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Preface 

This present thesis has been submitted as a part of the M.Sc. degree in Geography 

and Geoinformatics at the department of Geosciences and Natural Resource 

Management (IGN) at Copenhagen University. The thesis includes a general 

introduction and two individual reports that constitute the conducted scientific work. 

The duration of the thesis was one year and thus accords to 60 ECTS points.  

 

The M.Sc. thesis has taken place at the Department of Hydrology at the Geological 

Survey of Denmark and Greenland (GEUS) in cooperation with the Water 

Resources research group at IGN. My supervisors are Professor Karsten Høgh 

Jensen (IGN) and Professor Jens Christian Refsgaard (GEUS).   

 

The M.Sc. study was integrated in the NiCA project (www.nitrat.dk) which is a 

research project on nitrate reduction in geologically heterogeneous catchments in 
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Introduction 

This study has been carried out in collaboration with the NiCA project which 

focuses on nitrate leaching from agricultural areas in geologically heterogeneous 

catchments in Denmark. Roughly 66% of the added Nitrate, by agricultural 

practices, gets reduced in the subsurface before reaching the streams. For water 

management it is of special interest to identify vulnerable areas from where nitrate 

leaching reaches the surface water with only a small reduction fraction and robust 

areas where a high nitrate leaching fraction gets reduced. Hydrogeological flow 

models (MIKE SHE) are capable of modeling particle flow lines and thus allow an 

estimation of the nitrate reduction for certain areas. Geological heterogeneity is 

anticipated to have major implications on the particle pathways and thus is a 

detailed description of the subsurface heterogeneity inevitable for the production of 

reliable results. 

 

In general, the geological model can either be deterministic, a single interpretation 

of the geology or probabilistic, a set of realizations of the geology. Deterministic 

geological models are often not capable to account for the complex spatial 

variability accordingly. The shortcomings of purely deterministic models are 

expressed by the multiplicity of factors that form the hydrofacies distribution and the 

limited understanding of the system caused by insufficient data availability. The 

geostatistical viewpoint gives the possibility to apply probabilistic and statistical 

concepts for an estimation of the subsurface hydrofacies distribution. Probabilistic 

modeling includes several assumptions on the statistical properties of the 

hydrofacies distribution and essentially relies on the available data. The motivation 

of a probabilistic approach is therefore to quantify the uncertainty corresponding to 

the amount and quality of the available data. The method of stochastic conditional 

modeling creates a direct image of the spatial uncertainty by generating multiple 

realizations of the geological structure. Each of these realizations honors the 

available data, therefore conditional, and reproduces the estimated spatial 

statistics, therefore stochastical. A set of realizations can be incorporated into a 

hydrogeological flow model to address the predictive uncertainty of e.g. particle 

tracking caused by the geological structure uncertainty. Assessing the spatial 

pattern of the predictive uncertainty can contribute to the reliability of water 
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management strategies, when identifying areas that are vulnerable or robust to 

nitrate leaching. 

 

The first part of the present thesis comprises the stochastical modeling of a 

delineated glacial structure in the Norsminde catchment, Denmark. The 

geostatistical tool TPROGS is utilized for this purpose and the spatial statistics of 

the sand and clay distribution are derived from an airborne based geophysical 

survey (SkyTEM) and lithological borehole description. Both datasources are further 

used for the conditioning of the simulation as soft and hard data, representing the 

level of certainty.  

 

Next to the geological structure uncertainty are small scale heterogeneities an 

additional source of uncertainty when simulating particle flow lines. Traditionally a 

single hydraulic conductivity value is assigned to each category, neglecting small 

scale variations of the permeability. The second part of the thesis in hand 

comprises slug tests that were conducted in the field that estimate the hydraulic 

conductivity for a small scale at the filter of a well. This information could be utilized 

to model small scale heterogeneities of the hydraulic conductivity or also give an 

estimate for the calibration of the hydrogeological flow model. 

   

Due to time limitations the stochastically generated realizations could not be 

incorporated into the hydrogeological flow model. Thus no estimation of the 

predictive uncertainty could be computed. However the final set of realizations is 

handed over to the NiCA research group and will be used in the project.   





Part 1: Stochastic simulation of a heterogeneous glacial structure 

in the Norsminde catchment using transition probabilities and 

Markov models (TPROGS) 

 

Abstract 

The heterogeneity of the geological structure causes uncertainties in 
hydrogeological investigations of groundwater flow and contaminant transport. 
Traditionally the best comprehensive knowledge is combined in order to create one 
model of the subsurface structure, often based on subjective interpretations and 
sparse data availability. Stochastic simulation methods address this problem by 
generating an ensemble of realizations of the geology, all of them equally plausible, 
because they honor available data and follow predefined geometrical attributes 
such as proportions and mean lengths. In this study the geostatistical software 
TPROGS is utilized to simulate an ensemble of realizations for a binary (sand/clay) 
hydrofacies model in the Norsminde catchment, eastern Jutland, Denmark. 
TPROGS can incorporate soft data, which represents the associated level of 
uncertainty. In this study airborne based geophysical data (SkyTEM) and 
categorized borehole data are utilized to define the model of spatial variability and 
for constraining the simulation as soft and hard data. The category probabilities for 
the SkyTEM dataset are derived from a histogram approach, where resistivity is 
paired with the corresponding lithology from the categorized borehole data. The 
boreholes are grouped in four quality groups, which are associated with trust 
scores, allowing soft conditioning. In the case of abundant conditioning data it is 
shown that TPROGS is capable of reproducing non-stationary trends, which makes 
a subdivision into stationary sub-domains not necessary. The problem of 
overconditioning produces very deterministic results and is caused by spatially 
correlated conditioning data and is worked around by thinning out the conditioning 
dataset. It can be identified that there is a tradeoff between the effect of 
overconditioning and model accuracy when thinning the conditioning dataset out. In 
total, five validation criteria are formulated that can quantify the performance of a 
stochastic simulation: (1) Sand proportion, (2) mean length, (3) geobody 
connectivity, (4) uncertainty allocation and (5) uncertainty distribution. Finally, a 
stochastically generated set of realizations which is constrained to 200m sparse 
soft data, with rotation, performs best at the five validation criteria and can be used 
in hydrogeological flow modeling to address the predictive uncertainty originated 
from the geological structure uncertainty.     
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Introduction 

Constraints in accurate and realistic particle transport modeling in the field of 

hydrogeology are caused by the difficulty of characterizing the geological structure. 

The subsurface heterogeneity of hydraulic properties heavily effects the distribution 

of contaminants in the groundwater system. The available data is often not 

sufficient enough to reflect the heterogeneity correctly.  As the scale of 

heterogeneity is often smaller than the data availability (e.g. borehole spacing) a 

detailed characterization of the heterogeneity can substantially improve the model 

quality. This obstacle to accurate modeling is particularly acute in the lateral 

directions, where the subsurface is typically undersampled relative to the vertical. 

However also in the vertical dimension are aquifer systems characterized by 

multiple scales of heterogeneity resulting in a complex hydrofacies distribution. In 

traditional hydrogeological studies one geological model is built based on the best 

comprehensive knowledge from often sparse borehole data and subjective 

interpretations. In Geostatistics, multiple but plausible realizations of the geological 

model are generated, that honor both, the available data and a defined model of 

spatial variability. A set of realizations can be applied to a hydrogeological model to 

assess the predictive uncertainty of e.g. particle transport caused by the geological 

structure uncertainty. 

Geostatistics offer a pool of methods for the stochastical simulation of a subsurface 

system (Deutsch and Journel (1992)). The geostatistical software TPROGS is 

applied in this study and it is build up on the transition probability approach (Carle 

and Fogg (1996); Carle et al. (1998)). Continuous Markov Chain models are used 

to represent the model of spatial variability (Krumbein and Dacey (1969), Carle and 

Fogg (1997); Ritzi (2000)). TPROGS allows the simulation of multiple realizations 

by utilizing a sequential indicator simulation (SIS) (Seifert and Jensen (1999); 

Alabert (1987); Sminchak et al. (1996)) and by performing simulated quenching 

(Deutsch and Cockerham (1994); Carle (1997)). These two steps are mutual 

dependent and they make sure that the realizations honor local conditioning data as 

well as the defined model of spatial variability. TPROGS has been successfully 

applied to simulate highly heterogeneous subsurface systems by conditioning the 

simulation to borehole data (Carle et al. (1998)). Weissmann et al. (1999) added 

information from soils surveys for accessing the complex lateral sedimentary 

variability and thus improving the quality of the model of spatial variability. 

Sequence stratigraphy was used for the analysis of the spatial variability of facies to 



- 5 - 

 

model an alluvial fan depositional system with multi-scale heterogeneities 

(Weissmann and Fogg (1999)). Ye and Khaleel (2008) incorporate information on 

soil moisture content next to borehole data to define the Markov Chain model of 

spatial variability. In TPROGS field observations can constrain the simulation as 

soft or hard conditioning. This feature is essential because it enables the user to 

associate trust scores to the conditioning dataset. The geostatistical approach 

TPROGS is chosen to incorporate airborne based geophysical data (SkyTEM) and 

lithological borehole data in the modeling process. In this study geophysical data 

from SkyTEM (TEM = ‘transient electromagnetic’) surveys is treated as soft 

conditioning. Borehole data is treated as hard data only if the trust score is 100%. 

Data is treated as soft data, according to the level of uncertainty. A method is 

developed that translates a resistivity observation into a facies probability. This 

approach accounts for uncertainties from both datasources. It can be observed that 

the SkyTEM data is biased towards underestimating sand and therefore needs the 

cut off value, which categorizes the data into sand and clay, to be calibrated 

manually.  

Until now there are no published studies on the incorporation of a comprehensive 

and continuous soft conditioning datasets to a TPROGS simulation. Alabert (1987) 

published an early study on the implications of sparse soft condition data to a 

stochastic simulation (SIS). The analysis shows that soft conditioning significantly 

increases the quality of the realizations. The same observation is presented by 

McKenna and Poeter (1995), where soft condition data, derived from geophysical 

measurements could significantly increase simulation performance.  Recent studies 

by Lee et al. (2007); dell'Arciprete et al. (2012) compare simulation performance by 

different geostatistical approaches with TPROGS. The investigations show that the 

transition probability approach is compatible with multi-point statistics, sequential 

Gaussian simulations and variogram geostatistics. The distinct strength of the 

transition probability method is the simple incorporation of facies manifestations like 

mean length, proportion and (asymmetric) juxtapositional tendencies to other 

facies. Stochastic models of the subsurface hydrogeological facies distribution are 

capable of capturing the implications of the uncertainty originating from the 

geological structure to flow and transport processes. Small scale heterogeneities 

get neglected at this point. If desired, plausible log-normal K distributions can be 

associated to each individual facies (Gego et al. (2001);  Feyen and Caers (2006)). 

Hojberg and Refsgaard (2005) conducted a comparison study between the 
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predictive uncertainties of a particle tracking simulation originating from the 

uncertainty of the geological structure and small scale heterogeneities. The 

predictive uncertainty from the geological structure uncertainty is identified to be of 

greater influence.  

Geophysical data is valuable information in many hydrogeological investigations. It 

can considerably improve the conceptual understanding of a facies or permeability 

distribution. Subdiving the SkyTEM data into sub areas reveals that generally a 

higher permeability is to be expected in the southern part of the glacial structure. 

This non-stationary trend is a conceptual understanding that is not captured by the 

borehole data alone. Nevertheless, the direct transformation from geophysical 

observations into a subsurface model is often not that trivial.  

Seifert and Jensen (1999) approach the problem of the simulation of a non-

stationary system in two ways. First, the subdivision of the simulation domain into 

stationary sub-domains with independent Markov models and hard conditioning 

along the seamlines to ensure good connectivity. Second, the incorporation of a 

large number of pseudo wells, that represent the non-stationary trends. In this study 

both approaches are evaluated for the simulation of the non-stationary glacial 

structure in the Norsminde catchment. The large number of pseudo wells will be 

represented by the cell by cell soft conditioning SkyTEM dataset. It will be validated 

if the non-stationary trends can be reproduced by the continuous cell by cell soft 

data or if, in case of abundant data, a subdivision of the simulation is still necessary 

to simulate the non-stationary trends correctly.  

