.

[EEE TRANSACTIONS ON ACOUSTICS, SPEECH. AND SIGNAL PROCESSING, VOL. 37, NO. I, JANUARY 1989

[2? I. Makhoul, ‘‘Stabie and efficient lattice methods for linear predic-
tion,"* J/EEE Trans. Acoust., Speech, Signal Processing, vol. ASSP-
25, pp. 423-428, 1977.

[3] M. Mortf and D. T. Lee, 'Recursive square root ladder estimation
algorithms,'* Proc. TEEE Int. Conf. ASSP, Denver, 1980.

[4] D. T. Lee, *Canonical ladder realizations for ARMA models,”” Ph.D.
dissertation, Stanford Univ., 1980,

[5] B. Fricdlander, **Recursive algorithms for ladder forms,"”* Systems
Control, Inc. Tech. Rep., 1980.

[6] L. Messerschmitt, “A class of generalized lattice filters,”” [EEE
Trans. Acoust., Speech, Signal Processing, vol. ASSP-18, pp. 485-
492, 1980.

[7} J. Makhoul, *‘Linear prediction: A futorial review,”” Proc {EEE, vol.
63, pp. 561-580, 1975.

[8) E. J. Hannan, Multipie Time Series. New York: Wiley, 1970.

[9] H. Akaike, **Maximum likefihood identification of Gaussian ARMA
models,” Biometrica, val. 60, pp. 225-263, 1973.

[10] F. Yarman-Vural, **1dentification techniques for lincar stochastic sya-
tems,”” Ph.D. dissertation, Princeton Univ., 1981.

(i1 1. S. Konvalinka and M. R. Matausek, **Simultaneous cstimation of
poles and zeros in speech anaiysis and ITIF-iterative inverse filtering
algorithm,"" fEEE Trans. Acoust., Speeck, Signal Proce:smg. val.
ASSP-2T py. 485-492, 1979.

Significance of Initial Interpolation in Band-Limited
Signal Interpolation

B. YEGNANARAYANA, 5. TANVEER FATHIMA..
B. T. K. R. NEHRU, anp B. VENKATARAMANAN

Abstract—In this correspondence, we present an improved version
of the Papoulls algorithm for band-limited signal interpoiation. This
algorithm uses the concept of Inftial interpolation. The justificatioa for
initial interpolation is developed only through experimentst sindles.
We show that the performance of the interpolation scheme depends on
the number and distribution of the known data samples.

I. INTRODUCTION '

The problem of estimating the values of the missing samples of
a signal from partial data arises in several practical situatiops. An.

algorithm for interpolation which takes the spectral informnation into.

account was presented by Naidu and Parzmasiviah {1]. This algo-

rithm, however, did not converge fast in many cases because of”

the assumption that the initial estimates for the missing data valucs
ame set to zero. In this correspondence, we first show the need for

initial interpolation of data, and then we present an initial inters

polation scheme. We also investigate the performance of our al-

gorithmn with and without mm.l.l mterpolman for different dats dis-

tributions.

. Iumx. INTERPOLATION

In the bapd-limited interpolation problem, the general tendency
appears to be to set all the migsing samples to zero, It is not obvious
why zero should be an automatic choice. Ideally we would likc an
estimate which is not only consistent with all the available infor-
mation, but which is also maximaily noncommistal with regard to
the unavailable informarion. We develop an empirical approach to
initial interpolation based oo some heuristic arguments. We pro-
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pose that the interpolated value be made of two components—one
dependent on the given data, and the other a noise component, that
is added to increase the uncertainey.

A. Data-Dependent Component

We have examined some of the standard (linear and polynomial)
interpolation techniques and also a relaxation procedure which was
proposed as a constraint propagation aigorithm {2]. We found that
the relaxation procedure performns better compared to the standard
interpotation techniques. This procedure is described by the equa-
tion

(1) = Cao(m) + oS r(n = 1) + xy(n + 1] (1)

where

x;(n) = interpolated value of the nth instant at the end of the
ith iteration; wherever appropriate, known values are
used forx;(n ~ 1)and x; _(n + L)
= i/N = confidence factor;
N = number of iterations for the initial interpolation.

The relaxation procedure exploits the constraints supplied by the
known sample values by propagating these to even farther away
unknown samples. Thus, the available information is more effec-
tively used through this procedure than by the standard interpola-
tion techniques.

B. Noise Component

The *‘dependency'’ relation between samples of a signal be-
comes weak when the known samples are far apart. A noise com-
ponent y(n) was chosen to add a randomizing feature to the un-
known sample vaiues.

