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Abstract 

Geological modeling strategies are like snowflakes – no two are identical.  Although this provides a level of job security, it 

also means that care must be taken to use the proper strategy based on the geological framework.  To illustrate this point, 

this paper provides three different strategies and associated case-studies for modeling and visualizing groundwater 

contamination.  The first example involves a case-study in which historical well data was used to create annual models of 

a plume migrating through glacial outwash over a 34-year period.  The second example involves contamination migrating 

through an epikarst environment into fractured carbonates sampled quarterly over a one-year period.  The third example 

involves a single “snapshot” of a contaminant within a flood deposit.  From the onset of each project, it was recognized 

that automation was the key to completion and to processing future data in a timely fashion (i.e., not reinventing the 

wheel when new data becomes available).   
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Strategy #1 - Groundwater Contamination Within Glacial Outwash 

In 1985, a 1,4-dioxane groundwater contamination plume was discovered in parts of Scio Township and western Ann 

Arbor, Michigan.  The State of Michigan and the Washtenaw County Health Department have been tracking this plume 

for over 20 years in what has become a highly visible project to the public.   

The geology is typified by dissected glacial outwash that blanket Paleozoic sedimentary rocks.  Surface waters drain 

primarily into the Huron river.  

In 2019, the Michigan Department of Environment, Great Lakes, and Energy (EGLE), the Mannik Smith Group, and 

RockWare embarked on a joint project to consolidate the available historical well data into a borehole database in order 

to create lithologic, hydraulic conductivity, and time-based geochemical models.  These models were subsequently used 

to create maps, cross-sections, fence diagrams, time-sequence animations, and volumetric estimations.  The animations 

were used during litigation to visualize and quantify the migration of the plume from 1986 to 2020.  The models were also 

used as input into an online, interactive Geographic Information System (GIS) hosted by the State of Michigan. 
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The steps required to create each annual model (A) were formidable and convoluted.  In addition, an iterative cycle of 

modeling, identifying and fixing bad data, and remodeling the data increased the workload.  Another consideration was 

the addition of new data in the future and extending the models and animations accordingly.  For these reasons, an 

emphasis was placed on automating the workflow wherever possible. 

The automation was implemented by using a RockWorks “playlist” (C) which provides a means of adding independently 

configured program menus to a list that is processed sequentially.  As new data is added to the database, the playlist may 

be re-processed to automatically create all new models, diagrams, animations, and volumetric reports. 

 
Figure 1. Flowchart (left) and associated playlist (right) depicting strategy for creating time series models of groundwater contaminant migrating 

through glacial outwash. 
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The steps involved in this study are described as follows: 

1. Creating the Relational Database:  A Structured Query Language (SQL) relational borehole database was created 

to store the location, lithology, time-base geochemistry, and historical water level data for 814 water and 

monitoring wells within the project area. 

2. Creating the Surface Model:  A Digital Elevation Model (DEM) grid was created (B) by extracting points from a 

Light Detection and Ranging (LiDAR) data set provided by the Southeast Michigan Council of Governments 

(SEMCOG). 

3. Draping a Satellite Image Over the Surface Model:  A satellite image was cropped to the project area, 

georeferenced to the project dimensions, and draped over the surface model (A). 

4. Creating a Bedrock Surface Model:  Very few of the water wells or monitor wells extended to the bedrock (an 

impermeable shale).  As a consequence, seismic data was interpreted by the client and entered into the database 

as pseudo-boreholes and interpolated into a grid surface using a Kriging algorithm.  This grid served as a lower 

constraining surface during subsequent block modeling. 

5. Creating a Maximum Water Level Elevation Model:  The historical water level data was filtered and gridded into 

a Maximum Historical Water Level (MHWL) grid model (F) to serve as an upper constraining surface within the 

block modeling.  A second-order polynomial surface fitting algorithm was used to create this surface and 

subsequently truncated by the ground surface model elevations wherever the polynomial surface extended above 

the ground surface (e.g., dissected regions near the Huron River). 

6. Creating a Lithology Model:  The borehole lithology data was interpolated into a lithology block model (D) using 

a lateral extrusion algorithm that projects lithologies horizontally from the boreholes.  This model was truncated 

by a convex polygon around the control points to conservatively limit the modeling to areas with nearby control 

points. 

7. Creating a Hydraulic Conductivity (K) Model:  A table of hydraulic conductivities for the various lithotypes was 

used to convert the lithology model into a hydraulic conductivity (K) model (E).  This model was vertically truncated 

based on a maximum groundwater elevation model (F) to limit subsequent modeling. Finally, the truncated 

hydraulic conductivity model was filtered into a Boolean Permeable/Impermeable (BPI) model (G) in which 

lithologies with permeabilities less than 2x10-5 feet per second were converted to zero while voxels (volumetric 

elements within a block model) above 2x10-5 ft./sec were set to 1.0.  At the same time, a geobody filter was applied 

to remove small and unconnected permeable zones. 

