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Abstract

This paper proposes a new method of displaying and
analyzing evolutionary correlation structure of nonsta-
tionary signals. The method, called time-correlation
analysis (TCA), is based on a filter-bank approach for
stochastic signal characterization known as parametric
filtering. Some properties of the TCA method are dis-
cussed that can be used to interpret the TCA plot. Ex-
amples of an application to speech analysis are given.

1. INTRODUCTION

Characterization of correlation structure is often the
first step in second-order analysis of stochastic signals.
There are two traditional ways of characterizing the
correlation structure of a stationary signal: one is to
use the autocorrelation function (ACF) in the time
domain and the other is to use the spectral density
function (SDF) in the frequency domain; both func-
tions have distinct features that compensate for each
other — the ACF describes linear relations among con-
secutive random samples in the time domain, whereas
the SDF depicts the power distribution over different
frequencies.

With a sliding analysis window for time-domain lo-
calization, the SDF has been successfully extended to
nonstationary random signals, resulting in a three-
dimensional time-frequency-intensity portrait known
as the spectrogram. The ACF, however, is less suc-
cessful when extended to nonstationary signals, due
partly to the lack of effective visualization methods —
sometimes a movie has to be used in order to effec-
tively display time-varying sequences of ACF’s [1].

This paper presents a new graphical method, called
time-correlation analysis (TCA), for displaying the
evolutionary correlation structure of nonstationary
random signals [2]. The TCA method is based on a
recently proposed approach of time series characteri-
zation, known as parametric filtering [3]. The gist of
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the parametric filtering approach can be summarized
as follows: (i) take a parametric filter (a filter bank)
Hp(z) indexed by a parameter § (discrete or contin-
uous valued); (ii) filter the (zero-mean) signal X; to
obtain X(5) = Hp(z) X¢; (iii) use an output statis-
tic, such as the lag-one autocorrelation p(3), of X(3)
to characterize the signal X;. The filter bank is so
designed that p(3) uniquely determines the correla-
tion structure of X;. Classical examples of such filter
banks are repeated summing and differencing [3], [4].
In this paper, we employ a more flexible parametric fil-
ter, called a complex exponential filter, and investigate
some aspects of the resulting characterization function
p(8) when used to display time-varying correlation of
nonstationary signals.

2. TIME-CORRELATION ANALYSIS

To obtain a TCA portrait of evolutionary correla-
tion structure, the parametric filtering approach first
passes a windowed signal (localized at time t) through
the complex exponential filter
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where o« = nexp(—j6); then it calculates the lag-one
autocorrelation, p¢(«), of the filtered signal; the new
characterization function, known as the demodulated
lag-one autocorrelation, is defined by [3]

Yo.0(n) = R{e pi()} (—1<n<1).

With ng, (k= 1,---,m), uniformly spaced in (—1,1)
and 6 fixed in [0, 7], the TCA method plots g (k)
as time series. An example of the TCA plot is shown
in Fig. 1, where the signal is a waveform of the word
“fish” spoken by a male speaker; the signal has added
white Gaussian noise so that SNR = 25 dB [5].

For a stationary signal with ACF
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some results have been obtained in [3] that justify the

use of va(n) = ve,(n) as characterization functions.
In particular, it may be shown that the function 74 (n)



uniquely determines R(7) for almost every 6. In other
words, information about the correlation structure of
any stationary signal is completely preserved in 74 (n)
as a function of . Similar properties still hold approxi-
mately for nonstationary signals under the assumption
that the correlation structures evolve slowly relative to
the length of the analysis window.

Unlike the spectrogram, the TCA plot describes
nonstationary signals in terms of correlation (hence
the name of the method) rather than power spectral
density. However, with the frequency parameter 6
controlling the center frequency of the filter H/(z),
the TCA method also possesses frequency selectabil-
ity, which is desirable from the viewpoint of (Fourier)
spectral analysis. As such, the TCA method may be
regarded as one that provides a new domain of sig-
nal characterization, sitting between the time and the
frequency domains.

Also, unlike the spectrogram, which primarily em-
phasizes discrete spectral components (though desir-
able in some applications), the TCA plot combines
both discrete and continuous spectral components of
the signal. The combined information is integrated
into the lag-one autocorrelation which can be easily
interpreted as the center of spectral mass of the fil-
tered signal.

3. SOME GRAPHICAL PROPERTIES OF TCA

Given a stationary signal with ACF R(7), it may be
shown [3] that, for any fixed 6, the mapping

R(7) = 7p(n)

transforms the ACF into a monotone and smooth func-
tion of n € (=1, 1). This monotonicity makes the TCA
plot easy to display — in fact, there is no need to in-
troduce a third dimension, such as brightness or color,
for displaying the TCA plots, because the trajectories
of vg,.(n) as time series almost never cross each other,
as we can see from Fig. 1.
If X, is white noise, then we have

Yo(n) =1

for any 6. This property can be used as a benchmark
in some applications for time series discrimination and
change detection [3]. For the example in Fig. 1, the
property is manifested as nearly uniformly spaced lines
at the beginning of the TCA plot (about ¢t = 1-350),
corresponding to the background white noise before
the word “fish” starts [5].

For the vowel sound /i/, the TCA lines cluster near
+1, as can be seen in Fig. 1 for ¢ = 750-1700. The
dominant frequency principle is primarily responsible

for this behavior. In fact, if the signal is a pure tone
with X; = Acos(wot + ¢) for some wgy € (0, ), then,
it may be shown that

Yo(+17) = w_ cos(wg — ) + (1 —w_) cos(wgy + 0),

Y9(=11) = wy cos(wg — 0) + (1 — wy) cos(wp + ),

where wx € (0, 1) are certain weights. Using the Tay-
lor series expansion, one further obtains

[70(+17) — cos(wo)|
[76(=17) — cos(wo)
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Because 7y (n) is monotone, we have

|70(n) — cos(wo)| < 0

for all n € (—1,1). This implies that when 6 is small
the TCA lines will cluster near the value of cos(wy).
In Fig. 1, we took 8 = 0.057. Thus the clustering of
the TCA lines near +1 for ¢t = 7501700 indicates the
presence of dominant low frequency components.

