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Delayed-Pilot Sampling for Mixture Kalman Filter
With Application in Fading Channels

Xiaodong WangMember, IEEERong ChenMember, IEEEand Dong Guo

Abstract—Sequential Monte Carlo (SMC) methods are pow- Carlo samples of the state variables or some other latency vari-
erful techniques for online filtering of nonlinear and non-Gaussian  aples, these methods can flexibly adapt to the dynamics of the
dynamic systems. Typically dynamic systems exhibit strong \nqerlying stochastic systems. A complete theoretical frame-
memory effects, i.e., future observations can reveal substantial . )
information about the current state. Recently, the delayed-sample Work forthe SM; hgs appeared in [23]' Many succe.ssful .appll-
sampling method has been proposed in the context of mixture cations of SMC in diverse areas of science and engineering can
Kalman filter (MKF), which makes use of future observations in be found in the recent books [9], [20].
generating samples of the current state. Although this method is  Recently, we have applied the SMC technique, and in
highly effective in producing accurate filtering results, its compu- particular, the mixture Kalman filter (MKF) for conditional

tational complexity is exponential in terms of the delay, due to the L . .
need to marginalize the future states. In this paper, we address this dynamic linear models [3], to the problem of adaptive detection

difficulty by developing two new sampling schemes for delayed and decoding in flat-fading channels [4] in the presence of
estimation, namely, delayed-pilot sampling and hybrid-pilot sam- Gaussian or non-Gaussian ambient noise. This problem is
pling. The basic idea of delayed-pilot sampling is that instead of of fundamental importance in communication theory, and it
exploring the entire space of future states, we generate a number is known that the optimal solution has a prohibitively high

of random pilot streams, each of which indicates what would . - - .
happen in the future if the current state takes a particular value. computational complexity [13], [25], [26]. Various suboptimal

The sampling distribution of the current state is then determined approaches have been proposed in the literature to bear on this
by the incremental importance weight associated with each pilot problem [2], [5]-[7], [10], [11], [14], [16], [17], [19], [24],
stream. The delayed-pilot sampling can be used in conjunction [27], [29], [30]. Our approach in [4] is based on a Bayesian
with the delayed-sample method, resulting in a hybrid scheme. ¢ 1ation of the problem of on-line detection/decoding in

This new sampling technique is then applied to solve the problem - 2
of adaptive detection and decoding in flat-fading communication flat-fading channels and the SMC methodology. The basic idea

channels. Simulation results are provided to demonstrate the IS to sequentially impute multiple samples of the transmitted
performance of the new low-complexity sampling techniques symbols based on the current observation. Associated with
for delayed estimation and to compare with the delayed-sample each sequence of imputed symbols is its important weight.
method. The imputed symbol sequences, together with their importance
Index Terms—Adaptive decoding, delayed-pilot, delayed- weights, are used to compute the Bayesian estimates of the
sample, fading channel, mixture Kalman filter, sequential Monte  transmitted information. It is shown in [4] through simulations

Carlo. that the performance of the SMC-based receivers can be
remarkably close to the so-called genie-aided bound in fading
|. INTRODUCTION channels for both uncoded and coded systems without the use

of any training/pilot symbols or decision feedback.
HE SEQdU.E'\:;IAfIT l?gonti Ctartl_ot(SMC) dmethpds rgcenrfly Dynamic systems often possess strong memory, i.e., future
h emerge t In the Tields (I) Stalis 'f:ds an engflneerll_ng ??%servations can reveal substantial information about the cur-
shown a great promise in Solving a wide range of nonfinear W}Ent state. For example, in a flat-fading communication channel,
) he channel fading coefficients are modeled as a correlated com-
pzlgx dSy'\r)I?:mm S{)stelms [1|]’ 53]];. [8](’1 [12], [f15]’.|[18]f’ [21];[2;’]" lex Gaussian process. Even if the transmitted symbols are inde-
[28]. can be loosely defined as a family of metho 0‘§endent, since the observations in the near future contain future

gies that use Monte Carlo simulation to solve on-line estimati Pannel states that are highly correlated with the current channel

problems in dynamic systems. By recursively generating Morg?ate, it is beneficial to make use of these future observations in

detecting the current symbol. Moreover, when channel coding
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the receiver performance when the signals are channel-codiegarticular, if;) is sampled from a trial distributiog(-) that

and/or when the channel ambient noise is non-Gaussian.  has the same supportasand letw?) = 7(n))/g(n")), then
However, the computational complexity of the de{(n), w\)}"  is properly weighted with respect tcf-).

layed-sample method developed in [4] is quite high, due Consider the following conditional dynamic linear model

to the need of marginalizing out the future states. For e¢(€DLM) of the form

ample, in a Gaussian noise flat-fading channel, fak-a&tep

delayed-sample method, the algorithmic complexity is z =F\ %1 + Gr 1)

O(m|AJ®) (where A is the finite set of signal constellations, Y, =Hxz + Ky v (2)

andm is the number of Monte Carlo samples) for an unCOd‘Whereu N,(0, I) andw, ~ N,(0, I) are the state and ob
it ko(A+1) ; U ™~ Vel Wy ™~ Vel -
system, and it i©)(m:2" ) for a coded system with a rateservatlon noise, respectively, afd, } is a sequence of random

Fio/no convolutional code. The complexity is even much hlgh%dicator variables that may form a Markov chain but are inde-

if thte ?Tb('jem lnmse IS n(t)nt-_Gau”ssmf?. _He{[n(;:el, It I(Jjecotrnest_| >ndent ok, andw, and the past, andy,, s < t. The matrices
portant to develop computationally efficient delayed estimati 1 G, Hy,, andK x, are known given\,. The indicaton,

technlques. . _ takes values from a finite sef.

