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ABSTRACT 

IDENTIFYING CLOSED DEPRESSIONS IN THE HUMMOCKY TOPOGRAPHY OF THE 
WATERLOO AND PARIS-GALT-GUELPH MORAINES OF SOUTHWESTERN ONTARIO 

 

Beau Ahrens                                 Advisor: 

University of Guelph, 2012              Dr. John Lindsay 

           Co-Advisor: 

  Dr. Hazen Russell  

 

Closed depressions, low elevation features in a landscape with no outlet point, play an important 

role in both surface and subsurface hydrology. These depressions, which are common in hummocky 

morainal landscapes, pool incoming surface flow, promoting infiltration and facilitating leaching of 

surface pollutants into vital groundwater resources. Due to the cost of ground based identification in large 

areas and difficulties with the identification of irregular depressions, remote identification using digital 

elevation models (DEMs) stands as a practical and effective tool for the mapping of these closed 

depressions. A modified stochastic depression identification algorithm was used in this study to 

characterize depressions in the Waterloo and Paris-Galt-Guelph moraines of Southwestern Ontario. The 

simulation output was a map of depressions in the study area. Depressions were corroborated using 

GRCA Wetlands data, Google Street View imagery, SWOOP 2006 orthophotos and field validation. 

Depression corroboration showed that the algorithm was able to accurately identify the location of closed 

depressions containing wetlands and closed depressions that are dry (largely due to wetland draining) in 

the hummocky topography of the study site. This research has implications for depression mapping in the 

field of digital terrain analysis as it enables the identification of real depressions in large study areas with 

a moderate resolution DEM.  Providing a means of efficiently mapping closed depressions is important 

because of the role closed depressions play in the recharge of important groundwater stores.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background  

 

 Closed depressions, bowl-like landforms with no outlet point, play an important role in 

both surface and subsurface hydrological processes where they are found (Hayashi et al, 2003). 

These features pool incoming surface flow where, depending on the composition of the substrate, 

it is able to either remain on the surface as open water features such as wetlands, or infiltrate into 

the ground, potentially recharging aquifers (Hayashi et al, 2003; Bertold et al, 2004).  Closed 

depressions are common in hummocky rolling landscapes due to the undulating nature of the 

terrain and its often complex surface topography.  Hummocky terrain can be described as a 

complex landscape characterized by intermixed ridge, mound, and depression topography 

(Boone and Eyles, 2001).  These hummocky landscapes and their associated depressions are 

common in glacially originating moraine features. The term moraine is a broad term used to refer 

to ridges and mounds of glacial sediment or till, where the material has been deposited by glacial 

ice (Trenhaile, 2007). The glacial processes that lead to the formation of moraines are complex 

and variable; however their formation can be described as generally being a result of the 

deposition of material carried on, within, or below the glacial ice, near the ice margins (Straw, 

1968; Shaw, 1994; Glasser and Bennett, 2004).  The hummocky topography that can characterize 

moraines is generally formed as a result of both the movement and deposition of glacial tills, and 

the carving and shaping of the Earth’s surface during multiple glacial advancements and 

recessions (Straw, 1968).  
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Moraines are important to local environmental processes because they are able to 

partially control the redistribution of local surface flow, depending on their topographic 

characteristics, geological properties, and the organization of overriding drainage systems 

(Sharpe et al., 2003). When these moraines form hummocky surface topology, they can promote 

surface runoff and subsequent pooling in closed depressions throughout the landscape (Bertold et 

al, 2004). Importantly, moraines are often characterized as having complex sediment properties, 

with different types of intermixed tills, each with varying levels of permeability and sediment 

distribution characteristics. Accordingly, in depressions where the underlying sediment has low 

permeability, often a result of having a high percentage composition of fine textured sediments 

(Bedard-Haughn and Pennock, 2002), pooled water may persist, forming various types of 

wetlands (Temme et al, 2006).  These depressional wetlands stand as critical habitat for many 

aquatic species, and may play an important role in terrestrial ecosystem dynamics as well as 

provide important feeding and watering grounds for migratory animals (Hayashi and van der 

Kamp, 2000; Hubbard and Linder, 1986). Furthermore, these wetlands often play important roles 

in local hydrological processes (Hayashi and van der Kamp, 2000) and may serve as a major 

recharge source for shallow groundwater (Berthold et al, 2004; Van der Kamp and Hayashi, 

2009).  

In depressions where underlying sediments are more permeable, often a result of being 

comprised of large till units, or having large till windows of more permeable till (Martin and 

Frind, 1998; Stotler et al., 2011), pooled water may infiltrate into the substrate, where it is able to 

move as base or groundwater flow replenishing soil water and serving as a main source of 

recharge for groundwater aquifers (Martin and Frind, 1998; Kerr-Upal et al., 1999; Hayashi et al, 

2003; Bertold et al, 2004). Importantly, this infiltrating water may carry harmful 



3 
 

anthropogenically sourced solutes, such as Sodium and Chloride (Kerr-Upal, et al., 1999; Stotler 

et al 2011) from the surface into the ground, where they can contaminate groundwater stores 

(Sanderson et al 1995; Kerr-Upal, et al., 1999; Stotler et al 2011). Consequently, in regions 

where groundwater is a main source of potable drinking water, the hydrological processes 

regulated by the characteristics of these closed depressions may therefore have important 

implications for potable water quality and community safety.  

Despite the importance of closed depressions to both surface and subsurface hydrology, 

the mapping of such features has proven problematic. In large areas of hummocky topography, 

this has been particularly problematic because traditional ground surveying is expensive and may 

be restricted by issues such as poor accessibility and visibility of depressions (Lindsay and 

Creed, 2006). Digital terrain analysis, or geomorphometry, presents a potential solution for the 

mapping these depressions over such large areas. Geomorphometry is a field of research that 

seeks to apply advanced computer algorithms on digital representations of the Earth, to analyze 

surface characteristics and environmental processes (Burrough and McDonnell, 1998).  

Geomorphometric techniques can be particularly effective when used to map surface 

characteristics because they allow for the remote analysis of large areas (Burrough and 

McDonnell, 1998; Lindsay and Creed, 2006).  

  The main data source used in the field of digital terrain analysis is the digital elevation 

model (DEM), which is a digital representation the Earth’s surface topology over an area 

(Wechsler and Kroll, 2006). Grid based DEMs represent the Earth’s surface elevations over an 

area as the elevation value of a grid cell (Wechsler and Kroll, 2006).  The size of DEMs grid 

cells, and thus the area in which each cell is depicting the ground elevation varies depending on 

the resolution of the DEM. Despite their usefulness for mapping surface topology and 
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environmental processes, widely available DEMs are often ill-suited to the identification of 

closed depressions, as these depressions are often removed from DEMs prior to their use in 

hydrological modelling (Burrough and McDonnell, 1998; Wilson and Gallant, 2000; Lindsay 

and Creed, 2006). Depression removal to eliminate barriers to hydrological connectedness is 

justified largely based on the assumption that the depressions are artifacts, i.e. a source of error 

in the DEM (Mark, 1988; Martz and Garbrecht, 1999; Tribe, 1992). The removal of these artifact 

depressions is of importance to hydrological modelling that utilize flow direction and magnitude 

because any grid cell which does not have a lower neighbour as an outlet point, represents a 

barrier to the algorithm’s flow route (Wilson and Gallant, 2000).  Consequently, many 

algorithms are designed to eliminate the impact that closed depressions have on these 

hydrological applications, by either removing the depression altogether (Jenson and Domingue, 

1988; Lindsay and Creed, 2005a), or by breaching the lowest possible outlet cell (Martz and 

Garbrecht, 1999). While these algorithms are effective at removing the effect depressions have 

on flow routing algorithms, they are incapable of distinguishing between real and artifact 

depressions (Lindsay and Creed, 2006). This is largely the case because the main goal of these 

algorithms is to ensure a hydrologically connected surface, important for surface drainage 

pathway mapping (Li et al., 2011).  

 Importantly, the practice of removing all closed depressions from a DEM is largely 

inappropriate because in reality, DEM surfaces represent a combination of both artifact and 

actual depressions (Lindsay and Creed, 2005a; Lindsay and Creed, 2005b; Lindsay and Creed, 

2006; Arnold, 2010; Li et al, 2011).  Furthermore, real closed depressions affect many important 

environmental processes, and therefore should not be disregarded. Recognizing a need for a 

method to identify real closed depressions in a DEM, Lindsay (2004) developed a novel 
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approach which enables the identification of these closed depressions, through the use of a 

stochastic or Monte Carlo based simulation. This method estimates the likelihood of a digital 

depression occurring as a real feature in the landscape given the assumed degree of uncertainty 

(error) in topography.  This type of simulation is based on the knowledge that error in a DEM is 

normally distributed and spatially autocorrelated (Burrough and McDonnell, 1998; Longley et 

al., 2005; Lindsay and Creed, 2006). Lindsay (2004) was able to run multiple simulations where 

this type of error was randomly added to the DEM before filling depressions, enabling the 

likelihood that a depression is a real feature to be determined through many iterations of the 

algorithm. This method produces a map which shows the probability of a depression (pdep) 

existing at any given location, where a high pdep value represents a high likelihood that a 

depression exists in the real landscape.  This stochastic simulation based approach to depression 

identification is particularly useful as it requires little additional data and information, is 

applicable to all landscapes, accounts for uncertainty in the DEM data, and is able to identify 

depressions whether they contain water or do not (Lindsay and Creed, 2006). 

The approach developed by Lindsay and Creed (2006) was found to be accurate at 

identifying real depressions, especially when paired with ground truthing; unfortunately the 

approach is also highly computationally intensive (Li et al., 2011). Due to the nature of the 

method, requiring multiple grouped processes to be applied to a DEM hundreds or thousands of 

times, the process can be computationally prohibitive when applied to large study areas (Li et al., 

2011). As a result, there is a need to develop a more efficient method of characterizing closed 

depressions, while still maintaining the accuracy of the stochastic simulation based approach.  
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1.2 Research Objectives 

The aim of this research is to identify closed depressions in the hummocky landscapes of 

the Waterloo Moraine and Paris-Galt-Guelph moraines in Southwestern Ontario, Canada by 

applying a fast and effective algorithm based on stochastic analysis of DEM data. To achieve this 

goal, the following four specific objectives have been established: 

1. To obtain raw elevation data of the Waterloo and or Paris-Galt-Guelph Moraines and 

create a DEM from this data. 

2. To characterize the uncertainty (error) in this DEM, for use in the stochastic simulation. 

3. To employ a stochastic depression analysis algorithm to identify closed depressions 

within the study region. 

4. To assess the predsoutictive accuracy of the simulation under different land cover and 

landscape scenarios.  

 

1.3 Research Contributions 

This research seeks to map closed depressions in the hummocky, morainal landscape of 

Southern Ontario. To map closed depressions this research applies and then measures the 

accuracy of a modified version of the stochastic-based depression mapping approach first 

proposed by Lindsay (2004), and used in further studies (i.e. Lindsay and Creed, 2006). The 

accuracy assessment performed in this current study utilized four different depression 

corroboration techniques to assess the ability of the algorithm to accurately predict the location 

of closed depressions in the hummocky topography of the Waterloo and Paris-Galt-Guelph 
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moraines, using a large moderate resolution DEM. By providing a means of mapping closed 

depressions in large areas, the techniques used in this research allow for the identification of 

closed depressions that play an important role in local hydrological processes such as 

groundwater recharge.  

 

1.4 Thesis Outline 

Chapter 2 will look at the literature associated with both the importance of closed depressions 

to local hydrology, and DEM based analysis of digital depressions.  Chapter 3 describes an 

efficient method for identifying depressions in hummocky landscapes. This chapter includes a 

description of the procedure employed in the creation of a fine resolution DEM from masspoint 

elevation data, the subsequent determination of elevation error in the DEM, and the techniques 

employed to quantify the accuracy of the algorithm under different landcover through depression 

corroboration.  The data produced in Chapter 3 is subsequently analyzed in Chapter 4. Chapter 4 

describes the algorithm accuracy under different landcovers.  Finally, Chapter 5 explores the 

implications of this research for digital terrain analysis, DEM based hydrological modelling, and 

groundwater security.  
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CHAPTER 2 

LITERATURE REVIEW 

 

2.1 Depressions in Post-Glacial Hummocky Landscapes 

2.1.1 Formation of Hummocky Topography 

The hummocky topography of Southwestern Ontario, Canada, has been shaped by the 

processes of past glaciations. The most recent large-scale glacial event in this region of North 

America, the Wisconsin glaciation, was at its glacial maximum approximately 20 000 years ago 

(Eyles et al., 2010). During this time the Great Lakes Basin of Southern Ontario was covered in 

the glacial ice of the Laurentide Ice Sheet, which reached as far south as the northern United 

States (Sadura et al. 2006; Eyles et al., 2010).  The multiple expansions and retreats of the sheet 

from this region are responsible for the surface topography and glacial landforms present today 

(Chapman and Putnam, 1984; Sanderson et al., 1995; Martin and Frind, 1998; Sadura et al., 

2006). 

The landscape present after a glacial event reflects the erosional and depositional 

processes carried out by glacial ice and meltwater on the surface throughout the event (Straw, 

1968; Shaw, 1994; Glasser and Bennett, 2004). The carving of the land surface through these 

erosional processes can lead to an accumulation of glacial sediments on, within, or below glacial 

ice sheets (Shaw, 1994). As the ice melts, sublimating ice at the ice sheet margins deposits 

sediments directly on the Earth’s surface (Shaw, 1994; Boone and Eyles, 2001). The sediments 

entrained by glacial ice can also be deposited via meltwater channels or by water bodies trapped 
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between or in front of ice lobes (Shaw, 1994; Krzyszkowski and Karrow, 2001; Eyles et al., 

2010). Southwestern Ontario has an abundance of different glacial landforms formed through the 

processes of this glacial ice (Chapman and Putnam, 1984).  

Because of topographic controls of the region on ice movement, the glacial ice was 

forced to move from the numerous basins of the region (Chapman and Putnam, 1984), causing 

the margins of the Laurentide Ice Sheet to be highly interlobate in Southwestern Ontario 

(Karrow, 1974). Glacial features such as moraines were created by the glacial processes in these 

interlobate regions, as lobes advanced and receded from the North and from Lake Ontario, Lake 

Erie, and Lake Huron (Chapman and Putnam, 1984). These moraines can be described as large 

mounds of glacial sediments containing an assortment of till units, a result of multiple ice 

advances depositing different sediments onto prior depositional mounds (Sanderson et al., 1995; 

Weaver and Arnaud, 2011). Because of these actions, many of the moraine landforms exhibit 

pronounced hummocky topography (Straw, 1988; Martin and Frind, 1998; Sadura et al., 2006; 

Weaver et al., 2011).   

Hummocky topography is described as intermixed ridge and depression terrain of 

variable size and shape (Munro and Shaw, 1997). Formation of the topography of a hummocky 

moraine may be the result of subglacial erosion and melt-out of either partially or completely 

buried ice blocks (Straw, 1968; Munro and Shaw, 1997). The relief of hummocky terrain is 

highly variable from one moraine to another, where topography can be characterized from gently 

rolling terrain to hummocks of up to 30 m in height (Eyles et al. 1999) with intermixed 

depressions of similar variability (Boone and Eyles, 2001). 
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Two types of hummocky moraine are common in Southwestern Ontario, end moraines 

and kame moraines (Chapman and Putnam, 1984). The topography of hummocky end moraines, 

such as the Paris, Guelph, and Galt moraines of Southwestern Ontario, are formed by the melt-

out and deposition of accumulated sediment, both from within and from the surface of down-

wasting ice lobes (Eyles et al. 1999, Boone and Eyles, 2001). These moraines occur as broad 

belts of till, occurring parallel to the former ice lobe margins (Boone and Eyles, 2001) and are 

often underlain by highly complex, poorly sorted sediments (Eyles et al. 1999, Eyles et al., 

2010). Thus end moraines differ greatly from one another and are relatively heterogeneous in 

terms of morphology, component materials and internal structures (Sadura et al., 2006). Kame 

moraines such as the Waterloo Moraine of Southwestern Ontario are another  type of hummocky 

moraine. The Waterloo Moraine was formed via the deposition of sediment from glacial 

meltwater streams and water bodies, trapped between or in front of ice lobes (Eyles et al., 2010, 

Weaver et al., 2011). The Waterloo Kame Moraine sediments are stratified and well sorted, 

unlike end moraines in this region (Weaver et al., 2011). 

