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ABSTRACT 

For geotechnical applications, surface-wave methods are one of the most important techniques for gathering information about 
the strength of the near surface, but these methods are sensitive to noise. Often only the fundamental mode is considered, but 
higher modes can also provide more information on deeper parts of the subsurface. We investigate the use of iterative supervirtual 
interferometry (SVI) to increase the signal-to-noise ratio and to extract more information about the higher modes. A big advantage 
is that the method results in data in the same domain as the original data, such that similar multichannel analysis of surface waves–
based procedures can be used afterwards. SVI utilises seismic interferometry to extract the extra information in consecutive folds. 
Generally, the strongest event in the data is boosted the most. Although surface waves are usually the strongest, they consist of 
sub-events (the modes) with different amplitudes. Previously, iterative SVI has been applied to further boost the result of SVI. For 
surface waves, this would further diminish the presence of weaker modes. Instead, we subtract the results of SVI from the original 
data and use the remainder as input for the next iteration, which gives potential for highlighting different modes. We apply our 
methodology to three different datasets to show different properties of the iterative SVI. When the level of random noise is high, 
further iterations retrieve mostly the dominant event and no extra information on different modes is gained. When the level of 
noise is relatively low, we show that higher modes can be found in a wider frequency band in the results of each separate iteration. 
In both cases, the combination of all iterations provides a more complete description of the surface waves. The presence of strong 
random noise or spikes in the data can have negative effects on the methodology in the form of spurious events originating from 

the spikes. 
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 Introduction 

or geotechnical investigations of the near surface on land,
eismic surface-wave methods are one of the most commonly
sed methods. Surface waves are mostly sensitive to the shear-
 ave velocity of the subsurface, which is directly related to the
hear modulus (Socco and Strobbia, 2004 ). This is the parameter
f interest as it relates to the design of loading on the subsurface
Ghose and Goudswaard, 2004 ). 
his is an open access article under the terms of the Creative Commons Attribution Licen
riginal work is properly cited. 
2026 The Author(s). Geophysical Prospecting published by John Wiley & Sons Ltd on be
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The primary aim of seismic surface-wave methods is to extract
dispersion information from the data. The dispersion manifests
as phase differences, recorded at different frequencies along ray
paths. The surface-wave methods, however, are sensitive to noise
and lateral variations of the medium in the subsurface. In early
geotechnical measurements of surface waves, a method called
spectral analysis of surface waves (Nazarian and Stokoe II, 1985 )
was used. In this method, two geophones are placed a certain
distance apart with a source placed at one side. Phase differences
se, which permits use, distribution and reproduction in any medium, provided the 
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re extracted from the spectra of the recordings from the two
eophones. Due to significant problems with noise, this was
epeated often with different receiver distances, source offsets
nd source sides. All results were added together to obtain an
verage dispersion curve assigned to the midpoint of the two
eceivers. The result is a method that is labour-intensive and still
as problems with accuracy. 

he development of multichannel analysis of surface waves
MASW) can be seen as a response to this method (Park et al.,
999 ). Linear receiver arrays are used instead of only two stations.
ia a domain transformation, the seismic data can be converted to
he phase velocity–frequency domain (the dispersion spectrum).
n its most simple form, this transformation can be seen as an
k-transform with a subsequent exchange of the wavenumber
xis for phase velocity. Park et al. ( 1999 ) suggested using the
hase-shift method, which also includes a further normalisation
o remove amplitude effects (Park et al., 1998 ). With a con-
tant receiver spacing, longer arrays result in a higher spectral
esolution and a lower wavenumber uncertainty, but a lower
ignal-to-noise ratio (Socco and Strobbia, 2004 ). The signal-to-
oise ratio can be boosted by using the overlapping fold of
ifferent shots to compute the dispersion spectrum for the same
tretch of geophones multiple times and stacking these. 

n the phase velocity–frequency domain, dispersion curves will
how up as high-energy bands. Often, it is assumed that the fun-
amental mode is the most energetic; this means that by picking
he maxima of energy for each frequency, the fundamental-mode
ispersion curve could be extracted. A second assumption is
hat the medium is one-dimensional. When lateral variations in
he medium are present below the receiver line, the dispersion
pectrum exhibits anomalous effects (Boiero and Socco, 2011 ).
hese effects result in ambiguities in the picking of dispersion
urves. In the presence of low or smooth lateral variation,
he recommendation is to use short receiver lines. The result-
ng dispersion curves then capture local characteristics of the
edium. The inversion results from different local dispersion
urves can then be smoothed to obtain a two-dimensional model
f the medium. 

s mentioned above, higher modes are often ignored. In the
resence of strong velocity contrasts and inversions, the balance
f energy between the different modes changes and at certain
requency bands, the higher modes can become dominant. This
an cause misidentification of a high-energy band consisting
f different surface-wave modes as a single fundamental mode
Socco et al., 2010 ). A low spectral resolution can also make it
ifficult to identify different peaks in the dispersion spectrum.
owever, the higher modes themselves carry useful information
n the deeper subsurface, as they have a longer wavelength and
re sensitive to greater depths than the fundamental mode at the
ame frequency. Different inversion schemes take higher modes
nto account to further constrain the velocity model (Xia et al.,
003 ; Luo et al., 2007 ; Khosro Anjom et al., 2021 ). 

