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On First-Order Markov Modeling for the Rayleigh
Fading Channel

Christopher C. Tan, Member, IEEE,and Norman C. Beaulieu, Fellow, IEEE

Abstract—Recent models for the received signal amplitude of the
flat-fading channel that use first-order finite-state Markov chains
are examined. The stochastic properties of a proposed first-order
model based on these recent models are examined. The limitations
of using an information theoretic metric, which is sometimes used
to justify a first-order Markov chain as a sufficient model for very
slowly fading channels, are discussed. A simple method of qualita-
tively comparing autocorrelation functions is instead proposed.

The usefulness of the first-order Markov chain in representing
the flat-fading channel is examined by looking at two specific prob-
lems in wireless system applications that represent two disparate
cases. The first case involves analysis over a short duration of time,
relative to the inverse of the normalized Doppler frequency, while
the second involves analysis over a long duration of time. Con-
trary to recent reports, the results indicate that first-order Markov
chains are not generally suitable for very slowly fading channels.
Rather, first-order Markov chains can be suitable for very slowly
fading applications, which require analysis over only a short dura-
tion of time.

Index Terms—Fading channels, Markov processes, modeling,
Rayleigh channels.

I. INTRODUCTION

CLARKE [1] has proposed a statistical model for the re-
ceived signal amplitude of the flat-fading channel based

on scattering propagation. Gans [2] has further shown that in the
case of isotropic, two-dimensional scattering with an omnidirec-
tional receiving antenna, the quadrature Gaussian processes rep-
resenting the fading have autocorrelation function (ACF) given
by

where is the variance of the underlying Gaussian process,
is the maximum Doppler frequency, and is the Bessel

function of the first kind of order zero [3, eq. (9.1.12)]. Let a
complex, stationary, Gaussian process have quadrature compo-
nents that are mutually independent, zero mean, with identical
ACF, . The envelope of this complex Gaussian process is
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a stationary process whose first-order distribution is Rayleigh,
with ACF [4, p. 170]

(1)

where is the hypergeometric function [3, ch. 15].
Such processes are called Rayleigh processes. We will call this
fading model the isotropic scattering, omnidirectional receiving
antenna (ISORA) model and denote it by random process.

Other models with Ricean or Nakagami-first-order den-
sities [5], or different ACFs [6], [7], have been used for the
flat-fading channel. We use the ISORA model throughout this
paper because of its widespread applicability and acceptance
[8], but our analysis remains general enough in principle to be
used for these other models as well.

Recently, finite-state Markov chains have been proposed to
model the flat-fading channel, with states representing discrete,
nonoverlapping intervals of the received signal envelope’s
amplitude. We call these models amplitude-based finite-state
Markov chains (AFSMCs).

Swarts and Ferreira [9] use a first-order AFSMC based on
simulation statistics to determine soft-decision statistical distri-
butions for slowly fading channels. They compare distributions
for a first-order AFSMC with a software simulator to show the
general usefulness of AFSMCs in modeling the fading channel.
However, Swarts and Ferreira’s software simulator is already
known to be a Markov process [10], [11] and is different from
the ISORA model.

Wang and Moayeri [12], [13] further the model in [9] by using
analytical first-order statistics to calculate model parameters.
Wang and Chang [14] propose a mutual information metric to
mathematically demonstrate that a first-order AFSMC is suf-
ficient to model very slowly fading channels for any applica-
tion, and that the improvements of a second- or higher-order
AFSMC are negligible. Zorziet al. [15] derive the data-link
performance of ARQ protocols as an application of this binary
Markov model, and use this mutual information metric to show
that a first-order binary Markov chain that models the received
signal amplitude is of sufficient order. Two other papers employ
AFSMC structures, presumably independently of the above four
papers. Steffan [16] uses an AFSMC to analytically determine
the mean inter-error time and the mean number of errors in a
time interval. Bischl and Lutz [17] use a first-order AFSMC to
determine block-error rates.

