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Designing spectral efficient, high-speed wireless links that offer high quality-
of-service and range capability has been a critical research and engineering chal-
lenge. In this thesis, we mainly address the complexity and performance issues of
channel estimation and data detection in multiple-input multiple-output (MIMO)
orthogonal frequency division multiplexing (OFDM) systems over time-varying
channels.

We derive the probability density function (pdf) expressions of the condi-
tion number (i.e., the maximum-to-minimum-singular-value ratio, MMSVR) of the
channel state information matrix of MIMO OFDM systems. It is shown that this
ratio is directly related to the noise enhancement in open-loop systems and provides
a significant insight on the system capacity.

A decision-directed (DD) maximum a posteriori probability (MAP) channel
estimation scheme of MIMO systems is derived. Error performance of a zero-
forcing receiver with the DD MAP and perfect channel estimates is provided and
compared. This scheme has a low complexity and can be applied to time-varying

Rayleigh fading channels with an arbitrary spaced-time correlation function.



We propose an iterative channel estimation and data detection scheme for
MIMO OFDM systems in the presence of inter-carrier-interference (ICI) due to
the nature of time-varying channels. An ICI-based minimum-mean-square error
(MMSE) detection scheme is derived. An expectation-maximization (EM) based
least square (LS) channel estimator is proposed to minimize the mean-square error
(MSE) of the channel estimates and to reduce the complexity of the implementation.
With the estimate of the channel and initially detected symbols, ICI is estimated
and removed from the received signal. Thus more accurate estimation of the channel
and data detection can be obtained in the next iteration.

An EM-based MAP channel estimator is derived by exploiting the fre-
quency/time correlation of the pilot and data sub-carriers. Performance comparison
is made between the proposed schemes and the ideal case — time-invariant channels
and perfect channel estimation. We optimize the data transmission by exploit-
ing the long term correlation characteristics. The transmitted data is successively
detected without an error floor in spatially correlated channels.

The algorithms proposed in this thesis allow low-complexity implementation
of channel estimation and data detection for MIMO OFDM systems over time-

varying fading channels, while providing good error performance.
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Channel Estimation and Data Detection for Mobile MIMO OFDM

Systems

1. INTRODUCTION

1.1. Background and Motivation

With the rapid growth of wireless communications, there has been an in-
creasing demand for high data rate communications in many applications, such as
wireless local area network (WLAN), wireless metropolitan area network (WMAN),
and home audio/visual (A/V) network. WLAN provides homes, businesses, and
campuses with enhanced opportunities to connect to the Internet outside the lim-
ited area covered by wired networks. In the last ten years, Wi-Fi, which includes
IEEE wireless standards 802.11, 802.11b, 802.11a and 802.11g, provides wireless ser-
vices in WLAN. Based on IEEE 802.16 specifications, worldwide inter-operability
of microwave access (WiMax) is emerging as a last-mile broadband wireless Inter-
net access solution. It provides wireless services in WMAN and it has the potential
to make broadband service available in regions where it is currently not feasible,
particularly in rural communities. Home A/V network involves wireless connection
of electronic and data devices for the convenient access to information and enter-
tainment. The main challenge of all these wireless applications is to support high
data rate of over one hundred megabits per second with limited bandwidth and
restricted power consumption.

Multiple-input multiple-output (MIMO) systems use multiple transmit and

receive antennas to create multiple spatial channels between the transmitter and



receiver. MIMO systems have been shown to provide high spectral efficiencies [1,
2], which offers the basis for increasing the data rate with limited bandwidth. If
perfect channel state information (CSI) is available at the receiver, the average
capacity grows linearly with the smaller of the numbers of transmit and receive an-
tennas under certain channel conditions. The major potential advantage of MIMO
is that signals at both the transmitter and receiver sides are processed in a way
such that either the quality measured by bit error rate (BER) or the data rate
of the system can be improved. The performance improvement of MIMO systems
can be assessed by diversity gain and spatial multiplexing gain. Diversity gain is
achieved by transmitting the same signal over multiple independent fading environ-
ments, e.g., time, frequency and space. Space-time coding (STC), space-frequency
coding (SFC), and space-time-frequency coding (STFC) are designed to exploit the
diversity gain. In [3], Alamouti proposed an orthogonal space-time block coding
for systems with two transmit antennas, which requires low-complexity decoding
and provides full diversity gain. Space-frequency codes that achieve the maximum
diversity gain and optimal coding advantage in frequency-selective MIMO fading
channels were proposed in [4, 5|. The upper bound for pairwise word error proba-
bility of space-time-frequency codes was derived in [6].

Spatial multiplexing gain is evaluated by the linear increase in capacity with-
out additional power or bandwidth resources. This gain is realized by transmitting
independent data streams from individual antennas to maximize data rates. V-
BLAST (vertical Bell Labs Layered space-time) proposed in [7, 8] is an effective
approach to achieve spatial multiplexing gain. However, the interference between
signals simultaneously transmitted from the multiple transmit antennas consider-
ably increases the detection complexity. The optimal detection scheme is maxi-

mum likelihood (ML) where the receiver compares all possible combinations of the



transmitted symbols with the observed ones. However, it suffers from significant
increase in complexity, which grows exponentially with the number of transmit
antennas. It could become prohibitive with many antennas and high-order mod-
ulations. Thus, several suboptimal detection schemes have been developed, e.g.,
zero-forcing (ZF) and minimum-mean-square error (MMSE). Both ZF and MMSE
can decouple spatial interference by matrix inversion. ZF detection scheme will
result in poor performance due to the large noise enhancement under certain ill-
conditioned channels. MMSE scheme enhances the detection accuracy by utilizing
the noise and interference statistics.

An open-loop MIMO is a system where the CSI is only required at the
receiver, while in the closed-loop MIMO, CSI is also required at the transmitter
as well. By exploiting CSI at both the transmitter and receiver, full diversity gain
and full spatial multiplexing gain can be achieved by eigen-beamforming. However,
feeding back CSI to the transmitter with limited delay and cost is not a trivial task,
especially for mobile communications for which the channel exhibits fast-fading [9,
10]. It is shown in [11] and [12] that the relative gain in capacity of closed-loop
systems over open-loop systems is significant at low signal-to-noise ratios (SNR),
but it converges to zero as SNR increases.

Orthogonal frequency division multiplexing (OFDM), a multi-carrier mod-
ulation technique, divides the wideband channel into many narrow parallel sub-
channels, thus increasing the symbol duration and reducing the inter-symbol-
interference (ISI) due to multipath [13-16]. OFDM has been used in digital video
and audio broadcasting, e.g., terrestrial digital video broadcasting (DVB-T), and is
a promising technique for future high data rate wireless systems. Demodulation and
modulation are efficiently implemented by means of fast Fourier transform (FFT)

and inverse fast Fourier transform (IFFT). To mitigate the ISI caused by the chan-



nel multipath spread, each block of IFFT coefficients is preceded by a cyclic prefix
(CP) whose length is at least equal to the channel length. The signal is orthogonal
under the assumption that the channel is time-invariant. It allows the system to
transmit data reliably in a time-dispersive, or frequency-selective, channel without
the need for a complex time-domain equalizer [17].

The combination of MIMO and OFDM has been designed to improve the
quality of service (QoS) and/or data rate of the system by exploiting the multi-
plexing gain and/or the diversity gain. Evolving wireless standards, such as the
mobile WiMax (IEEE 802.16e) and Wi-Fi (IEEE 802.11n), will employ multiple
transmit and receive antennas with OFDM modulation for increased spectral effi-
ciency and improved performance. However, the system performance relies on the
knowledge of CSI at the receiver. Perfect channel estimates can be obtained only
if the channel is noiseless and time invariant. Inter-carrier-interference (ICI) due
to the nature of time-varying and rapid channel variations makes perfect channel
estimates impossible in mobile channels [18-20].

CSI can be estimated by using either non-blind pilot assisted approaches that
a fraction of the bandwidth is allocated to the known training sequence or blind
approaches. The latter can be implemented by exploiting the statistical information
or the deterministic information of the transmitted symbol properties (e.g., finite
alphabet, constant modulus, etc.). Compared with the pilot assisted scheme, blind
channel estimation requires long time of data observation. A very slow convergence
rate limits the application of the statistical approach to mobile channels [21] and
the huge computation complexity due to the maximization operation restricts the
deterministic approach [22, 23]. For pilot assisted channel estimation scheme [24],
two pilot insertion patterns were considered: one exploits the frequency-domain

correlation by inserting pilot symbols on certain sub-carriers; the other exploits the



time-domain correlation by inserting pilot symbols on all sub-carriers at some time
slots. For slow-fading channels, the time-domain approach, owing to the slower
correlation decaying rate, requires fewer pilot symbols than the frequency-domain
approach. In [25], channel estimation algorithms based on comb-type pilots with
improvements through interpolation at data frequencies were studied. Performance
bound of a pilot assisted least square (LS) channel estimator over a multipath slowly
fading channel was derived in [26]. Recent works [22; 27] have adopted the quasi-
static model, assuming that the channel coefficients remain approximately constant
over the entire OFDM symbol duration. Under this assumption, there is no ICIL.
However, this assumption is no longer valid for fast-fading channels, especially
when the number of sub-carriers is large. ICI makes channel estimation more
challenging in mobile channels. In order to mitigate ICI effects, various detection
structures were proposed and compared in [24]. These schemes generally have a
high complexity. In [28], an iterative multistage channel estimator, which iteratively
cancels ICI by maximizing the signal-to-noise-plus-ICI ratio was derived. A Kalman
filter based scheme to estimate the state-transition matrix of time-varying MIMO
OFDM channels and a scheme based on minimizing the mean-square error (MSE)
of a cost function were developed in [29, 30] and [27, 31], respectively. The discrete
Fourier transform (DFT) and discrete cosine transform (DCT) interpolation-based

channel estimation schemes were proposed in [32-34] for MIMO OFDM systems.

1.2. Objective and Contributions

In this thesis, we propose low-complexity channel estimation and data de-
tection schemes for MIMO OFDM systems over frequency-selective and fast-fading

channels. MIMO OFDM communication systems are described and the statistical



properties of the simulation models for the time-varying Rayleigh fading channels
are also discussed in Chapter 2. The advantage of implementing multiple antennas
at the transmitter and receiver is shown by reviewing the average and outage ca-
pacity of MIMO systems. It is also demonstrated that the CSI at the transmitter
does not dramatically increase the average capacity when the SNR is high.

Because of the high sensitivity of MIMO detection scheme with respect to
the channel matrix properties, channel modelling is particularly critical to assess
the performance of various MIMO configurations. In Chapter 3, we derive the
analytical probability density function (pdf) expression of the condition number
(i.e., maximum-to-minimum-singular-value ratio, MMSVR) of the CSI matrix. We
show that this ratio is directly related to the noise enhancement in open-loop MIMO
systems and it provides a significant insight on the overall system capacity. The
pdf of this ratio could be used to predict the relative performance of various MIMO
configurations with respect to each other without complex system-level simulations.
The pdf can also be used to compute the probability of whether certain channels will
fail in high-throughput mode. Extensive channel analysis simulations are performed
for different MIMO configurations to validate the accuracy of the derived closed-
form pdf of the MMSVR.

In order to exploit the potential advantage of MIMO systems, channel in-
formation has to be estimated at the receiver. A decision-directed (DD) maximum
a posteriori probability (MAP) channel estimation scheme for MIMO time-varying
fading channels is derived in Chapter 4. With the estimate of the channel matrix
for the current symbol interval, a zero-forcing (ZF) receiver is applied to detect
the spatially multiplexed data on a symbol-by-symbol basis. Symbol decisions are
then fed to the channel predictor for estimation of channel coefficients in future

symbol intervals. Simulated error performance of a ZF receiver with the DD MAP



and perfect channel estimates is provided and compared. This scheme has a low
complexity and can be applied to time-varying Rayleigh fading channels with an
arbitrary spaced-time correlation function. The fading rate has a high impact on
system performance, and the proposed scheme is more appropriate for channels with
low to medium Doppler shifts. Large block length between adjacent pilot blocks
can be deployed with the proposed scheme, which results in minimum overhead for
pilot symbols. For wideband transmission, OFDM is combined with MIMO scheme
to mitigate the ISI over frequency-selective fading channels.

In fast-fading channels, ICI could be very severe for OFDM systems with
a large number of sub-carriers. We propose an iterative channel estimation and
data detection scheme for MIMO OFDM systems over frequency-selective and fast-
fading channels. After analyzing ICI for each sub-carrier, we derive an ICI-based
minimum-mean-square error (MMSE) detection scheme to significantly improve the
initial detection accuracy. In order to minimize the mean square error (MSE) of
the least square (LS) channel estimate, consecutive rows of Hadamard matrix are
designed as pilot sequences for transmit antennas. The complexity of the imple-
mentation can be very high due to the frequent inversion of large size matrices.
Therefore, in Chapter 5, an expectation maximization (EM) based LS channel esti-
mator is derived to reduce the receiver complexity while maintaining a high system
performance.

MAP algorithms generate optimal results. However, for many applications,
the computational complexity could be prohibitive due to the need of inversion of
large-size matrices. By exploiting the channel statistical information and employ-
ing low rank approximation, we derive an EM-based MAP channel estimator of
MIMO OFDM systems to achieve excellent performance without the need of any

matrix inversion. Channel estimates are initially obtained by EM-based LS algo-



rithm. Then, a successive interference cancellation (SIC) scheme is considered for
the data detection. With the estimate of the channel and the detected data, the
ICT component is approximated and removed from the received signals. Finally, the
detected symbols and the received signals after ICI cancellation are fed back to the
derived EM-based MAP estimator to refine the CSI. In Chapter 6, the simulated
error performance of the proposed scheme is compared with that of the LS scheme
and the ideal case — time-invariant channels and perfect channel estimation. Most
recent work is based on the assumption of uncorrelated MIMO spatial channels.
However the channel can be correlated due to the small angular spread and/or not
large enough antenna spacing. In this thesis, the system performance in spatially
correlated channels is also analyzed. Via such analysis, we optimize, by exploit-
ing the long term correlation characteristics, the data transmission to eliminate an

error floor.

1.3. Notation Summary

Acronyms and mathematical notations are listed below.

