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SUMMARY

We present an improved method for computing polarization attributes of particle motion from
multicomponent seismic recordings in the time—frequency domain by using the continuous
wavelet transform. This method is based on the analysis of the covariance matrix. We use an
approximate analytical formula to compute the elements of the covariance matrix for a time
window which is derived from an averaged instantaneous frequency of the multicomponent
record. The length of the time-window is automatically and adaptively set to match the domi-
nant period of the analysing wavelet at each time—frequency point. Then the eigenparameters
are estimated for each time—frequency point without interpolation. With these key features,
our method provides a suitable approach for polarization analysis of dispersive signals or over-
lapping seismic arrivals in multicomponent seismic data. For polarization analysis in the time
domain, we show that the proposed method is consistent with existing polarization analysis
methods. We apply the method to real data sets from exploration and earthquake seismology
to illustrate some filtering applications and wave type characterizations.

Key words: covariance method, multicomponent signal, polarization attributes, wavelet
transform.

1 INTRODUCTION

The analysis of multicomponent recordings can provide an estimate of polarization properties of seismic arrivals. Knowledge of the polarization
state can be used to distinguish between surface wave arrivals and body waves, or more generally for the purpose of wavefield decomposition
(Flinn 1965; Kanasewich 1981; Jurkevics 1988; Jackson ef al. 1991). Other applications of interest include anisotropy study through the
investigation of shear wave splitting and the design of filters to improve the signal-to-noise ratios in seismic sections.

Frequency-dependent measurements, or time—frequency analysis (TFR), are particularly suitable for resolving seismic events with
different spectral contents that overlap in time and for the analysis of transient signals. This analysis consists of examining the variation of
the frequency content of a signal with time. To take advantage of these properties, time—frequency representations can be incorporated in
polarization analysis (Soma et al. 2002; Diallo et al. 2005, 2006b; Pinnegar 2006).

Several methods are proposed in the literature for polarization analysis of multicomponent seismic data. Some of these methods allow the
determination of the polarization attributes directly from the multicomponent signal (Rene et al. 1986; Morozov & Smithson 1996; Schimmel
& Gallart 2003; Zhang et al. 2003; Diallo et al. 2006b), while others are based on the analysis of the covariance matrix of multicomponent
recordings and principal component analysis using singular value decomposition (Kanasewich 1981; Vidale 1986; Park et al. 1987; Jurkevics
1988; Jackson et al. 1991; de Franco & Musacchio 2001).

For these methods, one needs to select a time-window where the analysis is performed. This step is critical to the success of the polarization
attributes derivation. For multicomponent data with dispersive surface waves and overlapping seismic arrivals, the selection of the window
length becomes more complicated. In such a case, obtaining interpretable attribute estimates from polarization analysis requires the separation
of overlapping events. Then, for each resolved event, the window length should be adaptively selected to match the period of the dominant
signal. Similar approaches for adaptively choosing appropriate window lengths have been used in the context of detection algorithms based
on STA/LTA criteria (Withers ef al. 1998; Bai & Kennett 2001).
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668 M. Kulesh et al.

Diallo et al. (2006a) have proposed a method for polarization analysis in the time domain where the constraint of selecting the time
window for the analysis has been relaxed by using an adaptive approach for its determination. In this paper, we extend this method to the
time—frequency domain to derive polarization attributes with explicit dependence on frequency. We provide approximate analytical formulae
for computing the entries of the covariance matrix in which the time window is automatically and adaptively determined.

The novelty in the present polarization method resides in the combined use of time—frequency representation along with an adaptive
method of estimating the window for the covariance matrix. In this method, approximate analytical expressions for the elements of the
covariance matrix are given which simplify their computation. Thus, besides the explicit dependence of attributes on frequency, the method
provides a computationally efficient way to estimate the covariance matrix elements and determine the eigenparameters at each time and
frequency.

