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A major step in reservoir modelling is the distribution of properties such as porosity and permeability in 
the reservoir. There are several methods that have become standard, such as Kriging, Gaussian 
simulation and object modelling. These methods are model based. This means that the results obtained 
partly depend on the data and partly on properties of the model itself. When the model is not a good 
match for all aspects of the true situation, this can lead to poor, or biased estimates. For example, 
Gaussian simulation assumes that the true distribution of porosity is stationary (or can be transformed to 
stationary easily), whereas co-simulation assumes that the correlation between primary and secondary 
variable is stationary. These situations are almost never the case in reality.  
 
We consider an ensemble based machine learning algorithm in this presentation. This method can work 
with many input data types to predict an output variable. For example, we may use many seismic 
attributes to help estimate porosity. It does so by evaluating the best combination of variables for an 
optimal estimate at each location. This is done locally so that the usual hypotheses of spatial stationarity 
is not needed. However, it is often the case that our original model contains valuable spatial information 
that is not available to the standard machine learning algorithms. We’ve modified the ensemble based 
approach to ‘embed’ the geostatistical models within it, so that the model’s predictive ability is assessed 
as well as all the input data types (hence the model may have more weight compared to the seismic 
attributes in some parts of the reservoir, and less weight in other parts, depending on their relative local 
predictive ability). The resulting improved model appears to be better than either classic geostatistical 
methods or machine learning methods alone.  
 
In particular, it allows us to make far more accurate predictions for non-linear problems that are not at all 
robust to the stringent spatial stationarity hypothesis in the classic approach (e.g find sands which have 
high porosity with a probability of at least 0.8). The method may be adaptable to other situations where 
models would profitably be combined with ML techniques. 
 


