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Abstract

Efficient receiver design plays a crucial role in designing next-generation wireless
communication systems for high data-rate transmission. In this thesis, we propose a
unified framework for tree search based data detectors for multiple-input and multiple-
output systems. We also develop constrained linear detectors, decision feedback de-

tectors and multistage detectors.

Blind data detectors for orthogonal space-time block code are derived. We also
develop an efficient detector for differential unitary space-time modulation (DUSTM),
which is termed as bound-intersection detector (BID). The extended Euclidean algo-
rithm is used to generate the candidate sets. Our BID achieves significant computa-
tional savings over the exhaustive maximum likelihood search. Moreover, we develop
BID variants for multiple symbol detection of DUSTM over both Rayleigh and Ricean
channels. Furthermore, blind and semi-blind data detectors for orthogonal frequency
division multiplexing are derived. Channel parameter estimation algorithms are also

derived.
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Chapter 1

Introduction

1.1 Background and Motivation

Driven by the demand for increasingly sophisticated connectivity anytime, anywhere,
wireless communications has emerged as one of the largest and most rapidly growing
sectors of the global telecommunications industry. From broadcast radio stations to
cellular telephones to wireless Internet, there are more wireless applications than ever
before.

The first generation systems were introduced in the mid 1980’s, and can be char-
acterized by the use of analog transmission techniques, and the use of simple multiple
access techniques such as frequency division multiple access (FDMA). Those systems
such as Advanced Mobile Phone Service (AMPS) only provided voice communica-
tions. They also suffered from a low user capacity, and security problems due to the
simple radio interface.

Second generation systems were introduced in the early 1990’s, and all used digital
technology. This increases the user capacity almost three times. This increase was
achieved by compressing the voice waveforms before transmission.

Third generation systems are an extension of second-generation systems, and op-
erators have begun roll out of services since 2001. The capacity of third generation
systems is over ten times that of original first generation systems. This high capacity

is achieved by using complex multiple access techniques such as code division multiple
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access (CDMA), or an extension of time division multiple access (TDMA), and by
improving the flexibility of services available.

However, the consumers’ demand for wireless multimedia services and high-speed
Internet access has been growing. As a result, the wireless industry continues to
evolve, and the demand for more sophisticated communications technologies grows.
Multiple-input and multiple-output (MIMO) and orthogonal frequency division mul-
tiplexing (OFDM) are two technologies under consideration for the future fourth
generation (4G) wireless networks providing multimedia services.

MIMO is a communications technique that uses multiple antennas to send and
receive wireless signals, allowing more data to be transmitted without increasing
bandwidth. This is accomplished by communicating along parallel spatial channels
at the same time and in the same frequency. It has been both shown theoretically
and demonstrated in experimental laboratory settings that MIMO systems over a rich
scattering wireless channel are capable of providing enormous capacity improvements
without increasing the bandwidth or transmitted power. Hence, the recent explosion
of interest is from both academic and industrial researchers in the area of signal
processing techniques for MIMO systems.

OFDM is a multicarrier transmission technique, which divides the available spec-
trum into many sub-carriers. Each one is modulated by a low data rate stream.
OFDM is similar to FDMA in that multiple access is achieved by subdividing the
available bandwidth into multiple channels, which are then allocated to users. How-
ever, OFDM uses the spectrum much more efficiently by spacing the channels much
closer together. This is achieved by making all sub-carriers orthogonal to one another,
preventing interference between the closely spaced carriers.

Many standards have been developed for further global wireless systems, with
more standards likely to emerge. The performance improvements resulting from new
standards usually come at the cost of increased computational complexity in the
receiver (and often the transmitter as well). The design of low-complexity receivers
is, therefore, one of the key problems in 4G wireless system design. The largest

potential for complexity reduction of highest-performance very large scale integration
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(VLSI) signal processing circuit depends highly on the optimization of algorithms. In
this thesis, we optimize detection algorithms for MIMO and OFDM systems, which
is critical to achieve practicable solutions for 4G wireless systems.

MIMO signal detection has been the subject of intensive study. A prime example
is the Bell laboratories layered space time (BLAST) architecture [1], and the related
V-BLAST detector, which is a suboptimal detector. Recently, much effort has been
expended on the sphere decoder (SD) [2], which is considered to be one of the most
important and industrially relevant algorithms. Maximum likelihood (ML) or optimal
detection of signals transmitted over MIMO channels is well-known to be an NP-hard
problem. However, the SD has been shown to offer ML detection at a computational
complexity that is polynomial in the average case [3], where the number of antennas is
moderate and the signal-to-noise ratio (SNR) is high. Hardware implementations of
the SD have already been reported in the literature [4,5]. Even so, existing SDs exhibit
two major weaknesses. First, the performance of most current SD algorithms is highly
sensitive to the value chosen for the initial search radius. The successful termination
of the algorithm, i.e., returning an optimal solution, as well as its time complexity,
is also heavily dependent on the initial search radius [6]. Secondly, although its time
complexity is polynomial in the average case, the complexity can become very large
when the SNR is low, or when the problem dimension is high, e.g., at the high spectral
efficiencies required to support higher communication rates [6]. These motivate the
development of near ML detectors that have affordable worst-case complexity in all
the cases. We will present these detectors in Chapter 2.

Space-time coding techniques for MIMO system have recently emerged as a promis-
ing way for effectively utilizing the multi-antenna diversity. In particular, space-time
block codes (STBCs) based on the theory of orthogonal designs [7] have attracted
much attention because they achieve the maximum antenna diversity gain with a
simple code structure. In addition, ML decoding of orthogonal STBCs (OSTBC)
requires only simple linear processing, if the channel fading coefficients are known.
However, a multiple antenna channel is difficult to estimate and may vary rapidly due

to the users’ mobility. Moreover, channel state information (CSI) estimation using
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pilot symbols reduces the effective data rate. These factors motivates blind OSTBC
detection. In Chapter 3, we investigate ML blind detection of OSTBCs.

Differential space-time modulation (DSTM) [8-10], particularly differential uni-
tary space-time modulation (DUSTM), allows MIMO communication entirely without
the possession of CSI by either the transmitter or the receiver. Since DUSTM gen-
eralizes the classical single-antenna differential phase-shift keying (DPSK), similar
to DPSK, DUSTM performs 3 dB worse than its coherent counterpart. To improve
the performance of single symbol differential detection, attempts have been made to
extend some of these detection techniques to the multiple-antenna case. In Chapter
4, efficient algorithms for multiple symbol detection of DUSTM are developed.

In OFDM systems, coherent data detection also requires CSI. The use of a cyclic
prefix (CP) and pilot tones for channel estimation constitutes a significant overhead
or bandwidth loss, motivating the development of blind techniques for OFDM. Sev-
eral blind channel estimators have been proposed by using statistical or deterministic
properties of the transmit and receive signals. However, most of these blind estima-
tors typically use averaging over a large number of OFDM symbols (up to several
thousands in some cases). These estimators thereby introduce a considerable latency
into the overall system and have high complexity. We will develop several blind data
detectors for OFDM systems requiring only one OFDM symbol and give their efficient

implementations in Chapter 5.

1.2 Examples of Detection Algorithms

Many detection problems considered in this thesis may be based on the system model
formulated in a lattice as
r = Hx + n, (1.1)

where x € Z", r,n € R™ denote the system input, output and additive noise,
and H € R™*" represents the transfer matrix (i.e., the channel matrix in MIMO
system), Z" denotes the n-dimensional integer lattice. Generally, the noise terms n;,

¢=1,-++,m are independent and identically distributed (i.i.d.) zero-mean Gaussian
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random variables with the same variance o2. In this chapter, we assume that n > m
and H has full column rank. Under such conditions and assuming H is perfectly
known at the receiver, the optimal ML detector that minimizes the average error

probability is given by the so-called integer least-squares problem

s . _ 2
% = arg min ||r — Hx|[%, (1.2)
where || - || denotes the Euclidean norm. Eq. (1.2) is known as the closest vector

problem (CVP) in the lattice theory. The lattice generated by a generation matrix
H is [11]
AH)={Hx:x € Z"}. (1.3)
The columns of H are called basis vectors of A, and the number n is said to be
the dimension of A. Other applications of CVP include vector quantization and
cryptography [11].
Note that (1.1) is a model for real systems. Often, complex signal constellations
such as quadrature amplitude modulation (QAM) are used. If (1.1) is considered
to be complex, the resulting complex detection problem can be transformed into an

equivalent real problem as

% = arg min ||f — HX|]? (1.4)
xeQn
where
o | RUH) o | B (15)
S{r} | S{x}
and
- R{H} -S{H} | 16)
S{H} R{H)

@ denotes the real constellation after the transformation. For example, a square QAM
constellation is transformed to a pulse amplitude modulation (PAM) constellation in
(1.4). For a MIMO system with Np transmitted antennas, we have n = 2Nr in (1.4).
Since (1.4) is similar to (1.2), we only discuss how to solve (1.2) in the following
using two classic detection algorithms in communications theory. The vertical Bell
Laboratories Layered Space-Time Architecture (V-BLAST) detection algorithm [1],

which is suboptimal, and the optimal sphere decoding algorithm [2].

5
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1.2.1 V-BLAST algorithm

The V-BLAST detection algorithm [1] consists of nulling and interference cancella-
tion. Nulling is performed by linearly weighting the received symbols to satisfy the
zero forcing (ZF) or minimum mean squared error (MMSE) performance criterion.
Denoting the i-th column of H as h;, the zero-forcing nulling vector w;, i = 1,...,n
is chosen such that
wlh; = 0 i#7 (1.7)
1 i=j

For interference cancellation, the effect of already-detected symbols can be sub-
tracted from the symbols yet to be detected. This improves the overall performance
when the order of detection is chosen carefully. For example, denoting the received

vector r by ry, if the nulling vector is wy, the first symbol is then detected by
& = argerrglin |z — wf’rll2 X (1.8)
The interference due to £; on the other symbols can be subtracted by taking r, =
r; — £;h;. Assuming &, = z; (i.e., the decision is correct), the next symbol z,
is then detected using ws. The detection process consists of n iterations. In the
k-th iteration, the signal with maximum post-detection SNR among the remaining
n—k+ 1 symbols is detected, which is known to be the optimal detection order. The

post-detection SNR for the k-th detected symbol is given by

B{lzx*}
;= ———— 1.9
Zliwill? (9
From (1.9), maximizing py is equivalent to minimizing ||wy||2.
The whole algorithm is described as follows
¢ Initialization:
rn =r (1.10)
G = H (1.11)
b= argmin |(G),l? (112)
J

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



e Recursion: fori=1ton

Wi, = (Gi)x (1.13)

Ty, = m’gerginlzz:—w,ﬁr,-|2 (1.14)

Tip = r,-x—:%k,.(H)k'. (1.15)

G = Hf (1.16)

ki = argmin [|(Gin)sl® (1.17)
(k1 yeki)

where (A); is the i-th column of matrix A and Hy, is obtained by zeroing the
ki,...,k;-th columns of H.

As suggested in [12], given an optimum order k,,...,k,, V-BLAST detection is
equivalent to the zero forcing decision feedback detector (ZF-DFD). Assuming IT is
the column permutation matrix obtained from the optimum order, we apply II to H.
As in [12], the filtering matrices in constrained linear detectors and the corresponding
constrained ordering can be applied similarly. Let the QR factorization of G = HII

be
R

G = [Q:, Q] (1.18)
0
where R is an n X n upper-triangular matrix, 0 is the (m — n) x n all-zero matrix,
Qi is an m x n unitary matrix and Qs is an m x (m — n) unitary matrix. Eq. (1.1)
is equivalent to
y=Rx+v (1.19)

where y = Qfr and v = Q¥n is also an i.i.d. complex Gaussian vector with mean

zero and variance 2. The second description of V-BLAST algorithm is given by

o fori=ntol

T = argrninlyi—r,-,,-a:2 (1.20)
T€Q
y = y- R (1.21)

end

where r;; is the (3,1)-th entry of R.
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1.2.2 Sphere decoding algorithm

Another remarkable algorithm for (1.2) stems from [13], which is well-known as sphere
decoding in communication theory {2]. The original SD only tests the lattice points
lying inside a hypersphere. Schnorr and Euchner (SE) [14] then suggested an im-
portant improvement of the SD by examining the nearest points to the center of the
hypersphere first. In wireless communications, the SD first appeared in [2] on lattice
code decoding. Since then, the SD has gained popularity in CDMA (15], space-time
coding [16] and MIMO systems over frequency selective channels [17]. Its popularity
stems from the fact that the SD offers ML decoding at lower complexity, as opposed
to the exponential complexity incurred by the exhaustive search. In [3], it has been
proven that for a wide range of SNR and lattice dimension, the expected complexity
of the SD is polynomial, often cubic in the lattice dimension.

In the following, we use the formulation (1.19). The lattice point Rx lies in a

sphere of radius d if, and only if
ly - Rx||* < d*. (1.22)

Eq. (1.22) can be written as

n

2

i=1

where r;; denotes the (%, j)-th entry of R. The left-hand side (LHS) of the above

2
< d? (1.23)

n
Yi— 2 _Tij%;
g=i

inequality can be expanded as

n n 2
(Yn— 7”n,nil‘n)2 + (Yn-1 — Ta—1,nTn — Tn—l,n—lfb‘n-1)2 +...+ Z (y1 - Zﬁ,j%’) <d&

= a (1.24)
where the first term depends only on z,, the second term on z,,z,_; and so forth.
Therefore a necessary condition for Rx to lie inside the sphere is that d* > (y, —

TnnTn)?, which is equivalent to z, belonging to the interval

[—d+yn] <o < [d+yn} (1.25)

Tan Tan

where [-] denotes the smallest integer greater than or equal to its argument and |-]

denotes the largest integer less than or equal to its argument.

8
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For each candidate x, satisfying the above bound, we define d>_; = d? — (y, —

rn,nmn)z. We can get the following stronger necessary condition for z,_;
(yn—l - Tn—l,nxn - Tn—l,n—lxn—1)2 S d2_1 (126)

which leads to the following bound

(_dn—l + Yn-1— T’n—l,nmn" S Tpoy S [dn—l + Yn-1 — 7'11.—1,n$nJ ) (127)
Tn—1,n-1 Tn—-1,n—-1

The SD chooses a candidate for z,_; from the above region. We continue in the same

fashion for z,_, and so on. The bounds for z; are

—dy + yr — Z;:k-{-] Tk,jTj dy + yr — Z?:k-}-l Tk,jTj
S < .
Thk Thik

(1.28)

where d = d2 | — (yk“ — Yk rk+1'jmj>2. If there is no lattice point within the
bounds for x, the SD comes back to z,; and chooses another candidate value from
the corresponding region for z;. If the SD reaches ), the SD finds a candidate
lattice point x” within the hypersphere of radius d. SD checks the value of |ly — Rx'||2.
If this value is less than d, we update the radius d which means the search space is
limited by the new radius. The above process continues until no further lattice points
is found within the hypersphere. The lattice point that achieves the smallest value
of |ly — Rx||? within the hypersphere is deemed as the ML solution. If no point in
the sphere is found, the sphere is empty and the search fails. In this case, the initial
search radius d must be increased and the search is restarted with the new squared
radius. In [3], the authors analyzed the complexity based on the statistical property
of the problem. They choose an initial radius such that they can find a lattice point
with probability 1 — ¢, and if no point is found, they increase it to a probability of

1 — €? and so on. The complexity of the SD with such choice of initial radius is [3]

C(m,o?,¢) = 3 1—¢)e! mfpk 3 aiTaf‘ ’n—~m+k re(l)  (1.29
mao%0 = D20 - 0 S0 >0 (e T ) (129)

i=1

where «; is chosen such that

(ain n

_5_,5)=1_6i, i=1,2,... (1.30)

9
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where fy(k) is the number of elementary operations (additions, subtractions and
multiplications) that the SD performs per each visited point in dimension &, y(a, z)

is the incomplete gamma function given by

+00
(e, z) = / to-le-tqy, (1.31)

and 7(l) is given by the coefficient of z" in the expansion

o0 k o0
(1 +2in’> =1+ ()" (1.32)
i=1 I=1

The complete SD algorithm is shown in Algorithm 1.

1.3 Thesis Contributions

Although the average time complexity of SD is low at high SNR, the complexity
can become large when the SNR is low, or when the problem dimension is high. In
addition, for VLSI circuit implementation of the SD, the throughput is limited by
the worst-case complexity, which is exponential in the number of variables. There-
fore, it is important to develop suboptimal algorithms for large system applications.
In Chapter 2, we develop a unified framework for detecting MIMO systems, which
includes the well-known algorithms such as ZF-BLAST (1], SD [2], combined ML
and ZF-DFD [18] and the B-Chase detector [19] as special cases. We generalize the
feedback decoder of Heller [20] for convolutional codes to a new generalized feedback
detector (GFD) with three characteristic parameters: window size, step size and
branch factor. With different values for these parameters, the GFD achieves different
diversity orders between 1 and N and different SNR gains. These parameters also
provide a flexible performance-complexity tradeoff. We also consider the relaxation
approach to the MIMO detection problem. A class of constrained linear detectors
and a class of constrained decision feedback detectors are developed. Moreover, a
polynomial constrained detector is proposed and solved using penalty function and
differential equations. For high order constellations, we derive a multistage sphere
decoding (MSD) algorithm, which exploits the fact that many higher-order signal

constellations can naturally be decomposed into several lower-order constellations.

10
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input :y, R, d.
output: The optimal x.

1 Set k=n, d% = d?, pp = yn, Cm = 00;
2 Set UB) = iﬁkif&‘l and LBy = ["—‘iﬁik&-l, zp = LBy, — 1 (Bounds for z;);
3 zj = ot + 1(Increase zy);
4 if 2 < UB(zy) then
5 | goto 10;
6
7 else
8 l goto 17;
9 end
10 k =k + 1 (Increase k);
11 if k=n+1 then
12 l goto 31;
13
14 else
15 ' goto 3;
16 end
17 if k =1 then
18 | goto 26;
19
20 else
21 k=k-1;

22 Pr =Yk — 2?:/:4.1 Tk,j T3 2
23 | di=di = (Y1 = Diop Tk+1.j-’b‘j) ;
24 goto 2;

25 end

26 C = d, — df + (y1 — raz1)%

27 if C < Cpp, then

28 l Cm=0C, xm =x;
29 end

30 goto 3;

31 return z,,;

Algorithm 1: Sphere Decoding Algorithm

11
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Chapters 3 and 5 focus on the application of efficient detection algorithms to dif-
ferent systems. In Chapter 3, we derive a general decision rule for the ML blind
OSTBC decoding in a quasi static (QS) fading channel. Using the linear dispersion
property of OSTBC, the decision rule is shown to be a quadratic minimization prob-
lem, which can be solved using V-BLAST, SD or the algorithms in Chapter 2. To
improve the bandwidth efficiency, a novel approach for totally blind decoding without
any pilots is presented using two different constellations. A superimposed training
scheme is also presented. Moreover, we give an MMSE channel estimator and derive
the Cramér-Rao bound (CRB). Similarly, we develop new blind and semi-blind data
detectors for OFDM systems in Chapter 5, which also result in a quadratic form in
data symbols. Since the semi-blind detector requires both channel correlation and
noise variance, we propose a cyclic-prefix based channel correlation and noise vari-
ance estimation algorithm. An enhanced data detector is also derived by noting that
for a given least squares (LS) channel estimate, the true channel impulse response
(CIR) can be modeled as complex Gaussian with mean being the LS channel estimate
itself. The LS channel estimate thus gives a prior on the true channel and averaging
the likelihood function over the prior distribution gives the enhanced detector that

mitigates the effect of channel estimation errors.

In Chapter 4, we develop a new, efficient detector for DUSTM. Different from
the n-dimensional NP-hard problem (1.2), the DUSTM detection problem can be
formulated as a one-dimensional NP-hard problem. A fast exact ML detector, called
bound-intersection detector (BID), is derived for single symbol detection with diago-
nal constellations. A key novel feature of the BID is the use of the extended Euclidean
algorithm [21], well-known for determining the greatest common divisor (ged) of two
integers, to generate the candidate sets. While the ML-search complexity is exponen-
tial in the number of transmit antennas and the data rate, our algorithm, particularly
in high SNR, achieves significant computational savings over the naive ML algorithm.
We have also developed four BID variants for multiple symbol detection of MSD. The
first two are ML and use branch-and-bound (BnB), the third one is suboptimal, which

first uses BID to generate a candidate subset and then exhaustively searches over the

12
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reduced space, and the last one generalizes decision-feedback differential detection.

Chapter 6 concludes the thesis and outlines future work in this area.

13
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Chapter 2

Efficient Data Detection for
Uncoded MIMO Systems

This chapter presents several efficient data detection algorithms for spatial multi-
plexing multiple-input multiple-output (MIMO) systems. Section 2.1 introduces the
background of the problem. Section 2.2 develops a general framework for tree search
based detection algorithms. In Section 2.3, a class of constrained linear detectors and
a class of constrained decision feedback detectors are developed, and a polynomial
constrained detector is also proposed. A multistage sphere decoder for high order

constellations is given in Section 2.4.

2.1 Introduction

2.1.1 Background

As stated in Chapter 1, the use of MIMO systems in a rich scattering wireless channel
is capable of providing enormous theoretical capacity improvements without increas-
ing the bandwidth or transmitted power. Because of the promise of extremely high
spectral efficiencies, MIMO techniques have attracted considerable interest in the

wireless research community and are under consideration for future high-speed wire-

14
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less applications including wireless local area network (LAN) and wireless cellular
systems. The Bell-Labs layered space-time (BLAST) architecture is such a MIMO

system.

In uncoded MIMO systems, the complexity of the maximum-likelihood detector
(MLD) increases exponentially with the number of transmit antennas, making the
MLD infeasible. Several reduced-complexity suboptimal detectors have thus been
proposed in the literature. The zero-forcing (ZF) decision feedback detector (DFD)
with optimal ordering or the V-BLAST detector is proposed in [1] using nulling and
interference cancellation. Using nulling based on the minimum mean square error
(MMSE) principle, ZF-DFD is extended to MMSE-DFD [22], and this detector offers
a compromise between interference suppression and noise enhancement. Since the
performance of such detectors is significantly inferior to that of the MLD, and since
the complexity of the MLD is substantial, recent research has focussed on developing
reduced-complexity high-performance MIMO detectors. For example, in [18], a com-
bined detector (ML-DFD) is proposed to detect the first few symbols using a MLD
and the remaining symbols using a ZF-DFD, which prevents the error propagation
resulting in a higher diversity order. In [2], the sphere decoder (SD) is proposed as
an optimal detection method, which has low complexity in high SNR. However, in
low SNR or for systems with a large number of transmit antennas, the SD complexity
can be high. The Chase decoder for linear block codes has been adopted for MIMO
detection in [19]. The Chase MIMO detector generates a list for the first detected
symbol. For each element from the list, a subdetector is applied to the remaining
symbols. The vector with the minimum mean square error is chosen as the output.
Depending on the type of subdetector, the performance of the Chase detector varies
between those of ML and ZF-BLAST. Different SNR gains can be achieved with dif-
ferent list sizes. But the Chase detector achieves a diversity order of 1 or N in an

N x N system, but nothing in between.

In the relaxation approach, the discrete set is embedded in a larger multidimen-
sional continuous space, and the minimization is performed over this continuous space.

For example, linear detectors using relaxation approach have been proposed for other
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systems. In code-division multiple-access (CDMA) systems, a generalized MMSE
(GMMSE) detector is proposed [23], where the binary phase shift keying (BPSK)
vectors are relaxed so that they lie inside the smallest hypersphere that contains the
unit hypercube. In [24], a tighter relaxation is used to develop a constrained least
squares (CLS) detector for orthogonal frequency division multiplexing (OFDM) /
spatial division multiple access (SDMA) systems employing unitary signal constella-
tions. In [25], semidefinite relaxation (SDR) has been applied to CDMA systems with
BPSK. SDR has been extended to general M-PSK constellations in [26]. However,
all these relaxations are loose, which motivates the search for tighter and universal

relaxations applicable for any constellations.

In this chapter, we first develop a unified framework for detecting spatial multi-
plexing systems such as V-BLAST. We reformulate the MIMO detection problem as
a set of overlapping subdetection problems; the feedback decoder of Heller [20] for
convolutional codes is then extended to the new generalized feedback MIMO detec-
tor (GFD) with three characteristic parameters: window size, step size and branch
factor. With different values for these parameters, the GFD provides a performance-
complexity tradeoff and also yields many well-known algorithms such as the ZF-
BLAST [1], the SD [2], the combined ML and ZF-DFD [18] and the B-Chase detec-
tor [19] as special cases. Moreover, all such detectors can be explained as tree search
algorithms. If linear detectors are used as the subdetector, the GFD also generalizes
the L-Chase detector in [19]. A reduced-complexity shared computation technique
is also proposed, ensuring the GFD complexity varies between those of the ZF-DFD
and the MLD. The symbol error rate of a detector depends on the diversity order and
SNR gain. These are derived analytically as a function of the three parameters; for
example, the diversity order of the GFD varies between 1 and N. We use the union

bound (UB) approach for the symbol error probability for this purpose.

We then extend the idea of constrained detection into uncoded MIMO systems. A
class of constrained linear detectors and a class of constrained DFDs are developed.
Real constrained linear and decision feedback detectors are proposed for real con-

stellations by suppressing the imaginary interference component. We generalize the
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CLS detector of Thoen et al. [24] by dividing the signal vector to several subgroups
and applying the constant modulus constraints to these subgroups. Similarly, the
GMMSE detector is extended to non-constant modulus constellations. New ordering
scheme is also proposed using the constrained linear detectors, which maximizes the
signal-to-interference and noise ratio (SINR). In V-BLAST, the first detected symbol
limits the overall performance. The constrained linear detector and the DFD are thus
combined to improve the quality of the first detected symbol and to mitigate the error
propagation inherent in the DFD. A polynomial relaxation is also proposed, which
can be applied for any constellations. The ML MIMO detection problem is hence
reformulated as an equality constrained minimization problem. The constrained op-
timization problem is solved using a penalty function with Newton method. Because
the Newton method may be trapped by local minima, a differential equations algo-

rithm using classical mechanics is proposed to improve the detection performance.

Finally, we develop a multistage sphere decoder for systems using high order con-
stellations. This new multistage sphere decoder exploits the fact that many higher-
order signal constellations can naturally be decomposed into several lower-order con-
stellations. We develop a 2-stage SD for a 16-ary quadrature amplitude modulation
(16QAM) MIMO system by decomposing 16QAM into two 4QAM constellations.
The first stage generates a list of 4QAM vectors. For each of these, the second stage

computes an optimal 4QAM vector.

