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ABSTRACT

Channel estimation plays a crucial role in wireless communication receivers with
coherent detection. In contrast to training-based methods, the blind (self-recovering)
approach to channel estimation in which the estimate is done purely based on the knowledge
of channel output is addressed in this work. Currently in practice, most of the wireless
standards employ training-based methods or pilot subcarriers for estimation of CIR. Blind
techniques are being researched on from past three decades. The advantage of adopting blind
techniques is the conservation of signal bandwidth through the elimination of training/ pilot
symbols. This transforms into higher spectral efficiency and thus higher information rates can

be achieved at given channel bandwidth.

Recently, orthogonal frequency division multiplexing (OFDM) has become an attractive
choice in wireless standards. Further, use of multiple antennas at both ends of a wireless link:
multiple-input multiple-output (MIMO) technology has been demonstrated to have the
potential of achieving extraordinary data rates. The use of MIMO technology in combination
- with OFDM, i.e., MIMO-OFDM, therefore seems to be an attractive solution for future

broadband wireless systems.

Blind channel estimation using second-order statistics in SISO-OFDM and MIMO-
OFDM systems are addressed. To be more specific, the two most sought out approaches |
namely: subspace decomposition method and precoder-induced-correlation averaging method
are described and compared in terms of their performance and practical applicability. Finally,
the techniques to resolve the constant complex scalar estimation ambiguity fundamental to all
second-order statistics based methods are addressed. A novel completely/ totally blind
channel estimation technique via source constellation-splitting and modified phase-directed

algorithm for SISO-OFDM systems is proposed and evaluated.
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Chapter 1

INTRODUCTION

In a digital communication link, prior to coherent detection, the incoming information
symbol needs to be removed of the distortion caused due to imperfect channel variations in
order to prevent erroneous decisions. This is termed as channel equalization [1-2]. In the case
of non-coherent detection, equalization is not compulsory, but use of non-coherent detection
causes SNR loss of around 3 dB. The channel equalization can be achieved in two ways:
either directly or indirectly. In the former case, a filter tuned to function as inverse-channel is
designed to work as an equalizer. The channel impulse response (CIR) knowledge is utilized
implicitly. In the latter scenario, it is achieved in two steps; first the channel is estimated
explicitly and then the incoming signal is recovered by de-convolution. Given any arbitrary
channel, direct equalization is more challenging since modelling the inverse function is not
always practically feasible (e.g. non-minimum phase and/ or singular channel, ill-conditioned
channel function). As far as second approach is concerned, the channel estimation can be
achieved in two ways: via training or in blind manner. The former involves transmitting a
known set of data through the channel. At the receiver, the channel response is estimated
simply by solving the channel input-output relation. In blind (self-recovering) techniques, the
channel response is estimated purely based on the knowledge of the channel output as

illustrated in fig. 1.1.

(Source) (Channel output)
S ::} Channel H ﬁ?ﬁ Y
To be estimated hY
(Noise)
S L J
el . g
Unknown Known

Figure 1.1: Illustration of blind channel estimation problem

Currently, most of the wireless standards employ training based methods for estimation of
CIR. For example, GSM (Global Systems for Mobile or Groupe Spécial Mobile) standard
dedicates almost a 50% of the total bandwidth for training on an average. In 3GPP-LTE

(Long term evolution), in OFDM frames, known symbols called pilots are inserted at specific
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locations in the time-frequency grid in order to facilitate channel estimation (The pilot
spacing in frequency direction equals 6 subcarriers, while in time direction there are 2 OFDM
syrﬁbols per slot containing pilots, at a distance of 4 and 3 OFDM symbols from one
another). Around 33% of total subcarriers per frame are reserved for pilots/ reference
symbols. The advantage of adopting blind techniques is the conservation of signal bandwidth
through the elimination of training/ pilot symbols. This transforms into higher spectral
efficiency and thus higher information rates can be achieved for given channel bandwidth.
The essence of blind techniques rests on the exploitation of structures of the channel and

certain statistical properties of the input.

1.1. LITERATURE SURVEY

Blind techniques are being researched for past three decades. Several blind algorithms
have been proposed, each significantly different from the other. Most of the blind channel
estimation approaches irrespective of the communication platform can be classified under

one or more of the groups [3-5] as depicted in fig. 1.2.

ELDID CHANNEL ESTIMATION APPROACHES

MOMENT BASED BAYESIAN TYPE
/ \ ITERATIVE BATCHPROCESSING
LINEAR FROCESSING NON-LINEAR PROCESSDNG :
(Based on $O8) (Basad on HOS)
TIME- FREQUENCY TIME- FREQUENCY
DOMAIN DOMAIN DOMARN DOMAIN

Figure 1.2: The classification tree for blind channel estimation techniques

As depicted by the classification tree, most of the blind techniques mainly fall into either
Bayesian or moment-based methods. Bayesian techniques (ML/ MAP) are non-linear in
nature and use higher-order statistics of the channel output. Bayesian techniques in turn can
be classified as recursive or batch-processing approaches. Recursive techniques are not
feasible in busty or asynchronous transmission systems. Bayesian batch-processing
techniques normally exhibit fast-convergence but demand high computational complexity.

Moment-based approaches on the other hand are batch-processing techniques, which rely on



the estimate of channel output signal statistics obtained by time-averaging. Moment-based
approaches can be classified as linear or non-linear depending upon whether they rely on
SOS or HOS respectively. HOS-based methods are computationally complex and exhibit low
convergence. Each of these can further be divided into frequency-domain or time-domain
approaches depending upon the domain in which the processing is done for channel
estimation. In the following, we give a brief introduction to some prominent moment-based

(especially SOS-based) blind channel estimation algorithms.

1.1.1. SINGLE CARRIER SYSTEMS

For a single-carrier SISO communication link, wherein the channel transfer function is
non-minimum phase, the unique relationship does not exist between the amplitude and phase
responses of the channel. Hence, one of the solutions for these systems is to estimate both
amplitude and phase response which is possible by utilizing the HOS contained in the
channel output. The earliest works on blind channel estimation includes the works of Godard
~ [6], Sato [7], Bellini (Bussgang algorithm) [8]. They are a form of blind stochastic gradient
channel equalization algorithms which consists of minimizing a non-convex cost function.
They can be extended to work as blind channel estimators under the assumption that the
channel is linear and has zero initial condition. Unlike above methods, HOS can be explicitly
employed in channel estimation as proposed in [9-12]. As far as these approaches are
concerned, HOS are represented in time-domain by higher-than-second-order cumulants and
moments. Their frequency domain counterparts obtained by multidimensional Fourier
transforms are called poly-spectra and moment spectra. In general, HOS are useful in
situations where-in non-linearity and coloured noise is to be accounted for. Extracting
information from HOS means large variance and non-linear processing. Thus, they require
large number of data samples and have low convergence rate. This is unacceptable in
applications where the channel is fast time-varying (mobile channels); data rates are high or
sent in short bursts (TDMA). Further, HOS provides only an incomplete probabilistic

characterization of the signal and suffer from local convergence.

These problems were partially overcome by an algorithm presented by L. Tong, G. Xu
and T. Kailath (TXK algorithm) [13], which use linear processing via second order statistics
(SOS) and oversampling in time-domain. This algorithm is better than those using HOS in a
sense that they require less number of computations and data samples for estimation. Over-
sampling the channel output (virtual SIMO systems) at the receiver makes it cyclo-stationary.

The cyclo-stationarity can also be induced by employing physical SIMO systems, MISO/

3



multi-rate transmission systems and periodic modulation [14-16]. This second-order cyclo-
stationarity (SOCS) property is utilized for channel estimation. By utilizing SOCS, the SISO
channel can be estimated irrespective of the location of channel zeros, noise characteristics
(colour), and channel order over-estimation errors [13]. Apart from cyclo-stationary based
methods, many SOS-based algorithms have been proposed. They normally utilize the channel

structure for estimation purpose.

Sub-channel matching (correlation matching) method by H. Liu, G. Xu, and L. Tong [17]
was presented as deterministic approach (i.e., the channel noise is assumed to be negligible)
and later as statistical approach to include the effect of noise. A sub-space (decomposition)
method was proposed by E. Moulines et al. [18]. This approach is a direct descendent of the
TXK approach. The algorithm is based on the channel structure introduced due to
oversampling at the receiver and the orthogonality property of the signal and the noise
subspaces. Owing to SIMO structure of the channel, a linear parameterization of the noise
subspace in terms of the channel parameters is possible. This yields a cost function that can
be minimized in least-squares sense to obtain the channel estimate. Subspace methods can be
divided into deterministic subspace methods and statistical subspace methods. Deterministic
methods do not assume that the input source has a specific statistical structure. In statistical
subspace methods, a stochastic source with known SOS is assumed. All practical channel
impulse responses are IIR in nature. But, owing to receiver sensitivity issues, for non-sparse
channels, most of the energy is concentrated in first few samples allowing the FIR
approximation to be feasible. The length of the approximate FIR model is known as
“effective length”. This corresponds to significant part of the channel impulse response and
provides a good approximation to the true channel response. The estimation of effective
length is crucial and the analysis of performance degradation of the blind estimation
algorithm due to errors in channel length estimation is important. Although, subspace based
approaches have significant advantage of being simple in structure, they suffer from
estimation errors when the order of the channel is unkhown. The subspace algorithm can be
made robust to channel order over-estimation by utilizing the specular structure of the
channel as mentioned in [19]. This leads to parametric formulation of subspace approach. An
extension to the original approach which is robust to both over-estimation and lack of channel
disparity (e.g. the sub-channels have common zeros) was proposed by Hoteit [20]. When the
channel roots are close to unit circle or in SIMO case when the common zeros of the sub-

channels are close to unit circle, the FIR equivalent filter length required to model the inverse



filter becomes exceedingly large and hence is practically not feasible. To overcome this
problem, sufficient-order equalizers wherein equalization structure that is based upon two IIR
filters and an FIR filter together with two block-based time reversers have been proposed by
Lamotharan [21]. A sub-space fitting approach for channel-order estimation for non-
minimum phase channels by utilizing distance between subspace matrices was proposed by
G. Panci et al [22]. As far as subspace approaches are concerned, either linear or quadratic
parameterizations (constraints) of signal subspace or noise subspace can be used for
estimation purpose [23-25]. The noise subspace methods are deterministic subspace methods.
The variation of subspace approach that uses parametric noise subspace .is also known as
weighted-subspace method. In practice, the impulse response of communication channel will
normally be time-varying and can assume an arbitrary impulse response at any instant of

time.

Linear predictor error based methods (linear prediction approach: LPA) by K. Abed
Meraim et al. [26] and Yifeng Zhou et al [27] utilize only partial SOS informatioh of channel
output. The basic idea behind the linear prediction approach is to recognize that the channel
input-output relation; which is a moving-average (MA) process is also a finite-order
autoregressive (AR) process. Only the first few columns of channel output’s auto-covariance
matrix, where leading channel coefficients dominate, are utilized. Hence, the estimation error
‘can be very large if the channel has a weak precursor impulse response [28]. The Outer-
product decomposition approach (OPDA) proposed by Zhi Ding [29] unlike LPA is more
robust to channel noise. This approach utilizes the block Hankel structure of channel matrix
for channel estimation. The above mentioned algorithms (LPA and OPDA) assume that the
channel input is temporally white. This can be relaxed if linear smoothing (in contrast to
prediction) is used. The formulation of L-S smoothing leads to joint order and channel
estimation, as well as robust lattice implementation as proposed by L. Tong and Q. Zhoa [30
and 31]. The main drawbacks of SOS-based time domain methods are that most of them
require a good estimate of channel order/ length. This can be overcome by frequency
response sampling and second order cyclostationarity (see Gardner, 1991 [32] and L. Tong et
al. [33]). These approaches are based on the fact that the magnitude response of the channel
can be estimated by PSD and the phase responée of a band-limited channel (true for most of
the practical communication channels) can be estimated up to a constant phase ambiguity
[28] by making use of the relationship between Spectral Correlation Density (SCD) and the
~ channel response H(jw) with cycle frequency & = &/T with k = I (has the largest support).



As signal processing tools became more powerful with VLSI technologies, Kalman and
Particle filters [34] have begun to occupy researcher’s interest, which in addition to
estimation are capable of tracking the time Véﬁation in the channel. These approaches use
HOS implicity and unlike block estimation techniques, exhibit fast convergence but are not
suitable for communication links with busty transmission (TDMA). Blind estimation of
sparse channels (hilly-terrain communication link, under-water acoustic communication

systems) has been proposed in [35].

Most of the blind estimation algorithms assume that the source covariance matrix is
diagonal with known variance. This is not true for practical communication links wherein
channel coding is employed to combat AWGN and residual ISI after equalization. Blind
channel estimation algorithms applicable for channel-coded systems are reported in literature
[36-37]. These algorithms use relaxed/ modified input conditions and/or utilize the coded
input structure for channel estimation. Coding introduces input/ transmitter diversity that can
be used at the receiver end for channel estimation. Apart from SOS and HOS, the derivatives
of generalized characteristic function of the channel output evaluated at arbitrary non-zero
points can be used for channel estimation by formulating LS equations [38]. This type of
approach can be viewed as a compromise between SOS- and HOS-based methods and are

known as “fixed-order statistics (FOS)” approaches.

1.1.2. MULTI-CARRIER SYSTEMS _

During past few yéar_s, the digital transmission system structure has been altered owing to
advances in signal processing and VLSI technologies. Multi-carrier transmission has been
adopted in most of the wireless standards owing to higher-data rates that can be achieved due
to reduction in ISI. Among them, orthogonal frequency division multiplexing (OFDM) also
called as Discrete Matrix Multi-Tone (DMMT) is the most commonly used [39]. OFDM has
been adopted as a standard in DAB, DVB (HDTV), Wireless LAN (IEEE 802.11), WiMAX
(IEEE 802.16), 3 GPP Long-Term Evolution (LTE) etc. The classical approaches are being
extended and generalized so as to be compatible with the technological advances. The
performance and applicability of symbol detection and channel estimation algorithms have
improved drastically compared to their classical counterparts. This sub-section provides a
brief survey of blind channel estimation approaches available in the literature for single and

multiple antenna OFDM systems.



Amongst the various blind estimation techniques, subspace decomposition based methods
have been proposed owing to their structural simplicity. By employing OFDM modulation
schemes, the shortcomings of subspace methods can be overcome by making the algorithm
robust to channel nulls (singularity). In OFDM systems, the channel estimation can be
achieved either in time-domain or in frequency-domain. In time-domain, the redundancy
introduced due to virtual carriers (VC) and/ or cyclic prefix (CP) is utilized in formulating the
subspace structure at the receiver end. This can be used to decompose the channel output
auto-covariance matrix into two orthogonal subspaces viz. channel or signal subspace and the
noise subspace. The orthogonality condition is used for blind estimation of FIR chaﬂnels
subject to channel disparity conditions (conditions to be satisfied for channel identifiability)
[40]. In literature, many types of subspace-based approaches are available of which,
techniques that utilize the redundancy information induced by employing CP [41] and using
VC [42] to estimate the channel dominate. The virtual carriers are used in commercial
systems for signal shaping purpose. The cyclic prefix converts the linear time-domain
convolution between the channel and the input into cyclic convolution. After DFT operation
at the receiver end, this transforms into complex multiplicative factor on each sub channel in
the frequency domain. This facilitates use of computationally efficient single-tap complex
equalizer in frequency-domain at the receiver [39]. The CP is also known to introduce cyclo-
stationarity at the transmitter. This can be used to formulate a time-domain channel
estimation algorithm at the receiver [43]. The cyclic prefix can be viewed as redundant time-
domain precoding technique. The redundancy introduced at the transmitter can be utilized to

form a time-domain subspace-based algorithm at the receiver for channel estimation [41].

The minimum requirement on the length of CP and/ or VC is that it should be greater than
the channel support. The VC-based subspace approach can perform even under in-sufficient
CP or no-CP conditions. The same analogy holds for the CP-based approach. From the
applications of CP and VC respectively, it is clear that employing CP makes way for a
computationally efficient channel equalizer in frequency-domain which is more attractive.
Whereas VC is used for signal shaping, which is also important; but the VC length can be
kept minimal. Using too much virtual carriers causes reduction in spectral efficiency and
worst of all, tends to increase peak-to-average-power ratio (PAPR) of the OFDM frame. High
PAPR can cause power amplifiers to saturate unless they are operated with sufficiently high
back-off. This can cause inter-modulation interference and adjacent channel interference

(ACI). With proper signal shaping ACI can be kept minimal, but even then spectral efficiency



would be low without any other advantage. Thus between subspace approaches that adopt

either CP or VC, CP-based approaches (with minimal VC) are more attractive.

Further, analogous to subspace approach in single-carrier modulation system, wherein
SIMO channel model is employed as an aid for channel estimation, the same can be utilized
to formulate subspace based channel estimation algorithm in case of OFDM systems [44].
This type of channel formulation utilizes receiver diversity (in contrast to precoding where
transmitter diversity is used) and leads to time-domain algorithms that can function without
CP. Other than CP, any redundant precoding at the transmitter can be used to create low-rank
correlation matrix at the receiver via which subspace based channel estimation can be
performed [45]. It has been found that, it is simpler in terms of system complexity if
cyclostationary is induced at the transmitter [15]. Insufficient or no-CP systems can at most

estimate the channel up to complex scalar (amplitude plus phase) ambiguity.

The magnitude/ amplitude ambiguity can be resolved in frequency-domain using
precoding techniques. Lately, arbitrary precoding has been adopted in blind channel
estimation for OFDM based transmission systems [46-51]. These methods are similar except
for slight changes in precoder design and structure. The method of [46] uses a linear precoder
to induce partial cor.relation structure on one of the subcarriers per OFDM frame. The
approaches given by [49 and 51] are generalized version of [46] i.e., the correlation is
induced on every sub-carrier of the OFDM frame. The channel estimation is done via row-
column correlation averaging of output auto-covariance matrix in frequency-domain. Due to
higher-order of correlation introduced in the latter method, the estimation accuracy is
improved. The approach given in [50] uses SVD based algorithm at receiver for channel

estimation.

1.1.3. MULTIPLE-INPUT MULTIPLE-QUTPUT (MIMO) OFDM SYSTEMS

The use of multiple antennas at both ends of a wireless link: multiple-input multiple-
output (MIMO) technology has been demonstrated to have the potential of achieving
extraordinary data rates [52]. The main performance improvements using MIMO systems are
antenna gain, diversity gain (both of which increase coverage and QoS), multiplexing gain
(increases spectral efficiency) and co-channel interference reduction (increases cellular
capacity). MIMO is an important part of modern wireless communication standards such as

IEEE 802.11n (Wifi), 3GPP Long Term Evolution, WiMAX and HSPA+. The use of MIMO



technology in combination with OFDM, i.e., MIMO-OFDM, seems to be an attractive

solution for future broadband wireless systems [53].

Blind channel estimation techniques have been generalized so as to be applicable for
MIMO-OFDM systems. Of them, as far as SOS-based approaches are concerned, subspace-
based approach and non-redundant frequency-domain linear precoding approaches mentioned
above have occupied a special place. The extension of subspace-based approach in both the
scenarios viz. number of transmit antenna greater than or equal to number of receiver antenna
and vice-versa are presented in [54]. The proposed method of [54] is a unification of sub-
space approach via CP and VC for SISO-OFDM and hence is a generalized version of their
SISO-OFDM counterpart. For the case when the number of transmit antenna is greater than
the number of receive antenna, the channel output is oversampled at suitable rate such that
the total number of virtual output channels/ antenna are greater than transmit antenna; thereby
rendering the channel matrix tall-thin low (column) rank. This structure is used along with
redundancy introduced due to CP and/ or VC for subspace decomposition and eventually the
channel estimation. The performance analysis and identifiability issues of subspace based
algorithm are given in [55]. A reformulation of subspace-based approach via reduced-time
averaging is proposed in [56] for fast time-varying FIR channels. This approach employs
frequency-grouping induced via space-time-frequency (STF) to reduce the effective
dimensions of data blocks used to estimate channel output’s auto-covariance matrix and sub-

space decomposition.

In contrast to SISO-OFDM systems, wherein subspace based approaches could at most
estimate the channel vector up to a complex scalar constant ambiguity; in MIMO-OFDM, the
estimate suffers from a constant complex matrix ambiguity. The channel estimate can be
obtained with just a scalar ambiguity per transmit antenna by adopting precoding as described
in [57]. The linear non-redundant precoding of [51] has been extended for MIMO-OFDM
systems. The precoder is used to induce correlation among transmitted OFDM frames which
can be used at the receiver for channel estimation via row-column averaging. Unlike the case
of SISO-OFDM, wherein the precoding matrix is time-invariant; this MIMO-OFDM channel

estimation algorithm demands use of periodic block-time-variant precoding matrix.