Intensive geophysical surveys are expensive and time consuming in terms of 

fieldwork but also data processing. It is in general interest to test if geophysical data 

significantly contributes to the accuracy of the model. Therefore, a split sample test 

is performed to quantify the gain in simulation performance by continuous cell by 

cell soft conditioning. Additionally it is analyzed if conditioning only to boreholes is 

enough to capture the trends indicated by the SkyTEM survey. A test like this can 

have big implications on a future project design.    

Most studies, where TPROGS gets applied to generate a set of realizations of the 

geology do not consider validation criteria. The geobody connectivity is used by 

dell'Arciprete et al. (2012) to compare results originating from two- and multipoint 

geostatistics. Carle et al. (1998) and Carle (1997) investigate the goodness of fit 

between the simulated transition probabilities and the defined model of spatial 

variability. However no systematical manner has been identified yet on how to 
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validate the quality of a set of stochastically generated realizations. This study 

identifies five validation criteria that allow quantifying the accuracy of a set of 

subsurface realizations.     

Study Site 

The Norsminde catchment amounts to 101 km2 and is located on the east coast of 

Jutland south of Aarhus. The rivers Odder and Raevs and its tributaries contribute 

to most of the inflow into the Norsminde Fjord. The topography allows a separation 

between an elevated western part, with changing terrain and a maximum elevation 

of approximately 100m and a flat and low elevated eastern part, where the coastline 

represents the eastern boundary. Glacial morphologies, namely moraine 

landscapes are predominant in most of the catchment. Gravel, meltwater sand and 

clayey and sandy tills are prevalent in the Norsminde catchment. The stratigraphy 

consists of an upper layer of glacial sediments, which is between 10 and 40 m thick. 

Lithological borehole descriptions from this layer indicate an alternating facies 

distribution of sand and clay. The thickness of the sand lenses varies from a couple 

of meters to 20 m and thus makes the geology very heterogeneous.  A layer of 

Miocene sediments lies beneath the glacial sediments and consists also of a 

heterogeneous sand and clay system. Below is a sequence of Paleogene clay, 

which is characterized by very plastic conditions with a low permeability. This study 

focuses on the stochastic simulation of a delineated glacial structure in the western 

part of the Norsminde catchment (Figure 1). It provides interesting challenges like 

distinct heterogeneity and a diverse terrain.  
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Thirdly, the histogram approach is disadvantaged because the quality strongly 

depends on the representativeness of the borehole data. The derived histogram will 

contain poor information if the borehole density is too small to capture the full 

heterogeneity of the system. In order to combine all possible information it is 

meaningful to aggregate the data in specified sub areas. The histogram approach 

compares borehole data with geophysical data only at point scale and depends 

therefore strongly on the representativeness of the boreholes. A different approach 

would be to compare the combined boreholes with the SkyTEM data in specified 

sub areas. This method can be utilized to compare the sand proportions derived 

from the two datasource.  It can be anticipated that the representative error is 

minimized in areas with a high borehole density. Thus the sand proportions 

originated from borehole data and SkyTEM data should be equal in those areas. 

This assumption allows a manual calibration of the cut off value with the aim to 

align the sand proportion of SkyTEM data to the sand proportion of borehole data in 

areas with high borehole densities. The newly calibrated cut off value can be 

incorporated to the histogram and the fitted curve be forced to honor the new cut off 

value. This method accounts for the problems stated above and yields a bias-

corrected fitted curve.    

TPROGS  

Carle (1996) composed the second version of the TPROGS manual which gives a 

good insight into the geostatistical software. Further is the TPROGS workflow 

design well presented in Carle et al. (1998). This study will briefly present the most 

essential tools and equations used by TPROGS. In indicator geostatistics the 

indicator variable Ik(x) defines the presence or absence of a category k (e.g. a 

facies) at a location x.  

, 	
, 	 	 	 	 															 1, … ,   Eq.1 

where K is the number of categories. In a stationary system can the heterogeneity 

of the category distribution then be modeled by univariate (mean length or 

proportion) and bivariate spatial statistics (e.g. indicator cross-variogram or 

transition probability). The most fundamental feature of TPROGS is the transition 

probability tjk (h), which is a measure of spatial variability: 

	 	 	 | 	 	 	   Eq.2 

where k and j refer to the defined categories, x represents a spatial location vector 

and h is a separation vector (lag). The definition is possible to be put into words: 
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’Given that a facies j is present at location x, what is the probability that another (or 

the same) facies occurs at location x+h.’ (Carle (1996)) 

Before computing the transition probabilities and conducting a Markov Chain 

analysis categories have to be defined representing the relevant facies. Here it is 

crucial to keep the number of categories minimal, but at the same time, include the 

required complexity of the model. Markov Chain analysis is regarded as a powerful 

stochastic model for indicator variables. It assumes that spatial occurrence depends 

entirely on the nearest data. For the Markov Chain analysis are transition 

probabilities calculated for strike, dip and vertical direction at specified lag intervals. 

This denominates a K x K matrix: 
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where the transition probability tjk for all possible transitions (KK) is denoted at each 

specific lag (h) in direction Ф. The diagonal entries represent the auto transitions 

and the off diagonal entries represent the cross transitions. Another important part 

of the Markov Chain analysis is the transition rate matrix RΦ.  
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where the entries rij,Φ describe the rate of change from category i to j in direction Ф, 

conditional to the presence of i. The transition rate corresponds to the slope of the 

transition probability as it approaches a lag of zero. When subsurface geology is 

modelled it is important to parameterize fundamental observable attributes in the 

model: Volumetric fractions (proportions), mean lengths (thickness and lateral 

extent) and (asymmetric) juxtapositional tendencies. These attributes can be 

conveyed by data analysis and geological interpretations and are considered for 

conceptualization of the facies manifestation, as they control the Markov Chain 

model.  This enables the user to select plausible parameters when defining the 

model of spatial variability. 

The facies proportion (pk) is related to the asymptotic limit of the transition 

probability by 

kkj
h

pht 

)(lim ,      Eq.5 
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,

,

   Eq.7 

In this study a two category system is examined. This erases one row and one 

column from the previous example and thus only leaves the proportion and mean 

length of one category for the definition of the Markov Chain model. The Markov 

Chain model in a two category system is thus depending on the definition of mean 

length and proportion of one category. This is a distinct advantage against 

traditional indicator cross-variograms, which uses empirical curve fitting, because 

geological observations and interpretations can easily be incorporated into the 

Markov Chain model.   

TPROGS computes the realizations of the geology in two uncoupled, but mutual 

depended steps. An initial configuration of facies distribution is produced by the SIS 

algorithm (Deutsch and Journel (1992)). Secondly, the initial configuration is 

reshuffled by the simulation quenching optimization algorithm (Deutsch and 

Cockerham (1994)). The SIS algorithm incorporates a transition probability based 

indicator cokriging estimate in order to approximate the local conditional 

probabilities from data at each simulation cell. This step ensures that the 

conditioning data is fully honoured. The local transition probabilities are 

incorporated from an interpolated 3D Markov Chain model. A random path is 

chosen along all unsimulated cells. At each of these cells a local conditional 

probability distribution is computed by cokriging values of neighbouring conditioned 

data and already simulated cells. The node gets assigned to a category by 

choosing a random number in respect to the probability distribution. Then the 

simulation gets updated and repeated until all unsimulated cells are assigned to a 

category.        

The simulated quenching is incorporated to improve the agreement between 

simulated and modelled transition probabilities. The algorithm utilizes the initial 

configuration from the SIS and improves it to ensure a better agreement with the 

defined model of spatial variability, by minimizing the objective function O:  

∑ ∑ ∑ 	     Eq.8 

where hl represent l = 1,…,M specified lag vectors and ’SIM’ and ’MOD’ specify the 

simulated and modeled transition probabilities, respectively. The algorithm is 

usually implemented in an iterative manor. In each iteration step, a random path 

checks at each un- or soft-conditioned cell if a perturbation in category would 
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reduce O; if so, the change is accepted. Carle (1997) points put that the quality of 

the realizations strongly depends on the initial configuration and the number and 

direction of the quenching lags. Best performance was attested to a simulation with 

99 anisotropic lags and an initial configuration computed by cokriging of the nearest 

12 data. However the four nearest quenching lags in combination with the three 

nearest data in the cokriging interpolation gives already good results for a 2D 

application.       

Geobody Connectivity 

The degree of connectivity of permeable areas in the subsurface has major 

implications on flowlines and particle ages. Renard and Allard (2013) composed a 

methodology study on various static and dynamic connectivity metrics. These 

metrics can be utilized as a comparison and interpretation indicator for multiple 

stochastically generated realizations of the geology. The work by dell'Arciprete et al. 

(2012) shows the successfully implementation of connectivity metrics to compare 

stochastic realizations computed by two- and multi-point statistics.  

For this study two static connectivity metrics are selected to compare the computed 

realizations: θ and Г. They refer to the first and second geobody connectivity 

defined by Hovadik and Larue (2007). A geobody is defined as one connected 3D 

cluster of the same facies.  

θ
∑

      Eq.9 

Г
∑

∑
     Eq.10 

where Vi is the volume of an individual geobody and Vl is the volume of the largest 

occurring geobody. θ represents the ratio of the volume of the largest geobody  to 

the total volume. Denoted as Г is the proportion of the pairs of cells that are 

connected among the entire pairs. Different studies (Western et al. (2001) and 

Vassena et al. (2010)) suggest to favor the connectivity function, which is defined 

as the probability that a cell is connected with another cell of the same facies at a 

given lag distance. This more sophisticated approach allows more insight into the 

connectivity of a facies. However simulates this study a vast amount of data and 

thus exceeds the connectivity functions the computation ability. The two selected 

connectivity metrics should gain sufficient information to compare the computed 

realizations. They originate from the percolation theory, which describes the 

transition from many disconnected clusters to one large coherent cluster. This is 
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mainly depending on the facies proportion. As the proportion increases gradually it 

reaches a point where one big cluster appears: The percolation threshold. The 

percolation threshold is expected to be approximately 0.59 and 0.31 for a 2D and 

3D grid, respectively (Hovadik and Larue (2007)).      

Results 

The previously presented methods are applied to generate a set of realizations of 

the subsurface distribution. Airborne geophysical data is incorporated as soft data, 

by fitting and readjusting a curve to the histogram, which allows to directly read 

facies probability from a resistivity observation. The non-stationarity of the system is 

addressed and the simulation accuracy in respect to the incorporation of soft 

SkyTEM data gets evaluated. Along the way, five validation criteria are identified, 

which can quantify the accuracy of a set of realizations generated by TPROGS. The 

TPROGS simulation domain is discretized into 20X20X2 m cells on a 450X600X40 

cell grid.  

Calibration of the cut off value 

This study incorporates two independent datasources: Lithological borehole data 

classified into a binary sand and clay system and geophysical SkyTEM data which 

can be classified into the binary system by introducing a cut off value. The 

histogram approach yields a cut off value of 55 Ωm, which corresponds to a sand 

proportion of 12%. It was argued earlier that the cut off value from the histogram 

approach is associated with a high uncertainty. In fact, SkyTEM data is expected to 

be biased towards an underestimation of sand. On the other hand, the classified 

borehole data indicates a sand proportion of 30%. The boreholes in the Norsminde 

catchment are mostly used for water quality monitoring and water supply. Thus a 

high yield is favored and therefore are the filters placed in areas where drillers have 

already evidence about high permeable layers. This will cause an overestimation of 

sand in the borehole dataset. The ’real’ sand proportion will therefore lie between 

the 12% and 30% indicated by SkyTEM and borehole data, respectively. It can be 

anticipated that the deviation between the sand proportions form the borehole and 

the SkyTEM data (∆) is minimized in areas with a high borehole density, because 

the representativeness error of the borehole data will be lowest there. This 

assumption can be utilized for a manual calibration procedure of the cut off value, 

with the aim to reduce ∆ in areas with the highest borehole density. Figure 6 shows 

the sand proportions derived from different cut off values and borehole data, in 
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The newly calibrated cut off value of 46 Ωm corresponds to a sand proportion of 

23% and thus lies in between the sand proportion from the borehole data and the 

initial sand proportion from the histogram. Figure 9 contains the new cut off value 

and the fitted curve is forced to honor it, but at the same time also honors the initial 

histogram values. The bias corrected histogram curve still displays the combined 

uncertainty from both datasources, because of its smooth transition, but in general 

increases the probability of sand occurrence.     