The AFSMC has thus gained some acceptance and seems to
be finding a growing number of applications. Goldsmith and
Varaiya give the correlated Rayleigh channel as an example of a
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valid finite-state Markov chain [18]. Babich and Lombardi de-
velop Markov models for the indoor propagation channel based
in part on Wang and Chang’s information theoretic metric [19].
They also verify a multi-threshold success/failure process for
the Rayleigh channel based in part on the same metric [20]. The
binary Markov model introduced by Zorziet al.is used for error
modeling of the Network File System (NFS) protocol over wire-
less links by Dubeet al. [21] and in error control and energy
consumption analyses in nomadic computing systems by Zorzi
and Rao [22]. Li and Goldsmith use the first-order AFSMC to
help design a decision-feedback maximum-likelihood decoder
[23].

A first-order AFSMC is analytically tractable, and may gen-
erate closed-form results easily. Work has been done to examine
higher-order AFSMCs as well. Babichet al. look at variable-
order models for the fading channel for slowly to medium fading
channels [24]. Turin has similarly used hidden Markov models
of greater order to model the fading channel [25]. As the order
of the model increases, so does the complexity and intractability
of the model. As an example, for a first-order AFSMC all model
parameters can be analytically determined easily, which is not
the case for a second-order AFSMC [26]. As indicated above,
a majority of the literature focuses only on first-order AFSMCs
presumably because of their simplicity. This paper addresses the
issue of the limitations of a first-order AFSMC fading model,
when used for bit-level models.1

This paper has the following organization. We propose a first-
order AFSMC in Section II, based on some of the best aspects of
the models presented in [9]–[15]. In Section III, we determine
some limitations of using this first-order AFSMC to model the
ISORA fading channel. We first examine the information theo-
retic metric of [14]. We then propose an alternate method of de-
termining when the AFSMC models the ISORA channel accu-
rately. We test that our first-order AFSMC is stationary, then de-
termine the ACF of the underlying Gaussian process. We show
the ACF of the first-order AFSMC is markedly different from
the ACF of the ISORA fading model. Section IV examines how
useful this model is in representing the ISORA fading channel.
We look at two specific problems in wireless system applica-
tions and compare results obtained using the AFSMC model
with results obtained using the ISORA fading channel. Our con-
clusions are given in Section V.

II. A FIRST-ORDER MARKOV MODEL

A first-order Markov chain is defined by its initial-state oc-
cupancy probabilities and its transition probabilities [27]. We
denote our discrete-time Markov chain by for discrete
times . The received signal amplitude space
from zero to finite maximum amplitude is partitioned into

intervals. The thresholds of these intervals are denoted by,
, such that 0 and . We assign the

midpoint of the interval as the representative value of each state
, . Fig. 1 illustrates these definitions.

1As pointed out by a reviewer, the block-level Markov model can be accurate
if the block length is large.

Fig. 1. Illustration of AFSMC notations and partitioning.

A. Initial-State Occupancy Probabilities

The Rayleigh probability density function (pdf) is denoted
and the Rayleigh cumulative distribution function is

denoted . Without loss of generality, we assume the
Rayleigh distribution has unit-variance. If our AFSMC has a
standard Rayleigh first-order distribution as does the ISORA
channel, we expect the initial-state occupancy probabilities

to approach

while satisfying

(2)

One practical limitation of our finite-state model is that the re-
ceived signal amplitude from to infinity is not represented
by a state. This introduces error in (2) if , since

We minimize this error by setting so that
. To ensure that (2) is satisfied, we uniformly scale

by the sum of its elements

(3)

The states are partitioned such that the initial-state occupancy
probability of all states will be the same. Thus, we solve for
such that
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B. Transition Probabilities

The most direct statistics used to calculate the transition prob-
abilities are based on the bivariate Rayleigh distribution [17],
[14]. The bivariate Rayleigh distribution depends only on the
correlation between adjacent samples. Defineto be the sam-
pling period for the discrete-time fading process. In practical
problems, ranges from 0 to about 0.4 [26]. Two consecu-
tive samples of the ISORA fading model’s underlying Gaussian
process will have correlation

(4)

The transition probability matrix of the AFSMC,
, has stationary transition probabilities (ignoring

the truncation due to the finite amplitude represented by the
model)

(5)

(6)

for , where is the bivariate
Rayleigh joint pdf described in [4], with underlying Gaussian
correlation matrix

The integral in (6) can be computed using the infinite series
derived in [28]. We generalize the model in [9] by not restricting
the number of transitions from a state.

Similar to our adjustments to the initial-state occupancy prob-
ability vector due to the finite amplitude represented by the
model, we must adjust the transition probability matrix such that
the rows sum to one. We uniformly scale each row by its sum

III. M ODEL ASSESSMENT

In this section, we examine the information theoretic metric
of [14]. We then propose an alternate method of determining the
limitations of the AFSMC.

