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Abstract. Recently, a Bayesian receiver for blind detection in fading channels has
been proposed by Chen, Wang and Liu (2000, IEEE Trans. Inform. Theory, 46,
2079-2094), based on the sequential Monte Carlo methodology. That work is built
on a parametric modelling of the fading process in the form of a state-space model,
and assumes the knowledge of the second-order statistics of the fading channel. In
this paper, we develop a nonparametric approach to the problem of blind detection in
fading channels, without assuming any knowledge of the channel statistics. The basic
idea is to decompose the fading process using a wavelet basis, and to use the sequen-
tial Monte Carlo technique to track both the wavelet coeflicients and the transmitted
symbols. Moreover, the algorithm is adaptive to time varying speed/smoothness in
the fading process and the uncertainty on the number of wavelet coefficients (shrink-
age order) needed. Simulation results are provided to demonstrate the excellent
performance of the proposed blind adaptive receivers.

Key words and phrases: Fading channel, wavelet, adaptive shrinkage, Bayesian
model averaging, sequential Monte Carlo, resampling.

1. Introduction

Signal detection in fading channels has been a key problem in communications and
an array of methodologies have been developed to tackle this problem. Specifically, the
optimal detector for flat-fading channels with known channel statistics are studied in
Haeb and Meyr (1989) and Lodge and Moher (1990), which has a prohibitively high
complexity. Suboptimal receivers in fading channels often employ a two-stage structure,
with a channel estimation stage followed by a sequence detection stage. Other approaches
include the method based on a combination of hidden Markov model and Kalman filtering
in Collings and Moore (1994), and the method based on the expectation-maximization
(EM) algorithm (Georghiades and Han (1997)).

Recently, Chen et al. (2000) develop a blind Bayesian receiver for flat-fading chan-
nels. It is based on the powerful sequential Monte Carlo (SMC) technique for numerical
Bayesian computation. It achieves near-optimum performance without the use of any
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training/pilot symbols or decision feedback. They assume that the fading channel pro-
cess follows a linear dynamic model (i.e., ARMA model), and the model parameters
are known to the receiver. However, some practical fading processes exhibit spectral
characteristics that require a very-high order ARMA model to fit. Moreover, in some
applications, the channel fading statistics may not be known to the receiver at all. Hence
in this paper, we address the problem of blind adaptive detection in fading channels with
unknown channel statistics.

Our approach is to decompose the fading process using a wavelet basis, and then to
use the SMC technique to estimate both the wavelet coefficients and the data symbols.
Wavelet-based signal processing enjoys a very strong optimality property for general
inverse problems in that their use can achieve accurate and parsimonious representation
of the signal of interest. Some recent works have addressed the use of wavelet to model
fading channels (Martone (2000)). In these methods, the shrinkage order is fixed a
priori, and the wavelet coeflicients are obtained by using training symbols and standard
adaptive algorithms (e.g., LMS, RLS). Here our wavelet-based SMC receiver is blind in
nature, i.e., without using any training symbols.

It is noted that although wavelet decomposition can perfectly reconstruct any se-
quence of finite length, truncation is often needed to filter out the noise, to achieve
parsimony and to obtain better prediction. The shrinkage order used also reflects the
trade-off between bias and smoothness. In fact, the shrinkage order directly controls
the smoothness of the wavelet approximation. For a smooth underlying process, fewer
number of wavelet coeflicients are needed. When the underlying process is relatively
volatile (e.g., large second derivative), a large number of wavelet coefficients are needed.

It is noted that fading process often exhibit time varying characteristics, particularly
its speed or smoothness. For example, it may be very smooth for a period of time then
change to a period of fast fading. To more accurately track and predict the fading
process to ensure high reliability in signal extraction, we propose an adaptive algorithm
that allows the change of shrinkage order in the wavelet approximation. Simulation has
shown it provides significant improvement over non-adaptive algorithms.