We explicitly relate the polarization attributes to the wavelet coefficients. This enables us to design wavefield separation algorithms that
operate entirely in the time—frequency domain. This is particularly important for the separation of body waves from surface waves, which
are dispersive and space-variant in heterogeneous media. In the methodology developed hereafter, other TFR such the Gabor transform or
S-Transform (Stockwell et al. 1996) could be used as a substitute to the CWT. The only difference in the polarization results will be those
inherent to the difference in resolution between the different TFR. For instance, it is well known that because of it is scalable analysis window,
CWT provides a better frequency resolution than the Gabor transform, which uses a window with fixed width.

This paper is organized in the following manner. In the next section, we give an overview of the continuous wavelet transform. Then,
we briefly introduce the standard covariance analysis method. Afterwards we present the extension of the adaptive covariance method to the
CWT domain and elaborate on the consistency of this method with other techniques for polarization analysis. Next, we show that our present
method provides a general framework for polarization analysis from which other methods (Rene ez al. 1986; Morozov & Smithson 1996) can
be derived. Finally using experimental data, we show how our method can be used for surface wave filtering which is an important issue in
exploration seismology. We subsequently present a second example from earthquake seismology where we focus on the derivation of the 3-D
instantaneous polarization attributes and on the use of these parameters in various filtering procedures.

2 INTRODUCTION TO THE CONTINUOUS WAVELET TRANSFORM

There exist at least two different perspectives to wavelet analysis. The first one is the interpretation of the wavelet transform as a time—frequency
analysis tool. The second approach uses the wavelet analysis as a mathematical microscope, and is therefore, closely linked to approximation
theory (Holschneider 1995). Our present work focuses on the first approach to wavelet analysis.

The wavelet transform of a signal S(t) € L%(R) with respect to a mother wavelet g(7) is the set of L>~scalar products of all dilated and
translated wavelets with an arbitrary signal to be analysed:

+o0 1 —t
WeS(t, a) = (gra» S) =/ —g*(f >S(r)dr, aeR, teR,
a a

—00
where g; ,(7) = []7 gl(r — t)/a] is generated from g(7) through dilation @ and translation ¢. The symbol (.)* denotes the complex conjugate.
The wavelet g(¢) is assumed to be a function which is well localized in the time and frequency domains and obeys the oscillation condition
+00
72 gt)ydr = 0.
For the analysis of seismic signals, it is convenient to use the complex Morlet wavelet which can be written as (Holschneider 1995)

with its Fourier transform
w) = oe*azwzwwz ’
where o describe the variance of the wavelet.
The signal S(f) can be recovered from its wavelet transform as

1 00 +00 1 t —
S(t) = M, W,S(t.a) = / / —m (—’) W,S(t, a)dt da,
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where m(t) is the wavelet, used for the inverse wavelet transform M,,, and w is the angular frequency. In the general case, the wavelet m(z)
can be different from the direct transform wavelet g(z).
The wavelet transform can be expressed in terms of the Fourier transform S (f) of S(¢) as
+00

WeS(t, a) = / (@) 3(0) e

—00

and the inverse of the scale 1/a may be associated with a frequency measured in units of the central frequency of g(#). If the central frequency
of the wavelet is assumed to be /'y, each scale a can be related to the physical frequency f by a = f/ f. Therefore, if we select a wavelet with
a unit central frequency, it is possible to obtain the physical frequency directly by taking the inverse of the scale.
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Polarization analysis in the wavelet domain 669

For the inverse wavelet transform, we might choose the §-function for the wavelet m(¢), which then gives us a rather simple reconstruction
formula

+oo
S() = — /WS(t ) 2a
_Cg,(s 2 S(t a) —.

