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ABSTRACT

Maximum a posteriori (MAP) sequence detection for channels
with intersymbol interference (ISI) has previously required
knowledge of the channel sampled impulse response (SIR).
Generally the SIR coefficients are determined via least mean square
(LMS) or recursive least squares (RLS) estimation algorithms.  For
many unguided media channels such as mobile radio and high
frequency radio which exhibit a time–varying SIR, these estimators
must be adaptive.  Adaptive estimators often fail to track adequately
and are a major source of detector deterioration.  A novel, blind
maximum likelihood sequence detection (BMLSD) formulation
without the need for external channel SIR estimation is proposed.
The BMLSD performance is evaluated via simulation over several
fast Rayleigh fading channels, which indicates substantial
improvement compared to the conventional MLSD.

1   INTRODUCTION

It is well known [1] that the optimum filter for a received signal
with no intersymbol interference (ISI) and additive white Gaussian
noise is one matched to the signal.  Matched filtering of a received
signal with ISI will still maximise the signal to noise ratio (SNR)
without altering the ISI, but will ‘‘colour” the noise.  Any further
filtering at this point to reduce the ISI will be at the expense of the
SNR.  A matched filter followed by an equaliser is the optimum
linear system for a received signal with ISI.  However for severe
multipath channels, a non-linear technique such as decision
feedback equalisation or maximum likelihood sequence detection
(MLSD) may be required.  Although more complex, the optimum
MLSD is preferred for such channels, often employing the Viterbi
algorithm to reduce computation [2].  The conventional MLSD
metric requires knowledge of the channel sampled impulse
response (SIR) to form the trellis through which it traces the most
likely data sequence.  In high frequency radio and mobile
communications channels, dispersion causes the SIR coefficients to
vary.  Conventional least mean square (LMS) and recursive least
squares (RLS) algorithms often fail to estimate these time–varying
channels accurately enough, even with a large training overhead.
Channel estimator performance is further reduced by detection
delay and detection errors.  For the fast fading two and three path
channels this results in an irreducible detector bit error rate (BER)
of between 0.01 and 0.0001.

 Recently techniques which combine data sequence detection and
channel estimation have been investigated to overcome these

problems [3].  Note that in all of these methods, channel estimation
in some form is included.  For example, in [4], the use of
per–survivor processing (PSP) eliminated the irreducible BER for
the fast fading channel.  However, to achieve this, 7% retraining
was required for the channel estimator.  Here we do not attempt to
estimate the channel.  Instead we integrate over all possible
channels when forming the sequence metric for the MLSD.  By
removing the channel estimator, no training sequence is required to
be transmitted.  This is a distinct advantage, expected to outweigh
any increases in complexity, in some applications. An earlier
version of this approach [5] used a real valued time–varying
channel model and numerical integration rather than the complex
valued closed form result obtained in this paper. The work in this
paper extends that published in [6] by presenting new results for the
fast Rayleigh fading channel.

In Section 2 the channel model with symbol–spaced coefficients
is described.  The new blind maximum likelihood sequence
detection (BMLSD) metric is derived in Section 3, and simulation
results presented in Section 4.

2   CHANNEL MODEL

The channel is approximated by the discrete time complex
baseband model shown in Figure 1.
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Figure 1    Discrete Time Channel Model

From Figure 1, the received symbol–spaced sequence is

y � [y[0], y[1], ..., y[k]]T � Ug � n (1)
where the received sample is

y[i] � �
Ng–1

l�0

u[i � l]g[l] � n[i] for i � 0, ..., k
(2)

 the transmitted symbol at time i is u[i], a data matrix is defined as
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and g � 
g[0], g[1], . . . , g
Ng–1��
T
, is the channel SIR vector with

length Ng.  The additive noise component at time i is n[i].  Note that



the superscripts T and H denote transpose and Hermitian (complex
conjugate transpose) respectively.