The rest of this paper is organized as follows. The time varying wavelet represen-
tation of fading channels is discussed in Section 2. The nonparametric adaptive blind
SMC receiver for flat-fading channels is presented in Section 3. Simulation results are
provided in Section 4. Section 5 contains the conclusions.

2. Problem formulation

2.1 Flat-fading channel model

Consider a discrete-time baseband communication system signaling through a flat-
fading channel with additive white Gaussian noise. The transmitted data symbols {s;}
take values from a finite alphabet set A = {a1, aq,...,a.4/}. The input-output relation-
ship is given by

(2.1) yr =804 +e, t=1,2,...

where y;, a; and e; are respectively the received signal, the fading coefficient and the
noise sample at time ¢. It is assumed that the processes {a;}, {s;} and {e;} are mutually
independent and e; assumes a complex Gaussian distribution,

(2.2) ee ~ Nc(0,02).
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The fading process is assumed to be Rayleigh, that is, {a;} is a zero-mean complex
Gaussian process with a Jakes’ autocorrelation function given by (Proakis (1995))

(2:3) E{asaq, ;3 = Jo(2m foT75),

where Jo(-) is the Bessel function of the first kind and zeroth order, f; is the maximum
Doppler shift, and T is the symbol interval. Note that in Chen et al. (2000), it is
assumed that the fading process {a;} follows an ARMA model. However, for practical
fading processes, e.g., Jakes’ fading processes, very-high order models are needed to
fit the fading spectrum given by (2.3). Hence, in this paper, we drop such a model
assumption and treat the general fading processes via a non-parametric approach using
the wavelet decomposition.

2.2 Wauvelet representation of fading processes
Consider the following wavelet regression representation of a segment of the fading
process a = [a1, a2, ...,ak]T,

oa=oz,

where Z is the discrete wavelet transform (DWT) of a, and &" is the orthogonal matrix
corresponding to the discrete wavelet transformation (Daubechies (1988, 1992)). The
detailed construction of the matrix & taking into account the edge effects can be found
in (Guo et al. (2002)). Since the wavelet representation exhibits several useful properties,
such as orthogonality, compact support, varying degrees of smoothness, and localization
in time and scale (frequency), only a few large coefficients explain most of the functional
form in the fading process, while the remaining majority are comparatively small and
therefore can be discarded (Donoho and Johnstone (1994)). In addition, for any possi-
bility of estimating s; given y; only, it is required the fading process to be smooth with
certain predictability. When too many wavelet terms are used in the approximation, the
process may become less smooth and one may loss the ability to estimate the symbol s;.
Note that in the extreme case when the full order is used, there always exists a ®g such
that

a*(S) = ‘i’s:'i:,

holds perfectly for any sequence of S = [sy,...,sk|¥, where a*(S) = [a;51,...,axsk]T.
Hence p(y: | Z, S) does not depend on S and we loss all the ability to make inference on
8.

The relationship between fading speed and the number of wavelet terms needed
for proper approximation is demonstrated by the following numerical example. In this
example, we choose the length of the fading process segment ¢ as 128, the Daubechies
filter with order 2, and the decomposition level 7. Then the size of the wavelet coefficients
T is 143. For a given fading process realization, we compute the wavelet coefficients Z,
and then truncate it by keeping only the first « elements. Hence, the fading process a
is approximated by

& = ®[,1: K)E[1: K]

The approximation error is then

e = 2 B{lla— &),
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Fig. 1. The average approximation error versus the number of wavelet coefficients in the
wavelet representation of the fading processes. The Daubechies filter with order 2 is used.

In Fig. 1, we plot €* as a function of the number of wavelet coefficients for different
values of normalized Doppler shift f4T. It is seen that in general, for a fixed approxi-
mation error, the slower the fading process is, the less wavelet coefficients are needed to
approximate the fading process. For fading processes with fading rate f47 < 0.01, with
32 wavelet coefficients, the approximation error is below —20 dB. For a very fast fading
process, e.g., f4T' > 0.01, more wavelet coeflicients are needed to well approximate it.
Similar observations are made for Daubechies filters with order higher than two. Vari-
ous wavelet shrinkage methods exist for choosing the shrinkage order, such as the hard
shrinkage method, the visual shrinkage method (Donoho and Johnstone (1994)), and the
adaptive Bayesian shrinkage method (Chipman et al. (1997); Clyde and George (2000)).

