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Summary
We introduce and test a workflow that integrates
petrophysical constraints and geological data in geophysical
inversion in order to decrease the effect of non-uniqueness
and to improve imaging. This workflow uses petrophysical
measurements to constrain the values retrieved by
geophysical inversion. Geological modelling is used to
define petrophysical constraints spatially and to provide
starting models. We integrate the different sources of
information in a Bayesian framework that quantitatively
unifies geological modelling, petrophysical measurements
and geophysical data. It accounts for the levels of prior
knowledge related the various sources of information.
Inversion modifies the model accordingly to honor the
different datasets. This methodology was tested using
synthetic datasets in order to validate the methodology and
to assess its robustness, for gravity and magnetic data. The
results show that the use of petrophysical constraints during
inversion increases contrasts in inverted models. Prior
structural information from geological modelling allows for
better retrieval of the geometry of geological structures.
Overall, the integration of the different constraints reduces
model misfit and provides geologically consistent
geometries.
Introduction
In recent years, the integration of data from diverse
geoscientific disciplines has gained importance in resource
exploration and production. Increasingly challenging
scenarios requires us to take advantage of the synergies
offered by this diversity and to reduce the risk of costly
development of non-economic deposits and reservoirs.
Geology is used as a means to constrain geophysical
inversion and techniques for the joint inversion of several
datasets have been developed.
Previous studies have developed joint inversion techniques
focusing on structural constraints to enforce structural
similarity between the different models (Gallardo and Meju,
2003; Colombo and De Stefano, 2007). Others studies
focused on the use of constitutive petrophysical laws to link
the different domains (Gao et al., 2012). More recently, Sun
and Li (2012, 2013) have introduced clustering algorithms
as a means to enforce similarities between values in the
inverted model and petrophysical data. Zhang and Revil
(2015) integrate geology as a source of prior information for
joint inversion. However, while these approaches take
advantage of the links between the different disciplines,
integration can be pushed further. In this abstract we
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introduce and test a workflow where statistical geological
modelling is combined with petrophysical data to constrain
geophysical inversion.
We apply the workflow to gravity and magnetic inversion,
both of which are known to be affected by non-uniqueness.
We constrain the joint inversion using petrophysical
information in a similar way to the clustering approach
introduced by Sun and Li (2012) and further the method by
integrating prior geological information. Conditioned
petrophysical constraints are generated using surface
measurements and geological modelling. The quantitative
use of geology to constrain geophysical inversion is inspired
from concepts developed by Bosch (1999). We formulate the
problem in a Bayesian framework to account for the
uncertainty carried by petrophysical measurements,
geological models and geophysical data. In this framework
we use geometrical statistical geological modelling to
generate a probabilistic petrophysical model.
In the joint inversion workflow constrained single domain
inversions are performed first. The petrophysical constraints
we apply can either be conditioned by geological modelling
or derived from petrophysical measurements only. The
results of single domain inversions are then used as a source
of prior information for joint inversion. Running single
inversion first is useful to obtain improved starting models
for joint inversion and to constrain it further. The
petrophysical constraints are calculated in the same way for
joint inversion and single domain inversion. The workflow
results in one model set obtained from single domain
inversion (intermediate result) and one model set obtained
from joint inversion (final result).
The workflow as applied to gravity and magnetic data is
summarised in Figure 1.

Figure 1: integrated joint inversion workflow: illustration of the
interaction between single domain inversion, geological modelling
and petrophysical data as sources of information. (1) and (2) are the
two sets of constrained inversion results the workflow provides. (1)
relates to single domain inversion, (2) relates to joint inversion.
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The algorithm is tested and validated on a synthetic case. To
evaluate the influence of the different sources of data and
constraints we analyze the results obtained at each step of the
workflow. As a result, the use of petrophysical constraints in
geophysical inversion allows the retrieval of the
petrophysical properties while honoring geophysical data.
Moreover, the integration of petrophysical constraints and
the use of geological modelling decreases model misfit. The
use of joint inversion allows further improvement of the
retrieved geometry and petrophysics of the bodies.
Theory and methods
Inversion framework
We chose to formulate the inverse problem using the
framework introduced by Tarantola and Valette (1982) in a
least-squares sense for its ability to account for multiple
sources of prior information and constraints. We minimize
the following misfit function (equation (1)):
𝜃(𝒎) = (𝒈(𝒎) − 𝒅)𝑇 𝑪−𝟏
𝒅 (𝒈(𝒎) − 𝒅)
+ (𝒎 − 𝒎𝟎 )𝑇 𝑪−𝟏
𝒎 (𝒎 − 𝒎𝟎 )
+ (𝑷𝒎𝒂𝒙 − 𝑷(𝐦))𝑇 𝑪−𝟏
𝒑 (𝑷𝒎𝒂𝒙
− 𝑷(𝐦))

