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Joint MAP Equalization and Channel Estimation
for Frequency-Selective and Frequency-Hlat
Fast-Fading Channels
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Abstract—T his paper presents a new fractionally-spaced max-
imum a posteriori (MAP) equalizer for data transmission over fre-
guency-selective fading channels. The technique is applicable to
any standard modulation technique. The MAP equalizer uses an
expanded hypothesistrellisfor the purpose of joint channel estima-
tion and equalization. Thefading channel isestimated by coupling
minimum mean square error techniques with the (fixed size) ex-
panded trellis. Thenew M AP equalizer isalso presented in an iter-
ative (turbo) receiver structure. Both uncoded and conventionally
coded systems (including iterative processing) are studied. Even
on freguency-flat fading channels, the proposed receiver outper-
forms conventional techniques. Simulations demonstrate the per-
formance of the proposed equalizer.

Index Terms—Communication systems, fading channels, MAP
estimation, equalization.

I. INTRODUCTION

OBILE radio communication channels are time-varying
channels. They are characterized by the presence of both
delay and Doppler spreading. Depending on the delay spread
and the data rate, the channel may be approximately flat fading
(e.g., rural areas, narrowband systems), or frequency-selective
(e.g., hilly terrain, wideband systems). Frequency-selective
channels produce intersymbol interference (1SI). The ISl can
be modeled with several filter taps which represent attenuation
along each of the delay paths causing the 1Sl [1], [2]. A channel
may aso be fast or slow fading, depending on the Doppler
spread of the channel and the data rate. Slow fading can easily
be tracked by the receiver, whereas fast fading requires more
sophisticated channel estimation. With the recent allocation of
higher frequency bands for mobile communications comes the
reality of channels that simultaneously exhibit fast-fading and
I1SI.
This paper focuses on fast-fading frequency-selective chan-
nels, athough frequency-flat fast-fading channels are also con-
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sidered to be a specific case. Importantly, we consider the gen-
eral equalization problem for any of the standard modulation
schemes.

The standard approach to equalization with unknown chan-
nelsisto generate a single channel estimate based on the statis-
tics of the channel [3]. This requires either a training sequence
or a delayed decision-directed approach. However, a more in-
tegrated technique, such as maximum likelihood sequence esti-
mation (ML SE) linked with per-survivor processing (PSP), pro-
vides superior performance [4]. More recently, the advent of
“turbo processing” [5], has revitalized interest in maximum a
posteriori (MAP) equalization in preferenceto MLSE [6], [7].

The MAP agorithm is a symbol-by-symbol estimator which
accepts observations (in the form of matched filter outputs) to-
gether with a priori symbol probabilities (soft inputs) and pro-
duces a posteriori symbol probabilities. The decoded symbol is
declared to be that with the maximum a posteriori probability.
Thus, the MAP agorithm minimizes the bit error rate (BER).
When the probabilities are retained as soft outputs, the MAP
equalizer is suited to receiver structures in which subsequent
stages (e.g., outer decoding) utilize soft decisions. In this paper,
we consider the block-processing MAP equalizer [8], which
may be implemented using forward-backward recursions [9].
Online (forward only) versions of the MAP algorithm for equal -
ization and decoding are also possible [10]-{13]. These algo-
rithms may be directly applied in fading systems where perfect
channel state information is assumed to be available at the re-
celver.

This paper presents an extension to the block-processing
MAP equalizer for the case where the channel is not assumed to
be known. Aswith standard Viterbi algorithms, the operation of
the MAP equalizer may be represented using a state trellis [1].
In this paper, we use an expanded trellis so as to include extra
memory for measuring the channel. This allows joint channel
estimation and equalization. Expansion of the state space is
made possible by the fact that the low-pass nature of the fading
effectively introduces correlation into the received signal. The
expanded state can then be used to form separate channel
estimates for each trellis state. Conceptually, thisis similar to
PSP. However, per-survivor techniques are only applicable to
MLSE equalizers. MAP equalizers require channel estimates
based on thetrellis state since there is no concept of asurviving
sequence.