Notation Description

()T Transpose

()" Hermitian

() Complex conjugate
()1 Pseudo-inverse
()2 Matrix square-root
()7t Matrix inversion
i(+) Dirac delta

trace(-) Sum of diagonal elements



det(+)
MIMO
OFDM
ii.d.
BTS
SU
RCG
ZF
MMSE
ML
MAP
EM

IST

ICI
CSI
MMSVR
BER
SNR
SVD

Matrix determinant

Multiple-input multiple-output

Orthogonal frequency division multiplexing
Independent and identically distributed
Base transceiver station
Subscriber unit

Relative capacity gain
Zero-forcing

Minimum-mean-square error
Maximum likelihood

Maximum a posterior probability
Expectation maximization
Inter-symbol-interference
Inter-carrier-interference

Channel state information
Maximum-to-minimum-singular-value ratio
Bit error rate

Signal-to-noise ratio

Singular-value decomposition
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2. MIMO OFDM COMMUNICATION SYSTEMS

The blockdiagram of a MIMO OFDM system is shown in Fig. 2.1. At the
transmitter side, the source bitstream is mapped to a symbol stream by the digital
modulator. Spatial multiplexing is a MIMO technique that independent multiple
symbol streams are transmitted at the same frequency band over different spatial
channels. Each of the parallel output symbol streams corresponding to a particular
transmit antenna follows the same procedure. Pilot symbols are inserted based
on the prior-known pilot patterns. The modulation of OFDM could be efficiently
implemented by using IFFT. A CP is usually appended to each OFDM symbol to
avoid ISI due to the effect of channel multipath spread. Then the symbol stream is
parallel-to-serial (P/S) converted for transmission. At the receiver side, the guard
interval of each OFDM symbol is removed. The demodulation of OFDM could be
implemented by using FFT. Then the CSI can be extracted and estimated by using
the received signal and the pilot information. Transmitted symbols are detected
based on the processed received signal and the estimated CSI. Finally, the detected

symbols are demodulated to restore the transmitted bitstream.

2.1. MIMO Channels and Properties

This section describes the mobile MIMO wireless channels, which are char-
acterized as time-varying. Because there are obstacles and reflectors in the wireless
propagation channels, the transmitted signals arrive at the receiver from various di-
rections over multiple paths. The received signal is the summation of these arriving
waves with different phase, amplitude, and delay. If the waves of multipath signals
undergo phase reversal, reduction of the signal strength at the receiver can occur.

This kind of phenomenon is called multipath fading, which is generally modeled
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FIGURE 2.1. Blockdiagram of a MIMO OFDM system.

as Rayleigh fading [35, 36]. It is a major obstacle to the reliability of the wireless
channels and causes significant degradation in the performance of digital wireless
communications systems.

Different arrival time of the multiple reflections of the transmitted signal
may result in ISI. This time dispersion of the channel is called multipath delay
spread or channel delay spread, which is an important parameter to access the
performance of wireless systems. Common measures of multipath delay spread are
the root-mean square (rms) delay spread and maximum multipath delay. For a
reliable wireless communication without using an adaptive equalizer or other anti-
multipath techniques, the transmitted data rate should be smaller than the coherent

bandwidth, which equals approximately the inverse of the channel multipath spread.
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2.1.1. Information Theory of MIMO

The system capacity is defined as the maximum transmission rate such that
the probability of error could be arbitrary small. Consider a MIMO system with
N7 transmit and Ng receive antennas over a frequency-flat fading channel, which

can be modeled as

E;
Y= N—THs+n (2.1)

where Fj is the transmitted symbol energy, y is the Ni x 1 received signal vector, s is
the Np x 1 transmitted signal vector, H is the Nz x N MIMO CSI matrix, n is the
additive white complex Gaussian noise with E{nnf} = NyIy,, and (-)7 denotes
Hermitian. Let us define p as the signal-to-noise ratio (SNR) at any receiver antenna
(ie, p= ff—;) With equal power (EP) transmission for Np transmit antennas, the

system capacity can be expressed as [1]
Cpp(H) = log, |det(I, + NLHHH) (2.2)
T

where det(-) denotes the determinant operator. The normalization by the number
of transmit antenna, Ny, ensures a fixed total transmit power. Eq. (2.2) can be

rewritten in an eigenmode form as

Cor(H) = 3 logs(1-+ 32 (2.3)
where m is rank of the MIMO channel matrix and ); is the i-th eigenvalue of the

Wishart matrix @, which is defined as [60]

HYH, N> Ny
Q- (2.4
HH" Np> Ng.
Thus the capacity of MIMO systems grows linearly with the smaller of the number

of transmit and receive antennas rather than logarithmically. Eq. (2.2) and Eq.
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(2.3) only describe the instantaneous channel capacity of a fixed or one realization
of the wireless channel. The capacity of the random channel can be characterized
by two values: the average (or ergodic) capacity and outage capacity.

The average capacity (Cgp.a) can be obtained by averaging over all realiza-

tions of the CSI matrix as
Cep, 4 = E{Cpp(H)} (2.5)

where E{-} denotes statistical expectation.

Example: Fig. 2.2 shows the average (or ergodic) capacity of spatially
uncorrelated MIMO Rayleigh fading channels versus SNR with different MIMO
configurations. (Nr, Ng) denotes a MIMO system with Np transmit antennas and
Npg receive antennas. It is shown in the figure that the average capacity grows
linearly with the smaller of the numbers of transmit and receive antennas.

Let us define the fixed transmission rate as Tr. The outage capacity,
CEp, 0, ¢, is defined as the maximum achievable rate with the outage probability of

E.
C’Ep7 O, e = {TR : PI‘Ob{CEP(H) < TR} < 8}. (26)

Example: Fig. 2.3 shows the outage probability of spatially uncorrelated
MIMO Rayleigh fading channels versus SNR with different MIMO configurations.
The fixed transmission rate T is set to be 4 bits per second per Hz.

Let V' denote the covariance matrix of the transmitted signal s, the channel

capacity can be expressed as
C(H) = max log, [det(In, + HVH")] (2.7)

with the power constrain of trace(V) < p. If the CSI is unknown at the trans-

mitter and the transmitted signal has Gaussian distribution, the equal power with



14

40 ;
- - - (22 A
35f (4.4)
—<— (6,6)
sl | ®8)
—A— (10,10)

N
6]

=
[¢)]

=
o

Average (or ergodic) Capacity(bits/sec/Hz)
N
o

Q

0 2 4 6 8 10 12 14
SNR(dB)

FIGURE 2.2. Average capacity of spatially uncorrelated MIMO Rayleigh fading

channels versus SNR.

uncorrelated sources is the optimal solution. If the CSI is fed back to the trans-
mitter, the optimal covariance matrix can be obtained by the water-filling (WF)
algorithm. And more power is dynamically allocated to the good condition chan-
nels while keeping the same total transmission power. The channel capacity of one

specific MIMO system is defined as

Nr
C= Zlog2 {1 + PMZ} (2.8)

. o?
=1

2 is the noise variance at the receive antenna and ); is the eigenvalue of

where o
the Wishart matrix defined in Eq. (2.4). In order to obtain the optimal power

allocation, let us define
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Outage Probability
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SNR(dB)

FIGURE 2.3. Outage probability of spatially uncorrelated MIMO Rayleigh fading

channel versus SNR.

Nr P\ Np
Co=) log, |1+ ol e P-Y"P, (2.9)
i=1 =1

where v is the Lagrange multiplier. After setting the partial derivative of Cp with

respect to P; to zero (i.e.,% = 0), we obtain

500 1 )\i/O-Q

= —v=0. 2.1
0P,  logy 1+ P\;/0? v=0 (2.10)

By defining 1 = the optimal power allocated to the i-th transmit antenna is

1
vlogy’

expressed as

P (M_ ‘7_2>+ (2.11)

where p is determined by the power constraint such that
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> p=P (2.12)

The channel capacity with water-filling can be expressed as [2]
Nt
P
CWF = Zlog2 (1 + o2 )

=1
Nt +
Ai
=Y log, |1+ < Uf —1) ] (2.13)
=1

where (x)7 is defined as

x, x>0
(2)T = (2.14)
0, z <0.

Since p is a nonlinear function of the eigenvalues, the optimal capacity can be
analyzed numerically for the random channel.
Example: Analyze the optimal power allocation numerically based on the

water-filling principle for a (3,3) MIMO channel, whose CSI matrix is expressed as

0.1092 — 0.30287 —0.6553 + 0.08367 —0.7821 + 0.4241¢
H = | 0.1451 +0.6475i —0.1169 — 0.50507 —0.1749 — 0.2595i | - (2.15)
0.3263 + 0.5736¢  0.3248 + 0.5213¢  0.3793 + 0.3307%
The eigenvalues of the corresponding Wishart matrix, A\;(i = 1,2,3), are
calculated as {2.2508, 0.9010, 0.0527}. Let us assume that the total transmit
power is normalized to 1 and the SNR is 10dB. Thus the noise variance is 02 = 0.1

and p can be calculated as
p = 105VE/10 = 1, (2.16)

Step 1: Assume that non-zero power is allocated to all the channels including
the worst channel with smallest eigenvalue. The u defined in Eq. (2.11) can be

calculated as



17

P+02(Ai1+;—2+%3)
3

= = 1.0182. (2.17)

However, since ‘;—2 = 1.8992 and u < K—Q, the assumption is not valid.
3 3
Step 2: Since the above assumption is not valid, no power is allocated to
channel 3. A new assumption is made such that non-zero power is allocated only

to channel 1 and channel 2, and p is recalculated as

P4+o(++ L
= <2A1 ) _ 0.5777. (2.18)

Since % =0.1110 and p > g, this assumption is valid.

Thus, we

>/|Q
gl )

Step 3: The optimal power can be calculated as P, = pu —
obtain P; = 0.5333, P, = 0.4667, and P3 = 0.

Capacity(bits/sec/Hz)

Equal Power Transmission
——b— Water-filling Transmission

1 | | | l Il Il
0 2 4 6 8 10 12 14

SNR(dB)

FIGURE 2.4. Channel capacity versus SNR.

The relative capacity gain (RCG) is defined as
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30 \

(2,2) MIMO System with Rayleigh fading

Relative Capacity Gains due to CSI feedback(%)

SNR(dB)

FIGURE 2.5. Relative capacity gain versus SNR.

C’WF B C’EP

RCG =
Cep

(2.19)

where Cyp is the capacity with water-filling scheme and Cgp is the capacity
achieved with equal power allocation. Fig. 2.4 shows the channel capacity with
water-filling and equal-power transmission. Fig. 2.5 shows the relative capacity
gain of a (2,2) MIMO system. If the transmitter has channel parameters, power
is optimally allocated to the spatial channel based on the water-filling principle. If
channel information is only available at the receiver, equal power allocation is ap-
plied. In the figure, it proves that the capacity gain due to CSI feedback disappears

gradually with an increased SNR.
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There are two asymptotic values to measure the average capacity C'4 and the
outage probability e: spatial multiplexing order (Ogp) and diversity order (Op),

which are defined as

Ca
Ogp = li 2.20
0= M o) (2:20)
Op = — lim  1282(8). (2.21)

p—oo logy(p)
The spatial multiplexing order is the asymptotic rate at which the average
capacity increases with the log scale of SNR. It is shown in Fig. 2.6 that a MIMO
channel can provide a spatial multiplexing order as large as Np if the number of

transmit antennas is equal to the number of receive antennas (i.e., Ny = Ng).

*

Spatial Multiplexing Order of MIMO System

< < < <] b
4 - -
- - (22
3r (4.4)
—<— (6,6)
e —*— (8,8)
—A—(10,10)
1 1 I I

50 100 150 200 250 300 350 400 450 500
SNR(dB)

FIGURE 2.6. Spatial multiplexing order of spatially uncorrelated MIMO Rayleigh

fading channels versus SNR.
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2.1.2. MIMO Frequency-selective and Time-varying Channels

If the signal bandwidth is much smaller than the channel coherent band-
width, then fading across the entire signal bandwidth is highly correlated. This is
referred to as flat fading. On the other hand, if the channel coherence bandwidth
is much smaller than the signal bandwidth, then individual frequencies might be
attenuated and faded differently [37]. In this case, the channel is described as
frequency-selective fading. It occurs if the channel delay spread is significant com-
pared with the symbol period. The current symbol will collide with later ones,
which results in ISI.

Consider a system with Np transmit antennas and Ny receive antennas.
The sub-channels are defined as the channels over which the signal is transmitted
from the u-th (1 < u < Nyp) transmit antenna to the v-th (1 < v < Ng) receive
antenna. Since the signal is band-limited, the time-varying multipath channel can
be represented by using the tapped-delay line model with time-varying coefficients
but fixed tap spacing [87]. The delay spread of the channel determines the length
of the tapped delay line and the tap spacing must be equal to or less than the
reciprocal of the signal bandwidth. Each sub-channel is composed of L + 1 paths,
where L depends on the ratio of the maximum delay spread of the channel to the
OFDM sampling interval. With perfect sample timing, we can denote the discrete
time multipath sub-channel from the u-th transmit antenna to the v-th receive

antenna at time nT, as

A (n) = [Av,u(nv O)a Av,U(n’ 1)7 e ,Av’u(n, L)]T (2'22)

L2v,u

where (-)7 denotes transpose and A, (n,[) denotes the tap gain of the [-th path
at time index n. If L equals 0, the channel becomes a memoryless channel and the

frequency response is flat, which results in flat fading.
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2.1.3. Spatially Correlated and Uncorrelated MIMO Channels

Let A(n,[) denote the Ng x Nr uncorrelated MIMO fading channel matrix
whose (v, u)-th element is A, ,(n,). Assume that different paths are uncorrelated,

E {vec{A(n,l;)}vec" {A(n, o)} } = Onpng, b1 # Lo (2.23)

where ()H denotes Hermitian, Oy, n, represents NpNp x NpNp zero matrix, and
vec{A(n, 1)} is the Ng Ny x 1 vector constructed by stacking all of the columns of
matrix A(n,l).

If both the transmit and receive antennas are sufficiently separated under
the rich-scattering environment [38], channel fading processes for different sub-
channels are assumed to be independent and identically distributed (i.i.d.). In
this case, the Ny x Np transmitter correlation matrix T; and Ni x Ny receiver
correlation matrix I; reduce to identity matrices, i.e., T} = Iy, and R, = Iy,.
The propagation scenario considered in this thesis is a typical cellular deployment:
the base transceiver station (BTS) is located in the tower, which is sufficiently high
without any obstruction or local scatterers. The spatial channels at the BTS are
correlated and determined by the BTS antenna spacing and the angular spread
observed at the BTS array [39]. However, the subscriber unit (SU) is surrounded
by many local scatterers and the antenna spacing is large such that the SU antennas
are spatially uncorrelated. In this thesis, we focus our analysis on the downlink case.
Thus, the transmitter refers to BTS and the receiver refers to SU (i.e., R; = Iy,,).
An uniform linear array (ULA) at both the transmitter and receiver is assumed.
Let 6, and 2,1 = 0,1,---, L, represent the mean of the departure angle and the
variance of the departure angular spread for the [-th path, respectively. If there is

no angular spread [39], the transmitter correlation matrix can be represented as
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Tl = a(@l)aT(gl) (224)
CL(@[) _ 1’ ejQWBcos(gl)’ L 76]'27r(NT—1)Bcos(§l) T (225)
B = f.b/c (2.26)

where B is the relative antenna spacing, b is the absolute antenna spacing, c is the
light speed, and f. is the carrier frequency. If the angular spread is not zero, it is
shown in [40] that the (m,n)-th element of transmitter correlation matrix T'; can

be approximated as

[Tl]m S €—j27r(n—m)B Cos(al)e(—0.5)(27r(n—m)B sin(@l)w)2‘ (227)
The spatially correlated CSI matrix, H(n,[), is defined as [39]
H(n,1) = R/ A(n,1)T}" (2.28)

where (-)1/ 2 denotes matrix square root. With perfect sample timing, we can denote

the discrete time multipath channel at time nT; as
hv,u(”) = [hv,u(n7 0)7 hv,u(n7 1)7 ) hv,u(na L)]T (229)

where h,,(n,) is the (v, u)-th element of matrix H(n,!). This model is assumed
and verified by measurements in [44-47]. In this MIMO fading channel model,
the rank of the CSI matrix H(n,!) is determined not only by the Rayleigh fading
(A(n,1)) but also by the fading correlation at the transmitter and receiver (T'; and
R;). If the angular spread of the [-th path is large, H(n,l) will most likely have
high rank.

