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ABSTRACT
This paper illustrates the use of image processing techniques for separating seismic
waves. Because of the non-stationarity of seismic signals, the continuous wavelet
transform is more suitable than the conventional Fourier transforms for the represen-
tation, and thus the analysis, of seismic processes. It provides a 2D representation,
called a scalogram, of a 1D signal where the seismic events are well localized and
isolated. Supervised methods based on this time-scale representation have already
been used to separate seismic events, but they require strong interactions with the
geophysicist. This paper focuses on the use of the watershed algorithm to segment
time-scale representations of seismic signals, which leads to an automatic estimation
of the wavelet representation of each wave separately. The computation of the inverse
wavelet transform then leads to the reconstruction of the different waves. This seg-
mentation, tracked over the different traces of the seismic profile, enables an accurate
separation of the different wavefields. This method has been successfully validated on
several real data sets.

1 I N T R O D U C T I O N

The separation of the different waves of a seismic profile (see
example in Fig. 1) is a common issue in seismic signal pro-
cessing. It enables the extraction of the physical parameters in
order to characterize each wave (propagation velocity, polar-
ization, etc.) and improves the knowledge of the local consti-
tution of the subsoil. In particular, this can be very interest-
ing for petroleum firms which intend to study the subsoil. A
large variety of methods already exists for the processing of
geophysical signals: median filters, f–k pie-slice filters, eigen-
vector filters, etc. (Mari, Glangeaud and Coppens 1999; Mars,
Rector and Lazaratos 1999). In our algorithm, the signal anal-
ysis is performed by the continuous wavelet transform (CWT).
As shown by Chakraborty and Okaya (1995), the decompo-
sition of the signal in the time-scale domain is convenient for
the representation of the different events. Then, when the pat-
terns of the waves are disjointed in this time-scale domain, the
waves can be separated. Deighan and Watts (1997) showed
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that the surface waves could be similarly removed by the use
of the discrete wavelet transform (DWT). The advantage of
using the DWT is that it has a lower computational cost. How-
ever, the drawback of this transform is that, since the sampling
of the time-scale image is minimal, the resolution of the im-
age is low, and it is thus more difficult to define a boundary
between the different waves. On the other hand, the CWT
enables a better representation of the signal (with better reso-
lution). This property allows us to use image processing pos-
sibilities (in particular the segmentation process). Thus, the
separation process between the different waves can be done
automatically (Roueff et al. 2001). Starting from a profile con-
taining a large number of seismic events (Fig. 1), the algorithm
isolates each wave propagation by producing new profiles,
one for each detected wave, without any intervention by the
geophysicist.

Section 2 describes the principle of the CWT used for this
purpose. Isolating the different features of this time-scale rep-
resentation (i.e. segmenting it) leads to the desired wave sep-
aration. We propose performing this segmentation automati-
cally using the watershed algorithm (Vincent and Soille 1991).
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Figure 1 Real seismic profile recorded at
Chantourne (France).

This is presented in section 3. Another key point of the paper
is the tracking of the extracted features along the different sen-
sors. Section 4 explains how the information redundancy pro-
vided by the spatial continuity along the sensors is exploited
to initiate iteratively the segmentation of each image, avoid-
ing the over-segmentation inherent in the watershed algo-
rithm. Finally, results obtained using real data are presented in
section 5.

2 C O N T I N U O U S WAV E L E T T R A N S F O R M

2.1 From the Fourier transform to the wavelet transform

The Fourier transform (FT) of a signal f (t) is defined as

F T[ f (t)](ω) = f̂ (ω) =
∫ ∞

−∞
f (t)e−iωt dt. (1)

In the following, f (t) represents a seismic trace and f̂ its
Fourier transform. The FT estimates the harmonics that are
present in the signal, by computing the correlation between
f (t) and e−iωt of t. Since the FT of e−iωt is a Dirac distribu-
tion, the harmonics are determined accurately in the spectral
domain. But since the modulus of e−iωt is a constant, the FT
gives no information about the time localization of these har-
monics. Then, knowing that a seismic signal is the sum of
transient waves, a trade-off is needed between a good local-

ization in time (time representation) and a good localization
in frequency (Fourier spectrum).