1.2.

PROBLEM STATEMENT

This work mainly concentrates on SOS-based approaches. The scope of this work is as

follows:

1

2)

3)

4)

5)

1.3.

Study of SOS-based subspace decomposition method and TXK algorithm for blind
channel estimation in single-carrier systems using SIMO channel model.

Study of subspace decomposition method for SISO-OFDM and MIMO-OFDM
systems.

Study of precoding techniques for blind channel estimation in SISO-OFDM and
MIMO-OFDM systems..

A comparison of two approaches: time-domain subspace decomposition based
method and blind channel estimation using linear non-redundant frequency-domain
generalized arbitrary precoding induced correlation-averaging in terms of
performance analysis for SISO-OFDM and MIMO-OFDM systems.

A study of techniques available to resolve the inherent estimation ambiguity in blind
channel estimation approaches using SOS for SISO-OFDM systems and design.

REPORT ORGANIZATION

The report is organized into five chapters (including Chapter I) as follows:

Chapter 1 provides a literature survey of various blind channel estimation techniques
and problem statement.

Chapter 2 presents a blind channel estimation technique using subspace
decomposition approach for both single-carrier and multi-carrier (OFDM) systems in
both SISO and MIMO antenna scenarios. TXK approach which is the basis for all the
SOS-based approach is also described for single-carrier systems. The performance
evaluation of subspace method via MATLAB simulations for single-carrier systems is
also presented.

Chapter 3 presents a brief overview on use of precoding technique for blind channel
estimation. Blind channel estimation via linear non-redundant frequency-domain
arbitrary precoding-induced-correlation-averaging approach is described for SISO-
OFDM and MIMO-OFDM systems.

10



Chapter 4 provides the MSE performance analysis of above mentioned approaches; a
comparison is provided using MATLAB simulations on practical applicability of the
same in both SISO-OFDM and MIMO-OFDM systems.

Chapter 5 provides a brief overview of completely/ totally blind channel estimation
techniques for SISO-OFDM systems. Completely blind channel estimation techniques
for SISO-OFDM systems using constellation-splitting and modified phase-directed’
algorithm are proposed. The performance analysis of the same via MATLAB
simulation is also presented.

Chapter 6 concludes the report.

The following notations are used in this report: The vectors and matrices are represented
by bold (a) and bold-uppercase (A4) alphabets respectively. The transpose, complex conjugate,
Hermitian, inverse and Moore-Penrose pseudo-inverse of the matrix A are denoted by A”
A*, AH, Al and A7 , respectively; ap and a; represent the real and imaginary parts of a vector
a (similar notations are used in case of matrix); tr(A) stands for the trace operation; diag(a)
denotes the didgonal matrix with the diagonal element constructed from a; & and O stand for
the Kronecker and Hadamard products respectively; vec(A) represents the vectorization
operation of A; I, is p Xp identity matrix; @, and 0,, represents m xm and m xn zero matrices
respectively; ||Al|; represents the Forbinius norm of a matrix and E{-} denotes the statistical
expectation. MATLAB notations are used. For example, A(m, q) and A(:, g) represent the (m,
g)-th entry and the g-th column of matrix A respectively; “/ ” represents clement-wise
division of two matrices or vectors of same size. The following words are used

interchangeably:

1. OFDM vector, OFDM frame and OFDM block.

2. Channel support, channel order and channel length.

They have the same meaning unless otherwise mentioned.
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Chapter 2

SUBSPACE BASED BLIND CHANNEL ESTIMATION

As far as SOS-based blind channel estimation techniques are concerned, the subspace
decomposition based technique has been mainly considered in the literature owing to its
structural simplicity. In this chapter, we discuss subspace based approach for single-carrier

and multi-carrier systems.

2.1. BLIND CHANNEL ESTIMATION FOR SINGLE-CARRIER SYSTEMS

The subspace decomposition approach proposed in [18] and the TXK algorithm [13] for
single-carrier system is described in this section. The channel model and the algorithm
formulation are presented. The performance analysis through MATLAB simulation for

subspace approach for single-carrier systems is also presented.

2.1.1. CHANNEL MODEL
This sub-section provides a description of channel model adopted by SOS-based
algorithms [18]. Consider a SISO baseband equivalent digital communication link as shown

in the fig. 2.1.

sné(t-nl)
{ Channel

Soarce P P P =i

v()

AWGN

Figure 2.1: SISO baseband equivalent digital communication link

The received signal x(2) is represented as,

00

x(t) = Z sph(t = nT) + v(t)

n=—oo

.. (2.1)
where, s, s are the transmitted symbols with symbol duration T} h(#-»nT) represents the shifted
versions of channel impulse response A(?) by times nT and v(?) is additive wide-sense
stationary circular complex Gaussian channel noise with zero mean and variance o’. The

channel impulse response A(t) is assumed to be of finite order/ support and is assumed to
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encompass the effects of transmitter filter, receiver filter and modulator/ demodulator which
are assumed to be linear. Most of the SOS-based algorithms depend upon the channel matrix
structure or cyclostationarity introduced due to single-input multiple-output (SIMO) like
structure of the communication link. The SIMO like structure can be introduced either By
taking several measurements of incoming channel output signal during the interval 7 or by
adopting multi-rate transmission. Further, several measurements of the channel output at the

receiver can be taken in the following two ways [18]:

A. Oversampling approach for SISO system (Virtual SIMO system)
B. Using multiple receiving antenna (Physical SIMO system)

Both the techniques result in similar channel model. For the present discussion, virtual

SIMO model is described.

A. Oversampling approach for SISO system (Virtual SIMO system) -

The received signal, x(?) is assumed to be oversampled at rate A in order to construct P =

T/A sequences corresponding to P virtual channels according to x,(,i) = x(to + iA + nT) for
0 <i <P —1. Each sequence x,gi) is sampled with period 7, with a sampling epoch #+id

depending on the sequence. Assuming that the channel order is L, we get,

L
x® = Z sn—h(to + id + kT) + v,(,i)
k=0
..(2.2)
where, v,Ei) = vty + iA + nT) are the samples of v(¢). The SIMO model with P virtual

channels is shown in fig. 2.2.

) P > xen’
o y LN E— P xafl
Sp— P 3
i "3
1
L s < Ny 7.0 7 P82
VTPl

Figure 2.2: Representation of an oversampled SISO (virtual SIMO) channel model
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Each sequence x,(ll) depends upon a discrete-time impulse response characterized by i”

channel given by:
h® = [h(()i) hg')]r = [h(to +id) - h(ty +id+LT)]T 2.3)

Let N be the number of received sequence samples collected to form a block. The virtual

SIMO channel model can be written as:

xP = HYs, + v for0<i<P-1 (2.4)
: . , T . )y . T
where, xg) = [x,(l') xr(zlzN+1 , vif) = [v,(l') v,(l‘_)NH] and s, =[Sn * Sn-n-r+1]T

represents the output, noise and input sequences respectively; H,(j) is the Nx(N+L) channel

convolutional matrix given by,

R 1O
. ® @ ®
P I O . 23
0 e O RO ®
0 0 - Ay AP - A @)
The final channel model is given by,
W\ (PN (o
: = : sp + : (2.6)
x7(1p—1) HI(\.;’—I) v,(f_l)

The above equation can be represented in a compact form by a linear system of dimension

PN x (L+N) given by:

X,=Hpys,+V, 2.7

HY
x;P—l) HI(VP-I) vflP—l)
Note:

1. The channel matrix Hy given in egn. 2.7 can be reformulated and represented instead
as PN x (L+N) block-Toeplitz (or Sylvester resultant) matrix by grouping the P

virtual channel coefficients having same delay index together [2].
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2. Instead of introducing receiver diversity as mentioned above by oversampling,
transmitter diversity can be introduced by employing multi-rate transmission [28].
This technique yields the channel model similar to the one given by eqn. 2.7.

3. In contrast to virtual SIMO channel model obtained by employing oversampling at the
receiver (or equivalently up-sampling at the transmitter) described above; physical
‘SIMO channel can be realized usihg multiple-receiving antennas [2].

4. The multi-rate transmission (up-sampling by A;) and over-sampling the channel
output at the receiver (by factor A;> A,) can be combined to form a virtual multiple-
input multiple-output (MIMO) systems on which the subspace decomposition method

can be applied.

2.1.2. ALGORITHMS FOR BLIND CHANNEL ESTIMATION

A SOS-based method for blind channel estimation known as time-domain TXK algorithm
was proposed by Tong, Xu, and Kailath [13]. This approach forms the basis for rest of the
SOS-based approaches that followed, including the famous subspace~decomposition method
for single-carrier systems. This sub-section describes the TXK approach followed by the

subspace approach.

A. TXK algorithm
As mentioned earlier, oversampling the channel output induces cyclostationarity. This
cyclostationarity can be utilized in channel estimation. This is the basis for the working of

TXK algorithm. The main features of this algorithm are [13]:

i. Since the signal sub-space and over-sampling is employed, the algorithm is immune to
noise, timing recovery errors, interference and frequency-selective fading.

ii. The algorithm relies on only SOS making it more computationally efficient and faster.
iii. If the correlation function of the received signal is known exactly (or can be estimated),
the algorithm can be applied to possibly non-minimum phase systems asymptotically.
iv. There is no restriction imposed on the probability distribution of the source symbols.

The random source may be real or complex, continuous or discrete.

It is assumed that the received signal x(¢) is wide-sense cyclostationary i.e. Efx(t,)x (t2)]
= E[x(t1+])x‘(t2+T)]. The sampled signal x(n7) may or may not be cyclostationary

depending on whether the sampling was done at baud rate or at rate higher than baud rate
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respectively. If sampling is done at baud rate, then the signal is only wide-sense stationary
and does not contain any phase information. On the other hand, if the sampling rate is higher
than the baud rate, the resulting output sequence is wide sense cyclostationary. The SOS of
the over-sampled observation contains the phase information of the channel. Thus, virtual
SIMO channel structure described in previous sub-section is utilized. Using egn. 2.7, the

corfelation function of X, can be written as,
Ry (k) = E{X,X}_i} = HyRs(K)HY + R, (k) (2.8)

where, R,(k) is noise correlation matrix of order PN x PN. Assume that the input signal s,
(egn. 2.7) is white with zero mean and unit variance such that its correlation matrix is:
Jo . k=0

R;(k) = E{snsn—y} = {(]fkl)H, k<0

where, J is the forward shifting matrix defined as,

00 - 00
1 0 - 0 0
]= . H . . i
0 0 - 1 Olwsnyxv+n
The channel coefficient vector h = [ROT ... h(P—l)T],T,(L+1)x1 is to be estimated.

Note that, for noiseless scenario: R,(0) = HyHE and R, (1) = HyJHY. Denote the SVD of
R.(0) as

_a_f
H | ¥
U"R,(0)U = d 0 2.9)
0 pnxpN
where, d = N+L. Let u; be the i column of U and construct,
of
Us=[W - Ugland Z; = (2.10)
2
94

Form a whitening matrix, F = >, 'Uf. Since channel input is uncorrelated, using the

expression: R,(0) = HyHY in egn. 2.9, we get [13]:
Hy=U.LV, Q.11
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where V; is an unknown unitary d xd matrix yet to be identified from R.(1). Eqn. 2.11 implies
that the signal subspace is spanned by the columns of channel matrix. This renders the linear
parameterization of noise subspace in terms of channel coefficients (elaborated in next sub-

section) and thus forms the basis for subspace approach. Thus, we have:

FHy = z;lU?USESVS =V
Construct a new matrix:

D = FR,(1)F" = FHyJHEF! = v JvH (2.12)

This relationship allows the identification of the unknown unitary matrix V;. More
specifically, there are two ways of obtaining FV; [13]: the first one is based on the fact that
since V is unitary, right side of above equation is Jordan decomposition of D (which is
computationally tedious comparatively) and the second one is based on the fact that v, (a*

column of V%) is the right singular vector of D. Let the SVD of D be:

1 - YaD(Z - Za] = diag(y?,,y3) (2.13)

Also,
DHD =Vdiag(1,---,1,0)VH

Thus, there exists a ¢ such that,
v, = z4el®
From the Jordan chain, we have,

Dv, = vy, k=1,-,d—1
Dvd=0

Thus, we have:
v = (DT)d—ivd
Thus,
V=[v, - v4]= [(Df)d_lvd (Df)d_zvd vd]
Then channel matrix estimate can be found through:
Ay = UZ [(D) " vy (DN vy - va) =UsZ[(D) 2y (D) 2y - 24) e’
(2.14)

The term ¢ is the phase ambiguity inherent to the problem.
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Note: For noisy case, the noise part is eliminated from the auto-covariance matrices at lag-0

and /lag- 1 respectively to obtain:
R.[0] = R,(0) — 071 and R,[1] = R(1) — Rp(1) = R, (1) — a3]"*

where, T; is the symbol rate and 4 is the oversampling rate. Modified auto-covariance
matrices R,/0] and R,[1] are used with equations: 2.9 to 2./4 instead of R,(0) and R,(]) to

obtain the channel estimates.

The TXK algorithm utilizes only channel output’s SOS to obtain the channel estimate in
blind manner. This approach forms the basis of existing SOS-based blind chanrel estimation
techniques. The drawback is that, assuming that the channel order is known at the receiver,
TXK algorithm uses two Eigen-value decompositions (eqn. 2.9 and 2.13), which is
computationally costly. Further, compared to subspace based technique described in the next

sub-section, TXK algorithm has slower convergence rate [18].

B. Subspace decomposition based algorithm

From the previous discussions it is clear that the auto-covariance matrix can be
decomposed into two subspaces, the signal subspace and the noise subspace. The channel
identification is based on this property of autocorrelation matrix R, of the channel output X,

estimated via time-averaging [18]. Using egn. 2.7 and eqn. 2.8, R, can be written as:
R, = E{X, X7} = HyR,HE + 62lpy (2.15)

Note: R,(0) = R, and R(0) = R;

Let the PN number of Eigen-values obtained from Eigen-value/ sihgular—value
decomposition (SVD) of R, be denoted as Ay, 4, ..., Apn.;. Assuming that the Eigen-values are
arranged in non-increasing order and that R; is full rank, the signal part of the covariance

matrix R, has rank L+N, hence:

A >0k fori=0,-,L+N—-1
Ai=o2 fori=L+N,-,PN—1

Denoting the unit-norm Eigen-vectors associated with the Eige -values 4, ..., Az+x.; as uy,

..., ur+n.1; and those unit-norm Eigen-vectors associated with the Eigen-values A7+, ..., Apy.s
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as  go ... gpviwg, we can definer Us=[Wo  Urin-1]pyxqen) and

G=[90 gPN—L—N—l]pNX(pN_L_ - Thus the covariance matrix can be represented as:
R, = Udiag(Qg, -+, Apan-)UY + c2GGH (2.16)

The columns of matrix U; span the signal subspace, while the columns of G span its
orthogonal complement, the noise subspace. From egn. 2.11 it is clear that the signal
subspace is a linear space spanned by the columns of channel filtering matrix Hy. By
orthogonality between noise and signal subspaces, the columns of Hy are orthogonal to any
vector in the noise subspace. This leads to linear parameterization of noise subspace bases in

terms of channel coefficients. The orthogonality condition can be written as:
giH, =0, forO<i<PN—-N-L (2.17)

The noise subspace can uniquely determine the channel up to a constant multiplicative

factor (inherent to the problém) provided the following theorem is satisfied [18]:
Theorem: Assume that
i) N>L

ii) Matrix Hy.; is full rank i.e., rank(Hpy.;) = L+N-1.

Let Hy be a non-zero filtering matrix with the same dimensions as Hy. The
range of Hy is included in the range of Hy if and only if the corresponding

vectors H and H"' (H is defined in egn. 2.19) are proportional.

In practice, the covariance matrix is estimated via time-averaging. Thus, only estimates of
noise Eigen-vectors §; are available and the orthogonality condition can only be satisfied in

least-squares sense. This leads to minimization of following quadratic problem:

PN—-L—N-1

at = ) g’

i=0
.. (2.18)

By exploiting the block Toeplitz structure of Hy, the above equation can be put in terms

of H. To be more precise, it can be shown that [58]:

H?HN = H" G,
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G;” HY HO
where, G; = : ; Hy = : s H = :
(P-1) (P-1) P-1)
G, P(L+1)X(L+N) Hy PNX(L+N) H P(L+1)x1
l l
gl('o) ves gl(,g 0 e 0
(O O]
and 60 =7 F0 v G 00 (2.19)
PN ( B O
0 0 i 9iod v yxa+my

Proof: Partition g; as

0 6))]

a® | i
g = where gio = :
(P-1) a)

g 9in-1

Now,

P—1
D\ ¢
ot =500

1=0

Expanding, each term in above equation yields:

CIC) ®
RO RO o A® 0 . 0
o\« 1 ! (OO (O
(89) HP =195 ~ gR)| O P v P RSO

B )

0 0 .- h(()l) hgl) hf‘l)

It is clear from the structure of above equation that the operation corresponds to
convolution of two vectors and since convolution satisfies the commutative law, the above

equation can be re-written as:

a9 9 - g, 0 -~ 0
(9?))”“1(5)=[h§° o b ? gt;('lg gi(.lz:):—z gz(.lz;m f’ = [H®]"6®
o 0 - 95}3 952-2 " gfj;’,_l
Thus,
P-1 pP-1
giHy = Z(g?’)ﬁﬂ,‘j) =) (HO)"6? = nrG,
=0 =0
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Thus, the cost function can be written as:

PN—-L—-N-1 " PN—-L-N-1 PN—-L—-N-1
q(H) = z |9t Hy|" = Z |H"G.|" = H'QH, where Q= Z ¢,c"

.. (2.20)

The eqn. 2.20 can be minimized subjected to quadratic criterion ||[H]| = ! to obtain the
estimate of the channel. The solution of above minimization problem is the unit-norm Eigen-

vector associated with the smallest Eigen-value of matrix Q [58]:
Proof: Assume that ||H|| = H'H = 1
The minimization of egn. 2.20 can be done using Lagrange’s multipliers. Let,
J=q(H) + A(l-H"H) = H'QH + /.(1-H"H)
Differentiating the above equation with respect to H” and equating the result to zero:

aJ

a—I_I—l;=QH—AH=O

Thus, QH = AH. Substituting this result in egn. 2.20:
q(H) = H'OH = HAH=H"H = A

Since the estimate of H can be obtained by minimizing q(H), H corresponds to Eigen-

vector corresponding to smallest Eigen-value (4) of Q.

QED

From the above discussion, it is clear that the subspace based technique for blind channel
estimation depends upon the intrinsic SIMO like structure of the oversampled channel and is
based on the fact that for a SIMO channel, a linear parameterization of the noise subspace in
terms of the channel parameters is possible. A quadratic cost function is formed, which can
be minimized to obtain the channel estimate up to a constant complex scalar ambiguity

factor. The ambiguity term can be resolved by employing periodic reference symbols [18].
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2.1.3. PERFORMANCE ANALYSIS OF SUBSPACE TECHNIQUE
The performance analysis of subspace decomposition approach [18] supported by

MATLAB simulations is presented in this subsection.
A. Simulation Parameters
The simulation parameters are given as follows:

» The discrete baseband equivalent channel is assumed to be complex FIR with support
length (L) = 2. '

Number of virtual channels assumed (P) = 3.

The channel power-delay-profile is assumed to be uniform.

Smoothing factor i.e., the length of data samples per block (V) = 5.

The total length of data blocks used unless otherwise mentioned (M) = 1000.

SNR (unless otherwise mentioned) = 25 dB.

Baseband modulation/ mapping: 16-QAM

Reference symbol value = V10

The results are averaged over 100 Monte-Carlo simulation runs.

YV V V V V V V V

It is assumed (pre-checked) that the channel response satisfies the necessary identifiability
conditions mentioned in [18] for unique determination of channel estimate. The flowchart
depicting the procedure to obtain channel estimates using subspace based technique is shown
in fig. 2.3. The channel estimate which is the Eigen-vector corresponding to the smallest
Eigen-value of Q (as mentioned earlier) is obtainedvas follows. The SVD of matrix @ in
MATLAB yields three matrices, the left singular vector matrix (U), diagonal singular value
matrix (D) and right singular vector matrix (V). The Eigen-values are arranged in non-
increasing order in matrix D. The corresponding left Eigen-vectors are arranged column-wise
in the matrix U. Thus, the last column of U corresponds to the Eigen-vector cbrresponding to
the smallest Eigen-value of Q. The complex scalar ambiguity inherent to the approach is

resolved by using reference symbols inserted at a period of 25 data symbols.

