CSI Channel state information
EVD Eigenvalue decomposition
HOS Higher-order statistics
JADE Joint approximate diagonalization of eigenmatrices
LD Linear detector
MASI Multiple-antenna system for ISM-band transmission
MIMO Multi-input multi-output
ML Maximum likelihood
MSE Minimum mean square error
MMSE-SIC Minimum mean square error-successive interference cancelation
PSA Postsorting algorithm
SIC Successive interference cancelation
SINR Signal-interference-and-noise ratio
SISO Single-input single-output
SNR Signal-to-noise ratio
SOBI Second-order blind identi�cation
SQRD Sorted QR decomposition
SVD Singular value decomposition
V-BLAST Vertical Bell Labs Layered Space-Time
ZF Zero forcing
ZF-SIC Zero-forcing successive interference cancelation
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9Uplink robust adaptive beamforming

Alex B. Gershman

9.1. Introduction

One of recent promising approaches to increase the capacity and performance of
cellular mobile radio systems is to employ smart antennas (multisensor arrays) at
base stations (BSs) [1, 2, 3]. Based on this approach, the spatial division multiple
access (SDMA) technology recently became one of the key concepts of the third
and higher generations of mobile communication systems. In particular, uplink
(receive) adaptive beamforming techniques using multisensor BS arrays have been
shown to be able to e�ciently mitigate the cochannel (multiaccess) interference
and greatly improve the system characteristics in terms of capacity, performance,
and coverage [2, 3, 4, 5, 6, 7].

Although smart antennas for mobile radio systems is a relatively new trend
in wireless communications, adaptive array beamforming is a universal approach
that has a long and rich history of interdisciplinary theoretical research and prac-
tical applications, mainly in radar and sonar communities [8, 9, 10, 11, 12, 13, 14,
15, 16, 17, 18].

Over the last three decades, the theory of adaptive receive beamforming has
been well developed and a variety of advanced algorithms has been proposed, see
[10, 13, 14, 15, 16, 18] and references therein. However, in application to cellular
mobile radio scenarios, most of these techniques are based on the assumption of
an accurate knowledge of the uplink propagation channel (spatial signature of the
user-of-interest). Moreover, these methods usually make use of several restrictive
assumptions on the environment and mobile user sources. As a result, these tech-
niques can become severely degraded in practical scenarios when the exploited as-
sumptions on the environment, antenna array and/or sources may be wrong or in-
accurate [19, 20, 21]. For example, in mobile communications such performance
degradation of BS uplink adaptive beamformers may be caused by mismatches
between the presumed and actual user spatial signatures (or, more generally, be-
tween the presumed and actual antenna array responses to mobile user signals)
which can take place because of the signal fading and scattering phenomena, user
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mobility and channel variability, �nite duration of training intervals and outdated
training, multiuser interference, and other e�ects [22, 23, 24]. Therefore, robust
approaches to adaptive beamforming are of great interest and demand in such
cases [19, 20, 21].

In this section, we provide an overview of the �eld of robust receive adaptive
beamforming in the context of cellular mobile radio systems with �at fading. First
of all, the main types of robustness required in uplink BS adaptive beamform-
ing are considered. Then, we discuss the existing robust solutions to the uplink
adaptive beamforming problem with a special emphasis on a recently emerged
powerful class of robust adaptive beamformers based on worst-case performance
optimization.

9.2. Main types of robustness

The basic idea of uplink adaptive beamforming in cellular wireless communica-
tion systems with �at fading can be understood in the following simple way. Each
sensor of the BS antenna array has an adjustable weight coe�cient. These coe�-
cients are used by the BS beamformer to place the main beam of its beampattern
towards the user-of-interest1 while rejecting the cochannel interferers (which may
originate from the same cell or from other cells) by placing adaptively formed
beampattern nulls towards them. Note that in real-world scenarios, the desired
signal and interference wavefronts (spatial signatures) are not necessarily plane
waves, and, therefore, the terminology �placing the main beam and nulls� should
be understood as maximally matching the weight vector to the desired user wave-
front, while making this vector nearly orthogonal to the wavefronts of interfer-
ing users. To optimally match the main beam to the desired user, the BS adaptive
beamformer requires an accurate knowledge of its spatial signature (which in the
slow fading case characterizes the uplink channel between the desired user and
the BS).

The traditional approach to the design of receive adaptive beamformers as-
sumes that no components of the desired user signal are present in the data snap-
shots that are used to compute and/or update the beamformer weight vector [10,
13]. In such a case, adaptive beamforming is known to be quite robust against er-
rors in the spatial signature of the desired user and limited sample size, and mul-
tiple rapidly converging algorithms are available [10, 13, 14, 15, 16, 18]. Although
the assumption of signal-free snapshots may be relevant in certain speci�c ap-
plications (e.g., in radar), in wireless communications the interference and noise
observations are always �contaminated� by the desired signal component. Even in
the ideal case where the spatial signature of the desired user is accurately known
at the BS, the presence of the desired signal components in the array snapshots
dramatically reduces the convergence rates of uplink adaptive beamforming algo-
rithms relative to the signal-free array data case [19, 25].

1In what follows, we refer to this user-of-interest as the desired user.
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In practical scenarios, adaptive beamforming techniques may degrade in their
performance even more severely because of possible mismatches between the nom-
inal (presumed) and actual spatial signature of the desired user. Traditional adap-
tive array algorithms are known to be very sensitive even to small errors of such
type [19, 21]. An easy explanation of this fact is that in the presence of such er-
rors an adaptive beamformer tends to �interpret� the desired signal components
in array observations as interference and to suppress these components by means
of adaptive nulling instead of optimally combining them [19, 25]. This e�ect is
commonly referred to as signal self-nulling [21].

The above-mentioned spatial signature errors can frequently occur in practice
because of an imperfect knowledge of the uplink channel of the desired user. In-
deed, the spatial signature of this user can be estimated either by means of training
sequences [26] or blindly [27, 28]. When training-based spatial signature estima-
tion techniques are used, the quality of the resulting estimates can be seriously
a�ected by limited duration and number of training intervals as well as by mul-
tiuser interference, user mobility, and channel variability [29]. As a matter of fact,
the percentage of training symbols in the transmitted data stream is usually strictly
limited by system bandwidth e�ciency requirements. Hence, in the case of limited
training and in the presence of fast channel variations and rapidly moving users,
the quality of training-based spatial signature estimates can either be insu�ciently
good originally or can become outdated soon after the training interval. In the
blind case, no training sequences are used but the quality of spatial signature es-
timates is highly dependent on how fast the channel varies in time and how high
is the received power of the user-of-interest as compared to the powers of inter-
fering cochannel users [27, 28]. Therefore, in practice, the spatial signature of the
desired user may be known imprecisely and robust approaches to uplink adaptive
beamforming are required [21].

Another reason for performance degradation of receive adaptive beamform-
ing techniques in mobile communications scenarios is the potential nonstation-
arity of the array data that are used to compute the beamformer weights and
to null out the interference. Similarly to the above-mentioned desired user mis-
match e�ect, this phenomenon can be caused by a highly nonstationary behavior
of the propagation channel and by a fast motion of cochannel interfering users
[30, 31, 32]. Such a nonstationarity restricts the beamformer sample size and this
may lead to a severe performance degradation [19, 25].

One negative e�ect of such nonstationarity on the performance of adaptive
arrays is that in the presence of rapidly moving interfering users, the array weights
may not be able to adapt fast enough to compensate for the interferer motion. As a
result, interfering users may be located most of time outside the areas of the adap-
tive beampattern nulls and, therefore, leak to the output of adaptive beamformer
through the beampattern sidelobes [30, 31, 32, 33]. This phenomenon is usually
referred to as interference undernulling. In such cases, cancellation of multiaccess
interference may be insu�cient and robust adaptive beamforming techniques are
required to improve the performance [19].
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Figure 9.1. Basic scheme of a narrowband adaptive beamformer.

9.3. Background on adaptive beamforming

The basic scheme of a narrowband adaptive beamformer is illustrated in Figure 9.1
using a speci�c example of six-element circular array.2 The beamformer output is
given by

y(k) = wHx(k), (9.1)

where k is the time index, x(k) = [x1(k), . . . , xM(k)]T is the M × 1 complex array
snapshot vector, w = [w1, . . . ,wM]T is the M × 1 complex vector of beamformer
weights, M is the number of array sensors, and (•)T and (•)H stand for the trans-
pose and Hermitian transpose, respectively. The snapshot vector is given by

x(k) = ss(k) + i(k) + n(k), (9.2)

where ss(k), i(k), and n(k) are the statistically independent components of the
desired user signal, multiaccess interference, and sensor noise, respectively. In the
case of slow fading, the vector ss(k) can be modeled as

ss(k) = s(k)as, (9.3)

where s(k) is the complex waveform of the desired user and as is its M × 1 spatial
signature which speci�es the user wavefront. In this case, (9.2) can be rewritten as

x(k) = s(k)as + i(k) + n(k). (9.4)

The optimal weight vector can be found by means of maximizing the signal-
to-interference-plus-noise ratio (SINR) [13]

SINR =
wHRsw

wHRi+nw
, (9.5)

2Note that circular arrays are considered among the best BS array con�gurations for next gener-
ations of cellular mobile radio systems [34].
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where

Rs = E
!
ss(k)sHs (k)

"
,

Ri+n = E
� 

i(k) + n(k)
# 

i(k) + n(k)
#H� (9.6)

are the so-called M × M signal and interference-plus-noise covariance matrices,
respectively, and E{•} denotes the statistical expectation. Generally, matrix Rs can
have an arbitrary rank depending on how fast the signal fading is, that is, 1 �
rank{Rs} � M. A typical example when the rank of Rs is greater than one is the
case of rural and suburban environments with a high BS, where one of the major
problems is the fast fading due to local scattering in the vicinity of the mobile
[24, 35].

If the fading of the desired user signal is slow, then

Rs = �2
s asaHs , (9.7)

where �2
s = E{|s(k)|2}. In this case, rank{Rs} = 1 and (9.5) becomes

SINR =
�2

s
��wHas

��2

wHRi+nw
. (9.8)

To obtain the optimal weight vector, one should maximize the SINR in (9.5).
This optimization problem is equivalent to maintaining the distortionless array
response to the desired signal while minimizing the output interference-plus-noise
power [35]:

min
w

wHRi+nw subject to wHRsw = 1. (9.9)

In the rank-one signal case, this problem can be rewritten in a more familiar form
[13, 18]

min
w

wHRi+nw subject to wHas = 1. (9.10)

This approach is usually referred to as the minimum variance distortionless re-
sponse (MVDR) beamforming. The solution to (9.9) is given by the following
generalized eigenvalue problem (see [19, 21] and references therein):

Ri+nw = �Rsw, (9.11)

where � is a generalized eigenvalue. From the positive semide�nitness of Ri+n and
Rs, it can be shown that all generalized eigenvalues that may correspond to (9.11)
are nonnegative real numbers [21].

The solution to (9.9) is the generalized eigenvector corresponding to the small-
est generalized eigenvalue of the matrix pencil {Ri+n, Rs} and the optimal weight
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vector can be explicitly written as [21]

wopt = P
!
R�1

i+nRs
"
, (9.12)

where P {•} is the operator which gives the principal eigenvector of a matrix.
Clearly, the resulting weight vector should be normalized to satisfy the constraint
wH

optRswopt = 1 in (9.9). However, it is obvious that the multiplication of the
weight vector by any nonzero constant does not a�ect the output SINR (9.5).
Hence, such a normalization is immaterial.

In the rank-one signal source case, (9.12) can be simpli�ed as

wopt = P
!
R�1

i+nasaHs
"
= �R�1

i+nas, (9.13)

where the constant � can be obtained from the MVDR constraint wH
optas = 1 in

(9.10) and is equal to � = aHs R�1
i+na�1

s [10, 13]. However, as noted before, this
constant does not a�ect the array output SINR and, therefore, it is immaterial and
will be omitted.

In practical applications, the true matrix Ri+n is unavailable but can be esti-
mated. Therefore, its estimate should be used in optimization problems (9.9) and
(9.10) instead of the true value. For example, the sample covariance matrix [10, 13]

�R =
1
N

N�

n=1
x(n)xH(n) (9.14)

can be used instead of Ri+n. Here, N is the number of snapshots available. Replac-
ing Ri+n by �R in (9.9) and (9.10) yields the following sample matrix inverse (SMI)
beamformers [10, 13, 21]:

wSMI = P
!�R�1Rs

"
,

wSMI = �R�1as.
(9.15)

Beamformer (9.15) is the well-known technique proposed in [10], while (9.15)
represents its straightforward extension to the higher-rank case where rank{Rs}>1.
The use of the sample covariance matrix �R instead of the interference-plus-noise
covariance matrix Ri+n in (9.15) is known to a�ect the performance dramatically
if the desired signal component is present in the data snapshots that are used to
compute �R.