n this work, we focus on improving the signal-to-noise ratio of
he data with supervirtual interferometry (SVI) and on how this
echnique relates to the higher modes. The technique utilises
eismic interferometry to extract additional information included
n multi-fold data and the output is in the same domain as the
of 14
input data. This means that it can be used as a preprocessing
step for any method that would ordinarily be applied. SVI was
originally proposed for boosting refracted arrivals (Mallinson
et al., 2011 ; Bharadwaj et al., 2012 ). For this to work, stronger
arrivals had to be removed or the refracted arrivals isolated.
However, the idea could be applied to all events originating from
the same stationary-phase region, meaning it can also be applied
to boost the surface-wave content of the seismic data (An and Hu,
2016 ; Xu et al., 2017 ). The advantage of surface waves is that they
are generally the highest-energy events recorded. 

However, the multi-modal characteristics of surface waves mean
that the standard workflow for SVI is not applicable. After
applying SVI, generally, only the fundamental mode is boosted.
In order to further boost the signal-to-noise ratio, Al-Hagan et al.
( 2014 ) suggested iteratively applying SVI to the output of each
iteration of SVI. This would only serve to further reduce the
effects of the higher modes in the data. We propose to adjust the
workflow of iterative SVI for surface waves by taking the data
remainder of each iteration instead of the direct output of SVI
as input for the next iteration. This remainder is calculated by
subtracting the output of SVI from the input data using adaptive
subtraction. The remaining part would consist of noise from
sources out of the stationary-phase region and the weaker events
that were boosted less by SVI. 

A complication is that seismic interferometry gives rise to cross-
terms between the different (higher) modes. With only sources
at the surface – the case in most active surveys – these cross-
terms can even overwhelm the true higher modes (Halliday
and Curtis, 2008 ; Kimman and Trampert, 2010 ). These cross-
terms diminish when using sources in line with the receivers
(Halliday and Curtis, 2008 ) and when the distance to the source
is large compared to the interreceiver distance. The aim of the
adaptive subtraction is in part to correct for this. On the other
hand, lateral variations between the receivers of interest are
accounted for, as long as the other assumptions behind seismic
interferometry hold. 

In the Theory section, we will explain the theoretical background
of seismic interferometry and SVI and use this to explain the
adapted workflow for iterative SVI. Then, in the Methods section,
we will discuss the implementation and introduce the three
datasets that are used to investigate the effects of applying
iterative SVI. In the Results section, we will show how the data
is affected by iterative SVI both in the time domain and in the
dispersion spectrum. In the Discussion section, we will discuss
the theory and compare it to observed results. Finally, we will
combine all observations in the Conclusion. 

2 Theory 

SVI is based on the theory of seismic interferometry, which states
that the Green’s function between two receivers can be retrieved
by, for example, cross-correlating two traces that recorded the
same event and are located along the same travel path (Wapenaar
and Fokkema, 2006 ). Effectively, this removes the shared travel
path from the second trace and results in a trace recorded at the
second receiver as if the source were located at the first receiver
position, called the virtual source, as illustrated in Figure 1 . 
Geophysical Prospecting, 2026
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FIGURE 1 The basic concept of seismic interferometry by cross-correlation. The trace from the original source position 𝑠0 recorded at receiver 𝑟1 
is cross-correlated ( ∗ ) with the trace recorded at receiver 𝑟2 . The result is the trace that would have been recorded at receiver 𝑟2 if there were a (virtual) 
source at receiver 𝑟1 , which we can call 𝑠1 . The figure is based on Wapenaar et al. ( 2010 ). 

FIGURE 2 The basic concept of SVI. In the first step shown in (a), the trace between virtual source position 𝑠1 and receiver 𝑟2 is retrieved from all 
valid source positions and then summed to boost the signal-to-noise ratio. This is effectively the same workflow as used for seismic interferometry. In 
the second step shown in (b), the original trace from source position 𝑠0 to receiver 𝑟2 is retrieved by convolving ( ⊕) the boosted trace and the original 
trace from source position 𝑠0 to receiver 𝑟1 . Again, this can be repeated for multiple different virtual source positions and summed together to boost the 
signal-to-noise ratio. The result is a trace characterised by the same travel path as the original one, but with a higher signal-to-noise ratio. The figure is 
adapted from Bharadwaj et al. ( 2012 ). 
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n order to retrieve the full Green’s function, it is required to
ntegrate this cross-correlation over a (smooth) source boundary
ffectively surrounding the medium of interest. The exact source
ocations do not need to be known, but the sources should
e spread such that an isotropic illumination is ensured. This
equirement can be simplified somewhat if we assume that the
ateral variations are smooth and minor in the area between the
ource and receiver. The result for surface waves is that only the
ources inline with the receivers (in a stationary-phase sense)
ill contribute to the surface-wave retrieval. These assumptions
re also made during the processing for MASW, so they do not
eem unreasonable. 