 

2.1.2 Depressions in Hummocky Moraines 

Of particular importance to local hydrological processes within hummocky morainal 

topography are depressions in the landscape (Li et al., 2011). The composition and structure of 

the substrates of these depressions can be highly complex and varied (Hayashi et al., 2003). 

Furthermore, these depressions can be characterized as either open or closed. When an open 

depression receives inflowing water it is able to move out of the depression through surface 

flow; conversely, closed depressions receive inflowing water that is pooled within the depression 
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before it is able to exit from an outlet point (Hayashi et al., 2003). The permeability of the 

sediments underlying the depression bottom then determines whether this pooled water is able to 

infiltrate into the surface or persists upon the surface (Temme et al., 2006; Kiesel et al., 2010). 

In a closed depression in which underlying sediments have low permeability, usually 

because of a high percentage composition of fine-textured sediments (Bedard-Haughn and 

Pennock, 2002), pooled water will either evaporate from the surface or it may persist within the 

depression to form wetlands (Temme et al, 2006). Depressional wetlands are important to natural 

environmental systems because they serve as important habitat for many aquatic species, provide 

watering and feeding grounds to terrestrial species, and exist as important nesting grounds for 

migratory animals (Hayashi and van der Kamp, 2000; Hayashi et al., 2003; Lindsay and Creed, 

2006).  These wetlands are also important to local hydrological processes, and may also be a 

main source of recharge for shallow aquifers (Hayashi and van der Kamp, 2000; Berthold et al., 

2004; Van der Kamp and Hayashi, 2009). 

When the underlying sediments of a depression are more permeable, due to being entirely 

comprised of coarse-textured (sand and gravel) sediment or having permeability windows of this 

coarse-textured sediment (Martin and Frind, 1998; Stotler et al., 2011), the depression may 

appear dry through much of the year due to increased surface infiltration (Kiesel et al., 2010). 

These depressions impact local hydrology because this infiltrating water is able replenish soil 

moisture, percolate to the water table, and  to move as groundwater flow source of recharge for 

regional groundwater aquifers (Martin and Frind, 1998; Kerr-Upal et al., 1999; Hayashi et al., 

2003; Bertold et al., 2004).  
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Whether the substrate of the depression is permeable or impermeable, by trapping 

overland flow, closed depressions directly affect regional hydrology because they are able to 

slow down surface flow, enabling sediments and solutes either to be left on the surface after 

evaporation or to be filtered within the substrate when infiltration is favourable (Kerr-Upal et al., 

1999; Kiesel et al., 2010). Local sedimentary processes are thereby regulated by these 

depressions because they affect erosion and increase sedimentation within the depression (Li et 

al., 2011; Arnold, 2010). Whether the pooled water in a depression persists on the surface or 

infiltrates into the surface, closed depressions affect biological dynamics by creating 

environmental conditions that are favourable to certain species that may be able to exploit the 

wet and nutrient rich conditions of the depression bottom better than other species. (Antionie et 

al.,2001).  

 

2.1.3 Depression Focused Groundwater Recharge 

In hummocky moraine landscapes, closed depressions have recently received attention 

because they play a role in groundwater aquifer recharge, and therefore the safety of local 

drinking water (Hayashi and van der Kamp, 2000; Berthold et al., 2004; Van der Kamp and 

Hayashi, 2009). Because these depressions trap surface flow and increase surface infiltration, 

they can act as important pathways for harmful anthropogenic solutes that can migrate from the 

surface into the ground, where they may be able to contaminate groundwater aquifers (Sanderson 

et al. 1995; Kerr-Upal, et al., 1999; Stotler et al., 2011). The role that closed depressions have in 

local hydrology and aquifer recharge is important to human populations utilizing groundwater 
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resources; consequently, mapping these closed depressions in hummocky glacial landscapes is 

essential. 

 

2.2 Mapping Closed Depressions 

2.2.1 Remote Mapping of Closed Depressions 

  The identification and mapping of closed depressions in hummocky landscapes is 

important because of their influence on local hydrology and groundwater resource security. 

Where possible, ground based mapping stands as the most reliable method of identifying closed 

depressions (Lindsay and Creed, 2006). Unfortunately ground inspection may be limited by (1) 

inaccessibility of landscapes; (2) an unmanageable number of depressions in the landscape; (3) 

improper selection of a critical threshold in area for defining a depression; (4) inability to locate 

a depression under restrictive land cover; (5) difficulties in quantifying the size and shape of a 

depression, particularly in both large complex depressions and shallow depressions mistaken for 

flat; and (6) the significant demand of resources required (Lindsay and Creed, 2006).  Because of 

these limitations remote based mapping may provide a suitable alternative for the mapping of 

closed depressions in hummocky glaciated landscapes.  

Digital terrain analysis, or geomorphometry, is ideal for the remote mapping of the closed 

depressions in hummocky landscapes. Digital terrain analysis is a field of research that seeks to 

apply advanced computer algorithms to digital representations of the Earth’s surface to measure 

surface characteristics and model environmental processes (Burrough and McDonnell, 1998; 

Oksanen, 2006). Digital terrain analysis techniques can be particularly useful in depression 
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mapping over large areas when applied to digital elevation models (DEMs), because together 

they allow for the remote analysis of large areas with high levels of accuracy (Burrough and 

McDonnell, 1998; Oksanen, 2006).  

 

2.2.2 Mapping Depressions Using DEMs 

Regularly spaced grid DEMs have become the preferred form of topographic data used in 

digital terrain analysis applications (Wilson and Gallant, 2000). Because they can accurately 

represent surface topography (Burrough and McDonnell, 1998), DEMs are a useful dataset for 

the mapping of closed depressions. This grid based representation of the Earth’s surface 

represents an elevation over the area of a grid cell by assigning an elevation value to each grid 

cell (Wechsler and Kroll, 2006). The size of each grid cell, and therefore the area represented by 

the grid cell, varies according to the resolution of the DEM. 

DEMs can be used to effectively classify landforms with complex shapes and sizes and a 

diversity of morphological features, such as those found in hummocky glacial landscapes 

(Bedard-Haughn et al., 2006; Li et al., 2011). Modern high-resolution DEMs are particularly 

useful for the mapping of digital depressions because their high resolution and accuracy enables 

them to capture small-scale features in the landscape (Li et al. 2011). The remote mapping of 

depressions using DEMs is promising because offers a number of advantages over field based 

mapping approaches that can be constrained by 1) poor sight lines; 2) inaccessible areas; 3) 

problems of study area size and high cost of surveying (Smith and Clark, 2005; Schneider and 

Otto, 2007; Stepinski and Bagaria, 2009). Although mapping depressions using DEMs may 

overcome issues face by ground inspection, the use of DEMs has its own issues such as the 
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introduction of DEM error. Depressions found within DEMs exist as both real depressions and 

artifact false depressions, a result of DEM error.  

 

2.2.3 Depressions Appearing as Errors  

Artifact depressions in DEMs are the result of error in elevation values (Lindsay and 

Creed, 2006; Wechsler, 2007). These artifact depressions are a local minimum that do not have a 

proper downslope flow path to any adjacent cells in a DEM, and may consist of either one low 

cell or a group of cells surrounded by cells of a higher elevation (Wang and Liu, 2006). These 

depressions can appear as simple features or irregular and highly complex features. Errors in 

elevation that result in these depressions within DEMs may be caused by: (1) limited horizontal 

and vertical resolution of elevation data; (2) operator error in the collection or entry of elevation 

data; or (3) error resulting from the interpolation of elevation data to generate a DEM (Lindsay 

and Creed, 2006). Furthermore, the errors that result in these artifact depressions can be a result 

of either underestimation or overestimation of elevation (Martz and Garbrecht 1992; 1998; 

1999). Figure 2.1 shows that with errors of underestimation, where a single cell is lower than the 

real elevation, a depression can be created directly within the lowered cells. Figure 2.1 also 

shows that even a single cell with an overestimated value can result in artificial damming that 

may lead to the creation of large artifact depressions behind the dammed cell.  
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Figure 2.1 – Sources of artifact depressions in a DEM caused by either elevation underestimation 

and elevation overestimation. Adapted from Martz and Garbrecht (1999) 

 

In coarse-resolution DEMs, particularly where they represent relatively flat terrain, 

closed depressions are often spurious artifacts (Wang and Liu, 2006). In modern higher 

resolution DEMs, however, closed depressions exist as both real features and artifact features, 

especially in complex landscapes (Wechsler, 2007; Hancock, 2008; Temme et al., 2006). 

Furthermore, in some landscapes such as karst landscapes and glaciated landscapes, real closed 

depressions are a common landscape feature (Wechsler, 2007). 

 Despite the reality that topographic depressions are abundant in many different complex 

landscapes, the widespread filling of depressions in DEMs has persisted (Li et al., 2011). 

Depression filling is a common practice because artifact closed depressions impact the accuracy 

of hydrological models run on DEMs by altering flow routing and accumulation and by 

modifying sediment transport measurements (Hutchinson and Gallant, 2000; Wechsler, 2007; Li 

et al., 2011).  Although leaving depressions in a DEM is problematic for model accuracy, the 
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removal of all depressions from a DEM is likewise problematic as it decreases the ability of 

DEM based models to accurately represent real environmental processes (Li et al., 2011). The 

indiscriminate removal of depressions from a DEM largely neglects the important role they have 

in processes such as water, nutrient, and sediment storage, as well as groundwater recharge 

(Arnold, 2010). Consequently, there is a need for a technique that is able to effectively map real 

depressions in DEMs to ensure that real depressions are properly preserved in the DEM.  

 

2.3 Depression Filling for Depression Mapping 

Depression filling algorithms designed to remove the impact of closed depressions are 

also able to effectively identify depressions prior to their filling (Arnold, 2010), making them 

useful for depression mapping. Many depression algorithms exist that first identify depressions 

prior to their removal through filling (Kiesel et al., 2010). The main goal of these algorithms is to 

ensure hydrological connectivity in the DEM, a vital condition for surface drainage pathway 

mapping (Li et al., 2011). Figure 2.2 shows the process by which these filling algorithms work, 

where the depression cells are identified (A), and the cells are then raised to the height of the 

lowest possible outlet cell (B) to ensure proper drainage.  
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Figure 2.2 - The removal of closed depression from a DEM through depression filling. Modified 
from: Martz and Garbrecht, 1999 

 

The impact that closed depressions have on hydrological model accuracy and a general 

inability to identify real depressions, has led to the widespread removal of digital depressions in 

DEMs by using a depression filling algorithm (Burrough and McDonnell, 1998; Lindsay and 

Creed, 2006; Kiesel et al., 2010). Although depression filling algorithms are designed to remove 

digital depressions, the ability of these algorithms to first identify depressions in a DEM is 

invaluable for depression mapping (Lindsay and Creed, 2006).  

 

2.3.1 Depression Filling Algorithms 

Due to the impacts that artifact closed depressions have on hydrological flow routing 

algorithms, numerous algorithms have been developed that ensure hydrological connectivity 

throughout a DEM by identifying and then filling closed depressions (Wechsler, 2007). An early 

depression filling method, developed by O’Callaghan and Mark (1984), aims to remove single 
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cell depressions, often termed ‘pits’.  This technique first identifies all of the outlet pour points 

along the edge of the DEM for all depressions in the DEM. Secondly the flow direction is 

established from each of these points into their adjacent basin, from where filling can commence. 

The main limitations of this algorithm are that it is unable to handle the complexity of irregular 

depressions and that it is computationally intensive to execute (Wang and Liu, 2006). 

Another early and yet contemporarily popular method was developed by Jenson and 

Domingue (1988). This technique identifies one or more cells that have the lowest elevations in 

relation to their surrounding cells. These identified cells are then all raised to the same elevation 

values as the depression’s lowest outflowing cell. This technique is popular because it is 

relatively simple and is capable of dealing with complex, irregular depressions. Although widely 

used in software packages such as ESRI’s ArcGIS, this technique is problematic because it 

introduces systematic error by assuming that all pits are underestimation errors, which ignores 

the reality that artifact depressions can be created by artificial damming by overestimated cells 

(Wang and Liu, 2006). The algorithm is also computationally intensive as it requires many 

processing steps (Wang and Liu, 2006). 

Planchon and Darboux (2001) developed a method for filling depressions based on 

storage capacity. This algorithm first covers the DEM entirely in water, from where it 

systematically drains the excess water from each cell. A scanning algorithm then moves through 

the DEM and searches the cells from eight alternating directions to determine the downslope 

path. The algorithm then searches for an upstream tree by following dependence links, from 

where the excess water is removed from this network. Finally, the value of the highest pour point 

on the flow path to an outlet is assigned to depressions, allowing for the water to be drained from 

these artifact depressions. Although this method is an improvement in terms of computational 
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time from previous methods, the requirement for iterative scanning of the DEM with eight 

alternating directions is can require more time than other methods (see Table 2.1) (Wang and 

Liu, 2006).  

An alternative and more computationally efficient algorithm has been developed by 

Wang and Liu (2006) that can identify and fill depressions. This method is highly 

computationally efficient because it can identify depressions with a single pass. This method 

uses optimal spill paths, where each cell is visited in the order of priority. The spill elevation is 

defined as the minimum elevation value that the cell needs to be raised by, to make water spill 

out and reach an outlet on the border of the DEM.  If the elevation of a cell is high enough to 

establish a downslope flow path to an outlet at the edge of the DEM, the cell is unmodified and 

its spill elevation is that same as its original value. If a cell is not high enough to ensure an 

outflow path, the cell is raised to the spill elevation. By progressively determining a spill paths 

based on a priority queue for each grid cell, this method is able to identify surface depressions, 

assign flow directions for interior cells in the depressions, and delineate watershed boundaries 

with one pass of processing. This method is effective and was found to be significantly faster 

than other popular methods, largely because by scanning from the DEM border upstream, it is 

able to identify and fill depressions in a single iteration (Wang and Liu, 2006).  Wang and Liu 

(2006) determined the difference in processing times of two of these popular depression methods 

versus their own method, using a relatively low-end machine by current standards, with a 

processor speed of 900MHz and only 1 GB of RAM. The results of this comparison between the 

algorithms of Jenson and Domingue (1988), Planchon  and Darboux (2001), and Wang and Liu 

(2006) are shown in Table 2.1. 
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Table 2.1 - Processing time requirements for thee depressions filling algorithms using different 
sized DEMs. Modified from Wang and Liu, 2006 

 

Table 2.1 shows, the Wang and Liu algorithm preforms significantly faster than the 

Jenson and Domingue method, which is especially important when used on DEMs larger than 

4000 by 4000 cells. Although the Planchon and Darboux method is significantly faster than 

Jenson and Domingue’s method, the Wang and Liu method is faster still. The table shows that as 

the DEM size increases, the Wang and Liu method becomes increasingly more efficient than the 

Planchon and Darboux method. Due to the increased efficiency of the Wang and Liu algorithm, 

the algorithm is considerd the prefered method for the filling of depressions in a DEM. 

