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In large parts of northern Europe and North America both the present day terrain and subsurface is 

influenced by previous glacial activities. In the terrain, this can be readily seen and interpreted from high 

resolution Digital Elevation Models (DEM), however for the subsurface, mapping must be performed using 

densely sampled ground-based or airborne geophysical data. From a hydrological perspective, these data 

can reveal structures with high importance for groundwater flow, such as buried valleys, glacial tectonics, 

local secondary aquifers, hydraulic windows, etc. As the resolution of the geophysical methods increase, it 

can be recognized that the subsurface is often highly complex (Figure 1). Figure 1 shows 1400 meter profile 

with a layer sequence including tilting clay layers overlapping sandy sediments, and hydraulic windows 

connecting the surface to deeper aquifers. 

 

Figure 1: Example of a resistivity profile collected using the newly developed tTEM equipment (an ATV towed transient 
electromagnetic system yielding high resolution 3D images of the subsurface). Blue and green colors would correspond to clay 

deposits, and red and orange colors would be sands and gravel. A central part of the data section has been removed due to noisy 
data.  

Structural features such as these are important to include in the hydrological models. However, it should 

also give rise to several considerations. If such levels of subsurface complexity can be expected, how should 

areas with data gaps be modelled? And can it be expected, that with such complexity in the subsurface, 

realizations can be modeled deterministically. It is well known, that uncertainty in the subsurface structures 

can dominate the uncertainty of groundwater model forecasts. Using sensitivity analysis Scheidt et al. 

(2017, chap. 8) show, that head and flow data can have limited sensitivity to changes in the subsurface 

structures, whereas some model forecasts have high sensitivity. To obtain realistic estimates of forecast 

uncertainty, several subsurface realizations should therefore be generated. Moreover, these realizations 

should all honor the available data on the subsurface structures. Making several model realizations using 

deterministic methods is tedious, and except for a few studies (e.g. Seifert et al., 2012), this is rarely done 

in practice. The alternative to this approach is to use geostatistical simulation. Traditionally, this is done 

using two point methods based on variograms (e.g. Marker et al., 2017). However, such methods are 

limited to the information, which can be carried with the variogram model. Complexities, such as those 

observed in Figure 1, would therefore require very dense data everywhere in the domain to work 

satisfactory. The alternative to this is Multiple Point Geostatistics (MPS). Several methods to perform MPS 

are available, and some for the more well-known include the single normal equation simulation (snesim) 

(Strebelle, 2002), and the direct sampling (DS) (Mariethoz et al., 2010). Especially for developing 3D models, 

defining a suitable training image (TI) representing local conditions can be difficult. 

Here, we would like to show, how densely sampled 3D Transient electromagnetic (TEM) data together with 

borehole information can be used in an efficient way to develop subsurface realizations using MPS 



methods. The framework for generation of model realizations is as follows. First, based on the available 

geophysical and lithological data, the most probable representation of the subsurface is generated using 

statistical methods. One methodology to do this is based on the clay-fraction modelling concept (Foged et 

al., 2014) or using data derived from a resistivity atlas (Barfod et al., 2016). An Example of such a TI can be 

seen from the left part of Figure 2. 

 

Figure 2: Left figure: Example of TI derived from geophysical data and lithology. Right figures: probabilities of individual units in TI 

The same statistical relations can be used to estimate the uncertainty of the TI. Such uncertainty will be 

dominated by two factors. First, it will be effected by how uniquely the resistivity data can map the 

dominant geological units in the area, namely if there is resistivity overlaps between different deposits. 

Second, it will be effected by the geophysical sampling density. As outlined above, glacially affected 

structures can be highly complex, and correlation may therefore deteriorate quickly with distance. 

Sampling density will therefore have a high influence on the resulting model uncertainty. Once the TIs have 

been developed, and the resulting probabilities have been determined, these can be used to constrain MPS 

realizations. Finally, the realization can be incorporated into groundwater models for improved uncertainty 

estimation. We illustrate this by examples for Danish catchments. 
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