2.1.2 System model

We consider a spatial multiplexing MIMO system with Np transmit antennas and
Ngr receive antennas. At the transmitter, source data are mapped into complex
symbols from a finite constellation Q. The resulting data stream is partitioned into
Nr parallel substreams, each of which is sent though a different transmit antenna
over a rich scattering memoryless (flat fading) channel. Each receive antenna receives

the signals from all the Np transmit antennas. The discrete-time baseband received
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signals at any time ¢ can thus be written as
r=Hx+n (2.1)

where x = [z1,..., 25,7, z; € Q is the transmitted signal vector, r = [r,...,7n,]7,
r; € C, is the received signal vector, H = [h; ;] € CN*R*NT is the channel matrix, and
n = [ny,...,nn,]7, ni € CN(0,02), is an additive white Gaussian noise (AWGN)
vector. The components of n are identically independent distributed (i.i.d.) complex
Gaussian, so are the components of H, i.e., h;; ~ CN(0,1). Note that the linear
model (2.1) can also be applied to certain spatially coded MIMO systems, single
antenna systems over time and frequency selective channels, intersymbol interference
(ISI) channels, and multiuser systems. Consequently, the GFD can also be used
for such applications as multiuser detection for CDMA. For brevity, we restrict our

considerations to MIMO in this chapter.

For an AWGN channel and i.i.d. source data, and assuming that the channel is
perfectly known to the receiver, the MLD that minimizes the average error probability
is given by

% = argmin ||r — Hx||2. (2.2)

x€QNT
Due to the discrete alphabet Q, linear detectors such as least-squares detectors gen-
erally do not give the optimal solution. Eq. (2.2) resembles (1.2) except that Z is
replaced by @Q. Throughout this section, we assume that the channel is perfectly

known to the receiver and Ny < Ng. If Ny > N, for constant modulus constella-

H 2 H

tions with unity energy, we have x”"x = Nr. Since o;x"x is a constant, adding it to
the right hand side of (2.2) does not change the optimization problem and we get the

equivalent problem as

% = argmin ||r' — H'x||%. (2.3)
x€QNT
where
(H)'H' = H'H + 021y, ' = H) " Hr, (2.4)

H

For non-constant modulus constellations, when Ny is large, x"'x can also be approx-

imated as a constant using the law of large numbers. Therefore (2.3) is still valid in
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this case. If Nr is not very large, systems employing M-QAM constellations can also

be reformulated as below.

Let a M-QAM constellation and all M-QAM N x 1 vectors be Qp and Q,’;’,’".
We note that any M-QAM (M = 2") constellation can be represented as a weighted
sum of n/2 quadrature phase shift keying (QPSK) constellations when = is an even

number [27]. That is, for s € M-QAM and s; € QPSK, 0 < i < n/2, we have

s= i 2! (?-) 8;. (2.5)

For brevity, we only show how to decompose 16QAM so that our algorithm is applica-
ble. Other M-QAM cases can be derived similarly. Using (2.5), the 16QAM transmit

vector x can be expressed as
2
x = V2%, + %xz (2.6)

where x;, x5 € QNT. Eq. (2.1) can then be represented as
4

r=[\/§H —?H] [xl}+n
=H% + n. (2.7)

Since xH

X is constant, (2.3) can be formulated similarly. It can be readily verified
that H' in (2.3) is an Ny X Np full rank matrix. Therefore, our proposed GFD and

the former detectors [1,18,19,28] can also be applied to the equivalent problem (2.4).

Before proceeding, we first transform MLD (2.2). Column reordering can be
applied to H by using V-BLAST or other ordering schemes [22,28] and the resulting
matrix is G = HII, where II is the column permutation matrix. Following the same

QR factorization as in (1.18), we find (2.2) is equivalent to

% = argmin ]y — Rx||? (2.8)

xeQNT

where y and R are defined in (1.19) and R is an upper triangular matrix. Eq. (2.8)
is the basis for our GFD and the former detectors [1,18, 19, 28].
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2.2 Unified Framework for Tree Search Based De-

tection

2.2.1 Feedback decoding

There are three classical decoding algorithms for convolutional codes [29]: Viterbi
decoding, sequential decoding and feedback decoding. The Viterbi algorithm achieves
optimal maximum-likelihood decoding, but the complexity grows exponentially with
the size of the memory of the encoder. Sequential decoding can however perform near
ML, but with significantly reduced complexity. Moreover, the SD can be interpreted
as a chain of sequential decoders [28]. Feedback decoding due to Heller [20], on the
other hand, sacrifices performance in exchange for complexity reduction. However,
Heller’s feedback decoder has not been applied to MIMO detection to the best of
our knowledge. It not only provides a unified framework for describing virtually all
existing MIMO detectors, but also enables new ones. We use the term generalized
feedback detector to differentiate from Heller’s feedback decoding for convolutional

codes.

We now extend the feedback decoding algorithm to MIMO detection in (2.8). We
start by considering only one parameter: window size (w). The cost metric to be

minimized in (2.8) can be written in scalar form as

Np
Yi — E T:,iTj
g=i

where 7;; is the (7, j)-th entry of matrix R. Since R is upper-triangular, the i-th

Np 2

>

i=]

(2.9)

term in (2.9) only depends on z;,...,zn., 1 <7 < Np. The feedback detector can
be considered as a sliding window algorithm. The detector starts from zy,. When
hard decisions have been made on z; as Z;, k < i < Nr, the detector makes a decision
on z; based on the metric computed from yx_,41 to yx, where w is a preselected

positive integer, and we call it window size. We first determine the subvector x*) =
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[Tk-wt1s- -, k)T using

k k Nr 2
i(k) = argmin Z Yi — ZT,"J'ZEJ- - Z ’I",‘,jff)j . (210)
x(M€QY kw1 =i j=k+1

In principle, exhaustive search can solve (2.10), and in the resulting %), although
contain w decisions, we discard w — 1 of them in order to improve the overall error
rate. Consequently, the hard decision on z; is made to be #; = %*)(w), where
%) (w) denotes the w-th element in **), The same procedure is performed for zj4,
based on the metric computed from yx_,, to yr+1. When the window size is unity
(w = 1), the feedback detector reduces to the ZF-DFD or the V-BLAST detector,
and incidentally, the equivalence between these two detectors has been noted in [12].
When the window size increases to Nr, the GFD reduces to the MLD. When window
size varies between 1 and Nr, the performance of the GFD is between those of the
MLD and the ZF-DFD. Our basic algorithm can be considered as a sliding window
detector of size w, making a decision on each z; based on the minimum metric within

the window.

To allow for more performance flexibility, we introduce another parameter step size
and allow the window size to change (possibly) in each stage. Also starting from zn,.,
instead of making single decision in each stage, we detect the group xj,—s,41,..., i,

at the k-th stage, where [, = Np— 2,’:,;11 sk and sy is the step size at the &’-th stage.

The subvector x*) = [z, _y, 41, -+, 1,)7 is detected using
I I Nt 2
%® = argmin Z Yi — Zri,j:vj - E 7325 (2.11)
xMeQVk it “ w1 =i =g+l
where wy is the window size in the k-th stage. We choose [ri,k_skﬂ,...,:&,k]T =

%®) (wy, — s, + 1 : wy). When proceeding to the (k + 1)-th stage, the sliding window
is shifted by si, and the window size is changed to wi4;. The group of symbols
Thpr=sks1+1s - - - Tty 18 decided within the new window. If the detector has K stages,
we have Zf:l s = Np. The basic algorithm with different w; and s; is illustrated

in Fig. 2.1, where the shadowed regions correspond to hard decisions.
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Fig. 2.1. Basic algorithﬁ illustration of the GFD with different wy, and sj.

In (2.11), hard decisions are made on the components of x*). However, if the
group size sy is large, the error performance degrades rapidly. To overcome this, we
generate a list of candidates for x*) that minimize (2.11), instead of returning the
best candidate. The size of the list is by named branch factor. The corresponding
different prefix vectors x®)(wy — s, + 1 : wy) are stored in another list £i with g
elements. Since some x(*) may have the same prefix, we have 1 < g < bx. Similarly,
br may vary in different stages. We can thus obtain x by using

%= arg min ly — Rx|%. (2.12)

[£Np-ay 410N | TELY [T oo e [TEL K
Ifop=1fork=1,...,K, (2.12) reduces to the detector in the second case. If b, = 1,
st = 1 and wy, = w, (2.12) reduces to the original feedback detection algorithm. Note

in the K-th stage, we have by = 1 and sx = wx imposed by the end state condition.

Both (2.11) and (2.12) entail an exhaustive search in a reduced space. The SD
[28] efficiently solves (2.11) and (2.12). In particular, the Schnorr and Euchner SD
(SESD) [14] removes the dependence on the initial radius and hence may be preferred.
When b, # 0, the list sphere decoder (LSD) [30] can be used to create the candidate
list. If not enough candidates have been found, the radius is increased and the LSD

searches again until a b element list has been formed.

Clearly, if wy = 1, sy = 1 and b, = 1, the GFD reduces to ZF-DFD [1] and if
wy = N7, s = Np and by = 1, it becomes SD [2]. When w; = p, wx =1 (k > 1),
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si=p, sk =1(k>1)and b =1, the GFD reduces to a combination of MLD and
ZF-DFD [18]. When wy = 1, sy =1, by = g and b, = 1 (k > 1), the GFD becomes
the B-Chase detector in [19] using a different column permutation matrix. Table
2.1 summarizes the relationship between these detectors and the GFD for different

parameter values.

Remarks:

e In the basic algorithm, we propose using the SD to solve the subproblem (2.11)
in each window. Of course, the complexity can be reduced by replacing the
SD with a suboptimal detector such as LS, MMSE or GMMSE [23], CLS [24],
just to name a few. Similarly, the last s; symbols are detected by making hard
decisions. Furthermore, the SD and linear detectors can be used interchange-
ably. For example, as shown in Section 2.2.4, since the detection of the first few
symbols is critical to the overall system performance. The SD can be used to
detect the symbols in the first few windows, and then linear detectors can be
applied to reduce the overall complexity. Specifically, if w; = 1, wy = Ny — 1,
s1 =1, 83 =Nr—1, b =gq, b, =1 and exhaustive search is used in the first
window, linear detector is used in the second window, our GFD reduces to the
L-Chase detector in [19). Allowing linear detectors, our GFD thus generalizes
the L-Chase detector and provides more flexible complexity and performance

tradeoff.

e Our proposed GFD can be extended to decoding convolutional codes. Moreover,
it can also be readily modified to perform joint detection and decoding in coded

MIMO systems employing both vertical and horizontal coding architectures (31].

2.2.2 New tree interpretation of MIMO detection

All MIMO detection algorithms can be interpreted as performing a search through
a tree, which is unavailable in the literature to the best of our knowledge. The

detectors traverse through a |Q|-ary tree of Ny levels, where |Q| is the cardinality
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TABLE 2.1
Relationship to the generalized feedback detector.

Detector || Window size wy Step size si Branch factor b

ZF-DFD w =1 sp=1 b =1
SD wk=NT Sk=NT bk=1
w = y = s
ML-DFD 1=r =P b = 1
wy=1k>1 sp=1k>1
b1=(I1
B-Chase wp =1 sp=1
b =1,k>1

of constellation Q. Except for the leaf nodes, there are |Q| branches stemming from
each node, and each branch is labelled by an element from Q. A node at the k-th

level is assigned a metric

2

Nr
Mu(Xe) = |UNpaiok = D TNpb1-k T (2.13)
j=Np+1-k
where X, = [TNpi1-k,- .., TNg]T are the symbols labelling the path from the root to

this node. The accumulated path metric associated with path x; is thus defined as

2

Ny Nr Nr
cxi)= D mix)= Y. |t~ Y T (2.14)
i=Np+l-k i=Np+i-k j=i

The MLD performs an exhaustive tree search by computing the accumulated path
metric (2.14) for all possible tree paths from the root to leaf nodes. At the leaf node of

the tree, the path with minimum accumulated metric is selected as the ML solution.

Instead of exhaustive search by visiting all of the nodes, the SD only explores
a subset of the tree. Using a global cost upper bound, the SD explores only those
nodes whose accumulated path metric is less than the global bound and discards other
nodes. When the SD reaches a leaf node, if its cost is less than the global upper bound,
the latter is replaced by the former. The order of the processing of the child nodes
of a node can impact the complexity. In the SESD, the processing order depends on

the accumulated metric. Thus, the child node with minimum accumulated metric is
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expanded by the SESD first. This ordering ensures that whenever the SESD reaches
a leaf node, its path cost is as small as possible, and thus the global bound is reduced

rapidly.

In contrast to the SD, DFDs are greedy tree search algorithms. Since the DFD
only expands the child node with minimum accumulated path metric. Therefore, only
one path is traversed through the search tree, which has complexity linear in Nr but

also a large performance loss.

Our proposed GFD only expands a set of partial trees instead of the full tree
in the MLD. At the k-th stage, z;,,...,Zn, are assigned values. The GFD searches
through a wy, level tree stemming from x;,—;. Then by best partial paths from the root
to the leaf nodes of the partial tree with minimum accumulated metric are chosen.
TY—1,. ., Tl—s, Symbols are chosen corresponding to each partial path. The window
shifts s, symbols and a partial tree is searched again. In fact, our GFD forms a
reduced tree with K levels. At the k-th level, there are ¢, branches from a node,

which is assigned a metric

I—1 2

(k) =

i=l -

(2.15)

Nt
Yi— § T3,
j=i

where Xy = [Ty -5, - - -, Tny]T are the symbols labelling the path from the root to this
node. The SD and DFDs can be applied to the reduced tree. If b, = 1, the GFD
reduces to ZF-DFD, or the SD can be used to search through the new tree. The

branch factor by, relates to the number of branches in the new tree.

Fig. 2.2 illustrates the GFD on a tree with 4 levels (i.e., Ny = 4) and binary phase
shift keying (BPSK). The left side is the full tree expanded by exhaustive search. In
the GFD, we choose w; = 3, s; = 2 and b, = 2. Exhaustive search or LSD is used
to traverse the first partial tree; [z4, z3, 22]7 = {[+1, +1,-1]7,[-1,+1,+1]"} are the
b, subvectors that make the partial accumulated metric from z4 to 7o a minimum.
For each subvector, [z4,z3]7 is stored in a list £, = {[+1,+1]7,[-1,+1]7}. The b,
elements form b; branches in the new tree in the right side of Fig. 2.2. In the second
stage, the window is shifted by s, = 2 to the second rectangle, and window size, step

size and branch factor are changed to s, = wy = 2 and by = 1. Therefore, the original
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4-level tree with 16 leaf nodes reduces to a 2-level tree with 2 leaf nodes using GFD.
SD or SESD can be used to find the path with minimum accumulated metric in the
reduced tree. The corresponding path of the new tree is the output sequence. The

ZF-DFD just expands a single branch tree as shown in Fig. 2.2 (c).

The B-Chase detector [19] with list size ¢ and with a ZF-DFD subdetector forms
a 2-level tree with ¢ leaf nodes; exhaustive search finds the minimum path metric in

the tree.

Our GFD forms different trees with different parameters wy, s and by, As will
be shown in Section 2.2.4, different parameter set provides different performance and

complexity.

2.2.3 Computation sharing technique

The next section shows that the GFD bridges the gap between ZF-DFD and MLD.
Another important issue is that whether our GFD also has complexity between ZF-
DFD and ML. We first look at a simple case with b, = 1. The discussion can be
readily extended to other cases. A detail analysis of the worst complexity is given
in Section 2.2.5. The basic GFD constitutes /{ SDs and a ZF-DFD on a K-level
tree. We denote the complexities of SD and DFD for an n x n system as Csp(n) and

Cprp(n), respectively. Thus, we can obtain the complexity of the GFD as

K
CGFD(NT) = Z C’SD(wk) + CDFD(I{). (2.16)

k=1
In low SNR, Csp(wi) = O(|Q]**) and Cgrp(Nr) < Csp(N7). But, in high SNR,
Csp(wy) ~ w} and it is possible that Corp(Nr) > Csp(Nr).

To reduce the complexity gap between the GFD and the SD, we introduce a shared
computation technique that eliminates redundant computations in the basic GFD. In
the k-th stage, if wy # s, there will be wy — s, symbols’ overlap between the k-th
window and the (k+ 1)-th window. The basic GFD uses two SDs in the two windows.
However, due to the overlap, some nodes of the partial tree in the (k + 1)-th window

have been visited by the sphere decoder in the k-th window. We thus propose to store
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Fig. 2.2. Comparison of exhaustive search, GFD and ZF-DFD in tree representation

for Ny = N = 4 and BPSK.

all the metrics for the visited nodes in the k-th SD to avoid repeated computation.
The tree is a suitable data structure for visited nodes storage since the SD forms a
tree during the search. When using the SD for the (k + 1)-th partial tree, the SD
traverses the search tree and the storage tree at the same time. Only the subtree
corresponding to the selected [Zi, —g41,- - ,z1,,]T is kept and the other subtrees are
pruned. If the node has not been visited as indicated in the storage tree, the branch

metric is computed, and the node is added into the storage tree.

When by, > 1, LSD must be used. Given an initial radius, if less than by candidates
have been found within the radius, LSD needs to enlarge the radius and search again
until b, points are found. Similarly, enlarging the radius and repeating the search
revisits several nodes that have already been visited. The storage tree can also be
created for LSD to reduce repeated computation. However, shared computation needs

more memory, which is exponential in wy in the worst case. It provides a memory-

complexity tradeoff.
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2.2.4 Performance analysis

In this section, we consider the case of N = Np. In the GFD, we first assume
wr = w, Sx = s and by = 1. All the analysis and results can be easily extended to
the case Ny # Np and general GFDs. From [32], the squared norm of the entries
of upper-triangular matrix R have x? distribution with different degrees of freedom,
specifically, |r;;|? ~ x2(2i), for i = 1,...,Np and |r;;|* ~ x*(2), for j > 4, where
x2(k) denotes the chi-squared distribution with &k degrees of freedom.

In the first stage of the GFD, we perform ML decoding with y; = R;x; +
vy to detect X; = [Tnp—wtly--  Znp]T, Where Y1 = [UNpowils- s Unp)Ty VI =
[UNp-wt1y -« VN )T and Ry = R(Np —w+1: Np,Nr —w + 1 : Np). Denote
the block error event in the j-th window by Ej;. The union bound for the block error

probability of x;, P,(E)), is given by
RE)SEE| Y P(ki=xPx{"R,) (2.17)

(2) (1)

where x;~’ are all the possible vectors other than x;"’, and

P ()“( =X )lxgl),R (\/”R (2) - xgl)) ”2 /20,2,) , (2.18)

where Q(-) is the Q-function. Let Hj, be a wX w matrix with complex Gaussian entries

and its QR decomposition be Hy = Q;R;. Since R has the same distribution as R,
IR ( @ xgl)) |2 has the same distribution as ||R; (x?) - xﬁ”) |2. Considering

Q2 is unitary, we have
2
o (o ~<0) = (o =) = ) ==
(2.19)

where a; ~ x*(2w) and the last equation is due to the linear combination of indepen-

dent Gaussian variables is also Gaussian. Eq (2.18) thus reduces to

P (x1 =x; )|x§1),a (\[ ” @ _ (l) l /202) (2.20)
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Using the Chernoff bound for the Q-function, P,(x;) can be bounded as

2
AE)$E B | (e o -0 o)

X1 (2)

1
B>
< 5 A
x) 14 102

19| Y
< —=—
(1 +d?, [4a2 (2.21)
() and x{?. In high SNR, a block

error results from a single symbol error in x;. Therefore, the bound for the symbol

error probability is Py(x;) = Py(E;)/w,i= Nr—s+1,..., Ny and the bound for the

where dyi, is the minimum distance between x;

block error probability of %1 = [Tnp—si1,---,Tnp|T is Py(E)) = Py(E))s/w, where
E, is the block error event in %;. We also bound the block error probability for the
second window as
Py(Ey) =P(Eo|ES) - P(ES) + P(Ea|Ey) - Py(E))

< P(Ey|ES) + Py(Ey). (2.22)
If X, is correct, we cancel it from y and perform ML detection with y; = Roxs +
Vo, Where Xp = [TNp—s—wt1y-- -1 ENp—s] s WhEre Yo = [UNpos—wtls- -, UNp—s)® s Vo =
[UNp—s—w+1y - - - UNp—s)” and Ry = R(Np—s—w+1: Np—s, Np—s~w+1: Np—s).
Similarly to (2.21), we can obtain

P(B|ES) < ('1"+_d,29|_/47;2,>w " (2.23)

min
In general, in the k-th window, we perform ML decoding with y, = Ryx), + v to

detect X = [TNp—(k=1)s+11 - - - » UNp—(k—1)sw] " » WheTe Y = [UNp—(k=1)s+15 - - - » UNp—(k=1)s] T s
Vi = [UNp—(k=1)s+1) - - - s UNp—(k—1)s+w]) . and Ry = R(Np — (k= 1)s+ 1 : Np — (k —
)s+w, Ny —(k—1)s+1: Ny — (k — 1)s + w). The union bound for the event Ej
conditional on (Uf;,lE.-)c is given by

P (Ek] (u:.c E;) ) ZP( = xPxP R ) (2.24)

k (2)
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(2)

where x;;” are all the possible vectors other than xg), and

P (x;, = x{z)]xs), Rk) =Q (\/”Rk (xg") - x,(:)) ”2 /20,21) . (2.25)

Let H; be a (k—1)s+wx (k—1)s+w matrix with each entry complex Gaussian and its

QR decomposition be Hy = QaR5. Define two new vectors x = [(xk ))” , Ogk—1ysx1 ]
and %\ = [(x¢ N4 0 (k-1)sx1)”. Since Ro((k—1)s+1: (k—1)s+w,(k—1)s+1:
(k — 1)s + w) has the same distribution as Ry, ”R2 (~(2) "(1))” has the same

distribution as ”Rk (xg) (1)) “ Considering Q; is unitary, we have

o 550 = e (52 ) = it (a2~ e~
(2.26)

where ay, ~ x*(2(k — 1)s + 2w) and the last equation is due to the definition of x(l)
and if) and linear combination of independent Gaussian variables is also Gaussian.

Similar to (2.21), we have

P(m (UB)) < (i) @27

min

Using the total probability theorem [32] and noting that the events (US=!E;)°, Ex_ N

(UESZE)e, ... B, are exclusive, we have
Ei|Ey) P (El) +P (BB E5) P (B0 Bf) +
Ei|Ex_1 N (u‘_f’E) ) P (Ek_l N (uf;fEi)c)

=7
P(
+P EE (Uf;I‘Ei) )P ((vsiE))

IA®

1) +P (Ez N Ef) +.-+P (Ekl (uf;fé’,-) ) P ((uf;‘E,-)c>

g P( o, Ec) (nf;f Ef) +P ( Ey| (uk -1 E) ) P (nf:lléf)

J=1

(2.28)

where the inequality (a) is obtained by assuming that given an error event on Ej,
1 € % < k, the event Ej has probability 1. This assumption is precise at high
SNR. The equality (b) comes from the Bayes’ theorem [32]. Using the chain rule for
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conditional probability, (b) can be computed in a closed-form. However, this closed-
form is complicated and does not show insight into the diversity order and SNR gain
of the detection algorithm. Note that in high SNR, P (ﬂf;llﬁf) is close to 1. We can
thus further simplify P,(Ey) as

Py(Ey) <P <Ek| (Uf;xlEi)c) + kz_i (E | iz Ec)
=1

(2.29)
Similarly, in high SNR, we have
P(B;| N} Bf) = SRy(B;| iz} Ef) = —Ry(Ey)e™! (2.30)
where ¢ = (1—71?1%/47%)8' Substituting (2.30) into (2.29), we can obtain
Py(Ey) <Py(Ey)e ! + -f;P,,(E]) (I+e+ - +€72)
5P (E1)(1 +6). (2.31)

In high SNR, where § is a small positive number and (s/w)P,( E;) dominates the upper
bound (2.31). Therefore, the average symbol error probability can be approximated

as

g k-1
1
Ps=N ( Py(Er) + E Py(Ey) +Pb(EK))
T Wi

:}\% (25 + (K - )52> (Fdlfi—%?)w‘ (2.32)

Eq. (2.32) shows that the GFD has diversity order w and different s and w provide
different SNR gains. The union bound (2.32) is loose and the actual SNR gain may be
different. From the performance analysis, it can be verified that if w’s are different,
the performance of GFD is limited by the first window size and the diversity order of

GFD is w;. b only determines the SNR gain.

When b, > 1, more SNR gain can be achieved. For the B-Chase detector, the
effective SNR gain is defined in [19]. Here we take a different approach by calculating
the upper bound on the symbol error probability. We take the QPSK for example
andw =1, Q = {e#/2|k = 0,1,2,3}. We assume that 1 is transmitted without loss
of generality. We consider the error event in the first stage E,. The ML detection
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for zn, reduces to detecting the phase of yn, ..y, = ae? = X + Y. If by = 1,
Ty is correctly detected if || < /4. But, when b = 2, zy, is correct if the list
contained 1 or equivalently |§| < 7/2. Similarly, for b; = 3, the correct decision region
becomes |0 < 37/4. Given rn., X ~ N(|rn.|?, 02|rng|?) and Y ~ N(0, 02|rn,.|?).

The probability density function (pdf) of 8 = arctan(Y/X) is given by [32]

1 el gl e |7y
) = — 205 L arl 204 LAY ) . .
f(6) 5t + o cos fe Q ( 5. o8 6) (2.33)

The error probability of E) can then be obtained as
B
P(E) =1~ [ j0)s (234)
-B

where § = 7/4,m/2,3n/4 for by = 1,2,3 respectively. In high SNR, using the tight
upper bound for the Q-function [33, p.83]

Qz) < \/21_ e~ >0, (2.35)
T
we can obtain
P = §, P, = 2, P = 4 (2.36)
Y Y Y

where 7 is the SNR. Compared with (2.21), b; = 2,3 have 3 dB gain over b; = 1
and dp, is increased by a factor of v/2 for b, = 2,3. Therefore, dm;, increases by
increasing b;. For w > 1 and other constellations, the SNR gain can be obtained
similarly by integrating the pdf of decision variable over the correct decision region.

As s;, the branch factor provides additional SNR. gain.
A special case is when b, = |Q|**, P,(E)) = 0 and P(E$) = 1. Therefore, the
performance of the GFD is limited by the second window and the diversity order

becomes ws + s;. Similarly, if b; = |Q|*t for 1 < i < k, the diversity order of the GFD

k—1

increases to wy + >, Si.

