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The purpose of this research is to present a novel land-surface parameter (LSP) of
impoundment size, designated as the Impoundment Size Index (ISI), for mapping and quantifying
the extent of topographic incision in DEMs. The ISI inserts a digital dam with a user-defined crosssectional profile length for each cell in the DEM to calculate the size of the impoundment (area,
volume, mean depth) that is created as a result of the “digital damming” operation. An analysis of
computational performance of ISI was performed to assess the execution times of the algorithm.
A bivariate correlation analysis was performed between ISI and six common LSPs used in incision
mapping to determine the degree to which the ISI provides unique geomorphometric information.
Finally, an assessment of agreement was performed between incised areas identified with the ISI
and incised areas identified with visual inspection of the DEMs.
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Chapter 1: Introduction
1.1 Background
A landscape’s topography reflects its unique geological character and history, as well as the
geomorphic processes that are continually working to reshape the surface (Hurtez and Lucazeau, 1999;
Kühni and Pfiffner, 2001; Luo and Stepinski, 2011). Topography also partially controls the distribution
and abundance of surface and subsurface water, as well as climatic variables such as temperature, solar
radiation and exposure to wind at a location (Moore et al., 1991; Wilson and Gallant 2000; Lindsay and
Rothwell, 2008). Therefore, characterizing topography can lead to a better understanding of the processes
shaping and operating within landscapes, such as erosion, transportation and deposition of surface
materials (Montgomery and Brandon, 2002; McKean and Roering, 2003; Glen et al., 2006).
Topographic incision is a good example of this two-way interaction between land-surface form
and geomorphic processes. Incision results primarily from fluvial and glacial erosion (Harbor, 1992;
Burbank et al., 1996; Montgomery, 2000; Montgomery, 2002; Anders et al., 2009), which can lead to the
formation of confined upslope topography and convergent surface shape associated with incised
landforms. Valleys, canyons, stream channels, gullies, and rills are all examples of landforms that typify
topographic incision across a broad range of spatial scales.
Mapping incision and quantifying its extent is useful for many applications, including mapping
gullies and rills (Desmet and Govers, 1997; Evans and Lindsay, 2009; Rengers and McGuire, 2018),
modelling the erosion and deposition of sediment (Summerfield and Hulton, 1994; Montgomery and
Brandon, 2002), identification of suitable dam sites (Petheram et al., 2017), landform classification
(Toriwaki and Fukumura, 1978; MacMillan et al. 2000; Gallant and Trevor, 2003), characterizing
geological conditions (Hurtez and Lucazeau, 1999; Kühni and Pfiffner, 2001), among other common
environmental modelling applications.
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While mapping incision is widely applicable, automated mapping of incisive landforms has
historically been a challenging endeavor. Previously, researchers have used information extracted from
digital elevation models (DEM) that characterizes geomorphology of the land-surface to map areas of
topographic incision (Tarboton and Ames, 2001; Luo and Stepinski, 2008; Evans and Lindsay, 2009; Luo
and Stepinski, 2011; Hseieh et al., 2016; Rengers and McGuire, 2018). The process of extracting and
applying land-surface information from DEM data is the focus of the field of geomorphometry. The
primary objective of geomorphometry is the extraction of land-surface parameters (LSPs) from DEMs in
the support of studying environmental phenomena and landform mapping (Wilson, 2018). An LSP is a
descriptive measure that is representative of some topographic property, such as local slope gradient and
orientation, upslope contributing area, and surface curvature (Wilson and Gallant, 2000; Pike et al., 2009).
