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Abstract— This paper compares the performance of two schemes for t0 [7] and [8], and can handle trellis turbo-codes of any con-

joint channel estimation and turbo-decoding of high-rate trellis turbo-  gstellation. Both methods, henceforth dubbed the “quantized
codes in flat Rayleigh fading, where antenna diversity is available at the re- '

ceiver. The first method relies on iterative quantized phase estimation, and a_pprogch and .the fllterlng approach” are adapted to handle
the second on optimum filtering of pilot and coded symbols. For Doppler diversity reception with more than one antennas, whereby the

rates of practical interest, simulations indicate that optimum pilot filtering  decoder uses soft diversity combining of the available channel
is superior to approximating the channel phase with a quantized Markov estimates

model. The optimum filtering approach also has lower complexity. For an . . .
absolute measure of performance, proximity to channel capacity is also | e filtering approach is similar to [8], but extended to non-

discussed. Iterative joint channel estimation and turbo-decoding with ei- binary QAM constellations and employing a diversity combin-
ther method is demonstrated to achieve almost all the capacity gain due ing turbo-decoder. The quantized approach uses the finite-state
0 ﬁfjeei'ireranrgi";a?'\éearsg h fading. soft diversity combining. turbo- Markov model in [2] to approximate the values and the statisti-
codes, yiel ¢ Y ¢ cal properties of the channel phase and compute soft estimates
for its quantized version via the Forward-Backward algorithm
|. INTRODUCTION [10]. With no diversity, this joint estimation and eroding
scheme approaches upper bounds to capacity to witRidB

The iterative eXChange of soft information between Conrz]. With Spatia| diversity, the Capacity bounds become com-
stituent decoders (“turbo-principle”) in turbo-codes [1] has inplicated computationally, so we assess the performance gain
spired iterative channel estimation and equalization schemgg,e to diversity in the light of the available capacity gain of
such as [2] for flat Rayleigh fading, and [3] for trellis codes ing receiver with perfect CSI. This simplistic analysis indicates
frequency selective channels, and also iterative space-time tréat both iterative algorithms (quantized phase estimation and
lis decoding [4], [5] for systems with multiple transmitter andyyiener filtering) indeed harvest most of the additional channel
receiver antennas. In those systems, randomized soft inforrr@ipacity available due to diversity.
tion is exchanged among a generalized equalizer and a Soft-The organization of the paper is as follows. Section Il dis-
Input Soft Output (SISO) trellis decoder, regarding the channglysses the transmission and coding schemes and the chan-
as a finite-state machine concatenated with that of the code. ne| model for pilot-aided turbo-coded transmission in flat cor-

In frequency-flat time-correlated fading channels a turbore|ated Rayleigh fading with receiver diversity. Section Il
code along with some channel estimation algorithm, preferablyresents a general receiver structure and the two algorithms
iterative, can approach capacity. Basic binary Markov modty joint iterative decoding and channel estimation. Section IV
eling of the fading channel is examined in [6], and Rayleighpresents the simulated BER performance of the two joint es-
fading channels with various Doppler rates were discussed {fination and turbo-decoding schemes, along with the capacity
[7], [8] and [9], [2]. Here we consider joint iterative channel gains available with antenna diversity at the receiver, setting a

estimation and turbo-decoding in flat correlated Rayleigh fadeference frame for the simulation results. Section V concludes
ing, especially when spatial receiver diversity is available in thghe paper.

form of multiple receiver antennas, as is possible in the uplink
of a cellular system. Il. TRANSMISSION AND CHANNEL MODEL

Specifically, we consider turbo-codes with spectral effi- To demonstrate joint iterative estimation and decoding of

ciency ofl bit/sec/Hz, and show two main ways o integrate ilot-aided turbo-codes when receiver diversity is available, we

the multi-channel estimation and the turbo-decoding processéljss.e a rates bit/sec/Hz, 4-PSK trellis turbo-code, as in Fig. 1.