For our new equalizer, the size of the expanded state space
is fixed, and minimum mean square error (MM SE) techniques
are proposed for forming channel estimates. This follows the
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Fig. 1. Baseband transmission system model.

predictive receiver approach of [14], however, in that case the
expansion was limited to continuous phase-modulated (CPM)
or phase-shift-keyed (PSK) transmission. Itisalsoin contrast to
the Bayesian MAP (forward only) equalizers proposed in [15],
[16] where the state space grows exponentially with time unless
pruning or decision feedback techniques are applied (see [17]
and [18] and references therein).

Our new fractionally-spaced equalizer is suitable for both
equalization of frequency-selective channels (i.e., exhibiting
ISI) and demodulation of frequency-flat fast-fading channels
and is related to the contributions of [4], [8], [19], [20], and
[14]. Our equalizer is applicable to transmission systems with
arbitrary modulation schemes and arbitrary pulse shaping. In
particular, the algorithm is not restricted to constant amplitude
signals. We show that the predictive demodulator of [14],
whichisrestricted to CPM or PSK transmission over flat fading
channels, is a specia case.

Simulations are used to demonstrate the performance of our
new equalizer in an uncoded phase-shift keyed (PSK) system.
The importance of the MAP equalizer liesin its application to
turbo processing. The structure of the turbo processing receiver
is reviewed and the performance of the turbo receiver for fre-
guency-selective channels is demonstrated by simulation.

Il. TRANSMISSION SYSTEM MODEL

The transmission of data symbols over either a frequency-
selective or frequency-flat fading channel isshownin Fig. 1. In
this paper, we adopt the equivalent discrete model [2], [1], [21]
with oversampling.

The data sequence (of length N) is designated {u,}.
It is transmitted over the channel using @-ary symbols of
period 7', with band-limited pulse shape g(7). The physica
frequency-selective fading channel has impulse response
c(t, 7). The physical channel is usually assumed to have
Gaussian fading satistics, thus resulting in a Rayleigh or
Rician channel. When assuming the wide-sense-stationary and
uncorrelated scatterers (WSSUS) model, the scattering function
(or delay-Doppler power spectrum) completely describes the
channdl statistics. Additive white Gaussian noise (AWGN)
is introduced at the receiver input, where the received signal

A
X

a priori info.

is filtered and sampled at a rate of 1/7T, so that the discrete
received signal z, isoversampled at therate R = T, /T < 1.

The discrete equivalent channel fi. describes the
pulse-shaping filter, the physical channel, the receiver filter,
and the sampling [1]. Thus, the taps are generaly correlated
even if the scatterers in the physical channel are uncorrelated
[22]. The samples, z, are a sufficient set of statistics for the
receiver, and the discrete equivalent finite impulse response
(FIR) transmission model is given by

£—1

2 :Zxk_sfk75+wk k:O...N/R—l
e=0

@

where the sequence {x } is an oversampled version of {u,, }

e

The complex-valued noise samples, wy,, are generally colored
by virtue of the anti-aliasing filter at the receiver input. Note that
we use k& to index quantities sampled at the higher rate 1 /7 =
1/RT and n to index quantities at the symbol rate 1/7".
Itisapparent from (1) that each sample, zy, at the samplerate,
1/T,, depends on {zj—s41 ...z} (i.€, £ — 1 values previous
to x;, interfere with the output 2;,). Therefore, thereare . — 1 =
[(£ — 1)R] additiond bits of S| at the symbol rate. Thus, for
Q-ary transmission, thetrellisfor MLSE has Q7" states (L >

1.

for n = kR integer
otherwise

una

o @)

I11. MAP EQUALIZATION

Here we review the MAP agorithm for symbol-by-symbol
detection of the transmitted sequence {u,, }. In this section, we
assume that perfect channel state information, fy ., isavailable
at the receiver. In Section IV, our hew method for obtaining
channel estimates based on expanding the trellis will be pre-
sented.