3 STANDARD COVARIANCE METHOD

Let us consider the vector valued signal S(t) = [S.(¢), S,(¢), S-(t)]". We assume that this signal represents a three-component seismic
recording. Here we associate S, (¢), S,(¢), S-(¢) with the usual radial (inline), transverse, and vertical components of a triaxial recording.
Polarization analysis of S(¢) can be carried out by eigenanalysis of the cross-energy matrix M, defined from the data vector as (Flinn 1965;
Kanasewich 1981; Jurkevics 1988; Jackson ez al. 1991)

L&) Ly(6)  1.(8)
ME) = | 1n(8)  Ly(E)  1:(§)
I.(8)  1:(8) IL:(§)

In the equation above
E+T/2

1
n®) = 7 /5 [S:(0) — 1ENSn(0) — pn(@dT,  kom = (x. . 2).

-T/2
The above covariance matrix is computed within a time window of length 7" and around its time centre &; 1 ,(£) is the mean value of the signal
component S in the window 7.
The eigenanalysis performed on M(&) yields the principal component decomposition of the energy for the time window 7. Such a
decomposition produces three eigenvalues A1(£) > X,(§) > X;3(£) and three corresponding eigenvectors v (§) that fully characterize the
magnitudes and directions of the principal components of the ellipsoid that approximates the particle motion in the considered time window:

(i) the major half-axis R(§) =, /11(5)%,

(ii) the minor half-axis r(§) =/ ;.
(iii) the second minor half-axis r,(§) =,/%© Hg—gu,

(iv) the reciprocal ellipticity p(€) = I|r,(§)/I/IR ()],

(v) the minor reciprocal ellipticity p;(§) = |[r (§)||/llx:(&)Il,

(vi) the signed reciprocal ellipticity ps(§) = sign([v; ® V2] - v3)p(§),
(vii) the dip angle 8(§) = arctan(/v; €72 +v1, )2 /v1.:),

(viii) the azimuth a(§) = arctan(v; ,(§)/v1..(§)),

where bold character indicates vectorial quantity, ® and ‘> denote the vectorial cross and inner product, respectively. To effectively use the
standard covariance method for wavefield separation, one needs first to select the length of the time window 7. Selecting this window may
not be easy, especially when part of the signal under investigation is of a dispersive nature. We overcome this limitation by using the adaptive
covariance approach that we are extending to the frequency domain in the next section.

4 ADAPTIVE COVARIANCE METHOD IN THE TIME-FREQUENCY DOMAIN

Let W,S(t, a) be the componentwise calculated progressive wavelet spectra (a > 0, wavelet is progressive) of the multicomponent signal

S (1).
We denote Q(t, a) as the instantaneous frequency function for each component & at each scale « at time #. This function is defined as
follows:

9
Q(t,a) = 3 arg W, Si(t, a).

To avoid the numerical derivatives in the above expression, it is possible to derive an exact analytical formula for the computation of
Q. (¢, a) that involves the wavelet transforms of the analysed signal with respect to the wavelet g() and its derivatives g’(¢). This approach is
widely used for instantaneous frequency estimate in Gabor transform analysis (Chassande-Mottin 1998; Borum & Jensen 1999). We adapt
the methodology to the case of wavelet transform. The instantaneous frequency is then computed as follows:
Wy Silt, a)
W, Sk(t, a) ] ’

where J(.) denotes the imaginary part of the complex argument. For values of (7, a) to be meaningful, the computation with the expressions

Qk(t s a) =-3 |:
above should be restricted to points in the (¢, a) plane where the energy of the signal exceed some threshold ¢, above the background noise
level: W, Sk(t, a)ll > 5.
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A local approximation of each voice Si(f + 7, a) of the wavelet transform W, Si(, a) with scale a around time ¢ can be written with the
help of the modulus and phase of the wavelet coefficients as
St + 7, a) = W,y Si(t, a)l cos [Q(t, a)t + arg W, Sk(t, a)]. @))
Using this approximation for each component W, S;(¢, a), the cross-energy matrix M in the time—frequency domain can be constructed
as
Lt a)  Ly(t,a) 1:(t,a)
M(t, a) = Ixy(tv a) Iyy(tﬂ a) IyZ(tv a)
Ii.(t,a) I,:(t,a) L:(t,a)
1 Tim (t,0)/2