To further investigate the range of TCA lines, con-
sider the case where X; is a band-limited stationary
signal with (normalized) SDF
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and spectral support Q C (—m,7]. Assuming f(w) is
sufficiently smooth in 2, it may be shown [2] that
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Similarly, we obtain [2]

-1 it €0
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where 0/ = 0+ 7 if 6 € (—x,0] and ¢ = 0 — 7 if
6 € (0, 7]. This implies that if both § and 8" are inside
the spectral support of X;, then the TCA lines cover
the entire interval (—1,1). The segment of background
white noise in Fig. 1 (¢ = 1-350) exhibits this behav-
ior. If 0 is inside but 6’ is outside the spectral support,
then the TCA lines spread up to +1 but do not reach
down to —1, indicating a lack of high frequency compo-
nents in the signal when the TCA plot is constructed
with 6 € (—7/2,7/2]. An example of this case can be
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Fig. 1. A nonstationary speech waveform (top) and its TCA plot.

found in Fig. 1 for the segment ¢ = 1500-2150, which
corresponds to the transition period from /i/ to /sh/.

In addition to the range of TCA lines, the density
of TCA lines also carries information about the signal.
For example, in Fig. 1, the TCA lines are denser on
the top for the segment /f/ (¢ = 350-750), but denser
on the bottom for the segment /sh/ (¢ = 2150-4000).
It is clear that, as n varies, dense TCA lines indicate
slow changes in yg(n) and coarse TCA lines reflect
fast changes in ~vg(n). The first derivative of v4(n)
measures the rate of change and thus is suitable for
describing the density of TCA lines.

If the SDF f(w) is smooth and positive at 6 and ¢,
it may be shown [3] that

lim dyo(m) 1
n—1= dn f(g)7
_odye(n) 1
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This implies that when the signal has high (relative)
energy concentration near 6 so that f(6) is large, the
function ~y(n) changes slowly as n varies near +1, giv-
ing rise to dense lines on the top of TCA plot. In
Fig. 1, this corresponds to the segment /f/ (t = 350
750), which is known to contain strong low frequency
components [6]. On the other hand, when the sig-
nal has low energy concentration near 6, the function
~o(n) changes rapidly as  moves away from +1 and
thus yields coarse TCA lines on the top. An example
of this case is given by the segment /sh/ (¢t = 2150
4000), in which high frequency components are known

to dominate the SDF [6].
More graphical properties of the TCA plot can be
found in [2].

4. CHANGE DETECTION BASED oN TCA

The TCA plot also provides a basis from which fea-
tures can be selected for detecting significant correla-
tion changes in nonstationary signals. For example, to
measure the changes in correlation structure, one may
use TCA-based distortion measures such as [5] [7]

fy = /{K<p9,ts/2(77)> +K<p9,t+s/2(n)>}dM,
Po,t+s/2(1) Po,i—s/2(1)
where K (r) = r — log(r) — 1 is the Kullback-Leibler
kernel, ;1 = p(6,n) is a certain measure, and pg ¢(n) is
a function defined by
1
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for n € [a,m) C (—1,1). The integral is defined
on (6,n) € 0 X [nq,ns] for some § C (—m,7]. Note
that pg+(n) combines the range and density informa-
tion revealed in the TCA plot. For any given 6, the
function pg¢(n) is equivalent to the function 7p¢+(n)
and hence preserves the local correlation structure of
the signal; it is also a “probability” density function

because pg (1) > 0 and f,:;b pot(n)n=1
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Fig. 2. The same speech waveform as in Fig. 1 and the trajectory of distortion measure A;.

Using the TCA-based distortion measure 4, an ex-
ample of change detection is shown in Fig. 2 [5]. Note
that sharp peaks in the trajectory of &; correspond
to the significant correlation changes revealed by the
TCA plot in Fig. 1. These changes can be easily de-
tected using a peak-picking method. The vertical lines
in Fig. 2 indicate the detected changes.

Because of the filtering and frequency selectabil-
ity inherent in the TCA method, the TCA-based dis-
tortion measures can be made more robust than the
traditional spectral density based distortion measures
such as the Kullback-Leibler spectral divergence. The
robustness is especially effective when the signal suf-
fers from narrow-band contaminations such as spuri-
ous spectral peaks and notches. Details on this matter
can be found in [7].

5. CONCLUDING REMARKS

In this paper, we proposed a new method for dis-
playing and analyzing evolutionary correlation struc-
ture. The TCA method employs a filter-bank-based
approach of signal characterization called parametric
filtering. Graphical properties of TCA were investi-
gated for the interpretation of TCA plots. The range
and density features of TCA lines were considered in
particular. These features were found to be related to
the traditional spectral density in some interpretable
ways which explain the behavior of TCA plots in some
speech processing applications. The analysis also led
to a distortion measure which is capable of detect-
ing significant correlation changes depicted by TCA.

The TCA method is proposed not to replace the tra-
ditional spectrogram or related time-frequency time-
scale plots, but to serve as a complementary graph-
ical tool that may suggest additional diagnostic fea-
tures useful in the analysis of time-varying correlation
structure. Future research should be devoted to the
exploration of other filter banks which may be more
flexible and versatile for time-correlation analysis.
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