In this paper, new low-complexity techniques are develope The MKF in [3] is a novel sequential Monte Carlo method
for delayed estimation under the MKF framework. In order t%r online filtering and prediction of CDLMs; it exploits
_dr_awta nf\{[v sarr;ple o(fmth(ta current state, msteaddof mfal\r%m e conditional Gaussian property and utilizes a marginal-
'zIng the 1uture states ai steps, we gen_eratsﬂ random priot -, ation operation to improve the algorithmic efficiency. Let
streams of these future states. Each pilot stream is obtainedipy _

. . . . t — (y07y17"'7yt) andAt — ()‘07 Alv"'v)‘t)' By
starting with one of the possmle Valb.b? € Aand propagating recursively generating a set of properly weighted random
A steps of SMC. The incremental importance weight of th'ssamples{(A%) w(j)) ™ {0 represent(A;|Ys), the MKF
pilot stream is then given to the valug and with probability bt o=l tEEh

. . . pproximates the target distributign{«;|Y;) by a random
proportional to which a sample of the current state is drawn. '?hixture of Gaussian distributions

nally, to correct the bias introduced by the pilot approximation,

the usual incremental weight is multiplied by the inverse of the Em: O, (u(j) 2@))

pilot weight. We term this method of delayed estimationdbe — tooTe\t

layed-pilotmethod. Moreover, such an idea can be combined =

with the delayed-sample method developed in [4] to yielba Where

layed-hybridnethod. Thatis, in order to achievéa+A’)-step G _ ) G _ )

delayed estimation, we implement the combineation ti)f-atep B = b (At ) and 2y =2 (At )

delayed-sample sampling and\a-step delayed-pilot sampling. are obtained with a Kalman filter on the system (1), (2) for the

The delayed-pilot method and the delayed-hybrid method ajgen indicator trajectonA”’. Denote

then applied to the problem of adaptive detection and decoding ' ' '

in flat-fading channels treated in [4]. p) 2 [u?), Eﬁj)} .

The rest of this paper is organized as follows. In Section Il, ] ] ) )

we briefly summarize the MKF algorithm, as well as the delhus, @ key step in the MKF is the production at timef

layed-weight method and delayed-sample method for MKF. A€ We'ghte(@') sa?j)ples(xc))f the indicators and the Kalman filter

Section III, we develop the delayed-pilot method and the deUtPUts{(A¢", «,”", wy”)}7L,, based on the set of samples

layed-hybrid method for MKF. In Section IV, we treat the prob{(Agﬂ)l, H?Jl, wt@l) 7, atthe previous timét — 1) [3], [4].

lems of adaptive detection and adaptive decoding in flat-fadingThe model (1) and (2) is often observed to be highly cor-

channels using the proposed new sampling methods. Simulatielated. As a result, future observations often contain informa-

results are provided in Section V. Finally, Section VI contairigon about the current state. Hence, a delayed estimate is usually

the conclusion. more accurate than the concurrent estimate. In delayed estima-
tion, instead of making inference ok, or z; instantaneously
with the posterior distributiop(A+|Y;) or p(x:|[Y), we delay

II. BACKGROUND this inference to a later timg+A), A > 0 with the distribution

First, we define an important concept that is used throughdtitA+[Y t+a) andp(x; Y14 ), respectively. In [4], two delayed
the paper. A set of random samples and the correspondﬁﬁj'mat'onteChn'queS are proposed, namely, the delayed-weight
weights{(n®, w@)}™  is said to beproperly weightedvith Method and the delayed-sample method. _
respect to distributionr(-) if, for any measurable functioh, ~ Theidea behlnd(/tg]e S|En)ptdelay§d-we|ghmethqd Is as fol-
we have lows. If the set{(A,%, w,ys)}7x, is properly weighted with

respect to(A+45|Y ¢ys), then when we focus our attention on
. A attime(t + 6), we have tha{()\?), wt(jr)é) ", is properly
Z h (09w weighted with respect to{ \:|Y ;s ). Then, any inference about
= the indicator\;, E{h(\:+)|Y:+s} can be approximated by
— E {h(n)}, asm — oo.

m ) 1 m . .
(4) E Y ~ @y,
3w {AO) 1Y 145} Wm;h(& Julls @
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with
m .
Wers =D~ wily. )
j=1
Since the weight$wt(i)ér .1 contain information about the fu-
ture observationsy, , ;, ..., ¥,,5), the estimate in (3) is usu-

ally more accurate than the concurrent estimate. This approach
only requires slight additional memory and no additional com-
putation. The interference about the state variabksan be sim-
ilarly made at timet + 6.

In the delayed-samplemethod, both the samples and
the weights {( A\, w!) ", are generated based on the
observationsY, », hence makingp(A;|Y,1A) the target
distribution at time(t + A). The procedure provides better
Monte Carlo samples since it utilizes the future observations
(Y4115 ---> Yeypa) in generating the current samples &f,
but the algorithm is also more demanding both analytically
and computationally because of the need of marginalizing out
At41s -+ -5 Ae+a. At any timet, the delayed-sample algorithm
involves growing and trimming a tree of depth That is, we
grow the tree by adding4|~*! leaves at the top of tree, then

keep one th¢A| main branches from the root corresponding to * M

the selecteo\g’), and then removing the rest of the branches. O =0

Fig. 1 illustrates the delayed-sample sampling operation, with _ _ _
A= {17 0} andA = 2. Fig. 1. lllustration of the delayed-sample sampling.

operation, with4 = {1, 0} andA = 2. The algorithm is sum-
[ll. DELAYED-PILOT SAMPLING IN MIXTURE KALMAN FILTER  marized as follows.

A. Simple Delayed-Pilot Sampling Algorithm 1 [Delayed-Pilot MKF]: Suppose at time

i i .. (t + A — 1), a set of properly weighted samples
The delayed-sample MKF algorithm can achieve &gmﬂcai&A(]) o) (])) m with respect to p(A; 1|Y, 1)

. . . t—15 Fy_1, Wy
Il\r/lnlglr:():larglrai?r:r;n gse r;c;rrr:c?:gt?af;dmﬁa[i? ﬁg\t]vet\?eer C:Lrllc(::rLljIrirea-1 e available. Then, at tim + 4) as the new datg,, »
9 ' o ' Mhecome available, the following steps are implemented to
provement comes at the expense of significant increase In s
. . . i : . update each weighted sample.
computational complexity since it requires full exploration Forj = 1 .

of the space of future states1, ..., At+a. On the other e | 6 q
hand, the delay-weight method utilizes the future observation * FOF €aC i € A rur;)a_one-step Kalman filer update as-
N 4,1, ..., 4,45 Only through the weight adjustments. The ~ SUMINGA: = a; to obtain
sample of\; generated is still based only on the observaijon ;) v, A=a: (5
. fgly T Ry
up to timet.

