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Abstract—Autoregressive modelling includes a model identification procedure, that is, it is necessary to choose
the order of the autoregressive (AR) process that best describes the given finite record (frame) of the signal. Four
previously suggested procedures to choose the “best order” of AR processes have been tested: The “first zero
crossing” of the autocorrelation function (FZC), the “final prediction error” (FPE), “Akaike’s information
criterion” (AIC), and the ““criterion autoregressive transfer-function” (CAT). It was found that: (i) For more than
98% of the 1280 frames of Doppler signals analyzed the order selected by the various criteria was ten or less. (ii)
For the same records of Doppler signals, FPE, AIC and CAT behave in a very similar manner, but the FZC
criterion underestimates the order in relation to the others. (iii) For true AR processes, the order selected is
frequently different from the true AR order when frames of 64 samples are used. When more samples are used
FPE, AIC and CAT tend to select the correct order. (iv) The effect on the spectral estimate of using too high a
model order is usually insignificant, while using too low an order can change the estimate more dramatically, that
is, overestimating the model order is better than underestimating it.
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Autoregressive model order.

1. INTRODUCTION

Doppler ultrasound is widely used as a noninvasive
method for the assessment of arterial blood flow.
Under ideal conditions the Doppler power spectrum
has a shape similar to the histogram of the blood
velocities within the sample volume and thus spectral
analysis of the Doppler signal produces information
concerning the velocity distribution in the artery
(Evans et al. 1989).

The estimation of the power spectral density of
the Doppler signal is normally performed by applying
a Fast Fourier Transform (FFT) directly to the sam-
pled signal. This technique of transforming the data
directly is referred to as the periodogram approach.
The periodogram produces fairly good results for the
typical analysis regime used (128 frequency compo-
nents every 10 ms). For short data lengths, however
the FFT-periodogram technique suffers from poor
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statistical stability and poor spectral resolution (Kay
and Marple 1981), and autoregressive (AR) model-
ling has been shown to give better results (Kitney and
Giddens 1986; Kaluzynski 1987; Vaitkus et al. 1988).
The AR method has been implemented in real-time
by Schlindwein and Evans (1989).

Autoregressive modelling includes a procedure
for model identification, that is, it is necessary to
choose the order of the autoregressive process that
best describes the finite duration of signal available
(frame). This paper is concerned with the behaviour
of four techniques which have been suggested for
identifying the ‘“best order” of AR processes: The
“first zero crossing” of the autocorrelation function
(FZQC), the “final prediction error” (FPE), “Akaike’s
information criterion” (AIC), and the ““criterion au-
toregressive transfer-function” (CAT). The study is
comprised of four parts. Firstly, the recommended
“best orders” for describing 256 frames of 64 samples
of five different kinds of Doppler signal using the four
criteria were evaluated. Secondly, sets of a thousand
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realizations of true AR processes were created (each
realization consisting of 64 samples), using autore-
gressive coefficients corresponding to selected frames
of a real signal, and the statistical performance of the
different procedures for identifying the true AR order
were tested. Thirdly, the effect on the behaviour of
the techniques of using larger frames was studied by
creating sets of 128 and 256 samples, with the same
known coeflicients, and testing the statistical perfor-
mance of the techniques to identify the order. Finally,
the effect of choosing an order different from the rec-
ommended one was assessed by modelling the se-
lected frames with higher and lower orders and cal-
culating the corresponding estimates of the power
spectra.

