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Introduction

Wireless communication and networking tend to have a deep penetration into
present-day society. Services and trends such as e-business, e-administration ... etc.,
and the ever-present requirement for mobile access pose huge challenges to wireless
communication technologies, where available frequency bands have become scarce
and hard-to-come-by. The key concept to accommodate these needs is spectral
efficiency which summarizes the performance of given technology into a measure indicating what is the nominal dataspeed achieved over 1 Hz of radiospectrum. Hence,
wireless development is driven by the motivation of increasing spectral efficiency in
order to pave the way towards low cost broadband services. This objective implies
that broadband services are to be implemented over narrowband radio channels
which makes them susceptible to selective fading due to multipath propagation resulting in severe performance degradation [13]. This prompts the development of
novel algorithms being able to facilitate very high speed information transmission
and sophisticated services but adhering to the present limits of technology and spectral resources at the same time. As a result, the thesis focusing on developing novel
channel equalization algorithms for communication networks which achieve low bit
error rate and therefore increase the spectral efficiency. These algorithms prove to
be instrumental to combat both InterSymbol Interference (ISI) and Multi Access
Interference (MUI) in order to avoid large scale drops in system performance and
increasing the real data speed.
New development took place in the following domains
1. Novel blind equalization algorithms have been introduced in order to increase
the real data speed by eliminating the training sequence. In this way, the
spectral efficiency can be increased by omitting the overhead related to the
training sequence in the GSM packet header.
2. New algorithms have been proposed which can directly minimize the Probability of Error (instead of minimizing the mean square error (MSE) or the
peak distortion (PD)). Hence, the new equalization supports better QoS communication by significantly decreasing the bit error probability.
3. A new channel identifier algorithm have been developed where not only the
filter parameters but also the model degree is under adaptation, which helps
to avoid both over- and undermodelling. Hence, multiple simultaneous identification problems are carried out with optimal resource management (i.e.
multichannel identification can be performed by a single DSP). This problem
is receives a great interest in identifying several channels simultaneously on
the BS.
The convergence of the algorithms introduced by the thesis is established by
analytical tools relying on the theory and tools of stochastic approximation. The
speed of convergence and the performance are analyzed by extensive simulations on
several practical channel models. As a result, the novel algorithms can be directly
applied in high-data-rate wireless communication networks.
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1.1

State-of-the-art

The first attempt to develop an adaptive channel equalizer appeared in the work
of Lucky, Weldon and Saltz in 1965 [14], where the optimization of the equalizer
coefficients is based on the Peak Distortion criterion. Widrow introduced the Mean
Square Error criterion in 1967 [15]. These classical methods apply finite impulse
response (FIR) filters as equalizer which is followed by a threshold detector in order
to carry out fast symbol-by-symbol decision. Furthermore, these criterions yield very
simple recursive algorithms (linear stochastic differentia equations) as well. The
mathematical background of stochastic approximation is worked out by Robbins,
Monroe, Kushner and Clark [16, 17].
The development of the classical methods is summarized in Figure 1. (Detailed
state-of-the-art can be found in the dissertation, in section 1.1.1.)

Evolution of channel equalization
?

?

Equalizer
architecture: Decision-feedback
equalization
([18]),
nonlinear equalization
(maximum likelihood
sequence
estimation
[19],
nonparametric
detection [20])

?

Increasing the speed of
convergence: Recursive
Least Squares algorithm
[21], averaged stochastic
approximation [22]

?

Equalization methods
minimizing
directly
the Bit Error Rate
(minBER equalization)
[23, 24, 25]

?

Blind adaptive methods for learning omitting the training sequence [26, 27, 28, 29]

Equalization of Multiuser Systems (the
equalizer should compensate not only the
Intersymbol
Interference, but Multiuser
Interference as well)
[30, 31, 32, 33]

Figure 1: Development of channel equalization
Based on these preliminaries the dissertation addresses the following issues:
• construction of small-complexity, real time, blind equalizer for DS-CDMA;
• convergence analysis of the decision directed LMS algorithm;
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• new real time equalization based on the minimum Bit Error Rate strategy;
• Optimal resource management of multiple system identification tasks by adaptive model degree estimation;

2

The methodology

The aim of the research is the development of new algorithms where the mathematical challenges are (i) proving the optimality of the equalizer in steady state
in the sense of a given criterion, (ii) proving the convergence in probability, (iii)
demonstration of the performance by extensive simulations.
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Overview of the results

The structure of relations between technological motivations, new scientific results
and outcomes are depicted by Figure 2.