This can be achieved by windowing the Fourier transform
to produce a better localization in time. This leads to the
definition of the windowed Fourier transform (WFT) (Gabor
1946) or the short-time Fourier transform (STFT) (Nawad and
Quatrieri 1988), whose definition is

WF T( f )(a, b) =
∫ ∞

−∞
f (t)g(t − b)eiat dt, (2)

where g is such that the energy of g(t − b)eiat is localized
around b over an interval with standard deviation σ t, where
σ 2

t = ∫
t2‖x(t)‖2 dt (Papoulis 1977). In the frequency domain,

the Fourier transform of g(t − b)eiat is localized around a

over an interval of the standard deviation σω, where σ 2
ω =∫

ω2‖x̂(ω)‖2 dω (Papoulis 1977). g is defined such that b is a
translating factor in the time domain and a is a translating
factor in the frequency domain. On the time–frequency plane,
the energy boxes (i.e. localization of the energy) for time, FT
and WFT representations are plotted in Figs 2(a), (b) and (c),
respectively.

The Heisenberg inequality in signal processing gives the
minimal bound for the area of these energy boxes:

σtσω ≥ 1
2

. (3)
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Figure 2 Different time–frequency representations: (a) natural time description, best localization in time, but no localization in frequency; (b)
FT, best localization in frequency, but no localization in time; (c) WFT, good, and identical localization in time and in frequency everywhere in
the time–frequency plane; (d) WT, good localization in frequency for low scales, and in time for high scales.

As explained by Chakraborty and Okaya (1995), in geo-
physics, a good localization in time is necessary to dif-
ferentiate between high-frequency components, whereas for
low-frequency components, a good accuracy in frequency is
required. This means that, depending on their position in the
time–frequency plane, the boxes should have different sizes.
This is achieved by the wavelet transform (its representation
in the time-scale plane is shown in Fig. 2(d)). Its definition
is

CWT( f )(a, b) = 1√|a|
∫ ∞

−∞
f (t)ψ

(
t − b

a

)∗

dt, (4)

where ψ( t−b
a ) (similarly to g(t − b)eiat) is well localized around

(b, a) in the time–frequency plane. In this case, b is still a
translating factor in the time domain, but a is now a scaling

factor in the frequency domain. Note that the wavelet ψ(t)
has the same shape for every a and b, but is contracted or
dilated by the scaling factor a. In addition, ψa(t) = 1√

a ψ( t
a )

and ψ̂a = √
aψ(aω), which leads to σtψa = aσtψ and σωψa =

σωψ

a . This explains the organization of the boxes shown in
Fig. 2(d). Note that there is no more information in CWT(a,
b) than in f (t), but it gives a better representation in this case,
where the different waves that are present are usually better
separated.

For the implementation, many toolboxes are available on
the Web (see
http://fractales.inria.fr/index.php?page=download fraclab;
http://www-stat.stanford.edu/∼wavelab/;
http://gdr-isis.org/Applications/tftb/iutsn.univ-nantes.fr/

auger/tftb.html;
http://www.cmap.polytechnique.fr/∼bacry/LastWave/).
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Figure 3 Time representation (left) and fre-
quency representation (right) of the Morlet’s
wavelet (real part) at two different scales
(upper and lower figures).

2.2 Morlet’s wavelet

Various kinds of wavelet exist having different properties, e.g.
localization, regularity, decay, symmetry (Abry 1997). The
choice of the wavelet ψ(t) depends on the application. In geo-
physics, Morlet’s wavelet is the most widely used because of its
many advantages. In particular, it has several interesting prop-
erties: it has exponential decay in time and frequency (i.e. good
localization), it is infinitely derivable (i.e. quite regular) and it
is symmetric (i.e. no phase distortion). In addition, its explicit
definition leads to an easy implementation:

ψ(t) = (π t0)−1/4exp

[
−1
2

(
t
t0

)2

+ 2iπ f0t

]
. (5)