Due to the time varying nature of the fading process, here we use an adaptive
wavelet representation. Specifically, we assume the following model in state space form.

(observation equation):  y; = s, + €

where ¢, = @[l : k], the t-th row of the fixed wavelet transform matrix ®, and
@ = (Z¢1,...,%tx,). The state variables include k;, the shrinkage order at time ¢ and
x;, the wavelet coefficient at time ¢ and s, the transmitted symbol at time . Assume
that the time-varying behavior is smooth, we adopt the following models for the state
variables.

1. We assume k; follows a random walk in the interval [Kmin, Kmax], With transition
probability

P(ky=i+v | K1 =10) =pip, for ve{-1,0,1}.
2. There is a random perturbation in the wavelet coefficients as the system evolves,

Tt = Te_1;+ €i, for i=1,... , min{k,, Ke—1}

€ti ~ N(0,02) independent for all i.
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When k; = K;—1 + 1, assign z¢ ., a prior distribution of N(0,02). That is
Tty = €ti

where € ., ~ N(O,ag), independent of €, , k =1,...,K¢1.
In summary, we have

(24) r = ‘1’3:—1 + €
where
g if Ky =rea
T = T_q[l:ny] if Kp=kKe1—1
[:l;g_l 0] if Ky =1+ 1.

3. The transmitted symbol s, is i.7.d, taking values in A.

Remark 1. The wavelet transform matrix is ordered in terms of the smoothness.
Hence, when fading becomes faster, ; tends to increase. Since we assume the change is
smooth, we only allow k; to move one step at a time. Also, to ensure stability, the prior
probability of ‘stay’, P(k; = k;—1), should be given a relative large value such as 0.8.

Remark 2. Because the wavelet transform matrix is orthogonal and the change
in the fading process is smooth, it is reasonable to assume that, when k; increases, the
wavelet coefficients (except the new one) will remain relatively stable. Also, to avoid large
changes in the fading process, the new coeflicient should be relatively small, achieved by
imposing small o2.

Remark 3. The transmitted symbol s; can adopt certain Markov property without
complicating the extraction algorithm.

Remark 4. The above state space model is in fact a conditional linear dynamic
model (Chen and Liu (2000)). Given a trajectory of the sequence {s;, x¢}7-,, the system
is linear and Gaussian.

Remark 5. The time-varying setting is useful even when the system is not really
time-varying. It is known that the SMC tends to provide inaccurate results when some
of the state variables (in our case, the shrinkage order « and the wavelet coefficients
x;) are fixed (Andrieu et al. (1999); Liu and West (2001)). Allowing small disturbances
in the system, SMC is able to make movements in process. It is not necessary to use
the random walk model for the random disturbances, except for its convenience and
simplicity. Under this setting the variance of the prior distribution of z; increases with
t, though the posterior distribution gets compensated with more observations y;. An
Oerstein-Uhlenbeck process in the form of

Ty; =aTi—1;+ V1 —a%e;

provides a stationary prior for z; and may result in better solutions.
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Remark 6. Note that it is possible to specify a suitable shrinkage prior to avoid the
crisp variable selection procedure. That is, one can use all the variables in the model,
but imposes strong priors on the higher order wavelet coefficients to be close to zero
(e.g., normal priors with mean zero and very small variances). It is a much simpler
procedure and provides ‘soft selection’. However, this procedure shifts the burden of
model selection to prior specification, which may not be an easy task. Comparison
between the two approaches is an interesting question, but out of the scope of this

paper.
3. The nonparametric adaptive blind SMC receiver

Sequential Monte Carlo (SMC) method can be used to perform on-line filtering
of nonlinear and non-Gaussian dynamic system. It utilizes the important concept of
importance sampling, combined with sequential updating mechanism, to perform Monte
Carlo estimation of the unobserved underlying state variables in a stochastic dynamic
system. For detailed information and a wide range of applications, see Liu (2001) and
Doucet et al. (2001).