8. Creating the Annual 1,4-Dioxane Models:  Geochemical data from the borehole database was extracted for each 

year, from 1986 to 2020 and modeled.  This modeling (H) used an anisotropic inverse-distance weighting algorithm 

that implicitly biased the interpolations horizontally as constrained by the BPI, MHWL, and bedrock models.  A 

visual interpretation of these results can be very misleading because additional data was added over the years 

thereby extending the lateral extents of the plume.  For example, the plume extents in 1986 may have been much 

larger, however the diagrams are limited to the regions defined by the available wells at the time of the modeling.  

This can produce a misleading interpretation of the expansion of the plume over time.  As a consequence, the 

exact historical geometry of the plume may never be known.  On the other hand, a visual examination of the 

historical and spatial changes in the 1,4 dioxane concentration levels can be used to accurately determine where 

the contaminant was increasing or decreasing.  

9. Creating Depth-to-Dioxane Models:  The 2020 models were used to create grid models representing the minimum 

depths to 1,4-dioxane contamination greater than 7.2 ppb (parts per billion), depths to contamination greater 

than 1,900 ppb, and depths to the maximum 1,4-dioxane concentrations (B).  These grids were subsequently 

imported into the EGLE online GIS system which allows users to quickly determine the 1,4-dioxane contamination 

risk for any point within the project area. 

10. Creating Time-Based Animations: The lithology model and annual geochemical models were combined into a five-

minute video that includes an animation of the 1,4-dioxane plume as it migrated and diluted or increased from 

1986 to 2020 (H).  This video can be viewed at https://youtu.be/r9ITUVXhNMI. 

https://youtu.be/r9ITUVXhNMI
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The aforementioned models were used to create cross-sections that were reviewed in an iterative fashion as new data 

became available and bad data was corrected.  This meant that all models and animations had to be re-generated with 

each change of the data.  Fortunately, the automation provided by the playlist (C) proved to be indispensable. 

 
Figure 2. Models used to create time series groundwater contamination migration models (A-G) and sample output (H). 
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Strategy #2 - Groundwater Contamination Within an Epikarst Environment 

In this example, Trichloroethylene (TCE) contamination was sampled on a quarterly basis over a one-year time period as 

it percolated laterally through unconsolidated overburden, then downward through an epikarst zone, and into an 

underlying fractured carbonate.  Unlike the glacial outwash example, the applied strategy is illustrated by a “pseudo case-

study” meaning proprietary data that has been obfuscated at the request of the client.   

 
Figure 3. Flowchart (left) and associated playlist (right) depicting strategy for creating time series models of groundwater contaminant migrating 

laterally through unconsolidated overburden, downwards through epikarst, and into fractured carbonates. 

The workflow strategy () is described as follows: 

1. Creating the Relational Database:  An SQL relational borehole database was created to store the location, 

lithology, stratigraphy, fractures, time-base geochemistry, and historical water level data for 49 water and 

monitoring wells within the project area. 

2. Creating the Surface Model:  A ground surface model (A) was interpolated from digitized contour lines using an 

inverse-distance weighting algorithm. 

3. Creating the Stratigraphy Model:  The underlying sedimentary bedrock layers were modeled as a series of stacked 

2D grids (C) using a Kriging algorithm and converted to a 3D block model.  Note that the stratigraphy was modeled 

before the lithology because the lithology modeling used the top of the stratigraphy model as a lower constraining 

surface.   

4. Creating the Lithology Model:  A lithology block model (B) was interpolated for the unconsolidated overburden 

by using a three-dimensional lateral-extrusion algorithm.  This method allows for discontinuous units that are not 
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laterally contiguous and/or gradational.  This modeling was constrained above by the ground surface model.  The 

lower portion of the lithologic model was constrained below by the uppermost unit within the stratigraphy model. 

5. Merging the Lithology and Stratigraphy Models:  The overburden lithology model was then combined with the 

stratigraphy model to produce a geology model (D).   

6. Fracturing the Geology Model:  Downhole fractures (D) were then added to the geology model using a distance-

to-fracture algorithm.  This is accomplished by extending the fracture discs by a specified distance relative to the 

disc midpoints and setting the intersected voxels to a specified value.   This fracture propagation was limited by 

specified surface models.  For example, fracture propagation within the limestone were confined to the limestone 

because fractures were not observed within the underlying units.  Fractures within the epikarst and dolomite were 

also modeled separately because nearby outcrops indicated that the fracture fabrics within the dolomite and 

limestone are quite different.   