The MAP agorithm calculates the a posteriori probability of
each transmitted symbol, i.e., Pr(u, = ¢| Z) /%", ), for each
of the Q-ary symbals, ¢, where Z,’:f is the set of observations
{#k, - .- 21, } @nd 6 represents the channel model. The decoded
symbol is declared to be that with the maximum a posteriori
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probability. When soft outputs are required (e.g., in turbo pro-
cessing), the a posteriori probabilities (APP) are retained, and
the algorithm may be referred to as the APP algorithm.

For R = 1, we obtain a symbol-spaced MAP equalizer; for
R < 1, we obtain afractionally-spaced equalizer. In both cases,
the operation of the MAP agorithm may be represented using a
symbol-spaced stete trellis.

The jth state of the trellis at time » is labeled S, ;.
This state represents one of the QF~' possible values
for {up—r42...u,}. We denote the particular value by
{Gp—r42,j--.Un;}, Where tilde indicates a hypothesized
value. Of course, for ISl channels and for our expanded trellis
(see Section 1V), more than one S, ; will correspond to a
particular u,, = g. Thus,

Pr(un=q |27 0) = > Pr(Sus

Jiln=q

éV/Rflae)

(©)

The a posteriori state probabilities, -y, ;
Pr(S, ;| ZY/ %7 ,6), can be calculated using the forward—
backward procedure [9]. The forward variable is «, ;
Pr(S 5, Z /BT 9y The backward variable is 8, =
Jz/ﬁ 1R|Sn], 6). Denoting the a priori transition
probai)lllty from state S,,_ ; to state S,, ; by a,;;, and the
probablllty of observations Z"1"/F~ on that transition by
bn,i;, therecursionsfor theforward and backward variables are

o

O j = Z bpijln ijOn_1.i 4
i—1
Q*

/5’ 4 = an—i-l,ijan—i-l,ijﬂn—i-l,j (5)
=t

where Q* isthe number of statesin thetrellis. Theinitial values
«_1,; may be chosen to be equal (i.e., 1/Q*), or aternatively
(without affecting any result) c_y 1 = 1 and a—¢ ; = 0 for
Jj = 2,...,Q". At the end of the block, 8n ; = 1/Q* for
4 =1,...,Q* should be chosen, unless zero-tailing is used to
ensurethat Sy = 1and By ; = 0forj =2,...,Q*. Ithas
been shown that the impact of zero-tailing on performance is
not significant, especialy for alarge block size V.
The a posteriori state probabilities are then given by

o, B,
L Ll Y
S i

Theapriori statetransition probabilities are derived from the
a priori information provided to the equalizer (soft inputs)

Yrg = (6)

An,ij = PI‘(S,,L] | Sn—l,iu 9)

= Pr(’fbn_r‘_i_g’j N ’L~Ln_1 iy 9) (7)

MAP and ML SE algorithms are usually based on the assump-
tion of AWGN, wy, to simplify calculation of the observation
probabilities. Thisapproach is adopted here, where the variance

iso2 £ (1/2)Elwewl] = N,/(2T3). N,/2 is the two-sided

Un,j | Un—T41,5---
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spectral noise density [1]. The observation probabilities b,, ;;
are then given by

bnij = Pr (Zf;};”/ B8 14,80, 9)
n R—
( +1)/ ! 1 ~k_~k ul }
= H 5 ¢ ®)
ken/R \2mos,
where
—1
Erij = Z Th—c,ij fle,c- 9)
e=0

For computational savings, the MAP equalizer may be imple-
mented in the log domain without loss of optimality [12], [13].

The next section describes how the channel response f; . is
jointly estimated with the data sequence. In fact, there will be
a different channel estimate for each transition. Under the as-
sumption of atransition from state ¢ to state 5, the channel es-
timate is denoted fkﬁj. When the channel is being estimated,
thevariance oz, , in (8), will bereplaced by 47, ;; which accounts
for the noise and the extravariance dueto channel estimation er-
rors.