(1)

where 𝜃 is the function to be minimised. 𝐦 represents the
model while 𝒅 represents the measurements. 𝒈 is the
operator that calculates the data model 𝒎 produces. 𝒎𝟎 is
the starting model. 𝑪𝒎 and 𝑪𝒅 are the model covariance and
data covariance matrices, respectively. 𝑪𝒑 is what we call the
probability covariance matrix. 𝑷 is the function calculating
the probability of occurrence of a given model 𝒎. 𝑷𝒎𝒂𝒙
contains the probability of occurrence of the optimum model
for perfect knowledge. Superscript 𝑇 denotes the transpose
operator.
The third term relates to the occurrences of the model based
on external sources of information such as petrophysical
constraints.
We minimize 𝜃(𝐦) using a quasi-Newton damped leastsquares algorithm in the same fashion as Garofalo et al.
(2015), who follow the work of Tarantola (1987). The model
is updated using a fixed-point method as follows (equation
(2)):
𝑇 −1
−𝟏
−𝟏
𝒎𝑘+1 = 𝒎𝑘 + [𝑮𝑇𝑘 𝑪−1
𝑑 𝑮𝑘 + 𝑪𝒎 + 𝑱𝑘 𝑪𝑝 𝑱𝑘 + 𝑪𝒑
−1

+ 𝜆𝐈] [𝑮𝑇𝑘 𝑪−1
𝑑 (𝒅0 − 𝒈(𝒎𝑘 ))
− 𝑪−𝟏
𝐦 (𝒎𝑘 − 𝒎0 )
+ 𝑱𝑇𝑘 𝑪−1
𝑝 (𝑷𝒎𝒂𝒙 − 𝑷(𝒎𝑘 ))]

(2)

where 𝑮𝑘 and 𝑱𝑘 are, respectively, the matrices of the partial
derivatives of 𝒈 and P with respect to the model m. Subscript
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𝑘 denotes the 𝑘-th iteration. 𝜆 is the damping parameter and
𝐈 is the identity matrix.
Formulation of the petrophysical constraints
The petrophysical constraints are applied through the
minimization of the third term of equation (1)
simultaneously to the minimization of the other terms. To
apply the petrophysical constraints we follow ideas
introduced by Sun and Li (2012) on petrophysical clustering.
In this example case we assume that the petrophysical
properties are normally distributed for every rock type.
Therefore, 𝑷 can be formulated as a mixture model. The
distribution describing the rock types can be inferred from
borehole and surface measurements. 𝑷(𝐦) is expressed as:
𝑛𝑓

𝑷(𝒎) = ∑ 𝜔𝑘 𝐍(𝒎|𝝁𝒌 , 𝝈𝒌 )

(3)

𝑘=1

where 𝑛𝑓 is the number of rock types (or facies) in the
observations used to estimate the properties of the
distributions 𝐍: the mean value 𝝁𝒌 and covariance matrix
𝝈𝒌 . 𝜔𝑘 is the weight assigned to the 𝑘-th facies in the
mixture defining 𝑷. 𝜇𝑘 and 𝜎𝑘 are fitted to each individual
rock type petrophysical data. In general, any type of mixture
model (MM) can be used in this workflow.
Geological modelling is used to assign the weights
specifically to each cell of the model. Therefore,
petrophysical constraints vary spatially accordingly to
geological model. We refer to this process as
conditioning of the petrophysical constraints.

𝜔𝑘
the
the
the

Geological modelling
The geological model used in the workflow is derived from
structural and lithological geological observations. As
mentioned above we use geometrical statistical geological
modelling similarly to Wellmann and Regenauer-Leib
(2012) and Lindsay et al. (2012). It accounts for the
uncertainty of geological data and of the modelling process.
We extract a cross-section from it that contains the modelled
value (from geological data) of the petrophysical properties.
Each cell of the model then contains the associated mixture
law characterizing the occurrences of lithologies. This is
used to generate starting model for inversion and to
condition spatially the petrophysical constraints.
Application to joint inversion
The methodology introduced above is applicable to joint
inversion provided that the different properties inverted for
are linked. In our case the degree of linkage between these
properties is determined by the mixture model and by the
non-diagonal elements of 𝝈𝒌 (equation (3)). The dimensions
of 𝑷 and 𝑱 vary accordingly to the number of datasets
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inverted jointly. That is, the dimension of the mixture model
is exactly the same as the number of geophysical data types
inverted.
The models for each domain of the joint inversion are
updated separately using equation (2), with the contribution
of the link between the different domains (terms relating to
P in equation (2)) modifying the resulting search direction.
This is illustrated in Figure 2. The resulting models fit both
geophysical data and petrophysical constraints.
data term
structure term

altitudes. The aim here is to simulate magnetic airborne and
gravity ground surveys.
When minimum prior geological information is used the
starting model is homogeneous and a single MM is used to
define the petrophysical constraints and is used for the whole
model. Otherwise, the geological model is used to condition
petrophysical properties. An example of Gaussian MM
obtained this way for a particular cell of the model is shown
on Figure 3. The true model, which is used to generate the
data, is shown on Figure 4.