3   MAP SEQUENCE DETECTION

The maximum a posteriori (MAP) transmitted data sequence is

u^ � argmax
u

{Pu[u | y]}
(4)

where Pu[u | y] is the conditional probability that the data sequence
u = [u[0],...,u[k]]T was transmitted given that the sequence y has
been received.  By application of Bayes’ Rule

Pu[u | y] �
puy(u, y)

py(y)
�

py(y | u)Pu[u]
py(y) (5)

where puy(u,y) is the joint probability density function (PDF) of
the sequences u and y.  As py(y) is independent of the selection of u
it can be omitted without affecting the maximisation over u.
Equation (4) therefore becomes

u^ � argmax
u

�py(y | u)Pu[u]�
(6)

where py(y | u) is the PDF of the received sequence y conditioned
upon the transmitted data sequence, u.  Integrating over all g, and
as u and g are independent, the argument of equation (6) becomes

py(y | u)Pu[u] � Pu[u] �
g��Ng

py(y | u, g)pg(g)dg

(7)

where pg(g) is the prior PDF of the channel, g.  For uncoded
uniformly distributed data Pu[u] is independent of the choice of u
and so may be omitted from equation (7).  py(y | u,g) is simply a
function of the noise distribution which is assumed to be complex
valued multivariate Gaussian

py(y | u, g) �
exp�– 1

2 (y � Ug)H
�1�2�–1

n �1�2(y � Ug)�
(2�)k�1 det(�n) (8)

where �–1
n  is the inverse of the covariance matrix of n, and � is a

real valued diagonal weighting matrix defined as

�
� diag��[0], �[1], . . . ,�[k]� (9)

Inclusion of this weighting matrix can be considered as using an

altered noise covariance matrix equal to �–1�2
�n�

–1�2 and allows
the metric contributions to be emphasised based upon the time
index, k.  For example, if the actual channel, g, or noise covariance
matrix, �n, is time–varying, less emphasis may be put upon older
contributions.  The noise correlation may be attributed to the
receive filtering.

Note that the choice of the prior PDF, pg(g), is a very
controversial issue [7], and should be based upon some knowledge
of the physical system.  Here it is assumed that the channel
coefficients remain stationary over the observation interval of the
detector and that they are from a Gaussian distribution with PDF

pg(g) � 1
(2�)Ng det��g�

exp� 1
2
��g � mg�

H
�

–1
g �g � mg��

(10)

mean value, mg, and covariance matrix, �g.  This may be viewed
as providing the detector with an estimate mg of the channel and
some information �g on how accurate that estimate is.  �g also
allows for correlated channel coefficients, which is often the case in

practice.  If the mean is close to the actual channel, then the PDF in
equation (10)  may be termed a ‘‘minimally informative” prior [7,
pp 55].  If there is limited knowledge of the mean, then �g may be
increased.  For example, if an external channel estimate is used for
the mean, then �g may be used to inform the detector of its
accuracy.  Note that the conventional MLSD metric uses a channel
estimate which it assumes is correct.  For Gaussian data, the joint
PDF of a LMS channel estimate is Gaussian [8, pp 335].  Note that
this can be used as further justification for the choice of a Gaussian
prior, if equation (10) is interpreted as the PDF of mg.

From equations (6), (7), (8) and (10), setting the appropriate
integration limits, the maximum likelihood (ML) data sequence is

u^ �
argmax

u
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1
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where from equations (8) and (10) the argument of the exponential
is
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which by expanding and then grouping g terms becomes
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It can be seen from equation (12) that, with � equal to the
identity matrix, I, and as time increases (k � �), the data PDF
terms, �, will dominate the prior PDF terms, �.  The latter then just
become initialisation conditions.  In this case the data ‘‘swamps
out” the prior knowledge.  However, for weighting matrices with
limited memory, the prior knowledge will always have some effect
upon equation (12).  This is unlike conventional weighted
algorithms, for example weighted RLS, where the additional term
added to the correlation matrix is also weighted by �k [8, pp 484].
This causes the effect of the initialisation condition to decay as k
increases.  Here the prior information has deliberately been allowed
to remain.

