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Summary 

We investigate how synthetic deposits generated by process-based models can be utilized in classical 
facies modeling workflows. As an initial approach we focus on using the synthetic deposits as training 
images for the Multipoint facies simulation algorithm (MPS). We enhance the MPS algorithm to accept 
multiple training images, and use varied deposits to represent some of the variability one can expect in 
natural systems. 

Introduction 

Process models are numerical analogues of geological deposits, generated by solving physical 
equations for sediment transport and fluid motion. Traditional facies modelling algorithms are developed 
based on stochastic rather than geological processes, and makes it challenging to represent concepts 
such as stratigraphic ordering. Process models outputs such systematic ordering, but at the expense of 
well conditioning, uncertainty quantification and run-time, all of which are crucial for the reservoir 
modeling workflows. Closing the gap between these two modeling approaches has been a focus of 
various studies (e.g. Wen et al., 1998, Abrahamsen et al., 2007, Michael et al., 2010, Pyrcz et al., 2012). 
An important driver for these studies is to achieve a more accurate representation of reservoir 
connectivity (Kaplan et al., 2017).  

 

In this study we investigate how we can use results from process modeling as training images directly in 
Multipoint facies simulation (MPS). We work in a shallow marine depositional setting, where a feeder 
channel delivers sediment to a basin with limited marine reworking under constant sea level. The 
synthetic delta models contain a lot of relevant information, such as fluid velocities, sorting, grain size 
distribution and depositional history. However, doing facies classification based on these parameters is 
not trivial, as there are many possible definitions. Overcoming the stationarity requirements of the MPS 
model can also be challenging (e.g. Michael et al., 2010). 

 

Figure 1. Some examples of synthetic delta deposits created by process-based modelling. Each model is a 
deterministic result as a response to varying input parameters such as amount of flow, grain size distribution and 
basin slope.  
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Going from process models to Multipoint simulations 

Multiple training images 

The SNESIM algorithm, also known as Multipoint simulation or MPS (Strebelle, 2002), has been adapted in this 
project to accept multiple training images. The idea is to let the different process models represent some of the 
natural variations that can be expected in such environments, and thus get better probabilities to represent the 
patterns.   
 
Challenge of sequential deposits 

The SNESIM algorithm requires that the training images are stationary, implying comparable patterns regardless 
of spatial location. Stationarity is not the case with the process models used in this study (Figure 2). To start, 
there is a distinct difference between the channelized system in the delta top and the mouthbar lobes at the delta 
front. This is solved by defining two explicit regions, one for channelized delta and one for lobate patterns. 
 
Challenge of directional deposits 
The delta is spreading out in a fan, and the lobes-patterns have different azimuth directions depending on where 
they are relative to the delta. A standard simulation would have ignored this fan-structure, so we need to treat it 
by dividing into azimuth regions. In general, there is a trade-off between the splitting up into stationarity regions 
and the information contained in the pattern tree built by the SNESIM algorithm. While smaller regions may 
separate out more stationary patterns, the amount of information available to build a search-tree is also smaller. 
We consider that four azimuth regions are sufficient for this setting. 
 
Challenge of linked deposits 
In order to constrain lobes to be in contact with the delta region, we use trends to control the spatial location of 
sand. There are several possible alternatives to create trends. We choose a relatively straightforward approach of 
linear trend as a function of distance to the delta front. 
 
 

 
Figure 2. Process models are inherently non-stationary. There are distinctly different patterns between feeder 
channels in the delta and lobes at the delta front. Moreover, both lobes and channels are deposited in a fan shape, 
and lobes are always in connection with the delta front. 
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Challenge of defining facies in process models 
The process models used in this study did not come with pre-defined facies. Discrete facies categories 
representing the desired patterns are needed for the training images. The question of how to make a robust 
definition of facies is fundamental and challenging. We simplify by defining two facies categories, sand and 
background, where sand represents channel deposits in the delta region, and mouthbar deposits in the lobe 
region.  
 
The mouthbar lobes are a direct result of the depositional process in the model, and therefore easily accessible in 
terms of thickness of the deposit. If a lobe is present it is categorized as “sand”.  
 
Defining channel sands against the background sand and mud in the delta region is a much more challenging task. 
A cut-off based classification from the available parameters did not lead to a general method that could be 
applied to all models, and therefore each model would have to be treated individually. Although this is a possible, 
yet tedious, approach, our efforts still gave a relatively large amount of misclassifications, and did not give a clear 
channelized pattern for the multipoint simulation algorithm to work with.  
 
A more successful approach was to utilize the geometry of the problem, rather than the grid parameters. By 
acknowledging that to a large degree channels will erode into background levels, we identify the network of 
depressions and fill in with sand facies above these erosional valleys. To do this we set up an automated workflow 
combining several steps, including running a spill point algorithm for all significant depressions for each 
depositional event surface. This gave a relatively clean representation of the channel network in 3D (Figure 3a).  
 

Examples 

Figure 3a shows 4 out of 10 training images extracted from the process models. Figure 3b shows five 
realizations of the Multipoint simulation, using 10 training images of lobe patterns and 10 training images of 

channel patterns. 

 

 
Figure 3. a) Four examples of training images generated from the process models. The channel and lobe sands 
are given as separate patterns to their respective regions. b) Five realisations of simulated results from multipoint 
using the model input as described. Patterns are noisier than their original training images, but the main connective 
features are captured. 
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Conclusions 

 

We have developed a seamless data transfer of data from process models to reservoir simulation tools, with an 
automated workflow to create training images from process models. The SNESIM algorithm is enhanced to accept 
multiple training images. Defining discrete facies categories from the continuous process models is a critical part 
of the workflow, along with dealing with the non-stationarity requirements.  
 
The main conclusions of the project are: 

• Process-based models contain a lot of information that can support facies modelling. Using the 
depositional pattern as training images is one example. 

• The multipoint algorithm responds well to different classes of training images, such as lobes or channels, 
after stationarity requirements are addressed. 

• The effect of using multiple training images versus one image is not easily identified. The differences seem 
to be affected by how much variance there is between the multiple training images, and how well the 
single training image represents the expected pattern in the first place. 

• The results depend on model choices, such as trends, azimuth and stationarity regions, and the choice of 
input training image(s). These have to be considered when applying this type of modelling workflow in a 
reservoir setting. 
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