Figure 2: Motivations, results and outcomes
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The model

The general model of the communication systems by which the new algorithms are
treated is depicted by Figure 3.
The denotions used in the text:
• yk is the transmitted information symbol in the kth time slot. yk is i.i.d.
sequence of Bernoulli distribution with p = 0.5 parameter;
• hk , k = 0, ..., M is the impulse response of the channel, where M + 1 denotes
the span of the distortion (which comes from ISI and/or MUI);
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Figure 3: Model of digital communication system with linear distortion and additive
Gaussian noise
• νk stands for the noise in the kth time slot, which is assumed to be Gaussian
with p.d.f.:
1 T
1
−1
p(u) = p
e− 2 u K u
(1)
N
(2π) det (K)
where K is the covariance matrix defined as: Kij = E {νk−i νk−j }. (In the case
of white noise K = N0 I, where I is the unit matrix and N0 is the noise power;
• xk is the received signal:
xk =

M
X

hj yk−j + νk ;

(2)

j=0

• In the case of block-transmission a matrix-vector denotion can be introduced
as y = [yk , ..., yk−N ]T , x = [xk , ..., xk−N ]T , n = [νk , ..., νk−N ]T ; and the received
vector can be expressed as
x = Hy + n,
in the case of single user systems H is of Toeplitz-type, while in the case of
multiuser systems block-Toeplitz-type;
• The so called training sequence consists of known input-output symbol pairs:
τ (K) := {(yk , xk ) , k = 1, ..., K};
• Detection means a mapping ŷ = f (x) yielding the decision on the sequence y;
• the equalizer make a linear mapping on the received signal in order to compensate the distortion of the channel:
J
X

ỹk =

wj xk−j .

(3)

j=0

where wk denotes the weights of the equalizer, and the detection is carried out
by threshold decision: ŷ = sgn {ỹ};
• the convolution of the channel and equalizer is denoted by
qk =

M
X
i=0

5

hi wk−i

(4)
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New scientific results

In this section the new theses are introduced.

Thesis A. Novel blind equalization algorithms
In this section a new blind ZF equalizer algorithm, and the convergence analysis of
the decision directed LMS algorithm will be introduced.
Thesis A.1.
A new blind adaptive decorrelation method (ADM) is constructed, that can decorrelate its stationary input process:
wl (k + 1) = wl (k) − ∆ {ỹk ỹk−l − δl,0 }

(5)

where ∆ is the step-size parameter and δl,0 is the Kronecker-symbol. Note that
algorithm (5) does not require the transmitted sequence yk , only its own output ỹk
is used for updating the equalizer coefficients wk .
Thesis A.2.
It is shown that algorithm (5) can be applied as blind equalizer in DS-CDMA systems. Almost sure convergence to the inverse of the channel matrix (ZF equalization)
is proven by applying the Kushner-Clark theorem:
n
o
P lim W(k) = H−1 = 1
k→∞

where H denotes the channel matrix, and W is the Toeplitz-matrix formed by the
equalizer coefficients.
The following extensions of ADM (5) have been introduced:
1. in the case of additive Gaussian noise unbiased estimation of the empirical
covariance matrix may be used;
2. applying the averaging technique for stochastic approximation algorithms introduced by Polyak and Juditsky [22] can be applied to ADM in order to
increase the convergence speed.