2. THE AUTOREGRESSIVE POWER
SPECTRAL DENSITY ESTIMATE

Spectral estimation techniques can be seen as
attempts to fit measured data to an assumed model.
The autoregressive model assumes that the current
value of a process, x,, can be described by a finite
linear aggregate of the previous values of the process
and the current value of a white noise driving signal,
n,. An autoregressive process of zero mean and order
“p” 1s defined as (Box and Jenkins 1976)

Xn = Ny — Q1 Xp—1 — A2Xp—3

T3 X3t — ApXuyp. (1)

The autoregressive model contains p + | param-
eters which are estimated from the data: the p coeffi-
cients and the variance of the white noise. The esti-
mation of these parameters for the AR model results
in linear equations (Yule-Walker equations), which
are computationally easy to implement (Kay and
Marple 1981). An alternative (and faster) recursive
method for calculating the Yule-Walker estimates of
the autoregressive parameters is provided by the Le-
vinson-Durbin algorithm (Kay and Marple 1981).

Once the parameters are computed, the AR
power spectral density estimate of the data is given by

p
S(f) = o*T/| 2 alnmyexp(—j2xfnT)|? (2)

n=0

where o° is the variance of the white noise driving

function, 7 is the sampling period, and a(0) = 1.
Notice that eqn (2) refers to a continuous function,
S(f), computed from a finite discrete series of param-
eters, a(n), T, and 2.

2.1. Maximum entropy method (MEM)
Maximum entropy spectral estimation is based
upon an extrapolation of the known values of the
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autocorrelation function (or estimate) using the au-
toregressive model as the basis for the extrapolation.
Supposing that p + 1 values of the autocorrelation
function, R,.(0)to R..(p), are known, the maximum
entropy extrapolation of the autocorrelation is

rodn) = Ro{n) for |n|<p

Fed) = —i a(kyrodn — k) for |nl>p (3)
k=1

and the MEM power spectrum density estimate is
given by
M-1

Stky=T 2 ro(nexp(—j2rknT). 4)

Since the true autocorrelation function (ACF) of the
process is not known, the biased estimate of the ACF
given by

N—k—1

Rull) =+ > XX (n+ R, (5)

N

is used since it has less variance than the unbiased
estimate for finite data sets (Box and Jenkins 1976).

VanDenBos (1971) proved formally that for
M — o0, eqn (4) is equivalent to eqn (2) for the
one-dimensional case, that is, for sufficiently long ex-
trapolations of the ACF, the MEM and the AR power
spectral density estimates (PSDE) are the same.

In this study, the coefficients of the AR model
were calculated using the Levinson-Durbin recursive
algorithm with the biased estimate of the autocorre-
lation function (eqn 5), and the power spectrum, es-
timated according to the MEM approach (eqn 4 with
M = 128).

3. FOUR CRITERIA TO ESTIMATE
THE “BEST ORDER”

Four model identification procedures were im-
plemented. The first zero crossing criterion (FZC),
proposed by Kitney et al. (1986) chooses as the order
for the AR model the point where the autocorrelation
function crosses the time-lag axis. The FZC is in-
tended to provide a “reliable means of obtaining the
minimum model order consistent with adequate low
frequency resolution” (Kitney et al. 1986). The other
three criteria select as the order of the AR process the
value which minimizes a function of the order, and
differ only with respect to the kind of function used.
The ““final prediction error” criterion (Akaike 1969)
was defined as

N+k+1

R

a(ky? (6)
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where N is the number of samples in the frame, & is
the trial model order and o(k)?, the variance corre-
sponding to the order k. By scanning k successively
from | to some upper limit L, the model order is
given by the k& which results in a minimum of FPE(k),

k=1,2,..., L. The function consists of two compo-
o (k)2
a)
k
N+k+1
N-k-1
b)
k
FPE (k)
c)
k

Fig. 1. (a) The variance of the residuals, a(k)?, as a function
of the order, k, for an individual frame of 64 samples (k
ranging from ! to 32), (b) the weighting function for the
FPE, representing the bias of the estimation of the AR
coefficients, according to Akaike (1969), and (c) the corre-
sponding “final prediction error” function.

Table 1. The sampling frequencies and corresponding
frequency ranges and frame lengths.