Both methods use pilot symbols periodically injected into th . i )
coded data stream. The first method is best suited to high r;[Qe constituent encoders are the best 8-state, rate-2/2 code

Lo . T ragments, identified via exhaustive search in [11, Table ],
PSK turbo-codes; it relies on implicit quantization of the fad- . : . . !
) . . eéa\ch producing one systematic and one parity bit per 2-bit
ing channel phase and obtains probabilities for every quantlze;:nput and their outputs are mapped onto a Gray-labeled 4-
phase using the Forward-Backward algorithm at every iterab '

tion [2]. The second relies on Wiener filtering of pilots and (in SK c?onstellatlon, fo_IIowmg the general turbo-_trelhs godlng
subsequent iterations) of tentatively decoded symbols, simil raradlgm Of.[lll' Notice that for each block &N |nput' bits,
' eN% pilots and coded symbols form each constituent en-
The first author is with Broadcom Corp., El Segundo, CA, 90245. The se€0der are transmitted contiguously into the channel; the switch
ond author is with the Department of Electrical Engineering, University dﬂips everyN %T seconds, wher® is the baud period, thus
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the random spread interleaver with parameta6s 30) of the
turbo-code (TIL).

rae2/2 —— 4-PSK

encoder |—— MA_PPER 4’

TIL pilots

rate 2/2 4-PSK

encoder || MAPPER 4’

Fig. 1. Transmitter block diagram in a pilot-aided trellis turbo-coded system.

The channel with one transmitter and L > 1 receiver an-
tennas produces independent realizations of the fading coeffi-
cients and the noise at each of the receiver branches, as shown
inFig. 2. Each of the diversity channelsis modeled as an inde-
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N e T e
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Fig. 2. Flat fading channel with L branches of receiver diversity.

pendent non-dispersive (flat) Rayleigh fading channel, corre-
lated in time, based on Clarke's fading model [12]. According
to this model, after matched filtering and proper sampling, the
discrete representation of the received signal at time ¢ and di-
versity branchi, i = 1,..., L, is

g\ = a1, +n(’) i=1,...,L,t=0,1,2,... (1)

where z; is the transmitted constellation point. The channel
coefficientsand the noise areindependent in the different chan-
nels, but the fading in each channel remains time-correl ated:

Jo@2rfpT|tr —t2]) - 0(i —j) (2

Enf) ) = Nyt —ta)-0(i — ) ©)
and the noise process has variance 02 = N, /2 per di men-
sion. Each time-correlated channel fading process {at +
i = 1,...,L is modeled as a zero-mean circular complex
Gaussian random process. The marginal distributions of |a§i)|
and ¢¢” = /al” for each i are Rayleigh and uniform respec-
tively [13], hence the term “ Rayleigh fading”. The correlation
properties of each fading processes aﬁi), i1 =1,...,L —see
(2)— depend on the common Doppler rate f pT" for all receiver
branches, since they are probably mounted on the same physi-
cal device and move simultaneously. The working assumption
is that the scattering environment in the vicinity of the receiver

antennas is rich, such that adequate separation of the antennas
provides independent Rayleigh channelsin each.

Eagi) [atg ]*

I1l. GENERAL ITERATIVE RECEIVER

Given the turbo-coded, pilot-aided transmission model of
Fig. 1, the block diagram of a generic receiver is depicted
in Fig. 3. By performing joint multi-channel estimation and
turbo-decoding, this receiver smultaneously exploits antenna
diversity and time-diversity due to the turbo-code. Each con-
gtituent decoder iteratively performs “soft diversity combin-
ing” of L soft channel estimates.

Py(u; 1)

)
y 4.
1 Ell STRIP CDI . ﬁ )
. PILOTS (4;0) N
1

) .
Yo ] RIP Py(u; I)
. PILOTS EI

STRIP
B2, PILOTS

Fig. 3. Receiver block diagram for turbo-decoder with diversity and iterative
channel estimation.

The blocks “D1” and “D2" are the constituent decoders
(SISOs in the nomenclature of [14]) for the turbo-code, and
they implement the Forward-Backward algorithm [10]. They
exchange extrinsic information (P (u; I), P(u; O)) about the
2-bit input symbols « through the uniform random inter-
leaver/deinterleaver pair TIL/TDIL. At the sametimethey pro-
duceextrinsicinformation P(z; O) about the coded symbols z,
in order to assist the channel estimation procedure on al diver-
sity branches. Estimation is performed by the two arrays of
identical modulesE1;,E2;,7i = 1, ..., L. For thefunctionality
of the estimation blocks, this paper considers two options.

