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Abstract— Instead of the per-survivor processing (PSP) detec-

n
tor which is the state-of-the-art solution for the joint data-channel b *k [ o
estimation in fast fading channels, we propose a new reduced- K1 MOD |»| CHANNEL (5—» DEmMOD X DETECTOR |
complexity maximum likelihood sequence detector (MLSD) based

on the particle filtering technique. We show that the particle de-

tector offers a better trade-off between performance and compu- Fig. 1. Discrete-time equivalent lowpass transmission system model.
tational complexity, compared to a reduced-complexity PSP de-

tector based on the decision-feedback sequence estimation (DFSE)

algorithm. Moreover, the computational complexity of this new on the particle filtering technique [8]. The key idea is to explore

detector is adapted according to the signal-to-noise ratio. only a subset of the possible transmitted sequences with a tree-

search algorithm using particles. The selected sequences of the

tree are the trajectories of particles, which evolve statistically

in time according to the probability that a certain symbol was

I N the mobile communication systems, the channel paramgansmitted conditionally to the received signal. Along each
ters are time-varying and unknown at the reception stage.t{gjectory, a KF estimates the Channel Impulse Response (CIR)

slow fading channels, the traditional approach to the detectiggefficients.

problem is to provide a channel estimate for each data framerhjs paper is organized as follows. In Section II the system

to a detector. But this method may not adequately track fagbdel is presented. The structure of the particle detector is

fading channels. The state-of-the-art solution for the detegerived in Section Ill. Finally, simulation results are given in
tion problem in a fast fading channel is represented by the P&ction 1V.

Survivor Processing (PSP) detector, based on the adaptive Max-
imum Likelihood Sequence Estimation (MLSE) for the joint
data-channel estimation. The channel estimation made by Least
Mean Squares (LMS) [1], Recursive Least Squares (RLS) [2]Fig. 1 shows the discrete-time equivalent lowpass transmis-
or Kalman Filter (KF) [3] algorithms, is incorporated within thesion model considered in this paper. We will analyze only the
trellis of the Viterbi Decoder (VD), which decodes the informabinary modulation case. The generalization to more complex
tion symbols. The main problem associated with this detectmodulations is straightforward.
is the computational complexity of the VD. In fact, it might be- The information sequence is composed of independent and
come quickly prohibitive in the communication systems whictidentically distributed bits. Each bit, is transmitted within
operate with high level modulations in long memory channelthe symbol interval of duratiofi’. The information bits are
We assume here that the dominant factor which determines trganized into frames composed of a preamble of known bits
complexity of the VD is the channel memory. used in the estimation of the CIR, a block of information bits
Many researches have been conducted in order to reduceahd a tail of known bits for properly terminating the trellis.
computational complexity of the VD by selecting a subset dte discrete-time channel model is represented by a symbol-
the states in the code trellis, as in the Reduced-State Sequespaced Finite Impulse Response (FIR) filter, depicted on Fig.
Estimation (RSSE) [4] and in the Decision-Feedback SequerzeThe CIR coefficient fi.;} =, where L indicates the over-
Estimation (DFSE) [5], or by selecting a subset of the paths @l channel memory, are unknown at the reception stage. We
the code trellis, as in the M-algorithm [6] and in the T-algorithmassume that the time variations of the CIR coefficients into the
[7]. data frame are important and therefore, the channel estimation
In this paper, we keep the approach of the joint data-chanmpebvided using the preamble is insufficient. It represents only
estimation used in the PSP detector and we propose a new sulnitialization of the CIR coefficients estimates, which must
optimal Maximum Likelihood (ML) detection algorithm, basee tracked even in the data frame. The matrix model of the

I. INTRODUCTION

Il. SYSTEM MODEL



received signal at the input of the detector is given by: space model and which generalize the traditional Kalman filter-
ing methods. In this case, the key idea is to approximate the a

i, =B Fj +nyg, @) posteriori probability density in (2) with particles. This approx-
where: imation is derived iteratively, getting to evolve the particles in
' time. The trajectory of a particle represents a possible trans-
r, = [Re{ri} Im{ry}], mitted data sequence. Moreover, we associate a Kalman Filter
B = [b bi_1...bp_z] = [br Bi_1l, (KIIZ). to eaph particle trajectory in order to e;tlmate the CIR co-
efficients jointly to the data. The particle filtering hypotheses
Bi1 = [bg—1...br—1], for (1) are as follows:
Re{fro} Im{fro} « In order to derive the particle filtering equations, we keep
F, = : : , the dependence @f. on theL precedent bits, even if the
Re{frr} Im{fer} data bits are independent and identically distributed:
ny = [Refn} Imimed], P(bx[br, -+, br1) = p(bx[Br—1);

The vectorny, is a discrete-time complex AWGN with zero
mean, scalar varianee? and independent real and imaginary
components.