Pilot symbols can be used to resolve phase ambiguity. The
formulation of the MAP equalizer is such that we do not need to
di stinguish between apil ot symbol and an unknown datasymbol
in the MAP agorithm. Whenever there is a pilot symbol, the a
priori transition probabilities (contained in the input informa-
tion) corresponding to that symbol are set to one. The MAP al-
gorithm handles this a priori information in exactly the same
way as a priori information on transitions corresponding to an
unknown data symbol. For the pilot symboal, it transpires that
some transitions (and therefore states) in the trellis have zero
probability. Hence, phase ambiguity isresolved. In SectionV-A,
we will investigate the use of pilot symbols further.

When the a posteriori probabilities are retained, the
symbol-by-symbol APP agorithm is a soft-input soft-output
technique, and thus the new equalizer may be applied in an it-
erative (turbo) processing receiver. The turbo receiver structure
consists of an APP equalizer and an APP decoder separated by
adeinterleaver and interleaver, as shownin Fig. 2.

IV. MMSE CHANNEL ESTIMATION

In the previous section, we reviewed the MAP agorithm for
symbol-by-symbol equalization where channel estimates were
available at the receiver. Now we consider how those estimates
can be obtained using MM SE estimation techniques.

A. General Case: Freguency-Selective Channels

Consider first the per-survivor ML SE equalizer [4]. Thetran-
sition metric b, ;; (8) from trellis state S,,_1 ; to state .S,, ; is
formed from Z" /5" and the corresponding estimates 2y, ;;

n/R
givenby (9),i.e, Z (%1)/ E=1 Thetrue channel state informa-

tion fr . is replaced by an estimate fk,s,ij obtained using the
observations and the hypothesis along the path which has sur-
vived to state S,,_+ ; (e.9., thisis done using a Kalman filter or
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Fig. 2. Turbo receiver.

related algorithms with dightly reduced complexity [21], [20],
[23]).

In contrast, with MAP equalization there is no concept of a
surviving path to state S,, 1 ;. Previously, work hasbeen doneto
couplethe MAP agorithmto asingle channel estimator [24]. In-
stead, here we adopt a more sophisticated and general approach.
It turns out that the work of [14] can be viewed asa special case.

In this paper, we expand the state space of the trellis to en-
able us to form channel estimates for each state. The states in
the expanded trellis contain the extrainformation needed for the
channel estimates in addition to the channel memory (i.e., ISI)
information. When p additional samples of z; and hypotheses
Iy, (at the sample rate) are used in the estimation, the expanded
trellis has QT(+P—1FI states, The expanded trellis state repre-
sents {t,—r—ptoj..- Uyt Where P = [(£ + p — )R] —
[(£—1)R] additional symbolsareincluded for the purposes of
channel estimation.

_So far, we have discussed forming estimates of the channel
f#,e,ij inorder to calculate 2. ;; in (9) for the branch metricsfor
the MAP equalizer. However, in this section, we directly eval-
uate the MM SE estimates, 2, ;;, without explicitly estimating
flc757ij .

For our expanded trellis, the estimates 2;.;; (one for each
dtate transition 7 to j), are calculated using the observations
{Zk - Zk_p} and the hypoth@% {i’k - i’k_p - fk_g+1_p}.
Thisis achieved with aMMSE linear predictor. First, we write
the observation equation [from (1)] in vector-matrix notationt

Ze—1 = X 18k—1 + Wg_1 (10
where z;,_1 = [Zk,p, . ,Zkfl]T, and wy_q =
[Wk—p, - .-, wi—1]T, arep x 1 vectors, and

X, 0 - 0
Xpo1 = 0
: . 0
0 -0 qu

INote: all vectors are defined as column vectors and designated with bold
lower case; all matrices are given in bold upper case; (- )" denotes transpose,
(+)* denotes complex conjugate and (- )’ denotes Hermitian (i.e., complex
conjugate) transpose.