A. Information Theoretic Metric Analysis

Zorzi et al. [15] and Babich and Lombardi [19], [20] use
an information theoretic metric developed by Wang and Chang
[14] to verify that a first-order Markov chain is sufficient in
representing the ISORA fading model for the applications they
consider. Let be the discrete-time continuous state Markov
process’s received amplitude at theth time step. The first-order
Markovian assumption implies that given , is indepen-
dent of any other previous symbol , .

Wang and Chang state that if the information remaining in
given the information corresponding to is negligible, then

a first-order Markov chain is a sufficient model for the channel.
The authors quantify this with mutual information. They claim
a first-order Markov chain is sufficient if the average condi-
tional mutual information between and given ,

, is much less than the average mutual infor-
mation between and , .
We find problems with this argument.

An important problem is that small mutual information is
not a sufficient condition to indicate a process is Markov. In-
tuitively, one sees the ambiguity in that two samples may have
little information about each other if they are either independent
or highly correlated; the average conditional mutual informa-
tion, , approaches zero in these two distinct
cases. If is indeed a first-order Markov process, then the
first and third samples are independent given the second sample,
and is zero. However,
also approaches zero if the first, second, and third samples are
highly correlated. This is the case in the very slowly fading chan-
nels Wang and Chang study, where the normalized Doppler fre-
quency is less than 0.002. Since the ISORA fading process is
strictly bandlimited, we expect to be very close to
and . Note that as the three envelope samples become very
close

Wang and Chang correctly state that the first-order Mar-
kovian assumption implies that, given the information of the
state immediately preceding the current one, any other previous
state should be independent of the current state. However, they
then proceed to consider

(7)

rather than

(8)

Consideration of (7), and in particular, showing that
is significantly smaller than ,

may have some validity in justifying whether a second-order
Markov chain is marginally better than a first-order Markov
chain. It cannot, however, be concluded on this basis that a
higher-order Markov chain may not perform significantly better
than a first-order Markov chain. Note that (8) can be written as
[29, p. 22]

(9)
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Even when is small and the subsequent
terms in (9) are monotonically decreasing, the sum of the
subsequent terms can in general be significantly larger than
zero, indeed even infinite. Nor is it necessarily true that the
terms would be monotonically decreasing in magnitude. For
example, let where is the first zero-crossing of
the Bessel function . Then, the first and third samples
of the underlying Gaussian processes have zero correlation and
are, hence, independent. The corresponding Rayleigh samples
are also independent, since they are related to the underlying
Gaussian samples by a memoryless transformation. Thus,

is zero while is
not zero (the zero-crossings of are not uniformly spaced).

B. Stochastic Analysis

We compare our first-order AFSMC to the ISORA fading
model. Instead of using information theory to test our model, we
look at a stochastic description of the model. Stochastic process
theory gives a more complete description of the AFSMC, which
allows for a clearer comparison with the ISORA fading model.
We compare our AFSMC and the ISORA fading model, first
by comparing first-order distributions to test whether both pro-
cesses are Rayleigh distributed, then by comparing the defining
parameter for each Rayleigh process, the ACF.

1) Comparison of First-Order Distributions:To calculate
the first-order distribution of the first-order AFSMC, we must
find the limiting probability vector. If the limiting probabilities
are equal to the initial-state occupancy probabilities, then the
AFSMC is stationary, and we define the first-order distribution
to be the stationary distribution. Otherwise, the limiting prob-
ability vector is calculated by solving an eigenproblem of the
transition probability matrix [27] using the stationary transition
probabilities (6). This has been carried out numerically for
a number of values of normalized Doppler frequency and
Markov chain states. The initial-state probability vector agreed
with the limiting probability vector for all normalized Doppler
frequencies examined and for all numbers of states in the
Markov chain examined. Thus, we establish confidence that
the Markov chain is indeed stationary.

2) Comparison of ACFs:To calculate the ACF, we use

(10)

As we have partitioned the states such that , the ex-
pression for the ACF can be also put into matrix form [25]

(11)

where the state assignment vectoris defined by
. Unfortunately, a general closed-form solution

for the ACF in (11) seems unfeasible owing to the intractability
of the Rayleigh joint pdf [26]. Therefore, we have tested the
AFSMC ACF by empirically examining a number of examples.

