Geophysical Prospecting, 2014

doi: 10.1111/1365-2478.12176

Time-lapse seismic imaging using regularized full-waveform inversion
with a prior model: which strategy?
A. Asnaashari1 ∗ , R. Brossier1 , S. Garambois1 , F. Audebert2 , P. Thore3
and J. Virieux1
1 ISTerre,
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ABSTRACT
Full-waveform inversion is an appealing technique for time-lapse imaging, especially
when prior model information is included into the inversion workflow. Once the
baseline reconstruction is achieved, several strategies can be used to assess the physical
parameter changes, such as parallel difference (two separate inversions of baseline and
monitor data sets), sequential difference (inversion of the monitor data set starting
from the recovered baseline model) and double-difference (inversion of the difference
data starting from the recovered baseline model) strategies. Using synthetic Marmousi
data sets, we investigate which strategy should be adopted to obtain more robust and
more accurate time-lapse velocity changes in noise-free and noisy environments. This
synthetic application demonstrates that the double-difference strategy provides the
more robust time-lapse result. In addition, we propose a target-oriented time-lapse
imaging using regularized full-waveform inversion including a prior model and model
weighting, if the prior information exists on the location of expected variations. This
scheme applies strong prior model constraints outside of the expected areas of timelapse changes and relatively less prior constraints in the time-lapse target zones. In
application of this process to the Marmousi model data set, the local resolution
analysis performed with spike tests shows that the target-oriented inversion prevents
the occurrence of artefacts outside the target areas, which could contaminate and
compromise the reconstruction of the effective time-lapse changes, especially when
using the sequential difference strategy. In a strongly noisy case, the target-oriented
prior model weighting ensures the same behaviour for both time-lapse strategies, the
double-difference and the sequential difference strategies and leads to a more robust
reconstruction of the weak time-lapse changes. The double-difference strategy can
deliver more accurate time-lapse variation since it can focus to invert the difference
data. However, the double-difference strategy requires a preprocessing step on data
sets such as time-lapse binning to have a similar source/receiver location between
two surveys, while the sequential difference needs less this requirement. If we have
prior information about the area of changes, the target-oriented sequential difference
strategy can be an alternative and can provide the same robust result as the doubledifference strategy.
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1 INTRODUCTION
Over several years, monitoring and time-lapse analysis has
become an important tool for optimizing oil and gas production and for evaluating CO2 sequestration efficiency. Timelapse data provide high-resolution images that enable us to
track dynamic changes in physical properties, especially fluid
parameter variations in target areas. Several successful timelapse studies have been undertaken for near-surface geophysical problems with non-seismic data, GPR and electrical data (Ramirez et al. 1993; Day-Lewis, Harris and Gorelick 2002; Day-Lewis et al. 2003; Singha and Gorelick 2005;
Oldenborger et al. 2007; Miller et al. 2008), for seismic monitoring (Lumley 2001; Rickett and Lumley 2001; Calvert 2005;
Hall 2006; Lumley et al. 2008; Ayeni and Biondi 2010) and for
joint inversion of electromagnetic and seismic data of reservoir monitoring (Liang, Abubakar and Habashy 2012). Most
of these studies were based on tomography problems where
inversion techniques are needed.
Over the past few decades, Full-waveform inversion
(FWI) has become a promising technique for velocity model
building that reconstructs high-resolution velocity models of
the subsurface through the extraction of the full information
content of seismic data (Tarantola 1984; Pratt 1999; Virieux
and Operto 2009). Since the FWI approach delivers highresolution quantitative images of macro-scale physical parameters, it should appear as a quite attractive tool for monitoring purposes, even if it is not yet widely applied (Gosselet
and Singh 2008; Abubakar et al. 2009; Plessix et al. 2010;
Thore et al. 2010; Romdhane, Ravaut and Querendez 2012;
Queißer and Singh 2013). The FWI technique does not require to identify seismic phases compared to other time-lapse
techniques such as amplitude versus offset (AVO) analysis
(Tura and Lumley 1999; Landrø 2001) or warping approaches
(Williamson, Cherrett and Sexton 2007). For this reason, it is
crucial to consider the FWI technique for time-lapse applications in complex media where phase identification is extremely
difficult. Moreover, FWI considers all types of seismic arrivals:
reflected, refracted and diving waves, while other time-lapse
techniques are mostly limited to reflection data. FWI should
not be seen as a replacement technique for time-lapse application but is an approach that can use all types of data to better
extract time-lapse variation information in complex media.
Gradient-based inversions used in FWI cannot yet provide uncertainties on the inverted values, in spite of a few attempts (Fichtner and Trampert 2011), compared to stochastic
approaches. The computational cost of the a posteriori covariance matrix limits dramatically such kind of analysis for
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FWI applications. Nevertheless the FWI approach could be
one of the promising techniques for time-lapse imaging, taking into account both the phase and amplitude of data and it
may be considered as less user dependant. Moreover, the final
product of FWI relies on the quantitative image of physical
properties that should help interpretation of 4D changes.
Time-lapse variations are defined as high-frequency details in the model at the reservoir scale, while FWI is known as
a technique that is limited to rather low frequencies for exploration projects due to the computational cost. However, even
with these low frequencies it can provide high-resolution images. Today, due to increased computer facilities and more developments in FWI algorithms, there is less difficulty to move
onto inversion of intermediate frequencies. Nice applications
have been shown at intermediate and high frequencies in both
2D and 3D problems (Shipp and Singh 2002; Bansal et al.
2013; Lu et al. 2013). Moreover, for time-lapse applications,
it is not necessary to invert an entire field model that would
be very large (this is the case in a general exploration project);
the inverted model could be reduced to the zone of interest.
Therefore, by decreasing the size of the model (unknown parameters), it helps to move to a higher frequency inversion.
Please note however that the problem of high-frequency inversion is not only a computational cost issue: the amplitude
and cycle-skipping issues become more and more important
when moving to high frequencies.
Regularization or preconditioning may reduce the nonuniqueness of the ill-posed inverse problem. Several studies
have been done on regularization schemes of FWI implementations (Abubakar et al. 2009; Herrmann, Erlangga and Lin
2009; Loris et al. 2010; Guitton 2011; Ma et al. 2012). All
these regularization techniques do not directly use prior model
information as a separate term in the data-oriented misfit function: they prefer to concentrate on the definition/restriction of
the model space. One may want to use prior model information in the FWI scheme as is done in other velocity building
techniques (Le Stunff and Grenier 1998; Tarantola 2005). Recently, some authors have suggested to introduce prior models
in the multiplicative (Hu, Abubakar and Habashy 2009) and
additive (Wang et al. 2012; Asnaashari et al. 2013) regularization terms of the FWI workflow. Taking into account prior
information could be very valuable for monitoring purposes,
where many types of precise prior information have been collected for the target zone, in a way similar to the model-based
regularization used on time-lapse electrical resistivity tomography (Oldenborger et al. 2007; Miller et al. 2008). Adding
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prior information can also significantly improve the accuracy
of the reconstruction of the baseline model (Asnaashari et al.
2013).
The time-lapse reconstruction procedure can be divided
into two steps: (1) baseline and (2) monitor model reconstructions. In order to obtain a robust high-resolution time-lapse
model, it is necessary to reconstruct both the baseline and
monitor models in a robust and accurate way. For the second
step of this approach, several workflows can be designed for
the monitor reconstruction. One of them, called the parallel
difference strategy, independently inverts the two data sets
(baseline and monitor) starting from the same initial model.
The time-lapse changes will be assessed by subtracting the final derived monitor model from that of the baseline (Plessix
et al. 2010). The second approach, called the sequential difference strategy, uses the final baseline model as the starting
model for inverting the monitor data set (Asnaashari et al.
2012). An alternative strategy, called double-difference or differential strategy, consists in inverting only the difference data
set to recover a differential image. It is related to a doubledifference tomography method widely used in geodesy and
seismology in order to improve earthquake source locations
or to image receiver areas (Waldhauser and Ellsworth 2000;
Zhang and Thurber 2003; Monteiller et al. 2005; Got et al.
2008) and used more recently for locating microseismic events
(Zhou, Huang and Rutledge 2010). The double-difference
method in the form discussed here has been proposed for
time-lapse waveform inversion of acoustic cross-well data in
the frequency domain (Watanabe et al. 2004) and inversion
of elastic data in the time domain (Denli and Huang 2009).
The sequential difference strategy does not depend too
heavily on the repeatability of the acquisition geometry
between baseline and monitor surveys, which is a great
advantage. On the contrary, the double-difference method
demands a mostly perfect match of the receiver and source
positions between the two surveys. On the other hand, the
sequential difference strategy cannot naturally focus on the
target areas and on the time-lapse changes during inversion
(as shown in this paper). Could we tune the sequential
difference inversion to better focus on target zones using prior
model information? In addition, could we reduce the effects
of image noise outside of the expected target zones if prior
data are available? These are some of the main questions that
we want to address in this study.
In the first part, we shall present the theoretical framework of our study. Then, using synthetic data modelled for the
Marmousi model, we shall investigate the different behaviours
and robustness of time-lapse strategies in noise-free and noisy
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cases. The fundamental differences between the sequential difference and the double-difference strategies, in conventional
(without prior model) and in target-oriented modes, will be
illustrated by a local resolution analysis. We underline the
sensitivity analysis of obtained time-lapse images with respect to the inaccuracy of the recovered baseline model in
a noisy environment. We shall illustrate how target-oriented
inversion can significantly improve the results of all timelapse inversions and how the sequential difference strategy
in target-oriented mode can provide the same robust result
as the double-difference strategy if prior data are available in
crucial areas.