2.2.5 Computational complexity analysis

The computational complexity of an algorithm may be measured in terms of best,

worst, or average-case complexity [34]. In practice, the most useful measure proves
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to be the worst-case complexity [34]. For example, for the MIMO detectors, the best-
case complexity of the SD is simply the complexity of V-BLAST, which is also the
best-case complexity of the GFD. The average complexity of the SD derived in (3, 6]
is exponential in Nt but low in high SNR. The SD has been realized on VLSI circuits
in {4,5]. For VLSI circuits implementation, the throughput is limited by the worst-
case complexity and the best-case complexity suggests the minimum requirement.
Although the likelihood of the worst-case complexity decreases with increasing SNR,
the performance depends heavily on such probability. Therefore, we derive the worst-
case complexity of the GFD. On the other hand, since we have used both the SD and
the computation sharing technique in the GFD, the average complexity of the GFD
seems to be difficult to derive analytically. The average complexity determines the
energy consumption of a circuit. We determine the average complexity of the GFD

in Section 2.2.6 via simulation.

We assume that both R and Q are complex valued. In the first window, the
number of flops is
wy . i wi+l _ wi+2 _ w +1 2+w Q
Catw) = 3 IQIS(wr+1-i)+4) = 412 =1y [ =For AP rnldl
=1

A . QI —1Q] | L1QI“ = (wy + 1)[Q)? 4 wi|Q)
Fortjcl(wl)—;lq [9(w;+1—)+4] = 4 =T+ e

(2.37)

For the k-th window (1 < k < K), the accumulate path metrics for all the combination
Due to the computation sharing, the number ot Hops in the k-th window is

W

Crlwe) = 3 1QFO(w +1—4) +4] = Cy(wy) — Ci(t). (2.38)

i=tp+1
The number of flops in the A-th window is Cx(wk) = Ci(wk). Therefore, the total
number of flops for the GFD is given by

K k-1

Carp = ), [ ] :Cr(ws). (2.39)

k=1 i=1

For the special case of wy, = w, s = s and b, = 1, we have

Carp = C1(w) + (I —2)(Cy(w) — Cy (w—s)) + C1 (wk) < KCy(w)— (K —2)Cy (w—s).
(2.40)
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SNR (dB)

Fig. 2.3. BER comparison of different detectors in an 8 x 8 BPSK MIMO system.

In the GFD, we set wy, = w, sy = s and by = 1.

Interestingly, from (2.37) and (2.40), we find that the worst-case complexity of GFD
is exponential in w. Hence, increasing the diversity order of GFD also increases the
worst-case complexity exponent. Similarly, as changing step size only changes SNR
gain, (2.40) suggests that decreasing step size increases the complexity but does not
change the exponent. Therefore, the GFD offers a flexible complexity-performance
tradeoft.

2.2.6 Simulation results

We now simulate our GFD for an uncoded MIMO system with 8 transmit and 8
receive antennas over a flat Rayleigh fading channel. The MATLAB V5.3 command
"flops” is used to count the number of flops. Only the flops of the search algorithm are
counted by ignoring the preprocessing stage. The GFD is compared with V-BLAST
and the SD in terms of both performance and complexity. We shall use GFD|e, 3, 7]

to denote a GFD with a window size «, step size 8, and branch factor .

Figs. 2.3 and 2.4 show the BER and average number of flops for different detectors
in a BPSK modulated system. In the GFD, we set wy, = w, sp = s and b, = 1. At
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Average number of flops

SNR (dB)

Fig. 2.4. Average complexity comparison of different detectors in an 8 x 8 BPSK
MIMO system. In the GFD, we set wy = w, sy = s and by = 1.

each stage, we use the SESD [14] and the initial radius is chosen to be infinite. We
investigate the effect of window size and step size. Clearly, with different window
size, different diversity order is achieved (Fig. 2.3). GFD|2,1,1] has a 3-dB gain over
GFD(2,2,1] at BER=10"%. GFD[4,1,1] performs 0.5 dB better than GFD[4,2,1] and
1.5 dB better than GFD[4,4,1] at BER=10°. Therefore, the SNR gain diminishes
with the increasing step size. With different parameter settings, the GFD also has
different complexity levels (Fig. 2.4). The complexity of the GFD varies between
those of V-BLAST and the SD. In high SNR, all the detectors achieve almost the
same average complexity. In low SNR, fixing window size, the average complexity
decreases for smaller step size. As well, the average complexity decreases by increasing
window size with the same step size. The complexity variation agrees with that
of performance, which indicates that better performance results in higher average

complexity.

Figs. 2.5 and 2.6 compare the BER and average number of flops for different
detectors in a BPSK modulated system. In the GFD, we also set wy, = w, s; = s but
b > 1. Instead of using the SESD [14], the initial radius is chosen to be proportional

to the noise variance as in [3]. If no solution is found with the initial radius, we
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Fig. 2.5. BER comparison of different detectors in an 8 x 8 BPSK MIMO system.
In the GFD, we set wy, = w, s = s but by > 1.
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Fig. 2.6. Average complexity comparison of different detectors in an 8 x 8 BPSK
MIMO system. In the GFD, we set wy = w, s = s but b > 1.
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Fig. 2.7. BER comparison of different detectors in an 8 x 8 4QAM MIMO system.

In the GFD, we set w, = w, s = s and b, = 1.

double the radius until a point is found. Choosing the initial radius in this way is
better because the SESD may expand redundant branches in the reduced tree of the
GFD and each branch needs high complexity for increasing window size and step
size. With the same window size, the diversity order of the GFD is the same but
different SNR gains are achieved. GFD|2,2,2] has a 5-dB gain over GFD[2,2,1] at
BER= 10~2. The performance gap between GFD[3,3,1] and GFD|2,2,2] reduces to 3
dB at BER= 107%. GFD[4,4,4] has only a 0.5 dB gain over GFD[4,4,2] at BER= 1074,
GFD|4,4,4] performs close to the SD. Increasing window size, the SNR gain achieved
by decreasing the branch factor also diminishes. But with same window size, the SNR
gain by increasing branch factor is larger than by increasing step size. With different
window size, step size and branch factor, the average complexity is also different. In
high SNR, the complexity of all the detectors is the same. However, in low SNR,
due to the use of the noise variance initial radius, the average complexity approaches
the worst case complexity in low SNR. The complexity of GFD[4,3,2] is higher than
that of GFD[4,4,2] because the former forms a 3-level tree while the latter only forms
a 2-level tree. In low SNR, GFD[4,4,4] has lower complexity than the SD but with

almost the same performance. Therefore, it is an adequate replacement for the SD.
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Fig. 2.8. Average complexity comparison of different detectors in an 8 x 8 4QAM
MIMO system. In the GFD, we set wy, = w, s, = s and b, = 1.

In Figs. 2.7 and 2.8, we compare different detectors in a 4 QAM system with
Gray mapping and w; = w, s; = s and b; = 1. The SESD [14] is used and the initial
radius is chosen to be infinite. Both the performance and complexity results are
similar to those of BPSK systems. The SNR gain by increasing step size reduces with
the increasing of constellation size. For example, for the BPSK system, GFD|2,1,1]
has a 3-dB gain over GFD[2,2,1] at BER=10"*. However, the SNR gain reduces to
2.4 dB for 4QAM at BER=1073. The complexity difference in high SNR may be due

to the number intermediate computations.

Finally, Figs. 2.9 and 2.10 show the BER and average number of flops for different
detectors in a 4QAM system with Gray mapping. SESD is not used as in Figs. 2.5
and 2.6. We fix window size and step size and change branch factor to observe its
effect on performance. The performance of the B-Chase detector [19] is also evaluated
for different list sizes. GFD[2,2,2] has a 4-dB gain over GFD[2,2,1] at a BER of 1073
GFD|3,3,2] has a 3-dB gain over GFD[3,3,1] at BER=2 x 10~%. The gain reduces to
2 dB with w = 3 and s = 3 at BER=10"?. But all the performance gaps become
constant in high SNR. GFD[4,4,4] performs close to the SD. The SNR gain achieved

by increasing the branch factor also diminishes with the increase of constellation
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Fig. 2.9. BER comparison of different detectors in an 8 x 8 4QAM MIMO system.
In the GFD, we set wy, = w, s = s but by > 1.
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Fig. 2.10. Average complexity comparison of different detectors in an 8 x 8 4QAM
MIMO system. In the GFD, we set w, = w, s = s but b, > 1.

39

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



size. The B-Chase detector performs better than V-BLAST but much worse than the
other detectors. The B-Chase detector with ¢ = 3 performs better than the B-Chase
detector with ¢ = 2 as contrary to the prediction by (2.36). Therefore, numerical
evaluation of (2.34) is needed to predict the SNR gain. When ¢q = 4, the diversity
order of B-Chase detector becomes 2, which agrees with our analysis in Section 2.2.4.
The complexity results are similar to those in Fig. 2.6. The complexity of all the
detectors decreases with the increase of SNR. The complexity difference at high SNR
is because of SESD. GFD[4,4,4] has lower complexity than the SD but achieves almost

the same performance.

2.3 Constrained Detection for MIMO Systems

2.3.1 Classic linear detectors
The ZF detector relaxes x; to the whole complex plane and solves
%z = arg min |lr — Hx||2. (2.41)
xeCNr

The solution to (2.41) is the well-known least squares (LS) solution and given by

%zp = (HTH) ™ HT. (2.42)

The MMSE detector minimizes the mean-square error between the transmitted

signals and detected signals E{||x — x||2}. The MMSE solution is given by
*umse = (HPH + 021y,) ™ HY T, (2.43)

However, the ZF and MMSE detectors do not guarantee the optimal solution. In

general, the solution of an arbitrary linear detector is given by
x = Gr (2.44)

where G is the corresponding filtering matrix for the linear detector.
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2.3.2 Real constrained detectors

Even if the constellation Q is real i.e., BPSK and pulse amplitude modulation (PAM),
the ZF and MMSE solutions from (2.42) and (2.43) are usually complex vectors. The
imaginary part may cause additional interference since the transmitted vector is real.
To impose a real constraint on (2.42) and (2.43), we rewrite (2.1) as

R{r R{H R{n -

r= r} = (H) X+ {n} = Hx + 1. (2.45)

S{r} S{H} S{n}

Note that the entries of fi have zero means and variance ¢2/2. The ZF and MMSE

detectors for the equivalent system (2.45) can be obtained as
SRS
Kp_zp = (H"H) )i 5 (2.46)

and
o~ o~ -1 .
iR—MMSE = (HHH + 0721/21NT> HHf' (247)

where R-ZF and R-MMSE denote real constrained ZF and MMSE detectors, respec-
tively. The combined detector has tighter relaxation than real constrained detector

and modulus constrained detector individually.

2.3.3 Constrained subgroup detectors based on constant-modulus

constellations

When Q is a complex constellation, the constraint on the constellation modulus is
exploited. We first consider a constant modulus constellation with unity modulus

|z;}2 = 1. In [24], the CLS relaxes the candidate vectors to be on the hypersphere

H

x"x = Nr. To achieve better performance, we must use a tighter relaxation. We

partition the vector x in to g groups and each group forms a subvector x; with size s;,

i=1,...,9, where 37, s; = Nr. We relax each x; on a s;-dimensional hypersphere
H

X;'x; = s;. The constrained detector is thus given by

XoML = arg min Ir — Hx|) (2.48)
xf’x1=sl,...,x§'xg=sg
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where CML denotes constrained ML detector. The minimization problem (2.48) can

be written as

min ||r — Hx||?
X

st.xffx; = sy,... Xy Xy = S, (2.49)
The Lagrangian £(x, Ay, ..., ;) for this minimization problem is
g
L&A1 A) = lIr = Hx|? + )\ (xfxi — s5). (2.50)

i=1

Taking partial derivatives with respect to x;’s, the solution for x can be derived as
X(Ay- - Ag) = (HPH + A) ™ HYr (2.51)
where A is a diagonal matrix and given by

A=diag{)\1,...,)\1,...,Ag,...,)\g}. (252)

5 39

When g = 1, there is only one A,. Eq. (2.52) reduces to the CLS solution in [24].
When Ay = ... =), = 02, the CML detector becomes the MMSE detector (2.43).

n)

In order to obtain the CML solution in (2.51), the optimal values for Ay,..., A,
have to be computed so that the constant modulus constraints are fulfilled. Substi-

tuting X(Aq,...,Ay) into (2.49), we need to find the zeros of the set of equations

(M, 0 A) =%, AP =s1=0

Fy(My - Ag) = %M1y -, AP — 8 = 0. (2.53)
Note that (2.53) are nonlinear equations but (2.51) has the form of (2.44). Therefore,

we also consider the CML detector as a linear detector.

The multidimensional Newton-Raphson root finding method [35] can be used to
solve (2.53). It needs to compute the partial derivaﬁve of F; with respect to J;,
0F;/0)j, 1 < i,j < g. But 0F;/0\; cannot be obtained analytically. Instead, we
compute the partial derivatives by finite differences. There are several sets of roots

for (2.53) and an initial estimate is needed to guarantee the convergence to desired
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root. In CLS where only A; exists, the global minimum is achieved by the maximal
real root A]. But the multidimensional case does not yield the roots minimizing
(2.49). Since the MMSE detector (2.43) provides good solution, the initial values
for A; are chosen as \; = ... = \; = o2. If the Newton method does not converge

after a specified number of iterations, we simply set A\, = ... = A\, = o2 or the

n
CML detector outputs the MMSE solution. Simulation results show that the Newton
method converges after a few iterations, which thus incurs only a marginal additional

complexity to the MMSE detector.

For a non-constant modulus constellation such as QAM, we assume p as the largest
modulus of the constellation. Similarly, we also partition the vector x in to g groups.
We thus relax each x; within a s;-dimensional hypercube x7x; < p?s;. The CML

detector is modified as

XoMmL = arg min lr — Hx|? (2.54)
x4x; P81, x Xy <p2sg

The minimization problem (2.54) can be written as
min ||r — Hx||?
X
s.t. xf’xl < p*sy,y... ,x_fxg < ,ozs_,,. (2.55)

Using the convex duality theorem, the Lagrangian dual function for (2.55) can be

expressed as

g
L(%, A1,y Ag) = |Ir = Hx|* + Z Ai (x7x; — pPsi) . (2.56)
i=1
Solving (2.56) for x, the solution is the same as (2.51). Substituting it back to (2.56),
we obtain .
H H “lygm 2 e
N HHYH+A)" Hr-p* > As; (2.57)

i=1

where (2.57) is a g-dimensional optimization problem. The simple unconstrained
multidimensional gradient descent algorithm can be used to solve (2.57). The partial
derivatives are computed by finite differences. If g = 1, the CML detector (2.54)
reduces to the GMMSE in {23]. Therefore, the CML detector generalizes the GMMSE.

43

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



The constrained detectors using constellation modulus can be combined with the
real constraint in Section 2.3.2. For real constellations, the CML detectors (2.48)
and (2.54) can be directly applied to the equivalent system (2.45). We denote the

combined receiver as R-CML.

2.3.4 Chase improvement

An iterative detector can be used to improve the performance of our constrained linear
detectors by correcting unreliable decisions of the detector. As before, we partition
x into g groups each with s; symbols. In each iteration, for i = 1,..., g, we fix the
other g — 1 groups and solve

%; = argmin ||r — Hx||? (2.58)

x;€Q%

where x; is the i-th group in x. x; is updated to %X;. The iteration starts with
any solution from a constrained detector and terminates when x ceases to change
during an iteration. Typically, we choose g = Np and s; = 1. It resembles the chase

decoder [36] for soft decoding of linear block codes.

2.3.5 Real decision feedback detectors

For real valued constellations, using the same arguments in Section 2.3.2, V-BLAST
detection of (2.45) performs better than that of (2.1) directly and we denote V-
BLAST for (2.45) as R-V-BLAST. If Ny = Ng and no permutations are used, the
squared-norm of the entries of R are known to be x* distributed [32], specifically,
|Riif? ~ x*(20), for i = 1,..., Ny and |R;;|® ~ x*(2), for j > 4, where x?(k) denotes
the chi-squared distribution with £ degrees of freedom. Since the performance of V-
BLAST is limited by the first detected symbol [18], the diversity order of V-BLAST
detection is only one. However, if QR decomposition is performed on the real matrix
H in (2.45), the squared-norm of the entries of R are also x? distributed but |R; ;|2 ~
x%(i+ Nr), for i = 1,...,Nr and |R;;|* ~ x*(1), for j > i. Therefore, it can be
readily verified that the diversity order of R-V-BLAST increases to (Nt + 1)/2.
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For decoupleable complex constellations i.e., QAM, (2.1) can be rewritten as

[ R{r) J _ | = s ] R{x) ] N [ R{n}) } 259)
S{r} S{H} R®{H} S{x} S{n}
or

i = H% + n. (2.60)

In [37], it has been shown that applying V-BLAST to the equivalent real system
(2.59) yields an additional performance gain. We can quantify the improvement. In
the original system, the diversity order for zy,. is 1. In (2.59), after QR decomposition
on H, we find |R;;|? ~ x2(4), for i = 1,...,2Np. Therefore, the diversity order for
R{zn.} is (Nr+1)/2 and for S{zn, } is 1/2, which may improve the total performance

on Tnr.

2.3.6 Constrained ordering decision feedback detectors

The ZF nulling vector wy, (1.13) in V-BLAST completely removes the interferences
from the other antennas but also amplifies the additive noise. To get a better trade-
off between noise enhancement and interference suppression, we use our proposed
constrained linear detectors in Sections 2.3.1-2.3.3 instead of the ZF detector in V-

BLAST. We replace (1.11) and (1.16) with

1

Gi=(H'H+A)" H (2.61)

and
Gin = (HEHE +A) ™ HY (2.62)

where A and A; can be calculated using (2.53) and (2.57) for constant modulus and

non-constant modulus constellations, respectively.

When nulling is performed using CML, interference cannot be removed completely.
We thus propose to determine the detection order at each iteration by maximizing
the SINR defined as

I(Gi+1HE.-)j,j|2E{|xj|2}
Zlkyil,k;éj [(Git1Hg) ik 2E{|zx|*} + o2 (Gis);]I?
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where (A);; is the (4,7)-th entry of matrix A and (G.;)x denotes the k-th row of
matrix G;;1. In V-BLAST, (1.17) is replaced by
kiy1 = argmin SINR;. (2.64)
i@k eki}
This modified V-BLAST detection is denoted as constrained DFD (CDFD). Note
that if A = 021y, CDFD reduces to MMSE-DFD in [22].

2.3.7 Combined constrained linear and decision feedback de-

tectors

We use the ZF-DFD description of V-BLAST detection algorithm. The performance
of ZF-DFD is limited by the error propagation of decision feedback. Even though the
V-BLAST optimal ordering is employed, the diversity order of V-BLAST detection
is only one. This is because the V-BLAST detection is a greedy algorithm. It makes
a hard decision only on the “local” metric (1.20) without taking into account its
effect on the detection for subsequent symbols. We thus propose to combine the
constrained linear detectors in Sections 2.3.1-2.3.3 and ZF-DFD to let the detector
make hard decision less greedily. At each iteration, a “global” metric is used to make
decision on each symbol, which is obtained by the constrained linear detectors.

In the i-th iteration, we define R; =R(1:4—1,1:¢—1), r; = R(1:7—1,4) and
yi=Yy(1:i—1). For each z € Q, after cancelling z from y, the soft decisions for the

remaining Ny — 7 symbols can be obtained using the constrained linear detectors as
% = (RFR: + A,) 7' R (y; — r:z) (2.65)

where x; = [z1,...,%;-1]7 and A; can be obtained similarly to (2.53) and (2.57).
Since the solution to (2.49) or (2.55) gives a low bound on |r — Hx||?, the effect of
x on the decision metric for the remaining Ny — i symbols can be measured using
lly: — riz — Ri%;||%. The global metric for x is defined as
Mife) =lly: — rea — Resal + s — Rgal?
= [[(Tvpmi = Ra(RI R + A) 7RI (yi = r32) " + s — Rugal’. (2.66)
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In ZF-DFD, (1.21) is simply replaced by
%; = arg min M;(z). (2.67)
z€Q
The resulting detector is denoted CL-DFD. If A; = ¢2Iy,._;, (2.65) reduces to MMSE.
Though it does not give a low bound on |ly; — riz — Ri%;||?, the metric (2.66) also
measures the effect of z on the overall metric. Combined MMSE and DFD (CMMSE-

DFD) also improves the performance.

2.3.8 Polynomial constrained detector

Due to the finite alphabet nature of @, each z; € Q satisfies the polynomial equation

S

f(@) = [[@i—a) =0. (2.68)

k=1
The ML detection problem (2.2) can thus be relaxed as
min ||r - Hx|?

xeCNT
3

st. f(z:) = [[(z: —a) =0,i=1,...,Nr. (2.69)

k=1
Both the objective function and constraints are polynomial in x. For example, for
BPSK, f(z;) = (z; — 1)(z; + 1). To avoid the complex operation, Eq. (2.69) can be
transformed into a real problem as
_min, [[F - FI%]?
s.t. g"(R{z;}, {z;}) = Oand ¢'(R{x;}, S{z:}) = 0
i=1,...,Np (2.70)

where ¥ and H are defined in (2.59), g"(R{z:}, ¥{z:}) = R{f(z:)} and g*(R{z:}, S{z;}) =
S{f(z;)}, which are also polynomial in ®{z;} and {z;}. Specifically for decoupleable
constellations, i.e., QAM, (2.70) can be simplified as
min || — Hx||?
XERNT

s.t.g(%)=0,i=1,...,2Nr (2.71)

47

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



where Z; is the i-th element of X. For example, for 16-QAM, g(z) = (22 —9)(z2—-1) =
' — 10z% + 9.

We next show how to apply penalty function method to (2.71). Eq. (2.70) can
be solved similarly. The most common penalty function is the one which associates

a penalty proportional to the square of the constraints. We thus replace (2.71) by

1 2Np
TP TP ~\|d
(min |IF - HX|" + 5c ,-§=1 |l9(Z:)] (2.72)

where the positive scalar ¢ controls the magnitude of the penalty and d controls the
acceleration of penalty. If d = 2, it reduces to the usual penalty function in [38]. In the
following, we choose d = 2. Since (2.72) is a polynomial in X, the Hessian matrix of
(2.72) can be computed in a closed-form. The well-known Newton or Quasi-Newton
method can be used to solve (2.72). It can be initialized with the LS or MMSE

solution.

It seems logical to choose a large c to ensure that no constraint is violated. How-
ever, large ¢ may lead to numerical difficulties or ill-conditioning, and the search will
be trapped by the local minima corresponding to the LS or MMSE initial solution.
Consequently, the minimization is started with a relatively small ¢, and ¢ is increased
gradually. A typical value for c*+1)/cl*) is 5 [38]. If % is the true solution, ||f — HX|)?

is a chi-square random variable. The initial ¢ can be set to 202.

To overcome the ill-conditioning, the penalty function method can be combined

with the Lagrange multipliers. The so-called augmented Lagrangian function [38] is

defined as
. 2Np 1 2Ny
L My dang) = IF = BRIP+ 3" Mg(@) + 3¢ 3 lo@IP. (273)
i=1 i=1

The initial ); can be set to A§°’ = 0. After minimizing (2.73), [38] suggests updating
/\i as

A = 2B g () (2.74)
(

where :Z',-k) is the estimate of Z; in the k-th iteration.
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To avoid the trap of local minima when using the Newton method, we propose
a differential-equation algorithm inspired by the classical mechanics to improve the
detection performance. Let the function to be minimized in (2.72) be denoted as F'(x),
where  is omitted for brevity. We associate the following second order differential
equation with (2.72) [39]:
uffjt—f + ﬂ(t)% +VF(x) =0, (2.75)
where 4 is a positive constant, G(t) > 0 is a function, and VF(x) is the gradient of
F(x).

Eq. (2.75) represents Newton’s second law for a particle of mass 2 moving in RV7,
subject to the force —V F(x) given by the potential F'(x) and the friction —8(t)dx/dt

where ((t) is the time varying friction coefficient.
Let the initial values for (2.75) be

dx_

x(0) = xo, 7 = Vo (2.76)

Typically, xq is chosen to be the LS or V-BLAST solution and wy = 0. We numerically
integrate the differential equation (2.75) with the initial conditions (2.76). Eq. (2.75)

can be rewritten as first order equations as

dx dw

i —B(tyw — VF(x). (2.77)

Applying numerical integration to (2.77), we have
hnWni1 =Xpq1 — Xp
w(Wop1 — Wy) = — hpBow, — h, VF(x,) (2.78)

where h, is the time integration step at time instant ¢,. Note that the A-stable
linearly implicit method [39] can be used. However, it needs to compute the Jacobian

of F(x), which has high complexity.

At each time t,, we save the current potential F(x,), kinetic energy pw?/2 and
the corresponding location x,. The integration is stopped when the particle stops

moving or the maximum kinetic of K time steps is less than a threshold. The point
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with the minimum potential on the trajectory is output as the solution for (2.72). If
the maximum of |g(Z;)|? is larger than a threshold, c in (2.72) is increased gradually
and search again until the condition is satisfied. Due to the existence of the inertial
term or the second order term in (2.75), local minima of F'(x) may be overpassed.

However, this algorithm does not guarantee the global minimum.

Given the initial value By and B, > [y, the friction coefficient B, is kept constant
for the first 10 steps and then is doubled at each step until 28, > . If 28, > B,

Br is set to [, and it remains constant during the rest of the integration.

Given the initial value hg, the value of h, is updated by a factor of v. If the total
mechanical energy E, is increased, we choose v < 1 or v > 1. In the simulation, we

choose v from 1.6 or 0.6.

To keep the total complexity of the differential equations algorithm constant, we
can set the maximum number of time integration steps Ny, in the algorithm. The

integration stops after reaching Npax.

2.3.9 Simulation results

The error rates of our proposed constrained detectors are simulated for a MIMO
system with 8 transmit and 8 receive antennas over a flat Rayleigh fading channel. We
assume the receiver has perfect channel state information (CSI) and noise variance.
We use notation Chase-X to denote the combination of the detector X and iterative

correction in Section 2.3.4.

Fig. 2.11 show the BER performance of different constrained linear detectors in
a BPSK modulated system. We compare our detectors with SD [2] and the CLS
detector [24]. When all the linear detectors are applied to the complex system (2.1),
the CLS and CML perform close to MMSE. In high SNR, CML with g = 8 performs
better than MMSE. But the performance of all of them is inferior to the ML per-
formance achieved by SD. When the detectors are applied to the real system (2.45),
the performance of all the detectors improve. At BER=10"3, R-MMSE has a 0.5-dB
gain over R-CLS. Both R-CML with g = 4 and g = 8 perform better than R-MMSE.