Several researchers have previously applied measures of relative topographic position (RTP), a
family of LSPs that characterize how elevated or low-lying a location is, often combined with additional
topographic properties, such as slope gradient and surface curvature, to map incision (Toriwaki and
Fukumura, 1978; Tarboton and Ames, 2001; Gallant and Dowling, 2003; Liu and Stepinski, 2008; Evans
and Lindsay, 2009; Luo and Stepinski, 2011; Rengers and Mcguire, 2018). The basis of the widespread
use of DEM-derived RTP parameters to map incised landforms (valleys, gullies, rills) is that incision is
characterized by locally low-lying topographic positions. However, many other landforms also occupy
low-lying positions across broadly ranging spatial scales (e.g. topographic depressions and the base of
embankments), and RTP parameters alone can have difficulty distinguishing among these varied
landscape settings. To resolve this issue, researchers have frequently used additional topographic
properties, such as surface curvature, to distinguish between other types of low-lying features and incised
landforms (Gallant and Dowling, 2003; Evans and Lindsay, 2009).
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Recently, Read et al., (2012) used the concept of digital damming of the topography in a DEM to
measure impoundment size for every grid cell along stream networks. They developed a suite of
algorithms, called the DamSite, for evaluating reservoir size (i.e area, volume, depth) and dam
construction costs with the intent to aid in the planning of large dam projects. Digital damming (i.e. flow
obstruction) offers an interesting alternative to RTP-based methods for mapping and quantifying incision
because the technique can identify sites of confined upslope topography and locally convergent surface
shape that are characterized by large impoundment sizes. However, the DamSite algorithms have a
number of limitations that prevent their use as a general geomorphometric LSP for mapping and
quantifying topographic incision.
First, the digital damming operation used by Read et al. (2012) method inserts dams that are
perpendicular to stream channels and the dam length encompasses the entire catchment boundary. This
produces dams with extensively long cross-sectional extent, which was the DamSite model’s intent
because it was used to identify and measure suitable sites for large dam projects. However, such a
technique is not suitable for mapping small-scale incised landforms, such as rills and gullies, which have
a cross-sectional length of only a few meters. A more general approach to incision mapping should allow
the user to define the cross-sectional extent over which the incision is measured. Secondly, the Read et al.
(2012) approach requires substantial hydrological preprocessing of the DEM (e.g. depression removal).
These preprocessing operations have the undesirable properties of being computational expensive and
modify the topography in unintentional ways (Lindsay and Creed, 2005; Lindsay, 2016). Depression
filling operations can alter, or even remove, smaller incised landforms such as gullies and rills. Lastly, the
flow-accumulation procedure in the DamSite model that is used to quantify the impoundment size requires
a substantial amount of computer memory. This is because every upslope cell along the flow-path is
examined for each target cell to determine which upslope cells are below the height of the inserted dam
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for calculation of the impoundment size parameters, such as impoundment area and volume. Calculation
of impoundment size is especially computationally intensive in the DamSite model for cells near the
outlets that require examination of a large number of upslope cells. Read et al., (2012) noted that the
DamSite model was used on a DEM containing over 260 million cells that required a peak of 30 GB of
memory.
Therefore, there is a need to develop a general geomorphometric LSP of impoundment size that
can be efficiently used for mapping and quantifying incision at various spatial scales. The method for
measuring this novel LSP should have the following characteristics: 1) it should be capable of mapping
spatially variable landforms incised with user-defined specifications of the incision’s cross-sectional
length 2) it should only require an input DEM and minimal information about the digital dam
characteristics, and 3) it must be computationally efficient without the need to remove topographic
depressions.

1.2 Research aim and objectives
The aim of this research focuses on mapping and quantifying the extent of topographic incision in
the landscape. The study has been organized into the following objectives:
1. Develop a novel geomorphometric-based LSP that can be used to assess the extent to which
upslope topography is confined (incised).
2. Evaluate the ability of this new parameter to map sites of topographic incision within a range of
landscape types
3. Correlate this new LSP with other existing LSPs to establish the degree to which it offers unique
information about landscape topography for incision mapping.
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1.3 Thesis outline
The first chapter provides an overview of the entire thesis and outlines the aim of the research. The
second chapter reviews geomorphic processes responsible for development of incised landforms and
methods used in mapping and quantifying incision. The third chapter is the main focus of the research that
introduces the novel LSP of impoundment size for mapping and quantifying incision and evaluates its
effectiveness and the extent to which it provides unique geomorphometric information. The last chapter
summarizes the research and outlines potential future direction for research on the novel LSP.