2 TIME-LAPSE STRATEGIES WITH
REGULARIZED FULL-WAVEFORM
INVERSION INCLUDING A PRIOR MODEL
Full-waveform inversion is an iterative approach to recover
model parameters based on the local optimization of residuals between observed and computed wavefields at receiver
positions for different seismic source locations. Any prior information that can be incorporated into the estimation of the
misfit function reduces the ill-posedness issue of inverse problems and ensures more robust results. For that, we apply the
time-domain regularized FWI algorithm with the prior model
penalty introduced in Asnaashari et al. (2013), where two
penalty terms based on model parameters are introduced into
the misfit function. The misfit function C(m) can be expressed
using the 2 norm as:


1
C(m) =
(dobs − d(m))T WdT Wd (dobs − d(m))
2 ns



T T


1
1
T
+ λ1 {m Dm} + λ2 m − m p WmWm m − m p
2
2
= Cd (m) + λ1 C1m (m) + λ2 C2m (m),

(1)

where the observed and calculated data at receiver positions
are denoted by the vectors dobs and d(m), respectively. The matrix Wd is a weighting operator on the data misfit. This first
term of the misfit function is obtained by adding the contribution over ns sources. The second term of the objective function
corresponds to standard Tikhonov regularization (Tikhonov
and Arsenin 1977) where the modulus of the gradient (roughness) of the model is minimized, in order to search for smooth
models. Practically, this term is formulated as the application
of Laplacian operator D. A five-point finite-difference stencil is used for the discretization of this operator. The third
term of the objective function is related to the prior model m p
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designed from available prior information, such as sonic logs
and geological information. This term estimates residuals between the current model at a given iteration and the prior
model considered at that same iteration. The matrix Wm is a
weighting operator in the model space. This matrix contains
the prior uncertainty information and the potential weighting
of this information. This weighting operator plays a crucial
role when reconstructing the model for target-oriented imaging. In our misfit function, the prior-model variance information is included in the diagonal Wm matrix and the covariances
are implicitly considered in the Tikhonov term. The two regularization parameters λ1 and λ2 allow each penalty term to be
weighted with respect to each other and to the data term. Designing the prior model and estimating the weighting matrix
is an important step before the optimization. Moreover, regularization parameters should also be estimated. These issues
come with the new definition of the misfit function.
The gradient of the misfit function now has three terms,
one data term and two model terms, expressed as:
Gm = −