 

2.4 Digital Elevation Model Suitability 

2.4.1 DEM Source Suitability  

DEM resolution and accuracy are important factors for mapping depressions as different 

DEM products may be better able to represent depressions than other methods (Wechsler, 2007). 

The ability of a DEM to properly represent a depression is related to the accuracy and resolution 
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of the DEM (Martz and Garbrecht, 1998). Source data resolution and accuracy control the 

resolution and accuracy of derived products such as DEMs, consequently, the ability of a DEM 

to be used in modelling depressions is dependent upon the source data (Martz and Garbrecht, 

1998; Smith et al., 2006).   

DEMs can be interpolated from elevation point data extracted from a variety of sources 

such as topographic maps, stereo aerial photographs, terrestrial surveying data and both aerial 

and satellite imagery (Clark, 1997; Burrough and McDonnell, 1998; Priestnall et al., 2000; 

Napieralski et al., 2007). DEM quality is variable because they can be created from different 

source data and therefore exhibit different spatial resolutions and different levels of accuracy 

(Stokes and Clarke, 2003; Schumann et al., 2008).   

Modern innovation in the field of remote sensing and GIS has made it both possible and 

common to derive elevation data for DEM interpolation directly from remotely sensed data sets 

with high levels of detail and accuracy (Burrough and McDonnell, 1998; Schneider and Otto, 

2007). A wide variety of aerial and satellite-based imagery are currently available, each 

producing imagery with different characteristics and varying resolutions from one another 

(Mather, 2004; Smith et al., 2006; Wu et al., 2007). There are many factors that control the 

possible resolution output from remote sensing platforms, such as the distance from the surface, 

the area covered by the sensor, the type of radiation the sensor picks up,  and the power of the 

sensor itself (Chaplot et al., 2006; Smith et al., 2006). Satellite mounted sensors often produce 

coarser resolution imagery than aircraft mounted sensors due to the great distance and large 

surface area coverage of the satellite sensors, although this is rapidly changing as more powerful 

satellite-born sensors are being commissioned (Chaplot et al., 2006). Because source data 
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determines the accuracy and resolution of the derived DEM, the suitability of source data should 

be considered. 

 

 2.4.2 DEM Resolution Suitability   

The ability of a DEM to accurately represent topographical features such as closed 

depressions is largely dependent on the resolution of the DEM (Wechsler, 2007; Wu et al., 2007; 

Hopkinson et al., 2010). This is because DEM accuracy, and thus the ability of the data to 

properly represent a landscape feature, is directly related to the resolution of the data (Wechsler, 

2007). DEM resolution suitability is therefore important in complex landscapes where smaller 

grid cells are often better able to represent complex topography (Wechsler, 2007). Resolution is 

important to consider when choosing a DEM because a coarser resolution means significant 

generalization of the landscape, resulting in a loss of many landscape features (Klingseisen et al. 

2008). Consequently, a 50 m resolution DEM is unsuitable for mapping a 10 m wide feature as it 

is unlikely that the feature will show up in the image, because the DEM will be unable to 

represent the feature separate from surrounding landforms within a single pixel (Tribe 1992). 

Large features may also be improperly identified or represented by coarse resolutions, where 

large portions of the feature may not appear in the DEM (Smith et al., 2006). Figure 2.3 

demonstrates how a coarse-resolution DEM (A) and a fine resolution DEM (B) differ in their 

ability to represent landforms of various sizes and shapes. The top images show the actual 

location and extent of a landform (in grey), relative to each grid cell. The bottom two images 

represent how each landform (in grey) would appear in the DEM raster.  In DEM (A), coarse-

resolution DEM analysis can lead to the loss of landforms that fall below the ability of the DEM 
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to properly represent them, due to their small size or irregular shape (Smith et al., 2006). As can 

be seen in the raster created from DEM (B), analysis of a finer resolution DEM can lead to more 

accurate representation of small and irregular features, while enabling more accurate 

representation of the details of larger features (Clark, 1997; Lytwyn, 2010). 

 

 

Figure 2.3 - The ability of a fine resolution DEM to better represent the shape of large 
depressions and the occurrence of small depressions than a coarse resolution DEM. 
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Figure 2.3 shows how DEM resolution affects the proper depiction of both the size and 

complexity of the landforms being studied; thus it is important that the resolution of the datasets 

being used  is suitable, to ensure the DEM is appropriate for the research needs (Clark, 1997; 

Bishop et al., 1998; Knight and McCabe, 1997; Smith et al., 2006; Clark et al 2004; Schmidt and 

Andrew, 2005; Lytwyn, 2010; Schneider and Klein, 2010). 

Although it may be assumed that the finest resolution imagery should be acquired for all 

landform mapping projects to ensure maximum accuracy, there are many restrictions and 

limitations that make determining the right resolution and imagery source crucial to any project 

(Wu et al., 2007; Hopkinson et al., 2010). Factors such as data price, data availability, and the 

computational power available for analysis should be taken into account when choosing a DEM 

for any project (Mather and Koch, 2011). Mather and Koch (2011) found that in many cases, 

such as in small landform mapping or urban analysis, fine resolutions such as 1 m to 10 m are 

suitable as they can properly represent fine features, however in areas that are fairly homogenous 

over larger areas, such as in large flat agricultural fields, coarser resolution such as 20-30 m are 

likely suitable.  It is therefore evident that the type of imagery should be specifically chosen fit to 

the specific needs of the research itself (Napieralski et al., 2007; Wechsler, 2007; Schumann et 

al., 2008; Mather and Koch, 2011). 

 

2.5 Identifying Depressions in a DEM 

2.5.1 Stochastic Simulation 

 Despite the importance of mapping real closed depressions in hummocky topography 

using DEMs, little research has been done to develop a method to perform such a function (Li et 
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al., 2011). However, a DEM based closed depression mapping algorithm was developed by 

Lindsay (2004), which was used in subsequent studies (e.g. Lindsay and Creed, 2006). These 

studies employed a stochastic simulation, often termed a Monte Carlo simulation. This 

simulation approach is a method used to take measurements based on the amount of statistical 

error in a dataset through propagation of this error in an iterative model (Burrough and 

McDonnell, 1998). Stochastic simulations can be used to measure various forms of error and can 

be particularly useful in DEM based analysis because of the knowledge that DEMs contain error 

that can be quantified (Burrough and McDonnell, 1998). The use of this simulation can thus be 

used to quantify and reduce the errors that are produced from numerical modelling (Burrough 

and McDonnell, 1998). 

Stochastic simulations are possible for terrain analysis because of the possibility of statistical 

errors in DEMs (Veregin, 1997; Wechsler, 2007), which can be either systematic or random 

(Oksanen, 2006; Wechsler, 2007). The sources of these errors are: (a) data errors, due to the age 

of data, incomplete density of observations, or insufficient spatial sampling; (b) measurement 

errors, such as positional inaccuracy; and (c) processing errors such as numerical errors or 

interpolation errors (Burrough and McDonnell, 1998; Wechsler, 2007). Stochastic simulations 

are possible because the error found in DEMs exhibit similar characteristics (Burrough and 

McDonnell, 1998). For example, because neighbouring points tend to have similar errors that 

will persist over a large areas (Longley et al., 2005), error is said to be spatially autocorrelated in 

DEMs (Burrough and McDonnell, 1998; Longley et al., 2005). Errors in the DEM also tend to 

have a normal distribution (Longley et al.,2005).   

Stochastic simulations used to measure error in a DEM generally follow a similar approach 

to one another. The steps generally taken by these simulations are:  (1) a random field or error 
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field is generated based on the statistical distribution of error in the DEM; (2) the random field is 

added to the original DEM resulting in a single realization of error; (3) steps one and two are 

repeated N times, based on the number of iterations deemed suitable to properly represent the 

distribution of possible events; and (4) the uncertainty in the image is quantified (Wechsler, 

2007).  

Stochastic simulations add the error in a DEM hundreds or thousands of times to itself during 

simulation, creating a large number of DEM surfaces, each of which may represent the surface 

they are depicting (Wechsler, 2007). It is thus assumed that features that are properly represented 

in a DEM will be present in the majority of the simulations, while those that are errors will be 

found fewer times during simulations (Wechsler, 2007). Stochastic simulations can thereby be 

used to quantify and reduce the errors that are produced from numerical modelling (Burrough 

and McDonnell, 1998), and have been applied to DEM error validation in a number of studies 

(Pohjola et al, 2009).  As a result, stochastic simulations can be especially useful when trying to 

map real depression in an effort to separate them from error based artifact depressions (Lindsay 

and Creed, 2006). 

  

2.5.2 Stochastic Simulation for Depression Mapping 

The stochastic depression mapping algorithm used by Lindsay and Creed (2006) can give an 

accurate estimation of the probability that a digital depression is a real feature because real 

depressions would exist more frequently in the numerous DEM realizations created through 

simulation, while artifact depressions would occur less frequently (Arnold, 2010). This 

technique, original developed by Lindsay (2004), employs an algorithm that utilizes a stochastic 
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simulation based on error propagation to accurately calculate the probability of a depression 

(pdep) being a real feature in the DEM. Because the algorithm works on a pixel by pixel basis it is 

able to map irregular depressions, and is able to properly identify their spatial characteristics. 

While possibly less accurate than ground inspection of an entire large study site, stochastic 

simulations may be better suited because they can be run on large areas, overcoming issues with 

data complexity faced by analytical approaches (Lindsay and Creed, 2006), while overcoming 

problems of land access, obstructed lines of sight, and time constraints that have limited ground-

based observation (Jones et al. 2007) 

 The simulation employed by Lindsay and Creed (2006) was based on the knowledge that 

errors in DEMs are spatially autocorrelated and have a normal (Gaussian) distribution (Wechsler, 

2003). The simulation employed by Lindsay and Creed (2006) operates on the following 

assumptions: (1) DEM error exists and constitutes uncertainty that is propagated by the 

manipulation of elevation data; (2) the nature and extent of these errors is unknown; (3) DEM 

error can be represented by a distribution of topographic realizations; and (4) the true surface lies 

somewhere within these many distributions (Lindsay, 2006; Lindsay and Creed, 2006; Wechsler, 

2007).  By adding this type of error during each iteration of the algorithm, and then filling 

depressions during each of these iterations, the pdep value for each cell in the DEM can be 

calculated, where a high pdep corresponds to a high probability that a grid cell belongs to a 

depression.  This method is applicable to identifying closed depressions in DEMs because it is 

accepted that there is a significant possibility of statistical error in DEMs (Lindsay, 2006; 

Pohjola, 2009; Arnold, 2010). 

 



29 
 

2.5.3 Generating Random Error 

Generating and adding the error field to the DEM is vitally important to the stochastic 

simulation model as it enables the extraction of the most probable true surface through multiple 

iterations (Wechsler, 2007).  Although different methods exist to generate a random field for this 

type of simulation, the simplest method of error propagation is to treat the error as having a 

Gaussian probability distribution function (PDF) with a known mean and variance for each cell 

(Burrough and McDonnell, 1998). An error field can be applied to the DEM that has a normal 

distribution, with a mean of 0 and a standard deviation equal to the root-mean-square-error, that 

is characteristic of the error in DEM data (Lindsay and Creed, 2006; Lindsay and Evans, 2008; 

Lees et al., 2008).  

There are four distinct methods that are commonly adopted to generate random fields with 

specified degrees of spatial autocorrelation for use in error modelling: (1) simulated annealing or 

pixel swapping; (2) spatially autoregressive models; (3) spatial moving averages using low-pass 

filters; and (4) sequential Gaussian simulation (Lindsay and Evans, 2008). Lindsay and Creed 

(2006) generated normalized, spatially autocorrelated fields to be used in their stochastic 

simulations by employing the spatial moving averages technique. Truly random fields were 

created that were then made to be spatially autocorrelated by employing a low-pass mean filter to 

the dataset, which created a degree of spatial autocorrelation suitable for use in the simulation. 

To ensure that error field properly matches the type error assumed in the DEM itself, the range 

(the maximum distance where spatial autocorrelation exists) was calculated. Histogram matching 

was then performed to force the data to a normal distribution, creating an error field that was 

characteristic of the error known to exist in DEMs.  Although this method is highly effective, it 

can also be computationally intensive, thus requiring long lengths of time to process (Arnold. 
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2010; Li et al., 2011). It is possible to reduce the temporal requirements of this algorithm by 

adopting a more efficient method for the generation of random fields. 

 

2.5.3.1 Error field Generation 

Matheron (1973) developed a method of generating spatially autocorrelated random fields 

through the simulation of several one-dimensional realizations (Brooker, 1985, Mantoglou, 

1987), which was later adopted by Journel (1974). This random lines technique, also known as a 

turning bands simulation, uses a number of one-dimensional simulations to develop a three-

dimensional final output. Each one-dimensional linear simulation is treated as a three-

dimensional vector that passes through the centre of a theoretical sphere, with the orientation 

represented as {x,y,z}, where each variable is assigned random numbers. Important to this 

method is the completion of many of these one-dimensional simulations, to ensure a proper three 

dimensional output. This is important because a low number of simulations will lead to striping 

in the final output (Carr, 2002).  This simulation is useful as it preserves the statistics desired and 

is computationally inexpensive compared to other methods (Mantoglou, 1987). Importantly, this 

method was found to be a fast and effective means of generating spatially autocorrelated random 

fields (Carr, 2002). 

 

2.5.4 The Need for a Faster Stochastic Simulation 

Unfortunately despite being a effective method for distinguishing real from artifact 

depressions, as discussed in literature (Burrough and McDonnell, 1998; Lindsay and Creed, 
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2005a; Li et al., 2011), stochastic simulations are constrained by requiring more computation 

resources when compared to other computer-based classification routines (Oksanen, 2006). This 

is particularly problematic in mean filtering based simulations (i.e. Lindsay and Creed, 2006) 

when the algorithm is ‘bottlenecked’ during the initial generation of a random field due to the 

mean filtering algorithm step. A second bottleneck can occur when the depression-filling 

algorithm is applied. Considering that stochastic simulations often require hundreds or thousands 

of iterations, considerable computer power and operating time is required for the stochastic 

simulation used in Lindsay and Creed (2006), especially when applied to large areas. 

Consequently, to improve the efficiency of this method, while retaining the accuracy, alternative 

means of both generating random fields and filling the depressions have been developed. 
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CHAPTER 3 

METHODS 

 

3.1 Study Area 

The stochastic depression analysis was performed on a DEM including the Waterloo and 

Paris-Galt-Guelph moraines, two large moraine features that are located in Southwestern 

Ontario, Canada. The western portion of the study area contains the Waterloo Moraine, located 

almost entirely within the Region of Waterloo. The land cover of this moraine is dominated by 

urban land use (the cities of Kitchener and Waterloo to the east), while the western portion is 

dominated by agriculture with intermixed small towns (Martin and Frind, 1998). The eastern 

portion of the study area contains the Paris-Galt-Guelph moraines. Longer and thinner in 

comparison to the Waterloo Moraine, these moraines run parallel to one another and are closely 

spaced. These moraines together stretch from Paris in the southern reaches, to the town of Acton 

in the northern reaches (Chapman and Putnam, 1984). The Paris-Galt-Guelph moraines are 

predominately characterized by agricultural land use, although two cities, Guelph and 

Cambridge, are located along the western edge. Figure 3.1 shows the location of the study site in 

relation to the province of Ontario, and also shows the elevation and relief of the study area.  The 

feature to the left of the image is the Waterloo Moraine and the feature to the right is the Paris-

Galt-Guelph moraine. 
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Figure 3.1 – The Waterloo Moraine (left) and Paris-Galt-Guelph Moraines (right), overlaid on 

the DEM interpolated from SWOOP 2010 elevation data.  