Non-stationarity and model validation 

A non-stationary system is anticipated to be simulated correctly by either subdiving 

the simulation domain into stationary sub-domains with independent Markov 

models and hard conditioning along the seamlines to ensure good connectivity or, 

the incorporation of continuous soft data, which represent the non-stationary trends 

appropriately (Seifert and Jensen (1999)). These two approaches are applied to the 

glacial structure in the Norsminde catchment and are validated by comparing the 

simulated and measured sand proportions, transition probabilities and geobody 

connectivities. The subdivision of the simulation domain should yield a minimal 

number of sub-domains with a simple geometry. Three sub-domains are identified 

for the glacial structure (Figure 10). The general trend of a higher sand proportion in 

the southern part is accounted for. The northern part is subdivided into two parts to 

maintain a good borehole representativeness in at least one of them. This defines 

three sub-domains with independent sand proportions: North-East (NE, 15%), 

North-West (NW, 10%) and South (S, 30%) opposed to the total domain (23%) 

(Table 1). The subdivision approach shows a better agreement between the sand 

proportions in the SkyTEM data compared to the sand proportions in the borehole 

data. The proportion mismatch for the total domain is greater, because the borehole 

density is below 1.5 per km2. The NE sub-area shows a small deviation between 

borehole and categorized SkyTEM data, although the borehole density is below the 

minimal sample density to minimize the representativeness error. This shows that a 

high sample density is not a necessity to minimize the deviation.   
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readjusting the shape of the fitted histogram curve, as it controls the associated 

uncertainties to each soft data.     

Table 2. The validation of the simulated sand proportions for the subdivided model domain, based on 
25 realizations.  

Mean sand proportion (%) 
based on 25 realizations 

Sub Domain 

South North West North East Combined 

Defined 30 10 15 23 

Simulated 32.0 12.6 17.3 25.2 

Deviation +2.0 +2.6 +2.3 +2.2 

 

Table 3. The validation of the simulated sand proportions for the entire model domain, based on 25 
realizations. 

Mean sand proportion (%) 
based on 25 realizations 

Total Domain 

Total South North West North East 

Defined 23 30 10 15 

Simulated 25.0 30.7 12.5 16.6 

Deviation +2.0 +0.7 +2.5 +1.6 

 

The comparison of measured and simulated transition probabilities for the sand-

sand transitions in X- and Y-direction shows a very distinct picture (Figure 12). In all 

four domains are the measured transition probabilities more or less reproduced and 

the fit with the defined Markov Chain model is rather poor. The mean length of a 

sand lens can be derived by the steepness of the tangent where the lag 

approaches zero. In general, the transition probability at lag 0 and 100 m gets 

simulated to low, which indicates that the mean size of a sand lens gets also 

simulated too small. The fit between Markov model and the simulation should be 

obtained by performing simulated quenching, which does not operate correctly 

here. The measured transition probabilities are derived from a deterministic 

subsurface description by introducing a cut off value. It is not desired to reproduce 

this deterministic picture by stochastical simulations. The problem of 

overconditioning, the incorporation of spatial correlated data, is the main cause for 

the reproduction of the deterministic picture and will be discussed in more detail at 

a later stage. Additionally, simulated quenching operates on a small scale, the 

closets 13 lags, and therefore can transition probabilities at large lags not be 

incorporated in the iterative optimization procedure (Appendix-C). 
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of constraining data is also much less. This conclusion gets supported by the 

probability maps. The probability map computed by the realizations conditioned to 

SkyTEM data shows only little variability and resembles more the deterministic map 

where SkyTEM data is classified into sand and clay. Borehole data as conditioning 

simulates a probability map that shows high variability, but the high probable sand 

areas do not coincide with the high resistivity areas in the SkyTEM data, because 

many large sand features are not captured by drilling. On the other hand are some 

high probable sand features in the simulation with borehole data as conditioning not 

represented by the SkyTEM conditioning scenario, because small sand features 

that are indicated by the borehole data are not accounted for by the SkyTEM 

survey. This underlines the bias of SkyTEM to overlook small sand features. This 

becomes more evident when performing a split sample test. It can be tested if 

constraining to borehole data only is sufficient to simulate the high resistivity areas, 

the bigger sand lenses, as indicated by the SkyTEM, correctly. Vice versa, it can be 

investigated if conditioning to SkyTEM data only simulates the sand lenses, as 

indicated by the boreholes, correctly. High resistivity areas are characterized by a 

minimum resistivity value of 60 Ωm which is equivalent to 70% probability of sand 

occurrence derived from the fitted histogram curve. The results of the split sample 

test are given in table 4. Only borehole data as conditioning allocates only 20.1% of 

the high resistivity cells correctly. Also, only 74.3% of the cells, where the lithology 

in the borehole reports shows sand are simulated correctly. In some cases 

boreholes are treated as soft data, which enables the simulation to overwrite the 

lithological information. This will happen especially when sand lenses are very thin 

and vertically confined by clay. SkyTEM data as soft conditioning simulates 44.0% 

of those cells correctly and allocates almost all high resistivity cells exactly. 

However, almost 60% of the high resistivity cells get simulated with 100% sand 

probability. This is extremely unrealistic, because the fitted histogram curve does 

not exceed sand probability values of 85% and just further underlines the 

deterministic picture that gets simulated with the comprehensive SkyTEM data as 

soft conditioning.  
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A very intuitive approach to solving the problem of overconditioning is to thin the 

SkyTEM dataset out, to have less data. This will only be necessary in horizontal 

direction because the correlation length of the data is much less in the vertical 

direction; 500m and 5m, respectively. The disadvantage of lowering the sample 

density in the soft conditioning dataset is that valuable information might be lost, 

especially if the thinned dataset is too sparse. For this exercise two conditioning 

scenarios are compiled; extracting data every 100m and 500m in X- and Y-direction 

and at the same time considering the borehole dataset. This gives a grid network of 

artificial boreholes with n=3986 and n=154 for the 100m and 500m scenario, 

respectively. For each of the two conditioning scenarios 25 realizations are 

computed and the probability maps for sand are presented in figure 17. Reducing 

the soft data density increases the intra variability of a set of realizations. So, the 

simulation certainty decreases, but at the same time decreases also the simulation 

quality, because the 500m scenario shows high probable sand areas which are not 

indicated by the original dataset. In a situation like this a high resistivity cell is 

selected in the artificial borehole grid, but in the original dataset this cell is 

embedded in low resistivity cells which limit the simulation of a profound sand lens.  

Again, the high resistivity cells are investigated, to analyze if the bigger sand lenses 

are simulated correctly by the different conditioning datasets (Table 5). What is 

most striking is that the percentage of deterministically simulated cells falls 

drastically after thinning the soft data out. The 100m dataset still allocates more 

than 80% of the high resistivity correctly. On the other hand, the 500m dataset 

performs poorly, by only simulating 32.7% of the high resistivity cells correctly.   

Table 5. Testing if high resistivity cells in the original resistivity dataset are simulated correctly by the 
out thinned soft datasets (based on 25 realizations).  

Conditioning Dataset 
Simulated > 0.7; where 

Resistivity > 60 Ωm 
Simulated = 1.0; where 

Resistivity > 60 Ωm 

BH + SkyTEM 20m 97.9 % 63.8 % 

BH + SkyTEM 100m 83.9 % 8.9 % 

BH + SkyTEM 500m 32.7 % 1.5 % 

 

The probability distributions derived from the probability maps are shown in figure 

18. The 500m conditioning scenario reproduces the uncertainties from the original 

soft dataset well, with only approximately 10% zero change cells. However, the 

allocation pattern shows small resemblance with the original dataset (Figure 17, 

Appendix E). The 100m conditioning scenario gives an intermediate solution, as the 

uncertainty is better reproduced than with the 20m dataset, but still, more than 20% 
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stationary trends are accounted for. Therefore, 10 realizations (two from each 

rotated soft conditioning dataset) get subdivided into the three sub-areas to 

investigate if non-stationarity is accounted for. The first validation criterion is the 

simulated sand proportion. Results are given in table 7 and indicate that sand gets 

overestimated. The smallest deviation is in the S sub-domain. The two northern 

sub-areas get simulated almost identical, but with a large overestimation. However 

the initially defined trend is still represented. The deviation for the entire glacial 

structure is 6.3%. The 20m soft dataset (Table 2 and table 3) also overestimates 

the sand proportions for all domains, but in general is the overestimation less. 

Fewer constraining data means more freedom for the SIS and simulated 

quenching. It can be assumed that sand cells tend to be located within the glacial 

structure, in areas where sand is already indicated by soft data. Whereas, outside 

the glacial structure gets predominantly clay simulated.  

Table 7. The validation of the simulated sand proportions for the entire model domain from the 200m 
distance soft dataset with rotation, based on 25 realizations.  

Mean sand proportion (%) 
based on 25 realizations 

Total Domain 

Total South North West North East 

Defined 23 30 10 15 

Simulated 29.3 33.7 20.4 22.8 

Deviation +6.3 +3.7 +10.4 +7.8 

 

The second validation criterion is the comparison between the defined Markov 

model and the simulated transition probabilities (Figure 24). The simulated 

transition probabilities are much less controlled by the SkyTEM data than the 

results obtained from the 20m soft conditioning dataset (Figure 12) and are more 

aligned to the defined Markov model. However it can be seen that the early 

transitions are simulated too low, even lower than in figure 12. This indicates that 

the correlations lengths get undersimulated. It can be derived that the SIS and the 

simulated quenching are still partly influenced by the overconditioning by the soft 

SkyTEM data, but at a much smaller extent than by the 20m soft dataset.   

The third validation criterion is the simulated geobody connectivity of the sand 

facies. Again the two metrics θ and Г show a similar behavior, where Г appears to 

be decreasingly greater as the proportion increases. The values are almost 

identical to the simulated connectivity by the 20m distance soft dataset. This shows 

that thinning the dataset out has small implications on the simulated connectivity, 

although the proportions are simulated differently. Taking the first three validation 
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sounding. Uncertainties are expected in both datasources and the shape of the 

fitted curve reflects those. High uncertainty is associated to the transition zone; the 

50% sand probability. A method is developed that allows to manually calibrate the 

cut off value (50% sand probability) at sub-areas with a sufficient borehole density. 

A borehole density of 1.5 per km2 is shown to be the sample density that minimizes 

the representativeness error and the manual calibration yields a cut off value of 46 

Ωm. The newly calibrated cut off value is added to the histogram and the fitted 

curve is forced to honor it. The number of data varies for each 10Ωm bar of the 

histogram, which can have statistical implications. In fact, the width of the bar could 

be adjusted so that the number of data in each bar is approximately constant. A 

spatially constrained inversion algorithm was utilized to generate a continuous 3D 

grid of resistivity values. For the stochastical modeling only the direct sounding data 

could be satisfying. This could partly reduce the problem of overconditioning and 

would reduce uncertainties originating from the inversion algorithm. The amount of 

SkyTEM data strongly exceeds the borehole data, which are placed first in the 

conditioning data file, to make sure that they are not overwritten by SkyTEM data. 

However, if one sand observation in a borehole description is confined by mostly 

low sand probability cells in the SkyTEM data it can expected to have little influence 

on the simulation. An useful exercise would be to identify those areas and research 

what datasource causes the mismatch, else valuable information might be lost.  

Non-stationarity 

Non-stationarity can be identified by subdividing the SkyTEM dataset (Figure 2). A 

higher sand proportion and on average bigger sand features are measured in the 

southern part of the glacial structure. It is tested if abundant conditioning data alone 

is capable of reproducing the observed non-stationary patterns or if a subdivision of 

the model domain into stationary sub domains, with independent Markov models 

simulates the non-stationarity more accurate (Seifert and Jensen (1999)). The two 

different TPROGS set ups, with independent Markov models are applied in this 

study in order to stochastically simulate the subsurface sand and clay distribution of 

a glacial structure in the Norsminde catchment. A big advantage of TPROGS is that 

it uses Markov models to define the model of spatial variability, which enables the 

user to easily define the facies proportion and mean length (Carle et al. (1998)). 