JT WdT Wd (dobs − d(m)) + λ1 Dm

ns



T
Wm m − m p ,
+λ2 Wm

(2)

where the Jacobian matrix J = ∂d(m)/∂m is composed by the
Fréchet derivatives of the synthetic data with respect to the
model parameters. The data term of the gradient is efficiently
computed with an adjoint formulation (Plessix 2006) without
an explicit computation of J. Then, two model penalty terms
are readily added to the data term without extra computer
efforts as they can be easily differentiated. The quasi-Newton
procedure involving the L-BFGS-B scheme (Byrd, Lu and
Nocedal 1995) is used for the optimization and updates the
model parameter vector m. An approximate non-diagonal inverse Hessian (second derivative of the misfit function) from
previous gradients and model vectors is considered in this
scheme. This bounded limited-memory quasi-Newton method
is an efficient alternative to preconditioned steepest-descent
methods, because of improved focusing and partially correcting the descent direction affected by the limited aperture of illumination (Brossier, Operto and Virieux 2009). The bounded
values can be approximately estimated from the prior information. A detailed review and applications of this regularized
FWI scheme including the prior penalty can be found in Asnaashari et al. (2013).
In the following, we briefly introduce three different
strategies for time-lapse imaging with this new regularized
FWI approach, considering initial and prior models.
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2.1 Parallel difference strategy
The parallel difference strategy considers two independent inversions, where the baseline and monitor data sets are processed separately using the same starting and prior models.
After inversion, the time-lapse variation is simply the subtraction between the recovered (rec.) monitor model and the
reconstructed (rec.) baseline model (Plessix et al. 2010), as
explained by the diagram in Fig. 1. The main advantage of
this strategy is its applicability to acquisition geometries that
do not necessarily match between the two surveys. As the two
inversions are performed independently, the main drawback
is the potential interpretation of non-repeated inversion artefacts as a false time-lapse response.

2.2 Sequential difference strategy
Because one expects the time-lapse response to be localized
and of small amplitude in most of the monitoring applications,
the baseline model is a natural good candidate for the starting
model of the inversion of the monitor data set. Starting from
the baseline model should reduce the number of necessary
iterations for the inversion of the monitor data set. Therefore,
once the baseline reconstruction is completed, this baseline
model is subsequently used as the initial model during the
inversion of the monitor data set. At the end, the time-lapse
model is obtained by a subtraction between the two recovered
models. A schematic of the sequential difference strategy is
shown in Fig. 2. This approach is similar to the previous
strategy but with a different initial model. If the baseline model
is close to the monitor model due to small and localized timelapse variations, the recovered baseline could also be a good
candidate for the prior model. The role of the prior model is
to regularize the inversion and to find the monitor model not
far away from the initial one (baseline model). If more prior
data on the changes are available from boreholes and nonseismic data, they would be integrated to design a new prior
model. However, the prior model alone is not sufficient, and
it is important to consider an appropriate model weighting
matrix Wm. The prior information related to the location of
time-lapse changes should be included in the Wm matrix. We
discuss this issue in more detail in the target-oriented FWI
section.

2.3 Double-difference strategy
In the double-difference strategy, instead of minimizing the
difference between the full observed and calculated data, we
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Figure 1 Diagram of parallel difference Full-waveform inversion.
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Figure 2 Diagram of sequential difference Full-waveform inversion.

attempt to minimize the difference of the difference data between two sets of data (Watanabe et al. 2004; Denli and
Huang 2009), yielding the expression:
d = (dobsm − dobsb ) − (dcalcm − dcalcb )
= dobstime−lapse − dcalctime−lapse ,

(3)

where the monitor and baseline observed data are denoted
respectively by dobsm and dobsb , while the computed data for
these two experiments are denoted by dcalcm and dcalcb . Based
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on equation (3), the double-difference inversion focuses on
the difference data, i.e., changes in data due to the time-lapse
variation. In order to use the standard regularized FWI algorithm at our disposal, we can rewrite equation (3) in another
way:
d = (dobsm − dobsb + dcalcb ) − dcalcm = dcomposite − dcalcm . (4)
Therefore, for the double-difference analysis, we first need
the elaboration of a composite data set defined as:
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dcomposite = dobsm − dobsb + dcalcr ec−b ,

(5)

which is composed of (a) the time-lapse difference observed
data (dobsm − dobsb ), which should only contain the time-lapse
changes between the two data sets and (b) the computed
data dcalcr ec−b estimated using forward modelling in the
recovered baseline model (rec-b). This composite data set
dcomposite can be used as a new observed data set dobs in
equation (1), which allows minimizing the double-difference
residual (3) with a standard regularized FWI algorithm. The
reconstructed baseline model is the natural choice for the
initial model for this inversion. Finally, the time-lapse model
changes δmtime−lapse = mcomposite − mr ec−b can be obtained. A
schematic of the proposed algorithm is shown in Fig. 3.
Please note that the difference observed data are computed by a raw subtraction, without any time warping. The
difference data may contain artificial 4D effects along the time
axis, due to a slight time-shift related to 4D changes. This issue does not cause a problem, since FWI performs inversion
in the depth domain and not in the time domain. These artificial 4D effects are associated to the time-lapse anomaly at
a specific depth and therefore can be focalized at that depth.
Hence, because of inversion in the depth domain, there is no
need to align baseline and monitor traces in time.
The main advantage of the double-difference strategy is
that the unexplained events (non-fitted during inversion) of
the baseline data at the baseline reconstruction step have less
impact on the time-lapse perturbation reconstruction, as compared to the sequential difference strategy. The composite data
set is free from any unexplained baseline events. In contrast,
the sequential difference uses full real monitor data that may
contain unexplained baseline/monitor events. As long as these
unexplained events stay common for both the baseline and
monitor data, they will not produce time-lapse artefacts. This
feature, as well as the importance of an accurate recovered
baseline model, will be discussed in detail in the synthetic
example section.

2.4 Discussion on strategies
For the first two strategies, there is no hypothesis, at least as
they are formulated in this paper; to have strictly the same
position of sources and receivers between the two surveys,
because the baseline and monitor data sets are inverted separately. For the double-difference strategy (equation (3)), there
are two assumptions. The first assumption is that the same size
of data vectors is required to be able to make difference data.
The second one coming from physics is that the difference is
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meaningful: representative of the time-lapse change that we
want to exploit. Therefore, the most favourable case for the
double-difference strategy is when the baseline and monitor
acquisitions perfectly match. However, this strategy should
also work in other configurations, not exactly fitting these
two assumptions: if the baseline and monitor surveys have
slightly (not large) different coordinates. In reality, in order to
make the double-difference strategy relevant, it is necessary to
perform time-lapse binning and/or data interpolation and/or
sub-selection of the mostly matched data set. These processing
steps are usually performed in a classical time-lapse analysis.
In the following, we use perfectly matched acquisition between baseline and monitor surveys in order to avoid the effect
of the mentioned preprocessing step in our synthetic study.