Sampling frequency Frequency range Frame length

40.96 kHz 20.48 kHz 1.563 ms
20.48 kHz 10.24 kHz 3.125ms
10.24 kHz 5.12 kHz 6.25 ms
5.12 kHz 2.56 kHz 12.50 ms
2.56 kHz 1.28 kHz 25.00 ms

nents: the variance (mean square error of the estima-
tion) monotonically decreases with the order (Fig.
la), while the first term, representing statistical de-
viation (bias) of the estimation of the AR coefhicients
from the true a(n), increases with the order (Fig. 1b).
As the product of these two components, the FPE
function should have a minimum (Fig. 1c) corre-
sponding to an autoregressive model of an order for
which the bias is not very significant and at the same
time would not produce a too big mean square pre-
diction error (Akaike 1969).

In 1974 Akaike revised his definition of FPE and
proposed an alternative “minimum information the-
oretical criterion” (Akaike 1974) defined as

AIC(k) = =2 In(ML) + 2k, )]

where ML is the maximum likelihood estimate of the
k AR parameters. This technique minimizes an esti-
mate of a theoretical “information function™ as the
criterion of fitness of the model. In the same paper
Akaike suggested. that, for a stationary zero-mean
Gaussian process, N times the variance could be used
in place of the log-likelihood: This was interpreted by
Kay and Marple (1981) as

AIC(k) = In(a(k)?) + (2k + 1)/N, )

and it is this second form that has been used in this
study. Finally, the “criterion autoregressive transfer-
function” (Parzen 1975)

1 ¥ N—j ]

CAT® :[JTJ Z No(Y

_ N-k
Na(k)

&)

chooses the order of the AR process by minimizing
the overall mean square error estimate of the infinite
autoregressive transfer function of the filter which
transforms the time series back to its innovations
(white noise).

4. MATERIAL AND METHODS

The hardware of the system used for this investi-
gation is comprised basically of a Research Machines
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Table 2. The sources of the five signals used for the study.

Signal 1 —Common femoral artery of an adult volunteer, 8 MHz
CW Doppler unit, sampling frequency = 10.24 kHz.

Signal 2—Common carotid artery of an adult volunteer, 8 MHz
CW Doppler unit, sampling frequency = 10.24 kHz.

Signal 3—Middle cerebral artery of a neonate, 5 MHz PW
Doppler unit, sample length = 3 mm, sampling frequency
= 10.24 kHz.

Signal 4—stenosed common carotid artery of a patient, 3 MHz
PW Doppler unit, sample length = 8 mm, sampling frequency
=20.48 kHz.

Signal 5—stenosed ascending aorta of a patient, 1.9 MHz CW
Doppler unit, sampling frequency = 10.24 kHz.

Nimbus PC2 (8 MHz 80186 based personal com-
puter), a heterodyne unit built in our laboratory, a 16
bit 17 us analog-to-digital converter (ADC), and an
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analog interface with amplifier and antialiasing filter
(Schlindwein et al. 1988).

The input to the ADC is a single channel audio
signal. The forward and reverse audio outputs of a
bidirectional Doppler velocimeter are mixed and off-
set about a programmable heterodyne frequency of
500 Hz, 1 kHz, 2 kHz, 4 kHz or 8 kHz, and sampled
with one of the programmable sampling rates given
in Table 1. The sampling rate and the heterodyne
frequency are chosen by the operator in such a way
that the full range of frequency analysis is used with-
out aliasing. The operator has real-time AR sono-
grams as a feedback (Schlindwein and Evans 1989)
while choosing the combination of sampling fre-
quency and heterodyne setting,.

The Doppler audio signals were sampled and
segments corresponding to up to 6.4 s were stored as

16 FZC
—— ~ -~ . T Y\.dw"hv e — h e - .
16 |\ FPE

16; AIC

16, car

Time

Fig. 2. AR sonogram from signal 1, together with the evolution of the “best orders™ with time, according to the
four criteria. Notice that FPE, AIC, and CAT are very similar but the orders have no obvious correlation with the
sonogram. FZC presents, as expected, an inverse correlation with the mean frequency of the signal.
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disk files. The waveforms analyzed included signals
from normal common carotid and common femoral
arteries of adult volunteers, the middle cerebral artery
of a neonate, a stenosed common carotid artery, and
an ascending aorta distal to an aortic stenosis, ac-
cording to Table 2.