uring an active-source survey, we can exploit this by placing
ultiple sources in line with the two receivers. Cross-correlating
he two traces for every source at a valid position (on the left
ide of receiver 𝑟1 in Figure 1 ) results in what is kinematically the
ame trace each time: a trace with a virtual source at receiver 𝑟1
nd recorded at receiver 𝑟2 . As such, they can be summed so that
he signal adds constructively and random noise destructively.
his is the most popular seismic interferometry application and
onstitutes the first step of SVI, as illustrated in Figure 2a . 

he first step of SVI can be repeated for all valid combinations of
ources and receivers according to their geometry, and as a result
he virtual sources have been shifted to the receiver positions.
his is corrected in the second step of SVI. To perform the
pposite operation, the original trace recorded at the first receiver
eophysical Prospecting, 2026
is convolved with the boosted trace originating from the first
receiver. The effect of this step, which is seismic interferometry
by convolution (Slob et al., 2007 ), shown in Figure 2b , is that the
travel paths characterising the two traces are ‘stitched’ together
and the resulting trace reflects the full travel path from the (real)
source 𝑠0 to the second receiver 𝑟2 . When there are multiple
receivers between the original source position and the second
receiver, this process can be repeated for each of them, each time
resulting in the same trace from source position 𝑠0 recorded at
receiver 𝑟2 . This means that, again, we can sum the results to
boost the signal and reduce the noise. The resulting trace reflects
the travel path of the original one recorded at receiver 𝑟2 , but the
signal-to-noise ratio has been boosted twice proportionally to the
square root of the number of shots available (Mallinson et al.,
2011 ). 

Previous investigations into surface-wave SVI have shown that
the effect of SVI can be complicated and is not always positive
(Hassing et al., 2024 ). The results of SVI can be boosted further
by iteratively applying the method (Al-Hagan et al., 2014 ). For
this, the output of an iteration of SVI is fed into the next iteration,
which is repeated until the signal-to-noise ratio is considered to
have improved sufficiently. As mentioned above, SVI primarily
boosts the strongest event found in the data. If the desired event
is not the strongest in the recording, the iterative application
will only remove the desired signal. Similarly, if SVI leads to
unexpected effects for surface waves, an iterative application
does not resolve these issues. To address these complications,
3 of 14
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FIGURE 3 A sketch describing the ‘ideal’ scenario of applying iterative supervirtual interferometry (SVI). The top-left panel shows the raw data 
containing both surface-wave arrivals (sketched as straight lines) and reflected arrivals (sketched as hyperbolae). After applying SVI, the fundamental 
mode is boosted. The boosted data are subtracted from the raw data. The resulting panel is used as input again for SVI. This can be repeated multiple 
times to extract different strongest events from the data. Finally, these panels can be summed together to obtain a more complete description of the 
surface waves with a boosted signal-to-noise ratio. 
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e propose to adjust the technique of iterative SVI when using
urface waves. 

nstead of considering the surface waves as a single event
riginating from the source position, it would be more accurate
o consider the different modes separately. The different modes
ropagate at different velocities, and the energy is distributed
etween them depending on the propagation medium. Often, it
s assumed that most of the energy resides in the fundamental
ode, but this is not necessarily the case. SVI, then, boosts the
trongest event, that is, a higher mode. 

he basic workflow of the iterative SVI we propose is as follows
nd also illustrated in Figure 3 . SVI extracts the strongest
vent. Subtracting this result from the original data provides
he remainder of the events with the noise. The amplitudes of
he events are not the same after SVI and to correct for this,
e apply the subtraction in a least-squares manner, similar to
ow multiples are removed after their estimation (Verschuur and
erkhout, 1997 ). 

he data without the resulting strongest event can serve as input
or SVI, with the new strongest event, for example, a higher mode,
eing boosted. This can be repeated until the data are separated
nto different panels containing either the desired events or a
anel containing noise and other events. Finally, the panels with
esired events can be summed to obtain the output of the process.
ffectively, our proposed technique presents a similar workflow
of 14

ble C
reat
to that in An and Hu ( 2016 ), but the target is extracting and
improving surface waves rather than suppressing them. 

Only a certain range of offsets can be included for the SVI steps.
Four considerations play a role. Firstly, the signal-to-noise ratio
should be sufficient. If the amplitude of the signal has decayed
too much, the cross-correlation result will also mostly include
noise. At a certain point, stacking these data will not be beneficial.
Secondly, the full arrival of the targeted wave should be recorded
at both receivers. Thirdly, the source point should be in the
stationary-phase region for the selected receiver pair. This can be
relevant when the source is not perfectly in line with the receiver.
Lastly, a minimum offset should be used to prevent near-field
effects from playing a role. 