In the first approach, henceforth dubbed the “ quantized ap-
proach”, (dashed feedback path in Fig. 3) no operation other
than channel deinterleaving is performed on the probability
vectors P(z; O) before they are fed back into the estimator
modules. They, in turn, produce probability vectors about the
guantized channel phase, in exactly the same fashion as the
Q-SISO blocks described in [2]. In the second iterative estima-
tion algorithm, the “filtering approach”, (solid feedback line
in Fig. 3) the vector of soft information P(x; O)—each en-
try of this vector is the extrinsic probability of a possible con-
stellation point xz—passes through the nonlinearity “NonLin”,
which provides a coded symbol estimate z. Then, those esti-
mates & are deinterleaved and pilot symbols are injected into
the stream, replicating the procedure followed at the transmit-
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ter. Then, this stream of estimated coded symbols = and pilots
is used by the estimator modules, which perform optimal filter-
ing in order to produce channel estimates (), i = 1,..., L to
be used by the turbo-decodersin the next iteration, in afashion
similar to the single channel work in [7], [8].

Both algorithms are explained in detail below, and issues
such as estimation in thefirst iteration, or the nature of the non-
linear operation “NonLin” are discussed. Description of both
algorithms amountsto analyzing the functionality of the blocks
denoted E1;,E2;, i = 1,..., L in Fig. 3 for both the “quan-
tized approach” and the “filtering approach”, as well as the
corresponding metric used by the constituent decoders “D1”
and “D2" in conjunction with each channel estimation method.

A. Quantized Phase Approach

For PSK transmission the acquisition of phase coherence
can be a more critical problem than fading amplitude estima-
tion. Thus, the quantized phase algorithm invests most of the
computational effort into obtaining an accurate probability dis-
tribution P;(g; O) on the quantized phases ¢ = Q (d)“m) of
each diversity channel i = 1, ..., L viathe Forward-Backward
algorithm. Thus, each estimation module E1;, E2; of Fig. 3 be-
comes a Q-SISO, described in [2]. For an estimate of the fad-
ing amplitude |a(? | each Q-SISO uses a simple, symbol-by-
symbol optimum affine estimator from the received amplitude,
namely:

@@ =A-yP|+B, i=1,..,L (4)

where A, B arereal coefficients depending on the SNR (hence
the same for al ¢), and they are computed to ensure unbiased-
ness and MM SE of the amplitude estimates.

For the phase estimation, each Q-SISO considers the quan-
tized version of the channel phase ¢“(l) into K phaseintervals.
All the Q-SISOs (there are 2L of them in the receiver) cre-
ate the same Markov model, which approximates the values
and the statistical properties of each ¢ [2]. The transition
probabilities P(q' — ¢) between phase sectors depend on the
common Doppler rate fpT', and can be precomputed. Each
Q-SISO runs the Forward-Backward algorithm on the trellis of
the quantized Markovian channel phases, and produces proba-
bilities P;(g¢; O) for those quantized phases ¢, on each diversity
channel i,i = 1,..., L. To do that, the it" Q-SISO needs to
compute the branch metric %E” (¢, q) asfollows:

; def ; N e (i ;
PYt(Z) (q/ q) lef b (yt(z) _ ‘yt(l) ed? , qt(z) _ q|qt(l_)1 _ q/)(5)

= P(d = @)Y P D) P (y” |2 =2,0” =) (6)

So, using the precomputed Markovian transition probabilities
P(¢" — q), as well as the extrinsics P(z;I) fed back by
the constituent turbo-decoder “D1” or “D2", each Q-SISO
provides the desired extrinsic information P;(q; O) about the
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quantized channel phase in each diversity branch, as shown in
Fig. 3.