2.2. Simulation Model of MIMO Time-varying Channels

Mobile channel simulators are commonly used to test and evaluate the sys-

tems. Many approaches have been proposed for the modelling and simulation of
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mobile radio channels. Among them, the Jakes model [48] has been widely used
for Rayleigh fading channels. The channel of each pair of transmit and receive
antennas is assumed to have L + 1 multipath components and fading processes are
piecewise-constant approximated, which allows the channel coefficients to be con-
stant in one sampling interval and change over different sampling intervals according
to the spaced-time correlation function. Fading processes for different spatial sub-
channels and different paths are all assumed to be independent. Also, the first and
second order statistics of the channel do not change over the entire transmission

horizon.

l T T
Theoretical result
0.9} — — — Simulation Result|
0.8} i
0.7} i

Absolute value of auto—correlation of fading process

100 200 300 400 500 600 700 800 900 1000
Time index

FIGURE 2.7. The theoretical and simulated auto-correlation of the modified Jakes

model.

Since Jakes model is a deterministic model and has difficulties in generating

uncorrelated multipath, different modified simulators are proposed in [49-51]. [49]
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FIGURE 2.8. The ideal and simulated cross-correlation of real and imaginary parts

of the modified Jakes model.

proposes a modified Jakes model to generate uncorrelated mutipath waveforms
based on Walsh-Hadamard codewords. This model assumes that NV, equal-strength
rays arrive at a moving receiver with uniformly distributed arrival angle «,, (n =
1,2,--+, N,) such that the n-th ray experiences a Doppler shift w, = 27 f; cos(a,),
where f; is the maximum Doppler shift. f; can be calculated as f; = f.v/c, where
v is the vehicle speed. By setting «,, = 27(n — 0.5)/N,., the fading waveform can
be modeled with N; complex oscillators (N; = N,./4). The equal power oscillators
are considered in order to eliminate the correlation. The waveform of the model is

defined as

a(t) = 2 ZI: [cos(mn/Ny) + jsin(mn/Ny)] cos(wnt + 0,) (2.30)
Ny



25

0.5 T T
— — — Simulation Result
Ideal Result R

0.3 b

0.21 b

|
o
=

T

I

Cross—correlation of different multipath components
o
\
/
\
\
)
|
|
\

100 200 300 400 500 600 700 800 900 1000
Time index

FIGURE 2.9. The ideal and simulated cross-correlation of different multipath com-

ponents of the modified Jakes model.

where ,/N% is the normalization factor to ensure E{a(t)a*(t)} = 1. In order to
generate uncorrelated waveforms, Walsh-Hadamard codewords are used to weigh

the oscillator values before summing. The [-th waveform is generated as

a(t,l) \/7ZM l,n) [cos(mn/Ny) + jsin(mn/Ny)| cos(wnt + 0,,) (2.31)

where M (l,n) is the n-th value of the [-th Walsh-Hadamard code sequence. With
a sampling interval of Ty, A, ,(n,[), the (v,u)-th element of matrix A(n,l), is de-
termined by the value of a(nTy,). The theoretical and simulated auto-correlations
of the waveform are shown in Fig. 2.7. We can see the two results match very

well. The ideal cross-correlation of the real and imaginary parts of the waveform is
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zero and the simulated result is shown in Fig. 2.8. The simulated cross-correlation
of the waveforms of different multipath components is shown in Fig. 2.9 and it is
compared with the ideal result, which is zero as shown in the figure. The model
[49] is considered in this thesis due to its better auto-correlation of the fading
process. But it has a slightly inferior cross-correlation among different multipath
components compared to the simulation model proposed in [50].

After obtaining uncorrelated channel coefficient, A, ,(n, (), for different mul-
tipath and distinct pair of transmit and receive antennas and having the knowledge
of transmitter correlation matrix, the spatially correlated CSI matrix, H(n, 1), can

be obtained by Eq. (2.28).
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3. PERFORMANCE MODELLING OF MIMO OFDM SYSTEMS
VIA CHANNEL ANALYSIS

Implementation of high data rate WLAN has been a major focus of research
in recent years. MIMO schemes [52-54] and OFDM [27] can be combined to operate
at the high-throughput (HT) mode, or the diversity mode, or the combination
of both in fading environments [55]. Such systems could achieve high spectral
efficiency and/or a large coverage area that are critical for future-generation wireless
local area networks.

Existing research has relied mainly on obtaining the error-rate performance
curves to determine the throughput and diversity gains [56, 57] of various MIMO
configurations, assuming Rayleigh fading and independent and identically distrib-
uted MIMO OFDM sub-channels. Alternatively, the relative capacity and through-
put of different system configurations can be obtained by using the channel charac-
teristics. If analytical characterizations of the channel are available, this approach
will be more efficient than the former, as it does not require complex system-level
simulations.

Common open-loop linear detection schemes include the ZF and MMSE
schemes [2, 58]. A large condition number (i.e., the maximum-to-minimum-
singular-value ratio, MMSVR) of the CSI matrix implies a high noise enhance-
ment and causes the open-loop schemes to fail in exploiting the available capacity
[59]. Thus, MMSVR could be a convenient and effective metric to characterize the
performance of different MIMO configurations.

The importance and effectiveness of the eigenvalue distribution on MIMO
system capacity and the overall system performance have been well recognized
[60-63]. The eigenvalue analysis for MIMO OFDM systems can be used to reduce

the overall system complexity [64, 65]. In this chapter, we derive the analytical
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probability density function (pdf) of the MMSVR value, which can be used to
predict the relative performance of different MIMO configurations. The pdf can
also be used to estimate the lower bound on the noise enhancement [66] and the
capacity of MIMO channels. We establish the relationship between MMSVR, and
the achievable data throughput. Simulation results verify the accuracy of the closed-
form pdf expressions of MMSVR derived in this chapter.

This chapter is organized as follows. In Section 3.1, the MIMO OFDM
system model and the open-loop ZF and MMSE detection schemes [2, 58] will be
described. Section 3.2 introduces the channel model and then derives the pdf of
the MMSVR of the channel matrix, while Section 3.3 provides simulation setup
and discusses channel analysis simulation results for various MIMO configurations.

Concluding remarks are made in Section 3.4.

3.1. System Model and Detection Schemes

3.1.1. System Model

Consider a MIMO OFDM system where the transmitter has Ny antennas,
the receiver has N antennas, and all the transmitted symbols share N sub-carriers.
The frequency domain transmitted sequence from the n-th (n = 1, - - -, Np) transmit
antenna is represented by X,, , where & = 1,---, N represents the k-th OFDM
sub-carrier. The sequence received by the m-th (m = 1,---, Ng) receive antenna is
expressed as

Nr
Ym,k — Z Hm,n,an,k + Cm,k (31)

n=1

where H,, . is the frequency response of the channel between the n-th transmit

antenna and the m-th receive antenna for the k-th sub-carrier, ¢, is the frequency
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response of zero-mean additive white Gaussian noise (AWGN) with a one-sided

power spectral density of Ny. Let us define the signal transmitted on the k-th

Y

sub-carrier from all the Ny transmit antennas as X = [ X4, Xog, -+, XNT’k]T
where (-)7 denotes transpose. The received signal as a function of the respective

CSI matrix H, can be expressed as

Y=Yk Yor, -, YNR,k]T
Cik
Hi1p Hipr -+ Hingg c
2k
= : X+
Hypak Hypok - Hygnpk
o
= H; X + (. (3.2)

We obtain the general system description by vertically stacking the received signal

given in Eq. (3.2) for all N sub-carriers as

Yy =[vT, vl ... YMT
=HX +¢ (3.3)
where X = [XT X7,.... X%)", ¢ = [¢F¢E,--- ¢R]Y, and H =

diag|[H, H,,---, H y] is a block diagonal matrix.

3.1.2. Detection

Open-loop detection schemes require Nr > Np if the system operates at
the spatial multiplexing mode. Zero-forcing (ZF) is the simplest open-loop method
in which the estimates of the transmitted signals are obtained by multiplying the

received signal Y with the pseudo-inverse of the CSI matrix as
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X =W, Y=HY=X+¢ (3.4)

where (-)* represents the pseudo-inverse, Wzr = HT is the weight matrix for
the ZF scheme, and € = H (. Note that the detection can be carried out on
a sub-carrier by sub-carrier basis if there is no inter-carrier interference. This
method requires channel estimates at the receiver, and since AWGN is not con-
sidered in the estimation process, it might result in a high noise enhancement. At
high signal-to-noise ratios (SNR), the instantaneous noise power of the n-th data

stream transmitted on the k-th sub-carrier is written as [67]

[E{ng}]nXk,nxk - NO [WWT] (35)

nxkmnxk

where [-],xknxk denotes the (n x k,n x k)-th component of a matrix, E{-} denotes
expectation, and W could be either W zr or W 5. For a particular CSI matrix
H, the instantaneous noise enhancement factor for the n-th data stream in the
k-th sub-carrier is [WWT]HX;WX;C. When the MMSVR of H is large, the noise

enhancement will be high.

3.2. Analysis of MIMO Channel

3.2.1. Channel Model

Spatial sub-channels (i.e., the channel from transmit antenna n to receive
antenna m) are assumed to be independent. This assumption is valid if the antenna
spacing is greater than half of the wavelength of the carrier under rich-scattering
environment. We adopt the IEEE 802.11 model with an exponential power-delay
profile [69]. The channel is modeled as a finite impulse response (FIR) filter where

all the L + 1 paths are independent complex Gaussian random variables with zero
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mean and average power w? (I = 0,1,---,L). The channel impulse response can
be written as h; = a + jb, where a and b are defined to be random variables
obeying normal distribution with zero mean and variance of w?/2. In this model,
the power of multipath components decreases exponentially. To normalize the
channel energy, the first multipath component is chosen as wi = (1—3)/(1—35*1),
where 3 = e T/7ms [ = 107,15 /Ts, Ts represents the sampling period, and 7, is
the root mean-square (RMS) delay spread of the channel. The energy of the [-th

multipath component is then defined as w? = w3 3.

3.2.2. Analysis of Channel Characteristics

For the ZF detection scheme to work efficiently, some constraints must be
met. First of all, the number of receive antennas Ng should not be, as mentioned
earlier, less than the number of transmit antennas Ny . In the downlink of a practical
WLAN system, however, it is preferred to have more antennas at the transmitter
considering power consumption of the receiver. Moreover, the CSI matrix for each
sub-carrier, H}, should not be an ill-conditioned! matrix since such a matrix will
cause a high noise enhancement in detection. For open-loop operations, the system
could run in the high throughput (HT) mode (the number of spatial streams equals
the number of transmit antennas) when the received SNR is moderately high. If
the channel is ill-conditioned, detection using the ZF scheme will experience a low

instantaneous SNR, resulting in poor performance. In this case, it might be better

In this chapter, a non-square matrix is defined to be ill-conditioned if the minimum
singular value of the channel matrix is significantly small compared to the maximum

singular value.
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to switch the system to operate at the diversity mode (the number of spatial streams
is less than the number of transmit antennas).

Let the noise enhancement matrix for the k-th sub-carrier be Q,, k =
1,---,N. For a rank-two? ZF scheme in the HT mode, using the singular value

decomposition (SVD) of the CSI matrix, we obtain Qzp as

Qzrp = WZF,kWTZF,k = H/(H{)' = (H.H,)"
— (ViZlulu,z,vi*
= Vi(ZLZ0) V]
1/|ogal? 0

27 Vi
0 1/|ogal?

72 1 0 :
= ’Uk’1| Vk Vk (36)
0 |okal?/|owal

where oy 1 and o2 (0k1 > or2 > 0) represent the singular values of matrix Hy.
1/|ok1|* and 1/|oy2|* also represent the noise enhancement factors for the two sub-
channels. Let v, = oy1/0k2. A large v, value could arise either because oy o is
small or because oy, is large. From simulation results, it is found that the latter is
unlikely®, thus 7, is a good indicator of noise enhancement, and if 7, > 1, we can

conclude that the channel is ill-conditioned for the k-th sub-carrier. For an open-

2The main focus of this chapter is on rank-two and rank-three CSI matrices since the
emerging I[EEE 802.11n MIMO WLAN standard is expected to have 2 to 4 transmit and
2 to 4 receive antennas.

3The probability of having oy larger than five equals 8.71 x 1079 for a 2 x 2 system,
1.05 x 1077 for a 2 x 3 system, 1.17 x 1076 for a 3 x 3 system, 8.59 x 1076 for a 3 x 4

system, 5.81 x 107° for a 4 x 4 system and 2.92 10~ for a 4 x 5 system.
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loop system with a rank higher than two, the definition of 7, can be generalized as
Ok1/0ku, Where u = min(Np, Ng), and oy 1, 0k, are the maximum and minimum
singular values, respectively.

MMSVR is also a good measure of the system capacity lower bound. Using
the alternative capacity representation of [60], the capacity of the k-th carrier can
be written as

Cy = izllogg <1 + ]6—;|Uk,i|2> (3.7)
where py, is the SNR of the k-th sub-carrier. Considering oy > o2 > -+ - > 0p >
0, a lower bound of the capacity can be written as

2) + (u— 1) log, (1 + &%) . (3.8)
Nr |l

Pk
Ck > 10g2 (1 + N_Tlak’l

As mentioned earlier, a large ~y; value is mostly due to a small oy, value. This fact
combined with Eq. (3.8) clearly indicates that a high value of MMSVR results in
a considerably lowered system capacity.

The Fourier transform of the channel impulse response of each OFDM carrier
described in Section 3.2.1 has a Gaussian distribution. The singular values of the
CSI matrix for the k-th OFDM carrier, Hy, are the positive square-roots of the
eigenvalues of the positive-definite Wishart matrix given as Q, = H LH k, Where

()T represents Hermitian transpose. To obtain the pdf of 7., the joint pdf of the

eigenvalues of Q) is needed. Let \; > Ay > --- > A, be the eigenvalues of the
positive-definite matrix Q. The joint density function of Ay, Ay, - - -, A, are obtained
to be
AL M) = Ko e T IS O Rh (3.9)
i i<j
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where u = min(Np, Ng), v = max(Np, Ng), and K, , is a normalization factor
[60]. From Eq. (3.9), we can calculate the joint density function of A\; and A,

fr(A1, Ay), from which the joint cumulative distribution function is obtained as

A A
Fx(A1, \) —/ e, B)dadf. (3.10)

o Jo
Since the singular values of Hy, 0;, i = 1,---,u, are the square-root of the eigen-
values \;,i = 1,---,u, of the positive-definite matrix @, the joint cumulative

distribution of oy and o, is

Fy(01,0,) = P(v/A\1 < 01,/ M < 04)
=P0< )\ <0},0< )\, <0?)
= F\(0f,03) — FA(0,07) —
F\(02,0) + F)\(0,0). (3.11)
Using Eq. (3.11), the probability density function of v, omitting the subscript for

simplicity of notation in the sequel, can be derived as

d*F,(01,0,)

fo(0n, 00) = T d (3.12)
f'y(V) = fy (;)
= /OOO | ou | folouwy, ou)doy,. (3.13)

For 2 x 2 and 2 x 3 configurations, the distribution of the singular value
ratios obtained using Egs. (3.9)-(3.13) are

L 129(—1+72)?