9.4. Robust beamforming

The main objective of this section is to consider techniques that can improve the
robustness of uplink adaptive beamforming and are applicable to scenarios with
arbitrary spatial signature errors, small sample size, and nonstationary array data
(moving cochannel interferers). We do not consider here a broad class of methods
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using either point or derivative constraints to improve robustness against look
direction errors [13] because these methods are restricted by the idealistic plane
wavefront assumption and, therefore, they do not provide su�cient robustness
against other types of mismatches (which may be caused, e.g., by signal fading).

One of the most popular and most powerful approaches to robust adaptive
beamforming in the cases of arbitrary spatial signature errors and small sample
size is the diagonal loading method [20, 36]. Its key idea is to regularize the solution
for the weight vector [36] by adding the quadratic penalty term to the objective
function in (9.9):

min
w

wH �Rw + �wHw subject to wHRsw = 1, (9.16)

where � is a �xed loading factor. This solution is usually called the loaded SMI
(LSMI) beamformer whose weight vector can be written as [35]

wLSMI = P
!
(�R + �I)�1Rs

"
, (9.17)

where I is the identity matrix. If rank{Rs} = 1, then (9.17) simpli�es to [20, 36]

wLSMI = (�R + �I)�1as. (9.18)

From expressions (9.17) and (9.18), we see that adding the new term �wHw to
the objective function in (9.16) is equivalent to loading the diagonal of the sample
covariance matrix �R by the constant �. Clearly, such an operation will guarantee
that the matrix �R + �I is invertible even in the case when �R is singular. However,
the diagonal loading operation provides other useful properties and, in particular,
improves the beamformer robustness against spatial signature errors.

It is well known that diagonal loading can improve the performance of the
SMI approach in scenarios with an arbitrary signal array response mismatch [19,
20]. However, the main drawback of this method is that there is no easy and reli-
able way of choosing the parameter �. In [20], the so-called white noise gain con-
straint has been used to choose �. Unfortunately, there is no simple relationship
between the white noise gain parameter 	 and the diagonal loading parameter �.

A much simpler (and more practical) way of choosing � is to estimate the
noise power from the few smallest eigenvalues of the sample covariance matrix
and then to choose a �xed � of the same or higher order of magnitude. However,
it is well known that the optimal choice of the diagonal loading factor depends
on the power of the desired signal and, hence, such a way of obtaining � is not
always reliable and may cause a substantial performance degradation of the LSMI
algorithm [21].

Another popular approach to robust adaptive beamforming in the case of ar-
bitrary spatial signature errors and small sample size is the so-called eigenspace-
based beamformer [25, 37]. This approach is only applicable to the slow fading
class of scenarios with rank{Rs} = 1. The key idea of this method is to use, instead
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of the presumed spatial signature as, its projection onto the sample signal-plus-
interference subspace. The eigendecomposition of (9.14) can be written as

�R = �E���EH + �G���GH , (9.19)

where the M × (L + 1) matrix �E contains the L + 1 signal-plus-interference sub-
space eigenvectors of �R, and the (L + 1) × (L + 1) diagonal matrix �� contains
the corresponding eigenvalues of this matrix. Similarly, the M × (M � L � 1)
matrix �G contains the M � L � 1 noise-subspace eigenvectors of �R, while the
(M � L � 1) × (M � L � 1) diagonal matrix �� is built from the corresponding
eigenvalues. The number of interfering users L (which can be interpreted mathe-
matically as the rank of the interference subspace) has to be known. The weight
vector of the eigenspace-based beamformer can be computed as [37]

weig = �R�1P�Eas, (9.20)

where P�E = �E(�EH �E)�1�EH = �E�EH is the orthogonal projection matrix onto the esti-
mated (L+1)-dimensional signal-plus-interference subspace. According to (9.20),
the eigenspace-based beamformer �improves� the spatial signature as by project-
ing it onto this subspace. It can be shown that weight vector (9.20) can be rewritten
in another alternative form [37]

weig = �E���1�EHas. (9.21)

When used in �adequate� scenarios with L � M, the eigenspace-based beam-
former is known to be one of the most robust techniques applicable to arbitrary
spatial signature mismatch case [21]. However, a very serious shortcoming of this
approach is that it is not applicable to situations where the number of rank-one in-
terfering sources remains uncertain or is comparable to the number of the BS array
sensors (as in the cases of rapidly moving and spatially spread cochannel interfer-
ers). This makes it very di�cult to use the eigenspace-based beamformer in cellu-
lar communications scenarios where the dimension of the signal-plus-interference
subspace may be uncertain and high.

In situations with nonstationary training data, numerous advanced methods
have been developed to mitigate performance degradation of adaptive beamform-
ers. To preserve the adaptive array performance with a high mobility of interferers,
several authors used the idea of arti�cially broadening the adaptive beampattern
nulls in unknown interferer directions [30, 31, 32, 33].

The �rst way to broaden the adaptive beampattern nulls uses the so-called
covariance matrix tapering (MT) procedure [31, 32]. The essence of this technique
is to replace �R in the SMI or LSMI beamformer by the tapered covariance matrix

�RT = �R 	 T, (9.22)
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where 	 is the Schur-Hadamard matrix product, and T is the M×M taper matrix.
Particular types of matrix tapers are discussed in [31, 32].

Another alternative approach to broaden the adaptive beampattern nulls uses
the so-called data-dependent constraints (DDCs) to broaden the adaptive beam-
pattern nulls [30, 33]. The essence of this approach is to replace the sample covari-
ance matrix in the SMI or LSMI beamformer by the following modi�ed sample
covariance matrix:

�RDDC = �R + �B�RB, (9.23)

where B is the known real-valued diagonal matrix of sensor coordinates and the
parameter � determines the tradeo� between the null depth and width. The opti-
mal value of � is independent of the environmental parameters, but can be easily
determined based on the array parameters only [30].

Although it has been shown in [30, 31, 32] that both the MT- and DDC-
based adaptive beamformers substantially improve the robustness against slow and
moderate interferer mobility, both these methods can fail when applied to scenario
with rapidly moving interferers.

All techniques discussed above use ad hoc approaches to incorporate robust-
ness into adaptive beamforming schemes. Recently, more theoretically rigorous
techniques have been proposed that obtain robust beamforming solutions by
means of the optimization of the worst-case performance of adaptive beamform-
ers [35, 38, 39].

First of all, we consider the most general situation of fast fading and discuss
the robust beamformer that has been recently derived in [35]. Following this work,
we take into account that in practical situations, both the signal and interference-
plus-noise covariance matrices are known with some errors. In particular, the er-
rors of the signal covariance matrix are caused by a limited duration and num-
ber of training intervals, channel variations, fast motion of the desired user, and
multiaccess interference during the training period. The errors in the interference-
plus-noise covariance matrix are caused by �nite number of snapshots in (9.14),
by fast channel variations and interferer motion, and by the presence of the desired
signal component in the snapshots that are used in (9.14). Hence, there is always a
certain mismatch between the actual and presumed values of the matrices Rs and
Ri+n. This yields

�Rs = Rs + �1, �Ri+n = Ri+n + �2, (9.24)

where Rs and Ri+n are the presumed signal and interference-plus-noise covariance
matrices, respectively, whereas �Rs and �Ri+n are their actual values. Here, �1 and �2
are the unknown matrix mismatches.

In the presence of the mismatches �1 and �2, equation (9.5) for the output
SINR should be rewritten as

SINR =
wH �Rsw

wH �Ri+nw
. (9.25)
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In [35], it was assumed that the norms of the mismatch matrices �1 and �2 can be
bounded by some known constants

$$�1
$$ � �,

$$�2
$$ � �. (9.26)

To provide robustness against possible norm-bounded mismatches (9.26), it has
been proposed in [35] to �nd the beamformer weight vector by means of maxi-
mizing the worst-case output SINR, that is, via solving the following optimization
problem [35]:

max
w

min
�1,�2

wH Rs + �1
#
w

wH
 
Ri+n + �2

#
w

�
$$�1

$$ � �,
$$�2

$$ � �. (9.27)

It has been shown in [35] that the solution to robust MVDR problem (9.27) can
be written as

wrob = P
� 

Ri+n + �I
#�1 Rs � �I

#�
. (9.28)

In practice, the matrix Ri+n is unavailable and the sample covariance matrix �R is
normally used instead of Ri+n. Hence, the sample version of robust beamformer
(9.28) is given by [35]

wrob = P
!
(�R + �I)�1 Rs � �I

#"
. (9.29)

In the rank-one (slow fading) case, absorbing �2
s in � (i.e., assuming without loss

of generality that �2
s = 1), equation (9.29) can be simpli�ed as

wrob = P
!
(�R + �I)�1 asaHs � �I

#"
. (9.30)

From (9.29) it is clear that the worst-case performance optimization approach
leads to a sort of generalized diagonal loading using both the negative and positive
loading factors, where the negative loading is applied to the presumed covariance
matrix of the desired signal, while the positive loading is applied to the sample
covariance matrix.

Assuming � = 0, we have that (9.29) simpli�es to (9.17), that is, we obtain the
conventional LSMI algorithm. Note that robust beamformer (9.29) o�ers a reli-
able yet essentially simpler way of choosing the parameters � and � as compared
to the way of choosing � in the diagonal loading method based on the white noise
gain constraint. Indeed, the parameters � and � in (9.29) are optimally matched
to the assumed amount on uncertainties in the signal and interference-plus-noise
covariance matrices. Note that in practical communication scenarios, it is rela-
tively easy to obtain approximate values of the parameters � and � based on some
preliminary (coarse) knowledge of the type of propagation channel considered.
This knowledge can be obtained either through channel measurement campaigns
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or through numerical channel modelling, and can then be exploited to obtain ap-
proximate values of the upper bounds of mismatches (9.26) that are typical for
this particular channel.

An interesting feature of robust beamformer (9.29) has been established in
[35], where it has been shown that (9.29) can also be interpreted as a new gen-
eralization of the LSMI beamformer with positive-only diagonal loading whose
amount is adaptive rather than �xed.

It is noteworthy that beamformer (9.29) does not take into account that the
actual signal covariance matrix �Rs must be nonnegative de�nite [21]. Although by
ignoring the aforementioned constraint we simply strengthen the worst case and
this does not a�ect the performance of (9.29) in most of typical scenarios [35], it
is interesting to develop a more adequate formulation of the robust beamforming
problem that can take into account this constraint. For the slow fading case, such
problem has been recently considered in [38]. In this case, the spatial signature
mismatch

e = �as � as (9.31)

can be considered instead of the signal covariance matrix mismatch �1 of (9.24).
Here, �as and as are the actual and presumed spatial signatures, respectively. It is
assumed in [38] that the norm of the mismatch vector is bounded as

�e� � �, (9.32)

where the constant � is known. The idea proposed in [38] is to add robustness to
the MVDR beamforming problem by means of imposing the worst-case distor-
tionless response constraint which should be satis�ed for all mismatched spatial
signature vectors. With such a constraint, the robust MVDR beamformer can be
obtained by solving the following constrained minimization problem [38]:

min
w

wH �Rw subject to
��wH as + e

#�� 
 1 ��e� � �. (9.33)

It has been shown in [38] that problem (9.33) can be converted to

min
w

wH �Rw subject to wHas 
 ��w� + 1, (9.34)

and that the constraint in (9.34) is satis�ed with equality. Note that although prob-
lems (9.33) and (9.34) are mathematically equivalent, problem (9.33) is compu-
tationally intractable, whereas (9.34) belongs to the class of convex second-order
cone programming (SOCP) problems which can be easily solved using standard
and highly e�cient interior point method software with the complexity O(M3)
[38]. Another way to solve this problem is to use Newton-type algorithms. Several
techniques of the latter type to solve problem (9.34) and some its extensions have
been recently proposed in [39, 40, 41] (all with complexities O(M3)).
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Several extensions of the techniques of [35, 38] have been recently devel-
oped. In [39], the beamformer of [38] has been extended to the case of ellipsoidal
(anisotropic) uncertainty. In [40], a new covariance �tting-based interpretation
of the robust MVDR beamformer of [38] and of its anisotropic extension of [39]
has been developed.3 The authors of [41, 42] have extended the approaches of [35]
and [38] to robust multiuser detection problems. The authors of [35, 43] presented
e�cient online implementations of the worst-case robust adaptive algorithms of
[35, 38] with the complexity O(M2).

