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ABSTRACT

Time-selective fading effects can occur in communication
systems due to channel variations, carrier frequency offset,
and oscillator’s phase noise. In this paper, we model the
multiplicative channel fading effect as an autoregressive pro-
cess and the objective is to recover the original transmitted
symbols. Filterbanks are used here to precode the trans-
mitted symbols and second-order statistics of the output
data are computed which in turn, vield the correlation in-
formation of the time-varying channel. Next., we employ
the Kalman filter to track channel variations and recover
-the transmitted symbols in a block-by-block fashion. For
the Rayleigh fading case, we also take advantage of the ad-
ditional'information provided by pilot symbol assisted mod-
ulation (PSAM) to resolve channel ambiguities. Computer
simulations are provided to illustrate the concepts.

1. INTRODUCTION

Fading is a major impairment in communication systems
because it can cause the instantaneous channel signal-to-
noise ratio (SNR) to suddenly drop. Fading occurs due
to channel variations, carrier frequency offset, oscillator’s
phase noise, etc. An example is given in (8] which illustrates
motion induced fading effects: consider a 900 MHz carrier
in an IS-54 system and a mobile moving at 120 km/h. The
minimum time between the two fading nulls is 5 ms, which
is even shorter than the proposed burst length of 6.7 ms.
Changing characteristics of the propagation media can also
cause fading. For example, in the HF band (3-30 MHz), the
radio channel is randomly time varying because the ions in
the ionospheric layers are in constant motion {10, p. 758].

Denote by s(n) the i.i.d. information sequence, v(n) the
additive noise, and z(n) the channel output. A linear,
discrete-time, baseband equivalent channel model can be
described by

L
z(n) = Z R(n; 1) s(n ~ 1) + v(n), 1)

=0

where h(n;!) is the channel impulse response at time n and
tap delay { and its frequency domain counterpart is the
scattering function H(n;w). When the transmitted signal
bandwidth is much smaller than the coherence bandwidth
of the channel, the channel is frequency-nonselective (flat);
e, H(n;w) = H(n;0), Vw ilO, p. 770). In the time domain
this implies h(n;I) = h(n) 6(l) and hence (1) becomes

z(n) = h(n)s(n) + v(n). (2)
The time-selective nature is clearly evident from (2) where

the channel h(n) acts as multiplicative distortion to the
information sequence s(n).
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Given the received data x(n), our goal is to recover s(n).
Without imposing structure on the channel variations, the
problem is ill-posed because with every incoming data z(n),
there is one more unknown h(n) in addition to s(n). When
h(n) (or h(n;l) in general) is viewed as deterministic, ba-
sis function expansion techniques have been explored (e.g.,
{14]). When h(n) (or h(n: 3) appears random, first or-
der autoregressive (AR(1)) or the Gauss-Markov model has
demonstrated great potential {4, 13]. For the remainder
of the paper, we will focus our attention on frequency-flat,
random time-selective fading channels.

In many applications such as scattering function charac-
terization [1], network performance evaluation [3), adaptive
signaling [5], and vehicle speed estimation {9}, it is useful to
know the channel correlation information. For the model in
(2), we will show in Section 2 that the correlation function
of h(n) cannot be recovered from the output only data. In
(13), channel correlation function is estimated from training
data by exploring a joint fourth-order statistic between the
input and the output. We will show in Section 3 that by
emploving a simple precoding scheme, the channel correla-
tion function can be recovered from the output second-order
statistic and training is not necessary.

We model the random channel as AR here because it
leads to a state-space formulation and hence is amenable
to the Kalman filter analysis. With precoding, it is feasible
to update the channel correlation coefficients and hence the
AR parameters throughout the operation mode, which is
advantageous as compared to [13].

When the channel mean my = E[h(n)] > 0, we have the
Rician fading model, which accounts for the presence of a
line-of-sight (LOS) component. When the LOS component
is absent or has negligible power, the Rician model reduces
into the Rayleigh one [15]. We will see in Section 4 that for
the Rayleigh fading channel, a sign ambiguity (or in gen-
eral, phase rotation) problem exists and hence reliable de-
coding cannot be achieved without additional information.
For the Ravleigh fading channel, we propose to periodically
insert pilot symbols into the transmitted data stream - an
approach called pilot symbol assisted modulation (PSAM)
(see e.g., [2], [6]). With PSAM, a loss of information rate is
traded for improved probability of error. Simulation exam-
ples are presented in Section 5 to illustrate the performance
of the algorithms.