For a special class of the state space models, the conditional linear dynamic models
(CDLM), Chen and Liu (2000) proposed an efficient SMC algorithm, the mixture Kalman
filter (MKF). The CDLM becomes a linear and Gaussian system, given a trajectory of
a subset of the state variables (indicators). Using this feature, MKF generates Monte
Carlo samples only in the indicator space, and marginalizes out the rest of the state
variables using Kalman filter. It has been shown to be very efficient in dealing with
fading channels (Chen et al. (2000)) and other applications (Andrieu et al. (2000), Liu
and Chen (1995)).

Denote Y = (y1,...,4t), St = (s1,...,8) and Ky = (k1,...,k;). We apply the
SMC method to the problem of on-line estimation of the a posteriori probability of the
symbol s; based on the received signals up to time ¢, without knowing the fading process
ay. That is, at time ¢, we need to estimate

(3.1) p(st=a;|Yy), a;€A
Then a hard MAP (maximum a posteriori) decision on symbol s; is given by

5, = arg g_lgp(st =a; | Yy).

In order to implement the SMC, we need to obtain a set of Monte Carlo samples of the

transmitted symbols, {(Sﬁj ),wt(j) )}7L1, properly weighted with respect to p(S; | Yy).

Then the a posteriori symbol probability in (3.1) is approximated by
1 & . )
plst=a; | Yy — 1(39) = ai)wg’), a; € A,
W, =
The model in Section 2 is a CDLM where the indicator variables are (s;,&¢). It is
easily seen that given the entire trajectory (S;, K;), the system is linear and Gaussian
with y; as the observation and z; as the state variable.
Following the MKF algorithm (Chen and Liu (2000)), we construct an adaptive
blind receiver as follows. Assume at time t — 1 we have a properly weighted sample
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S(])l, K(])1 ng)l) with respect to the target distribution p(S;_;, K-, | Y¢-1). Since
given the trajectory (ng_)l, K ?_)1), the system is linear and Gaussian, we have
p(Ti-1 | ng_)ngj—)th—l) = N(I"gj—)la Egj—)l)

Note that, with given new (s, k;) and observation y; at time ¢, the mean and variance

matrix can be easily updated to (ugj ), zﬁj )) with the Kalman filter.
Then at time ¢, we generate the samples of (s, x¢) using an efficient trial sampling
distribution

(32) q(sta’{t | Sﬁ‘i)laKg‘i)laYt) :p(sta’it l Sgi)vig{-)lth)-

For this trial distribution, the importance weight updating can be seen as (Liu and Chen
(1998)),

wi = wl; - plu | S0 KDY ).
Note that p(y; | Sﬁ)l, K gj_)l, Y:_1) can be computed by

(33) ply: rs“)l, K9, Y, 1)

x Y Z Py | 82,80 = ai,me = 57 + 0, Y 1)p(s: = an)ple = vy +v).

ai€Ar=—1" R

2.G)
—’ytjt v

In order to calculate the terms in (3.2) and (3.3), we use the following one-step
Kalman filter. First we need to adjust the mean and variance matrix for #;_; to ac-
commodation the change of model order. It is easily seen that the x} , defined in (2.4)
follows N(p; 1,3;_;), where (i) for ky = Ke—1, pi_; = Hy_q, Bf_q = Ey-q; (i) for

Ke=rfe1— 1, iy = py_1[1: K], Bf_; = Ei1[1 1 ke, 11 K¢J; and (iil) for x; = K1 +1,
pi_1 = [m,—; 0] and

* p—
t—1 —

3,0
0 0f°

With the state space model (2.4) and (2.1) and given S; and K, one step Kalman
filter can be used for updating g, and ¥;. Specifically, we have

P=%,+1,0>

S = s; ¢tPt¢t +o?