Moreover, its shape is very similar to a natural seismic wave;
it is therefore very often used to recognize geophysical signals.
Figure 3 shows the time and frequency representations of Mor-
let’s wavelet at two different scales. Finally, because it is an
analytic signal, computing the modulus of the complex coeffi-
cients leads to an amplitude representation where each wave
is defined by a dome of energy (Chassande-Mottin 1998).
Figure 4 shows one trace of the real seismic profile presented
in Fig. 1, and the modulus of the corresponding wavelet trans-
form. The modulus image clearly shows the presence of four
localized regions in the time-scale plane: one for each of the
dominant waves present in the trace. Note the correspondence
between the time of appearance of the time representation and
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Figure 4 Time (upper) and time-scale (lower) representation (modu-
lus) of a seismic trace.
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of the (modulus) wavelet representation, and check the coher-
ence of the corresponding scale:
� the direct wave at b = 15 and a = 15 (small scale corre-

sponding to a high frequency),
� the reflected wave at b = 30 and a = 15,
� the fast Rayleigh at b = 75 and a = 40,
� the slow Rayleigh at b = 100 and a = 50.
Our purpose is to isolate automatically these four dominant
waves.

2.3 Filtering in the time-scale plane

There are different ways to filter the time-scale plane. A review
of different methods in time–frequency has been presented by
Kozek and Hlawatsch (1992). We chose the masking method,
since it has a low calculation cost and is simple to use. The
time-scale representation can be processed as an image where
each feature corresponds to a given wave. Using a manually
set masking, Nguyen, Glangeaud and Mars (1999) isolated
the different features of the image. Figure 5 shows this sepa-
ration process on one trace: firstly the wavelet transform of
the signal is computed, then the feature corresponding to the
fast Rayleigh wave is extracted by segmentation and masking,
and finally, the inverse wavelet transform (IWT) of the iso-
lated feature is computed, leading to the reconstruction of the
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the fast Rayleigh wave.

desired wave. Of course, this process can be applied to each
feature of the time-scale representation (i.e. to each wave).
In this example, the wave has been well isolated. Comparing
the initial trace with the isolated trace (Fig. 6), the error is
small. In addition, it should be noted that the extraction is
better than it would be by a classical manual (time) muting
process.

Since the wavelet is complex, in order to compute the IWT,
the phase should also be estimated. Let us take a pixel (a, b)
of the estimated complex wavelet. There are two cases:
� If (a, b) is in the region where the estimated modulus is non-

zero (i.e. in the region of the estimated wave), then the phase
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Figure 6 Evaluation of the reconstructed Rayleigh wave.
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value of this pixel should be the same as the phase value of
the CWT(f )(a, b). The phase has to be left unchanged for
these pixels.

� If (a, b) is in the region where the estimated modulus is
zero, then the phase value should be different, but since the
modulus is zero, the phase value is of no consequence.

In conclusion, the phase is left unchanged everywhere. The
assumption of this step is that the wave is well isolated from
the other waves on the modulus image. The computation of
the IWT has been detailed by Daubechies (1992). Its definition
is given by

f (t) = 1
Cψ

∫
b∈R

∫
a>0

CWT( f )(a, b)
1√
a

ψ

(
t − b

a

)
db

da
a2

, (6)

where

Cψ =
∫ ∞

0

‖ψ̂(ω)‖2

ω
dω. (7)

In addition, to check the accuracy of the result, we compare
the CWT of the reconstructed trace with the CWT of the initial
trace (Fig. 7). The shape of the modulus of the reconstructed
wave is similar to the initial one in the zone of the recon-
structed wave, which means that the reconstructed wave is
correct. After the validation of the work of Nguyen (2000),
we decided to automate the process by finding a segmenta-
tion algorithm able to perform the feature extraction in the
time-scale domain automatically.
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3 S E G M E N TAT I O N A L G O R I T H M

3.1 Watershed algorithm

Each seismic wave corresponds to a local maximum of the
time-scale (modulus) representation of the seismic signal. The
segmentation of the time-scale image leads to the extraction
of the feature and thus to the wave separation. Among the
numerous techniques proposed in the image processing lit-
erature, the watershed algorithm (Vincent and Soille 1991)
is the most suited to the problem addressed in this paper
(Pierson and Martin 1995). It basically consists of grouping
pixels that are connected to the same local maxima. Unlike
all the other classical segmentation techniques (Parker 1997),
it allows us to aggregate pixels that have very different val-
ues in the same region (assuming they are connected to the
same local maximum). Actually, the segmentation process can
be seen as a merging process if we consider the negative im-
age. For illustration purposes, this merging process of the al-
gorithm is illustrated on a one-dimensional curve shown in
Fig. 8. Imagine that some holes are dug at the local min-
ima of the curve. These points are called the ‘seeds’. Now
assume that the curve is progressively immersed in water. The
different regions, defined by the different seeds, expand pro-
gressively by aggregating surrounding points with increasing
values, and when two regions tend to become connected to
each other, a dam is built to keep them separated. At the end
of the process, the different regions are isolated one from