In [44], the approach of [38] is extended to the case where, apart from the
spatial signature mismatch, there is a nonstationarity of the array data (which, in
turn, may be caused by the nonstationarity of multiaccess interference and propa-
gation channel). The approach of [44] suggests, instead of modelling uncertainty
in the interference-plus-noise covariance matrix (as in (9.24)), to model such an
uncertainty by means of adding it directly to the data matrix X = [x(1), . . . ,x(N)].
Note that the sample covariance matrix can be expressed as

�R =
1
N

XXH. (9.35)

To take into account the nonstationarity of the array data, the mismatch matrix

� = �X � X (9.36)

can be introduced [44], where �X and X are, respectively, the actual and presumed
data matrices at the time when the beamformer is applied to detect the desired
user. Note that the presumed matrix X simply corresponds to the data acquired
by the beamformer prior to applying it to some particular snapshot. Because of
nonstationarity e�ects, the data samples in X can become irrelevant at the time
when the beamformer is applied (when the actual, yet unknown, data matrix is
�X). In such cases, the actual sample covariance matrix can be written as

��R =
1
N

�X �XH =
1
N

(X + �)(X + �)H. (9.37)

According to (9.37), the matrix ��R is guaranteed to be Hermitian and nonnegative
de�nite.

To combine the robustness against interference nonstationarity and spatial
signature errors, the authors of [44] use ideas similar to that of [38], that is, they
assume that the norms of both the spatial signature mismatch e and the data ma-
trix mismatch � are bounded by some known constants as

�e� � �, ��� � 
. (9.38)

3In [40], the robust MVDR beamformer of [38, 39] is referred to as the robust Capon beamformer.
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Then, the robust formulation of the MVDR beamforming problem can be written
in the following form [44]:

min
w

max
����


$$(X + �)Hw
$$ subject to

��wH as + e
#�� 
 1 ��e� � �. (9.39)

This problem represents a further extension of (9.33) with additional worst-case
robustness against nonstationary received data. The essence of (9.39) is to mini-
mize the beamformer output power in the scenario with the worst-case data non-
stationarity subject to the constraint which maintains distortionless response for
the worst-case spatial signature mismatch.

Problem (9.39) can be converted to [44]

min
w

$$XHw
$$ + 
�w� subject to wHas 
 ��w� + 1, (9.40)

which represents an extended version of (9.34). Problem (9.40) also belongs to
the class of convex SOCP problems and can be e�ciently solved using standard
interior point methods.

In [21, 35, 38, 44], the worst-case robust MVDR beamformers (9.29), (9.34),
and (9.40) have been compared with the earlier traditional ad hoc robust beam-
formers (such as the LSMI and eigenspace-based beamformers as well as di�erent
modi�cations of MT-based beamformers) by means of numerous simulations in-
volving typical wireless communications scenarios with di�erent types of fading
(coherent and incoherent local scattering, etc.) and with di�erent types of data
nonstationarity/multiaccess interferer mobility. The results of these simulations
show that the worst-case beamformers consistently enjoy a substantially improved
robustness relative to the traditional ad hoc adaptive beamformers. Therefore, the
worst-case adaptive beamformers are excellent candidates for uplink BS beam-
forming algorithms for cellular mobile radio systems [45, 46].

9.5. Summary

In this chapter, an overview of the state-of-the-art robust adaptive beamforming
in the presence of array response mismatches and received data nonstationarity
has been provided in application to cellular mobile radio systems with �at fading.
A recently emerged approach to robust adaptive beamforming based on the worst-
case performance optimization has been addressed in detail. Its advantages relative
to the earlier ad hoc approaches to robust adaptive beamforming have been dis-
cussed.
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Abbreviations

BS Base station
DDC Data-dependent constraints
LSMI Loaded SMI
MT Matrix tapering
MVDR Minimum variance distortionless response
SDMA Spatial division multiple access
SINR Signal-to-interference-plus-noise ratio
SMI Sample matrix inverse
SOCP Second-order cone programming
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10Robust and reduced-rank
space-time decision feedback
equalization

Frank A. Dietrich, Guido Dietl,
Michael Joham, and Wolfgang Utschick

10.1. Introduction

The decision feedback equalizer (DFE) is known as a popular choice for chan-
nel equalization to obtain a good performance-complexity trade-o�. Originally, it
was proposed to equalize single-input single-output (SISO) communication links,
where the DFE feedforward �lter was IIR [1, 2]. Although an IIR �lter was assumed
in the design, it has to be approximated by an FIR �lter for implementation to ob-
tain a causal system, which is a suboptimum approach. Thus, we restrict the feed-
forward �lter to be FIR for the optimization beforehand as in [3, 4]. We consider a
frequency selective MIMO channel, which models a single-user link with spatially
multiplexed data streams or, alternatively, multiuser single-input multiple-output
links (also known as multiuser detection). In contrast to a DFE for MIMO sys-
tems with an optimization of the detection order for the data streams, as in Bell
Laboratories Layered Space-Time (BLAST) equalizer [5] or parallel interference
cancellation [6], the space-time (ST) DFE applied here only feeds back preceding
symbols and minimizes interstream interference in the feedforward �lter. The op-
timization is performed minimizing the mean square error (MSE) of the symbol
vector before the decision device assuming that the symbols feedback are perfectly
known.

The standard DFE optimization assumes error-free knowledge of the chan-
nel parameters. Relying on a �nite number of training symbols to estimate the
channel, this assumption is not valid in practice. Moreover, the ST-DFE is more
sensitive to channel estimation errors than linear equalizers. Thus, methods from
robust optimization should be applied to reduce its sensitivity, which take into
account the size and structure of the parameter errors.

Worst-case optimization, that is, minimizing the maximum possible mean
square error for the given error model, is the standard approach (e.g., [7, 8]). In
this case, the error model is given by bounds on the channel parameters, for exam-
ple, assuming bounded errors in the Euclidean norm. The min-max approaches
have the disadvantage that the free parameters describing the set of errors, for
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example, the bounded norm, have to be chosen heuristically. For example, the
estimation error is often assumed Gaussian-distributed given �rst- and second-
order moments; as the error is not bounded in this case, it may be bounded heuris-
tically depending on the standard deviation of the error. Additionally, it is di�cult
to de�ne a worst case on the physical layer in a communication link, as the worst
case is commonly handled by higher layers.

An alternative paradigm, which we apply to the ST-DFE in Section 10.4, is
known from static stochastic programming [9]. Assuming a stochastic error model
with known �rst- and second-order statistics, the traditional MSE cost function
becomes a random variable. Taking the expectation of the cost function with re-
spect to the parameters, we minimize the expected MSE knowing the error statis-
tics. Thus, we measure the performance on average, which is a common approach
in wireless communications with a time-varying scenario, and achieve a robust-
ness on average.

Both approaches were compared for equalization of SISO channels in [10] for
a �xed channel and bounded error, showing that the stochastic approach is less
conservative. Stochastic programming was also applied to linear preequalization
in [11]. Finally, a robust ST-DFE based on the H� approach is introduced in [12].

Our robust ST-DFE is a generalization of the work in [10] with application
to mobile communication. The solution is obtained explicitly with the same order
of complexity as the standard solution. Note that the min-max solution is typ-
ically of higher complexity and often not obtained explicitly, but with iterative
methods [7]. The parameters of the error model depend on system parameters
and the channel statistics. Thus, no heuristic parameter choice is necessary and an
adaptation to error size and structure is possible. In the nominal case, that is, no
parameter errors, the latter aspect ensures the same performance as the standard
(nonrobust) design. Certainly, in practice the �rst- and second-order error statis-
tics need to be estimated, which should be possible with su�cient accuracy as they
change more slowly than the channel coe�cients.

Feeding back only preceding detected symbols without the need of a spatial
ordering already reduces the design complexity considerably. Further reduction
in complexity can be achieved with a reduced-rank implementation [13, 14] of the
feedforward �lter. An approximation in the Krylov subspace is known to provide
a performance advantage with similar complexity compared to other reduced-
rank approaches [15, 16, 17]. Previously, a Krylov-based implementation of the
DFE for SISO channels was given in [18]. We introduce the Krylov subspace-
based reduced-rank implementation of the standard ST-DFE and its robust ver-
sion (Section 10.5).

After introducing the MIMO system model for data and pilot channel in
Section 10.2 the standard optimization for the ST-DFE, which includes a latency
time optimization, and its solution is given in Section 10.3. The error model, ro-
bust optimization criterion and its solution, as well as a detailed interpretation
of the robust ST-DFE cost function, which is related to Tikhonov regularization,
and its solution is presented in Section 10.4. The Krylov subspace-based reduced-
rank implementation is motivated and described in Section 10.5, which includes a
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simple low-complexity choice of the latency time. Performance results in terms of
uncoded bit error rate (BER) show signi�cant gains of the robust design for spa-
tially correlated channels (Section 10.6). Considerable rank reduction and, thus,
complexity reduction is possible with only a small loss in performance. It is also
shown, that latency time optimization should be a key component of every DFE.
Finally, the advantages of the robust ST-DFE in case of outdated channel knowl-
edge is discussed.

Notation. The operators E[•], Ea[•], (•)T, (•)H, and ��� stand for a general ex-
pectation, expectation with respect to a, transpose, Hermitian transpose, and Kro-
necker product, respectively. IN is the N ×N identity matrix and 0M×N the M×N
zero matrix.

10.2. System model

Data symbols b[n] � BNT from a set of QAM symbols B with zero mean are
transmitted from NT antennas via a frequency selective MIMO channel H[n] =�L�1

�=0 H��[n� �] � CNR×NT of length L. The q, pth element of H[n] is hp,q[n]. The
received signal vector of NR antennas is (Figure 10.1)

r[n] = H[n] � b[n] + v[n] � CNR , (10.1)

where v[n] � NC(0, Cv) is additive temporally white complex Gaussian noise with
covariance matrix Cv = E[v[n]v[n]H] � CNR×NR .

Pilot channel. Np pilot symbols bp[n] � BNT with n � {2 � L, . . . ,Np} are time-
multiplexed and include L� 1 guard symbols. The received pilot sequence

rp[n] = H[n] � bp[n] + vp[n] � CNR (10.2)

can be rewritten as

Rp =
�
H0, . . . ,HL�1

�
B�

p + Vp � CNR×Np (10.3)

with Np received samples Rp = [rp[1], . . . , rp[Np]] (Vp de�ned equivalently), and
block Toeplitz B�

p � CNTL×Np with �rst block row [bp[1], . . . , bp[Np]] and �rst
column [bT

p[1], . . . , bT
p[2 � L]]T. Using vec(ABC) = (CT � A) vec(B), it reads as

rp = vec
 
Rp

#
= Bph + vp � CNRNp (10.4)

with Bp = B�,T
p � INR . All channel coe�cients are summarized in

h = vec
 �

H0, . . . ,HL�1
�#

� CNRNTL. (10.5)

The additive noise vp[n] is distributed as NC(0, Cv).
The channel is assumed to be i.i.d. block fading and complex Gaussian h �

NC(µh, Ch) with mean µh = E[h] and covariance Ch = E[(h � µh)(h � µh)H].
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b[n] H[n]

v[n]

r[n]
G[n]

�b[n]
Q(•)

F[n]

�b[n]

Figure 10.1. MIMO system with space-time decision feedback equalizer.

10.3. Standard space-time decision feedback equalization

After the received signal r[n] � CNR has been passed through the FIR matrix feed-
forward �lter of length G (Figure 10.1)

G[n] =
G�1�

g=0
Gg�[n� g] � CNT×NR , (10.6)

the interference of the already detected symbols is removed by adding the output
of the feedback �lter of length F = L + G� � � 2,

F[n] =
F�

f=1
F f �[n� f ] � CNT×NT , (10.7)

to form the input �b[n] � CNT of the element-wise nearest-neighbor quantizer
Q(•) (see Figure 10.1), whose desired value is b[n � �] with the latency time �,
that is, a symbol is detected � symbol times after it has been transmitted. Note
that F f = 0NT×NT for f < 1, since only already detected symbols can be fed back.
Similarly, F f = 0NT×NT for f > F, as the symbols with delays greater than F do not
contribute interference to �b[n].

In vector-matrix notation, the quantizer input reads as

�b[n] = GHflb[n] + FS(�) flb[n] + Gflv[n], (10.8)

where we made the popular assumption for DFE that the decisions are correct,
that is, �b[n] = b[n � �]. We put the matrix coe�cients of the feedforward �lter
and the feedback �lter into

G =
�
G0, . . . , GG�1

�
� CNT×NRG,

F =
�
F1, . . . , FF

�
� CNT×NTF ,

(10.9)

respectively. The block Toeplitz channel matrix is de�ned as

H =
L�1�

�=0

�
0G×� , IG, 0G×L���1

�
% &’ (

��

�H� � CNRG×NT(L+G�1). (10.10)
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The symbols and the noise are collected in

flb[n] =
�
bT[n], . . . , bT[n� L�G + 2]

�T � CNT(L+G�1),

flv[n] =
�
vT[n], . . . , vT[n�G + 1]

�T � CNRG,
(10.11)

respectively. For conciseness, we introduced the matrix

S(�) =
	
0NTF×NT(�+1), INTF



� {0, 1}NTF×NT(L+G�1), (10.12)

which selects the last NTF elements from a NT(L + G � 1)-dimensional column
vector. Note that the desired value for the estimate �b[n] is

b[n� �] = E�+1 flb[n] with E�+1 = eT
�+1 � INT , (10.13)

where e�+1 � {0, 1}L+G�1 denotes the (� + 1)th column of the identity matrix
IL+G�1. Thus, the latency time � is element of the set {0, . . . ,L + G� 2}.