The question is whether the hypothetical separation of modes
of iterative SVI will bear out in reality. SVI, generally, does not
fully isolate single events after boosting them. This would mean
that the residual energy of the dominant event remains in the
data that serve as new input for SVI. Thus, it is more likely that
iterative SVI will lead to a more complete version of the strongest
event remaining in the final data. The intermediate panels should
provide information on what parts of the wavefield are boosted
each iteration. They could also provide more information about
the higher modes. To test this, we will apply iterative SVI to three
different datasets. First, we use a synthetic dataset to investigate
the general effects of SVI. Then, we use two different field datasets
to investigate the effects of the technique we propose in the
Geophysical Prospecting, 2026
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resence of a stronger second higher mode and cases where the
undamental mode is not the strongest. 

 Methods 

he general structure of the proposed iterative SVI has already
een presented above. The actual implementation of SVI is
dapted slightly for application to data compared to previous
pplications of SVI for surface waves. The first adaptation we
ntroduce is that data outside of a certain minimum and max-
mum offset is not used during the processing. The minimum
nsures that no near-field effects are included in the data. The
aximum offset cuts off traces where the signal has attenu-
ted too much or the first arrivals are not recorded so that
he results are not contaminated with purely random noise or
econdary sources. 

he second adaptation we introduce is that, instead of using cross-
orrelation in the first step of SVI, the cross-coherence is used.
he cross-coherence reduces the influence of the source signature
nd generally stabilises the result of SVI (Place et al., 2019 ). The
ross-coherence can be calculated by first dividing each signal by
ts amplitude in the frequency domain and then performing the
ross-correlation as usual. 

fter obtaining the results of SVI, they are subtracted from
he raw data by least-squares subtraction (like adaptive noise
r multiple subtraction; Robinson and Treitel, 1980 ; Verschuur
nd Berkhout, 1997 ). This is controlled by two factors. The first
s the filter length. The most significant parts of the filter are
ontained at short lags, while the larger lags generally do not
hange the result appreciably. We keep the filter length short,
t 15 samples, as, based on empirical tests, larger lengths do not
mprove the result. The second factor is the size of the window
n time and space of the input data, within which the filter is
ept constant. Smaller windows remove local effects found in the
ubtraction data more aggressively. The surface waves consist of
onger wavelengths and wave trains of arrivals. Smaller windows
lso capture more noise in the resulting data. For these reasons,
t is more advantageous to use no windowing and subtract the
lobal characteristics of the SVI data from the raw data. After
ubtraction, the result of the subtraction and the boosted panel
alanced by the subtraction filter are saved to disk. In this way,
he amplitudes of both results are balanced again after they are
istorted by SVI. 

hen, as explained above, the remainder of the data from the
revious step is used as input for the next iteration. The results
rom each iteration are stored separately so that they can finally be
ummed together. This is the crucial adaptation for surface waves
n our work. 

e use two different ways to evaluate the effects of SVI. Firstly,
n order to estimate the changes in signal-to-noise ratio, we
ompare the root-mean-square (RMS) value of different sections
f data. We select an offset and time range for windows where
oise is found. Then, we also select an offset range for windows
ith a signal. Because the timing of the surface waves can vary
epending on phase velocity and shot positioning, we take the
ime of maximum amplitude along the trace at the centre of the
eophysical Prospecting, 2026
offset range and set the time range around this time. The ratio
between the signal and noise RMS values can then be used to
quantitatively assess changes in the signal-to-noise ratio. This is
repeated for all shots, providing a distribution of values for the
dataset. Because there is a correlation between the signal-to-noise
ratio and the recording time, as we will see below, we take a
sample of noise both early during the recording and late. The late
noise section should be used with the caveat that it is harder to
guarantee that it does not include any useful signal. 

In order to compare changes in the domain more relevant for
surface waves, we also compute dispersion spectra. For this,
the total receiver line is subdivided with a moving window. At
each window position, the dispersion spectrum is computed for
the five closest shots, taking a minimum offset into account,
and stacked. To compute the dispersion spectrum, first a (Ham-
ming) windowing function is applied over the spatial dimension
and then the frequency-domain beamforming method is used
(Zywicki and Rix, 1999 , 2005 ). Dispersion curves can then be
picked as the local maxima on these spectra. For the picking of
higher modes, it is important to keep the possibility of cross-
terms of higher modes into account. For this, the original data
are leading when interpreting a dispersive event as a higher
mode. Information from laterally close windows can also provide
extra information. 

Our proposed technique is applied to three different datasets. The
first is synthetic and obtained by finite-difference modelling using
fdelmod (Thorbecke and Draganov, 2011 ), which uses fourth-
order differential operators and a staggered grid to solve, in
our case, the elastic wave equation. The velocity model is two-
dimensional and consists of two different stacks of layers welded
together at the centre, as shown in Figure 4 . A constant Poisson’s
ratio of 0.1 is used, and the density is calculated using Gardner’s
relation (Gardner et al., 1974 ). A free surface is set at the top of
the model to excite surface waves, while perfectly matched layers
with 500 positions are used on all other edges. 