isap x pf matrix, where x, = [7k... 75 ¢+1]7. The pf x
1 vector of channel coefficients gr—1 = [f,_,,...f_4]", is
madeup of £ x 1 vectorsfy, = [fro... fu_l]T. Inthisnotation,
2k = xi £ + wg. The estimate 2 ;; is obtained by prediction
and is of the form
Epgj = hg_;zk—l (11)
where, of course, the p x 1 vector of channel coefficients h;; is
possibly different for each transition in the trellis. Clearly there
will beadifferent estimate, 2;. ;;, for eachtransitioninthetrellis.
We now need to caculate the vectors h;;. For what
follows, we omit the subscripts {-};;; and use only
the tilde to indicate matrix values under the hypothesis
of an ¢j transition. Minimizing the mean sguare error,

Ul%,ij = E[(Zk — 2]«,71]’)2 |.i'k7,,1j .. .i'k_p7,,1j .. .i’k_/+1_p7,,1j],
gives
hi,; = xR X" (XR, X" + N,I)™" (12)

where the matrices relating to the channel covarianceare Ry =
Elf.gl ] whichis ¢ x pf, and Ry = E[gr_1g ;] which
is pf x pf. Here, Ry and R are assumed to be known (from
the scattering function of the channel and the transmitter pulse
shape).

We can now calculate the branch metrics in the MAP equal-
izer by substituting the following expressions into (8):

iy = X R X (XRX + NI ™2y (13
Giij =02 — X R XH (XRoXH + N, ' XR{'%" (14)

whereo? = Elz,2} | %] = X7 E[fif]%* + o2,. Since the hy-
potheses, X and %, depend only on the index of the preceding
state, 7, and the transition defined by 74, we note that the MM SE
coefficientshy, ;; and the prediction error variance &,%7ij arein-
dependent of £ and can be precalculated.

Importantly with this approach, we are able use direct MM SE
estimates 2, ,;; for the outputs corresponding to each hypothesis.
Notethat thisestimateis cal culated independently for each time
index £ and there is no initialization required. Naturaly, at the
start of any processing block, it is not possible to use p samples
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for prediction, since there are not that many available. The pre-
dictor coefficients can berecal culated for the number of samples
available.

We note that it is also possible to use am MMSE filter to
obtain the channel estimates (the channel estimate at time & is
obtained from data and the hypothesis up to time &), as opposed
to using a predictor (where the estimate at time % is obtained
using data and the hypotheses up to time & — 1).

B. Soecial Case: Flat Fading Channels With CPM or PSK

In this section, we consider the special case of flat fading
channels(i.e., £ = 1), in particular in conjunction with constant
amplitude transmitted symbols. Without loss of generality, the
symbol magnitude can be considered to be unity. Thus, XX =
I, the p x p identity matrix. It follows then that

(XRoX + N, =X(Ro + N,D)7'XH (15
by the matrix inversion lemma.

Note that, in the flat fading case, R; becomesal x p row
vector and thus

Zhij = TR (Ro + N,I) 71Xz (16)
We can now show that the demodulator of [14] for transmis-
sion of CPM, or aternatively PSK with one sample per symbol
(Ts = T), over flat fading channelsis a specia case of our gen-
eralized MAP equalizer. The derivation of the demodulator in
[14] and [19] relies on the fact that XX = T to arrive at the
following expression [19, eq. (14)]:

P
ks ~ sk
LrZk,ij = E CmTg—mZPk—m

m=1

(17)

which can easily be shown to bearewriting of (16) multiplied by
Z5,. We al so note that the demodul ators of [14] and [19] were ob-
tained using remodul ation arguments. We have therefore shown
that remodulation is consistent with the MM SE approach.

V. SIMULATIONS

In this section, the performance of our new generalized MAP
equalizer is demonstrated via Monte Carlo simulation.

A. Pilot Symbols

When using PSK modulation schemes, a phase ambiguity is
inherent at the receiver, caused by unknown phase offset in the
channel. Pilot symbols may be used to resolve this ambiguity.
The question then arises as to how often a pilot symbol should
be sent. The insertion of pilot symbols incurs a signal-to-noise
ratio (SNR) penalty of 101log;,((d + p)/d) dB, wherep : d is
the ratio of pilot to data symbols transmitted.