Performance analysis of ADM
The BER-SNR performance of ADM and its extensions are depicted by Figure 4 for
a DS-CDMA uplink channel, considering 5 active users, bit-synchronism, AWGN
channels between users and the base, and Gold-codes of length of 31 chips. Note
that the results of ADM are very close to the BPSK bound and far outperform the
conventional RAKE receiver (Single User Detector).
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BER−SNR performance of ADM for channel H2

−1

10

−2

10

−3

BER

10

−4

10

−5

10

ADM
UADM
SUD
BPSK bound

−6

10

−7

10

2

4

6

8
SNR

10

12

14

Figure 4: BER vs. SNR for channel model H(2) (defined in the dissertation in section
3.1.4.)
Thesis A.3.
It has been proven that the optimal weight vector of the Decision Directed Least
Mean Square algorithm (DDLMS)
Ã
Ã J
!
!
J
X
X
wi (k + 1) = wi (k) − ∆ sgn
wj xk−j −
wj xk−j xk−i
(6)
j=1

j=1

in steady state differs from the optimal weight vector of the LMS only in a constant
DDLMS
LMS
factor: wopt
= R−1 r(1 − 2Pb ) = wopt
(1 − 2Pb ), yielding the same bit error rate.
Almost sure convergence to this solution has also been proven.

Thesis B. Novel minBER equalization algorithms
The classical equalization algorithms are based on suboptimal criteria (peak distortion, mean square error) in order to achieve easy-to-compute optimization algorithms. The current DSP technology makes possible to implement more complex
and more efficient algorithms. Hence, the dissertation applies the minimum BER
equalization strategy, i.e. the direct minimization of the BER which is the main
performance measure of the digital communication.
In order to establish the new cost function, the BER will be expressed as a
function of the equalizer coefficients:


PM +n
PN
X
hl−n yl 
wn
q Pl=n
.
(7)
Pb (w) = (1/2L )
Φ  n=0
2
y∈Y
w
N0 N
n=0 n
where No is the power spectral density of the additive white noise, L is the
length of the overall channel impulse response q (see (4)), and Φ(·) is the
standard normal c.d.f. Y denotes the set of binary vectors for which Y =
{y = (y0 , y1 , ..., yL )|y0 = −1 and yi ∈ {−1, 1}}.
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The new cost function Pb can be minimized by the steepest descent method:
wi (k + 1) = wi (k) − ∆

∂Pb (w (k))
∂wi

(8)

where w(k) denotes the equalizer coefficient vector at the kth iteration, and
 ³
´2 
PJ
PM +n
X
n=0 wn
l=n hl−n yl
1
∂Pb (w)
 −

q
=
exp
·
P


(9)
J
P
2
∂wi
2N0 n=0 wn
2L 2πN0 ( Jn=0 wn2 )3 y∈Y
" J
#
M
+i
J
M
+n
X
X
X
X
·
(
wn2 ) · (
hl−i yl ) − wi (
wn
hl−n yl )
n=0

n=0

l=i

l=n

Direct application of this method is not straightforward because of the exponentially
growing number of terms (with the length of q, i.e. the span of of channel-equalizer
cascade) in the summation in algorithm (8). To overcome this difficulty new analytical upperbounds on BER and statistical sampling techniques are applied in order
to achieve real time, low-complexity, high performance algorithms.
Thesis B.1.
New low-complexity equalization algorithms are introduced based on newly derived
analytical upperbounds on BER:
q P
P
2
−q0 + L Ll=1 ( M
j=0 wj hl−j )
q P
d) Pb (w) ≤ Φ (G(w)) , ahol G(w) =
N0 Jn=0 wn2
∗

e) Pb (w) ≤ Q(w) where
q P
q P
 



PM
PM
L
L
2
2
−q
+
L
(
w
h
)
L
(
w
h
)
−q
−
0
0
l=1
j=0 j l−j
l=1
j=0 j l−j
1
 + Φ
 .
q P
q P
Q(w) = Φ 
2
J
J
2
2
N0 n=0 wn
N0 n=0 wn
where equations provided with aP* stands in the case of eye-openness of the overall
channel impulse response: q0 > Lk=1 |qk |.
Based on these differentiable upperbounds new equalizers are introduced using
the steepest descent method:
wi (k + 1) = wi (k) − ∆

∂G(w)
∂wi

(10)

wi (k + 1) = wi (k) − ∆

∂Q(w)
∂wi

(11)

and

The gradients used in (10) and (11) can be analytically calculated and are defined
in the dissertation in section 4.4.2.
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Thesis B.2.
The expression of Pb in (7) can be seen as an expectation in the case of uniformly
distributed information symbols (which has been assumed in the model) as follows:


PJ
PM +n
X
wn
hl−n yl 
1
q Pl=n
PE (w) = L
Φ  n=0
=
2 y∈Y
N0 Jn=0 wn2
1 X
= L
PE (w, y) = Ey {PE (w, y)} .
(12)
2 y∈Y
This expectation can be approximated by statistical sampling techniques, such as
the Li-Silvester method, which was originally applied in reliability analysis. Using
the dominant samples in the expectation, a sharp lowerbound can be achieved. The
following algorithm provides the dominant samples.
Set K = 4;
y0 = [−1, 1, ..., 1]
y1 = s̃−1 ([−1, 1, ..., 1, −1])
y2 = s̃−1 ([−1, 1, ..., 1, −1, 1])
IF r1 + r2 <= r3
THEN y3 = s̃−1 ([−1, 1, ..., 1, −1, −1])
ELSE y3 = s̃−1 ([−1, 1, ..., 1, −1, 1, 1])
N = {y0 , y1 , y2 , y3 };
Let S(w) ≤ G(w) denote the Li-Silvester lowerbound.
The gradient of the lowerbound (s(w)) is the same as g(w) (9),
using Y against N ;
Calculate the recursion wi (k + 1) = wi (k) − ∆si (w).
The denotions used in this algorithm are explained in the dissertation in section
4.5.1.
Thesis B.3.
The complete summation in the original gradient (9) can be substituted by one
randomly chosen term leading to the instantaneous estimation of the gradient.
wi (k + 1) = wi (k) − ∆ĝi (w(k), Y = y)

(13)

where P {Yi = −1} = P {Yi = 1} = 0.5, and


´2 
PM +n
h
y
w
l−n l
n
l=n
1

ĝi (w(k), Y = y) = q
P
 ·
J
PJ
2
w
2N
3
2
0
n=0 n
2πN0 ( n=0 wn )
" J
#
M
+i
J
M
+n
X
X
X
X
· (
wn2 ) · (
hl−i yl ) − wi (
wn
hl−n yl )
(14)
 −
exp 

n=0

³P

J
n=0

n=0

l=i

9

l=n

The almost sure convergence of this stochastic approximation algorithm to the optimum of the true gradient algorithm (8) is proven. Note that this method does not
consists of exponential summation, hence real time equalization can be carried out.

Performance analysis of minBER algorithms in Thesis B.
Figure 5. depicts the BER-SNR performance of the new minBER algorithms for
a non minimum-phase channel with 4 coefficients. (TGS stands for True Gradient
Search (8), LISI4 stand for Li-Silvester method using 4 dominant terms, STG means
Stochastic Gradient method.) Note that the new algorithms far outperform the
classical ones, namely the BER can be decreased even to the one hundredth related
to the classical solution.
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Figure 5: BER vs. SNR in the case of channel h(7) (defined in section 4.7.) and 6
equalizer coefficients

Thesis C.: Novel Adaptive Filter Degree Algorithm
A lot of channel equalization algorithms require channel state information which
implies the use of adaptive channel identifiers. One of the main issues of system
identification is the proper estimation of the model degree. Underestimation of the
model degree results in poor model that cannot satisfactory approximate the original
system. On the other hand overmodelling is equivalent to waste of computational
resources. Hence, finding the exact model degree yields optimal resource management in the case of performing simultaneous identification tasks on the same DSP.
(This case is typical e.g. in a mobile base station, where all the mobiles in the
cell communicate over different radio channels with the base). The novelty here is
the adaptivity, which gives rise to automatic model degree identification against the
classical information theoretical criteria by Akaike and Rissanen [34, 35], that are
off-line and require a priori statistical information.
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Thesis C.1.
The new Adaptive Filter Degree Algorithm (AFDA) is an extension of the classical
Minimum Mean Square Error (MMSE) identification algorithm. The AFDA method
adopts not only the coefficients of the identifier filter but the degree of this filter as
well. In order to establish a stop-criterion for the algorithm the analytical expression
for the residual error as a function of the model degree has been derived as follows:
Eres (J) ∼ O (k(M − J)) where J is the degree of the identifier, and M is the exact
model degree, while k is a constant that depends on the covariance matrix of the
desired signal.
The basic steps of AFDA are depicted by the flow-graph in Figure 6. The core of
AFDA consists of sequential execution of the MMSE recursion with increasing filter
degree. (The initial degree should be smaller than the exact one). After convergence
of MMSE with a given degree, the residual error will be measured. Stopping the filter
degree adaptation can be based on a predefined level of error, or on the recognition
that in the case of overmodelling there is no more decrease of the residual error.