The left side of the model contains a high-velocity layer at the
surface, so that strong higher modes are excited. In order to
predict the dispersion curves and the relative strength of each
mode, we model one-dimensional models representing both layer
stacks with Thomson–Haskell forward modelling (Thomson,
1950 ; Haskell, 1953 ; Buchen and Ben-Hador, 1996 ). Using the
dispersion curves, the eigenfunctions are computed and with
that, the spectral excitation of each mode is calculated (Harkrider,
1964 , 1970 ). The results of the theoretical modelling can be seen in
Figure 5 . On the left side of the model, the energy jumps between
different modes: below 15 Hz the fundamental mode is dominant,
around 20 Hz, the first higher mode is dominant and around 25
Hz the second higher mode is dominant. On the right side of the
model, the excitation of higher modes is very weak. In order to
target the frequency range where different modes are dominant,
we use a Ricker wavelet with a central frequency of 20 Hz for the
modelling. The modelling is done with a model spacing of 0.3
m, a time step of 0.1 ms during 2 s for a total of 51 shots spaced
every 10 m. The wavefield is recorded by receivers placed every 2
m between 0 and 500 m with a sampling frequency of 500 Hz. 

After the modelling, noise is added to the data. This is done by
adding a random value to each data point taken from a Gaussian
5 of 14
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FIGURE 4 The shear-wave velocity model used in the finite-difference modelling of the synthetic data. It consists of two horizontally layered stacks 
of homogeneous layers welded together at the centre of the model. The left model contains a high-velocity layer at the surface to create strong higher 
modes. The ‘halfspace’ extends down to 100 m, but is cut off here to show more detail in the shallow parts. The halfspace velocity is equal throughout 
the model. 

FIGURE 5 Theoretical dispersion information for the first four modes of the (a) left and (b) right laterally homogeneous regions in the model in 
Figure 4 . In each subfigure, the left panel shows the dispersion curves computed with the Thomson–Haskell propagator method and the right panel 
shows the relative spectral excitation of different modes. 

FIGURE 6 An example of one of the common-shot gathers from the synthetic dataset with a source location at 309 m along the model without noise 
(left) and with noise added (right). The boxes in the left figure indicate the relative position of the sections of data used to compute the signal-to-noise 
ratio in Figure 10a . The blue box indicates early noise, the red box signal and the orange box late noise. 
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istribution with a standard deviation of 10% of the maximum
mplitude in that shot. The data resulting from an example
ommon-shot gather with and without noise added are shown in
igure 6 . The sections of data used for determining the signal-to-
oise ratio of 0.3 s in length and 30 m in width are also shown.
of 14
The spatial windowing for the computation of dispersion spectra
is done with a window length of 100 m, a minimum offset of 150
m and a step of 2 m. The farther offsets are used as higher modes
are more apparent there. 
Geophysical Prospecting, 2026
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FIGURE 7 Location of the receiver line used for the SCAN data. 
Map from OpenStreetMap contributors under ODbL. 
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he second dataset is a subset of a field dataset. A quarter of
he shots from a section of line 001–011 of the so-called SCAN
ata (Rehling et al., 2023 ) are taken and downsampled to a
ampling rate of 100 Hz to reduce the total amount of data. This
esults in 302 shots spaced around 25 m apart, recorded by 1500
eceivers, whose locations are shown in Figure 7 . The line mostly
ollows a path in the forest along the provincial boundary between
orth Holland and Utrecht, but crosses two busy highways in the
orthern part of the selected line. The SCAN project itself focuses
n P-wave reflection data for the deep subsurface. As such, there
s little information on the shear-wave velocity structure of the
ear surface. Information from boreholes close to the line shows
hat the top 20 m of the subsurface consists almost completely
f sand with some variation in grain size (TNO - Geologische
ienst Nederland, na ). As such, higher modes are not the focus
or this dataset. 

ne of the shots is shown in Figure 8a . The signal-to-noise ratio
f the data is generally high and, although some reflections are
isible, the surface waves are dominant. Some shots contain
trong secondary events. Because some shots are not placed
xactly on the receiver line, one of the assumptions made for SVI
o work, we set the minimum offset to 500 m. The maximum
ffset is placed at 2000 m, where the slower, main package of
urface-wave energy is no longer recorded. Again, the sections of
he data used for determining the signal-to-noise ratio are shown.
he spatial windowing is done using windows of 300 m in length
ith a step of one third of the window length throughout the
ffset range used for SVI. 

he third dataset is more challenging. We shall call it the Farm
ataset, recorded onshore in South Dakota, the United States.
he site is located inside a glacial valley, and the near surface
onsists of a layer of glacial sediments overlying limestones. This
elocity contrast is likely to excite higher modes, and different
ispersive events can be observed in the data. A channel is found
etween 150 and 400 m along the line. The dataset contains 517
hots interleaved between the geophones, whose spacing is 3 m.
 (zoomed-in) example of a shot is shown in Figure 8b . The
ataset is noisy, and many shots contain events – refracted and
eophysical Prospecting, 2026
direct waves – that dominate over the surface waves. As discussed
above, the SVI boosts the strongest event. In order to ensure that
the surface waves are boosted, we apply a top and bottom mute
to isolate the surface waves. The minimum offset is set to 12 m,
while the maximum offset is set to 250 m, as no signal is visible
at further offsets. Due to the muting, comparisons of the signal-
to-noise ratio are difficult, as sections with no signal are hard to
extract. Therefore, the signal-to-noise ratio will not be computed
for the dataset. 