Because of the desire of utilizing future data and because of 2 [Ht (Agﬂ)l, At = ai) , 2 (Agj_)l, At = az)} (5)
the high computational complexity associated with a full explo-
ration of the space of the future states, in this paper, we de- and compute
velop a low-complexity algorithm that partially explores (but () Ay 0 A9y
hopefully the most important part of) the space of future statdéi ( =0 [ AT, t)
VT WIN anq ytilizes_this information to generate better xp (yt |A§{)1, A = a;, Yt—l)P()\t — |A§{)1). (6)
samples of\;. Specifically, since\; takes|.4| possible discrete
values inA, we generate.4| “pilots,” each starting with one * For eachs; € A, do the following:
of the possible values, and propagating t¢t + A) using the Fors=t+1,...,t+ A, repeat
concurrent MKF steps. Then, the incremental weight (ftdm —  Let
t + A) of the pilot starting with\; = «; reveals what would
happen in the futuret(+ 1 to ¢t + A) if A, is chosen to be;,
giveny,.,, ..., ¥, . Hence, these incremental weights can
be used as the sampling distribution in selectipgThis sam-
pling distribution helps us to generate better samples for the
current state, even though we did not fully explore the entifi) ~ ¥s: 25 (k.j)
space of future states. We call this algorithm degayed-pilot "~ | , ;) )
samplingmethod. Fig. 2 illustrates the delayed-pilot sampling = [HS (Asila As = ak), 2 (Asila As = ak)}- (7)

ASL?L) = |:A§J—)17 )‘t =aq, )‘H-l :)‘53—{)7 IR )‘S—l :)‘SL?L):| .

For eacha;. € A, run a one-step Kalman filer update
assuming\; = ay to obtain

2 2

Authorized licensed use limited to: Rutgers University. Downloaded on March 26, 2009 at 23:33 from IEEE Xplore. Restrictions apply.



244 IEEE TRANSACTIONS ON SIGNAL PROCESSING, VOL. 50, NO. 2, FEBRUARY 2002

A=2 Using

()
~(5) A Prg
te |A| ’

as the trial sampling distribution, draw a sampjé?. Ap-
pend)\gj) to A(j) to obtainAﬁj). If )\gj) = q; is drawn,
then sets\/) = m?z

» Compute the importance Weight.)lfj) = ay, then

p (Agj) |Yt)

p (Agi)l |Yt—1) ngz)

i=1, ..., |A (12)

ng) )

=Wy

J
W1 )
@ Pt
: ‘ ' o} o ,y(j‘)
t-1 t t+1 t+2 —_ J t,e
* * BT (13)
Pt
® -1
» Do resampling if the effective sample size is below certain
O =0

threshold, as discussed later in Remark 4.

Remark 1 (Multiple Pilots):In the above algorithm, we can
also use multiple pilots for each group. That is, we can generate
|4| groups of pilots, each witlk’ members. Each group starts
—  Foreachy;, € A, compute the sampling density with one of the possible values i. The sum of the incremental
weights of each group (propagated fromo ¢ + A) is then used

Fig. 2. lllustration of the delayed-pilot sampling.

A0 2 p ()\S = ap | A%, Ys) as the sampling probability fok,. This is particularly useful
7 ) when|A]| is large.
xXp (ys | A X = ax, Ys—l) Remark 2 (Inference)The above algorlthm generates, at
pln — Al 8 time (t + A), a weighted sampIéA, , w, ) that is properly
x ( s = | 8—1)' ®) weighted with respect t@(A.|Y;). This can be easily seen
from
Draw asang‘p!?\gz,g) according to the alggve S?Pgling (A(j) 1% )
density. IfA}"?) = a, is drawn, then set'’) = (%7, w® = ‘
; ; L ’ t—1 N
—  Compute the incremental importance weight (Agj)l Y, 1) p517)
i, t ()
’ p(AS9|v.) o 1 p (A |Ys)
Vsi = i p i () 5(3)
(ALY, )p (1457, ) = (ALY )
) p(AY |y,
xXp (ys |As—1’ YS—l) _ ( t ) (14)
Al - ) ()
= Z p (ys | A = ag, Ag’i’f, Ys—l) p (AO |Y0) I[ Pssi
k=1
< P ()\ = |A<m'>) where the numerate of (14) is the target distribution, and the
u ' ot denominator is the sampling distribution mf” according to

) the algorithm. ' '

X Z Tsyi - (10) Unfortunately( A, w{¥) is notproperly weighted with re-
spect top(A+|Y:4a). For the latter, one would have to ex-
plore the entire future space, as in the delayed-sample algorithm.
Hence, the weighted average

ol = H v (11) W% zn: B (A7) wf?
j=1

s=t+1

» For eachu; € A, compute
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is an estimate ofE{h(\;)|Y+} but not of E{h(A\)|Yt4a}. Remark 3 (Combination With Delayed-Weight):is desir-
Hence, it seems that our purpose of using future data to halple to combine the delayed-pilot method with the delayed-
making inference is not served at all. Although the sam;{ﬂé weight method. Specifically, suppose at tithe- A) we obtain a
is closer to the distributiop(\:|Y 1), the weight adjusts sample(Agf), wt(J)) using the delayed-pilot method. Then, with
them backward top(\:|Y:), hence giving smaller weightsan additional delay, we can use the auxiliary weight; , s at
to those close t@(A\:|Y:ra) but away fromp(A|Y:) and time (¢ + A + §) to make inference opy, i.e.,
giving larger weight to those close g \:|Y) but away from
P )\t Yt—l—A . m N

(Fo|rtunat)ely, there is indeed an easy way that allows us to  E{A(A) [Yiyays}t = Wl > h ()\gj)) By

make better inferences opattime(t+A). Suppos@’ = a;. =1
Then, we calculate the followinguxiliary weight with
Wt+5 w(J)é (18)
~(J) _ w(J) H ,Y(J)' (15) Z t+
s=t41

This is the original weights’’ multiplied by the incremental This is becausé(AL),, @)}, is properly weighted with
weight of the sampled pilot propagated fr¢mi-1) to (t+ A).  respect tp(ArtsYitats).
Let Alternatively, if one does not maintain two sets of weights

G A () G ) G 5) and is WI||Ing to wait additionalb (6 > A) steps, then the
AlX= [At—lv A e )\uﬁa} weight wt+5 generated at timét + &) from the above algo-

rithm can be used for inference. At that thgQ&, wt(jr)é) isa

be the selected pilot. Them&g) w,(’)) is properly weighted
’ . roperly weighted sample with respecipto\;5|Y Then,
with respect tgy( A4 aly, ;). This can be easily seen from theD (JF)) y(J ) |gs properlypwelghted v&th%ﬁsgi I:Q&i)leﬂs)

following: N, s
g Smce& > A, we still take full advantage of the delay.