An important result isthat, for the expanded MAP equalizer,
the appropriate rate for inserting pilot symbols is dominated
by the need to resolve the phase ambiguity, and not the need
to effectively sample the fading channel response. In conven-
tional pilot symbol-aided modulation-demodulation (PSAM)
schemes [25], where a single channel estimate is formed
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perfect CSI

0 0.5 1 L5 2 2.5 3

Pilot ovefhead, dB

Fig. 3. Effect of pilot symbol rate on BER performance, uncoded system,
E,/N, = 25 dB, fp,..T = 0.05 flat fading channel, MM SE prediction
m = 6, PSAM prediction K 11, and block length 4096. The BER for
perfect CSI excluding and including pilot overhead is shown for reference.

by interpolating between estimates obtained from the pilot
symbols, the Nyquist sampling criterion must be satisfied; the
channel functionis effectively being sampled. For example, for
afadingrateof fp__ 7" = 0.05, theratio 1:9 correspondsto the
Nyquist rate. In contrast, for an expanded MAP equalizer (or
MLSE equalizer employing per-survivor processing, for that
matter), there are several channel estimates (one for each state).
When the pilot symbol occurs, only those transitions and states
consistent with the pilot symbol have a nonzero probability.
The phase ambiguity is resolved at that symbol time, since the
competing hypotheses and channel estimates with the incorrect
phase are eliminated. The phase certainty during neighboring
symbol times deteriorates due to uncertainty being introduced
by unknown data. At high SNR, the incorrect hypotheses have
less effect, and therefore phase certainty lasts longer.

The fundamental difference between our expanded trellis
MMSE approach and PSAM (with a MAP receiver) can be
seenin Fig. 3. Inthis example, the bit error rate (BER) has been
plotted against the pilot symbol overhead in SNR. The channel
isflat fading with f,. T = 0.05, and F}, /N, was fixed to 25
dB. The block length was chosen to be 4096. For the expanded
trellis MM SE, the predictor order was chosen to be m = 6 and,
for PSAM, the predictor order was K = 11 (asin [25]). For
reference, the BER for perfect channel state information (CSl)
is also shown, both with and without the pilot overhead. This
was achieved using the MAP algorithm with perfect CSI and
no trellis expansion.

Obviously, thereisan optimum choi ce of pilot symbol ratefor
agiven scenario. Even without the pilot symbol penalty in SNR,
the BER rate will never achievethe lower bound associated with
perfect CSI sincethereisaresidual loss dueto thefinite predic-
tion error for both expanded trellis MM SE and PSAM.

For our expanded trellis with MM SE, the need for so many
pilot symbols subsidesfor higher £ /N,,. Thiscan be explained
by the fact that the algorithm performs joint channel and data
estimation and at high SNR the incorrect hypotheses have less
effect and phase certainty lasts longer. This behavior is seen
in Fig. 4. As expected, this behavior is not observed for the
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Fig. 4. BER versus E,/N, performance for different pilot rates, uncoded
system, fp,... 1 = 0.05 flat fading channel, MM SE prediction m = 6, PSAM
prediction K = 11, and block length 4096. The BER for perfect CSl excluding
pilot overhead is shown for reference.

PSAM receiver, whose performance is dependent on satisfying
the Nyquist sampling criterion.

Pilot symbols are not required when there is no phase ambi-
guity to beresolved. Thus, the generalized MAP equalizer may
be operated without pil ot symbolsfor such modulation schemes.
Often phase ambiguity is overcome using differential encoding,
and, in fact, a version of the generalized MAP agorithm for
DPSK systems is possible (see [26] for the flat fading case).
This algorithm requires only the reference symbol (a form of
pilot symbol) at the beginning of each block. Since resolving
the phase ambiguity is not an issue, there is no benefit in in-
serting further pilot symbols.

