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ABSTRACT

BLIND AND SEMI-BLIND CHANNEL ORDER ESTIMATION IN SIMO SYSTEMS

Karakiitiik, Serkan
Ph.D, Department of Electrical and Electronics Engineering

Supervisor : Prof. Dr. T. Engin Tuncer

September 2009, 138 pages

Channel order estimation is an important problem in many fields including signal processing,
communications, acoustics, and more. In this thesis, blind channel order estimation problem
is considered for single-input, multi-output (SIMO) FIR systems. The problem is to estimate
the effective channel order for the SIMO system given only the output samples corrupted by
noise. Two new methods for channel order estimation are presented. These methods have
several useful features compared to the currently known techniques. They are guaranteed to
find the true channel order for noise free case and they perform significantly better for noisy
observations. These algorithms show a consistent performance when the number of observa-
tions, channels and channel order are changed. The proposed algorithms are integrated with
the least squares smoothing (LSS) algorithm for blind identification of the channel coeffi-
cients. LSS algorithm is selected since it is a deterministic algorithm and has some additional
features suitable for order estimation. The proposed algorithms are compared with a variety
of different algorithms including linear prediction (LP) based methods. LP approaches are
known to be robust to channel order overestimation. In this thesis, it is shown that significant
gain can be obtained compared to LP based approaches when the proposed techniques are

used. The proposed algorithms are also compared with the oversampled single-input, single-

v



output (SISO) system with a generic decision feedback equalizer, and better mean-square

error performance is observed for the blind setting.

Channel order estimation problem is also investigated for semi-blind systems where a pilot
signal is used which is known at the receiver. In this case, two new methods are proposed
which exploit the pilot signal in different ways. When both unknown and pilot symbols are
used, a better estimation performance can be achieved compared to the proposed blind meth-
ods. The semi-blind approach is especially effective in terms of bit error rate (BER) evaluation
thanks to the use of pilot symbols in better estimation of channel coefficients. This approach
is also more robust to ill-conditioned channels. The constraints for these approaches, such
as synchronization, and the decrease in throughput still make the blind approaches a good
alternative for channel order estimation. True and effective channel order estimation topics
are discussed in detail and several simulations are done in order to show the significant per-

formance gain achieved by the proposed methods.

Keywords: channel order estimation, channel identification, channel equalization
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SIMO SISTEMLERDE GOZU KAPALI VE YARI KAPALI KANAL DERECESI
KESTIRIMI

Karakiitiik, Serkan
Doktora, Elektrik Elektronik Miihendislig Boliimii

Tez Yoneticisi : Prof. Dr. T. Engin Tuncer

Eyliil 2009, 138 sayfa

Kanal derecesi kestirimi sinyal igleme, haberlesme, akustik ve benzeri alanlar i¢in dnemli
bir problemdir. Bu tezde, gozii kapali kanal derecesi kestirimi problemi tek girisli cok c¢iktilt
(SIMO) FIR sistemler icin incelenmistir. Problem, sadece giiriiltiilii SIMO sistemi ¢iktilarinin
kullanilarak etkin kanal derecesinin kestirilmesidir. Kanal derecesi kestirimi i¢in iki yontem
onerilmistir. Onerilen yontemlerin bilinen yontemlere nazaran bir cok yararli 6zelligi bulun-
maktadir. Onerilen yontemler giiriiltiisiiz ortamda dogru kanal derecesi kestirimini garanti
etmekte ve giiriiltiilii ortamda da kayda deger sekilde daha iyi basarim gostermektedir. Bu
algoritmalar kanal derecesi, kanal sayis1 ve veri boyunun degisimine kars1 tutarli bir davranis
gostermektedir. Onerilen algoritmalar, kanal katsayilarmin gozii kapal kestirimine yonelik
olarak en kiiciik kareler yumugatma (LSS) algoritmasi ile entegre sekilde ¢aligmaktadir. LSS
algoritmasinin secilmesinin nedeni belirlenimci bir yontem olmasi ve kanal derecesi kestirimi
i¢in uygun bazi ek 6zelliklerinin bulunmasidir. Onerilen algoritmalar, dogrusal tahmin (LP)
yontemlerinin de yer aldig1 degisik bir ¢ok algoritma ile karsilagtirllmistir. LP yaklagimlari
kanal derecesinin iistten kestirimine karsi1 direnglidir. Bu tezde, Onerilen yontemler kul-

lanildiginda, LP tabanli yontemlere nazaran 6nemli oranda kazang saglanabilecegi gosteril-
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mistir. Onerilen yontemler, yiiksek hizda 6rneklenmis SISO sistemler icin DFE yontemi ile
de kargilagtirllmig ve gozii kapali durumda daha iyi hata kareleri ortalamasi performansi elde

edildigi goriilmiigtiir.

Kanal derecesi kestirimi problemi, pilot sembollerin kullanildigi sistemler i¢in de incelenmistir.
Bunun i¢in, pilot sembollerini farli sekilde kullanan gozii yari-kapali kanal derecesi kestirimi
algoritmalar1 6nerilmistir. Bilinen ve bilinmeyen semboller birlikte kullanildig1 zaman, gozii
kapali yontemlere nazaran daha iyi kestirim performansi saglanabilmektedir. Kanal kestirimi
dogrulugu pilot sembollerin kullanimu ile arttig1 i¢in, gozii yari-kapali yaklasim ile 6zellikle
bit hata oran1 (BER) acisindan daha iyi basarim elde edilebilmektedir. Bu yaklagimin diger bir
ozelligi ise kotii durumlu (ill-conditioned) kanallara karsi daha direngli olmasidir. Ote yan-
dan, eszamanlama ve veri akisindaki diisiis gibi problemler nedeniyle gozii kapali yontemler
hala kanal derecesi i¢in iyi bir alternatif olarak goziikmektedir. Dogru ve etkin kanal dere-
cesi kestirimi konular1 ayrintili sekilde tartisilmig ve onerilen yontemler ile elde edilen kayda

deger basarim kazancinmi gostermek i¢in cesitli benzetimler yapilmagtir.

Anahtar Kelimeler: kanal derecesi kestirimi, kanal tanimlama, kanal esitleme
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Objectives

In this thesis, blind channel order estimation problem in linear time invariant (LTI) finite
impulse response (FIR), single-input multiple-output (SIMO) systems is investigated. SIMO
systems are observed when single-input single-output (SISO) system outputs are oversampled
and polyphase representation is used or alternatively when multiple antennas and receivers are
employed [1, 2]. Blind channel order estimation problem is defined as the estimation of the

order of a FIR SIMO systems given the noisy observations.

Blind channel order estimation is not an easy problem to solve due to several reasons. In order
to understand the problem better, the generic impulse response in Figure 1.1 can be consid-
ered. In this figure, the impulse response has large and small coefficients. Large coefficients
can be assumed to be surrounded by the small coefficients which are called as the leading and
trailing tails without loss of generality. The distinction between tails and the significant part
of the channel coefficients can be made by considering the vy value. The coefficients whose
magnitudes are above /2 may be defined as the significant part of the filter. Obviously the
value of vy for determining the significant part depends on certain factors including SNR and
the cost function or the measure used to define the significant part. When the SNR is very
large, the true channel order can be defined to be the whole filter including the tail coefficients.
When the SNR is low, it may not be possible to clearly identify the tail coefficients. It may
also be meaningless to try to find those coefficients since the channel equalization performed
over the noisy output samples does not give better MSE for the input samples when the tail

coeflicients are used due to noise amplification for the small channel coefficients [3]. There-
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Figure 1.1: Channel impulse response showing the significant part and tail of the channels.
Tail coefficients are uniformly distributed between —y/2 and + y/2.

fore in practice, the task is to find the effective channel order which corresponds to finding the
significant part of the channel filter rather than the true channel order. In fact in blind prob-
lem, it may be impossible to find the true channel order from the noisy output samples. True
channel order has meaning when the SNR is very large or when the channel order estimation
algorithms are tested by assuming that the channel filter is known. In this thesis, different
channel filters, including fixed and random long channels with tails and channels without the
tails are considered. Note that when there are no tails, true channel order and effective channel
order become same. It should also be pointed that when we consider the channels without the

tails, the channel coeflicients are generated randomly to obtain a Rayleigh distribution.

In many applications, channel order is required to characterize the linear system appropriately.
For example, in room acoustic modeling, channel order is required to find the length of the
FIR reverberation filter. In communications, minimum equalizer length is selected depending
on the channel order. In addition, if the effective channel order is not used in equalization,
MSE for the input signal is larger [4, 5]. In detection of the number of sources, channel order
estimation techniques are valuable. For example, a single source with multipath reflectors

in wideband direction of arrival estimation requires the detection of the number of reflecting



points. Otherwise the DOA algorithms either do not work or report angles with large errors.

Channel order is an important parameter for the blind channel identification problem. In blind
channel identification, the channel order is usually assumed to be known [1, 6, 7, 8, 10, 13] .
In practice, it should be estimated. When the channel order is underestimated, the blind chan-
nel estimation algorithms fail. When the channel order is overestimated, their performance
significantly degrades. Hence, best performance is achieved when the effective channel order
is correctly estimated. Since previous algorithms for channel order estimation are not robust,
this problem has been tried to be solved with linear prediction (LP) based channel estimation
algorithms robust to channel order overestimation [14, 15, 16, 17, 18]. However, LP methods
are based on statistical information of the channel outputs and therefore they require long ob-
servation data to obtain required performance. Furthermore, their performance is not as good
as their deterministic alternatives such as subspace algorithm [6], when the channel order is
known. On the other hand, the main drawback of deterministic algorithms is that their perfor-
mance decreases dramatically when the channel order is not correctly estimated. Therefore
the use of these algorithms is not practical as a consequence of absence of high performance
channel order estimation algorithms. If an accurate and robust channel order estimation algo-
rithm is used with deterministic channel estimator such as proposed in [6, 7, 8] for channel
estimation, a better performance is obtained compared to LP techniques with an algorithm

which has tendency to overestimate.

The main objective of the thesis is to find new blind channel order estimation algorithms for
SIMO systems. The desired properties for a blind channel order estimation algorithms are as

follows:

o [t should have finite convergence property. That is channel order can be found correctly
from finite number of sample in noiseless observations. Therefore, fast convergence
can be established for time varying channels and high performance is guaranteed at

high SNR.

o Channel order should also be correctly estimated with high probability at low SNR
ranges. Correct channel order estimation is important to use deterministic channel esti-

mators in an effective manner.

e It should be robust to SIMO channel parameters. That is, it should work properly for



different receiver settings (i.e., number of antennas or oversampling rate) and physical

channel parameters (i.e., channel length and channel impulse response).

In this thesis, channel order estimation problem in training based communication system is
also considered. It is targeted to find channel order estimation algorithms, which use training

data to obtain better performance compared to blind methods.

1.2 Previous Works

There are different algorithms for the channel order estimation in the literature. Minimum
Description Length (MDL) [19] and Akaike Information Criteria (AIC) [20] algorithms are
based on the information theoretic criteria. These algorithms require long observations for
accurate extraction of the statistical parameters. It is known that MDL usually performs better
than the AIC and AIC has a tendency for overestimation [4, 21]. Both of these algorithms are
sensitive to colored noise [21] and deviation from idealized Gaussian white noise signal. In
addition, they are very sensitive to SNR variations and data length [22]. Therefore they are

not robust algorithms for practical applications and scenarios.

Joint channel order and channel estimation with LSS method (JLSS) is presented in [3]. It
is shown that JLSS can find the true channel order from finite number of samples in case of
noise free observations. The main disadvantage of the JLSS algorithm is its performance loss

for noisy observations.

Most of the cost functions for order estimation decrease almost monotonically as the channel
order increases, which makes it hard to find the true channel order. This problem is tried to
be overcome by using an empirically chosen penalty coefficient [23]. This penalty term leads
to over or underestimation in many of the information theoretic techniques. In [24], a new
cost function is proposed. This cost function is obtained by combining two cost functions due
to channel identification (ID) and channel equalization (EQ), and hence ID+EQ algorithm
is obtained. The main feature of this cost function is its “convex - like” shape. Therefore

channel order estimation can be performed by finding the global minimum.

Previously, it is known that there are only two algorithms which are guaranteed to find the

correct channel order from finite number samples in noise free case. These are the JLSS [3]
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Figure 1.2: Blind channel input estimation steps starting from channel order estimation.

and ID+EQ [24] algorithms. The main disadvantage of the JL.SS algorithm is its performance
loss for noisy observations and its tendency to overestimation. While ID+EQ performs better
than JLSS, it also suffers from performance loss in case of noisy observations. In this thesis,
two new algorithms, Channel Output Error (COE) and Channel Matrix Recursion (CMR) are
presented which find the true channel order from finite number of samples. In addition, it is
shown that these algorithms perform significantly better than the alternatives in the estimation

of the effective channel order.

In Figure 1.2, typical blind identification procedure is shown with the examples of algorithms
that can be used at each step. The first step is the channel order estimation. Channel order es-
timation is followed by the estimation of channel coefficients. Channel order and filter can be
estimated in a joint manner as in the case of JLSS, ID+EQ and the proposed methods. Channel
estimation is followed by the equalization. Perfect equalization of SIMO system is possible if
there are no common zeros between subchannels of the SIMO system. Equalization can also
be done without the knowledge of the channel coefficients. Direct equalization algorithm [13]

is an example for this type of algorithms which is employed in ID+EQ algorithm.



1.3 Contributions

Summary of main the contributions are as follows:

e Blind channel order estimation for SIMO systems is considered. Blind channel order
estimation problem especially the effective channel order estimation problem is covered

in detail. The comparisons and the results in this regard are unique in the literature.

e Two new blind channel order estimation algorithms are proposed, namely COE [27]

and CMR [28].

— These algorithms are proved to have the finite convergence property, i.e., they are
guaranteed to find the true channel from finite number of observations for noise
free case. Previously there were only two algorithms known in the literature with
the same property. The presented algorithms have significantly better performance
than the known algorithms for noisy observations. They find the effective channel

order better than the alternative techniques.

— Theorem-1 and Theorem-2 are defined for the proof of finite convergence prop-
erty of the proposed algorithms. Lemma-1 and Lemma-2 are also defined and
proved in order to show some properties of least squares algorithm. Lemma-3
explains the reason for better performance of the proposed algorithms for noisy

observations.

— It is shown that the proposed blind channel order estimation methods lead signif-
icant performance improvement compared to AIC or MDL when used with LP
technique. This result also have its implications for SISO communication sys-
tems since they use an FIR equalizer for the estimation of input symbols which is

related to the zero-forcing equalizer for LP techniques.

— Proposed blind order estimation methods are compared with the decision feedback
equalizer in an oversampled SISO system. It is shown that significant performance

gain can be achieved in terms of BER when the proposed techniques are used.

e Channel order estimation for semi-blind case is considered where pilot symbols are

used to estimate the channel.

— Two algorithms for this case are proposed. One uses only the pilot symbols and



the other uses both the pilots and the unknown symbols. The second algorithm is

shown to perform well in a variety of cases.

e Comparisons of several techniques are done for effective channel order estimation,
channel and input estimation. The improvement achieved by proposed techniques are

shown for variety of cases.

1.4 Organization of the Thesis

Organization of the thesis is as follows.

In Chapter 2, blind channel identification and channel order estimation problem is considered

and previous works referenced throughout the thesis are summarized.

In Chapter 3, COE and CMR methods are introduced and their performance in true channel

order estimation is analyzed and compared with the alternatives in the literature.

In Chapter 4, channel order estimation problem is considered for training based transmission
systems. The ways of using training sequence in channel order estimation are investigated and
two new semi-blind channel order estimation algorithms namely, channel input error with
blind channel estimator (CIEB) and channel input error with semi-blind channel estimator
(CIES), are proposed. Their performance in true channel order estimation is analyzed and

compared with the blind algorithms.

In Chapter 5, effective channel order estimation is discussed and proposed methods are ana-
lyzed in terms of estimating the effective channel order. LP based methods [15, 17] robust to
overestimation of the channel order and deterministic high performance channel estimators
[6, 7] are evaluated with channel order estimation algorithms for comparison. It is shown that
using COE and CMR with deterministic channel estimators performs much better than the

case of using LP based methods in mean square error (MSE) and bit error rate (BER) sense.

In Chapter-6, the conclusion of the thesis is given.



CHAPTER 2

BLIND SYSTEM IDENTIFICATION

2.1 Introduction

Blind system identification is a fundamental signal processing topic aimed to retrieve un-
known information for a system from its output only. The theory of blind system identification
has a wide range of application areas including mobile communication, speech recognition,

and blind image restoration.

In signal processing and communication societies, there have been an increasing interest to
blind problem. The reason of interest may be the potential applications in wireless communi-
cation. Information signal is distorted during transmission because of the noise , interference
of other users and the frequency selective characteristic of the channel. The distortion on
the transmitted signal must be removed by processing at the receiver. Removing distortion is
referred to as channel equalization. To facilitate compensation of distortion, in most cases, a
training sequence is transmitted. With the help of the training sequence, which is also known
at the receiver, the receiver determines the channel. After the identification of the channel, in-
formation transmission continues. The transmission of training sequence obviously decreases
the channel capacity used for the information transmission. For time invariant channels, the
loss is insignificant because only one training set is transmitted for all times. However for
time varying channels, transmission of the training sequence must be repeated periodically.
Each time the system has to converge to the varying channel impulse response and there will
be even no time for data transmission. If the channel can be identified without training se-
quence, the time slot for training sequence can be used for information transmission so that

efficiency can be increased significantly. Furthermore, there are various situations where the



transmission of sequences to train receivers is either infeasible or undesirable. Communica-
tion intelligence (COMINT) and electronic intelligence (ELINT) systems are the examples
of such systems used for military purposes to listen the environment. In these kind of ap-
plications, the receiver has no knowledge about the training sequence as a consequence of
the nature of the problem. Therefore for the removal of the multipath effect, the use of blind
algorithms is necessary. Another application area of blind system identification is the systems
having synchronization problems. When the synchronization is not achieved, training based
methods can not be used for channel estimation and equalization. In this case, blind methods

are more practical.

In blind channel identification, channel impulse response is determined by using only the
received signal. In blind equalization, the received signal is equalized without knowing the
channel and the desired signal. There are two ways to equalize the channel. One way is to
estimate the input signal directly. The second way is to first identify the channel and then
determine the input signal using the estimated channel. In case of the second approach, the

problem returns to the classical inverse problem after the estimation of the channel.

The solution of the blind identification problem depends on the system model. The structure
of the communication channel can be single input single output (SISO), single input - multi
output (SIMO) or multi input multi output (MIMO) depending on the application. For the
equalization of the SISO channels, generally higher order statistics (HOS) based methods are
used. However, the problem of convergence limits their applicability in practical settings. In
[1], a new method is proposed to overcome these problems. The method uses cyclostationary
property of the oversampled received signal, which enables the use of second order statistics
(SOS) for the identification of channel. This work is a breakthrough and after that lots of
algorithms were proposed using cyclostationary. In [1] the output covariance matrix is used.
But main drawback of this kind of algorithms is the performance degradation due to the finite
number of observations and model mismatch. Subspace (SS) based algorithms [6] allows
channel identification from finite number observations, hence provides more data efficient

algorithms for channel identification.

Generally, blind channel identification methods are classified into two main groups, statistical
and deterministic methods. While statistical methods assume that the source is a random se-

quence with known second order structure, deterministic methods do not assume any specific



statistical structure for the input signal. Perhaps a more striking property of the deterministic
methods, such as SS [6], cross relation (CR) [8] and least squares smoothing (LSS) [3], is the
finite convergence property. Namely, when there is no noise, the estimator produces the exact
channel using only a finite number of samples, provided that the identifiability condition is
satisfied. Therefore these methods are most effective at high SNR and for small data sam-
ple scenarios. Furthermore deterministic methods can be applied to a wide range of source
signals. However, asymptotic performance might be affected due to the fact that statistical
features are not used for the processing. Although deterministic methods have superior per-
formances, they have some drawbacks. When the channel has common zeros, channel matrix
singularity problems arise and subspaces can not be obtained truly. Hence these methods do
not work. These methods assume the knowledge of the channel order and their performances

decreases dramatically when the channel order is not known exactly.

Knowledge of the channel order is important for the blind channel identification algorithms
to obtain required performance. Most of the channel estimation algorithms assumes that the
channel order is exactly known. Some of the previously proposed methods are based on the
exploiting eigenvalues of channel output covariance matrix. Minimum Description Length
(MDL) [19] and Akaike Information Criteria (AIC) [20] algorithms are the examples of such
algorithms and have some statistical assumptions on the received signal. [3] and ID+EQ [24]
are the two examples of deterministic channel order estimation methods. They can estimate

the channel order from finite number of samples in noise free case.

A detailed review of blind identification algorithms for multichannel systems is done in [25]
and the references cited in that work would be helpful for the reader to see other works in that
area. In this chapter, blind channel estimation algorithms SS, LSS, linear prediction [14] and
channel order estimation algorithms MDL, AIC, Liavas, JLSS and ID+EQ algorithms which

are referenced throughout the thesis are summarized for the completeness of the thesis.

2.2 System Model

Blind channel identification methods considered in this chapter require a multichannel repre-
sentation of the communication system. In Figure 2.5 a common SIMO channel representa-

tion is shown. Basically a SIMO channel representation can be obtained with one or more of
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Figure 2.1: SIMO Channel Model
the following approaches:

e Sample an antenna array at symbol rate,
e Oversample the received signal with respect to the symbol rate,

e Interpolate the information signal before transmitting it through the channel.

In all of the above cases, a vector based system description can be obtained which is composed

of P channels at baud rate.