50

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



10° E: Beiis B

-0- Chase-CLS
-0~ CML, g=4
107l - © R-CML, g=4

-5~ CML, g=8
- B-CML, g=8
~7~ Chase-CML, g=8 |-
-s| | &~ MMSE

-A- R-MMSE
~&- Chase-MMSE

— SO

1 L
0 5 10 15
SNR (dB)

Fig. 2.11. Performance comparison of constrained linear detectors in an 8 x 8 MIMO

system with BPSK,

They have 0.3 dB and 2 dB gain over R-MMSE, respectively. After employing the
iterative improvement to all the detectors, R-MMSE, R-CLS and R-CML with g =4
have 2 dB, 1.8 dB and 1.5 dB gains at BER=10"3. The detector R-CML with g = 8
improves by 1 dB at BER=10"4.

The BER of GMMSE [23] and different constrained linear detectors for 16QAM
is shown in Fig. 2.12. GMMSE performs worst among all the detectors. CML with
g = 4 has a 0.8 dB loss over MMSE at BER=10"2. In low SNR, CML with g = 8§ per-
forms better than MMSE, but they perform identically in high SNR. With the Chase
iterative improvement, R-MMSE, R-CLS, R-CML with g = 4 and R-CML with g = 8
have 2dB, 1.8 dB 1 dB and 1.2 dB gains at BER=10"2, respectively. Since the group-
wise hypercube constraint (2.49) is loose, the resulting performance improvement is

marginal. Tighter constraints are needed for high order QAM constellations.

Fig. 2.13 compares the BER of DFD and real DFD with different constrained
ordering schemes. BPSK modulation is used. The performance of V-BLAST and SD
is also shown in Fig. 2.13. We observe a dramatic performance improvement even

for the constrained DFDs on the complex model. At BER=10"2, the CDFDs and
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Fig. 2.12. Complexity of constrained linear detectors in an 8 x 8 MIMO system with
16QAM.
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Fig. 2.13. Complexity of constrained ordering decision feedback detectors in an 8 x 8
MIMO system with BPSK.
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Fig. 2.14. Complexity of combined linear and decision feedback detectors in an 8 x 8
BPSK MIMO system.

MMSE-DFD have more 3 dB gain over V-BLAST. Therefore, the CDFD and the
MMSE-DFD have a smaller noise enhancement compared to the ZF-DFD. When the
real constraint is imposed, R-V-BLAST and R-MMSE-BLAST perform close to SD at
high SNR. They both perform only about 0.2 dB worse than SD at BER=10"%. The
gap between R-CDFD with g = 8 and R-V-BLAST is 0.7 dB at BER=10"*. Since the
diversity order of R-V-BLAST is (Np + 1)/2, it performs well and the performance
improvement by using R-MMSE-BLAST is small.

We then present the results for combined linear and decision feedback detectors in
a BPSK system (Fig. 2.14). Clearly, our proposed CL-DFDs significantly improve the
performance, indicating their ability to mitigate error propagation. At BER=10"?,
the CL-DFD with g = 1 has a 4-dB gain over V-BLAST. The CL-DFD with g = 1
performs worse than the CMMSE-DFD. But the CL-DFD with ¢ = 8 has better
performance than the CMMSE-DFD. At BER=10"*, the CL-DFD with g = 8 per-
forms 0.5 dB better than the CMMSE-DFD. When the real constraint is applied, all
the detectors perform close to SD at high SNR. R-CL-DFD with g = 8 can almost
achieve the ML performance. However, the performance gain using our R-CL-DFDs

decreases compared to the complex case. For non-constant modulus constellations,
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the performance gain by using CL-DFD and MMSE-DFD is also significant. More

results are omitted for brevity.

Finally, we show the performance of our polynomial constrained detector, which is
denoted as "PCD”. The detector without maximum number of time steps constraint
is denoted as "PCD-Op” or it is denoted as "PCD-X", where X is Nya. The LS
detector and SD are used as benchmark detectors. The initial value for xq is chosen

as the LS solution.

Position

gt e e 3 <

1.5

-

o

o

Fig. 2.15. The trajectory of a particle for a 2 x 2 MIMO system with BPSK and 5
dB.

We first show a simple example of 2 x 2 BPSK system at SNR=5dB. Fig. 2.15
shows the trajectory of the particle (dash line) on a contour graph. The initial point
is set to xo = [1.5,1.5]T. Clearly, we can see the particle is not trapped by the local
minima around [1,1] and it stops at the global minima around [1,-1]. Fig. 2.16
shows the kinetic, potential and the total mechanical energy as a function of the time
steps. From the potential curve, we find the particle overpasses a local minima at
time step 20. In the end, the kinetic energy becomes zero as the particle reaches the

global minima.

Fig. 2.17 shows the BER performance of different detectors in a BPSK modulated
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Fig. 2.16. The energy of a particle as a function of time steps for a 2 x 2 MIMO
system with BPSK and 5 dB.

system with 8 transmit and 8 receive antennas. Our PCD has significant performance
gain over V-BLAST and LS. At BER = 10~2, PCD-Op has 4 dB gain over V-BLAST
and the performance loss over ML is only 2.2 dB. When PCD-40 is used to achieve
constant complexity, the performance loss over PCD-Op is less than 0.1 dB at BER =
10~2. However, the complexity of PCD-40 is roughly 15% of that of ML search. Given
a vector multiplication unit such as Matlab, the computation time of PCD is less than

that of SD, even though the total number of flops of PCD is more than that of SD.

The symbol error rate (SER) of different detectors for a 4 x 4 system with 16QAM
is shown in Fig. 2.18. Our PCD-Op still has a 5.8 dB gain over LS at SER = x10~.
However, the performance improvement is reduced compared to that of BPSK. In
high SNR, the performance gap between PCD-Op and SD is large. However, the
complexity of our PCD is only 1% of that of ML search. The diversity order of PCD-
Op appears to be one. The performance gain by using our PCD decreases since the
differential equations algorithm may also be trapped by local minima especially when

the constellation size is large.
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Fig. 2.17. Performance comparison of different detectors in an 8 x 8 MIMO system
with BPSK.

2.4 Multistage Sphere Decoder for High Order Con-

stellations

2.4.1 Multistage sphere decoding algorithm

Fig. 2.19 shows the block disgram of the multistage sphere decoder for 16QAM
systems. We denote the sphere decoder in Section 1.2.2 as single stage sphere decoder
(SSD), which computes all x’s that lie within a sphere of given radius. We use the

formulation (2.8).

For brevity, we only show how to apply the multistage sphere decoder to 16QAM
and a more general algorithm is given later. An arbitrary 16QAM vector x can be
uniquely expressed as x = v/2x; + v/2/2x,, where x;,x; € in". Similarly, let the
true transmit vector be x* = v/2x} + v/2/2x5. The problem of detecting % (2.2) is

equivalent to detecting two 4QAM component vectors as follows:
2

y — R(V2x; + £2“X2)

> (2.79)

[%1, %] = argmin
X1,X26Q, T

To begin, we need an initial approximation to the true signal x*. Let this be X =
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Fig. 2.18. Performance comparison of different detectors in an 4 x 4 MIMO system
with 16QAM.
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Fig. 2.19. The block diagram of the multistage sphere decoder for 16QAM systems.

V2% + V2/2%,. Using this, we do a partial interference cancelation as y, = y —
\/§/2Riz in the first stage. Note that we cancel X, first since any errors in X, will
be attenuated by V2 (see Eq. (2.79)). Whereas any errors in %, will be magnified by

V2. If xp = X3, Y2 is clearly sufficient to detect xj. We search x; that minimizes
ly2 — V2Rx, || (2.80)

However, X, # x3 in general, and minimizing (2.80) will likely give a wrong estimate.
Therefore, we use a LSD [30] to generate a list £ of the N ,q candidates X, that
make (2.80) smallest. The list size is between 4¥7 and 1, and is proportional to the
probability that the true solution x7 falls in the list. With a properly chosen radius

d, we can obtain £ with Ngnq candidates on average. To obtain a typical value of d,
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we note that for true x}
2

lly2 — V2Rxjj* = (x3 —%2) +n

?R (2.81)

where n is the additive Gaussian noise vector with variance o2. Since X, is correlated
with R and n, (2.81) cannot be treated as a chi-square random variable with 2Ny
degrees of freedom. The expected value of this random variable is denoted by E,
which can be obtained via simulation. As in {30], one possible choice of radius is
d? = kE, where k is chosen so that the average length of the list is Neynq. For typical
values of ¢2 and ¢, d? corresponding to Neanq can be obtained from simulation and
can be stored in memory for practical use.

In the second stage, for each candidate x; € £, the SSD(4, Nr) solves

2
. . 2
Xy = arg min |ly; - —\g—_-RXQ
x2€Q4T

(2.82)

where y; = y — vV2R%,;. This process provides Nygng pairs of [%;,%,] and the best
among them is selected as the output. Each time a %X for (2.82) is found with a %,
the search radius of the second stage is updated if ||y; — v/2/2Rx;|| is less than the

current radius.

Remarks:

e Our proposed multistage sphere decoder consists of an LSD(4, Nr) and an
SSD(4, Nr), which computes Neauq points of 4QAM vector pairs. Is our ap-
proach less complex than an SSD(16, Nr)? That depends on the difference of
the complexities of SSD(4, Nr) and SSD(16, Ny). For example, in the high
SNR region the difference of complexity is small, and our proposed multistage
sphere decoder is not more efficient than the SSD(16, Nt), while in the low SNR
region the difference of complexity can be large, our proposed algorithm is much

more efficient.

e The parameter N,q gives a tradeoff between complexity and performance.
When Ncang is small, the probability that x] € £ is low and the BER will

increase, while the complexity will decrease.
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e The initial estimate X, can be obtained via ZF, MMSE or V-BLAST.

e The performance of our multistage sphere decoder may be further improved
by using X, from the second stage SD to recompute the first stage output
Xi. This will result in an iterative multistage sphere decoder and will increase

computational complexity.

Our proposed multistage sphere decoder can be generalized to other constellations.
For example. a 64QAM vector x can be uniquely expressed as x = 2v/2x; + v2x; +
V2/2x3, where x; € Qf’T, i = 1,2,3. Therefore. the multistage sphere decoder
will have three stages. In the first stage, an LSD is used to generate a list of x;.
Another LSD is used to generate a list of x5 in the second stage. In the last stage,
an SSD is used to obtain the solution. Similar to (2.5), the 47-QAM constellation
can be represented as a weighted sum of ¢ QPSK constellations [27]. That is, for
s € M-QAM and s; € QPSK, 0 < i < ¢, we have

q-1 ; \/5
s=) 2 (7) 8. (2.83)

Hence the multistage sphere decoder for 47-QAM system has ¢ stages. For 29-PSK,
the multistage sphere decoder has q stages and consists of ¢ — 1 LSD’s. For brevity,

we do not give the algorithm in detail.

The complexity of a g-stage multistage sphere decoder Cysp < (Hf’;ll Neang,i +
g — 1)Csp, where Neand,; is the list size of the i-th stage and Csp is the complexity
of the SSD with 4QAM. Simulation results show that the multistage sphere decoder

achieves increased complexity savings for large constellations.

The multistage sphere decoder algorithm for 47%-QAM can be summarized in Al-

gorithm 2.

2.4.2 Simulation results

We now compare the multistage sphere decoder (MSD) with the SSD for a 16QAM,

uncoded MIMO system with 4 transmit and 4 receive antennas over a flat Rayleigh
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input :y, R, d.
output: The suboptimal x.

1 Compute the ZF solution % and decomposed it to X = }_7_, a:%;, where %; € QQ’ T
2 fork—1tog-1do
3 Ye =Y — Z,-# aiRx;;
4 Solve |lyx — axR%x||2 < r? with an LSD and insert each Xk into a list Lg;
5 end
6 for each (¢ — 1) candidates [X,...,%q-1] do
7 Solve
Xq = argmin |y, — a,,Rx,,l]2 (2.84)
Xq€ in T

with an SSD, where y, =y — E:.’;ll a;R%;;
8 end
9 Find the best g-tuple [%y,...,%,] and output X = Y°7_, ai%;;

Algorithm 2: Multistage Sphere Decoding Algorithm

fading channel. Only the flops of the search algorithm are counted without accounting
for the preprocessing stage. The initial radius d is chosen according to the noise
variance. Both the SSD and the multistage sphere decoder use the SESD [14]. The
initial detection uses the ZF-VBLAST.

Fig. 2.20 compares the BER of the SSD with that of the multistage sphere decoder
as a function of the number of candidates in the first stage Ncand. As Neang increases,
the multistage sphere decoder performs close to the SSD. As Ncang varies, its perfor-
mance varies between those of V-BLAST and SSD. The complexity of the multistage
sphere decoder increases as Neang increases (Fig. 2.21) and it is lower than that of
the SSD’s when the SNR is below a threshold. For instance, when Ncyna = 10, this
complexity crossover point is 17 dB. Fig. 2.21 also shows that the complexity of the
multistage sphere decoder is almost constant with specific Nunq, suggesting that its
complexity is polynomial for the whole SNR range in contrast to the conventional SD.
The major drawback of our multistage sphere decoder is that the complexity needed
to achieve near ML performance increases with increasing SNR. Thus our multistage
sphere decoder is suitable for the low SNR region, where it can be combined with an

outer code to achieve low BER.
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Fig. 2.20. BER comparison with different Nga,q for a 16QAM MIMO system with

4 transmit and 4 receive antennas.

2.5 Conclusion

In this chapter, we have proposed a unified framework for MIMO detection. Our
GFD generalizes the classical feedback decoding for convolutional codes. The GFD
varies between SD and V-BLAST in terms of both complexity and performance. By
deriving the union bound for the symbol error probability of the GFD, we showed
that it achieves an arbitrary diversity order between 1 and N and different SNR gains.
We also established the connection between MIMO detectors and tree search algo-
rithms. Moreover, a shared computation technique was proposed to further reduce
the complexity. We also considered the relaxation approach to the MIMO detection
problem. A class of constrained linear detectors and a class of constrained decision
feedback detectors were developed. A polynomial constrained detector was also pro-
posed and solved using penalty function and differential equations. For high order
constellation applications, we derived a multistage sphere decoding algorithm, which
exploits that many higher-order signal constellations can naturally be decomposed

into several lower-order constellations.
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Fig. 2.21. Complexity comparison with different Ncanq for a 16QAM MIMO system

with 4 transmit and 4 receive antennas.
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Chapter 3

Blind Decoding for Orthogonal
Space-Time Block Codes

This chapter considers the efficient joint channel estimation and decoding of orthog-
onal space-time block coded (OSTBC) multiple-input multiple-output (MIMO) sys-
tems over flat Rayleigh fading channels. This chapter is organized as follows. Section
. 3.1 introduces the system model and OSTBC. Section 3.2 derives a general maximum
likelihood (ML) blind decoder. Efficient solution for the decoder is also discussed. In
Section 3.3, the totally blind decoder and a superimposed training scheme are pre-
sented. Section 3.4 gives the minimum mean-square-error (MMSE) channel estimator.

Section 3.5 gives numerical results, and Section 3.6 concludes this chapter.

3.1 Introduction

3.1.1 Background

Space-time block coding (STBC) with orthogonal designs [7,40] is one of the major
techniques for multi-antenna wireless systems used to effectively utilize diversity gains.

OSTC achieves full transmit diversity and is amenable to simple ML decoding if the
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channel state information (CSI) is known at the receiver. However, a multiple antenna
channel is difficult to estimate and may vary rapidly due to the users’ mobility. CSI
estimation using pilot symbols will reduce the effective data rate. These factors have

motivated the blind detection for OSTBC.

In [41], a suboptimal blind detector (cyclic detector) has been proposed to approx-
imate blind ML decoding of OSTBC, which does not guarantee global optimization.
A subspace based decoder was proposed in [42], which does not show ML perfor-
mance. Recently, an efficient blind ML decoder using semi-definite relaxation (SDR)
was given in [43]. This SDR-ML decoder provides a substantially better bit error
rate (BER) than the former blind decoders. However, it is applicable only for binary
phase shift keying (BPSK), and also needs pilot symbols to solve the phase ambiguity.
All of these papers assume that the channel remains constant during several blocks.

In practice, however, the mobile channel is time-varying due to the users’ mobility.

In this chapter, we derive a general decision rule for the ML blind OSTC decoding
in a quasi static (QS) fading channel instead of assuming a constant channel over
several blocks. That is, we assume the channel remains constant for one block and
allow it to vary from block to block. However, for a more realistic study, we allow the
channel to fade continuously in the simulation. Using the linear dispersion property of
OSTBC, we show that the decision rule is a quadratic minimization problem. Instead
of using exhaustive search, we solve it using sphere decoding (SD) [2] or V-BLAST [1].
To solve the inherent phase ambiguity, pilot symbols may be transmitted. To improve
the bandwidth efficiency, a novel approach for totally blind decoding without any
pilots is presented using two different PSK constellations. A superimposed training
scheme is also presented. Moreover, we give a minimum mean-square-error (MMSE)
channel estimator and derive the Cramér-Rao bound (CRB). Power allocation is also

discussed in the end.
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3.1.2 System model

We consider a MIMO system with Np transmit and Ng receive antennas. Each
block of transmitted symbols has T time slots and time interval Tg. The symbols
transmitted during the nth block are denoted by the T x Ny matrix S[n| = [sy:[n]],
t=1,2,...,Tand i =1,2,..., Nr, where s;;[n] is transmitted by the ith antenna in
the t+ (n — 1)T-th time slot. For OSTBC, P symbols x[n] = [z1[n], z2[n),...,zp[n]]T
are transmitted in the nth block with the same average power E, = E{|z,[n]|*}. S[n]
is formulated using x([n], and has the property
P
8" [n)S[n) = ¢ ) |zp[n]*Iny, (3.1)
p=1
where ¢ = 1/r, and r = P/T is the rate of the code. The orthogonal property enables
simple symbol by symbol decoding at the receiver. For Alamouti code [40] or the G,
code of [7), Nr =2, P=2,T =2, c=1 and S[n] is given by

S[n]=< @i} @2ln) ) (3.2)

—z3[n] zi[n]

For the G3 and G, codes of 7], ¢ = 2.

The OSTBC can be alternately represented as [44]

P
S[n] = Z (ap[n]Ap + 3B,[n]By) (3.3)

p=1
where z,[n] = a,(n] + j0,[n] and A,, B, are called dispersion matrices [44], which
are specified by the OSTBC. Eq. 3.3 is the linear dispersion property of OSTBC. For

Alamouti code, we have

10 0 1
A-l = ) A-2 =
01 -1 0

(3.4)
10 01
Bl = y B2 e .
0 -1 10

We consider a frequency-flat Rayleigh fading MIMO channel and assume a rich

scattering environment. The received signal at the jth receive antenna at time slot ¢
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in the nth block can be written as
Nr
roiln] =) hajln)sialn] + wy(n] (3.5)
i=1

where h; j[n] denotes the path gain from the ith transmit antenna to the jth receive
antenna and w; ;[n] is the complex additive white Gaussian noise at the jth receive
antenna with zero mean and variance o2, The fading channel is assumed to be QS, i.e.,
channel variations within each block are negligible. All path gains are statistically
"independent (E{h;;[n]h} y[n]} = 0) and have the same time correlation function
Rp(7). Therefore, h; ;[n] has correlation Ry[m] = Ry(mTg). Typically, when Clarke’s
model [45] is used, Ry[m] is given by

Ry[m] = E{h; j[n]h;;[n +m]} = ot Jo(2mrmf,T) (3.6)

where o2 denotes the power of the path gain, Jy(+) is the zeroth order Bessel function
of the first kind, and f; is the Doppler frequency due to users’ mobility. Note that
the QS condition is met when f;T < 0.03. Eq. (3.5) can be written in matrix form
as

R[n] = S[n]H[n] + W|n| (3.7)
where R[n] = [ry;[n]] is the T' x Np receive matrix, H[r] = [h;;[n]] is the Ny X
Ng channel matrix, and W[n] = [wy;[n]] is the T x Ng noise matrix. The code

transmission format and channel are shown in Fig. 3.1.

3.2 Maximum-Likelihood Blind Decoder

This section derives a new general ML metric for blind decoding. The blind decoder
decodes the transmitted symbols in N consecutive blocks. We consider the sequence
fromn =k+1ton=k+N. Let R[k] = [R¥[k+1],R¥[k+2],...,R¥[k+ N]]* and
S[k] = [SH[k+1],S"[k+2],...,S" [k + N]|¥. The ML decision rule for the sequence

S[k] can be expressed as

S[k] = arg max f(R[K]|S[k]), (3.8)
S{k]
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Fig. 3.1. The transmission diagram of a space time block coded system.

where f(a|b) is the probability density function (pdf) of a conditioned on b. The
conditional pdf (3.8) can be calculated by averaging the pdf f(R[k]|S[k], H[k]) with

respect to the channel matrix H[k], which results in

1
(m¥Nr det(Cr[k]

F(R[K]|S[K]) = I exp (—tr (R¥[k]CR'[KIR[K])), (3.9)

where H = [HT[k + 1], HT[k + 2],...,HT[k + N]]JT and the conditional covariance
matrix Cglk] is given by

Crlk] =E{R[K]R"[k]|S[k]} = Sp[k|CHSE[k] + Nroplry (3.10)
Sp[k] is a block diagonal matrix
[ Sk +1)

Splk] = Sl +2] N (3.11)

S[k+ N] |

and Cy is the covariance matrix of the vector H. Cp can be represented as

Cu = Ng(CrL®1In,) (3.12)
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where ® denotes the Kronecker product and C;, is given by

[ RO R - RN -1] ]
Cr=| T [fl] R"_[OJ .5 . (3.13)
i Rh[—N-i-].] Rh[O]

In (3.1), when P is large (P > 4), Z:=1 |zp[n]|? ~ PE, using the large law of numbers.
Therefore

S#n)S[n] = TE,Iy,. (3.14)
For unitary constellations, ~ is =. Since det(Cg[k]) = det(CuSH[k]Sp[k]+Nrolln,n) ~
det(TE,Crlngn + Nrolln,n) is almost independent of Sp[k], (3.8) is equivalent to

S[k] = arg min tr (R”[k]CR [k]R[%]) . (3.15)
S[k]
Using the identity (A + BCD)™! = A~! — A-1B(C~! + DA-'B)"'DA!, (3.15)

becomes

S[k] = arg min tr (R¥[k](Irw — Splk](Nroh Cx! + S5 [*ISplk]) ' SH[K])R[K])

1
Sk VRO
=arg [n}a.x tr (R¥[k]Sp[k)(Nro?Cy' + SE[k|Sp[k])!SE kIR [K])

= argmax tr (R”[k]Sp k] CSH k] R[k])
Sk

(3.16)
where C = (Nro2Cy' + SH[k]Sp[k])~!. Using (3.14), C = D ® Iy, via Kronecker
product properties, where D = Npo2C; ! +TE,Iy with the (i, j)-th entry d; ;. There-
fore, (3.16) can be written as

S= arg max tr (Z Z d; ;RH| z]S[z]SH[J]R[J]>

i=1 j=1

N N
max Y Y dq;tr (R¥[]S[i)S [jIR[j]) (3.17)

i=1 j=1
where the second equality comes from the trace property. For brevity, we omit the

time index k in (3.17). If P is small so that (3.14) is not valid and z, is from a

non-unitary constellation, the ML decoder is given later.
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To further simplify (3.17), we note that tr(AB) = vec(A¥)7vec(B). For the
(¢,7)-th term

dijtr (R¥[]S[)SH [jIR[4]) = d; jvec(SH [i|R[i]) " vee(S [j]R[5]). (3.18)

Substituting (3.3) into S¥[§]R[j], we have

vec(S" [jIRI7]) = 3 aylslvec (ATRL]) — 36, l1lvec (BIRIj])

p=1

=Fslj (3.9)

where s[j] = [a1[j],...,ap[f],B:ls),...,Bplj]]T and F; = [vec(ATR[j)),...,

vec(ATR[f]), —gvec(BTRYH]), . .., —gvec(BER[]])]. Therefore, we can simplify (3.17)
as

§ = arg maxsT Gs (3.20)
where s = [s7[1],...,sT[N]]T and G is a positive semidefinite block matrix with the

('I.,])-th block [G]i,j = d{‘jFiHFj.

If the coherence time of the channel is larger than NTpg, the channel remains
constant during N frames. Using M-PSK constellations, all d;;’s are then equal,
and hence (3.17) reduces to the decision metric given in [43]. However, (3.17) is not

limited to BPSK as in [43].

Clearly, a phase ambiguity exists in (3.17). Take Alamouti code with M-PSK
(Qum = {e?™M} ' m =0,...,M —1) for example and let

e]21rk/hl 0
e= ke{0,1,...,M—1} (3.21)

0 e—]27rk/M

If S maximizes (3.17), it can be verified that S(Iy ® ©) also maximizes (3.17). There
are two possible ways to solve such ambiguity. Firstly, only one pilot can be trans-
mitted, i.e., z1[1]. This scheme has high bandwidth efficiency but it has so-called
code rotation problem [43]. Only a few OSTBC are identifiable. Hence a pilot block

should be transmitted for those rotatable codes, i.e., Alamouti code.
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Eq. (3.20) can be solved via SDR [43]. Here, we suggest the use of SD [2).
If zp[k]’s are from unitary constellations, s”s = PN. Therefore the maximization

problem (3.20) becomes
8§ = argmins” (nlpy — G) s (3.22)
8

where 7 is a constant. If 7 is larger than the maximum eigenvalue of G, pmax,
nlzpn — G is positive definite. Possible choices of 77 can be pmax + 02, Pmax + Pmin,
and tr(G), where ppi, is the minimum eigenvalue of G. We use the first choice in
the simulation. Let the Cholesky decomposition of nIopy — G be M. Eq. (3.22) can
then be reduced to

§= arg:nin |Ms||. (3.23)

The quadratic form (3.23) is similar to BLAST type MIMO systems. Therefore it
can be solved by using the V-BLAST (Section 1.2.1) or the SD (Section 1.2.2).

Note that for QPSK, each element of % is chosen from the set {—1,1}. However,
for M-PSK (M > 4), this does not hold. For any constellations, if a,[n] is fixed,
Byln] is restricted by the constellation. In SD, when a,[n] is assigned a value from
its candidate set, the candidate set for §,[n] is determined by the bound given by SD
and restriction in the constellation. The details of the complex SD is given in Section
5.3.

When z,[k]’s are not from a unitary constellation, let £max and &min be the max-
imum and minimum modulus of the constellation Q. Eq. (3.16) is equivalent to

minimizing

g1(s) = nPN — tr (R"Sp(Nro?CH' + S55p)'S5R)

(3.24)
where s is defined in (3.20). It can be proven that
gi(s) >sT (%Isz - G’) s = go(s). (3.25)
max

where the (i,7)-th block of G' is [G');; = dj ,F{'F;, d}; is the (i,7)-th entry of

1,7 1

D' = NgolC;' + T€2, Iy and F; is defined in (3.19). When using SD, we solve
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92(s) < gi1(s) < r2. All of the candidates that satisfy go(s) < r2 are found, and the
one that makes g;(X) a minimum is the ML solution. During the search, the bound

2 can be updated by g;(S), where § is a valid candidate within the hyper-sphere.