Using equation (13) the integral in equation (11) can now be
expressed in the form [9]

�
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where from equation (13)
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Substituting equation (14) into (11), the ML data sequence
becomes



u^ � argmax
u
� exp(bHA–1b � c)

(2�)k�12Ng det(�n) det��g� det(A)
�

(18)

Omitting the terms in equation (18) which are independent of u,
taking the logarithm, and changing to a minimisation over u the
ML detected sequence is given by

u^ � argmin
u

{�}
(19)

where the BMLSD metric is defined as

�
� ln(det(A)) � bHA–1b (20)

Note that as ln(.) is a monotonic function, taking the logarithm does
not affect the minimisation over u.

3.1   Uncorrelated Channel and Noise

The special case of uncorrelated channel coefficients and noise is
now considered. Although the channel coefficients are not always
uncorrelated, for most time–varying channels this is an acceptable
approximation [1]. A whitened matched filter technique [10] can be
used to justify the uncorrelated noise assumption. For uncorrelated

channel coefficients, g, the covariance matrix, �g , equals �2
gI and

for uncorrelated noise, n, the covariance matrix, �n, equals �2
nI.

3.2   Metric Interpretations

The metric in equation (20) is now interpreted as a modified
Euclidean distance metric based upon per–survivor Bayesian
minimum mean square error (BMMSE) channel estimates.  For a
weighting matrix, �� equal to the identity matrix, I, it may be
shown that the BMMSE estimate of the channel, as defined in [11,
pp 364], is

g^ MSE � A–1b (21)

where A and b are defined in equations (15) and (16).  Note that
this estimate is a function of u.  Now substituting equation (21) into
equation (18), the argument of the exponential in equation (18)
becomes

bHA–1b–c � bH g^ MSE–c � � g^
H

MSEAg^ MSE � 2 Re�g^ H

MSEb�–c

(22)

which using equations (15) to (17), simplifies to
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Minimising the metric in equation (20) is equivalent to maximising
equation (23).  The first term in equation (23) is the conventional
Euclidean distance metric with a BMMSE estimate of the channel
based upon each stored sequence, u.  The second term is the
Euclidean distance between the BMMSE channel estimate and the
channel mean, and is due to the prior PDF of g.

In [6] we have shown that as the variance of the channel

coefficients becomes small, ie: �2
g � 0, the metric in equation (18)

approaches the conventional Euclidean distance metric [10] with
the channel coefficient mean, mg, as the channel estimate.  We have
also shown in [6] that as the variance of the channel coefficients

becomes large, ie: �2
g � �, using the metric in equation (18) is

equivalent to a ‘‘per–survivor” processing (PSP) detector with least
square channel estimates. Therefore the new BMLSD metric is a
generalisation of both the conventional MLSD and PSP techniques.

4   PERFORMANCE

To determine the performance of the detection metrics derived in
Section 3, differentially encoded binary phase shift keyed (DBPSK)
and quaternary phase shift keyed (DQPSK) data symbols were
transmitted over fast Rayleigh fading two and three path channel
models. A multistage, multirate filter structure was used to generate
the channel coefficients with a lowpass Gaussian Doppler power
spectrum shape.  The 3dB Doppler spread of each coefficient,
normalised to the symbol rate, was 0.005.  The channel noise was
additive white Gaussian.  The variance of the noise was adjusted to
obtain the required average ratio of bit energy to noise power
spectral density,  Eb/N0.  The bit error rate (BER) at each Eb/N0
value was measured for three different noise seeds and the average
value plotted.  The error bars in Figures 2 and 3 indicate the
maximum and minimum BER measured.  A BER measurement
ended when at least 325,000 symbols (approximately 1000 channel
coefficient fades) had been transmitted and at least 220 symbol
errors had been recorded, or when a maximum of 2�107 samples
had been transmitted.  The value of 220 was chosen to obtain
measurements with an uncertainty of 0.1 with 95% confidence.
The simulation limit shown in Figures 2 and 3 is equal to
220/2�107 = 1.1�10–5.