SG) _ ) Remark 4 (Resampling)Resampling is an important step in
t H Vs SMC. It rejuvenates the sampler when the effective sample size
s=t+1 ' becomes small, hence providing more efficient samples for the
t p (Ag’ ) | Ys) future states. For more details, see [23] Specifically, suppose at
= H o) ) timet we have a set of random samp{eéat ), wt(f)) 7, prop-
s=1 P (Asfl |Y5_1) Ps,i erly weighted with respect ta(A,|Y ;). By treating the samples
A » (Agi,j) Y ) as a discrete appro>'<imation of the post_erior distribution, we can
% H _ ‘ S _ generate another discrete representation as follows.
s=t41 P (Aiﬁ’f IYS—1) p ()\gw) 1Y s, Aiﬁ’f) « Select a set of positive numbers), j =1, ..., m.
) . FOI’J* = 1
(At+A |Yt+ﬂ) — Randomly seleclA(J ) from the set{A(J)} * . with
B B probab|I|ty proportional ta:(/).
(A(J) |Yo) H o) H (Agw) IYS,AS'LJI)) — AU = (F)] , then set the new weight associated
s=t+1 with this sample to ber’") = wl /o).
(16) + Return the new representathﬁhA(J ) wl 1

where the numerator of (16) is the target distribution, and the dehe new weight is also properly weighted with respect to
nominator is the sampling distribution Afglg) thejth stream p(A;|Y7).

up to timet, and the selectedh pilot path. The choice of the resampling probabilit§’ directly affects
Hence,()\?), ](J)) is properly weighted with respect tothe efﬁmency of the algorithm. As in [23], one choice is
p(At|y,4a)- Therefore, we have a® = w which makes the resulting resampled set have
Lo ’ ’ equal we|ghts In the delay-pilot algorithm, the auxiliary weight
E{hA)|Yisn} = — > h ()\53)) w) a®) = %Y is a better choice. As shown above, gives small
Wi weights to samples that are close to the future distribution
with p(A¢]Y1+a) but away from the current distributign( A, |Y7).
noo h Usingw, as the resampling probability is shortsighted. It tends
= Z Wy (17)  to remove the samples that are less important at timg may

be important in the future (e.g., at tinker A). On the other
Note that no additional computation is needed to obtain the alnand, the auxiliary weight, is based on the future distribution.
iliary weights; hence, it is recommended to keep two sets ohis resampling procedure does not reduce the variance of the
weights in the propagation. However, the auxiliary weight aurrent weight distribution as much as resampling according
computed at every time step acahnotbe used for further prop- to w,. However, since it keeps better samples (in the eyes of
agation (i.e., to replace;). It is solely used for inference of,  future), the weight distribution at latter time will be better.
attime(t + A). Note that witha™) = %, the new weight is proportional to
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1/ TI:E2  ~7), where the inverse of the incremental weight of ast . a2
the sampled pllot is propagated fram- 1 to ¢ + A.

When the weight distribution becomes very skewed, resample
according to the original weights may result in severe loss of
diversity of the sample. In this situation, it is recommended to
usea® = [w]*, or @ = [@P]*, where0 < a < 1
can vary according to the coefficient of variatiorwof. For the
delayed pilot algorithme = 0.5 seems to be a good choice.

Remark 5 (Complexity)Note that the computation required
for the above simple delayed-pilot sampling is the same as that
for the one-step delayed-sample method. Hence, the delayed-
pilot MKF algorithm is recommenced only fax > 2. At each
time, this algorithm requires:[| A| + (|.A| — 1)|.4|A] one-step
Kalman filter updates to be calculated, whereas the delayed-
sample MKF requires|.4|**! Kalman updates at each time.

B. Delayed-Hybrid Sampling

The delayed-hybrid sampling method is a combination of the
delayed-sample method and the delayed-pilot method. Here, we
fully explore the state space of the immediate future and gen-
erate pilots to explore the space beyond that. 0 a0

Let A + A’ be the total delay time. A delayed-hybrid sam-
pling method generatési|~+* pilots, where each takes one of
the |.A|**! possible paths of, ..., A;xa and makes addi-
tional A’ concurrent MKF steps to time+ A + A’. Then, the  Forj =1,2, ..., m:
probability of selecting\, = a; is proportional to the sumofthe  » For each\,;n = a; € A, and for each\!T271 ¢ A2,

| i i i
&1 t t+l 2 43

® =i

Fig. 3. lllustration of the delayed-hybrid sampling.

incremental importance weights of all pilots, starting with= perform a one-step update on the corresponding Kalman
a;. Since we have explored the entire space\of..., Aiia, filter £{7),_, (ALFA71Y, fe,,

the weight calculation will be based on the target dlstr|but|on

/ + A:At =a;
p(A4|Y1n). Fig. 3 illustrates the delayed-hybrid sampling o)y, (AfFA—1) #ra2es

eration, withA4 = {1, 0}, A = 1, andA’ = 2. ) (NHAT 0 Ln = a;). (20)
Specifically, for each possible “future” (relative to time 1) A o '
symbol sequence at timnfe + A — 1), i.e., Compute

W () 2 (47 Vies, AL)

(Ats A1y -+ Mgpa1) € A® (
P ()‘i—i—Av Yis -5 Yrra |Yt 1, Ag )1)
A

X
we keep the value of A-step Kalman filtef x{%)_ (A7)} 271, .
where =[] » (yt—i—‘r Yo, A )\:JFT)
‘r=0
(4) ™ 2 @) it (@) it
f{I-‘r ()\H— ) - |:Il’t+‘r (Atila )‘;+ )a EH-T (Atila )‘;+ ):| X H P ()\1+7'|At 1 )\H"F 1) (22)

7=0,...,A=1. (19)
« For every path oﬁ\i*A € A1 do the following:

Denote Fors=t+A+1,...,t+ A+ A/, repeat:
—  Denote
i) A A1t - . (G) (yt+a
H§J_)1 = {ﬁgj)la {"35{1—)‘;— ()‘;—i— )}TZO ;)‘:—1— € A +1} . (20) AS 1 ()\ )
2 (AP, X2 Npass = A (P
The delayed-hybrid sampling MKF algorithm recursively A =A@ (A } 23
- s—1 = AL (AT (23)
propagates the samples properly weightegfd; _1|Y¢1a—1)
to those forp(A.|Y 1) and is summarized as follows. For eachs;, € A, run a one-step Kalman filer update
Algorithm 2 [Delayed-Hybrid MKF]: Suppose at time assuming\; = ay to obtain
(t + A+ A’ — 1), a set of properly weighted samples () (\t4AY Yo A=Ak (k) (1A
(AP kD) wP)}r, with respect t0p(A—1[Yao1) famn () TR (AT
are available. Then, at timg + A + A’), as the new data 2 [HS (Agj_)l (AN = ak)
Y A become available, the following steps are imple- p /
mented to update each weighted sample. 25 (A,gj_)1 (AF2) A = ak)} . (24)
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—  Foreachy;, € A, compute the sampling density Z A ()\gj) = a;, )\iif)
@)