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Chapter 2: Literature Review
2.1 Introduction
This chapter presents a review of the literature that pertains to occurrences of topographic incision
in the landscape. The first section focusses on the partial control that topography exerts over the
geomorphic processes that shape the land-surface. Landscape topography spatially arranges the
geomorphic processes that build-up and destroy the land-surface, which in turn has an impact on a widerange of environmental conditions. The second section discusses the geomorphic processes involved in
the development of incised landforms. Glacial and fluvial erosion are known to be the main geomorphic
processes involved in formation of incision. The third section provides a brief overview of the procedures
for generating DEMs that are used in the extraction of LSPs for incision mapping applications. Typical
terrain analysis workflow usually requires three steps, including acquisition of geospatial data, DEM
creation and DEM pre-processing, for extraction of LSPs. The fourth section is a review of various LSPs
that have been used for incision mapping in the past. The last section reviews previous digital terrain
analysis methods that utilize different combinations of LSPs for incision mapping applications.

2.2 Topographic control on geomorphic processes
Topography is crucial to understanding geomorphic processes across a wide range of temporal and
spatial scales (Strahler, 1952; Schumm and Lichty, 1965; Rhoads, 2006). Analysis of topographic
characteristics, such as slope gradient and terrain relief, provides an insight into how geomorphic
processes have shaped the land-surface in the past; and allows estimation of the impacts of geomorphic
processes on the environment in the present and the future. Generally, geomorphic processes refer to
gravitational and molecular stresses acting to destabilize the land-surface material and shape the landforms
(Strahler, 1952). These processes primarily constitute mechanical transport of organic and inorganic
6

material through soil erosion and mass movement, surface and subsurface flow, and biogenic soil
movement by animals and root throw (Swanson et al., 1988). The terms landscape and landform are
commonly used to describe spatial units of the land-surface, however, both of these terms have historically
been loosely defined (Naveh, 1982; Swanson et al., 1988). In this thesis, landscape describes the general
shape of the land-surface at large spatial scale of hectares to many square kilometers; while landform,
such as a valley or a drumlin, is a finer spatial scale topographic feature that has been formed by
geomorphic processes over a long period of time, and constitutes a part of the landscape (Raisz, 1946;
Swanson et al., 1988). On a short timescale, landforms act as a boundary condition controlling the spatial
arrangement and rates of geomorphic processes.
A landform’s topographic characteristics, such as surface shape, elevation and aspect, influence
climatic variables, such as abundance of solar radiation and moisture, which in turn have an impact on
spatial patterns of vegetation (Hupp and Osterkamp, 1996; Wondzell et al., 1996; Hupp and Bornette,
2003), air and ground temperatures (Lu et al., 2006; Joly et al., 2012), and the distribution of organisms,
energy and material within landscapes (Swanson et al., 1988; Moore et al., 1991). Additionally, landform
characteristics can influence the distribution and frequency of environmental disturbances by agents such
as fire (Swanson et al., 1981; Keeton and Franklin, 2004) and wind (Jungerius and Van der Meulen, 1988;
Laity, 1994). Each of these environmental conditions has a profound effect on how the land-surface is
shaped over time and space. Canyons and rills are good contrasting examples of incised landforms that
have been shaped by the geomorphic processes over different periods of time. The spatial scale of incision
highly depends on the rates and the type of geomorphic processes that destroy and build-up the landsurface.
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2.3 Geomorphic processes involved in formation of incised landforms
Incision usually occurs as a result of fluvial or glacial erosion (Montgomery, 2002). External
processes such as human and tectonic activity can affect the incision process as well (Anders et al., 2009).
Although multiple geomorphic processes may be responsible for the development of the incised landforms
simultaneously, incision is usually attributed to one dominant erosive process, such as glacial or fluvial
erosion (Montgomery and Greenburg, 2000). This dominant process highly depends on the climate zone
and seasonal changes associated with the landscape (Montgomery, 2002).