 

3.1.1 The Waterloo Moraine 

The Waterloo Moraine is a large interlobate moraine characterized by hummocky 

undulating terrain (Martin and Frind, 1998; Weaver et al., 2011). The moraine, which stands 
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approximately 100 m above the adjacent plains (Chapman and Putnam, 1984; Weaver et al., 

2011), is comprised of sediments deposited by glacial melt water trapped between the Huron, 

Georgian Bay, Erie and Ontario ice lobes during the Wisconsin glaciation (Chapman and 

Putnam, 1984; Martin and Frind, 1998; Weaver et al., 2011). The moraine is comprised 

primarily of fine sand, silt and silt-sand to clay-silt diamictons (Russell et al.,2005). Similar to 

other kame moraines in Ontario (Eyles et al, 2010), the Waterloo Moraine has a high percentage 

composition of sands and gravels (Martin and Frind, 1998; Weaver et al., 2011).  

The  Waterloo Moraine and underlying geology has been characterized as containing a 

multiple perched aquifer system, with three aquifers overlying the bedrock aquifer, each 

separated by low permeable till units (Sanderson et al. 1995; Martin and Frind, 1998). The 

aquifers within the moraine are layers of high permeability sand and gravel units (Martin and 

Frind, 1998). The aquitard layers are fine textured, low permeability layers that prevent 

infiltration of water (Martin and Frind, 1998). The layout of this aquifer system, detailed by 

Martin and Frind (1998), is shown in Figure 3.2. The bedrock below the moraine is overlaid by 

Pre-Catfish Creek Till, which Aquifer 3 overlays. Above Aquifer 3 and under Aquifer 2 lies 

Catfish Creek Till, a dense, stony silt till layer. The Waterloo Moraine’s tills overlie the Catfish 

Creek Till (Russell, et al. 2005), with the Maryhill Till, a clay rich, low permeability unit 

existing between Aquifer 2 below and Aquifer 1 above. The topmost layer, comprised of Port 

Stanley/Tavistock Till, is found at the surface overlying Aquifer 1. 
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Figure 3.2 - Hydrostratigraphic layout of the Waterloo Moraine and underlying sediments. 
Adapted from Martin and Frind, 1998. 

 

The topography and sediment composition of the Waterloo Moraine is of significance to 

the population of the Region of Waterloo because it controls the surface and subsurface 

hydrological processes that control the recharge to the aquifers. The high quality water resources 

provided by the Waterloo Moraine’s aquifer systems has historically been the principal source of 

potable water for the region, being utilized as early as the late 1800s (Martin and Frind, 1998; 

Kerr-Upal, et al. 1999). The groundwater system fed by Waterloo Moraine supplies more than 

half of the water supply to the Waterloo Region (Kerr-Upal, et al. 1999; Russell et al., 2005; 

Ontario Ministry of the Environment, 2009; Stotler et al., 2011). While all four aquifers of the 

moraine are pumped to supply fresh water to the region, the most productive source is Aquifer 1. 

As identified by Martin and Frind in their 1998 study, the multiple pumps sourcing their water 

from Aquifer 1 supplied approximately 60% of the groundwater extracted, whereas, Aquifers 2 

and 3, supplied 20% and 15% , respectively.  
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3.1.2 The Paris, Galt and Guelph Moraines 

The Paris, Galt and Guelph moraines, exist east of the Waterloo Moraine, and are 

elongated moraines that run parallel to one another in a Southwest to Northeast direction. These 

moraines extend approximately 130 km with widths up to 11 km wide and relief of up to 30 m 

(Russell et al., 2009). These end moraines are variable in terms of geomorphology, sediment 

composition, and internal structures (Sadura et al., 2006). These moraines, which are located just 

east of the City of Guelph, were formed as a result of sediment deposition at the ice sheet 

margins during the receding of the ice of the lobes of the Laurentide ice sheet (Sadura et al., 

2006). Like the Waterloo Moraine, these moraines have been shaped by the depositional 

processes of melting ice lobes during the last glacial retreat, where sediments moved out of the 

glacial ice because of ice stagnation and thinning at the marginal zone of the ice sheet (Straw, 

1968). 

The easternmost of the three moraines is the Galt Moraine. This moraine runs close the 

Paris moraine in the same orientation, and in some areas, such as south and east of Guelph, the 

two moraines come together producing a broad composite moraine (Chapman and Putnam, 

1984). The Galt Moraine is a rough stony ridge of loose loamy till north of Brantford. The 

moraine becomes smoother and sandier in the south of Brantford, exhibiting kame topography 

(Chapman and Putnam, 1984).   

The Paris moraine is located directly west of the Galt Moraine. It has a composition and 

topography that is spatially variable (Chapman and Putnam, 1984; Sadura et al., 2006). The 

moraine topography has more prominent relief in its northernmost reaches, existing as a high, 

bouldery ridge from Acton southwards to Cambridge, where it starts to exhibit less prominent 
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relief, playing a lesser role in local drainage (Chapman and Putnam, 1984). North of Paris, the 

moraine landscape is characterized by loose bouldery loam and other coarse material, while 

south of Paris it is mainly sandy (Chapman and Putnam, 1984). Near its southern reaches, the 

moraine topography and sediments are less prominent because it is partially buried by stratified 

sand (Chapman and Putnam, 1984). The till units of the moraine are generally described as being 

comprised of unsorted silty-sands and gravels. The moraine has hummocky topography, with 

relief of approximately 10 m ridge hills separated by either deep narrow cut dry valleys, or wide 

low hummocky features (Sadura et al. 2006).  

 The Guelph Moraine was initially described by Straw (1988) as an end moraine 

stretching between the towns of Hespeler and Rockwood. The moraine is less pronounced than 

its two neighbouring moraines, running parallel to the Paris and Galt moraines, directly west of 

the Paris Moraine (Straw 1988; Sadura et al., 2006). As described by Straw (1988), the moraine 

is characterized as generally being made up of sands and gravels. In the southern reaches it is has 

a high proportion of its composition being sands, while in its mid reaches it contains more 

gravels and many water rounded pebbles and cobbles. The topography of the moraine is 

described as being a hummocky mix of ridge and depression topography (Straw, 1988). 

Because of the ability of local groundwater to fulfill the water demands of the population, 

human settlement has flourished near or directly above the aquifers recharged by these moraine 

sediments. The City of Guelph, derives its water from the aquifers underlying these moraines, 

relying almost entirely on groundwater for its chief source of potable water (Cole et al., 2009). 

The City of Guelph operated 25 pumping wells in 2011 supplying 115 000 residents 

approximately 48 000 m3 of water per day (GRCA, 2012a) from the aquifer systems that are 

recharged by the sediments of Paris-Galt-Guelph Moraines.  
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 3.2 Data  

3.2.1 SWOOP 2010 Elevation Data 

The South Western Ontario Orthophotography Project 2.0 (2010), or SWOOP 2010 is an 

image acquisition project aimed at collecting fine resolution imagery over an area of 45 000 km2 

that covers Southwestern Ontario (Ontario Ministry of Natural Resources, 2012). The imagery 

was collected in April and May of 2010 to ensure minimal canopy cover as well as no snow 

cover. The project aimed to produce imagery with a 20 cm resolution and a 50 cm vertical and 

horizontal accuracy. The SWOOP2010 project also produced elevation data with a minimum of 

50 cm vertical and horizontal accuracies that was to be delivered in a 10 m resolution DEM; 

unfortunately, due to time constraints, this current study required access to the data before it was 

fully finalized. Therefore, elevation masspoint data files were obtained from the Ontario Ministry 

of Natural Resources that could be interpolated into the required DEM product. This masspoint 

data supplied elevation data at regularly spaced intervals of 10 m, enabling the interpolation of a 

DEM product that matched the initial resolution requirements of the SWOOP 2010 DEM.  

 

3.2.2 Depression Validation Data 

GRCA Wetlands Data 

Wetlands can be commonly situated within closed topographic depressions. A wetlands 

vector data layer was therefore obtained from the Grand River Conservation Authority (GRCA) 

to be used to determine an optimal pdep threshold and to help corroborate the depressions in the 

final output map as real or artifact features. This data layer was created by the GRCA through the 
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interpretation of soils and drainage layers, analysis of Forest Resource Inventory data, analysis of 

contour elevations, Ecological Land Classification mapping, and the interpretation of SPOT 

2004 imagery and orthoimagery obtained in 2000 and 2006. Initially compiled in 1998, the 

wetlands dataset is regularly maintained and has received numerous updates. The most recent 

update was carried out in September of 2011. The data was converted from its original vector 

format into a raster format so that statistical analysis could be performed pixel-by-pixel between 

the wetlands dataset and the raster formatted stochastic simulation output.  

 

SWOOP 2006 Orthophotographs 

SWOOP 2006 imagery was used to corroborate the existence of individual depressions 

because the SWOOP 2010 imagery was unavailable at the time of analysis. The SWOOP 2006 

orthophotos, obtained from the University of Guelph’s Data Resource Centre, are colour images 

with a fine spatial resolution; these orthophotographs are useful because they can be manually 

interpreted using the factors of recognition outlined by Jensen (2006). By using these factors of 

recognition, depressional characteristics in the landscape can be sought to corroborate the 

automatically mapped depressions derived from the stochastic analysis.  

 

3.3 Data Processing 

3.3.1 Preventing Artificial Damming  

In areas of hummocky topography, water in ditches and natural depressions that exist 

beside roadbeds are often allowed to drain through under-road culverts. These under-road 
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culverts prevent the pooling of water beside the roadbed. In a DEM interpolated from masspoint 

data, roads may be apparent; however features that prevent pooling along roads such as drainage 

culverts are not. To prevent the blockage of flow through under-road culverts in the DEM by 

road features, a GRCA drainage vector file, was imported into ESRI’s ArcGIS and a 10 m buffer 

was applied. Any elevation masspoint that intersected with this 10 m drainage buffer was 

eliminated from the dataset. This ensured that elevated road features did not block drainage 

pathways in the DEM, which prevented the depression from being artificially flagged as a closed 

depression by the stochastic depression analysis when it is an open, drained depression in reality.  

 

3.3.2 DEM Interpolation 

Data interpolation techniques are used to create DEMs from elevation reference data. 

Interpolation involves the use of an algorithm that best estimates the elevations between known 

data values to create a DEM that represents the continuous surface topography from sparsely 

distributed data points (Burrough and McDonnell, 1998). Interpolation works by assuming that 

spatially distributed elevations are spatially autocorrelated, enabling the prediction of elevation 

data between sparsely distributed known points (Mahbubur and Sorrentino, 2009).  

Multiple interpolation techniques are available that create a DEM from distributed 

elevation points; however, because of the variability in the manner in which these techniques 

operate, the output products differ substantially between techniques (Burrough and McDonnell, 

1998). As a result, the choice of technique should reflect the nature of the data itself, and the 

DEM requirements of the research (Burrough and McDonnell, 1998). Because of the gradually 
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varying nature of the study area topography, spline interpolation is a suitable method for the 

creation of a DEM.  

The spline interpolation method can be conceptualized as fitting a thin sheet of rubber to 

a series of data points (Burrough and McDonnell, 1998; Mahbubur and Sorrentino, 2009). Spline 

based interpolation assumes that the interpolation function should pass through the known data 

points and should create a smooth output (Chaplot et al., 2006). In that sense, an exact 

interpolator, such as splining, preserves the accuracy of the original masspoint dataset. 

Furthermore, as the hummocky areas do not regularly exhibit rapid changes in elevations such as 

drop offs or cliff faces, and have the smooth rolling topography, spline interpolation can 

accurately represent the gradually varying surfaces common in hummocky landscapes. 

 The spline method is further suited to hummocky terrain as it is able to estimate lows 

and highs in the DEM, where they are not included in the input data because by honouring data 

points and forming a ‘rubber sheet; between these points, the output is able to assume highs and 

lows between these points  (ESRI, 2007). The spline interpolation method is therefore well suited 

because of its ability to more accurately predict the presence of ridges and valleys than other 

popular methods such as Inverse Distance Weighted and Nearest Neighbor Interpolation (Child, 

2004). This is especially important in spatially distributed elevation point datasets where ridges 

and depressions may fall between elevation points that would be better represented by the spline 

technique. 

To create the DEM for use in the stochastic depression analysis, the SWOOP 2010 

elevation masspoint data was interpolated into two separate DEM products using the ArcGIS’s 

thin-plate spline interpolation method. The tension setting was chosen for the method of spline 
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interpolation rather than the regularized method; the tension method was chosen because it 

controls the stiffness of the surface according to the character of the modelled phenomenon, 

creating a surface that is not as smooth and generalized as the regularized method. This ensures 

that subtle changes in elevation that may be an important part of a depression were represented in 

the final DEM.  

The SWOOP 2010 masspoint data, delivered in multiple tiles, was interpolated to 

corresponding DEM tiles. Interpolation was first performed on the masspoint data with the points 

removed within the 10 m buffer of all roads, to create a DEM for use in the simulation itself. 

This DEM was used in the simulation to ensure that the algorithm did not falsely flag 

depressions that result from the inability of the DEM to properly represent under-road drainage 

culverts. After the tiles were interpolated into separate DEM tiles, these DEM tiles were then 

mosaicked together and the output DEM mosaic clipped to the desired study area. After this first 

DEM was created, a second DEM was created by interpolating the unaltered masspoint data that 

did not have points removed within the 10 m buffer.  This second DEM was the unmodified 

DEM that would be used to extract DEM error values.  

 

3.4 Stochastic Depression Analysis Algorithm  

3.4.1 Algorithm structure 

 This thesis presents a depression identification algorithm that employs a stochastic 

simulation based approach, detailed in Figure 3.3. The algorithm for mapping closed depressions 

within a DEM was written as a plugin tool for Whitebox Geospatial Analysis Tools, a powerful 

open source GIS analysis tool.  The algorithm requires multiple inputs prior to beginning the 
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simulation. Inputs to the algorithm are the study area DEM and both the spatial and statistical 

characteristics of error in the DEM. Once all inputs have been received, the algorithm procedure 

can then be run following these steps: 

1. Create an error grid with the same spatial autocorrelation and frequency 

distribution as the error of the input DEM;  

2. Add the error field to the input DEM, creating an error-added DEM; 

3. Identify all depression cells in the grid by flagging any cells that are modified by a 

depression filling algorithm; 

4. Accumulate the flagged cells into an accumulation grid;  

5. Repeat iterations of the simulation until the stopping condition is met, and; 

6. Divide the output grid by the number of iterations to derive a final probability of 

depression (pdep) raster.  
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Figure 3.3 - Flowchart of the stochastic depression analysis 

 

A modified version of the turning bands simulation technique developed by Matheron 

(1973) is used to create individual error fields for use in the simulation. The inputs to this part of 

the simulation are the DEM error range and the number of bands to be created by the simulation. 

The range, extracted from the original input DEM’s error semivariogram determines the spatial 

correlation length (i.e. the distance over which individual error values within the grid are 
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correlated). The number of bands used in the simulation determines the degree of refinement for 

the error grid. After the turning bands simulation is run, histogram matching is performed on the 

resulting spatially autocorrelated error field to match the frequency distribution of error of the 

autocorrelated field to the frequency distribution of error of the original DEM.  

The error grid generated from the previous step is combined with the study area DEM 

through raster addition. The error-added DEM is then depression filled using the Wang and Liu 

(2006) depression filling algorithm. The Wang and Liu (2006) method was chosen to reduce the 

bottleneck in computation time requirements during the depression filling step because it is 

significantly more efficient than comparable techniques (see Table 2.1) .  