The signals were read from the disk files and
analyzed off-line in frames of 64 samples in the mi-
crocomputer (using Pro Fortran 77). The spectral
estimation produced 128 components according to
eqn (4).

Initially all four criteria were applied to all the
signals, to find out what sort of order is recom-
mended by the various techniques to describe general
Doppler signals, and also to verify whether the differ-
ent criteria would or would not result in different
orders for the same records (frames) of Doppler sig-
nals.

The recommended “best orders” were plotted
together against time (frame number), in an attempt
to identify any similar behaviour amongst the differ-
ent criteria, and against the corresponding sonogram
(Fig. 2) to highlight correlations between the fre-
quency content and the order of the model. The his-
tograms of Figs. 3-7 illustrate the relative occurrence
of orders, from 1 to 16 (estimates of above 16 are
plotted as 16) for the five signals used in this study.

LEICESTER ROYAL INFIRMARY - COPPE/UFRJ
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Fig. 3. (a) AR sonogram of signal 1—Doppler signal from
the common femoral artery of a healthy volunteer, and
normalized histograms of the “best orders” according to
the four criteria: (b) First zero crossing, {(c¢) final prediction
error, (d) Akaike’s information criterion, and (e) criterion
autoregressive transfer function, for the 256 frames.
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Fig. 4. (a) AR sonogram of signal 2—Doppler signal from
the common carotid artery of a healthy volunteer. The his-
tograms correspond to those of Fig. 3.

As can be seen in Fig. 2, apart from FZC, the
other three criteria behave in a very similar fashion,
predicting the same order for most of the frames.
These results are in agreement with those of Jones
(1974). None of the criteria predicted an order of
bigger than 17 for any of the 1280 frames analyzed,
and for more than 98% of the frames the order se-
lected was 10 or less. There was no obvious correla-
tion between the orders selected by FPE, AIC, or
CAT and the spectral characteristics of the sonogram
at that point. There is an evident correlation between
the FZC criterion and the sonogram, as expected (the
smaller the frequency, the bigger the FZC), but the
FZC criterion produces underestimation of the
“best”” order when compared to the other three
methods and also when used with simulated true AR
processes (see section 5).

5. THE PERFORMANCE OF THE MODEL
ORDER ESTIMATION TECHNIQUES
WITH TRUE AR PROCESSES

If the Doppler signals can be described by an AR
model of a certain order, a good technique to identify
the model would be one that, for true autoregressive
processes created with “real world” coeflicients, cor-
rectly identifies the model order.

A simulation was set up to find out how well the
different criteria work in these circumstances. For the
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Fig. 5. (a) AR sonogram of signal 3—Doppler signal from
the middle cerebral artery of a neonate. The histograms
correspond to those of Fig. 3.

simulation, six sets of 1000 realizations of true AR
processes of known order were created and submitted
to the four criteria.

Six particular frames from the signal 1 were cho-
sen (three of them are shown in Figs. 8a—10a) and the
coeflicients corresponding to the order recom-
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Fig. 6. (a) AR sonogram of signal 4—Doppler signal from a
stenosed common carotid artery. The histograms corre-
spond to those of Fig. 3.
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Fig. 7. (a) AR sonogram of signal 5—Doppler signal from
a stenosed Aorta. The histograms correspond to those of
Fig. 3.

mended by FPE (AIC and CAT agreed) for these
frames were used as the AR coefhicients to create the
realizations of the AR processes used for the simula-
tion (see Appendix and Table 3). Sets of 256 pseu-
donormal random numbers were generated and sub-
mitted to the AR filter defined by those coeflicients.
The last 64 values of the 256-valued output sequences
of the AR filter were used as the realizations of the
simulated AR process, in order to allow the filter to
stabilize.