At the first iteration, when no prior P(x; I) is available, al
inputs P(z; I) for coded symbols to the Q-SISOs are set to
zero (in the log domain), denoting equal probabilities. For
pointst in time belonging to a pilot slot, each Q-SISO usesthe
most skewed pmf, setting the probability of the pilot symboal to
a very large number (certainty) and the others to zero. Thus,
for pilots, the summation in the Q-SISO is trivial (only one
possible 2 has non-zero probability). At times ¢ correspond-
ing to coded data (not pilots) the summation of (5) is necessary
to compute the correct branch metric %(i) (¢',q) and run the
Forward-Backward algorithm in each Q-SISO.

At every time ¢, each constituent decoder (“D1” or “D2" in
Fig. 3) receivesfrom the L Q-SISOs after deinterleaving the L
vectors P;(q; I),i = 1,..., L, each of length K—the number
of quantized phase states. These K -entry vectors P;(q; I) con-
tain soft information about the quantized channel phase ¢ (¥ on
each of the diversity branches, so denote their entries:

P(q(“;l), ¢ =0,...,K-1, i=1,...,L. (7)
Let boldface letters denote the L-length vectors of the re-
ceived (deinterleaved) samples and the quantized phases: y ; =
Wy and @ = [¢f...¢™]. Then, the “vector
phase-state” q; of the L-branch diversity channel can take one
of any K possible values. From the independence between
diversity channels, the probability of the channel vector-state
isP (q = q) = [T, P(¢; 1).

To run the Forward-Backward algorithm on the code trellis,
each constituent decoder computes the branch metric (¢, ¢),
based on the vector observationsy ;, and using the soft channel
estimates (i.e., probabilities that the channel phase isin one of
K sectors). Thisis effectively soft-diversity combining:

Y(c',¢) =Pr(y:, Cr = ¢| Cyy =) (8)
= PwD)-Y Pla=a) P(y|a(d =¢),q) (9

L
= P> [IP@50)-P (47 | = ),q)
,,,,, ¢(Lyi=1
Of the terms in the above formula, P(u;I) is the extrinsic
information about the input symbol « and is provided by the
other constituent decoder, while P(¢?; ) is provided by the

it Q-SISO. The summation involves K © distinct terms, each
of which is the product of two terms. In both the above egua-

tion and in (6) the likelihood of the received valuey " on each
diversity channel given the transmitted - and the fading sector
g on that diversity branchis:

. KL
Py |2 = 2.q) P(g™;3")d",

2 Q(i)flzquﬁ



where P(¢*; A) isthe noise angle distribution givenin [2] and
we use the amplitude approximation of (4) to estimate the pa-

— O]
rameter A as /\E") = ﬂ‘lj—f‘;j from the received amplitude.
Due to the soft combining of channel estimates, the com-
plexity of the quantized approach is quite high. For L = 2
diversity branches at the receiver, every full iteration of the
joint estimator and turbo-decoder involves 2L = 4 Forward-
Backward runs on the K -state Q-SISOs (8 states here) with
branch metrics computed asin (5)-(6), as well as two Forward-
Backward runs on the 8-state constituent decoders “D1” and
“D2" with branch metrics computed as in (8). Note that mul-
tiplications in the above formulas become summations in the
log-domain and summations become the max* operation, de-
fined in [14]. However, complexity is still an issue, so we limit
the number of quantized phasesto K = 8 (twicethecardinality
of the 4-PSK constellation). The performance of this receiver
ispresented in section 1V.

B. Optimum Filtering Approach

This section describes iterative joint channel estimation and
turbo decoding, based on optimum filtering of received sym-
bols (only pilots at the first iteration, coded symbols and pilots
alikein subsequent iterations). Iterativefiltering solutions have
been proposed in [7] and in [8] for low-rate turbo-codes with
BPSK constellations. Thetreatment hereisgeneral, and in fact
can aso cover non-PSK constellations, unlike the quantized
phase approach in section I11-A.

With the filtering approach, the solid feedback linesin Fig. 3
are active. The channdl estimation modules E1;, E2;, i =
1,...,L obtain estimates for the complex channel gains a!”,
ag’), i=1,..., L viaWiener filtering, and provide those esti-
mates (after deinterleaving) to the appropriate constituent de-
coder “D1” or “D2". Intuitively, as decoder iterations proceed
and knowledge of the coded symbols 2 becomes morereliable,
the channel estimators provideimproved estimates of the chan-
nel gains a(?, in turn contributing to a better performance by
the constituent decoders.