F()2x2 = 1) (3.14)
B 12073 (=1 + ~?)?
fr(Vaxs = T (3.15)

Similarly for 3 x 3 and 3 x 4 systems, the distributions of v obtained by using Egs.
(3.9)-(3.13) are
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216(—1 +~%)"(1 + %) (11 + 2072 + 1144)

= 3.16
F5(7)3xs PR (3.16)

f~(0) = 84073(_1 + 72)7(1 + 72)(A3x4(7) + Bsyxa(7))

Y\7)3x4 (2+ 572 + 24)0
(3.17)
where

Aswa(v) = 410777 + 11562 4 15868+° (3.18)
Bsya(y) = 454 + 115627° + 41074 4 454", (3.19)

The methodology of calculating the closed-form theoretical expressions for the pdf
of 7 can be easily extended to MIMO OFDM systems with a rank higher than

three.

3.3. Numerical Examples and Discussion

In simulations, an RMS delay spread of 7,.,;, = 50ns and the maximum
delay of 107,,,s are considered. Statistics are collected based on 10,000 channel
realizations. Each channel tap is modeled as an independent complex Gaussian
random variable. The CSI matrix is decomposed on a per OFDM carrier basis,
and as defined in Section 3.2.2, 74 is the ratio of the maximum and the minimum
singular values of H, for the k-th sub-carrier. The parameters of OFDM symbols
are chosen as in the IEEE 802.11a standard (i.e., 64 sub-carriers in one OFDM
symbol with a sub-carrier frequency spacing of 312.5kHz).

The analytical and simulated pdf of v,k =1,---,64, for a 2 x 2 system and
a 2 x 3 system are shown in Fig. 3.1. For both cases, the simulation and analytical
results match very well. Fig. 3.2 shows the simulation and theoretical results for

the system with 3 transmit antennas.
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FIGURE 3.1. Analytical and simulated probability density of MMSVR for 2 x 2
and 2 x 3 MIMO OFDM configurations.

The pdf of v leads directly to results showing which N x M MIMO config-
uration is an appropriate choice for the high-throughput mode. For instance, it is
well known that an N x (M + 1) open-loop MIMO scheme outperforms an N x M
system. The pdf of v derived in this letter confirms this result. For example, the
pdf of v clearly demonstrates that a 2 x 2 spatial multiplexing system will experi-
ence a much higher probability of having an ill-conditioned channel compared to a
2 x 3 system. A 3 x 3 configuration is found to have a much higher probability of
ill-conditioned channels compared to a 2 X 2 system.

The difference of noise enhancement between two MIMO configurations will

result in different throughput. It is shown in [66] that the lower bound of the noise
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FIGURE 3.2. Analytical and simulated probability density of MMSVR for 3 x 3
and 3 x 4 MIMO OFDM configurations.

enhancement when ZF detection is adopted is given as the mean of the square of
MMSVR. This bound can be calculated using the analytical expression of the pdf
of MMSVR as

E{v) = / 2 an) . (3.20)

The mean value of 7%, ,, is calculated to be 19.9636, 7.5452, 41.1853 and 17.9986
for 2 x 2,2 x 3,3 x3and 3 x4 MIMO configurations, respectively. Using these

results, the relative throughput gains can be estimated through channel analysis as

10logy, (E{V%VX,V}) - 1010g10(E{712vX(N+1)}>>' Figs. 3.3 and 3.4 show the upper
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FIGURE 3.3. Throughput comparison of MIMO OFDM systems [70].

bound of the throughput curves of MIMO OFDM schemes versus SNR*. It is ob-
served that for a throughput of 80Mbps, the 2 x 3 system attains an approximate

4.2dB gain over the 2 x 2 system, and the 3 x 4 has a gain of 3.6dB over the 3 x 3

4Five thousand channel realizations are created. For each realization, the throughput of
each modulation coding scheme (MCS) is calculated. After obtaining the packet error rate
(PER) using the i-th MCS, the corresponding throughput is calculated as Throughput(i)
= D(i)*(1— PER(i)), where D(7) is data rate provided by the i-th MCS. The maximum
throughput value over all MCS sets is adopted as the ideal hull throughput for a specific

realization [70].
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FIGURE 3.4. Throughput comparison of MIMO OFDM systems [70].

system. These results match well with the results obtained by using Eq. (3.20):
4.2257dB gain for 2 x 3 over 2 x 2, and 3.5950dB gain for 3 x 4 over 3 x 3. The
improvement provided by an extra receive antenna is attributed to having fewer

ill-conditioned channels.

3.4. Conclusion

We have derived the closed-form pdf expressions of the condition number
(MMSVR) of the channel matrix for various MIMO configurations. These ana-

lytical results can be used to predict the relative performance of MIMO OFDM
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systems without complicated system-level simulations. They can also be applied to
determine the lower capacity bound of such systems. Through the channel analysis,
it is clearly observed that an additional receive antenna could provide significant
performance improvements. The analytical results and the gain/loss of different
configurations predicted using the mean of the square of MMSVR matches well
that obtained through system-level simulations. The results presented in this let-

ter provide a simple and effective way for predicting the relative performances of

different MIMO OFDM configurations.
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4. DECISION-DIRECTED ESTIMATION OF MIMO
TIME-VARYING RAYLEIGH FADING CHANNELS

MIMO communication systems have been shown to provide high spectral
efficiencies [1]. If perfect channel coeflicients are available at the receiver, a linear
increase in ergodic capacity is achievable with MIMO systems [60, 71]. Perfect
channel estimates, however, can be obtained only if the channel is either static for
a long time (noise can be averaged out) or perfect (no noise). The rapid phase
and amplitude variations inherent in a time-varying fading channel render perfect
estimates impossible, regardless of the type of channel estimation method used.
Channel estimation has been studied extensively for single-antenna systems (e.g.,
[72-76]). In [68] a pilot embedding method, where low-level pilots are transmitted
concurrently with data, was proposed for turbo decoding in a MIMO system. The
effects of pilot assisted channel estimation on the achievable data rates (capacity
lower bound) over a frequency nonselective, quasi-static fading channel were ana-
lyzed in [77]. In this scheme, periodic pilot signals assigned to different transmit
antennas are assumed to be mutually orthogonal. Although it avoids inter-antenna
interference within the pilot periods, such scheme could significantly lower the spec-
tral efficiency of the system. Throughput of a system with a maximum-likelihood
channel estimator that employs periodic optimal training sequences for block and
continuous flat fading channels was studied in [78]. In [79], an iterative method
was derived to improve the estimation of channel parameters for a MIMO system,
based on the assumption that data decisions have already been made. This method
needs to invert a matrix of size L x L, with L being the frame length per transmit
antenna, for every frame. With practical frame lengths (e.g., L = 130, as applied

in simulations in [79]), the computational load could be prohibitively high.
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In this chapter, we derive a decision directed (DD) maximum a posteri-
ori probability (MAP) channel estimation scheme for MIMO systems over time-
varying fading channels. A zero-forcing receiver is applied to detect the spatially
multiplexed symbols transmitted in the current symbol interval. The estimated
symbols are then incorporated in the DD MAP channel predictor to obtain esti-
mates of the channel coefficients in future symbol intervals. The proposed scheme
does not rely on the assumption of a quasi-static fading model and can be applied
in a time-varying environment. Compared to most existing schemes, it has a lower

complexity and is capable of operating with significantly less pilot symbols.

4.1. System Model

Consider a communication system with Np transmit and Ny receive anten-
nas, denoted as an (Np, Ng) system, over a time-varying, frequency-nonselective
Rayleigh fading channel. In the transmitter, data are serial-to-parallel converted
and sent to Np transmit antennas for simultaneous transmission. Each receive an-
tenna responds to each transmit antenna through a statistically independent fading
coefficient. The received signals are corrupted by additive white Gaussian noise
(AWGN), which is statistically independent among different receive antennas. We
focus on the baseband model of a system, which employs M-ary phase-shift keying
(PSK) with zero inter-symbol interference (ISI) design. The results can be easily
extended to a MIMO system employing a more general pulse-amplitude modula-
tion (PAM) scheme. The u-th transmitted data stream (the signal from the u-th
transmit antenna) is expressed as

v (t) = Y VEwsu(i)g(t —iT), u=1,---,Nr (4.1)

1=—00
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where s,(7) is the i-th symbol of the u-th data stream, F is the energy per symbol,
T is the symbol interval, and ¢(¢) is the transmitted Nyquist pulse applied to all
transmitted data streams. Energy of ¢(t) is normalized to unity, i.e., ffooo g (t)dt =
1.

The time-varying fading channel introduces a random amplitude and phase
shift to the transmitted signal. The fading channel process h(t) is modeled as
a normalized, zero-mean, complex wide-sense stationary Gaussian process with a
spaced-time correlation function ®(At) expressed as ®(At) = E{h(t)h*(t + At)},
where E{-} denotes statistical expectation and (-)* represents complex conjugate.
In a typical mobile communication environment, the spaced-time correlation func-
tion of the channel can be modeled as ®(At) = Jy(27 f4At) [48], where f; represents
the maximum Doppler shift of the channel and Jy(+) is the zeroth order Bessel func-
tion of the first kind.

The received signal of the v-th antenna r,(t), v =1, ..., Ng, is the sum

of signals transmitted from Np transmit antennas and is expressed as

rv(t) = Z\/Eshv,u<t)xu(t)+yv(t)7 v = 17"'aNR (42)

where h,,(t) represents the fading process for signals from the u-th transmit an-
tenna to the v-th receive antenna and v, (¢) is a complex zero-mean white Gaussian
noise process with power spectral density Ny. The received signal r,(t) is filtered
by a matched filter, matched to g(t), and then sampled at the symbol rate of each
data stream.

Let the Ny x 1 transmitted signal vector in the ¢-th symbol interval be
s(i) = [s1(2), s2(i), -+, sn.(1)]F, where []7 denotes transpose. The Ng x 1

received signal vector at the i-th discrete-time interval is obtained as

r(i) = VEM(i)s(i) + v(i) (4.3)
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where v(i) is the complex zero-mean noise vector. The channel matrix H (i) (Ng X

Nr) is expressed as

M) = [Pa(i) hali) .. By ()]

hyia(2)  hyo(7) iy ()
_ hot(i)  hao(i) By (1) (4.4)
I Pnpi (1) Bga(i) - B vy (2) |
where Ngx1 column vectors h, (i) = [h, (i), hy,(3), ..., hNR,u(i)]T, u=1,...,Np,

represent the channel coefficients from the wu-th transmit antenna to all Ny re-
ceive antennas. Each element of H(i) is a zero-mean, complex Gaussian ran-
dom variable of unit variance. In the discrete-time channel formulation adopted
above, the fading process is piecewise-constant approximated in each symbol in-
terval. It is assumed that the temporal variations of the fading processes, hy (%),
are such that the piecewise-constant, discrete-time approximation is valid. The
v-th component of 7(i) represents the received signal from the v-th receive an-
tenna and is expressed as r, (i) = ZUN; VEshy o (i)s,(i) + v,(i). Let us assume that
H(i—L), -, H(i—1), estimates of H(i—L),---, H(i—1), and 8(i—L), - -, 8(i—1),
estimates of s(i — L),---,s(i — 1), have been obtained. At the beginning of the
transmission, these channel coefficients could be obtained by using pilot symbols.
In the proposed channel estimation and data detection scheme, H(7) is obtained
using H(i — L),---,H(i — 1) and §(i — L),---,8(i — 1). Then, s(i) is detected
using H(i). After that, H(i — L+1),---,H(i) and 8(i — L+ 1), - - -, (i) are used
to estimate H (¢ + 1). Periodic pilot blocks can be inserted in the data stream
to improve estimation quality and to stop error propagation when the receiver is

operating in the decision directed mode.
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4.2. Channel Estimation and Data Detection

4.2.1. Decision-directed Channel Estimation

Due to inter-antenna interference, it is impossible to solve for 'f‘((z) based
on the received signal model given in Eq. (4.3) even if an estimate of symbol
vector s(i) is available. Let us assume that estimates of previous symbols, §,(i —
L), $,(i — L+ 1), ---, 8,(i — 1), and channel coefficients in previous symbol
intervals, Ry (i — L), hyy(i—L+1), ---, hyu(i—1), have been made. To estimate
hyu(i), w = 1,---,Np, v = 1,---, N, we consider a sliding window approach
in which h,,(i) is derived from the received signals r(I), | = i — L,---,i — 1,

and symbol decisions within a window of L symbols preceding the current symbol.

Specifically, y, . (l) is constructed as

Youll) = |ro(l) =Y \/Esﬁv,k(l)ﬁk(l)] /3u(1) (4.5)
l=@G—-1L), i—L+1), -, (i—1).

Note that the v-th element of (I), r,(l), consists of the desired signal, the inter-
antenna interference, and a noise term. Ideally, if the channel is noiseless, feedback
symbol decisions are correct, and channel estimates are perfect, then y,,(l) in Eq.
(4.5) equals exactly v/FEsh,.(l), the desired component needed for the decision-
directed channel estimation. In a practical time-varying fading environment, there
will be decision and channel estimation errors, and y,,(l) does not perfectly repre-
sent the desired signal component /Eh, ,(1).