3.3 Totally Blind Decoders

3.3.1 Different constellations scheme

In [43)], pilot symbols are inserted to resolve the phase ambiguity. The non-identifiable
code needs a pilot block. These cause a bandwidth loss. In [46], two different PSK-
constellations are used to solve the phase ambiguity in blind OFDM detection, which

motivates the totally blind decoder in this section.

In the totally blind decoder, two different constellations are used in N consecutive
blocks. The two constellations are chosen such that the angles between a point
in one constellation and any points in the other constellation are different. QPSK
(Qq = {em™/2+7/4 m = 0,1,2,3}) and 3-PSK (Q; = {€”®™/3 m = 0,1,2}) satisfy
this property. For example, 3-PSK is used in the £ + 1,k + 3,...,K + N — 1 blocks
and QPSK is used in the remaining blocks. If S maximizes (3.16) and S[k + 1]© is
also feasible, it can be verified that S[k + 2]@ is invalid due to the use of different

constellations. Specifically, for Alamouti code, define

e e i 0
@, = . ],0,= oo (3.26)
0 e 0 e I +E)

Both S[k + 1)©; and S[k + 2]©, are valid. However, there does not exist a © that
makes both S[k + 1]© and S[k + 2]© valid. Therefore, (3.16) has a unique solution.
QPSK with 5-PSK and 8-PSK with 7-PSK also satisfy the property.

The 3-PSK and QPSK constellations pair is not optimized in [46]. We find the
optimal 3-PSK constellation is Q3 = {1,e”"/8,¢="/8} and the optimal QPSK is
Qq = {e™/2+7/4 m = 0,1,2,3} by taking into account the phase ambiguity.
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The binary bits are mapped to 3-PSK via a punctured convolutional encoder
in [46). Here we introduce a linear block mapping scheme. 3 binary bits are mapped
to two 3-PSK symbols, which consists of 9 tuples. The tuple (0,0) is not mapped and
therefore it has 0.17 bits loss. When performing ML decoding, this tuple is similar
to the parity check bits in linear block code, which can correct the error. Since the
gray mapping does not exist for the 3 bits mapping, we develop a quasi-gray mapping

scheme. After optimization, we find the suboptimal mapping is given by
100 — (1,€%), 010 — (1,e77%), 001 — (7%, 1),
000 — (7F,e%), 011 — (2%, e77%), 111 — (e7F, 1),
101 > (7%, &%), 110 — (7%, e7%). (3.27)

3.3.2 Superimposed pilots scheme

The superposition of pilot and data symbols has been proposed in [42,47]. However,
the scoring method for channel estimation in [47] can not achieve the CRB. We use
the superimposed pilots to resolve the phase ambiguity. The p-th transmitted symbol

in the n-th block can be represented as

zp[n] = nptpln] + /1 — Yo ptip[n] (3.28)

where t,[n] is the known pilot and u,[n] is a data symbol from Q. The coefficient v, ,,
denotes the percentage of the power allocated to training. Therefore, the s in (3.23)

can be written as

S = Plt -+ qu (329)

where t and u are formulated using the real and imaginary parts of t,[n] and u,[n)
as s, I'; and I’y are diagonal matrices with diagonal entries /7, and /1 — ¥,
respectively. Eq. (3.23) can then be simplified as

G = argmin |y — M'u|)? (3.30)
u

where y = —MTI';t and M’ = MTI,. It can be readily verified that there is no phase
ambiguity in (3.30) due to the non-zero y without sacrificing the bandwidth efficiency.
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3.4 Channel Estimation

After the data symbols have been detected using (3.23) or (3.30), the channel can be
MMSE estimated using S[n]. If the channel remains constant during N blocks, the
MMSE channel estimator is given by

. k+N P 52 =1 7 k4N
H= (c SN g+ 7,3) ( > S”[n]R[n]) : (3.31)
n=k+1 p=2 n=k+1

In this case, the CRB of the channel estimate for the joint channel estimation and

decoding can be derived as
NTN Ro‘ﬁdzg

RB =
© o2 + i€

(3.32)

where £ = 30T +1En is the total power transmitted during N blocks and &, is the
total power allocated to the n-th block.

When the channel is QS fading, the MMSE channel estimator becomes
2 2 2 -1 _
H = ($5nISoln] +02(C;' ®1n,))  SHIRIA. (3.33)

The corresponding CRB can be obtained as

CRB = NRtI‘ ((O'_?IE ® INT + C;l ® INT> ) = NRNTtI' ((a‘gE + C;l> )
(3.34)

where E = diag{&i+1,...,E+n}. A remarkable property of (3.32) and (3.34) is that
the CRB does not depend on the power allocated to the pilots or the location of
pilots due to the property of OSTBC. However, the training power determines the
SNR required to achieve the CRB. The more training pov-er, the lower SNR is needed.

However, from an information point of view, if the channel is almost constant
during the N blocks, the optimal power allocation scheme is &1 = Egqpa = ... Epqn =
E/N by maximizing the mutual information between the input and the output [47].
But, when the channel fluctuates severely, the optimal power allocation depends on
individual channels. To simplify system design, the equal power allocation scheme is

suggested.
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The estimated channel (3.31) can be used directly to decode the subsequent blocks.
Wiener filtering can be applied to (3.33) to predict the channel in the following blocks.
In addition, decision-direct algorithm can be used to update the channel. The blind
decoder is only needed to stop the error propagation caused by the decision-direct.

These will alleviate the computational complexity of the blind decoder.

3.5 OSTBC Decoding over Time-Selective Fading
Channels with Perfect CSI

In Sections 3.1-3.4, we have assumed that the channel is quasi-static. However, in
practical systems, this assumption may not hold even under normal vehicle speeds. In
Section 3.6, we will evaluate our blind decoder in a time-selective channel even though
the decoder is derived with quasi-static assumption. We also want to compare with
the ML decoder with perfect CSI. But in a time-selective channel, the ML decoding
of OSTBC is not simply symbol by symbol decoding.

In the following, we consider a time-selective channel. Since OSTBC with perfect
CSI can be decoded in each block or within T time slots, we omit the block index

and rewrite (3.5) as

Nt
Tt = Z hijt)ses + we,j- (3.35)
i=1
Eq. (3.35) can be written in matrix form as

r[t] = HT[t)s[t] + w[t], ,t=1,...,T (3.36)

where r[t] = [ry1,...,7eng)Ty SiE) = [su1,-- -, seng)T, H[ = [hij[t] and wit] =

[we,a, ..., we,ng]F. Using (3.3), we have
P
slt] = > (aaf, + i6,bi,) = Cltls (337)
p=1
where a;, and b, are the ¢-th row of A, and By, s = [, ...,ap,B1,...,0p]|T, and
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Clt] = [aT,,...,a],,jal,,...,jak]. Substituting (3.37) into (3.36), we get
rft] = HT[t|C[t]s + w[t], ,t=1,...,T. (3.38)

Assuming the additive noise is white Gaussian, the ML decoder for OSTBC is given
by

§ =argmin ) | [r[f] - H'{¢]Clt)s|]

t=1

= arg min || — Hs||? (3.39)
where ¥ = [r7[1),...,r7[T)}" and H = [C[1)TH[],..., C[T)TH[T)]".

Eq. (3.39) is also in a quadratic form similar to BLAST type MIMO systems. It
can thus be solved by using the V-BLAST detection algorithm (Section 1.2.1) or the
SD (Section 1.2.2).

3.6 Simulation Results

We consider the OSTBC Ny = 3 and P =4 [43]

I To I3 T4
—T2 Ty Ty —T3 . (340)

—T3 —=T4 T3 X2

The number of receiver antennas is Nz = 3 and the number of blocks is N = 8. BPSK
is used throughout the simulation. z;[1] is transmitted as a pilot to solve the phase
ambiguity. The SNR is defined to be 2E{||H||%}/N,. ML decoding with perfect CSI
using (3.39) is used as the benchmark.

We first consider that the channel remains constant for NV blocks. Fig. 3.2 shows
the BER versus SNR of various blind decoders, i.e., (3.23) with SD (blind SD), blind
SDR [43], blind cyclic [41] and blind subspace [42]. The blind SD and blind SDR
perform substantially better than the other blind decoders. At BER=1073, the blind

75

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



SD has a 0.2-dB gain over blind SDR. Compared with the benchmark, the blind SD
performs 2 dB worse, which is due to the differential mechanism behind the blind

decoder.

T Y
i1 8- Blind SO
-0~ Blind SDR

... { ~g- 8lind Cyclic
.. | =~ Blind Subspace

9 10
SNR (dB)

Fig. 3.2. BER versus SNR for different blind decoders with N = 8 and BPSK.

Fig. 3.3 compares the average complexities of different blind decoders. The flops is
used as the measurement since it is less dependent on the programming skills and the
hardware. The complexity of the preprocessing stage such as Cholesky decomposition
is also counted for blind SD. The complexities of blind SDR and blind subspace are
independent of SNR, while the other two depend on SNR. The blind SDR is the most
complex one, though its complexity is claimed to be O((NP)3%). The reason is that
the time constant is very large in blind SDR. In the observed SNR region, the blind
SD achieves the smallest complexity. Therefore, blind SD outperforms the other blind
decoders in both BER and complexity in that region.

The effects of channel variation on different decoders are shown in Fig. 3.4.
The Jakes’ model is assumed for the channel and f;75 = 0.005. The ML SDR
denotes solving (3.20) using SDR. The performance of the blind SDR, blind cyclic
and blind subspace decoders are greatly degraded due to the unsuitable model used.
At BER=10"2, the ML SD still has a 0.2-dB gain over ML SDR. However, the per-
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~@~ Blind SD

***1 -6~ Blind SDR

.......... IRTETRPPIP cieevesenen.. | ~57= Blind Cyclic
: : ~+—_Blind Subspace

SNR (dB)

Fig. 3.3. Average flops versus SNR for different blind decoders with N = 8 and
BPSK.

formance gap between ML SD and the benchmark enlarges to 2.8 dB, which is caused

by the QS assumption.

3.7 Conclusion

We have investigated joint channel estimation and decoding for OSTBC without CSI.
A general decision metric for a QS channel is derived. Our blind decoder results in a
quadratic optimization problem, and it can be efficiently solved using SD, V-BLAST
and SDR. Pilot symbols are needed to solve the inherent phase ambiguity. To save
the bandwidth, we propose two totally blind decoders using different constellations
and superimposed pilots. The MMSE channel estimator and its CRB are given in

the end. Power allocation issue is also discussed.
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Fig. 3.4. BER versus SNR for different blind decoders with N = 8, BPSK and
faTp = 0.005.
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Chapter 4

Efficient Detection of
Multiple-Symbol Differential
Unitary Space-Time Modulation

This chapter develops a class of optimal, reduced-complexity detectors for differential
unitary space-time modulation (DUSTM) called bound intersection detector (BID).
This chapter is organized as follows. Section 4.1 introduces the DUSTM. Section 4.2
first develops the BID for single symbol differential detection (SSD) and also presents
several algorithms for multiple-symbol differential detection (MSD). In Section 4.3,
MSD for DUSTM over Ricean fading channels is derived and discussed. Section 4.4

gives numerical results, and Section 4.5 concludes this chapter.

4.1 Introduction

4.1.1 Background

As can be seen in Chapter 2, the wireless communication system capacity can be sub-

stantially enhanced by employing multiple transmit and receive antennas. However,
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coherent detection needs perfect channel state information (CSI), which is difficult
to obtain in a fast varying mobile environment and/or in a multiple-antenna system,
motivating the development of noncoherent detection strategies. Differential space-
time modulation (DSTM) has thus received considerable interest [8-10]. Tarokh and
Jafarkhani [8] first proposed a DSTM scheme with orthogonal constellations, which
can be classified as a nongroup design, existing only for a limited number of antennas.
Hochwald [9] developed a general framework for DUSTM, where finite-group prop-
erties can simplify the transmitter modulation and constellation design; moreover,
diagonal signals, where only one transmit antenna is active at any time, exist for any
number of any number of antennas. The reader is referred to [9,10] for a thorough

treatment of DUSTM.

From [9], DUSTM generalizes the classical single-antenna differential phase-shift
keying (DPSK), and, similar to DPSK, DUSTM performs 3 dB worse than its coher-
ent counterpart. To improve the performance of single symbol differential detection
(SSD), multiple-symbol differential detection (MSD) has been developed for M-ary
phase-shift keying (M-PSK) signals transmitted over an additive white Gaussian
noise (AWGN) channel [48]. In MSD, N + 1 consecutive received samples are jointly
processed to detect N data symbols. For moderate NV, MSD bridges the performance
gap between coherent MPSK and MDPSK. The performance of ML-MSD improves
with increasing N, albeit at an exponential growth of detection complexity with in-
creasing N. Several low-complexity single-antenna MSD algorithms are developed
in [49-51]. Both Mackenthun’s algorithm and the improved version [51] only work
for AWGN or static fading channels and suffer a mismatch problem [52]. Lampe
et. al. [52] develop a fast detection algorithm using sphere decoding. Another low-
complexity approach, which performs worse than sphere decoding but better than
SSD, is decision-feedback differential detection (DF-DD) [63,54]. These papers treat

single-antenna systems only.

Naturally, attempts have been made to extend some of these detection techniques

to the multiple-antenna case. In (55], noncoherent DSTM receivers using MSD and
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DF-DD are developed to overcome the performance loss in fast fading channels. The
robustness of DF-DD to imperfect knowledge of channel parameters is investigated
in [56]. However, as the MSD decision rule in [55] is computationally too complex,
only the special case of diagonal signals is considered in [55]. A general decision metric
for MSD of DUSTM is derived in [57], which uses the Viterbi algorithm for detection,
resulting in high complexity for large constellation size L. In both [55] and [57], a
major thrust is to analyze the error performance of these schemes, as opposed to
developing efficient decoders. The first important paper dealing with this decoding
problem is by Clarkson et al. [58], which develops a low-complexity approximate
algorithm for the SSD of diagonal signals. Their main insight is to recognize that the
detection problem can be approximated as a closest vector problem (CVP) in a lattice,
as similar problems appear in number theory applications. They use the celebrated
LLL lattice reduction algorithm, named after Lenstra, Lenstra, and Lovasz [59]. This,
however, results in a suboptimal algorithm; moreover, it cannot be directly applied

for MSD. Throughout this chapter, we refer to it as the LLL decoder.

In this chapter, based on [55-57], we derive a decision metric for MSD of DUSTM
over a quasi-static (QS) fading channel. The main contribution is, however, a fast
exact ML detector, called bound-intersection detector (BID), for single symbol detec-
tion with diagonal constellations. Since the decision metric consists of non-negative
summands, using a bound, they can be used to generate candidate sets of the transmit
signal. The intersection of all such sets constitutes the whole solution space, which
is repeatedly pruned until the optimal solution is found. A key novel feature of the
BID is the use of the extended Euclidean algorithm [21], well-known for determining
the greatest common divisor (ged) of two integers, to generate the candidate sets.
While the ML-search complexity is exponential in the number of transmit antennas
and the data rate, our algorithm, particularly in high signal-to-noise ratio (SNR),
achieves significant computational savings over the ML algorithm. Interestingly, our
BID has lower complexity than the LLL decoder in high SNR (recall that BID is
ML while LLL is suboptimal). BID also forms the basic backbone of efficient MSD
algorithms; we thus develop four BID variants for MSD. The first two are ML and
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use branch-and-bound (BnB), the third one is suboptimal, which first uses BID to
generate a candidate subset and then exhaustively searches over the reduced space,

and the last one generalizes decision-feedback differential detection.

We then generalize the optimal decision rule to MIMO Ricean channels. To signifi-
cantly reduce this detection complexity, a suboptimal MSD-based DF-DD is proposed
using our BID. Although DF-DD does not achieve ML performance, it achieves sub-
stantial performance improvement over the conventional differential detector (CDD)
while its complexity is only linear in N. Furthermore, we combine the BnB principle
and BID and give a so-called sphere decoding bound intersection detector (SD-BID)
to efficiently solve the MSD problem, which offers ML performance. In the high SNR
region, the complexity of SD-BID is even lower than that of the DF-DD.

4.1.2 System model and differential unitary space-time mod-

ulation

We consider a MIMO system with Np transmit and Np receive antennas, and the

input-output relationship can be written as [9,10, 55,57
R[n] = S[n]JH[n] + W|n| (4.1)

where S[n] = [si;[n]] is the T x Nr transmitted matrix during the n-th interval,
and T is the number of time slots per block interval. s;;n] ¢ = 1,2,...,T and
j =1,2,..., Nr is transmitted by the j-th antenna in the i-th slot. R[n] = [r;;[n]]
is the T x Np received signal during the n-th block interval, and ; ;[n] is defined
similarly to s; j[n]. H[n] = [h; ;[n]] is the Ny x Np MIMO channel matrix during the
n-th block interval. W(n] = [w; [n]] is the T' x Ng noise matrix with independent
and identically distributed entries w; ; ~ CN(0,02) where o2 is adjusted to ensure a
given average SNR. Each time slot occupies an interval Ty, and the block interval is

Tg = T,T, both in seconds.

For a frequency-flat Rayleigh fading MIMO channel and a rich scattering envi-
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ronment (60], the entries h; ;[n] ~ CN(0,1) fori =1,...,Nrand j=1,...,T. The

autocovariance of the channel gains is given by
E {hi’j[n]h;"l,jl[n + m]} = i,,'l(Sj,leh [m] (4.2)

where d; ; is the Kronecker delta and R,[m] is the correlation function of h; j[n]. This
model describes spatially independent and identically distributed random channel
gains with the identical correlation function Ry[m]. The fading channel is QS, i.e., the
underlying continuous fading channel gain h; ;(t) remains constant over each block
interval, and hence h; j[n] is approximated by the mid-point sample of h;;(t) [57],
whereas the channel changes from block to block. Typically, when Clarke’s (Jake’s)
model [45] is used, Rp[m] = Jo(2nmf Tg), where Jo(-) is the zeroth-order Bessel
function of the first kind given by

:L‘2k

Jo(z) = k};(——l)k O (4.3)

and fy is the Doppler spread due to users’ mobility. Note that the QS condition is
met when f,T, < 0.03 [55].

For a frequency-flat Ricean fading MIMO channel, h; ;[n] can be expressed as the

summation of the direct component (hy): ;[n] and the scattered component (hs); ;[n]
hij[n] = (ha)ij[n] + (hs)ijln). (4.4)

Assuming the Rice factor K is common to all paths, K is defined as |(ha)i ;|2/ E{|(hs): 1%}
[61]. The autocovariance of the channel gains can be obtained similarly as (4.2). Eq.

(4.2) can be written as
R[n] =S[n](Hq[n] + H,[n]) + W/n] (4.5)

where [Hy); j[n] = (ha)ij[n] and [Hyli;[n] = (hs)ij(n]-

From [9], the transmit symbols S[n] are generated using a finite group V = {V;,l =
0,1,...,L — 1}, where V; is a T x Ny unitary matrix (V,V{ = Ir), and L = 2%,
where R denotes the data rate. We assume T = Nr, and Vo = In,.. NpR binary
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information bits are first converted to an integer [ € [0,L — 1], and V[n] = V, is

chosen from V. The n-th transmitted block is encoded as
S[n] = V[n]S[n - 1]. (4.6)

In the first block, S[0] = Vj is sent. The internal composition property of a group
ensures that S[n] € V, and is unitary for any positive n. Specifically, for diagonal

constellations, the unitary matrices V,; are chosen as
V= dlag {ej2mul/L’ e]27ru2l/L’ o ,6121ruNTl/L} (47)

where u;, i = 1,..., Np are optimized to achieve the maximum diversity product [9].

4.2 Reduced Complexity Differential Unitary Space-
Time Demodulation over Rayleigh MIMO Chan-

nels

4.2.1 Decision metric

We first derive the ML MSD metric for DUSTM over Rayleigh MIMO channels.
Since MSD estimates the transmitted symbols in N consecutive intervals given N + 1
received symbols, let us consider symbol intervals n = k to n = N + k. Let R[k] =
[RH[k],R¥[k+1],...,R¥[k+N]|7 and V[k] = [VH[k+1], VH[k+2],..., VH[k+N])H.
The ML estimate for V[k] can be expressed as

VIl = are max f(RIKI VK (4.8)
where f(a|b) is the probability density function (pdf ) of a conditioned on b. We define

wherthe covariance matrix of [h; ;[K],.. ., hijlk + N]|”
the ¢ Ral0]  Ra[l] --- Ra[N]
Gy = Rh[»—ll Rh.[O] (4.9)
Gz | Bl R,I.[O] .s (4.9)
Ry[-N] ... ... Ry[0]
84

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



and let A = (C, +02In41)"". Using the results of [55-57], (4.8) can be simplified as

V[k] —argmaxi NZH aijRe {tr (RH[2+I<:— 1] (Hﬁl V[m]) ) Rjj+k- 1]}

VIkl =1 =il m=it+k
(4.10)

where a;; is the (¢, j)-th entry of A. We normalize a;; with a, = maxi a1,
k=1,...,Nora, = QNN and denote @;; = —a; j/an, where || denotes the
largest integer less than or equal to z (the reason for this normalization will be clear

soon). Eq. (4.10) is equivalent to

R N N+1 k-1
Vik] =2 gmmz Z —a,JRe{tr (RH[1+A—1] ( H V[m]) Rij+k— 1])}

A4 L -y J=i+l m=i+k

N N+1 2

= argmin Z Z

VK = J=i+1

j4k—1
R[j+k—1] - (]‘[ V[m])R[i-i—k—l]

m=i+k

F
(4.11)

When the channel is static over the N + 1 blocks or equivalently Rp[n] = 1, it can
be readily obtained that @;; =1(¢=1,2,...,N,j=2,...,N+1and ¢ # j). Eq
(4.11) becomes

2

N N+l k-1
V[k]—algmmz Z Rj+k-1]- ( H V[m]) R[i+k —1]
VI =1 j=i m=i+k F (4.12)
When N =1, (4.11) reduces to
V[k + 1) = arg min |R[k + 1] = V& + R[]
V(k+1] (4.13)

Eq. (4.13) is the decision rule given in [9, Eq. (21)]. Hence, the differential detector
in [9] is still ML in a QS fading channel. If the normalization in (4.11) is not performed
as in [55,57], the decision rule will not reduce to {9, Eq. (21)] when N = 1. The
normalization will provide a tighter bound, as will be shown in the next section.
Eq. (4.12) can be interpreted as the summation of ML metrics between any two
received symbols within the N + 1 receive blocks. The non-negative summands in

(4.11) facilitate our efficient MSD algorithm in Section 4.2.2.
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If the channel changes in each time slot, the MSD metric is derived in [55] for
diagonal constellations. It can be readily verified that (4.10) reduces to (26) in [55].
Hence, the efficient detection algorithms in Section 4.2.2 can also be applied to the

noncoherent receivers in [55].