B. Prediction Order

The order of the MM SE predictor (or filter) in our new gen-
eralized MAP equalizer affects both the performance of the al-
gorithm and the size of the state space (i.e., computational com-
plexity). For a given scenario, the appropriate order of the pre-
dictor may be determined from the inspection of the average
prediction error. When the reduction in prediction error is not
significant for the increase in complexity, the appropriate pre-
diction order has been reached.

Thistype of analysis as afunction of fading rateis relatively
straightforward in theflat fading scenario with PSK modulation,
but becomes complicated for frequency-selective channels and
other modulation schemes. Since it is not possible to perform
this kind of analysis for every possible scenario, some general
observations are useful . For faster fading systems, ashorter pre-
diction order is suitable, since the coherence time of the channel
isshorter. Withincreasing I Sl in the equivalent channel, alonger
predictor is required to adequately resolve the I1SI. Thiswill be
demonstrated in Section V-C.

Fig. 5 showstheimprovement in BER performanceasafunc-
tion of increased predictor order for aM AP receiver, using either
PSAM channel estimation or our expanded trellis MM SE esti-
mation. Again the channel isflat fading with fp . 7 = 0.05,
and F;, /N, wasfixed to 25 dB. PSK modulation was used with a
pilot symbol rate of 1:8 and ablock length of 4096. Also shown

2111
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107"}

[ad]

g

S0

a4

58]

m
107k
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Fig.5. Effectof predictor order on M SE and BER performancefor both PSAM

and MM SE channel estimation, BPSK on aflat-fading channel with fp,. .. T =

0.05, E, /N, = 25 dB, pilot symbols 1:8, and block length 4096.
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Fig. 6. BER performance of the expanded trellis equalizer for uncoded BPSK
system, fp,... T = 0.05, frequency-flat and frequency-selective equivaent
channels. Perfect CSl curves (without pilot symbols) are also shown.

isthe corresponding average prediction error. Although lesspro-
nounced at 25 dB than at low SNR, the direct relationship be-
tween the MM SE prediction error and the BER performance of
the new equalizer can be seen. Thisisin contrast with the PSAM
channel estimation.

C. IR Performance

The performance of the expanded trellis MAP equalizer in
frequency-flat and freguency-selective fading channels was
characterized in terms of BER as a function of the SNR per hit,
E,/N,. Theexamplein Fig. 6 isfor abinary PSK system with
normalized fading rate fp_ .. 7T = 0.05. Pilot symbols were
injected in the ratio 1:8.

For the frequency-flat scenario, the sampling rate was chosen
to be the same as the symbol rate to allow comparison with
well-known results for receivers with perfect CSl, e.g., [1]. The
prediction order was chosento be P = p = 6.

For the frequency-sel ective scenario, a physical channel with
two equal power paths spaced at the symbol period 7" was sim-
ulated, and the pulse shape was chosen to be a root-raised co-
sine pulse with 100% excess bandwidth. In this case, the sam-
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Fig. 7. BER performance of the expanded trellis equalizer for uncoded OOK
and QAM systems, fp,... L' = 0.05, frequency-flat channel. Pilot symbols1:8
were used to resolve the phase ambiguity for QAM. Perfect CSI curves (without
pilot symbols) are also shown.

pling period was chosento be T'/2, i.e., R = 1/2, satifying the
Nyquist sampling rate and ensuring that the BER performance
is unaffected by the sampling phase at the receiver. Fig. 6 shows
the results for predictor orders p = 6 and p = 10.

For reference, Fig. 6 also showsthe BER curvesfor areceiver
utilizing perfect CSl (with no pilot symbols).

Although the performance of the receiver is expected to be
better with increased diversity, Fig. 6 showsthat thisisonly that
case when the predictor order is sufficient for providing good
channel estimates. In particular, note that there is a cross-over
point with the flat-fading scenario.