The ISORA fading model’s ACF in (1) is compared graphi-
cally with the ACF of the AFSMC computed empirically for

Fig. 2. Autocorrelation functions for a first-order,N -state AFSMC with
f T = 0:002.

Fig. 3. ACFs for a first-order,N -state AFSMC withf T = 0:02.

and states, for
in Fig. 2 and in Fig. 3. In both figures, the
shape of the ACF is clearly different from that of the ISORA
fading model. The AFSMC ACF appears to be a mono-
tonic decreasing exponential-like function. For large, the
only AFSMC sample points that consistently agree with
the ISORA fading model’s ACF are the first two sample
points, and

. This is reasonable,
given that the only information about the ACF input into the
Markov model, through the transition probability matrix, is the
value of .

Several examples [26] indicate that as the number of states in
the AFSMC increases, the envelope ACF converges toward

(12)

which from (1) is the ACF of an envelope with underlying
Gaussian process with ACF

We call a Rayleigh process with the ACF in (12) afirst-order
fading model, following [17]. Note that we can arbitrarily set
one parameter, , in the first-order model. Two different
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first-order models obtained by different choices of values of
are examined in the next section.

IV. M ODEL APPLICATIONS

We explore the validity of modeling the mobile radio channel
with first-order fading by examining two wireless applications
and comparing the results obtained from first-order fading
models to the results obtained from the ISORA fading model.
First-order fading with 3-dB cutoff frequency equal to the
Doppler frequency is denoted the “3-dB exponential model.”
First-order fading with the autocorrelation points
and set equal to the ACF of the ISORA fading
model is denoted the “ exponential model.”

The two applications considered are error correction code
block-error rates and fade duration distributions. The perfor-
mance of an error correction code represents a discrete-time
sampled application that requires analysis over a small to mod-
erate number of consecutive samples. The analysis of fade dura-
tion distributions represents a continuous-time application that
requires analysis over a long period of time. We use simulation
to obtain results for testing the results obtained from the Markov
models.

A. Short Duration Application

Error correction coding is commonly used to reduce the raw
channel-error rate on a fading channel from an unacceptably
high value to a value acceptable to an end user. We consider
two classes of codes in our examples: repetition codes and per-
fect error correcting codes. These classes are chosen in order to
facilitate the study, but give nonetheless meaningful results.

Repetition codes are useful on fading channels and are em-
ployed in, for example, the North American Advanced Mobile
Phone Service (AMPS) Control protocol [30]. Multiple iden-
tical bits are sent in series over the mobile radio channel and the
receiver decision is based on majority logic. We consider 7-bit
and 15-bit repetition codes. The following analysis assumes bi-
nary phase-shift keying modulation with unit variance Gaussian
noise, so that the probability of bit error is

Bit in error

where is the -function [5, eq. (2-1-97)]. A block error
occurs for repetition codes when a majority of the bits in a block
are in error. The variance of the Rayleigh process is set such that
the probability of a block error is in the range of 0.1–0.001.

Fig. 4 shows the probability of 7-bit block errors, for the three
unit-variance Rayleigh processes as a function of the Doppler
spread normalized to the sampling period (bit duration). The
three processes’ 7-bit block-error rates are not equivalent for
every Doppler frequency. For very slowly fading and fast fading
channels, the three processes’ block-error rates converge. The
block-error rate of the model is closer to the error rate of the
ISORA model than the error rate of the 3-dB model.

The ACFs over seven sample separations ( to ) of
the three fading models are plotted in Fig. 5 for ,

, and . For the very slowly fading

Fig. 4. Probability of a 7-bit block error with a repetition code.