3 TARGET-ORIENTED INVERSION
The sequential difference strategy cannot naturally focus only
on target areas and on the time-lapse data changes during inversion. Is there any way to make the sequential difference inversion focus on the target zones? In addition, could we reduce
effects of image noise outside of the expected target zones?
If the baseline model is close to the monitor model, since
the time-lapse variations are small and localized, the recovered baseline model could also be a good candidate for the
prior model in both the sequential difference and the doubledifference strategies. If the variations are localized only at the
reservoir and assuming no overburden changes, we can constrain the inversion outside of the area of expected changes
through the prior-model misfit term of the objective function
(the location of these expected changes may come from external information or be known after previous attempts of different inversions). In other words, we may give strong weights
to the prior model (here, the recovered baseline model) for the
parts of the model where no time-lapse variations are expected
to occur and relatively less prior weights in the target areas. By
doing so, the inversion tends to update the monitor model only
inside the target areas where the weaker prior constraints leave
more relative weight in the cost function to the data-misfit
term with respect to the model term. Of course, regularization
parameters will balance the global contributions between data
and model terms. Thus, this target-oriented inversion can be
easily incorporated into the double-difference and sequential
difference strategies, using the target-oriented model weighting matrix Wm. This is another advantage of these strategies
compared to the less interesting parallel difference strategy.
The target-oriented procedure could be used as a final focusing strategy. The non-seismic prior data such as well data and
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Figure 3 Diagram of double-difference (differential) Full-waveform inversion.

geological models and a migrated section of the difference
data set, together, can help to approximately identify the areas of expected changes. We can take benefit from all existing
information about the reservoir, even geological and production scenarios can be helpful to have some ideas about place
of changes. The diagonal model weighting matrix is computed
T
Wm) = 1/σ 2 (m), where σ 2 (m) is related to
based on diag(Wm
the prior uncertainty. In the expected target area, the prior
uncertainty associated to the prior model (recovered baseline model) is relatively higher than outside of the target area
where no changes are expected. This target-oriented inversion
mode can be integrated with two of the time-lapse strategies,
the sequential difference and the double-difference ones. This
target-oriented option can be performed, if prior information
exists on the location of expected time-lapse variations.

4 APPLICATION TO THE MARMOUSI
MODEL
In this section, we study the robustness and behaviour of the
different time-lapse imagining strategies presented before, in
the case of both noise-free and noisy synthetic data sets mod-
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elled on a version of the Marmousi2 model (Martin, Wiley
and Marfurt 2006). A selected target zone of the Marmousi2
P-wave velocity model and a homogeneous density model are
considered as the true baseline models (Fig. 4a). The true monitor velocity model is created from the baseline model through
a relative (40 m/s) variation of velocity inside two gas reservoirs (Fig. 4b). The velocity changes are around 2% of the
baseline velocity variation inside the reservoirs, which is realistic. We assume that the two reservoirs are fully saturated
by gas at the beginning and after production the gas is partially replaced by water. This means, in a second phase of the
exploitation, that the reservoirs are partially saturated by gas
and water. Due to this issue, there is an increasing change in
Vp velocity. A surface acquisition geometry with a free-surface
condition is used to generate the synthetic data, with seventyseven isotropic explosive sources, located along a horizontal
line at a depth of 16 m, equally spaced by a distance of 50 m.
A horizontal receiver line at a depth of 15 m with a sensor interval of 10 m completes the acquisition. All receivers record
all shots. A Ricker wavelet source with a central frequency of
10 Hz is used for the baseline and monitor surveys. The time
seismograms are generated using 2D acoustic finite-difference
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Figure 4 (a) The true Vp baseline model selected from the Marmousi model and the acquisition geometry; (b) the true time-lapse model.

modelling in the time domain with a fourth-order stencil in
space and a second-order integration in time. The same modelling engine is used for modelling of observed data and inversion. Perfectly-matched-layer (PML) absorbing boundary
conditions (Berenger 1994) are used for non-reflecting boundaries except at the top where a free-surface condition is implemented. The observed data for the inversion are the recorded
pressure data.

4.1 Noise-free data
Figure 5(a) shows an example of baseline seismograms generated by a shot located at the centre of the source line. Clearly,
surface multiples are present in the data and increase the complexity of the data for inversion. Figure 5(b) shows the noisefree difference data (time-lapse data) obtained by subtraction
between the monitor and the baseline data. Note that the amplitude of the difference seismograms is amplified by a factor
of 10 so as to be at the same scale as the baseline seismograms,
for visualization purposes. The time-lapse signal is weak due
to a very small velocity variation of the two small target reservoirs. This low energy time-lapse signal may induce difficulties
for the recovering of time-lapse changes. The baseline reconstruction should be done as the first step.

4.1.1 Baseline reconstruction
The main challenge for monitoring remains the necessity to
derive a robust high-resolution baseline model, which is key
for the reconstruction of time-lapse parameter variations (Asnaashari et al. 2011). Therefore, an accurate and robust reconstruction of the baseline model is crucial. Recently, Asnaashari et al. (2013) proposed a dynamic prior weighting
FWI designed to impose a strong contribution of the prior
model term in the objective function at the beginning of optimization and then gradually reduce its influence and increase
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the impact of the data term. Combining the prior information
and a dynamic prior weighting allows to drive the inversion to
the valley of the quasi-global minimum, to mitigate the cycleskipping issues and to progressively give more importance to
the data-misfit term at the late iterations of optimization.
The same dynamic approach is followed for the inversion of the baseline data using regularized 2D acoustic Fullwaveform inversion. Our FWI is implemented in the time domain for both the forward and the inverse problem, involving
all the frequencies of the source spectrum (between 1 Hz to
a maximum of 25 Hz in this case). No additional hierarchical approach such as the frequency-continuation approach
of Bunks et al. (1995) is used. This means that the weighting of each frequency is directly linked to its amplitude in the
spectrum. The full offset range (maximum offset 3.8 km) is included for the inversion. The forward modelling is performed
by the 2D acoustic finite-difference method with a fourthorder stencil in space and a second-order integration in time.
For this model, performing of forward modelling for all the
shots takes around 15 s of CPU elapsed-time, using a shotbased parallelization FWI algorithm (on 77 MPI-processors
for this test). Therefore, performing FWI on the baseline data
takes roughly 2–3 hours of CPU elapsed-time (note that for
the sequential difference or double-difference strategies, due
to starting from the recovered baseline model and less iteration numbers, this computational time will reduce to less than
20 mins). Please note that our code is a prototype code and is
not optimized for production.
A strongly smoothed initial model (Fig. 6a) obtained by
smoothing the true baseline model, which mimics a timetomography velocity model based on both first arrivals and
reflected events, is used as the initial model. This model is
so smoothed and there is a gap in the wavenumber spectrum that will be compensated by the prior model. In our
study, we consider that the sonic-log measurements acquired
in the two exploration wells, located at two sides of the model
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Figure 5 (a) The noise-free observed baseline seismograms for the source located at the centre of the Marmousi model; (b) the noise-free
difference data between the monitor and baseline data sets; (c) the noisy baseline seismograms obtained with artificial Gaussian band-limited
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time-lapse seismic events are blinded by a high level of random noise. Please note that the amplitudes of the (b) and (d) seismograms have been
amplified by a factor of 10 so as to be plotted at the same scale of (a) and (c), for visualization purposes.