By = py_q+ 3tpt¢tst_1(yt — s1P.11)

=P - stpt¢t ld’fﬂ
Furthermore, for v € {—1,0,1},

(34) p(yt I S( )1 St = auK(J)l Ry = I‘E(J) + v, Yt 1) ~ N(u(J) 2(]))’

t,i,1 tzu

where

(35) ul, = sPou?  and  o79) =,
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Therefore, fy(j ) in (3.4) can be computed by

t,i,v
) 2
1 Mye — 77,1l
(36) %, = g exp (——ﬁ— p(se = ai)p(ke = &) +v).
t,i,v t,i,v

The trial distribution in (3.2) can be computed as follows,

(3'7) p(st =G, ke = K(])l + v, | S(])h t l’Yt)
O(p(yt ' ‘5‘( 1,8t = al,Yt I)P(St = al)p(";t — I‘&(J) + ’/)
- ’ytzu

Finally, we summarize the nonparametric adaptive blind SMC receiver algorithm as
follows:

0. Initialization: For each j =1,2,...,m:

e Sample n(j ) uniformly from [Kmin, nmax].

o Set = = 10001 <~ Draw pd) =

oSetw(())—l.

The following steps are implemented at time ¢t (¢t = 1,..., Kg) to update each weighted
sample. For j=1,...,m

1. For each a; € A and v € {-1,0,1}, compute (uﬁ’l)u,at (,’,),) and 'yt(Jz),, given by
(3.5) and (3.6), respectively.

2. Draw (s; (’) J)) from A and /-c(]) +v, v € {-1,0,1} with probability

p(St = a;, K¢t = nﬁ’;)l +v l ng—)l’K?—)l, Yt) & 'Yt(Jz)u

Append s(J ) to .S'ﬁj_)1 to obtain ng) and ngj ) to K gj_)l to obtain K gj ),

3. Compute the importance weight

O( ng)l Z Z ’ngz)u‘

2;€EAve{-1,0,1}

4. Suppose the imputed sample s(J )~ a; and nﬁ" ) = /cgj)l + v, then let p.gj) and

2? ) be the corresponding mean and variance matrix of z, at time t.
5. Resampling.

Remark 7. The resampling procedure is an important step in SMC, as shown
in Doucet et al. (2000) and Liu and Chen (1998). Roughly speaking, resampling is
to duplicate the streams with large importance weights, while eliminate the ones with
small importance weights. Heuristically, resampling can provide chances for good sample
streams to amplify themselves and hence “rejuvenate” the sampler to produce a better
result for future states as system evolves.

Remark 8. If the speed of fading does not change over time, then one can assume
there is a ‘best’ {but unknown) wavelet order « to approximate the fading process. Then

the blind receiver can be modified as follows: At time ¢t = 0, n(’ ) is sampled from a
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prior distribution on s (say, uniform distribution on (Kmin, £max)), and they are fixed
subsequently, i.e. n? ) = ngj )1 In this case, how ‘good’ each order is is represented by
the weight of the streams, and the estimation of the symbols is essentially done through
averaging results from different model size k, i.e. the Bayesian model averaging approach
(Madigan and Raftery (1994), Volinsky et al. (1997), Madigan and York (1995), Hoeting
et al. (1999), Raftery et al. (1997), George and McCulloch (1993)). Furthermore, if
the wavelet coefficients does not change over time, one can further set 02 = 0 in the
algorithm.