The algorithm then compares the depression-filled DEM and original DEM on a cell-by-

cell basis. If a cell is found to be altered by the depression filling algorithm in the depression-

filled DEM when compared to the original DEM, it is subsequently flagged as a depression cell 

and given a value of 1. If a cell is found to be unaltered between the depression-filled DEM and 

the original input DEM, it is given a value of 0, representing a non-depression cell. The resulting 

value of 0 or 1 is added to the accumulation raster for each corresponding grid cell. This 

comparison is performed during each iteration of the simulation. The resulting accumulation 

raster is modified during each iteration of the algorithm where a value of 0 or 1 is added to each 

cell depending on whether the cell was found to be altered by the depression filling step.  

A t-Test is performed to determine the number of iterations of the algorithm required to 

stabilize any changes in the accumulation raster by subsequent iterations. The simulation is 

stopped manually at desired intervals, such as after 150 and 250 iterations. The accumulation 

grids created at each of these stopping points are then compared to one another using the t-Test 
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to determine whether a significant difference exists between the two outputs. If a significant 

difference is found, subsequent iterations of the simulation are run and this process is repeated. 

The simulation is only considered complete once no significant difference is found by the t-Test; 

this means that running subsequent iterations of the algorithm would not improve the accuracy of 

the final simulation output map.  

With a suitable stopping condition determined, the algorithm will be run until it meets 

this stopping condition and the accumulated grids used in the t-Test added together to make a 

final accumulation grid. The final output map of the stochastic depression analysis is then 

created by dividing every cell of the final accumulation grid by the number of iterations run in 

the simulation. This assigns each grid cell in the output raster a value between 0 and 1, 

generating the pdep output raster. High pdep values indicate that the cell was flagged often during 

the simulation, and are thus more likely to belong to a real topographic depression. Low pdep 

values indicate that the cell was rarely filled and flagged during the simulation and is therefore 

unlikely to belong to a real depression.  

Once this final pdep raster is created, an optimal threshold can be applied to the raster, 

where any cell with a pdep value above a specific threshold value is given a new value of 1, 

representing a depression cell, and any cell with a pdep value below the threshold value is 

assigned a new value of 0, representing a non-depression cell. This enables the creation of a crisp 

Boolean raster map where every cell either belongs to a closed depression or does not.  
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3.4.2 Determining the DEM Error Distribution  

During each iteration of the stochastic depression analysis a different DEM realization is 

created. Any one of these DEM realizations may properly represent the true land surface. By 

creating hundreds or thousands of DEM realizations during simulation, it is possible to determine 

the most probable DEM surface. The stochastic depression analysis is a non-conditional 

simulation; as such the DEM realization that is created during each iteration of the simulation 

must share the same error semivariogram as the input DEM, although the data does not need to 

honour the DEM data at the sampling locations by necessity (Carr, 2002). When used to map 

depressions in a DEM, the stochastic simulation can determine the probability that these 

depressions are real by first determining the spatial and statistical distribution of error found in 

the DEM and then adding this error to the DEM during each iteration. 

To add this type of error to the DEM during the simulation, it is important to first 

calculate the spatial and statistical distributions of error associated with the DEM. To determine 

the characteristics of this error, ground control point (GCP) data was obtained that contained 

measured elevation values along roads in the northern section of the study area. This data was 

collected by Halltech Environmental Inc. This data was comprised of approximately 20 000 

points. Because the data was obtained along roads, it is possible that significant differences in 

elevation would be observed between the GCPs and the DEM where rivers are crossed by 

bridges and floodplains are crossed by road embankments. The drainage vector file obtained 

from the GRCA was therefore buffered at 75m, and all GCPs within that buffer were removed. 

This buffer size ensured that the elevations at both river and floodplain crossings were not 

artificially overestimated when the DEM error values were extracted. The removal of points 

from this buffer yielded 19065 elevation control points.  
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The DEM elevation value for each cell that corresponded to a GCP was extracted and by 

differencing the GCP elevations from the DEM elevation at the same location, the DEM error 

was calculated for each of those cells. These error values were then plotted in a histogram, to 

create the DEM error histogram. This histogram representing the statistical distribution of error 

in the DEM is shown in the right graph in Figure 3.4. DEM error is assumed to be spatially 

autocorrelated; to determine the distance that this autocorrelation exists in the study area DEM, 

the semivariogram of error was created using the R Project for Statistical Computing program 

(which is often shortened to R). Creating the semivariogram of error in R enabled the extraction 

of the range value of the DEM error. This range value is the spatial autocorrelation of error, the 

distance to which the error in the DEM is correlated. The semivariogram created in R is shown in 

the left plot in Figure 3.4.  
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Figure 3.4  - DEM error semivariogram with a range of 3,254.378 m; and DEM error histogram 
with a mean value of 0.1 

 

The error range and error frequency distribution was important for the creation of the 

error fields to be added to the DEM during simulation as they ensured that the error being added 

to the DEM reflected the statistical and spatial distribution of error found in the DEM. The range 

was used as input into the turning bands simulation, enabling the algorithm to create error fields 

that had values that were spatially autocorrelated to the same range as the DEM. Histogram 

matching was then performed on each generated error field, where the distribution of error 

values were matched against the DEM error histogram. This ensured that the random fields were 

spatially autocorrelated to the same range as the DEM, and that the frequency distribution of this 

error matched the normal distribution of the DEM itself.  
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3.4.3 Running the Algorithm 

Whitebox GAT containing the algorithm itself was loaded onto 15 computers to 

minimize the required processing time. It is possible to use multiple computers to run the 

simulation because the algorithm accumulates iterations run by different computers into a 

separate accumulation grid for each computer and these grids can be added together afterwards. 

Of these computers, 14 were running the algorithm using 4GB of RAM and Pentium i5 

processors that operate two cores at 3.2GHz that are capable of hyperthreading cores to a total of 

four cores. A single computer was running the algorithm using 16GB of RAM and a Pentium i7 

processor, operating four cores at 3.4ghz that is capable of hyperthreading cores to a total of 8 

processing cores. To determine the stopping point the simulation was stopped after subsequently 

larger numbers of iterations were completed. The simulation was stopped at four points, after 

150, 250, 500 and 1000 iterations of the simulation were completed. At each stopping point the 

output was accumulated into separate grids, resulting in grids of 150 iterations, 250 iterations, 

500 iterations, and 1000 iterations of the simulation. To complete the total number of iterations 

(1000), the algorithm was run in two time blocks of 10 hours, and a final time block of 

approximately 8 to 10 hours (the computers were stopped once the accumulation met 1000 

iterations, rather than stopping at the 10 hour mark). Each computer was able to complete 

approximately 25 iterations during a 10 hour time block; therefore it took the 15 computers less 

than 30 hours to fully complete all 1000 iterations. 
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3.4.4 Determine the Algorithm Stopping Condition 

To determine the optimal stopping point for the algorithm, accumulation grids were 

created at 150 iterations, 250 iterations, 500 iterations and 1000 iterations of the algorithm. The 

algorithm was stopped and the final image created once the output stabilized at the point where 

running more iterations of the simulation would not significantly alter the final output image and 

improve the accuracy of the final output. To find this stabilization point, a t-Test was performed 

in Whitebox GAT between accumulation rasters with a subsequently larger number of 

accumulated simulation outputs. The first t-Test was performed between grids of 150 iterations 

and 250 iterations. A significant difference was found between these outputs, suggesting that 

further iterations should be compiled. The simulation was run until 500 iterations had been 

performed. The t-Test then performed between the 250 iteration and 500 iteration grids, this time 

with no significant difference found. This suggested that the simulation had stabilized. To ensure 

that the algorithm output remained stable and that running more iterations of the simulation 

would be unnecessary another 500 iterations were run, resulting in a 1000 iteration grid. The 

output of 500 iterations was then compared against the output of 1000 iterations using a t-Test, 

once again with no significant difference found. Although the 1000 iteration grid was used as the 

final grid, the final algorithm stopping point occurred after 500 iterations of the simulation were 

run. 
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3.4.5 Create pdep  Map and Determine the Optimal pdep Threshold 

Once the multiple accumulation grids were added to one another to create the final 

accumulation raster, every cell in the final grid was then divided by 1000, which was the number 

of iterations of the simulation, to create a final pdep raster. An optimal threshold was then 

calculated and applied to the raster, where any cell above the threshold would be classified as a 

depression (represented by a cell value of 1), and any cell below the threshold would be 

classified as non-depression (represented by a cell value of 0). To determine this optimal pdep 

threshold, multiple threshold rasters were created where cells below various values were 

classified as non-depression cells. The depression cells would then be verified against the GRCA 

wetlands data, to determine the percentage of depression cells that match the wetlands data layer 

and the percentage of depression cells that do not match the wetlands data layer. The GRCA 

wetlands layer was used as a validation dataset because of its high level of accuracy and because 

it is continually updated (GRCA, 2012b). 

 Multiple rasters were created to determine the optimal threshold, each with a decreasing 

pdep  cut-off value.  The different threshold values were  pdep values of 0.9, 0.85, 0.8, 0.75, 0.7, 

0.65, 0.6. 0.55, 0.5, 0.45, and 0.4. In these rasters any cell with a pdep value above the set 

threshold value would receive a value of 1, and any cell with a pdep value below the set threshold 

value would receive a value of 0. This led to a Boolean image for each raster where every cell 

either belonged to a depression (denoted by a value of 1) or did not (denoted by a value of 0). 

The optimal threshold value was determined to be the one that maximizes the number of pdep 

depression cells that correspond to a wetland cell, while minimizing the number of wetland cells 

that do not have matching pdep depression cells. This threshold ensures that the pdep depressions 

are linked to real known depressions, while minimizing the number of irregular cells that might 
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be overestimating the size of the depression. A comparison between each threshold raster was 

made where and the optimal threshold value was determined. It was determined that the optimal 

pdep threshold was 0.6, meaning that cells flagged during 60% of the iterations of the simulation 

or more were most likely to be real features; these cells would therefore be classified as 

depressions in the final output map. Similarly, any depression that fell below the threshold value 

of 0.6 (meaning it was not flagged in at least 60% of the simulations) would be classified as a 

non-depression cell in the final output map. 

 

 3.5 Depression Corroboration 

To determine the accuracy of the algorithm, depressions were corroborated in ten 1 km2 

subsample areas, five of which were within the Waterloo Moraine and five of which were within 

the Paris-Galt-Guelph Moraines. The locations of these subplots in relation to their respective 

moraines are shown in Figure 3.5. This subsample of corroboration sites was essential due to the 

prohibitively large size of the study area. The number of sites was chosen based on realization of 

the significant time constraints introduced by choosing an increasingly larger number of sites, 

while ensuring that the subplots properly represented the variable conditions in the study sites. 

Consequently, the corroboration sites were chosen to reflect the various topographic conditions 

of each moraine, as well as different land covers such as parks, forested areas, agricultural fields, 

and rural settlement.  
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Figure 3.5 - The location of error validation sites (red squares) in the Waterloo Moraine (Left) 
and Paris-Galt-Guelph Moraines (Right). 
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Within these 10 depression corroboration sites, numerous corroboration techniques were 

employed to assess the accuracy of the algorithm in properly identifying closed depressions. The 

hierarchy of these techniques was: (1) validation against the GRCA Wetlands data; (2) landscape 

interpretation using Google Map Street View imagery; (3) image interpretation using the factors 

of recognition on SWOOP 2006 orthophotos; and (4) field validation. As each technique was 

performed, depressions that could not be validation using a specific technique were elevated up 

the hierarchy, with field validation given the greatest weight of each technique. 

Although depression validation was carried out in ten 1 km2 sample corroboration sites, 

remote validation using a variety of techniques is still important as a tool for corroboration 

because the land cover and hummocky topography at times resulted in inaccessibility and a lack 

of visibility in the field. Remote validation techniques were carried out prior to field validation 

because remote analysis could also highlight areas of interest for further inspection during field 

analysis. To ensure the accuracy of remote corroboration techniques, features that were 

previously validated remotely were rechecked during field validation where depressions were 

visible.  

 

3.5.1 Wetland Data Verification 

Because wetlands generally exist in depressions, the GRCA wetlands data was used to 

directly corroborate the existence of a closed depression. This vector layer contains a large 

number of small and large, regularly and irregularly shaped wetlands throughout each of the 

corroboration sites. To corroborate depressions using this data layer, the final depression map 

was overlaid onto the wetlands layer. GRCA wetlands that were found to match a depression 
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were considered validated. When a depression found by the simulation existed where a wetland 

did not, it was escalated for validation using the next technique to ensure it is not an error of 

commission. Likewise, when a GRCA wetland existed with no matching depression, it was 

escalated for validation using the next technique to ensure it is not an error of omission.  

 

3.5.2 Google Street View 

Google Inc. has provided high-resolution 360 degree street level imagery along roadways 

in many urban and rural settlements via their Google Map service. Many of the corroboration 

sites had available Street View imagery. The imagery allowed the corroboration of depressions 

along roadways, and even at a distance from the road where visibility in the photos was 

permitting. By moving frame-by-frame along a roadway, depressions that could not be validated 

using the GRCA wetlands layer were corroborated using the Google Street View imagery. 

Depressions were validated as real features where they were evident in the imagery. When a 

depression could not be validated it was escalated for further investigation using the next remote 

corroboration technique. Figure 3.6 shows an example of the Street View Imagery and a 

corresponding depression identified by the stochastic depression analysis. Image (A) is a 

SWOOP 2006 image (for reference) with an overlaid depression feature found by the stochastic 

depression analysis. Image (B) is the corresponding Street View image, looking directly at the 

real closed depression matching the simulation output depression.  
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Figure  3.6 – A sample of Google Street View corroboration techniques.SWOOP 2006 
orthophoto with a depression feature found by the simulation overlaid (A) and the corresponding 
depression found in the Google Street View Image (B) 
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3.5.3 Orthophoto Interpretation 

For depression features that could not be validated by either the GRCA wetlands layer or 

Google Street View imagery, corroboration was moved to image interpretation of SWOOP 2006 

orthophotos. To maximize objectivity when validating depressions, the factors of recognition 

were employed when interpreting the imagery. The factors of recognition, shown in Figure 3.7, 

are a hierarchy of characteristics sought in imagery to identified desired landscape features 

(Jensen, 2006). When corroborating depressions using the orthophoto imagery, this hierarchy 

enabled the identification of features by various characteristics of the orthophotos.  Because 

closed depressions pool runoff water, it is expected that they will exhibit different characteristics 

in imagery than the ridges or flats that surround them.  

Characteristics that were sought in the imagery were: (a) a change in species, especially 

to wetland type vegetation; (b) darker soils, due to moisture and sediment pooling; (c) light 

patches in vegetation, due to saturated soil conditions preventing growth; and (d) changes in 

human land use features that correspond to the presence of a closed depression, such as tillage 

that avoids a depression area.  



59 
 

 

Figure 3.7 - Factors of recognition for photo interpretation. Adapted from Jensen, 2006. 

 

3.5.4 Field Validation 

When depressions could not be confidently validated using one of the three remote 

corroboration techniques, the features were highlighted for validation during to field 

corroboration. A map was created of each of the ten corroboration sites, with all pdep depressions 

overlaid onto the SWOOP 2006 orthophotos. Any depression that could not be confidently 

validated remotely was highlighted on the map for field corroboration to ensure it was not an 

error of commission. Areas that contained possible errors of omission found in the previous 

methods were also highlighted for field corroboration. Once in the field, depressions were 

checked during a field visit with the aid of the printed maps and a GPS device. Sight lines were 

sought for all depressions to ensure that they could be properly corroborated. In most cases, sight 

lines were suitable for the corroboration of the depressions that could not be corroborated 

remotely.  When a depression was not visible or accessible in the field and the depression was 

not previously validated using a remote corroboration techniques, this feature was recorded as 
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un-validated and was removed from further accuracy assessment. Each site was also thoroughly 

inspected to identify depressions that were omitted from the simulation output. When these 

depressions were identified as omission errors, they were flagged on the field map as such and 

recorded as omission errors for accuracy assessment.  