« In a similar manner is independent given the transmit-
ted bit at timek, the L precedent transmitted bits and the
estimateF ', ,_;:

[1l. THE PARTICLE DETECTOR p(ri|B, ﬁ‘k|k71a A) = p(rz@\Bj‘mkq) VA
The purpose of the detector examined in this paper is to es-
timate jointly the data sequend8 = {b,}X_,, where K We can determinate the time evolution of the conditional prob-
is the number of information bits, and the CIR coefficientability p(B{|R¥, F) in two stages:
F = {F;}X . With this intention, we apply the ML prin- 1) Prediction:
ciple and we estimate the data sequence as the sequence that Calculation of the probability(BX |R ! F) from the
maximizes the following probability: probabilityp(Bf(*l |Rf’17 F);
2) Correction:
Calculation of the probability(BX |RK, F) from the
probabilityp( B |RE1, F).
whereR{" = {r;};_, indicates the sequence of received sangoy the first stage, applying the definition of conditional prob-
ples,F = {F;_1}+—, the sequence of the CIR coefficientsapility and considering thaBX is a Markov process, we can
estimates anzf‘k‘k,l the estimate of the CIR coefficients atwrite: .
time k knowing the received samples until tirke- 1. For rea- p(BE|RE-LF)
sons of complexity, all the possible transmitted data sequences Kol mK—1 & K1) K —1 =
B¥ cannot be analyzed in order to calculate the a posteriori = p(bx| By~ By~ F)p(By Ry F)
probability density in (2) and therefore, we consider the par- = p(bx|Bx-1)p(Bf REF). 3)
ticle filtering approach to explore only a subset of these se- .
quences. The particle filtering technique is a sequential Mort@" the second stage, using the Bayes theorem and the hypoth-
Carlo method used in non-linear/non-Gaussian tracking prdb's 0f_|.ndepe|;1(der}§:erf the received samples, the conditional
lems [8]. It is based upon point mass or particle represenf{oPabilityp(Bi*|R;", F') can be expressed as:
tions of probability densities, which can be applied to any state

Ef = argmax p(Bf(|R{(7 f‘), (2)
Bl

p(Bf|R{,F)

_ plex| B, R F)p(BE|RF L F)
T T prx|RY N F)

7 _ p<rK‘B7]§‘K\K—1)p(B{<‘R{<_1v F)
e T [ p(rk|B, Frx_1)p(BE R F)dBE
By substitution of (3) into (4), (4) becomes:

N P(B|REF) =

p(rx|B, Frx—1)p(bk |Bx—1)p(Bf ' |RE 1 F)
Fig. 2. Channel Model. fp(rK\B,FK‘K,1)p(bK|BK_1)p(Bf(_1\R{(_1,F)dBlK.

(4)

(®)



From (5), we can derive the classical result of the particle filter- p(rx|B4, FK|K_1) (10)
ing technique. The conditional pro_babllybyB{(\R{ﬂ F)is ap- prx/Bo, Frie_1) + prx B, Fr_1)
proximated by particles, characterized by a suppogvolving
in time according to the transition probabilityv x|Bx 1) and We observe that the probability densitig@ x |B, ﬁK‘K,l)
a weight depending on the probabiljﬁﬁK\B,FK‘K,l) [8]. andp(rK|B,7FK|K_1) depend on the estima@K‘K_l of

In this paper, we consider an original way to approximatie CIR coefficients and hence, on the evolution model of the
the conditional probability(Bf |RE, F) based on the particle KF used for the channel estimation. We have chosen a simple
filtering method namedonditional drawing [9]. We observe model to represent the channel evolution. More complex mod-
that using the Bayes theorem, the property of Markov of thes could improve the channel estimation. It is expressed by the
processB¥ and the hypothesis of independence of the receivésliowing equation:
samples, we can write:

R Fk:Fk—1+W/€ fOT’kZI,"',K, (11)
p(rg|B, Frjx-1)p(bxBr-1) = _ .
where the matriXW,, defined as:

Bir_1,Fri_1)pbx|Br-1,Frix_1.T5). (6
p(rxBr -1, Frix—1)p(bx|Br -1, Fgx—1,TK) (6) Ref{wro}  Im{wpo)

Therefore, (5) is equivalent to: W, = : : : (12)
p(BE|RE F) = Pric|Br 1, Frejre 1) Refwy,} Imiws.r}
1 1> - ~
JpreBr-1, Frx_1) is a complex discrete-time AWGN with zero-mean and covari-
. KKl - ance represented by thé + 1) x (L + 1) matrix Q. Consider-
Pk Br—1, Fgix—1,7x)p(By |Ry ,F) (7 ingthe channel evolution model (11) and the observation model

'p(bK|BK717FK\K—1»rK)p(B{(71|R{(717F)dB{<. (1), the KF equations for the channel estimation at timrere
divided in a prediction phase:

Analogically to the classical result, we can approximate
the conditional probability p(BX|RX,F) with particles,
which evolve in time according to the conditional tran- - -
sition probability p(bx|Br_1,Fxx_1,rx) and have a Pir1 = Proap1+Q (13)
weight depending on the probability(rx [Brx—1,Fxx-1)- and a correction phase:

First, we will calculate the conditional transition probability

Frr—1 = Froe—

p(bK\BK_.l,FIqK,l,rK_) and then the weight ofaparticle._ Fk‘k - Fk‘k_l + Gy(r, — B Fk|k—1)
In the binary modulation case, the support of the particles - ~ -
can assume the valuég = 1 orbx = —1 and hence, we must ke = Prp—1 = Gr B Prje—1, (14)
determine the two conditional transition probabilitig®, = s .
1Bk 1, FK|K—17rK) andp(bxc = —1[Brc_1, FKlK—ler)- where the estimatBy,;, is given by:

For simplicity, we consider only the probability for the bit
bx = 1. Applying the Bayes theorem, the conditional tran-
sition probability is given by:

f‘kuc = EFy|RY, (15)

the matrixf’m is the covariance of the error of the KF, defined

p(bK = ]~|BK71aFK\K—17rK) as. ) A
Frpe =Fi — Fyp, (16)

_ p(rxBo, Frg_1)plbx = 1Br—1,Fgx_1) (8 the quantity:
fp(rK‘ByFK\Kfl)p(bK|BK—17FK\Kfl)de7
where we have defineB, = [bx =1 Bg_1] and similarly

B_ = [bx = -1 Bg_41]. Owing to the independence ands the Kalman gain and” is the transpose matrix df. By
the equally probability of the information bits, we can write: substitution of (16) into (1), (1) becomes:

G =Pyj_1 BB Py BT +07)7! (17)

p(bx =1Bg_1,Frx_1) rx =B Frx 1 +BFgr1+ng. (18)

) Thanks to (18) and since the noisag and W are gaus-
sian with zero-mean, we notice that the probability density

Therefore, (8) becomes: p(ri|B, F i x_1) is gaussian with mean:

. 1
=plbx = —1Bx-1,Fgix-1) = 3

p(bx = 1Bx_1,Frr_1,TK) B{rg|B,Frix 1} =B Fgx 1 (19)



and scalar variance:

[ ] /
] X ) LA e
E{(rk —BFpx_1)(tx —BFrr_1)"|B,Frre_1} ° /
~ ~ A 1 ®
= E{B Frx_1 +ng)(BFgx_1 +nx)T|BFyx 1} o / ﬂ
:BPK‘K71 BT+U72V (20) oo /1( :: e s \1L : e
Hence, the expression of the conditional probability density of .e I H HER
the observatiom i is expressed by: oo
[ X} 1 [ 1 -1 ° /
N 1 1 o [T o <o
p(rr|B, Fgix_1) = eXpy — 3

27T\/B PK\K*I BT + O',,%

(rK_BFK|K71)(BPK\K71BT+U721)_1 (rK_BFK|K71)T}- (21)

In order to calculate the weight of a particle, we rewrite (7) from
time K —1to 1:

£

. . Fig. 3. Tree of the particle MLSD.
p(rr|Br—1,Frjx—1) - p(ri|Bo,Fip):

- [ p(rkIBr-1,Frx_1) - p(r1|Bo, Fyjo)-

p(Bf|R{", F)