Ikm(tv a) = T . A [Sk(t +7, Cl) - :U-km][Sm(t + 7, a) - H’mk]dt = |WgSk(tv a)HWgSm(ta a)l
T}fm(l’ a) —Tim (t,a)/2

{, [Qk(t,a)—Qm(t,a)
x{sinc | ———————=

7 Tem(t, a)] cos [arg W, Si(t, a) — arg W, S, (¢, a)]

[t a) + Qu(t, a)
+ sinc f Tkm(tv (1) cos [arg WgSk(ts a) +arg WgSm(tv a)] = Mkm Mmk s
(2
where the mean values iy, are defined as
1 T (1,0)/2
Wim = / Si(t + T, a)dt = R[W,Si(t, a)lsine[Ti (¢, )2 (1, a)/2]. 3)
Tim(t,a) J_g, 0002

In the equation above, 9i(.) implies the real part of a complex variable, and sinc(x) indicates the sine cardinal function. The matrix M(?,
a) is defined for each time 7 and scale a; thus its eigenanalysis yields the instantaneous polarization attributes in the time—frequency domain.

(b) N=1 (¢)N=2 (d)N=3

Y 5 10 X Y 5 -10 X Y -5 -10 X

Figure 1. Illustration of the influence of increasing N in eqs (6) and (7) on the accuracy of the approximation for the signals. (a) Three synthetic signals Sy(7),
Sy(#) and S.(7) (solid lines) and the corresponding approximation (dashed lines). (b—d) Hodograph plots for each segment of the approximated signals for the
different values of N. For N = 1 the approximation is up to 0.05 s, for N = 2 the approximation extends to 0.1 s and for N = 3, the approximation covers the
whole time axis. Note how the curves drift apart as N increases.
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Polarization analysis in the wavelet domain 671

T (t, a) represents the adaptive time window used in eqs (2) and (3) which is determined using the instantaneous frequencies at time ¢ and
scale a.

From eq. (1), we note that each voice in the wavelet transform is locally approximated by a cosine function with a period of 277 /Q2(¢, @).
On one hand, this equation allows us to obtain an analytical formula to compute the elements of the covariance matrix at each time—frequency
location. On the other hand, the different signal components often have different instantaneous frequencies in the case of real signals. Therefore,
we need an approach to obtain an average time window T'y,(%, a) for two voices W, Si(¢, a) and W, S,, (¢, a) having different frequencies
Q(t, a) and Q,,(z, a).

Unfortunately, there is no mathematically exact a priori definition for the instantaneous polarization attributes of a multicomponent
signal. Therefore, any attempt to produce one is usually arbitrary. From this observation, it follows that we cannot construct any rigourous
criteria to compare the accuracy of different approaches for the time window estimation.

The way we choose our time window is motivated by the fact that for pure elliptically polarized signals, where Q. (f, a) = Q,(t, a) =
Q.(t, a) = Q(t, a), we obtain the exact values of the instantaneous parameters using our approach. For example, we can choose T, (¢, a) to
be the same for all entries of the cross-matrix energy M(z, a) as

6w N 2n N

Tim(t,a) = = — , 4
wl )= G Caratatrata . QX a @
or define it in a specific manner for each entry as
47 N 2n N
Tin(t, a) = &)

Qu(t,a) + Qu(t,a)  Qkn(t,a)
In such a case, 7'y, (t, a) from both eqs (4) and (5) reduces to 27 N/2(t, a), which is an integral number times the signal period. Therefore,
taking N as an integer ensures that the integration in eqs (2) and (3) is always performed over a window covering complete cycles of the
signals that provide the polarization parameters for pure elliptically polarized signals precisely.

However, multicomponent signals where the phase of individual components are equal at all times is unrealistic, and for such a case the
polarization analysis is trivial. In general, the instantaneous frequencies from the components are different, and 7'y, (¢, a), as defined in (4) and
(5), with integer N will still represent an average period. At the same time, it is in principle possible to use real values for N in these equations.
However, in this case, the obtained polarization parameters do not correspond to the polarization of pure elliptically polarized signals that we
note by numerical simulations as an increase of local oscillations of polarization attributes.