The incorporation of juxtapositional tendencies is not possible in a two category 

system. The comparison of simulated and measured sand proportion and transition 
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probabilities shows an equally good performance by the two TRPOGS set ups. The 

geobody connectivity reveals that the subdivided model domain undersimulates the 

sand connectivity, especially in the northern subareas. Hard conditioning along the 

seamlines of the subareas is applied to ensure a good connectivity, which is not 

succeeded. When subdiving the model domain, care must be taken, that no mayor 

features are cut, because it is difficult to model them accordingly. For the sub 

domains the TPROGS model boundary is on at least one edge also the internal 

model boundary. Increasing the TPROGS simulation domain might help to model 

the connectivity more accurate, because simulation results right on the edges of the 

TPROGS model domain might not be accurate.           

Soft data in TPROGS 

The possibility to assign an uncertainty value to an observation data is an essential 

feature in TPROGS. It allows translating uncertainty evaluations into the modeling 

process. This study incorporates a comprehensive soft dataset, which got derived 

from geophysical SkyTEM surveys and connects it with additional borehole data to 

form a conditioning dataset that covers approximately 85% of the glacial structure 

that is modeled. Problems that are associated with spatially correlated data are 

identified in this study. Correlated data is a common problem in hydrogeological 

investigations, e.g. the incorporation of temporally correlated discharge data or 

spatially correlated data originating from remote sensing (surface temperature or 

soil moisture) into the modeling process. Until now, no studies are conducted on the 

stochastical generation of realizations of subsurface systems that are constrained 

to continuous cell by cell soft data. Especially, it is not investigated if it is feasible in 

TPROGS to handle such a conditioning dataset. TPRGOS stochastically simulates 

the subsurface facies system by utilizing the two mutual dependent steps SIS and 

simulated quenching in the tsim module. It is not fully understood how soft data is 

treated and how the spatial correlation of the data is accounted for during the 

simulation. Results showed that overconditioning causes an amplification of the 

original defined uncertainties and thus yielding a rather deterministic image. At his 

point it has to be accepted that tsim works as a black box and that work around 

methods have to be developed to overcome the problems associated with 

overconditioning. The most intuitive approach is to thin the soft dataset out and to 

include rotation to account for the variation in the original dataset as best as 

possible. Thinning the SkyTEM dataset out and only considering data on a 200m 
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spaced grid on a rotational basis gives the best results, because the tradeoff 

between the reproduction of the measured uncertainty distribution and simulating 

the uncertainty allocation patterns correctly is acceptable. It is not investigated if 

simulation conflicts may arise, because of a mismatch between sand proportions 

and sand mean lengths between the defined Markov model and the out thinned soft 

dataset. 

It is shown that the incorporation of SkyTEM data into the modeling process 

significantly improves the model accuracy in comparison with the simulation 

constrained to only borehole data. The boreholes alone do not capture the main 

sand features in the subsurface system, which are revealed by the SkyTEM survey: 

Only 20% of the high resistivity cells are simulated accordingly by the simulation 

only conditioned to the borehole data. It is crucial to simulate the main sand 

features correctly, because from a hydrogeological perspective are the high 

permeable areas of special interest, as they govern the groundwater flow.    

Validation Criteria 

Most studies that focus on the stochastical generation of subsurface models do not 

validate the results. This might be caused by the limited capacity in time and 

resources, but a systematical validation of a set of realizations might contribute 

significantly to a studies quality. Also, for further implementation it can ensure that 

the simulated set of realizations honors the combined knowledge of the system. 

From a hydrogeological perspective it is crucial that high permeable areas or 

confining layers are simulated accordingly. TPROGS ensures that the defined 

parameters, such as proportions and mean lengths are simulated correctly for the 

entire simulation domain. However, in reality the simulation target has not a 

completely rectangular shape and therefore the simulated parameters for the target 

area may vary compared to the entire model domain. The glacial structure in the 

Norsminde catchment represents only approximately 20% of the entire TPROGS 

simulation domain. Along the way, five validation criteria are identified that address 

the model performance of the target area only: (1) Sand proportion, (2) mean 

length, (3) geobody connectivity, (4) uncertainty allocation and (5) uncertainty 

distribution. The two latter validation criteria incorporate the computed probability 

map based on 25 realizations. Probability maps proved to be a useful tool to 

investigate the intra variability of a set of realizations (Alabert (1987); Carle (2003)). 

It has not been addressed in this study if 25 realizations are enough to reach a 
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stationary probability map or if 50 realizations would give another probability map. 

For this exercise the uncertainty distribution could be calculated for 5, 10, 15, etc. 

realizations. Additionally, uncertainties of the fitted histogram curve get neglected at 

this point. Therefore, a comparison between resistivity and simulated sand 

probability could be an interesting exercise, to check if the measured histogram 

gets reproduced. Thus, the last two validation criteria only address if TPROGS 

treats the soft data accordingly and do not validate if the measured resistivity 

patterns are reproduced correctly. The first three validation criteria are referenced 

to the categorized SkyTEM dataset, where the cut off value divides data into sand 

and clay. Although the cut off value got calibrated, there is a large quantity of high 

uncertain cells included which make the parameters proportion, mean length and 

connectivity very sensitive. The simulated sand proportions tend to be 

overestimated by all simulations (Table 2, 3 and 7), with a higher overestimation for 

the sparse conditioning dataset (200m with rotation). This might be caused by the 

shape of the fitted histogram curve, where clay and sand might be under- and over-

represented, respectively. The set of simulations with the sparse conditioning 

dataset yields an even higher deviation, which could be caused by the greater 

simulation freedom, caused by less constraining. Therefore sand will tend to be 

simulated near existing sand data and clay, as the background category fills up 

areas outside the target area. Artificial conditioning data outside the target area that 

honors the defined proportion and Markov model could help to make the simulation 

more homogeneous. Continuous hard conditioning outside the simulation target 

could be tested. The simulated and measured transitions probabilities get 

compared by Carle et al. (1998) and Carle (1997). Carle et al. (1998) simulate a 

four category system and the simulated quenching yields a perfect match between 

the modeled transition probabilities and the defined Markov model. On the other 

hand underlines Carle (1997) that small deviations are to be expected and shows 

this by various examples where different SIS and simulated quenching parameters 

are tested. In this study the defined Markov model does not get reproduced 

correctly in the target area and the early transitions get undersimulated, which 

doubts the correct simulation of the mean length. This might also be an effect of 

overconditioing and it can be observed that the agreement between simulated 

transition probabilities and defined Markov model is better for the simulation results 

with the sparse conditioning datatset (Figure 24). It has to be mentioned that 

connectivity is not completely independent from the proportion. However, a lower 
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connectivity gets simulated by the sub-domain model approach compared to the 

entire-domain model approach (Figure 13)  for the northern sub-areas and at the 

same time are the proportions simulated almost equally (Table 2 and table 3). This 

means that the geobody connectivity is a feasible validation criterion for proportions 

below the percolation threshold.  

Table 8 compiles the five validation criteria for three different TPROGS simulations: 

(i) continuous soft conditioning for the total-domain approach, (ii) continuous soft 

conditioning for the sub-domain approach and (iii) sparse conditioning with rotation 

for the total-domain approach. The sub-domain approach performs poorly at the 

simulation of the mean length. Further, the simulated geobody connectivity is 

simulated correctly for the merged sub-areas, but not simulated in a good 

agreement for the individual sub areas (Figure 13). The first two TPROGS 

simulation setups are not used for further implementation because overconditioning 

causes the simulation of a very deterministic image, which is reflected by the poor 

performance at the last two validation criteria. 200m spaced soft data with rotation 

for the total domain yields a satisfying performance at the last two validation criteria. 

The first two show a greater, but still acceptable deviation. Artificial conditioning, 

which represents the proportion and mean length outside the target area could 

further increase the quality of the simulation. In a non-stationary system should the 

stationary sub-areas be validated individually, which is not conducted at this point in 

this study. 

Table 8. The five validation criteria applied to three set of realizations with different soft conditioning 
datasets.  

Validation Criteria 
 

Total Domain 
20m soft data 

 
Sub Domain 

20m soft data 

 
Total Domain 

200m rotational soft 
data 

1. Simulated sand 
proportion  

+2% +2.2% +6.3% 

2. Simulated mean length 
(X - Y) 

-21% / -20% -41% / -39% -37% / -37% 

3. Simulated geobody 
Connectivity (θ and Г) 

-2.1% / -1.1% -4.5% /-2.3% -2.8% /-1.4% 

4. Simulated uncertainty 
distribution 

Poor (approx. 70% cells 
with zero change) 

Poor (approx. 70% cells 
with zero change) 

Satisfying (approx. 15% 
cells with zero change) 

5. RMSE – sim. and meas. 
p(Sand) 

0.20 0.21 0.06 
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Conclusion 

TPROGS is utilized to stochastically model a glacial structure in the Norsminde 

catchment. It is a widely applied geostatistical software, where transition 

probabilities are computed to define the Markov model that represents the model of 

spatial variability. SIS and simulated quenching are performed to simulate a set of 

realizations of the subsurface facies distribution. TPROGS allows to associate 

uncertainties to field data (boreholes and SkyTEM data). This study gives an 

approach on how to define uncertainties to observation data and how to incorporate 

them into the process of a stochastical model. Soft data represent the associated 

uncertainties and can be derived by different manners. The evaluation of the 

boreholes uncertainty can assess the quality of lithological descriptions and can 

yield a trust score to each borehole. Building a histogram, where the data is derived 

from comparing boreholes and resistivity data, and the fitted curve allows to directly 

read a sand probability from a measured resistivity value. The shape of the fitted 

curve represents the combined uncertainties from both datasources. The cut off 

value that categorizes the SkyTEM data into sand and clay can be manually 

calibrated at areas with a high borehole density. The calibrated cut off value is 46 

Ωm and corresponds to a sand proportion of 23%. The categorized SkyTEM data is 

used to define the non-stationary conceptual model of the glacial structure: 

Proportions, transition probabilities and mean lengths. It is shown that, in the case 

of abundant data, TPROGS is capable of reproducing the non-stationary trends, 

without subdiving the simulation domain into stationary sub domains. Spatially 

correlated data causes the problem of overconditioning, where TPROGS simulates 

a rather deterministic picture of the facies distribution. The measured uncertainties 

do not get reproduced by TRPOGS, because measured uncertainties get amplified. 

Thinning the soft dataset out and including rotation is an intuitive approach to work 

around the problem of overconditioning. Rotating the soft data ensures that the 

initial information of SkyTEM data is accounted for as best as possible. Rotational 

soft data every 200m gives the best tradeoff between the simulated uncertainty 

distribution and the simulated allocation pattern and is also capable of simulating 

the non-stationary trends correctly. Along the way, five validation criteria are 

identified: (1) Sand proportion, (2) mean length, (3) geobody connectivity, (4) 

uncertainty allocation and (5) uncertainty distribution. These validation criteria help 

to describe and quantify the accuracy of a set of realizations and could be applied 
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in future geostatistical studies to assess the performance of the stochastical 

simulation. 
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Appendix 

A - Transition probabilities and Markov models 

For completeness, all transition probability plots with the fitted Markov Chain 

models are presented in figures 25 - 32. Here the four possible transitions are 

shown for the three sub domains and the total domain in vertical and horizontal 

direction. The transition probabilities are computed by the gameas tool, which is 

incorporated into TPROGS. The relevant parameters for the gameas setup for X-, 

Y- and Z-direction are given in table 9. The transition probability data for the vertical 

extent depends purely of the borehole data. The vertical extent is represented by 

borehole and SkyTEM data, where the SkyTEM data is classified into sand and clay 

by the introduction of a cut off value (46 Ωm). The measured transition probabilities 

vary in X- and Y-direction. However isotropy is assumed in the Markov model.   

Table 9. The parameters for the gameas setup in X-,  Y- and Z-direction.  