C© 2004 European Association of Geoscientists & Engineers, Geophysical Prospecting, 52, 287–300



Unsupervised separation of seismic waves 293

Figure 8 The four steps in the merging process of the watershed algorithm. (a) Start of the process, (b) 1/3 of the process, (c) 2/3 of the process,
(d) end of the process.

each other by the ‘dam network’, which is also called the
watershed.

This basic presentation of the separation process in 1D can
be generalized in 2D. Now, referring to Fig. 4, by revers-
ing its amplitude (i.e. red becomes the smallest amplitude),
each region characterizing a wave can be seen as a catch-
ment basin. By setting the seeds at the local minima of this
negative image and then applying the watershed algorithm, it
is possible to separate the different regions (i.e. the different
waves).

3.2 Design of the algorithm

In our application, the number of desired regions can be pre-
determined. Assuming that the number of waves, n, and the
locations of their seeds are known (section 4 gives details of the
way the seeds are chosen), the number of regions (also called
labels) is set at n + 1, i.e. one label for each wave and one
more for the background of the modulus image. The good lo-
calization of the different-energy waves enables the definition
of the background region, which contains all the information

not relevant to the reconstruction of the energy waves. This
is typically the noisy part of the signal, but it can also include
some weak-energy waves.

In fact, the background region is often the biggest region (in
terms of area). Then, to speed up the merging, the background
region is firstly roughly estimated by a thresholding of 1%
of the maximum. This threshold value is a trade-off between
the acceleration of the algorithm and the loss of information
about one of the waves we want to isolate. Referring to Fig. 9,
a simple threshold is applied to the first image to get a binary
image (the second image). A geodesic reconstruction (Serra
1988) is then performed so that all the brown regions that are
not connected to the border of the image are suppressed (the
third image). Finally, the estimated background is set at zero,
and the rest of the image is inverted (to enable the merging
process).

L is the matrix which defines the label value of each pixel.
At the beginning of the process, all the pixels which are known
to belong to the background are labelled 1, and the pixels of
the seeds are labelled 2, 3, 4, . . . , n + 1, according to region.
Note that the number of regions that will divide the image is
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294 A. Roueff et al.

Time samples

S
ca

le
 s

am
pl

es

50 100 150 200 250

20

40

60

80

100

120

Time samples

S
ca

le
 s

am
pl

es

50 100 150 200 250

20

40

60

80

100

120

Time samples

S
ca

le
 s

am
pl

es

50 100 150 200 250

20

40

60

80

100

120

Time samples

S
ca

le
 s

am
pl

es

50 100 150 200 250

20

40

60

80

100

120
Geodesic       

 reconstruction 

Threshold Inversion

Figure 9 Thresholding of the data.

fixed by the seeds: a wave will be segmented if, and only if, it
has an associated seed, which will initialize the increase of the
corresponding region.

We then have to handle the situation when a wave has no
seed. This case is illustrated in Fig. 10. On the first image,
which is a zoom of the L image at the step t0 during the merging
process:
� green pixels label the background,
� orange pixels label the fast Rayleigh wave,
� yellow pixels label the slow Rayleigh wave,
� light blue pixels are unmerged,
� dark blue indicates pixels which would have been labelled

(i.e. merged) if they had initially been connected to a labelled
pixel.

These dark blue pixels represent a basin in the modulus im-
age which has no seed. It represents a zone where there is an
unexpected air wave (see the last image). As geophysicists, we
do not wish to label this wave. It should not be merged in the
region of the fast Rayleigh wave. The criterion for rejecting
pixels to the background is that dark blue pixels should be
weaker (in amplitude) in the modulus image than the pixels
which link the two regions. The algorithm will then assume
that those merged but unlabelled pixels should be rejected to
the background image. It can be seen on the image that all the
lower pixels are rejected in the background, and at the end of
the process, the region is well designed.