In the first iteration, when no knowledge about the trans-
mitted symbols z, other than the pilots, is available, the es-
timators E1;, E2;, i = 1,..., L are pilot-only filters (POFs,
following [8]). These FIR filters are identical for al 2L di-
versity branches, and are derived as in Appendix A of [15],
given the filter length, the Doppler rate fp7", the number D
of coded symbols between pilot dots, the number Z of pilot
symbols per slot, and the SNR. So, the D distinct POFs W ¢
in (A.2) of [15] (wherek = 0,1,..., D — 1 refersto the time
index within the coded data slot between two adjacent pilot
slots that the filter W is intended for) are computed once, at
the beginning of the simulation, and subsequently used for the
first iteration of every turbo-coded block, by the 2L estima
tors. They filter received samples corresponding to pilots only
(denote them (?) after derotation of y (¥ with the known pilot

symbol x) and produce channel estimates agi), i1 =1,...,L

(and ag’), i=1,..., L) tobeused by the constituent decoders
“D1" (and “D2"respectively).

Now, the constituent decoder “D1” (the same holds for
“D2", so we suppress the subscripts) computes the metric
7 (¢, ¢), using the channel estimates (¥, i = 1,...,L, a-
ter deinterleaving. The optimal way to utilize those L chan-
nel estimates is to perform maximal ratio combining of the L

received samples ygi), i = 1,...,L. Collecting those in the
Vector y;:
Y(c,e) = Pr(y:,Cr=c| Cimy =) (10)

= P(ugsuchthatc' — ¢)- P(y:|as, z(c’ = ¢))
= P(u;1)-(=G1) - [lye —aca(d = )l
= P(u;I)-G2- 2R {yrarz(c =)} —

lacl?(c = o)?), (@D
where 4, is the L-length vector comprising the estimates a (%),
i=1,...,L, and R{-} denotesthe real part, and G, G- are
irrelevant nonnegative constants. Note that in the case of PSK
transmission, where al symbols x are of equal energy, the met-
ric (11) can take the simpler form:

Y(cye) = P(u;I) - R{y;a, z(c" = ¢)}. (12)
Theinner product y ; a, in (12) involves L complex multiplica-
tions, so the decoder metric for the iterative filtering approach
is much simpler than the one in (8) for the “quantized ap-
proach”.

However, some additional complexity ensuesin thefiltering
approach after the first iteration. The estimation modules E1;,
E2;,7 = 1,..., L need estimates of the coded symbols (call
those estimates ) and cannot exploit the vectors P(x; O) of
extrinsic information about = provided by the decoders “D1”
and “D2". Thisis why the solid feedback paths of Fig. 3 in-
clude the nonlinearity “NonLin”, which uses the probability
vector P(z; O) for every ¢ and providesahard estimate . The
filters E1;, E2; use & to improvetheir channel estimatesin the
next iteration.

An immediate way to obtain z isto simply choose as z the
constellation point z,,, with the maximum P(z; O), or:

&=z, = (13)
P(ﬁfm,O)ZP(l‘l,O)a lZO,...,M—]., l#ma

where M isthe constellation size. We refer to nonlinearity (13)
as hard tentative decoding, similar to [7]. A more sophisticated
way to obtain Z uses the soft informationin P(z; O) to obtain
the posterior average of x, similar to [8] and [7] for BPSK.
Recall that the entries of the vector P(z;O) at each time are
the log-probabilities of every constellation point . Hence:

M—-1 M—-1
&=E[z]=Y Pr) o= "5 (14
[=0 =0
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In the simulations results presented in the next section we use
the nonlinearity of (14), but the performance degradation if the
simpler (13) isused is very small.

