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Data-driven, direct Rock-Physics inversion of Pre-Stack Seismic data.
Introduction

Reservoir characterization aims to estimate elastic and petrophysical parameters from seismic data. This
is of paramount importance both in the context of hydrocarbon and geothermal exploration, and for
monitoring purposes in Carbon Capture and Storage (CCS) projects. However, converting seismic data
into reservoir parameters is an ill-posed inverse problem. This stems from the limited frequency of the
recorded data, noise, and the non-linearity of the rock-physics and seismic modeling operators (Bosch
et al., 2010).

Two alternative approaches exist to extract petrophysical parameters from pre-stack seismic data. The
first, referred to as sequential inversion, retrieves elastic parameters from seismic data followed by a step
of petrophysical inversion. The other approach, identified as joint inversion, jointly estimates elastic and
petrophysical parameters into a Bayesian setting using Monte-Carlo sampling methods (Spikes et al.,
2007). In both cases, elastic and petrophysical parameters are linked through empirical or theoretical
relationships. (Smith et al., 2003). Similarly, elastic parameters and seismic amplitudes variations with
offset (AVO) gathers are linked using the Zoeppritz equation (Aki and Richards, 1980).

Alternatively, Causse et al. (2007) proposed a data-driven approach to overcome such limitations under
the name of Optimal linear AVO approximation (OptAVO). This method uses a priori information in the
form of available well-logs to generate seismic reflection curves by means of the nonlinear Zoeppritz
equation. A Singular Value Decomposition (SVD) is then performed to identify a set of optimal basis
functions that are later on used to invert the elastic parameters from pre-stack seismic data. In order
to correctly handle wavelet effects in the inversion process, Ravasi et al. (2017) extended the OptAVO
approach to band-limited seismic data.

In this work, we introduce a data-driven approach that extends the band-limited OptAVO method with a
rock-physics model, allowing for a direct inversion of pre-stack seismic data directly into petrophysical
parameters. We name this approach RockAVO.
Theory

RockAVO is a data-driven approach to petrophysical inversion; it is therefore appropriate to distinguish
between a training and an inference stage. The overall workflow is summarized in Figure 1. In the
training stage, RockAVO aims to find a set of optimal basis functions linking contrasts in petrophysical
parameters, also referred herein as petrophysical reflectivities, extracted from available well-logs and
pre-stack seismic data. First, petrophysical and elastic properties are connected using the Hertz-Mindlin
rock-physics model, where the mixing of the minerals (bulk modulus Kmin and shear modulus µmin) is
performed using the Voigt-Reuss-Hill average (Mavko et al., 2020). With this, dry-rock properties as
effective bulk modulus Kdry and effective shear modulus µdry are computed as a function of the pressure
P , porosity φ , coordination number C, and Poisson ratio of the minerals νmin.
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Similarly, the bulk moduli K f l and density ρ f l of the mix of fluids are obtained using Batzle and Wang
relations (Batzle and Wang, 1992). After this, Gassmann fluid substitution equations are applied:

Ksat = Kdry +
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µsat = µdry (4)

ρ = ρmin(1−φ)+ρ f lφ (5)
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Finally, the wave velocities Vp and Vs are computed as follows:

Vp =

√
Ksat +

4
3µsat

ρ

(6)

Vs =

√
µsat

ρ
(7)

Equations 1 to 7 represent the chosen nonlinear rock-physics model g. Here porosity (φ ), shale content
(Vsh), and water saturation (Sw) represent the parameters of the model, while ξ is used to group the set of
hyper-parameters (C, K, µ , ν , P, and T ). Finally, given the computed elastic properties (Vp, Vs, and ρ),
the synthetic pre-stack seismic gather is computed with Zoeppritz equation including the source wavelet.
Ultimately, the seismic AVO gather d is both a function of the nonlinear Zoeppritz equation f and the
rock-physics model g:

d (θ , t) = f (g(φ ,Vsh,Sw;ξ )) (8)
Following the formulation of the problem and notation used in Ravasi et al. (2017), SVD is then applied
on the reference seismic gather to obtain so-called optimal basis functions:

d̃− d̃b = FΛΛΛV = FC (9)
Here, the matrix d̃ is the modeled seismic gather of size Nθ ×Nt corresponding to the chosen dictionary
m̃ of petrophysical parameters of size 3Nt0 ×1 where Nt0 is the size of the well logs. Similarly, d̃b is
synthetic gather corresponding to the background model m̃b. Eigenvectors are placed in matrices F of
size Nθ ×Nt and V of size Nt ×Nt while the eigenvalues are embedded in the diagonal matrix ΛΛΛ of
size Nt ×Nt . Matrices ΛΛΛ and V are conveniently combined to form the matrix of optimal coefficients
C, which act as the weights of the basis functions stored along each column of the matrix F to form
the data d̃− d̃b. When applying the SVD process to the modeled seismic data, the eigenvalues quickly
decay to zero; meaning that the contribution of each basis function in the data reconstruction is rapidly
decreasing; therefore it is possible to consider a small subset of basis functions p < Nθ .

d̃− d̃b ≈ FpCp (10)
This equation marks the end of the training process and provides the optimal basis functions Fp for the
inference process. Although we have considered here petrophysical logs for a single well, RockAVO can
be easily extended to accommodate for the availability of multiple wells. This can be accomplished by
concatenating n well profiles one after each other whilst ensuring a smooth transition in the properties
between two consecutive wells. The inference process intends to convert a seismic pre-stack dataset d
available along an extensive geographical area away from the control well into a set of petrophysical
properties. Since the matrix Fp is an orthonormal matrix by construction, the optimal coefficients for
any seismic gather d are obtained as follows:

Cp = FT
p (d−db) (11)

Similar to the training process, a background model mb is required to produce a background synthetic
dataset db to subtract from the recorded data. These optimal coefficients are subsequently back-projected
into a band-limited representation of the physical petrophysical parameters b. Finally, an inverse prob-
lem is solved to undo the effect of the wavelet W and time-derivative D operators.

m = (WD)−1CT
p HT

p Wr̃ = (WD)−1b (12)
Where Hp = VT

p ΛΛΛ
−1
p is a matrix of size Nt × p, r̃̃r̃r of size n ·Nt ×3 is the matrix of petrophysical reflectiv-

ities coefficients of the well-log contrast. Note that the right-hand-side of equation 12 can be interpreted
as a series of post-stack seismic inversions (one per petrophysical parameter), which are solved here
using the PyLops computational framework (Ravasi and Vasconcelos, 2020).
Examples

A 2D synthetic example is constructed using the Smeaheia reservoir model to assess the validity of the
proposed method. The porosity values correspond to those of the populated model, whilst the shale con-
tent is obtained using a normal-random distribution according to the porosity values. Likewise, the water
saturation is assumed to follow a normal random distribution above the water contact (Depth=125). The
system is only occupied by oil and water (Figure 2). For illustrative purposes, the reservoir conditions
are assumed to be at a pressure of 24.1 MPa, temperature of 50 C, water salinity of 10,000 ppm, and
oil gravity of 20 API. Due to the lack of well-logs, vertical pillars in the model are assumed to corre-
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Figure 1 Schematic workflow of RockAVO. Two main stages are identified: training and inference.

spond to well-logs. With the information of the selected well-logs (φ ,Vsh,Sw) and the hyper-parameters
ξ = {Ksand = 37.6× 109 Pa, µsand = 44.6× 109 Pa, ρsand = 2.65 g/cm3; and Kshale = 20.9× 109 Pa,
µshale = 30.6× 109 Pa, ρshale = 2.58 g/cm3}, the rock-physics model is applied in equations 1 to 7.
The computed elastic parameters are further used to model reflection coefficients with angles ranging
from 0◦ to 50◦. Whilst angles beyond 30◦ cannot be handled by conventional linear approximations,
this example is created to prove that our methodology can handle large angles and therefore be more
successful in recovering strong contrasts. Finally, reflection coefficients are band-passed using a Ricker
wavelet with central frequency of 20 Hz to produce the seismic AVO gather to be used as input to the
SVD process.

Figure 2 Known petrophysical properties. a) porosity, b) shale content, and c) water saturation.

In the following setup, three parallel experiments are performed assuming knowledge of petrophysical
well-logs at one, two, or three vertical profiles (x=20, 84, and 140). Additional wells are included pro-
gressively to analyze the benefit on the final inversion results. Independently on the amount of wells
available in the training process, p = 6 coefficients are chosen to decompose the data as in equation
10. The retrieved optimal basis functions are used to estimate the band-limited coefficients in equation
11. Finally, to obtain the petrophysical parameters, each band-limited petrophysical reflectivity model
is inverted by means of spatially-regularized post-stack inversion where a Laplacian operator is used as
regularizer. Figure 3 shows the inverted petrophysical parameters for the case of three vertical profiles
exhibiting high accuracy. Besides, a pre-stack gather corresponding to the well at location x=140 is
computed using the RockAVO optimal basis functions, and is compared with the true gather (See Fig-
ure 4). Finally, the mean square error (MSE) of the inverted parameters is computed as a function of
number of wells included in the training process showing an increment in the quality of the inversion as
more information is added to the training process. The best-resolved parameter corresponds to porosity
followed by water saturation and shale content, which is a direct consequence of the fact that elastic
parameters (and therefore seismic data) are more sensitive to porosity changes.

Figure 3 Inverted petrophysical parameters using a priori information (3 vertical profiles). Vertical
white lines are used to indicate the location of the available wells.

Finally, the capabilities of RockAVO are further investigated in the context of geophysical monitoring
using pre-stack time-lapse seismic data. A second dataset is created by moving the oil-water contact to
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Figure 4 Left: Comparison of pre-stack gather at the well-log profile x=140 with the reconstructed using
RockAVO. Right: MSE of the inverted parameters at different Known profiles.

Depth=100. Note that the training dataset, and therefore the basis functions, remain unchanged. The
inversion results presented in Figure 5 show that our method can invert for almost the same porosity
and shale content as those from the baseline data and it can produce a highly accurate estimation of the
oil-water contact movement.

Figure 5 Difference between the inversion before and after fluid substitution. Porosity and shale content
have minimum variation. Water saturation shows that RockAVO handles fluid substitution.

Conclusions

A fast and accurate data-driven method is presented to directly invert pre-stack seismic data for petro-
physical properties. This method can handle the combination of a highly nonlinear rock-physics model
and the Zoeppritz equation by identifying a set of optimal linear basis functions directly from petro-
physical parameters and pre-stack seismic data at available well locations. Some of the ey features
of RockAVO are i) direct recovery of petrophysical properties; ii) easy extension to multiple well-log
profiles; iii) successful inversion of strong contrast by taking advantage of the high angles. Similar to
other data-driven methods, RockAVO optimal basis functions are expected to perform deficiently when
applied to seismic datasets whose geological settings differ from that of the training data.
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