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The prediction of rock and fluid properties and their spatial distribution in the subsurface is an inverse 
problem that can be encountered in many geophysical applications. Because of the low resolution and 
signal-to-noise ratio of geophysical measurements and the approximations of physical-mathematical 
models that link reservoir properties to measured data, the estimated model properties are 
generally uncertain. Bayesian methods are commonly used in inverse problems to predict the probability 
distribution of the model properties and quantify their uncertainty.  

 

Generally, Bayesian methods are applied in geophysical inverse problems under the assumptions that 
the model variables are distributed according to a Gaussian pdf and that the forward model is linear or 
can be linearized. Such assumptions guarantee a closed form solution of the Bayesian inverse problem, 
since the posterior distribution can be analytically derived. However, in many practical applications, the 
model properties are not Gaussian and the forward model is not linear. In this work, I discuss Bayesian 
methods for non-linear inverse problems with non-Gaussian model variables and the application to two 
inverse problems in the context of hydrocarbon reservoir modeling: the joint inversion of seismic and 
electromagnetic data and the seismic history matching problem. 

 

The first application focuses on the prediction of reservoir porosity and hydrocarbon saturation in 
hydrocarbon reservoir where both seismic and electromagnetic data are available. For this problem, I 
propose a Bayesian inversion method based on non-parametric distributions in which the posterior 
distribution is computed using kernel density estimation. The second application aims to estimate the 
reservoir porosity and permeability based on time-lapse seismic surveys and production data. For this 
study, I present a Bayesian inversion approach based on ensemble-based methods. Due to the large 
dimension of time-lapse seismic data, I propose to combine the stochastic inversion method with data 
order reduction models to reduce the computational cost and avoid the ensemble to collapse. 

 

 

 