7. Converting the Fractured Geology Model to a Hydraulic Conductivity (K) Model:  The fractured geology model 

(D) was then converted to a hydraulic conductivity model (E) based on an equivalence table of rock conductivities 

provided by the client. 

8. Creating an MHWL Model:  A maximum historical water level elevation model (F) was created by filtering the 

highest potentiometric surface elevations from the borehole database and approximating the elevations into a 

grid model using a Kriging algorithm in conjunction with a trend-polynomial surface fitting algorithm. 

9. Converting the K Model to a BPI Model: The K model was truncated above by a MHWL grid model and then 

filtered into a BPI model (G) in which the lithologies with K-values less than 0.005 were converted to zero while 

voxels equal to or above 0.005 were set to 1.0.   

10. Extracting Connected Geobodies:  A geobody filter was applied to the BPI model to identify contiguous voxels 

with the same G-values.  The largest geobody (Error! Reference source not found.4G) was selected as a 

constraining filter for the subsequent geochemical modeling because it corresponds to the point source for the 

TCE contamination.  In other words, it was assumed there is no hydraulic communication with the other 

permeable geobodies. 

11. Creating Time-Based Geochemical Models:  The geobody BPI model (Error! Reference source not found.G) was 

used to constrain the time-based geochemical model interpolation (Error! Reference source not found.4H).  This 

modeling was based on an anisotropic inverse-distance weighting algorithm. 

12. Creating Time-Based Animations: The quarterly annual geochemical models were combined into a 30-second 

video that includes an animation of the TCE contamination as it migrates and dilutes from May through November 

of 2018.  These animations use a morphing technique that interpolates hundreds of transitional models between 

each quarterly model to minimize the jerkiness.  This video can be viewed at https://youtu.be/FSzdiAXj_Cg 

 

https://youtu.be/FSzdiAXj_Cg
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Figure 4. Models used to create time series groundwater contamination migration models (A-G) and sample output (H). 
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Strategy #3 – Groundwater Contamination Within a Flood Deposit 

 

In this example, TCE and Research Department Explosive (RDX) contamination data from 43 boreholes along with hydraulic 

conductivity (K) data from a direct-push core sampler were used to create a series of vertical mass flux profiles 

perpendicular to the hydraulic gradient.  The host geology was initially considered to be a homogeneous flood deposit but 

the K-model suggested otherwise.  As with the previous example, the applied strategy () is illustrated by a “pseudo case-

study” meaning proprietary data that has been obfuscated at the request of the client. 

 

 
Figure 5. Playlist and models used to create mass flux transects for contaminants within flood deposits. 
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The workflow strategy () is described as follows: 

1. Creating the Relational Database:  An SQL relational borehole database was created to store the location, 

hydraulic conductivity, TCE, and RDX data for 43 direct push core samples. 

2. Creating the Surface Model:  A Kriging algorithm was used to model the ground surface based on the borehole 

collar elevations.  This model served as an upper constraining filter for all of the subsequent solid modeling. 

3. Borehole Logs:  Separate borehole log diagrams were created for the hydraulic conductivity, TCE, and RDX data 

(A) in which proportionally scaled cylinders are scaled and color-coded in proportion to the data. 

4. Block Models:  Block models were interpolated for the hydraulic conductivity, TCE, and RDX data using an 

anisotropic inverse-distance weighting algorithm as constrained by the ground surface model (B). 

5. Mass Flux Models:  Mass flux models for the TCE and RDX were created by multiplying the interpolated models 

by the hydraulic conductivity model (C). 

6. Mass Flux Transects:  TCE and RDX mass flux transects perpendicular to the hydraulic gradient were created by 

slicing through the respective mass-flux models (D). 

Conclusions 

If should be noted that the aforementioned case-studies represent static models depicting the contamination at the time 

of the data sampling.  No attempt was made to create predictive models or simulations representing the contamination 

beyond the last sampling date. 

Enumerating these strategies as playlists provides a number of advantages, including: 

1. All diagrams, animations, and analyses can be automatically regenerated if the data is changed or added versus 

the tedium of opening, editing, and closing dozens of menus. 

2. The playlists can be used as templates for similar projects.  This is especially true for sub-sites within large projects 

where the geology is similar. 

3. Given that all of the modeling parameters are saved within each playlist item, they can serve as an audit trail 

during litigation and infrequently-revisited projects to determine exactly how the data was modeled. 

4. Strategies can be provided to other investigators in an organized, self-documenting fashion. 

5. Strategies can be readily modified and re-processed thereby allowing for experimentation.  For example, if a 

modeling algorithm that is used early on in the process is changed, the effects upon subsequent operations can 

be quickly determined. 
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