The MMSE-ST-DFE �lters can be found by minimizing the MSE

�2
�,S
 
{G, F, �}, h, MS

#
= E

	$$b[n� �] � �b[n]
$$2

2



, (10.14)

that is,
!
GS, FS, �S

"
= arg min

{G,F,�}
�2
�,S
 
{G, F, �}, h, MS

#
, (10.15)

with model parameters MS = {�2
b , Cflv} assumed known. For uncorrelated sym-

bols, that is, Cflb = E[flb[n]flbH[n]] = �2
b INT(L+G�1), the solution depending on la-

tency time � can be expressed as

GS = E�+1HH H�(�)HH + ��2
b Cflv

#�1 = BSA�1
S , (10.16)

FS = �GSHS(�),T, (10.17)

with the projection matrix

�(�) = INT(L+G�1) � S(�),TS(�) (10.18)

setting the last NTF columns of a matrix to zero, when applied from the right.
Plugging this result into the cost function of (10.15), leads to the latency time
optimization:

�S = arg max
��{0,...,L+G�2}

tr
�
E�+1HH H�(�)HH + ��2

b Cflv
#�1HET

�+1

�
. (10.19)

As the matrix H�(�)HH + ��2
b Cflv depends on the latency time �, the inverse has to

be computed for every value of �. Hence, the complexity to compute the MMSE-
ST-DFE �lters with optimum latency time �S is O(N3

RG3(L + G)).

A print edition of this book can be purchased at
http://www.hindawi.com/spc.3.html

http://www.amazon.com/dp/9775945097

http://www.hindawi.com/spc.3.html
http://www.amazon.com/dp/9775945097


194 Robust and reduced-rank space-time decision feedback equalization

10.4. Robust design

10.4.1. Model for parameter errors

Errors in the estimated channel parameters present the most signi�cant source
for performance degradation. To enable the robust design of the DFE, a suitable
model for these errors is needed. We choose a stochastic model for the error � with
mean E[�] and covariance matrix C� = E[(� � E[�])(� � E[�])H], where no
assumptions about the distribution of � are made. The error is de�ned as

� = H � �H. (10.20)

If H and �H are zero mean, the error � is zero mean with E[�] = 0. See below for
conditions on �H being zero mean.

Exploiting the block Toeplitz structure of � =
�L�1

�=0 ����� (cf. (10.10)) with
�� = [0G×� , IG, 0G×L���1], the covariance matrix can be written as

C� =
L�1�

�=0

L�1�

��=0
���T

�� � E
�
���H

��
�

=
L�1�

�=0

L�1�

��=0
���T

�� �

� NT�

p=1
E
�
�p[�]�p[��]H�

�

.
(10.21)

Here, �p[�] = [�p,1[�], . . . , �p,NR [�]]T is the pth column of the estimation error ��

in �H� , that is, the �th channel tap of the pth transmitter.
If µh = 0, the parameters in H can be estimated in general with an estimator

W as �h = Wrp. The error in the channel estimate �h is de�ned equivalently to
(10.20) by h = �h + �. From (10.21) we observe that C� depends on subblocks of
the error covariance matrix C� of the error �.

As an example, we consider the linear minimum mean square error (LMMSE)
channel estimator, which is equal to the conditional mean estimator since h is
assumed to be Gaussian-distributed [19]:

W = arg min
W�

E
	$$h � W�rp

$$2
2



� CNRNTL×NRNp . (10.22)

With Cvp = E[vpvH
p ], the LMMSE channel estimator reads as

W = ChBH
p
 
BpChBH

p + Cvp

#�1. (10.23)

From µh = 0 as assumed above and µvp
= 0, that is, E[rp] = 0 (cf. (10.4)), it

follows that µ� = 0. Hence, the error covariance matrix for the LMMSE estimate
�h is

C� = E
�
��H� = Ch � WBpCh. (10.24)
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It depends on the a priori information about the channel Ch, which describes all
slowly varying channel properties such as angles of arrival/departure, power de-
lay pro�le, and path loss. Note that the LMMSE estimator optimally exploits�
minimizing the MSE�the slowly varying channel properties, which signi�cantly
improves MSE performance in scenarios with high mobility, for example, com-
pared to maximum likelihood estimators [20].

10.4.2. Robust optimization

The standard DFE optimization (10.15) assumes that the channel parameters are
perfectly known and the estimated channel parameters �h are applied to the solu-
tion (10.17) as if they were error-free. Optimizing the DFE parameters based on
an error model presents a problem formulation closer to reality.

A robust optimization based on the paradigm from static stochastic program-
ming [9] aims at minimizing the expected MSE of the data symbols given the error
model (10.20) and (10.21). Thus, it de�nes a robustness on average instead of a
robustness in the worst case as in the min-max approach (e.g., [7, 8, 21]).

For a given estimate �H, the current realization of the channel H is a random
variable from the perspective of the equalizer. Thus, the standard cost function in
(10.14) now is a random variable, too. Robustness on average is obtained taking
the expected value of the cost function with respect to the parameter errors �.
Therefore, assuming zero mean errors � the robust cost function is given by

�2
�,R

 
{G, F, �}, �h, MR

#
= E�

�
�2
�,S
 
{G, F, �}, �h + �, MS

#�

= �2
�,S
 
{G, F, �}, �h, MS

#
+ �2

b trace
 
GC�GH#,

(10.25)

which is the standard design criterion plus an additional penalty term on the norm
of the feedforward �lter G. The robust optimization problem is

!
GR, FR, �R

"
= arg min

{G,F,�}
�2
�,R

 
{G, F, �}, �h, MR

#
(10.26)

with model parameters MR = {MS, C�} including average size and structure of
the errors in �H. The solution is given by

GR = E�R+1 �HH �H�(�R) �HH + ��2
b Cflv + C�

#�1 = BRA�1
R , (10.27)

FR = �GR �HS(�R),T, (10.28)

where �H depends on �h (10.10). Thus, the robust solution is obtained from the
solution of the standard design with the following substitutions:

Cflv �� Cflv + �2
bC�, H �� �H. (10.29)
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rP[n]

bP[n]

Channel
estimation

C�

�h
Robust DFE optimization

argmin
{G,F,�}

�2
�,R

 
{G,F, �}, �h,MR

#

MS
Error
model

{GR,FR, �R}

Figure 10.2. For a robust equalizer design the channel estimator communicates the expected size
and structure of estimation errors via the error covariance matrix C� . The model parameters MR =
{MS, C�} of the resulting robust equalizer optimization include the parameters of the error model.

The optimum latency time results from standard optimization (10.19) with the
same substitutions. This simple rule illustrates that the robust design treats chan-
nel estimation error as an additional noise source, that is, a structured loading of the
inverse in (10.27).

Obviously, the complexity of the robust solution is of the same order as stan-
dard solution (10.17) and (10.19). Additional computations, that is, matrix mul-
tiplications and additions, are needed for computing the error covariance matrix
C� (cf. (10.21) and (10.24)).

10.4.3. Interpretation

The robust optimization of the DFE creates an interface between channel estima-
tion and equalization: the channel estimator communicates the expected size and
structure of the error via the error covariance matrix C� and�in case of nonzero
mean errors�the mean E[�] (Figure 10.2). To see how this knowledge in�uences
DFE optimization and to understand the performance improvements, we �rst in-
terpret robust optimization (10.26) in more detail and then investigate the new
structure of solution (10.28).

The robust behavior of the solution is controlled by the second term in the
robust cost function (10.25), which can be rewritten as

�(G) = �2
b trace

 
GC�GH# = �2

b

NRG�

i=1
��,i

$$g�
i
$$2

2 (10.30)

using the eigenvalue decomposition of the error covariance matrix C� = U���UH
�

with diagonal matrix of eigenvalues �� = diag(��,1, . . . , ��,NRG). This term may be
interpreted as a Tikhonov regularization of the feedforward �lter [22, 23], which
is a common method to solve ill-posed problems and decrease the sensitivity of
an optimization problem to parameter errors. We consider the simple case of
C� = �2

� IGNR , where we have �(G) = �2
b �

2
��G�2

F. Here, while minimizing the MSE,
G is also chosen with a smaller Frobenius norm. A smaller �lter norm decreases the
sensitivity of the cost function to errors in �H, since the errors � are ampli�ed by G
in (10.14). (Note that the average MSE degradation for the standard ST-DFE based
on estimates �H is also given by �(G).) This leads to a smaller performance degrada-
tion in case of errors. For a general C� with arbitrary structure, (10.30) is the sum
of the weighted Euclidean norms of the columns of G� = GU� = [g�

1, . . . , g�
NRG].
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The subspace of the column space of G� with high uncertainty in the channel pa-
rameters (large ��,i) is regularized more than subspaces with small errors. More-
over, the cost function may be seen as a scalarization with equal weight of a vector
optimization problem [22] with the MSE in (10.15) and �(G) (10.30) as two ob-
jectives to be minimized.

Traditional robust optimization, for example, min-max optimization [21],
shows a worse performance in the error-free case and a smaller sensitivity with
respect to parameter errors compared to the standard (nominal) design (e.g.,
(10.15)) resulting in a better performance in case of signi�cant errors. The sto-
chastic approach presented here allows an optimum (nonheuristic) adaptation to
the average error structure, which is important in wireless communications with
a wide range of di�erent scenarios.

Now we consider the signal �b[n] before quantizer (10.8) with standard solu-
tion (10.17) of the feedback �lter F[n], where �H is substituted for H:

�b[n] = GHflb[n] � G �HS(�),TS(�) flb[n] + Gflv[n]

= G
! 

H � �HS(�),TS(�)#flb[n] + flv[n]
"

= G
!
H� flb[n] + flv[n]

"
= Gr�[n],

(10.31)

which can be interpreted as equalization of the received signal r� from an equiv-
alent channel H� = H�(�) + �S(�),TS(�) in case of channel estimation errors. The
�rst NT(� + 1) columns of H� represent the interference to be suppressed by the
feedforward �lter G in standard problem formulation (10.17). Interference created
from the remaining F columns of H should be canceled by the feedback �lter F[n],
which cannot accomplish its task (even in presence of perfect decisions available
for feedback) due to the channel estimation errors �. The in�uence of the re-
maining interference due to imperfect cancellation via F[n] is described by the last
F columns in H�. To equalize the linear model with H� (10.31), we could design
G as a Wiener �lter minimizing the MSE. If we had perfect knowledge about H�,
that is, about the channel and the channel estimation errors, the covariance matrix
of the receive signal r�[n] needed for the MMSE design of G would be

Cr� = �2
bH�HH

� + Cflv = �2
bH�(�)HH + �2

b�S(�),TS(�)�H + Cflv (10.32)

with H = �H + � (10.20). Since H� is not available, one may use an approximation
based on the knowledge of correlations in r�[n] on average:

E�
	
Cr�

��
H= �H+�



= �2

b �H�(�) �HH + Cflv + �2
b E

�
��(�)�H�

+ �2
b E

�
�S(�),TS(�)�H�

= �2
b �H�(�) �HH + �2

b E
�
��H� + Cflv,

(10.33)

where the last expression is identical to AR in GR (10.28) up to factor �2
b .
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Thus, the robust feedforward �lter GR has two important properties: (1) it is of
smaller norm to decrease the sensitivity towards errors in �H (10.30) and (2) it takes
into account remaining interference due to imperfect interference cancellation by
the feedback as a result of channel estimation errors. This interference is only con-
sidered on average and can be further suppressed by GR if C� exhibits su�ciently
rich structure.

10.5. Krylov subspace-based reduced-rank implementation

10.5.1. Reduced-rank feedforward and feedback filters

The main idea of reduced-rank processing (e.g., [13]) is to replace the original
feedforward �lter G � CNT×NRG in optimizations (10.15) and (10.25) by a pre�lter
matrix T(D) � CD×NRG, D < NRG, followed by a reduced-dimension �lter GD �
CNT×D, that is, G = GDT(D). The resulting problem reads as

�
G(D)

S/R, F(D)
S/R

�
= arg min

{GD ,F}
�2
�,S/R

 !
GDT(D), F, �

"
, �h, MS/R

#
, (10.34)

and has the solution

G(D)
S/R = BS/RT(D),H T(D)AS/RT(D),H#�1T(D),

F(D)
S = �G(D)

S HS(�),T, F(D)
R = �G(D)

R �HS(�),T.
(10.35)

The reduction in computational complexity is mainly based on the selection
of the pre�lter matrix T(D). It is chosen such that its computation is less intense
than the inversion of the original NRG × NRG matrix AS/R. Note that it will turn
out that the inversion of the resulting D × D matrix T(D)AS/RT(D),H is negligible
due to its structure.