SIMO model is composed of single-input P-output channel model as shown in Figure 2.5.
Each subchannel is assumed to have a linear time-invariant (LTI) FIR filters. Channel order
of a SIMO system is defined as the order of the filter which has the maximum filter order. For
example, for a two channel SIMO system with filter orders three and two, the channel order is
three. However, for the simplicity of the equations, it is assumed that each channel has equal
order, L. Because of the frequency selective channel, inter block interference (IBI) occurs
between the receiving blocks. So IBI must be taken into account as well as intersymbol inter-
ference (ISI). Assuming that IBI occurs only between two consecutive blocks ( i.e. channel
length L+ 1 is smaller than block length N ), first L symbols in the received block are affected
from the previous block. IBI can be removed by discarding the first L samples in a received

block. After discarding the first L samples, the channel output vector can be written as

L
y ()= ZhL (k) s (t = k) +my (1) 2.1
k=0
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where

r T

N0 = [ w0 no o | 22
r T

b ) = | hea®0 B2t o kG | 23)
r T

n® = | m o oo | (24)

The P x 1 vectors, y, (1), hy (k) , and n, (?) are the received signals, channel impulse response
and additive noise respectively. y, (¢), h; (k), and n, (7) are the scalar values of the output
signal, channel impulse response and additive noise for the i channel respectively. The

matrix formulation for the same model can be given as,

y1 (1) = Hysp (1) +my (7) (2.5)
where,
Ho= | h© b)) o b | 26)
T
Sp+1 = [S(t) s(l‘—L)] 2.7)

System output can be modified to include M samples for each channel and the following

equation can be written,

Yy () = HySppL (1) +myy (1) (2.8)
where

ym () = :le(t) oyl a-M+1) ]T (2.9)

ny (1) = :an(t) ool (t-M+1) ]T (2.10)

sm+L () = :s(t) o s(t=L-M+1) ]T (2.11)

[ b, (0) - hy(D)
Hy = (2.12)
hy (0) - hp(D)

The MP x (M + L) dimensional block Toeplitz matrix, Hy,, is channel matrix. Equation (3.8)

can be written compactly as,

Y =H,S+N (2.13)
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where,

Y = | yu) yu+1) o ymeN-D | @.14)
S = [SM+L(1‘) Syer(t+1) - SM+L(t+N_1)] (2.15)
N = [nM(t) nyG+1) - nM(t+N—1)] (2.16)

The goal is to estimate the unknown channel parameters from the observation data.

2.3 Channel Identifiability

The techniques used for the estimation of SIMO channel coefficients in a blind manner can at
best identify the channel up to a complex scale factor. To ensure the channel identification in
SIMO channels, channel diversity must be satisfied. When the channels are modeled as FIR
filters, then channel diversity means that no common zeros exist, or in other words, they are
coprime. If the channels are not coprime, there exists a common zero and that zero can not
be distinguished from the zeros of the input. Hence, we can not identify the channel without
knowing the input. The identifiability of the channel can also be defined through the channel
matrix, Hy,. If the channel matrix is full column rank then the channel is said to be identifiable

[2]. The channel matrix is full column rank if,

e The subchannels have no common zero.
e M is greater than (M + L)/ P, so that the channel matrix is a tall matrix.

o At least one channel has an order of L and Ay 4 # 0 Vk.

The channel identifiability condition determines whether the channel can be obtained in a
blind manner. There are also certain conditions that should be satisfied for the use of the
blind channel identification algorithms. The key condition that is applicable to most of the
algorithms is about the complexity of the input signal. If the outputs of the subchannels do
not carry enough information , the channel filters can not be obtained. Such a case arises
when a constant or a periodic signal is sent. Linear complexity [29] is one of the criteria in
order to decide whether the signal carry enough information. Linear complexity measures the

predictability of a finite-length deterministic sequence.
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Definition:[7] The linear complexity of a sequence {s(r)};_, is defined as the smallest value

of ¢ for which there exists {4} such that

S0 ==Y Aist=j)  t=s,..n (2.17)
j=1

J

Let us consider a Toeplitz matrix, S., given by

s(c) s(c=1) --- s(0)
S, = s(c'+ 1) s('c) s(.l) 2.18)
s(n) sn—=1) -+ s(n—oc) |

If s(#) has linear complexity c or greater, then S, has full column rank. Hence the sample
covariance of the vector s(r) = | s(f) s(t—1) --- s(t—c) | has full rank. On the other

hand, if s(f) has linear complexity less than ¢, S, is rank deficient.

2.4 Subspace Method

The subspace method [6] exploits the low rank data model with the assumptions on noise
and source signal characteristics to identify the unknown parameters. In a low rank data
model, observation vectors belong to a certain subspace of the complex measurement space.
Generated SIMO channel model has low rank structure when the channel matrix Hy, has full

column rank.

yu(@® = Hyspy () +ny(r) (2.19)

If the length of the temporal window, M, is chosen greater than (L + 1 — P)/(P — 1), then
channel matrix, Hy,, will have more rows than columns. And the columns of Hy; are linearly
independent if and only if the channels are coprime, in other words they do not have common

Z€ros.

In the case of noiseless observations, the observation vectors, y(#), are exact linear combi-
nation of the columns of H,,. Therefore the noiseless observation vectors are the elements
of the vector space which is spanned by the columns of Hy,. Since Hj, is a tall matrix, its

columns do not span the overall measurement space. The vector space, which is spanned by
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the columns of channel matrix (i.e. range space of Hy, ), is a subspace of complex measure-
ment space and it is called as the signal subspace. The orthogonal complement of the signal
subspace, which is the left null space of Hyy, is called noise subspace. So the measurement

space is composed of these two orthogonal subspaces.

1
Measurement space = Noise subspace ® Signal subspace (2.20)

The dimension of the signal subspace is equal to the number of linearly independent columns

of Hy,. Since Hy, has full column rank, it is equal to the number of columns which is M + L.

It is possible to determine the signal and noise subspaces by collecting a number of observa-
tion vectors at the receiver, i.e.,

Y = HyS 2.21)

If the input data matrix, S (whose size is given as (M + L)X N ), is wide and full row rank, then
Y = Hy,S is a low rank factorization. This condition is provided by the assumption on the
linear complexity of the input signal, which should be greater than M + L. The columns of Y
are spanned by the columns of the channel matrix and it has nonempty nullspace with dimen-
sion of MP — (M + L) as a result of low rank factorization. Denoting the MP X (MP — M — L)

matrix Uy, as the left singular vectors of Y, which corresponds to the noise subspace,then
UfH)y, =0 (2.22)

Where subindex n used in U, is used to clarify that the matrix belongs to the noise subspace.
For the signal subspace U; is used. The channel matrix is identifiable up to a scalar complex
factor from the above equation. Since the channel matrix is identifiable up to a complex factor,
one parameter of h is fixed (i.e. say c¢). Under this consideration, vectorized channel matrix
can be written as,

vec(Hy) = ®ph, + ay (2.23)

where @, is a selection matrix containing only zeros and ones, h. is the parameter vector
containing the channel parameters except the fixed parameter. a; comes from the fixed pa-
rameter and it contains the fixed complex parameter and zeros. Applying (2.23) into (2.22) it
is obtained that,

vec [U'Hy | = Wche + by, (2.24)
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where

Y. =1 0H)®,, b,=1Ae0")a, (2.25)

and ® indicates the Kronecker product. An estimate of h, in least square sense can be found

by the following minimization,
h, = arg n}lin(‘l’chc +by) (P h, +by) (2.26)

Minimizing the cost function in (2.26) with respect to h, results in the estimated channel
coefficients.

h.=-(¥)"b, (2.27)

When there is no noise, subspace method produces the exact channel using the finite number
of samples. Therefore the subspace method has finite sample convergence property. It is an
important property for blind channel identification methods in the sense of the speed of the
convergence, especially in packet transmission systems where only a small number of samples

is available for processing.

Subspace method is not robust against the modeling errors, especially when the channel ma-
trix is approximately singular (i.e. Channel zeros are close to each other). Furthermore sub-
space method requires exact channel order. It is performance is not acceptable for under-
overestimated channel orders. Therefore channel order must be estimated using one of the

techniques in the literature.

2.5 Least Squares Smoothing Method

LSS method [7, 3] is based on the isomorphic relation between the input and output subspace.
It is shown that the channel order and channel impulse response are uniquely determined
by the least squares smoothing error when the isomorphism between the input and output

subspaces is considered.

Since no assumption is made about the statistics of the input signal, LSS method is considered
as a deterministic method. It has finite convergence property which is an important property
especially for packet transmission system where the channel must be estimated in a limited
time interval. The most striking property of the LSS over the other deterministic blind channel

identification methods may be the estimation of the channel order jointly with the channel
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impulse response. Furthermore LSS method is more robust to modeling errors, i.e., when the

channel matrix is approximately singular.

Considering the isomorphic relation between the input and output subspaces, we first consider
the estimation of the channel from the input subspaces. By projecting the output data into the
punctured input subspace Z, the channel is obtained from the least squares projection error.
Since the input subspace is not directly available , the punctured input subspace Z is obtained
from the output subspaces by exploiting the isomorphic relation between the input and output
subspaces. When Z is constructed from the channel output by using the isomorphism between
the input and output subspaces, this projection is called smoothing. In joint order detection
and channel estimation, the smoothing error is minimized by jointly choosing the channel

order and channel parameters.

2.5.1 Assumptions and Properties

There are two basic assumptions for the LSS [7, 3]. One is about the system, the other one is

about the input signal. These are given below.

Al: Channel disparity condition: The subchannel transfer functions do not share common
zeros, and there exists M > W, such that Hy, has full column rank. W is the smallest value

of M which makes the channel matrix a tall matrix.

The following property reveals the equivalence of the input and output subspaces and it plays
a critical role in smoothing approach for the channel estimation. Before that, let us define

input and output subspaces spanned by p consecutive row (block row) vectors as

St St+1
Sip = sp{ s o s }=R ) (2.28)
St—p+1  St—p+2
X; Xi+1
Xip = SP{ X; Xi—p+1 }= R (2.29)
Xt—p+1  Xt—p+2
Where the row vector s; is given as, s; = [ s(t) s(t+1) --- |, and noiseless observation
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matrix is given as X; = | x;(¢) x;(t+1) --- | R{A} indicates the space spanned by the
rows of a matrix A. The above equations can also be written for spanning |p| future data

vectors in case of p < 0 such as,

Stepp = St—p (2.30)

Property 1: Under disparity condition, there is an isomorphic relation between input and

output (noiseless) subspaces

Xim = Sim+L (2.31)
In other words, X; 3 is isomorphic to S ps.;, with isomorphism Hj,.

In a linear system, input space may not be seen from the output space, that is some information
may be lost. Therefore, in general X; s € S; p+1 for a fixed M. On the other hand, with A1, all
the information of the input space is contained in the output space. Such a relation between
the input and output subspaces enables us to use the output subspace instead of direct use
of the input subspace to estimate the channel. An interesting point is that, even in case of
common zeros X; y may still be a good approximation of S; );. Therefore, it is more robust

against common zeros compared to Subspace method [3].

Another important assumption is about the input signal. To ensure the channel identifiability,
input signal must carry enough information. In other words, it must be sufficiently complex
to identify the channel from the observation data. This requirement is imposed by the linear

complexity of the signal.

A2: Linear Complexity: [3] The input sequence s(f) has linear complexity greater than

2W, + 2L.

The reason of the assumption A2 will be clearer in the following section when the necessary

number of input symbols to identify the channel is discussed.

2.5.2 Least Squares Smoothing Algorithm

In this section, we introduce the linear least squares smoothing channel estimation by exploit-
ing the isomorphic relation between input and output (noiseless) spaces. First, the estimation

of channel from the input subspace is considered.
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By projecting the output data into the input subspace, the channel is obtained from the least
squares projection error. But normally input subspace is not directly available from observa-
tion. Therefore, instead of using input subspace, output subspace can be used by exploiting
the isomorphic relation between the input and output subspace. So, the second step will be to

identify the channel from the output subspace.

2.5.2.1 Channel Identification from Input Subspace

Consider L+1 consecutive output block row vectors X;.z, ..., X;. From (A.1) we have,

Xt = h0)s;r +h(1)spr—1 + -+ h(L)s; (2.32)
Xp-1 = h(0)s;1z-1 +--- + h(L — 1)s; + h(L)s; (2.33)
(2.34)

X, = h(0)s; + --- + h(L)s, (2.35)

The aim is to identify h(0), ..., h(L) up to a scaling factor from Xy ...,X; . One way is to

S, X4 :Z:;:Oh(k)sﬁi—k

o
Ihi§|z

Xi+ijz

Figure 2.2: Projection of output data onto projection subspace Z

eliminate all terms in x;;; except the ones associated with s;. This can be done by projection
of x,;; into the subspace, Z, which is spanned by the input row vectors except s, . The input

subspace, Z, satisfies the following properties.
Cl: {St+L7 S+l S-1, 7SI—L} cZ
C2: St ¢ Z
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As illustrated in figure 2.2, x,.; is composed of two components: one is inside the punctured

L
subspace Z, which equalsto  }, h(k)s;+i—, the other one is outside the Z space which equals
k=0,ki
to h;s;. The projection error of X;,; into Z space denoted by X;.;7 is

Xiiz = hiSy; (2.36)
Consequently, we have
Xi+1)7
E= : = hisy, (2.37)
itlZ

Note that E is a rank one matrix whose columns and rows are spanned by h and s,z respec-
tively. The channel can be identified from the projection error matrix E by several ways. One
way is to obtain the singular value decomposition (SVD) of E or the sample covariance of E.
The eigenvector corresponding to the maximum eigenvalue spans the column space of E and

so h. Therefore, this eigenvector can be taken as an estimate of h.

2.5.2.2 Channel Identification from Output Subspace

In the previous section, it is shown that channel can be identified from the projection errors
of X1, ..., X, into the projection subspace Z satisfying the properties C1 and C2. Using the
isomorphic relation between the input and output subspaces, the input subspace, Z, can be
constructed from the output subspace, so that direct use of the input sequence is avoided.

Under C1 and C2, the projection subspace is defined as,
Z= St—l,p U St+1,—p

for any p > L. With the isomorphic relation between the input and output subspaces described

in property 1, we have

zZ

St—l,M+L U St+1,—(M+L) =X; (2-38)

Xz Xt—l,M Y Xt+L+1,—M

In figure 2.3 isomorphic relation between input and output subspaces is illustrated. Projec-
tion of X1, ...,X; into input subspace Z is converted into the projection of the current data

X;+1, ..., X; into the output subspace which is spanned by block row vectors of past and future
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Figure 2.3: isomorphism between input and output subspaces

data. This type of projection is called as smoothing, since it uses the future data besides the

past data. The smoothing error matrix, E, can be obtained from the observation data.

Xir1)X,

E= : = hsyy, (2.39)
ith,
The price paid for avoiding the direct use of input sequence is that more input symbol is

required to identify the channel. From Figure 2.3, it is seen that the projection subspace Z and

current data span a (2M + L + 1)-dimensional input subspace denoted as V are given as,

Vo= spl{St—w-L>St—w-L+1,-» St+w+L} (2.40)
s@+w+L) s@+w+L+1) --- s(N)
= R Toeplitz (2.41)
s(t—M-1L)

To ensure that the input data span the whole input subspace, V, the length of row vector of
input signal must be at least 2M + 2L and the input signal complexity must be greater than
2M +2L. Satisfying these conditions, minimum number of input symbols required to identify

the channel is 4M + 4L + 1.
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2.5.3 General Formulation of LSS

Up to now, channel order is assumed to be known. In this section a general formulation is
given when the channel order is not known. For this purpose, projection space, Z, is redefined

according to an arbitrary channel order [ as follows.

Z Xiim YU Xopv1,-m (2.42)

Xiim Y Xesemm

Because of the isomorphic relation between the output and input subspaces,

Z = St—],L+M U Sz+l+M,L+M (2.43)
Therefore,
Sp {S[—L—M’“"Sl"“’ st+l+M} ’l < L
Z =
SPASt—L-w» -0 Si—1} U SP{Sti1—L415 ooos Striam} L <

Projecting x,4;, i = 0, ..., [, into Z;, following results are obtained through Theorem-1 in [3].

Let E; be least squares smoothing error matrix defined by

X117,
E = : (2.44)
it|Zl
then,
0 < L
Siti—
El _ t+1-L|Z; (2.45)
H(h) ,L<I
§t|Zl
where )
h(L)
Hi(h) =| h©) "-. h() (2.46)

h(0) |

The above result is the center of the approach especially when the channel order is unknown.

In the case of [ < L (Figure 2.4.a), the projection space Z; includes s, . Since X, ..., X;4; all
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INPUT
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(@)
/ ‘
St Star-11
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(b)

Figure 2.4: Isomorphism between input and output subspaces for [ # L (a) [ < L (b) [ > L
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includes s;, they also lie in the projection space. As a result, when x, ..., X,; are projected onto
Z;, no projection error exists, i.e., E; = 0. When / = L, we have the case described in previous
section, where the channel vector spans the column space of E;. When we choose the channel
order greater than L (Figure 2.4.b), Sps41, .., Sp+/—L are not in Z;. Since each of x, ..., X,4; does

not lie in Z;, they contribute the least squares smoothing error which is formulated in (2.45).

2.54 Joint Order Detection and Channel Estimation by Using LSS (LSS) [3]

The idea here is to fit the smoothing error matrix, E;, by jointly choosing the channel order
and channel impulse response. With a fixed L, as the upper bound of the channel order L,

from equation (2.45) under assumption of linear complexity, A2, we have
C{EL,} = C{HL,) (2.47)
LetQ=| Qy --- Q, ] be the matrix whose row vectors are orthogonal to the column space

of E; with dimension (P(L, + 1) - L, + L—1) X P(L, +1). Q; i = 1, .., Lu are the partitioned

matrix of Q each having P columns.

[ Q0 - Qu |EL=0 (2.48)
which implies ] ]
Qo QL
h(L)
Block
=T (Qh=0 (2.49)
Hankel
h(0)
Q. |

The remaining is to show that the solution of the homogenous linear equation 7,(Q)h = 0
is unique up to a complex scaling factor. Assume that k is treated as the estimated channel

order, then we have

Q@ - Q]

Block
z=T,(Q)z=0, 1<k<L, (2.50)
Hankel

Q., |

The homogenous equation 7;(Q)z = 0 has unique non-trivial solution z = oh when k = L,

(i.e., the dimension of null space of T;(Q) is one and the basis for N(T%(Q)) is a scaled vector
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of h ). Otherwise there is only trivial solutions ( i.e., since T¢(Q) is full column rank, only
element in null space of T(Q) is null vector and as a result there is only one solution z = 0),

[3]. Under this statement the criteria is,

{L,h} = argmin ||T(Q)h|| (2.51)
klIhj|=1

The above equation has a closed form solution involving the left singular vector of T;(Q)

corresponding to the smallest singular value.

2.5.5 Algorithm:

1) Obtain the projection subspace from the observation data for an upper bound on channel

order, L,. For this purpose first construct the data structure below.

[ yoM+L,+1) - N |
Fur,
yM + L, +2)
YM+L,+1)
Zmr, = : Yo, (2.52)
y(M + 1)
y(M)
Py,
y(1)

where overall data matrix Z,,y, is defined under a fixed predictor size M > M, and upper

bound for channel order L,. Fyrr,, Par,, Yoz, are the future past and current data matri-

ces respectively. Based on the data matrix, Zys;, determine the 2M + 2L, orthogonal basis
Fur,

{ug,up, ..., uppr427, } Which spans the row space of future-past data matrix, D,,; =
Pk

2) Obtain the projection error matrix of Yz, onto sp{uy,uy, ..., U421, }
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u

Er, = Yuz, - Yur UU, U= : (2.53)

Wp+2L,

3) For each 1< k < L,, treated as the estimated channel order,letQ =| Q, --- Q; |bea

matrix whose rows are the smallest P(L, + 1) — L, + k-1 left singular vectors of E;, and form

VQo Qk—

Block
T (Q) =
Hankel

Q. |

4) Joint order and channel estimation:

{L,h} = arg min ||T}(Q)h]|
Kellhll=1

Left singular vector of T¢(Q) corresponding to the smallest singular value can be taken as a

solution.

2.6 Linear Prediction Method

Linear prediction method is first proposed by Slock [14], it is based on the fact that moving
average (MA) SIMO channel output can also be represented as AR process, whose innovation
is the SIMO channel input. Yule-Walker (YW) equations are solved to obtain zero delay zero
forcing equalizer. Channel impulse response is derived from equalizer equations. It uses
SOS to construct the YW equations and needs pseudoinverse of the covariance matrix. LP
algorithm uses statistical characteristic of the inputs and based on the second order statistics.
It assumes that, the channel input signal is Gaussian distributed white signal. Therefore it
is not a deterministic algorithm as opposed to SS, CR and LSS algorithms. Therefore in
noise free case it does not give the exact channel coefficients from finite number of samples.
As cited in [30] the most striking property of the LP algorithm is the robustness to channel

order overestimation, since the m, order AR process can be treated as mzh order AR process

26



when m, > my;. However in [4] and [18], it is claimed that it is not the case when the
estimated SOS is used and the channel order is over estimated more then two degrees. It is
understood that this technique is sensitive to observation noise and its performance depends
on the channel statistics [16]. Therefore a new algorithm which is claimed to be robust to
channel order overestimation is proposed in [16]. It turns out that this algorithm outperforms
the LP algorithm in [14]. In [17] SNR optimum linear prediction equalizer is proposed and
it is shown that [17] and [16] have the same asymptotically behavior whereas [17] performs
better especially for short data lengths. In this section, a review of the original LP method

[15] and the modified LP method (MLP) [17] is given.

Referring to the section 2.2, the channel output vector, y;(#), which is composed of single

samples from each channel outputs, is given as follows in noise free case.

L
yi (0= h (k) st —k). (2.54)
k=0
This equation can also be written as follows.
y1(0) = Hi(2)s(t) (2.55)

L
Where, H(z) = Y, hz(k)z*. Under channel identifiability condition, according to the Bezout
k=0

Identity [37], there exists inverse filter matrix G(z) such that,

G@H1(x) =1 (2.56)
i.e.,
G@y1(1) = 5(1) (2.57)
K+1 T
Where G(z) = Y, gz ¥ andgi = | gi(k) --- gp(k) | - &(k) is the k™ coefficient of the i
k=0

equalizer filter.

The equation (2.57) implies that y;(¢) is an AR process. Therefore linear prediction filter
exits for y;(¢). For the K ™ order linear prediction, the estimated channel output vector §1(¢) is

written as follows,
K+1

Y= ) Peyi(t—k) (2.58)
k=1
where Py are the prediction filter coefficient vector. The prediction filter coefficients can be
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Y, (t)
hy(t) g,(t)

s(t) | | s(t)
| |

S R e

Figure 2.5: Linear prediction algorithm. Zero forcing equalization.

determined by minimizing the mean square of the prediction error,

en) = yi()-y( (2.59)
K+1

= Y- ) Pyt -k (2.60)
k=1

= YI(t)_[ P, - Py ]YK(I_I) (2.61)

where yx (¢t — 1) = Hgsg.(t — 1). The orthogonality principle leads to E {e(t)yg (r— 1)} =0,

hence the following equation can be written to obtain linear prediction coefficients.