4.2.2 Reduced complexity single-symbol detection

To put the development of our new algorithm in perspective, let us briefly review the
problem and several previous contributions. The key idea of [58] is to convert the
decoding of diagonal differential constellations to the CVP in a modular lattice via
the cosine approximation (cosa@ &~ 1—a?/2). An n-dimensional lattice L generated by
a set of linearly independent vectors vy,..., v, € R¥ is the set L = {3 a;vi|a; € Z}.
Given a lattice L and arbitrary vector y, the CVP is to find x € L so that ||x — y||,
is the minimum where the distance is measured in {, norm 1 < p < oo. The shortest
vector problem (SVP) is the homogeneous version of the CVP (i.e., y is the origin).
Both these problems are known to be NP-hard. Recent results show the CVP in an
n-dimensional lattice to be NP-hard to approximate to within factor n¢/108'sn for
some constant ¢ > 0 [62]. Note also that [58, Eq. (12)] involves translation from a
modular fattice to a non-modular lattice. Such a translation has also been considered
in [63] and [64]. The celebrated LLL algorithm [59] is a polynomial-time algorithm
that approximates both the SVP and CVP to within a factor of 20, Thus the LLL
decoder [58] is faster than the ML exhaustive search, but the cosine approximation
and the LLL algorithm incur a performance loss. The CVP can also be optimally
solved by the well-known SD [13]. In [65], SD has thus been used along with the
lattice approximation of [58]. But note that the search space increases to LN in [65]
while the original search space is only L. In addition, the cosine approximation also
makes the SD solution suboptimal. Therefore, the direct application of SD is not
optimal in terms of both computational complexity and performance. We next derive
a novel, efficient SSD algorithm by combining bounding and the extended Euclidean

algorithm.
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The ML SSD rule (4.13) for diagonal signals can be written as

{ = argmin [R{k + 1] - VIRIH][}

(4.14)
where V is defined in (4.7). The cost metric in (4.14) can be expanded as
Nr Ng
= arg) min Z Z |7i,3lk + 1] — e?muat/ Ly, [k”
i=1 j=1
Nt Np
= arglmin Z Z |'I‘i‘j [k -+ 1“2 + IT‘,"J' [/C]lz - 2R€ {T:’j[k + 1]7‘,"j []C]eﬂm“l/l‘}
i=1 j=1
Nr
=arg] min Z A; — Bicos [(wil — ¢;)2n/L] = arg) min p(l)
i=1 (415)
where
Np
Ai = Iraglk + 10 + |roslk]
j=1
Ng
B; =2 Zr{,j[k + 1]r; ;]
j=1
Nr
¢; =arg (Z Ti,j[k + 1]T;'j[k]> L/27r. (4.16)
=1

We let the arg operation take values in [0,27) so that ¢; € [0,L). If [ is the true

solution, the cost metric (4.14) becomes

Nt Np
e= > |wi;lk+ 1] — et/ Loy, (k]2
i=1 j=1 (4.17)
where w; j[n] are the AWGN terms in (4.1). Note that e/o? is a chi-square random
variable with 2Ny Ny degrees of freedom. Therefore, we can choose a bound C to be

proportional to the variance of the noise as
C = ao? (4.18)

so that the probability that at least one candidate [ exists, which ensures that the

cost metric (4.14) is less than C, is very high:

NTNR--I —1:/2

' (NpNg) 2NrVr

de=1-¢ (4.19)
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where ¢ is set to a value close to 0 (e.g., ¢ = 0.1). Instead of searching all of the
0 <1 < L, we only search the values of ! such that ¢(l) < C. To find all of the I’s
that meet this condition, we note that ¢(l) (4.15) consists of Nr non-negative terms.
Thus a necessary condition for () < C is that each term of (4.15) is less than C, or

equivalently
A; = B;cos[(mod(ul, L) — ¢;)2m/L} < C,i=1,2,..., Nr. (4.20)

where mod (z, L) reduces z to an integer between 0 and L. Let us define the candidate
set £; = {l|A; — Bjcos[(mod(uil,L) — ¢;)2r/L] < C,0 < | < L}, i.e., L; consists
of all [ which satisfy the i-th term in (4.20). Note that when (4; — C)/B; > 1, L;
is a null set. If (4; — C)/B; < —1, all the integers in [0, L) are included in £;. The
problem at hand is to determine L; efficiently for all . Since cos@ is monotonically
decreasing between 0 to 7 and monotonically increases from 7 to 2w, and since cos 6

is an even function, we can readily show that (4.20) is equivalent to

]mod(uil,L) - (}5,! < p;i oOr L - P < |m0d(u,~l,L) — d),l <L,i= 1,2,...,Np

(4.21)
where
pi = 2—I;;cos“ (Ail;; C) , (4.22)
and cos™!(z) takes values in [0, 7]. Expanding (4.21), we have
—pi + ¢; < mod(u;l, L) < p; + ¢; (4.23a)
or L—pi+ ¢ <mod(u;l,L) < L+ ¢; (4.23b)
or ¢; — L <mod(u;l,L) < p; + ¢; — L. (4.23c)

Define S, = {l|—pi+¢: < mod(uil,L) < p;+:}, Sp = {{|L—pi+¢; < mod(wil, L) <
L+¢;} and S, = {l|¢; — L < mod(u;l,L) < p; + ¢; — L}. Since 0 < mod(uyl,L) < L
and 0 < ¢; < L, we have S, = {!| max(—p; + ¢;,0) < mod(w;l, L) < min(p; + ¢;, L)},
Sy = {l|L — p; + ¢; < mod(u;l, L) < L} and S, = {l|0 < mod(u;l, L) < p; + ¢; — L}.
Clearly, £; = S, U S, U S,, and exhaustive checking of (4.23) for all 0 <! < L is not

efficient. We next develop an efficient algorithm to determine £;.
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To do so, we first show how to find ! such that mod(u;l,L) = 1. Since u; is
relatively prime to L, the ged of integers u; and L is 1. The well-known Eztended
Euclidean Algorithm [21] computes the ged of u; and L, as well as the numbers d;
and k such that

udi+ kL =1 (4.24)

where 1 is the ged of u; and L. For the details of the Extended Euclidean Algorithm,
the reader is referred to [21]. To find mod(u;l, L) = n, we multiply both sides of
(4.24) by n, which yields

ui(nd;) + knL = n. (4.25)
Therefore | = mod(nd;, L) satisfies mod(w;l, L) = n. We are now in a position to

determine £;. Define

UBi=|¢i+p), LBi=[¢i— pi (4.26)
where [z] denotes the smallest integer greater than or equal to z, and |z] denotes
the largest integer smaller than or equal to z. We now find that

S, ={mod(nd;, L) | max(LB;,0) < n < min(UB;, L)}
Sy ={mod(nd;, L) | L+ LB; <n < L}
S. ={mod(n;d;, L) |0 < n < UB; — L}. (4.27)
Note that it can be readily verified that
mod(nd;, L) = mod((n + L)d;, L) = mod((n — L)d;, L). (4.28)
Eq. (4.27) immediately reduces to
S, ={mod(nd;, L) | max(LB;,0) < n < min(UB;, L)}
Sy = {mod(nd;,L) | LB; <n <0}, .= {mod(nd;,L)|L<n<UB;}. (4.29)
Therefore, we have
Li= 8.\ JS| JS. = {mod(nid;, L) | LB; < n < UB;} (4.30)

Let b; = [LB;,LB; +1,...,UB;]. The candidate set of ! for the i-th term of (4.15) is
given by
ﬁi = mod(dibi, L), i= 1, 2, ey NT. (431)
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Although the extended Euclidean algorithm is NP-complete [66], d; can be computed
before detection. Furthermore, (4.31) is a one-to-one mapping. For B = [0,1,...,L—
1], we can store M = mod(d;B, L) in memory and (4.31) can be accomplished by
L; = [M(LB;),M(LB; +1),...,M(UB;)].

The candidates that satisfy all of the Np equations (4.20) are chosen, i.e., the

candidate set is the intersection of all of the Np sets £; as

L=()L. (4.32)

i=1
Intuitively, the term in (4.20) with the largest u;, which typically is uy,., varies most
with the change of I. Thus, the element in £ that is closest to ¢, is searched first.
If no ! can make ¢(!) (4.15) less than the bound C, or equivalently if £ is a null set,
we increase the probability 1 — € (e.g., € = 0.12,0.13,...), adjust the bound C and
perform the same process again. If I* is chosen, C is replaced by the new cost ¢(l*),
and [* is deleted from the set £ (£L = £ — {I*}). All £; i = 1,..., Ny are updated
using the new bound C. In later iterations, (4.32) is replaced by

Nt
L=LnN (ﬂ c,-) , (4.33)

i=1
which avoids duplicate searches and reduces the search space. The process continues
until £ becomes the null set. The [ with the minimum cost is then the optimal solu-

tion. We call this optimal detection algorithm Bound-Intersection Detector (BID).

To further improve the BID performance, we note that each term of (4.15) has a

lower bound as
lbi = Ai - B,' Ccos [A¢,2’/T/L] ) 1= 1, 2, ceey NT (434)

where A¢; = ¢; — [¢;] and [-| denotes the nearest integer to its argument. Hence,

the lower and upper bounds (4.26) are updated to

Ai—C+ M gl )

UB; = |¢; + £cos‘1 (

2 B,’
Ai—-C+ ]
LB; = Rj},——%cos ( BZ_J =L ) . (4.35)
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Remarks:

e In high SNR, C is small. The £ in (4.33) usually contains only one element.
On the contrary, C becomes large in low SNR. The size of £ approaches L.

Therefore, similar to SD, the complexity of BID decreases with the increase of
SNR.

o If the normalization in (4.11) is formulated, /o2 in (4.17) is not a chi-square
random variable with N7Npy degrees of freedom. The initial bound C will be

loose and difficult to estimate.

e The dimension of the lattice formed in [58] is the product NrNp. Hence, for
a large number of receive antennas Npg, the complexity of LLL may indeed
be larger than that of a brute-force ML search which is linear in L = 2fNT,

However, our problem formulation (4.15) does not expand the search space.

e In [65), SD has been used to solve the DUSTM detection problem based on the
lattice formulation in [58]. But note that the search space increases to LT in

the lattice representation while the original search space is only L.

e The bottleneck of BID is the computation of Ny candidate sets £;, and since
they can be obtained simultaneously, the BID algorithm can be readily paral-
lelized, an attractive feature for the implementation on a float-point multiple-

processor digital signal processor (DSP).

The pseudo code of the BID is given in Algorithm 3.

4.2.3 Reduced complexity multiple-symbol detection

For the MSD of the diagonal signals, the search space increases to LV, and the

computation of the metric (4.11) is more complex than in the SSD case. Eq. (4.11)
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input : Received signals R[k + 1], R[k].
output: The optimal [.

1 Compute A;, B; and ¢;; € = 0.1;

2 Compute a using (4.19) and C = ao?;

3 fori+—1to Nrdo

4 if (A; — C)/B; > 1 then

5 l L = ¢; goto 16;

6

7 else if (A; - C)/B; £ —1 then

8 l L=(0:L-1)

9

10 else
11 I Compute LB; and U B; using (4.26) and £; using (4.31);
12 end
13 end
14 L= ﬂ,{i’l L;;
15 if £ == ¢ then
16 € = (.1¢; goto 2;
17 end
18 Sort L according to jmod(unyl, L) = ¢y |5 1* = L(1); lmin = 1*;
18 C = Rk +1] - Vi R} L= £ - {I'};
20 while £ # ¢ do
21 for i —1 to Nr do
22 if (A; — C)/B; > 1 then
23 I L = ¢; goto 33;
24
25 else if (4; — C)/B; < -1 then
26 | Li=@:L-1)
27
28 else
20 Compute LB; and U B; using (4.26) and £; using (4.31);
30 end
31 end
32 L=LnN ﬂf\_'__rl Li;
33 if L == ¢ then
34 return l,,;,;
35 end
36 I'=L(1); L=L-{lI"};
37 if |R[k+1] - V'R[k][|% < C then
3 | | C=IRE+1 = VIREIE lnin = 1%
39
40 else
41 l goto 33;
42 end
43 end
44 return l,;n;

Algorithm 3: Bound Intersection Detection Algorithm
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can be reduced to

=[lks1y besas o o oy L]
N N+l

= argmin ZZ

lk+l 1lk+2v'-|lk+N i=1 j=i+1

(Zj-l'k—l lm) 2
R[j + k — 1] — &, V=™ ™R + k — 1]

F(4.36)

where V) is given in (4.7). We next give four MSD algorithms which generalize the
BID algorithm.

4.2.3.1 MSD1

We first use BID for the SSD of the N block symbols, and the result is denoted by 1.
1is then substituted back into (4.36), and the cost is denoted by C. Note that (4.36)
is the summation of non-negative terms. The exhaustive search is performed. After
each of the (N + 1)N/2 terms in (4.36) is computed, the current cost is compared
with C. If it is larger than C, the search stops, and another candidate is tested.
When all the (N + 1)N/2 terms have been finished, the total cost is compared with
C. If the cost is less than C, C is replaced by this value, the current 1 is saved, and
the search continues until all of the L" possible candidates have been finished. The
best one is output as the optimal solution. This MSD is similar to a BnB algorithm.
Unfortunately, this algorithm is not very efficient when L is large and when the SNR

is low, making the initial bound C loose.

4.2.3.2 MSD2

The efficiency of our proposed BID is due to avoiding search of all 0 < [ < L. To
apply the same idea to MSD, we also begin by using BID for applying SSD for N
symbols over N + 1 blocks. The resulting 1 is then substituted back into (4.36), and
the initial bound is obtained as C. Since (4.36) is the summation of (N + 1)N/2

non-negative terms, a necessary condition for the cost (4.36) be less than C is that
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each term of (4.15) is less than C, in particular

”R[k + N] = ay_ iV VRIE+ N — 1]”2 <C, (@37

which is the SSD problem. The candidate set Ly, for [y can be found by using
BID. For every li41 in Lig+n, the bound for lgyn_1 can be improved to C — Byyn,
where Bpyn = ”R[Ic + N - VH¥R[k+ N — 1]“2. The candidate set Ly4n-; for
lk+n-1 can also be found by using BID. The similaf process continues for /. n_2, and

so on. When it comes to [y, the bound is updated as C — Zk+N B;, where B; is

i=m/+1
given by
= (i bm) 2
Bi= Y R[j+k—1]-a,;V;="=*""Rli +k - 1]
j=itl F (4.38)

When a set of 1 has been chosen, (4.36) is computed and compared with C. If it is
less than C, C is updated, 1 is saved and deleted from their candidate set, and the
candidate set for each [,, is updated by using the new bound. The process continues
until all of the elements in the candidate set have been searched. The output is the

optimal solution.

However, the initial bound can become loose with the increase of N and in high
SNR. In this case, the candidate set usually contains all of the {I’s. To overcome this
problem and further reduce the complexity, the idea similar to BID can be used to
find the lower bound of each term in (4.36), which can be obtained the same as in
(4.34). The bound for each [ can be further improved by using these lower bounds
(details omitted for brevity).

4.2.3.3 MSD3

We may use the output of SSD as a starting point of MSD. In [49], a reduced-
complexity detector is proposed for MSD of M-PSK. The key idea is to search for a

small candidate subset with the s > 1 largest symbol-wise metrics for pairs of received
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signals, and then search exhaustively over the reduced space of size s where N is
the number of M-PSK symbols. Similarly, for the MSD of DUSTM, we first modify
BID to do SSD for each signal I, (m = k+1,...,k+ N) and generate a candidate list
of the s > 1 smallest metrics — instead of returning only the optimal solution. This
can be accomplished by choosing a larger initial bound. If less than the s candidates
are found, the bound is increased until they are obtained. The sV N-tuples are
substituted into (4.36), and the one with minimum cost is output. When s is small,
the number of N-tuples to search is relatively small, and this significantly reduces
complexity. Furthermore, when testing all of the sV N-tuples, the BnB algorithm in
MSD1 can also be used to further reduce the complexity. Reference [49] shows that
when choosing s = 2, the performance of the reduced-complexity algorithm is nearly
ML. While ignoring the first stage BID, the complexity of the reduced-complexity
MSD is only (s/L)" of that of the ML search. The effectiveness of MSD3 in static

fading channels is verified in Section 4.4.

4.2.3.4 MSD4

The MSD problem (4.11) can be formulated as maximum likelihood sequence esti-
mation (MLSE). DF-DD [55] is equivalent to a decision feedback sequence estimator
(DFSE). In [67] and [68], a reduced-state sequence estimator (RSSE) is introduced to
reduce the number of states in MLSE. DFSE can also be viewed as a special RSSE.
Similarly, a reduced-state differential detector (RS-DD) can be used to solve (4.11)

as a generalization of DF-DD.

As a special case of DFSE in [67,68], RS-DD replaces li+1,. .., lk+ar with previ-
ously decided symbols fk+1, . ,ikm“ 0 £ M <N -1. The ML detection is then
performed for Iy ar41,- .., lk+n. Clearly, if M = N — 1, RS-DD reduces to DF-DD
in [55] and if M = 0, RS-DD reduces to MSD. For liyar41, .-, lken, MSD1 and
MSD2 can be used to reduce the complexity of exhaustive search. Therefore, RS-DD

or MSD4 gives a tradeoff between performance and complexity.
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4.3 Reduced Complexity Differential Unitary Space-
Time Demodulation over Ricean MIMO Chan-

nels

4.3.1 Decision metric

Similarly, we consider the sequence from n = k ton = k+ N. Let R[k] =
RAK), R¥[k+1],...,R¥[k+ N)|? and H[k] = [H7 K], H¥ [k +1],..., H¥ [k + N])¥.
The input-output relationship for the N symbols can be expressed as
R[k] =Sp[k)H[k] + W[k]
=Sp[k](Halk] + H,[k]) + W[k] (4.39)
where Sp|k] is a block diagonal matrix
EC

Splk] = Sike+1] 5 (4.40)

S[k + ] |

and FL,{K] = (HAH], Y o+ 1), ..., B [k NI, BL (K] = (K], k1) .. EET [
N, Wk] = (WHk], WH[k+1],..., WH[k+ N]|#. vec(R[k]) is a complex Gaussian
vector and the conditional pdf given Splk] is

1

f(R|Sp) = (777 det(C o)) exp {—tr (R — SpHy)"Cr'(R - SpHy)) }.
(4.41)

We ignore the time index k in (4.41) for simplicity. The autocovariance matrix Cp

is given by
Cr =E{RR"} = S§pCyS% + Npoln.n (4.42)
where Cy is the covariance matrix of H and can be represented as
Cy = Np(Cr®1In;) (4.43)
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where ® denotes the Kronecker product [69] and C,, is given in (4.9). Since S[n|’s
(n=k,k+1,...,k+ N) are unitary matrix, SpS¥ = In,.n. We have
Cr =SpCyS8j + Nro2lIn.n
=NpSp(Ch ® Iny + 02In.n)SH
=NgSp [(Ch + 02In) ® Iy, SP
=NpSp (C®1In;)Sh (4.44)
where C = Cj, + 62Iy41. The third line (4.44) follows the distributivity property of

Kronecker product. It can be readily verified that det(Cr) does not depend on Sp.

Therefore maximizing (4.41) is equivalent to minimizing
9(Sp) = tr (R — SpHy)"CR (R — SpHy)) . (4.45)
Note that
Cy! =NLRSD (Co®ly,) 'S8

1 - a _
=N_RsD (C'®Iy,)SE. (4.46)

The first equality comes from SpS# = In,.n (S£Sp = In,~) and the second equality
comes from the Kronecker product property (A ® B)™! = A-1 ® B! (A and B are
square nonsingular matrices) [69). We Cholesky factorize C~! as C~! = UHU, U is
upper triangular. Using the Kronecker product property (A®B)(C®D) = AC®BD,
C'®In, = (U®Iy) (U®Iy,) = UFU and U is also upper triangular. This
factorization needs to be done only once. After some manipulations and ignoring

constants, (4.45) can be simplified as
9(Sp) = ||[UH, - USER|? = || - USER|[% (4.47)
where Y = UHy = [Y#[k],YH[k + 1],...,Y#[k + N]]¥ and Y|n] is an Nr x Ng
matrix. The MSD for DUSTM over MIMO Ricean channels is given by
{8IK),....8k+ N} = argmin ||¥ -~ OSHR|[;. (4.48)
S[k],...S[k+N]eV
The transmitted signals can be differentially detected as

Vin] = S[n +1)8*[n] (4.49)
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When Np = Np = 1, the MSD (4.48) for MIMO systems reduces to the MSD for
single input and single output (SISO) systems.

Remarks:

e When K =0 = H,; = 0, (4.48) reduces to the decision metric in 4.11, corre-
sponding to the Rayleigh fading channels. When K — oo = 07 — 0, (4.48) is

equivalent to

{S[k], o Sk + N]} = argmin ||R ~SpHy|?% (4.50)
S[k},....S[k+N]eV

Eq. (4.50) corresponds to the coherent detection with perfect CSI. Similarly,
with different Rice factor K, the MSD decision metric (4.48) varies between

Rayleighv fading and perfect CSI cases.
o If N =2, we find that (4.48) reduces to the CDD [9] as
. ) S
V] = arg min |R[k] - VIKR[K]]. (4.51)
o If K # 0, the decision metric (4.48) is variant to a phase shift common to all the

components in Sp. Therefore different from the Rayleigh case, the exhaustive

search need to test all the LV candidate vectors instead of LV-1,

o Increasing K the MSD performs more like a coherent detector, which is linear
in N. But solving (4.50) needs exhaustively search over L. We need to use BID
to reduce the complexity for (4.50).

4.3.2 Reduced complexity multiple-symbol detection

We now present our sphere decoding bound intersection detector (SD-BID) to solve

the MSD (4.48). Like SD, we only examine the candidates that satisfy
Y - GSpR||> < R2 (4.52)
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Let the entries of U be denoted by u;;, ¢ < j. Taking the upper triangular and
Kronecker product structure of U into account, (4.52) can be written as

2

N N
SOV +d =) Sk + R+ || < R? (4.53)
Thus a necessary condition for (4.53) is
Y[k + N] - unnS[k + NJR[k + N] ||p < R? (4.54)
N

> (Ylk+i] - Zu,JS[k +jRk+4]| < R? (4.55)

i=N-1 j=i Fa

N 2:
SOIYIE+i] - Eu,,S[k +jR[k+4]|| <R (4.56)

i=1 ]—1 F

Conditions (4.54)-(4.56) can be checked componentwise. To proceed, we start from

S[k + N]. Using BID, we can obtain its candidate set
Iy = {v'1 I||Y[1c +N] —unyViR[E+ N[5 < R, 1€ {0,1,...,L — 1}} (4.57)

where V; is defined in (4.7). If S[k + N] is chosen from Zy, it is substituted into
(4.55). The candidate set for sy—; is

n 2
Inoi = {v’1 ”lY[k + N =1]—uyoy N1 VER[E + N — 1] — uy_1 48[k + N|R[E + N]”F < R,

le{0,1,...,L-1}}
(4.58)

After choosing S[k + j] for S[k + j] from their candidate set, i +1 < j < N. we

define
N 2
@, = (Ylk+m] - > ui;Sk+jR[k + ] (4.59)
j=m F
Ry =R, R =R, —-d,,i<m<N-1 (4.60)
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The candidate set for S[k + i] can be obtained as

N 2
I, = { Vi [[Y[k+4) = wii VIR[E +14] = > wi;S[k + j]R[k + 5]|| < RZ,
i=k
1e{0,1,...,L—1}}. (4.61)
When all é[k + 4] has found, all the R;’s are updated according to
Ry =|Y-USpR|%, RE=R , ~d%,,i=N-1,...,1 (4.62)

‘The same process continues until all the candidates meet (4.52) have been checked.
The best candidate is output as the ML solution. Eqs. (4.52)-(4.62) are identical
to the corresponding operations in SD. The only differences are in SD-BID we use
Frobenius norm and the candidate set is obtained using BID. If Ny = Ny = 1, the
SD-BID reduces to the SD.

The initial radius R can also be obtained according to the statistic of g(Sp) in
(4.45)
9(Sp) = tr (R — SpHy)"Cx'(R ~ SpHy)) . (4.63)
If Sp is the true solution, using (4.5), X = SH[k]R[k] — Hy[k] = H,[k] + SE[k]W[k] is
zero mean complex Gaussian with autocovariance matrix Cx = Cj+02Iy. Therefore
e = tr{X#(Cy, + 02Iy)"'X} is a chi-square random variable with 2N Ng Ny degrees
of freedom. As in (4.20), R? can be chosen to make the probability that e is less than
R? very high.

R? NNpNp—1,-z/2
/ d ° dr=1-e (4.64)
0

I(NNgNp)2NNp Ny
e can be reduced to enlarge R? to make sure that the ML solution can be found. The

initial radius here does not depend on the noise variance. Hence, we do not need to

estimate the noise variance.

The Schnorr and Euchner (SE) strategy [14] can also be generalized to SD-BID. In
each step, we not only find the candidate set Z; but also compute the corresponding
d? using (4.59) and store it in D;. Z; is sorted according to D;. The candidate with

minimum d? is searched first.
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Assuming correct decisions of Sk}, ..., S[k+ N — 1], the MSD for DUSTM (4.48)
can be readily modified to MSD based DF-DD by replacing S[k],...,S[k+ N —1] in
(4.48) with S[k],..., S[k+ N —1]. Our BID can be used to solve the DF-DD. We also
note that decision feedback sequence estimator is a special case of the RSSE {67, 68].
Similarly, a reduced-state differential detector (RS-DD) can be used to solve (4.48)
as a generalization of the DF-DD. Instead of assuming N — 1 correct feedbacks in
(4.48), RS-DD only uses M (0 < M < N — 1) decision feedbacks. S[k],...,S[k + M)
in (4.48) are replaced with S[k],...,S[k + M] and SD-BID is used for the N — M
dimensions problem. If M = 0, the RS-DD reduces to SD-BID and DF-DD when
M = N — 1. Thus, both the performance and complexity of RS-DD are between
SD-BID and DF-DD.

4.4 Simulation Results

We now provide and discuss simulation results. We assume a MIMO channel model
as described in Section 4.1.2 and generate the channel gains by sampling a continuous
fading process via the Jakes’ model [45]. We use the diagonal signals with parameters
u;, ¢ = 1,..., Nr from [58, Table 1]. The brute-force ML detector is referred to as ML
detector in the following. For coherent detection (CD), the transmit symbols S[n] are
estimated assuming perfect knowledge of the channel matrix H[n]. The information

symbols are recovered by differential decoding.

4.4.1 Rayleigh channels

We first show the results over Rayleigh fading channels. Fig. 4.1 compares the
performance of BID for SSD with that of ML and the LLL decoder [58] when N =
3,4,5, Np = 1 and R = 2. Our proposed BID performs exactly ML. At a BER of
1073 and Ny = 3, the LLL decoder performs 0.15dB worse than the ML decoder.
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Fig. 4.1. Performance comparison for Ny = 3,4,5 transmitter antennas, Ng = 1

receiver antenna as a function of SNR. The channel is static fading and R = 2.

When Np = 5, the performance loss by using LLL decoder increases to 0.5 dB at
BER=1073. As stated in [59], LLL achieves an approximation factor 29, which
is exponential in the dimension n, which agrees with our simulation results that the
gap between ML and LLL increases with the increase of Ny. Note that in [58] an
exact decoder is also proposed. This exact algorithm may be used together with LLL,
which increases the complexity by a factor of 2(Nr+UNr/4+Nt  Moreover, the exact

decoder incurs a performance loss due to cosine approximation.

Fig. 4.2 shows the complexity of BID in flops when N = 2,3,4,5, Np = 1 and
R = 2. We use the flops function (it provides an estimate of the number of floating
point operations performed by a sequence of Matlab statements) in Matlab to compare
the numerical efficiency of various decoders. We do not consider parallelization issues.
The LLL decoder follows exactly the one given in [58] without using their exact
algorithm. With the increasing SNR, the flops of BID reduce significantly (Fig. 4.2).
The ML and LLL complexities are almost constant, given in Table 4.1 for comparison.
In high SNR, our proposed BID is much more efficient than both ML and LLL while
offering ML performance. The flops required by the ML decoder is between 10 to
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Fig. 4.2. Complexity of BID for Ny = 3,4, 5 transmitter antennas, Ng = 1 receiver

antenna versus SNR. The channel is static fading and R = 2.

30 times of that of BID. With the increase of N7, the complexity gap between our
BID and LLL decreases while the performance gap increases. Note that DUSTM
is especially effective in this region [9], which is consistent with the more efficient

efficient region of BID, making it especially suitable for DUSTM.

Fig. 4.3 compares the complexity of BID and LLL with a fixed number of transmit
antennas Ny = 4, a different number of received antennas Ng and R = 2. In [58],

the lattice dimension increases as NyrNg. For large Np, the complexity of LLL on

TABLE 4.1

Complexity comparison for ML, LLL and BID in flops.

ML LLL BID (25dB)
Nr=3, Ng=1, R=2 2469 720 214
Np=4, Np=1, R=2| 13312 2561 572
Nr=5, Ng=1, R=2| 66560 8462 2341
Nr=6, Ng=1, R=2| 344064 19864 14765
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the naive lattice formulation is much more than that of BID. However, we compare
the LLL for our formulation (4.15) which only has Ny terms regardless of Np. The
complexity of LLL is almost independent of Np, and the complexity difference is due
to the preprocessing step. Interestingly, in low SNR, the complexity of BID decreases
for large Ng, while the complexity of BID increases in high SNR. Each term in (4.15)
is a combination of Np terms. In low SNR, a larger Np requires a larger value for each
term in (4.15), resulting in a smaller candidate set. Since we count the preprocessing
flops in computing A;, B; and ¢; in (4.16), larger Ny encounters higher complexity
to compute these parameters and the complexity is dominant by the preprocessing
step. In fact, the performance relates to the complexity in our BID. The probability
of finding the true solution reflects the tightness of the bound.