B. Simulation results and conclusion

The plot of MSE versus varying length of channel output (data) blocks (M) at 25 dB SNR
/is shown in fig. 2.4. It can be seen that the performance improves exponentially as the length
of data blocks is increased. From the figure it can be seen that, when the length of data blocks
is 100, the MSE is 1.86 x 107, It can be seen that the MSE reduces by a factor of /2 when
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the data block length is increased by a factor of /0 (i.e., the MSE value is 1.55 x ] 07 when
the length of data blocks is 1000). Similarly, the reduction in value of MSE by a factor of 2
can be observed when the data block length is increased from 7000 to 2500 (2.5 times

increase).

The plot of MSE versus varying SNR (dB) values assuming that the length of data blocks
(M) equal to 1000 is shown in fig. 2.5. It can be seen that the MSE curve is almost linear and
falls at a steady rate. At 0 dB SNR, the MSE achieved is 2.712 (of the order of 10%). As SNR
is increased, in the range from 0 dB to /5 dB, the MSE reduces by a factor of 1000. Further
increase in SNR does not reflect much reduction in MSE comparably, but yet the
improvement is signification. Around 5 times reduction in MSE on an average; per 5 dB

increase in SNR can be observed. At 25 dB, the MSE value is 1.8 x 107
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Set all the parameters as given in
the specifications
NumSimm =0

w4

Generate a sequence of source bits, group
" the bits by taking 4 at a time and map the
bits using a 16-QAM mapping table

v

Generate P virtual channel coefficient vectors; each of
length L as per egn. 2.3. Each coefficient is a zero-mean
Ganssian random variable with unit variance. Each vector

is normalized such that the peak coefficient is unity

Pass the source symbols through P FIR filters; each of
whose impulse response vectors are as obtained ffom
the previous step. Add AWGN at 25 dB SNR (unless
otherwise mentioned) to the filter output to get rxd. sequence
v
By collecting ' consecutive recieved symbols per sub-chanael,
form PN x ] block Xy as defined by egn. 2.7

Coflect M such X, blocks and estimate the sample covariance

matrix by: 5 M
kx = EZ X,;X:

Obtain the estimates of signal and noise subspace bases
(U: and G) by applying SVD on R, as given by eqn. 2.16

v

Arrange the noise subspace bases to form
amatrix Gi as givenby egn. 2. 19

v

Obtain matrix Q from egr. 2.20 —p

Obtain the channel estimate as Eigen-vector
corresponding to the smallest Eigen-value
of matrix Q up to a complex scalar ambiguity

Is NumSim = 100?

Calculate average MSE for given parameters

2 <
Resolve the ermbxgmty by utilizing reference Simulated for all the parameters (SNR's or No
symbols at a period of every 25 symbols mmber of received blocks to be collected)
¢ Yes
Calculate the mean square error between the

true channel and the estimated channel “
k. 4

NumSim = NumSim + 1

Figure 2.3: Blind channel estimation using subspace decomposition technique (flowchart for

generation of plots given in fig. 2.4 and fig. 2.5)
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Figure 2.5: The plot of MSE versus SNR (dB) with 1000 data blocks collected for covariance

matrix estimation
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2.2, BLIND CHANNEL ESTIMATION FOR MULTI-CARRIER SYSTEMS

2.2.1. SISO-OFDM SYSTEMS
The subspace decomposition approach proposed in [41] for SISO-OFDM system is

described in this section.

A. SISO-OFDM channel model
The time-domain channel model for SISO-OFDM communication link as applicable to
subspace decomposition approach given in [41] is described in this sub-section. Consider, a

baseband equivalent SISO-OFDM channel model shown in fig. 2.6.

s() Physical chanqel res()
_________ ] T,
cp Sigalt) 41 \Ix.‘g’(‘) | cp
e «® 'r<r> S
it Pis S(I) gnx(t) n{t) !)
dD—) 5P [d@)| € |x@| EET : @ | FET [¥® | PS50
x | "
T \‘/‘
P
|
[
. I

Discrete bas eband equivalent channe]

Figure 2.6: Discrete baseband equivalent SISO-OFDM system

The channel model is presented as a special case (M; = M, = I) of that given in [54] for
MIMO-OFDM systems for the sake of uniformity. A precoder block is included to make the
model compatible with the blind channel estimation via precoding-induced correlation-

averaging (Chapter 3). Addition of the precoder block does not alter the channel model and

the algorithm formulation.

Assume N subcarriers per OFDM frames, and let the subcarriers numbered &y to (kp + D —
I) represent the information data. Let the n™ block of the frequency-domain information
symbols be written as, d(n) = [d(n, ko), d(n, ko + 1), .. ., d(n, ko + D — I)]T. Each symbol
d(n,k) is taken from a baseband frequency-domain signal constellation (map). The precoder
block multiplies the incoming OFDM frame by a predefined matrix W to yield x(n). The
precoding matrix W is assumed to be an identity matrix (Zy) as far this section is concerned.
Hence, d(n) = x(n). The function of precoder block in the context of blind channel estimation
is taken up in detail in Chapter 3. Assuming that the length of the CP is P, the OFDM

modulator adds N — D zeros for virtual carriers to the data block in above equation, applies
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an N-point inverse fast Fourier transform (IFFT) to this block, and inserts the CP in front of
the IFFT output vector, which is a copy of the last P samples of the IFFT output. This results
in the time-domain sample vector of the n™ OFDM symbol written as s(n) = fs(n, N— P), . . .
, s(n, N=1), s(n, 0), ..., s(n, N — 1)]’. To generate the continuous-time signal to be sent on
the channel, each element in the vector s(n) is pulse-shaped by a transmit filter g, (?),

c©c N+P-1 ]

Sigu(® =) Y s@u AN =P+ kh)gelt = (k +n(N + PNTI = > s(@T)geylt —aTl

n=-o0 k=0 a=—oo

(221

During the transmission, the transmitted signal Sig,(?) passes through a dispersive
channel with an impulse response c(?), it gets corrupted by an uncorrelated additive white
Gaussian noise n(?), and it finally enters the front-end receive filter g,.(z). Let the composite
impulse response be h(t) = gu(t) * c(t) * g(t) which is assumed to be of finite support -
[0,(L+N)T] with L < P, with the filtered noise at the receive antenna as 7(?) = n(t) * g}x(t), the

received signal r(?) can be expressed as,

[e o]

r(t) = Z s(aT)h[t — aT] + n(t)

a=-o

. (2.22)

As mentioned in Chapter 1, the redundancy introduced by VCs and/or CP can be utilized
in channel estimation. This work deals with the system with no virtual carriers i.e., &y = 0 and
D = N and the CP length equal to the channel supporti.e., P = L. The signal r(#) is sampled at
baud rate i.e., t = /T. Assuming perfect time-synchronization at the receiver, the sampled

sequence r(/) can be written as:

oo o0

r®= ) s@hll—al+n® = ) s@h-qa+n1

a=—-oo a==—0co

... (2.23)

The redundancy introduced by CP in time-domain is used along with subspace
decomposition for channel estimation purpose [41]. The authors in [41] consider channel

estimation based on subspace decomposition for N = 4L (which is not always true for any

practical system). The channel model is provided for its generalization to any N and L in
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Appendix A of [41]. In this work, we present a formulation of subspace decomposition

approach based on this generalized channel model. The generalized model is presented next.

The received sequence, r(J) is grouped into (N+L)*1 dimension vectors to form received
time-domain OFDM frames r.,(n) where n indicates the block number. Assuming that the
channel impulse response vector length L is smaller than the number of subcarriers N per
OFDM frames, the present OFDM block suffers from IBI (inter-block interference) due to
previous OFDM block only. Let, Hy be a (N+L) x (N+L) lower triangular Toeplitz matrix

with first column [hg -+ hy 0 -+ 0] and first row [Ry 0 - 0]7, Let H; be a
(N+L) x (N+L) upper triangular Toeplitz matrix with first column [0 -~ 0] and first row
[0 «+ O h, - hy]". The relationship between the n” time-domain transmitted block

s(n) and the time-domain received block r.,(n) before CP is discarded is given by [41]:
ro,(n) = Hos(n) + Hys(n — 1) + n(n) (2.24a)

where, 17(n) represents the (N+L) X I noise vector corrupting the n"® OFDM block. The above
equation is the vector-matrix representation of the convolution operation between the source
symbols and the channel impulse response coefficients given in egn. 2.23. The vector s(n)
can be partitioned into three sub-vectors of size L, N-L, L, respectively represented by
s(n) = [somM)T 5T s,()T]T with sp(n) = sx(n). Similarly, both the r.,(n) and 1(n)
can be written as: ropm) =[rom)’” rim)” r,m)1” and
n(n) = [n,(n)T n,@)7T rnz(n)T]T respectively. The components of re,(n) and 1(n) are

defined below.

Let, Cy be a L*L Toeplitz matrix with first column [hy - hy-1]" and first row
[ho 0 -+ 0] and C, be LxL Toeplitz matrix with first column [h, 0 -~ 0]7 and

firstrow [hy -+ h4]7. Thus, egn. 2.24a can be rewritten as:

0 0 c1] s;(n—1) ny(n)

ro(n) Co 0 O0ffs,(n)
roM) =|ri(m)|=(C C O0}ls;(m]|+[0 0 O0[[ss(n—1)|+[n ()] (2.24b)
r,(n) 0 Cf Cylls.(n) 0 0 o0li|s;(n-1) n,(n)
where, C} is a (N-L) x(N-L) Toeplitz matrix with first column [hg -+ h;, 0 -+ 0] and
first row [hp O - 0]7; €;=][C] oLx(N—ZL)]T and Ci = [Orxv-z1y Ci]. By,

collecting two consecutive received OFDM symbols, the following input-output relation can

be formed which is used for subspace decomposition [41],
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r,(n—1) c,b CC 0 0O s, (n—1) n,(n—1)

ra(n=1Df [€' ¢ 0 O} (n—1) n,(n—1)

Fm=| (M [={0 € 0 G zs ) +| no(n) |=HMRS®) + Aan)
ry (n) 0 0 C6 Cill sl (n) n, (n)
1y (n) 0 0 Cf Cl 72 n,(n)

.. (2.25)

B. Generalized subspace-based algorithm
Using egn. 2.25, the auto-covariance matrix Ry of ¥(n) is evaluated by time-averaging

and can be written as:
Ry = E(F(M)F()H} = HWRHWY + 02L,y,, (2.26)

where, the source covariance matrix is given by: Ry = E{§(n)S(n)"} with $(n) as defined
in egn. 2.25. If R is full rank, the matrix H(h)RsH(h)? has rank 8L. Therefore the null-
space has dimension L and is spanned by a basis of L vectors gy, ..., g,; [41]. This subspace
is referred to as noise subspace and it is orthogonal to the channel/ signal subspace. Further,

as mentioned earlier, noise subspace bases can be found by applying SVD on R+.

The generalized subspacé algorithm for the channel model with N > 2L is presented.

Analogous to single-carrier case, the left null-space of Ry of dimension (2N+L) x L can be

represented by:
g = ([g%T JRLI Q?T]T)(mmxl for 0<i<L-1 (227)

where,

9i =Ug: (1) - g(N-DIDw-1yx2 = Ugi (@) - N = DI w-1yx1

gi=Ug(N-L+1) - g(M]Mix1 = ([g2Q) ~ FELIixa

g} =Ug(N+1) - g(N+D]"pxa = (g} - G

gi ={gN+L+1) - gCM)y-ryx1 = U9 @) - ¢ =D w-1yx1

g; = ([g:2N+1) - g(2N +L)]Dpx1 = ([g7(1) 7D i

The orthogonality between signal/ channel and noise subspace can be mathematically put

as,

giH(h) =0, for0<i<L-1 (2.28)
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Eqgn. 2.28 gives the linear parameterization of the noise subspace in terms of the channel
parameters. As mentioned earlier, since the covariance matrix is calculated by time-
averaging, in practice, above condition can be minimized in least-squares sense to obtain the
channel coefficients. Looking at the structure of unknown channel matrix in egn. 2.28,
solving for channel coefficients using egn. 2.28 is difficult. A dual form of egn. 2.28, whose
minimization is simpler and more straight-forward, must be formed. The details of derivation
of dual form of the eqn. 2.28 by mathematical induction are described in Appendix A of the
dissertation report. The result of the derivation is sﬁmmarized here. The dual form can be

defined by the following set of equations:

1) For j = 1, 4; define the following matrices-

giw=2L+1) - gl(N-L) g ],01
A{ = j : : and B‘ii = . . Yi ( )
gi(N—1L) 0 J ' i
0 0 @L+1)XL gD - gl (L+1D)XL
2) For j =2, 3 and 5; define the following matrices-
g - glw o L
A‘j = f: ! : and B{ = : . gl( )
g;(L) - 0 ‘ j. ' }'. .
0 ves 0 (L+1)%L gi (1) o g[ (L) (L+1)XL
Now, the components of noise subspace bases matrices can be written as:
gi(1) gi@@ - gi(N-2L)
G} = : : ;
giL+1) giL+2) - gi(N-1)

(L+1)x(N-2L)
G? = A} + B? '
G} = A? + B} + B}

g (M) gt@ - gt(N-2L)
G = s : s
gil+1) glL+2) ~ GW=L)], . -
G; = A} + B}
GS = A7 + B + A}

Combining these sub-matrices, the dual noise-subspace matrix can be formed as:

G, =[Gt 6% G G} G G{lu+nxen (2.29)
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Thus, the dual orthogonality condition can be written as:

where, h = [ho h; ... hif Tis the channel impulse response vector. Egn. 2.30 can be minimized
in least-squares sense to obtain the channel estimate in time-domain up to complex scalar

ambiguity factor. The quadratic cost function given by:

L-1
q(H) = h"Qh,  where Q = Z ¢.cY
>
l . (231)

is solved subjected to condition ||A}| = I to obtain an estimate of A. It is a well known fact
that the channel impulse response estimate R is the unit-norm Eigen-vector associated with

the smallest Eigen-value of Q.

Note: The persistence of excitation assumption (p.o.e) [41] states that the minimum number
of OFDM blocks that should be used for estimation of covariance matrix should be greater

than or equal to 2N.

2.2.2. MIMO-OFDM SYSTEMS ‘
We next present a generalization of the subspace based approach of [41] proposed in [54]

for MIMO-OFDM systems.

A. MIMO-OFDM channel model

In continuation with the channel model presented in the previous sub-section, we provide
a brief description of generalization of the same for MIMO-OFDM systems. Consider the
discrete baseband equivalent channel model of MIMO-OFDM system with M, transmitting

antenna and M, receiving antenna as shown in the fig. 2.7.
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Figure 2.7: Discrete baseband equivalent MIMO-OFDM system model

Analogous to the SISO model, assuming zero VC and N subcarriers per OFDM frame, the
frequency-domain transmitted OFDM frame from the 7™ transmitter antenna is given by di(n)
= [di(n, 0), di(n, kg + 1), . . ., dj(n, N)J'. Each symbol di(n,k) is taken from a baseband
frequency-domain signal constellation (map). As in SISO case, the precoding matrices are -
assumed to be identity matrices (Iy) as far this section is concerned. Hence, dj(n) = x;j(n). The
time-domain sample vector of the »™™ OFDM symbol can be written as sitn) = [sin, N —P), ..
., 8i(n, N=1), s;(n, 0), ..., si(n, N—1)] T To generate the continuous-time signal to be sent on
the channel, each element in the vector s;(n) is pulse-shaped according to egn. 2.21. Denoting
the composite impulse response between the j* transmitter antenna and i receiving antenna
by hi(t) (assumed to be of finite support [0,(L+N)I] with L < P as previously stated), the

received signal at i receiving antenna r,(#) can be expressed as,

M o _
i@ =) ) s@Nhylt-aTl+n(©

j=1 a=—coo

where, 7,(?) is the filtered noise at i receiving antenna. The signal r;(?) 1s sampled at baud
rate as mentioned in previous sub-section to obtain sampled time-domain sequence.
Depending on the values of M,and M,, the analysis can be carried out for two cases, M, > M,
and M, < M, [54]. In this work, the second case is taken up in detail. The alterations to make
the model compatible with the first case are described in the footnote. Construct a composite

frequency-domain signal vector,
din, k) =[di(nk) - dy, (k)7
and (2.32a)
d, =[dn,07 - dn,N)7]"

33



where, di(n, k) is an information symbol loaded on the k™ subcarrier in the n™ OFDM block to
be transmitted from the ;™ transmitter antenna. By collecting J consecutive OFDM frames

from M, transmitting antennas, the information symbol vector d(n) is constructed as:

dn) = [df -~ dip.] (2.32b)
Define the IFFT matrices as:
WO =—[ wh - wl
VN
Wy=[WWN-1DT - W(O)T wnN-1)T - WNWN-P)T (2.33)

W=[QWyQ Iy,

Further, construct a similar composite time-domain OFDM frame as:

s(n k) = [si(nk) sy (n )T
Sp=[s(mN—=1T - sm0) suN-1T - s(nN-—P)] (2.34)
s(n):[s,Tl 5£—j+1]T

Combining egn. 2.32, 2.33 and 2.34, we can obtain a composite relationship representing

the function of both IFFT block and CP insertion operations as:

s(n) = Wd(n) (2.35)

As mentioned earlier, assuming that the length of channel impulse response vector
between each of i receiving antenna and fh transmitting antenna is upper-bounded by L, the
M, x M, channel matrix H(I) between all pairs of transmitting and receiving antennas at lag-/

can be constructed as:
h11(l) tht(l)

HD=]| : . :
hMrl(l) hMrMc(l)

(2.36)

The sampled received signal from egn. 2.23 is similarly stacked to form a composite

time-domain vector as given by:

r(n k) = [n(nk) - 1y (0 K)]7

r,=[rmnQ—-1D" - rno’]’ (2.37)

r(m) =[rh -~ rioall@-0M]]
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where, Q = N+P = N+L and the term [I:(Q-L)M,] denotes that the dimension of each #,.,
(for all p = 0 to J-1) is (Q-L)M, % 1. The composite noise vector 3(n) can similarly be formed.
Define the (JQ-L)M, x JOM, channel matrix as:

HO) - HWL) o0 - 0
p=| ¢ HO e HEG 0 (2.38)
0 0 H() - H(L)

JQ-L)MrxJQM,

The channel input-output relationship can be expressed in terms of composite transmit-

receive vector and channel matrix as:
r(n) = Hs(n) + n(n) = HWd(n) + n(n) = Ad(n) + n(n) (2.39)

Note: For a MIMO-OFDM system with M, >M, the sampling rate at the receiver is set to ¢/T -
with ¢ > M/M, [54] such that the number of effective (virtual) receiving antennas after
oversampling is greater than or equal to the number of physical transmitting antenna. The

relevant alterations for the channel model are described as follows:

The channel sub-matrix of egn. 2.36 can be re-framed as:

O A G
I L O It el
H() = : :

RO N W ()

RGPW - RO

Hence, the channel matrix can be written as:

H(0) - H() 0 0
fi= 0 1”1(0) _ﬁ(L) 0
0 0 H@O - HQ

JQ-LygM,xjQM;

Analogous to eqn. 2.37, representing the oversampled received signal vector as:

k) = [fOmk) - 0wk - fP@k) o 8O me]
o= [FQ—17 - F@m O
F) = [/5 o Fhual1:(0 — LaM]]"
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The channel model is given by:
#(n) = Hs(n) + fj(n) = AWd(n) + 7j(n) = Ad(n) + 7j(n) (2.40)

Similar subspace algorithm formulation can be obtained for channel estimation [54].