3.3 Suppression of meaningless seeds

Considering the initial module image, the local maxima will
be rejected in the background label. It is desirable to remove
the small basins due to the presence of an unexpected wave.
In the same way, in the case of noisy data, a lot of mean-
ingless local maxima have to be removed. This is achieved
using a suitable preprocessing procedure: the modulus image
is filtered with a levelling transform called the hmax transform
(Serra 1988). This operation consists of ‘filling up’ the maxima
that have a local range smaller than a given threshold hmax. In
fact, it performs a geodesic reconstruction of the module im-
age decreased by the amplitude hmax in the initial image. A
one-dimensional illustration of this transform is presented in
Fig. 11.

As a result, all the ‘small’ maxima due to the noise are re-
moved. The remaining maxima represent some basins which
detect the presence of existing waves (like the four waves pre-
viously discussed, but also like the air wave of Fig. 10). So the
value of the hmax parameter has to be high enough to get rid
of the irrelevant seeds, and small enough not to lose any true
wave frontier. In practice, since the data contain little noise,
we chose hmax = 1% of the maximum value.

Using this segmentation algorithm, we automatized the sep-
aration process in 2D in the time-scale plane. In the next
section, the unsupervised extension of the method to three

C© 2004 European Association of Geoscientists & Engineers, Geophysical Prospecting, 52, 287–300
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Figure 11 Illustration of the hmax transformation. The initial curve
is in blue: it has three local maxima, theoretically leading to three
different regions. The decreased curve is in green, and at the output
of the geodesic reconstruction, we get the red curve where only two
local maxima are present. The local maximum having a local contrast
smaller than hmax has been removed.

dimensions (i.e. how the seeds are determined for each image)
is explained.

4 T R A C K I N G O F T H E S E E D S
O F T H E S E G M E N TAT I O N

Let us recall that the profile contains N signals (one per sen-
sor). Therefore, there are N time-scale images to segment in

order to reconstruct the seismic profiles associated with the
different waves. Stacking these N modulus images leads to a
3D volume. (We tried to segment this volume directly using a
natural extension of the watershed algorithm to the 3D case.
However, it turned out that it was not appropriate. Since the
local extrema corresponding to the same wave were not con-
nected from one image to another, the method led to an over-
segmentation.) Figure 12 shows a thresholded representation
(i.e. small values are not shown) of this volume: the perspec-
tive shows the different propagations from the background
(corresponding to the sensor closest to the explosion) towards
the reader. Four main ‘tubes’ can be seen; they correspond to
the different waves of the profile (Fig. 1): from right to left,
they are the slow Rayleigh wave, the fast Rayleigh wave, the
reflected wave and the direct wave.

As illustrated in Fig. 12, since these waves propagate at
different velocities, they will be more easily separated in the
last trace (corresponding to the sensor furthest from the ex-
plosion). Consequently, the process is initialized on the last
trace: the geophysicist indicates on the modulus image one
maximum for each spot corresponding to a wave he wants
to extract. This step initializes the algorithm. Note that this
first seed estimation can also be done automatically: recall
that the hmax transformation removes the maxima due to the
noise (section 3.3); the remaining local maxima (which are the
most significant) are the ideal seeds for the segmentation pro-
cess. (If hmax is too low, there may be some over-segmentation

C© 2004 European Association of Geoscientists & Engineers, Geophysical Prospecting, 52, 287–300



296 A. Roueff et al.

Time

Scale

Sensors

Figure 12 Forty-six time-scale planes
stacked to form tubes.

due to the presence of irrelevant seeds, and if hmax is too high
some lower energy waves may be considered as noise.) Nev-
ertheless, the geophysicist usually likes to do this first step
himself.

Then, using the continuity from one sensor to the next, the
seeds (for each wave) can be tracked from one image to the
other. Figure 13 shows two modulus images (denoted previ-
ous and next). The previous image is assumed to be already
segmented. Then, to segment the next image, the seeds of all
waves have to be estimated. We focus on the fast Rayleigh
wave. It did not move fast on the time-scale plane (from the
previous to the next modulus image). So the next seeds can be
located at the highest values of the next modulus image which
are in the green label of the previous label image. A thresh-
olding isolates the highest green pixels. The same process is
carried out for the other waves.