(x = 0.05 km and x = 3.85 km), provide an accurate estimation of the local vertical velocity. We build a crude prior
velocity model (Fig. 6b) based on a linear interpolation between the two well locations. From the local velocity measurements, the interpolated prior model is accurate near the
well locations and degradates with distance from the well, as
the structure is highly heterogeneous. Therefore, we decided
to build a weighting shape whose uncertainty values follow
a Gaussian function in the x direction with weak values near
the wells and increasing values in the centre of the area. Then,
this uncertainty model was combined with a depth weighting (z2 ), in order to have an appropriate balance between the
data-misfit and prior-model terms by going into depth (it can
also be seen as compensating for the propagating decay of the
wave amplitude). This σ 2 (m) model (Fig. 6c) is used to include
the prior model into the misfit function with a spatial varying
T
Wm) = 1/σ 2 (m)). However, more acweight (recall diag(Wm
curate techniques such as the geostatistical approach and/or
structural interpolation based on migration could be used to
design the prior model and its associated uncertainty model.
For selection of regularization parameters in equation
(1), the λ1 value is chosen as a small value to ensure a slight
smoothing of the results. To select the λ2 regularization parameter, the misfit function is computed for the starting model
for λ2 = 1. Based on the ratio γ between the prior-model mis-
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fit λ2 C2m (m) and the data-term misfit Cd (m), we adjust the
λ2 value such that 10−3 < γ < 10−2 . Therefore, by selecting
this reasonable ratio of prior-model and data-misfit terms,
the FWI is prevented from minimizing the model norm heavily at early iterations. In this test, we chose to have the ratio
γ = 10−3 . As mentioned before, the dynamic weighting approach is performed to gradually reduce the λ2 value during
the optimization. The reader is referred to Asnaashari et al.
(2013) for more details. The stopping criterion for L-BFGSB (Byrd, Lu and Nocedal 1995) is based on the flatness of
the misfit function for two successive iterations, ensuring a
convergence. The criterion is the same for all the following
inversion tests performed in this study, so that the results are
comparable on the data side.
The obtained baseline model is shown in Fig. 7(a). As
a quality control (QC), the normalized Vp error computed at
each grid point is plotted (Fig. 7 b). The theoretical error associated to the recovered model is computed by the expression
Vperr = (Vptr ue − Vpr ec )/Vptr ue as we know the true model.
At larger depth and close to the boundaries of the model,
the error is slightly higher due to the lack of illumination.
However, inside the reservoirs and in the overburden, the reconstruction of the velocity model converges to a quasi-perfect
model thanks to the influence of the prior model. We insist
that such a precise and accurate result cannot be obtained
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Figure 6 (a) The strongly smoothed initial model used for the baseline and the parallel difference inversions. (b) The prior model used for the
baseline and the parallel difference inversions. This prior model is built by a linear interpolation between the two exploration wells (shown by
two dashed lines) at two sides of the model and is slightly smoothed. (c) The prior model weighting σ used for the baseline and the parallel
difference inversions. This model weighting contains the Gaussian function varying only in the x direction between two wells with a maximum
value at the centre of the model. This variation is then complemented by a quadratic evolution in the z direction.

without considering the prior model and the dynamic approach. Adding the prior model into the inversion scheme
leads to an accurate baseline model that is crucial for timelapse inversion.

4.1.2 Time-lapse imaging
In this section, we perform a robustness study of the three
proposed time-lapse imaging strategies (parallel difference,
sequential difference, double-difference), particularly in the
presence of ambient noise. In the first investigation, we focus
on the noise-free case using conventional modes (i.e., without
a target-oriented option). For the parallel difference strategy,
we invert the monitor data set with the same configuration
and inversion parameters as for the baseline reconstruction,
starting from the same smooth initial model, using the same
interpolated prior velocity model and the same parameters of
the dynamic approach. Fig. 8(a,b) shows the time-lapse model
obtained by the parallel difference strategy, with two vertical
QC logs passing through the two gas reservoirs. The result
shows that inverting both data independently from the same
initial model does not make it possible to focus only on timelapse changes. The two reservoir variations are approximately
recovered but many high amplitude anomalies associated to
inversion artefacts are present in the final time-lapse model.
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This problem is mainly linked to the ill-posedness and the
non-uniqueness issues of the inverse problem. Since the complexity of the data is not the same for the two data sets, the
two independent inversions do not converge to similar models
and do not have the same path of optimization. Thus, different artefacts are created for the two inversions. In terms of
computational costs, the parallel difference strategy is not interesting, because both inversions start from the smooth initial
model.
Once the recovered baseline model is obtained, we can
perform the sequential difference and the double-difference
strategies starting from this baseline model. Since the expected
monitor model must be close to the baseline model, due to the
small and localized time-lapse variations, the recovered baseline could also be a good candidate for the prior model in both
strategies. This is the case in this study. In the conventional
mode (without the target-oriented option), a homogeneous
weighting is applied to the model, with a low influence of the
prior model penalty term in the objective misfit function. The
sequential difference is able to detect the time-lapse variation
but it cannot focus solely on the target areas (Fig. 8c,d). The result is less contaminated by inversion artefacts as compared to
the parallel difference strategy. Fig. 8(e) shows the time-lapse
result produced in the noise-free case with the conventional
double-difference strategy. It appears that both target zones
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Figure 7 (a) The recovered baseline model by regularized FWI using the interpolated prior velocity model with inversion of noise-free data;
(b) the normalized Vp error at each grid point, Vperr = (Vptr ue − Vpr ec )/Vptr ue , used as a quality control for the recovered model (a). The two
exploration wells are shown by two dashed lines. (c) Similar as (a) in case of strongly noisy data with S/N = 4.5 dB; (d) the normalized Vp
error for the recovered model (c).