B. Subspace based algorithm

Analogous to the subspace decomposition method for SISO-OFDM, the composite
channel output auto-covariance matrix estimated via time-averaging is used for channel
estimation. Assuming that the source covariance matrix is diagonal with known variance,

from egn. 2.39, the composite channel output auto-covariance matrix can be written as:
R,, = E{r(n)r(m)"} = ajAA" + 021 j0-1ym, (2.41)

Singular-value decomposition (SVD) of the output auto-covariance matrix yields two
subspaces namely, signal subspace spanned by columns of the channel matrix A and an
orthogonal null-space referred to as noise subspace. For the MIMO-OFDM channel to be
identified by the noise subspace method, the matrix A in egn. 2.39 (or matrix 4 in egn. 2.40)
should have a full column rank. Theorem I gives a necessary and sufficient condition for the

full column rank requirement [54]:

Theorem 1: In the case of M, <M, and L < (Q — N), the matrix A has a full column rank, if

and only if rank (H(W,E,)) =M, V i € {k}=3 where, H(z) is given by:

.
H(z) = Z h(D)z
=0

Note: The above theorem can be re-phrased for M, > M, [54] by replacing 4 by A; h(l) by
R(l) and hence H(z) by H(z) where:

L
fi(z) = Z Rz
=0

The condition to be satisfied for full rank requirement remains the same as given above.
The diagonalization of auto-covariance matrix yields Eigen-values and corresponding Eigen-
vectors U which can be partitioned into two subspaces viz. signal subspace U; and noise

subspace U, as:
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U=[UgU,]=[us - wnmlynm+1 - Ugo-nym,] (2.42)

Since span(A) and span(U;) share the same JNM, dimensional space and are orthogonal to
span(U,), the following orthogonality relationship holds and can be used in channel

estimation:
UQ~-LyM,
ufA=0, Vv ke, (2.43)

Define, (L+1)M, x 1 channel response vector associated with the channel impulse

responses between the ;™ transmit antenna and M, receive antennas as,
h; = [hO[:,i]" - h@)[:, 71T for 1<i<M,

Define the channel coefficient matrix H, as:
H.=[hy, ..., hy] = [hO), ..., (L)"]"

Under the appropriate conditions given by Theorem 2 [54], the noise subspace can
determine the channel coefficient matrix H; up to an M, X M, multiplicative matrix
ambiguity. The following notations are used in the theorem. Let H; be a matrix that has same
dimension as that of Hc.. Let H be a non-zero matrix constructed from H. in the same
manner as the matrix H is constructed from H., Denote H'W as A’ and let H'(z) =

foh' (Dz™'. Theorem 2 can be stated as follows [54]:

Theorem 2: Assume that the matrix A in eqn. 2.39 has a full column rank with J > 2, M, > M,
and (Q-N) > L. Then, H is equal to H.Q with an M, x M, invertible matrix €, if
and only if span(A") is equal to span(A).

Since, the output auto-covariance matrix is estimated using time-averaging; the
orthogonality condition of egn. 2.43 is solved in least-squares sense to obtain the channel
coefficient estimates. The quadratic cost function defined by eqn. 2.44 is minimized under the
criterion that ||| = I for I < i < M, to estimate the channel up to a complex matrix

ambiguity (follows from Theorem 2) [54):

UQ-L)M,
c= ) laal3
k=JNM;+1
.. (2.49)
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The estimate of H can be obtained by solving the dual form of egn. 2.44 under the

condition [|A;||> = I given by:

M
H=[h, - TlMt] = arg min Zhﬁ’&”hi
=1 \ &
.. (2.45)
where,
JQ-LyM,
@ = Z V. (I, ® WWTP¥
k=]NM¢+1
.. (2.46)

and the estimate of V} ‘s are constructed by partitioning the estimate of K" noise subspace

basis vector uy as given below:

() =00 '
v A 27 0 o 0 e
— =) 75(K) 1
V, = 0 V1 . vﬂ_)—b _ 0 where U, =| ¢
6 0 ﬁ(:k) 9(’;) 95’5)—1'
1 Je=Lw+1)M xjQ
.. (2.47)

Note: Analogous to SISO-OFDM case, the persistence of excitation assumption (p.o.e) for
MIMO-OFDM states that the minimum required number of OFDM blocks for channel

estimation using subspace decomposition to be feasible is equal to JNM,.

Note that the above treatment is valid for SISO-OFDM system, where M, = . Further, for
SISO-OFDM case, p. o. e. assumption can be stated as the minimum number of OFDM
blocks required is equal to JN and when J = 2, (i.e., 2 consecutive OFDM blocks are taken at
a time) it is equal to 2N which is same as mentioned before for SISO-OFDM case in the

previous sub-section.
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Chapter 3

PRECODING-INDUCED CORRELATION
AVERAGING APPROACH

As mentioned earlier, the blind channel estimation employing subspace method useé
receiver diversity, introduced by oversampling the channel output for channel estimation in
single-carrier system. Subspace techniques for SISO-OFDM and MIMO-OFDM systems
utilize the redundancy introduced due to CP (and'oversampling for MIMO case) as described
in Chapter 2. These techniques are capable of estimating the channel up to a constant
complex scalar ambiguity for SISO-OFDM channels and up to a constant complex matrix
ambiguity for MIMO-OFDM channels. By using precoding, the amplitude ambiguity in the
SISO-OFDM channel estimate can be resolved and the matrix ambiguity can be reduced to
complex scalar ambiguity per transmitter in MIMO-OFDM. An introduction to precoding and
its applications in the context of blind channel estimation problem is described in this chapter
followed by a joint estimation algorithm via precoding-induced correlation-averaging method

for both SISO-OFDM [51] and MIMO-OFDM [57] systems.

3.1. PRECODING

Precoding is a transmitter end technique used to introduce certain redundanéy or
correlation (or both) among the subcarriers in an OFDM frame. This information can be
utilized at the receiver end for the purpose of blind channel estimation. Further, precoding
can be used to add resilience to impulsive noise and multiplexing (e.g. STF coding). The
precoding techniques can be classified as shown in fig. 3./ depending upon whether the
transmitter has the knowledge of the CSI or not. As far as blind channel estimation problem
is concerned, the channel knowledge at the transmitter is assumed to be unknown; in which
case the arbitrary precoding techniques are used. One type of precoding: CP (cyclic prefix),
which was mentioned in previous chapters can be classified as redundant precoding
technique, in which partial knowlecige of the channel (FIR channel impulse response length
in this case) is used to decide the minimum CP length. Apart from this, the details of the

precoding techniques in which CSI knowledge is necessary are not considered in this work.
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Precoding Techniques

Aribitrary precoding CSI based

Redundant Non-redundant Full CSI Partial CSI1

Frequency-domain Time-domain

Figure 3.1: Classification tree for Precoding techniques

The precoder can either be linear or non-linear. The non-linear type precoders are
generally optimum precoders; in terms of performance but are highly complex and hence
rarely used. The redundant type of precoding is analogous to-error-correction coding (or
modulated coding: ECC over complex field) which has been used to mitigate ill-effects of
AWGN (block codes) and ISI (convolutional decoders) [59]. A redundancy 1s introduced by
appending or prefixing a part of either time-domain (e.g. CP) or frequency-domain
information frame to be transmitted. Owing to the redundancy introduced at the transmitter,
the blind equalization is feasible at the receiver even when there is no receiver diversity (e.g.

oversampling the channel output).

Redundancy introduced does not change the time or frequency characteristics of the
transmitted signal frame. The spectrum is simply spread making the algorithm insensitive to
spectral nulls. The redundant precoders results in waste of bandwidth, but if the number of
subcarriers of OFDM frame are chosen sufficiently large compared to the channel length, the
wastage can be considered insignificant for all practical purposes. The non-redundant or
block precoders are still preferred over redundant precoders. Further, as mentioned earlier,
precoding can either be in time-domain (after IFFT block) or in frequency-domain (before
IFFT block) in an OFDM transmitter. Some systems use both redundant and non-redundant

precoding (e.g. CP-OFDM with linear block precoding [51]).
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3.2. BLIND CHANNEL ESTIMATION FOR SISO-OFDM SYSTEMS
3.2.1. FREQUENCY-DOMAIN EQUIVALENT SISO-OFDM CHANNEL MODEL

In .continuation with the SISO-OFDM channel model described in fig. 2.6, a frequency-
domain equivalent model which is the basis for the blind approach given in [51] is described.
In contrast to the channel model of Chapter 2, in which the precoding matrix W was assumed
to be an identity matrix; for the present discussion, the precoding matrix W is assumed to be a
linear frequency-domain non-redundant matrix of dimension NxN. The equivalent parallel-

carrier channel model [41] with the precoder is shown in fig. 3.2.

" Channel filter 1

w. | |
e S »(% » »

1" ¥

ey | © . Hoe - naty |
amy | § x(n) 1o ¥

» !E) 1 |
» 3 ; »(% »<T | »

|

: Hit Tl |

|

b — e e — - — )

OFDM transcenver equivalent

Figure 3.2: Frequency-domain parallel-carrier equivalent OFDM transceiver model

As mentioned in the previous chapter, for SISO-OFDM systems, we consider a discrete
baseband equivalent FIR channel impulse response with a known length L represented by a

Lx1Ivectoras: h=[hy, ..., hi] T Define the normalized N XN DFT matrix defined as:

1 1 1
1 fl N-1
1 N N
F==|. ¥ . : €RY
1 fy-1 . fA-ne-D

where, fy = exp (—%T-) is the Wronskian or Kernel of DFT. The frequency response vector

H can be obtained by taking N-point DFT of % as:
H=[Hy, - Hy_,]=DFT(h)=+NF(,1:L+1)h (3.2)
Assuming that the n* frequency-domain transmitted OFDM frame and received OFDM

frame is given as (fig. 2.6 and fig. 3.2): x(n) = [x(n, 0), x(n, 1), . . ., x(n, N — 1)]" and y(n) =

41



[y, 0), y(n, 1), . .., y(n, N — 1)]” respectively, the frequency-domain received OFDM

vector can be expressed as [51]:
y(n) = Hx(n) + Ai(n) (3.3)

where, 7(n) is the post-DFT N x [ noise vector and H is a diagonal NxN channel matrix

given by:
Hy 0 - 0
- H, - 0
fi=diagimy=|° ™ 7§ (3.4)
0 0 - Hy_,
The precoder block multiples the incoming OFDM block with a precoding matrix W as:
x(n) =wd(n) (3.5)
Thus,
y(n) = AWd(n) + 7i(n) (3.6)

3.2.2. CORRELATION-AVERAGING ALGORITHMS FOR BLIND ESTIMATION
Two precoding techniques for correlation-averaging based channel estimation are
considered in the following. The first method uses a sirhple (partial) precoder, which induces
correlation on a single subcarrier [46] and forms a basis for rest of the precoding-induced
correlation-averaging techniques that followed. The second approach (a generalization of first

technique) uses a joint precoder, which induces correlation in entire OFDM block [51].

A. Blind channel estimation using simple precoding

Consider, a precoded OFDM system model defined by egn. 3.6. The linear precoder
transforms the n” source block of N subcarriers denoted by:d(mn) = [dn, 0}, dn, 1), ..., d(n,
N — 1)J7 according to [46]:

x(n, k) = —-I—(d(n, k) + (=1)*Ad(i, R)), k=0,..,N=-1

J1+|A}2

. (37)

where, the predefined precoding constants 4 and R are assumed to be known to the receiver.
R is an integer in the range /0, N-1] and A4 is a purely imaginary number with |4| < I [46].
The features of this precoding technique are [46]:
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1) Introduces no redundancy to the transmitted data, which makes it bandwidth efficient.

2) Since the normalization factor is driven by 4: an imaginary number, the approach
preserves transmitted power on each subcarrier.

3) Maintains zero-mean of the signal transmitted on each subcarrier.

4) Maintains zero DC offset in each OFDM block.

5) Introduces a correlation structure in the transmitted signal that can be utilized at the
receiver for channel estimation.

Referring to the OFDM transceiver model of fig. 3.2 and egn. 3.6; the n* frequency-

domain received OFDM symbol can be written as:

y(n, k) = Hyx(n, k) + iiln, k) = Hp(d(n, k) + (—1)"Ad(i,R))} + fi(n, k)

1
JI+I4P

.. (3.8)

where, H} is the frequency-domain channel coefficient on K" subcarrier as defined by egn.
3.2. It is assumed that the source covariance matrix is diagonal: 651y and the channel length

L < N. Consider the correlation of the signals on K" and R™ subcarriers given by [46]:

(—D*A + (—D)**F|4)?
Z(k,R) = E{y(n,k)y*(n,R)} = 1+ 4]
O'C%HIQHR‘*'O';%, k=R

olHyH,, k=0,..,N—1;k#R

..(3.9)

Observe that in practice, the expectation in egn. 3.9 can be realized by time-averaging
over successive OFDM frames. Assuming that the source statistics is known at the receiver,

the estimate of frequency-domain channel coefficient on ¥* subcarrier F can be obtained by:

1+(47  ZkR)
(kA + (—1D)k*+R|A]2 o3
Z2(k,R)

2
g4

, k=0,..,N—-1,k+R
ﬁk=

k=R

’

.. (3.10)

The channel estimate can be further improved by performing IDFT on H; setting to zero
the last N-L samples of IDFT output, then performing N-point DFT on the result. This
procedure is known as de-noising [46]. Thus, by above procedure, the channel estimate is
obtained in frequency-domain up to a constant complex scalar quantity. Assuming that the

noise variance is small, observe on the R” subcarrier, the estimate obtained is Hz =~ HyHg =
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|Hg|%. Thus an estimate of magnitude of R” subcarrier coefficient can be obtained. Dividing
the whole estimate by this estimate, the ambiguity factor can be reduced to constant phase
ambiguity. A potential problem with the estimate might arise when the R" subcarrier is in
deep fade, in which case Z(k, R) is close to zero for all k’s. This problem can be solved by

introducing correlation on more than one subcarrier, as described in [51].

B. Blind channel estimation using generalized precoding

This method uses a generalization of precoding technique that was employed in
previously described technique and leads to better estimation accuracy. The channel output
signal, y(n)’s auto-covariance matrix denoted as R,, estimated via time-averaging is used for
channel estimation purpose in frequency-domain [51]. Using egn. 3.6, the auto-covariance

matrix of y(n) can be written as:
R,, = E{y(n)y(n)"} = HWR,W"H" + R, (3.11)

Assuming that the source symbols are iid, with variance o, and noise samples are also iid

and are distributed according to ~N(0, a,,z '), we have-
Ry, = E{y(m)y(m)""} = 6JHPHY + 021y = 0 J(HHY)OP + 021y (3.12)

where, P = WW. The elements of P and hence W are designed according to following

criterion [51]:

1) Distortion criterion: In practice, the number of snapshots received within the channel
coherence time is not infinite. Therefore, we can at best obtain a sample estimate of
signal auto-covariance matrix. Each entry of Ry, contains the distortion due to the effect
of both the noise and the lack of the number of snapshots. If one entry of P is much
smaller than the other entries, the distortion in the corresponding entry of R,, will be
greatly enlarged after the elimination of the effect of P. Hence, the entry of R, with
possibly large distortion should be discarded, or the corresponding entry of P should be
assigned a relatively large value. However, no prior information of the distortion can be
obtained due to all unknown factors. A reasonable way is to assign equal value to all the

non-diagonal entries and at the same time as large as possible.

2) Power constraint: The precoding matrix elements must be chosen such that the
transmitted signal power is kept constant i.e.,

Power = E{d(n)!WHWd(n)} = c3trace(P) = 04N
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Thus, trace (P) = N.
Combining 1) and 2), we get:

1, m=gq _
P(mlq)_{p¢0’ m¢q m:Q—lp"‘;N

3) Symbol Error Constraint: Due to the quadrature form of egn. 3.12, P should be a positive

semi-definite matrix. It can be proved that one Eigen-value of Pis (N- 1) p + 1, and all
the other Eigen-values are / - p. Hence, for channel estimation, the range of p is - (1/N -
l)<p<landp#0.

The P matrix is designed according to these criterions. The precoding matrix W can be
obtained by taking square-root of P. It is reasonable to assume that the knowledge of

precoding matrix W is known at the receiver end. Obtain the matrix R as:

oZ|Hol? + o} oiHoH} o 0ZHoHp_4
207 1y 12 a A2 .. 2 .
R = (R,,)./P = Gdl'{iHO Ud]Hﬂ_ ton - adHl:HN-l (.13)
oZHy-1H; OgHy-1H] -+ ofiHy-1l? + 0}

Define,
r,=[R(1:q—1,9)" R(g+1L:N, )"}, q=1,--,N

F,=[FQ1:q-11:L+1)" F@+1:NLL+1)T], q¢g=1-,N (3.14)

Set,
Hoy = F(:,1:L + D)F\r, = o3H;_H (3.15)

Assuming the knowledge of source statistics at the receiver, the steps for frequency-

response estimation of the channel from egrn. 3.13 are given as follows [51]:

Step 1: Obtain the estimate of a5|Hy|? and hence |Hy| as the first element of H., from egn.

3.15 with the value of g set to /. Assuming an arbitrary phase g, set the estimate of

Ho as ﬁo = lHolejw.

Step 2: From R(2,1), obtain an estimate for H; as: H =R(21) /1?0*.
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Step 3: From R(3,1.2) solve the over-determined function using H, and f; to get an estimate

2,
of Hyas A, = [j,,] R(3,1:2)".
Hy

Step 4: Calculate all the estimates of H,.; from R(q,1:9-1) until all the elements of H are

estimated.

Step 5: De-noising the whole estimate vector H = [H, - Hy_,], obtain the final estimate
of the channel vector in frequency-domain as H = F(:,1: L + 1)F(:,1: L + 1)"H.

This algorithm estimates the channel in frequency-domain as against subspace approach
of Chapter 2 that estimated the channel in time-domain. The time-domain impulse response
estimate of the channel up to a constant phase ambiguity factor (unlike subspace method
which estimates channel up to constant scalar ambiguity) can be obtained by taking inverse

Fourier transform of the frequency-domain estimate.

3.2.3. CRAMER-RAO BOUND FOR BLIND PRECODING-BASED ESTIMATOR
The Cramér—Rao bound (CRB) states that the variance of any unbiased estimator is at
least as high as the inverse of the Fisher information matrix. An unbiased estimator which
achieves this lower bound is said to be efficient. This sub-section discusses the derivation of
CRB for blind precoder-induced-correlation-averaging technique-based channel estimator.

There are two different types of system models:

1. Conditional model (CM) - Assumes that the input signal is non-random (i.e., same
in all realizations)
2. Unconditional model (UM) - Assumes that the input signal is random.

The CRBs can accordingly be classified as Conditional/ deterministic CRB and
unconditional/ stochastic CRB. For the problem underhand, it is assumed that the input signal
is random whose covariance matrix is multiple of identity matrix and hence, derivation of
stochastic CRB is discussed. The covariance matrix of frequency-domain received blocks i.e.,
y(n) cannot be used since only L+/ elements of frequency-domain channel vector H are
linearly independent. Instead, the signal covariance matrix of time-domain received vector
r(n) (refer fig. 2.6) is considered. From eqn. 2.24a after discarding CP (i.e., deleting first L
rows from Hy and H; and flipping and adding first L columns to last L columns of H; and

H,), the IBI term is rejected; we get [51]:
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r(n) = HFx(n) + (n) = HFFfwWd(n) + 7(n) (3.16)

where, 7(n) is the N x I noise vector before the DFT block at the receiver after the CP part

(first L samples) are discarded from 5(») in eqn. 2.24a and H is the N x N circulant channel

matrix defined by:
-ho 0 hl-
hy  ho h,
i'—l = hL hl.—l 0 (3.17)
0 h 0
L0 0 holdy . n
The signal covariance matrix is thus given by,
R,, = E{r(m)r(m)"} = c2AF*PFAY + o1, (3.18)

The noise statistics is not altered by DFT operations [51]. In general, for a circular complex
zero-mean Gaussian random variable: r = rr + jr; with signal covariance matrix defined as
R, = E{rr”} parameterized by a real vector 8 = [0, 0x]7, the Fisher information
matrix (FIM) is given by [60, 51]:

dR,,

dR
FIM(m,q) =M trace(de;r R} d@; R-;rl) formq=1,-,K

. (3.19)

24<

whete, M is the number of available snapshots for sample-covariance matrix estimation’ The
CRB is obtained by taking inverse of FIM (see egn. 3.24). For this case, the signal covariance

matrix is assumed to be parameterized by the (2L + 4) x I vector: @ = [hy hT o} oZ2]".
The following mathematical properties are used in derivation of CRB [51]:

trace(XY) = vec(X")Hvec(Y)

vec(XYZ) = (ZT ® X)vec(Y)

XJNEZRW) =(X2)® (¥YW)

which holds for any matrices X, ¥, Z and W. Using these properties we can write eqn. 3.19

as:
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1 dR,\" dR
77 FIM(m, q) = vec( y 6:) vec (R;,.l y 9:: R;,.l)

dR.\" dR
= vec (FZ) (R7T ® RyY)vec ( dB:r)

.. (3.20)
Define:
T = vec(R,,) = o (H* ® H)vec(FHPF) + a2vec(Iy) (3.21)
Thus,
1 _qdreN\ o dT,
M= (der) (Rrr @ Rer (daT)
.. (3.22)
The egn. 3.22 can be partitioned as [51]:
L rm = [GH] ¢ A]
M af
.. (3.23)
where, '
_r _IN dr dr..dr..|dr.. dr
— ) 7 L) -T/2 -1/2 rr A rr rr “iorr
[G I A] (Rrr ®Rrr)(de1‘) (RTT ®Rrr )(dhg dh;‘ da’j dO’%)

Since, FIM is a singular matrix [51]; certain constraints have to be put on FIM to

obtain CRB as its inverse. Defining [51]:
CRB = FIM' (3.24)

We have the following theorem using which CRB can be analytically calculated (see

[51] and references therein):

Theorem: Suppose the FIM for 8 = {6, 0,]7 is given by,

' FIM = [;(m)1 ]9102]

0,0, Jo,e,
Assuming that FIM is singular but Jg,,is non-singular; CRB can be obtained as,

-~ +
CRB = {Jp,0, —Jo,0,) 0,0, 1]9291]
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Define an N x N matrix H; with (m, g)-th entry as:

Hz(m.q)z{l' (n-@modN) =1-1,_, vl +1
0, otherwise T

For this case, 8; = [h; hI]" and 6, = [0} 02]7; hence from egn. 3.23 the

expression for CRB can be written as:
CRB = [G"G — G"A(A"A) 'A% 6] | (3.25)
The values of G and A are calculated as follows [51]:

drrr I drrr
dhZ| dh?

dr,,
2
doj

6 | Al=[6 | G | v | u] = (R; ”2®R'”2)(

d rrr
do?
where,

1 1
A, = oZR_*HF*PFH[R }

I 2 dR 1dR,., -1
A (R,,r2 b2 Rrrz) vec (dh,:;) vec (Rrr2 T —ZLR 2) = vec(4, + Al
T 1 dR,
G,:,)={R.2?®R_?|vec| —
dh;;

K dR.\ 1gp 1
v={R,’ ®R,} vec(d(IZ =vec(Rr,,2 302 —=R,? | = vec(R,. 2HFHPFHHR )
d

Zd 1 A H
Rrr T R = vec(jA; ~ JAT')

and
r .1 dR “1dR.. -1
u= (Rr,? ® Rﬂ?) vec (da’g') = vec (Rrrz do-:%r Rﬂg) = vec(R;rl

3.2.4. PERFORMANCE ANALYSIS OF SIMPLE-PRECODING BASED METHOD

The performance analysis of blind channel estimation using simple-precoding induced

correlation-averaging [46] supported by MATL.AB simulations is presented.