To highlight the versatility of the new receiver, the BER per-
formance was also characterized for on—off keying (OOK) (Q =
2), and quadrature amplitude modulation (QAM) with Q = 16.
The flat-fading channel with fp, T = 0.05 was used, with
pilot symbolsinjected at 1:8 to resolve the phase ambiguity for
the QAM case. For OOK, P = p = 6 was used, and for QAM
P = p = 2. Theresultisshown in Fig. 7 where the perfect CSI
curves are shown for reference.

Other parameters of interest include the fading rate and the
amount of excess bandwidth. These studies are not shown here
but the reader isreferred to [ 25] which showsresultsfor aPSAM
receiver. For our new receiver, the trends will be the same as
the underlying mechanisms are unchanged. For slower fading
rates, the BER improves. For higher excess bandwidth, the ef-
fective length of the pul se shapeis shorter and hencethe discrete
equivalent channel exhibits less ISI. Thus, with decreasing ex-
cess bandwidth, 1Sl isincreased and once again the tradeoff of
diversity with channel estimation becomes an issue.

Our receiver has been designed for a system with a single
antenna. It is easily modified for diversity receptioninasimilar
manner to receivers proposed in [21], [20], and [23]. Diversity
reception is expected to improve BER performance.

D. Turbo Receiver Smulations

Asstated in Section |, a soft-output APP equalizer allowsfor
a turbo receiver structure (Fig. 2). The simulated BER perfor-
mance of aBPSK coded systemisshowninFigs. 8and 9. Inboth
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Fig. 8. BER performance for a coded BPSK system using expanded trellis
equalizer in turbo system, compared with APP demodulator with PSAM, flat
fading channel, fp,,..T = 0.05,pilots1:8, P = p = 6 for MM SE prediction,
K = 11 for PSAM. For reference, perfect CS| performance (not including pilot
symbols) is shown.
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Fig. 9. BER performance for a coded BPSK system using an APP equalizer
in turbo system, T"-spaced equal power two path fading channels, fp,... 7T =
0.05, pilots 1:8, p = 6 for MMSE prediction. For comparison, perfect CSI
performance (not including pilot symbols) is shown.

cases, the system uses rate 1/2 convolutional encoding with 64
states [generators (133 171)] and a block interleaver (128 x 32
corresponding to an equalization block length of 4096). The
pilot rate was 1:8.

In Fig. 8, the channel was flat with normalized fading rate
fpo.. I = 0.05. Results are shown for a receiver with per-
fect CSl, areceiver using an APP equalizer (demodulator) with
PSAM (K = 11), and a receiver using our expanded trellis
equaizer (P = p = 6). The perfect CSl curveis shown for ref-
erence. The first iteration corresponds to a coded system with
just one equalization and decoding cycle. Note that for perfect
CSl and PSAM equalization, there is no benefit from the turbo
iterations since the channel has no memory. For the expanded
trellis equalizer, benefit is gained with the turbo iterations since
the equalizer inherently introduces memory into the trellis ac-
cording to the predictor model.

Fig. 9 shows results for an ISl channel with T-spaced paths
(as in Section V-C). PSAM is not suitable for such a delay
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spread environment. For areceiver using perfect CSl, very little
benefit is derived past the second turbo iteration. In constrast
when the channel is being predicted using the expanded trellis
(p = 6), agreater number of iterations are need to achieve
low BER. In generd, the appropriate number of iterations de-
pends on both E, /N, and the channel estimator performance.
Reflecting the uncoded results, at lower SNR, this system is un-
able to adequately estimate the channel in the noise, and the
BER is poor.

V1. CONCLUSION

In this paper, we have presented a new generalized MAP ap-
proach to joint equalization and estimation of frequency-selec-
tive and frequency-flat fast-fading channels. Importantly, the
agorithm is applicable to modulation schemes with arbitrary
envelope. Many previous contributions in MAP (and ML SE)
equalization can be seen as specific cases of our new genera
approach. Simulations demonstrate the good performance of the
proposed equalizer.

APPENDIX

Since the original submission of this paper we note that
a number of related papers have appeared in the literature

[27]{29].
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