Fig. 4.4 illustrates the performance improvement of MSD for a static fading
channel. A MIMO system with Np = 4, N, = 1 and R = 1 is simulated. The
performance gap between N = 6 and N — oo is relatively small [55]. Hence, in
our simulation N = 3,6 blocks of received signals are collected for detection. Since
both MSD1 and MSD2 are ML, the performance of MSD2 only is shown in Fig.
4.4. The performance of MSD2 is compared with those of SSD, CD, DF-DD, MSD3
and MSD4. In MSD3 and MSD4, we choose s = 2 and M = 3, respectively. The
performance loss over MSD2 when using MSD3 is negligible even when s = 2, which
verifies the effectiveness of MSD3. The gap between DF-DD and MSD2 is also small.
At BER= 107%, the gap is only 0.2 dB for N = 3,6. When N = 3 blocks are used,
MSD2 has a 1-dB performance gain over SSD at BER= 1075, and when N = 6
blocks are used, the performance gain increases to 1.8 dB. MSD2 with N = 6 has
only a 0.8-dB loss over CD. Fig. 4.5 compares the complexity of different detectors
in a static fading channel] in terms of the average flops per block. In high SNR, the
complexity of MSD1, MSD2, MSD3 and MSD4 decreases, a common property of BnB
detectors since their performance depends on the noise variance or equivalently the
SNR. In high SNR, the complexity of MSD?2 is the lowest among all the detectors. The
complexity of MSD1 is high since it only performs naive BnB. The high complexity
of DF-DD is due to the computation of canceling the previous symbols, but DF-DD
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Fig. 4.3. Complexity comparison between BID and LLL for Ny = 4 transmitter
antennas, Np = 1,2,3,4 receiver antenna versus SNR. The channel is static
fading and R = 2.

cannot offer ML performance. Both MSD3 and MSD4 have lower complexity than
MSD1 and MSD2 in low SNR, and MSD3 and MSD4 perform better than DF-DD.
Therefore, MSD3 and MSD4 are suitable in low SNR, and MSD?2 is efficient in high
SNR.

In Figs. 4.6 and 4.7, the performance and complexity are compared for different
detectors with f;T; = 0.0075, and the other parameters are set the same as in Figs. 4.4
and 4.5. An error floor appears for SSD in high SNR. When N = 3, the performance
gap between MSD2 and DF-DD is 0.4dB at BER= 10~¢, and the gap increases to
1dB when N = 6 (Fig. 4.6). However, both MSD3 and MSD4 perform close to
MSD2. MSD2 has a 6.5-dB loss over CD with N = 3 at BER= 1075, but the loss
reduces to 2.5dB when N = 6. The complexity of different detectors as shown in Fig.

4.7 has similar properties as those explained in Fig. 4.6.

We compare the performance and complexity for different detectors in Figs. 4.8

and 4.9 with f;7 = 0.03, and the other parameters are the same as before. Note that
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Fig. 4.4. Performance comparison of Ny = 4 transmitter antennas, Np = 1 receiver

antenna with NV = 3,6 and R = 1 as a function of SNR. The channel is constant
within NV blocks.
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Fig. 4.5. Complexity comparison of Ny = 4 transmitter antennas, Ng = 1 receiver

antenna with N = 3,6 and R = 1 as a function of SNR. The channel is constant

within NV blocks.
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Fig. 4.6. Performance comparison of Ny = 4 transmitter antennas, Ng = 1 receiver
antenna with N = 3,6 and R = 1 as a function of SNR. The normalized Doppler
frequency is fyT, = 0.0075 and R = 1.

SSD exhibits a large error floor, which can be reduced by using both DF-DD and our
proposed MSD’s. MSD2 has smaller error floors than DF-DD. When N = 6, the error
floor is not observed for both MSD2 and MSD4 within the plotted SNR region. There
also exists a large gap between MSD2 and DF-DD. MSD4 performs close to MSD2;
for example, at BER= 10~", the performance gap is only 1.2dB. MSD3 also exhibits
large error floors, which can be reduced by increasing both s and N. Compared to
the case f4Ts = 0.0075, the performance gap between MSD2 with N = 6 and CD
increases significantly: almost 10dB at BER= 107%. Therefore, the performance of
all of the noncoherent detectors degrades with increasing f4Ts. The complexity of all
of the proposed MSD’s increases with increasing f;7s. This is because for large f;Ts
the coefficients @;; in (4.11) are far from 1. The bound given by computing (4.11)
will be on average larger than that in small f;T;. MSD2 still achieves the minimum
complexity in high SNR. In low SNR, MSD3 and MSD4 again have lower complexity
than MSD2. They are suitable in low SNR where the complexity of MSD?2 is rather
high.
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Fig. 4.7. Complexity comparison of Nr = 4 transmitter antennas, Np = 1 receiver
antenna with N = 3,6 as a function of SNR. The normalized Doppler frequency

is fgTs = 0.0075 and R = 1.
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Fig. 4.8. Performance comparison of Ny = 4 transmitter antennas, Np = 1 receiver
antenna with V = 3,6 as a function of SNR. The normalized Doppler frequency

is f4T, =0.03 and R = 1.
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Fig. 4.9. Complexity comparison of Ny = 4 transmitter antennas, Np = 1 receiver
antenna with N = 3,6 as a function of SNR. The normalized Doppler frequency
is fgTs = 0.03 and R =1.

In Fig. 4.10, we investigate the complexity per block of MSD2 as a function of
different N and the normalized Doppler f,T, with fixed SNR=30dB. When f,T, =
0,0.02, the complexity per block increases almost linearly as N increases. Different
fdTs results in different slopes, which is also due to the bound variation by coefficients
a; ;. When the normalized Doppler frequency is as high as 0.03, the slope is large at
first and then becomes flat with increasing N. Fig. 4.10 also suggests higher f;T,

will cause higher complexity.

4.4.2 Ricean channels

We now show the results over Ricean fading channels. Np = 4, Ng = 1 and rate
R =1 DUSTM is used as an example.

Fig. 4.11 shows the BER versus SNR for SD-BID, MSD based DF-DD (DF-DD),
with N = 3,6, fpT = 0.0075 and Rice factor X = 5 dB [70]. Compared with DF-
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Fig. 4.10. Complexity of MSD2 for Ny = 4 transmitter antennas, Np = 1 receiver
antenna with SNR=30 dB, R =1 and different normalized Doppler frequencies

as a function of N.

DD, the SD-BID has 0.1 dB gain (N = 3) and 0.4 dB gain (N = 6) at BER= 1074,
respectively. Both DF-DD and SD-BID can reduce the performance gap between
CDD and CD. The performance loss of SD-BID over CD is reduced with the increase
of N. When fpTp increases to 0.03, the gap between SD-BID and CD enlarges from
1 dB to 2 dB (Fig. 4.12). At BER=5 x 107, the DF-DD performs 0.6 dB and 1.2
dB worse than SD-BID. This agrees with the conclusion for SISO systems that the
gap between SD-BID and DF-DD enlarges with the increase of N. We also show the
performance of RS-DD in Fig. 4.12. When N = 6, M = 3, RS-DD has about a
0.6-dB gain over SD-BID with N = 3, both with 3 dimension’s exhaustive search. It
outperforms SD-BID by 0.2 dB when N =9, M = 3. RS-DD is a good candidate to

achieve good performance while still maintain reasonable complexity.

Fig. 4.13 presents the performance of SD-BID (N = 6), CDD and CD with
difterent Rice factor K. All the detectors perform better increasing K. The gap

between SD-BID and CD reduces with the increase of K and so does the gap between
SD-BID and CDD.
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Fig. 4.11. The performance comparison between SD-BID, MSD based DF-DD, CDD
and CD with N = 3,6 for DUSTM (Ny = 4, Np = 1 and R = 1) over flat
Ricean channels (fpTs = 0.0075 and K =5 dB).
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Fig. 4.12. The performance comparison between SD-BID, MSD based DF-DD, CDD
and CD with N = 3,6 for DUSTM (N7 = 4, Np = 1 and R = 1) over flat
Ricean channels (fpTp = 0.03 and K = 5 dB).
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Fig. 4.13. The performance comparison between SD-BID (N = 6), CDD and CD for
DUSTM (Nr =4, Ng = 1 and R = 1) over flat Ricean channels (fpTg = 0.03)
with different Rice factor K.

We compare the complexity of different algorithm in Fig. 4.14. We apply BID
to the CD. The complexity of SD-BID reduces as SNR increases. SD-BID is even
less complex than DF-DD in the high SNR region. In this region, SD-BID has both
complexity and performance gains. Interestingly, the complexity of RS-DD is less than
that of SD-BID. In RS-DD, the matrix U after deleting the corresponding columns
to the feedback signals is different from the U in SD-BID with the same size. The
diagonal terms of the matrix in RS-DD is larger than that in pure SD-BID. The

structure difference on the matrix offers more complexity savings.

Fig. 4.15 shows the complexity of SD-BID with the increase of K and different
fpTs’s. With the increase of K, the complexity of SD-BID reduces significantly as
SD-BID becomes CD when K — co. We can also see from Fig. 4.15 that smaller
Doppler frequency results in less complexity. Like the argument in RS-DD, the com-
plexity reductions with K and fpTp are both because of the change on the structure

of matrix U. It is a good example to show the effect of matrix structure in solving
CVP.
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Fig. 4.14. The average number of flops comparison between SD-BID, RS-DD, MSD
based DF-DD for DUSTM (Nr = 4, Np = 1 and R = 1) over flat Ricean
channels (fpTp = 0.03 and K =5 dB).
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Fig. 4.15. The average number of flops of SD-BID for DUSTM (Np =4, Np =1

and R = 1) over flat Ricean channels for different fpTp and Rice factor K.
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4.5 Conclusion

In this chapter, we have considered efficient algorithms for multiple symbol detection
of DUSTM over QS fading channels. The multiple symbol detection decision metric
for both Rayleigh and Ricean channels are derived. We have derived a novel detection
algorithm called BID for single symbol detection of diagonal constellations. This
algorithm is exact ML and substantially saves complexity, particulary in high SNR.
As well, an interesting and novel feature is the use of the extended Euclidean algorithm
for detection. For MSD over Rayleigh channels, we developed four detectors, all of
which are derivatives of the BID algorithm. MSD1 and MSD2 are both ML. MSD3
first generates a candidate subset for each ! via BID and exhaustively searches over
the reduced space. MSD4 generalizes the DF-DD. For the detection of DUSTM over
Ricean channels, we have proposed a SD-BID to efficiently solve the MSD. Several
efficient implementation issues were also addressed. Simulation results confirm the

relationship between Ricean fading, Rayleigh fading and perfect CSI cases.
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Chapter 5

Blind and Semi-Blind Data
Detection for OFDM Systems

In this chapter, we develop new blind and semi-blind data detectors for Orthogonal
Frequency Division Multiplexing (OFDM) systems. Section 5.1 describes the basic
baseband OFDM system model. Section 5.2 derives the blind and semi-blind data
detectors over frequency selective channels. In Section 5.3, we present efficient de-
tection algorithms for our detectors. We develop a cyclic prefix based power delay
profile (PDP) and noise variance estimation algorithm in Section 5.4. Section 5.5
generalizes our data detectors. Section 5.6 shows the simulation results and Section

5.7 concludes this chapter.
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5.1 Introduction

5.1.1 Background

OFDM is used for high data rate wireless local area network (WLAN) standards,
such as the Hiperlan and IEEE 802.11a, providing data rates of up to 54Mbit/s, and
considered for the fourth-generation (4G) mobile wireless systems and beyond [71].
The use of pilot tones for channel estimation [72-74] constitutes a significant over-
head or bandwidth loss, motivating the development of blind techniques for OFDM.
They use statistical or deterministic properties of the transmit and receive signals,
properties such as cyclic prefix (CP) and pilot induced redundancy, cyclostationarity,

finite alphabets and virtual carriers have been exploited [75-78].

Joint estimation of channel impulse response (CIR) and data symbols for OFDM
has not been investigated extensively. A maximum likelihood (ML) joint blind channel
and data estimator [79] exploits the finite alphabet property of modulation symbols
and the presence of virtual carriers (VCs). In [80], a blind channel estimator for block
fading channels is proposed using the super-trellis and the per-survivor algorithm,
which requires relatively high complexity. Recently, [81] also proposed a blind joint
channel and data estimator. The branch-and-bound principle is applied to solve a
nonlinear integer problem associated with finding the curve that fits a subchannel in

the least squares (LS) sense.

Note that many previous blind estimators typically use averaging over large num-
ber of OFDM symbols (up to several thousands in some cases). These estimators
thereby introduce a considerable latency into the overall system and they also re-
quire that the channel remains constant. Thus, estimators that require few OFDM
symbols are preferable, as they can operate over non-zero Doppler channels and do
not introduce an appreciable delay. The initial channel estimate can also be used for

data detection over several OFDM symbols (provided the channel variation is slow
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enough).

In this chapter, we develop new blind and semi-blind data detectors for OFDM
systems. For frequency selective channels, the semi-blind detector uses both channel
correlation and noise variance. The quadratic for the blind detector suffers from rank
deficiency, to which we give an efficient solution. Both the detectors are obtained by
posing the problem of the joint estimation of channel and data as a mixed discrete
and continuous LS optimization problem. By eliminating the channel from it, we ob-
tain a discrete integer LS problem (which has the same form for both the detectors)
for the data symbols. Exhaustive search of the solution space yields the ML solution
but has exponential complexity in the number of subcarriers and is computationally
prohibitive. Avoiding this problem, we solve our data detectors using sphere decod-
ing (SD) [2] and Vertical Bell Laboratories Layered Space-Time (V-BLAST) [1] and
provide simple adaptations of the SD algorithm. Our approach allows for substantial
computational saving over exhaustive search. Since the semi-blind detector requires
both channel correlation and noise variance, we propose a PDP and noise variance
estimation algorithm. We also consider how the semi-blind detector performs under
mismatch, generalize the basic data detectors to non-unitary constellations and ex-
tend them to systems with pilots and virtual carriers. An enhanced data detector is
also be derived by noting that for a given LS channel estimate, the true CIR can be
modeled as complex Gaussian with mean being the LS channel estimate itself. The
LS channel estimate thus gives a prior on the true channel and averaging the likeli-
hood function over the prior distribution gives the enhanced detector that mitigates

the effect of channel estimation errors.

5.1.2 OFDM baseband model

In an OFDM system, the source data are grouped and/or mapped into the symbols

from a constellation Q, which are modulated by inverse discrete Fourier transform

117

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



(IDFT) on N parallel subcarriers. The resulting time domain samples are

N-
\—}—_ZX e@rkn/N) - n=0,1,--- ,N -1 (5.1)
where
dp, kel
xx=! BoEE (5.2)
dip kely
and Xy = (5.2)
: P kel
of su

and Iy is the index set of data subcarriers with N, elements, I, is the index set
Ng+ N, = N. Note that Xy, £ =0,1,...,N — 1 are called OFDM input symbols.

We assume that all the di’s have the same power, i.e., E{|di|*} = E, and all the
E{|px[*} = E,. The symbols after IDFT is denoted as z,, n = 0,...,N — 1. The
term “OFDM symbol” denotes the entire IDFT output {xo, 1, ,Zn-1}. The input
symbol duration is T; and the OFDM symbol duration is NT,. These samples are
appropriately pulse shaped to construct the time domain signal z(¢) for transmission.
Typically, pilots X, k € I,, known a priori at the receiver, remain fixed from one
OFDM symbol to the next. In this pilot arrangement, N, < N. Alternatively, entire
OFDM symbols of pilots (N, = N) can be transmitted periodically. We focus on the

former, as it is more common in applications.

We assume that the composite CIR which includes transmit and receive pulse
shaping and the physical channel response between the transmitter and receiver may

be modeled as [29, p.802]
L-1
=Y h(r—m) (5.3)
=0

where by ~ CN(0,0}), 7 is the delay of the ith tap and L is the total number of
paths. The [03, -+ ,0%_,] and [ro, -+, 71-1] constitute the PDP. The received signal

after sampling is given by
Yn = Z MTp_g, + Wy (5.4)

where w, ~ CN(0,02) is an Additive White Gaussian Noise (AWGN), and d; =
|71/Ts] is the delay normalized by T,. For simplicity, we round d; to an integer
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without considering leakage. However, the detectors in this chapter may also be
extended to fractional d;. We assume perfect synchronization and that the channel
remains constant during each OFDM symbol, but it varies between OFDM symbols.
If the cyclic prefix is sufficiently long (N, > L), the post-DFT received samples Y}
are given as follows:

Y= HiXe+Wi, 0<Sk<N-1 (5.5)

where Hy = H(j2nk/N) is the complex channel frequency response at subcarrier
k, H(jw) is the Fourier transform of the CIR and Wy k& = 0,1,---,N — 1 is the
Fourier transform of w, and is independent and identically distributed (i.i.d) complex
Gaussian random variable (CGRV), each of which also has zero mean and variance
o2. Assuming 1, = Ty, we find H = Fph, where H = [Hy, Hy,--- ,Hy_y]T, h =

[ho, h1,+++ hr-1] € CL is the CIR and Fy is a N x L submatrix of DFT matrix F,

which corresponds to each channel path. We can vectorize (5.5) as
Y=XpF,h+W (5.6)

where Xp = diag{Xo, X1, ,Xn-1} is a diagonal matrix. Note that (5.6) is the

basis of our blind and semi-blind data detectors.

5.2 Blind and Semiblind Data Detectors

Using ML principles, we derive blind and semi-blind joint CIR estimators and data
detectors. The semi-blind detector is derived by assuming the availability of the
exact knowledge of channel correlation matrix and noise variance. Our use of the
term semi-blind is somewhat unconventional. Typically, semi-blind refers to the use
of one or more pilots. We use the term semi-blind to indicate that the detector needs

the knowledge of channel correlation and noise variance.
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5.2.1 Blind detector

Since W}'s in (5.6) are independent and identically distributed (i.i.d) Gaussian vari-

ables, the ML estimator of the channel (h) and transmitted symbols (Xp) is given

by

(h,Xp) = _argmin ||Y — XpFh|? (5.7)
hecL XpeQN

The minimization in (5.7) is a complex LS problem for h and an integer LS
problem for Xp. Given Xp (we assume that Xp= Xp) the channel response h that

minimizes (5.7) is given by the LS estimate

h= [(XDFL)” (XDFL)]—I (XpFL)HY. (5.8)

Substituting (5.8) into (5.7), we obtain

Xp _argmm ”Y XpFy [(XpFL)"(XpFL)]~ (XDFL)HY”2 (5.9a)
= argmin [t - XoFs (FIFL) " FEXE] Y”2 (5.9b)
= argmin YH [IN — XpFy, (FIF,)™ fog] Y (5.9¢)
= arg:nin x"YR [Iv - FLFY] Ypx* (5.9d)

where Yp = diag{Yy, Y1, +,Yn_1} and x € QV is the vector whose elements are

the diagonal elements of matrix Xp. Eq.(5.9b) is due to the use of the constant
modulus constellation M-PSK; Eq.(5.9¢) follows from the fact that the matrix Iy —
XpFy, (FY FL)—1 F#X# is an orthogonal projection matrix onto null(XpFL) and
the projection matrix has the property P? = P, and Pif = P;.

The rank of the matrix B = YH#(Iy — FLF¥)Yp is only N — L. Note that B
can be QR factorized as B = QR, where Q and R are unitary and upper-triangular,
respectively. Since the last L rows of R are zero, both the standard V-BLAST and
SD algorithms fail here. We next modify (5.9d) so that both SD and V-BLAST can
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be applied. Note that in [79], an approximate iterative LS projection algorithm is
developed to solve optimization problems similar to (5.9d). However, the convergence

of that algorithm is not guaranteed.

Using the constant modulus property (e.g., | Xi|> =1 for X € Q), x"YHYpx* =

iv___"ol |Yx|? is a constant. Therefore the optimization problem (5.9d) is equivalent to

Xp= argminx’ YHYpx* + xTBx*
xeQN

=argminx’ YH[(n + 1)Iy — FLFI]Ypx". (5.10)

xeQN

Since F FY is positive semi-definite matrix with non-zero eigenvalue 1, (7 + 1)Iy —

2
n

F.F# is a positive definite matrix if > 0. For simplicity, we let = &

Detector (5.10) can be solved via an exhaustive search over all M possible data
sequences, a search whose complexity is exponential in N and which is prohibitive
for all but small N. Therefore, we can use both V-BLAST (Section 1.2.1) and SD
(Section 1.2.2). Both the algorithms exploit the Cholesky factorization of a positive
definite matrix, which can be used for the blind detector (5.10) and the semi-blind

detectors developed in the next section.

Remarks:

o The blind detector (5.10) is known as the generalized likelihood ratio test
(GLRT) [82]. Similar approach has been used for joint ML channel estima-

tion and signal detection for single input and multiple output systems in [83].

o After Xp is estimated from (5.10), the LS estimate h can be obtained by sub-
stituting Xp into (5.8).

¢ Both x and xe’®, where ¢ € (0, 27), satisfy (5.10), which shows that the blind
detector (5.10) exhibits a phase ambiguity. This can be solved by using a pilot

tone.
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o Existing OFDM standards such as the IEEE802.11a incorporate pilot symbols
(84]. These pilots can be used to reduce the search space and solve the phase

ambiguity.

5.2.2 Semi-blind detector

This requires the knowledge of the autocorrelation matrix Ry of the CIR h and the
noise variance o2. We classify it as a semi-blind detector. From (5.6), h and W
are zero-mean complex Gaussian random vectors. The received samples Y} are also
zero-mean CGRV’s conditioned on Xp. The autocorrelation matrix of the received
signal is given by
Ry = E{YY"} = XpF R, FIXH 4 521y
= Xp(FLRyFH + o21y)XE, (5.11)
The determinant of Ry can be expressed as
det(Ry) = det(Xp) det(FLRAF] + 02Iy) det(XE) = det(FLRLF] 4+ 02Iy). (5.12)
Note that the determinant of Ry is independent of Xp if X} is from a unitary
constellation. Ignoring terms that are independent of Xp, the log-likelihood function
is given by
AY|Xp) = -YARJ'Y. (5.13)

As with (5.9d), maximizing the log likelihood function is equivalent to solving
Xp = argminxTYE(FLRAFY + 62Iy) 1Y px*. (5.14)
xeQN

Eq. (5.14) also results in a quadratic form in x.

Remarks:

1. Semi-blind data detection (5.14) also incurs phase ambiguity, as both x and
xe? satisfy (5.14) if e/ belongs to the M-PSK constellation. Pilot symbols are

thus needed and the search space hence reduces from QV to QNd,
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2. Semi-blind data detection (5.14) need not be performed every symbol. If the
channel remains constant for M symbols, the channel estimate h obtained in the
first symbol using (5.8) can be used to detect the data symbols in the remaining
M — 1 symbols.

3. The semi-blind data detector needs the knowledge of R, and o2, which may

not be known exactly. The resulting mismatch problem is studied in Section
5.5.1.

5.2.3 Enhanced data detector with channel estimation error

When the LS channel estimator is used with only a few pilots, the estimated CIR

becomes
h=(FIPEP,F,) ' F/PY,=h+h (5.15)

where Pp = diag{py,...,pn,}, Yp =Y (1), F, = F(Ip,:) is the N, x L submatrix
of F corresponding to the pilots and h = (FYPEP,F,) ™ FIPHAW. We can obtain

o;

R; = E{Hi) = o3 (F{PEPoF,) ™ =
P

(FHF,)™ (5.16)

where E, is the power of pilot symbols and we assume that all the pilots have the
same energy. If h is used to detect the data in the consecutive OFDM symbols with
one-tap equalization, performance loss can be high. This motivates enhanced data

detection given channel estimation errors.
Given the a priori channel estimate h, the true CIR h has a priori Gaussian
distribution as
1 R .
= —(h-=h)"R;Yh—h)}. .
P = iy O { (b - BRT (b - B} (5.17)
The received symbol vector Y (5.6) is also Gaussian but with mean XpFph and

covariance matrix o2Iy. The likelihood function for the unknown CIR h and X is
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given by

£(Y|h, Xp) = exp {_;12 Y - XDFthlz}. (5.18)
We average the f(Y|h,Xp) in (5.18) with respect to h with (5.17) resulting in the
marginal likelihood function f(Y|Xp). We next derive the characteristic function of

the following quadratic form

Q= |ly - Ax|? (5.19)
where A € C™™, y € C" and x ~ CN(u,R). Since z = y — Ax ~ CN(y —
Ap, ARA"), using Eq. (B-3-20) in [85, p. 595, the characteristic function of Q is

#(s) =Eq{e™*?} = / exp {—s||z|?} p(z)dz
1
Tdet (T+ sAFAR

) exp {—su”A” (sARAY + I)'~1 Ap - sy? (sSARAH + I)—1 y
+sy (sSARAY +1)7" Ap + suf A (sAPRA +1) - y} .
(5.20)
Let Q = |Y — XpFh|?. Substituting A = XpF,, u=hand R = R;, into (5.20),

we obtain

F(Y[Xp) = &

7TN det(a?‘IN + fongF[‘R,’l)
“YH(XpF R;FEXE 4+ 62I5)71Y + 2Re [Y” (XpFLR;FIXE + 021;) ™ xDFLﬁ] } .
(5.21)

exp {—ﬁ” (R; + on(FEXEXpFL)Y) ' h

If Xi's are unitary, det(c2Iy + FYXEZXpF R;) is independent of Xp.

Ignoring the terms independent of X p, maximizing (5.21) is equivalent to mini-
mizing
9:(X) =YH(XpF R FEXHE 4+ 6214)7'Y — 2Re [Y" (XpF RiFIXE +621,)7" XDFLH]

= “(FLR,-,FQI +o2ATY)E (FLﬁ - YDX*) |2

(5.22)
where A is a diagonal matrix with
E, kel
[A]k,k = ‘ (5.23)
E, kel,
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Substituting (5.16) into (5.22), we have

2 2
In

&
Eb

o2
an

9:(X) = y Fy, (FFF,) " F¥ + 02A~1)" (FLﬁ - YDX‘)

2

(5.24)

(FL (FFF,) 7 FY + B,A™) (Foh - YoX°)

Since the scalar E,/0% does not affect the minimum of (5.24), the enhanced data

detector is now given by

-

X = arg min, B2 (FIF,) ™ B + B,A—) (Fuh - YpX©)

2

(5.25)

Remarks:

1. Unlike (5.15), a remarkable advantage of the enhanced detector (5.24) is that
it requires neither Ry, nor o2. The only required parameter is the pilot energy
E,, which is known at the receiver. Therefore, no parameter mismatch problem

exists in (5.24).

2. The performance gain of (5.24) is obtained by using the statistics of the channel
estimation error and sacrificing the simplicity of one-tap equalization. When
more computational power is available, (5.24) saves the transmission bandwidth

and power, providing a tradeoff between complexity and bandwidth efficiency.

5.3 Data Detection Algorithms

The blind detector (5.10) and the semi-blind detector (5.14) can both be written in

a general form as

Xp = argminx7Gx* = | Mx*||? (5.26)

xe QN

where G is a positive definite matrix, which can be Cholesky factored as G = M# M.