A. Simulation Parameters
The simulation parameters are given as follows:

»> Complex discrete baseband equivalent FIR channel is assumed to be of length (L) = 2.

» The channel power-delay-profile is assumed to be exponential [S1]:

49



L
E{ln)?}=e"10®, [=0,..,L

Number of sub-carriers/ OFDM frame (N) = 64

Number of OFDM frames collected for estimation purpose (M) =250
Precoding normalization constant (4) = 0.5/

Precoding symbol index (R) = 1

Pilot symbol index P)=1

Pilot symbol value = V10

SNR (unless otherwise mentioned) = 30 dB.

Baseband modulation/ mapping: 16-QAM

V V V V V V V V V¥

The results are avefaged over 100 Monte-Carlo simulation runs.

The flowchart depicting the procedure to obtain the channel estimates using simple-
precoding based technique is shown in fig. 3.3. The timing and frequency synchronization are

assumed. The estimation ambiguity is resolved by using pilot carriers.

B. Simulation results and conclusion

The plot of MSE versus varying length of output OFDM blocks used at 30 dB SNR is
shown in fig. 3.4. It can be seen that the MSE performance improves exponentially as the
length of OFDM blocks is increased. From fig. 3.4, it can be seen that the MSE of 107 is
achieved when length of OFDM blocks is 500 and an improvement in the performance by a -
factor of 2 can be seen as length of blocks is doubled (at a block length of /000, MSE is
5x10™%. '

The plot of MSE versus varying SNR (dB) values assuming tﬂat the length of OFDM
blocks used is equal to 250 is shown in fig. 3.5. In contrast to subspace approach for single-
carrier system described in Chapter 2 (see fig. 2.5), it can be seen that the MSE curve
saturates when SNR is increased beyond 15 dB at approximately 2x/0”. This is because,
unlike Eigen-vector based approach (subspace technique), the correlation-averaging
technique is more sensitive to distortion due to non-availability of infinite number of OFDM
blocks for time-averaging than AWGN. The advantage over subspace approach is that even at
SNR of 0 dB, MSE is of the order of 107 which is 10 times better than that for subspace-
based method. |
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Set all the parameters as given in
the specifications

v

NumSim =0

veE—

Generate the channel mpulse response vector of leagth L+7
gvenby ke = [ho ... ht)JT. Each coefficient is a zero-mean
Gaussian distributed random variable with variances as per
the channel's power delay profile given in the specification

v

Generate a sequence of source bits, group the bits by
taking 4 at a time and map the bits using a 16-QAM
mapping table. Combine 64 such QAM symbols at a time
to form an frequeacy-domain OFDM frame

v

Precode the frequency-domain OFDM frame dfn)
according to egn. 3.7 to obtain precoded frame x/7)

v

Take N-point [FFT on precoded OFDM frame x(n) and
insert CP (by prefixing a copy of fast Z symbols to the original frame)
to obtain the time-domain OFDM frame to be transmitted

v

Pass the time-domain OFDM frame through a FIR fiter whose
impulse response vector is given by k. Add AWGN at desired SNR
to the filter output to obtain the time-domain received OFDM frame

L 2

Receive the time-domain OFDM frame and remove CP. Take N-
point FFT to obtain frequency-dotnain received OFDM frame 1)

v
Collect Af such OFDM frames yrnj and calculate the estimate
of auto-covariance betwveen & subcarrier denoted by v k) No
and R subcarrier denoted by y(n,R) by time-averaging as:
M
- 1 ;
Z(k, R} = ﬁZy(n. Kyy*(n.R) —p Is Nums%
=

Repeatfor 1sksN
Yes

Calcutate the estimate of & coefficient of channel frequency
response vector H denoted as H, using eqn. 3.10
[Ca!culate average MSE for given parameters
Denoise the estimate of H by taking N-point IFFT on H; setting to ¢

zero the fast N-L samples of the result, then performing N-point FFT
on the result to obtain the final estimate K

v

Simulated for all the parameters (SNR's or
nutber of received blocks to be collected)

Calculate the mean square error between the Ye
true channe! and the estimated channel s
v step

NumSim = NumSim + 1

Figure 3.3: Blind channel estimation using subspace decomposition technique (flowchart for
generation of plots given in fig. 3.4 and fig. 3.5)
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A plot of MSE versus Number of OF DM blocks used to estimate the output aute-covariance matrix
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Figure 3.4: The plot of MSE versus length of OFDM blocks used at SNR = 30 dB.
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Figure 3.5 The plot of MSE versus SNR (dB) with length of OFDM blocks equal to 250
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3.3. BLIND CHANNEL ESTIMATION FOR MIMO-OFDM SYSTEMS
This section presents a generalization of precoding-induced-correlation-averaging method
to blind channel estimation for MIMO-OFDM systems [57]. As mentioned earlier, unlike the
time-domain subspace approach of Chapter 2 for MIMO-OFDM, this approach with a proper
design of precoding block can estimate the channel in frequency-domain up to a constant
scalar ambiguity factor per transmit antenna. For this purpose, in contrast to the precoding

matrix for SISO-OFDM case which was time-invariant; the precoder is block-time-variant.

3.3.1. FREQUENCY-DOMAIN EQUIVALENT MIMO-OFDM CHANNEL MODEL
The block diagram of MIMO-OFDM communication link as shown in fig. 2.7 is
considered as reference for discussion. The frequency-domain model for MIMO-OFDM
- system [57]: an extension of the frequency-domain model for SISO-OFDM is presented in
this sub-section. Consider a MIMO-OFDM transceiver with M, transmit antenna and M,
receiving antenna. Define the impulse response vector of the channel between ;™ transmitter
antenna and i receiving antenna as hi=[lio, .., hit]" and its corresponding frequency
response vector as Hy = DFT(h) = [H0, ... , Hjin1]'- It is assumed that, the OFDM block
from the j'h transmitter antenna is precoded, by the NxN matrix W; in frequency-domain. The
frequency-domain received OFDM vector at i" receiving antenna is given by (generalization

of eqn. 3.6):

My
Y = ) HWds(n) + i (n)
j=1

... (3.26)
where, Flji = diag{Hj;} is the ji-th channel sub-matrix of dimension NxN; din) is the
frequency-domain transmitted OFDM frame from j’h transmitting antenna (see Chapter 2),
7i;(n) is the post-DFT additive white zero-mean Gaussian nois¢ vector of dimension N x [ at

i receiving antenna with variance o.2. The NM, x NM, frequency-domain channel matrix is
given by:
Hy, - Hpy,

Hy=| : =~ (3.27)
Hypy, - Hyp,p,
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Define the composite frequency-domain transmitted vector as:

d(n) = [d; ()T - th(n)T]T. The composite frequency-domain received vector can be
written as:
T ~
y(n) = [}'1(n)T J’Mr(n)T] =HyW.d(n) + 7i(n) (3.28)
where, 7i(n) is the composite noise vector given by: fi(n) = [fi,(n)T - iy, (n)T]'r and

W. is the composite block-diagonal precoding matrix of dimension NM, x NM, given by:
WC = diag{wl, WZI ver g WMt}

If block-time-variant precoding is used, egn. 3.28 must be reframed as:

y(nM, + 1) = [yi(nM + )T -y (nM, + T)T]T = HyW d(nM, + 1) + i(nM, + 1)
.. (3.29)
where, d(nM, + 1) = [d;(nM, +T)T th(th+r)T]T forr=1 ..., M ;n=1..

(M/M,) (M is the total length of OFDM blocks used for time-averaging) is the composite

transmit vector and the composite block-time-variant precoding matrix W, is defined as:
W =diag{Wir,Woy, ..., WMtr}

with each of its sub-matrices as defined in next sub-section.

Note: Since the input is assumed to be stochastic; d(n) for n = 1, ..., M is statistically same

asdimM,+ o) fort=1, .., M ;n=1. (MM,).

3.3.2. GENERALIZED CORRELATION-AVERAGING ALGORITHM

The channel matrix is estimated via SVD and joint correlation-averaging in frequency-
domain using the estimate of auto-covariance matrix of the composite receiver vector [57].
Consider, for time being a composite time-invariant block diagonél precoding matrix given

by:
P. = diag{Py, P, Py} where, Pj=W;W}

Let the source covariance matrix be Ry = E{d(n)d(n)""} = ol NM,- From egn. 3.28, the

output signal covariance matrix can be expressed as [57]:
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Ry11 - Ryim,
Ry = Ey()ym¥} = oZHyPHE + 02l = | ¢ = (3.30)
Ryma = Rymm,

with its (b, d)” sub-block given by,

Mg M
Rypy =03 Z Hy,PiH[y +6(b—d)aily = o] Z(njbﬂﬂi)op j+ 8 —d)aily
j=1 j=1

-« (3.31)

By utilizing covariance matrix of eqn. 3.30; correlation-averaging algorithms for MIMO-
OFDM systems can estimate the channel matrix up to a constant complex matrix ambiguity.
For estimation of the channel matrix up to scalar ambiguity per transmitting antenna to be
possible, as mentioned earlier, block-time-variant precoders must be employed [57]. Suppose
at the (nM, + t)-th time interval, ¢ = 1, ... , M;; the symbol block from the ;™ transmitter is
precoded by W).. Then, the corresponding Py, is represented by: Py = W), Hj-,” forjr=1 ..,

M,. Using egn. 3.29, M, covariance matrices can be defined as:
Ry, = E(y(nM,; + )y(aM, + )"}, t=1, M,

The egn. 3.31 can thus be re-written as:

M My .
Rycoa = 03 . HjpPrlly +6(b = Doty = o7 ) (HypHfL)OP o +8(b ~ d)otly
j=1 j:l ’

..(3.32)
Consider the following two cases [57]:
Case 1: b # d. For this case, the (m, g)-th entry of R, s can be expressed as:
ul .
[Ry‘t,bd]mq = 0§ Z[Pjr]qujb,m—l d.q-1 =1, M
j=1
... (3.33)
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It can be seen that, above expression contains M, equations and M, unknowns. Assuming
time-synchronization and the knowledge of precoding matrices at the receiver, these

equations can be solved to obtain the unknown parameters as:

(3.34)

[PMtMt]

-1
adHlbm—lHldq—l l [Pll]mq [Ple]mq [Ryl.bd]mq
o-dHMgbm—lHMtdq—l 1Mt

mal [[Romepal,

Since, the solution for above matrix equation exists if and only if the inverse of precoding
matrix exists, the precoding matrices P;; must be designed such that the matrix in egn. 3.34 is

non-singular [57]. By considering, all pairs of (, g) and organizing the terms, we éan obtain:
Qjpa = OgHpHYy  forj =1, M, (3.35)

Case 2: b = d. For this case, the diagonal entries of covariance matrix cannot be directly used
as they are corrupted with unknown noise. Thus, we can rely upon non-diagonal (m

# q) entries only. Consider,

My
[Ryt,bd]mq = 0§ Z[Pjr]qujb,m—lH jd,q-1 t=1-,M, b=d  m=*gq
. j=1
.. (3.36)
We can obtain the estimates of 6fHjpm—1H/4q-1 forj=1,--- , M, from egn. 3.34.
Combining all the pairs (m, g) with m # g, a new vector can be formed as:
Toajq = |OaHipoHiaq-1  OaHjpg-2Hjsq-1 &HipqHjaq-1 0§Hjpn-1H; a‘.q—l]

forq=1..,Nand j=1,.., M

As long as (M-1) > (L+1), the estimate of ajH,bH id,q-1 (analogous to egn. 3.15) can be

obtained as:
H qu 1—F( 1L+1)F rbd,q (3.37)
where, F, is as defined in egn. 3.14.

Combining all 6fHj, Hjy 44 for g = 1, ..., N, we can obtain:
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Qibva = [f’c%Hijj:t,o U&ZHJ'ijti,N—IJ = dg”jb”ﬂi forj=1,- M, (3.38)

Define,
Qi1 Qjim, ,v
Q;i=| ¢ | : forj=1,. M, (3.39)
Qjm,a o Qjm m,
and
Hyy - Hyy
v=\| : : ' (3.40)
Hyy, - Hym,
It can be seen that,
Q; = aiU;U" (3.41)
T ‘
where, U; = [H]-lT H]TMr] represents the NM, x/ channel response vector from the ;™

transmitter to all the receivers i.e, the j/ column of U.

Let Uj denote the Eigen-vector of @, corresponding to its largest Eigen-value. From
subspace detection theory, span{l?',-} = span{U;} when M, < M,N [57]. Therefore U ; can be

considered as an estimate of U; corrupted by a constant complex scalar factor as given by,
Uj = oyUj

Thus the estimate of U; can be obtained from the Eigen-vector of @), corresponding to its
largest Eigen-value obtained by singular value decomposition (SVD) up to a constant

complex scalar ambiguity.

Note: Since N > I for all OFDM systems, this approach is applicable to the systems with the
number of transmitting antennas greater than the number of receiving antennas (i.e.,
MISO-type systems) without need for oversampling at the receiver unlike subspace

decomposition approach.
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Chapter 4

SIMULATION RESULTS FOR BLIND TECHNIQUES

Using simulation teéhniques, this chapter describes the performance of blind channel

estimation using subspace-based and precoding-induced correlation-averaging techniques for

SISO-OFDM and MIMO-OFDM systems in terms of mean square error (MSE) over different

baseband modulation (mapping) schemes and channel power delay profiles. Some common

parameters used for simulation purpose are given below:

>

The discrete baseband equivalent FIR channel impulse response is assumed to be
static over the interval of estimation process with length/ order (L) equals to 2. The
channel coefficients are assumed to be complex zero-mean Gaussian distributed
random variable with variances given according to either of the following power-
dela);-proﬁles (PDP) [61]:

¢ Exponential-

o
E(jh?}=e"7), 1=0,..,L
¢ Uniform-

E{ln|?} =1, 1=0,..,L

where, T is the baud-interval and 7 is the rms delay spread of the channel. For present

discussion, the value of 7/7T is taken to be equal to /0 [51].

Number of subcarriers per OFDM frame (V) = 64

Number of OFDM block used to estimate channel output auto-covariance matrix by
time-averaging unless otherwise mentioned (M) = 1000

SNR (unless otherwise mentioned) =30 dB

The estimation ambiguities are resolved using pilot carriers or reference symbols as
far as this chapter is concerned.

The time and frequency synchronization are assumed.
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4.1. SISO-OFDM SYSTEMS

4.1.1. CRAMER-RAO BOUND FOR BLIND PRECODER-BASED ESTIMATOR
The stochastic CRB for blind precoding-induced-correlation averaging technique based

channel estimator for SISO-OFDM system (Chapter 3) is calculated over varying SNR (dB)

values for the following values of p = {0.1, 0.5, 0.9} (see egn. 4.1) using eqn. 3.18 and egn.

3.25. The procedure given in flowchart of fig. 4.7 is used to estimate the channel using

precoding-based technique over varying SNR (dB) values for /00 Monte-Carlo runs. The

mean-square-error variances for the estimator are calculated and compared with the CRB.

A linear non-redundant frequency-domain time-invariant precoding matrix employed for

channel estimation is given as:

. 1 pop p
W=pPY2,  wherep=|P 1 P P @.1)
p p p -

A plot of statisticat CRB and mean-square-error variance versus SNR (dB) values for
blind precoder-induced-correlation-averaging based channel estimator with 16-QAM
baseband mapping for p = 0.1 is given in fig. 4.2 and fig. 4.3 for exponential and uniform
channel PDP respectively. Similar simulation results are obtained for p = 0.5 and p = 0.9 and

are shown in fig. 4.4 —fig. 4.7.

60

(&8



»r

Set all the parameters as given in
the specifications

v

NumSim = 0
véd—

Generate the channel impulse response vector of length L+
givenby ki = [ho ... ht]7. Each coefficient is a zero-mean
Gaussian distributed random variable with variances as per

the channel's power delay profile given in the specification

v

Generate a sequence of source bits, group the bits and map the bits

using a mapping table designed as per the required modulation’

scheme given in specifications. Combine 64 such modulated

symbols at a time to form a frequency-domain OFDM frame

v
Precode the frequency-domain OFDM frame dfnj according to egr. 3.5
with 7 as given by the specifications to obtain precoded frame x()

3

Take N-point IFFT on precoded OFDM frame x(%) and
insert CP (by prefixing a copy of last L symbols to the original frame)|
to obtain the time-domain OFDM frame to be transmitted

v

Pass the time-domain OFDM frame through a FIR fiter whose

impulse response vector is given by A. Add AWGN at desired SNR
to the filter output to obtain the time-domain received OFDM frame

v
Receive the time-domain OFDM frame and remove CP. Take N-

No
point FFT to obtain frequency-domain received OFDM frame y(#)
' ' v —p< Is NumSim = 1007
Collect M such OFDM frames y(n) and calculate the
estimate of channel output auto-covariance matnix as:
M
- 1 . Yes
RBy=7% 2 yoy ¥
n=1 Calculate average MSE for given parameterj
Obtain matrix R from egn. 3.13 and follow Steps I - 5 on page ¢
numbers 45-46 to obtain the channel estimate in frequency-domain Simulated for all the parameters (SNR's or

No

mmnber of received blocks to be collected)

Calculate the mean square ervor between the
true channel and the estimated channel

v

NumSim = NumSim + 1

Yes

Stop

Figure 4.1: Blind channel estimation using precoding-induced correlation-averaging for

SISO-OFDM systems
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Figure 4.2: CRB and MSE variance versus varying SNR (dB) values for blind precoding-
based algorithm with precoding constant (p) = 0.1 for exponential channel PDP
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Figure 4.3: CRB and MSE variance versus varying SNR (dB) values for blind precoding-

based algorithm with precoding constant (p) = 0.1 for uniform channel PDP
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Figure 4.4: CRB and MSE variance versus varying SNR (dB) values for blind precoding-
based algorithm with precoding constant (p) = 0.5 for exponential channel PDP
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Figure 4.5: CRB and MSE variance versus varying SNR (dB) values for blind precoding-

based algorithm with precoding constant (p) = 0.5 for uniform channel PDP
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Figure 4.6: CRB and MSE variance versus varying SNR (dB) values for blind precoding-

based algorithm with precoding constant (p) = 0.9 for exponential channel PDP
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Figure 4.7: The plot of CRB and MSE variance versus varying SNR (dB) values for blind
precoding-based algorithm with precoding constant (p) = 0.9 for uniform channel PDP
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The following observations can be made from fig. 4.2 — fig. 4.7:

Note:

The phrase ‘on an average’ refers to average over three time-domain channel
coefficients {hy= h(0), h; = h(1) and hy = h(2)}.