Constrained update
Petrophysics term

Figure 2: Contribution of the different terms to search direction in
model space. The search direction is the weighted average of the
search directions minimizing equation (1), taking into account
equation (2) and (3).

In order to characterize the influence of constraints and prior
information we perform and analyze the successive steps of
the workflow illustrated in Figure 1. It involves the use of
starting models and the conditioning of petrophysical
constraints in single and joint inversion. It permits to
evaluate the added value of a particular step of the workflow.
Example and results
We generate gravity and magnetic data from a synthetic
model made of two anomalous bodies encased in a
homogeneous host rock. To test the algorithm on diverse
types of anomalies we create a small, shallow body and a
larger, deeper one. The small body represents a mafic
intrusion and the larger one represents a felsic intrusion.
The properties of the medium are summarized in Table 1.
Table 1: petrophysical properties of the synthetic model
Small
Large
Host
Variance
anomaly anomaly
rock
Density contrast
0.04
0.4
0.2
0
(g/cc)
Magnetic
0.01
0
susceptibility
0.1
0.05
(SI)

We assume that the cross-plot of density and magnetic
susceptibility obtained from surface and borehole
measurements can be modelled using a mixture model
following equation (3). In this example we assume that 𝜎𝑘 is
constant and equal to 0.1. The mixture model we generate is
Gaussian.
Magnetic and gravity data were computed at the same
horizontal location along the section but at two different
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Figure 3: Example Gaussian MM obtained from geological
modelling. (a) Gaussian MM used for single domain gravity data
inversion in Kg.mˉ³ (b) Gaussian MM used for joint inversion (c)
Gaussian mixture for single domain magnetic data inversion, SI.
This example is extracted from a model cell were the values
corresponding to the large anomaly dominate.

Geological modelling and corresponding uncertainties are
simulated assuming imperfect knowledge of the two
anomalous bodies.
As explained above we performed a sensitivity study to
evaluate the influence of prior information and constraints.
Figure 5 shows the results obtained on the synthetic example
we introduced. Inversion (c) and (e) are the intermediate and
final set of models of the workflow shown on Figure 1.
Inversion results (a), (b) and (d) are obtained at steps of the
workflow that are shown as part of the sensitivity study.
From the various tests we ran the use of the cross-section
resulting from the geological modeling as a starting model
improves the rate of convergence of the inversion. This is of
particular interest when conditioned petrophysical
constraints are used because the computation cost is
increased.
We could not obtain geologically and
petrophysically consistent model without the use of
constraints and prior information.
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(b) and (c) on Figure 5). Intermediate results (Figure 5c)
show that in the case of gravity inversion the geometry of the
smaller body is not well defined while the values of magnetic
susceptibility are inaccurately retrieved.

Figure 4: True petrophysical model used to generate geophysical
data. Top: density contrast (Kg.mˉ³). Bottom: magnetic
susceptibility (SI). The cell-size is 100m*100m and the size of the
model is 60*20 cells.

From Figure 5 the use of petrophysical constraints on single
domain inversion improves the geometry of the inverted
model. However, without the use of geologically
conditioned petrophysical constraints the values inside the
smaller body are not consistent with the true model because
the algorithm falls in a local minimum. The conditioning of
the petrophysical constraints avoids this (see comparison of

As can be seen on Figure 5d-e, joint inversion enforces
structural similarity between inverted models. This is due to
the link between density contrast and magnetic susceptibility
through the petrophysical constraints. In this case, both the
geometry and values retrieved by the inversion are closer to
the true model. The results of joint inversion are further
improved through the use of geologically conditioned
petrophysical constraints. On Figure 5 (e) the geometry and
values of the inverted model are closest to the true model.
Conclusion and discussion
In this abstract we have introduced a workflow that
integrates several disciplines of the geosciences and shown
its capacity to account for diverse sources of information and
to improve inversion results. Our tests, on a synthetic
dataset, of various levels of integration and constraints
illustrates that quantitative integration of consistent data
increases
the
imaging
capability
of
inversion.
Petrophysical
constraints
permit better differentiation
between geological units,
which joint inversion improves
further. The use of statistical
geological
modeling
to
condition
petrophysical
constraints and to provide
starting models is decisive in
improving the geometry of the
inverted model.
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Figure 5: inverted density contrast (left column) and magnetic susceptibility (right column). Each row
corresponds to a model set obtained from the use of a particular constraints applied. Models (a) to (c) are
single domain inversion results. (d) and (e) are result from joint inversion. The progression from (a) to (e)
shows the effect of the integration and coupling of the available sources of information. Model set (a) is
obtained from geophysical inversion without the use of prior information or petrophysical constraints.
Models in line with (b) are obtained with the use of petrophysical constraints. Models in line with (c) are
obtained with both starting model and petrophysical constraints conditioned spatially by geological
modelling. The set of models (d) is obtained from joint inversion where petrophysical constraints are not
spatially conditioned while model set (e) is obtained from joint inversion with geologically conditioned
constraints. The dashed line represents the edges of the anomalous bodies. The units and color scales used
here are the same as for all other figures.
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