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Abstract— In this paper, two novel equalization algorithms applying moderate length. A similar MMSE-based scheme has been pro-
soft—decision feedback, designed for quaternary phase-iftkeying (QPSK) posed in [5] for synchronous CDMA transmission. But corytrar

transmission are introduced. The first one uses a matched fét (MF) as a . .
front end and is derived from [1] where it was originally devdoped for bi- to the MMSE scheme proposed in this paper, ISl was not con-

nary transmission. The second one is an improved version ohe first, em- sidered in [5] and the width of the MMSE filter was equal to
ploying a minimum mean—squared error (MMSE) filter in each iteration in  the block length (i.e., CDMA symbol length). In this papeg w

order to refln(_e the data estimates. The rule for generating sfb decisions is use a sliding window MMSE filter, which results in a notice;abl
adapted continuously to the current state of the algorithm. In most cases,

standard DFE methods are clearly outperformed. In contrastto the algo-  [OWer conjple>_<ity compared to filtering OT a whole transnmissi
rithm of [1], a performance close to that of maximum-likelihood sequence block, while high performance is maintained.

estimation can be obtained for the MMSE-based scheme for a bed class In [6], [7], [8] iterative equalization algorithms (“turbequal-
f channels. e ) .
orenanne’s - . , ization”) have been derived from the turbo decoding apgnoac
Keywords— Equalization, Soft-Decision Feedback, Iterative Sequewe . . . h .
Estimation, MMSE filtering [9]. In contrast to the approach in this paper in each iterati

channel decoding is exploited in order to refine the data esti
mates. Using these approaches obviously leads to a highrer co
plexity due to the decoding process involved in each iterati

It is well known that maximum-likelihood sequence estimaterative equalization without including a decoder likethis
tion (MLSE) using the Viterbi algorithm (VA) [2] is the opti- paper was also proposed in [10], [11]. But contrary to our ap-
mum scheme for equalization of dispersive channels produciproach, only hard estimates or soft decisions generateihby s
intersymbol interference (ISI). However, the complexifytiee piified rules are fed back in order to cancel ISI leading tolasu
VA becomes prohibitively high for long channel impulse repptimum performance.
sponses (CIR’s), and suboptimum schemes have to be appliegihe paper is organized as follows. First, we introduce tise sy
in this case, like decision—feedback equalization (DFEJi®r tem model in Section II. In Section IIl, we develop an iterati
layed decision—feedback sequence estimation (DDFSEBES]. receiver algorithm for QPSK based on matched filtering. lerSe
cause a minimum—phase impulse response is essential for gigh 1V we derive an improved version of the first scheme using
optimum trellis—based equalizers, in general, a prefiteeices- MMSE filters in each iteration. Simulation results for both a
sary which transforms the CIR into its minimum—phase equigorithms and various channels are given in Section V and com-

alent [4]. Even with optimized prefilter, a very high numbepared with the corresponding results for DFE and a perforaan
of states might be necessary for reduced-state equalizeins $)ound for MLSE [2].

as DDFSE in order to approach the performance of maximum—
likelihood sequence estimation (MLSE). Il. SYSTEM MODEL

In [1], an iterative algorithm for binary phase-shift kegin A packet transmission according to Fig. 1 with QPSK and
(BPSK) transmission has been introduced, which requires BPay mapping is considered. In the following, all signals ar

minimum-—phase response but employs a matched filter (MF)@presented by their complex—valued baseband equivalEimés
a front end and performs even better than optimized DDFSfscrete—time received signal is given by

with high number of states. However, this holds only for long .
random CIR’s. For CIR’s of moderate length and/or with well— -
defined shape, an error floor occurs and the performance of rlk] = Y hlslalk — &] + no[k], 1)
MLSE cannot be achieved. r=0

In this paper, we first generalize the algorithm of [1] to quawherea[k] € {1 + j} is the transmitted QPSK coefficient at
ternary phase—shift keying (QPSK) transmission and thiea-in discrete timek, h[-] denotes the causal CIR of ordgrcompris-
duce a scheme using minimum mean-squared error (MMSEY transmit filter, channel, and continuous—time receimput
filtering instead of a MF. It is demonstrated that with thisdno filter, andn,[k] is additive complex white Gaussian noise with
ification, high performance is also obtained for CIR’s of;onlvarianceaflo. In general, the CIR is not of minimum phase. We

|. INTRODUCTION



assume that ideal channel state information is availabteeat 1ll. M ATCHED FILTER BASED ITERATIVE SOFT DECISION

receiver. In order to simplify notation, the discrete tinmeléx INTERFERENCECANCELLATION (MF ISDIC)

k = 1is assigned to the first df data symbols in each burst. For the MF—based algorithm, in front of equalization a
o matched filteth*[—k], whose coefficients in practice result im-
¥ mediately from channel estimation, is applied to the restiv

