
  

ASSESSING SINKHOLE COMPLEXITY OVER TIME 

IN THE KARST TERRAIN OF DELAWARE, OHIO 

The Ohio Department of Natural Resources, Division of Geological Survey has mapped karst in Ohio since 2009 using a 

statewide LiDAR-based digital elevation model that was created from data collected in 2006. After its original karst 

mapping in 2011, the Delaware region of central Ohio had additional higher-resolution LiDAR data generated in 2012. 

This additional data allowed for quantitative comparison of 2006 and 2012 sinkholes to assess growth, mitigation, and 

changes in complexity during that time. After refining the two LiDAR datasets into the polygons that represent the 

depressions, an established GIS model was used to create a complexity ranking, which is based on the shared spilling 

elevation of nested depressions. The rankings were compared, and preliminary results showed an approximated 10–20 

percent increase in complexity for individual sinkholes, with some areas experiencing mitigation and/or new growth. 

This process also categorized sinkhole shapes to help geologists better understand morphology, which is tied to the 

relationship between formation mechanisms and development over time. Sinkholes in Ohio typically form slowly as 

previously existing fractures are opened by dissolution. Urban development in the Delaware region could exacerbate 

karst development, and the resolution increase between years may account for a small percentage of previously 

undiscovered sinkholes. As more LiDAR data is collected across Ohio, the database of ranked sinkholes can be used to 

identify and monitor areas of dynamic karst hazards for potential mitigation and further research.  

Overall, the karst characteristics of the Delaware region remained relatively stable between 2006 and 2012. While the 

results illustrate a decrease in higher complexity depressions and an increase in first rank depressions over six years, 

individual sinkholes must still be analyzed. Mitigation due to urban development or natural infilling could account for 

part of the decrease. The resolution increase in 2012 could allow for more accurate spillover points and where one 

sinkhole was classified at a higher rank in 2006 this higher accuracy could have been refined and the sinkhole demoted 

in 2012. Wu’s model also did not eliminate false depressions from ditches, ponds, gullies, et cetera, and the given 

parameters of the model overlook smaller depressions identified in manual processing. This will pose a problem in areas 

of the state where sinkholes are characterized by being smaller and shallower than other regions. Adjusting those 

parameters may pose new processing difficulties but should be attempted to refine the methodology for future 

processing. 

 

However, several zones were identified by an increase in complexity and size (Figures 9 and 10) and will be noted for 

future monitoring. Follow up field visits for active areas is ideal to update any photos and collected metadata. 
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Assessing sinkhole activity over time through changes in complexity is an important method for understanding 

formation mechanisms and the interaction of urban development with the surface. This is particularly relevant to the 

Delaware region as the area undergoes rapid urbanization. Creating and updating a sinkhole database for the state is 

vital for companies and citizens that may be affected by karst terrain. An increase in surface run-off and vegetation 

removal can exacerbate soil loss into existing fractures and accelerate subsidence. While some changes can be observed 

through aerial imagery, updated LiDAR data is crucial to the continued monitoring of Ohio’s karst regions.  

 

Moving forward, establishing inclusive variables and maintaining a successful, controlled method for processing new 

LiDAR data will allow for easier comparison to previous years’ sinkholes and smoother application of Wu’s complexity 

model. This will eventually save overall processing time in the office and identify hazard areas for further monitoring 

based on a change in complexity.  
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The karst terrain of the Delaware region in central Ohio was initially mapped in 2011 using LiDAR data obtained in 2006. 

The area comprised six 7.5 minute quadrangles which were broken down into 255 2 km2 grid tiles for field mapping. 35 

of these grid tiles contained sinkholes, which totaled almost 400. Delaware remains the largest study region of the state 

by area. 

 

In the area, sinkholes developed in the Silurian-age Salina group and the Devonian-age Columbus and Delaware 

Limestones. The Devonian-age Olentangy and Ohio Shales prohibited development in the eastern portion of the map 

area. Wisconsinan-age end moraine and ground moraine cover the region and averages 4.5 m thick. This bounding of 

shales to the east and thicker drift to the north and west created a corridor of sinkholes that follows the Scioto River 

through the central portion of the mapping area. 

FIGURE 1. Location map of the Delaware karst region. 