After the estimates for the coded symbols 2 have been pro-
duced for the whole block, the receiver replicates the opera-
tions of the transmitter, by interleaving them and adding pilot
symbols (refer to Fig. 3, solid feedback path). So, at the input
of the estimation blocks E1;, E2;,7 = 1,..., L, we now have
an approximated replicaof thetransmitted sequence. Inall iter-
ations but the first, the estimators use this sequence to derotate

the received samples y@, yéi), i =1,...,L, so that Wiener
filtering of the derotated gﬁ’), gjé” can follow, to produce new

channel estimates a\”, a{”. We call each of those Wiener
filters—they are the same on al 2L diversity branches—an
“al-symbol filter” (ASF, asin [8]), to distinguish it from the
pilot-only filters (POFs) W2, used only at thefirst iteration.

The ASF Z° operates for every timet = 0,..., N — 1 and
at every diversity branch to yield updated channel estimates:

T

(9 i=1,... L

o = z°. [gt@_)h TSR
which are subsequently deinterleaved and provided to decoder
“D1” or “D2" for the next algorithm iteration.

The complexity of the “filtering approach” is significantly
less than that of the quantized approach for reasonable lengths
of the POFs (2LyZ) and the ASF (2L, + 1). But the re-
ceiver structure of Fig. 3 remains valid and describes both al-
gorithms on a high level. Here, the estimator blocks E1;, E2;,
i = 1,..., L are FIR filters and not Forward-Backward algo-
rithms, so there are only two Forward-Backward algorithmsto
run per iteration, those of the constituent decoders.

IV. SIMULATION RESULTS

This section presents the smulated BER performance of the
“quantized approach” presented in section I11-A and the “fil-
tering approach” of section I11-B in a flat correlated Rayleigh
fading channel with diversity order of L = 2. The turbo-
coding scheme used throughout isthe same, as shownin Fig. 1.
The blocklengthis N = 4100, and pilots are injected into the
coded data stream at arate of Z = 1 pilot every D coded
4-PSK symbols. The generic diagram of the iterative diver-
sity receiver is that of Fig. 3, with the estimation blocks E1;,
E2;, i = 1,2, and the decoders “D1" and D2" as described
previously. Figs. 4 and 5 show two groups of ssimulations for
Doppler rates fpT = 0.01 and fpT = 0.05 respectively.

We observe that for both Doppler rates, the filtering ap-
proach provides better performance than the quantized ap-
proach by more than 1 dB, and is also less intensive computa-
tionally, as pointed out before. For the quantized approach we
used a Markov model for the channel phase with K = 8 phase
states, while for the filtering approach the simulation parame-
ters were Ly = 5 pilots on either side for the POF (i.e. total
of 10 pilot symbols) for both Doppler rates, and L., = 16 for
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Fig. 5. BERwith fpT" = 0.05 for the two channel estimation methods, and
given perfect CSl. The vertical line marks the capacity given perfect CSl.

fpT =0.01and L; = 10for fpT = 0.05 for the ASF (i.e. to-
tals of 33 and 21 filtered symbol s respectively). The number of
iterationswas 12 for fp7' = 0.01, and 10 for fpT" = 0.05, for
both estimation methods, so the superior performance of the
filtering approach in both Doppler rates comes with reasonable
complexity.

In terms of SNR per information bit (E,/N,) the perfor-
mance of both estimation methods (quantized and filtering)
degrades for increasing Doppler rate, as seen in Figs. 4 and
5. This happens despite the fact that perfect CSI performance
itself improves with increasing Doppler due to increased time-



diversity, and indicates that the channel estimation problem be-
comes harder for increasing Doppler [2], which makes sense
intuitively. Inthelimit of achannel fading independently, there
is unlimited time-diversity to harvest given “genie-provided”
CSl, but the estimation task becomes impossible in the ab-
sence of any time-correlation in the channel. This explainsthe
observation that the SNR gap between iterative estimation per-
formance and performance achieved with perfect CSl at the
receiver increases with increasing Doppler rate (e.g., with fil-
tering, thisSNR gapis 1.5 dB for fp7' = 0.01, and 3.2 dB for
fpT =0.05).