2. CHANNEL IDENTIFIABILITY

We make the following assumptions regarding the model
in (2): the input s(n) is zero-mean. i.1.d., svinmetrically
distributed. and comes from a known alphabet: the channel
h(n) is stationarv; and the additive noise v(n) is zero-mean
with a known covariance function ca, (k) = Egv(n)v' (n+k)}.
We further assume that s(n), h(n), and v(n) are mutually
independent.



2.1. ‘ldentification of the channel mean

We infer from (2) that the mean of r(n) is zero regardless
of whether h(n) has zero mean or not. As we will see in
the next subsection, my cannot be found from the output
second-order statistic either. However. knowing my is kev
to classifving the channel as Rayleigh or Rician. It is there-
fore worthwhile to utilize a small amount of training data
to gain information about rn,. We obtain the following
relationship based on (2):

Ei{z(n)s"(n)] Elh(n)) E[Is(n)lz] + E[v(n)] E[s™(n)]

2
= Th o,,

I

where o7 is the variance of s(n). Therefore, relving on the
input and output data, an estimnate of the channel mean
can be obtained as
N1 .
. —o £(n)s”(n)
= SRR @)
Lo Is(m)I?

Since this is a first-order sample statistic, a small amount
of data points (usually < 100) can vield good results.

2.2. Identification of the channel correlation

Because we allow h(n) to have non-zero mean. the autoco-
variance function cu,(k) and the autocorrelation function
- man(k) are generally different:

can(k) E{[h(n) — mp][h"(n + k) — m}]},
man (k) E[h(n)h™ (n + k)] = can (k) + |ma)*.

I

If the training data {z(n), s(n)};::o‘ are used to estimate the

mean my as in (3), the same data can be used to estimate
the channel autocorrelation function as well:

W = I8,
N—=1

(k) = ‘%Zh(n)ir(,wk).
n=0

Afterwards, the covariance function can be found:
éan (k) = ian (k) — [inl’. (4)
If h(n) is modeled as AR, the AR parameters can be solved

from ¢2x (k) using the Yule-Walker equations. For example,
for an AR(1) channel model

h(n) = a1h(n - 1) + w(n), (5)
the AR(1) coefficient can be found from
_ can(1)
T (6)

However, it usually takes an order of magnitude more
data for éax(k) to have comparable performance as .
This also motivates us to search for methods which can
estimate the channel autocorrelation function from output
data only so the é;5 (k) estimate can be updated throughout
the operation mode.

Let us start with the second-order statistic of the output:

c2:(k) = Efz(n)z™ (n + k)] = cas (k) man(k) + c2u (k). (7)

Since s(n) is i.i.d., we have ca,(k) = o} §(k). Therefore,
only mas(0) = |ma|* + o can be estimated from (7).
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Recall that all odd-order statistics of the svmmetrically
distributed s(n) vanish. \We consider next the fourth-order
cumulant of x(n). For simplicity, let us consider the case
where h(n) is zero-mean, and h(n) and v(n) are both Gaus-
sian (so their fourth-order cumulants are zero). When z(n)
is real valued, it is shown in {12] that only the magnitude
of the channel covariance function can be recovered as

lean (k)] = { Ve12(0,0,0)/B(ys +203)], k=0,

Ve (k,0,k)/(201), k#0,

where 4, is the kurtosis of s(n), and the fourth-order cu-
mulant of the zero-mean z(n) is defined as

(8)

caz(ki, k2, ka)
= cum{z(n),z(n+ k1), z(n + k3), z(n + k4)}
= maz(ki, k2, k3) = caz (k1) c22 (k2 = k3)
= caz(k2) caz(ka — k1) = c2:(k3) coz (k1 — k2).

Note -that even though z(n) has zero-mean, the fourth-
order cumulant ¢4.(ky, k2, k3) and the fourth-order moment
maz(ky, k2, k3) = Ele(n)z(n+ ki)z(n + ka)z(n + k4)] gen-
erally differ.

When z(n) is complex valued, we define its fourth-order
cumulant as

caz(ky, k2, ka)
= cum{z(n),z(n+ ki), " (n+k3),z"(n + k1) }.

When s(n) and h(n) are zero-mean, circular symmetrically
distributed (i.e., real and imaginary parts are mutually in-
dependent but share the same distribution), and h(n) and
v(n) are Gaussian, the formula in (8) needs to be modified
to

m(k,,:{ Ve (0,0,0/R0yn +adl, k=0, o

Verz(k,0,k)/ a3, k #0,

In both the real and complex cases, cax (k) itself cannot
be recovered from the 1st- through 4th-order statistics of
the data. This fact motivates us to seek out diversity tech-
niques which allow blind estimation of the channel correla-
tion function.