Eq. (5.26) is the same as the data detection problem in (1.2) givenr = 0 and M = H.
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Similarly, the enhanced data detector (5.25) can also be written in the form (1.2).
Therefore both detectors can be solved via V-BLAST and SD. Details can be found
in Sections 1.2.1, 1.2.2.

In Section 1.2, we show that a system employing complex constellations such as
square QAM can be transformed in to a PAM modulated system. However not all
constellations can be decoupled into real systems (e.g., 8-PSK). In [30], a modified
sphere decoder is proposed to handle PSK constellations. But it involves the com-
putationally inefficient cos™! operation, slowing down the SD. We address here the
decouple algorithm can still be used to handle M-PSK and any other constellations.
Note that each element of x is constrained by the constellation. For a given R(z;),
the candidates for ¥(zy) are hence constrained. Let Qp = {R(z)lz € Q}. Let
Qr(z) = {Q(z)|z € Q,x € Qr}. Therefore z;, is selected from

(LB, UBy| N Qp k=2%3=01,...,N-1

. (5.27)
[LBy,UB\ N Q(zxo1) k=2i+1,i=0,1,...,N—1

where LBy and U By, are defined in Algorithm 1. Since Q;(z) can be pre-computed
for each = from Qg and be stored in memory, additional computational complexity is
avoided. This simple idea can be used to handle any constellations. The decoupling
for M-QAM can be viewed as a special case of our generalization because @Q;(z)’s are

the same for any x from Qg and Qr = Q;.

An important problem is how to choose the initial radius. For OFDM symbols
with M-PSK, we relax (5.10) and (5.14) as min x”Gx, xffx = N where the vector
x € CN. The Lagrangian £(x, A) for this minimization problem is £(x, \) = x”Gx +
A(x”x — N). The optimal X here is the maximum eigenvalue of matrix G and % is
the eigenvector corresponding to A\. We quantize X into a point in Q" as X. By

substituting % into (5.26), the initial radius is given by d? = X7 Gx.
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5.4 Power Delay Profile and Noise Variance Esti-

mation

The semi-blind data detector (5.14) needs the knowledge of channel autocorrelation
matrix and noise variance. The autocorrelation matrix is determined by the PDP.
Other than our semi-blind detector, in OFDM systems, noise variance and PDP are
needed for many algorithms such as MMSE channel estimation and ML frequency
offset estimation. Noise variance estimation is also required in many communication
applications such as adaptive modulation, turbo coding and others. In [86], a noise-
variance estimator is proposed that directly uses the receiver statistics. A subspace
approach is presented in [87] that uses the sample covariance matrix of the received
signal. However, both algorithms are data aided (DA) estimators, which constitute
a bandwidth loss. The estimation of the number of multipath gains and associated
time delays have been proposed in [88], where pilot symbols are also needed, and
channel multipath power and noise variance are required. In [89], a noise variance
and SNR estimator that uses training symbols is developed for multiple antenna
OFDM systems. Except for these contributions, no other non-data aided (NDA)

noise variance and PDP estimators for OFDM systems have been published to date.

We next develop cyclic prefix based NDA noise-variance and PDP estimators for
OFDM systems over multipath fading channels. The key is to use the fact that the
cyclic prefix contains the repeated samples which introduces a special correlation
structure on the received samples. The noise variance, the number of multipath taps,
and PDP are jointly estimated without pilots. The ML function for the estimated

parameters is derived, resulting in an ML estimator.

We consider multiple OFDM symbols in this section. Therefore the OFDM symbol
during the mth block interval is denoted as z,,(m) and the received signal is denoted as
yn(m). We assume perfect synchronization, and that the PDP is invariant within M

OFDM symbols. If there exists a synchronization error, a decision directed algorithm

127

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



may be applied using our proposed parameter estimators and the joint ML time and
frequency offset estimator in [90].

At the border between two OFDM blocks (—N, < n < 0), the received signal
samples can be written as

?/n Z hg.’L‘n_d‘ n d[ Z RN dl - 1)U(d1 - 77.) + wy, (m)

(5.28)
where U(-) is the step function. The correlation between each received signal sample

over the CP interval and its corresponding sample at the end of the OFDM block can
thus be given by

E{y-r(m)yy_x(m)}

ol + o’

_ L-1
- t0012(

0<kSNg—dL_1

—k—d) Ny—dy_y <k<N,—do (5.29)
0

where 02 = S/ o, and k = 1,..

respect to both h; and z,(m).

Ng-—d()(kSNg

., Ny. The expectation in (5.29) is taken with

When L is large, y,(m) can be modeled approximately as complex Gaussian

using the central limit theorem, and the probability density function (pdf) is given
by

exp (it
— (5.30)
m(oZ + o?)
Samples y_x(m) and yy_(m) are jointly Gaussian with pdf

f(yn(m)) =

fy_ i (mW2+lyn -k (mW2 2o R{y - (mIyfy_ (M)}
exp (- TR R )

2T+ (1= ) (5.31)

f-r(m), yn_i(m)) =

where

E{y_r(m)yy_r(m)}

o | By m) P E Q< (m) )
IL—O1 012 ( -k~ dl) (532)
Zz 2o 0f +a?
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Therefore, the proposed estimator is only approximate ML.

We use M OFDM blocks to estimate those parameters and assume that they
remain unchanged during the M blocks. Define p = [03,...,0%_;],d = [dy,...,dr-1]
and y = [y_n,(1),y-~n,+1(1),...,yn—1(M)]. Using (5.30) and (5.31) and assuming
the M OFDM blocks are independent, the log-likelihood function of y conditioned

on ¢?,p,d can be written as

A(ylo?, p,d)
M Ny N’
= Zlog (H f(y_k(m),y,v-k(m))Hf(yk(m»)
k=0
-M (Z ”" d + log(c(1 — p?)) + Z + log(c)> (5.33)
k=0

where N = N — N, — 1,

M
= [y-1(m)* + lyw—(m)?

ap =

M
by = Lzt Rk (m)}
M
XM ),
=T eTa o (5.34)

Since (5.33) involves many variables, to simplify the joint parameters’ estimation, we
take a suboptimal way. We first estimate ¢ by maximizing only the last sum in (5.33):

Sheo 9k _ Tio Yomey lus(m)f? (5.35)
N — N, (N = Ng)M - .

¢ =

From (5.35), we find ¢ is the time average estimation of o2 + ¢%, and hence an
estimate of ¢ is given by ¢. Substituting ¢ back into the first summation of (5.33) and

maximizing p individually, we get the estimate for p;, as the real root of the equation
28p° — bp* —2(8—ag)p—b=0. (5.36)
We then compute the value s; as

¢ k=1
o = PN ) . (5.37)
(PNg—k+1 ~ PNg—k+2)¢ k=2,..., N,

129

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



A threshold value is set as aé, where « is a constant less than 1. If s, > aé, it is
identified as a path; sy is the estimate of path power, and k is the estimate of delay
time. The number of paths is estimated as the number of s; that s > aé. We denote
the maximum delay time as dpa. The noise variance can thus be estimated as

Ny —dmax+1 ﬁk
a2 A k=1 v
o= ( N, — doe + 1) (5.38)

If we look directly at the structure of OFDM block, in the absence of noise,
Y-r(m) = yn—r(m) for k= 1,..., N, — dmax + 1. The noise variance can be obtained
alternatively as

M Ng—dmax+1
Zm=1 ka1 * |yN——k(m) "C‘,/—k.(m)l2

a2 __
7= OM(N, — Ao + 1) (5-39)
Using the results of (5.35) and (5.38) or (5.39), SNR can be estimated by
¢
SNR = =. (5.40)

Note that (5.39) can only be used to estimate o2.

Note that the SNR considered in this section is average SNR, which is averaged
over the channel, data and noise realizations. Our proposed algorithm cannot estimate

the instantaneous SNR, where a fixed channel is considered.

We now investigate the performance of our proposed estimators. We assume an
OFDM system using QPSK with N = 64 subcarriers, and CP length N, = 16. A L =
6 channel model is used. The power profile is given by p = [0.189,0.379, 0.239, 0.095,
0.061,0.037], and the delay profile after sampling is d = [0, 1, 2, 4,6, 8]. Each path is

an independent, zero-mean complex Gaussian random process.

Fig. 5.1 shows the probability of correct detection of the number of paths using
our proposed algorithm with different M. The threshold parameter is set to o = 0.01.

In low SNR, the paths with smaller power are dominated by the noise, and there may
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Fig. 5.1. The probability of correct detection of the number of paths.

be many paths larger than the threshold. Therefore, the number of paths may be
overestimated. The probability of correct detection increases in high SNR. With

increasing M, the probability of detection error decreases.

Fig. 5.2 presents the normalized mean square error (NMSE) of the channel
power estimation for the 3rd path (arbitrarily chosen), where the NMSE is defined as
NMSE = E{(63 — 02)?}/o3. The channel power is overwhelmed by the noise in low
SNR. In high SNR, the NMSE becomes constant since the number of paths cannot
be 100% correctly detected. The NMSE is improved by increasing M.

Fig. 5.3 shows the NMSE of the noise variance estimation using different estima-
tors, where the NMSE is defined as NMSE = E{(62 — 02)?}/o". The estimator using
(5.38) is denoted as ML, and that using (5.39) is denoted as direct estimator or (DI).
At low SNR, the DI method performs better than the approximate ML method since
the probability of d. detection is higher for the DI method. In high SNR, both
DI and ML perform identically. With the increase of M, the performance of both

estimators improve.
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Normalized MSE of Channel Power
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Fig. 5.2. The NMSE of the channel power estimation for the 3rd path.

In this section, we have presented noise-variance and power-delay-profile estima-
tors using the CP in each OFDM block. The correlation structure due to the use of
the CP has been exploited to derive our estimators, and hence pilot symbols are not
needed. A direct heuristic noise variance estimator has also been proposed. Simula-
tion results show that our proposed estimators provide an effective way to estimate
the channel parameters. The results in this section may be used to improve the

performance and reduce the complexity of channel estimators for OFDM systems.

5.5 (Generalizations

5.5.1 Semi-blind detector under mismatch

Even though we can estimate the channel covariance matrix R, and the noise variance
o2 using the algorithm in Section 5.4. There still exists residual mismatch. Hence,
we investigate the design of robust semi-blind detectors for R, and 2, while the true

values are Ry, and o2. In [72,73], the estimators against the mismatch are designed
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Fig. 5.3. The NMSE of the noise variance estimation using different estimators.

for the worst case, which is taken to be the uniform power delay profile (UPDP). We

follow their approach and consider a suboptimal criterion as follows:
E {Y"XD(FLRth + a,%I)-IXgY}
=E {h”Ff XA p(FLRAFY + 620 XEX pF h + WHX o (FLRAFY + &51)-1)‘(gw}
(5.41)

The second equality comes from (5.6). If the first term of (5.41) is independent of
R, the BER may be less dependent of the mismatch. Ignoring the noise variance o2
and letting AX = XZX . the first term of (5.41) can be written as
E {h”F;j XAX p(F RAFH + &51)-1ngDFLh}
~E {h”F‘,‘j AX”(FLRhF{’)-lAXFLh}
=E {h”Ff AXHF L (Ry)~IFY AXFLh} (5.42)

Since F¥ AXF|, is a circulant matrix, we assume the first row is denoted by ag,ay,- -+ ,a{L—

1). Eq.(5.42) becomes

L-1L-1 . .
la((é + j)mod L) - .
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If Ry () is UPDP or Ru(j) = 1/L, (5.43) is equal to L 47! la(2)]? which is indepen-

1=0

dent of f{h. Hence the detector is robust to mismatch with this choice of Ry.

5.5.2 Generalization to non-unitary constellations

The blind and semi-blind detectors can be extended to non-unitary constellations.

Instead of solving the optimal detector (5.7), the suboptimal blind detector solves

(h,Xp) = argmin ||X5'Y — F.h|? (5.44)
EECL,).(DEQN

where @ denotes the non-unitary constellation. The LS estimate of h is given by
h=FIX;'Y (5.45)
Substituting (5.45) into (5.44), we obtain
Xp = arg min YHXpH (Iv - FLFY) X5'Y
D

= argmin x”" Y} (Iy — FLFY) Ypx
xe(@- 1)V (5.46)

where Q™! denotes the constellation whose element is the inverse of the corresponding
element in Q. Eq. (5.46) can also be solved using V-BLAST and SD but it suffers

from performance loss due to the suboptimal detector (5.44).

For the semi-blind detector, we note that (5.11) is
Ry = XpF R, FIXE + 621y, (5.47)
Maximizing the log likelihood function is equivalent to solving
Xp = arg min YH (XpF Ry FIXE 4+ 021y) 7' Y
D
=argmin YHXGH (FLRWFY + 2(XpXE) ™) 7 X51Y. (5.48)
D

As in [72], we derive a suboptimal detector by replacing the term (XpXf)~! in

(5.48) with its expectation E{(XpXH)~'}. Assuming the same constellation on all
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the subcarriers, we have E{(XpXf)~!} = ply, where p = E{1/|z|?}. Therefore

the suboptimal semi-blind detector is given by

Xp = argmin x?YH(F,RFY + polIn)~1Ypx. (5.49)
xe(Q“l)N

For optimal detection of (5.48), we note that FLR;,Ff is positive semi-definite.
It can be readily verified that F R,F¥ + o2(XpXH)~! is positive definite. We use
the following definition from [69, p. 469].

Definition: Let A, B be Hermitian matrices. We write A > B if the matrix
A — B is positive semi-definite. Similarly, A > B means that A — B is positive
definite.

Let A = F R, FH+02(XpXE) ! B = F R, FY +pno2Iy, where p,, = max{1/|zi|?}.
It can be readily verified that B > A. Using Corollary [69, p. 471], we can obtain
A~! = B~ Therefore, for any x € (Q~1)V

xHYEB'Ypx < x¥YHA-'Ypx (5.50)

When applying the SD to (5.48), it find the minimum point among all the points
satisfying
xHFYEA'Ypx < 7. (5.51)

Using (5.50), we find the point minimizing (5.48) among all the points satisfying
xHYHEB-1Ypx < 72, (5.52)

Hence, the SD should be modified when the search goes to the bottom of the search
tree, the SD updates the radius r according to x¥ Y# A~'Y px instead of x? YEB-1Y px.

This gives the optimal solution.
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5.6.3 Time-varying channel tracking via decision feedback

Our proposed detectors may also be used for channel tracking if the channel remains
constant for ' OFDM symbols. For p = 1 (the first symbol), the initial channel
estimate fl(l) is obtained by blind or semi-blind detectors. For the remaining OFDM
symbols (p = 2,---,K), channel estimation may not be necessary. Instead, fl(l)
is used to detect p = 2,..., K OFDM symbols. Decision-feedback type iterations
can also be used to track a slowly-varying channel. For the pth symbol, the OFDM
symbol is detected using the channel estimate in the p — 1th symbol and is denoted
as Xp(p). The channel in the pth symbol h(p) is then updated as
-1

h(p) = [(Ro(@)FL)" Xo(@)Fo)] (Xo(p)Fe)"Y(p) (5.:53)

where Y, denotes the received symbols in the pth symbol.

5.6 Simulation Results

Simulation results are given for the proposed detectors. We consider a frequency-
selective slow Rayleigh fading channel with L Gaussian complex taps hy with o} =
E[|l|%) = o2e /5 forl =1, -+, L; and the six-tap COST 207 TU channel model [91],
which has the delay profile {0.0,0.2,0.5, 1.6, 2.3,5.0}1.s and power profile {0.189, 0.379,
0.239,0.095,0.061,0.037}. The channel output signal-to-noise ratio (SNR) is E,/Np.
An OFDM system with 32 subcarriers and binary phase shift keying (BPSK) is sim-
ulated. A training symbol is transmitted at the Nth subcarrier to solve the scaling
ambiguity. The performance of one-tap equalization with perfect knowledge of the

CIR - perfect channel state information (CSI) - provides the benchmark.
Proposed detectors are tested on OFDM systems with the above simulation pa-

rameters under different SNR over a 6-ary exponential PDP channel. Figure 5.4
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shows the MSE of channel estimation which is defined as

L

MSE = E {Z lhy — ﬁ,|2} . (5.54)

=1
The semi-blind detector (5.14) with the SD has MSE performance identical to that of
the blind detector (5.10) with the SD. In high SNR, the semi-blind detector with V-
BLAST performs close to that with the SD, while the blind detector with V-BLAST
still has a 1.2-dB gap over that with the SD at MSE= 5 x 10™4.

16" Sami-bind V-BLAST
.8 Blind V-BLAST

A
0 S 10 15 20 25 30
SNR (u8)

Fig. 5.4. MSE of the joint ML estimation of the channel response versus SNR. for
an OFDM system with N = 32 and BPSK in a 6-ray exponential PDP channel.

In Fig. 5.5, the BER performance of the OFDM system is compared with that
of the benchmark. Both detectors with the SD are within 0.5 dB of the benchmark
in high SNR. The performance of V-BLAST detection for the semi-blind detector
is comparable to that of the SD in high SNR. In low SNR, the gap between SD
and V-BLAST can be as large as 5 dB. The average computational complexity as a
function of the SNR is given in Fig. 5.6. Note that the complexity of the exhaustive
search is 1.81 x 10'3 flops while even for an SNR of 10dB all detectors’ complexities
are within 10° flops by using SD. The computational time can be saved significantly.
The complexity of both detectors increases with the increase of SNR. At 0dB, the
semi-blind detector is 32 times faster than the blind detector. The blind detector
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Fig. 5.5. Bit error rate of the joint ML estimation algorithm versus SNR for an
OFDM system with N = 32 and BPSK in a 6-ray exponential PDP channel.

has higher complexity than the semi-blind detector in low SNR. This is possibly
due to the inherent rank-deficiency in (5.9d) while the complexity is greatly reduced
compared with the exhaustive search in the first N — L variables [16] in the blind
detector. When the SNR is larger than 25dB, both the semi-blind detector and the
blind detector have identical complexity. The semi-blind detector is preferable in low

SNR when the channel statistics are known at the receiver.

We also compare the different algorithms over the COST 207 TU channel model,
described above. The channel is assumed to be constant for 100 OFDM symbols.
The channel is estimated using the first OFDM symbol, and the remaining 99 OFDM
symbols are detected using the channel estimate. Fig. 5.7 shows the BER of V-
BLAST and SD detection for the semi-blind detector and SD detection for the blind
detector. The blind and semi-blind detectors almost achieve the bound given by one-
tap equalization with perfect CIR. As shown in Fig. 5.5, the V-BLAST detection for
the semi-blind detector is comparable to that of SD. This result seems to contradict
the results given in [28], where great performance improvement is achieved by using

the SD. The reason may be that the order of the constellation is not very high.
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Fig. 5.6. The computational complexity versus SNR for an OFDM system with
N =32 and BPSK in a 6-ray exponential PDP channel.

The effect of semi-blind design mismatch is shown in Fig. 5.8. The semi-blind
detector is designed for UPDP and SNR=20dB and evaluated for a 6-ary exponen-
tially decaying power-delay profile. The BER of the robust design is compared with
perfect Ry, and 2. From the figure, the BER performance of the two detectors are

almost the same. This figure confirms the robust design criteria.

The performance of the blind suboptimal detector with SD and V-BLAST, the
semi-blind suboptimal detector with SD and V-BLAST, the semi-blind optimal de-
tector with modified SD are compared with that of the benchmark in Fig. 5.9 for an
OFDM system with N = 32 and the 4PAM constellation. The suboptimal detectors
are denoted by " Approx” in the figure. The suboptimal blind and semi-blind detec-
tors with SD and V-BLAST perform close in high SNR. But all of them have a 4-dB
performance loss at BER= 2 x 10~3. The optimal semi-blind detector performs close
to the benchmark in high SNR. At BER= 2 x 1073, it has only a 0.5-dB loss. In the
figure, we only plot the optimal semi-blind BER curve above 25dB. This is due to
the fact that the bound for x¥ YZB~!Ypx given by xY# A=Y px becomes weak

in low SNR and the complexity becomes exponential.
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Fig. 5.7. Bit error rate of the joint ML estimation algorithm versus SNR for an
OFDM system with NV = 32 and BPSK in a TU channel

The blind detector needs knowledge of the channel length L. If L is overestimated,
the effect of channel length overestimation is presented in Fig. 5.10. The simulation is
performed over a 6-ary exponential PDP channel. The blind detector is evaluated at
L = 6,8,10. The overestimation of L causes a performance loss in low SNR. However,
in high SNR, the performance loss is negligible. At BER=4 x 104, the detector with
L = 8 has less than 0.1dB loss over that with perfect L. When L increases to 10,
the gap is still less than 0.5dB. Therefore, our blind detector is insensitive to the

overestimation of L.

Fig. 5.11 compares the performance of the enhanced data detector (5.25) and the
one-tap equalization using pilot-aided channel estimates with estimation errors. A
3-ary channel is simulated. We simulate BPSK-OFDM at a data rate of 500 kbps
with different number of pilots. The pilots are uniformly distributed. At low SNR,
the enhanced detector performance varies slightly as the number of pilots increases
from 4 to 16. At high SNR, the enhanced detector performs virtually unchanged as
the number of pilots increases and it gains 1.6dB, 0.75dB and 0.2dB over one-tap

equalization with 4, 8 and 16 pilots, respectively. The enhanced detector performs
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Fig. 5.8. Effects of semi-blind detector design mismatch in an OFDM system with
N = 32 and BPSK. The channel is simulated using an exponential PDP. But in

the semi-blind detector, the uniform PDP is assumed

0.4 dB within the benchmark.

5.7 Conclusion

We have developed new blind and semi-blind data detectors and channel estimators
for OFDM systems. We also derived an enhanced data detector to mitigate the effect
of channel estimation error. Our data detectors are maximum likelihood and require
minimizing a complex, integer quadratic. The quadratic for the blind detector suffers
from rank deficiency, to which we gave an efficient solution. Since the semi-blind de-
tector uses both channel correlation and noise level, we have presented noise-variance
and power-delay-profile estimators using the cyclic prefix in each OFDM block. We
have also provided simple adaptations of the SD algorithm to handle M-PSK con-
stellations and to achieve reduced complexity. We considered how the semi-blind

detector performs under residual mismatch and generalized the basic data detectors
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Bit error rate of the joint ML estimation algorithm versus SNR for an

Fig. 5.9.
OFDM system with N = 32 and 4PAM in a 3-ray exponential PDP channel.

to non-unitary constellations. Simulation results show that the proposed detectors

perform close to the ideal case. They may also be extended to MIMO-OFDM sys-

tems and OFDM over fast fading channels. These applications are currently being

investigated.
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Fig. 5.10. The BER versus SNR for an BPSK OFDM system with N = 32 and

assuming different channel length L.
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Fig. 5.11. The performance of the enhanced data detector as a function of the

number of pilots for a BPSK-OFDM system with N = 32.
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Chapter 6

Conclusion

With the rapid growth of the wireless industry, there is a demand for low-complexity
receivers. Large potential for the complexity reduction of high-performance VLSI
signal processing circuits motivates the development of the efficient detection algo-
rithms. In this thesis, we have studied efficient detectors for MIMO and OFDM
systems, which is critical to achieve practicable solutions for next-generation wireless

communication systems.

In Chapter 2, we developed a unified framework for efficient data detection of
spatial multiplexing MIMO systems, which includes the well-known algorithms such
as ZF-BLAST (1], SD [2], combined ML and ZF-DFD [18] and the B-Chase detector
(19] as special cases. This framework provides a performance-complexity tradeoff.
We also considered the relaxation approach to the MIMO detection and presented
a class of constrained linear detectors and a class of constrained decision feedback
detectors. Moreover, a polynomial constrained detector was proposed and solved
using the penalty function approach and differential equations. Multistage sphere
decoder for high order constellation applications was also derived, which exploits the
fact that many higher-order signal constellations can naturally be decomposed into

several lower-order constellations.
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In Chapter 3, we derived an ML decision metric for blind decoding of OSTBC
in a quasi static fading channel by using the linear dispersion property of OSTBC.
The decision metric results in a quadratic minimization problem, which can be solved
using V-BLAST, SD or the detectors developed in Chapter 2. To remove the need of
pilots, novel approaches for totally blind decoding were presented using two different
PSK constellations and a superimposed training scheme. We also gave an MMSE

channel estimator and derive the CRB. Power allocation issues were also discussed.

In Chapter 4, we developed efficient detectors for DUSTM, where the detection
problem was formulated as a one-dimensional NP-hard problem. The BID was derived
for single symbol detection with diagonal constellations using the extended Euclidean
algorithm [21], well-known for determining the greatest common divisor (ged) of two
integers. Our BID achieves significant computational savings over the ML search,
especially in high SNR. We have also developed four BID variants for multiple sym-
bol detection of DUSTM. The first two were ML and used BnB, the third one was
suboptimal, which first uses BID to generate a candidate subset and then exhaus-
tively searches over the reduced space, and the last one generalized decision-feedback

differential detection.

We developed new blind and semi-blind data detectors for OFDM systems in
Chapter 5, which also result in a quadratic form in data symbols. We proposed a
cyclic-prefix based channel correlation and noise variance estimation algorithm for the
semi-blind detector, which requires both channel correlation and noise variance. To
mitigate the effect of channel estimation errors in pilot aided LS channel estimator, an
enhanced data detector was also derived by noting that the true CIR can be modeled
as complex Gaussian with mean being the LS channel estimate itself. The LS channel
estimate thus gives a prior on the true channel and averaging the likelihood function

over the prior distribution gives the enhanced detector.

Efficient receiver design is a hot research topic and has attracted great interest

in the wireless communications community. As such technology is making its way
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from the research labs into industry standards, it will play a crucial role in designing
next-generation wireless communications systems as well as reengineering existing
systems to obtain higher bandwidths. Therefore, we expect to see increasing interest
in this area. The study in this thesis only scratches the tip of the iceberg and many

important problems remain to be answered:

e In this thesis, we only discussed efficient data detection for uncoded systems.
However, in many practical systems, an error-correcting code is usually em-
ployed. The detectors proposed in this thesis may also be extended to coded

systems.

e While several relaxation approaches have been proposed in the literature, all of
them are not tight enough. Tight relaxation still remains an open problem in

both communications and optimization theory.

¢ In practical systems, super-orthogonal block codes can achieve higher data rates

[92]. It would be interesting to derive blind decoders for such codes.

e QOur blind and semiblind data detectors for OFDM systems may also be ex-
tended to MIMO-OFDM systems. Also, OFDM transmission over doubly se-
lective channels is a challenging problem. Low-complexity channel estimators

and equalizers may be derived for transmission over doubly selective channels.
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