. . = p(rﬂbZ,BZ,l,FZ kfl)p(bZ‘Bthﬁ‘Z k—1)dby;
Pbr|Br—1,Frx-1,TK) - p(b1|Bo, F1jo,11) / | |

pbrBr_1,Frix—1,tK) - p(b1|Bo, Fijo,r1)dBE " 1 n fn 1 n fon
p(brBr-1,Frjx-1,1K) - p(b1|Bo, Fijo,r1)d By (22) = 5p(rk|B+,Fk,|k_1)Jr ip(rk|B_,Fk‘k,_1). (26)
We use the particle approximation for the terms related to the|n order to develop a particle MLSD based on the conditional
particle evolution: drawing technique, we use a tree-search algorithm to explore

the space of the possible transmitted sequences. The root of the

br|Br 1, Frx— . p(b1|Bo, Fyjg, 1) ~ - : : o
POx[Br—1, Frejrc—1, 1) - p(01[Bo, Fijo, 1) tree consists in a group holding all thg, particles. Initially, the

No particles are equally weighted. The first bit to be estimated can
Z — 6(bgg — b%) ... 8(by — bY), (23) assume the values 1 or -1 and hence, the particles divide in two
n—1 Ny groups proportionally to the conditional transition probabilities

where N,, is the number of particles arid is the support of p(br = 1[Bo,r1,Fyp0) andp(by = —1[Bo, 1, Fyp), where
the particlei at timek. We notice that the terms related to thd3o corresponds to the lastbits of the preamble sequence and

particle evolution are taken into account in the conditional traf1® €stimatéy o is calculated applying the KF on the pream-

sition probability calculation and consequently, don't influend¥€ Sequence. At the next instant the particles will be divided

the weight determination. By substitution of (23) into (22), (22} four groups. So the groups of particles form the nodes of a
ree. An example of a particle tree is represented in Fig. 3. We

becomes: ; ' ’ 1S .

p(BX|RK ]?‘) ~ analyze in details the generic transition process from fimd

N ) ’ A to timek. For each group at time— 1, we calculate the condi-
z’i plre|Bg 1, Fi 1) p(r1|Bg, Fi)g) tional transition probabilitiep(b, = 1|Bj_1,1), Fjx—1) and

Np m m m fvm ' = — F i Vi-
— Zm:1p(rK|BK71’FK|K71) - -p(r,| B JE) p_(bk 1|Bk7_1,rk,Fk|k,1), given by_ (10). After the divi

. N sion of the particles for each group at tithe- 1 proportionally

6(bx — b))+ 6(br — bY), (24)  to the conditional transition probability, the empty groups are

where the term multiplying the Dirac delta represents trliminated. For the survivor groups at timewe calculate the
weight of the particlen at time K. This weight can be cal- estimateF,;_, according to (13) and (14) and the weight as-

culated recursively with the expression: sociated with a particle according to (25). We notice that the
. particles in a group have the same weight and that the weight of
N Pr1p(rkBE_1, Frpp_q) a group is equal to the product between the number of particles
Pr = ZNP m p(re BT Fm )’ (29) inthe group and the weight of a particle.
m=1Ph—1PkIEr=10 Fklk—1 As in the VD, the decision on the information bits in the par-
for k = 1,..., K with the initial conditionp? = 1/N,, for ticle MLSD is carrie_d out after the p_rocessingm received
n=1,...,N, In(25), the probabilityp(rleZ_l,lek_l) samplt_as. The pamcle detector estimates at time 5L the
can be determined in the following way: bit at time k. This corresponds to the kif, of the maximum

. weight group at time: + 5L. At the end of the information
p(rk|BE_q, ,F2|k,1) sequence, the particle algorithm must be terminated witti.the