The “best orders” selected by the four criteria in
1000 realizations of each of the six processes were
computed and the corresponding histograms of the
occurrence of the orders for three of them are pre-
sented in Figs. 8—10. In all cases the histograms of
FPE, AIC, and CAT present a local maximum corre-
sponding to the true order, the three criteria behaving
in a very similar manner. The FZC badly underesti-
mated the correct order in all cases and we do not
present the FZC histogram. Instead the true AR
power spectral density function is shown in each of
Figs. 8b-10b.

For the AR processes created with the coeffi-
cients of frames 43 and 45 (orders 6 and 5, respec-
tively) the three criteria (FPE, AIC, and CAT) present
a very strong (wrong) peak corresponding to order 2
in the histogram of “best orders” (Fig. 8).

For the other simulations (Figs. 9-10), the histo-
grams representing the frequency of selection of the
order of the model for FPE, AIC, and CAT presented
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Fig. 8. According to FPE, AIC and CAT, frame 43, marked

in (a), is best described by an AR model of order six. These

six coeflicients (Table 3) were used to create 1000 realiza-

tions of the AR process whose theoretical spectrum is given

in (b). The normalized histograms of the orders found by

FPE, AIC, and CAT are presented respectively in (c¢), (d),
and (e).

a peak at the correct order, but for Fig. 9 the criteria
more often produced an underestimation of the order
than the correct model order.

6. EFFECTS OF USING LARGER FRAMES
(128 AND 256 SAMPLES)

Observing the histograms of Figs. 8-10, it can be
seen that none of the four methods can consistently
estimate the correct order of short segments (frames
of 64 samples) of AR processes. In order to verify if
this behaviour is due to intrinsic lack of stability of
the methods themselves or to statistical fluctuations
of the simulated short segments of the “pseudo AR
processes” used in the simulation, two other simula-
tions were performed.

Firstly, the procedure described in section 5 was
repeated, but this time 1024 pseudonormal values
were used as the inputs to the AR filter in order to
allow for better transient stabilization. The results
showed the same kind of scattered histograms as Figs.
8-10. Transient effects of the application of the AR
filter were ruled out as the cause of the problem.

Secondly, frames of 128 and 256 samples were
generated using the coefficients corresponding to
frame 60 of the signal 1, according to the same tech-
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Fig. 9. Frame 60, marked in (a), is best described by an AR

model of order six. The six coefficients were used to pro-
duce histograms as described in Fig. 8.

nique described in section 5, and the histograims cor-
responding to the orders selected for these’ larger
frames of the same underlying AR process were gen-
erated. Figure 11 presents the histogram correspond-

LEICESTER ROYAL INFIRMARY - COPPE/UFRJ

a)
‘ e

/ -N’“\ A
b) c)
d) e)
|

Fig. 10. Frame 92, marked in (a), is best described by an AR
model of order: six. The six coefficients were used to pro-
duce histograms as described in Fig. 8.
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Table 3. The coeflicients used in the simulations
of AR processes.

Frame 43—order recommended = 6
a(lto 6) = —0.7016, 1.0240, 0.2093, 0.0487, 0.1764, 0.2162

Frame 45—order recommended = 5
a(lto5)=—-0.9380, 1.1127, —0.0454, —0.1594, 0.2665

Frame 60—order recommended = 6
a(lto6)=-0.2537, 1.0138, —0.2322, 0.4718, 0.2134, 0.1903

Frame 63—order recommended = 7
a(lto7)=—-0.4650, 1.3020, —0.5012, 0.7128, 0.2514, 0.2216,
0.2696