3. CHANNEL ESTIMATION AND
EQUALIZATION WITH PRECODING

A general framework is developed in [11] which introduces
redundancy into the data by placing filterbank precoders
at the transmitter. For our problem here, let us first define
s(n) as a length-P block of s(n):

s(nP)
s(nP +1)
s(n) = : (10)
s(nP +P- 1)
Pre-multiply s(n) by a P x P matrix F to obtain
u(n) = F s(n). (11)

We therefore map a length-P block of s(n) into a length-P
block of u(n) and for the mapping to be unique, F has to
be non-singular. It is not difficult to verify that u(n) is now
cyclostationary whose time-varving statistics are periodic
in n with period P.



3.1. Recovering channel correlation information
Since s(n) is i.i.d., the covariance matrix of u(n) is

C. = Elu(n) u’(n)] = o} FF" (12)

The purpose of precoding is to introduce color into u(n}
which subsequently enables the estimation of ma (k). It is
evident from (12) that F cannot be unitary for u(n) to be
correlated.

Similar to (10), we define length-P vectors x(n), h(n)
and v(n). Using these vector notations, equation (2) can
be rewritten as

x(n) = U(n) h(n) + v(n), (13)

where U(n) = diag(u(n)).

Denote by C., C,, and M, the covariance matrices of
x(n), v(n), and the correlation matrix of h(n), respectively.
They are related through the following equation:

C:=C. .M, +C., (14)

where the dot between C, and C, indicates element-
wise multiplication of the two matrices. C, can be pre-
calculated from (12), and C, is assumed known. From the
data x(n), we first estimate C. by averaging the instan-
taneous x(n)x" (n) products over blocks, and then recover

_ M, from (14). Since h(n) is stationary, M, is Hermitian
and Toeplitz whose first row is {mz;.(k)}f;o‘

Wheh modeling h(n) as an AR(p) process, we need
{can(k)};_o to solve for the AR parameters via the Yule-
Walker equations. Therefore we must have the biock length
P greater than the channel AR order p; ie., P > p. It
has been shown by many authors (e.g., [4, 13]) that an
AR(1) model is sufficient to capture slow channel varia-
tions. Therefore for many channels, the block size can be
as small as 2 and is quite manageable.

Because z(n) is cyclostationary, the covariance matrix C,
is no longer Toeplitz. For max (k) to be identifiable, we only
need any one of the elements along the kth diagonal of FF#
to be non-zero, and this has to be true for all 0 < & < p.

Summanzmg, our requirements for F are: (i) F is non-
singular; (ii) F' is non-unitary. If h(n) is AR(p), then (iii)
the dimension of F must satisfy P > p; and (iv) FF¥ can-
not have an all-zero kth diagonal for 0 < k& < p.

Assumptions (i)-(iv) are usually met, even by a randomly
generated P x P matrix so they are fairly relaxed conditions.
If certain optimality criteria are imposed, then F has to be
specially designed - a topic of our future research.

3.2. Channel tracking and symbol decoding
The vector version of the AR(1) recursion in (5) is

h(n) = Ah(n — 1) + Bw(n), (15)

where A =aflis P x P,

af-! a1 0 ... 0
0 af 3 S | 0

B= ,
0 | N S TR

-is Px (2P ~1), and w(n) is a (2P — 1) x 1 vector consisting
of w(nP +k) for —-(P-1)<k<(P~-1).

Combining (15) and (13), we see that h(n) is the state,
(15) is the state equation and (13) is the measurement equa-
tion. We then employ the Kalman filter to track the vari-
ations in h(n). The challenge though, lies in that U(n) is
unknown and needs to be estimated from the data as well.
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Formulas for the vector Kalman filtering can be found
e.g., in {7, pp. 446-447]. For every block of u(n) estimates,
we first obtain svmbol estimates (c.f. (11))

s(n) = F~' a(n). (16)

We then take advantage of the finite alphabet information
and obtain quantized symbol estimates §(n)
We now summarize our block-based Kalman filtering al-

gorithm. First. we initialize h(0) by the channel mean es-
timate 715, and then use the Kalman filter to predict the

next value h(1). For n > 1, we follow these steps:
Step 1: Form the tentative u(n) estimate:

a(n) = H™ ' (n) x(n),

F-!

H(n) = diag(h(n))

Step 2: Form §(n) = a(n).

Step 3: Quantize s(n) to obtain 5(n).

Step 4: Update u(n) = F §(n).

Step 5: Run the Kalman filter with U(n) = diag(qa(n)) to

predict h(n + 1).
Our simulations have shown that this is a fairly robust

routine. Once the h(n) estimate is “on-track”, the algo-
rithm runs well without retraining.