[p] PK+1]RK - —[r(l) r(K+1)] (2.62)
[pl pKH] - _[r(l) r(K)]Rj( (2.63)
where,
r(k) = E {y, 0y} (- b} (2.64)
r© r(1) - rK) |
Re = Efyeovia-pj=| T O (265)
| rH(K) r) |

Under this solution, the prediction error is found as follows,
e(t) = hy(0)s(r) (2.66)

e(?) is a rank one process and the input signal s(#) can be obtained by multiplying e(#) from
left by a vector fT which is the singular vector associated the largest singular value of the

K+1
covariance matrix of the prediction error, D = E {e(t)eH (t)} =r(0)+ X P.r(k).
k=1
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t7e(r) = s(r) (2.67)

Using the above equation, equalization filter G(z) can be obtained as follows.

ffe(r) = s0) (2.68)
K+1 R
0= ) Bye-n| = s0 (2.69)
k=1
PQyi(1) = s (2.70)
Hence,
G(2) = f"P(z) (2.71)
where, P(z) = I — Kil lA’kz‘k.
k=1
The channel coefficients can be obtained as a follows,
h(k) = E{y1(0)s(t - )} = E {y1()G(@y1 (1 - k) 2.72)
in matrix form, ) )
r0) r(l) --- rK)
R 1 2 0 |.
h= r(_ )@ G’ (2.73)
rK) 0 - 0

The main problem of LP method is that prediction error increases when the first channel
coefficient is small. With modified LP, [17] this problem is solved in a certain extent and
SNR optimum LP solution is obtained. The main difference from LP stems from obtaining
f and the matrix P, which is the matrix form of P(z). In MLP, P matrix obtained in LP is
modified such that its columns are orthogonal. In the same manner, f is the singular vector
associated the largest singular value of PYRgP. MLP methods is more robust channel order

overestimation and has better performance when the channel has small tail coefficients.

2.7 Channel Order Estimation

Blind channel order estimation is a critical task required for blind system identification. De-

terministic channel estimation algorithms such as SS, CR, and LSS require exact channel
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order information. There are several algorithms for the channel order estimation in the lit-
erature. Minimum Description Length (MDL) [19] and Akaike Information Criteria (AIC)
[20] algorithms are based on the information theoretic criteria. These algorithms require long
observations for accurate extraction of the statistical parameters. It is known that both of these
algorithms are very sensitive to deviation from idealized Gaussian white noise signal, number
of observations and variations in SNR [4]. Therefore they are not robust approaches and their

performances are not consistent and reliable in realistic scenarios.

In practice, channel impulse response contains long leading and trailing tails as in the case of
microwave channels. Usually the channel is modeled to contain only the significant part of the
impulse response for those cases. The order of the significant part is defined as the effective
channel order whereas the true channel order indicates the whole channel filter including the
tails. In [22], it is shown that when the channel model includes a part of the tail, the estimation
performance of the subspace and least squares algorithms decrease dramatically. In [5] a
channel order estimation algorithm is proposed for the effective channel order estimation.
This algorithm is based on numerical analysis arguments and essentially consider the gap

between the two consecutive eigenvalues of the estimated covariance matrix.

Most of the cost functions derived for channel order estimation monotonically decreases as the
channel order increases, which makes it hard to find the channel order. This problem is tried
to be overcome by using an empirically chosen penalty coefficient [23]. This penalty term
leads to over or underestimation in many of the information theoretic techniques. In [24], a
new cost function is proposed. This cost function is obtained by combining two cost functions
due to channel identification (ID) and channel equalization (EQ), and hence ID+EQ algorithm
is obtained. The main feature of this cost function is its “concave - like” shape. Therefore
channel order estimation can be performed by finding the global minimum. ID+EQ algorithm
is a deterministic method and has finite convergence property as JLSS. It is claimed that it olso

perform well in finding the effective channel order.

In this section, channel order estimation algorithms MDL, AIC, Liavas, and ID+EQ algo-

rithms which are referenced throughout the thesis are summarized.
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2.7.1 AkKkaiki Information Criteria (AIC) [20]

AIC is basically a rank determination method. It uses the covariance matrix to determine
the dimension of the signal or noise subspace to identify the channel length. It assumes that
the channel input is a Gaussian distributed white signal. Under this assumption, correlation

matrix of channel the output can be written as follows:
R, = E{yu(yh®n} = o?H,H}) + 021 (2.74)
The SVD of R, is given as follows, (assuming that channel identifiability condition is hold),

[ 2
/ll+0-v

A +O"2, Us
R=|u, v, | e 275)

g

2
v

where o2 and o2 are the channel input signal and noise variances respectively. Uy is the eigen-
vector matrix corresponding the eigenvalues A; + o2 ... Ay+r + 02 and its columns span the
signal space. U, is the eigenvector matrix corresponding eigenvalues equal to noise variance,
o2 and its columns span the noise space. If one can find the dimension of one of these spaces,
channel order can be found. In noise free case, the number of nonzero eigenvalues give the
dimension of the signal space, which is equal to the number of columns of the channel matrix.
Subtracting the value of M (which is a known value) from the found signal subspace dimen-
sion, the channel order is determined. However in noisy case, it is not so easy to separate
the signal and noise spaces from each other, and the true data covariance matrix is not acces-
sible in practice from finite number of samples. AIC algorithm uses statistical information
to find the dimension of signal/noise spaces or equivalently the rank of the channel output
matrix. AIC finds the channel order via maximum likelihood (ML) optimization and selects

the model that minimizes,
AIC = =210g (7 yurte) -+ yut+ N 1) 10)) + 2k (2.76)

where f ( yu@® - yu@E+N-1) |?)) is the parameterized probability densities and 0 is

the ML estimate of the parameter vector 6. Assuming that the observed vectors {y s (f + k)}kN: :
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are zero mean i.i.d. Gaussian random vectors (note that, this is not the case for the channel
identification problem, because the channel output samples are correlated as a consequence
of FIR channel impulse response.), AIC obtains the dimension of signal space by minimizing
the cost function given below [20], when the empirical covariance matrix R, = ]%,YMYf/[ is

used.
» (MP—k)N

+2k(2MP — k) 2.77)

where 41 > A» > --- > Ayp are the eigenvalues of covariance matrix R,. MP is the size of
the observation vector y(¢) for P channel SIMO system. Channel order is the value of k that

minimizes the cost function AIC(k).

2.7.2 Minimum Description Length (MDL) [19]

MDL is similar to the AIC and selects the model that minimizes,

MDL = —log(f( Y@ o Y+ N1 |9)) + %klogN 2.78)

which results the following cost function to find the dimension of signal space.

MDL(k) = — log | =1 — + 5k@MP ~ k)log N (2.79)
1
g 2 Ai
MPk, 4
where 4; > A > --- > Ayp are the eigenvalues of the empirical covariance matrix ﬁy.

Channel order is the value of k that minimizes the cost function M DL(k).

MDL is an asymptotically consistent algorithm in contrast to the AIC. When the number of
snapshots is increased, probability of wrong detection of the channel order goes to zero [23].

It is more robust to deviation from the Gaussian assumption on the observation vectors.

2.7.3 Liavas Algorithm [4]

Liavas algorithm is proposed for the estimation of effective channel order from channel out-
puts when the channel impulse is long and includes small long channel tails. In that case, true

channel and effective channel order are different and using effective channel order to model
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the system is more practical. Effective rank of the covariance matrix of the received signal

Ry = F {yM O ywm (t)T} is used. y (¢) is the channel output vector formed via stacking M

samples received from each subchannels. Effective rank, r (k) is defined as k= arg min r (k)
k

and

1 e A
T > . lij_l > 3

rk) =4 %+ (2.80)
1 otherwise

where Ay is the k" eigenvalue of the matrix Ry, such that Ay > Ag4;. It is also possible to

write,

k = arg max
ko Akl

(2.81)

Then the effective channel order is gives as L, = k.

2.7.4 ID+EQ Algorithm [24]

ID+EQ algorithm minimizes a combination of a blind channel cost function, which decreases
with the channel order and a blind equalization cost function, which increases with estimated
channel order. As a blind channel estimator, CR algorithm proposed in [8], and as an equalizer
the method proposed in [13] for direct equalization of channel are used. In noise free case,
it was shown that the identification term is zero when the channel order is exact or over
estimated and the equalization term is zero when the channel order is exact or underestimated.
These two cost functions are summed to produce a cost function that has minimum at the
true channel order. ID+EQ is a deterministic method and has finite convergence property.
In the following sections, we summarize the algorithm by giving the identification and the

equalization cost functions used in the algorithm.

2.7.4.1 Identification Part

CR algorithm [8] obtains the channel order that minimizes the following cost function.

Ju(L) =5 i HYk (£)B - Y. (I:)ﬁk”Z, k=1,...,P (2.82)

M=
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where

T

by = | hp,(E). -+ By, 0 (2.83)
Yim (£) Ym+1) e yw(r+ L)
Y (£ + 1) Y (t+2) - yu(t+L+1
Y, (L) = " " q ' ) (2.84)
| ym(t+N=L=1) yu(t+N=L) - yuG+N-1) |
The cost function can also be written as follows,
P
Ju(k)=1- Z ARy, by (2.85)

k.m=1
k#m

where Ry, (ﬁ) = YkH (ﬁ) Y, (ﬁ) The key point is that, when the channel order is overesti-

mated, the channel transfer functions obtained via CR algorithm are in the following form,
Bt = b () % c;_, (1) (2.86)

That is the overestimated channel order generates common zeros besides the true channel

response fzk 7.(0).

(1) |
O e O .0
|

y (0
e oo
|

s(t)

hy (1)

Figure 2.6: CR blind channel identification for SIMO channel.

In figure 2.6 this situation can be seen for two channel case. Since the extra zeros are common,
two branches of the channels are equal as in the case of exact channel order. Therefore the
cost function will be zero for the overestimated channel orders.
A R T
The channel vector, h = [ th . h; ] , that minimizes the cost function under the con-
TS o . - . o .
straint ), “Ykhm” = 1 (which is used to avoid nontrivial solutions) is given as the eigenvec-
k,m=1

k#m
tor associated the largest eigenvalue of the following generalized eigenvalue (GEV) problem:

R(L)h=(1-Jq4(L))D(L)h (2.87)
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where

0 Ry (L) Ry (L)
R(D) - Rp(L) 0 ; A .
: : RP(P—I)(L)
R]p(lAJ) R(P_])P(l/:) 0
Yo Rue (L) 0
D(L) = : : (2.89)
0 Yo Rue (L)

When the channel order is underestimated channel identification is not possible and J;, (ﬁ) >
0. When the channel order is overestimated, the cost function is equal to zero. When the
correct channel order is known, channel is identified up to a complex scalar and the cost

function is equal to zero.

2.7.4.2 Equalization Part

Direct equalization method proposed in [13] is used. In that method, equalization is realized
without the estimated channel coefficients. We will review the direct equalization algorithm
and give equalization cost function in this section. For this purpose, let us start with the

definition of row vectors h (n) = hpi(n) -+ hpp(n) ], yn) = [ yi(n) - yp(n)
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and matrices shown below.

y (K +k) y (k)
. F(K+k+1) yk+1)
Y. (L) Y Y (2.90)
| F(N-L-K+k-1) F(N-L-2K+k-1) |
s(K +k) s(k—-L)
- A s(K+k+1) stk—=L+1)
Se(L) = (2.91)
| s(N-L-K+k-1) s(N-L-2K+k-L-1) |
RO 0 - 0
h (0)
hawy @ .0
T, = 5 3 (2.92)
0 h( h (0)
0 - 0 h |
In noiseless case, SIMO system outputs can be written as follows,
Y (L) =8 (2)T, (2.93)
If T, is full row rank, there exists a matrix,W (L) = [ wo (L) Wk (L) | such that,
Vi (L)W @) =8 (2.94)
and for k,m =0, ..., K + L, this matrix will satisfy
Vi (L) wie (L) = Y, (L) Wi (L) (2.95)
This equation is used to drive the equalization cost function which is given as,
1 K+L _ _ 5
Jeg () e k;g Wi (£) wie () = o (L) W (1) (2.96)
K+L
= 1- Z wi! (L) Renw,, (L) (2.97)
k,m=0

k#m

K+L

and with a constraint kgo |§~(k (I:) Wi ( z)”z = 1, and Ry, (I:) = f{kH (1:) S?m (I:) The solution

that minimizes the cost function is given by the eigenvector associated largest eigenvalue
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value of GEV:

— zR (L)W (L) = (1= Jeq (L)) D (L) W(L) (2.98)
where W (I:) = [ Wg ( ﬁ) . ‘?VITGL (ﬁ) and,
0 RO 1 (ﬁ) s l~lo(mﬁ) (i)
R() - Rio (L) o | ew
: - ' R(kii-1)(k+1) (L)
| Riksio (L) - Rixit)(ksio1) (£) 0
ROO 0
1)(12) = s : (2.100)
R )

In [24] It is shown that, when the channel order is overestimated equalization is not possible
and J, (I:) > 0. When the channel is underestimated, there are infinite number of solutions

and the input signal is obtained as §(n) = | q, % s(n) in noise free case ( *

ar-f,
indicates the convolution operation). Therefore, the equalization cost function is equal to zero
for underestimated channel orders. When the channel order is known, channel is equalized

perfectly and equalization cost function is equal to zero in noise free case.

2.7.4.3 Combined Cost Function

The determined channel order, equalization and identification cost function are summed to
obtain a single cost function. Since both of the cost functions for the equalization and identi-
fication are limited between 0 and 1 as a result of the constraints defined on them, summation
with equal weighting is enough to construct the combined cost function for the channel order

estimation. Therefore overall cost function is,

J(L) = Jog (L) + Jia (L) (2.101)

To find the channel order, the cost function defined in (2.101) is determined for the channel
orders in the search set. The channel order that produces the minimum cost is taken as the

true channel order.
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CHAPTER 3

BLIND CHANNEL ORDER ESTIMATION

3.1 Introduction

Channel order estimation is an important problem in many signal processing applications. In
this thesis, this problem is considered for finite impulse response (FIR) SIMO systems. In
blind estimation for SIMO systems, the main problem is to obtain the channel coefficients or
the input signal given the SIMO system outputs. The input and channel coefficients can be

estimated accurately when the channel order is known.

Incorrect channel order estimation results performance loss especially for the channel estima-
tion algorithms with finite convergence property such as SS [6], LSS [7] and cross relation
(CR) [8]. On the other hand, there are methods that work in a robust manner in case of overes-
timated channel order [32, 14, 15, 33]. The main disadvantage of such techniques is that their
performance is not as good as the SS or LSS algorithm when the true channel order is supplied
to those algorithms [15]. Therefore channel order estimation is an important problem and it

determines the performance of the channel estimation algorithms.

There are different algorithms for the channel order estimation in the literature. Minimum
Description Length (MDL) [19] and Akaike Information Criteria (AIC) [20] algorithms are
based on the information theoretic criteria. These algorithms require long observations for
accurate extraction of the statistical parameters. It is known that MDL usually performs better
than the AIC and AIC has a tendency for overestimation [4, 21]. Both of these algorithms are

sensitive to colored noise [21].
Joint channel order and channel estimation with LSS method (JLSS) is presented in [3]. It
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is shown that JLSS can find the true channel order from finite number of samples in case of
noise free observations. Joint least squares smoothing (JLSS) [3] and ID+EQ [24] are the two
algorithms that can find the true channel order from finite number of samples in noise free
case. Until now, JLSS and ID+EQ were the only algorithm known to have finite convergence

property for the channel order estimation.

In this work, two new channel order estimation algorithms are proposed, namely the channel
output error (COE) and channel matrix recursion (CMR) algorithms. Both of these algorithms
have the finite convergence property. In other words, they find the true channel order by using
finite number of samples for noise free case. In addition, they have several distinct features
which make them practically the most effective algorithms known in the literature. Their
performances are significantly better than the alternatives for noisy observations. They are
robust to different parameters such as the number of channels, channel order and the number
of input samples. COE algorithm is computationally demanding. In return, its performance
gets better than CMR with the increase in the number of channels and the channel order. On
the other hand, CMR performs better when the number of channels and the channel order
is small. CMR has better computational efficiency than the COE algorithm. In this respect,

COE and CMR complement each other nicely.

Most of the cost functions monotonically decrease as the channel order increases, which
makes it hard to find the true channel order. This problem is tried to be overcome by us-
ing an empirically chosen penalty coefficient [23]. This penalty term leads to over or un-
derestimation in many of the information theoretic techniques. In [24], a new cost function
is proposed. This cost function is obtained by combining two cost functions due to channel
identification (ID) and channel equalization (EQ), and hence ID+EQ algorithm is obtained.
The main feature of this cost function is its “convex - like” shape. Therefore channel order
estimation can be performed by finding the global minimum. The motivation in this thesis
is to construct a similar cost function, which allows us to obtain the channel order from the
global minimum. In this respect, channel output error is chosen as one of the cost functions.
In order to compute the COE, channel coefficients and the input signal are estimated for a
given channel order. Then the channel output is regenerated and compared with the observed
channel output. The cost function is the norm of the difference between the estimated and the
observed channel outputs. It is proved that the proposed cost function has a global minimum

at the true channel order for noise free case. COE has a “convex-like” shape due to two main
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reasons. These are the generation of common channel zeros by the LSS algorithm [7] for the
overestimated channel order and the unstacking operation for the regeneration of the input
sequence. While a similar cost function is used for the channel estimation and frame synchro-
nization in [34], through the use of pilot symbols, COE is not employed for the channel order

estimation before.

As in the COE algorithm, CMR is also based on the properties of the LSS algorithm. Channel
matrix is estimated using LSS algorithm for a range of channel orders. The relation between
the channel matrices with consecutive channel orders are used to obtain a new cost function
for channel order estimation. It has the finite convergence property. Therefore CMR finds the
true channel order by using finite number of samples in noise free case. In addition, it has
several distinct features which make it one of the most effective algorithm in the literature.
Its performance is very good for noisy observations. Furthermore, CMR is robust to different

parameters such as the number of channels, channel order and the number of samples.

Several experiments are done in order to compare the proposed methods with the alternative
techniques such as MDL, AIC, Liavas [5], ID+EQ [24] and JLSS [3]. These algorithms are
evaluated for random channels. It is shown that the proposed methods perform significantly
better for noisy observations when different number of channels and channel orders are con-

sidered.

The organization of the chapter is as follows. Section 3.2 describes the system model and
the problem. Proposed methods COE and CMR are presented in Section 3.3 and Section
3.4 respectively. The proof of the Lemmas and Theorems in these sections are given at the
Appendix. The performances of the proposed methods are evaluated in Section 3.5. Finally,

conclusion is given in section 3.6.

3.2 System Model and Problem Definition

The structure for a SIMO system is shown in Figure 3.1. s (¢) is the input signal, and there are

P channels with channel order L. The channel output vector can be written as,

L
y, (0= ZhL (k) s (t = k) +my (1) 3.1
k=0
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where

r T

O = [ w0 no o | (32)
r T

b = | ha 0 ha®0 o R | (3.3)
r T

n® =m0 o o | (3.4)

The P x 1 vectors, y, (1), hy (k) , and n, (?) are the received signals, channel impulse response
and additive noise respectively. y, (¢), h; (k), and n, (¢) are the scalar values of the output
signal, channel impulse response and additive noise for the i channel respectively. The

matrix formulation for the same model can be given as,

y1(@®) =Hisp () +ny () (3.5)
where,
Ho= | b ho@-1) - b | (3.6)
T
Sr+1 = [ s(t—L) --- s(l‘)] (3.7)

System output can be modified to include M samples for each channel and the following

equation can be written,

Yy () = HySpL (1) + myy (1) (3.8)
where

ym () = :le(t—M+1) oy @ ]T (3.9)

ny () = :nlr(t—M+1) ol (1) ]T (3.10)

Sm+L (1) = :s(t—L—M+1) s (D) ]T (3.11)

[ by (L) - h(0)
Hy, = (3.12)
hy (L) -+ h(0)

The MP x (MP + L) matrix, Hy,, is block Toeplitz with M block rows and with the first row
equal to | H; Opyy—1) |- Hu is called as the channel matrix. Equation (3.8) can be written
compactly as,

Y=HyS+N (3.13)
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where,

Y = [ yu(@®) yu(+M) - yy(+(N-1)M) ] (3.14)
S = [ Su+r(t) Syt + M) - sy (t+(N—-1)M) ] (3.15)
N = [ ny () ny(E+M) - ny@E+N-1)M) ] (3.16)

Note that the convolution expression Hy/S in equation (3.13) requires S to have a special
form. In other words, the last L rows of a given column of S are the same as the first L rows

of the following column.

Our goal is to estimate the unknown channel order L from the observations in a blind manner.

The following assumptions are used in sequel.

A1. The subchannel transfer functions do not share common zeros .

A2. Input signal, s(¢), has a linear complexity greater than 2M + 2L, where M is chosen

such that the channel matrix is a tall matrix.

3.3 Channel Output Error (COE) Algorithm

COE algorithm is based on a cost function which has a global minimum at the true channel
order. The generation of the cost function is presented in Figure 3.1. The channel coefficients
are estimated with the LSS algorithm by assuming L = Lyin, ..., Linay. The operations are
repeated for each value of L. The input signal matrix, S, is obtained by the Moore-Penrose
pseudoinverse of the channel matrix. Data unstacking is applied and the input signal, §(¢),
is extracted from S, which should have a special structure. The last L rows are the same as
the first L rows for a given column for noise-free case. In case of noisy observations, data
unstacking should be used to properly extract the input signal, s(¢), from S. The data unstack-
ing in Figure 3.1 corresponds to removing the last L rows of the input signal matrix, S, and
vectorizing the data. This step is important since the cost function becomes zero for overes-
timation, if S is directly used to regenerate the system output. Once the channel coefficients
and the input signal are available, SIMO system output is regenerated. The estimated output,
Y, is then compared with the observed SIMO output, Y. The channel output error is defined

as the difference between these two terms, i.€.,

COE(L)=¥-Y|,. L=Luin - Lonax (3.17)
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The estimated channel order, L, is found as,
Ley = argmin {COE (L)) (3.18)
L

In the following parts, we describe the steps for the proposed method in detail.

n(t) vi(t) ! Input — 9.(t)

h, (t) 0 Estimation hl:‘l(t)
n, (t I -
AGK 2 R = 9, (t
s(t) h . (t) - Data _L Equalizer _i Data 8(t) h,(t) ) Data
- : Stacking (G) Unstacking - Stacking
o) (! :
Yo (1)1 - 9 (t)
hL,P (t) P( )I h[,P (t) -
I 5
I . Y
I h;
: b LSS
: Channel
Estimation - ~
: v s coE(()
| (2 Al
|
— SIMO > Channel Order estimation: Channel output error >
Channel !