4 Results 

An example of results of the different iterations of SVI on a
shot from the synthetic data can be seen in Figure 9 , with the
associated changes in signal-to-noise ratio in Figure 10a . As
expected, the first iteration results in a large increase in the signal-
to-noise ratio. The random noise is reduced, and the shape of
the dispersion curve has become more consistent. An interesting
feature to note is that the random noise has obtained a gradient of
intensity, increasing with longer traveltimes. As a result, the noise
is stronger for late traveltimes than for early traveltimes. 

This effect becomes more pronounced in the following iterations,
as more of the signal has been extracted. The signal-to-noise ratio
decreases significantly with longer traveltimes and is lower than
the original signal-to-noise ratio for each separate iteration. The
decrease in signal-to-noise ratio of the separate higher iterations
is expected, as each consecutive iteration separates increasingly
weaker events. The signal-to-noise ratio of the cumulative iter-
ations does show a slight decrease over the iterations, but the
signal-to-noise ratio of all iterations combined is still significantly
higher than in the original data. As a result of the second
iteration, the first higher mode is visible between 12 and 20 Hz
and part of the second higher mode is visible between 23 and
30 Hz. The dominant mode is mostly removed after the first
iteration, and the second-strongest mode becomes visible. At low
frequencies, the fundamental mode is consistently still visible. As
more signal is extracted after each iteration and the noise becomes
relatively stronger, it becomes harder to accurately extract the
available information. 

The dispersion curves picked based on the synthetic dataset are
shown in Figure 11 . After the first iteration, the spread of the picks
has decreased. In subsequent iterations, the frequency band in
which higher modes are found becomes broader in both parts
of the model, but as the signal-to-noise ratio decreases again,
the spread of the picks also increases. In the left part of the
model (Figure 11a ), the parts of the dispersion spectrum where
the modes come close to each other become more difficult to
separate in the later iterations of SVI, which can be seen as many
of the picks for the first higher mode around 17 Hz – where the
amplitude of the fundamental mode and the first higher mode
is nearly equal in Figure 5a – are located between the analytical
fundamental and first higher modes. This could be caused by
correlation cross-terms between the two modes. 

Now, we turn to the second dataset. The signal-to-noise ratio
over different iterations is shown in Figure 10b . Larger samples
of noise are taken to average out the secondary events that are
active along the recording line. The pattern of the signal-to-noise
7 of 14

e C
om

m
ons L

icense

https://www.openstreetmap.org/copyright


FIGURE 8 Example common-shot gathers of the two field datasets showing the (a) SCAN data and (b) the Farm data. For visualisation purposes, 
all traces are normalised by their root-mean-square value and the Farm data are limited to 1.5 s of recording. Like in Figure 6 , three boxes indicate the 
relative positions of the data sections used for computing the signal-to-noise ratio. Each dataset shows different types of noise and different recorded 
events. The SCAN data is dominated by surface waves, but reflections and secondary events are visible. The Farm data shows more noise in general 
and both a strong air wave and a refracted wave below the noise. To isolate the surface waves, a top and bottom mute are applied during processing; the 
boundaries of the top and bottom mute are indicated by the red lines. 

FIGURE 9 Results of iterative SVI applied to a common-shot gather in the synthetic dataset, where the top row shows the time-domain data. The 
traces below the minimum offset of 12 m are not included in the processing, but copies of the original data are inserted there to show contrast and 
consistency throughout the iterations. The red bars above and below the images indicate where the lateral variation is found in the data. The dispersion 
spectra in the bottom row are computed by taking all traces in the offset range − 280 and − 180, which corresponds to distances between 50 and 150 m along 
the receiver line. Before computation of the dispersion spectrum, a Hamming window is applied over the spatial axis and the spectra are normalised per 
frequency. The white lines show the theoretical dispersion curves from Figure 5a . The first column shows the original data, and the following columns 
show the results of the iterative SVI after each iteration. Then, the final column shows the sum of the results from each iteration. 
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atio over the iterations is similar to the one for the synthetic
ata, where the first iteration shows a large improvement in
ignal-to-noise ratio and this decreases over further iterations. 

esults of separate common-shot gathers are shown in Figure 12 .
or these data, it is also worth considering the remaining parts
f the data that form the input for the next iteration and are
iscarded at the end. The noise gradient that was visible in the
ynthetic data is not prominent here. Instead, spurious (acausal)
of 14
events are visible, angling away from the source position. These
are the strongest after the first iteration. When there are large,
random spikes in the original data, these spurious events can have
a large amplitude. 

In two examples of dispersion spectra for two different spatial
windows in Figure 13 , we can see that the fundamental mode
is primarily boosted after the first iteration of SVI. Further
iterations do still include energy from the fundamental mode.
Geophysical Prospecting, 2026
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FIGURE 10 Signal-to-noise ratios of (a) the synthetic dataset and (b) the SCAN dataset throughout each iteration of SVI computed by taking the 
ratio between the root-mean-square values of small sections of data. Representations of these sections are shown in Figures 6 and 8a . Each time, the red 
box indicates the signal, the blue box indicates early noise and the orange box indicates late noise. This is computed for every shot, with the location based 
on the offset. The resulting mean and standard deviation of all signal-to-noise ratios per iteration are plotted here for early (circles) and late (squares) 
noise. The effect of stacking all previous iterations is also shown in orange. 