The pre�lter matrix of the principal component method [24], for instance, is
composed by the principal eigenvectors of the matrix AS/R, that is, the eigenvectors
corresponding to the largest eigenvalues. Thus, the matrix T(D)AS/RT(D),H is easy
to invert since it is diagonal and the resulting complexity is O(DN2

RG2) since it is
only based on the computation of the D principal eigenvectors.

Nevertheless, it was shown (e.g., [25]) that eigenspace-based pre�lter matrices
are generally suboptimum. Thus, in the following, we restrict ourselves to pre�lters
where the conjugate transpose row vectors are basis vectors of the D-dimensional
Krylov subspace [26]

K (D)
S/R = span

�
BH

S/R, AS/RBH
S/R, . . . , Ad�1

S/R BH
S/R

�
, (10.36)

with D = dNT, d � N, that is, the rank is restricted to be an integer multiple of the
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{[t1, t2, . . . , tM], R} � QR(BH
S/R)

2: for i � {M,M + 1, . . . ,D � 1} do
k � i�M + 1

4: v � AS/Rtk
for � � {i� 2M + 1, i� 2M + 2, . . . , i} � N do

6: h�,k � tH
� v

v � v � h�,kt�
8: end for

hi+1,k � �v�2
10: ti+1 � v/hi+1,k

end for
12: T(D),H � [t1, t2, . . . , tD] � CN×D

Algorithm 10.1. Lanczos-Ruhe computation of the pre�lter matrix.

number of transmit antennas NT. The block Lanczos algorithm [27, 28] is a method
to compute an orthonormal basis of K (D)

S/R , that is,

T(D) =
�
T1, T2, . . . , Td

�H � CD×NRG, (10.37)

given AS/R to be Hermitian which is true in our applications. The fundamental part
of the block Lanczos algorithm is the classical Gram-Schmidt orthogonalization step

!
T� , R�

"
= QR

�

AS/RT��1 �
��1�

i=��2
Ti
 
TH
i AS/RT��1

#
�

(10.38)

which is used for the recursive calculation of T� � CNRG×NT . The recursion for-
mula is initialized with T1 obtained from the initial QR factorization {T1, R1} =
QR(BH

S/R). The computation of T(D) by Gram-Schmidt orthogonalization guaran-
tees that the transformed D ×D matrix T(D)AS/RT(D),H has block tridiagonal struc-
ture, that is, a matrix with NT ×NT nonzero blocks in the main block diagonal and
the two adjacent block subdiagonals.

Note that the block Lanczos algorithm is strongly related to the multistage
matrix Wiener �lter [15, 16] (MSMWF) which is a matrix-valued extension of the
multistage Wiener �lter [17]. Nevertheless, the corresponding pre�lter matrix of
the general MSMWF does not necessarily have orthonormal rows.

The main problem of the block Lanczos algorithm is the fact that the rank D
has to be an integer multiple of NT. This restriction prevents the rank to be opti-
mally selected in the case where it is not an integer multiple of NT. Ruhe [15, 29]
derived a version of the Lanczos algorithm which is summarized in Algorithm 10.1
where the rank D can be any integer between 0 and NRG.

In each iteration step, the matrix-vector multiplication AS/Rtk in Line 4 of
Algorithm 10.1 de�nes the computational complexity which is O(N2

RG2) since the
remaining operations have only linear order. The iteration is performed D�NT
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times, thus, the computational complexity of the Lanczos-Ruhe algorithm is
O((D � NT)N2

RG2) since the complexity of the QR factorization of BS/R in the
�rst line is negligible. Due to the block tridiagonal structure of T(D)AS/RT(D),H, the
computational complexity of its inversion is O(NTN2

RG2) and the resulting com-
plexity of the Krylov subspace-based reduced-rank implementation of the MMSE-
ST-DFE is O(DN2

RG2), thus, equal to the complexity of the eigenspace-based prin-
cipal component method.

10.5.2. Quasioptimal latency time

The optimization problem for the latency time in the reduced-rank case is given
by the following equation:

�(D)
S/R = arg max

��{0,...,L+G�2}
tr
�
BH

S/RT(D),H T(D)AS/RT(D),H#�1T(D)BS/R
�
. (10.39)

Since the pre�lter matrix T(D) depends on the latency time �, it has to be recom-
puted for every possible � � {0, . . . ,L + G � 2}. Hence, the computational com-
plexity of the reduced-rank implementation including latency time optimization
is O(DN2

RG2(L + G)), that is, of cubic order concerning the �lter length G.
To avoid the additional computational burden of the latency time optimiza-

tion, a quasioptimal choice of � is taken. Remember that the matrix H�(�)HH in
AS/R has a maximal possible rank of

rank
 
H�(�)HH# = min

 
(� + 1)NT,NRG

#
, (10.40)

that is, it is rank-de�cient for special choices of �. For a given D, the latency time
can be chosen such that D is equal to rank(H�(�)HH) if D is an integer multiple of
NT. If this is not the case, it turns out that the heuristic choice

�(D)
S/R,sub = min

*� D
NT

�
,G

+
� 1, (10.41)

which is based on the results of Figure 10.5, yields a good performance of the pro-
posed reduced-rank methods. Note that �(D)

S/R,sub is a �xed latency time that is inde-
pendent of the actual channel, and it is smaller than G to assure that the equalizer
�lter includes the energy of all channel taps. This turns out to be a good choice for
medium and large ranks D.

10.6. Performance

Monte Carlo simulations for the mean uncoded bit error rate (BER) are shown
for the following parameters: 16-QAM modulation, NR = 8 receive antennas in a
uniform linear array with half-wavelength interelement spacing, NT = 6 trans-
mitters, channel length L = 4, �lter length G = 9, and Np = 30 QPSK pilot
symbols. The BER is averaged over 1000 i.i.d. Rayleigh fading blocks each with
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Figure 10.3. BER versus SNR of the MMSE-ST-DFE for Scenario 1.

500 symbols for every transmitter. The channels between the NT transmitters are
uncorrelated and angles of arrival at the receiver are Laplace-distributed (angu-
lar spread of 10�) [30]. The power delay pro�le is exponential with rate of decay
1 microsecond (symbol rate 1.28 MHz as in [31]). Latency time optimization is
performed as described in (10.19), (10.29), and Section 10.5. For channel esti-
mation the LMMSE estimator in (10.23) is used. Moreover, full knowledge of the
second-order channel and noise statistics is assumed. For the reduced-rank imple-
mentation we apply the Lanczos-Ruhe Algorithm 10.1.

Scenario 1. The channel remains constant during reception of the pilot sequence
and data. The SNR loss due to imperfect channel estimation of the standard de-
sign is 4.2 dB at a BER of 10�2 (Figure 10.3). The robust design gains 2.4 dB com-
pared to a standard design. The improvement is due to the robust DFE�s knowledge
about size and�most importantly�structure of the estimation error. In our sce-
nario the rich structure in C� is mainly due to the channel correlations. For a rank
of D = 45, which is 62.5% of the full-rank NRG = 72, the complexity reduction
is achieved with only a small loss in performance of 0.4 dB for the standard design
and for perfect channel state information (CSI) (Figure 10.3). At an BER of 10�2

the reduced-rank implementation of the robust DFE with D = 45 looses 1.6 dB
to its full-rank version, as important information about the error is included into
the additional loading in the inverse of GR (10.28), which is considered as noise
by the reduced-rank algorithm. Thus, there is a trade-o� between complexity and
robustness, and a larger rank D should be chosen for similar performance.

Figure 10.4 shows the sensitivity of the reduced-rank DFE implementation
with respect to selection of the rank D with a �xed suboptimum choice for the
latency time as described in Section 10.5. To achieve the same BER as the standard

A print edition of this book can be purchased at
http://www.hindawi.com/spc.3.html

http://www.amazon.com/dp/9775945097

http://www.hindawi.com/spc.3.html
http://www.amazon.com/dp/9775945097


202 Robust and reduced-rank space-time decision feedback equalization

Standard optimization
Robust optimization
Perfect channel state information

10 20 30 40 50 60 70
Rank D

10�3

10�2

10�1

U
nc

od
ed

BE
R

Figure 10.4. BER versus rank D for Scenario 1 at an SNR of 24 dB.

design, the rank of the robust DFE may be reduced further to save complexity.
Generally, it can be stated that among the reduced-rank approaches, the choice of
the Krylov subspace results in the smallest choice of D for a given performance
level [15].

The strong dependency of the DFE performance on the latency time � is il-
lustrated in Figure 10.5 for the case of perfect CSI and for all possible choices of a
�xed � at an SNR of 24 dB. Latency time optimization is crucial for achieving the
performance gains expected from a DFE compared to a linear equalizer due to the
high sensitivity of the BER with respect to latency time. Similar conclusions hold
for imperfect CSI and a standard/robust design. Furthermore, Figure 10.5 em-
pirically justi�es the rule for choosing the latency time in case of a reduced-rank
implementation as introduced in Section 10.5. A latency time larger thanG�1 = 8
cannot occur due to the structure of H, that is, a small received signal power from
symbols corresponding to delays � larger than G � 1. The suboptimum choice of
latency time (10.41) can be veri�ed with this example.

Scenario 2. A delay of 300 symbols between pilot sequence and application of the
ST-DFE to equalize the channel is assumed, which is a rough model for equalizing
the channel at the end of the data block. Here, the temporally correlated channel
has a maximum Doppler frequency of 5 • 10�5 (Jakes Doppler spectrum) nor-
malized to the symbol period. Note that the error covariance matrix C� now also
depends on the temporal correlation coe�cient of the channel.

Due to the delayed channel estimate, the standard DFE design su�ers a tre-
mendous performance degradation and the BER saturates at a high level (Figure
10.6). The error �oor is signi�cantly reduced by the robust design. Again for a
reduced-rank implementation with D = 45, there is only a small performance
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Figure 10.5. BER versus �xed latency time � in case of perfect channel state information (CSI) for
Scenario 1 at an SNR of 24 dB.
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Figure 10.6. BER versus SNR for delayed channel estimates for Scenario 2.

degradation in case of full CSI and the standard design. But for the robust de-
sign, the performance loss due to rank reduction is more pronounced, as useful
information contained in the error covariance matrix C� is neglected to reduce
the complexity. For a rank D = 36, that is, 50% of the full rank, the additional
performance loss is smaller for the robust design than the standard solutions.
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Abbreviations

BER Bit error rate
BLAST Bell Laboratories Layered Space-Time
CSI Channel state information
DFE Decision feedback equalizer
FIR Finite impulse response
IIR In�nite impulse response
LMMSE Linear minimum mean square error
MIMO Multi-input multi-output
MMSE-ST-DFE Minimum mean square error space-time decision feedback equalizer
MSE Minimum square error
MSMWF Multistage matrix Wiener �lter
QAM Quadrature amplitude modulation
QPSK Quadrature phase-shift keying
SISO Single-input single-output
SNR Signal-to-noise ratio
ST-DFE Space-time decision feedback equalizer
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11Introduction

J. Bach Andersen

The radio channel in a multiuser, multiple-antenna wireless network in a compli-
cated dynamic environment is possibly one of the most challenging channels to
be dealt with by modern communication technologies. The environment de�es in
most cases a deterministic solution of Maxwell�s equations, so a statistical descrip-
tion is necessary. Consider the following multitude of parameters of interest.

(i) The number of rays or paths at each end of the link.
(ii) The magnitude of each path.
(iii) The delay of each path.
(iv) The polarization of each path.
(v) The angles of arrival and departure.

(vi) The transformation from the in-the-air paths to the circuit ports, con-
sidering the mutual coupling between antenna elements.

(vii) The time variation due to the user movements and movements in the
environment.

(viii) The statistical description of all the above, including mean values, vari-
ances, correlations, and so forth.

(ix) Turning the above into accurate yet simple channel models to be used
for link and network simulations.

It is no wonder that it requires a multitude of experts to cover all aspects of
the channel, and it is fortunate that in this chapter we �nd an updated description
of most of these aspects.