are very well recovered and that most of the difference data
energy is focalized inside the correct perturbation zones, although some low-value anomalies exist below 1 km depth at
the centre of the model. This may be due to small inaccuracies
in the reconstructed baseline model, which are not completely
recovered in this part mostly due to the lack of illumination.
However, such time-lapse incorrect anomalies may be considered as acceptable. For the small reservoir, since its thickness
is smaller than the reconstructed spatial wavenumber, sidelobe effects are present in the final model (please note that the
maximum frequency included in the time-domain inversion is
around 25 Hz).
For the target-oriented inversion (in the following), we
need to design the model weighting matrix Wm based on the location of expected changes. Based on non-seismic prior information, well-known depth of the reservoirs and the migrated
section of the difference data set, it is possible to roughly detect
the area of time-lapse changes. After detecting the approximate location of variations, the prior uncertainty model σ 2 (m)
(Fig. 9) is built by a summation between a small constant uncertainty value everywhere in the model and two Gaussian
functions varying in the x and z directions, which are centred
roughly at the centre of the variations. These two Gaussian
functions, which contain high relative values with respect to
the small values of other places, present the areas where we expect to be updated during the target-oriented inversion. This is
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a rough design of the target-oriented prior uncertainty model,
however more precise techniques could be used in real case
applications. We use this target-oriented weighting model for
all the following target-oriented inversions.
As the parallel difference may not be very interesting anymore, in the following we will concentrate on the two other
strategies.
4.1.3 Local resolution analysis
In this section, we analyse the different behaviours of the two
time-lapse strategies, in conventional and in target-oriented
modes. For that, we perform a local resolution analysis.
The Hessian function is related to the point-spread functions (PSFs) or the spike tests; this relation is important information brought by the Hessian in a local resolution analysis. Spike tests are commonly used as a diagnostic tool
for resolution analysis in linearized tomographic problems
(Menke 1984; Fang, Cheney and Roecker 2010; Fichtner and
Trampert 2011). They constitute a numerical way for estimating the effects of the off-diagonal terms of the Hessian
function on the recovering model parameters, for one row
and one column of the Hessian matrix related to the point
model perturbation.
We shall consider a true monitor model that contains only
two point time-lapse perturbations that are point-localized
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inside the two reservoirs. In a first investigation, without
any target-oriented prior weighting, the time-lapse images
(two spike functions) are recovered by the inversion from
three different configurations: 1) the time-lapse inversion (either sequential difference or double-difference) starting from
the true baseline model used as the starting monitor model,
shown in Fig. 10(a); 2) the sequential difference strategy
starting from the recovered baseline model (Fig. 7a) used as
the starting monitor model, shown in Fig. 10(b); and 3) the
double-difference strategy starting from the recovered baseline
model (Fig. 7a) used as the starting monitor model, shown in
Fig. 10(c). The results are shown after 10 iterations. The spikes
recovered by the double-difference strategy (from the recovered baseline model) appear to be very similar to the ones obtained with the true baseline model, showing the robustness
of the strategy with respect to the starting model. In addition, the total energy of the time-lapse perturbations is better
located and better focused at their positions with the doubledifference method, as compared to the sequential difference
strategy.
When using the true baseline model as the initial model
for time-lapse inversion (Fig. 10a), the two strategies bring
quite identical results, because the calculated baseline data
dcalcb are equivalent to the observed baseline data dobsb , so the
composite data set and the observed monitor data are identical
(for noise-free data). Let us clarify the differences between the
composite and the monitor data set, when the recovered base
model is used. The monitor data set can be written as the
time-lapse perturbation data (dobsm − dobsb ) plus the baseline
data (simply by mathematically adding and subtracting the
baseline data to and from the monitor data),
dobsm = dobsm − dobsb + dobsb .

(7)

9010

Figure 9 The target-oriented σ model is built based on the location
of time-lapse changes coming from the migrated section, the available
prior well data and the geological model.
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The expression is similar to the one for the composite data
(5) but the calculated recovered baseline data, from equation
(5) have been replaced with the observed baseline data. The
misfit data computed at the first iteration of optimization
(when dcalcm = dcalcr ec−b ) for the two strategies are expressed
as:

(6)

dsequential = dobsm − dcalcr ec−b = (dobsm − dobsb )
+(dobsb − dcalcr ec−b ).

(8)

Equations (7) and (8), which are respectively derived from
equations (5) and (6), reveal the main differences between the
sequential difference and the double-difference strategies. The
sequential difference strategy, in addition to the time-lapse
data (first part of the expression, common with the expression for the double-difference approach), tries to recover the
misfit related to the baseline events that have not been fully reconstructed before (second part of the expression). This is the
drawback of the sequential difference strategy, which leaves
a potential risk of creating spurious time-lapse variations.
However, the double-difference strategy focuses on inverting difference data and requires as a starting model a baseline
model that accurately enough describes the background baseline kinematics and structures, otherwise the time-lapse energy cannot be localized and focalized properly at the correct
positions.
We should mention that the problem of sequential difference is not related to a convergence of inversion in a wrong direction. This issue rather appears as a mixing of two different
effects: the updating of the baseline structure and the recovering of time-lapse changes. If it would be possible to qualify
the time-lapse variations with another smart way rather than
a simple subtraction between the two obtained models (baseline and monitor), we could better distinguish 4D changes
from other effects. For example, considering a coherency map
between images based on spatial correlation could be an alternative but it requires a specific study. In the following, as
we rely on model-difference to build the 4D variations, the
baseline improvement during the monitor inversion will be
considered as a 4D artefact.
In a second investigation, the same tests are performed,
with the baseline model as a prior model (i.e., the true baseline model used as the prior model in the test of Fig. 10d
and the recovered baseline model used as the prior model in
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Figure 10 Local resolution analysis with spike tests, top panel without target-oriented inversion: (a) using time-lapse inversion (sequential
difference or double-difference) starting from the true baseline model (Fig. 4 a); (b) using the sequential difference strategy starting from the
recovered baseline model (Fig. 7 a); (c) using the double-difference strategy starting from the recovered baseline model (Fig. 7 a); (d), (e), and (f)
similar to (a), (b), and (c) in case of using the target-oriented model weighting (Fig. 9).