Instead of the P x P matrix F, we can introduce corre-
lation into u(n) by pre-multiplying s(n) with a vector f¥ =
fo fi ... fp—1} which corresponds to u(n) = f(n) * s(n).
n this case, we run the scalar version of the Kalman filter
on the state equation (5) and measurement equation (2). A
disadvantage is that decoding is not as easy as (16) and a
decision directed equalizer is employed.

4. PILOT SYMBOL ASSISTED MODULATION
FOR RAYLEIGH CHANNELS

In wireless applications when no LOS is present, the channel
h(n) has a zero (or close to zero) mean and is called Rayleigh
fading. In this case, the tracking algorithm proposed in
Section 3.2 fails even with sufficient training. This is be-
cause given any channel-input product y(n) = h(n)s(n),
y(n) can be written as y(n) = {—h(n)](—s(n)], or in general,
y(n) = [h(n) e’*)[s(n) e~7%] as well. Therefore a sign ambi-
guity (or in general, phase rotation) problem exists. A rem-
edy is to employ pilot symbol assisted modulation (PSAM)
where a known pilot symbol is periodically inserted into the
data stream (2], [6). The channel value at the time of pilot
svmbol transmission can be fairly accurately estimated (any
error is only due to the additive noise). If the channel is suf-
ficiently lowpass (i.e., slowly time-varying), then the next
few channel values are also likely to be tracked accurately.
Obviously, more frequent pilot symbol transmission results
in better tracking capability of the Kalman filter and lower
error rates in the decoded symbols, but the price paid is
some loss in information rate. The frequency of pilot sym-
bol transmission is directly influenced by the bandwidth
of the channel, which again shows the importance of the
channel correlation (and hence power spectrum) estimation
problem addressed in subsections 2.2 and 3.1.

5. SIMULATIONS

Extensive computer simulations were carried out to inves-
tigate the performance of the proposed algorithms. For
illustration purposes, we only show results on BPSK sig-
nals and F = I (no precoding). We model the channel as
AR(1) which has been shown bv many authors as suitable
for slowly time varving channels. Both the additive noise
v(n) in (2) and the driving noise w(n) in (3) were i.i.d.
Gaussian with variance o2 and o2, respectively.

The initial training period used 200 samples of input and
output data to estimate the mean my according to (3) and



Charnnel h(n) - true -- estimated

~o 50 100 150 200
n
Figure 1. Example 1 (Rician fading). The true

channel h(n) and its estimate h(n), at SNR = 20 dB.

the AR(1) parameter a; as in (6). Afterwards, we mea-
sured the probability of error using 10,000 samples without
retraining. For a given SNR, 100 independent realizations
were used to obtain the average probability of error (P.).
In this paper, SNR is defined as

20 o (o} + |my)?
SNR = o; max(0) _ 7 ( h Ty )

i)
gy ag

Since the Rician and Ravlelgh fading channels require
different treatments, we give one example for each.
Example 1: Rician (mj # 0) fading channel. The channel
h(n) is modeled as AR(1) (c.f. equauon (5)) with a; = 0.9.
Its driving noise w(n) has variance o2 = 0.002, and the
mean of h(n) is my = 0.8. The input 3(n) is BPSK with

=1 Flgure 1 shows the true h(n) (solid line) and its

emmate h(n) (dashed line) for the first 200 symbols in the
operation mode at SNR = 20 dB. The Kalman filter is seen
to yield excellent tracking results. Next, we varied SNR
between 5 and 20 dB, and obtained the probability of error
curve as shown in Figure 2.

Example 2: Rayleigh (m) = 0) fading channel. The pa-
rameters are the same as in the previous example except
that now ms =0, 02, = 0.1, and SNR is 30 dB.

As we explained in Section 4, without additional informa-
tion, a sign ambiguity exists for the Rayleigh channel. Fig-
ure J illustrates this phenomenon. The top plot shows the
true channel h(n) (solid line) and its estimate h(n) (dashed
line). We see that sometimes h(n) follows h(n) quite weil

but some other times, h(n) is almost a mirror image of h(n).
Figure 3b shows the locations where errors had occurred in
the decoded symbols. Without PSAM. the probability of
error is very high, close to the guessing probability of 0.5.

PSAM offers a remedy. In our example, a known pilot
symbol was transmitted once every 12 samples, resulting in
approximately 8% loss of information rate. But as we see
in Figure 4, both the channel tracking capability and the
probability of error were improved.
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Figure 3. Example 2 (Rayleigh fading). Without PSAM.
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Figure 4. Example 2 (Rayleigh fading). PSAM is employed at

n
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the rate of 1/12.