Let us define an L x 1 vector y,, (i, L) and an (L + 1) x 1 vector x(i, L) as

yvu@.? L) = [yv,u(i_L)a yv,u(i_L_l'l)? T 7yv,u(i_1)]T (46)
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y’UU i? L
x(i, L) = ¢ L) . (4.7)
By (1)
The covariance matrix of zero-mean vector x(i,L) can be written as F, =
. Hy - Fﬂ’?ll f:Clz H .
E{x(i,L)x"(i,L)} = , where (-)" denotes conjugate transpose and
fz?l f$22
Foy = E{y,,(i, )yw(Z L)} (4.8)
fa:12 - E{yvu(za ) (>} (49)
fx21 = E{h U«(Z)yvu(l L)} = :1712 (410)
farz = E{hou(i)hyl, (1)} (4.11)

Given the availability of y,,(i, L), estimate of h,, (i) can be obtained by

maximizing its conditional probability density function p{h, ,(i)|y,, (i, L)} as

i) = maz p{heD),li L)} (4.12)

hoy (2

For Rayleigh channels being considered, the (L + 1) x 1 vector x(i, L) is complex
Gaussian'. Therefore, the conditional probability density function can be written
s [72]

P{Yuui L), 1o (D)}

p{yvu (27 L>}
—xH L) F. xi.L)

P o)y, (i, L)} =

1
w1 | F, ]
T 1 yrenFL Y60 (4.13)
m@ vu \" 11 yu\"

'Under normal operation conditions, there will be occasional erroneous decisions on
previously sent symbols §,(l). However, a decision error does not affect the Gaussian
distribution of «(i, L). This is because both the channel and noise components are zero-
mean complex Gaussian (Rayleigh magnitude and uniform phase between 0—27) and a
feedback decision error only introduces a rotation to the phase of the channel coefficient

and noise component of ¥, ,,(1).
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where | - | denotes the determinant of a matrix. By using the matrix inversion
lemma [101], F;! is expressed as
-1
F;l _ Foi fao _ Friin faire (4.14)
Foor fom Frior Sz

where
Fiin = (F:cll — fu12 90_212fo1)_1
foizo = (for2 — Forr Fot1 Fa12) ™"
.f:ci12 = _inllfmz x_zlz
.f:m'21 = _fxi22fx21F;111'
Note that F', and F,; are fixed and thus independent of (i, L). Therefore,

maximizing the conditional probability density function is equivalent to minimizing

the following quadratic function
A= (i, L)F (i, L) — yy,(i, L) F11y,,(i, L). (4.19)

By letting the conjugate derivative of A\ with respect to h,,(7) to zero, we obtain

the decision-directed maximum a posteriori probability estimate of h, (i) as?®

huali) = w'y,, (i, L) (4.20)

where w = (f,, F,{;)" is the L x 1 tap weight vector. This procedure needs to

be done for all elements of H (i) to form the estimated channel matrix H(i). It is

2Because received signals and decisions of symbols in previous symbol periods are used
to predict the current channel state, the scheme derived is actually a channel predictor.
Although the term “channel estimation” is usually used to broadly refer to the procedure
from which the channel state is obtained through either prediction or estimation [72], it is
more precise to describe lsz,u (7) derived in this chapter as a “predictor channel estimate”,

a term adopted in [73].
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assumed that all elements of H (i) are identically distributed. Thus, tap weight w
is common for all coefficients (any combination of v and w). If significant changes
in the channel statistics (e.g., the Doppler shift) have occurred, however, f,,, and
F .1, (thus w) must be updated to reflect such changes.

The DD MAP channel prediction procedure is illustrated in Fig. 4.1. When
applied to the special case of a single-antenna system, the channel estimate de-
rived in this chapter is similar to the linear minimum mean-square error (MMSE)
estimate [72, 74]. The tap weight is the same, but the MAP predictor estimate de-
rived in this chapter combines previous received signals scaled by the corresponding
symbol decisions which form h, (i), whereas the MMSE estimate given in [72, 74]
combines estimates (e.g., obtained via a maximum likelihood approach) of past

channel trajectory up to time ¢ — 1.

4.2.2. Detection

Given the received signal in Eq. (4.3), s(i) can be detected using several
algorithms such as the maximum likelihood (ML) detection [80, 81], MMSE detec-
tion, zero-forcing (ZF) detection [82, 83], and the BLAST scheme [7, 84]. The ZF
scheme has the lowest complexity and supports orthogonal matrix triangulariza-
tion (QR decomposition) implementation. Moreover, at high signal-to-noise ratios
(SNR), performance of the ZF scheme approaches that of the MMSE scheme. For
these reasons, the ZF scheme will be adopted in this chapter for data detection.

In the ZF scheme, the decision vector for the Ny spatially multiplexed sym-

bols in the i-th interval is written as

B() =M (1)r() (4.21)
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FIGURE 4.1. The DD MAP channel predictor for MIMO systems.

where ()t denotes the pseudoinverse. Because we consider an overdetermined
system (Nr > Nr), 7:£+(i), omitting symbol index i, can be calculated as
H = [7:£H7:t]_17:tH If channel estimates are perfect (ie., H = H), then
B(i) = VE,s(i) + &(i), where £€(i) = H T (i)v(i) is the noise component after the

zero-forcing operation.

4.3. Numerical Examples and Discussion

For all numerical examples, binary phase-shift keying (BPSK) with a data
rate of R, = 1Mbps is chosen. Bit decisions for the BPSK system are obtained by
slicing the real part of B(i) given in Eq. (4.21) as §(i) = sgn {R[B(:)]}, where
J(-) denotes the real part. The Doppler shift is calculated based on a center

frequency f. = 2.0GHz. Fading processes among all transmit and receive antennas



20

L S S
[ LA 11|
© N 0w

Pel

=

ect channel estimates| ]

4 I I I I I

6 8 10 12 14 16 18
Eb/NO (dB)

10

FIGURE 4.2. BER versus E,/N,y with different memory depth L.

are assumed independent and identically distributed; their first and second order
statistics do not change over the entire transmission horizon. Although the proposed
DD MAP scheme does not require periodic pilot bits in principle, errors introduced
in applying Eq. (4.5) will accumulate over bits. Therefore, periodic pilot bits are
added, but with a large block length of K = 600 bits unless explicitly specified
otherwise. Let P (Ny < P <« K) represent the number of pilot bits in each pilot
period. For small values of P, the fading rates of interest are such that the channel
remains approximately constant during one pilot period. The received signals in
the pilot period are written in an N x P matrix as Y, = [r(1), r(2), ---,7r(P)] =

‘H,S,+V,, where r(p) was given in Eq. (4.3), H,, is the channel coefficient matrix
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antennas.

in the pilot period, S, = [s(1),s(2),---,s(P)], and V, = [v(1),v(2),---,v(P)].
Hence, channel estimates in the pilot period are obtained as 7:£p = YpS; :
Memory depth (window length) L for the DD MAP channel predictor affects
the error performance. Fig. 4.2 shows the bit error rate (BER) versus bit-energy-to-
noise-density ratio (E,/Np) curves of a (2, 3) system with different values of L. The
maximum Doppler shift is f; = 74Hz (f4T, = 7.4 x 107°), which is obtained based
on a vehicular speed of v = 40Km/h. BER curves shown are for memory depths
of L =3, 5, 7, and 9. For comparison purposes, the error rate curve with perfect
channel estimates is also shown in the aforementioned figure. With the set of system

parameters applied, error performance improves significantly when L increases from
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FIGURE 4.4. BER versus E;,/N, with different fading rates.

3 to 7. However, when L increases to over 7, performance improvement is negligible.
With L = 9 and other parameters adopted for a target BER of 1073, the proposed
scheme performs approximately 2.5dB worse than the case when all coefficients of
the matrix channel are perfectly known to the receiver.

Since channel estimation depends on the accuracy of inter-antenna interfer-
ence cancellation using Eq. (4.5), it is expected that the performance will degrade
when the number of transmit antennas increases. Fig. 4.3 shows the BER versus
Ey/Ny curves with L = 7 and (Nr, Ng) = (2,2), (2,3), (3,3), and (3,4). Other pa-
rameters applied are the same as adopted for Fig. 4.2. Under ideal conditions, the

ZF detection should yield the same error performance for cases of (Nr, Ng) = (2,2)
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FIGURE 4.5. Performance comparison of the proposed scheme and the scheme

with the channel treated as block fading.

and (N7, Ng) = (3,3), if the received signal energy per symbol per antenna is the
same [67]. With actual channel estimates, it is observed that a (3,3) system per-
forms worse than a (2,2) system.

The fading rate quantified by the Doppler shift affects the performance of
any channel estimation schemes. If channel phase and magnitude remain constant
over a number of bits, accurate channel estimates are possible. As the fading
rate increases, estimation quality deteriorates. Fig. 4.4 shows BER versus Ej/Ny
curves of a (2,3) system with L = 7 and v = 30, 50, and 70Km/h. Performance
degradation from v = 30Km/h to v = 50Km/h is considerably less significant than
that from v = 50Km/h to v = 7T0Km/h.
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The rationale behind the quasi-static fading model is that the channel re-
mains approximately constant over one block of data. If this were true, a simple
method would be to apply the channel estimates obtained using pilot symbols em-
bedded with data for data detection in the whole block. This scheme will not work
well when the system is operating over a time-varying fading channel. Fig. 4.5 com-
pares the performance of a (2, 3) system employing the proposed scheme with that
of the scheme based on the quasi-static fading model described above. Fading rate
is calculated based on v = 50Km/h and block lengths of K = 400,700, and 1000
are evaluated. The proposed scheme performs worse in the low Ej,/Ny region (high
BER values), but the scheme based on the quasi-static model reaches an error floor
between 1072 to 10~2 with the set of system parameters applied. The major factor
causing this behavior of the proposed scheme in the low Ej, /Ny region is that higher

error rates result in worse estimates of y,,, (7, L).

4.4. Conclusion

A decision directed maximum a posteriori probability channel estimation
scheme for symbol-by-symbol detection in MIMO systems has been derived. This
scheme has a low complexity and can be applied to time-varying Rayleigh fading
channels with an arbitrary spaced-time correlation function. Numerical results indi-
cate that a long memory depth is unnecessary for a system to work well. The chan-
nel estimation quality deteriorates as the number of transmit antennas increases.
The fading rate has a high impact on system performance, and the proposed scheme
is more appropriate for channels with low to medium normalized Doppler shifts.
Large block length between adjacent pilot blocks can be deployed with the proposed

scheme. This results in minimum overhead for pilot symbols. The schemes based
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on the quasi-static channel model reach an error floor whereas the proposed scheme

works very well at high E,/N, values.
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5. CHANNEL ESTIMATION FOR MOBILE MIMO OFDM SYSTEM

OFDM is attractive for wideband communications because of its ability to
transform a frequency-selective channel into a series of frequency-flat sub-channels.
This scheme allows the system to transmit data reliably in a time-dispersive, or
frequency-selective, channel without the need of a complex time-domain equal-
izer. MIMO communication techniques [1] can be applied with OFDM to increase
spectral efficiency. It has recently become one of the most significant technical
breakthroughs to solve the bottleneck of high data rate requirement and it is the
key technology in the emerging high data rate standards such as IEEE 802.16
and IEEE 802.11n. In MIMO OFDM systems, flexible transmission and signal
processing techniques can be implemented to provide high quality measured by the
bit-error rate (BER) and/or high data rate by exploiting either the diversity gain
and/or the spatial multiplexing gain. Realizing these gains requires knowledge of
CSI at the receiver, which is often obtained through channel estimation.

There exist two main types of channel estimation schemes: non-blind (or
pilot assisted) schemes, in which a portion of the bandwidth is allocated to training
symbols [24, 28], and blind approaches, which can be implemented by exploiting
the statistical properties [21] or the deterministic information of the transmitted
symbol (e.g., finite alphabet, constant modulus, etc.) [22, 23]. For pilot assisted
schemes, CSI can be estimated by exploiting the frequency correlation and/or the
time correlation of the pilot and data symbols. The estimates are in general reliable,
but pilot symbols imply signaling overhead. On the other hand, blind channel
estimation requires a long data observation interval. The slow convergence rate
limits the application of the statistical approach to mobile channels and a high

computation complexity due to the maximization process restricts the deterministic
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approach. In [25], channel estimation algorithms based on comb-type pilots with
improvements through interpolation at data frequencies were studied. Performance
bound of a pilot assisted least square (LS) channel estimator over a multipath slowly
fading channel was derived in [26]. When applied to OFDM systems over fast-fading
channels, however, this scheme can not perform well due to the large normalized
Doppler shift. A Kalman filter based scheme to estimate the state-transition matrix
of time-varying MIMO OFDM channels and a scheme based on minimizing the
mean-square error (MSE) of a cost function were developed in [29, 30] and [31,
27], respectively. ICI and rapid channel variations make channel estimation more
challenging in mobile channels. In order to mitigate ICI effects, various detection
structures were proposed and compared in [24]. These schemes generally have a
high complexity. In [28], an iterative multistage channel estimator with iterative
ICT cancellation to maximize the signal-to-noise-plus-1CI ratio was derived.

In this chapter, we investigate pilot assisted channel estimation for MIMO
OFDM systems in the presence of ICI due to the nature of time-varying channels.
We firstly apply phase shift orthogonal (PSO) pilot sequences [86] for different
transmit antennas to minimize the MSE of the LS channel estimates. As the LS
scheme requires the inversion of a large-size matrix (up to M x M with M being the
number of sub-carriers dedicated to pilot symbols) every OFDM symbol interval
in fast-fading channels, its complexity becomes prohibitively high. Thus, we derive
an expectation-maximization (EM) based LS channel estimator to avoid matrix
inversions. Fast-fading causes severe ICI in OFDM systems with large number
of densely spaced sub-carriers. This interference becomes particularly disturbing
at normal freeway speed for such systems. With the estimate of the channel for
the current symbol interval and initially detected symbols, the ICI component is

estimated and removed before detecting the transmitted symbols. The detected
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symbols are then fed back to the channel estimator for more accurate estimation
of the channel states in the next iteration.

Maximum a posteriori probability (MAP) channel estimation algorithms
generate optimal results. However, for many applications, the computational com-
plexity could be prohibitively high as it needs to invert large-size matrices. This
chapter develops an iterative channel estimation and data detection scheme for mo-
bile MIMO OFDM systems for which ICI cannot be neglected. The major contribu-
tion is on deriving a low-complexity MAP channel estimator while maintaining high
data-detection performances for time-varying channels. In the proposed scheme,
channel estimates are initially obtained by using an LS algorithm that operates on
pilot symbols only. To avoid matrix inversion, we derive an expectation maximiza-
tion (EM) algorithm to obtain the LS solutions. Then, a successive interference
cancellation (SIC) scheme is incorporated in the data detection process. With the
initial channel estimate and the temporary data decisions, the ICI component is
approximated and cancelled from the received signal. In fast fading channels, LS
estimates based on pilot symbols only might not be sufficient to provide a high de-
tection performance. Once the temporary data decisions and channel estimates are
available, performance could be significantly improved by using a MAP estimator.
In order to lower the complexity, we derive an EM-based MAP estimator by ex-
ploiting the channel statistical information and employing low-rank approximation.
The temporary symbol decisions and the received signal after ICI cancellation are
finally processed by the derived EM-based MAP estimator to refine CSI and data
detection.

Most of the existing research on MIMO detection has assumed uncorrelated
MIMO spatial channels. However, the channel can be correlated due to the small

angular spread and/or antenna spacing. We optimize data transmission by ex-
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ploiting the long-term correlation characteristics and incorporate it in the iterative
process. We provide extensive simulation results to evaluate the error performance
of the proposed scheme, including comparison with that of the LS scheme and the
ideal case — time-invariant channels and perfect channel estimates. We show that
the proposed scheme does not have an error floor even under high Doppler shifts

and in the presence of a high spatial correlation.