Figure 3.1: Channel output estimation for channel order L in COE algorithm.

3.3.1 Blind Channel Estimation

LSS algorithm [7, 3] is used to estimate the channel coefficients. LSS is a deterministic
method which uses the isomorphic relation between the input and output signal spaces. An
important property of this algorithm is that it has finite convergence property [7]. Therefore,
it can work with small data packets and gives exact result in noise-free case. We have selected
the LSS algorithm for channel estimation, since it generates common channel zeros, when
the channel order is overestimated. In that case, channel matrix is not full column rank and
COE cost function generates a non-zero value for the overestimation. Lemma-1 describes this

property of the LSS algorithm.

Lemma-1: LSS algorithm [7, 3] generates common channel zeros for noise free case, when
the channel order is overestimated. The remaining zeros are the true channel zeros. If the true
channel order is L and the overestimated channel order is L, the number of common zeros is

L-L.
Proof: The proof is given in Appendix.
Lemma-2 describes the condition of the channel matrix in case of common channel zeros.
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> h,n) 0,0

S(n) = h.(n) =

| h () Y.

Figure 3.2: Estimated SIMO channel with common channel zeros.

While this is known in the literature, it is presented for the completeness of the discussion.

Lemma-2: 1f the FIR channels of SIMO system have common zeros, then the channel matrix,

H); whose row size is greater than the column size, is not full column rank.
Proof: The proof is given in Appendix.

As a result of Lemma-1, the channel transfer functions estimated by using LSS method in-
clude common zeros besides the true channel zeros, when the channel is overestimated. Then,
the estimated channel is combination of a SIMO channel and a SISO channel, /.(n), whose

zeros are the common zeros as shown in Figure 3.2.

When we want to equalize the channel with the estimated channel coefficients, common chan-
nel transfer function, &.(n), is also equalized with Wiener equalizer besides the true channel.
Wiener equalizer is a linear equalizer and perfect equalization of a FIR modeled SISO channel
is not possible. As a result, channel input cannot be estimated truly when the channel order is

not known.

Another important property of the LSS algorithm is that, the generated common zeros are
located on the unit circle. This property of LSS algorithm is described by Lemma-3, and the
proof is done for the overestimated channel order by one because of the complexity of the
problem. This property is not shared by other blind algorithm, such as SS and CR, which also
generate common zeros. When the common channel zeros are located on the unit circle, the
inverse channel transfer function does not decay to zero as time index go to infinity. Therefore
FIR equalization is not possible. Equalization error is large and increases as the input length

increases due to stability problems. Hence, the error on the estimated channel input due to
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the equalization of the common channel zeros is higher compared to common zeros located

inside the unit circle.

Lemma-3: When the channel order is overestimated by one, the common zero generated by

the LSS algorithm is located on the unit circle.
Proof: The proof is given in Appendix.

In Figure 3.3, pole-zero plots are given for the estimated channels by SS and LSS, when
the channel order is overestimated. The true channel order is L = 3 and the number of
subchannels is P = 2. Channel order is taken as L = 6 in SS and LSS algorithms. As shown
in Figure 3.3, common channel zeros are generated by both of the algorithms. However,
common zeros in LSS are close to the unit circle. Therefore, this gives a good idea about
the performance of the LSS algorithm when it is used within the proposed channel order
estimation methods. Since the equalization of channels with zeros on unit circle is harder,

equalization error is higher for LSS case when the channel order is overestimated.
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Figure 3.3: Pole-zero plots for the estimated channels by SS and LSS algorithms. At each
row of the figure a different channel is used. True channel order L = 3 and the number of
subchannels is P = 2. o and + indicates the zeros of the first and second subchannels of the
SIMO system.
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3.3.2 Channel Equalization and Input Estimation

Once the channel coefficients are available, the input signal for the SIMO system can be
obtained by using Moore-Penrose pseudoinverse of the channel matrix. The input signal
matrix, S, is obtained as S = GY, where G is the pseudoinverse of ﬁM, G = I'-\IZ'VI Note
that the pseudoinverse can be found even when ﬁM is not full column rank. In that case,
pseudoinverse uses singular value decomposition and singular values below a certain level
are taken as zero for the inverse operation [35]. (Built in pseudoinverse function in MATLAB

is directly used. Default threshold value defined in the Matlab function is used.)

3.3.3 Data Unstacking

For noise free case, SIMO system output can be obtained through a convolution operation

which can be written as a matrix equation given below,

Y = Hy)S (3.19)

This equation represents a true convolution operation only if the input signal data matrix, S,
is constructed appropriately as explained after the equation (3.13). When there is noise in the
observations and S is estimated by the pseudoinverse of the channel matrix as § = HLY, the
structure of the S matrix is not preserved in S. Data unstacking is used to obtain the input
signal, §(¢) from S appropriately. Then a new input signal data matrix which has the similar
structure like S can be constructed from 5(¢), or §(¢) can be directly used in the convolution
operation as shown in Figure 3.1. Note that, if data unstacking is not performed and § is
directly used to generate an estimate of the channel output, Y = HyS, COE becomes zero
independent of the value of the overestimated channel order, [, for noise free case. Therefore
data unstacking results nonzero COE for overestimation and we obtain a “convex-like” cost
function for the channel order estimation. Data unstacking deletes the last L rows of S and
8(t) is obtained from this matrix through a vectorization operation. A toy example for data

unstacking is given below for L = 2.
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Data unstacking plays an important role in the COE algorithm. The effect of the data unstack-
ing can be included to the convolution equation in order to prove that the proposed algorithm
has the finite convergence property. The matrix formulation is reorganized in Appendix-A
for this purpose and it is shown that the convolution operation Hy,S in equation (3.13) can be
written in a different way by taking the special structure of S into account. The formulation in
the Appendix-A can be used to prove the relation between the observed, Y, and the estimated

channel output, Y.

3.3.4 Channel Output Error

Once the channel coefficients and the channel input are available, the channel output is regen-
erated as shown in Figure 3.1. The difference between the observed and the estimated channel
outputs is defined as the channel output error. COE is used as the cost function to find the
channel order. In Theorem 1, it is shown that COE has a global minimum at the true channel

order for noise free case.

Theorem-1 : 1t is assumed that a SIMO system is given as in Figure 3.1. For a range of
channel order values, L. = Ly, . . . , Lmax, the channel coefficients are estimated by the LSS
algorithm. The input signal matrix is obtained through pseudoinverse, S = I’-\I;,[Y. After the
data unstacking operation on S, input signal, § (r), is obtained. Given §(¢) and the estimated
channel coefficients, I%Li ®,i=1,.,P,t=0,.., L, SIMO system output is regenerated and

Y is obtained. The channel output error is defined as
COE(L) =¥ -Y|,. L=Lun- Luar (3.20)
COE has a global minimum at the true channel order L = L for noise free case.

Proof: The proof is given in Appendix.
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In Figure 3.4, Theorem-1 is verified for noisy observations through simulations. Channel
order is selected as L = 5 and the number of channels is P = 3. Channel coefficients are
complex values chosen randomly from a zero mean unit variance Gaussian set and change in
each trial. For different values of channel orders, COE is computed for 200 trials and average
of the COE’s are taken as the final COE for a given channel order. The results also include the
wrong channel order estimation cases, that is outliers are not discarded. As shown in Figure

3.4, COE has a global minimum at the true channel order, L = 5.

COE, dB
| i |

5
Channel order

Figure 3.4: Channel output error (COE) for noisy observations.

3.4 Channel Matrix Recursion Algorithm (CMR) Algorithm

Channel matrix recursion algorithm is based on the estimation channel matrix via LSS algo-
rithm for different channel orders. Before the explanation of the algorithm details, it is better

to summarize some important properties of the LSS algorithm for noise free case.

e When the channel order is overestimated, LSS results common zeros besides the true

channel zeros.

e When the channel order is overestimated, the estimated channel matrix is not full col-

umn rank as a result of common zeros.

Properties of the LSS algorithm given above are stated by Lemma-1 and Lemma-2 in this
chapter.
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Figure 3.5: Overestimated channel order results common channel zeros in LSS.

As aresult of Lemma-1, the channel matrix with overestimated channel order, i.e., L=L+m,

m > 0, can be written as follows.
D = g (3:21)

where HE.”’H) is a Toeplitz matrix with first row [c;;+1(0) - cpp1(m+ 1) 0--- 0] and first

T

column equal to [¢;,+1(0) O---0]". ¢;u+1(k) are the coeflicients of the transfer function of m+1

common Zeros. HE‘? is a block Toeplitz convolution matrix. Hgmﬂ)

is Toeplitz convolution
matrix only if the channel order correctly estimated. Consider that the channel matrices with
consecutive channel orders L. = L+m and L = L+m+ 1 are estimated with the LSS algorithm.

The following relation between these two matrices are assumed to be hold,

L+ D)
HM = HM A, (3.22)

The equation (3.22) is satisfied perfectly only when L =L (i.e.,m=0). In this case, Ag = Hg
is a Toeplitz matrix which can be easily seen from (3.21). When [ < L (which corresponds
to underestimation) or L. > L (which corresponds to overestimation), (3.22) is not perfectly
satisfied. In CMR algorithm Lis changed between [y, Linax] range and the value of L=L
is searched based on (3.22) and the fact that A,, is a Toeplitz matrix only when L = L. The

estimation of A, is done using the following equation.
A @)\ gD
A,=Fo (HM) H,, (3.23)
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where, © is the Hadamard product and (M + L + m) X (M + L + m + 1) matrix F is a Toeplitz
matrix with first row equal to [1 1 0---0] and first column equal to [1 O--- 01”. ()" indi-
cates the Moore-Penrose pseudoinverse. There are two functions of F in (3.22). The first one
is a filtering action which selects the diagonals from the matrix in parenthesis to generate the
expected matrix structure in (3.22) for m = 0. The second is to generate error for overestima-
tion. In the following theorem, CMR cost function is defined and its main characteristics are

described.

Theorem-2 : 1t is assumed that a SIMO system is given as in Figure 3.1. For a range of
channel order values, L. = L+ m = Ly, -+ , Lyax, the channel coefficients are estimated by
the LSS algorithm. Let the estimated channel matrix is given by Hﬁ,l for the channel order L.

M 1is chosen such that the channel matrix is a tall matrix. The cost function is defined as,

Ecur (ﬁ) - ||H5"£1+1) B HEViI)A’"”z / ||H5sz+1) ’2 (3.24)
A, = FoB, (3.25)
B, = (H;/L;m))T H$+m+]) (3.26)

has global minimum at true channel order, [ = L, in the noise free case.
Proof : The proof is given at the Appendix.

In Figure 3.6, Theorem-2 is verified for noisy observations through simulations. Channel
order is selected as L = 5 and the number of channels is P = 3. Channel coefficients are
complex values chosen randomly from a zero mean unit variance Gaussian set and change in
each trial. For different values of the channel orders, Ecyr is calculated for 200 trials and
average of the Ecyr’s are taken as the final Ecyp for a given channel order. The results also
include the wrong channel order estimation cases. As shown in Figure 3.6, CMR has a global

minimum at the true channel order, L = 5.
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Figure 3.6: Cost function, E¢ g, for channel matrix recursion (CMR) for noisy observations.

3.5 Evaluation and Comparison of the COE and CMR Algorithms

Proposed methods are evaluated for random channels, signals and noise sequences in order
to show the robustness of the algorithms. In order to improve the performance of the COE
algorithm in noisy observations, we used the Wiener formulation instead of the pseudoinverse,
namely,

§ = 20 (AL, + 621) ' Y (3.27)
Note that the Wiener expression &%ﬁﬁ (I’-\IMI:I% + &%I)_l and Moore Penrose pseudoinverse
(I'-\IAH,II’-\IM)_I I’-\Iﬁfl are the same for noise free case (62 = 0) up to a scale factor, if the singular
value decomposition is used for the matrix inversion, and the singular values below a certain
level are set to zero in the inverse operation [35]. Wiener expression in (3.27) requires the
knowledge of the signal and noise powers. For this purpose, the method proposed in [36] is
used. It is based on the noise and signal subspaces. The space spanned by the columns of the
channel matrix is the signal subspace. The projection matrix, Py, is generated for estimating

the noise variance as,

P, =1-HyH,, (3.28)
where,
_ T
Hy, = (H}jH)) H} (3.29)
The noise variance can be found as,
1 N
)
0= — tr (PR 3.30
= (PR 30



where ﬁy = #YYH . Signal power is found by removing the noise part from the output

correlation matrix, Ry, i.e.,

=
Il

H;, (R, - o21)(H;,)" (3.31)

q
[

52 ir(Ry) /(M + L) (3.32)

The SNR for the evaluation of the algorithms is is computed as,
1 & 2
SNR = ——E ; |v; (%) (3.33)

where P is the number of outputs, o> is the noise variance and yj (k) is the noiseless samples

of the j* output.

In the simulations, complex channel coefficients are selected from a zero mean unit variance
Gaussian distribution. Input is a QPSK modulated sequence with 100 samples and 200 trials

are performed to report the average of these trials. The value of M in (3.8) is chosen as M = L.

Figure 3.7 shows the approximate probability density functions (pdf) of different channel
order estimation algorithms and the proposed methods for a SNR = 15dB. COE and CMR
give the best distribution in terms of finding the true channel order. COE and CMR have
small underestimate tails but they do not have overestimation. MDL has both underestimate
and overestimate tails but it has the second best characteristics after COE and CMR. ID+EQ
has a significant tendency for underestimation. AIC has a strong overestimation characteristic
mostly missing the true channel order due to the fact that it works properly only at high SNR
(SNR > 25dB). Liavas also works properly at high SNR and its distribution is not satisfactory
for low SNR.

Table 3.1 and Table 3.2 summarize the performance of COE, CMR, MDL and AIC algo-
rithms for different number of channels and channel orders. The robustness of the proposed
algorithms for different SIMO parameters can be seen easily. For COE and CMR algorithms,
estimation performance is improved as the number of channels increases. Performance de-
creases as the channel order is increased. Overall, COE and CMR algorithms return the best
performance almost all of the cases considered in the tables. CMR shows a better performance
than COE when the channel order (L < 5) and the number of channels is small (P < 5). COE
is the best algorithm when the channel order and number of channels is large. There is a small

part (L > 7, P > 4) where MDL seems to perform better than CMR. If the number of samples
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for the input signal is increased to 150 samples, the performance of CMR increases. As a
result, it becomes better than MDL for all cases. In this case, COE is better than CMR when
L > 7 and P > 2. Therefore, the increase in number of samples has more positive effect for
the CMR algorithm. However further increase do not change the performance significantly.
Liavas algorithm has the same tendency as the COE. In other words, its performance increases
with the number of channels and it decreases as the channel order is increased. AIC and MDL
show somehow mixed and opposite characteristics. While AIC performance has a tendency
to fall as the number of channels increases, MDL performance mostly improves except for

L=2.

The probability of correct channel order estimation is presented in Figures 3.8, 3.9 and 3.10
for(L=3,P=3);(L=5,P=3)and (L =5, P = 5) respectively. As shown in these figures,
the proposed algorithms outperform the alternatives in all SNR ranges. The characteristics of
the algorithms observed in Table 3.1 and 3.2 are also verified for different SNR values in these
figures. CMR is the best one when the channel order and the number of channels is small. As
the channel order or the number of channels increases, the performance of the COE algorithm

gets better than the CMR approximately after S NR > 6dB.

3.6 Conclusion

Two new channel order estimation algorithms, COE and CMR are proposed for FIR SIMO
systems. Both of these algorithms are based on the LSS algorithm which generates common
channel zeros for the overestimated channel order. In COE, channel coefficients and the input
signal are estimated to regenerate the SIMO system output in order to compare it with the
observed output. It is shown that COE has a global minimum at the true channel order for
noise free case. CMR uses the relation between the channel matrices for the overestimated
channel orders. It also finds the true channel order for the noise free case. CMR is a compu-
tationally efficient alternative to the COE algorithm. It performs better than COE algorithm
especially when the number of channels and channel order is small. Both COE and CMR

perform significantly better than the alternative algorithms for a variety of cases.
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Figure 3.7: Probability density functions (with shape-preserving curve fitting) of the channel
order estimation algorithms: MDL, AIC, Liavas, JLSS, ID+EQ and proposed methods COE

Estimated channel order

and CMR. S NR = 15dB, the true channel orderis L = 5 and P = 3.

Table 3.1: AIC, Liavas and MDL performances (percentage of true channel order estimate)

for different channel order and number of channels. S NR = 15dB, input length = 100.

Channel Number of channels, (P)

order AIC 1T Liavas 1 MDL

@) 2 13 T4 75 T6 7 J[2 T3 45 67 [[2T3T4T5T6 7
2 52.6| 234 14.0] 78 | 60 | 438 18.6] 442 62.4 82.2| 90.0] 922[| 67.8] 66.2] 69 65.4| 68.8] 65.6
3 442| 292 17.4| 10.0| 11.2| 10.0{| 74 | 304| 45.0| 63.8| 73.6] 80.6(| 49.8] 69.0| 76.2| 74.4| 80.0| 79.4
4 44.0| 356 19.4| 168] 11.8] 8.0 3.2 17.2] 33.8| 44.2| 588 68.8[| 350| 67.4| 76 83.4| 79.8] 85.4
5 36.4| 34.2| 23.0| 17.4| 13.6/ 102|| 1.6 | 9.6 | 254| 37.6] 46.8] 60.0(| 21.8] 66.2| 82.8 83.0| 90.8| 91.8
6 32.2( 402 27.6| 21.4| 142| 120[| 02 | 6.8 144 23.6] 32.0] 41.4|| 11.0] 57.2| 77.8] 86.0] 90.2{ 89.4
7 22.6| 40.0| 30.2] 22.2| 16.0| 122[| 0 20 | 6.6 142 192 26.0|| 54 | 46.6] 74.2| 85.8| 89.8] 91.4
8 24.8| 39.0| 31.6] 22.2| 202 152 0 06 | 26 | 86 140 16.6{| 2.6 | 384| 71.6] 85.0|/ 93.2| 93.6
9 16.4| 42.6| 33.0| 24.6| 19.0] 134[| 0 02| 26| 54| 80 12.6]| 1.0 | 27.6] 61.2| 82.6/ 89.0| 94.4
10 0 38.6/ 34.0( 23.0( 204| 17.0{| 0 0 0.8 1.6 | 50| 68 0 16.0| 51.8] 73.4| 852 90.8

Table 3.2: COE and CMR performances (percentage of true channel order estimate) for dif-

ferent channel order and number of channels. S NR = 15dB, input length = 100.

Channel Number of channels, (P)
order COE 1T CMR

(L) 2 T3 T4 5 TJ6 7 273 TJ4TJ5 71617

2 84.8| 96.4[ 99.0] 99.2] 100 | 100 92.2] 99.4] 99.8] 99.8] 100 | 100
3 71.0{ 93.6] 97.8] 99.6| 99.0| 99.4|| 80.4| 95.4| 98.8| 98.6] 99.4| 99.4
4 682 91.2| 97.4| 98.6/ 99.4| 99.4|| 740/ 92.8| 98.2| 98.4| 98.8| 99.6
5 59.2| 91.2| 95.6] 98.0| 98.4| 99.6/| 66.6| 86.8| 93.4| 96.8] 98.4| 98.4
6 50.0] 81.6] 93.6] 98.4| 98.0] 98.6[| 54.8| 79.8] 90.6] 93.8] 97.2| 97.8
7 39.0{ 79.6] 91.2] 98.4| 97.6| 98.6(| 422| 69.8| 83.8] 90.4| 93.4| 94.6
8 42.6] 69.0| 86.8| 93.6] 95.2| 94.6|| 37.0] 62.4| 78.6/ 86.6| 90.8| 93.0
9 39.2] 66.2| 82.6] 91.2| 96.2| 95.6|| 30.4| 554| 69.4| 79.4| 84.8| 90.2
10 27.6[ 640 79.4| 90.0| 942] 96.8|| 22.0| 43.4| 61.8] 70.2| 77.4| 83.8
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Figure 3.8: Channel order estimation performance for L = 3, P = 3 and input length = 100.
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CHAPTER 4

CHANNEL ORDER ESTIMATION USING TRAINING DATA

4.1 Introduction

In this chapter, channel order estimation is considered for the systems which uses training se-
quences. The motivation here is to understand and compare the order estimation performance
with the blind techniques. Blind methods do not use training data to identify/ equalize the
channel. Therefore they are more bandwidth efficient methods. Blind methods are preferred
for the systems which have synchronization problem, because they do not have to synchronize
to the training data for channel identification. On the other hand,blind methods can identify
the channel up to a scale factor for SIMO systems, while the training based methods can

identify the channel exactly.

Training based methods estimate channel coefficients using only the received data containing
the known symbols. All other observations are ignored. Therefore synchronization should
be achieved for channel identification. Otherwise, expected performance cannot be obtained.
Synchronization should be achieved before the equalization or jointly with the channel iden-
tification, since the channel coefficients cannot be found without knowing the placement of
the known symbols at received signal. In [34], synchronization and channel identification is

achieved in a joint manner using a single cost function which has a global minimum.

Another problem to be solved in training based methods is the channel order estimation as in
the case of blind methods. In training based methods, channel order is usually assumed to be
known as in [34] or they use overestimated channel order employing algorithms like MDL
and AIC. The robustness of training based methods for overestimated channel order is low at

low SNR.
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The bit error rate (BER) performance of the training based methods is better than the blind
methods when the synchronization is achieved and the channel order is known. However if
one of them is not properly estimated, their performance decreases and even becomes worse
than the blind methods. The performance of blind methods can be increased by using training
data beside the unknown data. This can also be thought from the side of training based
methods. With the help of blind methods, which enable the use of whole received data, it is
possible to obtain the same performance with smaller number of training data. This type of
methods are called as the semi-blind methods and have better performance than the training

only and blind only methods.