signal. Its output signal[k] can be written as
alk] — h[K] @ (K] Iterative Soft DFE——— a[K] qn
ulk] = Z prnlk] alk — k] + n[k], (10)
Fig. 1. Model of transmission. R="0n

with the filter autocorrelation sequence of the GiR,[x] =
For the MMSE—based algorithm we use a matrix vector NOtAfk) « h*[—«k] andn[k] = h*[—k] * ng[k]. Application of a
tion for simplicity, which is introduced in the following.ifst, matched filter as prefilter concentrates the energy of the-ove
we define a convolution matri¥ of size (L + ¢;)x L whose g impulse response in time instant= 0. However, due to

entries in theith row and;jth column areH ; ;) = h[i — j]. noncausal ISI, i.e., precursors of significant energy qozom-
Then, the received signal vector ventional (noniterative) DFE cannot be employed.
In each iteration of the algorithm, soft—decision feedbisck
= [r[1],r[2], .., r[L +qn]]" (2) performed for cancellation of pre- and postcursor ISl in a se

guential manner starting from= 1 up tok = L,

can be expressed as
qn

S @ Ynlkl = k=" (palis] a3l = ]+ pu=r] @k + )

=1
’ (11)
Here,n > 0 is the number of the current iteration, aaf[k]
T denotes the soft decision aifik] after iterationu. It should be
a = [a[l],a2],....a[L]] (4) noted that the soft decision$ [k] minimize the mean—squared
error (MMSE) after feedback in the current iteration undes t
assumption that the sum of noise and ISI can be modeled as
no = [no[1],n0[2],. .., m0[L + qn] " (5) Gaussian random variable with zero mean and uncorrelated in

have been used. Furthermore, a truncated versionisfused phase and quadrature components (which is used in the follow

to derive the sliding window MMSE filter of the MMSE— basedng) cf. [12], [13]. The soft decisions; 4] are initialized ac-
. i . cording to
algorithm. We considey,, received samples before aggd + g, Bk =0, ke{l,? ) (12)
received samples aftéy, respectively, for estimation af{kq]. o e
Collecting these samples in a vectqy, ,,, , we obtain After soft cancellation of ISI, a soft decision for QPSK sywhb
’ a[k] is calculated by

where the definitions

and

T =H, Sy + ny, , 6 s
foge = Hiogn ' Shoge + oo © am = &My
with = E{Re{alk]} | Re {yu[k]}}
+j & {Im {a[k]} [Tm {y,[k]}}
Progw = [rlko—aul. .. rlkal, ... rlko + qul, a0
rlbo au +anllT, () =t h( 7 Re (A}
I e
Hy, g, ;.5 = hlan +i—j], whereH, 4, has siz€2q, +1+ phh[ ]
qn) % (2qu + 1+ 2q4), +jtanh 52, ] Tm fy [k} ] (13)
Qkoqw = [alko — quw — aqnl;s---,a[ko], and used for ISI cancellation in the next time steps of thescur
alko + qw + an]]T. (8) iteration. In (13),Re{-} andIm{-} denote the real part and the
imaginary part of complex numbers, respectlvélff ] is the
and estimated variance of the error signal after soft canoehan—
fluencing the inphase componentigfik] andag, ,[k] denotes
Nhogw = [nlko = qul, ... nlko], ..., nlko + qul, the estimated variance of the error signal |anuencmg treedoar

ture component of,,[k]. Both may be derived analogously to

T
.,n[ko +awtan]]” (9) [14] resulting in

We assume that a sufficient number of tail symbols are semt pri 52 (1] =
and after each block, i.ex[k] = Ois valid fork ¢ {1,2...,L}. "

: . . g2 &
This means that e.q1, 4, containsg,, + ¢, leading zeros and —n Z ( Re {pnnlk]})? (1 — (Re {&[k - R]})2
ar, 4, containsy, + g trailing zeros. 2 1 .



+1— (Re {&ufl[k + ,i]})Q) This leads to a vectary, 4, , Which contains significantly less
interference compared te; ,, when the soft estimates con-

+ (Im {ppn[K]})? (1 — (Im {a,[k — /4]})2 tained ina; , , get better from iteration to iteration. To cal-
X ) culate an estimate;, [k] from the vectory 4, , an MMSE fil-
+1— (Im {a,_ [k + &]}) )) ; (14) ter is used. Obviously, when calculating this MMSE filtelisit

advantageous to utilize prior knowledge contained in the ve
tor ry 4, .. Therefore, the MMSE filtemkf{qmu is determined

2 & i o
_ 771 Z ( (Im { prn[K]})> (1 — (Re {as [k — H]})a based on conditioned expectations:
! 9 Wiy, n = E{alkl T, kg, .}
1= (Re (@, k1)) E vl k)
s 2
+ (Re {pnnls]})” (1 — (Tm {a; [k — x]}) The vectoruy, ,, ,, is defined as