FIGURE 11 Manually picked dispersion curves for the original data and the results of three iterations of SVI based on the synthetic dataset. The 
lines indicate the analytical solution to the dispersion curves from Figure 5 . The data are split into the two different laterally homogeneous parts of the 
model with (a) all windows whose centres are below 200 m along the model and (b) all windows above 300 m along the model. 
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hen a second dispersive event is visible, the combination of
ll iterations shows an increased consistency in the fundamental
ode but also retains information on the second dispersive
vent. 
eophysical Prospecting, 2026
The fundamental mode picked over all spatial windows is shown
in Figure 14 . The first iteration causes a large increase in
the frequency band in which the fundamental mode can be
identified. Data become more and more scarce in the higher
9 of 14
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FIGURE 12 An example of a common-shot gather from the SCAN data throughout the iterative SVI process. Following the illustrated flow in 
Figure 3 , the leftmost panel shows the original gather and each subsequent panel shows the result of SVI after each iteration, with the bottom row 

containing the result of SVI and the top row the data remainder (the input for the following iteration). The bottom right panel shows the sum of the 
results from the three iterations, while the top right shows the final remainder. Again, like in Figure 9 , the original traces are inserted below the minimum 

offset of 500 m. 

FIGURE 13 The dispersion spectra computed from stacked spectra from different spatial windows along the receiver line. In (a), the fundamental 
mode is boosted after the first iteration of SVI. Later iterations primarily retrieve more of the fundamental mode. In (b), a second dispersive event that 
appears to be a higher mode is visible. The later iterations do recover more of this event. 

FIGURE 14 The fundamental mode picked for each iteration of SVI for the SCAN dataset. 

i  

o  

m  

F  

F  

 

 

 

 

 

1

 13652478, 2026, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1365-2478.70218 by kees w

apenaar , W
iley O

nline L
ibrary on [15/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
r

terations, but the higher iterations still do include information
n the fundamental mode. As such, the combined result includes
ore information on the fundamental mode, but also more noise.

igure 15 shows two examples of the effect of iterative SVI on the
arm dataset. Generally, as before, the dispersion curve is more
0 of 14
consistent after application of iterative SVI, but in some cases
the higher-frequency tail of the fundamental mode disappears
in the final result, as can be seen in Figure 15b . However,
other shots that were unusable due to the presence of secondary
events became usable shots in the final result, such as in
Figure 15a . 
Geophysical Prospecting, 2026
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FIGURE 15 The stacked dispersion spectra resulting from iterative SVI from two spatial windows of the Farm dataset. (a) At 650 m along the line, 
a shot where a secondary event was active distorts the initial spectrum, but this is restored after SVI is applied. (b) The fundamental mode is harder to 
distinguish above 15 Hz after the application of iterative SVI. 
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he dispersion curves picked based on spatial windowing of
he dataset are shown in Figure 16 . Two zones with low phase
elocities are visible between 200 and 250 m, which coincides
ith the known location of a channel, and between 900 and 1050
 along the line. Where before, the higher modes were able to be
icked in a larger frequency band in later iterations of SVI, this
s not the case here. The amount of data that could be picked
ecreases over each iteration. Instead, the combination of all
terations yields the largest amount of data. 

 Discussion 

terative SVI shows clear improvements over a single iteration
f SVI when the data contains multiple different events. For
urface waves, it is important to consider the different modes
eparately. When the fundamental mode is already dominant, a
ingle iteration improves the signal-to-noise ratio and generally
ncreases the frequency band where the mode can be found.
urther iterations still retrieve energy from the fundamental
ode. There is a balance where more energy of the event can
e retrieved from further iterations but also when more noise
s included. 

hen there is a strong higher mode, the higher mode can be
ecovered better when the dominant parts of the fundamental
ode have been separated in the first iteration. Generally, the first
igher mode shows up more clearly in the result of the second
teration, but remnants of the fundamental mode are still found
ecause the SVI cannot fully isolate single events. Including
urther iterations in the final result gives a more complete
epresentation of the surface waves and increases the signal-
o-noise ratio. Treating the results of the iterations separately
n some cases makes it possible to obtain a more complete
epresentation of the higher mode. This could be used for picking
he dispersion curve of a higher mode. When more random noise
s present, SVI struggles to accurately retrieve the dominant event.
eophysical Prospecting, 2026
Then, it is not accurately removed from the data, and it is not
possible to extract other events in further iterations. 

Even though the iterative method can handle data containing
multiple events better. It is still advisable, if possible, to try
to isolate the desired parts of the wavefield. This prevents
crosstalk and makes sure that the event that is boosted is
actually the one that is targeted. A disadvantage of seismic
interferometry is that this crosstalk can also happen between the
higher modes. Identification of a true mode can be made more
secure by comparison with the original data and laterally close
data. 