To our knowledge, there is no algorithm proposed for channel order estimation using only the
training data or using the benefit of training data in channel order estimation. In this chapter,
two new channel order estimation algorithms namely Channel Input Error with Semiblind
Channel Estimator (CIES) and Channel Input Error with Blind Channel Estimator (CIEB) are
proposed. They use the training data to obtain the channel order. In both of the algorithms,
channel input error, which is the difference between the estimated and known pilot symbols,
is used as the cost function to obtain the true channel order. The difference between CIEB
and CIES is due to the method used in channel estimation. In CIEB, channel is estimated
with LSS algorithm in a blind manner. In CIES, channel is estimated by means of a semi
blind method, which is proposed in this thesis. CIES is obtained by the modification of
the method [38] which combines SS and least squares fit on training sequence (LST) in a
single cost function to obtain the channel coefficients. In the modification, LSS algorithm
is used instead of the SS algorithm. In this way, a better algorithm is obtained in terms
estimating the channel order in noisy observations. This is due to the fact that when the
channel is estimated by LSS with overestimated channel order, common zeros produced by
the LSS algorithm are placed on unit circle. This leads to high error in the equalization
step of CIES and generates deeper valleys at true channel order. Both of the algorithms
require synchronization to find the location of training symbols. In CIES, synchronization and
channel order estimation is achieved in a joint manner with multidimensional search for the
channel order and synchronization point. Therefore it has high computational complexity. In
CIEB, synchronization is achieved after channel equalization and on the ISI removed signal by
using the optimum synchronization method proposed in [39]. Proposed algorithms CIES and

CIEB are compared with blind channel order estimation algorithms in estimating the channel
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order and in BER. CIES performs between COE and CMR in channel order estimation. BER
performances of CMR, CIES and CIEB are close. However when the number of channel is

high, CIES performs slightly better than other proposed blind methods.

4.2 Training Based Channel Estimation

In training based techniques, least-squares minimization is used to obtain the channel coef-
ficients by only using the data corresponding to the training sequence. In this section, the
performance of training based LS method (LST) for channel identification/equalization is an-
alyzed with respect to channel order and synchronization. For the SIMO systems, channel

output can be written as follows,

ym(®) = HySpr () 4.1)

where M P x (M + L) block Toeplitz matrix Hy; is the channel matrix and s,z (¢) is the input

data vector for P channel SIMO system. This equality can also be written as follow, by stack-

T
ing the unknown channel coeflicients in single vector, h; = h{(L) h{(L -1 - h{(O) ,
called as channel vector, and rearranging the matrix multiplication.
yu() = Srp(Hhy 4.2)
Where,
Srp(t) = Sp(t) ® Ipxp 4.3)
s(t) s(t+1) oo st+L) ]
s(t+1) s(t+2) --- st+L+1)
S(1) = , T , (4.4)
| sG+M-1) s@G+M) --- s@G+M+L-1) |

Mx(L+1)
and ® indicates the Kronecker product. Ipyp is P X P identity matrix. In training based meth-

ods, a part of the input data is known at the receiver side. A typical training data transmission
strategy is to send training data at the start of each frame for synchronization and channel
estimation purposes as shown in Figure 4.1. Training data starts at time index ¢ + u, where
u is the frame offset reference to starting point of received data. If the synchronization is
provided, (i.e., i is known), channel coefficients can be found via LS minimization from the

received signal that contains the training data as follows,
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Figure 4.1: Training sequence is send at start of each frame. T is the length of training
sequence and N is the frame length.

by = arg min [|yu (1) - See(nh]| 4.5)
h

where Sy p(¢) is the matrix only containing the training data (i.e., training data starts at the
time index ¢ with length M + L). The solution of the LS minimization problem is given as

follows.

iy = (S(08Lp(0)) ' SEa(yw (4.6)

Exact solution exists in noise free case, if S;.(#) has full column rank. S; (¢) is of full column
rank, when the length of training data is greater than 2L+ 1 and it has linear complexity greater
than L. Otherwise, there is infinite number of solutions and exact channel coefficients cannot

be obtained.

A number of simulations are done to see the performance of training based least-squares min-
imization (LST). In the first simulation, the synchronization delay, u and the channel order,
L is assumed to be known for the LST, and compared with the CMR method which obtains
channel coefficients and channel order in a blind way (CMR does not require synchronization
for channel estimation.). Wiener equalizer is used for the equalization of the channel. The
number of frames is K = 5, frame length is N = 100 and 15 bit randomly generated sequence
is used as a training sequence. The training sequence is changed in each trial. Synchroniza-
tion point or the starting time index of the useful data, y, is selected as 3. BPSK is used as
the modulation waveform. Channel order is L = 4 and the number of sub-channels is P = 3.
Channel coefficients are complex values randomly selected from a zero mean unit variance
set. At each SNR level, 200 trials are realized in the simulations. As seen from the Figure

4.2, LST method is better than the CMR, as expected.
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Figure 4.2: BER performance of training based method and CMR method. Channel order is,
L =4, and it is assumed to be known in training based LS method.

When the channel order, L ,is overestimated as L = L + 3 = 7 and synchronization point, x is
known, the BER graph is given in Figure 4.3. As shown from the Figure 4.3, the performance
of the training based methods decreases and becomes worse than CMR. That is when the
channel order is given as overestimated to the training based method, it performance is poor
and worse than the blind method, CMR.

——CMR
—&8— Training

BER

L L L L
-10 -5 0 5 10 15 20 25 30
SNR (dB)

Figure 4.3: BER performance of training based method CMR method. Channel order is
overestimated in training based method, L = L + 3.

In Table 4.1, BER performance of training based LS method is tested against the channel
order and code length. SNR is 10dB and the true channel order is L = 4. Training sequence
with the specified length in Table 4.1 are randomly generated, and changed in each trial. For

the comparison, CMR method is used. Since, the channel order is estimated in a blind way,
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and training sequence is not used in CMR, a table for CMR is not given. For these settings,
BER performance of the CMR method is measured between 0.033 and 0.036. As shown
from Table 4.1, when the channel order is known, the best performance is achieved with
the training based method. When the channel order is underestimated it does not work, i.e.,
channel coefficients cannot be estimated, since BER values are smaller than 0.033 in general.
When the channel order is overestimated by few orders, it works when the code length is
sufficiently long. Its performance is similar to the CMR, when the code length is greater than

15, and channel order is less than 7.

Table 4.1: BER performance of training based method against estimated channel order and
different code lengths. True channel order is L = 4 and S NR = 10dB.

Length of training sequence, T = M + L
Channel order, L || 10 [ 15 [20 [25 [30 [35 [40
0.403| 0.393| 0.376| 0.367| 0.375| 0.369| 0.358
0.309| 0.281| 0.281| 0.284| 0.276| 0.269| 0.277
0.249| 0.202| 0.170| 0.158| 0.154| 0.159| 0.160
0.068| 0.010| 0.009| 0.009| 0.011] 0.009| 0.008
0.221] 0.044| 0.048| 0.025| 0.041] 0.037| 0.028
0.372| 0.075| 0.032| 0.029| 0.030] 0.026| 0.031
0.501| 0.137| 0.070| 0.023| 0.034| 0.030| 0.057
0.560| 0.238| 0.055| 0.035| 0.058| 0.037| 0.035
0.704| 0.382| 0.090| 0.067| 0.035| 0.038| 0.052

—

O | 0| ||| W[

Up to now synchronization is assumed to be provided. If the synchronization is not provided,
performance of LST method decreases dramatically. This case is shown in Figure 4.4. In
the simulations, there is synchronization mismatch up to one sample. The similar simulations

setting are used as in Figure 4.2.
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Figure 4.4: Channel order estimation performance when the synchronization is not achieved.

When the synchronization is not achieved, the LST cost (equation (4.5)) increases. In other
words, LST cost has a minimum when the synchronization is achieved. Using this fact, in
[34] Serpedin method is proposed where channel estimation and channel equalization is done
in a joint manner. The basic principle is to find the best delay at the channel output that gives
the minimum cost at the LS minimization defined in (4.5) for the channel identification. If the
starting point of the training data is ¢ + y, then the cost function for the joint synchronization

and channel identification can be defined as follows.

fy. 2 = arg min H(yM (t+ i) — Spp(t + mﬁ)” 4.7)
f.a
where,
T
@+ = [yarp  yaspem- | 4.8)
T
0 = | w0 | “9)

This minimization can also be realized over more than one frame. When the number of frames

is increased, the performance of the method increases.

h;, i = arg min
h

(4.10)

K-1
D (yar (¢ + o+ kN) = Spp(c + )
k=0

where N is the frame length, K is the number of frames, and T = M + L is the length of the

training data. As seen from the formulation and the structure of the matrices, channel order is
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assumed to be known. In case of channel order is overestimated, i.e., I. = L + m, the solution

is given as,
K-1
byt = argmin || > (yar (¢ + 1 + kN) = Siompp(t + (D) 4.11)
hia k=0
where
Swmp(t + ) = [ Sip(t+D)Supt+ L+ +1) ] 4.12)

First (L + 1)P columns of S(z.mp(t + p) are identical with S;p(¢ + p), therefore last mP
columns are eliminated by setting the last mP elements of the channel vector as zero. Hence
the solution in noise free case is hy ., = (Y 01xup]”. In this solution, synchronization
is assumed to be provided. If it is not the case, there will be more than one solution. For
example, if = 3 and m = 2, then i = 3, 4o = [A] 07 0717; o =2, h o = [07 BT 077
and 2 = 1, 4o = [07 07 hT]7 are the solutions for the channel vector. In noiseless
case, summing the number of leading zeros in the channel vector and fi, the final delay for
synchronization can be calculated. However at low SNR, small coefficients at the tails lead
errors on the channel equalization and furthermore it is not easy to obtain the number of zeros

in channel vector especially when the first element of the true channel vector is small.

4.3 Channel Order Estimation Using Blind Channel Estimator and Training
Data, CIEB

In the previous section, LST method, which is training only method, is introduced and it is
shown that its performance is affected from channel order and synchronization mismatch.
Serpedin method [34] solves the channel estimation and synchronization problem in a joint
manner. However it assumes that the channel order is known, does not provide a solution for
the channel order estimation as discussed in the previous section. Therefore, an algorithm
is needed to obtain channel order in training based systems considering the synchronization
problem. In this section, we have proposed a new channel order estimation method, called
as CIEB, which uses training data for the channel order estimation. CIEB also obtains the
channel coefficients and solve the synchronization problem. This method is similar to the
COE. In CIEB, the cost function is computed by considering the input pilot samples. COE
uses the channel output for the cost function. Channel coefficients are obtained with the blind

LSS method and channel is equalized with the obtained channel coefficients. The difference
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Figure 4.5: Channel order estimation with CIEB method.

between the known training data and estimated input is taken as the cost function. To find
the position of training data on the equalized channel, a synchronization step is required. For
the synchronization, Massey method, [39], is used. Proposed method solves synchronization,

channel order estimation and channel identification in a joint manner.

In Figure 4.5, the system structure of CIEB algorithm is given. The details of the algorithm

are explained in the following sections.

4.3.1 Channel Estimation

As a channel estimator, LSS method is used. However, one can ask that why training based
least-squares minimization method (LST), whose channel estimation performance is better
than the blind methods, is not used. The answer is that, the defined cost function for the
channel order estimation does not have not a global minimum when the channel is estimated
from training data via LS minimization. In noiseless case, channel is equalized perfectly for
the overestimated channel orders and therefore LST cost is zero for L. > L. Therefore the cost
function does not have a single minimum and the true channel order cannot be detected. How-
ever in LSS method the situation is different. As a result of Lemma-1, the channel transfer
functions estimated by using LSS methods includes common zeros besides the true channel
zeros, when the channel is overestimated. Then, the estimated channel is combination of a
SIMO channel and a SISO channel, A.(n), whose zeros are the common zeros as shown in

Figure 4.6.
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| h,0n) .

Figure 4.6: Estimated SIMO channel with common channel zeros.

When we want to equalize the channel with the estimated channel coefficients, common chan-
nel transfer function, &.(n), is also equalized with Wiener equalizer besides the true channel.
Wiener equalizer is a linear equalizer and perfect equalization of a FIR modeled SISO channel
is not possible. As a result, channel input cannot be estimated truly when the channel order is

not known.

Another important property of the LSS algorithm is that, the generated common zeros are
located on unit circle (Lemma-3, see the appendix). This property is not shared by other
blind algorithm, such as SS and CR, which also generate common zeros. When the common
channel zeros are located on the unit circle, the inverse channel transfer function does not
decay to zero as time index go to infinity. Therefore FIR approximation is not possible and
equalization error is high. Hence, the error on the estimated channel input signal due to the
equalization of common channel zero is higher compared to common zeros located inside the
unity circle. We want to obtain high input estimation error, when the channel order is overes-
timated. So that, the true channel order can be detected more easily in noisy observations by
determining the channel input error, which takes its minimum at true channel order in noise
free case. Therefore LSS algorithm is preferred as the blind channel estimator instead of SS

and CR.

4.3.2 Channel Equalization

Channel input signal is estimated by using Wiener equalizer. For FIR SIMO modeled systems,
perfect equalization is possible in noise free case, when the channel has no common zeros.

Pseudo inverse of the channel matrix can be used as the zero forcing equalizer. For better
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performance in noisy observations, MSE optimum Wiener equalizer is used. Wiener equalizer

is given as follows.

A AL iA A -1
8 = oAy (A + 670) Y (4.13)
Wiener expression in (4.13) requires the knowledge of the signal and noise powers. For this

purpose, the method proposed in [36] is used.

4.3.3 Data Unstacking

By using Wiener equalization matrix, G, channel input matrix Sys(¢) is estimated. Channel
input sequence, §(f) is extracted from Su(®) by means of data unstacking operation. In data
unstacking operation, last L rows of the channel output matrix is deleted and resulted matrix

is vectorized.

4.3.4 Synchronization

Synchronization method varies depending on the frame transmission strategies (i.e periodic,
aperiodic, burst frame strategies), channel model (i.e., additive noise channel, flat fading chan-
nel and frequency selective channel) and where the synchronizer is applied at the receiver (i.e.,
before or after the equalizer). The most interesting work about frame synchronization was
done Massey, [39], for a continuous stream of BPSK data with a periodically inserted known
frame synchronization pattern. He developed the maximum likelihood (ML) frame synchro-
nization rule. The result is that classical correlators are not optimum way of synchronization
in AWGN in contrast common belief. ML rule consisted of a standard correlator followed
by a non-linear correction term accounting for the presence of random data surrounding the
known synchronization pattern. In the same work, the high- and low-SNR approximations
were also proposed to generated ML rules for practical systems. The ML criteria for Massey

is given as follows.

T
= D Ist+ ,&)l] (4.14)

=1

T
D Pust+ )
=1

where p;, t = 1...T, are the samples of the synchronization word. s is the received data

[ = max
o

samples , and y is the frame offset.
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4.3.5 CIEB Cost Function

After estimating the input sequence and frame offset, the difference between the estimated
training data and training data is used as the cost function to determine the channel order.

Channel order that minimizes the cost function given below is taken as the channel order.

N T
L=argmin ) [ 3" |87 (c+ i+ kN) = s+ o) (4.15)

L k=1 \=1
where §; indicates the estimated channel input sequence for the channel order, L. T is the
length of training sequence, N is the frame length and K is the number frames. The cost
function has a global minimum at the true channel order. When the channel order is underes-
timated, channel cannot be estimated by the LSS algorithm, hence the estimated channel input
signal is erroneous and cost function has a value greater than zero. When the channel order
is overestimated, common zeros are generated by the LSS algorithm in addition to the true
channel zeros. As mentioned before, this leads to errors on the estimated channel input sig-
nal. Therefore the cost function is greater than zero when the channel order is overestimated.
When the channel order is estimated correctly, channel coeflicients are exactly estimated by
the LSS algorithm and channel input is estimated approximately. As a result, the cost function

has a global minimum at true channel order in noise free case.

4.4 Channel Order Estimation Using Semi-blind Channel Estimator and Train-
ing Data, (CIES)

A new method, CIES, is proposed for channel order estimation. CIES is the modified version
of CIEB to obtain a better performance in channel order estimation. The performance im-
provement is achieved by using a semi-blind channel estimation method instead of blind one.
For this purpose, semi-blind channel estimation method proposed in [38] is modified by using
LSS algorithm instead of SS method. Since a semi-blind method is used for channel estima-
tion, synchronization cannot be achieved as in CIEB. Here the synchronization is done after
the channel equalization. Synchronization problem in CIES is solved by jointly minimizing
the channel input error against channel order and frame offset. We show that the channel input

error is minimum when the channel order and frame offset is truly estimated.
The system structure of CIES method is given in Figure 4.7. The steps of the algorithms are
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Figure 4.7: Channel order estimation with CIES method.

as follows. For a given channel order, L and frame offset /1, channel is estimated by means
of a semi-blind channel estimator. Estimated channel coefficients are used to equalize the
channel. The norm difference between the estimated channel input and training sequence is
taken as the cost function for the given channel order and frame offset. The cost function,
CIES(L, [0), is calculated for different values of channel order and frame offset. The channel
order and frame offset given the minimum cost is taken as the true channel order and frame

offset. The details of the algorithms are explained in the following sections.

4.4.1 Semi-blind Channel Estimation

In [38], a semi-blind method for channel estimation is proposed that combines the cost func-

tion of LST and SS [1] in single cost function. The cost function is given as follows,

argAmin HyM(t +u) — Sp(t +;1)ﬁL|| +a ||Unf1L|| (4.16)

h,
where u is the frame offset and U, is the noise subspace matrix. « is the weighting coefficient
for the contribution of the blind technique. If « is higher, blind subspace method is more
effective on the result. The value of @ is adjusted to obtain the best result by using an ad-hoc
approach. The channel that minimizes the cost function is given as follows for a given @ and

u. (Note that y is assumed to be known.)
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~ il
h; = (s{f (t+ )SL(t + ) + aUnHU,,) SH(t + pym(t + ) 4.17)

Semi-blind channel estimation algorithm proposed in [38] is modified by using LSS algorithm
instead of the SS method. In this way, a better algorithm is obtained in terms of estimating the
channel order in noisy observations. This is due to the fact that when the channel is estimated
by LSS with overestimated channel order, common zeros produced by the LSS algorithm
are placed on the unit circle. This leads to high error in the equalization step of CIES and

generates deeper valleys at the true channel order at the cost function defined for CIES.

LSS algorithm minimizes the cost function below to find the channel coefficients up to a scale

factor, i.e.,

arg min [|Qh || (4.18)
h

L

where Q is constructed from the null space of the smoothing error matrix, E, in LSS method.
(For the detail refer to the Chapter 2.) LST minimizes the following the cost function using

only the received signal which contains the training sequence, i.e.,

argAmin ||yM(t +u)—Sp(t+ ,u)ﬁL” 4.19)
h,

where Sy(t + u) is constructed from the training sequence. The combined cost function is

defined as follows,

arg min [|yu(t + ) = Sp.(t + why || + o || Qhy| (4.20)
h,

with the solution given as follows,

by, = (S}t +wSL(t + 1) + Q" Q)T SE(t + wyu(t + ) 4.21)

The value of @ determines the effect of LSS on the channel estimation. It should be adjusted to
obtain the best result. When @ = 0, it is a training based LS method and channel order cannot
be found properly in noisy observations. When @ = oo, it becomes to the CIEB method. By

adjusting «, the channel estimation performance can be increased beyond LSS.
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4.4.2 CIES Cost Function

CIES uses the channel input error, s(¢) — §(¢), for the estimation of channel order and frame

offset and given as follows.

K T
& A A N 2
CIES(L,iy = Y| |80+ i+ kN) = st + )| (4.22)
k=1 \t=1
L.p = argminCIES (L, 1) (4.23)
Lp

(4.24)

where T is the length of the training sequence, N is the frame length and K is the number
frames. The defined cost function, CIES, has global minimum at the true channel order and
frame offset. Semi-blind method used in CIES is a deterministic method and channel coeffi-
cient can be found exactly from finite number of samples in noise free case when the channel
order and frame offset is known. Therefore, CIES cost function is zero when the channel
order and frame offset is correctly estimated. When the synchronization is not achieved, LST
does not work and channel cannot be estimated. Therefore synchronization is a pre-request.
When the channel order is underestimated, LSS and LST cannot estimate the channel coeffi-
cients. When the channel order is overestimated, LSS finds the channel transfer function with
additional common channel zeros. This leads equalization error in estimated channel input.
Therefore, the cost function will be greater than zero when the channel order is overestimated.
As a result, the cost function is zero only if the channel order and frame offset is correctly

estimated.

4.4.3 Simulations

Several experiments for different channel orders and number of sub-channels were realized for
the performance comparison. The common simulation settings are as follows. , the number of
frames is K = 2 and frame length is 100. As a training sequence (which is also synchroniza-
tion word) 13 bit Barker code is used. As a modulation waveform, BPSK is used. For a fair
comparison, after the channel order is estimated by the algorithms, channel is estimated with
LSS and equalized with Wiener equalizer for all blind channel order estimation algorithms.

In CIES algorithm, the value of « is set to @ = 100. Frame offset is 4 = 3. Frame offset is
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searched in the set i = 1...5 for frame synchronization. Channel order is searched in the set
L =1...L+6inall algorithms. 1000 trials are evaluated at each SNR level to compute the

probability of correct channel order estimation and BER. SNR is computed as follows,

1 & 2
SNR = mE{; |v; (%) } (4.25)

where P is the number of channel outputs, o2 is the noise variance and y;j (k) is the noiseless

samples of the j* output.

In Figure 4.8, probability of correct channel order estimation and BER is plotted against SNR
for L = 3 and P = 3. As seen from the Figure 4.8, proposed methods are better than the blind
methods except CMR and COE in a wide SNR range. Performance of CIES is close to COE
and worse than CMR in channel order estimation. On the other hand, COES has lower BER
than COE when S NR > 12dB. Although CIEB performs worse than CIES, CMR and COE

in channel order estimation, resulted BER in CMR, CIEB and CIES are nearly same.

