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Decision Feedback Sequence Estimation
for Unwhitened ISI Channels with
Applications to Multiuser Detection

Abdulrauf Hafeez and Wayne E. Starkellow, IEEE

Abstract—Decision feedback sequence estimation (DFSE),without the need for noise whitening. Due to the exponential
which is a reduced-complexity alternative to maximum complexity of these methods, several low-complexity subop-
likelihood sequence estimation (MLSE), can be used effectively timal schemes have been developed. A promising reduced-
for equalization of intersymbol interference (ISI) as well as . . . , .
for multiuser detection. The algorithm performs very well comp'lexny alternative to MLSE _US'”Q Forney's approach "?‘
for whitened (minimum-phase) channels. For nonminimum- decision feedback sequence estimation (DFSE) [3], [4]. This
phase channels, however, the algorithm is not very effective. scheme provides an excellent tradeoff between performance
Moreover, DFSE requires a noise-whitening filter, which may and complexity by reducing the memory order of the Viterbi

not be feasible to compute for time-varying channels such gi4qrithm and employing conditional decision feedback to
as a multiuser direct-sequence code division multiple access -
cancel the tail of the ISI.

(DS-CDMA) channel. Noise-whitening is also cumbersome for ' . . .
applications that involve bidirectional equalization such as the A drawback to DFSE is that its performance is sensitive

global system for mobile communication (GSM) system. In such to channel phase. While the best performance is obtained for
conditions, it is desirable to use the Ungerboeck formulation for minimum-phage channels, the performance may not be ade-
sequence estimation, which operates directly on the discrete-time quate for nonminimum phase channels. In the global system
unwhitened statistic obtained from conventional matched . S .

filtering. Unfortunately, DFSE based on matched filter statistics for moblle commumcapon (GSM) system, trallnlng sequence_s
is severely limited by untreated interference components. In are inserted in the middle of the burst to aid channel esti-
this paper, we identify the anticausal interference components, mation. Equalization over the data field is then performed
using an error probability analysis. This leads us to a modified pjdirectionally, starting from the training sequence [5]. If

unwhitened decision feedback sequence estimator (MUDFSE) in the channel response is minimum-phase in one direction
which the components are canceled, using tentative decisions. Weth it i . h in th tHeDESE f
obtain approximate error probability bounds for the proposed en it IS maximum-phase In the o performs

algorithm. Performance results indicate that the modified POOrly in maximum-phase conditions and is thus unsuitable
algorithm, used on unwhitened channels with relatively small for equalization in this case.

channel correlations, provides similar performance/complexity Besides channels with ISI, DFSE can be employed for
tradeoffs as the DFSE used on the corresponding whitened \, 1tjser detection. In direct-sequence code division multi-

minimum-phasechannels. The algorithm is especially attractive .
for multiuser detection for asynchronous DS-CDMA channels ple access (DS-CDMA) systems the use of long spreading

with long spreading codes, where it can achieve near-MLSE codes and the arrival and departure of users gives rise to
performance with exponentially lower complexity. a time-varying multiuser interference channel. The sequence
Index Terms—Code division multiple access (CDMA), decision (?f Sta_t'St'CS obtained at the OUtp_Ut of a bahk of matched
feedback equalizers, equalizers, intersymbol interference (ISI), filters is affected by noncausal multiple access interference and
multiuser channels, multiuser detection, sequence estimation, correlated noise [6]. In order to use DFSE, the statistic has to
Viterbi detection. be filtered to make the noise white and the interference causal.
Noise whitening filters have been proposed for a time-varying
environment [7]. The operation, however, is computationally
. ) .. expensive.
T HERE are two main approaches to maximum likelihood \yngerhoeck’s formulation for sequence estimation is bet-
sequence estimation (MLSE) for intersymbol interferengg, g jited in conditions such as those mentioned above. A
(IS1) channels with additive noise. Forney’s approach [1] coRay,ced-state Ungerboeck-type variant to DFSE, which we call
sists of using the Viterbi algorithm on the sampled output @fyhitened decision feedback sequence estimation (UDFSE),
whitened matched filters, while Ungerboeck’s formulation [2],55 derived in [8) and [5]. It operates on discrete-time

operates directly on conventional matched filter output sampig§yyhitened statistics obtained from conventional matched
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does not perform as well as DFSE on most channels. TAiBus, an equivalent discrete-time channel model is obtained.
is because, unlike whitened statistics which depend on tihike matched filter output at time is given by