Formation of incised landforms can be facilitated by tectonic processes, such as folding, faulting,
igneous intrusion and metamorphism. These processes are associated with large-scale crust movements
that can raise or lower the topography (Johnston, 1970; Ramirez-Herrera, 1998; Whipple, 2009). Within
many alpine landscapes, the maximum relief of the incision is constantly affected by the tectonic uplift of
mountain peaks, which together with erosive processes control the incision rates (Montgomery, 1994;
Montgomery and Greenberg, 2000). Fluvial and glacial erosion are both widely recognized as the most
important geomorphic processes responsible for the development of incised landforms, which has been
widely supported through empirical estimates of incision rates (Montgomery, 2002; Polyak et al., 2008).
However, it is less clear today which processes is more erosive and causes higher incision rates over time
(Clague, 1986; Lidmar-Bergström, 1997; Montgomery, 2002).
Incised landforms sculpted by glacial erosion are a common feature in landscapes where the
general temperature is usually below freezing, or in alpine landscapes that often contain glaciers at high
altitudes (Montgomery, 2002). The melting and thawing of glaciers cause ice flow over the bedrock, which
in turn generates friction and erosion of the land-surface by plucking and abrasion (Harbor, 1992). Incised
landforms carved by glacial erosion exhibit a great degree of regularity in its cross-sectional profile, which
is generally described by a parabolic shape in the geomorphic literature (Strahler, 1960; Hirano and Aniya,

8

1988; Harbor, 1992). Harbor (1990, 1992) has developed a model based on a quadratic function of sliding
velocity of the erosion law for simulating development of cross-sectional profile of glacial valleys.
Harbor’s model successfully recreated the glacial erosion pattern associated with the U-shaped landforms,
which provided a better geomorphic understanding of glacial valley formation (Seddik et al. 2009). Much
scientific literature has been dedicated to the study of glacial processes that shape incised landforms, and
some researchers have suggested that glacial landscapes have higher erosion rates than nonglacial ones on
the basis of observations showing that sediment yields are generally higher in glacier-fed rivers (Harbor
and Warburton, 1992; Hallet et al. 1996; Seddik et al., 2009). However, the movement of surface runoff
has long been recognized to be intertwined with glacial erosion and ice flows (Montgomery, 2002). The
direction of glacial erosion by ice flows and fluvial erosion by surface runoff are mainly controlled by the
same topographic characteristics of the land-surface, such as local relief, slope gradient and orientation
(Montgomery & Greenburg, 2000; Montgomery & Brandon, 2002).
Topography provides the boundary condition that controls the gravitational gradient, which
determines the flow direction of the surface runoff and material, and thus, has a partial control over the
fluvial processes that erode and build-up the land-surface (Marks & O’Callaghan, 1986; Montgomery &
Brandon, 2002). For example, Holmes (1944) estimated that fluvial erosion in the Arun River gorge may
be responsible for 21% of the height of Mount Everest. Montgomery (1994) examined cross-sections of
valleys in the Himalayan mountains and estimated that fluvial erosion by rivers could account for up to
30% of the elevation of the peaks. Development of incision and streams is closely related. At any given
cross-section, the incised landform cannot grade lower than the stream, and the adjoining slopes of incision
supply the runoff and sediment that together form the profiles of the incised landforms and streams
(Horton, 1945). The incision rates due to stream erosion largely depend on bed shear stress which scales
with stream unit power (Whittaker et al, 2007). The stream unit power is defined as the time rate of

9

potential energy expenditure per unit weight of water in an alluvial channel (Bagnold, 1960; Yang & Stall,
1972). Generally, a simplistic stream power incision model is largely a function of land-surface lithology,
width of the channel, upslope drainage area and energy slope, which is frequently estimated as the slope
gradient of the land-surface (Gasparini & Brandon, 2011; Fisher et al., 2013). These variables have been
commonly used to estimate incision rates along the flow paths (Moore et al., 1991; Whittaker et al., 2007;
Bookhagen & Strecker, 2012). Gasparini & Brandon (2011) argued that this type of stream power incision
model is incomplete because it ignores the influence of sediment flux in the incision rates. Low sediment
flux conditions result in small sediment bed cover and the moving bed load will serve as a tool to enhance
the incision rates (Gasparini & Brandon, 2011). Increase in sediment flux covers the channel bed with
sediment, which in turn decreases the area of bedrock exposed to sediment impacts and incision rates
(Gasparini & Brandon, 2011). Today, sediment movement by fluvial erosion and deposition is widely
recognized as one of the most important geomorphic processes affecting the landscape topography (Luo
& Stepinski, 2011), and some researchers have argued that there is little difference between fluvial and
glacial erosion rates (Summerfield & Kirkbride, 1992; Lidmar-Bergström, 1997; Montgomery, 2002).