known bits of the tail sequence in order to finish in a knowfhe sampling period’ is equal to the symbol intervall =
final state. In this closing phase, the division of the particles ;169us. For the second model, we consider the 12-tap Hilly
groups is deterministic; the particles transfer in the group corréerrain (HT) GSM channel model, described in [12]. The coef-
sponding to the known transition bit. Moreover, the calculatidicients{ f; ; }%-_, are generated using a bank of time-shifted in-
of the weights is modified. In (26), only the probability assocdependent Rayleigh flat fading channel simulators. In each sim-
ated to the known bit is considered, because the other is equiaktor, a white complex Gaussian noise passes through a digi-
to zero. In the patrticle detector described above, the partictassecond-order low-pass Chebyshev filter followed by a fifth-
are initially concentrated in one group and during the processder Butterworth filter, which impart the Rayleigh Doppler
ing of each received sample, they are spread in the space ofgpectrum. In simulations, we consider fast fading conditions
possible transmitted sequences. The maximum degree of exjglod hence, we assume a Doppler frequency for each path equal
ration of this space is given by the number of particles. Wheéa 200 Hz. This corresponds to a vehicle speed of 240 km/h
each group contains only one particle, some particles can & a 900 MHz GSM system. The channel memarpf a HT
plore improbable zones. In order to improve the exploratiathannel is equal to 6.
around the most probable zones, we can force a particle rediswe compare the performance of the particle detector with the
tribution. The redistribution is a very critical task, because thgerformance of the PSP detector. For the complexity reduction
performance strongly depends on it. For example, we can té-this receiver, we use the DFSE algorithm, which presents a
distribute the particles evety bits: the particles in groups with reduced number of states in the Viterbi trellis. The overall chan-
a weight inferior to a given threshold are moved in the grougel memory is considered and the terms of residual IS are cor-
with maximum weight. rected along each survivor path. Fig. 4 shows the performance
obtained for the first channel model. If we reduce the number of
IV.  SIMULATION RESULTS the Viterbi states of the PSP detector, we observe a frame error
In this section, we present simulation results depicting thor at4 - 10-2. This behavior is absent in the particle detec-
performance of the proposed particle detector. The adopteg the performance of the particle detector with 128 particles
performance measure is the Frame Error Rate (FER) versus4hg with 8 particles are very close. The computational com-
Signal-to-Noise Ratio (SNRJ, /Ny, whereE;, denotes the av- plexity of these different detectors for the first channel model is
erage bit energy any, the unilateral power spectral density ofdepicted in Fig. 5. Unlike the PSP detector, the computational
the noise. We determine the performance for a Global Syste@mplexity of the PD is adapted according to the quality of the
for Mobile communications (GSM) system. We assume thgdceived signal. As a consequence, for the same performance,
the receiver detects only a slot for each Time Division Mulexcept at lowF;, /N, the complexity of the PD is always lower
tiple Access (TDMA) frame, constituted by 8 slots. A GSMhan the PSP detector. The performance and the computational
slot consists in two burst of 58 information bits separated omplexity for the HT240 channel model are respectively given
a midamble sequence of 26 known bits. Reference [10] shoisFig. 6 and in Fig. 7. Like previously, we observe a frame
that the backward detection of the first burst and the forwaggror floor at10~! if we reduce the number of states of PSP
detection of the second burst give approximately the same pgétector to 8 states. At highi, /Ny, the performance of the PD
formance. Therefore, we can consider only the forward detegith 8 and 64 particles are noticeably worse than that of a PSP
tion of the second burst. The modulation scheme corresponfigector with 16 states. However, the computational complexity
to a discrete-time linearized representation of a Gaussian Migf-the PD is more than 10 times lower than the PSP detector.
mum Shift Keying (GMSK) signal [11], in order to simplify the
structure of the demodulator. By means of a shift phase, the re-
ceived signal at the input of the detector is described by (1). For V. CONCLUSION
the generation of the channel coefficients, unknown by the re-

. ) . A reduced-complexity MLSD based on the particle filtering
ceiver, we consider two models. In the first model, the Cham{%'chnique has been proposed and analyzed. The particles ar-

memoryL is equal to 7 and the channel coefficients are glVer'gmged in groups statistically explore the space of the possible

by: transmitted sequences forming a tree. The number of paths ex-
Re{fwi} = aicos(2nmfq1kTy) amined by groups of particles depends on the quality of the
Im{fes} = arsin@nfa kTs), (27) received signal. In fact, for high SNR the particles remain

) i concentrated in one group only, whereas for low SNR they di-
fori =0,...,7. The amplitudes are chosen in order to obtaiiye into several groups. This means that the PD complexity is
a phase-minimal channel with unitary energy: lower than that of a detector implemented using a Viterbi algo-

[ag, .. .,az7] = [0.56,0.49,0.42, 0.35,0.28,0.21,0.14,0.07]. rithm for a equal number of particles and states. Moreover, if
L . . we reduce strongly the computational complexity, the PD has
The Doppler frequencies in Hz associated with each Chan@éﬁown better performance than that of a PSP detector for the
path are: same number of particles and states. Hence, we can conclude
[fa0s---,faz] = [10,20, 30, 40, 50, 60, 70, 80]. that the PD represents a very good trade-off between error rate
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performance and computational complexity especially for comB] A. Duel-Hallen and C. Heegard, “Delayed decision-feedback sequence
munication systems operating with high level modulations anﬁls]
over long memory channels.
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