1= (@ k+ 1)) 15w = [ualk— gw—anl o uk - 10,0,
Uu—l[k‘l'l];---auu—l[k‘l'Qw+Qh]]T: (22)

UQ ulk] =

where the variance of[k] is:

. . whereu, [k] is the output of the MMSE filter:
oy, = prn[0)oy - (16) ul#
uylk] =wl —r . 23
After the current iteration has arrived at the position o th ulk] Fottw o Kottt (23)
last data symbol, a new iteration starts. The algorithmsstbp The initialization ofu,,[k] is done according to:
soft decisions remain essentially unchanged from onetitgra

to the next, i.e. uglk] =0, VEk. (24)

max \Re {as[k]} — Re {a5,_,[k]} ‘ < ¢ and Neglecting the statistical dependencies arising betweefilter
ke{1.2.....L} g g outputsu,, (k] andag [1], a[l] for k # I and between,, [k] and
max |[Im{a}[k]} —Im{a,_,[k]}| < e, (17) n[l]Vl kincourse of the iterations to allow analytical tractabil-

ke{l.2,....L} ity in general, calculation ofv;’,  leads to:
with a small constart, or the iteration number exceeds a pre- "
scribed limitu,.x. Hard estimates for the data symbols are ob-wkf{qmu = ag (Hk,qw(: \ +1)) . (Hk’qw
tained from the signs of the inphase and quadrature soft deci -
sions of last iteratiofs;op: £ { (@k.00 = g ) (Qhgu = 8igo ) |U1c,qw,u}
—1
alk] = sign (Re{ - [k]}) + jsign (Im{ - [k]}) “Hypgq, + 0,211) . (25)
ke{l,2,.... L} (18)  Here, Hy,, , denotes theg,, + 1)th column of matrix

IV. MMSE BASED ITERATIVE SOFT DECISION Hi.q, . For the expectatlon in (25) we get:

INTERFERENCECANCELLATION (MMSE ISDIC)

H
E{ak_w—az ak7w—dz |uk.w.}=
For derivation of the MMSE-based algorithm, we have to in- ( 2q ) , ! , o) q2 'u2
troduce two vectors, diag (o] — |a[k — qu]l®, ..., 00 — a5k — 1], 0

oo —|ai[k +1]P,...,00 — |aj[k + qu]l?) , (26)

dz,qw,u = [ [ _Qw_qh];---,dZ[k_l]:O;
aS_y[k+ 1. a5 [k + qu + an] 17 (19) Wh_ere we havg usedh, , ., = E{ak,q. |U,qu .}, CF. (13). Ap-
plying the derived MMSE f||tenukH’qw’u to the vectorry, 4,
and we get
g, = Laplk—aqw—an],... a [k — 1], a5, [k], walk] = Wi P hges = Okguwalk] +ikgu . (27)
A8 A8 T
@[k 41y [k + gu +an]]7, (20) with a biasby,, ., produced by the MMSE filter and a distor-
which are both used for calculation of the estimjé]. tion iy g, .u _composeq of the sum of residual interference and
In each iteration and for eadh e {1,2,..., L} the follow- channel noise. The bias term can be expressed as
ing steps have to be done. In order to obtain an estimate éor th b - w” H (28)
desired coefficient[k] intersymbol interference from other co- Bowsn = Whiqup ™ Bot aw +1)
efficients is removed from the vectey, ,,, in the best possible Multiplying the filter output with a factot /by ,, ,, we get the
way using the latest soft estimates in veagr, unbiased signal:
Thaws = Thaw — Higw  Gfgu wak] Wi T alk] + T 29)
= Hkﬂlw . (ﬂ,k’qw di’qw’ﬂ) + Nk,q - (21) bk7¢]w;u - bk7qw“u - bk7qw_“u .



The power of the residual interference and noise after las-c matched filter bound for the non power controlled channel C in
pensation is calculated in the following. According to [15]  Fig. 7 is calculated according to [18] whereas the matchest fil
bound in all other figures is simply given by the AWGN channel

b = SNRunbiased , (30) performance. For the fixed channel A, we have also included a
e SNRunbiased + 1 performance bound for MLSE [2],
whereSNR ubiasea 1S defined as: i
A BERNQ( 2. —”), (34)
0_2 InlIlNO
SNRunbiased = —a2 . (31)
£ { ,l)iz—z’; } where the normalized squared Euclidean distafige has been
calculated tad? ;= 2 for this channel using the Dijkstra al-