Measurement of the channel is a very important aspect giving the reality check
and the basis for the physical understanding of the propagation phenomena.
Thom¤a et al. (Chapter 1) give �rst a theoretical model of the double-directional
channel of interest for MIMO systems and discuss the various sounding principles
used in practice today, including the important calibration techniques. Various an-
tenna structures are discussed highlighting the need for full polarimetric measure-
ment of the channel. By using a novel general array model, it is possible to separate
the antenna from the environment, indicating that the propagation results may be
used for di�erent antenna structures than originally used in the measurements,
that is, antenna-independent channel models.
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Propagation measurements are applied in Chapter 2 by Vainikainen et al. to
give an updated description of propagation phenomena in both indoor and out-
door environments. An important new insight is obtained by the cluster analysis
for the outdoor environment, where array measurements indicate a rather small
number of clusters dictated by the geometry and building layout. Most propaga-
tion studies are related to the lower microwave frequencies, but in the section also
some indoor results for 60 GHz are shown.

Most engineering developments of wireless systems are prepared by simula-
tion of the complete link, where the channel model is an important part. The de-
velopment of MIMO systems has meant that a new area of channel models has
been introduced. We are now interested in modeling matrices connecting the an-
tennas on the transmit side with those on the receive side. Channel models of
MIMO systems are the subject of Chapter 3 by Yu et al., highly in�uenced by the
results of measurements. In some situations, the matrix channel may with a good
approximation be determined by the correlations between the antenna elements
at each end, not knowing the correlations of all the internal paths, the so-called
Kronecker model. Channel modeling is also treated by standardization bodies, in
order to compare systems on a fair basis. Thus channel modeling is a lively area,
expected to continue when new frequencies and bandwidths are introduced.

In a practical communication system at any given time, the channel is un-
known and must be estimated in order for the receiver to work properly. In some
cases it could also be relevant to send back information to the transmitter, en-
abling complete channel knowledge to be obtained, at least until the channel has
changed again. Channel estimation is the subject of Chapter 4 by Leus and van der
Veen, where a number of algorithms are discussed together with some simulation
results. Both training-based and semiblind results are treated, including some new
trends in this important area.

This part concludes with Chapter 5 by Viberg on direction-of-arrival (DOA)
estimation, an area also touched upon in some of the previous sections. DOA will
include in principle both azimuth and elevation angles, as well as the correspond-
ing angles of departure from the transmitter. DOA is important for the under-
standing of the propagation phenomena, and also for �nding the clustering in an-
gle, and the statistical angular spread, relevant for the functioning of antenna ar-
rays in arbitrary environments. The question is often how accurate the estimation
should be, and the section discusses various schemes from conventional beam-
forming to least-square methods and subspace methods of varying complexity.
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12Propagation

P. Vainikainen, J. Kivinen, X. Zhao,
and H. El-Sallabi

12.1. Introduction

Signi�cant development of propagation measurement systems has taken place
since the mid 90s. Earlier it was typically possible to measure only the power as a
function of location (or time) and possibly the power delay pro�le of the channel
in the case of wideband channel sounders. The power division between orthog-
onal polarizations had to be determined with two separate measurements. The
development of channel sounders employing antenna arrays made it possible to
determine also the directional information �rst at one end [1, 2] and, a few years
ago, also at both [3, 4] ends of the link with MIMO con�gurations having more
than 20 × 20 antennas. The use of several receive and transmit antennas enabled
also the determination of the instantaneous complex polarization matrix. In the
best systems these properties could be obtained with quite fast sampling rate en-
abling measurements over long continuous routes with less than half a wavelength
sampling distance. These experiments have given signi�cant new information for
the development of multidimensional propagation channel models. They can also
be used to obtain realistic estimates on the available capacity of the new radio sys-
tem con�gurations like MIMO.

Furthermore, the directional measurements provide new information on the
phenomena governing the propagation. In the earlier measurements covering only
a few domains the result often consisted of joint responses of several phenomena
without the opportunity to separate them. The interesting new results of these
multidimensional measurements has been, for example, the short-term stability of
the distinguished signi�cant propagation paths or clusters as a function of location
and also the small number of such clusters in an urban environment [5].

Another approach to studying MIMO propagation channels is electromag-
netic (EM) simulations. Here the investigation of physical propagation mecha-
nisms and their accurate and e�ective modeling gives new opportunities for ex-
tensive MIMO system studies [6, 7, 8].

A print edition of this book can be purchased at
http://www.hindawi.com/spc.3.html

http://www.amazon.com/dp/9775945097

http://www.hindawi.com/spc.3.html
http://www.amazon.com/dp/9775945097


212 Propagation

12.2. Basic propagation mechanisms for mobile communications

12.2.1. Propagation in free space

The free space path loss with wavelength � at distance d0 in the far �eld of the
antennas with gains G1 and G2 is given by

PL0(d0) = �G1 �G2 + 20 log
*4�d0

�

+
. (12.1)

Equation (12.1) can be used for separate rays, when the �rst Fresnel zone is free
from obstructions.

12.2.2. Ray theory

In the ray theory, it is approximated that the energy propagates between antennas
inside ellipsoid-shaped tubes, de�ned by the �rst Fresnel zone. The phase di�er-
ence between the straight line and the line via the equivalent source on the surface
of the tube is 180�. According to the theory, only obstacles inside the tube may
a�ect the energy.

12.2.3. Refraction, reflection, and transmission in the boundary
of dielectric media

In the following equations, we assume that the wave can be regarded as a plane
wave, which holds for materials with relatively low loss. So the �eld in point r is
given by

E(r) = E0 • e� jk•r, (12.2)

where k is the wave vector. The boundaries are assumed smooth compared to
wavelength, and uniform inside the �rst Fresnel zone.

12.2.3.1. Refraction

The energy can propagate behind wedge-like obstacles, through both refraction
and di�raction. It can be easily calculated from Snell�s law that refraction be-
hind 90� corners requires �r < 2. Therefore, refraction is an untypical propagation
mechanism in man-made environments, but signi�cant in nature (e.g., refraction
in atmosphere).

12.2.3.2. Reflection

For a dielectric medium with relative dielectric permittivity �r = ��r � j���r , the
Fresnel re�ection coe�cients r� and r� for perpendicular and parallel polariza-
tions, respectively, for a plane wave in the boundary of dielectric media are well
known from textbooks.
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Figure 12.1. Transmission and re�ection coe�cients of a dielectric layer, thickness 13 cm, �r = 4.1 �
j0.15, f = 5.3 GHz.

12.2.3.3. Transmission

Transmission through homogeneous layers-signal �ow diagram analysis. For a layer
with thickness d of homogeneous dielectric medium the �eld transmission coe�-
cient is, for example,

T =
 
1 � r2# • e� j�

1 � r2e� j2� , (12.3)

where r can be either a parallel or perpendicular �eld re�ection coe�cient, and

� =
2�d

 ��r
#

� • cos�2
, (12.4)

where �2 is the direction of propagation inside the dielectric layer with respect to
the normal of the boundary. The real part of � is the electrical length of the path of
the wave inside of the dielectric medium. The �eld re�ection coe�cient including
the multiple re�ections inside the layer is

R =
r
 
1 � e j2�

#

1 � r2e� j2� . (12.5)

Equations as (12.3) and (12.5) for an arbitrary number of dielectric layers can
be derived using signal �ow diagram analysis. In Figure 12.1, transmission (12.3)
and re�ection (12.5) of a brick wall with thickness 13 cm and �r = 4.1 � j0.15
are shown at 5.3 GHz. A transmission coe�cient changes only slightly when � =
0 � 50�. The re�ection coe�cients are di�erent for the two polarizations: in the
vicinity of Brewster�s angle, R� � 0.
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214 Propagation

Table 12.1. Wall losses in di�erent references (d = thickness, L = attenuation, �r = relative dielectric
permittivity).

f (GHz) Material �r d (cm) L Method Reference

5.3 Brick 4.1� j0.15 13 5 dB Meas + sim [10]
(homogeneous layer)

0.9 Concrete+ 7� j0.3 20 3.5 dB FEM simulation [11]
metal grid (mean) (mean)

1.8 Concrete+ 7� j0.3 20 6 dB FEM simulation [11]
metal grid (mean) (mean)

1.8 Concrete+ 7� j0.3 20 6.5 dB MTL simulation [12]
metal grid (mean) (mean)

57.5 Concrete 6.5� j0.43 5 46 dB Meas + sim [13]
(homogeneous layer)

The di�erence between R� and R� leads to uncorrelated fading of vertical and
horizontal polarizations. Therefore, the polarization diversity is an e�ective diver-
sity technique, not requiring spacing between antennas as the spatial diversity, and
orthogonal polarizations will potentially be used in MIMO systems. If dominant
propagation mechanism to an NLOS corridor is re�ection from vertical walls, VP
propagates better (e.g., [9], VP signal was several dBs higher) due to the higher
re�ection coe�cient.

In the most common building materials, such as concrete, the dielectric per-
mittivity �r changes smoothly as a function of frequency in the frequency range
2�60 GHz (e.g., Table 12.1). Therefore, the frequency dependency of wall trans-
mission can be approximated straightforward: the average �eld transmission loss
is proportional to e1/�.

Transmission through inhomogeneous layers. The building walls are generally inho-
mogeneous. Walls often consist of periodic layers. It is calculated, applying modal
transmission-line method in [12], that, in such case, separate waves with di�erent
propagation directions are found. In [11] �nite-element techniques are used in
calculating the wave propagation through reinforced-concrete walls. In such ap-
proach, the plane wave approximation is not required, and calculations are not
restricted to low-loss materials.

12.2.4. Diffraction

Di�raction occurs when the radio path between the transmitter and the receiver
is obstructed by a surface that has sharp irregularities (e.g., edges). In mobile
communication environments, the primary di�racting obstacles, which perturb
the propagating �elds are buildings. The majority of contemporary structures are
comprised of a number of faces intersecting at straight edges of �nite lengths.
Thus, corners can be considered as wedges and di�raction theory can be applied.
Di�raction formulas are well established for perfectly conducting (PC) in�nite
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wedges [14, 15], for absorbing wedges (AW), and for impedance-surface wedges
[16]. The PC di�raction coe�cients are accurate when dealing with di�raction
phenomena arising from metallic objects. However, many important applications,
such as in mobile communications, involve large dielectric structures with losses.
In this case, the assumption of PC boundary conditions results in a lack of accuracy
in predicting the actual electromagnetic �eld. On the other hand, the impedance-
surface di�raction formulas are rather cumbersome to use for propagation pre-
diction in mobile communications. Thus, the di�culty of using the rigorous so-
lutions for propagation prediction forces simpli�cations to be made. Some exist-
ing di�raction coe�cients modify the PC-UTD di�raction coe�cient in order to
make it applicable to dielectric wedges with losses. For a normal-incident plane
wave, there is a general form of the PC-UTD-based di�raction coe�cient that
includes the existing solutions as special cases of it. The general form can be ex-
pressed as

D = �1D(1) + �2D(2) + �3D(3) + �4D(4). (12.6)

Detailed descriptions of the variables that appear in (12.6) are given in [14, 15].
Di�erent de�nitions of multiplication factors �i (i = 1, . . . , 4) of each term in
(12.6) result in di�erent di�raction coe�cients that appear in literature. For
�1,2,3,4 = 1, and �1,2 = 1, �3,4 = �1, we obtain the PC-UTD di�raction coe�-
cient for perpendicular and parallel polarizations [14, 15], respectively. Luebbers
in [17], based on work of Burnside [18], introduced a heuristic modi�cation to
the PC-UTD di�raction coe�cient to be applicable to dielectric wedges with �-
nite conductivity. In [17], Luebbers kept �1,2 = 1 and heuristically set �3,4 = R�,�

0,n ,
where R�,�

0,n is the plane-wave Fresnel re�ection coe�cient for o-face (i.e., � = 0)
and n-face (i.e., � = n�) of the wedge with parallel (�) and perpendicular (�)
polarizations. He conjectured that this approach would yield a reliable estimate
for the di�raction coe�cient, particularly, around the incidence and re�ection
shadow boundaries. Some improvements in Luebbers� solution have been pro-
posed in [19] based on rede�ning the re�ection angles at which R0,n are calcu-
lated. Furthermore, Holm in [20] heuristically modi�ed the PC-UTD di�raction
coe�cient by changing the factors �1,2 and keeping the modi�cation introduced
by Luebbers for �3,4. In particular, when the source illuminates the o-face, Holm
set �1 = R�,�

0 • R�,�
n and kept �2 = 1 and when the source illuminates the n-face,

he modi�ed �2 = R�,�
0 • R�,�

n and kept �1 = 1 with some changes in the de�nition
of the re�ection angle. An improvement to Holm�s solution is given in [21] for the
case when the source illuminates one side of the di�racting surface. Recently, a new
heuristic di�raction coe�cient for lossy dielectric wedges at normal incidence is
proposed in [21]. In [21], �1,2 = 1 and �3,4 are given by new de�nitions of the mul-
tiplication factors. The �3,4 are given by a modi�ed re�ection coe�cient that was
inferred from suitable formulation of Maliuzhinets� solution. The proposed mod-
i�ed re�ection coe�cient establishes a relationship between the incidence electric
�eld and that at the observation point when both are parallel or perpendicular to
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the plane of incidence and observation point. It is given by

��,� =
(1, �)� �

�
� � 1 + �2

(1, �)� +
�
� � 1 + �2 , (12.7)

where

� = 2 sin
*�

2

+
sin

*��

2

+
, (12.8)

where � is the surface permittivity, �� and � are the incident and di�racted angles.
In [22], a di�raction coe�cient that combines both the improved version of Holm
similar to that given in [23] and the new heuristic coe�cient given in [22] is pro-
posed. It results in an accurate di�raction coe�cient for di�erent values of wedge
angles and di�erent incident angles whether the source can illuminate one face or
both sides of di�racting surface, and di�erent di�raction regions. The accuracy
is valid for both parallel and perpendicular polarizations. It is as computationally
e�cient as other heuristic solutions.