The same experiment is done for L = 5, P = 3; and L = 5, P = 5 in Figure 4.9 and Figure
4.10 respectively. Channel order estimation performance of CIES increases when the number
of channel increases and became similar with the CMR, which is the best one. Performance
increment is also affected the BER of CIES and lowest BER is obtained by this method, when
SNR > 12dB. Channel order estimation of CIEB also increases with the number of channel;
however this increment is no enough to make it better than COE and CMR. On the other hand,
BER performance is nearly same with CMR and better than COE when the channel order is

also increased.
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Figure 4.8: (a) Probability of correct channel order estimation versus SNR, (b)BER versus

SNR for L =3, P = 3.
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4.5 Conclusion

The use of training sequence for channel order estimation and channel identification is con-
sidered. For this purpose two new algorithms, CIEB and CIES, are proposed. Both of them
compares the estimated channel input with the known training sequence to obtain a cost that
has global minimum at true channel order. Their basic difference is in channel estimation.
CIEB uses the LSS algorithm while CIES uses a semi-blind algorithm to estimate the channel
coefficients. CIES performs better than CIEB as expected, as a result of using semi-blind

algorithm. However, CIES has higher computational complexity due to multidimensional
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search done for joint frame synchronization and channel order estimation. When the training
based methods are compared with the blind methods COE and CMR, there is no significant
improvement for the channel order estimation. However, resulted BER in CIES is lower
when S NR > 12dB and improvement in BER becomes more significant when the number of

channel is increased.
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CHAPTER 5

EFFECTIVE CHANNEL ORDER ESTIMATION

5.1 Introduction

Effective channel order estimation is the task of finding the significant part of the channel
filter. Figure 5.1 shows a generic channel filter impulse response. In this figure, the impulse
response has large and small coefficients. Large coefficients can be assumed to be surrounded
by the small coefficients which are called as leading and trailing tails without loss of gener-
ality. The distinction between tails and the significant part of the channel coefficients can be
made by considering a threshold amplitude /2. The coefficients whose magnitudes are above
v/2 may be defined as the significant part of the filter. Obviously the value of y/2 for deter-
mining the significant part depends on certain factors including SNR and the cost function or
the measure used to define the significant part. When the SNR is very large, the true channel
order can be defined to be the whole filter including the tail coefficients. When the SNR is
low, it may not be possible to clearly identify the tail coefficients. It may also be meaningless
to try to find those coeflicients since the channel equalization performed over the noisy output
samples does not give better MSE for the input samples when the tail coefficients are used
due to noise amplification for the small channel coefficients. Therefore in practice, the task
is to find the effective channel order which corresponds to finding the significant part of the
channel filter rather than the true channel order. In fact in blind problem, it may be impossible
to find the true channel order from the noisy output samples. True channel order has meaning
when the SNR is very large or when the channel order estimation algorithms are tested by as-
suming that the channel filter is known. In this thesis, different channel filters, including fixed
and random long channels with tails and channels without the tails are considered. Note that

when there are no tails, true channel order and effective channel order become same. It should
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also be pointed that when we consider the channels without tails, the channel coefficients are

generated randomly to obtain a Rayleigh distribution.

In practice, finding the effective channel order is more important than finding the true channel
order, especially for the cases when the channel has leading and trailing tail coefficients. This
is mainly due to the fact that channel matrix becomes ill-conditioned, when the channel in-
cludes small tail coefficients. In [22], the effect of small leading and trailing tails for subspace
(SS) channel identification/equalization methods are investigated. It is shown that when the
channel order is overestimated (i.e., the estimated channel includes a part of tail/head coef-
ficients besides the significant part of the channel), the performance of LS and SS methods
in channel estimation degrades dramatically. Therefore estimating the effective channel order
is important for the improvement of the performance of blind channel estimation algorithms

and obtaining better BER.

In [5], a channel order estimation algorithm is proposed for the effective channel order es-
timation. This algorithm is based on numerical analysis arguments and essentially consider
the gap between the two consecutive eigenvalues of the estimated covariance matrix. In [4],
information theoretic algorithms are analyzed and compared with [5S] where the algorithm is
shown to work well at high SNR. In [47], a criteria is presented to determine the effective
channel order when the channel filter is known. In this thesis, this criteria is used to deter-
mine the effective channel order for a given channel filter. In addition, bit-error-rate (BER) is
used as a measure to test the performance of the order estimation algorithms. The proposed
methods for channel order estimation are analyzed under effective channel order concept. It
is shown that COE and CMR are significantly better than other blind methods especially at
low SNR and they tend to estimate the effective channel order when the search set does not
include the true channel order. When the search set includes the true channel order, they tend
to find true channel order at high SNR. The SNR range, where the effective channel order is

mostly estimated, is larger than the alternative algorithms and better BER is obtained.

Channel order is an important parameter for channel estimation and equalization. Best perfor-
mance is achieved when the effective channel order is correctly estimated. However, due to
non existence of high performance of channel order estimation algorithms, this problem has
been solved with the channel estimation algorithms robust to channel order overestimation

or with non-linear adaptive equalizer such as DFE. It is known that their performance is not
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good as the their deterministic alternatives such as SS, CR and LSS which has superior per-
formance when the channel order is known. On the another hand, the main drawback of blind
deterministic algorithms is that their performances decreases dramatically when the channel
order is not correctly estimated. Therefore the use of these algorithms is not practical as a
consequence of absence of high performance channel order estimation algorithms. In this
thesis, it is shown that when the proposed algorithms COE and CMR are used, determinis-
tic blind algorithms can be used effectively and significant performance improvement can be
achieved compared to LP based algorithms and fractionally spaced DFE which not require

exact knowledge of the channel order.

Proposed semi-blind algorithms, CIES and CIEB are also evaluated and compared with the
blind algorithms to see the gain of using training symbols in effective channel order estima-
tion. In chapter 4, it is seen that the training based techniques do not offer much when the
true channel order is considered. This is not the case, when the effective channel order es-
timation is considered. It is shown that CIES performs better than blind algorithms due to
better channel estimation with pilots, when the final BER is considered. However, the main
drawback of this algorithm is the high computational cost due to the multidimentional search

for synchronization.
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Figure 5.1: Channel impulse response showing the significant part and tail of the channels.
Tail coeflicients are assumed to be distributed uniformly between —y/2 and + y/2.

Organization of this chapter is as follows. Effective channel order concept is introduced and
the measurement method given in [47] is summarized. Then several simulations are evaluated
to see the performance of the proposed methods in estimating the effective channel order in

different conditions.

5.2 Effective Channel Order

The measure in [47] is based on the effect of small tails on the estimation performance of
the subspace methods. The estimation performance of those algorithms is measured by the

closeness of the channel estimate to the significant part of the channel.

Suppose that the channel length is L + 1 and the significant part of the channel coefficients are
grouped at the middle of channel impulse response with length L, + 1 starting from the my,

index. In this case, the entire channel parameter vector is given as follows.

h= h©)? --- hm-1D" hm?’ -~ hm+L,— D' h(m+L) -+ h@)T
(5.1)
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Channel parameter vector can be written as the sum of the significant part, h,, and residuals

containing the tails, h,, as follows.

h=h;+h, 5.2)
where,
hy = | oF ... 07 hem)! --- hm+L)" 0o ... 0T
hy = | n(07) - hem-D" 07 - 0T h(m+L—-1" - h(L)T]
- T
h(m) = | hy(m) --- hp(m)
(5.3)
The significant part of the channel is defined as the L, + 1 successive terms, h(m), - - - ,h(m +

L.), which contain the most energy. Hence m is chosen as,

I+L,
m = argmax > I (k)| (5.4)
I =

Now let Hy; (f) denote the channel convolution matrix with M P rows constructed from the

channel parameter vector f. M is temporal window length for the received data.

[ f0) £1) - £

fo) £ --- £

Hy (f) = (5.5)

£0) f(1) --- f(L) |

MPx(M+L)

Using this notation, channel convolution matrix can be written as the sum of the convolu-
tion matrix constructed from the significant channel coefficients, Hy; (hy) and the convolution

matrix constructed from the tail coefficients, Hys (h;).

Hy (h) = Hy (hy) + Hy (hy) (5.6)

SS and LS based channel estimation methods use the data auto-correlation matrix. If the
channel input is white Gaussian process with unit variance, the data covariance matrix can be

written as follows.
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Ry Hy (h) Hy ()" (5.7)

Hy (hy) Hy (hy)" + Ey (5.8)

where Ey is the covariance matrix including the effect of tails. If the tails are zero and the
order of the significant part is known, SS and LS algorithms estimate the channel coefficients
correctly in noise free case. Addition of zero tails does not change the covariance matrix.
However small leading and trailing tails add noisy terms to covariance matrix, which has
nearly the same effect to the algorithms with colored input sequence [22]. Assuming that the

significant part is to be estimated, in [22] it is found that the estimation error is bounded by

I, - || < 2 V2%

(5.9
O2L,+1

for two channel SIMO system in the case of M = L, + 1. 031,41 is the non-zero smallest
singular value of the convolution matrix Hj, (hy) and gz, is the norm of the convolution matrix
Hp (hy). The value of 05,41 identifies the diversity of the channel. Hence the estimation
error depends on the diversity of the channel and the size of the tails. If the diversity of the
channel is large and the magnitude of the tails is small, then LS/SS methods estimate the
channel impulse response closer to the significant part of the channel. Concluding from that,
the following criteria is selected to determine the effective channel order, which is generalized

to the P channel SIMO system, i.e.,

0-M+Le/8Le (510)

where o741, is the non-zero smallest singular value of the matrix Hys, which is built from the
significant part of the channel. g, is the norm of the matrix Hyy, built from tails. The effective

channel order L., is selected as the value that corresponds to the maximum of ops4z, /€1,

Note that, when the selected value of L, is equal to the true channel order, L, then h; = 0 and
gr, = 0. The measure given in equation (5.10) takes the maximum value and the effective
channel order and true channel order becomes the same. Therefore, true channel order should
be excluded from the search set, L, < Le < Lpqy. This requires knowledge of the range for

the possible effective channel orders.

In practical cases, the channel impulse response is not known and the effective channel order

should be estimated. In [4], a method, which is called as Liavas algorithm in this thesis, is
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proposed to obtain the effective channel order from the channel outputs. Effective rank of the
covariance matrix of the received signal Ry, = E {yM O ym " } is used. yyy () is the channel
output vector formed via stacking M samples received from each subchannels. Effective rank,

r (k) is defined as k = arg min r (k) and
k

1 .o g
1 4 lf_ >3
rly =] w52 (5.11)
1 otherwise

where A is the k" eigenvalue of the matrix Ry, such that Ay > Agy;. It is also possible to

write ,
k = arg max
ko Akl

(5.12)

since the minimization of r (k) corresponds to the maximization of % Then the effective
channel order is given as follows,

Le=k-M (5.13)

5.3 Evaluation of The Performance of Channel Order Estimation Algorithms

in Estimating The Effective Channel Order

5.3.1 Fixed Channel

In this section, the proposed algorithms are tested with fixed channels having small leading
and trailing tails. In the simulations, the same channel coefficients are used at each trial. For
this purpose, the channel given at [3] and measured microwave channel impulse responses
obtained from http.//spib.rice.edu/spib/microwave.html” are used. Subchannels are obtained
via sampling at twice the baud rate; hence they fit into the two channel SIMO model. The
impulse responses of the channels are plotted in Figure 5.2 for [3] and Figure 5.3 and Figure

5.4 for microwave channels (chan2.mat and chan10.mat).
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Figure 5.2: Channel impulse response for Channel-1. h(n) and hy(n) are the impulse re-
sponses of two channel SIMO system (P = 2).

15
0.3
z oy ~
= = 02
£ os =
] =
o) 0.1
o &
E
-0.5} 0
1 . . . . . 01 . . . . .
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Sample index Sample index
15 0.3
= =
= c
£, Y
< =
E g
2 E

0 10 20 30 40 50 60 0 10 20 30 40 50 60
Sample index Sample index

Figure 5.3: Channel impulse response for the microwave channel, Channel-2, is shown for
only 60 samples for clarity. The total number of samples for each channel is 115. A;(n) and
hy(n) are the impulse responses of two channel SIMO system (P = 2).
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Figure 5.4: Channel impulse response for the microwave channel, Channel-3, is shown for
only 60 samples for clarity. The total number of samples for each channel is 150. A;(n) and
hy(n) are the impulse responses of two channel SIMO system (P = 2).

The effective channel order is determined using the criteria ‘TZEL—";“ for the selected channels. In
Figure 5.5, the value of the criteria given by equation 5.10 ( also called as condition measure)
is plotted against the channel order. The index which gives the maximum value is taken
as the effective channel order. As seen from the Figure 5.5, the effective channel order is
one for the Channel-1 and Channel-2, and two for Channel-3. Condition measure not only
gives information about the effective length of the significant part. But it also shows whether
the channel is ill-conditioned or not. When the condition measure is lower, the signal and
noise spaces are closer and it is hard to separate them in noisy measurements. Therefore
channel estimation error increases in subspace based methods. This is also related to the rank
of the channel matrix. The channel matrix should be of full column rank for blind channel
estimation algorithms. If the diversity is zero, which is the case when the condition measure
is zero, channel matrix is not of full column rank. Hence, proper channel estimation is not
possible. As a result, when the condition measure is low the estimation of effective channel
order and the channel coefficient is problematic. In this respect, Channel-3 can be said to be an
ill-conditioned channel compared to the others. The condition measure is defined originally
for the SS based methods, and finds the channel order which leads to maximumly separable
subspaces. Therefore, effective channel order measured through condition measure may be

different for other blind channel estimation algorithms, such as LSS. To clarify this point for
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the LSS method, BER performance of LSS algorithm is also plotted against channel order
for different SNR values, when the Wiener equalizer is used. In the simulations, uniformly
distributed uncorrelated QPSK modulated input signal with length 113 is used. 1000 trials
are made and the channel is fixed, while the input signal and noise change in each trial. As
shown in Figure 5.5, minimum BER is obtained at the determined effective channel order in

all channels. Hence the effective channel order determined by means of condition measure is

also valid for LSS.
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After investigating the properties of the channels, we have tested the proposed methods. For
this purpose, the probability of correct effective channel order estimation of the algorithms and
BER at the equalizer output is plotted against the SNR. Common simulation settings are as
follows. Input signal length is 113, and first 13 elements are the training samples used in CIES
and CIEB. In blind methods, these samples are assumed to be unknown. As a modulation
waveform QPSK is used. For a fair comparison, after the channel order is estimated by the
algorithms, channel is estimated with LSS and equalized with Wiener equalizer for all blind
channel order estimation algorithms. The channel order search set does not include the true
channel order. Therefore, the effective channel order is the channel order to be found. In
CIES algorithm, the value of « is set to @ = 100. 1000 trials are evaluated at each SNR level
to compute the probability of correct channel order estimation and BER. SNR is computed as

follows.
P

1
SNR = mE{Z v; [ (5.14)

=1
where P is the number of outputs, o is the noise variance and y j (k) is the noiseless samples

of the j™ channel output.

For Channel-1, the probability of correct effective channel order estimation versus SNR and
BER versus SNR graphs are given at Figure 5.6. The proposed blind algorithms COE and
CMR are the best ones in both BER and for the estimation of effective channel order. ID+EQ
and MDL follow them. Although ID+EQ and MDL are worse than the proposed method in
order estimation, their BER is approximately same. The reason is that, the main error source
is the additive channel noise at low SNR. Since all blind algorithms find the channel using
the same algorithm, their BER performances are the same when they detect the effective
channel order with high probability. Semi-blind method, CIES, is different than others in
that respect. It obtains the channel coefficients via proposed semi-blind channel estimation
method. Therefore, it has the best BERperformance, although it has performance between
COE and CMR in order estimation. The reason is that, channel coefficients are estimated
more correctly in CIES because of using training sequence in channel estimation. The gain
obtained in channel estimation compensates the error in channel order estimation. CIEB is
not as good as CMR, COE and CIES in order estimation when S NR < 15dB. However it does
not lead high BER performance difference. When S NR > 15dB, there is no BER difference
with COE and CMR. This is because, it estimates the effective channel order correctly with

high probability and channel coefficients are found by using the same algorithm (LSS).
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For Channel-2, similar results are obtained for COE, CMR, ID+EQ and CIES as shown in
Figure 5.7. Different from the Channel-1, MDL and AIC can not determine the effective
channel order at high SNR anymore. This leads high BER compared to Channel-1 for these
algorithms. CIEB performs worse when compared to Channel-1. It detects the effective

channel order with high probability when S NR > 20dB.

Channel-3 is the most problematic channel for the algorithms. As discussed earlier, Channel-
3is an ill conditioned channel. The performance graphs are given at Figure 5.8 for Channel-3.
MDL seems to be the best blind algorithm for this channel and CMR follows it. COE per-
formance is poor. COE can detect the effective channel order when S NR > 25dB. ID+EQ
algorithm seems to be the worst one when we look at the channel order estimation perfor-
mance. Although JLSS is better than ID+EQ in channel order estimation for that channel,
this is not the case in BER. This is because, ID+EQ tends to estimate the effective channel or-
der as one, which is the second best point obtained in condition measure result in Figure 5.5.c.
On the other hand, JLSS mostly overestimates the channel order, i.e., f,e > 2. This means that
estimating effective channel order as one is better than overestimating it for Channel-3, if the
true effective channel order (2) can not be estimated. Semi-blind algorithm, CIES, is the best
one both in channel order estimation and BER for Channel-3. The reason is that, semi-blind
algorithms are more robust to the ill-condition channels in channel estimation because of the
use of training. One of the most important gain of using training sequence in channel estima-
tion 1s that, there is no need for the SIMO channel conditions. It can be ill-condition or it can
include common zeros. Channel identifiability conditions forced for blind methods are not re-
quired for training based methods. By changing the value of a, robustness to ill-conditioned

channel can be increased.
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Figure 5.6: (a) Probability of correct effective channel order estimation for Channel-1. Effec-
tive channel order is assumed to be one. (b) BER versus channel order for Channel-1.
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Figure 5.7: (a) Probability of correct effective channel order estimation for Channel-2. Effec-
tive channel order is assumed to be one. (b) BER versus channel order for Channel-2.
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Figure 5.8: (a) Probability of correct effective channel order estimation for Channel-3. Effec-
tive channel order is assumed to be two. (b) BER versus channel order for Channel-3.

5.3.2 Random Channel

The proposed algorithms are tested for a channel having small leading and trailing tails. In the
simulations in this section, channel coefficients are randomly generated. Condition measure
in (5.10) is used to calculate the effective channel order and only the channels satisfying the
given effective channel order are used. Channel coefficients in significant part of the channel

are complex values randomly chosen from unit variance zero mean Gaussian set. The channel
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coefficients in the tails are complex values and uniformly distributed between —y/2 and +y/2.
The value of vy is related to the energy of the tails and hence &7,. When v is increased keeping
o m+1, constant, the condition measure decreases. In this case, it will be harder to obtain the
effective channel order calculated via condition measure. Therefore it is expected that the
performance of the algorithms decreases. Robustness to this change in y is important for the

algorithms. Therefore, we have also tested the algorithms for different values of y.

Common simulation settings are as follows. Input signal length is 113, and first 13 elements
are the training samples used in CIES and CIEB. In blind methods, these samples are assumed
to be unknown. As a modulation waveform QPSK is used. Number of channels is P = 3
and the effective channel order is L, = 3. For a fair comparison, after the channel order
is estimated by the algorithms, channel is estimated with LSS algorithm and equalized with
Wiener equalizer for all blind channel order estimation algorithms. In CIES algorithm, the
value of « is set to @ = 100. The channel order search set does not include the true channel
order. Therefore, the effective channel order is the channel order to be found. 1000 trials are
evaluated at each SNR level to compute the probability of correct channel order estimation

and BER.

Two cases are considered. In the first case, channel length is short, L = 8. Channel order
is searched between 1 and 9. In that way, true channel order, L = 8, and it is included
in the search set. In the second case, channel length is long, L = 18. Channel order is
searched between 1 and 9. Hence the true channel order ,L = 18, is excluded from the search
set. Effective channel order is the channel order that should be estimated in this case. In
Figure 5.9.a and 5.9.b channel order estimation and BER performance of the algorithms are
shown for y = 0.05. In this simulation, short channel case is considered. As shown from the
Figure 5.9.a, algorithms find the effective channel order in mid SNR ranges, while they tend
to estimate the true channel order at high SNR ranges. CMR is the best one among the blind
algorithms in estimating the channel order when S NR < 50dB. When S NR > 50dB it also
estimates the true channel order. The SNR range for estimating the effective channel order
is larger for CMR. BER is lower when the effective channel order is detected, as shown in
Figure 5.9.b. COE algorithm is not good as CMR. COE is better than other blind algorithms
when S NR < 32dB. Semi-blind algorithms, CIES and CIEB, show similar performance with
CMR.
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In Figure 5.9.c and 5.9.d, channel order estimation and BER performance of the algorithms
are shown for y = 0.05 with longer tails. In this simulation, long channel case is considered.
As shown from the Figure 5.9.c, CMR, COE, CIES, Liavas and ID+EQ tends to estimate the
effective channel order even at high SNR ranges. When Figure 5.9.b and Figure 5.9.d are
compared, it is seen that better BER is obtained when the effective channel order is detected
even at high SNR ranges. When S NR > 30dB, BER does not decrease any more as SNR
increases. This is because, in that region the main error source is the tail coefficients, which
acts as a colored noise in channel estimation. CMR is the best one among the blind algorithms
and it is followed by COE in both channel order estimation and BER. Semi-blind algorithm,
CIES performs significantly better than blind algorithms both in channel order estimation and

BER. CIEB is worse than CIES and has similar performance with COE.

The same experiments are repeated for y = 0.1, and 0.2. The performance plots are shown in
Figure 5.10 and Figure 5.11 for y = 0.1 and 0.2 respectively. As expected, the performance
of the algorithms decreases as y increases. On the other hand, the performance difference
between the proposed algorithms and others increases with increasing y when the channel
length is L = 18, i.e., search set does not include the true channel order. For the short channel
case, BER performances are closer when S NR > 55dB. At lower SNR ranges, CMR is the
best one among blind algorithms. The size of SNR range, where the effective channel order is
mostly estimated, decreases with increasing y. In that respect, the best algorithms are CIES,
CIEB and CMR. Blind algorithms except COE and CMR can not detect the effective channel
order even for the long channel case when y = 0.2. In that respect proposed algorithms COE,

CMR, CIES and CIEB are more robust to the value of vy.
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Figure 5.9: Channel order estimation performances for y = 0.05, L, = 3 and P = 3.