. Ay A j / AfTeAs
D (AF) 2P [\, = |AY, (X)X =2l —
Pei Z 'Ytj_l ()\tj_l = ag, )‘t+ B )
)\:+A*1€AA
x p(ytfl Y2, Ag@l) P ()‘591 | Agi)Q) . (29)
Draw a samplexgj)()\ﬁA) according to the above * Doresampling if the effective sample size is below certain

xXp [?/s | As = akvAgjzl ()‘?A) ) Yt—l}

x P =a A2 ()] @)

sampling density. mgj)()\ﬁa) = ay, set threshold, as discu_ssed in Remark 4 (Section III—_B).
Note that at each time the above delayed-hybrid MKF
£ (ANFR) = (D) (A2 algorithm involves calculating:|.A|2[|A| + (JA] — 1)].A]A]
one-step Kalman filter updates, whereas the full delayed-sample
—  Compute the incremental importance weight MKF algorithm requiresn|.A|*+2"+1 Kalman updates at each
) ; , time.
7 ()‘§+A) =p [?/s |Agj—)1 ()‘§+A) ) stl} Similar to the proof of (14), it can be easily shown that the
|Al above algorithm generates, at tirfffe+- A + A’), a weighted
o Y A (AR (26) sample(AY’, w{), which is properly weighted with respect
k=1 t0 p(A¢|Y 11 a) but not top(A|Y ey atar).

Remark 6 (Auxilary Weight) Similar to the delay-pilot algo-
rithm, we also need to resort to tlaeixiliary weightto make
better inferences on; at time (¢t + A + A’). However, it is

» For eachu; € A, compute

Pg,ji) = Z %Q) ()\t = a;, )\;if) slightly mor?x():omplicateq for the delay-hybrid _algorithm.
A2 aa Suppose\,”’ = a;. D(e)flne the concurrent weight
J
tha+A R o) =z, P (At |Yt>
5 t+/ - — - -
< I 9 M =a X)) @D p ( AY, |Yt_1) 59
s=t+A41 ’ 0 0
. J — 4 AU
Using _ (¥ h = 0 A2 )p (A = wila?))
, =1 )
. p(J) Pti
S =1 A (28) ) (30
Al W whereﬁgfi) is the sampling probability (28). The(v,ng), mt(f))
Z Ptk is properly weighted with respectdA.|Y;), which is the con-
k=1 current posterior distribution. 0
,» in A t+A J _
as the trial sampling distribution, draw a sampfé. Ap- L€t the/th path inA> be \;iT,, andA.;, wheres =t +

P K i ) . . . A
pend)\?) to A§i>1 to obta|nA§’). Based on this sample, A+1, -, t+A+ A’ isthe pilot path started fromiﬂyg inthe

form x> based on the results from the previous step. jth sample stream. Defina), 2 AP, Xy Y fors =t

- Compute the importance weight. Suppa$8, = arand 1,.... t+A andAg)é 2 {AY), b Vi ,\§QA+M, e )\gj)é}

)\gl)za“then fors:t+A—|—1,,t+A+A/
o) For every possible value dfe |A|2, define thesingle path
) ) p (At’ |Yt+A) weightas '
wt = wtfl (J) ~(’1) . . P (A§£A+A’ [|Yt—|—A—|—A’>
p (At—l |Yt+A—1) Pri u?t(]l) 2@53) ;
' ' t+ALA!
W . N
w,”y p (A§J)|Yt) H p ()‘ij,é)|Ag—)1,bYs>
ﬁﬁ) s=t+A+1
A A (Agﬂz |Ys)
ol |1 T Pt BV vy
s L1 t+r t4r—1, Ay 5 A s=t41 P (AS_LAYSA)
AgpcAs b= W)
1 t+A+A p (AS]AYS)
() yttr X :
) N NP 11 - SINE
/\HAE;&AA LEIO ( " e ) s=t+A+LP (Agj—)lidys_l) p (A,E{ZIA,E’_)M,YS)
t = : o 1T () )
[Tp(resr A8, Aiﬂl)] W, 1111’ (wl¥or A% ) (MelA )
7=0 5=
N ' tHALA )
Hp()\t+‘r | Agjf)lv )‘:+T_l)‘| X H p (y5|Ys_1’ ASJ—LZ) (31)
=0 s=t+A+1
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. (J) ()\t = a;, )‘iifz) By the same argu(m)ent as in standard SMC [23], we replaee
_mt ; - by Wt = an—l 1,21 J .
p (yt|Yt*17 Agj)) p ()\t = ai|A§J_)1) !
AL IV. ADAPTIVE DETECTIONDECODING IN FADING CHANNELS
% H ey ()\t = a;, )‘ﬁfz) (32) viA DELAYED-PILOT MKF
s=t+A+1 A. System Description
o We consider a communication system signaling through a
t(J)l ) ()\t a;, At T z) flat-fading channel with additive white Gaussian noise. The
complex data symbolés, } take values from a finite alphabet
AL A setA = {a1, -- -, a4}, and each symbol is transmitted over a
X H ~) ()\t = a;, )\:LA[) (33) flat-fading channel whose input-output relationship is given by
s=t+A+1
y i = oS¢ + Ny, t=0,1,... 37
wherey? (), ¥4, andp(’) are defined by (22), (26), and Y= e S
(28), respectively. wherey,, o, s, andn, are the received signal, the fading
Define the auxiliary weight as channel coefficient, the transmitted symbol, and the additive
4A Gaussian noise at tinterespectively. The processg@s: }, {s: },
u“;fj) EN Z 11}(]2. (34) and{n.} are assumed to be mutually independent.
— b As in [4], it is assumed that the channel-fading process is

Rayleigh. That is, the fading coefficienfs,; } form a complex
Gaussian process that can be modeled by the output of a lowpass
Butterworth filter of order driven by white Gaussian noise

We next show tha{Agj), u?t(j)} is properly weighted with re-
spect top(A+|Y a4/ ). First, for any measurable functidn
on A;, define an extended functios on At+A+A, such that