No matter which geomorphic processes govern the development of incision, all incised landforms
share a similar topographic signature of occupying a locally low-lying position and confined, convergent
topography. Methods for mapping and quantifying incision have been based on calculations of these
topographic characteristics, which are expressed as quantitative measures of the land-surface or LSPs,
such as local slope gradient, curvature and upslope drainage area. Before the widespread use of computers,
geomorphologists mostly relied on the analysis of topographic maps for computation of different LPSs to
map and quantify the extent of incision (Moore et al., 1991; Nelson et al., 2009; Pike et al., 2009). Modern
methods of terrain analysis involve computation of LSPs through digital manipulation of terrain heights
with DEMs (Moore et al., 1991; Pike et al., 2009). Geomorphometry is the modern science concerned
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with extraction of LSPs for environmental modelling applications and landform mapping (Moore et al.,
1991; Pike et al., 2009).

2.4 Geomorphometry as a tool for mapping and quantifying topographic incision
The typical DEM-based terrain analysis workflow usually requires three procedures for extraction
of LSPs that are used in mapping and quantifying incision, including: 1) data acquisition by sampling the
land-surface in a form of terrain height measurements; 2) generation of DEM through interpolation of the
elevation data; 3) conditioning of the DEM commonly involving removal of depressions and flat areas.
Each of these steps can introduce a degree of uncertainty into the analysis, which subsequently has an
effect on the accuracy of the derived LSPs used in mapping/quantifying incision (Wechsler, 2007). It is
crucial to understand that the DEM and its derivatives only approximate the reality of landscape
topography and land-surface properties. The DEM has an inherent degree of error that is unavoidable
(Wechsler, 2007).

2.4.1 Data acquisition and DEM generation
Elevation data can generally come from three different sources: grounds surveys, aerial
photographs and remote sensing data (Nelson et al., 2009). Most modern methods of data acquisition for
DEM production involve the use of remote sensing techniques, such as satellite imagery, and radar and
laser ranging (Nelson et al., 2009). Generating elevation data from satellite imagery and other optical data
is based on extracting elevation samples with the use of photogrammetric methods and ground control
points when two or more photographs have sufficient overlap between them (Barrette et al. 2000).
Extracting elevations from radar data, by comparison to photogrammetry, involves the use of
interferometric techniques (Islam et al., 2008; Nelson et al., 2009; Lang & McCarty, 2008). The radar
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system emits microwave energy and records the backscatter intensity returned from the ground (Lang &
McCarty, 2008). This allows for calculation of elevations from the phase difference between two recorded
images and a known height of the radar system (Nelson et al., 2009). Light detection and ranging (LiDAR)
systems provide a third remote-sensing based source of elevation data. These data are frequently used for
mapping small-scale incised landforms (Rengers and Mcguire, 2018) and estimating incision rates by
detecting changes in the extent of incision through multi-period LiDAR DEMs (Hsieh et al., 2016).