95



1 T T T T
P ) -e-MDL
09t O il > TR AIC g
’ Ke K Y +=A~ Liavas
© ol e . \ -m-uss | |
§oe . "}’ AW " \ b= ID+EQ
@ 4 y\' k4 “m \k \\ ——CoE
eo7r ’ f Vo v 3 2 ——CMR |
=] RN . i —o—CIES
5 k \ \ \
< 0.61 AR \ \ A ——CIEB | 4
c ’ N \ A} \
5 S B0 \ Y \
5 L . 1 \ . i
§ 05 9, ' L h\ 4 v
o i ,’ \ \ v v
504 L1 1 1 v A 1\ 4
2 S ' \ A
5 9 ¥ A # \ . * .
2 ) rot x * g 4
E 03l /oy %t \ b “ 3
\ \
g Y \ .
[N
. R\
\\ '\. B -
\ .
-3 . lx,\ Y
D . e
50 60 70
SNR (dB)

(a) Short channel case, L=8

1 — -
0.9 4
P Sttt S Sl ST
) A TS 1
£os e
5 Sy
Z T
207 a oo i
5 S P op - o
3 N
S [}
5 06 \ |
2 \
s \
505 N .
4 L} -e-MDL
8 04 v k= AIC [
S \‘ - =A= Liavas
203 \ -m-JLss |
3 \ -=p-ID+EQ
\
8 —COE ||
£ 02 LN —a—CMR
\ AN —6—CIES
i N —=—CIEB_|q
L b
* -
30 4 50 50 70
SNR (dB)

(c) Long channel case, L=18

50 60

40
SNR (dB)

(b) Short channel case, L=8

0 10 20 30 40
SNR (dB)

(d) Long channel case, L=18

Figure 5.10: Channel order estimation performances for y = 0.1, L, = 3 and P = 3.
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5.4 BER When Different Channel Estimation Algorithms are Used

In blind identification, it is possible to use a channel order estimation algorithms which has a
tendency to overestimate like MDL and AIC. Then algorithms robust to overestimation such

as LP [14, 15] and MLP [17] can be employed.

Therefore, correct channel order estimation may not be seen as a critical issue. However
the performance of such algorithms is low compared to deterministic methods such SS [6]
and LSS [7, 3] when the channel order is correctly estimated. On the other hand, SS and
LSS algorithms are not robust to channel order overestimation and their performances are
dramatically reduced when the channel order is not correctly known [22]. With the help
high performance channel order estimator they can be used effectively. Therefore, COE and
CMR can be a solution for this problem. In order to determine the best approach in blind
identification, LP based approach and the proposed blind algorithms are compared by using
extensive simulations. For that purpose LP [14, 15] and MLP [17] algorithms are used as the
algorithms robust to overestimation of the channel order and SS and LSS algorithms are used

as high performance deterministic algorithms in the comparison.

5.4.1 Performance of The Channel Estimation Algorithms in Case of Channel Order

Mismatch

Channel estimation performances of LP, MLP, SS and LSS algorithms are compared in case
of channel order mismatch. The channel given in [15] is used in the simulations. It is a four
channel (P = 4) SIMO channel with channel order L = 5. Channel coefficents are given in
Table 5.1 Length of the input signal is 200 and QPSK is used as a modulation waveform.
500 trials are realized for each simulation and at each trial input signal and channel noise
is randomly generated. When SS and LSS algorithms are used, channel is equalized with
Wiener equalizer. MLP algorithm obtains the inputs signal besides the channel coeflicients.
Channel estimation performances is measured by the normalized mean square error (NMSE)

. NMSE is defined as,

Ny A 2
5 [
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where N, is the number of trials. In Figure 5.12.a and Figure 5.12.b channel estimation perfor-
mance of LP, MLP, LSS and SS against SNR are compared when the channel order is known
and overestimated by two respectively. As shown form the Figure 5.12.a, LSS and SS algo-
rithms outperform the MLP algorithm in all SNR ranges and the performance gap between
SS/LSS and LP/MLP increases with increasing SNR. LP and MLP are statistical methods and
their performance remains constant due to the finite number of observations after a certain
point. When the channel order is overestimated, which is the case in Figure 5.12.b, perfor-
mance of SS and LSS algorithms dramatically reduces. On the other hand, the performance
of MLP algorithm does not change significantly when the channel order is overestimated and
in this case it works better than SS and LSS. However the performance difference is not so
much as compared to the case when the channel order is correctly estimated. In Figure 5.13,
normalized channel estimation error is plotted against the channel order for a fixed SNR level,
SNR = 15dB. In this case, the channel order is fed to each algorithm. As shown from the
Figure 5.13, LSS and SS are not robust algorithms against channel order mismatch, and MLP
is robust for channel order overestimation. However channel estimation error is higher for

MLP when the channel order is correctly estimated compared to the SS and LSS.

Table 5.1: Channel coefficients of the channel given in [15], L=5, P=4.

h; | -0.0419 | -0.2993 | -1.2808 | -0.5301 | 0.1417 | -0.2624
h, | 0.9097 | -0.2021 | -0.4401 | -1.0153 | -0.5364 | -0.0817
h; | -1.1836 | 0.4906 | -0.3093 | 0.4011 | 0.1269 | -1.8522
hy | 1.2965 | 0.0525 | 0.3410 | -0.0260 | 0.3991 | 0.8817
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Figure 5.12: Channel estimation error versus SNR when (a) channel order is correctly esti-
mated L = L and (b) channel order is over estimated, L = L + 2 .

Figure 5.13: Channel estimation error versus channel order when S NR = 15dB.
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The same comparison is also done when the channel has small leading and trailing tails. For
that purpose, leading and trailing tail coefficients are added to the channel given in [15]. The
channel condition measure is used to ensure that effective channel order is L, = 5. Channel
impulse responses for each subchannel are shown in Figure 5.14. In Figure 5.15.a and Fig-
ure 5.15.b channel estimation error is plotted against SNR when channel order is correctly
estimated and overestimated by two respectively. In Figure 5.16, channel estimation errors of
the algorithms are shown for fixed SNR level. As shown from the figures, the LP and MLP
are robust to over estimation of the channel order. In addition they have the best result at
the effective channel order, L, = 5. SS and LSS algorithms are not robust to channel order
overestimation and their performance is better than LP and MLP when the effective channel

order is correctly estimated.

As aresult of these simulations, we understand that the LP and MLP are robust to overestima-
tion of channel order and MLP is better than original the original LP algorithm in this respect.
SS and LSS perform significantly better than LP and MLP in case of correct channel order
estimation. On the other hand their performance is not acceptable when the channel order is

overestimated.
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Figure 5.14: Channel impulse responses of four channel SIMO system.
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Figure 5.15: Channel estimation error versus SNR when (a) channel order is correctly esti-
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Figure 5.16: Channel estimation error versus channel order when S NR = 15dB.

5.4.2 Performance of Channel Estimators, MLP and LSS, with Different Channel Or-

der Estimation Algorithms

In this section, MLP and LSS algorithms are evaluated with different channel order estimation
algorithms. For the comparison, BER graphs are used. Channel order is first estimated with
the channel order estimation algorithms, COE, CMR, AIC, MDL, JLSS, Liavas and ID+EQ.
Then, channel coefficients are estimated by MLP and LSS. Wiener equalizer is used to esti-
mate the channel input for the LSS algorithms. MLP finds the input sequence jointly. The

simulation settings are same as defined in the previous section. Simulations are divided into
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two parts. In the first part, the channel given in [15] is used. For this channel, effective channel
order and true channel order are equal. In the second part, the same simulations are repeated
for the channel which has small leading and trailing tails. This channel is obtained by adding
small tail coefficients to the beginning and end of the subchannels. The effective channel order
is L, = 5 and it is checked with channel condition measure defined in equation 5.10. In the
simulations, BER and normalized mean-square-error (NMSE) used for performance compar-
isons. Blind methods find the channel input signal up to complex scale factor, @. Therefore
it is needed to estimate « in order to calculate the BER and NMSE for the estimated channel

input signal. An optimum value of « is given as,

H

w>
wn

= (5.16)

w»>
w»

where § is the estimated channel input vector and s is the channel input vector.
Part-1:

In this part, the channel in [15] is used where effective and true channel order are same.
In Figure 5.17.a, probability of correct channel order estimation for different channel order
estimation algorithms are plotted against SNR. As shown from the Figure 5.17.a COE and
CMR perform significantly better than their alternatives and channel order is correctly esti-
mated when SNR > 6dB. MDL and AIC algorithms tend to overestimate the channel order

at S NR = 20dB as shown in Figure 5.17.b.

In Figure 5.18.a-b, BER and NMSE performances are plotted against SNR when the LSS
algorithm is used as a channel estimator and Wiener equalizer is used for input estimation
for MDL, AIC and Liavas algorithms. The same simulation is repeated in Figure 5.18.c-d
where MLP is used for both channel and input estimation for MDL, AIC and Liavas. Other
channel order estimation methods include channel estimators in their algorithms. As shown
from the figure, COE and CMR obtain the best results in both of the cases. AIC works better
with MLP, since it tends to overestimate the channel order. MDL performs better with LSS
channel estimator and Wiener equalizer. Figure 5.18 also shows that the equalization in MLP
algorithm is not satisfactory in general and a better equalization algorithm can be used once
the channel coefficients are found. For this purpose, Wiener equalizer is used after estimating
the channel coefficients for the MLP algorithm. The results are shown in Figure 5.19 for this
case. As shown from the figure, better results are obtained for MDL and AIC compared to

case of using MLP. However their performances are still far away from the performances of
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proposed methods.
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Figure 5.17: Channel order estimation performances of different algorithms. (a) Probability
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the estimated channel orders with curve fitting technique.
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Part-2:

In this part, evaluations for a channel with tail coefficients are done. In Figure 5.20.a, the
probability of effective channel order estimation performance of the channel order estimation
algorithms are plotted against SNR. As shown from the figure 5.20, COE and CMR perform
significantly better than others and the effective channel order is correctly estimated when
SNR > 6dB. MDL and AIC algorithms tend to overestimate the channel order at SNR =
15dB as shown in Figure 5.20.b.

In Figure 5.21.a-b, BER and NMSE performances are plotted against SNR when the LSS
algorithm is used as a channel estimator for MDL, AIC and Liavas. In this case Wiener
equalizer is employed. The same simulation is repeated in Figure 5.21.c-d where MLP is
used for both channel and input estimation for MDL, AIC and Liavas. AIC and MDL algo-
rithms works better with MLP as a result of their tendency to overestimation. However, this
performance improvement is not enough and COE and CMR are significantly better than these
algorithms. Liavas algorithm shows better performance with LSS algorithm and has similar
performance with COE and CMR, when the SNR is high. To increase the performance of
MLP, Wiener equalizer is used by omitting the equalization step in MLP in Figure 5.21.e-f.
In this case, better results are obtained for MDL, AIC and Liavas compared to the case of

using MLP. However, even in this case COE and CMR outperform MDL and AIC.

When we compare Figure 5.18 and 5.21, it is seen that the COE and CMR perform better
for channels with tail coefficients. In other words, they estimate the effective channel order
more accurately compared to the alternative techniques. When we compare Part-I1 and Part-
II, MDL and AIC performances decreases when the channel has small tail coefficients. This
leads higher BER. However, COE and CMR performances are not much affected from the
small tail coefficients. Therefore, the performance gap between the cases of using MLP+
MDL/AIC and using LSS+COE/CMR increases more when the effective channel order is

considered.
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the estimated channel orders with curve fitting technique.
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Figure 5.21: BER and NMSE versus SNR when the effective channel order is estimated with
different channel order estimation algorithms (a)-(b) LSS and Wiener equalizer are used to
estimate the channel and input signal for MDL, AIC and Liavas. (c)-(d) MLP is used to
estimate the channel and input signal for MDL, AIC and Liavas. (e)-(f) MLP is used with
Wiener equalizer in MDL, AIC and Liavas.
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5.5 Performance Comparison of Proposed Methods with DFE in Fractionally
Spaced SISO Channels

In SISO systems, equalizer performance can be significantly improved by introducing nonlin-
earity into the equalizer structure [41, 45]. One of the best example of nonlinear equalizers is
the decision feed back equalizer (DFE) [45]. The nonlinearity of DFE comes from the nonlin-
ear characteristics of the detector that provides an input to the feedback filter. The main idea is
that if the previously detected symbols are known, the ISI introduced on the currents symbol
can be removed by the subtraction of previously detected symbols with appropriate weight-
ing [41]. The advantage of DFE over linear equalizer is the feedback filter which removes
residual ISI after feedforward filter. DFE feedback loop remains stable as long as correct
decisions are done at the decision ruler (or slicer). If an error occurs at the decision, the DFE
starts generating errors on the equalized signal, and it cause more decision errors and hence
error propagation. This is the main drawback of DFE systems. The convergence problem
is another drawback of the algorithm especially for time varying channels. In this case, for
fast convergence, training data should be repeated occasionally. Training based DFE system
starts in training mode. After the filter coeflicients converged, it switches to decision directed
mode. For proper operation of decision directed mode, eye diagram of the signal at decision
input should be sufficiently open. Training sequence is used to open the eye diagram. Blind
methods can also be used for this purpose. Constant Modulus Algorithm (CMA) (or Godard)

method [30] is one of the most popular blind methods used with DFE.

DEFE is a suboptimum method considering that it assumes that past decision are correct. The
optimum solution is the maximum likelihood sequence estimator (MLSE). If the feedforward

filter were infinitely long, DFE would be a perfect zero-forcing equalizer.

Fractionally spaced equalization is used to provide immunity to sampling errors. Fractionally
spaced system corresponds to oversampling of the received signal. This receiving structure
can also be implemented by a SIMO system by means of using a polyphase structure. There-
fore, blind methods proposed for SIMO systems can be used in this system structure. In SIMO
systems, perfect identification and equalization is possible with the help deterministic blind
methods such as SS, CR, and LSS. In practice, blind deterministic methods are not preferred
due to their computational complexity and the lack of robustness to channel order. In this the-

sis, COE and CMR are proposed to solve the robustness problem. In turns out that proposed
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blind approach performs better in case of blind problem setting. To verify this, we have com-
pared the DFE method with the proposed methods, COE and CMR, for oversampled SISO
channels. In the simulations, the channel given in [15] used. For this channel, oversampling
ratio is 4 and the channel order is L = 5. QPSK is used as modulation waveform and the
length of the transmitted data is 1000. Fractionally spaced DFE with constant modulus algo-
rithm and DFE with training are compared with the channel order estimation methods COE
and CMR. In CMR, channel is equalized with Wiener equalizer. DFE uses 25 tap feedforward
filter and two tap feedback filter; the step size is 0.0005. 500 trials are used in the simulations.
The result of DFE is compared after it is converged. In training based DFE first 500 samples
are used for training purpose and recursive least squares (RLS) algorithm is used to update
filter coefficient with a forgetting factor of 0.98. Note that DFE with training is considered
only to see the performance in comparison. Since other techniques are completely blind and

do not take advantage of training sequence.

In Figure 5.22.a and Figure 5.22.b, MSE and BER performance of the algorithms are pre-
sented. As shown from the figures, proposed methods, COE and CMR perform significantly
better than DFE with CMA especially at high SNR ranges, due to the accuracy in channel
order estimation and finite convergence of the LSS algorithm. On the other hand, the perfor-
mance of DFE with training is close to the COE and CMR but not better. In Figure 5.23.a and
Figure 5.23.b, BER and MSE performance of the algorithms are presented, when the channel
includes long tail coeflicients. Transfer functions of the channels are given in Figure 5.14. As

shown from Figure 5.23.a-b,, the similar results are obtained in case of a channel with tails.

In Figure 5.24, performance of the algorithms are tested with the microwave channel given
in "http://spib.rice.edu/spib/microwave.htm[” as chan3.mat, whose impulse response is plotted
in Figure 5.3. As shown from the figures, DFE with training shows the best performance.
However, CME and CMR are still better than the blind DFE significantly. The microwave
channel has two taps per channel, and DFE can estimate the true equalizer coefficients better
using the same number of filter coefficients. On the other hand COE and CMR performances

decrease when the number of channels in SIMO system is decreased.
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Figure 5.22: MSE and BER performance of COE, CMR and DFE methods. The channel
given in [15] is used without tail coefficients.
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Figure 5.23: MSE and BER performance of COE, CMR and DFE methods. The channel
given in [15] is used with tail coefficients.
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Figure 5.24: MSE and BER performance of COE, CMR and DFE methods. Two channel
case considered with a microwave channel given in “http.//spib.rice.edu/spib/microwave.html”
as chan3.mat.

5.6 Conclusion

In this chapter, effective channel order estimation performances of the proposed algorithms
are considered. There are two cases to be handled. In the first case, channel is comparably
short and the search set includes the true channel order. In the second case, channel is long and
the channel order search set does not include the true channel order. The long channel case
is more practical one considering the long microwave channels. The effective channel order
should be taken into account in channel order estimation. It is shown that, algorithms tend to
estimate the true channel order at high SNR instead of the effective channel order. However,
BER performance loss occurs even when the true channel order is used. This is because
the channel is ill conditioned as a result of small tail coefficients and this leads to channel
estimation error. COE and CMR are the best blind algorithms in obtaining effective channel
order. The performance difference between COE/CMR and their alternatives increases when
the energy of tails increases. Semi-blind method, CIES, performs better than all blind methods
and BER performance is significantly better than the others for all cases. This is due to the
fact that CIES takes advantage of the training sequence. However, it has high computational
complexity due to the multidimensional search to handle synchronization and channel order

estimation in a joint manner.
LP based methods are robust to overestimation of the channel order and therefore they do not
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require high performance channel order estimators. On the other hand, it is seen that their
performances are not good as the deterministic channel estimation methods such as SS and
LSS when the channel order is correctly estimated. SS and LSS require correct channel order
estimation to work well. COE and CMR have superior channel order estimation performance
and the robustness problem of the SS and LSS algorithms for channel order overestimation
is handled by using COE and CMR. Much better BER is obtained by using COE and CMR
with LSS compared to the case of using LP based algorithm as a channel estimator. COE and
CMR are investigated with the LSS algorithm in order to estimate channel coefficients. LSS
algorithm has certain properties which make it ideal choice in order estimation. Proposed
methods are also compared with DFE, which does not require channel order, in a fractional
spaced SISO systems. It is shown that COE and CMR outperform blind DFE especially at
high SNR ranges. On the other hand, DFE with training shows better performance than COE

and CMR with the loss in bandwidth efficiency, when the number of channels is small.
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CHAPTER 6

CONCLUSION

Blind system identification is an important topic in signal processing with many applications
in different fields including communications, radar, acoustics, speech and more. The main
problem in this context is to find the system impulse response and the input by using only
the output samples. This problem can be considered in SISO, SIMO and MIMO systems. In
SISO systems, there are techniques which can solve the blind identification problem under
certain conditions [30, 42, 43]. In SIMO systems, blind identification problem is shown to
be solvable with fewer constraints. In addition, it is possible to solve the problem perfectly
in noise free case, when there is no common channel zero between subchannels of SIMO

system. The problem in MIMO setting is the hardest one to solve due to many reasons.

In this thesis, blind channel order estimation problem is considered for SIMO communication
systems. While the importance of the estimation and use of channel order is widely known in
signal processing community, this thesis shows that the implications of the effective channel

order estimation are more significant than the common expectations.

In this thesis, two new blind channel order estimation algorithms are presented, namely COE
and CMR. These algorithms are proved to have the finite convergence property, i.e., they
are guaranteed to find the true channel order from finite number of observations for noise
free case. Previously there were only two algorithms known in the literature with the same
property. Proposed algorithms work in completely different ways but their cost functions have
similarities. In fact, they have a “convex like” shape which allows one to pick the channel
order corresponding to the minimum value of the cost function. Therefore there is no need
to define and use a threshold value. COE algorithm is based on the estimation of channel

output. The difference between the estimated and observed channel outputs is taken as the cost
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function. In estimating the channel output, LSS algorithm as a channel estimator and Wiener
equalizer are used. The superior performance of the COE method on estimating the channel
order is based on the properties of LSS algorithms which are derived in this thesis. It is shown
that the LSS algorithm generates common channel zeros besides the true channel zeros in
noise free case when the order is overestimated. Furthermore, these common zeros are located
close to the unit circle. When the common channel zeros are located on the unit circle, the
inverse channel transfer function does not decay to zero rapidly. Perfect FIR equalization is
not possible, and equalization error is large. Therefore equalization error is higher for the
LSS case when the channel order is overestimated. The convex like cost function of COE is
much deeper compared to the case where other blind estimators such as SS and CR are used.
CMR method also uses the LSS algorithm. It is based on generating a relation in terms of the
channel matrix. It turns out that the channel matrix relation is established by a matrix which
has a Toeplitz structure only if the channel order is overestimated by one. The deviation from
the Toeplitz structure is used to obtain a cost function for the channel order estimation. The
estimation of common channel zeros requires the inverse of the estimated channel matrix.
When the channel matrix includes common channel zeros positioned on the unit circle, the
deviation from the Toeplitz structure increases and a convex like function with a deeper valley
at the true channel order is obtained. It should also be noted that the common channel zeros

found by the LSS algorithm has no relation to the input or channel in general.

While the finite sample convergence property is important, the performance of the order
estimation algorithms for noisy observations is critical. Especially when the channel filter
has some leading and trailing tails, estimation of the effective channel order rather than the
true channel order becomes important. Deterministic channel estimation methods require the
knowledge of the channel order. In the case of the small tail coefficients, channel identifica-
tion is more problematic due to the reason that tail coefficients have the effect of colored noise
on the channel. In [47] the condition measure is defined for the calculation of the effective
channel order for a given channel. It also measures the degree of the ill conditioning of the
channel. Estimation of effective channel order is important to obtain the best performance in
blind channel identification. Proposed methods are tested with channels having small leading
and trailing tails. In the simulations, randomly generated channels as well as measured mi-
crowave channels are used for complete evaluation. COE and CMR shows significantly better

performance in estimating the effective channel order in a wide SNR range. When COE and
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CMR are compared, CMR is slightly better than COE for order estimation. However this
difference leads to considerable BER difference, since LSS method is not robust to over or
under estimation of the channel order. Proposed algorithms are robust to different parameters
such as the number of channels, channel order and the number of input samples. Hence, they

are applicable for the applications having different receiver settings and channel conditions.

Proposed methods COE and CMR use the LSS algorithm which is integrated to the channel
order estimation. Therefore these two algorithms estimate the channel coefficients in a joint
manner. Since LSS is one of the best channel estimator, the combination performs well in

blind identification.

The research on blind channel order estimation and system identification can be grouped
in two main categories. In the first group, there is a significant amount of work devoted
to the estimation of true and/or effective channel order. In the second group, there is an
alternative approach where it is sufficient to have a rough idea about the channel in order to
have an overestimated channel order. The leading technique in this group is the blind channel
equalization and estimation by linear prediction. While these two approaches are alternatives
of each other, none of the previous works compare these two approaches in order to have a
good idea about the best possible technique for blind channel order estimation. It is believed
that this thesis sheds a light on these alternative techniques by comparing them for a variety

of cases.