 

3.6 Accuracy Assessment  

3.6.1 Simulation Accuracy  

 The accuracy of the algorithm was evaluated by determining the number of properly 

identified depressions versus both errors of omission (depressions not found by the simulation 

that existed in the landscape) and errors of commission (depressions that did not exist in the 

landscape that were flagged by the simulation) in each of the corroboration sites.  The total 

number of depressions identified by the simulation was compared to the total number of 

corroborated depressions to give a percent accuracy value for the simulation. Likewise, the 

number of omission errors and commission errors was compared to the total number of 

depressions to determine the percent of omission errors and the percent of commission errors.  

  

3.6.2 Accuracy Under Different Land Cover  

 A DEM ideally represents the true ground elevation and topology, the accuracy of the 

elevation values extracted from orthophotographs can be impacted by land cover such as forests 

and other dense groundcover. Although SWOOP 2010 elevation data was extracted from photos 

taken in the late fall to ensure minimal canopy cover, it is possible that groundcover still 
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impacted extracted elevation values, and thereby the accuracy of the DEM used in the stochastic 

depression analysis. Consequently, dense groundcover such as forests were digitized from the 

SWOOP imagery and converted to a raster format in ArcGIS. This groundcover was compared 

to depressions that were validated as real features and depressions that were found to be either 

errors of commission or errors of omission. The impact that land cover had on the accuracy of 

the simulation was thereby determined.  
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CHAPTER 4 

DATA ANALYSIS AND RESULTS 

 

4.1 DEM Interpolation 

Two DEMs were interpolated by applying a splining algorithm to the SWOOP 2010 

elevation masspoint data to address Objective 1 of the study. The first DEM created included all 

masspoint data available for the study area, which allowed for the creation of an unmodified 

DEM. This first DEM was used to characterize the error that is present in the DEM for use in the 

stochastic depression analysis.  

A second DEM was required because of the likelihood that roads in the DEM would 

cause artificial damming in the DEM where under-road culverts exist in reality.  This second 

DEM was created by eliminating all elevation points that existed within a 10 m buffer zone of 

roads, which resulted in their elimination or a dramatic reduction in their presence in the DEM 

used for simulation. In this second DEM it was evident that the presence and impact of roads 

were dramatically reduced, thereby preventing these roads from artificially damming under-road 

culverts in the DEM. Despite the use of a 10 m buffer, small broken segments of roads were still 

apparent in the DEM in some areas.  

 An example of the two DEMs is shown in Figure 4.1. In this figure, the buffered DEM 

(A) the road is less apparent than the unmodified DEM (B), reducing the ability of these elevated 

features to cause artificial damming during simulation.  
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Figure 4.1 – DEM with roads removed (A) and the unmodified DEM roads apparent (B) 

 

The two DEMs created each measured 6379 columns by 7743 rows, yielding 49 392 597 

grid cells in each DEM with a grid cell resolution of 10 m (each grid cell represents an area of 

100 m2). The area represented by these DEMs is approximately 63.0 km east to west by 77.4 km 

north to south, yielding a total represented area of approximately 4,945.5 km2.  

 

4.2 Characterize DEM Uncertainty 

The second objective of this study was to characterize the uncertainty in the study site 

DEM, for use in the stochastic simulation. Characterizing DEM uncertainty for use in the 

stochastic depression analysis required the use of ground control points (GCPs) and the 

unmodified DEM. By subtracting elevation values of the GCPs from the accuracy at the same 

point in the DEM, it was possible to determine the error at each of these ground control points. 

These GCPs were collected exclusively along roads; consequently a bias was introduced into the 

data between the DEM and the GCP because elevated road beds in the study site are often not 
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present in the DEM due to the spacing of elevation masspoint data. This bias is particularly 

significant where elevated roadbeds cross large floodplains. To eliminate this bias, multiple 

buffers were created of different sizes and the GCPs removed within these buffers. A buffer size 

of 75 m buffer was determined to best eliminate this bias in the data.  A buffer larger than 75 m 

was not suitable because it did not further reduce this bias and the removal of additional GCPs 

would result in the loss of more GCPs than was necessary.  

After points were removed from the 75 m buffer zone 19,065 ground control points 

(GCPs) were used to characterize DEM uncertainty. Removing points from this buffer area 

reduced the bias that would have otherwise been introduced where road embankments cross 

these low elevation features. The result of the comparison between DEM elevation values and 

the GCP elevation values is shown in Figure 4.2. This histogram shows the statistical distribution 

of error in the DEM. The figure shows that the statistical distribution of error of the DEM has a 

normal distribution and a mean value near of 0.1, which was expected. 

 

Figure 4.2 - Histogram of error between GCP elevations and corresponding DEM cell values. 
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The DEM error values and the coordinates of their corresponding GCP were then input 

into to R to create a semivariogram of error for the DEM. This graph of the spatial distribution of 

error is shown in Figure 4.3.  The range extracted from the semivariogram was 3,254.378 m, 

suggesting that error is spatially autocorrelated to an approximate distance of just over 3.2 km. 

 

 

Figure 4.3-DEM error semivariogram 
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4.3 Running the Stochastic Depression Analysis Algorithm 

 The third objective of this study was to modify the stochastic depression analysis utilized 

by Lindsay and Creed (2006) and then employ the new version to identify closed depression 

within the hummocky topography of the study region. This step required that a stopping 

condition for the simulation first be determined, after which the algorithm could be run and a 

final pdep map created.  

 

4.3.1 Determining the Stopping Condition 

Because the simulation was run on multiple computers, the simulation was run in batches 

that could be run overnight; therefore the batched outputs from each computer were collected 

and combined into accumulated grids. The outputs of the stochastic depression analysis were 

accumulated into a single grid at four different stopping points (150, 250, 500, 1000).  t-Tests 

were carried out between subsequently larger grids to determine if performing more iterations of 

the simulation would result in significant changes to the final output. The first t-Test was 

performed between the 150 iteration grid and the 250 iteration grid. The test rejected the null 

hypothesis that there was no statistical significance between the two grids, signifying that more 

iterations were required to stabilize the final output. The t-Test was subsequently performed 

between the 250 iteration grid and the 500 iteration grid. This test failed to reject the null 

hypothesis, signifying that enough iterations had been run to stabilize the final output map 

because no significant difference was observed between the two grids. To ensure that the image 

remained stable, more iterations were run and the test was performed between the 500 iteration 

grid and the 1000 iteration grid. Once again the test failed to reject the null hypothesis, signifying 
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that the image had remained stabilized and running further iterations would not significantly alter 

the final output grid of the simulation, the pdep map.  

 

4.3.2 pdep Output 

 Every cell in the final grid of 1000 iterations was divided by 1000 (the total number of 

iterations run) to create the pdep grid, where every cell had a value between 0 and 1. This pdep map 

is shown in Figure 4.4. Higher pdep values in the map represent a higher probability that a cell 

belongs to a real depression.   
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Figure 4.4 - Stochastic Depression Analysis output pdep map and corresponding topography. 
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4.4 pdep Thresholding 

An optimal pdep threshold was determined to be one that maximized the number of 

depression cells that match GRCA wetland data, while minimizing the number of cells that 

extended beyond the perimeter of the wetland data. Once the optimal threshold value was 

determined it was possible to classify any cell above the threshold with a value of 1, representing 

a depression, and any cell below the threshold as 0, representing a non-depression.  A total of 11 

Boolean grids each with a different threshold value applied. Thresholds were set at pdep values of 

0.9, 0.85, 0.8, 0.75, 0.7, 0.65, 0.6, 0.55, 0.5, 0.45 and 0.4. Each Boolean grid was compared to a 

rasterized GRCA wetlands layer to determine how many pdep depression cells matched GRCA 

wetlands, and how many pdep depression cells did not match GRCA wetlands. The optimal 

threshold was determined to be the one that maximized the number of pdep cells matching GRCA 

wetland cells, and also minimized the number of pdep cells that overlapped the GRCA wetlands 

cells. This resulted in a threshold value that maximized the number of matching cells while 

reducing overestimations of depression size. The results of this analysis are shown in Table 4.1. 

The optimal pdep was determined to be 0.6 because it resulted in both the maximum percent of 

matching cells (25.095%) and the minimum percent of non-matching cells (74.905%). Figure 4.5 

is an example of three of the Boolean grids created with pdep threshold values of 0.8, 0.6 and 0.4. 

The figure demonstrates how increases in threshold value results in a decrease in depression size 

mainly around their perimeters and also a decrease in the number of single cell depressions.  
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Table 4.1- pdep cells matching GRCA wetlands cells and pdep cells overlapping GRCA wetland 

cells for various threshold values.  

pdep Threshold pdep cells matching 

wetland cells 

% of total 

pdep cells 

pdep cells not 
matching 

wetland cells 

% of total 

pdep cells 

.90  622988 24.253 1945690 75.747 

.85 733298 24.555 2252991 75.444 

.80 836339 24.786 2537947 75.214 

.75 935605 24.929 2817480 75.071 

.70 1035304 25.040 3099300 74.960 

.65 1134405 25.091 3386688 74.909 

.60 1234677 25.095 3685292 74.905 

.55 1338870 25.080 3999420 74.919 

.50 1445929 25.009 4335582 74.990 

.45 1555675 24.888 4695021 75.112 

.40 1669668 24.706 5088381 75.294 
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Figure 4.5 - Change in depression size and number of single cell depression by increasing 
threshold values 

 

4.5 Final pdep Map 

The final output map with a pdep threshold of 0.6 is shown in Figure 4.6. This figure 

shows the location of these depression cells in relation to the surface topology of the study site. 

The entire output map contained a total of 239,511 depression features. The Waterloo and Paris-

Galt-Guelph moraines contained a total of 12,167 and 30,279 depression features respectively.  

The average size of depressions for the 10th, 25th, 50th, 75th, 90th and 100th percentile in each 
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moraine study site and the entire output is shown in Table 4.2. The table shows that the overall 

average depression size between the two study sites are similar, with an overall average 

depression size of 21.5 cells ( 2,150 m2) for the Waterloo Moraine and 21.2 cells (2,120 m2) for 

the Paris-Galt-Guelph moraines. The much lower average depression size of the 90th percentiles 

of these sites suggests that both study sites contain a small number of large depressions, which 

have a strong impact on the overall average depression size. The table shows that the Waterloo 

site generally contains larger depressions than the Paris-Galt-Guelph site although with less than 

half the total number of depressions (12,167 and 30,279 depression features respectively). Table 

4.2 also shows that the two study sites contain larger depressions on average than the overall 

average of the entire output map.  

 

Table 4.2 - Average Depression Size (in grid cells) of the Waterloo Moraine, the Paris-Galt-
Guelph Moraines, and the Simulation Output Map  

  

   Percentile    

 10th 25th 50th 75th 90th 100th 

Waterloo 
Moraine 1.0 1.4 2.0 3.7 6.6 21.5 

Paris-Galt-
Guelph 

moraines 
1.0 1.0 1.3 3.1 5.9 21.2 

Entire pdep 
Output 1.0 1.0 1.3 2.6 4.8 20.5 
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Figure 4.6 – Final pdep depression map in relation to surface topography.  
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4.6 Accuracy Assessment 

 The fourth objective of this study was to assess the predictive accuracy of the algorithm, 

and determine the landcovers that possibly caused errors of omission and commission.  To 

evaluate the accuracy of the stochastic depression analysis, ten sites were chosen to corroborate 

depressions. Study sites were chosen to reflect the different topographies and land uses of each 

moraine. The sites were chosen by thoroughly examining orthophotos of the entirety of each 

study site in combination with a hillshaded DEM image. Fewer than ten sites were not used as 

they would then not be able to properly reflect the variability in the study sites.  

 

4.6.1 Depression Corroboration Sites 

The ten corroboration sites chosen to determine the accuracy of the stochastic depression 

analysis are shown in Figure 4.7 through Figure 4.16. These figures show the location of pdep 

depression cells in relation to the topography of each 1 km by 1 km site.  Each site had a total of 

10,201 cells with a cell resolution of 10 m. Corroboration sites that were chosen reflected a range 

of topographies and different types of landcover present in each of the moraine landscapes (the 

relative location of sites is detailed in Figure 3.5).  

The number of the depressions found by the simulation was different for the two moraine 

features. All of the corroboration sites located in the Waterloo Moraine had fewer depressions 

found by the simulation than the corroboration sites located in the Paris-Galt-Guelph Moraine. 

The terrain of the Waterloo Moraine was much less complex and spatially variable than the 

Paris-Galt-Guelph Moraines, with hummocks and depressions less closely spaced in the 

Waterloo Moraine. While the topography of the Waterloo Moraine was characterized by large 
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changes in elevation throughout each site, the more gradually changing surfaces resulted in less 

areas of pooling, and therefore fewer depressions identified in each site. Alternatively, the Paris-

Galt-Guelph Moraine exhibited densely spaced ridges and depressions that lead to a more 

complex topography. The land cover in the Waterloo Moraine was mostly large agricultural 

fields, where the Paris-Galt-Guelph Moraine had a mix of dense forest cover, open wetlands, and 

small agricultural fields.  

It was observed that most GRCA wetland features had corresponding depression features 

found by the simulation, suggesting that the simulation identified these wet depressions. It was 

conversely observed that there were many depression features found by the simulation in these 

sites that did not have corresponding GRCA wetlands, suggesting that the simulation identified 

dry depressions (likely drained wetlands). The relation of GRCA wetland features to pdep 

depression features is shown in Table 4.3. The table shows that there were a much larger number 

of depression features identified by the simulation than GRCA wetland features located in all the 

sites (525 and 75 respectively). Furthermore, 77.7% of the total depression features of these sites 

did not have corresponding GRCA wetlands; while conversely, only 16% of all GRCA wetland 

features did not have corresponding depressions.  
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Table 4.3 – Relation of GRCA Wetland Features to pdep Depression Features in the 

Corroboration Sites. 

 

Corroboration 
Site 

 pdep Depression 
Features 

GRCA 
Wetland 
Features 

Wetlands 
Without 

Matching 
depression 

Depression 
Without 

Matching 
Wetland 

1 77 8 0 69 

2 53 7 1 45 

3 62 16 5 44 

4 93 20 1 73 

5 45 7 3 12 

6 35 1 0 34 

7 37 4 1 30 

8 49 4 1 46 

9 41 1 0 40 

10 33 7 0 15 

Total 
Features 525 75 12 408 

Percent of Total - - 16.0% 77.7% 

 

 

Corroboration Site 1 

 Corroboration Site 1 was located in the southern reaches of the Paris-Galt-Guelph 

Moraine.  The abundance of closed depressions in the site and their diversity of shape and size is 

a direct result of the densely spaced and irregularly shaped hummocks. Corroboration Site 1 had 

a total of 287 pdep cells that were found by the stochastic depression analysis, representing 77 
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depression features. The landcover of the site is predominately agricultural fields, although 

forests occupy approximately 9.8% of the total area of the site. Forest cover exists as several 

forest lots near the center and near the eastern edge of the site.  The topography of the site and 

location of pdep depression features are shown in Figure 4.7. The site contained the highest 

number of errors of commission of all the sites and the highest number of errors overall. Three of 

these errors of commission were located directly adjacent to roads or asphalt surfaces. The other 

two commission errors were located directly under temporary structures (a gondola in one case, 

and a trailer in the other). The two errors of omission that were found in this site were located 

directly along roadways. 