When the data contain large, random spikes, these will generate
spurious events sloping away from the source position even after
a single iteration. These can be prevented by cleaning the data
before processing. They also provide a clue to the presence of
the ‘noise gradient’ found in the synthetic data. The Gaussian
noise acts as a large number of random spikes in the data. Each
of them generates a small spurious event that extends towards
positive traveltimes. The random amplitude of the noise means
that the summation of all the events looks like random noise, but
the density of events is a function of the number of data points at
earlier traveltimes. Of course, the data are sampled equidistantly
in time, meaning that the level of noise increases linearly with
time. It is possible that by including shots that would generate a
signal at acausal times, this effect would be decreased. 

There are some apparent events in the original data that seem to
disappear after the application of SVI, for example, Figure 15b .
According to the theory, all events originating from the same
stationary-phase region should stack constructively. As these
events are also what we are interested in, any event that disap-
pears should be looked at with a critical eye. The original event
could simply be random noise or it could be constructive noise
from an undesired source. Generally, it would not be advisable to
use these events to pick dispersion curves. 
11 of 14
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FIGURE 16 The first three modes manually picked for all spatial windows of the Farm dataset and for each iteration. Here, the later iterations 
show little improvement in identifying the higher modes compared to the data of the combined iterations. 
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ur results show that a single iteration does not extract a
omplete single mode. However, the different iterations do show
otential in highlighting different events, making it possible
o extract more information from the different events. As it
s generally difficult to get information on higher modes from
urface-wave data, this could prove to be a valuable addition
o processing workflows. In nearly all cases, the signal-to-noise
2 of 14
ratio and the consistency of the dispersion curves improved after
application of the iterative SVI we proposed. In some cases, there
is a definite positive effect of the further iterations on the data,
while in other cases the further iterations did not decrease the
quality of the data. In the few cases where the fundamental mode
disappeared at higher frequencies, this already happened after a
single iteration of SVI. 
Geophysical Prospecting, 2026

ive C
om

m
ons L

icense



6

S  

s  

a  

b  

a  

b

I  

m  

t  

b  

h  

c  

o  

t

T  

f  

w  

S  

T  

t  

t  

a  

a  

c  

i  

t

F  

w  

o  

w  

L  

w  

a

S  

s  

i  

m

T  

o  

i  

s  

a  

o  

i  

i

T  

a  

i  

g  

t

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

G

 13652478, 2026, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/1365-2478.70218 by kees w

apenaar , W
iley O

nline L
ibrary on [15/07/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reat
 Conclusions 

VI is a method used to increase the signal-to-noise ratio of the
trongest event recorded in seismic data. Most literature discusses
pplication to refraction data, where the refracted wave needs to
e isolated to ensure that the right part of the data is boosted. For
pplication to surface-wave data, the standard application should
e rethought. 

nstead of treating surface-wave arrivals as a single event, each
ode should be treated separately. Indeed, when applying SVI
o surface-wave data containing a weaker higher mode, it can
e observed that only the fundamental mode is boosted and the
igher mode mostly disappears from the data. This could be
orrected by an iterative application of SVI. To improve the result
f iterative SVI for the retrieval of surface waves, we proposed
hree adaptations to the technique. 

he methodological improvement we proposed is that instead of
eeding the result of one iteration back into the next, we work
ith the remainder of the data. This means that the output of
VI is subtracted in a least-squares manner from the input data.
he result of this is then used as input for the next iteration. We
hen saved the results of each iteration separately and summed
hem together in the end. The other two adaptations we proposed
re to use only offsets between a data-dependent minimum
nd maximum offset before SVI application and to use cross-
oherence instead of cross-correlation in the first step of an SVI
teration. We applied the adapted iterative SVI we proposed to
hree different datasets. 

irstly, we used a synthetic dataset containing Gaussian noise,
here strong higher modes were induced. Multiple iterations
f SVI showed that in the first iteration the dominant event
as boosted, whether the fundamental mode or a higher mode.
ater iterations allowed for the higher modes to be picked at a
ider frequency band. The Gaussian noise also shifted after the
pplication of SVI to increase with a linear gradient. 

econdly, we used field data with little noise and dominated by
urface waves. We showed that the iterative application of SVI
ncreased the signal-to-noise ratio and allowed the fundamental
ode to be picked at a wider frequency band. 

hirdly, we used field data that contained strong direct waves
ther than surface waves and more noise. We showed that
terative SVI cannot help for all locations in this dataset. While
ome of the spectra lost information about the fundamental mode
t higher frequencies. Other shots that were unusable in their
riginal condition due to secondary events were corrected by the
terative SVI, which balances the results. The combination of all
terations provided the largest amount of data. 

hus, we showed that iterative SVI for surface waves can restore
 more complete surface-wave wavefield, compared to a single
teration of SVI – it increases the signal-to-noise ratio and
enerally has a positive, or at least neutral, effect on the quality of
he data. 
eophysical Prospecting, 2026
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