*
L4

0,
0.0

7
°w

7

For a given channel PDP and the value of p, the MSE variance achieved is, on an
average, at least 700 times more than the CRB.

As the SNR is varied over the range, both CRB and MSE variance achieved by the
estimator improves by a factor 10 dB on an average irrespective of channel PDP
and the value of p.

From fig. 4.2 — fig. 4.7, it can be observed that when SNR is increased beyond 15
dB, the performance saturates and no further improvement in either CRB or MSE
variance achieved by the estimator can be observed.

As p is increased, both the CRB and the MSE variance achieved by the estimator
decreases irrespective of the channel PDP. At 0 dB SNR, from fig. 4.2 - fig. 4.5,

i.e., when p is increased from 0./ to 0.5, an improvement of around 5 dB and 10

dB on an average for exponential and uniform channel PDPs respectively, can be

observed in both CRB and MSE variance. At 25 dB SNR, an improvement of /0
dB in MSE variance can be observed irrespective of channel PDP. Further, an
irhprqvement of 2 dB and /0 dB can be observed in CRB for exponential and
uniform channel PDP. Similar observations can be made, from fig. 4.4 - fig. 4.7,
i.e., when p is increased from 0.5 to 0.9.

For a given value of p, the estimator achieves the lowest MSE variance when the
channel PDP is exponential. At 0 dB, from fig. 4.2 and fig. 4.3, a difference of 13
dB in MSE variance on an average can be observed between the cases when the
channel PDP is exponential and uniform. Similar observations can be made at 0
dB SNR from fig. 4.4 and fig.4.5 (a difference of 7 dB) and fig. 4.6 and fig. 4.7 (a
difference of 5 dB) for MSE variances. Similarly, at higher SNR values, for
instance at 25 dB, from fig. 4.2 - fig. 4.7 differences of 6 dB, 4 dB and 0 dB in
MSE variances respectively can be observed between the cases when the channel

PDP is exponential and uniform.
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4.1.2. COMPARISON OF SUBSPACE AND PRECODING-BASED TECHNIQUES
This sub-section presents a comparison of subspace-based and precoding-based blind
channel estimation techniques in terms of MSE performance over varying length of OFDM
blocks and varying SNR (dB) values for 4-PAM, 8-PSK and 16-QAM over two different
channel PDP as given in the specifications. The linear non-redundant precoding matrix
mentioned in previous sub-section with precoding constant (p) = 0.5 is used along with the
procedure given in flowchart of fig. 4.1 to obtain the channel estimate using precoding-based
technique. The procedure given by the flowchart shown in fig. 48 is used to obtain the
channel estimate using subspace-based technique. It is assumed that two consecutive OFDM

blocks are combined (J = 2) to form a composite OFDM block for subspace technique.

The MSE performance of two blind techniques versus length of OFDM blocks used at 30
dB SNR with exponential and uniform channel PDP are shown in fig. 4.9 and fig. 4.10
respectively. Similarly, the MSE performance of the same versus SNR (dB) values assuming
that the length of OFDM blocks used is / 000 with exponential and uniform channel PDP are
shown in fig. 4.11 and fig. 4.12 respectively.’
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“Set all the parameters as given in

5 the specifications
g 4
' NumSim = 0
w4
Generate the channe! impulse response vector of leagth L+
givenby k = [ho... ht]7. Rach coefficient is a zero-mean - .

Gaussian distributed random variable with variances as per
the channel's power delay profile given in the specification

v

Generate a sequence of source bits, group the bits and map the bits
using a mapping table designed as per the required modulation
scheme given in specifications. Combine 64 such modulated
symbols at a time to form a frequency-domain OFDM frame dfi)

v

‘Take N-point IFFT of d(n) and
insert CP (by prefixing a copy of last L symbols to the original frame)
to obtain the time-domain OFDM frame to be transmitted

v

Pass the time-domain OFDM frame through a FIR filter whose
impulse response vector is given by k. Add AWGN at desired SNR
to the filter output to obtain the time-domain recerved OFDM frame

-

Receive the time-domain OFDM frame r:p(11). By combining two
such consecutive frames according to egn. 2.23, form #(n)

4

Collect M such frames: ¥ () and calculate the
estimate of channel output auto-covariance matyix as:

= —Z F)F()H
No

Is Nmnsm%

Obtain the estimate of noise subspace bases g; for 0sisly
according to egn. 2.27 by applying SVD on Rz

Arrange the noise subspace bases to form a matrix G
according to egn. 2.29 Yes
ro] in matrix @ from eqre. 2.3 LCa.lculate average MSE for given parameterq
Obtain the channel estimate as the Eigen-vector associated with the ¢ N
smallest Eigen-value of Q' up to a complex scalar ambiguity. Simulated for all the parameters (SNR's or ©
number of recerved blocks to be collected)
Resolve the ambiguity by utilizing pilot carriers Yes
Stop

Calculate the mean square error between the
true channel and the estimated chatnel

v

NumSim = NumSim + |

Figure 4.8: Blind channel estimation using generalized subspace-based technique for SISO-
OFDM systems
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Figure 4.10: MSE versus length of OFDM blocks used at SNR = 30 dB for uniform channel

PDP
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Following observations can be made from fig. 4.9 and fig. 4.10:

¢ The performance is independent of the modulation/ mapping scheme used for both the
estimation techniques irrespectivé of channel PDP.

* As stated by p. o. e. assumption, since J = 2 and N = 64, the minimum length of OFDM
frames required for proper formation of subspaces and hence the reliable channel estimates
is 128. From the fig. 4.9 and fig. 4.10, significant difference in performance of subspace
algorithm can be observed around this point (N = 128),

+ Unlike subspace-based method, the precoding-based technique provides a good estimate
of the channel even when the length of OFDM frames is small. From fig. 4.9 and fig. 4.10,
it can be seen that MSE value of order of 07 is achieved even when the length of OFDM
blocks is as low as 25. '

% The performance of both the techniques improves as the length of the OFDM blocks used
is increased. The performance improvement is exponential (gradual) for precoding-based
method and is step-like for subspace method. The step-like characteristics is due to p. 0. e.
assumption (restriction). On the right side of the threshold, the performance shows an
exponential behaviour.

< The performance of precoding-based technique is worse than that for subspace-based
method when the length of OFDM blocks used exceeds the minimum threshold put forth
by p. o. e. assumption. When the length of OFDM blocks is 1000, the difference in the
MSE performances of the two approaches is around /4 dB for exponential channel PDP
case and 20 dB for uniform channel PDP case.

% The asymptotic performance of precoding-based method is similar irrespective of channel
PDP under consideration. When the length of OFDM blocks is 5000, the MSE value for
exponential PDP case is 6.4/ x 10° and for uniform PDP case, is 7.467 x 10° (a
difference of I dB). In contrast to the former, the subspace method shows an improvement
of around 7 dB when uniform PDP is considered, compared to exponential PDP.

< Comparing fig. 3.4 and fig. 4.9, it can be seen that the generalized precoding-based method
is at least /0 times better than simple-preooding. based method at lower lengths of OFDM
blocks and is almost 20 times better asymptotically. This is because, unlike simple-
precoding, the generalized-precoding induces correlation among all the subcarriers and all
the columns of output auto-covariance matrix are utilized for channel estimation. This
makes the latter more robust to AWGN and distortion due to non-availability of infinite

blocks for time-averaging and hence leads to better channel estimate.
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Figure 4.11: MSE versus SNR (dB) with length of OFDM blocks equal to 1000 for

exponential channel PDP
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Figure 4.12: MSE versus SNR (dB) with length of OFDM blocks equal to 1000 for uniform
channel PDP
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Following observations can be made from fig. 4.1] and fig. 4.12:

% The performance is independent of the modulation/ mapping scheme used for both the

estimation techniques irrespective of channel PDP.

< Analogous to single-carrier case (fig. 2.5), the performance of subspace-based method is

7
”»*

almost linear with varying SNR (dB) values. Similarly, precoding-based technique shows
“an exponential improvement in the performance with increasing SNR values.

The asymptotic performance of precoding-based technique is similar irrespective of
channel PDP under consideration. At 35 dB SNR, the MSE is 3.89 x10”for exponential
PDP and MSE is 4.2 x 10°° for uniform PDP case. For subspace method, the asymptotic
performance when exponential PDP is used is slightly better (by 4 dB) than when uniform
PDP is used.

% Over the range the SNR values from 0 dB to 35 dB, the performance improvement for the

case of precoding-based method is 7 dB irrespective of channel PDP under consideration.

In contrast to this, the subspace-based method shows an improvement of around 60 dB.

* For lower SNR values, the precoding-based technique performs better than the subspace-

O
3

(2

¢ The ‘cross-over’ in the performance occurs at around /7 dB for exponential channel PDP

based method. At 0 dB, precoding technique achieves an MSE of 0.000203 (fig. 4.11) and
0.000257 (fig. 4.12) on an average whereas the subspace method achieves an MSE of
0.1053 (fig 4.11) and 0.115 (fig 4.12) on an average. At higher SNR values, the precoding
method performance is comparably worse than that for the subspace technique. At 35 dB,
precoding technique achieves MSE of 3.89 x10° (fig 4.11) and MSE of 4.2 x 107 (fig.
4.12); whereas subspace approach achieves MSE of 2.36 ><1.0'7 (fig. 4.11) and MSE of
1.004x107 (fig. 4.12).

«¢ The saturation observed in the performance of precdding-based technique is due to the fact

that the channel estimates in this case are more sensitive to distortion due to non-
availability of infinite OFDM blocks for time-averaging (as mentioned earlier) than

distortion due to SNR.

«* In the case of precoding-based technique, at lower SNR (say 0 dB), the MSE performance

is of the order of 107, which is at least 700 times better than that observed for subspace
method. This is because, since the length of OFDM blocks used is 1000 and joint-
correlation-averaging (all the columns of auto-covariance matrix) is used for channel

estimation, the effect of AWGN is nullified.

case and at around 72 dB for uniform channel PDP case.

71



4.2. COMPARISON OF SUBSPACE- AND PRECODING-BASED
METHODS IN MIMO-OFDM SYSTEMS

This sub-section presents a comparison of subspace-based and precoding-based blind
channel estimation techniques with 16-QAM mapping in terms of MSE performance over
varying length of OFDM blocks and over varying SNR (dB) values in MIMO-OFDM system
for two different channel PDPs as given in the specifications. The procedure given in the
flowchart shown in fig. 4.13 is used to obtain the channel estimate using subspace-based
technique. As mentioned earlier, it is assumed that J = 2 for subspace technique. The linear

non-redundant block-time-variant precoding matrix is given by: W;; = P;; where,

N
1.2 Tn=q=1."';'z‘
[Pi}]mq:_— 0-8 m=q=%+1:"';N for"=j (4‘2a)
g otherwise
0.8 m=q=1,5
[Pyl =412 m=q=5+L-N fori#j (4.2b)
§ otherwise

is used along with the procedure given in flowchart of fig. 4.14 to obtain the channel estimate
using precoding-based technique. The range of values the variable indices, i and j in egn. 4.2

can assume depends upon the number of transmitting antenna:

Case 1: M, =2
i=j={1,2}

Case2: M, = 4
i=j={123 4}

The comparison of MSE performance for the two methods over varying length of OFDM
frames at 30 dB SNR for two different channel PDPs in 2x2, 2x4, 4x4 and 2xI (with
oversampling rate: g = 2)'MIMO-OFDM systems are shown in fig. 4.15 — fig. 4.18
respectively. Similar comparison of MSE performance over varying SNR (dB) values
assuming that the length of OFDM blocks is /000 are shown in fig. 4.19 — fig. 4.22

respectively. |
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Set all the parameters as given in
the specifications

v

NumSim = 0
v4

Generate the channel impulse response vector of length L+ ] between /% transmit
antenna and #* receiving antenna ky = [hyo, ..., hy 1] for all the pairs of transmit and
receiving antennas . Each coefficient is a zero-mean Gaussian distributed random
variable with variances as per the channel's PDP given in the specifications. Using, eqn.

2.36 and 2.38, construct the time-domain channel matrix H.

v

Generate a sequence of source bits to be transmitted by /% transmit antenna, group
the bits and map the bits using a mapping table designed as per the required
modulation scheme given in specifications. Combine 64 such modulated symbols at a
time to form a frequency-domain OFDM frame to be transmitted by j™ transmit
antenna: dj(n). Repeat the above steps for all ] <j < M. Using egn. 2.32, construct
a composite frequency-domain signal vector d(i)

Construct a composite (IFFT + CP) matrix W using egn. 2.33 and using egn. 2.35,
obtain the composite time-domain OFDM frame s(71} to be transmitted.

Using egn. 2.39, obtain the composite time-domain received OFDM
frame rfry) as defined in eqn. 2.37

v_ No

Collect M such frames: r(n) and calculate the '
estimate of channel output auto-covariance matrix as: Is NumSim = 1007

Ry = ‘%Z rmr¥ ' r’

Yes

Obtain the estimate of noise subspace bases Ux
according to egn. 2.4] by applying SVD on R,

LC‘a]culate average MSE for given parametersJ

v

Simulated for all the parameters (SNR's or No
mmber of received blocks to be collected)

Igmge the noise subspace bases to form a matrix Ve as per egn. 2.4 7J

[ Obtain matrix w from egn. 2.46 ]

Yes
Obtain the chanael matrix estimate with Af; Eigen-vectors
associated with Af; least Eigen-values of g as its M columns Stop
arranged in non-increasing order up to a matrix ambiguity

liesolve the ambiguity by utilizing pilot carriers

v

Caleulate the mean square error between the
true channel and the estimated channel

v

NumSim = NumSim + 1

Figure 4.13: Blind channel estimation using subspace-based technique for MIMO-OFDM

systems
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Set all the parameters as given in

the specifications
NumSim =0

vd

Generate the channel impulse response vector of length L+ / between 7t transmit
antenna and i receiving antenna kg = [hyj o, ..., hy1]7 for all the pairs of transmit and
recefving antennas . Each coeflicient is a zero-mean Gaussian distributed random

variable with variances as per the channel's PDP given in the specifications. Using, egn.

3.27 construct the frequency-domain channel matrix Hy

Generate a sequence of source bits to be transmitted by /" transmit antenna, group
the bits and map the bits using a mapping table designed as per the required
modulation scheme given in specifications. Combine 64 such modulated symbols at a
time to form a frequency-domain OFDM frame to be transmitted by 7 transmit
anteana: dj(17). Repeat the above steps for all 7 <7 < M;. Construct a composite
frequency-domain transmit vector: di) = [ditn)T ... dun)T]T

Using egn. 2.20 and the block time-variant precoding matrices as given in the
specifications, obtain the composite received frequency-domain vector y¢ndd + 1)

v

Collect M received frames and calculate the estimates of
Ad; channel output auto-covariance matrices as:

M
M, [FJ_:l
ﬁyy,r = _ch Z ynM, + Dy(nM, + )7 for 1=1 M,

n=0
Using egn. 3.39, 3.38 and 3.35, construct a
matrix Q for allj = J ... M; }

v

Obtain the estimate of channel response vector from /™
transmitter to all M; receivers () as the Eigen-vector of @,
associated with its largest Eigen-value up to a constant

No

m

Is Num$

v

Resolve the ambiguity by utilizing pilot cameE]

Calculate the mean square error between the

Simulated for all the parameters (SNR's or
mmber of received blocks to be collected)

complex scalar ambiguity for all / <j < M; [Caicu!ate average MSE for given parameters'

No

true channel and the estimated channel

v

NumSim = NumSim + 1

Yes

Stop

Figure 4.14: Blind chanriel estimation using block-time-variant precoding-based technique

Jor MIMO-OFDM systems
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Figure 4.16: MSE versus length of OFDM blocks at 30 dB SNR for 2 x4 MIMO-OFDM

system for 16-QAM
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Figure 4.18: MSE versus length of OFDM blocks at 30 dB SNR for 2x1 MIMO-OFDM
system for 16-QAM with arn oversampling rate (q) of 2 '
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Following observations can be made from fig. 4.15 - fig. 4.18:

J
*»

00
L4

7/
v

The performance is independent of the channel PDP under consideration for all the
combinations of M, and M, shown.

As stated earlier using p. 0. e. assumption, since J = 2 and N = 64, the minimum
length of OFDM frames required for proper formation of subspaces and hence the
reliable channel estimates is /28M,. For M, = 2 (i.e., 2x2, 2x4 and 2x! MIMO), the
threshold is hence 256 and for M, = 4 (4 x4 MIMO), the threshold is 5/2. From the
fig. 4.15 - fig. 4.18, significant difference in performance of subspace algorithm can
be observed around this point (M = 256 for M, = 2 and M = 512 for M, = 4).

Unlike subspace-based method, the precoding-based technique is not restricted by p.
o. €. assumption. The algorithm provides a good estimate of the channel even when
the length of OFDM frames is small. From fig. 4.15 and fig. 4.16, it can be seen that
irrespective of channel PDP, MSE value of around 3.5x] 02 is achieved in 2x2
MIMO and 2 x4 MIMO systems on an average even when the length of OFDM blocks
is as low as 25. Further, from fig. 4.17, MSE value of 7x/ 0? (degradation in
performance by a factor of 2 compared to MIMO systems with M, = 2) is achieved
when the length of OFDM blocks is 25.

Analogous to SISO-OFDM case, the performance of both the techniques improves as
the length of the OFDM blocks used is increased. As mentioned earlier, the
performance improvement is exponential (gradual) for precoding-based method and is
step-like for subspace method. On the right side of the threshold, the performance
shows an exponential behaviour.

The performance of precoding-based technique is worse than that for subspace-based
method when the length of OFDM blocks used exceeds the minimum threshold of p.
0. e. assumption. When the length of OFDM blocks is 7000 (a value above the
threshold), the difference in the MSE performances of the two approaches is around
15 dB on an average for 2x2 MIMO case (fig. 4.15), 10 dB for 2x4 MIMO case (fig.
4.16) and 8.3 dB for 4x4 MIMO case (fig. 4.17).

Comparing the performance curves of fig. 4.15 - fig. 4.17, it can be seen that the
precoding-based technique does not show significant change in its performance over
the complete range of OFDM block-length. The performance of precoding-based
method degrades by just / dB when M, is increased from 2 to 4 on an average. But,

increase in M, does not alter the performance of precoding based method. In contrast
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to this, when the length of OFDM blocks is lower than the threshold, the performance
of subspace-based approach is almost constant for 2x2 MIMO case and is linear with
a negative slope (converging faster) for 2x4 MIMO case. Towards the right of the
threshold point, the subspace approach shows an improvement of around 7 dB in
average asymptotic MSE performance (i.e., when length of blocks is 5000) when M,
is increased from 2 to 4 keeping M, = 2 (between 2x2 and 2 x4 MIMO systems) and
by around 8 dB when M, is increased from 2 to 4 keeping M, constant at 4 (between
2 x4 and 4 x4 MIMO systems).

In continuation with the previous point, the convergence properties are not altered
when M, and M, are varied for precoding-based method. In contrast to this, the
convergence property of subspace method is significantly altered with varying A, and
M,. As M, is increased, slower convergence rate can be observed, but asymptotically,
similar performance level is achieved (/ dB difference in MSE performance as seen in
the last point). As M, is increased, owing to p. o. e. assumption, the threshold is
increased and hence the convergence is affected.

From fig. 4.15 and fig. 4.16, the asymptotic performance of subspace approach is
better than that of precoding-based method by around 18 dB for both 2x2 and 2x4
MIMO case. From fig. 4.17 (4 x4 MIMO), performance difference is 72 dB.
Comparing with SISO-OFDM systems (fig. 4.9 and fig. 4.10), the precoding-based
method performance has degraded by 5 dB for M, = 2 (2 x2 or 2x4 MIMO) and by 7
dB for M, = 4 (4x4 MIMO). Whereas for subspace method, the asymptotic
performance degradation of around I dB for 2x2 and 2x4 MIMO-OFDM case and
degradatién of around 9 dB when M, = M, = 4 can be observed compared to SISO-
OFDM systems. The convergence, as mentioned earlier, becomes slower when

compared to SISO-OFDM system owing to p. 0. €. assumption.
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Following observations can be made from fig. 4.19 - fig. 4.22: -
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The performance is independent of the channel PDP under consideration.