Frame 86—order recommended = 5
a(lto5)=-0.9332, 1.2862, —0.2756, 0.1502, 0.2688

Frame 92—order recommended = 6
a(l to 6) = —0.9424, 1.0181, 0.0733, 0.0904, 0.0676, 0.3532

ing to using 256 values/frame (compare with Fig. 9,
where 64 values were used). From these, it could be
seen that the larger the frame, the better the FPE,
AIC, and CAT techniques behaved in estimating the
correct order, six, for the underlying AR process. This
seems to show that the three techniques are good in
the sense that they converge to the correct order as
the number of samples used to describe the process
tends to infinity. This practical result seems to con-
tradict the theoretical claim by Kashyap (1980), that
the AIC is inconsistent for the estimation of the order
of AR models.

Our tests show that for too short segments the
determination of the correct order for the AR process
is a problem and that this seems to have to do with
the intrinsic instability of the data itself, and not to a
failure of the techniques for selecting the order. Un-
fortunately the length of the data segment cannot be
arbitrarily increased to permit accurate model order

c)
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estimation because the maximum length of data that
can be validly used for a single PSDE is related to the
stationarity of the Doppler signal. Indeed a major
advantage of the AR modelling over the traditional
Fourier technique is that it allows the use of short
data segments that fulfill the stationarity require-
ment.

7. EFFECTS OF UNDER/OVER
ESTIMATING THE ORDER

Since none of the methods seem to consistently
predict the correct order of true AR processes when
short frames are used, under/overestimation of the
order of the model will occur. Because of this, the
effects of the wrong selection of the model order on
the power spectral density estimation were investi-
gated.

For a large selection of individual frames of real
Doppler signals, the power spectrum was first esti-
mated by the AR model using the order recom-
mended (by FPE, AIC, and CAT). Then, the spec-
trum was re-estimated using a model with orders
below and above the recommended one. The results
indicated that choosing an order above the “correct”
one does not affect the estimated spectrum as much
as underestimating the order. In some cases, even
doubling the order did not have significant effect on
the resulting spectral estimate. The same procedure
was carried out with individual frames of the simu-
lated AR processes of section 5 with similar results. It
seems than that although the estimation of the orders
did not work well, when a model of order above the
true order of the underlying process is used, the spec-
tral density estimates are similar to the true power
spectrum of the process. The costs associated with

b}

d)

0

Fig. 11. The normalized histograms corresponding to the “best orders™ found by (a) FZC, (b) FPE, (c) AIC, and
(d) CAT for the simulation of 256 realizations of an AR process created with the six coefficients of frame 60 from
signal 1 (marked on Fig. 9), using 256 samples/frame.




89

Autoregressive models for spectral analysis @ F. S. SCHLINDWEIN and D. H. EvANS

a)

A

frequency —»

L

i

W=

=

b)

i3,

g S:./f \\

= 12(c),

3(b),and p

AT L 1 g

x\\\\\\\\\\\\\\\\\\\\.\\ﬁ
\\\ §§\\\\\\

. i
m \w\&w\\“\\\\\\ / p%%
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using a higher order for the model are that the com-
putation time increases (Schlindwein and Evans
1989), and also, if an integer word Digital Signal Pro-
cessor is used to estimate the AR coefficients recur-
sively (for real-time applications), the errors asso-
ciated with the computation of the coefhcients be-
come greater.

To illustrate the statistical variability of using
short length records (64 samples) and the effect of
choosing a fixed order smaller or bigger than the rec-
ommended one (the true AR order was p = 6 in this
case), the maximum entropy AR spectral estimation
has been applied to the first 150 realizations of the
simulation corresponding to Fig. 9, but using a fixed
order, p = 3 and again for p = 12. The theoretical true
AR amplitude spectrum (calculated using eqn 2 with
the true coefficients) is shown in Fig. 12(a) and the
evolution of the spectrum estimates (using p = 3 and
p =12 and eqns 3 and 4) are shown in Figs. 12(b) and
12(c), respectively. From the figure it is seen that for p
= 3 the main peak is present, but the smaller one is
not. When using order p = 12 the general pattern of
two peaks and their approximate frequencies are re-
vealed, but there is still considerable degree of varia-
tion from one realization to the next.