LP based methods are claimed to be robust to overestimation of channel order. This property
makes them popular in the solution of channel equalization problem when the channel order
is not exactly known. LP method is first proposed by Slock [14],and it is based on the fact that
moving average (MA) SIMO channel output can also be represented as an AR process, whose
innovation is the SIMO channel input. LP is originally developed by assuming that the first
channel coefficient is different from zero [14]. It is known that if this condition is not satisfied
and h(0) is close to zero, prediction error increases. In [17], this problem is solved to a certain
extend. LP algorithm uses statistical characteristic of the inputs and it is based on the second
order statistics. It assumes that, the channel input signal is Gaussian distributed white signal
which is not perfectly satisfied in practical applications. Therefore it is not a deterministic
algorithm as opposed to SS, CR and LSS algorithms. Being a non-deterministic method is

the main disadvantage of the LP algorithm, since it is not possible to obtain channel input or
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channel coefficients without error even in noise free case. LP channel/input estimation error
increases as the overestimation increases. While this increase is relatively small compared to
LSS, SS and CR, LP has the best performance at true or effective channel order. LP can be
considered as a robust algorithm for overestimation, but its equalization performance is poor.
If Wiener equalizer is used instead of its known equalizer, performance can be improved.
Even so it is still much worse than the CMR and COE techniques. As a result, using AIC
or MDL for channel order estimation and LP for channel estimation and equalization does
perform poorly compared to the proposed methods COE and CMR. This shows the value
of accurate channel order estimation. In this respect, the best performance in blind channel
and input estimation can be obtained by the proposed techniques in case of unknown channel

order.

SIMO systems can be obtained in different ways. In one case, SIMO system is obtained by
employing single transmit, multiple receive antennas. In the second case, the SISO system
output is oversampled and polyphase structure is used to obtain the SIMO system. Many com-
munication systems are in SISO structure. They use either symbol rate equalizers or fraction-
ally spaced equalizers. It is known that if there is unknown channel filter, best performance is
obtained by employing a fractionally spaced equalizer [44]. In this case, it is possible to obtain
an equivalent SIMO system. In this thesis, blind decision feedback equalizer for fractionally
spaced equalizer is shown to perform worse than the SIMO system equalization by employing
the proposed techniques even when the comparison is done after DFE is converged. Obvi-
ously the above result is achieved when there is no common zeros for the equivalent SIMO
system. However, it should also be pointed that proposed technique is relatively robust to

closely spaced channel zeros compared to the alternative techniques.

Training sequences are widely used in traditional communication systems for the purpose of
channel equalization and synchronization. With the help of training sequence, channel can be
identified more accurately without any restriction on the channel. However their bandwidth
efficiency is less than the blind methods and requires synchronization for channel identifica-
tion. The number of training samples required for the channel identification depends on the
channel length, therefore at least an upper bound is required for the estimation of the chan-
nel. The best performance is obtained when the channel order is known. Synchronization
is another problem to be solved for training based methods. The use of training sequence in

channel identification requires knowledge of the location of training sequence in the received
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data stream. Therefore synchronization should be achieved before channel identification or
synchronization and channel estimation problems should be solved in a simultaneous way as
in [34]. To our knowledge, there is no previous work which consider the semi-blind chan-
nel order estimation, channel estimation and synchronization problems simultaneously in the
literature. Channel order is mostly assumed to be known or an upper limit for the chan-
nel order is used. The upper limit for channel order is estimated by MDL or AIC methods
which mostly overestimate the channel order. Recognizing that the best performance can be
achieved with correct channel order estimation, there is a need of channel order estimation
algorithm with high accuracy. For this purpose, blind methods COE and CMR can be used
without the need for the synchronization. In this thesis, semi-blind methods are presented
in order to obtain performance improvement over CMR and COE. In this respect, two new
channel order estimation algorithms, CIES and CIEB, are proposed. CIES and CIEB are
based on the cost function which is obtained by taking the difference of the estimated input
training sequence and known training sequence. The cost function has global minimum at the
true channel order. The difference between two semi-blind methods is due to how they esti-
mate the channel input. In CIEB, blind channel estimation algorithm LSS is used. In CIES,
semi-blind channel estimation method, which is the combination of LSS and training based
least squares method (LST). Semi-blind channel estimation methods combine the advantages
of blind and training only methods and have better performance than blind and training only
methods. Therefore, it is not surprise that CIES perform better than CIEB. However, CIES
has large computational complexity due to multidimensional search to achieve synchroniza-
tion and channel order estimation jointly. Several simulations are done for the performance
comparisons. CIES and CIEB have similar performance with COE and CMR in true and
effective channel order estimation. No improvement is obtained in this respect. However,
CIES has better BER performance than other methods, due to the reason that it uses semi-
blind channel estimator, which estimates the channel more accurately. As a result, semi-blind
method CIES can achieve better BER performance with a loss in bandwidth efficiency and

increase in computational complexity.
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APPENDIX A

PROOFS

The proofs in this section are presented for noise free case.

A.1 Reorganized Convolution Equation

The matrix formulation of a convolution equation is given as Y = HyS. In this formula-
tion, S has a special form and the last L rows of the S is included in the first L rows of S.
Convolution equation can be modified to eliminate this redundancy and properly generate the
COE cost function. The manipulated convolution equation for channel order L is obtained by
decomposing the output matrix Y into two components as Y = Y, + Y, where Y, and Y}, are

defined as follows.
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Y, = H,SP,,
M L
h; (L) h; (0) 0 0| sk, ®
) hy (L) h; (0) ST (t+ M)
h; (L)
_ hy(L) 0 - 0| sl (t+(N-2)M) |
Y, = H,SPy
L M
- ~ T
0 0 S]{/I+L t+M)
hy (0) 0 st (t+2M)
| h(L-1) h,(0) 0 0 || sT,, c+-1)M)
Ha = HMPha
Hy, = HpPp
Y = HMPhaSPsa + HMPhbSPsh
where,
Iy 0 [ 04 0
Pha _ M MXL ,Phb _ MXL MxM
Orxm Orxr | Iixe  Orxm
Iv-1) 7 01xn-1)
Psa = ,Psb =
01x(n-1) | In-

(A.1)

(A.2)

(A.3)

(A4)

(AS)

(A.6)

(A7)

(A.8)

(A9)

In equation (3.13), all of the samples of S are used. On the other hand, in equation (A.7) last L

rows, which are included in the first L rows, are not used due to redundancy and multiplication

by zero. In this way, data unstacking operation is represented by the matrix operations. We

will use this formulation in the following parts.
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A.2 Lemmal

The proof of the lemma is based on Theorem-1 defined in [3]. According to this theorem
smoothing error matrix, Ej is given by equation A.10 for different channel orders /, when the

true channel order is L.

0 <L
Sivi—
El — 1+l L|Z/ (Alo)
H(h) L <1
§l|Z]
where
h; (L)
Hi(h) = h;(0) "-. hgL) (A.11)
h.(0) |

[-L+1 columns

When the channel order is known, i.e., [ = L, the dimension of column space of E; is one and
spanned by the channel vector hy,. Therefore, the eigenvector corresponding the maximum

eigenvalue of E; can be taken as the solution for channel estimation.

In the case of overestimated channel order, i.e., [ = L + m and m > 0, the dimension of the

columns space of E; is m + 1 and spanned by the columns of H;(h).

C{E;} = C{H (h)} (A.12)

Since the channel order is not known, the overestimated channel order is treated as the true
channel order and the solution used in the case of known channel order is considered. In other
words, the eigenvector corresponding the maximum eigenvalue of E; is taken as the solution
when [ > L. Let us the channel estimate be ﬁl as a result of this solution. ﬁ, is in the range

space of E;, which is spanned by the columns of H;(h).
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Therefore ﬁl can be written as a linear combination of columns of H;(h). i.e.,

h; (L) 0 0
hy (L)
A~ h; (0) : 0
h; = o +ay +t+ap (A.13)
0 h; (0) h; (L)
0
0 | I 0 | | h.(0) |
T N
Letv=| gy .-+ ap ] be a vector, then its z-transform is given as v(z) = )} a,z~*. Hence,
n=0
z-transform of the estimated i channel, fll,,-(z), can be written as,
hiix) = @ohLi@) + a1z hi@) + -+ amz " hi(2)
= (w0 + a1+ @z hLi(2) (A.14)
where
L
hii@) = ) hii L=k (A.15)
k=0
and i refers the i channel and i = 1,..., P. As shown from (A.14), channels have a common

1

product (a/o +a1z7 "+ -amz‘m) which corresponds to m common zeros for the channels.

A.3 Lemma 2

Let the channel order be I. = L + m and we have m common zeros. In that case, channel

matrix can be written as a product of two matrices,

H) = H),A (A.16)
and
hpm(L+m) -+ hpy,(0)
by (L+m) -+ hpy,(0)
PMX(M+L+m)
h’L(L) h/L(()) @y Uy
= (A.17)
h’L(L) h'L(()) ay - ap
PMx(M+L) (M+L)x(M+L+m)
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where, the roots of the polynomial, whose coeflicients are given as ay, are the common zeros.

Using the property of the rank of the matrix product, following inequality can be written,

rank (HpyA) < min {rank (Hyy) , rank (A)} (A.18)

Rank of the matrices are
rank(Hy) < M+ L (A.19)
rank(A) < M+ L (A.20)

As a result of inequality (A.18), the rank of Hy, is equal or less than M + L, which is smaller
than the number of columns of H,,. Therefore the channel matrix, Hy,, is not full column

rank.

A4 Lemma-3

In Lemma-1, it is shown that, h; can be written as a linear combination of the columns of

H(h). Consider that [ = L + 1 and define h; and h; as the two columns of H;(h). Then,

h; = ah; + bh, (A.21)
where,
hy (L) 0
: h. (L)
h, = , hy= ‘ (A.22)
h.(0) :
0 | | hp(0) |
and a + bz~! is the transfer function of common zero. If |a| = |b|, then the common zero is

located on the unit circle.

Let the eigenvectors spanning the columns of H;(th) or E; be e; and e, with corresponding
eigenvalues A; > A,. Since h; and h; are also in the column space of E,, they can be written

as a linear combination of e; and e; as follows.

h; = aje; +[1e (A23)
hy = aze; + Brer
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In LSS algorithm, channel estimate for the channel order, [ is given as the eigenvector corre-
sponding the maximum eigenvalue of ElEf . Therefore, h,; = ey if the scale factor is assumed
to be one. If the equation (A.21) is multiplied by e? from left, it is obtained that a = «a;.
In the same manner, if the equation (A.21) is multiplied by eg from left, it is obtained that

b = a;. Hence if we show that |a|| = |a2], the proof will be completed.

H;(h)H;(h)" can be written in terms of eigenvectors e; and e, as follows.

HihH 0" = 21eell + 1erel (A.24)

Another equation can be obtained from the structure of h; and hy.

lhll = |yl (A.25)
hi’h; = hih, (A.26)

Replacing (A.23) in (A.26),
a1 > + 181 = laal* + |82 (A.27)

Multiplying (A.24) from left by ef’ and from right by ey,

1P+ leal® = A4 (A.28)
Multiplying (A.24) from left by egl and from right by e,

BiF? + B2 = 1o (A29)

Multiplying (A.24) from left by e’ and from right by e,,

2 R (A.30)

a B2

As a summary, we have the following equations to be used for the proof of lemma. We want

to show that |a| = |aa|.

1P+ 81 = o + 1B (A31)
lail* + o = 4 (A.32)
BiF+ 1B = A (A.33)
u_bho_ . (A.34)
2 B2



From (A.34), it is obtained that @; = cap. By replacing it in (A.32),following equality is
obtained.

(1 +1cP)laal® = A4

(A.35)
In the same manner, using (A.34) and (A.32) the following equality is obtained.

(1+1cP)1BoP = 2

(A.36)
Summing side by side of the equations (A.35) and (A.36),
(1+1cP) (leaP + 182P) = A+ (A.37)
(leal? +182F) = T:I:lj (A.38)
Summing side by side of the equations (A.32) and (A.33),
(Ion + 1B1P) + (jeal® + B2P) = 41 + 22 (A.39)
By using (A.31) in (A.39), the following equality is obtained.
(laaf + o) = 52 (A40)
Using the equality of (A.40) and (A.38), it is obtained that,
le| = fl

= (A41)
(5]

It means that, the common zero is on the unit circle with an arbitrary phase. Hence the proof
is completed.

A.5 Theorem 1

The proof of this theorem is organized in three parts. True channel order, overestimation and
underestimation cases are investigated separately.

A.5.1 Correct Channel Order Estimation

Consider that the channel order is correctly estimated. LSS algorithm gives the exact channel
coefficients for noise free case [7, 3]. Therefore, ﬁM = Hj;. We want to show that the

estimated output matrix, Y, and observed SIMO channel output, Y, are equal to each other.
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Using equation (A.7), SA(, can be written as,

Y = Y,+Y, (A.42)
= HyPuSPy, + Hy PSPy, (A.43)
= H,PwGYP,, + HyP,GYPy, (A.44)

-1 -1
= HyPu (H)Hy) HjjHySP, + HyPy, (HjjHy)  HjHySP,  (A45)

= HMPhaSPm + HMPhbSPsb (A.46)

Y (A.47)

-1
In equation (A.46), the equality, (HAH,,HM) HﬁHM =1, is used. The equality holds due to

the fact that the channel has no common zeros. Hence,

COE(L)=|Y-Y]|,=0 (A.48)

A.5.2 Opverestimated Channel Order

Assume that the overestimated channel order is L = L + m. LSS algorithm results m common
zeros besides the true channel zeros by Lemma-1. Therefore estimated channel matrix can be

written as follows,

Ay = aO[ Hy  Opprsim ]+a1[ Oppxi Hy  Opprsim—1y [T
+ an| Opun M | (A.49)
= aoHyPo + a;HyP; + - + a,HyP,, (A.50)
m
- HMZakPk (A.51)
k=0
- Hy,P, (A.52)

where, Py = [ Omr+nyxk Ymer) Oasryxm—ry | @nd ax are the coeflicients of the transfer
function whose zeros are the common channel zeros. In the following equations, the singular
value decomposition of the channel matrix is required. The singular value decomposition of

the channel matrix Hy,, is given as follows.

H, = UL,V (A.53)
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Since the channel matrix is full column rank due to the assumption A1, X has the following

form,

(A.54)

AM+L

Estimated output signal, Y, is composed of Y, and Y}, which are defined in equations (A.1)
and (A.3) respectively. It will be easier to determine Y, and Y, separately and then compute

Y =Y, + Y.

Y., = HuPuSPy, (A.55)
= HyP,,GYPy, (A.56)
= APy, (A H) ALH,SP,, (A.57)
= HyPPu (PﬁTIHﬁHMPC)T P/HYH,SP,, (A.58)
= HyPP, (PIVE] U*’U):hVHPC)T PAVEIU"UE, VASP,, (A.59)
- HyP.P,, (P/VAV'P,) PIVEI/E, VISP, (A.60)
= HyP.P,, (P,) (VAZVY) " (PY) PIVAZVSP,, (A61)
= HyuPP,, (P) VA;>VIVAIVHSP,, (A.62)
= HyuPP, (P) VA;?AZVHSP,, (A.63)
= HyP.P, (PSP, (A.64)

where P, = f aPy and G = (I:IIP\Idl:IM)T I:Ilf\la. P, Pip; and Py, and Py, are the matrices in
equations (Alfgc)) and (A.9) for the channel order, L + m, respectively. In equation (A.61), the
following property of Moore-Penrose pseudoinverse is used. If A is full column rank and B is
full row rank then; (AB)" = BAT. Note that P, is a full row rank and VA%VH is a full rank

matrix.
In the same manner Yb can be found as,
Y, = HyPP,, (P.)' SP,, (A.65)
Then the output Y is written as,
Y =Y, +Yp, = HyP.P,, (P.)' SP, + HyPP,, (PSP (A.66)
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In order to compare Y and Y, equation (A.66) should be modified. In this respect, PP, (PC)T

and P P, (PC)T in equation (A.66) are written as follows,

Lt Omixczem)
PPy, (P) = (A.67)
Ay Brx@sm)
¥ 0M><(M+L+m)
PPy, (P.) = (A.68)
C(L+m)><(M+L+m)

where A, B, and C are non-zero and non-identity matrices and m > 0. Furthermore Y, Hyy,

and S matrices are written in the following form,

H, 0
H, H,

al

, Hy= (A.69)

Ya2

where S, Sy, Ya1, Ya2, Hy, Hy and H, are M XN, (L + m)XN, P(M — L — m)XN, P (L + m)X
N, P(M—-L-m)x M, P(L+m)Xx M, P(L+m)X L matrices respectively. Output matrix,

Y, can be written with these matrix formations as follows,

Y, = HyP,SPs, (A.70)
‘H, o |[1 0 H o ||s
_ X MxXM MXL SPsa _ X a Psa (A71)
| Hy HZ 0L><M 0L><L Hy HZ
| H,S P
= e (A.72)
| H,S,Py,
In the same manner, Ya can be written as,
Yo = Hy[P.P, (P)|SP, (A.73)
(H, o |[1 0, H, 0 S
= | At T gp = | a P, (A.74)
I Hy HZ AL><M BLXL Hy HZ ASa + BSb
H,S P,,
_ ats (A.75)
| H,S, Py, + H; (AS, +BS;) Py,

From equations (A.72) and (A.75), it is seen that, S'\(al =Y, and 3’\(,12 Y.

The similar equations can be written for Y, and Y,. Now rearrange the matrices in the fol-

lowing way to write Yy,
Y

Y

bl

(A.76)

b2
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where Sy, S¢, Yp1, Yppare (L+m) X N, M X N, P(M — L —m) X N, P(L+ m) X N matrices

respectively. Using these matrix formations, output matrix Y, can be written as,

Y, = HyPupSPy (A.77)
(H, 0 || 04 0 H, o0 || o
_ X MXL MxM 5= X Psb (A78)
| Hy Hz IL><L 0L><M Hy Hz Sb
_ OM—L-m)xN (A79)
H.S,P,,
In the same manner, Y}, can be written as,
" H, 0 0 Orr-L-mxn
Yy = Hy PPy ®)T|SPy=| * SPy; = "] (as0)
H, H || C H.CS,P,;

From equations (A.79) and (A.80) it is seen that, \A(bl =Y, and \?m #Y,,.

The result is that, when m > 0, first M — L — m rows of Y are identical with the channel output
Y. When M > L+m, ¥ samples will be erroneous and the cost function is greater than zero,

1.e.,

COE (L + m) Y - Y| (A.81)

|H; (AS; + BSp) Py, + H, (C-1)SpPgll, > 0 (A.82)

A.5.3 Underestimated Channel Order

‘When the channel order is underestimated, channel coefficients can not be estimated because
of the reason that the smoothing error matrix, E; = 0 [3, pg.234, eq.25]. Therefore channel
coeflicients are not correctly estimated and there is always a nonzero error. This leads to

nonzero error in channel equalization and HY - Y|| ,>0.

A.6 Theorem-2

For the proof of the theorem, correctly estimated channel order, overestimated channel order
and under estimated channel order cases are studied separately to show that the cost function

defined in (3.24) is zero only when the channel order is correctly estimated in noise free case.
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A.6.1 Correct Channel Order Estimation

Consider that the channel order is correctly estimated, i.e. L = L. LSS algorithm finds the
true channel coefficients in the noise free case, when the true channel order is given [7, 3].
Therefore, I:IE;) = HS‘?. We want to show that the cost function defined through equation

(3.24) is equal to zero when L=L,ie Ecyg(L)=0.

According to Lemma-1, when the channel order is overestimated by one, one common zero
is added to true channel transfer function. In this case, channel matrix Hgéﬂ) can be written

as the product of the true channel matrix, Hg‘fl), and the matrix, Hgl).
L+1 L)yy(1
HD = HOHD (A.83)

Since the channel coeflicients are estimated exactly for the true channel order, channel matrix,

HL

»r» 18 full column rank under assumption that there is no common zeros between SIMO

channels. Therefore,

(HD) HY =1 (A.84)

The matrix, A , can be written as follow.

A = Fo(my) Hy™) (A.85)
_ Fo((Hgy)THngg”) (A.86)
= Fo(H") (A.87)
= HY (A.88)

Replacing, A, in equation (3.24), the cost function is obtained as follows,

Ecur(L) = ||H55+1) - HﬁHEl) |2 / ||H55+1) |2 (A.89)
_ ”HE‘I/;H) _ HE‘I/;H) ’2 / ||H5‘I/;+l) |2 (A.90)

0

A.6.2 Opverestimated Channel Order

Consider that the channel order is overestimated, i.e., L. = L + m and m > 0. As noted before,

the function of F is to extract the Toeplitz form from the matrix B,,. If B,, has Toeplitz matrix
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with first row equal to [b,,(0) b,,(1) O---0] and first column equal to [b,,(0) O-- -0]7, then

~

A,, = B,,. If this is the case,

Hj&”") A, = Hﬁé“”)Bm (A91)
_ H%jﬂn) (H;j”"))T ng“”“) (A.92)
= WO (OB B (A93)
= H Y () (1) (a4
_ HE‘? (HE‘?)T Hj&*’"“) (A.95)
- u (B Y E (4.96)
_ HS‘I/;)HEmH) (A.97)
_ HLD (A.98)

and Ecyr(L) in (3.24) becomes zero. H™ and H%I) are full row rank and full column rank
matrices respectively. Therefore, (HE‘?HS") )T = (H(Cm))T (Hgé) )Jf in (A.93) as result of prop-
erties of Moore-Penrose pseoudeinverse. In the same manner, HS") (HQ’”)T = I in equation
(A.94) and (Hg‘fl))T Hgfl) = I in equation (A.96). Ecur(L) is different than zero as long as A,
is not equal to B,, or B, is not a Toeplitz matrix with two coefficients. In this proof, it is

shown that B can not become a Toeplitz matrix for m > 0.

The proof will be by contradiction. So let us first assume that B is Toeplitz matrix with the
formation described in the previous paragraph. In (A.98) it is also shown that H(A;er“) =

H|"™B,,. Replacing H{:*"*" in (3.26),

B, = (H™) " (A.99)
¥

= (H;™) H"™B,, (A.100)

= PB, (A.101)

where P = (HE‘T’") )T Hgym) # I, because H;Tm) is not full column rank as a result of Lemma-
1 and Lemma-2. When B,, is a Toeplitz matrix, PB,, can not be a Toeplitz matrix with same
formation, i.e. PB,, # B. Equality only holds when P = I, which is not the case when m > 0,
because channel matrix is not full column rank. Hence it contradicts with the assumption
about B,,,, which states that B,, can not be a Toeplitz matrix with two coefficients. Therefore

Ecyr(L+m) >0 for m > 0.
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A.6.3 Underestimated Channel Order

When the channel order is underestimated, the channel coefficients are not correctly estimated

[3] and this leads to nonzero cost function for underestimated channel orders.
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