Remark 9. The algorithm requires 3 x |A| one-step Kalman filter operations to
generate one sample in each iteration. When |.A] is large, this may create significant
computational burden. In such cases, one can simplify the algorithm by generating s;
and k; separately. By assuming that, if there is a change (v = —1 or 1) in k¢ at time
t, its effect on the current y; is relatively small. Hence it is relatively safe to sample s;

assuming K¢ = K¢—1. Specifically, steps 1-3 are changed to

. For each a; € A, compute (ui’z)o,ot (f())) and ’Yt(];)o given by (3.5) and (3.6),

respectlvely Draw stJ ) from A with probability Yt.i.0- Append st’ ) to S(’ )1 to obtain

Sﬁj)

. Assume the sampled s{’ = a;.. For v = —1,0,1, compute (uﬁjl)*ﬂ,,otz (;1) ) and

'yt(]Z) , given by (3.5) and (3.6), respectively. Draw v = v* with probability 7t
Append fe,(fj ) to K E’_)I to obtain K §" ).
3*. Compute the importance weight

j 1
@) 7t(‘71)" v* Zz 71&71),0 v=-—1 PYt(J'L)*,u
w ) wyy

Yt,i*,0

The resulting (SEJ ) , K gj ), ng )) is properly weighted with respect to P(S, K¢ | Y¢).
This algorithm requires (|.4| + 3} one-step Kalman filter operations for each sample.

Remark 10. From the recursive procedure described above, we get the samples
Sﬁ VoW Ei_)&)}J 1 at time (¢ + 6),6 > 0, which are properly weighted with respect to
p(St+5 | Yits). Hence, focusing on S; at time (¢ + §), we obtain a delayed estimation of

the symbol

m
(3.8) p(se =i | Yigs) = WLZ 1(s) = aJuys, @i €A,
t+6 571
with Wi 2 Z;" 1 wgi)a Since the weights {wg_)‘S 721 contain information about the
signals (Y41, -..,Yt+s), the estimation in (3.8) is usually more accurate. Note that such
a delayed estimation method incurs no additional computational cost (i.e., cpu time),
but it requires some extra memory for storing {sg)l, . sg) §1j=1

4. Simulation results

In this section, we present some simulation examples to illustrate the performance
of the proposed nonparametric adaptive SMC receivers in flat-fading channels.
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=S )

15 128

Fig. 2. The frame structure for the nonparametric SMC receivers. The block size is 128, and
the adjacent blocks overlap by 15 symbols.

The BPSK modulation is employed in the simulation, i.e., the transmitted symbols
{s:} take values from +1. The characteristics of the fading channels are described in
Section 2. The Jakes’ fading process is generated using the frequency spectrum method
(Proakis (1995)). In the decomposition of the fading process, the Daubechies wavelet
filter with order 2 is used to construct the reconstruction matrix. Our simulations
show that little performance improvement can be achieved with Daubechies filters of
order higher than 2; whereas with Daubechies filter of order 1 (i.e., Haar wavelet), the
performance degradation is significant.

The signal frame structure is shown in Fig. 2. Each data block contains Ko =
128 symbols. Adjacent blocks overlap by 15 symbols to allow the SMC filter to reach
the steady state. To speed up the convergence, for each data block, the values of the

mean and the covariance of wavelet coefficients {u(()j) ,Eg)};”:l are initialized as the

corresponding values {u%, 2%()) }7=1 at the end of the previous block.

The performance of the proposed adaptive SMC receivers is compared with that
of the receivers with perfect channel state information (CSI). In flat-fading channels,
the receiver with CSI makes a decision on symbol s; according to §, = sign({R{a}y:})
(Proakis (1995)). We call the performance of the receiver with CSI the “known channel
bound”.

First we consider the simpler case in which the fading speed does not change within
the data block. The performance comparison is shown in Figs. 3 and 4, for flat-fading
channels with normalized Doppler fgT = 0.005 and f;T = 0.01, respectively.

The SMC receiver with fixed shrinkage order is first implemented, by fixing & and
setting 02 = 0 in the adaptive algorithm. For the adaptive approach, we set o, = 0.001,
and p(ky = ki—1) = 0.8 and p(k: = K¢t—1 £ 1) = 0.1. In all settings, the number of the
Monte Carlo samples drawn at each time is set at m = 100. The resampling procedure
is employed in the SMC and the threshold of effective sample size is m; = m/10. The
delayed-weight method is used with § = 6.