After many validations of this tracking process, it appeared
that the results are perfect as long as the segmentation of the
modulus image has been correctly carried out. If a bad seg-
mentation occurs, the algorithm may not be stable enough to
recover the good seeds for the next image. This issue will occur
when the waves interfere on the time-scale plane. If two waves
are quite close to each other, then their patterns overlap, and
the modulus image does not represent two separate patterns:
sometimes only one pattern can be seen for two waves. Then
the segmentation cannot separate the waves perfectly. It can
only cut the pattern into two pieces.

The ‘previous modulus image’ and the ‘next modulus image’
in Fig. 13 are fairly representative of these interference issues.
On the first image, what we called the fast Rayleigh wave ap-
pears as a single convex pattern, whereas on the second image,
the pattern has two energy domes which can be interpreted as
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Figure 13 New seeds estimation.

the presence of two waves. The hidden wave may be the previ-
ously mentioned air wave (section 3.2). The change of pattern
is due to the different phase wrapping from one trace to the
other. Check that the holes caused by the interferences moved
from (100, 30) on the first image, to (103, 28) on the second
one. The algorithm presented does not solve the issue of inter-
fering waves. If both interfering waves have almost the same
amplitude (which means their associated local maxima have
the same value), then the algorithm will merge both waves. On
the other hand, the algorithm will reject the interfering wave
whose amplitude is much lower. The decision is determined
by the value of the threshold which characterizes the size of
the seeds.

This shows that the algorithm cannot separate waves when
they overlap in the time-scale plane.

5 R E S U LT S

The algorithm has been tested on different real data sets pro-
vided by the Geophysics Department (F. Glangeaud, LIS) and
oil companies. The results obtained on the seismic profile
of Fig. 1 are now presented. The tubes that can be seen on
Fig. 12, which represent the stacking of the modulus images,
have been separated by our algorithm (see Fig. 14). Then us-
ing the IWT, the different profiles have been reconstructed (see
Fig. 15). The results are quite satisfactory and as good as those
obtained by Nguyen et al. (1999): the ‘tubes’ have been cor-

rectly segmented, and the waves have been correctly separated
and reconstructed. In addition these results have been posi-
tively validated by geophysicists. We must emphasize that the
whole process is now automatic. The only problem which ap-
pears in these results is when the reflected wave is hidden by the
fast Rayleigh wave. In this case, the reflected wave is no longer
visible in the time-scale plane and other separation techniques
must then be applied before or after this first process.

Similar tests have been carried out on other types of data:
PSV, tubes waves, Love waves, etc., and these also led to pos-
itive validations. Figure 16 shows the results obtained in the
case of a Love-wave extraction.

The errors that occur in the separation process are not due
to the segmentation, which is robust, but to the bad represen-
tation of the modulus image, caused by interference between
the different waves.

6 C O N C L U S I O N

The watershed algorithm emerged as a powerful tool to
segment time-scale images of seismic signals. The proposed
method, which is unsupervised and almost non-parametric,
leads to a robust and accurate wave separation. It segments
all scalogram images and tracks the different waves from one
trace to the next. Extra processing has been developed in order
to address the problem of overlapping in the time-scale plane
using polarization information (Roueff, Chanussot and Mars

C© 2004 European Association of Geoscientists & Engineers, Geophysical Prospecting, 52, 287–300



298 A. Roueff et al.

(a)
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(b)
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Figure 14 Forty-six time-scale planes stacked after separation. (a) Direct wave, (b) reflected wave, (c) fast Rayleigh wave, (d) slow Rayleigh
wave.

2002) and velocity information (Roueff et al. 2003). However,
this requires more intervention from the geophysicist.

Having an automatic separation process is an important fea-
ture when dealing with large amounts of data. In addition, the
proposed separation in the time-scale plane is more efficient
than the classical manual muting process. A perspective of this
work is to adapt the tracking of the seeds to other kinds of
data, e.g. multicomponent data, two-dimensional array data,
etc.
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Figure 15 Seismic profiles of the different waves after separation by CWT and the automatic watershed algorithm. (a) Direct wave, (b) reflected
wave, (c) fast Rayleigh wave, (d) slow Rayleigh wave.
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Figure 16 Love-wave extraction. (a) Initial profile, (b) profile of the extracted Love wave.
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