Fig. 5. Comparison of ACFs of the ISORA fading model and theJ

exponential model atf T = 0:005, f T = 0:07, andf T = 0:4.

channel when , the exponential model’s ACF
and the ISORA fading model’s ACF are very close over seven
sample separations. The number of sample separations are small
relative to the first zero-crossing of the Bessel function. This is
reflected in Fig. 4 as the and ISORA models’ block-error
rates converge for slowly fading channels. The block-error rates
converge to that of a 7-bit repetition code system with com-
pletely correlated fading

Block Error Block Error given all bits have

amplitude

where for 7-bit blocks, 7 and 4.
For fast fading channels, the ACF for both models approaches

that of an uncorrelated model over any fixed sample separation
as the fading rate increases, which is again reflected in the ACF
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Fig. 6. Probability of a 15-bit block error with a repetition code.

in Figs. 4 and 5 when 0.4. The block-error rates con-
verge to that of a 7-bit repetition code system with independent
fading

Block Error

where is the probability of bit error given the bit has ampli-
tude

Although a first-order fading model sufficiently describes a fast
fading channel, an uncorrelated model is even simpler to ana-
lyze. Thus, we conclude that a first-order fading model is not as
useful as an uncorrelated model for fast fading.

For medium rate fading at , the models exhibit
greater ACF differences, which mirrors the difference in block-
error rates at that Doppler frequency. A comparison of the ACFs
of the exponential and ISORA fading model over the number of
consecutive bits required for the application’s analysis helps us
predict whether the results from the two models will be close.

As the number of sample separations increases, it becomes
increasingly difficult to approximate the Bessel function by an
exponential function. Fig. 6 shows the probability of a 15-bit
block error with the three Rayleigh processes with the variance
of the Rayleigh process set such that, for fast fading, the proba-
bility of block error is equal to that in Fig. 4. There is a greater
difference between the block-error rates of the first-order pro-
cesses and the ISORA channel due to the increased number of
consecutive samples used in the decision. Again, themodel’s
15-bit block-error rate is closer than the 3-dB model’s rate to
the ISORA model’s rate. Accurate modeling of the error depen-
dencies for moderate rate fading will thus require higher-order
Markov chains or hidden Markov models.

Some wireless systems use longer codes, for which the de-
coding is more computationally intensive. A convenient device
to faciliate discussion is to simulate perfect error correcting
codes, which have much simpler decoding algorithms. Perfect
codes are those which attain the Hamming bound [32]. We con-
sider four perfect codes. The perfect (23, 12) Golay code has low

Fig. 7. Probability of a 23-bit block error with a perfect code.

Fig. 8. Probability of a 63-bit block error with a perfect code.

latency, and has been used in mobile communications and deep
space applications [33, vol. II, ch. 25]. To look at codes of larger
size, we contrive hypothetical triple- and quadruple-error per-
fect codes of length 63, 127, and 255. Note that the performance
of a practical triple-error correcting code of one of these lengths
can be estimated to be between the performance bounds given
by the corresponding hypothetical triple-error and quadruple-
error correcting perfect codes, as practical triple-error correcting
codes correct some but not all combinations of quadruple errors.

Fig. 7 shows the Golay code block-error rate as a function of
the Doppler spread normalized to the sampling period as pre-
dicted by the three models. The differences between the block-
error rates of the ISORA model and the Markov models are
greater than for the length 7 and length 15 codes. For example,
at , the error rate of the model is 2.1 times the
error rate of the ISORA model, and 5.5 times the error rate of
the 3-dB model.

The discrepancies of the three models generally (though not
strictly) increase for the longer codes. Fig. 8 shows the proba-
bility of block error for 63-bit triple-error and quadruple-error
correcting perfect codes. Note that the mode of themodel
no longer coincides with the mode of the ISORA model. Fig. 9
shows the block-error rate of 127-bit triple-error and quadruple-
error correcting perfect codes, and Fig. 10 shows the block-error
rate of similar 255-bit codes. The discrepancies between the
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Fig. 9. Probability of a 127-bit block error with a perfect code.

Fig. 10. Probability of a 255-bit block error with a perfect code.

TABLE I
RATIO OF PREDICTED ERROR RATES FOR

PERFECTCODES ATf T = 0.02

block-error rates predicted by the Markov models and those pre-
dicted by the ISORA model, expressed as a ratio greater than 1,
at are given in Table I. This is the value of
used in Fig. 3. We observe in Fig. 3 that for adequate quantiza-
tion of the fading amplitude ( ), the autocorrelation of
the AFSMC model is “reasonably close” to that of the ISORA
model for to about . For there is poor
agreement in Fig. 3, and we note that there is also poor agree-

ment between the models in Table I for codes longer than 15
bits ( ).

One further trend observed as the code length is increased
is that the code performances as predicted by the three models
diverge at smaller values of . Since longer codes capture
more of the fading (are subject to more signal fluctuations across
the length of the code), it is to be expected that they will show
greater discrepancies than shorter codes, until the code length
is long enough that close to full averaging of the fading takes
place and the performances converge again.