5.1. System Model

Consider an (N, Ng) MIMO system, where Ny and Ng represent the num-
ber of transmit and receive antennas, respectively. A sub-channel is defined as
the channel transmitted from the u-th (1 < w < Np) transmit antenna to the
v-th (1 < v < Ng) receive antenna. If the antennas are sufficiently separated
under the rich-scattering environment [38], channel fading processes for different
sub-channels can be assumed to be independent and identically distributed (i.i.d.).
OFDM with N sub-carriers is followed by a spatial multiplexing block and serial-to-
parallel (S/P) converts the incoming OFDM signals into N streams for simultane-
ous transmission through the transmit antennas. Since the signal is band-limited,
the time-varying multipath channel can be represented by using the tapped-delay
line model with time-varying coefficients, but fixed tap spacing [87]. The delay
spread of the channel determines the length of the tapped delay line and the tap
spacing must be equal to or less than the reciprocal of the signal bandwidth. The
impulse response of the channel is described by A, ,(n,[), which denotes the tap
gain of the [-th path at time index n for the sub-channel transmitted from the u-th
antenna to the v-th receive antenna. The maximum tap delay is assumed to be

less than or equal to the OFDM guard interval. In this chapter, we assume an
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exponentially decaying multipath power profile, which determines the power dis-
tribution among the taps. The power profile is also assumed to be the same for
all the sub-channels. Thus, fading coefficient A, ,(n,1) is modeled as a zero-mean,
complex, wide sense stationary Gaussian process with a spaced-time correlation

function ®(ny — ny,ly — ;) expressed as [85]

(I)(nz —ni,ly — 11) = E{Av,u<nlv ZI)A;u(n% lz)}

=€~ J0(27deTs(NQ - n1>> . €_ll/L(5(l2 — ll) (51)

where

1— 6_1/L

= —— (5.2)

€

~U/L =1, E{-} denotes statistical expec-

is a normalization factor to ensure e- ) e
tation, {-}* represents complex conjugate, §(-) represents the Dirac delta function,
Jo(+) is the zeroth order Bessel function of the first kind, f; is the maximum Doppler
shift of the channel in Hz, and T is the sampling interval. f; can be calculated
as fq = fev/c, where f. is the carrier frequency, v is the vehicle speed, and c is
the light speed. The total number of taps is assumed to be L + 1, which depends
on the ratio of the maximum delay of the channel to the OFDM sampling inter-
val. Let A(n,l) denote the Ng x Ny MIMO fading channel matrix whose (v, u)-th
element is A, ,(n,l). It is assumed that the fading among different paths is uncor-
related. The Ny x Ng receiver correlation matrix is assumed to be identity and the

Np x Np transmitter correlation matrix is denoted by T';. The spatially correlated

CSI matrix, H(n, ), is defined as
H(n,1) = A(n, )T, (5.3)

With perfect sample timing, we can denote the discrete time multipath channel at

time n7T along the delay paths as



61
hv,u(”) = [hv,u<n7 0)7 hv,u<n7 1)7 T hv,ﬂ(”a L)]T (54>

where h,,(n,l) is the (v,u)-th element of matrix H(n,l). The discrete Fourier

transform of h, ,(n) is expressed as
ﬂv,u(n) - Fhv,“(”) (55)

where F is an N x (L + 1) matrix with F[k,l] = e 72 /N (0 < k < N — 1,
0 <1 < L. The k-th element of the N x 1 vector H, ,(n), H,.(k,n), represents
the frequency response of the channel for the k-th sub-carrier. In this model, the
channel coefficients are assumed to be constant in one sampling interval, which is
much shorter than one OFDM symbol duration, and change over different sampling
interval according to the spaced-time correlation function. In discrete time, the

signal transmitted from the u-th antenna can be represented as

su(n) = \/% Z_: dy (k) - e72mk/N (5.6)

where d, (k) is the transmitted data at the k-th sub-carrier from the u-th antenna
and F is the symbol energy per sub-carrier. The signal received by the v-th antenna

is expressed as

Nr L

yo(n) =D > hyu(n,Dsu(n — 1) + wy(n) (5.7)

u=1 =0

where w,(n) is the zero-mean additive white Gaussian noise (AWGN) with variance
Ny. Since the guard interval is not less than the maximum delay of the channel,
there is no inter-symbol-interference (ISI). For simplicity of notation, we let the
symbol energy per sub-carrier be normalized to 1. After removing the guard inter-

val, the received signal can be expressed as

Nr N-1

1 j2mnk/N
yo(n) = i >N du(k)Hoy (b, n)e™ N 4w, (n) (5.8)

u=1 k=0
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where again H,,(k,n) is the k-th element of H,  (n) given in Eq. (5.5). After
performing the Fourier transform on the received signal y,(n), the signal at the

k-th sub-carrier can be expressed as

+ ) du(m) Y Hyu(m,n)el?™ RN Ly (k) (5.9)
where the second term on the right-hand side represents the ICI component and

W, (k) = \/LN Z_ wy(n)e 2R/ (5.10)

Let ¢, (k) represent the ICI component caused by time-varying fading and H,, (k)
denote the mean value of the channel response for the k-th sub-carrier. Eq. (5.9)

can be rewritten as

Yo(k) = [du(k)Hyu(k) + Cou(k)] + Wo(k)
S () )+ G () W (k) (.11)
where :
B 1 N-1
mwbﬁgmmm. (5.12)

The impulse response of the sub-channel from transmit antenna u to receive antenna

v is expressed as

H%u = [E’v,u(o)v Bv,u(l)a Ty Bv,u(L)]T (513)
where
N-1
B%u(l) — ’v’u(k)ej%rkl/N
k=0
1 N-1
=5 2= Ml ). (5.14)

i
o
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Most of the recent work (e.g., [22, 27]) has adopted the quasi-static model,
assuming that h,,(n,[) remains approximately constant over one OFDM symbol
duration. Under this assumption, there is no ICI. However, if the Doppler shift is
high and especially when the OFDM system has large number of densely spaced
sub-carriers, this assumption is no longer valid. In this thesis, a more appropriate
assumption is made such that the channel coefficients are assumed to be constant
in one sampling interval and change over different sampling interval according to

the spaced-time correlation function.

5.2. EM-Based LS Channel Estimation

EM-based LS is a pilot assisted channel estimation scheme to initially esti-
mate the channel coefficients for MIMO OFDM systems in the presence of ICI due
to the nature of time-varying channels. Let ps and M denote the pilot sub-carrier
spacing and the number of sub-carriers dedicated to pilot symbols, respectively.
The received pilot vector at receive antenna v, Y, and transmitted pilot matrix,

D), from transmit antenna v are written as

Xv(p) = [Y;)(O)> Y;)(ps)v %(2ps)7 e 7}/;)((M - 1)ps)]T (515)

D) = diag[d,(0), du(ps), du(2ps), - -+, du((M — 1)p;)] (5.16)

where diag|-] denotes a diagonal matrix. From Eqgs. (5.11) and (5.13), the received

vector of the v-th antenna can be expressed as

Yo = Q) hu+ oy + Wy (5.17)

where

Q) = (D1 F), Do) F ), -+ - Dy F )] (5.18)
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=T +T =T

hU = [h’v,h h’v,27 Ty hy}NT]T (519)

and F(, is an M x (L + 1) DFT matrix with F,[k,l] = e 2™/N L =
0,ps,2ps, =+, (M — 1)ps, 0 < 1 < L. The k-th elements of M x 1 vectors ()
(ie., Go(k)) and W, (i.e., W,(k)) were defined in Eqgs. (5.10) and (5.11), respec-

tively. The least square (LS) estimate of h, is simply obtained as

~

hy = Q) gy (5.20)

where (-)* denotes the pseudo-inverse. Since @, is an M x Nr(L + 1) matrix, it
will have a unique LS channel estimate as long as the number of pilot sub-carriers
M is not less than N times the number of channel delay taps (L + 1). Calculating
the inverse of an Np(L + 1) x Np(L + 1) square matrix could be computationally
extensive. Thus, it is favorable to ignore the channel taps whose magnitudes are
small, like the method of significant tap catching method (STCM) proposed in [88].
With L, significant taps (L, < L+ 1), the computation complexity can be reduced
to the inversion of an NrL, X NrL, square matrix. However, an irreducible error
floor is introduced since the power-delay profile cannot be completely represented
by the L, taps [89, 90].

We derive an EM-based LS channel estimation scheme to provide a more
reliable channel estimate than the STCM scheme and at the same time avoid the
inversion of large-size matrices. This algorithm transforms the estimation process
for multiple-input channels into a series of independent single-input single-output
(SISO) channel estimation. Since the received signal is decomposed and estimated
for each sub-channel, it can be implemented more efficiently compared with other
algorithms.

E-step: foru=1,2,..., Np,
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(9) ~ (9)

Y uw) = Duw Fnyhe, (5.21)
(9) A (9)
-9 _ Y ~ (g
e = Youw T 0 [ Yo = D Youw (5.22)
u=1

where superscript ¢ represents the g-th sub-iteration and ZLV:TI . = 1. Typically,

Bu,u=1,---, Np, are chosen as 3; = - -+ = On,.
M-step: in order to minimize the detection error, the estimated channel

coefficient can be expressed as

ﬁ(9+1) _ plH

v,u (»

DL i) (5.23)

u(p)” vu(p)®

Since D, is a diagonal matrix, D, .

can be obtained via division only.
The channel estimates can be initially set as fzioi =174, (1 <v < Ng,1<u<
Nr), where 1711 is an (L + 1) x 1 vector whose elements are all 1’s. Increasing the
number of sub-iterations G will result in better quality of the channel estimates.
However, as will be shown in the numerical examples section, for most common

MIMO OFDM configurations and fading rates, the performance saturates quickly

as G increases; thus, a large GG is typically unnecessary.

5.3. Low-complexity MAP Channel Estimation

The transmitted data could be detected by simply employing the EM-based
LS estimates of the channel coefficients. However, in fast time-varying fading chan-
nels, the performance will be significantly improved by employing a MAP channel
estimator. A major problem with applying a MAP estimator is the need of data
matrix inversion for every OFDM symbol. We investigate an EM-based MAP es-
timator which takes the temporary symbol decisions and the received signals after

ICT cancellation to refine CSI. The received signal of the v-th antenna at the k-th
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sub-carrier Y, (k) is expressed by Eq. (5.11). The received vector on all sub-carriers

at antenna v can be expressed as

Y,=D H,+¢(,+W, (5.24)
D =[D,,D,, --,Dy,)] (5.25)
D, = diag[d,(0),d,(1),- -, dy(N — 1)] (5.26)
H,=((H,.)" (Hyp)", - (Hon,)") (5.27)

The u-th element of H, is H,,,, = Ff_r,w, where ﬁv,u, u=1,2,---, Ny was defined
in Eq. (5.13) and F is an N x (L + 1) DFT matrix defined in Eq. (5.5). The
k-th elements of vectors Y, ¢,, and W, (i.e., Y,(k), (,(k), and W, (k)) have been
defined in Egs. (5.9), (5.10), and (5.11), respectively. Since the EM algorithm can
decompose the MIMO channels into a series of SISO channels, the received vector

at antenna v can be expressed as

Nt
Y, =) Y., (5.28)
u=1
where
Y,.=D,H,, + élw (5.29)

and &, , is the component consisting of AWGN and ICT for the sub-channel trans-
mitted from the u-th antenna to the v-th receive antenna. By exploiting the channel
statistical information and employing low rank approximation, an expectation max-
imization (EM) based MAP channel estimator of MIMO OFDM systems is derived

to achieve excellent performance without the need of any matrix inversion.
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5.3.1. MAP Channel Estimation

Maximum a posteriori probability (MAP) algorithm achieves optimal esti-
mates of the channel parameters. It maximizes the probability density function
(pdf) of H,, conditioned on the received signal and the transmitted data matrix
as [72]

H,, = vl Yo D 5.30
7 arg In}ax f( | ) ( )

v,u

where f(-) denotes the pdf. It was shown in [72] that the MAP estimate of the

parameter, H, ,, can be expressed as

H,.=p+RyD! (D,RyDY + Ry) ' (¥, — Dun)

— [RHDUH (D.RyD. + RN)_I] Yot

-1

[I — RyD" (D,RyD" + Ry) Du] " (5.31)

where p and Ry denote, respectively, the mean and covariance matrix of H, ,, and
Ry is the covariance matrix of vector £, . For most common OFDM systems, the
number of sub-carrier is a large number (e.g., 128). Therefore, the ICI component,
Cou(k), can be approximated as a Gaussian random variable by invoking the central
limit theorem [100]. Once the Doppler shift is estimated, the variance of ICI, o7,

can be estimated as [24]

[
N-1 N-1 N-1

Otoy = Z Z E{Hy,u(m,ni)H; ,(m,n2)} - e

N-1 N—-1 N—
1 27rde(n1 — ng) j2n(nj —ng)(m—k)
=8 2 2 Z Jo ( N D

m=0,m#k n1=0n2=0
N-1

= % Z <N+QZ —n)Jo(2m fiTsn) cos (27r(m k)N>> . (5.32)

m=0, m#k

j2m(ny —ng)(m—k)
N

£, ., is assumed to be zero mean with covariance matrix of 021y, where Iy is N x N

identity matrix and 02 = 0%+ + 04w en/Nr. Eq. (5.31) can be rewritten as
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H,,= RyDY(D,RyD" +5*1)'. Y

V,U

= Ry(D,Ry +o*- (DY) v

=v,u

=Ry(Ry+0o°- (DYD,)™")'D' Y, . (5.33)

5.3.2. Low Rank Approximated MAP Channel Estimation

Since the transmitted data D, changes every OFDM symbol interval, the
system complexity could be prohibitively high due to the frequent inversion of
large-size matrices. It was shown in [91] that the instantaneous matrix (DD, )™
can be replaced with E{(Df D,)"'} at the expense of a negligible performance
degradation. Assuming a normalized constellation power and equally probable
constellation points, we can easily show that E{(D?D,)~'} = oI, where Iy is
an N x N identity matrix and « equals 1, 1.8889, and 2.6854 for QPSK, 16-QAM,

and 64-QAM, respectively. Thus, Eq. (5.33) can be approximated as

H,,=Ry(Ry+0o* E{(D!D,)'})'D,' - Y,,
=Ry(Ry +o’al)"'D," Y,
= RHR : ﬂv,u,LS

=T -H,..Ls (5.34)

where I' = RyR and R = Ry + o?al. Furthermore, T' can be optimally ap-
proximated by an N x N matrix, I';,,, with low rank. It was proven in [92] that
an optimal rank reduction can be achieved by minimizing the trace of the extra
covariance as

min tr[(T — T,,)R(T —T,,)7]. (5.35)

m
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The solution of above equation is to make I',, R"/? the best low rank approximation
of TRY2. After applying singular value decomposition (SVD) of matrix Ry, Ry =
UAU", TR"? can be expressed as

IR/ = RyR ™'/
= RH(RH -+ O'QCKI)il/2
=UAUT(U(A + c*aD)UT)71/2

= UA(A + oad)V2U" (5.36)

where A is a diagonal matrix with elements of \,,,m = 0,1,---, N — 1. Let X =
A(A+c%al)™Y/? and A = X(A +c%aI)~'/2. The low-rank approximated channel

estimate is derived as

H,,=UX,U" U+ c*al)U")"V? H,, s
= UX (A +02ad)V2U" - H,,.s
=UA,U"-D'Y,, (5.37)
where X ,, and A,, are the N x N diagonal matrices whose first L + 1 diagonal
elements are the same as those of X and A, respectively. The rest of the diagonal

elements of X, and A,, are all 0’s. Thus the first L 4+ 1 diagonal elements of A,,

are represented as /\m’lﬁ,m =0,1,2,---, L.