past input symbols only, unwhitened statistics depend on I

both the past and future_ input symbols. The decision rule U = Z S N @

of DFSE selects the survivor path with the best accumulated ’
(Euclidean distance) metric leading to a reduced state. The
same decision rule when used with an Ungerboeck metric (akere{b, }._; is the transmitted data sequence assumed to be
in UDFSE) fails to account for interference from the futuréndependent and identically distributed (i.i.d8), € Ay, an
inputs not represented in the reduced state (but which would-ary alphabet){z,} is a complex Gaussian noise process
have been represented in the full-blown state). As a resuwlith mean 0 and covariancB|z,z;_;] = Nos, ., ands,, ; is

the decisions obtained in UDFSE are affected by untreatttee sampled channel autocorrelation function, given by
interference, even in the absence of feedback errors.AThe

i=—1L

algorithm [9] used on unwhitened statistics suffers from a = _ /h*(t —nLit)h(t —nT +iT5t) dt, |i| <L
similar problem: survivor paths are chosen on the basis of an """’ b il > L
accumulated metric which does not reflect the effects of some ’ @)

anticausal interference components. Thus, the performance of
the unwhitened/-algorithm is rather poor, as was noted byhere i(r;¢) is the overall channel impulse response with
Wei et al. for CDMA systems [10]. (finite) spanL in symbol intervals, where represents delay

In the case of UDFSE, the decision rule can be modified ¢md ¢ represents time variation. We will refer to the above
take into account the effect of the interfering anticausal cormodel as the unwhitened model.

ponents. The decision rule in the modified UDFSE (MUDFSE) | et sp(D) = % sti, then an equivalent discrete-time
algorithm selects survivor paths based on the accumulaighite Gaussian noise model is obtained by noting that
Ungerboeck metric plus hias term that precancels the effect
of the interfering anticausal inputs on the choice of survivor sn(D) = f2 (D‘l)fn(D)
paths, using tentative decisions. Thias term is determined
by examining the pairwise error probability of the UDFSHEvhere f,(D) = XL, f,,D' has all its roots outside the
algorithm. It can be computed by using conventional decisiongit circle (minimum-phase channel). The statistic obtained
based on matched filter outputs or by using decisions obtairfay filtering {y,,} with the anticausal noise-whitening filter
at the output of the preceding stage in a multistage scheri@/f;:(D~!) (assuming that it exists) is given by
A reduced computation form of the modified detector was L
proposed in [11]. ;o P

The rest of the paper is organized as follows. We present Un ; Juibni ¥+ 20 ®)
the system model in Section Il. The two classic approaches to
MLSE are reviewed in Section IlI. In Section IV we describavhere{z],} is a propet complex white Gaussian noise process
various methods for DFSE in detail. We show that UDFS®ith mean zero and varianc¥.
performance is limited by untreated ISI, which leads us to
the MUDFSE algorithm. In Section V, we obtain approximate IIl. MLSE

bounds on the symbol error probability of UDFSE and the An MLSE based on the unwhitened model determines, as

modified algorithm. In Section VI, we illustrate how th : : :
) ' . Zhe most likely sequence transmitted, the sequéhgg_; that
bounds can be evaluated using error-state diagrams. Periqr y sed qQuehpE,

. . ximizes the metric [2], [12
mance results are presented in Section VII, where the B ximiz ic [2], [12]
performance of the various schemes is compared for single N . .
user ISI and multiuser DS-CDMA channels using analysis Uy bx) =D 2Re{biyn} =Y Y bisixbs  (4)
and simulation. n=1 i=1 k=l

N N

wherez, = z1,z2,...,2,. Due to the symmetry in the
sampled channel correlations; ; = s}, _; _;, the above metric
can be computed recursively as
Consider the transmission of linearly modulated digital data

over a (time-varying) time-dispersive additive white Gaussian U(anén) = U(Qn—vbn—l) +V(Uns bny o) (5)
noise (AWGN) channel. Assume that the receiver has perf%vcrt]erev
knowledge of the carrier phase, the symbol timing and the
impulse response of the channel. After coherent down CoONY/ (4., by, o)
version, the receiver employs a filter matched to the cascade L

_ Re{b;;< ) } ©

Il. SYSTEM MODEL

() is known as the branch metric and is given by

of the transmit pulse-shaping filter and the channel impulse 2 — Snobp — 2 Z Spibn_s

response (assumed to be fixed for the duration of the transmit im1

filter) and samples the output at symbol spaced intervals. The _ .
sequence of sampled matched filter outputs is known to gadon = bn1,bn—2,. .., bn—y represents the state at time
a sufficient statistic for estimating the transmitted sequence3E[Re{z!,} Im{z/,}] = 0.
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The above is a generalized form of the Ungerboeck formulbs (11), {l?n_i(ﬁn)} are tentative conditional decisions on
tion (wheres, ; = s;, i.e., the channel is fixed) independentlynputs more thary samples in the past, obtained from the path
obtained in [12]. An optimum multiuser detector proposedith the best accumulated metric, leading to the stiteas
by Verdu [6] for asynchronous DS-CDMA systems can be
obtained from this formulation. bn—g(Bny1) = arg })nax[m(ﬁn) + W (n: bn, )] (12)