 
# of Lags 

Spacing 
(m) 

Tolerance 
(m) 

Azimuth 
(deg) 

Tolerance 
(deg) 

Dip 
(deg) 

Tolerance 
(deg) 

Bandwidth 
(m) 

X-Direction 20 100 50 90 0 0 0 0,2 

Y-Direction 20 100 50 0 0 0 0 0,2 

Z-Direction 20 1 0,5 0 0 90 0 0,2 
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C - Practical considerations in the application of tsim 

In tsim two vital parameters affect both execution time and the nature of the 

simulated realization: (i) the number of data used during the SIS for cokriging the 

local probability estimate and (ii) the number of quenching lags. 

The execution time is roughly exponentially and linearly proportional to the number 

of data used in the cokriging equations and the number of quenching lags, 

respectively. For the 450 X 600 X 40 cell model domain in this study this means 10 

minutes for 4 data and 13 quenching lags per realization. Increasing the data to 12 

leads to a simulation time of 1.5 hours, whereas increasing the quenching lags to 

200 gives a simulation time of 2 hours.  

The TRPOGS manual (Carle (1996)) suggests to use an even number of data in 

the cokriging equations and specifies that 4 to 12 data give desirable results. Carle 

(1997) simulates a 2D facies distribution and observes that a 3 data initial 

configuration by the SIS produces as accurate results as a 12 data initial 

configuration. In fact, more cokriging data tend to overemphasize heterogeneity 

patterns.  

Carle (1997) states that the correct application of simulated quenching remains 

‘somewhat of an art’ and ads that the ‘best’ result may depend largely on subjective 

opinions, because there are no theoretical optimized quenching parameters. 

However, it has been analyzed that more quenching lags do not necessarily give 

better results (Carle (1996); Carle (1997)). The quenching lags define the pairs that 

are considered in the objective function (Eq.8) where the measured and simulated 

transition probabilities are compared after a perturbation. In tsim it is optional to use 

‘the closets lags only’, which means 4 and 13 lags for 2D and 3D applications 

respectively. This number of lags covers all principal directions (e.g. (1,0,0), (0,1,0), 

(0,0,1)) and a reasonable number of non-major directions (e.g. (1,1,0), (1,0,1), 

(0,0,1)), but does not comprise redundancy (e.g. (1,0,0), (5,0,0), (10,0,0)).  

For the Norsminde study computational time is essential, because of the large 

model domain. Therefore a minimal tsim setup with 4 data for the cokriging 

equations in combination with the closest quenching lags is favored. Figure 34 

shows the computed sand probability maps, based on 25 realizations, for the 

minimal setup and additionally one setup with increased data for the cokriging 

equations and one setup with an increased number of quenching lags. The change 

in setup yields still very deterministic results, however changes are observable. 

Increasing the cokriging data reduces the extent of high probable sand lenses and 
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will contribute as ‘hard’ data to the simulation of the next nearby cell. So the initial 

information on the certainty of that data will be lost. 

The simulated quenching step incorporates the initial configuration from the SIS. 

Cells, that are not associated with hard data, get perturbed along a random path 

and the change in category is accepted if the objective function O (equation 8) is 

reduced. The soft information is lost here, because a soft conditioned cell is treated 

in the same manner as a cell without any constrain.  

Steve Carle presents a new tsim code (tsim-s) in an unpublished manuscript (Carle 

(2003)). He sees the incorporation of soft data into tsim as problematic, because:  

‘The degree of uncertainty in indicator data is not fully accounted for in the cokriging 

equations in the SIS step and the objective function in the simulated quenching 

step’ 

He developed tsim-s for a better incorporation of soft data, by introducing a 

‘hardness’ factor. The hardness factor is to be understood as an uncertainty of 

indicator data of any kind (borehole-, log-, geophysical-data or pure geological 

interpretations). Essential is here that in a two category system, 80% hardness 

does not imply 20% probability of occurrence of the complement category. In tsim-

s, the hardness factor considers the indicator value uncertainty and gets accounted 

for in the SIS and the simulated quenching step. The recoded tsim-s algorithm got 

tested for a 2D simulation and results indicate the successful implementation of the 

hardness factor. 

The tsim-s code is unfortunately not available for this study. A test was performed 

to ensure that tsim is capable of treating soft data correctly. For this exercise a 

domain with six cells is simulated and both, hard and soft data are used over the 

entire domain. Two different conditioning scenarios are tested in 25 realizations, 

both with a proportion of 50% and a length scale of half the grid size (Table 10): 

Table 10. Two tests to check the functionality of tsim in regard to the incorporation of soft data. 

Cell # 
Scenario 1 Scenario 2 

Conditioned Simulated Conditioned Simulated 

1 0 0 0 0 

2 0,1 0,08 0,1 0,12 

3 0,6 0,48 0,2 0,28 

4 0,7 0,92 0,6 0,72 

5 1 1 0,8 0,88 

6 0 0 1 1 
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This test proves that soft conditioning data is accounted for in the tsim simulations. 

The conditioned uncertainty is not always precisely reproduced, but the overall 

pattern is simulated correctly. At this point it has to be accepted that tsim works as 

sort of a black box. However, by performing this test it can be seen that tsim is 

capable of incorporating soft data.     

E - The unique probability distribution 

A probability map is an useful method for the interpretation of a set of realizations. 

A binary system is modeled in this study, thus one probability map is sufficient to 

explore the results. The distribution of the probability map data exposes the intra 

variability of a set of realizations and is also a good validation method, if 

incorporating vast soft conditioning into the simulation. The validation is successful 

if the probability distribution of the soft conditioning dataset gets reproduced by the 

simulation, although no correct allocation pattern is granted by this comparison.   

Apart from the condition data, the simulation is controlled by the defined model of 

spatial variability. Further, the model of spatial variability is defined by the facies’s 

mean length and proportion. An unconditioned cell, which is outside the correlation 

length from the nearest data will have the facies’s proportion as the resulting 

computed probability in a set of realizations. Therefore, a simulation without 

conditioning data will have a probability distribution with its maximum at the defined 

proportion. The mean length will also affect the shape of the simulated probability 

distribution, with a wider spread caused by a larger mean length. Thus, the 

combination of proportion, mean length and model discretization will yield a unique 

probability distribution if no data is used for conditioning. However, it can be 

anticipated that low sample density conditioning data will also result in the unique 

probability distribution.   

Figure 35 comprises the computed sand probability distributions of three 

simulations, on the basis of 25 realizations each with different conditioning 

datasets. One with no conditioning, thus the simulated probability distribution is 

purely controlled by the defined model of spatial variability. The other two have low 

sample density conditioning datasets: (i) only the boreholes (112) and (ii) the 

boreholes and additional soft data every 500 m in X- and Y-direction (154 artificial 

boreholes). Thus, these conditioning scenarios leave mostly unconditioned nodes 

and therefore a large freedom for the simulation. The distribution of the soft 

conditioning dataset, derived from the SkyTEM data is also included in figure 35. All 
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dataset in a defined direction. The mcmod tool computes the model of spatial 

variability; Markov model. The tsim tool generates a set of realizations. A more 

detailed description of the parameter files and the functionalities of the individual 

tools can be found in Carle (1996). 

 gameas in Y-direction: 

 

 mcmod: 

 
  

START OF PARAMETERS 
../data/SkyTEM_46.eas  /input file 
1 2 3    /x,y,z columns 
2 4 5    /nvar,var1,2,3,... columns 
-1. 2.   /vmin, vmax 
../data/Output/SkyTEM_Y.eas  /output file 
20    /# lags 
100    /lag spacing 
50    /lag tolerance 
1    /ndir 
0 0  0.2 0  0 0.2   /az,daz,azbw;dip,..,.. 
4    /# of bivariate statistics 
1 1 11   /j,k, 11=tp 
1 2 11 
2 1 11 
2 2 11 

2    /# of categories 
0.770 0.230   /proportions 
1    /background category 
../mcmod/mcmod.dbg  /name of debugging file 
../mcmod/norsmindeTP.bgr  /output file for 3-D model 
../mcmod/norsmindeDET.bgr  /output file for det. 
0.10 0.10 0.10   /det. extent for 3-D model 
20 20 2   /dx,dy,dz for 3-D model 
../mcmod/norsminde_tpx.eas  /X-direction output file 
500 4.0   /X-Direction: # lags, spacing 
3    /option: 1=r,2=d,3=etp,4=etf,5=i 
1 1    /row 1 transition rates 
1 500    /row 2 transition rates 
../mcmod/norsminde_tpy.eas  /Same for Y-direction 
500 4.0 
3 
1 1 
1 500 
../mcmod/norsminde_tpz.eas  /Same for Z-direction 
500 0.0 
3 
1 1 
1 5 
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 tsim: 

 

G - Pre-estimation of the predictive uncertainty 

The set of realizations will be incorporated into a hydrogeological flow model at a 

later stage in the NiCA project to compute the predictive uncertainty, caused by the 

geological structure uncertainty, of particle tracking in respect to denitrification. 

Thus, how many particles are transported below the redox interface and how many 

particles leach into the streams. Therefore 10 realizations will be individually 

calibrated in an inverse manner and particle tracking will be performed at each of 

them to compute the combined predictive uncertainty. This uncertainty is caused by 

the geological structure uncertainty, which is represented by the set of realizations. 

The geological structure uncertainty is indirectly captured by the SkyTEM data and 

quantified by the fitted histogram curve. High uncertainty cells are expected to be 

highly variable within a set of realizations, leading to deviating flow solutions. If the 

soft data from the SkyTEM survey is treated correctly by TPROGS, then 

resemblance can be anticipated between the predictive uncertainty of the particle 

transport model and the degree of uncertainty in the top layers of the SkyTEM data, 

because the nitrate relevant transport processes are expected to take place in the 

approximately top 10 meters below terrain. However, the problem of 

overconditioning causes that the soft information is not always correctly reproduced 

in a set of realizations. Therefore it is necessary to test if the measured 

uncertainties in the top 10 meters below terrain are simulated correctly. Figure 36 

2    /# of categories 
0.770 0.230   /proportions 
../tsim/norsmindeOut.asc  /output file 
2    /format:1=binary, 2=ascii 
1    /debugging level 
../tsim/tsim.dbg   /debugging file 
1234    /seed 
25    /number of simulations 
563510 450 20   /xcenter, nx+, xsiz 
6198510 600 20   /ycenter, ny+, ysiz 
21 40 2   /zcenter, nz+, zsiz 
1 4    /ndmin, ndmax 
1    /ibasis:0=cov,1=tp 
0.001    /wratio 
../mcmod/norsmindeTP.bgr  /trans. prob. model file 
../mcmod/norsmindeDET.bgr  /determinant file 
../data/BH+SkyTEM.eas  /input data file 
0 0    /azimuths: coord, true 
0 0    /dip: coord, true 
junk.bgr   /azimuth int*1 file 
junk.bgr   /dip int*1 file 
4 1.0e-4  1   /maxit;tol;-1=weight,1=lag 
0.10    /quench determinant limit 
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investigates the variability of measured and simulated (25 TPROGS realizations) 

sand probability in the top 10 meters below terrain (5 cells) for three different 

classes:(1) high probability clay cells, (2) high uncertainty cells and (3) high 

probability sand cells. The second class is expected to show resemblance with the 

final map of predictive uncertainty in the particle transport model, although the 

horizontal component is neglected in this analysis. The high uncertainty cells (class 

2) in the top 10 meters are undersimulated, which could lead to an underestimation 

of predictive uncertainty, because the measured uncertainty is not expressed 

correctly. The first class gets heavily oversimulated, which can also have 

implications on the particle tracking. The high probability sand cells in the top 10m 

below terrain are simulated in a good agreement. These observations can be 

supported by Figures 22 and 23, as they address the overall distribution of 

uncertainty and the uncertainty allocation patterns, respectively. This exercise could 

be used as an additional validation criterion, by comparing the spatial pattern of the 

simulated and measured sand probabilities in the top cells, and is of special interest 

for studies that focus on near surface hydrogeological processes.          
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Part 2: Slug tests: The estimation of the local hydraulic 

conductivity in the Norsminde catchment. A field study.   