The effect of integer-valued varying of the parameter N is shown in Fig. 1. Fig. 1(a) shows three signals S.(¢), S,(f), S-(f) (solid line)
and their respective local approximations using eq. (1) (dashed line). For this example we used slightly different instantaneous frequencies for
S.(?), S,(?) and S.(t). The adaptive time window for these signals obtained from eq. (4) with N = 1 is approximately 0.05 s. In Fig. 1(a) we
observe that up to 0.05 s on the time axis, the approximations fit the actual signals very well. From the signal curves and the hodograph plot
in Fig. 1(b) we also see that all signals in this time interval have approximately undergone one full cycle. Next, we note that as N increases,
the accuracy of the approximation to the signals decreases, but a structure that is more complex than an ellipse starts to build up from the
hodograph in Fig. 1(b). For signals with polarization structure contained in a plane, it is enough to use N = 1 or 2. For signals with a more
complex polarization structure, we can improve our ability to characterize an eventual third polarization direction with larger N, but it comes
always at the expense of accuracy in approximating the signals.

4.1 Linking the adaptive covariance method to other existing methods

In this section, we show that the polarization methods by Rene e al. (1986) and Morozov & Smithson (1996) can be derived from the adaptive
covariance method. Since those methods were initially developed in the time domain, we will here consider the M (¢) in the time domain as
given in Diallo et al. (2006a). This is achieved by dropping the variable a from (2) and replacing W, Si(¢, a) by Cj(t) which is the analytical
signal associated to Sy(7):

Ci(t) = Si(r) + iHS (1),
where H.S(¢) denotes the Hilbert transform.

First we consider the analysis of a two-component signal given by S (1) = [S.(¢), S,(#)]”. Let S,(¢) represent the horizontal component
and S,(¢) the vertical component. We also assume that the instantaneous frequencies of these components are equal: Q,(7) = Q,(r) = Q(¢).
Then proceeding as previously, one obtains the following cross-energy matrix
[ ICo (D) |C(DICy(2)] cos [arg Cx(t)_argcy(t)]i|

M(t) =
[Ce(DIIC,(2)] cos [arg Cy (1) — arg Cy(1)] ICy (0

The eigenanalysis of this matrix yields the following eigenvalues:

1
Aia(t) = §[|Cx(t)|2 +1C,()P £ \/[ICx(l)l2 — GO + 2ICONCy ()] cos[ A} ],

where A¢(t) = arg[C;(1)C,(1)].
These two eigenvalues correspond exactly to the semi-minor and semi-major axes of the polarization ellipse as given by eqs (8) and (9)
in Rene et al. (1986).
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672 M. Kulesh et al.

Table 1. Classification of wave modes using the polarization attributes.

Polarization Filter P, Py

Linear and horizontal Fru [0,p071U[1 = pr,1] [0 7,01]

Linear and vertical Fry [0,0/ Ul =ps,1] [—m/2, =0 ,1U[0f,7/2]
Elliptical and horizontal Fry [or.1=prl [0 7,0]
Elliptical and vertical Fgy [or1—prl [—7m/2,=0,1U[0f,7/2]
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Figure 2. Real 2C shot gather from Fort Worth Basin: (a) horizontal component; (b) vertical component; (¢ and d) overall linearly polarized events and (e and
f) overall elliptically polarized events.
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Let us now consider the case of a three-component signal given by S(7) = [S,(¢), S,(¢), S-(t)]”". Here again we assume the instantaneous
frequencies of these components to be equal (2,(f) = Q,(f) = Q.(t) = Q(¢)). In this case, the entries of the cross-matrix energy M(r) are
given as

Tin (1) = |Ce()]|Cu(1)] cos [arg Ci (1) — arg C,(1)] = R[C(1)C,, ()]

The eigenvalues of the matrix M(?) are related to the ellipticity parameters obtained from the adaptive covariance method as
M@ =Rl () =lIrll,  A3(r) =0.