The maximum likelihood sequence can be determined Y
equivalently by applying the Viterbi algorithm to the whitened Although both full-state formulations in Section Il yield

statistic {y,, }, as shown in [1], using the metric the MLSE, it has been noted that the reduced-state derivation
N L UDFSE does not perform nearly as well as its whitened
Uy o bx) = Z 2 Re <y; Z frt,in—i> channel counterpart (DFSE) on most channels [10], [11]. The
n=1 i=0 problem arises from the nature of unwhitened statisfigs}

2 which depend on both the past and future input symbols. Note
(7) that the UDFSE algorithm, when decidirtg_; (condition-
ally) in the nth step (12), ignores interference from inputs
brt1,bnta, ..., by Which directly affect output sample
yn—g (corresponding td,,_ ;). Thus, the decision rule of (12),
Uy, b,) =U'(y, by 1) +V'(Yn,bn,0,)  (8) whichis based on the knowledge of onlyinputs in the future,
is inherently near sighted. Unlike DFSE, the decisions obtained
in UDFSE are affected by untreated interference components,
L even in the absence of feedback errors. This observation is
V/(U;m bnv Un) =2Re <U’:’L Z f:; zb:; z)

L
— D fuibnei
=0

which can be computed recursively as

where

guantified by the following analysis.
Let {b,} be the transmitted sequence of symbols &g}
- be the sequence of states in the path{iaf} in the reduced
- Z Jnibn—i ) trelis. Let {b,,} be a hypothetical sequence of symbols and
- {B,,} be the corresponding sequence of states in the reduced
The two algorithms require the same order of computationgbllis that diverges from the correct sequence of states at time

=0
2

complexity and storage proportional ff“. ny and remerges with it at a later time, i.e.,
IV. DFSE B, =0, forn=ny,ny and
A reduced-complexity suboptimal alternative to MLSE us- B, 4B, forn, <n<ns. (13)

ing the Viterbi algorithm is DFSE [3], [4]. A parameter called

memory order.J is chosen arbitrarily smaller than channef\n error event occurs at time; if the algorithm picks{b,, }
memory L, and the trellis is collapsed intd/” states corre- @s the correct sequence oV, }.

sponding to the/ most recent hypothesized symbols. Since the Proposition 4.1: The occurrence of the error event depends
reduced state falls short in providing all the information need@® the value of inputsb,,,, by, 41, ..., bn,—147—s in the

to compute branch metrics, the algorithm uses the path withsence of error propagation (from any previous error events).
the best accumulated metric leading to each state to extract Proof: The error event occurs if the accumulated metric
the rest of the information. Note that this algorithm operaté&¥ the incorrect path is greater than that on the correct path at
on whitened statistic§y/,} which depend on past and preserfhe point where the two paths merge, i.e.,

inputs only [cf. (3)]. " g1

A. UDFSE > W(ynﬁn,/_in) > > W(yn,z}n,/}n). (14)

n=ni n=ni
The UDFSE algorithm [8] follows the Ungerboeck formu-

lation for sequence estimation. The algorithm is given by tHeSSUme

recursion T

by =b, forni—L<n<n—J—1 (15)
m(Brt1) = })nax [m(Bn) + W (yn, br, Bn)l (10)
nod i.e., there are no errord. — .J steps prior to the error
where 3, = b, _1,b,_2,...,b,_; represents the reducedevent. Substituting branch metrics from (11) and noting that
state at timen, m(/3,) is the accumulated metric of the path{b,,_;(3,,)} and{b,_:(3,)} are decisions taken from the paths
associated with the staf®,, and W (y,,, b,, 3,.) is the branch corresponding to the sequences of stafgs} and {3,},
metric given by respectively, (14) can be written as

J . . .
W (Y, bn, Bn) =Re {b;; <2y,,, — Spobn =2 > Snibn 2 Re {EHQ} ~5"Sb>2Re {QHQ} —b"sh (16)

L
— 2 Z Sn,zz;n—z(/jn)