Analogous to SISO-OFDM case (fig. 4.1/ and fig. 4. 12), precoding-based technique
shows an exponential improvement in the performance with increasing SNR values. For
2x2 and 2 x4 MIMO systems, the performance is similar to that in SISO-OFDM case. For
4 x4 MIMO, the MSE performance degrades by around 4 dB over the complete range of
SNR values on an average compared to SISO-OFDM and MIMO-OFDM with M, = 2.
Unlike SISO-OFDM case, the subspace method performance for 2x2 MIMO-OFDM
system resembles a reflected tan-sigmoid function {A function of the form f(x) = ¢ +
tanh(-x), where c is a constant} with ¢ = 5x107. Similar to SISO case, MSE value of
around /0" can be observed when M, = 2. As SNR value is increased the performance
improvement is comparably slower than that in SISO-OFDM case. As a result, at 35 dB,
the MSE value is 5 dB higher as compared to SISO case. For 2 x4 MIMO-OFDM system,
the performance curve is almost constant at lower SNR values (0-5 dB) and thereafter
shows linear characteristics. The MSE value of 10 is achieved at 35 dB SNR. Similarly,
for 4 x4 MIMO, the convergence is much slower. The MSE curve remains almost constant
for SNR values ranging from 0-10 dB and thereafter linear characteristics can be seen. At
35 dB SNR, the MSE value is 4x707.

Over the range the SNR values, between 0 dB and 35 dB, the performance improvement
for the case of precoding-based method is 6 dB, 3 dB and 5 dB for 2x2, 2x4 and x4
MIMO-OFFDM systems respectively. In contrast to this, the subspace-based method
shows an improvement of around 52 dB for 2x2 and 2x4 MIMO systems and an
improvement of 45 dB for 4 x4 MIMO system.

For lower SNR values, the precoding-based technique performs better than the subspace-
based method. At 0 dB, precoding technique achieves an MSE of 0.0004 (fig. 4.19 and fig.
4.20) and 0.000847 (fig. 4.21) on an average whereas the subspace method achieves an
MSE of around 0. on an average. At higher SNR values, the precoding method
performance is comparably worse than that for the subspace technique. At 35 dB, on an
average, precoding technique‘shows an MSE of 7.19 x107° (fig 4.19), 1.0 x 1 0',4 (fig. 4.20)
and 1.54x10" (fig. 4.21) whereas subspace approach achieves much better MSE of
5.87x107,9.492x107 and 4.672x10° respectively. -

As mentioned in SISO-OFDM case, the saturation observed in the performance of

precoding-based technique is due to higher sensitivity of the estimate to time-averaging
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distortion than distortion due to AWGN. Since the length of OFDM blocks used is 1000
and joint-correlation-averaging (all the columns of auto-covariance matrix) is used for
chan_nel estimation, the effect of AWGN is nullified.

s The ‘cross-over’ in the performance occurs at around 20 dB for 2 x2 MIMO-, at 22 dB for
2 x4 MIMO- and at 25 dB for 4 x4 MIMO-OFDM system.

Note: As mentioned earlier, since N > I, the precoding-based correlation-averaging
algorithm is applicable for any number of transmit and receiving antenna. In contrast to this,
for MIMO-OFDM systems with M, > M,, the full-rank criterion of the matrix (A) of egn.
2.39 is not satisfied for subspace-based method to be applicabie. Hence, the redundancy
introduced due to oversampling at the receiver is utilized along with that of CP for channel
estimation (Chapter 2). For present discussion, the performance of a 2x/ MIMO-OFDM

system with an oversampling factor (g) of 2 is considered.

Due to oversampling, the effective number of receiving antenna turns out to be 2, which
is equal to the number of transmitting antenna. Thus, there are four pairs of paths for signal
propagation. Even though the physical mechanism employed is different, this leads to
channel model structure similar to that of 2x2 MIMO-OFDM system. Since, for simulation
purpose, the input is assumed to be stochastic, the statistical performance of the modified
algorithm is similar as that for 2x2 MIMO-OFDM case as it can be observed by comparing
fig. 4.15 with fig. 4.18 and fig. 4.19 with fig. 4.22. Thus the discussion and conclusions made
for 2x2 MIMO-OFDM systems is valid for 2 x7 MIMO-OFDM system with an oversampling

factor of 2 at the receiver.
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Chapter §

COMPLETELY BLIND CHANNEL ESTIMATION
TECHNIQUES FOR OFDM

As mentioned in the previous chapters, the channel estimate obtained by utilizing only
SOS of the channel output suffers from an ambiguity. This ambiguity is inherent to the
problem. As far as SISO-OFDM systems are concerned, the channel estimate obtained by
using subspace-based method (Chapter 2) suffers from a complex scalar ambiguity. The
amplitude ambiguity can be resolved by precoding at the transmitter as mentioned in Chapter
3. Thus, the channel estimate obtained by precoding-based techniques suffers only from a
constant phase ambiguity. The phase ambiguity can be resolved either by using pilots
(Chapter 4) or by utilizing the information regarding the characteristics of the source in blind
manner [37, 62-64]. The former approach of using pilot carriers has been widely researched
on owing to its practical simplicity. But by using pilots, the charm of blind approaches is-lost.
A brief survey of different blind schemes to resolve the phase ambiguity for SISO—OFDM
systems is presented in this chapter, followed by design and performance analysis of a
completely blind channel estimation technique using constellétion-splitting technique for
PAM systems [65]. A generalization of the same for applicability over different modulation
schemes by using hybrid time-frequency algorithm is also presented along with  the

performance analysis. .
fats

5.1. ON BLIND TECHNIQUES TO RESOLVE PHASE AMBIGUITY

A brief survey of blind techniques to resolve the phase ambiguity in SISO-OFDM
systems is presented. Tl;e thumb rule is that, more the information about the source known at
the receiver, better the estimation accuracy is. As per the author’s knowledge, not much work
has been done as far as completely/ totally blind approaches are concerned. A very few
handful of references are available in the literature. As far as SISO-OFDM systems are
concerned, some characteristics like channel coding [37], finite alphabet property of the
source [62], utilizing asymmetric constellation [63], mixed-order modulation [64] and source
. statistics information are employed. In some methods, it is assumed that the source symbols
are taken from a finite alphabet set [62]. For example, consider a system in which Mary-PSK

modulation is used. This scheme has constant modules property, with the symbol phase
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chosen from a finite known set. These source properties can be used to resolve the phase
ambiguity. Some of known algorithms [62] are minimum-distance (MD), phase-directed (PD)
and decision-directed (DD) approaches. MD aims to minimize the Euclidian distance
measure and involves searching over all possible values of channel vectors; PD is an iterative
process in which ambiguity is resolved by searching over phase values and DD consists of
equalizing K™ subcarrier and projecting it on to a valid symbol from the set. This equalized
symbol is then used to estimate the channel co-efficient. Since M-PSK modulation which has
constant modulus property is used, this method is not applicable for any other mapping
schemes like M-PAM and M-QAM. Some approaches wherein, in the source constellation,
one or more symbol point is skewed so as to get an asymmetrical arrangement [63] have been
proposed. The phase relationship information due to this variation is utilized for phase

correction.

~

In [63], a posteriori probability (APP) estimator is used for first stage estimation. Further,
this algorithm is applicable to any modulation schemes. The disadvantage is that, since
asymmetry is induced in the source constellation, the dc level in an OFDM data frame is non-
zero in statistical sense. This may cause significant dc power dissipation and hence not
feasible for power-limited systems like handheld and mobile transceiver devices. As far as
PSK is concerned, mixed-order modulation among alternate subcarriers can be employed as
proposed by Necker [64]. This type of mapping induces a unfque phase relationship among

alternate subcarriers that can be employed in phase-correction.

For instance, a 3-PSK and 4-PSK can be combined and assigned among alternate
subcarriers in a given OFDM frame. Since, the symbol phases are non-overlapping, phase
correction is possible. But, Mary-PSK mapping with M # 2" (n € Z") means non-binary
coding. For exampie, 3-PSK can be generated by mapping a ternary symbol set S = {0, 1, 2}
on to three phase vélues. This means quantizer design has to be altered which leads to
encoding/ decoding design issues. Further, the approach proposed in [64] is applicable for
PSK mapping which has constant modulus property. Further, this approach uses ML-type
estimator to obtain first approximation of the channel. ML estimator demands high

implementation complexity and hence is not practically feasible.
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5.2. SYSTEM MODEL

Consider the block diagram of the proposed baseband equivalent model of completely
blind channel-estimator for SISO-OFDM systems shown in fig. 5.1.

| B | Phase Ambiguity
Estimator

“v'
P A | ¥
» ——t Phase cotrector Hy,
() E x(n) ytn)
c ' Channel Estimation
’ g ———’ OFDM I'lq‘l:l’anscel\ er —’ up to a constant ¢/¢ F’
E
R

Figure 5.1: Baseband equivalent model of blind phase-correct channel-estimator for SISO-
OFDM systems

As mentioned earlier, the precoder block multiplies thé incoming frequency-domain
OFDM frame: d(n) = [d(n, 0), ..., d(n, N-1)]" by a precoding matrix W of dimension NxN to
yield x(n). The function of OFDM transceiver block (see fig. 3.2) can be mathematically
described by egn. 3.3 and egn. 3.4. Combining the function of precoder and the OFDM
transceiver, the frequency-domain channel model can hence be mathematically described as
given by egn. 3.6. The channel estimator block estimates the channel up to a constant phase-
ambiguity factor using any of the standard methods of Chapter 2 and/ or Chapter 3. The
phase-ambiguity-estimator estimates the ambiguity using the side information provided by
the source mapping techniques and thus the output of phase-corrector block is a phase-corréct

B

channel estimate in frequency-domain. e

53. PHASE-AMBIGUITY CORRECTION FOR PAM SYSTEMS

The problems of dc-level, synchronization, non-uniform' quantization/ coding and non-
applicability to non-constant modulus mapping have been overcome by an algorithm
proposed by Sameera Bharadwaja H. and D. K. Mehra [65] for SISO-OFDM systems with
Mary-PAM mapping. The channel is estimated in frequency-domain up to a constant phase
ambiguity factor by precoding-based technique (Chapter 3). The channel estimate obtained is
thus of thg form (Chapter 3):

H = Hel? .1

where, H is the true frequency-domain channel vector and ¢ is the unknown phase ambiguity

factor.
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5.3.1. CONSTELLATION-SPLITTING

This technique provides the required side-information to the phase-ambiguity-estimator-
corrector unit for blind phase-correct channel estimation [65]. Consider an OFDM frame
d(m), with each of the alternate subcarrier symbol chosen from an (M/2)-ary PAM
constellation instead of M-ary constellation. For even numbered subcarriers, the constellation
points are shifted to right by (M/2) s.uch that the symbols have zero phases and for odd
numbered subcarriers, they are shifted to left by (A/2) such that they have a phase of 180°
each. This is analogous to splitting the M-ary constellation along the axis of symmetry into
two subsets; assigning the right subset ‘to even numbered subcarriers and the left subset to
odd numbered subcarriers. This is known as ‘Constellation-splitting’ [65]. The concept is

illustrated in fig. 5.2 for 8-PAM system.

Subcarrier number: k-2 k-1 k k+1 k+2
+7 +7 +7 +7 ®+7
‘§ +5 +5 +5 +5 +5
- +3 +3 +3 +3 +3
g = +1 +1 +i +31 b +1
oS g
28
25 a N a 4 J
= -3 -3 -3 -3 -3
%‘ -5 -5 -5 -5 > -5
e -7 -7 -7 -7 L 7

-

Figure 5.2: lllustration of constellation subset assignment scheme among alternate

subcarriers in an OFDM frame for 8-PAM mapping

Single OFDM frame thus consists of symbols chosen from M-ary constellation and have
zero dc in statistical sense. Also, a unique phase relationship is introduced among the
alternate subcarriers. This information can be used at the receiver for phase-ambiguity

estimation and correction.

5.3.2. PHASE-AMBIGUITY ESTIMATION AND CORRECTION ALGORITHM

Assuming that each subcarrier symbol of the frequency-domain OFDM frame d(n) is

constructed as per the rules of constellation-splitting technique, we can write:

d(n) = [|d(n, 0)[e/® |d(n,1){e/™ - |d(n, N —1)|e/™]" (5.2)
where,

. . K
d(n, k) € [Rtght signal subset, even

<k<N-
Left signal subset, k odd for0<k<N-1
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The precoder matrix W is chosen such that the phase relationship among the subcarriers is

retained. Thus,

s(n) = Wd(n) = [|s(n,0)]e/® - |s(n,N — 1)|e/6+m]T (5.3)

Assuming sufficient CP and noiseless situation, from eqn. 3.6, the received signal vector

can be written as:

Is(n, 0)])HoJe/(®+00)

y(mn) = ; (5.4)
(s N — 1)||1Hy_q e/ +m+0n-1)
where, H is the frequency-domain chénnel vector (egn. 3.2).
H=[|Hole/% - |Hy_|e/On-1]7
The first-order estimate of H given by eqn. 5.1 can be expanded as,
H={g,]e/@:+e) - |ﬁN_1|ef(9(N-1)+¢)]T (5.5)

'where, {Hi| is the estimate of |Hy|; @y is the estimate of 6, and @ is the phase ambiguity.
From egn. 5.4 and eqn. 5.5, it is clear that the phase ambiguity per subcarrier can be obtained
as (with 8 = 0),

@r = Angle{H} — Angle{y(k)}+ B fork=0->N -1 (5.6)

where, B = [0, 180°, o ..., 1800]T is the bias vector. The bias vector represents the pos:silible
phase values the source symbols can take for a given subcarrier. For present discus;ion,
owing to constellation splitting, the source values are fixed at 0’ for even subcarriers ar;d at
180° for odd subcarriers. For noisy-channel, the value of @, is averaged over sufficient
number of OFDM frames and over the subcarriers to combat the ill-effects of AWGN. The
final estimate of ambiguity term: @ is given by,

¢ = Mean{E[Py]} .7
Using the result of egn. 5.7 in egn. 5.5, the phase error in H can be corrected to obtain the

phase-correct channel estimate, Hy, as:

Angle{H,c(K)} = Angle{H ()} - @ for k=0-N—-1 (5.8)

Since no pilots/ reference symbols are used, this method is completely blind. The

disadvantage is that, since (M/2)-ary constellation points are allotted per subcarrier instead of
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M-ary constellation points, the communication link suffers from a rate loss of one
bit/subcarrier-symbol. This can be made insignificant for all practical purposes if the

constellation size chosen is sufficiently large.

5.3.3. PERFORMANCE ANAYLSIS OF COMPLETELY BLIND ESTIMATOR FOR
PAM

A. Simulation Parameters

v

Complex discrete baseband equivalent FIR channel is assumed to be of length (L) = 2.

A\

Each channel coefficient is a zero-mean Gaussian random variable with variances given
according to either of the two channel PDP (Chapter 4).

Number of sub-carriers/ OFDM frame (N) = 64

Number of OFDM frames collected for estimation purpose = 1000

SNR (unless otherwise mentioned) = 30 dB.

YV V V V

The ‘phase-retaining’ precoder matrix W used is given by:

1 =p p - -p

—p p -p - 1 NXN
where, 0 < p < I. The results are shown for p =0J.

» The results are averaged over 500 Monte-Carlo simulation runs.

The frequency-domain OFDM frame d(n) of size Nx! is constructed according to the
rules of constellation-spitting technique for a given value of M (Mary-PAM). The channel
estimate up to a constant phase ambiguity is obtained using the procedure illustrated by the
flowchart of fig. 4.1. The phase ambiguity is estimated and corrected by utilizing the side-
information provided by source mapping using eqn. 5.6 — egn. 5.8. For present discussion, the
simulation results are shown for 4- and 8-PAM. The timing and fréquency synchronization

are assumed.
B. Simulation results and conclusion

The MSE performance of the completely blind technique versus the length of OFDM
blocks used at 30 dB SNR with exponential and uniform channel PDP is shown in fig. 5.3.
Similarly, the MSE performance of the same versus SNR (dB) values assuming that the
length of OFDM blocks used is 1000 for both the channel PDP is shown in fig. 5.4.
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Figure 5.3: MSE versus length of OFDM blocks at 30 dB SNR of completely blind estimator

for SISO-OFDM system for PAM mapping
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Figure 5.4: MSE versus SNR (dB) with length of OFDM blocks equal to 1000 of completely
blind estimator for SISO-OFDM system for PAM mapping
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The following observations can be made from fig. 5.3 and fig. 5.4:

» The performance is independent of the modulation scheme and the channel PDP used.

» From fig. 5.3, it can be observed that the MSE performance improves exponentially as the
length of OFDM blocks is increased. The value of MSE is around 2x 70~ when the length
of OFDM blocks is 25 and around 1.8x10* when the length is 5000 blocks (an
improvement of around 20 dB).

» From fig. 5.4, it can be observed that the MSE perforfnance decreases from 0.94 at 0 dB
to around 8.8x/0°* at 20 dB in nearly linear manner. When the SNR is increased beyond
20 dB, no further improvement in performance can be observed.

» Compared to its semi-blind counterpart, the performance of the completely blind
estimator is worst by at least /0 dB. For example, comparing fig. 4.9 and fig. 4.10 with
fig. 5.3, the performance of completely blind estimator is worst by around 77 dB when the
length of OFDM blocks is 25 and around /4 dB when the length of the OFDM blocks is
5000. Similarly, comparing, fig. 4.11 and fig. 4.12 with fig. 5.4, the performance is worst
by 38'dB at 0 dB SNR and by around 74 dB at 50 dB SNR. '

5.4. GENERALIZED PHASE-AMBIGUITY CORRECTION ALGORITHM

A generalization of constellation-splitting based method applicable for Mary-PAM,
Mary-QAM and Mary-PSK mapping schemes is described followed by a generalized phase-

estimator-corrector algorithm based on time-frequency hybrid estimation technique.
5.4.1. GENERALIZED CONSTELLATION-SPLITTING TECHNIQUE

The constellation splitting scheme for Mary-QAM is described. This can be used without
much alteration for Mary-PAM (one-dimensional version of QAM) and also for Mary-PSK

(degenerative case of QAM). The constellation-splitting can be done in any of the three ways:

a) The constellation is split into two halves, along x-axis (horizontal/ in-phase axis).
b) The constellation is split into two halves, along y-axis (vertical/ quadrature-phase axis).

¢) The constellation is split into four halves, along both x-axis and y-axis.
Note: Types a) and ¢) are not applicable for Mary-PAM mapping,.

We consider 16-QAM and illustrate the third case. The other two are straightforward
simplified versions of this scenario. The concept of constellation-splitting and signal point

assignment to subcarriers of OFDM frame for 16-QAM mapping is shown in fig. 5.5. Each
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group of four subcarriers has any of the 3 unique phase points associated with them. It is
reasonable to assume that the blind algorithm at the receiver has the knowledge of these

phase values.

Assignment table Constellation diagram: 16~QAM
Quadrant number Assigned to subcarriers o o] ot el
k— 0-N-1if Q2 Q
1 kmod 4 =0 o T e e
2 (k-1) mod 4 =0 o o] ot o
3 (k-2) mod 4 = 0 Q3 Q4
3 (-3)mod 4 =0 A 2 IO i

Figure 5.5: Illustration of constellation-splitting concept (Type c) for 16-QAM mapping

S.4.2. PHASE-AMBIGUITY ESTIMATION AND CORRECTION ALGORITHM

We propose a generalized phase-estimator-corrector algorithm is this section. The: »"
OFDM frame to be transmitted: d(n) is constructed according to the rules of generalized
constellation-splitting technique described above. The QAM signal points even though are
from a finite alphabet set for a given quadrant, can be random within that quadrant (For
example, four possible values of signal points exists per quadrant for 16-QAM). Hence,
designing the precoder with phase-retaining property is not feasible. Thus, the phase
estimates obtained via precoding-based technique (Chapter 3) cannot be used as an input for

phase-ambiguity-estimator block.

Assuming that the channel response remains more or less static for 7, time units
(spanning over M OFDM frames), during the first 77 (T} < Tp) units of time (spanning over
M; OFDM frames) the transmitted OFDM frames are not precoded. During this time, the
precoding matrix H is assumed to be an identity matrix of size NxN. The first approximation
of the channel phase in time-domain is obtained at the receiver during this time by subspace
method in time-domain using the redundancy induced by CP at the transmitter (Chapter 2).
By taking N-point DFT of this estimate, the frequency-domain phase estimate of the channel
which is used as an input for phase-correction algorithm can be obtained. The time duration
T, is chosen such that subspace decomposition is feasible (see p. o. e. assumption, Chapter

2). The channel amplitude estimates obtained using the subspace method is useless since they
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suffer from an ambiguity. During last 75-7; units, the OFDM frames are precoded using the
precoding matrix given by egn. 4.1 with p = 0.5. The precoding-based algorithm (Chapter 3)
is used to obtain channel’s magnitude estimate in frequency-domain by tracing over different
starting points (¢) in egn. 3.13 to eqn. 3.15. The amplitude and phase estimates thus obtained
are combined to obtain the channel estimate which is of the form given by egn. 5.5. Thus, a

hybrid time-frequency algorithm is used to obtain the first estimate of the channel.

