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Summary
The estimation of rock-physics properties from seismic attributes is a nonlinear inverse problem.
We investigate three global optimization methods: simulated annealing, genetic algorithm, and
neighborhood algorithm for solving this problem. The input data are P- and S- wave velocities
plus density, and the rock-physics properties desired are porosity, clay content, and water
saturation. Numerical examples suggest that the neighborhood algorithm is most efficient for the
experiment set up; porosity and clay content can be accurately estimated, whereas the water
saturation estimate is prone to large errors. We explain this as a consequence of the low
sensitivity of velocities and density to this property. Simultaneous inversion for the whole set of
the rock-physics properties is problematic if the input data are erroneous, but this issue can be
managed incorporating suitable prior information into the inversion. Finally, we illustrate the
application of the neighborhood algorithm using the high-resolution results of elastic full-waveform
inversion (EFWI).

Method
The inverse problem consists in the extraction of model 𝐦 from the data 𝐝 and is formulated as
𝐝 = 𝑔(𝐦). In our study, the model vector comprises of three rock-physics parameters: porosity,
clay content, and water saturation ( 𝑃, 𝐶, 𝑆𝑤 ); the data vector comprises of three elastic
parameters: P- and S-wave velocity plus density (𝑉P , 𝑉S , 𝜌); and the two parameters set are linked
via the KT model (Kuster and Toksöz, 1974). This model is highly nonlinear and the solution has
to be obtained by optimization methods, which aim to minimize an objective function describing
the discrepancy between the observed data 𝒅obs and calculated data 𝑔(𝐦):
𝑇
1
𝐸𝑑 = 2 [(𝒅𝑜𝑏𝑠 − 𝑔(𝒎)) 𝐶𝑑−1 (𝒅𝑜𝑏𝑠 − 𝑔(𝒎))],
(1)
where 𝐶𝑑−1 is the data covariance matrix, and the superscript 𝑇 denotes the transpose. In many
instances, prior model information as those contained in wells are available and can be used to
constrain the inversion. The constraint is imposed via adding a model penalty term to the objective
function. For example, if the pdf describing the model is Gaussian with mean 𝐦p and covariance
𝐶𝑚 , the objective function can be written as:
𝑇 −1
1
𝐸 = 𝐸𝑑 + 2 [(𝒎 − 𝐦p ) 𝐶𝑚
(2)
(𝒎 − 𝐦p )].
Or, if existing data indicate a strong correlation between two model parameters, say 𝒎𝟏 and 𝒎𝟐 ,
we can constrain their relationship during the inversion:
𝑇
1
𝐸 = 𝐸𝑑 + 2 [(𝒎𝟏 − 𝑓(𝒎𝟐 )) (𝒎𝟏 − 𝑓(𝒎𝟐 ))].
(3)
We examine three global optimization methods: simulated annealing (SA), genetic algorithm (GA)
and neighborhood algorithm (NA) (Sambridge,1999; Sen and Stoffa, 2013). They are classified
as the directed Monte Carlo methods, which make use of previous samples to guide their search.
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Numerical examples
In this section, we first compare the three algorithms with a single-point example. Because the
transformation from elastic to rock properties can be done point by point, some conclusions from
this part are transferable to the multidimensional case. The most efficient algorithm is then used
for the inversion test based on synthetic well logs. We shall illustrate how prior information can
help stabilize the inversion of noisy data. Finally, we combine EFWI for elastic attributes and the
global optimization method to predict rock-physics properties.
Single-point example

We consider a sample with porosity, clay content and water saturation of 0.1, 0.2, and 0.3,
respectively. The corresponding elastic attributes, P- and S-wave velocities plus density, are
computed by rock-physics modeling and are used as input data. Figure 1 illustrates the process
of searching the model space using the neighborhood algorithm. As the algorithm proceeds, the
information in the misfit-surface is exploited to concentrate sampling in the regions where the
misfit is low. Consequently, the porosity and clay content are well estimated, with only one main
minimum located close to the true values. However, the water saturation is not well estimated,
displaying several local minima.

Figure 1. Simulation results using NA. The dots denote the generated models at different
iterations and are color-coded by data misfit. The red cross denotes the true model.
The three algorithms are compared in Figure 2, where the misfit function is plotted against the
number of models for which the forward problem has been solved. There are three runs in each
case. We see that the misfit reduction of NA has a more favorable character, exhibiting more large
steps in the early stage. As a result, two of the three NA curves have lower data misfits than the
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best SA and GA curves. Therefore, with the specific details we design for each algorithm, NA is
the most efficient.

Figure 2. Data misfit reduction for three runs of SA, GA, and NA.
Synthetic well-logs example

Figure 3 shows the synthetic well-logs of 𝑃, 𝐶, and 𝑆𝑤 and their corresponding elastic attributes:
𝑉P , 𝑉S , and 𝜌 . Some mild Gaussian noise is added to the data. The results without model
constraints (equation 1) are shown in Figure 4a. The inversion is ill-conditioned (i.e., lack of
stability and robustness) because the relatively small errors as they appear in the elastic model
are magnified significantly in the recovered rock-physics properties. The estimate of 𝑆𝑤 appears
to fair the worst, covering the entire search space. By incorporating the prior information of the
model parameters (Gaussian distributed) using equation 2, the inversion becomes stable and the
recovered models (Figure 3 and Figure 4b) match closely with the true model.

Figure 3. Synthetic well-logs. The black solid lines denote the true model, the black dashed lines
denote the noisy data, and the blue lines denote the recovered models within the constrained
inversion.
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Figure 4. 𝑃 − 𝑆𝑤 crossplots. (a) and (b) show the recovered models within the unconstrained and
constrained inversions, respectively. The contours denote the bivariate Gaussian distribution
used as model constraint.
2D model example

We select a small part of the Marmousi2 model and assign rock-physics property values to each
cell. Figure 5 shows the true elastic model, the initial model which is a smoothed version of the
true model, and the EFWI result. Although the deeper part of the elastic model is slightly
underestimated, the recovered model is reasonably accurate. This result is next used as input
data for the rock-physics inversion.

Figure 5. True and initial elastic models and the corresponding EFWI results.
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Figure 6 shows the crossplots of the true model and hypothetical well-logs at a lateral position of
0.5 km. We use the explicit relationships between the model parameters, which are derived from
regression analysis of the well-logs, to constrain the inversion (using equation 3). In Figure 7 we
observe a high-resolution inversion result, capturing the relevant structures. We note that
constraining the inversion compromises the recovery of high 𝑆𝑤 values (close to 1), however, the
price of rejecting model constraints is large, since the inversion is ill-conditioned.

Figure 6. Crossplots of (a) the true model and hypothetical well-logs at a lateral position of 0.5
km. The black lines denote the relationships between the model parameters used as model
constraint.

Figure 7. True and recovered models of rock-physics properties.

Conclusions
We have proposed a two-step inversion strategy for recovering rock-physics properties from
seismic data: first the elastic attributes are estimated using EFWI, and they are next transformed
to rock-physics properties using the global optimization method.
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