(11) Hermitian matrix given by (17) at the bottom of the following

)} where z = [@p,,Tn 41,-++,%n,—1]7 and S is a banded
page.
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Lete = % (E—b) be the error sequence. Using (1) and (15)he algorithm is delayed — .J samples ag,r— is needed
and noting that,, =0 for n,—J < n < ny—1 as/_jnz = an in thenth step. Note that the bias in (22) depend9$gn; (the

it can be shown that the above inequality holds if bit falling out of the state) antl,—s_1, ..., b,—r+1 for which
» conditional decisions taken from the path history of state
2 Re {c"y} > ¢Se - S0 (18) are used. Note that the bias is used only for survivor path
. .. . selection and does not constitute the accumulated path metric.
where b = [bn,;buy41, i bu—14n—]", € = The bias can be simplified to include only the leading term
[€no—LsCrp—Li1s-++sens—1—a]t andS’ is a lower triangular which depends om,,_;, as follows:

matrix given by (19) at the bottom of this page.
Conditioned on the error sequencethe left-hand side  bias(3n) ~bias(bn—)
of (18) is a Gaussian random variable with mean zero and L .
variance that depends on the error sequence. While the first =Re {QbZ—J > Sn—J,—z‘bn—JJrz}- (23)
term on the right-hand side of (18) depends on the error i=J+1
sequence only, the second term in addition depends on thee approximate bias is independent of the state. It does
iINPUtS by, brog 1, -y bro—14L—J- U not contribute significantly to the computational load and
The above analysis suggests that if the term which depenrglsrage requirement of the algorithm which is on the order
on theL — J future inputs is absorbed in the decision rule apf (G — J)AM” (the same as DFSE) whet& is the decision
UDFSE, the occurrence of the error event in the modifigdg. This reduced computation form of MUDFSE was first
detector will depend on the error sequence only. This, gfoposed in [11].
course, requires knowledge of some future inputs. In practice,
tentative decisions can be used instead as described in themultistage MUDFSE

following section. The MUDFSE algorithm can be run in a multistage con-

5. The MUDESE Algorith figuration where decisions obtained at the output of the first

- The MU gorithm stage are fed back to compute the bias in the second stage
The MUDFSE algorithm can be outlined as follows. Pathnd so on, i.e.,

metrics are computed as in UDFSE using (10). Conditional - . . N7 p

decisions are made (and the corresponding survivor paths are (b)r =sign(yn) and (bn); = (bn)i-1,  i>1

chosen) using the modified rule where {(b,,);} are decisions obtained from thith stage at
; . lag G; (G; > L). Note that the decision§(b,,),} are likely
bn_ 3n = arg a 3n w n,bn, 371 — bia 371 ¢ ¢ . g " .
7 (Brgr) = arg e )+ Wy fn) = bias(fhn)] to be much more reliable thaf(b,),}. The complexity and
(20) delay of aQ-stage scheme is given W% | (G; — J;) M7
where and¥%, G; 4+ L — J,, respectively.
n—J L
blas(B.) = > Red2bt > s, by (21) V. ERROR PERFORMANCE
o IEe A i=n—j+l Assuming stationarity (i.e.s,; = s;) and the absence of
b,, =sign(y,)- (22) decision errors prior to the start of an error event, the beginning
r Sn170 R Sn1,—L 0 0 R 0 T
Spni41,1  Sni4+1,0 e Spi41,—L 0 e 0
Sni+L,L e Sni+1.,0 e Sni+L,—1 0
s=| 0 - _ _ : 17)
. .. ., 0
0 Sng—1—L,L e Sng—1—L.,0 e Sng—1—L,—I
0 e 0 Sno—2,I, e Sny—2,0  Sng—2,—1
L O 0 0 Sno—1,I Sny—1,0
Sry—L—L 0 . 0
Sng—L4+1,—L[+1 Sno—L+1,—L 0 0

S = : . (19)
' 0
Sng—1—J,—J—1 Sng—1—J,—L+1 Sno—1—J,—L
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of the error event can be aligned with time= 1 without loss decision error process is stationary. Thus, we get the pairwise
of generality. In the following sections, we find the pairwiserror probability for MUDFSE using (24), (18), and (21) as

error probability and an upper bound on the symbol error 8(e) + (e t)
robability for UDFSE and MUDFSE. Prie)~ ) @ <—> P, (28)
A. Genie-Aided MUDFSE (GA-MUDFSE) where F; is the probability that the sequence of tentative
An error event of lengthn. symbols occurs in MUDFSE if g’eCJS'OU erorst = {tn i1, tan} (Wheret, =
5 (bn—0y)) follows the error evert and+(e, %) is the residual
net+J o o interference, given by
Z W (4n, bn, B,,) — bias(3,, 1) ne
n=1 +J v(et) = >
e . . . . n=max(n.+J+1—L,1)
> > W(yn,bn,Br) — bias(B.40). (24) L
=t -Re {e; <2 Z sn_ktk) }/6(6) (29)
Assume that perfect information is provided by a genie on the k=n.+J+1