The bit error rate (BER) versus the signal-to-noise ratio is plotted in Fig. 3 for
different settings. It is seen that in this case the best performance (close to the known
channel bound) for fixed order model is achieved using eight wavelet coefficients. With
four wavelet coefficients, the performance is a bit worse. And the performance is sub-
stantially degraded if the shrinkage order is very large (e.g., 15, 25 and 32).

Figure 4 shows the BER performance of the SMC blind receiver in a flat-fading
channel with normalized Doppler fyT' = 0.01. Because the fading speed is faster, the
best order is increased to 15 (when Ep/Np < 20 dB).

On the other hand, without assuming any knowledge of the fading speed, the adap-
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Fig. 3. The BER performance of the SMC receivers.
faT = 0.005. The delayed-weight method is used with § = 6.

The channel is flat-fading with
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Fig. 4. The BER performance of the SMC receivers. The channel is flat-fading with f47 = 0.01.
The delayed-weight method is used with § = 6.

tive SMC receiver is able to perform as well as the best fixed order receiver in both cases,
except in some low signal to noise ratio cases (less than 10 dB). The adaptive nature
allows the receiver to ‘choose’ the correct order in process.

We next show the performance of the adaptive SMC receiver for fading channels
with time varying fading speed. Fading processes with normalized Doppler shift at
fdT' = 0.005 and f4T = 0.01 are generated and appended (smoothly at t = 75) to form
a block of length 128. The adaptive receiver is employed. Figure 5 shows the weighted
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1 2 3456 7 8 9 1011 12 13 14 15
60,

40}

20|

P N — v

1 2 3 45 6 7 8 9 1011 12 13 14 15
Fig. 5. The histogram for the shrinkage order associated with the sample streams at times
t = 50 (top) and t = 100 (bottom) for Ep/No = 15 dB. The fading process is composed of two

equal-length parts: the normalized Doppler shift is f3T = 0.005 in the first part and f37" = 0.01
in the second part. The result is the average over 100 simulations.

histogram of the shrinkage order associated with each sample stream at the first region
(upper panel) and the second region (lower panel) E,/Ny = 15 dB. The result is the
average over 100 simulations. It is seen that the shrinkage order «; focuses on the range
of (3,8) for the first region, which is close to the optimum fixed shrinkage order for
the fyT = 0.005 (see Fig. 3). Meanwhile, for the second region, the shrinkage order
focuses on the range of (7,11), also close to the optimum fixed shrinkage order (8,15)
for f4T = 0.01 (see Fig. 4).

We also check the performance between the adaptive SMC receiver and the fixed
order SMC receiver at the two different regions. Figure 6 shows the error rate at each
time point (120 simulations) at Ey/Np = 15 dB, It is easily seen that the adaptive receiver
performs the best in both regions while fixed order receivers do well in one region but
fail in another.

Figure 7 illustrates the overall BER performance for different SNR values for flat-
fading channels with time varying Doppler values. It is seen that the proposed adaptive
SMC receiver performs the best.

5. Conclusions

In this paper, we have developed a new nonparametric adaptive Bayesian receiver
technique for blind detection in fading channels with unknown and time varying channel
statistics. It is based on wavelet modelling of the fading process and the sequential
Monte Carlo method for online Bayesian inference. Moreover, a novel adaptive blind
Bayesian receiver is developed. To cope with the uncertainty in fading speed and the time
varying feature, a special structure of the wavelet approximation to the fading process is
developed and utilized for SMC filtering. The performance of the blind adaptive receivers
for flat-fading channels are demonstrated via computer simulations. It is seen that the
adaptive receiver works as well as the ‘optimal’ fixed order receiver for time-invariant
fading processes, without assuming the knowledge of the fading speed. When the fading
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Fig. 6. The BER performance of the blind adaptive receiver at different time points for
SNR = 15. The channel is flat-fading under time-varying Dopplers.
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Fig. 7. The BER performance of the blind adaptive receiver. The channel is flat-fading under
time varying Dopplers.

is indeed time varying, the adaptive receiver outperform all fixed order receivers.
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