5.3.3. EM-based MAP Channel Estimation

Since the signal power is not changed by the transmitter correlation matrix,

the (m,n)-th element of the covariance matrix Ry can be derived as

[RH}m,n =F {Hv,U(m)ﬁ:,u(n)}
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L 2 11 L 2 l
— —j27m. — —j2mnly
=F hyu(lh)e hyu(l2)e
11=0 l2=0

]_ L N-1 N —j2m(m—n)l
=E 209D SUNCNID SEMURTRS ol
=0 n1=0 no=0
1 L i —j2n(m—n)l
- FE {Z < Ayu(n, )Am(ng,l)> e}
=0 n1=0n2=0
o ( -1 N—-1
R N2 Z > Jo@rfiTina—m))  (5.38)
=0 n1=0mn2=0

It is assumed that the normalized Doppler shift is less than 0.05. Thus, the
value of Jy (2w f4Ts(ne —nq)) is close to 1. [Rpylmn, can be approximated as
EZlL:o e*l/LeM, where the normalization factor € is defined in Eq. (5.2).
After performing SVD of matrix Ry, we can obtain the unitary matrix U and the
singular values A,,,,m =0,1,2,---, L.

The EM-based MAP algorithm can be efficiently implemented as

E-step: foru=1,2,..., Np,

(g)

Y,,=D UAm,UHFh (5.39)

N

u=1

where, as the EM-based LS scheme, superscript P represents the g-th sub-iteration
and B,,u=1,---, Np, satisfy Z 2, By = 1 and are typically chosen as 3; = --- =
BNy Ay is the pseudo-inverse of diagonal matrix A,,; the L+ 1 non-zero diagonal
elements of A,,; equal %, m=0,1,2,---, L.

M-step: in order to minimize the detection error, the estimated channel

coefficient can be expressed as

A — FHUA, U D), (5.41)

v,U
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Since D, is a diagonal matrix, its inversion can be obtained by division only. No
matrix inversion is required for the proposed EM-based MAP channel estimator.

This scheme can achieve optimal performance with relatively low complexity.
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6. DATA DETECTION FOR MOBILE MIMO OFDM SYSTEMS

The ultimate goal of a receiver is to detect the transmitted symbols with min-
imum probability of detection error based on the received signal, which is distorted
by the noise and channel. For MIMO OFDM systems, the interference between
signals simultaneously transmitted from the multiple transmit antennas consider-
ably increases the detection complexity. Maximum likelihood (ML) is an optimal
detector. However, the implementation is restricted by the significant increase in
complexity, which exponentially grows with the number of transmit antennas [36].
Thus, several suboptimal detectors have been developed, e.g., zero-forcing (ZF)
and minimum-mean-square error (MMSE) linear detectors. Both ZF and MMSE
can decouple spatial interference by matrix inversion. While reducing the detec-
tion complexity, these receivers suffer a loss in diversity gain. It has been shown
that these receivers achieve a receive diversity order of Ngp — Ny + 1 instead of
the usual Ng [82, 52]. Alternative nonlinear receivers have also been considered,
e.g., successive interference cancellation (SIC) [7, 93] detection. Signals transmit-
ted from multiple antennas are detected in an optimal order and the interference is
successively cancelled from the received signal. In reality, the receiver is designed
by balancing the detection performance and the system complexity.

Based on the channel estimation schemes (LS, EM-based LS, EM-based
MAP, etc.) of MIMO OFDM systems described in Chapter 5, the (L + 1) x 1
vector of the channel multipath fading, ﬁv,u, can be estimated. Thus the estimate
of the channel frequency response at the k-th sub-carrier, ]:L,u(k:)(v =1,2,---,Np
and u = 1,2,---, Np), can be obtained for all the sub-channels by applying Eq.
(5.5). Let H(k) denote an Ng x Ny channel matrix whose (v,u)-th element is

H, (k) and let Y (k) denote an Ny x 1 received vector whose v-th element is Y, (k).
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From Eq. (5.11), the received vector at the k-th sub-carrier of MIMO systems can

be expressed as
Y (k) = H(k)d(k) + N (k) (6.1)

where d(k) is a Ny x 1 transmitted vector whose u-th element is d, (k) and N (k)

is a Ng x 1 noise vector whose v-th element is ¢, (k) plus W, (k).

6.1. ZF and MMSE Detection

A linear approach to recover d(k) from Y (k) is to use a Ny x Ng weight
matrix W (either W zr or Wy p55), which linearly combines the elements of Y (k)
to estimate the transmitted symbols, i.c., d(k) = WY (k). By inverting the channel
with the weight matrix, the ZF algorithm nulls out the interference introduced from

the channel matrix. The ZF weight matrix is defined as

1 .

Wor=H(k) = (ﬂ(k)HﬁI(k)) H (k)" (6.2)

where (-)7 denotes Hermitian, (-)~! denotes matrix inversion, (-)" denotes ma-
trix pseudo-inversion. The drawback of the ZF detection scheme is that nulling
out the interference without considering the noise will increase the noise power
significantly, which results in performance degradation. The analysis is mainly
described in Chapter 3. To avoid this noise enhancement, MMSE detec-
tion scheme minimizes the mean-square of the detection error, ie., J(W) =
E {(d(k) —d(k)H(d(k) — El(k))}, with respect to W. The optimum weight can

be derived as

Wiise = (HOW"H(E) + ey, ) HE" (63
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where 0%yoy i the variance of AWGN noise, Iy, is the N7 x Np identity matrix.
In the MMSE scheme, the decision vector for the Ny spatially multiplexed symbols

on the k-th sub-carrier is obtained as
. R 1
d(k) = (H(R)"H(K) + ohwonTy, ) HR)TY(K), k=01, N =1 (6.4)

where El(/f) is an Np x 1 vector whose u-th element is the estimate of the symbol

~

transmitted from the u-th antenna at the k-th sub-carrier, d,(k), u=1,2,---, Np.

6.2. ICI-based MMSE Detection

The MMSE scheme would have worked were the channel a slow-fading one,
as in such scenario ICI would have been very mild and could be neglected. In
a fast-fading channel with high Doppler shift, however, the received signal could
be corrupted severely by ICI. Thus, Eq. (6.4) must be modified to incorporate
ICI to the MMSE process, forming the ICI-based MMSE to improve the detection
accuracy in the first iteration when the ICI approximation and cancellation has yet
not begun. Data detection quality in this initial phase of the iterative process will
affect the receiver performance.

Since for most common OFDM configurations, the number of sub-carrier is
a large number (e.g., 128), the ICI component, (,,(k), can be approximately as
a Gaussian random variable by invoking the the central limit theorem [100]. The
variance of (,(k) can be determined by exploiting the ICI power and the number
of transmit antenna as shown in Eq. (5.9) and Eq. (5.11). Once Doppler shift
is estimated, the variance of (,(k), Nro%,;, can be estimated by Eq. (5.32). The
improved decision vector for the k-th sub-carrier employing the ICI-based MMSE

algorithm is obtained as



75

d(k) = (H()"H(k) + (0Awey + Nrofe) I, ) HETY (k) (65)

where d(k) is an Ny x 1 vector whose u-th element is d,(k), w=1,2,---, Ny.

In OFDM, a stream of symbols are modulated on many equally spaced par-
allel sub-carriers [17]. Modulation and demodulation are efficiently implemented
by IFFT and FFT. However, the orthogonality of the transmitted symbols is main-
tained only if the channel is time-invariant [28]. This section describes how the
ICT is generated due to the nature of time-varying channel. It is shown that ICI
can cause a significant effect on a system with large number of densely spaced sub-
carriers even for a slowly fading channel. Data detection can be improved based on
the analysis and iterative cancellation of ICI.

In the presence of severe ICI, the ultimate solution would be to cancel it
in the detection process. The channel transfer function can be approximately ex-

pressed by using the first-order Taylor series expansion as [28]
H,,(k,n) = Hy,(k,no) + H, ,(k,n0)(n — ng). (6.6)

Then, (, (k) given in Eq. (5.11) can be rewritten as

N-—1
Cow(k) =Y Hyu(m,ng) E(m)d(m) (6.7)
m=0
1 N-1
Ek(m) = N (n —ng)e??™mm=R/N "} —0.1,--- . N—-1, m=0,1,---,N — 1.
n=0
(6.8)

Let E be an N x N matrix whose (k, m)-th element is Z¢(m), k,m =0,1,---, N—1.
With the initial estimate of the channel and the temporary symbol decisions for all

the sub-carriers, the ICI component is approximated as
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d, = [d,(0),d,(1), -, d, (N —1)]" (6.10)
&v,u = [év,U(O)a év,U(l)a T év,U<N - 1)]T (6'11)
H, , = diag[H,,(0,n0), H, ,(1,n0), -, H, ,(N — 1,n)]. (6.12)

The first order derivative of the channel response, H;u(k:, noy), can be estimated by
calculating the difference of H, , (k) between two consecutive OFDM symbols [28].

The ICI component is then cancelled before the next iteration of data detection as

V,=Y, =Y ¢, (6.13)

where Y, = [Y,(0),Y,(1),---,Y,(N — 1)]7. Once the ICI component is cancelled
from the received signal, both channel estimation and data detection should be
significantly improved. The block diagram of the proposed iterative EM-based
LS channel estimation and ICI-based MMSE detection scheme for MIMO OFDM
systems is shown in Fig. 6.1. Recall that for each transmit antenna, N data sym-
bols are transmitted over the N orthogonal sub-carriers during one OFDM sym-
bol period. In the proposed receiver, an EM-based LS channel estimation scheme
described in Chapter 5 is used to estimate the channel coefficients for all the sub-
channels employing the output signals of the FF'T block. Then, MMSE detection is
performed based on the ICI power, which can be calculated by exploiting the knowl-
edge of the Doppler shift. Once the temporary hard decisions of the transmitted
symbols are available, the ICI component can be approximated and cancelled from
the received signal. Thus, a refined received signal is constructed for the next itera-
tion. This iterative process of EM-based channel estimation, MMSE detection, and
ICT approximation and cancellation will continue until certain performance criteria

are met. The performance gain and the impact of various choices of the algorithm
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FIGURE 6.1. Block diagram of the proposed iterative EM-based LS channel esti-
mation and ICI-based MMSE detection for MIMO OFDM systems.

and system related parameters with the proposed scheme will be presented and

discussed through numerical examples.

6.3. SIC Detection

Successive interference cancellation (SIC) uses the detect-and-cancel strat-
egy similar to that of decision-feedback equalizer. Either ZF or MMSE can be
used for detecting the signal component used for interference cancellation. It has
been shown that the capacity of MIMO systems decreases in the presence of high
transmit and/or the receive correlations [45, 94]. We will assess the performance
and robustness of the proposed channel estimation schemes in both independent
and highly correlated spatial channels. In highly correlated channels, an adaptive

precoder is needed to optimally adjust the signal power and phase for each antenna
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by exploiting the long-term spatial correlation characteristics of the MIMO chan-
nel. For systems with 2 transmit antennas, a precoder is designed to optimize the
multiple antenna transmission such that data transmitted from different antennas

have the same error probability. The 2 x 2 precoder matrix is given as [93]

M = VR0 (6.14)

0 VPe ¥

where ¢ = 2rBcos(d;), P, = %, Py = m, and p is the modulus of the
antenna correlation coefficient expressed as p = e(-0-9)@rBsin@)n)*  For the special
case of independent MIMO channels, p = 0 and ¥ = 0, which result in equal power
allocation (P; = P, = 1/2) and zero phase-shift. Details of optimal precoder design
for MIMO systems with more than 2 transmit antennas can be found in [93].
Upon obtaining the CSI matrix H(n,!) including spatial correlation effects
by using the proposed scheme described in Section 5.2 or Section 5.3, A(n,[) can
be calculated through Eq. (5.3) for any transmit correlation matrix T). After
applying a linear zero-forcing filter to the Ni x 1 received vector of the k-th sub-

carrier, i.e., g(k) = A(n,()'Y(k), the symbol transmitted from the first antenna

can be estimated by the dot product of the first column of Tll/ ? and g(k).

di(k) = [T, (., 1)]" g (k) / v/ Pr. (6.15)

Then, the interference coming from the first detected symbol can be subtracted

from g(k) before detecting the next symbol as
g(k) = g(k) = VAT (. ) (k). (6.16)
The symbol transmitted from the second antenna can be estimated as

do(k) = (T,*(:,2))" g (k) / (v/Pae™7"). (6.17)
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The block diagram of the iterative EM-based MAP channel estimation and
SIC data detection for MIMO OFDM systems is shown in Fig. 6.2. In the trans-
mitter, the adaptive MIMO precoder [93] utilizes spatial multiplexing scheme and
optimally adjusts the signal power and phase for each antenna by exploiting the
long term spatial correlation characteristics of the MIMO channels. Modulation
and demodulation of OFDM are efficiently implemented by the means of inverse
fast Fourier transform (IFFT) and fast Fourier transform (FFT). In the receiver,
we propose an EM-based least square (LS) channel estimation scheme to initially
estimate the channel coefficients for all the sub-channels by employing the output
signals of the OFDM demodulation. Data is detected by successive interference
cancellation (SIC) scheme. Once the temporary hard decisions of the transmitted
symbols are available, the ICI component can be approximated and cancelled from
the received signal. The received signals after ICI cancellation, the detected sym-
bols and the statistical information of the channels are feedback to the EM-based

MAP scheme to obtain more accurate channel parameters.

\

| EM-based
Adaptive OFDM . - OFDM | LS sic
MIMO . . : Demodulation —p»| Channel "1 Detection
Modulation | -
Precoder Estimation
N; Ng |
> - A

EM-based MAP
Channel Estimation

A

A

A

ICI Cancellation

Yy

FIGURE 6.2. Block diagram of simplified MAP channel estimation and data de-
tection for MIMO OFDM systems.
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6.4. Numerical Examples and Discussion

Error performance of iterative EM-based LS channel estimation and ICI-
based MMSE detection for MIMO OFDM systems is shown in Fig. 6.3 — Fig.
6.8. Simulation results are obtained with N = 128 sub-carriers employing QPSK
modulation. A cyclic prefix of 16 samples is inserted at the beginning of each
OFDM symbol to avoid ISI. One pilot sub-carrier is inserted after every 4 data sub-
carriers. Thus, the pilot spacing in the frequency domain equals 4/(NTy). Since
the multipath spread of the channel is assumed to be LT}, the coherence bandwidth
is approximately equal to 1/(LT}). Let R be the ratio of the pilot spacing to the
channel coherence bandwidth. That is, R = %. Since the grid density of the
pilot symbols must satisfy the 2-D sampling theorem in order to recover channel
parameters [95], the pilot spacing must not be greater than half of the coherence
bandwidth, which results in R < 0.5. Thus, R = 0.4375 will be adopted unless
explicitly specified otherwise (e.g., in Fig. 6.6).