future inputs needed to compute the bias in MUDFSE. Thefine residual interference(e,t) can be viewed as the pro-
using (21) withb,, replaced byb, in the above inequality, it jection of the tentative decision error vectbonto the main
follows that the error event occurs in the GA-MUDFSE if  gecision error vectoe as determined by the channel correla-

e tion spectrums.
> Refeiyn} > 6%(e) (25)  Note that, unlike DFSE where error distances diminish, in
n=1 general, when memory ordekf is decreased as compared to

channel memoryL, the distances for MUDFSE remain the

where §(e) is called the distandeof the error sequence same as in the casé — I (MLSE). The variance of the

e ={er,e2,.sen } and is given by residual interference(e, t), however, increases from zero as
) e - e the memory ordey is made smaller thah in MUDFSE. This
67(e) = Z Z €nSn—kChk- (26)  sharp contrast between the behavior of MUDFSE and DFSE is
n=Ll k=1 consistent with the fact that the operation of matched filtering

The left-hand side of (25) is a Gaussian random variable wigfllects all the energyv,, of the pulse transmitted at time
mean zero and variana®(e)N,. Thus, the probability that N0 the corresponding output sampie (sn0 = wa) [2],

the error event occurs is given by while the opergtion of nois_e whitening results in the scattering
of some of this energy intd. subsequent output samples
é(e) (Ziso [fail® = wn)
P = i 27 =0 |Jn,i n)-
He) =@ <\/N ) @) WhenJ = 0,n. = 1,62%(e) = |e1|*s0 and (e, t) is given

Note that this expression for the pairwise event error probg)-/ .

bility of GA-MUDFSE is identical to the expression derived .

in [2] for MLSE. There is, however, an important distinction (e t) = Re{el <2 > Slkt") }/'6”\/% (30)

in the definition of error events for MUDFSE and MLSE. A h=2 ) o

valid error sequence for dth order MUDFSE(1 < J < L) i.e., MUDFSE reduces to a zero-forcing decision-feedback
can have no more thaf — 1 consecutive zeros according togdetector for unwhitened channels (where feed-forward filtering
the definition in (13), whereag = L for MLSE. WhenJ = 0, S replaced by tentative decision feedback).

all error sequences have length = 1 symbol. In this case

§2(e) = |¢|?so. In other words, a zeroth order GA-MUDFSEC- UDFSE

approaches the performance of the ISI-free channel. NoticeUsing (18), the pairwise error probability in the case of
that the analysis does not consider decision error propagatiodDFSE can be written as

6(e) + ule, b
B. MUDFSE Pr(e) = Eb: Q <%) By (31)

In the absence of ideal bias, the occurrence of an error everp]t P is th bability that th ¢ inod
in MUDFSE depends, in addition to the distance of the err%@ere b 'S the probability that the sequence of inputs-

— J—L
sequence, on the residual interference arising from tentati ef”l""jbneﬂ} foI'Iows the error event (Fp=M
; ; for i.i.d. equiprobable inputs) ang(e,b) is the untreated

decision errors on thd, — J inputs (b, 4741, bn.+L) . :
following the error event. Note that the tentative decisiowterference given by
errors following an error event in the main detector are e
correlated with the main decision errors due to memory in thé‘(e’ b) = Z
channel. In order to simplify analysis, we assume that tentative n=max(ne+J/+1-L,1)
and main decision errors occur independently and the tentative ntl
-Re {e; <_ > sn_kbk> }/5(6). (32)
“Note that this definition of distance is different from the one given in [2]. k=n.+J+1
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a3I

ag 1 pso

aj ; iD(50+231)
ap = _D(30—231)
as = iD(80+231+232)
a4 = iD(sg—2sl—2sg)
as = iD(30-231+232)
ag = %D(50+281_232)

Fig. 1. Error-state diagram fol. = 2,J = 1.

Note that (31) provides an exact expression for the pairwige the case of MUDFSE so that the error sequences satisfy

error probability of UDFSE unlike (28) for MUDFSE. (13). The modified diagram is shown in Fig. 1 for the case
of binary signaling over an AWGN channel with memory
D. Symbol Error Probability L =2 and memory orded = 1 chosen for MUDFSE. It has