Applying straightforward calculations, we get the powetté gorithm [19]. But is has to be mentioned, that MLSE is barely

residual interference and noise after bias compensatiom frfeasible due to the huge complexity.
Egs. (30) and (31): As can be seen from the simulation results the MMSE—based

scheme is superior to ZF DFE for all channels and only for high
o 1= Dk g signal-to—noise ratios ZF DFE performs better than the MF—
=0q ﬁ : (32) pased scheme. Obviously the MMSE—-based algorithm clearly
" outperforms the MF-based one for all considered channels. |
[1] it has been observed that the MF-based scheme needs a
quite long CIR without well-defined shape in order to exhibit
tanh< bawnp { w,[k] }) a very good performance close to that of MLSE. Now, using the

2
Lkygu .

g{'

bk,qmu

We finally are able to calculat, [£]

QK] =

MMSE-based scheme, it is possible to achieve a good perfor-
mance even for CIR’s of moderate length. Furthermore, even
4 tanh ( bk, g . Im{ K] }) , (33) for channel B which is characterized by quite structured'€IR
1= br.gu.u bk g the performance gap between MMSE ISDIC and MLSE is lim-

where we have assumed that inphase and quadrature corﬁtgd 0~ 0.5 d.B in f[he region_of B.ERZ 1077 L

. Xs shown in this paper, iterative soft decision interfe@nc
nent of g are uncorrelated and have identical Var'anct,eancellatlon provides a very good performance when apptied
% 1”%& (W|th o2 = 2). The stopping criterion is the sameequalization. A further extension of the MMSE-based scheme

> br.,
asin 1617) Hard estimates are calculated aga|n accordm@bo introduced here would be to replace the linear MMSE estiomati

— by, 2w 5t bk7qw,u

and initialization is done according to (12). filter with a widely linear MMSE estimation filter according t
[20]. This idea was utilized in [5] for CDMA transmission and
V. NUMERICAL RESULTS AND DISCUSSION as shown there, a noticeable gain compared to a MMSE ISDIC

In the following, the performance of the proposed algorighninight be achievable.
is compared for three channels, A, B, and C. The discrete— s
time impulse response of channel A, which is time—invariar
is shown in Fig. 2. It consists of 25 randomly generated rea
valued taps. Such an impulse response may be encounte

e.g. in a high—rate transmission over a multipath channgd wi | il

path weights of equal average power, cf. [16]. Channels B a T T T T

C are time—variant and have complex—valued coefficients. 0 ¢ 3 8
Channel B consists of 15 Rayleigh fading taps with expone ! l l L

tially decreasing power. The corresponding power delailpro z—or 8

is given in Fig. 3. Channel C is a Rayleigh fading channel wit”™
15 taps of equal average power. In Figs. 4 to 7 simulation r -02 ]
sults for both algorithms are shown. In all figures, the retipe
matched filter bound and the performance of zero—forcing (Z' 3 1
DFE [17] is given. For simulations, data block length hasrbet
chosen ta. = 256, number of iterations maximally tolerated to
Imax = 100, ande = 1073. We useg,, = g5 in the MMSE—-

—04F i

based algorithm in order to have a sufficient filter lengthifer %0 5 oo 20 25
terference suppression.
Fig. 4 shows the performance of both algorithms for channel Fig. 2. Impulse response of channel f, (= 24).

A. In Fig. 5 the performance of the algorithms is shown for the

Rayleigh fading channel B with ideal power control, whicimca

be understood as normalizifg ;" , |h[k]|* to unity. Figs. 6 VI. CONCLUDING REMARKS

and 7 show the performance of both algorithms for the Rafgleig Two iterative soft—decision feedback equalization alonis
fading channel C with ideal and without power control. Thhave been introduced and analyzed. The performance of MLSE
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Fig. 4. BER vs.E, /N for static channel A for ISDIC with MF and MMSE
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Fig. 5. BER vs.E, /Ny for channel B (Rayleigh fading) with ideal power
control for ISDIC with MF and MMSE approach.
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Fig. 6. BER vs.E, /Ny for channel C (Rayleigh fading) with ideal power
control for ISDIC with MF and MMSE approach.

can be approached by the MMSE-based algorithm very closely

even for relatively short CIR’s. The MF-based scheme hawa |
complexity, but needs long CIR’s to approach the perforrea

n%] W.H. Gerstacker, F. Obernosterer, R. Meyer, and J.B.ddubAn Effi-

cient Method for Prefilter Computation for Reduced-Stateidigation,”

of MLSE as stated in [1]. The main computational load of the in Proceedings of the IEEE International Symposium on Personal, Indoor
MMSE scheme consists ih inversions of &2q,, + 1 + gn) X

(2w + 1 + gn) matrix per block and iteration. In this paper{s) Aalexander Lampe, Robert Schober, and Wolfgang H. Geketa “A
a block—oriented transmission has been assumed, but the alg Novel Iterative Detector for Complex Modulation Schemedgchnical
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