LiDAR systems work by emitting short pulses of laser energy, typically in the infrared or visible
portion of the electromagnetic spectrum and illuminate small portions of the land surface (Heritage &
Large, 2009). Airborne LiDAR systems are mounted onboard aircraft and scan the ground beneath the
aircraft using a rotating laser range-finding system. These airborne laser scanning (ALS) systems are
widely deployed for terrain and bathymetric mapping applications (Irish et al., 2000; Liu, 2008). The
sensor records the two-way travel times of emitted laser pulses that are reflected off of the ground and
other off-terrain objects (e.g. tree branches) and back toward the sensor (Giglierano, 2007). Travel times
can be used to determine the distance from the sensing platform to each ground target. When combined
with positional information from the onboard GPS unit and orientation data collected from the aircraft’s
inertial measurement unit (IMU), these data can be converted into a set of irregularly spaced point
elevations, known as a point cloud (Heritage & Large, 2009). The most common type of ALS is a discrete
return system, which can have multiple returns to the sensor (Liu, 2008). The first-return pulse is typically
representative of the vegetation, while the last-return is typically representative of the surface beneath the
vegetation (Heritage & Large, 2009). Therefore, LiDAR pulses can penetrate forest canopies where it is
difficult to collect topographic information using other methods, including photogrammetry and
interferometry. Additionally, LiDAR data usually has fine spatial resolution with high vertical and
horizontal accuracy, and dense surface coverage. For many applications LiDAR point clouds are the ideal
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elevation data source for DEM production and the technique has quickly become the new standard for
data acquisition in the field of geomorphometry (Wilson, 2018).

2.4.2 Interpolation of elevation data
LiDAR point clouds are usually interpolated into raster DEMs for extraction of LSPs. Interpolation
is a process of estimating values of a variable, such as terrain height, in non-sampled locations based on
the neighbouring values of sampled locations (Liu, 2008). Most interpolation methods assume that the
surface of the landscape is continuous and smooth, and that point values are autocorrelated (Liu, 2008).
Spatial autocorrelation is a characteristic of data distribution that exhibits greater association between
nearer locations than more distant sites and is a common phenomenon observed in many types of spatial
data, including topography (Tobler, 1970). Spatial autocorrelation is the underlying assumption of all
interpolation methods. Many different interpolation methods exist, such as Inverse Weighted Distance
(IDW), spline methods, natural neighbour (NN), and kriging, and many others.
The comparative studies indicate that there are no interpolation methods that are the most accurate
for every type of landscape (Hodgson and Bresnaham, 2004; Zhang and Whitman, 2005; Aguilar et al.,
2005; Chaplot et al., 2006; Guo et al., 2010). Instead, optimal methods of interpolation largely depend on
the source data, terrain pattern, sampling density, spatial resolution of the DEM and purpose of the terrain
analysis (Aguilar et al., 2005; Liu, 2008; Guo et al., 2010). Aguilar et al. (2005) studied the effects of
interpolations methods, sampling density and terrain morphology on the accuracy of the resulting DEM.
Their findings suggested that that terrain morphology has the greatest influence on the DEM quality. As
the complexity of the terrain increases, the accuracy of the DEM decreases (Guo et al., 2010). Hodgson
and Bresnaham (2004) noted that elevation errors were twice as high on steep slopes than flatter ones.
Guo et al. (2010) suggested that effects of terrain complexity change with different interpolation methods
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and spatial resolutions of the DEM, and methods such as IDW and NN are more sensitive to high terrain
complexity at high spatial resolutions, than more sophisticated interpolators, such as kriging methods.
Sampling density of the LiDAR point cloud is also an important factor and the accuracy of the
DEM generally increases with higher density (Liu, 2008). Guo et al. (2010) found that sampling density
and terrain complexity contributed similar degree of error at high spatial resolutions (0.5m - 1 m), while
terrain complexity contributed higher degree of error at lower spatial resolutions (5m – 10m). The choice
of the interpolation is rather important, and it highly depends on the purpose of the terrain analysis. For
example, more simple methods such as IDW and NN are computationally efficient for producing DEMs
from large LiDAR datasets (Chaplot et al., 2006). However, Gou et al. (2010) noted that when the accuracy
of the DEM is of greatest concern, then kriging methods are the better choice for generating high-quality
DEM.