Examples of the calculated di�raction coe�cients are shown in Figure 12.2.
One sees clearly how di�raction loss increases as a function of frequency.

12.2.5. Scattering

Rough surface causes scattering into the nonspecular directions and reduction of
energy in the specular direction. The in�uence of rough surface depends on the
degree of roughness. The longer the wavelength and the smaller the grazing angle,
the weaker the e�ect of surface irregularities. The importance of roughness has
been determined by measurements [24]. In some scenarios, the roughness is so
signi�cant that no coherent part is retransmitted toward the receiver. If the di�use
re�ection is isotropic, then the intensity in any direction varies as the cosine to the
angle between that direction and the normal to the surface. The in�uence of the
surface can be described by a simple cosine relation called Lambert�s cosine law. In
urban propagation, di�use scattering can be considered as originating from build-
ing wall surfaces. In order to model di�use scattering in an urban environment, a
sort of e�ectiveness is associated with each building wall. This takes into account
the real surface roughness, wall discontinuities, small object e�ects, and so forth
[25]. The scattering contribution of each wall is computed from the distance of
each wall and its orientation with respect to the transmitter and the receiver us-
ing a formula which depends on a few scattering parameters. Di�use scattering
has been modeled according to the e�ective roughness approach expressed with an
integral approach for close-by objects described in [25], or with a simpli�ed ap-
proach for far-away objects, which is important for wideband prediction [26]. The
latter is expressed as

E2
S = K2

0 S2 Area • cos �i cos �s
�

•
1

r2
i r2

s
. (12.9)
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Figure 12.2. Frequency response of di�raction (perpendicular polarization). S1 = 40 m, S2 = 10 m,
�� = 10�. (a) �r = 6.14 � j0.30, (b) �r = 4.0 � j0.10.

The parameters in (12.9) are de�ned in [26]. In order to investigate what role
the di�use scattering mechanism plays over other mechanisms, the work in [27]
makes comparison between measurement results and ray tracing with and with-
out di�use scattering. The measurement campaign was carried out in downtown
of Helsinki, Finland, as shown in Figure 12.3. Figure 12.4 shows a comparison of
conventional ray tracing (i.e., re�ection and di�raction mechanisms are included
without di�use scattering) and a version where scattering is included. The com-
parison shows acceptable agreement between ray tracing including di�use scatter-
ing and over-rooftop propagation and measurements. It can be seen clearly that
the inclusion of di�use scattering has improved the prediction of rms delay spread
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Figure 12.3. Sample of di�erent rays with inclusion of di�use scattering.

when compared to conventional full 3D ray tracing. From this comparison, we are
able to understand the importance of the role of the di�use scattering.

12.3. Characteristics of the propagation channel for different scenarios

12.3.1. Indoor propagation

12.3.1.1. Propagation mechanisms

It is seen that when frequency gets higher, the transmission loss dependency on the
wavelength e1/� causes that transmission becomes a less important mechanism and
re�ection, di�raction, and scattering start to dominate the propagation to NLOS
(see, e.g., [10, 28]). The transmission through walls and windows varies in di�er-
ent buildings, new buildings often have thin walls but windows may not be trans-
parent. Another important mechanism is waveguiding�the wave propagates by
re�ection from wall to wall, thus the path loss exponent is usually less than 2. The
waveguiding can be observed especially in corridors. Multiple re�ections happen
in rooms and corridors, which causes that azimuth spread of the signal is wide in
NLOS situations in hard wall environments. Elevation spread is generally mod-
eled using Laplacian distribution [29]. The elevation spread can also be high in
NLOS, if distance of Rx and Tx is not much larger than the room height, and if the
transmitter antenna has wide radiation pattern in elevation plane [30, 31]. This
is seen in SISO measurements so that the average Doppler spectrum is �at [30].
High angular spread causes that the correlation distance is short, only fraction of
the wavelength [30, 32]. At 5 GHz, signal components with 3 to 5 bounces can be
observed with signi�cant amplitude in hard wall o�ce environments. Thus, there
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Figure 12.4. Comparison of measured delay spread with that from ray tracing with and without dif-
fuse scattering.

are many paths and the indoor environments provide potentially high MIMO ca-
pacity with a relatively small antenna distance, which is comparable to Rayleigh
curves (e.g., see [33, 34, 35]). However, a keyhole e�ect is found in long corridors
and tunnels [36], where the higher-order modes of guided waves are attenuated,
thus limiting the rank of the channel matrix.

12.3.1.2. Statistical parameters

The propagation characteristics of di�erent environments are often given by the
log-distance model

PL(d) = PL0
 
d0

#
+ 10n log

* d
d0

+
+ X� , (12.10)

where n is the path loss exponent, X� is a zero-mean lognormally distributed ran-
dom variable, and d0 is the free space path loss PL0 distance (often d0 equals 1
meter for comparability). The physical interpretation of n = 1 is a guided wave in
one plane, n = 2 corresponds to a free space path loss, and n = 4 corresponds to a
situation, where low antenna heights cause the �rst Fresnel zone to be obstructed.
The values of n and � can be extracted straightforward from the measurements
(Table 12.2).

Parameters like path loss exponent and delay spread (Table 12.3) give insight
into the behavior of the radio channel. For an adaptive antenna or MIMO link-
level design, the spatial properties of the signal are important. The angles of de-
parture �t and arrival �r have to be de�ned [3]. Statistics of angular spreads in an
indoor environment are given in Table 12.4. The cluster angles refer to the model
presented in [37].
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Table 12.2. Values for parameters of log-distance model.

Class f (GHz) d0 Distance n � (dB) Environment Method Reference

LOS 5.3 1 3�100 1.3�1.5 2�4.7
Corridors
and walls

WCS [30]

1.5 1 4�70 < 2 � Hallway Pulse [37]
2.25 � 1�15 1.5 � � VNA [38]
5.25 � 1�15 1.7 � � VNA [38]

17.25 � 1�15 1.6 � � VNA [38]
NLOS 5.3 1 5�200 1.9�4.8 2.7�5.6 � WCS [30]

0.9 � � 4.84 � Det RT [39]
1.8 � � 6.08 � Det RT [39]
2.5 � � 6.62 � Det RT [39]
5.2 � � 6.99 � Det RT [39]
1.5 1 4�70 3 � � Pulse [37]

Di�erent
�oors

5.3 1 5�30 5.7�6.5 � � WCS [30]

Table 12.3. Values for delay spreads.

Class f (GHz) Distance �� (ns) Value given Method Reference
LOS 5.3 3�100 20�120 CDF 90% WCS [30]

0.492�0.862 4�13 6�20 Min-max VNA [40]
0.9 � 16 CDF 90% Pulse [41]
2.25 1�15 34.5�49.0 Mean VNA [38]
5.25 1�15 14.4�15.7 Mean VNA [38]
17.25 1�15 11.0�26.9 Mean VNA [38]

NLOS 5.3 5�200 30�180 CDF 90% WCS [30]
1.5 4�70 43 CDF 90% � [37]
0.9 � 28 CDF 90% school Pulse [41]
0.9 � 120 CDF 90% factory Pulse [41]
2.25 1�15 34.5�49 Mean VNA [38]
5.25 1�15 14�15.7 Mean VNA [38]
17.25 1�15 11�27 Mean VNA [38]

12.3.2. Microcellular propagation

The coverage area of a microcell is generally less than 1 km and the height of base
station antenna is usually lower than the heights of surroundings. Therefore, mi-
crocells can enhance the e�ciency of frequency reuse and also increase the user
density. For the designing of future radio communication systems, microcellular
radio wave propagation characteristics are quite important to be investigated.

12.3.2.1. Path loss

In this section, the semiempirical path loss models are introduced using simple
linear regression on measured data. The frequencies of concern here are around
1.8 and 5.3 GHz. The results are summarized in Table 12.5.
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Table 12.4. Angular statistics for indoor environment.

Mean cluster angle Ray angle within cluster
f (GHz) � � � � Method Comment Reference

7 Uniform �
Lapacian
� = 22� � 26� �

Rotating
antenna

Two
buildings

[42]

2.154 Uniform

Double-sided
exponential
�+ = 9.4�

�� = 6.9�

� �
Spherical
array

� [31]

Table 12.5. Parameters for path loss models.

Class
Urban Suburban

BS (cm) n PL0 Std BS n PL0 Std Frequency Reference
(dB) (dB) (m) (dB) (dB) (GHz)

4 1.4 58.6 3.7 5 2.5 38.0 4.9 5.3 [43]
5.5 1.9 43.0 3.7
7.5 1.71 49.1 3.6

1.8 [44]

L 8.5 1.34 53.83 3.3 5.3 [43]
O 9.5 1.36 54.8 3.6 1.8 [44]
S 10.5 1.43 52.8 4.2 5.3 [43]

11.5 1.84 46.4 5.2
12.0 2.50 35.8 2.9
12.5 1.70 49.0 5.6
45 3.50 16.7 4.6

zz/tr 3.7 4.5 4.0 4.8 [45]
3.2 zz/lat 4.3 5.5 3.2 2.7 7.4 1.9 Oakland,

Stair 5.2 2.5 5.3 6.1 Sunset
4 2.80 50.6 4.4 5.3 [43]
5.5 3.21 [44]

N 7.5 3.10
L 8.5 2.41
O zz/tr 3.0 4.5 3.7 6.4 [45]
S 8.7 zz/lat 3.7 6.6 8.7 2.3 7.0 1.9 Oakland,

Stair 4.9 3.9 4.3 5.1 Sunset
9.5 3.27

10.5 3.36 1.8 [43]
11.5 3.44
12.0 4.50 20.0 1.7 12 3.4 25.6 2.8 5.3 [43]
12.5 3.58 1.8 [44]

zz/tr 3.3 5.4 3.9 8.5 [45]
13.4 zz/lat 3.8 6.8 13.4 3.5 7.9 1.9 Oakland,

Stair 4.3 3.3 4.1 5.5 Sunset
45 5.8 �16.9 2.8 5.3 [43]

The measured routes in [44] include the LOS streets, parallel and perpen-
dicular streets. The BS station height varied from 5.5 to 12.5 meters shown in
Table 12.5. In LOS measurements, the path loss exponents were in the range
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1.3�2.0. The minimum exponent was found in the narrow street canyon due to
guided wave e�ects. In the NLOS measurements, the exponents were in the range
2.4�3.3. The maximum path loss exponent was 3.3 in the NLOS measurements
with the highest BS. The path loss exponents were more than 5.1 in the narrow
street after the break point. However, in the wider street it was 2.6. The conclu-
sion is that the changes in antenna heights did not have signi�cant e�ect on the
path loss provided that the BS antenna is mounted below the average rooftop of
surrounding buildings.

In wide streets the power decay factors were found to be close to free space. In
[46], path loss models were developed using measured data for urban block streets
with low-rise, high-rise, and low-plus-high-rise buildings. The models were many
related geometrical parameters such as heights of BS and MS, distance of break
point, and so on. In [43], path loss models were developed using wideband mea-
sured data at 5.3 GHz for urban, suburban, and rural environments with measured
distance from 30�300 m. The BS antennas in urban environments were placed at
three di�erent heights of 4, 12, and 45 m above ground level letting the BS in street
canyon lower than the average height of surrounding rooftops, and over rooftops,
respectively. The BS heights were 5 and 12 m for suburban measurements in street
canyon and lower than rooftops, respectively. The path loss exponents (1.4�3.5 for
LOS, and 2.8�5.8 for NLOS) were higher with increasing BS antenna heights in
urban environments. When mobile terminal was turning a building corner, more
than 25 dB attenuation was found from LOS to NLOS situations. Compared to the
urban path loss models in [44], the BS antenna heights were changed much, so
the antenna heights have important e�ects on path loss models. In [45], path loss
models are available for three types of NLOS routes, namely, zigzag (zz) transverse
(tr), zigzag lateral (la), and also stair routes. It is seen that stair streets have largest
exponents, and zigzag transverse streets lowest exponents.