A. Capacity with Receiver Diversity

This section discusses channel capacity with spatial diver-
Sity at the receiver. The results indicate that both algorithms
discussed above indeed exploit the SNR advantage offered by
diversity, and gain amost as much SNR because of it (with re-
spect to operation without diversity) as the capacity improve-
ment is. To keep the capacity computation tractable, we re-
strict ourselves to time-independent fading (the assumption of
independence across the L diversity channels remains) and we
assume perfect knowledge of the fading gains at the receiver.
Thus, collecting all received valuesinto a vector of length L:

y=a-z+n, (15)
where all entries of vectors a and n are assumed independent
of each other and in time. With no time constraint and given
perfect channel knowledge at the receiver, the capacity of this
vector channel is (see[16]):

Cr = /logz(l + paa®)P,(a)da, (16)
where P, is the distribution of the fading vector a, and p =
P,/ N,, with P, the average power of the transmitted constel-
lation point z. For instance, in the case of no fading (Z-branch
AWGN diversity) wherea = 1, aways, the SNR gain from
diversity of order L = 2is 3 dB.

In Rayleigh fading, each element (fading scale factor) a; in
the vector a is a zero-mean, unit variance complex Gaussian
random variable. Hence, the SNR advantage due to diversity
will be greater than 3 dB for L = 2, because of the “sphere-
hardening” phenomenon. In other words, the L-fold receiver
diversity helpsin adual fashion: it captures more of the trans-
mitter power and stabilizes against channel spatial fluctuations
[16]. Writing the capacity of (16) with Rayleigh fading as

L
CL=/10g2 <1+p2|ai|2>P(|a1|,...,|aL|)d|a1|---d|aL|,

i=1

the argument of the logarithm points to the optimum
“maximal-ratio combiner”. The SNR difference between L =
1land L = 2 isgreater than 3 dB for every p, but higher L only
provides diminishing returnsin SNR gain. In particular, at the
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nominal rate of 1 bit/sec/Hz, where the turbo-code of this pa-
per operates (excluding pilots) the diversity gain in capacity is
3.5 dB for L = 2. For ease of comparison, Figs. 6 and 7 in-
clude results for Doppler rates fpT' = 0.01 and fpT = 0.05
respectively, with diversity orders of L = 1 (dashed curves)
and L = 2 (solid curves) of both receivers, along with the
capacity vertical lines. It is clear that both iterative estima-
tion algorithms benefit from the existence of 2-fold diversity
approximately as much ( = 3.5 dB) as the above capacity re-
sult indicates. In other words, both Figs. 6 and 7 show that the
second branch of spatial receiver diversity improvesthe perfor-
mance of both the “ quantized” and the “filtering” iterative re-
ceivers by approximately the same amount that it enhancesthe
channel capacity under perfect CSI and idea interleaving. The
filtering approach maintains its superiority over the quantized
phase method both with and without diversity, as is obvious
from Figs. 6 and 7.
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Fig. 6. BER performance of turbo-code in flat Rayleigh fading with fp 7" =
0.01, with diversity orders of L = 2 (solid curves) and L = 1 (dashed
curves, no diversity). The “quantized” approach for estimation is marked
with “0”, while the “fi ltering” approach with“ A”. Vertical lines (solid and
dashed) mark the respective capacities with Gaussian inputs and perfect
CSl, for L = 2and L. = 1. Notice that pairs of similarly marked solid and
dashed curves maintain an SNR distance of ~ 3.5 dB, or, equivalently,
that both quantized and filtering simulations improve with diversity about
as much as capacity does.

V. CONCLUSIONS

This paper discussed the problem of joint channel estimation
and turbo-decoding in frequency-flat, time-correlated Rayleigh
fading, with receiver antenna diversity, but without channel
state information at the receiver. Two methods for joint chan-
nel estimation and turbo-decoding were analyzed. The first
constructs a finite-state Markov model for the fading channel
phase and performs quantized phase estimation along the trel-
lis implied by the model. The second method relies on opti-
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Fig. 7. BER performance in flat Rayleigh fading with fp7" = 0.05. Naming
conventions arethe same asin Fig. 6. Again, the second branch of diversity
improves the simulations (dashed to solid curve with the same marker) by
about as much asit improves the capacity (dashed to solid vertical line).

mum filtering of received samples to estimate the channel co-
efficients. Quantized or filtered channel estimates are then ap-
propriately combined in the constituent turbo-decoders. The
filtering solution performs better, but both methods appear to
harvest most of the capacity gain promised by receiver antenna
diversity.
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