4.1   Implementation

 The Viterbi algorithm was used for ML detection of the input
sequence u.  The detection delay was set to 5Ng  [1].  The BMLSD

metric mean, mg, equalled (0,0), the variance, �2
g, equalled 0.1.  The

exact value of �2
g chosen was not critical to the performance of the

BMLSD.  The weighting matrix was

�[i] � �k–i 0 � � � 1 and 0 � i � k (24)
which gave an exponentially decaying metric memory with
forgetting factor, �.  The best value for � was chosen via simulation
to be 0.7.  For a detection metric with a memory length of L, the
detector should have ML states.  However only a MNg state detector
was used here.  The reduced state implementation did not cause any
noticeable performance degradation.  The BMLSD metric in
equation (20) was implemented both directly, and using LU
decomposition [8].  The required computation was of the order of

N3
g.  For length two and three channels, this resulted in a increase in

execution time of approximately ten to twenty with respect to the
conventional MLSD.  Recursive algorithms have been developed
to reduce computation.

For comparison a conventional MLSD and LMS channel
estimator were also implemented. The MLSD was implemented
using the Viterbi algorithm.

4.2   Simulation Results

For conventional MLSD over fast fading channels an irreducible
bit error rate exists.  This is due to two types of error.  The first is
termed  ‘‘phase flipping”.  With both the channel and data
unknown the detector is able to choose two equally valid solutions,
out of phase with each other by a multiple of ��/M radians, where
M is the size of the data symbol alphabet.  The detector then may
‘‘flip” between these solutions, causing detection errors.  Methods
to prevent phase flipping have been derived and tested successfully
in [12].  Modifying the traceback part of the Viterbi algorithm gave
the best results and was used here.  The second type of error is
termed ‘‘delay ambiguity”.  This occurs when the detector chooses



a time shifted version of the correct transmitted data sequence.  A
method which successfully prevents delay ambiguity is presented
in [6].  It involves periodically rotating the phase of the transmitted
data symbols and was also used here.

In Figure 2, the performance of the new BMLSD metric over the

Figure 2    BER Performance of BMLSD Over a Fast
Fading Two Path Channel with DBPSK Data

fast fading two path channel is shown.  The lowerbound for
detection of a differentially encoded isolated pulse transmitted over
a Rayleigh fading two path channel is also shown.  Note the
substantial performance improvement obtained by the new
BMLSD over the untrained LMS/MLSD system.  The irreducible
BER is reduced by between one and two orders of magnitude.  Due
to the inherent PSP of the BMLSD it even outperforms the fully
trained LMS/MLSD system.  Similar performance improvements
were also obtained over three path channels and with DQPSK data
as shown in Figure 3.

Figure 3   BER Performance of BMLSD over a Fast Fading
Three Path Channel  with DQPSK Data

The upperbound on the probability of error is for MLSD of data
transmitted over a Rayleigh fading three path channel.

5   CONCLUSIONS

The performance shown by the new BMLSD metric over a fast
Rayleigh fading channel is superior to that obtained with the

conventional untrained LMS/MLSD system.  The improved
performance is at the expense of a moderate increase in
computation.  Fast recursive algorithms are expected to reduce this
increase.  The new detection algorithm has also allowed
information about the accuracy of the channel estimate to be given
to the detector, in the form of �g.  For example the technique could

be used with a channel estimator providing both mg and �2
g to

improve overall performance.  The metric is a generalisation of
both the conventional MLSD and PSP techniques.  A
fractionally–spaced version of the new BMLSD has now been
developed [12] [13].
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