Note that for any number of components (greater than three), if one assumes equal instantaneous frequency for all components, the
eigenanalysis will give at most two eigenvalues that are different from zero. Therefore, with this assumption and the eigenanalysis of M(¢),
one can characterize, at most, an ellipse in 3-D space (it is not possible to assess the importance of the third eigenvalue which is needed
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Figure 3. Three-component seismograms recorded at the GRA1 stations, generated by a salt mine collapse in Thuringen, Germany in 1989 and the continuous
wavelet transforms of this seismograms performed componentwise: (a) east component, (b) north component and (c) vertical component.

for the characterization of the polarization ellipsoid). Polarization analysis with the present assumption yields the same results as those from
Morozov’s method (Morozov & Smithson 1996).

5 FILTERING ALGORITHM

With the extension of the adaptive covariance method to the wavelet domain, we can construct filtering algorithms to separate different
wave types based on the instantaneous attributes. For instance, we could construct an algorithm to separate body waves from surface waves
(Rayleigh wave) by a combination of constraints posed on the range of the reciprocal ellipticity p(¢, @) and the rise angle 6(¢, a) = 7 /2 — §
(t, a). Formally the algorithm can be represented as

SL(t) = RIMu F WV, Silt, a)l,  a >0,

WeSi(t,a) for p(t,a) € P, and 0(t,a) € Py,
Felt, a) = .
otherwise,
where F, is the filter operator of the wavelet-spectrum applied to each component of the source signal. The sets P, and Py define the range
of p and 6 which are kept in the filtered signal. The range of P, and Py can be selected in such a way to obtain the desired wave type.
In Table 1, we summarize filter settings that can be used to detect signals with specific polarization. We have already used a similar

filtering approach for 2C seismic data (Diallo ef al. 2006b). However, the present method has the advantage of being applicable to unlimited
number of components.

6 DATA EXAMPLES—APPLICATION TO SIGNAL FILTERING
6.1 Real 2C seismic data
We test the performance of the filtering algorithm on real 2C seismic data from Fort Worth Basin USA (Gherasim et al. 2004) shown in
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Figure 4. A filtration based on the signed ellipticity ratio: (a) input data, (b) negative part of the signed ellipticiy ratio in time—frequency plot and (c) extracted
retrograde mutlicomponent signal with the filtration condition Wy ps(¢, f) < —0.15.

Figs 2(a)—(b). These are raw data that were not subject to any prior pre-processing. We evaluate the filter to test its ability for separating the
Rayleigh waves from other wave types. This is an important application in oil exploration where Rayleigh wave are usually considered as noise
that interferes with and corrupts reflection events, the identification and interpretation of which is the primary purpose of seismic processing.

In our filtering approach, we deliberately decide to recover not only the ‘signal’ but the ‘noise’ as well. The reason is that for near surface
characterization, Rayleigh waves are increasingly used as a cost effective method for a quick estimate of an average shear velocity profile for
engineering purposes (Beaty & Schmitt 2003). With this idea in mind, we filtered the raw shot gathers twice with different settings in the
combination and the range of the ellipticity ratio and the rise angle.

To extract the predominantly linearly polarized wave types (body waves), we set the filter parameters as p(¢, a) € [0,0.15] U [0.85, 1].
The resulting filtered shot gathers are shown in Figs 2(c) and (d). To extract the wavefield that includes the Rayleigh wave arrivals, we tune the
filter to ‘pass’ only signals with some ellipticity delimited by the pre-selected range for p(z, a) € [0.15, 0.85] without restriction on the range
of O(t, a). Since we did not delimit the range of 6(¢, a), the extracted wavefield may contain various elliptically polarized wave types with
major axes pointing in different directions. The filtered shot gathers for this filter setting are shown in Figs 2(e) and (f). From these figures,
one can clearly identify the energetic low frequency arrivals which could be associated to the Rayleigh waves. Note that these arrivals are
not present in Figs 2(c)—(d) where the filter was tuned to pass only linearly polarized events. With the flexibility in our filter setting, we can
perform directional wave filtering or wavefields separation for any number of components.