12.3.2.2. Delay spread and coherence bandwidth

Multipath propagation causes delay dispersion for wideband radio channels. The
mean excess delay is the �rst central moment of the power delay pro�le (PDP)
while the rms delay spread (the second moment of the PDP) is the standard devi-
ation of the excess delays. The rms delay spread is the most important modeling
parameter which is connected to the capacity and the bit error rate (BER) of a spe-
ci�c communication system and the complexity of a receiver. Results in [45] (see
Table 12.6) show that the error �oor is approximately proportional to the square
of the normalized rms delay spread, namely, the BER is equal to K • (S/T)2, where
the proportionality constant K depends on the modulation format, the �ltering
at the transmitter and receiver, and the sampling time, S is the rms delay spread
and T is the symbol duration. The measured values for mean excess delay and rms
delay spread at 5.3 GHz are available in Table 12.6. In [47], peer-to-peer channel
measurement campaigns at 1.92 GHz were performed in a campus, the rms delay
spreads were 17�219 nanoseconds, 26�45 nanoseconds, and 27�43 nanoseconds
for outdoor-outdoor, indoor-indoor, and outdoor-indoor, respectively.
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Table 12.6. Measured mean excess delay and rms delay spread at 5.3 GHz.

Tx height (m) Urban Suburban Rural

Mean excess delay (ns) LOS
38 (4)

36 (5) 29 (55)42 (12)
102 (45)

NLOS 70 (4) 68 (12)

RMS delay spread (ns)

44 (4)
Mean LOS 41 (12) 25 (5) 22 (55)

88 (45)
NLOS 44 (4) 66 (12)

Media n
25 (4)

LOS 31 (12) 13 (5) 15 (55)
86 (45)

NLOS 37 (4) 63 (12)

CDF
< 99%

93 (4)
57 (5) 44 (55)LOS 64 (12)

120 (45)
NLOS 63 (4) 105 (12)

Frequency-selective fading can be characterized by coherence bandwidth
which is the frequency separation for which the channel autocorrelation coe�-
cient reduces to 0.7 (or 0.9 or 0.5) by de�nition. The coherence bandwidth is in-
versely proportional to the rms delay spread and is a measure of the channel fre-
quency selectivity. When the coherence bandwidth is comparable to or less than
the signal bandwidth, the channel is said to be frequency selective. Therefore, the
coherence bandwidth is not only related to the radio channel itself, but also to
the signal bandwidth. For reference [43], the measurement campaigns have been
simply described in Section 1. It was found that in urban environments the co-
herence bandwidth went down with increased BS antenna heights. The coherence
bandwidth at 0.7 was within 1.2�11.5 MHz for LOS outdoor environments. The
signal bandwidth and carrier frequency were 30 MHz and 5.3 GHz, respectively.
The coherence bandwidth can be derived by using the Fourier transformation to
the normalized PDP.

12.3.2.3. Number of significant paths

The number of multipaths can be got by counting the peaks of the PDPs after
cutting noise. The number of multipaths was proven to have the best �t into Pois-
son�s and Gao�s distributions [2]. Poisson�s and Gao�s distributions are P(N) =
(
NT�N/(NT � N)!) • e�
 and P(N) = CN

NT (
NT�N/(1 + 
)NT ), respectively. In the
expressions, N is variable and C means combination. NT is the maximum num-
ber of paths that the mobile can receive. The parameters 
 and NT can be �tted
by the measured data. The mean numbers of paths [N] are 
 and NT/(1 + 
) for
Poisson�s and Gao�s distributions, respectively. The �tted parameters are available
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Table 12.7. Distributions of number of paths for outdoor environments.

Distribution
characteristics

Urban Suburban Rural
Tx 4 m Tx 12 m Tx 45 m Tx 12 m Tx 55 m

LOS NLOS LOS LOS LOS NLOS LOS


 Poisson 2.8 4.2 3.3 6.0 1.2 4.5 1.8
Gao 4.7 4.5 3.5 2.7 9.0 3.3 4.0

NT 16 21 14 22 13 20 9

[N]
Poisson 2.8 4.2 3.3 6.0 1.2 4.5 1.8

Gao 2.8 3.8 3.2 6.0 1.3 4.7 1.8
Experimental 3.4 4.2 3.5 6.2 2.4 5.0 1.7

in Table 12.7. It is shown that both Poisson�s and Gao�s PDFs have good agreement
with experimental values. However, Gao�s PDF has been noticed to give better �t
than Poisson�s distribution especially at high probability values. The maximum
path number that the mobile can receive is around 20, but the probability is very
small for the path number greater than 15 when 20 dB dynamic range was chosen
for noise cutting.

The number of paths can be expected to be larger if the high resolution meth-
ods such as ESPRIT (estimation of signal parameters via rotational invariance
techniques) [48] and the SAGE (space-alternating generalized expectation max-
imization) [49] are applied.

12.3.3. Urban macrocellular propagation

12.3.3.1. Introduction

One of the most important propagation environments for modern mobile com-
munications systems is the urban area. It is also interesting in the radio wave prop-
agation research point of view due to its complexity. The main features governing
propagation in the urban areas are

(i) propagation over and around buildings and shadowing due to this;
(ii) re�ections and scattering of buildings;
(iii) street canyon propagation;
(iv) other typical characteristics of cities: squares, parks, trees, water.

Traditionally, urban propagation has been characterized with Okumura-Hata or
Wal�sch-Ikegami models for path loss and di�erent delay domain models like
those used in the standard testing of GSM or UMTS cellular systems. The chal-
lenge has lately been to get the necessary information to estimate the opportunities
to utilize modern intelligent antenna techniques in urban areas to provide high-
capacity wireless communications services for this important user environment.
For this, directional measurements are needed and those have been conducted by
several groups [50, 51]. These have given signi�cant new insight in the urban ra-
dio wave propagation and supported the development of propagation models and
further communications systems.

A print edition of this book can be purchased at
http://www.hindawi.com/spc.3.html

http://www.amazon.com/dp/9775945097

http://www.hindawi.com/spc.3.html
http://www.amazon.com/dp/9775945097


P. Vainikainen et al. 225

12.3.3.2. Path loss

The average path loss in urban areas has been studied extensively during the years.
Recent work has provided additional information on the propagation at the new
mobile system frequencies like 2 and 5 GHz ranges. The results show that the path
loss follows generally the well-known models created earlier.

12.3.3.3. Delay domain

High-capacity mobile systems have signi�cant bandwidth compared with the cor-
relation bandwidth in urban environments. Thus it is important to study the delay
domain properties in the campaigns mentioned above. The bandwidths of several
tens of MHz have been used. The rms delay spread may vary signi�cantly in urban
environments depending on the topology of the city. High-rise downtown areas
or water may cause far-away clusters in the delay domain.

12.3.3.4. Angular domain

From the point of view of adaptive antennas the most interesting research area is
the angular characteristics of the urban propagation. The buildings are practically
nontransparent at the frequencies of new mobile systems (except for propagation
into buildings) and thus the propagation is governed by the re�ections, di�rac-
tions, and scattering of the buildings. In the urban outdoor environments, this
seems to lead to the situation where clear clustering of propagation paths in the
angular domain takes place at both the BS and MS [50, 52] due mainly to the
street canyons. The existence of the clusters and their temporal behavior has been
studied, for example, in [52, 53]. This clear clustering changes the traditional view
of propagation modeling based on fairly uniform azimuth distribution like scat-
terer rings. The number of signi�cant clusters in small macrocells seems to be less
than 10 and the Ricean K factor typically 1�10 dB, with an average around 5�6 dB.
Also the angular dispersion of the clusters is fairly small [52], see Figure 12.5. The
results indicate that the clusters can be modeled, for example, with only a few sub-
rays, which provides the opportunity to create fairly simple propagation models
also for the complicated antenna structures that seem to increase signi�cantly the
complexity of traditional link-level channel models.

12.3.4. Large- and small-scale fading

In Section 12.3.2.1, the linear least square error method was used in path loss �t-
ting. Path loss is actually the mean propagation loss. In addition to path loss, the
received signal exhibits �uctuations which are called fading. Fading can be divided
into large- and small-scale categories. Large-scale fading represents the long-term
variation of the received power level, while small-scale fading represents short-
term variation. Large-scale fading is caused by shadowing e�ects and is determined
by the local mean of received power. The window length of the local mean depends
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Figure 12.5. Azimuth plot of (a) the original DoA data, (b) residual DoA data after removal of the
clusters from the measurement on the street.

on frequency, for example 20� is used at 5 GHz and 5� at 900 MHz. The probability
density function (PDF) of large-scale received power follows lognormal distribu-
tion. The small-scale �uctuation is caused by the superposition of a large number
of independent scattered components in which the in-phase and quadrature com-
ponents can be assumed to be independent zero-mean Gaussian processes. Then
the PDF of small-scale received power follows Rayleigh distribution. Therefore,
the joint distribution for large- and small-scale received power can be assumed to
be Suzuki distribution [54], which is the combination of Rayleigh and lognormal
distributions. However, Suzuki distribution has not been widely applied because
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of its complicated mathematical form. Some new research results were shown in
[55, 56]. The received power obeys double-Rayleigh distribution, and the PDF can
be expressed as

pz(z) = 2K0
�
2
�
z
�
, (12.11)

where z = xy and x,y follow the Rayleigh distribution. More generally the
multiple-Rayleigh distribution was discussed in [56]. The complex amplitude of
the received signal propagated through a universal scattering environment can be
expressed as

H = K + H1 + �H2H3 + 
H4H5H6 + • • • , (12.12)

where K corresponds to a possible Ricean factor, Hi follow complex Gaussian
distributions (Rayleigh in amplitude), and � and 
 are constants which can be
obtained by �tting to the measured amplitude. Very good agreement is shown
in Figure 12.6b for measured power and multiple-Rayleigh distributions. Also in
[56], it was shown that multiple-Rayleigh and Suzuki distributions have excellent
agreement when they are �tted into measured data.

12.3.5. Multipath dispersion in different domains

A channel may vary as a function of time, frequency, and space h(t, f , r). There
are three Fourier transform pairs that assist in the propagation channel analysis.
They are frequency ( f ) � delay (�); time (t) � Doppler frequency (�), and po-
sition (r) � wave number (k) pairs which gave three possible spectral domains:
delay, Doppler, and wave number domains [57]. To accommodate all the ran-
dom dependences of a channel, it is possible to de�ne a joint power spectrum
density (PSD) as a function of Doppler, delay, and wave number H(�, �, k), and
h(t, f , r) � H(�, �, r) again is a Fourier pair. The Wiener-Khintchine theorem for
WSSUS processes then leads to the Fourier transform relationship between auto-
correlation function and PSD: R(�t, � f , �r) � S(�, �, k). For the Fourier pair,
it is seen that time-selective fading due to scatterer or mobile terminal moving
results in a Doppler spread. Time-selective fading can be characterized by co-
herence time, which is approximately inversely proportional to Doppler spread.
The coherence time is a measure of how fast the channel changes in time. The
wave number spread (further is angular spread) can cause spatial-selective fad-
ing which is characterized by the coherence distance. The coherence distance is
inversely proportional to the angular spread [58]. As is described in Section 12.2
delay spread causes frequency-selective fading as the channel acts as a tapped delay
line �lter. Relationships between numerous dependences are given on a nice trans-
form map in [57]. The WSSUS condition is quite important in channel modeling.
If we assume channel IR is expressed as h(�, t) in which the spatial dependence is
dropped for clarity, then WSS means the autocorrelation function in time
R(�, �t) = �h(�, t)h�(�, t + �t)� depends only on the lag �t, where �� means en-
semble average. The US means that the scatterers contributing to the delay spread
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Figure 12.6. (a) Simulation results for multiple-Rayleigh power distributions. (b) Theoretical
multiple-Rayleigh power distributions and measured results in a forest.

in the channel have independent fading, for example, �h(�1, t)h�(�2, t)� = 0 if
�1 �= �2. It is seen that if we assume ergodicity of a channel, the WSS assumption
can be automatically ful�lled. The US assumption is well ful�lled only in macro-
cells. In indoor environments or certain special other environments (streets, tun-
nels), it is obvious that the scatterers are correlated. Still, WSSUS is assumed for
most system computations because non-WSSUS models are too complicated. In
a measurement over real routes, one should �rst divide the measured snapshots
into subsets, where each subset contains, for example, 100 IRs depending on the
wavelength and environment. The basic criterion is to estimate the size of the sta-
tionarity area. Then, the mean PDP, Doppler, and correlation functions [59, 30]
are de�ned inside each of these subsets and �nally the average properties of the
route are obtained by using the results obtained from all the subsets.
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