 

Figure 4.7 – Corroboration Site 1. Orthophoto imagery with overlaid depressions in red and 

GRCA wetlands in black (left) and site topography (right) 
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Corroboration Site 2 

 Corroboration Site 2 was located south east of the city of Guelph, near the middle 

reaches of the Paris-Galt-Guelph moraines. The site contained a high number of large 

depressions identified by the simulation, each of which owes their size and irregular shape to the 

densely clustered and complexly shaped hummocks in the site.  Corroboration site 2 had a total 

of 536 pdep cells that were found by the stochastic depression analysis, representing 53 

depression features. The landcover of the site is predominately agricultural fields to the west and 

forest to the east, with approximately 13.1% of the site forested. The site is split by a large 

highway running diagonally from the northwest to the southeast. A small lake feature is found 

near the south of the site, and several irregular GRCA designated wetlands are found in the north 

east corner.  The topography of the site and location of pdep depression features are shown in 

Figure 4.8. During field corroboration, the two errors of commission were found in this site were 

located directly over the major roadway transecting the site. A single depression was found that 

was omitted from the simulation output, located directly adjacent to the road.  

 

Figure 4.8 - Corroboration Site 2. Orthophoto imagery with overlaid depressions in red and 
GRCA wetlands in black (left) and site topography (right) 
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Corroboration Site 3 

 Corroboration Site 3, located near the southern reaches of the Paris-Galt-Guelph 

moraines, had amongst the most hummocky topography of all of the corroboration sites. 

Corroboration site 3 had a total of 234 pdep cells found by the stochastic depression analysis, 

representing 62 depression features. The landcover of the site is predominately agricultural 

fields, although small wood lots are located on the eastern edge, near the middle and along the 

southern edge.  These forest lots comprise approximately 10.6 % of the total area, and the 

majority of these forests also overlie GRCA designated wetlands.  The topography of the site and 

location of pdep depression features are shown in Figure 4.9. The simulation was found to be 

accurate in this site, resulting in only one error of omission and no errors of commission being 

found. Like the previous sites, the omitted depression existed along a roadway.  

 

Figure 4.9 - Corroboration Site 3. Orthophoto imagery with overlaid depressions in red and 
GRCA wetlands in black (left) and site topography (right) 
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Corroboration Site 4 

 Corroboration Site 4 was located near the upper middle reaches of the Paris-Galt-

Guelph moraines, north east of the town of Rockwood. The site was comprised of large 

hummocks of up to 10 m in height and equal width, spread throughout the agricultural fields. 

The hummocky fields in the site were located in a valley-like feature between the two roads. The 

site was largely comprised of agricultural fields separated by trees along their periphery, making 

direct land access into the central area difficult. Fortunately, visibility was better than other 

corroboration sites because the site’s roadways were at higher elevations than the central area of 

the site. The depressions in the site were relatively small in comparison to the depressions found 

in the other five corroboration sites in this moraine system, likely due to the less complex 

topography and shallower ridges and depressions in the site. Corroboration site 4 had a total of 

554 pdep cells found by the stochastic depression analysis, representing 93 depression features. 

The landcover of the site is approximately 27.6% forest; the remaining area being predominately 

agricultural fields.  The topography of the site and location of pdep depression features are shown 

in Figure 4.10. Site 4 had no errors of commission, and no errors of omission.  
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Figure 4.10 - Corroboration Site 4. Orthophoto imagery with overlaid depressions in red and 
GRCA wetlands in black (left) and site topography (right)  

 

Corroboration Site 5 

 Corroboration Site 5, located near the north eastern reaches of the Paris-Galt-Guelph 

Moraine, was heavily forested, with pronounced hummocky topography throughout the site. The 

depressions in the site were generally large in size, similar to many of the other depressions in 

the Paris-Galt-Guelph Moraine sites. Corroboration Site 5 had a total of 809 pdep cells that were 

found by the stochastic depression analysis, representing 45 depression features. The landcover 

of the site is largely forest cover (67.91%) . The remaining landcover is comprised of wetlands 

with several intermixed residential lots. The majority of the forest corresponds to GRCA wetland 

shapes. Open water exists as four small irregularly shaped lakes near the middle and southern 

areas of the site. The topography of the site and location of pdep depression features are shown in 

Figure 4.11. No errors of commission were found in the study site, although three errors of 
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omission were found. The errors of omission found in the site were both under dense forest 

cover.   

Figure 4.11 - Corroboration Site 5. Orthophoto imagery with overlaid depressions in red and 

GRCA wetlands in black (left) and site topography (right) 

 

Corroboration Site 6 

 Corroboration Site 6, located in the south eastern reaches of the Waterloo Moraine, 

was almost entirely comprised of large agricultural fields. The site had topography with more 

widely spaced hummocks of significantly less variation in relief over short distances than in the 

Paris-Galt-Guelph Moraine. This topography resulted in much smaller depressions than the 

previous sites. Corroboration Site 6 had a total of 89 pdep cells found by the stochastic depression 

analysis, representing 35 depression features. The site is dominated by agriculture with two roads 

running through the area. A wood lot in the northeastern corner comprises approximately 3.8 % 

of the landcover in the site. This wood lot lies within the lowest elevation depression seen in 

Figure 4.11, which also corresponds to a small GRCA designated wetland. The topography of 
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the site and location of pdep depression features are shown in Figure 4.12. In this site, two errors 

of omission were found during corroboration, one of which was located directly adjacent to a 

road and the other found in a highly complex area of dense hummocks in the northern field of the 

site.  

 

Figure 4.12 - Corroboration Site 6. Orthophoto imagery with overlaid depressions in red and 
GRCA wetlands in black (left) and site topography (right) 

 

 

Corroboration Site 7 

 Corroboration Site 7 was located near the middle of the Waterloo Moraine, west of the 

town of Mannheim. The site had a gently rolling topography. Corroboration site 7 had a total of 

151 pdep cells found by the stochastic depression analysis representing 37 depression features. 

The area is dominated by large agricultural fields, although intermixed forested wood lots also 

comprise approximately 14.9% of landcover.  An area of forest cover is intermixed with two 
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small lakes and a river in the north-west; this forest is connected to another forest that exists in 

the south-central area of the site by a long and thin stand of trees following the small valley in 

Figure 4.13.  The majority of this forest cover overlies GRCA designated wetlands. The 

topography of the site and location of pdep depression features are shown in Figure 4.13. The site 

had no errors found during field corroboration. 

 

Figure 4.13 - Corroboration Site 7. Orthophoto imagery with overlaid depressions in red and 
GRCA wetlands in black (left) and site topography (right) 

 

Corroboration Site 8 

 Corroboration Site 8, located 6 km northwest of site 7 near the center of the Waterloo 

Moraine, was likewise characterized by gently rolling topography with hummocks spaced at a 

greater distance than many of the previous sites. Corroboration site 8 had a total of 124 pdep cells 

that were found by the stochastic depression analysis, representing 49 depression features. The 

majority of the study site is agricultural landcover. Large farm buildings and residential lots 
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branch off from the main road that runs east to west through the site.  The site contains little 

forest cover (approximately 1.3%).  A small lake exists near the eastern middle area of the site, 

which was found by the simulation but not designated as a wetland by the GRCA wetlands 

shape. GRCA designated wetlands do however lay within two of the larger forested lots near the 

southern reaches of the site. The topography of the site and location of pdep depression features 

are shown in Figure 4.14. During depression corroboration only one error was found in this site. 

This error of commission was located directly under a farm building.  

Figure 4.14 - Corroboration Site 8. Orthophoto imagery with overlaid depressions in red and 

GRCA wetlands in black (left) and site topography (right) 

 

 

Corroboration Site 9 

Corroboration Site 9 was located 4 km northwest of site 8 in the Waterloo Moraine, east 

of the town of Josephburg. This site was different from the previous three Waterloo Moraine 

sites in that it contained a significantly larger amount of forested area. The depressions in this 
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site were also much larger and more complex in shape. These larger depressions were largely a 

result of the more complex topography and existence of larger, more pronounced hummocks. 

Corroboration site 9 had a total of 564 pdep cells found by the stochastic depression analysis, 

representing 41 depression features.  The landscape is predominately agriculture to the west and 

a large forest stretches north to south along the eastern edge, comprising approximately 30.9% of 

the area.  Four large GRCA designated wetlands lie within this stretch of forest. The topography 

of the site and location of pdep depression features are shown in Figure 4.15. No errors were 

found during corroboration in this site.  

 

Figure 4.15 - Corroboration Site 9. Orthophoto imagery with overlaid depressions in red and 
GRCA wetlands in black (left) and site topography (right) 

 

Corroboration Site 10 

 Corroboration Site 10 was located 5 km northwest of site 9, in the far northwestern 

reaches of the Waterloo Moraine. The site had the most gently rolling terrain of all corroboration 
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sites, leading to less complex ridge and depression topography. Site 10 had the fewest identified 

depressions, likely a result of this less complex topography. Corroboration site 10 had a total of 

102 pdep cells that were found by the stochastic depression analysis, representing 33 depression 

features.  The site is split near the center by intersecting roads. The site contains many large 

agricultural fields and a small number of houses lie along the road running east to west making 

up the township of Bamberg. The area is lightly forested (approximately 6.2%). Some of this 

forest cover coincides with GRCA designated wetland areas in the northwest, northeast and 

southeast. Along the eastern edge a stream flows into a small lake. Both of these features and 

their surrounding floodplains are designated by GRCA wetland shapes. The topography of the 

site and location of pdep depression features are shown in Figure 4.16. A single error was found in 

this site; this omission error was found adjacent to a road with no drainage culvert. 

 

 

Figure 4.16 - Corroboration Site 10. Orthophoto imagery with overlaid depressions in red and 
GRCA wetlands in black (left) and site topography (right) 
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4.6.2 Accuracy Assessment Results 

The results of accuracy assessment performed on each of the corroboration sites are shown in 

Table 4.4. In the table it is shown that a total of 525 pdep depressions were identified in the sites. 

A total of ten errors of omission and nine errors of commission were found in the corroboration 

sites by the depression corroboration techniques. The number and type of errors found in each 

site are detailed in the table. Of 525 depression features identified by the stochastic depression 

analysis in these corroboration sites, 96.38% were correctly identified.  

Table 4.4 - Depression Corroboration Results 

 Site 1 Site 2 Site 3 Site 4 Site 5 Site 6 Site 7 Site 8 Site 9 Site 10 Total % of total 

Total 
Depressions 77 53 62 93 45 35 37 49 41 33 525 - 

Errors of 
Omissions 2 1 1 0 3 2 0 0 0 1 10 2.10% 

Errors of 
Commissions 5 2 0 0 0 1 0 1 0 0 9 1.70% 

 

 

4.6.3 Algorithm Accuracy under Different Land Covers 

Errors of Omission Along Roadways 

Of the total omissions found in all sites half were found along roads in the real landscape. 

These omission errors generally occurred where roadbeds were elevated and no drainage culvert 

existed under or along the road. In the DEM used in simulation, the removal of roads from the 

DEM allowed these depressions to drain out. 
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Errors of Omission Under Forests. 

The total forested area in each corroboration site and the percent of omissions found 

under forest cover for each site is shown in Table 4.5. The total area covered by forest in each of 

these sites is variable, ranging from 1.3% in site 8 up to 67.9% in site 5. The total forested area 

of all sites was approximately 19%. Although the forested area is approximately 19%, 

approximately 40% of all errors of commission were found within forested land cover. The type 

of forest in which these errors were found was predominately coniferous or mixed forest, a forest 

type that did not have full leaf off appearance in the SWOOP 2010 imagery.  

 

Table 4.5 - Percent Area Forested and Commission Errors by Corroboration Site 

 

 

 

 Site 1 Site 2 Site 3 Site 4 Site 5 Site 6 Site 7 Site 8 Site 9 Site 10 Total 

% of Area 
Forested 9.8% 13.1% 10.6% 27.6% 67.9% 3.8% 15.0% 1.3% 30.9% 6.2% 19% 

% Omission 
Errors 

Forested 
50% 100% 0% - 100% 0% - - - 0% 40% 

% Omission 
Errors 
Along 
Roads 

100% 100% 100% - 0% 50% - - - 0% 50% 
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Errors of Commission 

 Errors of commission that were found during accuracy assessment were generally located 

in areas with similar characteristics. Approximately 55.6% of all commission errors found during 

depression corroboration were located adjacent to roads that were found in the real landscape. 

Approximately 33.3% of all commission errors found were located under temporary buildings 

such as trailers and tents. Table 4.6 shows which sites had errors of commission along roads and 

which sites had commission errors under temporary structures.  

 

Table 4.6 - Commission Errors along Roads and under Temporary Buildings 

 
Site 

1 
Site 

2 
Site 

3 
Site 

4 
Site 

5 
Site 

6 
Site 

7 
Site 

8 
Site 

9 
Site 
10 

% of total 
commission errors 

Commission 
Errors Along 

Roads 
3 2 - - - 0 - 0 - - 55.6% 

Commission 
Errors Under 
Temporary 
Buildings 

2 0 - - - 0 - 1 - - 33.3% 
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CHAPTER 5 

DISCUSSION 

 

5.1 Characterizing DEM Uncertainty 

 Because the GCPs used to characterize the DEM uncertainty for use in the stochastic 

simulation were located along roadways, it was important that the GCPs that occurred on 

roadways crossing floodplains be eliminated. This was important because of the likelihood that a 

large discrepancy exists between the GCP elevations values and the DEM values in these 

floodplains, since roads are often not well represented in the DEM. The 75 m buffer applied to 

drainage networks was determined to best prevent the introduction of bias around roads; this was 

likely the most suitable buffer size because hummocky topography can have large floodplains in 

the study area. The error values extracted between the DEM and the GCPs had a normal 

distribution; this was expected because DEMs are generally expected to have error which 

follows a normal distribution (Longley et al., 2005). The range that was extracted from the error 

semivariogram also followed expectations because it is generally assumed that DEM error is 

highly spatially autocorrelated (Burrough and McDonnell, 1998; Longley et al., 2005).  

 

5.2 pdep Thresholding 

 A value of 0.6 was chosen as the optimal pdep threshold because the depressions in the 

output after applying the threshold best matched the GRCA wetlands data. The GRCA wetlands 

data was used to select the best threshold because wetlands generally exist within depressions 

and therefore a GRCA wetland shape should match a depression feature. As the pdep threshold 
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was increased from this optimal value, the depressions became smaller and the number of single 

celled depression decreased. A higher threshold value than 0.6 is less suitable because large 

depressions are fragmented into multiple smaller depressions. The areas that were lost at higher 

threshold values are mainly the connecting areas between more pronounced depressions. These 

connecting areas were flagged less times during the simulation because they were shallower and 

less clearly defined in the landscape. Consequently, increasing the threshold value too high led to 

the loss of these depressional areas that were simply less pronounced in the DEM.  

 Alternatively, as the pdep threshold value was decreased from the optimal value of 0.6, 

depressions generally became larger via expansion of the depressions at their edges and in many 

cases, numerous distinct depression features were incorporated into a single large depression.  It 

is therefore likely that a threshold value below the optimal value was less accurate because it led 

to an overestimation of the size of depressions. In most cases these periphery areas are where the 

depression receives inflowing water that does not belong to the depression itself. In general these 

periphery areas are infrequently flagged during simulation because they do not in reality belong 

to a depression. Therefore, a higher threshold value applied to the output eliminates these falsely 

flagged areas, increasing the accuracy of the final output.  