the tests of Fig. 10e,f) and applying the target-oriented prior
model weighting (Fig. 9). The results are shown in Fig. 10
(bottom panel). The target-oriented inversion prevents the
apparition of artefacts outside of the expected target areas,
especially for the sequential difference strategy, more prone
to artefacts. For both time-lapse strategies, target-orienting
the inversion can significantly improve the results compared
to the conventional inversion (top and bottom panels of Fig.
10). By applying a stronger model weighting outside the target zones, the second term of the sequential-difference data
misfit (equation (8)) (i.e., dobsb − dcalcr ec−b ) plays a minor role
in driving the inversion procedure. The model constraints outside the target do not allow these non-fully fitted baseline data
to update the monitor model. For target-oriented inversion,
the dynamic prior weighting cannot be applied and the prior
regularization parameter λ2 has to be kept constant until the
end of optimization.

difference seismograms, respectively. The difference seismograms are amplified by a factor of 10 so as to be plotted at
the same scale as the baseline seismograms. Clearly, the lowenergy time-lapse signal is below the level of random noise.
First of all, the noisy baseline data are inverted by dynamic
regularized FWI including the prior model built by well logs
(Fig. 6b). The recovered baseline model and its corresponding
error map are illustrated in Fig. 11(a,b). As expected, the result
with noisy data is less accurate compared to the result for the
noise-free case, since the inverse problem becomes more illposed. However, using the prior model helps to fill in the lack
of low wavenumbers and ensures that the inversion converges
to a more robust model. To perform the sensitivity analysis, in
addition to this final recovered model, another baseline model
with less accuracy is used. One of the intermediate updated
models, obtained during optimization but before reaching the
convergence, is chosen (Fig. 11c).
4.2.1 Sensitivity to the inaccuracy of the baseline model

4.2 Noisy data S/N=6 dB
In this section, we study the robustness of the two aforementioned time-lapse strategies in presence of random noise. In
particular, we present a sensitivity analysis of the time-lapse
models obtained by the sequential difference strategy and the
double-difference strategy with respect to the inaccuracy of the
recovered baseline model. How accurate should the baseline
model be? This is the question that is addressed in this section.
An artificial Gaussian noise in the range of 1–25 Hz (the
bandwidth of the source wavelet) was added to the true noisefree data (we have used the ‘suaddnoise’ procedure of Seismic
Unix (Cohen and Stockwell 2008)). The signal-to-noise ratio
is around 6 dB . Fig. 5(c,d) shows the noisy baseline and the
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We perform four different inversions using the conventional
sequential difference and the conventional double-difference
strategies starting from the intermediate recovered baseline
model (Fig. 11c) and from the final obtained baseline model
(Fig. 11a). The results are shown in Fig. 12. The doubledifference strategy delivers almost the same results in both
cases and the time-lapse perturbations are reconstructed quite
well. Nevertheless, the result obtained with a more accurate baseline model is more precise, especially for the smaller
reservoir. The results of the sequential difference are completely different when different baseline models are used as
the initial monitor model. When the accurate baseline model
is chosen, this method converges to a similar result as the
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Figure 11 The recovered baseline model by regularized FWI using the interpolated prior velocity model with inversion of noisy data S/N = 6 dB:
(a) the final obtained model; (b) the normalized Vp error at each grid point, Vperr = (Vptr ue − Vpr ec )/Vptr ue , used as a quality control for the recovered
model (a); (c) the intermediate updated model during optimization with less accuracy compared to (a); (d) the normalized Vp error for the
recovered model (c).

double-difference one. However, there are some small anomalies below 1 km depth and the smaller reservoir is less recovered. When the inaccurate baseline model is used as the initial
model, the time-lapse model obtained by the sequential difference strategy is affected by several artefacts, inside and outside
the target zones. These artefacts are caused by the non-fully
explained events of the baseline data (dobsb − dcalcr ec−b ) and
FWI keeps updating the model in the time-lapse inversion due
to these residuals. The sequential difference strategy attempts
to recover the parts of the model that have not been reconstructed during the baseline reconstruction step. Therefore,
this strategy can only be attractive when one has confidence
in the baseline model reconstruction, which would be difficult
on a real application. On the other hand, the double-difference
strategy is less sensitive to the inaccuracy of the recovered base
model.
4.3 Strongly noisy data S/N=4.5 dB
What will be the efficiency of our different strategies for
strongly noisy data? Does the added noise change the behaviour of the two time-lapse strategies in the conventional
mode and the target-oriented mode? Same as before, an artificial Gaussian noise in the range of 1 − 25 Hz was added
to the true noise-free data with a signal-to-noise ratio around
4.5 dB. The noisy baseline data are inverted by dynamic reg
C

ularized FWI including the prior model. The recovered baseline model and its corresponding error map are illustrated in
Fig. 7(c,d). It appears that the baseline model is not recovered
accurately, even at shallow depths, due to the high level of
noise.

4.3.1 Conventional time-lapse inversions
In a first investigation, the conventional sequential difference and double-difference strategies are tested in this
strongly noisy environment (i.e., without target-oriented
model weighting). Figure 13(a–d) shows the results of these
inversions. In the conventional mode, the result of the doubledifference strategy is more robust than the one from the sequential strategy: however, in both cases, most of the recovered model is dominated by the uncorrelated noise. The result
of the sequential difference strategy is contaminated by the
artefacts so that it is difficult to interpret even the location
of the real time-lapse variations. To improve this result, we
propose to apply the sequential difference strategy in targetoriented mode with an appropriate model weighting matrix.

4.3.2 Target-oriented time-lapse inversions
In a second investigation, the two time-lapse strategies are applied in target-oriented inversion mode. The results are shown
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Figure 12 Sensitivity of time-lapse models with respect to the inaccuracy of the baseline model, in case of noisy data S/N = 6 dB. Time-lapse
models obtained by: (a) the sequential difference strategy starting from the final recovered baseline model (Fig. 11 a) as the starting model; (b) the
double-difference strategy starting from the final recovered baseline model; (c) the sequential difference strategy starting from the intermediate
recovered baseline model (Fig. 11 c) as the starting model; (d) the double-difference strategy starting from the intermediate recovered baseline
model.