B. Long Duration Application

The fade duration distribution problem shows how correla-
tion over a long period of time can affect system analysis. The
fade duration is the period of time a Rayleigh process’s received
signal power spends below a threshold, where is the fading
margin. The probability distribution of the fade duration is of in-
terest for developers of coding and modulation techniques [34],
[35]. Currently, there are no general theoretical expressions for
the fade duration distribution. Expressions have only been given
that approximate the distribution for very shallow and very deep
fades [36]. An analytical expression for the fade duration distri-
bution would accelerate design time, give greater insight into
the relationships between channel and transmission parameters,
and simplify further analysis. A Markov model may yield an
analytical expression for the fade duration distribution based
on Mason’s rule [37]. Prior to using an AFSMC model and
Mason’s rule to determine a fade duration distribution, we test
the validity of such a solution through simulation.

Determining fade duration distributions by computer
simulation requires discrete-time approximations of a con-
tinuous-time phenomena. The bandwidth of the simulation
must be great enough that the average length of each fade in
discrete-time units approaches the theoretical average fade
duration [8, eq. (1.3-43)] , given by

(13)

where is the variance of the underlying Gaussian process,
is the fade threshold, and is the second moment of the power
spectral density

For the ISORA ACF

and a normalized Doppler frequency of allows
sufficient bandwidth. However, for the exponential ACF

Thus, if the first-order fading model is used to calculate the av-
erage fade duration, one obtains the result 0 [from (13)],
which is incorrect.
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Fig. 11. Fade duration distribution for a�10-dB fading margin.

Fig. 12. Fade duration distribution for a�15-dB fading margin.

Fade duration distributions for the ISORA, , and 3-dB
models are presented for fades 10 dB below the mean signal
level in Fig. 11 and for fades of 15 dB below the mean signal
level in Fig. 12. The ordinate of both figures is the fade
duration, normalized by the observed mean fade duration
of each model [38]. For the 3-dB model, the bandwidth of
the system is so high that the majority of the fades are one
discrete-time unit long, giving it a coarse distribution curve.
Clearly, the first-order models are unsuitable to model fade
duration distributions, as all three curves are distinct.

The fade duration distribution application illustrates the effect
of using a first-order fading model instead of using the ISORA
fading model for wireless applications involving analysis over
a large number of consecutive samples. Interestingly, whereas
the model is closer to the ISORA model for the repetition
code application and the 15-dB fade duration distribution, the
3-dB model is closer to the ISORA model for the 10-dB fade
duration distribution. In contrast to Wang and Chang’s results,
the three models do not give equivalent results for very slowly
fading channels, when . We conclude that present
first-order AFSMC models are not suited for this application.

The ACFs for the fade duration distribution application are
shown in Fig. 13. The ACF of the and 3-dB first-order fading

Fig. 13. Comparison of autocorrelation functions for the ISORA fading model
and theJ exponential model atf T = 0:001.

model and of the ISORA fading model for are
plotted for a large number of consecutive sample separations.
The ACFs for the ISORA fading model and the first-order fading
models do not agree in Fig. 13. Again, a comparison of the ACFs
of the first-order and ISORA fading models over the number of
consecutive bits required for the application’s analysis is more
significant an indicator of the usefulness of the first-order fading
model than the information theoretic metric. A word of caution
is appropriate here. Our examples indicate that ACF compar-
isons are useful as indicators of the validity of the first-order
fading model. In some problems where the behavior of higher-
order moments significantly influences system behavior, com-
parisons of the ACFs alone may be inadequate. In such cases,
more complicated methods may be required.

V. CONCLUSION

The validity of first-order AFSMCs for the Rayleigh, flat-
fading wireless channel has been examined. For applications
requiring fewer consecutive samples, a first-order AFSMC can
be useful only in modeling very slowly fading channels. For
fast fading, an uncorrelated model may be simpler and more
suitable than a first-order AFSMC. For applications requiring a
large number of consecutive samples, a first-order AFSMC is
typically unsuitable.

To judge when an AFSMC model is valid, a test based on
comparing ACFs over the number of consecutive samples re-
quired for an application appears more effective than the infor-
mation theoretic metric of Wang and Chang.
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