4¥(n — n)(n — )
(nz — )

y(r) = (2)

where

n, and n, are the instants of the two consecutive known samples
y{n} = noise value at the sample instant n
¥ = a andom oumber uniformly distributed between
maximum and minimum values of the known sam-
ples. -

The two components are combined to given the initially inter-
polated signal as

2(n) = Cyx(n) + Coy(n) (3)

where C; and C; are usually set to 1. But for a given data, some
optimal values for C, and C, can be obtained experimentally.

C. An Example

We illustrate our iterative signal interpolation method through
simulated examples. We consider a signal of the type

s(n) = a, gin (2xf,aT5 + 8,) + & sin (22T + &) (4)

where Ty = 1/256, a; = 1.25, 2, = 1.50,8, = =/}, & = x /2.

The data were generated by multiplying the complete signal s{n)
with a random sequence of ones and zeros. Fig. 1{a) shows the
signal for f; = 10 and /; = 12, and Fig. 1(b) shows its spectrum
(log magnitede). Fig. 1(c} shows a data dismibution obtained by
selecting 10 percent of the signal samples. Fig. 1{e) shows the in-
terpolated values, In this, 20 iterations of the relaxation procedure
were used. The spectra of the data distribudon and that of the is-
terpolated sequence are shown in Fig. 1(d) and (f), rcspectively.
We notice that the signal peaks stand out much better in Fig. ()
than in Fig. 1(d). The contribution of the noise componem u W0

0096-3518/89/0100-0151501.00 © 1989 [EEE



Soy

0
50
(a) )
20 Khl’ ‘[P'ff"h'l
0 0
-20f

(c) (d)
o W

[ 1 »

(e} (f)

g <

Log mag indB

Log mag In dB

tog mag in dB
1]
"~
[=]
|

I @
0 Y =
vl =
g -sop
3
® -
o' 128 258
Ti-mo in samples Frequency in sgmples-
Lo
4%
o @
Q 1§ B

Humber af iterations
Fig. 1. Tllustration of the proposed algorithm for interpolation of & low-
frequency signal. (a) Original time domain signal. (b} Spectrum of the
original signal. (c) Partial data consisting of 10 perceal of the original
signal. (d) Spectrum of the partial duts, (=) {nitial intzrpolated signal
using relaxation and noise. () Spectrum of the initial interpolated signal.
(g) The reconstructed signal. (h) Spectram of the reconuructzd signal.

(i) Mean square error with (dotted curve) and without initisl interpols-
tion.

reduce the effect of low-{requency bias produced: by the relaxation
procedure,

To extend the imterpolation scheme to handle high-frequency
signals as well, we can modify the procedure as follows. Given the
knowledge of the band location, we can fGnd the center frequency
Jfo The data can then be used to demodulate the data by multiplying
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Fig. 2. Ilustration of the performance of the initial interpolation method
for different percentages of known samples in the data. The ratio (rp. )
of mean-square errors with and without initiai interpolation after 5 in-
terations is plotted for this iliustration; (a} for a low-frequency signal;
(b} for a high-frequency signal.

it with cos w,n. This demodulation transtates the data spectrum to
a low-frequency band. Now the relaxation technique can be ap-
plicd. The original spectral band can then be recovered through
remodulation by multiplying the interpolated data with cos w,n.

Ta these initially interpolated data, the Papoulis algorithm as
given in [1] is applied. In order to evaluate the performance of our
iterative procedure, we adopt the mean-square error of the recon-
structed samples from the original samples as the error criterion.
The convergence performance can be seen by the error curves of
Fig. 1(i), where the mean-square errors with and without the initial
interpolation procedure are plotted against the number of itera-
tions. For a given number of iterations, it can be seen that the error
is significantly smaller with initial interpolation than without.

II. PERFORMANCE EVALUATION
A. Effect of Sample Distriburion on Reconstruction

A study wis copducted to investigate whether the way in which
the data samples are distributed affects the reconstruction. Assum-
ing 10 percent for the known signal samples, the error curves for
different sample distributions were obtzined. In most cases, the
asymptotic value of the error is lower with initial interpolation than
without, In the extreme case of a cluster of known samples, the
proposed initial interpolation does not work, as this cormmesponds to
extrapolation.

The performance for differcnt percentages of samples in the data
is illustrated in Fig, 2. It shows the piot of the ratio of the mean-
square error with and without initial interpolation versus the per-
centage of andomly disaibuted samples in the data. Two curves
are shown, oae for a low-frequency signal ( f; = 10, f; = 12), and
the other for a high-frequeccy ( f; = 140, f; = 150) signal. The
curves show that the performance is best when the percentage of
known samples is within a certzin range. When the percentage of
the known samples is too low ( <5 percent) or too high (>50
percent), the effect of initial interpolation is not significant. This
is understandable because, in the former case, the known samples
are oo few for any interpolation scheme to work properly. o the
latter case, the known samples are sufficient to indicate the spectral
peaks clearty, and hence no further spectral peak enhancement
would be truly necessary.
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