" tHA+AY t+A4A -1
R (A, ALERHAY) = h(A,) for all ALF2T2 o (o) = O(x1) {0} (38)
Let ¢ be the constant that makes (31) an equality. It is easily d(2—1)
seenc is a constant for alf. By the construction of, ,, we A A
have where®(z) = ¢,2"+ - +p12+1;, 0(2) = 6,2"+- - -+61 2-+60,
) and{u.} is a white complex Gaussian noise sequence with unit
— Z h (A?)) c- wE’K) variance and independent real and complex components. We can
3 rewrite (37) and (38) in the following state-space model form:
:—Zh* (A§£A+A' ) cwffé) x =Fx;_1 4+ guy (39)
Yy = SthH.'L't + oy (40)
— /h A‘S—II—)A-I—A’ (AS—II—)A—I—A’ é|Yt+A—|—A’) dAiiﬁ—i—A, Where
_¢1 _¢2 . _(7)1* 0
(Aiif = A:ilAé|Yt+A+A’> 1 0o -~ 0 0
< [ {0 (A9 )p(AD. LAY A F2
_ A , t+A+A’
=Aino Yirara )} dATA 0 0 1 0
(Aiif = \11 é|Yt+A+A’) and . o
0
¥ E [h(At)|Yt+A+A, AR = Ajif[} (35) Lo N
Hence g= | h=
Eh(A) |Yeratar] 0 g
ALY pagar, ALTD = A2 . .
zé: { |: t+1 t+1 [:| g 1.&(1. ./\/-C(O7 1)7 v 1.'{<J(l../\/-c(()7 1)
< p (A = X)) | -
- B. Adaptive Detection in Uncoded System
=33 1 Z (Ao)) i) N N
= m t.0 DenoteY, = (yo, ---, yr) and Sy = (so, ---, s¢). For the
¢ j=l1 case of the uncoded system, the transmitted symbols are as-
" sumed to be independent, i.e.,
_c Z B ( ) u indep i
M= P(si =a;i|Si_1) = P(ss = a;), a; €A (41)
_c h (A J)) ~(J>. (36) When no prior information about the symbols is available, the
m3 symbols are assumed to take each possible valdenith equal
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probability, i.e.,P(s; = a;) = 1/|A|fori =1,..., |A. We &§ = (u§’, £§7), with &) = 0 andx{) = 257, wherex:
are interested in computing the symbglosterioriprobabilities is the stationary covariance of and is computed analytically
from (39). All importance weights are initialized até]) =1.
The initial D((Jj) are randomly generated from the 6t 1}%o.

In [4], we have solved this problem based on the concurrentSuppose at timé + A — 1), a set of properly weighted sam-
MKF algorithm and the delayed-sample MKF algorithm. Hereples{(Dgﬂ)l, ngj_)l, wt(i)l)}g?’zl with respect tqp(D;_1 Y ;_1)
we consider solving the same problem using the simple dgq corresponding transmitted symbésﬁ@l}}"zl are avail-
layed-pilot MKF algorithm and the delayed-hybrid MKF algoyple. Then, at timét + A), as the new datgt+A become

rithm discussed in Section I11. By the state-space mode (39) agghjlable, the following steps are implemented to update each
(40), this is quite straightforward—we only need to make thgejghted sample.

following substitution of variables in Algorithm 1 and Algo- Forj =1,...,m:
rithm 2 respectively, namely

P(St:ai|Yt+A), CLZ‘EA, t:]., 2, (42)

e For each possible information bit vectdy = a; €

M—s, A =S, y, —u {0, 1}*, compute the correspondiig vector to obtain

and s (a;) = ¢ (dt —a,d?, ... dgijo) . (46)
Fy=F, G\, =G, H,=sh" K,=0 (43) Then, rumn, steps of Kalman filter update to obtain

5
. _ i,9) Y87 (@) (5
C. Adaptive Decoding in Coded System e

We next consider the problem of adaptive decoding ina = [Ih (ng_)h d, = ai) A (ng_)l, d, = ai)} (47)
convolutionally coded system signaling through a flat-fading
channel using the delay-pilot sampling technique. and compute

Consider a binary ratl, /ny convolutional encoder of overall 5A P

. . (14):P dt:a‘|D(J) Y

constraint lengthkqi. Suppose the encoder starts with an 7ty i |-l St
all-zero state at time= 0. The input to the encoder at timés )
a block of information bitsl; = (d; 1, ..., d: 1, ); the encoder xp (?/t |d = ai, Dy, Ykl) P(di=a;). (48)
output at timet is a block of code bitd;, = (b: 1, ..., bt n,)-

. . k H .
For simplicity, here, we assume that BPSK modulation * FOr €acha € {0, 1}*, do the following:

is employed. Then, the transmitted symbols at timare Fori=t+1,....t+ 4, repeat
St =1(St,1, ..., St,n, ), Wheres, ;=2b, ;—1,1=1, ..., ng. —  Denote
(Thatis,s; ; = 1if b ; = 1, ands, ; = —1if b, ; = 0.) Since  p(i,5) _ [Do) do=a, dpo,=di?D . d_ = d(m)}
b, is determined byd,, d,_y, ..., dy_,, ), SO iss,. Hence, we ' e
can write and the corresponding transmitted symbols
st =9, diy, - i) (44) 557—{) = |:S§j—)17 ng)(ai)v St41 = S&f)v ceey S1-1 = 357_{)} ’
for some functiory)(-) determined by the structure of the en- For eachd; = a; € {0, 1}*, compute the corre-
coder. We also assume the information kifsre independent. sponding transmitted symbass, and runn, steps of
Lety, = (w.1,.-., U ny) be the received signals at Kalman filter update to obtain
time ¢, and leta, = (a1, ..., o4, »,) be the channel states '
corresponding tb, and d,. Recall thate, ; = h¥z,_; ;. sl 22 kD)
. A A
|n addltlon, denoteDt = (do, ey dt), St = (30, ey St), A (z J) (z J)
Y: 2 (y, ..., 9,). The Monte Carlo samples recorded at time [”l (Dl—l = a’“) = (Dl—l »di = a’“ﬂ - (49)
tare{(DY, £ w®) 7., where —  Foreach, € {0, 1}*, compute the sampling density
w2 [, 0] A 2P (= a0 DD )

contains the mean and cg\)/anance matrix of the channel state xp (yl \d; = az, Dgﬂ), Yl—l) P(d=a). (50)
vectorz, conditioned onD;”’ andY,. That is
(i, 5)

(4) ~ )y Draw a samplel;””’ according to the above sampling
P (wt 1D Yt) e (”t 2 ) ' (49) density. Ifd{"? = a is drawn, then set” = «{ ",

As before, given the information bit sequenb§’, the corre-  —  Compute the increment importance weight
spondingngj) is obtained by a Kalman filter. o pid y

The adaptive decoding algorithms based on the delayed-pilot T TP (yl | DY l_l)
MKF is as follows. oko