 

5.3 Depression Corroboration 

5.3.1 Suitability of Corroboration Techniques 

 The use of multiple corroboration techniques was invaluable for accuracy assessment 

because each method was able to overcome limitations that were apparent in the other 

techniques. The use of GRCA wetland data for this analysis was important as it allowed for the 
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corroboration of depressions under dense forest cover when a depression corresponded to a 

GRCA wetland. Because corroboration under dense forest cover is limited when using the other 

techniques, the use of GRCA wetland data was essential for proper accuracy assessment. 

Because multiple sources were used to create this data, the accuracy is variable; however where 

orthophotography was used, the data has a horizontal accuracy of ±1 m (GRCA. 2012b). 

 Google Street View imagery interpretation was also an important corroboration method 

as it allowed for corroboration of depressions that were visible along the roadways in each site. 

Because all corroboration sites had road access and the nearby depressions had suitable visibility 

in most images, depressions were quickly and effectively corroborated along roadways using this 

technique. This image interpretation method was more suitable to depression corroboration along 

roadways than orthophoto interpretation because the typical signs of depressions are less evident 

in the orthophotos. Importantly, the use of this imagery allowed for the identification of areas 

that may have contained errors of omission, from where they could be rechecked in the field. 

Despite its usefulness, this imagery does not eliminate the need for field based validation along 

roadways as interpreting the depth and contours of complex depressions can be difficult in using 

imagery. This means that questionable depressions should be checked during field validation.  

 Orthophotos provide complete high resolution coverage of the study area and each site, 

and were, as a result, essential for depression corroboration, overcoming issues such as land 

access and obstructed visibility from tall objects. The corroboration sites in this study were 

dominated by hummocky topography and often visibly obstructive land covers; consequently, 

orthophoto interpretation allowed for the corroboration of depressions that would of otherwise 

went unchecked due to the limitations of the other methods. Areas that were suspected to contain 
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errors of omission based on depression characteristics in the photos could be further inspected in 

the field.  

 When sight lines and land access were permissive, field corroboration stood as the most 

accurate method of depression corroboration. The direct comparison of the landscape to printed 

corroboration site maps allowed for the corroboration of depressions with a high level of 

accuracy. Because of the topography of the study sites, depressions were apparent where dense 

forest cover did not hinder visibility. It was also possible to validate depressions under forest 

cover when direct access to the depression was possible. Field corroboration was also essential to 

accuracy assessment because it allowed for the re-checking of all accessible depressions that 

were corroborated using each of the prior methods, to ensure that the other techniques were able 

to accurately corroborate depressions. Importantly, field corroboration was the only method that 

was able to accurately identify errors of omission. By inspecting each of the corroboration sites, 

the landscape could be inspected for depressions that were not included in the simulation output.  

 

5.4 Accuracy Assessment 

 The algorithm output produced depression features with a variety of shapes and sizes. 

When compared to the GRCA wetland dataset, it was found that the depressions in the 

simulation output often corresponded to wetlands in the GRCA shapefile. However, throughout 

corroboration sites it was evident that the simulation produced a much larger number of 

depressions than the features included in the GRCA wetland dataset. In many cases, depressions 

that were corroborated in the landscape did not have corresponding GRCA wetland shapes. This 

lack of corresponding GRCA wetlands  (Table 4.3) combined with the high overall accuracy of 

the simulation suggests that the algorithm is able to effectively identify both wet depressions that 
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often correlated to GRCA wetland feature, and dry depressions that often did not have a 

corresponding GRCA wetland feature(see table 4.2).  

It was apparent during corroboration that the simulation was able to effectively identify 

even small depressions that had similar size (10 m by 10 m) to the grid resolution of the DEM. 

This finding was surprising as it was expected that the simulation would not be able to 

effectively identify depressions that were near in size or smaller than the resolution of the DEM. 

During field corroboration, the shape of depressions in the simulation output appeared to 

generally be similar in shape to depressions found in the landscape, although determining the 

actual boundaries of depressional features through visual inspection is difficult. In most cases the 

simulation was also able to effectively predict the shape of depressions under forest cover, 

especially when the cover was dominated by deciduous species. However, the algorithm was 

unable to effectively predict the general shape and size of depressions in Corroboration Site 5 

under dense coniferous forest cover. It was evident through depression corroboration and 

analysis of the SWOOP orthophotos that the decrease in accuracy under coniferous forest is 

likely result of error or overgeneralization in the elevation masspoint data (more sparsely 

distributed elevation points) used to create the DEM, a consequence of the difficulty associated 

with accurately extracting ground elevations from orthophotos where conifer trees obscure the 

land surface.  
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5.4.1 Algorithm Accuracy in Relation to Land Cover 

Sources of Errors of Omission  

A total of ten errors of omission were identified during corroboration out of a total of 525 

depressions features located in the corroboration sites. It is evident however that these omission 

errors are not random. Of the total omissions found in all sites, four of ten total omissions were 

found under forest cover and five of the ten total omission errors were found along roads. It was 

found during field corroboration that forested omission errors generally occurred under dense 

forest cover. Because field corroboration was carried out in the late autumn, it was also evident 

that these forested omissions generally corresponded to forests that had a high percentage 

makeup of coniferous tree species. It is therefore possible that the year-round dense coniferous 

canopy cover hindered the ability of elevation values to be properly extracted for the creation of 

the elevation masspoint dataset, which was subsequently introduced as error in the DEM. This is 

further supported by the result that the simulation was able to predict both the location and size 

of depressions under dense deciduous forest cover and mixed forest cover.  

 During field corroboration it was also observed that half of total omission errors were 

located along roads. Through field inspection it was made apparent that these depressions that 

existed in the landscape but were omitted during simulation generally occurred where under-road 

culverts did not exist next to a depression, resulting in pooling within the depression. In reality 

the lack of an under-road drainage culvert led to the existence of a closed depression along the 

roadway. By removing roads from the DEM used in the stochastic depression analysis, these 

depressions were allowed to artificially drain out through the breached road area, where they 

were found to be actually blocked by the road during field corroboration.   
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Sources of Errors of Commission 

 Of 525 depressions identified by the simulation in the corroboration sites, nine were 

found to be errors of commission, for which there was no evidence of a depression within the 

landscape. Like the errors of omission found during depression corroboration, the depressions 

found to be commission errors also exhibited similar characteristics to each other.  Errors of 

commission were often adjacent to roads or directly on roads; five of the nine commission errors 

were found along roadways, some of which existed directly over the road. It is therefore likely 

that the removal of roads led to the creation of artifact depressions where the land surrounding 

roads was higher than the road itself. For example in Corroboration Site 2, the two errors of 

commission that were found during corroboration were directly on the road running through the 

site. During field inspection it was observed that these features were flagged as depressions at 

points in the road where the surrounding land was higher than the roadbed itself. This suggests 

that the removal of the road in this site led to the creation of a depression directly over the 

location of the missing road between these ridges.  

 Although road removal was performed in the DEM used in simulation, small segments of 

roads were still apparent in much of the DEM. The sections of road that remain in the DEM are 

likely a result of inaccuracy or generalization in the road vector used to create the 10 m buffer. 

Because these road segments are still apparent in parts of the DEM, it is possible that these small 

elevated segments may lead to the artificial damming of depressions where under-road culverts 

exist. 

  Although many of the errors of omission and commission found during the accuracy 

assessment stage of this study were related to the removal of roads from the DEM used in the 

simulation, it is still important that road removal be performed on the DEM used in the 
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simulation. During field analysis it was found that ditches existed along the roadbeds; in the 

majority of ditches drainage culverts were present that allowed water to drain from the roadside 

depression. It is thereby evident that leaving roads in a DEM can lead to artificial damming of 

under-road culverts, potentially leading to a dramatic increase in the number of commission 

errors along roads. If a data layer was available that contained the location of drainage culverts, it 

would be possible that to increase the accuracy of the simulation by removing only roads that 

have these culverts.  

 

5.5 Limitations, Study Implications and Future Considerations  

5.5.1 Study limitations 

 Although multiple techniques were used to evaluate the accuracy of the algorithm, field 

corroboration was still limited in some cases. Some depression features found by simulation did 

match large GRCA wetland features. However in several cases, where the depressions were 

heavily forested, a single large GRCA wetland feature would contain multiple smaller 

depressions. It is likely that these large wetland shapes in the GRCA wetland data are a result of 

cartographic generalization during image interpretation of orthophotos. Furthermore, it is often 

difficult to determine the exact boundary size of wetland features, especially when they do not 

contain standing water. Difficulties in determining the exact shape and size of wetlands, 

especially under dense forest cover is evidenced by the large GRCA wetlands shapes that often 

encompass entire forests.  Cell resolution was a determining factor in the ability of the simulation 

to properly determine the shape of depressions. With a moderate resolution of 10 m, many small 

depressions were represented by a single grid cell, even when they were more complex in shape.  



99 
 

While it was relatively easy to determine which depressions were errors of commission 

using the techniques employed in this study, errors of omission were much harder to identify. 

Locating areas that likely contained errors of omission during the interpretation of both Google 

Street View imagery and SWOOP 2006 orthophotos allowed for further inspection of these areas 

in the field. When carrying out field based depression corroboration, the study sites were 

thoroughly inspected for errors of omission; in most cases these areas of interest could be 

inspected easily once in the field. The limitations of identifying omission errors in the field that 

became apparent during field corroboration were: (1) the inaccessibility of certain areas; (2) 

difficulties of identifying omission errors under dense land cover such as forest; (3) issues with 

identifying small and shallow depressions that may appear flat; and (4) visually restrictive 

weather. Despite the thorough inspection of each site, it is therefore possible that the number of 

omission errors could be slightly higher than represented by the accuracy percentage of the 

algorithm. Fortunately, land access and visibility conditions were permissive in all sites except 

Site 5, suggesting that corroboration techniques were able to effectively assess simulation 

accuracy.  

 

5.5.2 Implications and Future Considerations 

 Closed depressions play an important role in the local hydrology of the hummocky 

landscapes where they are a dominant landscape feature. Because the hummocky topography of 

the Waterloo and Paris-Galt-Guelph moraines have an abundance of closed depressions, the 

identification of these depressions is important for the understanding of local hydrological 

processes that may impact important resources such as local groundwater. This study was the 

first to utilize the stochastic depression analysis first proposed by Lindsay and Creed (2006) on a 
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hummocky morainal landscape to identify real closed depressions in the landscape.  The 

algorithm used in this study employed a modified version of the stochastic depression analysis to 

minimize run-times by using a more efficient depression filling algorithm and by adopting a 

more efficient method of generating error fields. The stochastic depression analysis used in this 

study was found to be able to predict the location of closed depressions in this study area with a 

high level of accuracy. 

 The algorithm was found to be effective when applied to a moderate resolution (10 m) 

DEM. An important consideration regarding the SWOOP 2010 elevation data is that although the 

resolution of the data was only moderate, the accuracy of the source data used to derive the 

elevation data was high (50 cm vertical and horizontal accuracies), an important consideration 

when assessing the ability of the simulation to accurately identify depressions in a DEM. By 

utilizing more efficient techniques for generating random fields and for filling depressions, the 

modified version of the stochastic depression analysis presented in this thesis is more efficient 

than the method first proposed by Lindsay and Creed (2006); therefore the simulation is suitable 

for use on large study area DEMs of moderate to fine resolution. The ability of the simulation to 

effectively identify closed depressions in large moderate resolution DEMs has provided a means 

of identifying closed depressions in areas where field inspection is impossible, due to 

accessibility and visibility, or unfeasible due to constraints in time, cost or human resources. This 

study has also provided a means of identifying depressions in remote areas where fine resolution 

DEMs are unavailable or where obtaining fine resolution data is impractical. Because the 

simulation was able to identify dry depressions (which were drained wetlands in most cases), as 

well as wet depressions, it has uses for wetland change mapping.  
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 The accuracy of the algorithm was somewhat hindered by roads in the study site. The 

removal of roads from the simulation DEM caused both errors of omission and commission to 

occur where they otherwise would have not. Unfortunately, this DEM conditioning step is 

essential because not removing roads would lead to a significant increasing in the number of 

errors. It is possible however that due to the nature of the Spline interpolation method that in 

cases of errors of commission, the removal of roads led to the creation of either a small mound or 

small depression where the road would be in the DEM. It is therefore possible that when applied 

to a less hummocky landscape the Spline interpolation may be less suitable and the removal of 

roads would be less problematic. 

 The accuracy of the algorithm was also hindered by forested areas with closed canopies 

(conifer versus off leaf deciduous) in the DEM source data. It is therefore evident that the 

creation of elevation masspoint data from orthophotos is impacted by the poor visibility of the 

ground under closed canopies.  While this is unavoidable in many cases, it suggests that the 

algorithm accuracy would be increased if true ground elevations are represented in the DEM.  
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CHAPTER 6 

CONCLUSIONS 

 

 This thesis attempted to identify closed depressions in a DEM of the hummocky 

landscape of the Waterloo and Paris-Galt-Guelph moraines of Southwestern Ontario, using a 

modified version of the stochastic depression analysis first utilized by Lindsay and Creed (2006). 

A moderate resolution (10 m) DEM was created from SWOOP 2010 elevation masspoint data. 

The characteristics of uncertainty in this DEM were determined and then used in the more 

efficient stochastic depression analysis. The use of a stochastic simulation on a DEM allowed for 

the identification of depressions in a large area (approximately 4,945.5 km2) remotely, 

overcoming the difficulties associated with field based identification. The simulation yielded a 

total of 12,167 depression features in the Waterloo Moraine, where the average area of the 90th 

percentile of these depressions was 6.6 grid cells (10 m resolution). The simulation yielded a 

total of 30,279 depressions in the Paris-Galt-Guelph moraines, where the average area of the 90th 

percentile of these depressions was 5.9 grid cells. This suggests that although the average size of 

depressions in the Paris-Galt-Guelph moraines were smaller, they more than double in frequency 

than those of the Waterloo Moraine. During depression corroboration it was determined that the 

ability of the algorithm to properly identify closed depressions was decreased in areas where 

DEM accuracy was decreased, such as under dense coniferous tree cover. Furthermore the 

algorithm output had more errors in areas directly adjacent to roads, a result of the inability of 

the DEM to properly represent under-road drainage culverts. The final results of the accuracy 

assessment of the simulation suggest that the simulation is able identify simple and complex 

depressions that are both wet and dry with a high level of overall accuracy (96.2% of depression 

correctly identified). The ability of the stochastic depression analysis to identify depressions that 
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do not have standing water means it is able to identify depressions that contain wetlands, and 

wetlands that have been drained, which is useful for wetland change mapping. The ability of the 

simulation to efficiently identify both wet and dry closed depressions in hummocky landscapes 

using a moderate resolution DEM with a high level of accuracy is important for local 

groundwater studies as it provides a means of identifying sites that may serve as critical recharge 

locations for groundwater resources.  

 

The following are the main conclusions that can be drawn from this thesis: 

1. The stochastic depression analysis is able to accurately predict the location of closed 

depressions in hummocky morainal landscapes using a moderate resolution DEM. 

2. The stochastic depression analysis is able to identify depressions that are complex in 

shape. 

3. The stochastic depression analysis is able to identify both wet depressions and dry 

(drained) depressions. 

4. The accuracy of the simulation is generally only reduced under areas of dense coniferous 

forest cover and in areas that are directly adjacent to roads.  

5. By utilizing both the turning bands simulation for random field generation and the Wang 

and Liu (2006) depression filling algorithm, the more efficient version of the stochastic 

depression analysis  modified for this thesis is able to identify closed depressions in a 

large (49,392,597 total grid cells), moderate resolution (10 m) DEM, requiring only 

reasonable computational resources. 
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