The phase-ambiguity estimate cannot be obtained directly by using egn. 5.6 since the
source-phase values are random from a given known set and hence the bias vector B is not
fixed, unlike for the Mary-PAM case. Finding the bias vector involves a search over different
phase values from the given valid-phase-value set. It can be concluded that, since the
ambiguity term is theoretically same for all the subcarriers (zero variance), for a given test
vector, the ambiguity-estimate vector: @ = [@o - @n-1]7 has the least variance over the |
subcarriers if the phase values of test vector are same as that of the original source vector.
This criterion is used as the search parameter. Further, since the ambiguity term is a constant
over all the subcarriers; a subset of OFDM frame can be used for testing purpose. This
reduces the number of test. vector combinations that must be traced. For the present
discussion, it is assumed that the test vector combinations are traced over first 4 subcarriers
(Nire = 4). For 16-QAM, the set of first-quadrant-phase-values is given by: ¢; = [18.4349% 45°
71.5651°]. Since the constellation is symmetric, the phase-value set for II, III and IV quadrant

can be thus written as: ¢, = ¢; + /2, ¢ = @; + 7w and @y = @; + 37/2 respectively.

As mentioned earlier, for noisy-channel, the value of @, should be averaged over
sufficient number of OFDM frames and over the subcarriers to combat the ill-effects of
AWGN. For present discussion, the average is done over M; OFDM frames. Assuming that
all the angles are in radians, the pseudo-code to obtain the phase-ambiguity estimate is given
on Page 91. The proposed procedure is known as modified phase-directed (MPD) algorithm.
This algorithm is similar to PD, but owing to constellation splitting which reduces the
number of phase-values over which the search is to be performed and since phase-ambiguity
is constant over all the subcarriers which facilitates the search over partial frame, MPD is
computationally efficient compared to PD approach. The disadvantage is that, as mentioned
earlier, splitting the consteilation into two halves leads to a rate loss of one bit/subcarrier-
symbol. Similarly, splitting the constellation into four halves leads to rate a loss of two bits/
subcarrier-symbol. This can be made insignificant for all practical purposes if large

constellation size is used.
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AmbiguityEstimate = [0 0 ... 0]T % Initialization (Dim: M;x1)

for Iter =1 - M % Bold-case denotes vectors
Check = 1;
for S; = 1 - length(ey;) % Search over all source vectors

for S; = 1 - length(eq)
for S; = 1 - length(®:r1)
for S, = 1 - length (@)

BiasVector = [¢;(S;) @ (S2) @11(S;3) (PII(SA)]T
% Estimate of ambiguity-vector to be analysed for least-variance

for k=154
ToAnalyse (k) = ﬁ(k)—y(k)+ BiasVector (k)
end

Choose that source-phase vector as BiasVector which yields the lowest-variance-

o

% Ambiguity-Estimate vector

if (Check == 1)
AmbiguityEstimate (Iter) = mean (ToAnalyse)
DecisionParameter = variance (ToAnalyse)

Check = 0
else : :
if ((variance (ToAnalyse))} < DecisionParameter)
AmbiguityEstimate (Iter) = mean (ToAnalyse)
DecisionParameter = variance (ToAnalyse)
end
end
end
end
end .
end ¥
end A
AmbiguityEstimate = mean (AmbiguityEstimate) $ Average over M; OFDM frames

Note: For a symmetric signal constellation, the error in the decision occurs when two or more
source-phase vectors theoretically (noiseless case) yields zero-variance-ambiguity-
vector estimate, or analogously in noisy channel case, the decision on the correct
source-phase vector cannot be made with enough confidence. This condition oceurs if
and only if Angle(3;(n)) = Angle(8,(n)) + K, where §;(n) and 3,(n) are two
possible estimates of the source-phase vectors that yield zero-variance-ambiguity-
vector estimate and X is a constant angular-éhift. The probability of occurrence of this
situation is very low in practice. Further, this problem can be overcome if the average is

taken over number of OFDM frames.
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5.4.3. PERFORMANCE ANAYLSIS OF COMPLETELY BLIND ESTIMATOR FOR
16-QAM

A. Simulation Parameters

» Complex discrete baseband equivalent FIR channel is assumed to be of length (L) = 2.

» Each channel coefficient is a zero-mean Gaussian random variable with variances given
according to either of the two channel PDP (Chapter 4).

» Baseband modulation: 16-QAM

» Number of sub-carriers/ OFDM frame (N) = 64

» Total length of OFDM frames used unless otherwise mentioned (A)= 1000

» The length of OFDM frames assumed to be received during time duration 7 (M;) = 2xN

» SNR (unless otherwise mentioned) = 30 dB.

» The precoder matrix W of egn. 4.1 is used with the value p = 0.5,

» The results are averaged over 250 Monte-Carlo simulation runs.

The frequency-domain OFDM frame d(n) of size Nx1I is constructed according to the
rules of generalized constellation-spitting technique for 16-QAM. The channel magnitude
estimate, as mentioned earlier, is obtained via precoding-based method using the procedure
given in the flowchart of fig. 4./ and leqn. 3.13 to egn. 3.15 by tracing over all the values of g
={1, ..., N} and the channel phase estimate is obtained by using subspace-based method as
given by the procedure shown in flowchart of fig. 4.8. The phase ambiguity is estimated and
corrected by utilizing the side-information provided by source mapping using the generalized

MPD algorithm as given by the pseudo-code (Page 93).
. B. Simulation results and conclusion

The MSE performance of the generalized completely blind technique versus the length of
OFDM blocks used at 30 dB SNR with exponential and uniform channel PDP for 16-QAM
mapping is shown in fig. 5.6. Similarly, the MSE performance of the same versus SNR (dB)
values assuming that the length of OFDM blocks used is /000 for both the channel PDP with
16-QAM mapping is shown in fig. 5.7.
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The following observations can be made from fig. 5.6 and fig. 5.7:

» The performance is independent of the channel PDP used.

> Since hybrid algorithm is used to obtain the first approximation of the channel, as per p.
0. €. assumption, the minimum number length of OFDM blocks required to obtain reliable
phase-estimate using subspace method is /28. This restricts the practical applicability of
the estimator for fast-varying channels. A

> From fig. 5.6, it can be observed that the MSE performance improves exponentially as the
length of OFDM blocks is increased. The value of MSE is around 5.3x707 when the
length of OFDM blocks is 250 and around 1.2x10° when the length is 5000 blocks (an
improvement of just /6 dB for 20 times increase in the length of OFDM blocks used).

> From fig. 5.7, it can be observed that the MSE performance decreases from 2.053 at 0 dB
to around 0./72 at 25 dB in nearly linear manner. Similarly, a linear improvement with a
slightly higher falling rate can be observed between 25 dB ;md 35 dB SNR values. When
the SNR is increased beyond 40 dB, no further improvement in performance can be
observed. At 50 dB SNR, the MSE value is around 7.3x70” on an average.v

> The performance of completely blind hybrid estimator is worst fhan either of the two of
its semi-blind counterparts: the precoding-based method and the subspace-based method.
Comparing fig. 4.9 and fig. 4.10 with fig. 5.6, the performance difference between
precoding-based method and the hybrid method is around 27 dB and the difference
between subspace-based method and the hybrid method is around 39 dB when the length
of OFDM blocks is 250. Similarly, when the length of the OFDM blocks is 5000, the
differences are 24 dB and 55 dB.

> Similarly, comparing fig. 4.11 and fig. 4.12 with fig. 5.7, the performance difference, at 0
dB SNR, between precoding-based method and the hybrid method is around 40 dB and
the difference between subspace-based method and the hybrid method is around /2 dB.
The performance of the estimator is very poor at lower and middle-order values of SNR
compared to its two semi-blind counterparts. At 35 dB SNR, the differjénces in MSE
performances are respectively, 6 dB and around 40 dB compared to two semi-blind

methods.
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CONCLUSION

Among the various blind channel estimation techniques, moment-based techniques have
been researched owing to their wide range of applicability including burst-type/
asynchronous communication links. In particular, SOS-based techniques are preferred owing
to their structural simplicity and faster convergence compared to HOS-based methods. These

techniques rely on the channel structure for estimation purpose.

In this work, we describe TXK algorithm which essentially exploits the SOCS of the
received signal to identify the FIR channels using SIMO model. A Subspace decomposition
technique in single-carrier systems for which TXK algorithm forms a basis is described. This
algorithm is based on the SIMO channel structure and the orthogonality property of the signal
and the noise subspaces which makes it structurally simpler and fast converging. Owing to
SIMO structure of the channel, a linear parameterization of the noise subspace in terms of the
channel parameters is possible. This yields a cost function that can be minimized to obtain the
channel estimate. Further, the performance analysis of subspace-based method for three-tap
exponential PDP channel is presented using MATLAB simulations. From the simulation
results, it can be concluded that reasonable MSE performance (of order of 10'3) is achieved at
30 dB SNR when the length of data samples exceeds 250 and for SNR > /5 dB when the
length of data samples is 1000.

Recently, OFDM and MIMO-OFDM have been adopted in most of fhe wireless standarfis
owing to higher-data rates that can be achieved with reasonably good QoS. The classical
approaches have been extended and generalized so as to be compatible with the technological
advances. In literature, subspace-based techniques have been proposed owing to their
structural simplicity. As far as OFDM systems are concerned, subspace-based techniques rely
on the redundancy introduced either due to cyclic prefix, virtual carriers or oversampling (at
the receiver). The latter two techniques can function even in the in-sufficient CP situation.

For the present discussion, the CP-induced-redundancy-based technique is considered.

A generalized subspace-based technique applicable for any number of subcarriers and
channel length for SISO-OFDM is presented in Chapter 2. This algorithm can estimate the
channel in time-domain up to a complex constant scalar estimation ambiguity. The simulation
results are shown in Chapter 4. The improvement in MSE performance resembles a falling-

step as length of OFDM blocks is increased at a given SNR. This is due to p. o. e.
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assumption. Similarly, improvement in MSE performance is linear with varying SNR (dB)
values. The generalization of the subspace-based method for MIMO-OFDM systems is
presented in Chapter 2. The channel is estimated in time-domain up to a complex constant
matrix ambiguity. For the MIMO-OFDM systems with number of transmitting anténnas
greater than the number of receiving antennas, CP along with oversampling (at the receiver)
is utilized to aid in channel estimation. The simulation results are shown in Chapter 4.
Analogous to SISO-OFDM systems, the improvement in MSE performance resembles a
falling-step as length of OFDM blocks is increased. As the size of MIMO is increased, the
convergence rate of subspace technique becomes. slower. The improvement in MSE
performance is linear with varying SNR (dB) values at higher SNR values (SNR > 15 dB).
For lower SNR values, the performance is exponentially decaying for 2x2 MIMQ and
approaches a constant level as size of MIMO is increased (e.g. 4x4 MIMO). An MSE value
of the order of 107 is achieved when the length of OFDM blocks is more than that demanded
by p. 0. e. assumption or when SNR > 15 dB.

The amplitude ambiguity can be resolved by using a transmitter-end technique known as
precoding as mentioned in Chapter 3. Precoding induces certain correlation among the
subcarriers in a given OFDM frame which can be utilized at the receiver for channel
estimation in frequency-domain by simple correlation-averaging. This fact makes the
technique computationally simpler than Eigen-value based subspace methods. For the present
discussion, two linear non-redundant frequency-domain precoding based methods for SISO-

OFDM systems have been presented.

A simple-precoding based approach in which the correlation is induced on a single-
subcarrier is presented in Chapter 3 along with performance analysis using MATLAB
simulations. This approach estimates the channel in frequency-domain up' to a constant
complex ambiguity. From the simulation results, an exponential improvement in MSE
performance can be seen when the length of OFDM blocks is increased. Similarly,
improvement in MSE performance is exponential as SNR is increased. MSE converges to a
lower limit of around 707 and no further improvement can be observed as SNR is increased
beyond 20 dB. A generalized algorithm which uses joint (row-column) correlation-averaging
algorithm and hence is more robust to presence of channel nulls and noise can be used as
described in Chapter 3 for channel estimation up to a constant phase-ambiguity in frequency-
domain. The simulation results are shown in Chapter 4. The performance similar in nature to

that of simple-precoding based method can be observed. The performance is better at lower
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SNR values than that —of simple-precoding based technique. A comparison of the statistical
CRB and MSE variance of blind precoding-based estimator is presented in Chapter 4 for
various channel PDP and precoding-constant values. It can be concluded that the MSE
performance of the estimator is at least 100 times worst than the CRB. Further, as the

precoding constant is increase from 0 to /, the estimator performance improves.

The generalization of generalized precoding based technique has been described for
MIMO-OFDM systems in Chapter 3. Unlike subspace-based technique, this algorithm is
applicable to MIMO systems with any number of transmitting and receiving antennas without
any modifications. Furfher, a block-time-variant precoder is used which makes the channel
estimation possible up to a complex constant scalar ambiguity per transmitting antenna as
against matrix ambiguity. The simulation results are shown in Chapter 4. The performance
characteristics similar to that of SISO-OFDM case can be observed. The convergence rate is

not affected by the size of the MIMO system.

The performance comparison of subspace- and precoding-based channel estimation
techniques for SISO- and MIMO-OFDM systems have been presented in Chapter 4 using
MATLAB simulations. The MSE variations over varying length of OFDM frames and
varying SNR (dB) values are also presented. From the results, it can be concluded that, at
lower lengths of OFDM blocks and lower SNR values, precoding-based approach performs
better than the subspace based technique. This makes the former a suitable candidate for low
power and high-mobility applications. Further, at higher SNRs and lengths of OFDM blocks,
the performance of subspace technique surpasses that of the precoding-based technique. The
performance improvement observed in ﬁrecoding-based technique is very low compared to

subspace-based technique as the length of OFDM frames and SNR values are increased.

The blind techniques, as mentioned earlier, suffer from an estimation ambiguity. Using
precoding, the amplitude ambiguity has been resolved. In practice, the phase-ambiguity has
been resolved by employing pilot carriers. We have proposed a completely blind channel
estimation technique for SISO-OFDM with PAM mapping using constellation splitting in
Chapter 5. This algorithm has an advantage over its predecessors: the OFDM frame has zero-
dc, the algorithm is structurally simpler and computationally efficient with an efficient
encoding/ decoding logic. The performance analysis over different PAM constellation sizes
and channel PDP are presented using MATLAB simulations. Further, a generalization of

constellation splitting technique applicable for any modulation schemes and a modified phase
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directed technique for phase-ambiguity estimation and correction is proi)osed in Chapter 5.
The performance analysis using MATLAB simulations have been presented for 16-QAM
mapping over different channel PDP. It can be seen from the simulation results that the
completely blind techniques perform slightly worse than their semi-blind blind counterparts

but yet can estimate the channel within acceptable MSE tolerance for all practical purposes.
SCOPE FOR FUTURE WORKS:

From the previous discussions, it can be concluded that the precoding-based approach for
blind channel estimation proves to be a promising candidate for loW-power and high-mobility
communication systems. Future works should aim at development of fast computationally
efficient completely blind algorithms which may involve proper signal design technique for
MIMO-OFDM system.

Further, most‘of the blind techniques ignore the channel coding and assume that the
source covariance matrix is diagonal with known variance. This restricts the practically
applicability of most of the blind approaches [37]. Thus design of blind algorithms for
practical standards and/ or modification of existing techniques to be applicable in practical
standards can be considered as one of the research topics. Further, it is assumed that the
channel length is known. Precoding based approaches are highly sensitive to channel order
estimation errors due to de-noising step involved in channel estimation. This can be resolved
* by estimation of channel order using Eigen-value based techniques [19 and 20] in time-

domain. This calls for hybrid time-frequency channel estimation algorithms (Chapter 5).
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APPENDIX A

DERIVATION OF DUAL CONDITION FOR ANY N AND L (N2>2L)

The derivation of the dual equation for the orthogonality condition given in egn. 2.28 for
the generalized subspace-based blind channel estimation technique in SISO-OFDM system

(Chapter 2) by mathematical induction is illustrated.

Case: N=4 L=1

From egn. 2.24b, we get:
Co=h(0) =hy and C, = h
he 0 0 hy
0 hy hg 0
Hence, from egn. 2.25, the channel matrix can be written as:

hy O 0! hy

t0 0 0: 07
hy hg 0: 0:0 O 0: 0
4O _hy ho: 010 0 _0: 0}
0 0 hyg hg:0 0 0! 0
H(kh) = '0"'0""0'5"h1":'0""(5"'0':“11},""

EUR A 1 R P R Y

0 0 O0: 0 :hy hy 0: O
0.0 08 00 hy hei 04
0 0 0 0:0 0 hiho

From egn. 2.27, the left null-space vector of size (2N+L) x L = 9x1 can be written as:

g1 (1)
gt

g=g,=|g?()] forosi<L-1 - i=0

Egn. 2.28 gives the orthogonality condition: giH(h) =0 for i =0
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Expanding,

g (D)*hy + gil(z)*hl
gL (2) hO + gl (3) hl

gl (1) hO +gz (2) hl
gl (2) hO + gl (3) hl

ig? (1) P HON ]ho + g (1)*h, ]

Taking Hermitian and splitting the above vector in dual form,
k[ G@ A g e i@ igt®) g +gi)
gi(2) 9i(3) ' 9i (1) g +gi (1) gi F(2) g (3) ' 9i (1) ; gt(1)

=0

(A
2 G, =0 fori=0

Casell: N=8 L =2

From egn. 2.24b, we get:

he 0 0 0 0 O hy,
hy hp 0 0 0 O 0 h,
, b b B 0 0 0 ., lo o ., 0000h2h1]
Co=10 h, n, hb 0 0/2=|o 0™ =lo 000 0 hy
0 0 hy, h, hy O 0 0
0 0 0 hy, h hy 0 0

Hence, from egn. 2.25, the channel matrix can be written as:
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From egn. 2.27, the left null-space of size (2N+L) x L = 18%2 can be written as:

i={0,1)

-

for0<i<L-1

HMh) =0 for i={01}

H
i

Eqgn. 2.28 gives the orthgonality condition: g;
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Expanding,

[ gt (D) he + g (2)"hy + g1 (3 h,
91 (2) hg + g} (3)*hy + gi (4)*h,
gl (3 hg + g (4)"hy + g1 (5)*h,-

N SO L4 ho + g} (5)'hy + gL (6) ' hy | I

9 (5) ho + g{(6)"hy + g{ (1) h,

IR S gL (6 " ho + g’ (V) hy + g (2)hy | N

gt (W) ho + gt (2)"hy + [g1 (1" + g7 (1)*] R, :

192 @ ho + [ ()" + g2 (1)"1hy + [g1 ()7 + g7 (2)")h, |

R O T HON T AL =9
g (2)*hg + gt (3)*hy + g} (D" h,
9t (3)"ho + gt (@) hy + gi (5)*h,
Y ORISR XN ON X O N e
9t(5) ho + gt (6)*hy + gi (1)"h,
N SR gt(6Y hy + @7 (1A +.97 (2 hy . + -
|lg2 @ + 95 ()" Tho + (3@ + 95 @)1y + gH (1) hy
[97(2)" + gf(2)"]he + g{(1)"hy + gi(2)"h, ]
Taking Hermitian and splitting the above vector in dual form,
gD g @) g3 gt® ! gy gie) o 0
gi(2) gl gl giG)igl® 0 0 gD
9i(3) _gi®). gi(5) gi©®); 0 ___ ¢ 0 gi() gl@. ___
B D S S
[ | Yo 0 gi ) ¢t
(ho hi k3 L0 gt g?f@ o
(U (O 3 TR - € N Q...
_________________________ RSUIP. SJUUPUPRRIN BUPRESIVION, PP
i 0 0
E b0 gl
E L gf) gl
gi) g2 @3 F@DigiG) giE®: 0 0]
gt g}® gt@ gtGYigl® 0 1 0 gl
93 _gi@®) gt®G) gi®; 0 0 _1giM gi@]
O SR RN S -
"""""""""""""" 0 0 gD gi(@
b0 gigi@ o [=0
____________________________ (W _g@; 0 0 |
____________________________ S, SN SRR RPN i
5 ACONHO)
: tgi2 0
! 0 0

. (A2)
o  RHG, =0 for i=1{0,1}

Observe that eqn. A.1 and 4.2 has a definite structure that can be generalized by using
mathematical induction for any null-space bases matrix of dimension (2N+L) x L (N > L) to

obtain the resuits as given in egn. 2.29 and egn. 2.30.
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