Algorithm 3 [Delayed-Pilot Adaptive Decoder]tnitial- x Z ’Yz(’;’j)- (51)
ization (Forj = 1, ..., m): Each Kalman filter is initialized as =
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« Forevery path o, ™ € {0, 1}*(2+1) do the following:
Forl=t+A+1,...,t+A+ A/, repeat:
—  Denote

* For eachn; € {0, 1}*, compute

o) =t H 2. (52) |
I=t+1 Dgg_)l (di—kA)
Using 2 D2 a4 disns = dfay (d4°)
| () di_y =d, (4 (57)
pna Lt (53) (@)
Fl 2rF0
Z p(J) and the corresponding transmitted symbols
S, (di)
as the trial sampllng dlstr|but|on drawasamqtjé? Ap- A [S(j) stHA g ) (d“’A)
pendd?’ to DY, to obtainD. If d = q; is drawn, T HEATL T A T
then sete”) = x’). sy =s0) (dﬁ*A)} . (58)
« Compute the importance Weight.df‘) = a;, then
For eachd; = a; € {0, 1}*, compute the cor-

responding transmitted symbadg, and runng steps

p (ng) |Yt)
Kalman filer update to obtain

P (Dgﬂ)l |Yt—1) o

ng) :wt@l )

(4)
_w(J) Tt (54)
=170y

t,e

» Do resampling if the effective sample size is below certain

threshold.

ﬁgi)l (d:+A) vt mgk’j) (d:+A)

o (07 (@72) = )

5> (DEQI (dﬁ*A) d = amﬂ :

—  Foreachy, € {0, 1}*, compute the sampling density

(59)

The adaptive decoding algorithms based on the delayed-hy-
brid MKF is as follows. (k,5) (dH—A)
Algorithm 4 [Delayed-Hybrid Adaptive Decoderjnitial- ! t
ization: Same as in Algorithm 4. 2p [dz =a,| DY, (dfﬂ) , Yz}
Suppose that at tim& + A + A’ — 1), a set of properly )
weighted sample§ (D, x7,, wi¥) )} | with respect to xp [yz |d; = ax,, DY, (dﬁﬂ) ; Yl—l} P(di = ax).
(D, 1Y t+a—1) and the correspondlng transmitted signals (60)
{S 1}’"_1 are available; then, at timg + A + A’), as the
new datayHAJrA, become available, the following steps are
implemented to update each weighted sample.
Fory=1,2,...,m:
« For eachd;; o = a; € {0, 1}*, and for eachl! ™2 ¢
{0, 1}*2, compute the corresponding transmitted sym-
bolss; a. Performng steps update on the corresponding __

Kalman filter <7, (4271, i.e.,

Draw a sampld.”’ (d;**) according to the above sam-
pling density. Ifd)(d‘+) = ay, set

k) (di-I-A) — k&) (d:+A) .
Compute the increment importance weight

) (df+A 1) Yira, Sea %(j) (dﬁA) (yl | D(J) (dﬁA) ’ Yl*l)

Riya—1 K
oko
() dt+A 1 — 55 (k.5) t+A
PN y dipn = a; (55) X Z s d; - (61)
k=1
and compute
« For eachs; € {0, 1}*o, compute
’Yt(j) (dﬁﬂ) 2 (dH—A |D§J)1a YH-A) t+AF+A’
A o W= Y W (dm e dt?) ]
H (yt+‘r |YH_T,1, thlv dt ) dHAe{o 1}k0a I=t+A+1
(4 A
H p(dsr)- (56) x ) (d =ai diZ) |- (62)
7=0
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Using v
genie-aided bound
concurrent
o b A
~(5) A Pt i elayed— =2, &=
gfi):#7 L:]., ,2k0 (63) . :
Zpgf;z 10k
k=1 g b
as the trial sampling distribution, draw a samgié ac- & [ T SON Tl
cording to the above sampling density. Appelfd) to &
D{”, to obtain D”). Based on this sample, form,’’ R HE s
using the results from the first step. '
» Compute the importance weight. Suppdé‘é1 = ay and .
dgj) = q;; then
107 ' I 1 I I ~ \40
(J) 10 15 20 £ /st(dB) 30 35
() () p (Dt |YH'A) o
w =w
t_lp (D(j) H N 1) ﬁ(j) Fig.4. BER performance of the concurrent MKF receiver, the delayed-weight
t—Ll5 tra- e MKF receiver withé = 2, and the simple delayed-pilot MKF receiver with
) A = 2,6 = 2 inan uncoded system.
Wy
*T0)
Pt fast fading scenario. Specifically, the fading coefficiefits }
A G are modeled by the following ARMA(3,3) process:
Z Hp(yt+‘r|Yt+‘F—1’Dtj ’dti‘lr)
d:ifc[o,l}kOA 7=0 p — 2.374 O9at_1 + 1.929 36at_2 —0.532 O8at_3
A—1 ” = 107%(0.894 09 + 2.682 27u;_1 + 2.68227u;_o
> lH P (ym Y -1, Dy ,diﬂ) +0.894 091, _3) (65)
7=0

ditA7e{0,1 k02
A whereu, ~ N.(0, 1). The filter coefficients in (65) are chosen
Hp (dt+r)] such thatVar{c, } = 1. Itis assumed that BPSK modulation is
=0 employed, i.e., the transmitted symbelse {+1, —1}. In all
A-1 algorithms, 100 Monte Carlo samples are used,#e= 100.
H p (dt+r)] The performance of the adaptive receivers based on the con-
=0 current MKF, the delayed-weight MKF, and the delayed-sample
wi, MKF is studied in [4], which will serve as baseline for com-
) parison here. Note that as illustrated in [4], for uncoded sys-
Pri ' tems, the performance of the simple delayed-weight method is
Z fyt(” (dt =a;, d“rA) already very close to the “genie-aided lower bouhdihd the

t4+1
dFAc{o,1}k0n delayed-sample method offers not much further improvement.