. . . dimensionality3”. The nodes are labeled with the error states
Assuming that all |.nlput sequences are equally likely, tIWhich are ternaryl-tuples with components that take values
symbol error probal_:)lllty for UDFSE, GA-MUDFSE, andin {0,+1,—1}. The transitions are labeled with the branch
MUDFSE can be union-bounded as 3] generating functiorRe {c’ (soe, +2 X, sicn_;)} as the
M — e, exponent of dummy variabl®, and the number of symbol
LERS Z w(e) <H #) Pr(e) (33)  errors entailed by the transition as the exponent of variable
¢ n=1 A factor of 1/2 is used to account for the weighing factor in
where w(e) is the number of symbol errors entailed by thgs4) if the transition involves an error. The transitions which
error sequence and[['2, (M — |e,|)/M is the number of |ead back to the § and O- states (except from the 00 state)
input sequences that can havas the error sequence where th@ave been eliminated because error sequences which contain a
symbol alphabet is given agy; = {£1,£3,..., (M — 1)}  zero in the middle are not allowed in the cake- 1, according
for M even. In the case of binary phase-shift keying (BPSKp the definition in (13).

modulation, (33) simplifies to Instead of enumerating all allowable error paths through
wle) the channel code trellis, we are interested in enumerating the
P, < Z Suw(e) Pr(e). (34) paths that terminate with &1 and —1 separately because
¢ the residual interference given by (29) depends on the tail of
Note that the above bounds on the probability of symbehe error pathe’ = {Cmax(n. 4 d41—L,1) - - -+ €n. }- THUS, in

error are obtained assuming no decision error propagationgeheral, we seeR x 37~7=1 generating functiongJ < L)
separation of more thah —.J symbols between error events)corresponding to the paths which terminate with a given tail
The effect of error propagation, however, is usually small @uch thate,,. # 0).

medium to high signal-to-noise ratio (SNR). Let T;(D, I) be the generating function for the error paths
which terminate in the tai&; (j =1,...,2 x 3%~ 7~1) found

by solving the state equations simultaneously. Each generating

- function can be series expanded as follows:
To evaluate the symbol error probability for MUDFSE, we 9 .
=Y BjxD%+ (35)
=1 %

make use of the error-state diagram as in [13]. The error- — T;(D,I)
channel codes for MLSE [13, pp. 283] has to be modifiedhere B; ;. is the number of error paths (weighted by the

VI. BOUND EVALUATION

state diagram used for determining the generating function of or
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1.0e-01 - .

BER

1.0e-05 |-

S
UDFSE (bound) ---+
MUDFSE --&-
MUDFSE (bound) --m-—
GA-MUDFSE ---o -

L GA-MUDFSE (bound) -- - e
MLSE v
1.0e-06 L '
3 4 5 6 7 8 9 10 11 12

Eb/No (dB)

Fig. 2. BER performance of various detection schemes on channel 1.

number of symbol errors on the path per the number of tliéstribution
corresponding input sequences) with Euclidean distange

. . . . 0 1-
that terminate in the ta#;. Then, the symbol error probability P S| ;pp (38)
for MUDFSE can be computed as S fp
2
2T herep is the probability of tentative decisi hich, i
< (€850t wherep is the probability of tentative decision error which, in
L 2—21 zk: ZBJ”“D the case of a single-stage MUDFSE algorithm, is the symbol
= ¢ error probability of a conventional matched-filter detector.
P (36) As the noise is correlated, tentative decision errors are
D*=Q(2//No) correlated with each other as well as with main decision

errors. Our assumptions are thus optimistic because errors in
g the tentative detector will tend to occur in bursts, inducing
depends on the error sequencenly through the tail of the gors in the main detector. Nevertheless, independence can
error sequence’ and the distance of the error sequedte). pe assumed in case noise correlations are small.

Note from Fig. 1 that the error-state pairs that are negative

of each other are indistinguishable on the basis of branch

values. Thus, they can be combined as in [13]. It follows that VIl.  PERFORMANCE RESULTS

the number of paths that terminate in the #ils the same as  In this section, we compare the performance of the various

the number of paths that terminate in the ta#’. Moreover, detection algorithms discussed in this paper via simulation and

sincey(e}, 6; x,t) = v(—¢€}, 8; x, —t), (36) simplifies to analysis using several example channels. First, we consider

binary signaling over static time-dispersive AWGN channels.

, The receiver is assumed to have perfect knowledge of the

Py <2 Z Z ZBj,kD‘Sj”“J”(ej"s“"t) symbol timing and the impulse response of the channel. We
=1 Kk t run each simulation for a count of 1000 errors.