 

Abstract  

The slug test is one of the most common techniques for the in situ estimation of 
hydraulic conductivity (K) of hydrogeological formations. The aquifers response to 
an instantaneous change in hydraulic head is observed and the measured hydraulic 
head data can be utilized in analytical models to compute an estimate of K at a 
small scale (often a few m3) around the screen. In this study the Hvorslev and 
Bouwer and Rice models are used, both assuming steady state conditions and 
neglecting aquifer storage. In total, 7 wells with filters in sand and 4 wells with filters 
in clayey till are investigated. The first yield estimated K values in the range of 1 x 
10-5 to 1 x 10-3 ms-1 and the latter 1 x 10-9 to 1 x 10-5 ms-1 (Hvorslev model). It is 
found that the Hvorlslev estimate is in general 17% to 25% greater than the Bouwer 
and Rice estimate, but always giving results in the same magnitude. These 
estimations are found to be in good agreement with other Danish studies. Scale 
effects of aquifer tests are anticipated to cause higher K estimations for an 
increasing scale. The results could be used as information for the inverse 
calibration of the hydrogeological flow model of the Norsminde catchment. 
Additionally two approaches are suggested on how to utilize the results for the 
modeling of the small scale heterogeneities, which would allow to compute the 
predictive uncertainty of the flow model caused by small scale heterogeneities.  
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Introduction 

The hydrogeological system contains numerous complex processes that today’s 

research has acquired to simulate. This comprises the full understanding and 

description of the entire hydrological circle from precipitation to evapotranspiration 

and from infiltration to groundwater flow and finally to discharge, just to give a broad 

overview. Each process for itself can be subject to an extensive study. The 

simulations of the given processes base on an abstraction of reality, leading to 

mathematical equations which are often solved in a numerical manner. These 

equations can have an empirical or an analytical origin and are governed by 

specific parameters. Beside laboratory experiments are field surveys in most cases 

the best option to collect data on the parameter of interest. This study focuses on a 

method to estimate the hydraulic conductivity of a geological unit at point scale in 

an aquifer. The hydraulic conductivity is stated as a velocity in length unit per time 

unit and determines the magnitude of groundwater flow and its direction is 

governed by Darcy’s law (Fitts (2012)). The hydraulic conductivity is a crucial input 

parameter to any hydrogeological model and thus deserves to be brought into 

focus. The slug test is a widely used aquifer test which is utilized to estimate the 

hydraulic conductivity. It requires a pre-installed well which has a single screen 

penetrating an aquifer. The computed results will describe the hydraulic conductivity 

at the depth of the screen at a small spatial scale. The methodology will be 

specified in more detail at a further point.   

This study was conducted as an integral part of the NiCA project. The NiCA project 

focuses on nitrate leaching from agricultural areas and attempts to model nitrate 

transport in geological heterogeneous catchments. Therefore two study sites are 

selected: (1) Norsminde, Jutland and (2) Lillebæk, Funen. In this study the focus 

will only be on the Norsminde catchment, where a glacial structure in the western 

part of the catchment is identified as the area of interest. Hence, the field campaign 

is planned to take place in this delineated tract.   

The estimation of the hydraulic conductivity in Danish aquifer systems has been the 

focus of many field investigations. Nilsson et al. (2001) studied the hydraulic 

conductivity in a heterogeneous glacial till-sand aquifer system at Ringe on the 

island of Funen. Slug tests, free flow tests as well as infiltration tests were 

conducted with a resulting hydraulic conductivity (K) value range of 1 x 10-7 to 1 x 

10-4 ms-1. The variation was three orders of magnitude over 10 meters of depth. The 

highest permeabilities were observed in the top 2.5 meters. Fredericia (1990) 
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summarized several studies on hydraulic conductivity in clayey tills. The compiled 

studies show a value range of 3 magnitudes: 1 x 10-9 to 1 x 10-6 ms-1. Three 

investigations were conducted in Vejen, Jutland. Bjerg et al. (1992) performed 334 

slug tests at 110 locations in an unconfined sandy aquifer at the study site in central 

Jutland. The results showed a clear log-normal distribution with a geometric mean 

of 5.05 x 10-4 ms-1 in depths between 6 and 10 meters. Hinsby et al. (1992) 

investigated the same study site and conducted 28 slug tests at 3 wells and 

computed a geometric mean of 4.2 x 10-4 ms-1. Hvilshoj et al. (1999) applied 

pumping test to an unconfined sandy aquifer in Vejen in Jutland. Three wells with 

10 meters in depth were drilled for this survey. The estimated hydraulic conductivity 

was between 1 x 10-4 to 1 x 10-3 ms-1 and a decrease of hydraulic conductivity over 

depth was observed. Henriksen et al. (2003) presented a methodology for the 

construction, calibration and validation of a national hydrogeological model for 

Denmark. The defined ranges for the inverse calibration process are 1 x 10-10 to 1 x 

10-6 ms-1 for clayey till and 1 x 10-4 to 1 x 10-2 ms-1 for meltwater sand and gravel. 

These studies can be used to validate the results from the present study and to put 

them into a Danish context.     

Study Site – Norsminde 

The Norsminde catchment is located on the east coast of Jutland south of Århus. 

The rivers Odder and Rævs and its tributaries contribute most of the inflow 

discharges into the Norsminde Fjord. The Norsminde Fjord is an approximately 2 

km2 big estuarine system with a mean depth of 0.6 meter. The entire catchment 

amounts to 101 km2 and is intensively farmed. The topography slopes from 

approximately 100 meters in elevation in the west to sea-level along the coastline. 

The Danish Meteorological Institute assesses a yearly annual precipitation of 722 

mm and an average temperature of 7.7 degrees to the eastern Jutland region. 

These values also account for the countries average. The landscape is mainly 

coined by glacial processes. Moraine landscapes are predominant in most of the 

catchment. Figure 1 shows the soil map of the Norsminde catchment and shows 

that gravely, clayey and sandy tills are prevalent. Wetlands with freshwater peat are 

allocated along parts of the streams. The wide stretch of meltwater sand in the 

south west is a further sign for the glacial imprint of the catchment. The stratigraphy 

consists of an upper layer of glacial sediments, which is between 10 and 40 m thick. 

Borehole reports from this area indicate an alternating lithology distribution of sand 
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experiment is finalized when the water level reaches a state of equilibrium, thus no 

more drawdown over time. Pump tests can be precise, but are very time consuming 

and expensive. A more economical and faster method is the second option, slug 

tests. This method is presented in the following. A full and detailed description of 

design and analysis of a pump test can be found in Istok and Dawson (1991). 

Additionally single well pump tests are possible, where a constant pumping rate is 

applied to a well. The drawndown of water level is then monitored over at least 

several hours to estimate the hydraulic conductivity using an analytical method.     

Slug Test 

With a slug test the hydraulic conductivity of an aquifer can be estimated in an 

economical, simple and fast manner. It is a single well experiment and is the most 

prevalent method to estimate hydraulic conductivity in groundwater investigations. 

The experiment is carried out by imposing an instantaneous change to the water 

level of a well and monitoring the recovery of the water level over time. The head 

recovery can be recorded with a pressure transducer at a specified measuring 

frequency. The attributes of hydrofacies determine the length of the experiment, 

which terminates when the equilibrium of the water table is reached.  The duration 

can vary between several seconds (in a high permeable sandy aquifer) and several 

hours to even days (in clayey formations). The change in water table can be caused 

by two different methods: (1) adding a known volume of water into the well or (2) 

removing a known volume of water out of the well. The first method causes a falling 

head experiment and can be conducted by either pouring water into the well or 

releasing a ‘slug’ into the water column. The latter causes a rising head and can be 

performed by either pumping water out of the well or removing a ‘slug’ from the 

water column. In this study all four methods, rising-head-slug (RHS) tests, falling-

head-slug (FHS) tests, rising-head-pump (RHP) tests and falling-head-pouring 

(FHP) tests, are applied. The analysis of falling head data is almost identical to 

rising head data (Dax (1987)) and can therefore be used analogous. The 

comparison of falling- and recovery-head data will be investigated at a later stage.  

A number of mathematical models are available to analyze measured head 

recovery data and estimate hydraulic parameters. These parameters include 

hydraulic conductivity or transmissivity and in some models additionally specific 

storage. Hvorslev (1951) was the first to develop a mathematical model to estimate 

the hydraulic conductivity by measuring the head recovery at a well after removing 
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aquifers with small values of storage coefficient. A model inter comparison is given 

in table 2.   

0BModel 
1BAquifer 

type 
2BAquifer 
storage 

3BPartial 
penetrating 

screen 
4BMain Reference 

5BHvorslev 
6BConfined 

or 
Unconfined 

7BNo 8BYes 

9BHvorslev (1951): Time Lag 
And Soil Permeability In 

Ground/Water 
Observations 

     

10BBouwer 
and 
Rice 

11BUnconfined 
or leaky 
aquifer* 

12BNo 13BYes 

14BBouwer and Rice (1976): A 
Slug Test for Determining 
Hydraulic Conductivity of 
Unconfined Aquifers with 
Completely or Partially 

Penetrating Wells 

     

15BCooper 
et al. 

16BConfined 17BYes 18BNo 

19BCooper et al. (1967): 
Response of a 

Finite/Diameter Well to an 
Instantaneous Charge of 

Water 

*The Bouwer and Rice model may also be utilized for for slug tests on wells in confined aquifers if 

water enters the aquifer from the upper confining layer through compression or leakage.   

Experiment Observations 

In this study the FHP test is selected for the wells located on the transect with 

screens in the clayey till unit. All GRUMO wells are surveyed with a RHP test, 

because all of them are equipped with a pump and thus the RHP test is convenient. 

RHS and FHS tests are only conducted at three of the GRUMO wells, because the 

pump had to be removed before gaining full access to the well. In all cases are 

pressure transducers used to monitor the hydraulic head.     

In the following the results of the experiments at the GRUMO well 99.463 are 

presented. The well screen is placed in sand and is thus supposed to be highly 

conductive. This will give fast reaction times after an imposed change in hydraulic 

head. At first the monitored change in hydraulic head for the RHS and the FHS 

experiments are presented. Secondly the RHP results are given. This comparison 

can help to elaborate on the two different methods: (1) Releasing a slug into the 

water column and observing the fall of the hydraulic head and afterwards the 

recovery of the hydraulic head after removing the slug from the water column. (2) 

Pumping water out of the well and observing the recovery of the hydraulic head 

after terminating the pumping process.  

Table 2 Model inter-comparison: Hvorslev, Bouwer and Rice and Cooper at al. 
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KH = Hydraulic conductivity based on the Hvorslev model (length/time) 

R = Radius of the well casing (length) 

L = Length of the screen (length) 

r = Radius of the well screen (length) 

t0 = Time it takes for the water level to rise or fall to 37 % of the initial change 

(time) 

For different well settings and geometries the original paper by Hvorslev (1951) 

should be consulted.  

The Hvorslev model can be applied for falling and rising head experiments and h0 is 

defined as the maximum absolute height to which the water level rises above or 

falls below the static water level. The change of water level in respect to the static 

water level over time is defined as h. The data are plotted by computing the ratio 

h/h0 and is displayed on a logarithmic scale versus time. The time-drawdown should 

plot on a straight line. The following example shows the results of a FHS-test at well 

99.463, where the static water table is 260 cm above the transducer (the transducer 

is located 21.5m under terrain). The lowering of a slug into the well changes the 

water level by 106.6 cm and the recovery is measured every 2 seconds. The 

following data are obtained during the experiment:  

20BElapsed 
time [sec] 

21BWater column above 
transducer [cm] 

22BChange of water 
level h [cm] 

23Bh/h0 

24BStatic Level 25B260   

26B2 27B366.6 28B106.6 (h0) 29B1.00 

30B4 31B333.7 32B73.7 33B0.69 

34B6 35B316.6 36B56.6 37B0.53 

38B8 39B303.3 40B43.3 41B0.41 

42B10 43B293.4 44B33.4 45B0.31 

46B12 47B280.8 48B20.8 49B0.20 

50B14 51B272.7 52B12.7 53B0.12 

54B16 55B268.2 56B8.2 57B0.08 

58B18 59B265.8 60B5.8 61B0.05 

62B20 63B264.4 64B4.4 65B0.04 

66B22 67B263.7 68B3.7 69B0.04 

70B24 71B263.3 72B3.3 73B0.03 

74B26 75B263.2 76B3.2 77B0.03 

78B28 79B263 80B3 81B0.03 

 

Table 3 One FHS experiment at well 99.463 with a measuring frequency of 2 seconds.  
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The term can either be negative or positive, depending on the direction. Solving 

equation 2 for Q, combining it with the Thiem equation, integrating and solving for K 

yields the Bouwer and Rice equation: 

	    Eq. 3 

where  

KBR = Hydraulic conductivity based on the Bouwer and Rice model (in 

length/time) 

Re = Effective radius (length), which will be discussed later 

L = Length of the screen (length)  

r = Radius of the screen (length) 

R = Radius of the well casing (length) 

H0 = drawdown at time = 0 (length) 

Ht = drawdown at time = t (length) 

This equation enables K to be calculated from the rise or fall of the water level in 

the well after an instantaneous change in water level. Since KBR, R, Re, r and L in 

the Bouwer and Rice equation are constants, must (1/t) ln H0/Ht also be constant. 