6.2 Real 3C data from a regional earthquake

We illustrate the importance of the application of the method developed in this contribution to three-component broad-band data. Here we
use a set of high quality seismograms recorded at the GRA1 station of the GRF array in northern Bavaria (Germany) shown in Fig. 3. The
event [origin time: 13-mar-1989 13:02, lat: 50.7198N, lon: 9.9112E, & = 0.7 km, M = 5.6, On-line Bulletin (2001)] was triggered by
the collapse of a salt mine in Thiiringen in 1989 in a distance of 148 km and a backazimuth of 321.2° against North from station GRA1. Fig. 3
shows also the wavelet transforms of the different components, respectively.

The seismograms start with the P-wave onset (about 165 s relative time, time axis starts at 1989 March 13, 13:00), which at this distance
is composed of the head wave Pn and the direct P wave Pg in regional velocity models used for localization (Schlittenhardt 1999). About
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Figure 5. A filtration based on the signed ellipticity ratio: (a) input data, (b) positive part of the signed ellipticiy ratio in time—frequency plot and (c) extracted
prograde mutlicomponent signal with the filtration condition W, ps(t, f) > 0.15.

20 s later, shear waves emerge with strong amplitudes on the horizontal components. In the time window between 180 and 240 s, the arrival
of the Rayleigh wave on the vertical component S.(7) is observed. Because the source is a collapse event, we can expect that SH waves are, in
general, not strongly exaggerated. The amplitude of the wavelet coefficients in Fig. 3 shows that dominant frequencies are larger than 0.1 Hz
contribute to the seismograms. Between 180 and 240 s, the amplitudes for the lowest frequencies show clear dispersion with low frequencies
(0.15 Hz) arriving early, and higher frequencies (0.6 Hz) arriving late (see fig. 1 in Hadiouche et al. (1991), for a classical group velocity
analysis of this event for station GRA1).

As an application of the method, Fig. 4(b) shows the signed ellipticity ratio corresponding to retrograde particle motion. The wavefield in
the abovementioned time and frequency windows has a retrograde motion and can, therefore, be safely identified with the fundamental mode of
the Rayleigh wave. It is now straightforward to use the inverse wavelet transform to suppress or enhance a specific polarization characteristic
[in 4(b) all W,p,(t, /) < —0.15 are selected to enhance the specifically retrograde components]. In the resulting traces (Fig. 4c), lower
frequency components of the Rayleigh wave fundamental mode shows up clearly between 190 and 205 s.

Fig. 5 shows the signed ellipticity ratio and polarization filtered time traces for prograde particle motions. The first overtone of the
Rayleigh wavefield is expected to arrive directly after the S wave. The waves observed at about 210 s relative time (Z component) most likely
correspond to the fundamental mode of the Rayleigh wave, but are in time and frequency nearer to wavefield components polarized off the
great circle path which arrive slightly before (see Fig. 6). Note also the amplitudes following the P wave onset with quite high ellipticity
value, either due to P—SV conversions at interfaces (Kriiger 1994) and/or due to the presence of a leaky mode P;. The dark line between at
about 0.1 Hz and between 180 and 210 s in Fig. 5(b) is caused by the very low amplitudes of the wavelet coefficients (see Fig. 3) and an
artefact.

Fig. 6 shows the deviations of the particle motions from the theoretically expected direction (great circle path). While most of the early
parts (up to 200 s relative time) of the seismograms correspond to waves which have travelled along the great circle path with only moderate
deviation, we can identify between 200 and 210 s a wavefield component with characteristics of a SH-type wave (Love wave). The filtered
seismograms in Fig. 6(c) show how the waves approaching the station along the great circle path can be easily isolated from scattered phases
in the coda.