Channel 1 is given by’ = (0.2,-0.25,1.0,-0.25,0.2)
wheres’ represents the normalized channel correlations. The
ISI channel has memory. = 2. Fig. 2 shows the BER
In general, the reduced error-state diagram for binary signalipgrformance of the various detection schemes on this channel.
compriseg 3* —1)/2 nonzero nodes with“~/~! terminating The memory order/ is chosen to be one for UDFSE and
nodes. MUDFSE. The bounds in Fig. 2 are computed using (34) by

In order to compute (37), we assume that the sequerseeraging over all error sequenceswith squared distance
of tentative decision errorg is an i.i.d. sequence which is§?(e) < 10.0. For MUDFSE, the probability of tentative
independent of the sequence of main decision es@nsd has decision error[p in (38)] is found from simulation. The

where we use the fact that the residual interferemnte t)

3L—J—1

Py (37)

P2 =Q(z//No)
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Fig. 3. BER performance of various detection schemes on channel 2.

bounds are tight, especially for moderate to high SNR &S, 45) MUDFSE gainsl.0 — 1.5 dB over (5, 45) UDFSE
can be expected of union bounds (the curves are virtually the SNR range shown. The two-stage scheme [(4, 45),
indistinguishable from those for simulation in the case d#, 45)] 2MUDFSE closely approaches MLSE performance
UDFSE and GA-MUDFSE at high SNR). Note that thend obtains a gain of 4 dB over UDFSE at an error rate
bounds are approximate as they do not account for decisimin10—*. The single-stage and two-stage MUDFSE (reduced
error propagation. However, the effect of error propagatiamomputation) schemes lose less than 0.5 dB due to bias
is usually small in schemes that employ conditional decisi@pproximation (23).
feedback at medium to high SNR, as noted in [3]. The semi- The performance of (5, 45) DFSE is also close to MLSE for
analytic bound for MUDFSE, shown in Fig. 2, seems tohannel 2, as shown in Fig. 3. We have neglected the effects
diverge somewhat from the simulation curve, although it casf nonideal noise-whitening (due to fixed delay constraint) on
be expected to cross over the simulation curve at high SNIe performance of DFSE. The delay incurred from anticausal
due to dependence between the tentative and main decisidmaise-whitening) filtering needed in DFSE can be compared
For channel 1, MUDFSE provides some gain over UDFSIb the delay of a multistage MUDFSE scheme. As channel 2 is
in the low to medium SNR range. But at high SNR, itsninimum phase, the performance achieved by DFSE is the best
performance is worse than that of UDFSE. The performanpessible for any channel phase. The performance of UDFSE
differential depends on how effectively the anticausal irand MUDFSE, however, is independent of channel phase.
terference components affecting UDFSE (Section IV-A) are Fig. 4 shows the BER performance (simulated) over an-
canceled in the modified algorithm by means of tentative dether I1SI channel (3) with memory. = 9. Channel 3 is
cisions based on matched filter outputs. GA-MUDFSE whidfiven by f = (0.707, —0.153, 0.468, —0.306, 0.285, —0.104,
cancels the anticausal interference ideally, performs slighth244, 0.068, —0.070,0.053). Channel 3 is more correlated
better than MLSE, as shown in Fig. 2. This is due to théhan channel 2. Note that the (5, 45) MUDFSE schemes do
reasons discussed in Section V-A. a little worse than (5, 45) UDFSE. This is partly because
Fig. 3 shows the BER performance (simulated) of variow®nventional hard decisions are unreliafBER ~ 1/5).
detection schemes over an ISI channel (2) with memomhe two-stage MUDFSE schemes, therefore, obtain better
L = 9. Channel 2 is given byf = (0.861, 0.258,— performance. Due to heavy correlation between tentative and
0.100, —0.274,0.130,0.100, —0.038, 0.112, —0.114, —0.228). main decisions, however, the two-stage schemes are unable to
The channel is minimum-phase and is arbitrarily chosen. Theovide as much improvement over UDFSE as obtained for
various schemes are indexed with the memory order addannel 2.
the decision lag(J,&). Except for DFSE, all algorithms Next, we simulate a BPSK modulated asynchronous
operate on symbol-spaced samples obtained from convention&-CDMA system with eight users whose signature
matched filtering. Ideal noise whitening is assumed for DFS®aveforms are derived from Gold sequences of length 31.
All schemes shown in Fig. 3, except for MLSE, requir§he relative delays of users are fixed for the simulation and
similar overall complexity and storage. Fig. 3 shows thare in an increasing order. The multiuser channel is static and
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Fig. 4. BER performance of various detection schemes on channel 3.

has the same spectrum as given in [1Hig. 5 shows the situation. The linear decorrelator, DFSE, and the whitened
BER of user 1 for various detection schemes when all usévsalgorithm perform well. The MUDFSE schemes, however,
have identical SNR. Each simulation was run for a count @utperform the other methods and converge to MLSE in high
500 errors. It is evident that even with ideal power controENR of interfering users on this channel.