It was shown in [86] that to minimize the MSE of the LS channel estimate,
the pilot sequence must be equipowered, equispaced, and phase-shift orthogonal for
each transmit antenna in frequency-selective environments. Let us define X, ,, =
Fg)Dfl(p)Dw(p)F(p), uy,us = 1,2,---, Npr, to measure the orthogonality among

the training sequences, where D, and F(, were defined in Section 5.2. It is

required that
Xuguy = Ir41 (6.18)
Xutuz = 0(L41)x(141), U1 7 Uz (6.19)
where I is the identity matrix and 0 is matrix whose elements are 0’s. The rows

of the Hadamard matrix satisfy the above criteria and will be used as the training

sequences for different transmit antennas.
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FIGURE 6.3. BER versus F /N, with and without ICI cancellation
(N, N,) = (2,3), faT = 0.113, and G = 9).

Since the normalized Doppler shift f;7', where T' is the OFDM symbol du-
ration, describes the channel fading rapidity for a given data rate better than the
absolute Doppler shift f;, f;7" will be used for measuring fading rates. Values
of f4T are chosen similar to those adopted in [86]. The channel is assumed to
have 15 multipath components (L = 14) (unless explicitly specified otherwise) with
an exponentially decaying power-delay profile. If both the transmitter and the
receiver antennas are sufficiently separated under the rich-scattering environment
[38], channel fading processes for different sub-channels are assumed to be inde-
pendent and identically distributed (i.i.d.). In simulations, fading processes are

piecewise-constant approximated, allowing the channel coefficients to be constant
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FIGURE 6.4. The effect of the number of sub-iterations in the EM process

(N, N;) = (2,2), f4T = 0.0452, after 2 iterations of ICI cancellation).

in one sampling interval and change over different sampling intervals according to
the spaced-time correlation function given in Eq. (5.1). The deterministic method
described in [48] has been widely used in simulations to generate frequency-flat
Rayleigh fading channel coefficients with controllable normalized Doppler shifts.
However, it is difficult to generate uncorrelated multipath components using this
approach. Furthermore, there are known problems with the auto-correlation of the
fading process generated using this model. Thus, many modified simulators have
been proposed [49-51]. We adopt the model in [49] in our simulations because it
results in better auto-correlation properties of the fading process than the one in

[48].
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FIGURE 6.5. Comparison of the proposed scheme with a common ZF detection
scheme ((Ng, N,) = (2,2) and f;T = 0.0452).

The number of sub-iterations in the EM process G, as mentioned in Sec-
tion 5.2, affects the receiver performance. As will be shown later in Fig. 6.4, for
common system configurations, performance improvements will saturate at G = 9
sub-iterations. Hence, in the EM process for all simulations, G = 9 with step sizes
of 1 = By = ... = OBy, = 1/Nr will be adopted unless explicitly specified oth-
erwise. Fig. 6.3 compares the bit-error-rate (BER) performances of the proposed
iterative scheme for a (2,3) MIMO system at a fading rate of f;7" = 0.113. The
curve corresponding to the case of no ICI cancellation is obtained by employing
the EM-based channel estimates combined with a common MMSE data detection.

Not considering ICI in the MMSE detection process obviously causes an error floor.
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FIGURE 6.6. The effect of the ratio of pilot spacing to channel coherence band-

width R (N, N,) = (2,3) and f,T = 0.113).

The proposed scheme with only two iterations improves the system performance
significantly. However, performance improvements are insignificant with more than
two iterations. Thus, in all the rest of the simulations BER curves will be obtained
after two iterations, except in Fig. 6.5.

In terrestrial digital video broadcasting (DVB-T) systems, normalized
Doppler shift of 0.0452 corresponds to the vehicle speeds of 304.72km /h for the 2k
mode (2048 sub-carriers) and 76.18km/h for the 8k mode (8192 sub-carriers) [28].
Fig. 6.4 shows the BER performance with different number of sub-iterations (G) of
EM algorithm for a (2,2) MIMO OFDM system at a fading rate of f;7" = 0.0452.

There is a huge improvement if GG is increased from 3 to 9; however the improvement
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FIGURE 6.7. Performance comparison between the proposed scheme and the ideal
case ((Ng, N,) = (2,3) and L =5).

is negligible beyond G = 9 sub-iterations. Fig. 6.5 compares the performance of
the ICI-based MMSE with phase-shift orthogonal training sequence (POTS) with
that of the common ZF detection scheme with orthogonal training sequence (OTS).
Significant performance gains of the proposed scheme over the common ZF scheme
are observed for a (2,2) MIMO system at a medium normalized Doppler shift of
£,T = 0.0452.

The effect of the ratio R defined at the beginning of this section on the BER
performance for a (2,3) MIMO system operating at a fading rate of f;7° = 0.113 is
shown in Fig. 6.6. As expected, the lower the ratio, the better the performance.

However with the same channel scenario and system configuration, a lower value
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FIGURE 6.8. The effect of antenna configurations (f;7 = 0.113 and R = 0.4375).

of R results in a lower spectral efficiency. It will be useful to see the performance
gap between the proposed scheme with that of the ideal case, which is defined as
zero Doppler shift (thus, no ICI) and perfect knowledge of channel coefficients. In
simulation for the ideal case, fading coefficients are generated based on the quasi-
static model. The BER performance with different Doppler shifts is shown in
Fig. 6.7 for a (2,3) MIMO system and the channel has five multipath components
(L = 4). The performance gap is within 3dB compared to the ideal case with fqT
as high as 0.113.

Fig. 6.8 shows the BER versus E;/N, curves with f,77 = 0.113 and

R = 0.4375 for different numbers of transmit and receive antennas: (Nr, Ng) =
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(2,2), (2,3), (2,4). Under the same system configuration and fading rate, the
proposed scheme achieves about 4dB gain over the scheme given in [86] for a (2,4)
MIMO system at the BER of 1.2 x 1073. Also, as expected, a (2,4) system per-
forms much better than a (2,2) or a (2, 3) system, as it has the highest diversity gain

provided by large difference between the number of receive and transmit antennas.

BER

-4 i i
5 10 15 20
E/N, (dB)

FIGURE 6.9. The effect of the number of sub-iterations in the EM process

10

(Nr =2, N = 3, uncorrelated spatial channels).

Error performance of iterative EM-based MAP channel estimation and SIC
detection for MIMO OFDM systems is shown in Fig. 6.9 — Fig. 6.14. Simulation
results are obtained with N = 128 sub-carriers employing QPSK modulation. A
cyclic prefix of 16 samples is inserted at the beginning of each OFDM symbol to
avoid ISI. One pilot sub-carrier is inserted after every 4 data sub-carriers. R is

defined as the ratio of the pilot spacing to the channel coherence bandwidth. That
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FIGURE 6.10. Performance comparison of various channel estimation schemes

(Nr =2, Nr =2, uncorrelated spatial channels).

is, R = %. Fading processes for different sub-channels are all assumed to be
independent and identically distributed for spatially uncorrelated MIMO channels.
In terrestrial digital video broadcasting 2k mode (DVB-T) systems, if the vehicle
speed is 134.8km /h, the normalized Doppler shift is 0.02 [28]. Thus, f,;7° = 0.02 is
considered to be a fairly large Doppler shift for the simulated mobile environment.
In simulations, fading processes are piecewise-constant approximated, allowing the
channel coefficients to be constant in one sampling interval and change over different

sampling intervals according to the spaced-time correlation function given in Eq.

(5.1).
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FIGURE 6.11. Performance comparison of various channel estimation schemes

(Nr =2, N = 3, uncorrelated spatial channels).

The number of sub-iterations in the EM process GG, as mentioned in Section
5.3.3, affects the receiver performance. As will be shown later in Fig. 6.9, for
common system configurations, performance improvements will saturate at G = 9
sub-iterations. Hence, in the EM process for all simulations, G = 9 with step
sizes of 81 = B2 = ... = By, = 1/Np will be adopted unless explicitly specified
otherwise. Figs. 6.10 and 6.11 compare the error performances when the receiver
employs an LS, a MAP, an EM-LS, and an EM-MAP channel estimator for 2,2)
(i.e., Np = 2, Ng = 2) and (2,3) MIMO OFDM systems. Performance of the
ideal case — zero Doppler shift (thus, no ICI) and perfect knowledge of channel

coefficients — is used as the baseline performance. The EM-MAP scheme performs
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FIGURE 6.12. The effect of the ratio of pilot spacing to channel coherence band-

width (N7 = 2, Ng = 3, uncorrelated spatial channels).

almost the same as the normal MAP scheme, but the latter is computationally much
more extensive than the former. Approximately 2dB improvement is observed with
the EM-based MAP estimator over the EM-based LS estimator.

The effect of the ratio of pilot spacing to the channel coherent bandwidth on
the BER performance for a (2,3) MIMO OFDM system operating at a fading rate
of f4T = 0.02 is shown in Fig. 6.12. As expected, the lower the ratio, the better the
performance. However with the same channel scenario and system configuration, a
lower value of R results in a lower spectral efficiency. The performance gap between

the proposed scheme with that of the ideal case increases with larger R.
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FIGURE 6.13. Performance of the proposed scheme with different antenna config-

urations (R = 0.4375, uncorrelated spatial channels).

Fig. 6.13 shows the BER versus E,;/N, curves with the EM-based MAP
channel estimator under f;7" = 0.02, R = 0.4375, and different numbers of transmit
and receive antennas: (2,2), (2,3), (2,4). The error performance is also compared
with the ideal case. For all cases simulated, performance of the proposed scheme
is within about 2dB of that of the ideal case. In order to demonstrate the ro-
bustness of the proposed algorithm in the presence of high spatial correlations, the
error performance of a (2,2) system with different spatial correlation coefficients
(|p| = 0.75,0.93,0.993, 1) is presented in Fig. 6.14. With the knowledge of channel
correlation matrix, a precoder is applied for transmit power and phase optimiza-

tion. Combined with the proposed EM-MAP estimator and the iterative detection
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FIGURE 6.14. Performance of the proposed scheme in the presence of high spatial
correlation (Ny =2, Np =2, f,7 =0.04).

scheme, no error floors are observed even under high spatial correlation and fast

fading (f47 = 0.04).

6.5. Conclusion

We have proposed an iterative EM-based LS and ICI-based MMSE detec-
tion scheme for MIMO OFDM systems over time-varying fading channels. This
scheme incorporates an EM algorithm to avoid inversions of large-size matrices in
obtaining the LS channel estimates. This significantly reduces the computational
complexity while the LS performance is still maintained. To improve data detection

performance, variance of ICI caused by time-varying fading is taken into consid-
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eration in the MMSE process of the initial iteration. The ICI component is then
approximated and cancelled in the iterative channel estimation and data detection
process.

An iterative EM-based MAP channel estimation and SIC detection is pro-
posed for MIMO OFDM systems. The initially detected symbols and the received
signals after ICI cancellation are processed by the EM-based MAP estimator to
refine the channel state information (CSI). Simulation results under different chan-
nel environments, MIMO configurations, and other algorithm-related parameters
demonstrate the great robustness of the proposed scheme to fast fading and spatial
correlations. With a fading rate as high as f;7° = 0.02, the proposed EM-MAP
scheme achieves an error performance that is within about 2dB of the ideal case —
zero Doppler shift (thus no ICI) and perfect knowledge of channel state informa-
tion. We also observe a 2dB gain of the proposed EM-based MAP scheme over the

least square (LS) scheme at medium normalized Doppler shifts.
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7. CONCLUSIONS

7.1. Summary

In this thesis, we have proposed solutions to address various challenging
physical layer issues of mobile MIMO OFDM systems, including channel analy-
sis and modelling, channel estimation, and data detection. There are four main
contributions in this thesis.

Firstly, we have derived the closed-form pdf expressions of the condition
number (MMSVR) of the channel matrix for various MIMO configurations. These
analytical results can be used to predict the relative performance of MIMO OFDM
systems without complicated system-level simulations. They can also be applied to
determine the lower capacity bound of such systems. Through the channel analysis,
it is clearly observed that an additional receive antenna could provide significant
performance improvements. The analytical results indicating the gain/loss of dif-
ferent configurations predicted using the mean of the square of MMSVR match
the results obtained through system-level simulations very well. The analysis pre-
sented in Chapter 3 provides a simple and effective way to predict the relative
performances of different MIMO OFDM configurations.

Secondly, a decision directed maximum a posteriori probability (MAP) chan-
nel estimation scheme for symbol-by-symbol detection in MIMO systems has been
derived. This scheme has a low complexity and can be applied to time-varying
Rayleigh fading channels with an arbitrary spaced-time correlation function. Nu-
merical results indicate that a long memory depth is unnecessary for a system to
work well. The channel estimation quality deteriorates as the number of transmit
antennas increases. The fading rate has a high impact on system performance and

the proposed scheme is more appropriate for the channels with low to medium
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Doppler shifts. Large block length between adjacent pilot blocks can be deployed
with the proposed scheme. This results in minimum overhead for pilot symbols.
The schemes based on the quasi-static channel model reach an error floor whereas
the proposed scheme works very well at high E}, /N, values.

In Sections 5.2 and 6.2, we have derived an expectation maximization (EM)
based LS channel estimation and ICI-based MMSE data detection in MIMO OFDM
systems over time-varying fading channels, respectively. The proposed scheme in-
corporates an EM algorithm to avoid inversions of large-size matrices in obtaining
the LS channel estimates. This significantly reduces the computational complexity
while the LS performance is still maintained. To improve data detection perfor-
mance, variance of ICI caused by time-varying fading is taken into consideration
in the MMSE process of the initial iteration. The ICI component is then approxi-
mated and cancelled in the iterative channel estimation and data detection process.
We have provided a comprehensive performance evaluation of the proposed scheme
with different channel environments, MIMO configurations, algorithm parameters
such as the number of sub-iterations in the EM process, and detection schemes.
Comparison is made between the proposed scheme and existing schemes under
similar system setup and channel conditions. The proposed scheme was found to
have superior performance than existing schemes in fast-fading environments.

Finally, in order to minimize the MSE of the channel estimates and reduce
the complexity of the implementation simultaneously, an EM-based MAP channel
estimator is proposed in Section 5.3. The channel parameters are initially ob-
tained by an EM-based least square (LS) estimator. Then a successive interference
cancellation (SIC) scheme described in Section 6.3 is considered for the data de-
tection. With the estimate of the channel and the detected data for the current

symbol interval, ICI component is approximated and removed from the received
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signals. The detected symbols and the received signals after ICI cancellation are
fed back to the MAP estimator to refine the CSI. 2dB gain is observed by our pro-
posed EM-based MAP scheme over LS scheme at medium normalized Doppler shift
(f4T = 0.02). Performance comparison is made between the proposed scheme and
the ideal case with no Doppler shift and perfect channel estimation. The proposed
scheme achieves excellent performance in fast fading channels with relatively low
complexity. The system performance is also analyzed over the spatially correlated
channels. By exploiting only the long term correlation characteristics, the signal is

optimally transmitted and can be successively detected with no error floor.

7.2. Future Research

Most of the design and analysis in this thesis is based on open-loop MIMO
OFDM systems, which implies no feedback of channel information. However, it has
been shown that channel adaptive transmit beam-forming can improve considerably
the performance of MIMO systems [10, 102] by optimally using the available CSI
information at the transmitter. Furthermore, if only limited feedback bits are
available per fading block due to the limited bandwidth of the feedback link, the

effect on the optimal transmission should be analyzed.
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