X 0 AL Hence, it can be inferred that in this case, both the delayed-pilot
Z N1 (dt—l =ay, dy = @i, di i ) method and the delayed-hybrid method will also perform close
d;H A7 e{o,1} koA to this lower bound, which is indeed confirmed by simulations,
) as shown in Fig. 4, where it is seen that the performance of
xp (yt—1|Yt*2th—1) Pldi1 = a). (64)  the combined delayed-pilot method and delayed-weight method
with A = 2 andé = 2 offers a slightly better performance than
« Do resampling if the effective sample size is below certaifie delayed-weight method with a deléy-= 4.
threshold. It is also shown in [4] that for coded systems, the de-
layed-weight method is no longer effective in exploiting the
strong memory of the system, and it is necessary to employ
the delayed-sample method for adaptive decoding, whose
In this section, we provide some computer simulation exarperformance steadily improves as the delayincreases. In
ples to demonstrate the performance of the adaptive receiveninat follows, we illustrate the performance of the delayed-pilot

fading channels that employs the proposed delayed-pilot sam-

l 9 hni Asi 4p ﬁl fadi prop . y d |pd b I’anhe genie-aided lower bound is obtained as follows. We assume that at each
pling techniques. Asin _]7 the fading process IS moaeied by ﬂﬂﬁlet, a genie provides the receiver with an observation of the modulation-free
output of a Butterworth filter of order = 3 driven by a com- channel coefficient corrupted by additive white Gaussian noise with the same

plex white Gaussian noise process. The cut-off frequency of tggiance, i.e. = a. + in;, wheren, ~ A.(0, o). The receiver employs a
Kalman filter to track the fading process based on the information provided by

ﬁlt?r is 0.05, corresponding to a normalized Doppler fre_quen%/e genie, i.e., it compute®, = E{a:|Y.}. The symbol is then demodulated
(with respect to the symbol rate’T) f,7 = 0.05, which is @ according t, = sign(%Re{d;y.}).

V. SIMULATION RESULTS
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Bit Error Rate (BER)
Bit Error Rate (BER)

delayed—pilota =1 | Sl delayed-hybrid A =1, A=2 T~
- —+-  delayed-pilotA=2 | L ) - == delayed-hybridA =1, A=4 A
e g::z;:g-g;:gtﬁ =i o -o--  delayed-hybrid A =2, A=2 S
- = delayed-pilot A =5 . . : . 107k : T: ge:ayeg—hybrlc: A:E’SA =3 : o : T q
—6—  delayed-sample A=5 : ) R elayed-sample A = : e
107 : ' ' ‘ ‘ 8 s 10 " 2 " 14
8 9 10 " 12 13 14
E/N, (dB) E,/N, (dB)

Fig. 5. BER performance of the simple pilot-delayed MKF receiver with7i9- 7. BER performance of the delayed-hybrid MKF receiver with different
different delays in a coded system. delays in a coded system.

- g
g 8
=1 ]
K g
&10° 5
S Il PN
R S & e
@ L S e ! - - ~a.
delayed-pilot A =1, =10 | | 7> delayed-hybrida =1, A =4 Tl
.| | -=+-  delayed—pilotA =2, 5=10 107 - 8- delayed-hybrid A =2, A=3 o T
WEl ~o-  delayed—-pilot A =3, §=10 ~+ - delayed-hybrid A =3, A=2 S Tl
| ——  delayed-pilot A =4, =10 ~——  delayed-hybrid A =4, A'=1 AP ]
- x= delayed-pilot A =5, =10 —o—  delayed-sample A =5 IR
1 —e— delayed-sample A=5, =10 -o--  genie-bound
‘—o---  genie bound s
10- 1 1 1 1 i
107° 1 1 L 1 1 8 9 10 " 2 13 14
8 9 10 1 12 13 14 E/N, (dB)
E/N, (dB)

. . . . Fig. 8. BER performance of the delayed-hybrid MKF receiver with a fixed
Fig. 6. BER performance of the receiver employing the combineg, delay & + A

delayed-pilot method (withh = 1, 2, 3, 4, ) and delayed-weight method = 5)ina coded system.
(with 6 = 10) in a coded system.
effective in improving the receiver performance. In addition,
method and that of the delayed-hybrid method in codé reased performance improvement is obtained as the length
systems. The information bits are encoded using a rate P the pilot stre_am in_creases. Mgreover, a further pgrformance
constraint length 5 convolutional code (with generators 23 attl an(;em?nt IS gt(;]hlaved dbly us:jng_lthte delt?‘yedd-leéqght?metr:jod
25 in octal notation). The receiver implements the adapti%.ﬁontjur][c '?r? Wi ‘ © eayef -priot metho I 'Igs.th acr;
decoding algorithms discussed in Section IV in combinati fustrate the periormance of receiver employing the de-
with the delayed-weight method. That is, the informatio yed-hybrid method. Inferences are made using the auxiliary
bits samples{d\”’}™ | are drawn by using the delayed—piIot\’v(.e'ghtw“rA*A”ré attime(t + A + A’ + ). Itis seen that
. J . ; this scheme offers further performance improvement over the
method with delayA or the delayed-hybrid method with delay ) !
. : i delayed-pilot method (at the expense of increased computa-
A + &, whereas the importance We'ghmgi)wrﬂurﬂ =L tional complexity). Finally, the performance of the combined
are obtained after a further delay &f ' '

Figs. 5 and 6 illustrate the performance of receiver ent%l_elayed-hybnd method and the delayed-weight method is

ploying the simple delayed-pilot method with or WithoutShown n Fig. 9.

combining with the delayed-weight method. In the same VI, CONCLUSIONS

figures, the performance of the concurrent MKF, as well as that :

of the delayed-sample MKF with a delay = 5, is shown. In this paper, we have developed a new sequential Monte
It is seen that the proposed delayed-pilot method is qui@arlo sampling method—the delayed-pilot sampling—under
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Fig. 9. BER performance of the receiver employing the combined[14]
delayed-hybrid method and delayed-weight method in a coded system.
[15]

the framework of mixture Kalman filter for delayed esti- [1¢]
mation in conditional dynamic linear systems. Instead of
marginalizing the future states, as in the delayed-sample
method [4], this new scheme generates random pilot streams;,
using sequential important sampling, based on the future
observations. The incremental importance weights of these
pilot streams are then used to form the sampling densitYlS]
of the current state as well as the importance weights as-
sociated with the samples of the current state. The compu-
tational complexity of the delayed-pilot MKF algorithms is [19
O(m|A]?A) for a A-step delay (whered is the finite set

of possible states), whereas the corresponding complexity of
the delayed-sample MKF algorithm in [4] 8(m|A|2). This  [20]
technique can also be used in conjunction with the delayeqm
sample method, resulting in a hybrid sampling technique. For
a A-step delayed-sample followed by/d-step delayed-pilot,

the complexity of the corresponding delayed-hybrid algo-[22
rithm is O(m|A|~-|A|?A’), whereas the full delayed-sample
MKF algorithm has a complexity of)(m|.A]2T2") for a
total delay of A + A’ steps. Moreover, the performance of[ 4]
both the delayed-pilot method and the delayed-hybrid methoé
can be further enhanced when employed in conjunction with
the delayed-weight method. [25]

(23]

26
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