Finally, Fig. 7 shows a filtering example where only dip angles are retained which correspond to horizontally polarized particle
motion.

© 2007 The Authors, GJI, 170, 667-678
Journal compilation © 2007 RAS




676 M. Kulesh et al.

(a)
S,
S\®
S, Y M""MM"
I ! ! ! ! I I I I I
: 90
SITCR
08 .. 60

< oo Waith o,

I : 30

206} :

%o.s— ------- R 0

§0.4— -------- :

Eosf o - p— 30
2| S RO L 60
Dafp e d T n— —— SR e s b

! ! ! ! ! ! ! ! 1 1 -90
| | | | | | | | | |

150 160 170 180 190 200 210 220 230 240 250
Time (s)

Figure 6. A filtration based on the azimuth: (a) input data, (b) deviation of the particle motions from the theoretically expected direction a9 = 128.8° and
(c) extracted mutlicomponent signal with the filtration conditions (Wga(t, f) — ag) € [—20°, 20°] U [70°, —70°] for the red line and (Wga(t, f) — ap) €
[25°, 65°TU [—65°, —25°] for the black line.

7 CONCLUSIONS AND DISCUSSION

In this paper, we consider the extension of the adaptive covariance method to the time—frequency domain. We discuss the application of the
method to exploration seismology by designing a filter for wavefield decomposition that enables the separation of body waves from ground-roll.
For application in earthquake seismology, we show how the extracted polarization attributes can be used as effective tool to characterize wave
types present in actual multicomponent records.

We establish the consistency of our method with other techniques (Rene et al. 1986; Morozov & Smithson 1996). We found that when
the instantaneous frequencies are the same for all components, our method produces the same results as those in (Morozov & Smithson 1996)
in terms of polarization parameters. In that regards, our method is more general in scope as it allows the characterization of the polarization
ellipsoid, whereas Morozov’s method is by design restricted to the characterization of an ellipse in 3-D space.

The adaptive aspect of our method comes from the fact that we locally adjust the window size for the covariance matrix computation
to the period of the signal. Obviously, our method can be applied for any number of components. This representation allows the detection of
dispersion in the polarization attributes which can be further exploited to infer some physical characteristics of the medium under investigation.
Moreover, this representation offers the ability to distinguish between attributes belonging to different coherent events that may overlap in
time but with different frequency content separated by time-dependent frequency cut-offs.

CWT gives a suitable general framework for solving this type of problem; this approach is powerful and elegant, but not critical for
understanding the results. Other TFR methods such as the Gabor transform or the S-transform can be used in our approach in general. The
relative performance of polarization analysis from a different TFR approach is primarily controlled by the frequency resolution capability that
motivated the use of CWT instead of the Gabor transform in the present work.

The novelty in the present polarization method resides in the combined use of time—frequency representation along with an adaptive
method of estimating the window for the covariance matrix. Some advantages of our method are as follows.

(i) The derivation of analytical formulae to compute the elements of the covariance matrix at each time—frequency location. Thus, we do
not have to deal with edge effects or interpolation to obtain the eigenparameters at each point as it may be the case with the standard covariance
method.
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Figure 7. A filtration based on the dip attribute: (a) input data, (b) the dip attribute given in time-frequency plot and (c) polarization filtered results of the input
data to extract part of the multicomponent signal arriving at an apparent dip angle range defined by the condition W,é(z, 1) € [70°, 90°].

(ii) As shown in the example from three-component broad-band data, it is possible to extract all the attributes of the polarization ellipsoid.
Visualization of these attributes in the time—frequency domain can be very helpful in practice for the interpretation of wave types.

(iii) The possibility for identifying and separating different wave types, which is achieved by designing filters that operate in the time—
frequency domain as explained in Section 5. Attributes such as azimuth, dip and signed ellipticity can be also used to improve the filtering
algorithms.
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