Reprocessing 2006 LiDAR data: 

 1. DEM clipped to project area 

 2. Fill 

 3. DEM clip subtracted from fill 

 4. Reclassify to maintain <1 ft depressions 

 5. Raster to Polygon 

 6. Polygons smaller than DEM resolution removed 

FIGURE 3. 2006 polygons overlying aerial imagery. Left image shows raw data 

after initial processing. Depressions are manually assessed for false sinkholes 

such as culverts, ponds, collapsed field tile, ditches, and other urban 

developments. Right image shows the same area after manual assessment. 

Remaining depressions are likely sinkholes. 

Delaware 

The Delaware region was originally mapped in 

2011 using a combination of in-office data 

processing and field assessment. For this project 

the LiDAR data was reprocessed in a way that 

incorporated depressions at least 1 ft deep. This 

method identified more depressions located in 

additional grid tiles (Figure 4). 

Identifying karst features using the contour tree 

method and subsequent complexity ranking was 

introduced by Qiusheng Wu in 2015. This method 

allowed for faster, more reliable sinkhole 

identification using high-resolution LiDAR data. 

Sinkhole complexity is based on the shared spilling 

elevation of nested depressions. By assigning a 

rank to depressions in the region any changes in 

rank can be analyzed changes in sinkhole activity. 

FIGURE 2A. A simple, or first rank, depression.           
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Running Wu depression hierarchy model: 

 1. Convert polygons to raster 

 2. Dissolve 

 3. Buffer 

 4. Clip to DEM 

 5. Run Identify Depression Hierarchy 

Manually assessing the polygons allows for 

greater discretion when identifying sinkholes 

based on a combination of the bedrock geology, 

drift thickness, aerial imagery, and field 

experience. This also bypasses the first step 

Extract Sink in the model and cuts down on 

processing difficulties. 

An increase in resolution in the 2012 LiDAR data 

presented a new challenge. The steps to create 

polygons from the raster data generated a 

dataset too large (approximately 30 million 

polygons) to manually process. With resolution 

likely increasing for future LiDAR acquisition, a 

new method for faster processing was developed 

to better coordinate with complex geoprocessing 

models. 

FIGURE 2B. A complex depression. The shared 

spill elevation of ab, cd, and finally e, classify this 

as a 3rd rank depression. 

FIGURE 4. Regional map showing grid tiles 

containing depressions from original processing 

(orange) and the additional grid tiles from new 

processing (green). 

PART 1 PART 2 

FIGURE 5. Top picture shows cleaned 2006 polygons in a sinkhole dense area; 

right picture shows the same area with complexity rankings assigned. 
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To filter the 2012 LiDAR data into a more 

manageable dataset, the 2006 processed 

polygons were rasterized, dissolved, and buffered 

120.98m—the average nearest neighbor for 

Delaware (Aden, 2018). This was chosen as the 

most likely method to minimize polygon creation 

in areas with no previous sinkhole development 

while maximizing potential new sinkhole 

identification. The resulting raster was clipped to 

the 2012 DEM and processed the same as 2006 

data. 

FIGURE  6. Top image shows raw polygon data generated from a nearest neighbor zone; left image shows complexity 

rankings for the same area after running Identify Depression Hierarchy only. 
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FIGURE  7. Example area map showing the nearest 

neighbor buffer. Grid tiles are 2 km2. 

After multiple rounds of parameter adjustments in 

the Identify Depression Hierarchy step, it was 

realized that the rankings generated between 

adjustments did not change, thus rendering the 

data unreliable. 

 

To address this, it was determined that running 

both steps of Wu’s model on a clip extent small 

enough to process would maintain data integrity 

moving forward. The nearest neighbor buffer was 

tested on both years and successfully produced 

results. 

Delaware 

Final Processing Method: 

 1. Clip 2006 and 2012 DEM to  

  nearest neighbor buffer 

 2. Run Extract Sink 

 3. Run Identify Depression Hierarchy 
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2006 2012 

FIGURE 9. A third rank complex sinkhole. FIGURE 10. A fourth rank complex sinkhole. Complexity increased from 

2006 due to the blue depression (first rank, Figure 8) eroding into the 

larger orange (fourth rank) depression. 

FIGURE 8. The first rank  depression 

eroded to create the fourth rank 

depression in 2012 (Figure 10). 
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