Hence are Ht and t the only variables in the equation. This yields a straight line 

when field data is plotted as ∆h (|Ht – Static water table|) versus t, where ∆h is on a 

logarithmic scale . Figure 11 shows multiple slug test data at well 99.463. ∆h 

represents the absolute change in water level, thus both FHS- and RHS-tests are 

alternating each other both having positive values. It can be observed that the water 

table does not fully recover each time, but the deviations are between 1 cm and 4 

cm and therefore neglectable. 
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Data Analysis 

The GeoLogik software Hydro Tec was applied to analyze the experiment data. The 

Hvorslev and Bouwer and Rice model are incorporated into the software. The user 

has to define all parameters referring to the well geometry (Figure 5). Further the 

aquifer has to be attributed by defining the aquifer thickness and its nature 

(confined or unconfined). An entire series of water level observations, containing 

multiple experiments can be loaded at one time. However, each experiment has to 

be delineated individually with a start and end point. Small errors, caused by 

subjectivity, might be introduced here. Another cause of uncertainty is that the 

effective filter length might be noted inaccurate in the borehole report. The effective 

filter length is defined by the size of the gravel pack, which might deviate from the 

borehole report.    

Results 

The resulting hydraulic conductivity values are based on numerous experiments at 

each well.  The Hvorslev and Bouwer and Rice equation are utilized in order to 

compute K values from hydraulic head data. This gives multiple results at each well. 

The arithmetic mean can aggregate a number of experiments in to one K-value. 

Table 4 emphasizes the difference between RHS - FHS and RHP tests. As 

anticipated before is the hydraulic conductivity based on RHP data supposed to be 

higher than RHS and FHS data. This deviation is clearly evident at well 99.463 and 

99.473. Well 99.465 has a high percentaged difference; however the values are 

very close to each other. Further is here the deviation even negative, which is 

opposed to the initial assumption. However, the permeability is lower at well 99,465, 

this could explain why RHS – FHS and RHP show more similar K estimates. Too 

few data is collected to make any general assumptions. The only clear conclusion is 

that all methods underlie some uncertainties and therefore will the three 

experiments be treated as equal in the following. Further the variation is still in the 

same magnitude. Favoring the pumping experiments has also a very practical 

reason: The RHS – FHS experiments at the GRUMO wells are very time 

consuming because the pump has to be removed. Therefore are mostly RHP test 

conducted.      
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82BWell ID 
83BHvorslev RHS - FHS 

84BK [m/sec]    K [m/day] 

85BHvorslev RHP 

86BK [m/sec]   K [m/day] 

87BDifference 

88B% 

89B99.463 90B2.85E-04 91B24.61 92B3.82E-04 93B32.98 94B34.0 

95B99.465 96B8.89E-05 97B7.68 98B5.88E-05 99B5.08 100B-33.9 

101B99.473 102B1.97E-04 103B17.05 104B3.86E-04 105B33.32 106B95.4 

 

Table 5 shows the resulting hydraulic conductivity values for all wells based on the 

Hvorslev and Bouwer and Rice method. It is not differentiated between the type of 

experiment, thus all data is used to collect the arithmetic mean.  The number of 

experiments varies between 3 and 12 and a low number of experiments is usually 

explained by a low hydraulic conductivity and a long sample duration. The resulting 

K values from the Hvorslev model are between 17% and 25% higher than the K 

values obtained from the Bouwer and Rice approach, but the two approaches give 

results that lie in the same magnitude. A complete list over the K estimations for 

each individual experiment is given in the appendix. The deviation is probably due 

to Hvorslev’s assumption of infinite vertical extent of the flow system. In equation 1, 

no variable defines the aquifer thickness, which can lead to large errors, especially 

if the screen is directly under the water table. Opposed to this regards the Bouwer 

and Rice method the vertical extent of the flow system (variable D in 4).   

 

Well ID 
Hvorslev 

K [m/sec]    K [m/day] 

Bouwer and Rice

K [m/sec]   K [m/day] 

Difference

% 

Kind of

experiments 

Number of 

experiments 

        

99.463 3.14E-04 27.12 2.60E-04 22.45 17.2 RHP, FHS, RHS 10 

99.465 7.73E-05 6.68 5.77E-05 4.98 25.5 RHP, FHS, RHS 12 

99.473 2.92E-04 25.19 1.82E-04 15.77 21.4 RHP, FHS, RHS 8 

99.630 1.50E-04 12.95 1.19E-04 10.30 18.8 RHP 6 

99.632 1.06E-05 0.92 7.72E-06 0.67 27.4 RHP 3 

99.629 2.89E-04 24.95 2.35E-04 20.27 18.8 RHP 5 

98.917 2.42E-04 20.91 1.87E-04 16.11 22.9 RHP 4 

High 1 1.37E-05 1.19 1.03E-05 0.89 24.8 FHP 6 

High 2 3.38E-07 0.03 2.55E-07 0.02 24.6 FHP 3 

Low 3.97E-06 0.34 2.99E-06 0.26 24.7 FHP 7 

Mid 4.26E-09 3.68E-04 3.21E-09 2.77E-04 24.7 FHP 3 

 

Figure 13 plots the Hvorslev results from Table 5 against the filter depth. The data 

can be grouped into two groups: (1) filter in clay and clayey till and (2) filter in sand. 

Table 4 The deviation between RHS-FHS and RHP test at three different locations for the resulting 
hydraulic conductivity computed by the Hvorslev equation.  

Table 5 The computed hydraulic conductivity for all wells, based on the Hvorslev and Bouwer and 
Rice equations.  
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A radius of influence of approximately one meter is calculated for various slug tests 

at an aquifer system in Wisconsin, USA. The dimensions of the screen have an 

impact on the representative scale. Bouwer (1989) argues that the larger the screen 

length and radius the larger the portion of the aquifer on which K is determined. 

Bradbury and Muldoon (1990) classify the representative scale of various aquifer 

tests as following:  

a) Small-scale tests (< 1m3): Laboratory experiments on small samples; 

b) Site-specific tests (1m3 to hundreds of m3): Single well pumping tests and slug 

tests; 

c) Local test (hundreds to thousands of m3): Aquifer pumping tests using multiple 

observation wells; 

d) Regional test (thousands of m3): Groundwater modeling at catchment scale with 

inverse calibration.  

But how will the results deviate if all methods were applied to the same aquifer? 

The answer to this question is discusses by Butler and Healey (1998) and Rovey 

and Cherkauer (1995), among others. The common finding is that the hydraulic 

conductivity estimations appear to increase with scale regardless of method of 

measurement. The increase is very uniform and is not attributed to systematic error 

caused by the various methods and can therefore not be called coincidence. This 

scale effect is difficult to quantify. A study by Bradbury and Muldoon (1990) shows 

that local tests give hydraulic conductivity estimations approximately three to five 

times greater than site specific tests and nearly 10 times greater than laboratory 

experiments. A possible explanation is that tests with a greater representative scale 

will include fractures and small lenses of higher permeability, which will increase the 

overall K estimation. According to that hydraulic conductivity and groundwater flow 

at small scales tend to be unaffected by rare heterogeneities which raise 

conductivity and flow rates. Thus are site-specific tests less likely to be influenced 

by heterogeneity. None of the authors suggest how to proceed after this finding or 

elaborate on what method to favor. However the method of choice will always 

depend on the scale at which the hydrogeological problem should be addressed.      

Modeling Small Scale Heterogeneities 

In groundwater flow modeling, small scale heterogeneities are a possible source of 

uncertainty. In general, one conform hydraulic conductivity is assigned to each 

hydrofacies. This neglects permeability variations at the scale of the spatial 
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discretization of the model. Inverse calibration of K values for a set of hydrofacies 

might give a satisfying solution at catchment scale, for e.g. water balance. However 

results at small scale will be inaccurate, when using a conform distribution of K, 

because uncertainties are not accounted for (Eaton (2006)). A more sophisticated 

approach is to randomly assign a distribution of K values to each hydrofacies. The 

K distribution can be generated randomly and honors specified statistical 

parameters. This can generate a set of realizations of the geology, which can be 

incorporated into the hydrogeological model to examine the uncertainty caused by 

small scale heterogeneities. Varies studies (Gego et al. (2001) and Taskinen et al. 

(2008), among others) show the successful application of log-normal distributed K 

fields to hydrogeological flow simulations.  

Another possible source of uncertainty to groundwater flow modeling is caused by 

the geological structure itself. Two-point (e.g. transition probabilities or indicator 

cross variograms) (Carle et al. (1998)) or multi-point geostatistics (Strebelle (2002)) 

can be applied to simulate an ensemble of realizations of the subsurface 

hydrofacies distribution that honors available data and at the same time represents 

the uncertainty. Hojberg and Refsgaard (2005) compared the effect of both sources 

of uncertainty to a groundwater flow model. The predictive uncertainty from the 

geological structure uncertainty was identified to be greater. 

In this study two approaches will be presented that show possibilities how to 

capture small scale heterogeneities on the basis of the conducted slug tests in the 

Norsminde catchment. The biggest challenge is that data is very limited (11 slug 

tests for approximately 50 km2), so caution must be taken. However the two 

methods will account for that and try to make the most out of the available data.             

Generation of K-fields  

Hydraulic conductivity is expected to have a log-normal distribution (Fitts (2012)), 

which can be represented by a mean and a standard deviation. If the two 

parameters are known, a random K field can be generated, where the values honor 

the defined log-normal distribution. The generated K field can then be assigned to a 

hydrofacies distribution, originated from geological interpretation, borehole 

interpolation or stochastically generated realizations among others. The generation 

of random K-fields has been applied in various studies (Gego et al. (2001) and 

Taskinen et al. (2008), among others) and gives the opportunity to generate a set of 

realizations of the subsurface system.  
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It is unreasonable to use the mean and standard deviation obtained from the 11 

slug tests to generate random K fields. However many studies (Nilsson et al. (2001) 

and Bjerg et al. (1992), among others) on the hydraulic conductivity of glacial tills in 

Jutland were conducted. If aggregated together and classified into sand and clay, a 

big dataset of a few hundred slug test can be compiled. This assumes that glacial 

sediments in Jutland do not vary significantly. On the basis of the compiled data, 

which can be treated as the population, statistical tests can be performed to check if 

the slug test results from this study originate from the Danish population of glacial 

sediments. An independent t-test can reveal if the means of the sample and the 

population have a statistical significant difference or not. The F-test or the Levene’s 

test can assess the equality of variances in different samples.  

If these statistical methods prove that the data for the Norsminde catchment 

originates from the entire population of glacial tills in Jutland on a satisfying level of 

significance, K fields can be generated based on the mean and the standard 

deviation from the entire population.     

Multiple Regression Analysis with SkyTEM data 

SkyTEM was used to map the Norsminde catchment. Data was measured at 

approximately 2000 flight lines with more than 100.000 sounding points. The 

distance between the flight lines is between 50 and 100 m. An inverse algorithm 

was incorporated to generate a quasi 3D distribution of the underground resistivity 

with a spatial discretization of 20 X 20 X 2 m. The resistivity values represent the 

clay content and thus also the permeability. High resistivity cells are supposed to 

represent high permeability. Therefore can the SkyTEM dataset be used as a 

variable in an empirical equation which derives the hydraulic conductivity from the 

gridded resistivity.  