Figure 6: Flow-graph of AFDA

Thesis C.2.
Upperbound on the convergence time of AFDA has been derived which demonstrate
that the increase of convergence time caused by the sequential execution of the
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MMSE is under a tolerable level, but at the same time finding of the exact model
degree is satisfied. The initialization of the MMSE of increased degree by the last
optimum satisfies the relatively fast convergence, because the two optimums (at
degree j and j + 1) are close to each other. The expression of the convergence time:
TcAF DA

=

ε
M
X
log |wn (0)−h
n|
n=1

(15)

log(1 − ∆)

where n stands for the number of degree adaptation steps, ∆ is the step-size, M
denotes the exact model degree.

Performance analysis of AFDA
Figure 7. depicts the convergence curves of AFDA and MMSE in the case of undermodelling and in the case of hypothetical knowledge of the exact model degree. By
applying AFDA the dramatic decrease of the residual error can be achieved, at the
cost of increased convergence time.
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Figure 7: The squared error vs. the number of iterations in the case of channel h(4)
(defined in section 4.7. in the dissertation) and of 30 dB SNR
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Implementation issues

The new results were motivated by the challenges regarding modern services implemented over high speed wireless communication systems. Hence, the implementation
possibilities of the new algorithms were calculated applying the current DSP technology. A 8000 MIPS, 32-bit fixed point DSP (Texas TMS320C6416 – designed for
communication applications) was considered.

6.1

Blind equalization: Decision directed LMS

Applying TMS320C6416, the equalization and parallel updating of all the equalizer
weights can be carried out at a rate of 20 MHz, in the case of 6 equalizer coefficients.
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On the other hand, if the rate of updates is reduced to 10 MHz 40 coefficients can
be handled.

6.2

Blind equalization: ADM algorithm

The implementation of ADM is highly limited by the transmission block size,
while the dimension of the channel matrix depends linearly on the block size. If
smaller block size is chosen, ADM can be efficiently implemented using the Texas
TMS320C6416: equalization and updating the weights can be performed at 10 MHz
in the case of block size of 16 and 10 active users. If the number of users is 30, the
rate of updates decreases to 1 MHz. In the case of large block size, the convolutional
form of the algorithm can be efficiently implemented (for details see dissertation,
section 3.1.).

6.3

MinBER equalization

Figure 8. depicts the limits of implementation of the different minBER algorithms
applying Texas TMS320C6416 DSP. Parallel updating of all coefficients in each time
slot is assumed. The realizable number of channel+equalizer coefficients are shown
versus the possible rate of updating. The True Gradient Algorithm, due to its
exponential complexity, cannot be realized at high speed, namely even in the case
of 5 equalizer+channel coefficient the limit of the rate of updates is about 1MHz,
while with the same frequency the other algorithms can even be executed with over
100 coefficients.
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Figure 8: Different minBER algorithms implemented on Texas TMS320C6416

6.4

Adaptive Filter Degree Algorithm

One attractive application field of AFDA is the channel identification of mobiles in
the cell of a given base. All the mobiles have different position yielding different
propagation properties and channel impulse response functions, which all should
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be identified separately. Using modern DSP technology, parallel identification of
several impulse response functions can be carried out by using a single DSP. In the
case of Texas TMS320C6416 DSP 1000 identifier coefficients can be realized at 1
MHz rate of updates. The typical span of mobile channels does not exceed 10 time
slots that implies the parallel identification of over 100 mobile channels satisfying
optimal DSP resource allocation.
These facts imply that the new algorithms can be directly implemented in highspeed wireless communication system in a real time fashion.
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