8. SUMMARY

Autoregressive modelling requires, as part of the
implementation procedure, the choice of the AR
model order. Four previously described techniques to
estimate the order of autoregressive processes were
implemented, their general behaviour in estimating
the order of Doppler signals was observed, and their
performance in estimating the order of truly AR pro-
cesses, evaluated. Three of the four techniques be-
have in a very similar manner. These are the “final
prediction error,” the “information criterion,” and
the “criterion autoregressive transfer-function.” The
“first zero crossing” technique appears to underesti-
mate the order in the cases studied.

For the Doppler signals used in this study the
order selected by FPE, AIC, and CAT ranged from 2
to 10 in 98% of the frames. Seventeen was the maxi-
mum value selected for the order of a particular
frame of the set of signals used. The orders selected do
not seem to correlate with the spectral characteristics
of the Doppler signal and fluctuate erratically from
frame to frame. In order to study the statistical be-
haviour of the orders selected according to the var-
ious techniques, further studies using true AR pro-
cesses were carried out.

In six simulations in which 1000 realizations of
64 samples of true AR processes (with orders ranging
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from 5 to 7 and using coefficients found from real
Doppler signals) none of the techniques performed
very well in estimating the correct order (Figs. 8~10).
Indeed, wrong order identification occurred more
frequently than correct order identification. Wrong
order selection seems to be due to the statistical varia-
tions of the process when very few samples of it are
used rather than any intrinsic problem of the tech-
niques—when larger frames are used the order selec-
tion gets better.

The effects of choosing the wrong order for the
AR model on the power spectral estimates were in-
vestigated and our results indicate that if a sufficiently
high order is selected, the spectral estimate is stable
and corresponds to the underlying AR process.
Therefore although it is difficult to correctly identify
the model order for a short segment of Doppler sig-
nals, AR spectral estimation can still be used to derive
a good spectral estimate of that segment.

9. CONCLUSION

It seems that none of the four techniques for AR
model order estimation tested works well for short
segments of Doppler signals. When larger frames are
used, FPE, AIC, and CAT tend to select the correct
AR model order. Overestimating the order of the AR
model introduces less error in the spectral estimation
of the signal than underestimating it. The practical
implication of this is that, although the model order
selection techniques could be implemented in real-
time, a fixed order implementation seems to be a
reasonable approach, and an order of 10 to 12 should
produce good results for Doppler signals (if the sam-
pling rate is correctly chosen), since this would corre-
spond to overestimating the AR recommended order.
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APPENDIX

Description of the technique employed to implement the
simulated realizations of the autoregressive processes used to evalu-
ate the performance of the model order selection techniques:

I. An array of 256 “pseudonormal’ numbers, R(/) was generated,
each of them created by adding 16 pseudorandom values uni-
formly distributed:

16

R(i) = 2 (FORTRAN random numbers) /= 1 to 256,
P

2. R(i) was demeaned i = 1to 256,
3. R(J) was submitted to the AR filter described by the p coeffi-
cients, a(k), generating the autoregressive sequence:

AN =R@@) i=1top,
A = AG) — i a(k)A(i — k) i=p+1to256,
k=1

4. The last 64 samples of A(/) were demeaned and used as thc
realization of the AR process.

The sequence 1 to 4 was performed 1000 times to generate
the 1000 realizations of the AR processes used in the simulations
whose results are presented in Figs. 8 to 10. For the simulation
corresponding to frames of 128 and 256 samples, 1024 “pseudo-
normal’’ numbers were generated and submitted to the AR filter.
The last 128 (256) were used as the realizations of the AR processes
mentioned in section 6. Only 256 such realizations were used in
section 6.