Slug tests are classified as site specific tests (Bradbury and Muldoon (1990)) and 

have therefore only a small representative scale, which is expected to be smaller 

than the 800 m3 of one cell in the gridded resistivity dataset. However, it is 

interesting to pair and plot the estimated hydraulic conductivity with the 

corresponding resistivity value at the filter location. The SkyTEM data can be 

classified into sand and clay with a cut off value of 46 Ωm. Figure (15) shows that 

only 2 well filters are not represented correctly by the resistivity dataset because the 

resistivity is lower than 46 Ωm at the corresponding cells, but the borehole report 

indicates sand at the filter. This can have various explanations. First can there be 
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Discussion 

This study comprises the application of different types of the traditional slug test, 

where all of them impose an instantaneous change of water level. Mostly, RHP 

experiments were conducted, because of practical reasons. A problematic part of 

the RHP test is the overshoot of the recovery curve. Two possible causes are 

identified: The oscillatory response and the backflow of water after shutting the 

pump down. It is difficult to quantify the individual effect of each component and to 

correct the measured data, because of complicated hydraulic processes. The 

design of the RHP experiment could be adjusted in the next field campaigned to 

reduce the effect of the water back flow, e.g. sealing the tube vacuum-tight after 

shutting the pump down. However, when comparing RHP with FHS/RHS data at 

the same well it is observable that the differences in estimated K are not that 

severe. FHS and RHS experiments are conducted at three GRUMO wells, after 

removing the pump out of the well to analyze the differences between falling and 

recovery head data. Dax (1987) has shown that falling and recovering head data 

can be used analogous for the estimation of the hydraulic conductivity. This is 

supported by this study, because FHS and RHS experiments show the same falling 

and recovery characteristics, respectively. FHP experiments are conducted at the 

newly drilled wells, penetrating near-surface clay and clayey till.  

The software Hydro Tec is used to estimate hydraulic conductivity from the 

recovery- falling-head data. Hydro Tec incorporates the Hvorslev and Bouwer and 

Rice methods, which assumes steady state flow to the well and are common 

methodologies for estimating K. A more sophisticated approach by Cooper et al. 

(1967) considers aquifer storage, but is not applicable in Hydro Tec. However, 

several studies (Zlotnik and McGuire (1998), Widdowson et al. (1990), Hyder and 

Butler (1995)) show that neglecting the aquifer storage produces accurate results, 

especially when high permeable aquifers are investigated. This is the case for all 

the GRUMO wells, which have filters in the sandy aquifer. The results might be 

inaccurate for the 4 newly drilled wells, which penetrate the near-surface 

clay/clayey till. In Hydro Tec the user has to define the aquifer thickness and the 

end and start point of each experiment manually, which is not always trivial and 

makes the method semi-subjective. Nevertheless, in the Danish context, the results 

are very realistic and show relatively small variations between the K estimates at 

each well. Finally, without very distinct arguments, the Hvorslev method was 
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favored over the Bouwer and Rice method, because it seems to be more widely 

used in literature and is may be more applicable for confined aquifers. 

The resulting K estimations for sand vary two orders of magnitude between 1 x 10-5 

and 1 x 10-3 ms-1 and four orders of magnitudes for clay; 1 x 10-9 and 1 x 10-5 ms-1. 

This is in good agreement with other studies that utilize slug tests to estimate K of 

glacial sediments in Denmark (Hinsby et al. (1992), Bjerg et al. (1992), among 

others). As anticipated, the hydraulic conductivity is decreasing significantly with 

depth in clayey tills. This is caused by the downward transport of clay sediments 

and also observed by Hvilshoj et al. (1999) and Nilsson et al. (2001). The GRUMO 

wells indicate an increase of K over filter depth. This trend is difficult to analyze 

because the wells are often a couple of kilometers apart and at different elevations, 

thus they do not necessarily penetrate the same aquifer.   

Uncertainties of various sources can affect a slug test experiment. Skin effects at 

the filter or fine sediments in the well can reduce the response of the aquifer if the 

well was not installed thorough. Pressure transducers are very sensitive devices 

and their functionality has to be tested each time before starting a field survey. A 

measuring frequency of 0.5 Hz was chosen for this field survey. Measuring every 2 

seconds might not be sufficient enough in highly conductive aquifers, because peak 

values might not be captured correctly at the start of the experiment. Often the full 

equilibrium was not completely reached, which might have small implications on the 

experiment. The ‘Mid’ well along the newly drilled transect of wells never reached 

the equilibrium at all, even after days of experiment duration. This raises doubts on 

the thorough installation of this well.  

This study yields 11 local K estimates for the glacial structure which is 

approximately 50 km2 large. The sample density is too low to model the hydraulic 

conductivity distribution of the glacial structure in the Norsminde catchment with the 

results in hand. The results could be used to define plausible value ranges for the 

inverse calibration of the hydrogeological model. Two different approaches are 

presented in this study, which incorporate the K estimates to model small scale 

heterogeneities of the geology. The generation of random K fields has been applied 

successfully by various studies (Gego et al. (2001) and Taskinen et al. (2008), 

among others). On the other hand is the multiple regression between geophysical 

SkyTEM and hydraulic conductivity a new approach. The uncertainties caused by 

the different representative scales of the two data are compensated by having a set 

of regression curves. 
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Conclusion 

Estimations on the hydraulic conductivity are an essential part of hydrogeological 

investigations and groundwater flow modeling. A number of field methods are 

available to conduct aquifer test experiments, which can later be interpreted by 

analytical and empirical models to estimate K. Those experiments operate on 

different scales and impose stress to the aquifer, by removing or adding water and 

then to monitor the response of the aquifer. Slug tests are common practice in 

many hydrogeological investigations and have also proven to be a fast, easy and 

economical method in this study. Slug tests were conducted at 11 well locations 

and analyzed by the Hvorslev and Bouwer and Rice method. The obtained results 

are realistic, in the Danish context, and underlie the profound heterogeneity of the 

glacial sequence in the Norsminde catchment. The analysis of recovery/falling head 

data is not fully objectively, because the delineation of each individual experiment is 

done manually. Additional uncertainties are added by the measurement devices, 

sample frequency, well properties, and time limitations, because the water level 

equilibrium is not always fully reached. Doubts are raised about the thorough 

installation of one well. The oscillatory response and the backflow of water after 

shutting down the pump create not-quantified overestimations of the hydraulic 

conductivity in the RHP experiments. However, the overestimations are not too 

severe, when comparing results from the RHP to RHS and FHS experiments. Scale 

effects of aquifer tests cause that the hydraulic conductivity estimates increase with 

the representativeness scale of the measurement method. Slug tests are 

characterized as site specific tests (Bradbury and Muldoon (1990)) and represent 

1m3 to hundreds of m3, where the lower limit is more realistic for clayey tills in 

Denmark. Further, two approaches are presented and discussed, which incorporate 

the results of the slug test experiments to model small scale heterogeneities of the 

geology. The generation of random K fields or the regression analysis between 

SkyTEM data and K estimates could contribute to groundwater flow modeling, e.g. 

the quantification of the predictive uncertainty of particle tracking.  
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Appendix          

Individual Experiments 

Well ID # h 0 h max delta h K Hvor K B&R Experiment 

463 slug 1 260 160,7 99,3 2,1E-04 1,7E-04 RHS 

2 260 366,6 106,6 2,6E-04 2,1E-04 FHS 

3 260 179,8 80,2 3,3E-04 2,7E-04 RHS 

4 260 336,6 76,6 2,2E-04 1,8E-04 FHS 

5 260 180,1 79,9 4,7E-04 3,9E-04 RHS 

6 260 342,9 82,9 2,1E-04 1,7E-04 FHS 

7 260 186,8 73,2 3,2E-04 2,6E-04 RHS 

465 slug 1 650 699,4 49,4 9,4E-05 7,0E-05 FHS 

2 650 598,9 51,1 7,0E-05 5,3E-05 RHS 

3 650 696,9 46,9 1,2E-04 9,1E-05 FHS 

4 650 583,6 66,4 5,2E-05 3,9E-05 RHS 

5 650 692,5 42,5 1,3E-04 9,5E-05 FHS 

6 650 578,1 71,9 4,3E-05 3,2E-05 RHS 

7 650 709 59 1,5E-04 1,1E-04 FHS 

8 650 578,6 71,4 5,3E-05 3,9E-05 RHS 

473 slug 1 395 441,3 46,3 1,5E-04 1,2E-04 FHS 

2 395 353,2 41,8 1,9E-04 5,9E-05 RHS 

3 395 444,6 49,6 2,4E-04 1,8E-04 FHS 

4 395 347,9 47,1 3,5E-04 4,2E-05 RHS 

5 395 456 61 2,0E-04 1,5E-04 FHS 

463 pump 1 240 52,49 187,51 4,8E-04 3,9E-04 RHP 

2 240 60,61 179,39 3,4E-04 2,8E-04 RHP 

3 240 50,92 189,08 3,4E-04 2,8E-04 RHP 

465 pump 1 630 290,7 339,3 6,6E-05 4,9E-05 RHP 

2 630 292,8 337,2 5,9E-05 4,4E-05 RHP 

3 630 298,6 331,4 5,2E-05 3,9E-05 RHP 

4 630 281 349 5,8E-05 4,3E-05 RHP 

5 630 281 349 5,9E-05 4,4E-05 RHP 

473 pump 1 440 173,8 266,2 4,2E-04 3,3E-04 RHP 

2 440 177,4 262,6 3,2E-04 2,5E-04 RHP 

3 440 171,8 268,2 4,2E-04 3,3E-04 RHP 

630 pump 1 544 284,5 259,5 1,7E-04 1,4E-04 RHP 

2 544 290,7 253,3 1,7E-04 1,4E-04 RHP 
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3 544 281,3 262,7 1,7E-04 1,4E-04 RHP 

4 544 276,5 267,5 1,4E-04 1,1E-04 RHP 

5 544 292,5 251,5 1,3E-04 1,0E-04 RHP 

6 544 284,2 259,8 1,2E-04 9,4E-05 RHP 

632 pump 1 560 194,6 365,4 1,0E-05 7,4E-06 RHP 

2 560 196,3 363,7 1,0E-05 7,5E-06 RHP 

3 560 180,8 379,2 1,2E-05 8,3E-06 RHP 

629 pump 1 400 338,3 61,7 2,4E-04 1,9E-04 RHP 

2 400 308 92 3,2E-04 2,6E-04 RHP 

3 400 310,5 89,5 3,5E-04 2,8E-04 RHP 

4 400 313,1 86,9 2,7E-04 2,2E-04 RHP 

5 400 311,3 88,7 2,7E-04 2,2E-04 RHP 

917 pump 1 420 275,4 144,6 2,2E-04 1,7E-04 RHP 

2 420 297,9 122,1 2,8E-04 2,1E-04 RHP 

3 420 300,1 119,9 2,1E-04 1,6E-04 RHP 

4 420 296,5 123,5 2,6E-04 2,0E-04 RHP 

clay High 1 1 80 219,8 139,8 1,3E-05 9,5E-06 FHP 

2 80 220,4 140,4 1,1E-05 8,6E-06 FHP 

3 80 205,8 125,8 1,6E-05 1,2E-05 FHP 

4 80 218,5 138,5 1,6E-05 1,2E-05 FHP 

5 80 232,4 152,4 1,4E-05 1,0E-05 FHP 

6 80 210,2 130,2 1,3E-05 9,6E-06 FHP 

clay High 2 1 85 230,6 145,6 2,5E-07 1,9E-07 FHP 

2 85 226,6 141,6 3,0E-07 2,3E-07 FHP 

3 85 231,8 146,8 4,6E-07 3,5E-07 FHP 

clay Low  1 60 218,2 158,2 3,7E-06 2,8E-06 FHP 

2 60 224,6 164,6 4,0E-06 3,0E-06 FHP 

3 60 216,3 156,3 4,2E-06 3,2E-06 FHP 

4 60 223,5 163,5 5,8E-06 4,3E-06 FHP 

5 60 207,1 147,1 3,6E-06 2,7E-06 FHP 

6 60 213,1 153,1 3,3E-06 2,5E-06 FHP 

7 60 200,5 140,5 3,4E-06 2,5E-06 FHP 

clay Mid  1 39 180,1 141,1 4,2E-09 3,2E-09 FHP 

2 39 182,1 143,1 2,6E-09 2,0E-09 FHP 

3 39 176,5 137,5 6,0E-09 4,5E-09 FHP 
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