in Fig. 13(e–h). The target-oriented inversions can prevent the
apparition of perturbations outside the expected target zones:
most of the image noise artefacts and artefacts due to continuing baseline updates (in the sequential difference case) are
removed, thanks to the target-oriented weighting matrix Wm.
Therefore, the sequential difference strategy in target-oriented
mode behaves similar to the double-difference strategy and
can deliver the same robust results as the double-difference
method, if some information exists on the location of the expected perturbed zones.
In this case, the recovered monitor model is almost frozen
and is not allowed to be updated outside of the target zones,
due to the prior model and model weighting matrix. Therefore, the unexplained baseline events cannot contaminate the
reconstruction of the time-lapse perturbations. In this case,
the velocity variations in the larger reservoir are better recovered and better positioned with the sequential difference strategy in target-oriented mode, compared to the conventional
mode (see Fig. 13(b,f)). Please note that other numerical tests
(Fig. 14) have shown that less accurate knowledge of the target
positions in the prior weighting (Fig. 14a) (wider expected target area) still leads to robust results, compared to the conventional approach. We assume here that the depth of the reservoirs where changes could occur is roughly known but that we
have no prior information about potential lateral extension.
Then the target-oriented sequential difference (Fig. 14b) and
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the target-oriented double-difference (Fig. 14c) are applied
to the strongly noisy data, using this less accurate weighting
model. Clearly, the obtained time-lapse results still appear improved compared to the conventional inversion (without any
target-oriented weighting), even when taking into account the
larger target area. Therefore, even with less prior information and taking into account a larger area for the inversion,
the target-oriented approach can deliver a more robust result
than the conventional cases.
Clearly, the smaller reservoir change is missed in all inversion sequences because of the high level of noise, the small
size of the perturbation area and the inaccuracy of the baseline
model.
By performing the sequential difference strategy in targetoriented mode, it is possible to obtain a time-lapse result as
robust as that would be delivered by the double-difference
strategy. In this case, we can focus only on the time-lapse
areas and reduce the drawbacks of the conventional sequential
strategy.

5 DISCUSSION
Nowadays, techniques such as Full-waveform inversion and
amplitude versus offset (AVO) increase our capabilities
for better characterizing reservoir changes spatially and
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Figure 13 The recovered time-lapse Vp models by regularized FWI of the strongly noisy data (S/N = 4.5 dB) and two QC vertical logs passing
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Figure 14 (a) The less accurate target-oriented σ model. In this case we assume that the depth of the reservoirs where changes could occur
is roughly known but that we have no prior information about potential lateral extension. (b) The recovered time-lapse Vp model by the
target-oriented sequential difference strategy applied to the strongly noisy data (S/N = 4.5 dB), (c) the recovered time-lapse Vp model by the
target-oriented double-difference strategy applied to the strongly noisy data (S/N = 4.5 dB). Even with less prior information and taking into
account a larger area for the inversion, the target-oriented approach can deliver more robust results than the conventional cases.

quantitatively. We have shown in this paper that the doubledifference and the sequential difference strategies could be
promising techniques for time-lapse imaging, however, with
some advantages and drawbacks.
When the quality of data is acceptable in terms of signalto-noise ratio, the double-difference strategy can be more interesting than the sequential one, since it can focus on the
target areas. In the case of very strongly noisy data, the doubledifference strategy is more sensitive to the non-repeatable
noise at the subtraction step. The subtraction between two
data sets increases the standard deviation of noise and the
amplitude of noise overwhelms the low-energy true time-lapse
signal. Therefore, the time-lapse energy cannot be detected by
the inversion scheme and the inversion is strongly driven by
the noise. Making the crude subtraction between two data
sets may not be a good idea in a noisy environment and we
need other ways to preserve small time-lapse responses in the
middle of a high level of noise: i.e., pattern recognition techniques, etc. In this case, the target-oriented sequential strategy
could be an alternative. In the sequential strategy, there is
no subtraction between two data sets, therefore the standard
deviation of random noise will not change and it makes this
strategy less sensitive to the random noise. On the other side,
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by including a target-oriented prior model in this strategy, we
can make the sequential strategy to focus on the time-lapse
variation areas. Therefore, the target-oriented sequential strategy can behave similarly to the double-difference strategy but
without its sensitivity to noise. In addition, we benefit from
the applicability of the sequential strategy to the non-perfectly
matched acquisition geometries. In all cases, adding the prior
information into the time-lapse inversion has been found to
be extremely helpful.
In most real monitoring applications, we need to perform
time-lapse binning and data sub-selection to mostly match
both acquisition surveys (to reduce the differences between
coordinates of surveys) in order to apply the double-difference
strategy. However, this kind of data processing may contain
an interpolation error, which can affect the real time-lapse
variation result obtained later from the inversion. If it is possible to perform these time-lapse binning, data sub-selection
and interpolation steps easily, the double-difference strategy
would be the preferred choice. In a complex area, where
these preprocessing steps are difficult tasks but when prior
information exists on the location of time-lapse variation, the
target-oriented sequential difference could be an interesting
alternative.
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6 CONCLUSIONS
We studied the robustness of three strategies for time-lapse
imaging with regularized FWI in noise-free and noisy environments. Using the Marmousi synthetic case, it has been
shown that the parallel difference strategy is highly sensitive
to the differential artefacts in the images coming from two independent inversions. The sequential difference strategy can
be more attractive when the baseline model is accurately recovered, because this method attempts to recover the parts
of the model that have not been fully reconstructed before.
Therefore, this method is more sensitive to the inaccuracy of
the recovered baseline model. In general, the double-difference
strategy is more robust than the sequential one, since doubledifference inversion only focuses on the difference (time-lapse)
data. As shown with local resolution analysis, the difference
data are better localized and better focalized at their correct
positions using the double-difference strategy. In addition, we
illustrated that the double-difference strategy is less sensitive
to the inaccuracy of the reconstructed baseline model used as
an initial model.
We also propose target-oriented time-lapse imaging with
regularized FWI including a prior model: in the misfit function, we apply strong prior model constraints outside the areas of expected 4D changes and we apply relatively smaller
prior constraints in the target zones. The target-oriented inversion steers the recovery of the monitor model towards the
target areas, where the smaller prior model constraints give
more relative weight, in the misfit function, to the data-misfit
term. This target-oriented option could be performed as a final focused strategy in a real application, if prior information
exists on the location of expected time-lapse variations. In
the application to the Marmousi data set, the local resolution
analysis with spike tests shows that the target-oriented inversion prevents the apparition of artefacts outside the target
areas. In the strongly noisy case, the target-oriented weighting matrix Wm leads to a similar behaviour for the sequential
and the double-difference time-lapse strategies and delivers
more robust images. In particular, for the sequential difference approach, the unexplained baseline events cannot contaminate reconstruction of the time-lapse perturbations and
the time-lapse variations are better recovered and better positioned with the target-oriented inversion mode than with the
conventional one. The next step will be the analysis of the
reconstruction capacities of these strategies on real field data
sets.
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