the performance of the conventional single-user detector isThe improvement afforded by the MUDFSE algorithm over
significantly worse than optimum MLSE. (2, 28) UDFSEJDFSE depends on several factors. Among these factors
provides some improvement over the conventional detect@y.the amount of ISI, the reliability of tentative decisions,
The four-state (unwhitened) M-algorithm that operategnd the choice of the memory order. On channels with
directly on the matched filter output is about 2 dB worse thaginall sampled correlations, the conventional matched filter
the M-algorithm that operates on the equivalent whitenegbtector makes relatively reliable decisions. The reliability
minimum-phase channel. The linear decorrelator that nufi$ tentative decisions can be improved further by means of

out all interference loses about 0.5 - 1.0 dB as compareddq ayxiliary stage. If the memory order is not too small, the

MLSE due to noise enhancement. (2, 28) DFSE also obtaifi$or performance of the modified detector (28) is dominated

near MLSE performance. DFSE, the linear decorrelator agg orror event distances in the main stage rather than the
the (whitened) M-algorithm, however, require multiusefogiga| interference. Close to MLSE performance is achieved
channel inversion and/or factorization which has complequ] this case. Unlike DESE. error event distances in MUDESE
guadratic in the number of users. Moreover, the M-algorith not diminish with the memory order, as was discussed in

requires sorting of survivor paths at each iteration which Soction V-A. Thus. MUDESE generally outperforms DFSE

not needed for DFSE or UDFSE as they are trellis based. , .., . . . 4 .
gIVIth similar complexity) on channels with small correlations

The single-stage MUDFSE algorithms which require since the residual interference is reliably removed. An example
bank of matched filters only, obtain the best performance on y : P

this channel (next to MLSE). (2, 28) MUDFSE (with four' the .muItiuser DS-CDMA chgnnel Wherg WeII-desigr.\ed
states only) closely approaches the performance of ML reading codes or long spreading codes in a pot-so-hlghly
which requires 128 states in the Viterbi algorithm. With biaé)aded system prowdg Ion channel crosscorrelations.
approximation, (2, 28) MUDFSE (RC) obtains a gain of 4.5 The MUDFSE algorithm’s performance may be worse than
dB over UDFSE at an error rate of 04 that of UDFSE (as well as DFSE) for channels with large
Fig. 6 shows the BER of user 1 versus the SNR of the re%‘q}mpled correlations (highly dispersive ISI channels or heavily
of the users. The SNR of user 1 is held constant at 7.0 dgaded multiuser channels). This is not due mainly to the
It can be seen that the conventional detector, UDFSE and Hf¥eliability of tentative decisions. An auxiliary stage can
unwhitened M-algorithm do not perform well in a near—fafender relatively reliable tentative decisions. Due to the strong
dependence between error events in the auxiliary and the main

5The simulation results reported in [11] are off by 3 dB (worse) due to %tage' howev_e't’ the ma'_n SIa.ge can nqt_ significantly improve
mistake in normalization of symbol energies. upon the decisions obtained in the auxiliary stage.
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Fig. 5. BER performance of various detection schemes over an eight-user asynchronous DS-CDMA channel.
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Fig. 6. Near—far performance of various detection schemes over an eight-user asynchronous DS-CDMA channel.

VIIl. CONCLUSIONS operates on matched filter outputs, provides excellent perfor-

In this paper, we show that decision feedback Sequen@@nce/complexity tradeoffs on channels with relatively small
estimation based on conventional matched filter outputs $8Mpled correlations. The algorithm is insensitive to channel
reduced-state version of the Ungerboeck MLSE formulatioRjlase and does not require noise-whitening. These attributes
is affected by untreated interference components. We derivigke it attractive for bidirectional equalization in the GSM
a modified algorithm which uses tentative decisions to can@istem and multiuser detection in asynchronous DS-CDMA
the anticausal interference components. The algorithm, whisystems.
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The algorithm can be improved by using soft tentativil1] A. Hafeez and W. E. Stark, “Decision feedback sequence estimation

decisions instead of hard decisions. An adaptive form of for unwhi_tengd ISI channels,” iRProc. _35th Annual Allerton Conf. on
h | ith hould b id d for ti . di Communication, Control, and Computingept. 1997, pp. 493-502.
the algorithm shou € consiaered tor ume-varying medigo) G. E. Bottomley and S. Chennakeshu, “Unification of MLSE receivers

The algorithm can be modified to provide soft outputs for and extension to time-varying channel$£EE Trans. Communvol.
coded SySt.emS'. An approx_imate error prObab”ity_ ana}lySisﬁiﬁ] i?i].p\r;i.t;?)?;ﬁzzi?(?%r%%?gérinciples of Digital Communication and
conducted in this paper which provides some insight into the ™ coding New York: McGraw-Hill, 1979.

proposed algorithm. An in-depth analysis is needed, however,

to better identify the class of channels for which gains are

afforded by the modified algorithm and to quantify the gains
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