2.4.3 DEM pre-processing
The most common DEM pre-processing step involves removing depressions and flat areas
(Wechsler, 2007). Depressions and flat areas are cells in the DEM with no lower neighbours (O’Callaghan
and Marks, 1984). They act as a barrier to surface flow-paths, and therefore need to be removed for
applications involving extraction of drainage networks and the majority of hydrology-related LSPs
(Lindsay, 2016). In the past, the majority of DEM users removed all depressions within DEM based on
the following justifications: 1) depressions in the landscape are generally small-scale features that are
inadequately represented by the coarse grid resolution 2) artefact depressions occur more often that actual
depressions 3) actual depressions overspill after they are filled with water or the movement of water
continues through subsurface flow (Lindsay and Creed, 2006).
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Artefact depressions are caused by data errors, interpolation defects, and limited spatial resolution
of the DEM (Lindsay and Creed, 2006; Wechsler, 2007). Much research has been dedicated to
development of various flow-enforcement techniques with DEM (O’Callaghan and Marks, 1984; Jenson
and Domingue, 1988; Rieger, 1993; Martz and Garbrecht, 1999; Soille et al., 2003; Wang and Liu, 2006;
Barnes, 2014; Lindsay, 2016) Most common methods for removing depressions from DEMs are
categorized into filling, breaching, and hybrid approaches (Lindsay and Creed, 2006). Filling methods
involve raising the elevation of a depression to their lowest spill point, and the approach assumes that
depressions in the landscape are underestimated (O’Callaghan and Marks, 1984; Lindsay, 2016).
Depression breaching involves carving a channel through a depression in the direction of a downslope
neighbour by lowering the elevations of the higher cells, and the approach assumes that depressions in the
landscape are overestimated (Lindsay and Creed, 2005; Lindsay, 2016).
Any flow-enforcement technique modifies the elevation data in the DEM which introduces error
into the dataset (Lindsay and Creed, 2005; Wechsler, 2007; Lindsay, 2016). Therefore, modification of
the original elevation values in the DEM should be minimized (Lindsay and Creed, 2005). Although
studies have suggested that breaching and hybrid approaches modify the DEM to a lesser degree (Soille,
2004; Lindsay and Creed, 2005); most DEM users tend to favor filling methods for depression removal
due to greater availability in common GIS software, computational efficiency, and the need to efficiently
deal with vast amount of depressions from fine-resolution DEMs (Lindsay, 2016). However, Lindsay
(2016) showed that depression-breaching methods and hybrid methods modify the DEM to a lesser extent
and can have a comparative computational performance to the modern filling methods in large datasets.
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2.5 Topographic parameters
LSPs constitute fundamental part of a larger and more sophisticated geomorphometric analysis,
such as incision mapping (Speight, 1968; Dikau, 1989). LSPs can be broadly categorized into local
parameters that are calculated as a function of local surroundings, and regional parameters that are defined
in reference to the larger landscape (Florisky, 1998; Olaya, 2009, Wilson, 2018).
LSPs can also be considered as metrics or indices. A land-surface metric quantifies a physically
meaningful and measurable characteristic of topography, such as slope, aspect, or curvature. A metric is
expressed in physical units (e.g. length units or angular units) that can be assessed for accuracy of the
measurement. A topographic index, by comparison, quantifies some property of the terrain using an
indicator variable. They are often expressed in relative, unitless scales and are sometimes used as
surrogates for other environmental processes operating in landscapes and related to topography (e.g. soil
moisture, erosion). This makes indices difficult to assesses for accuracy, and the focus is instead often
placed on assessing an index’s usefulness for applications related to topographic processes (Hjerdt et al.,
2004; Grabs et al., 2009). The topographic wetness index (TWI) (Beven and Kirby, 1979) and sediment
transport index (Ackers and White, 1973) are common examples of these types of parameters. This section
focuses on LSPs that are related to mapping and quantifying incised landforms. These LSPs include some
fundamental topographic properties such as slope gradient and curvature, various measures of RTP, and
some hydrology-related parameters, such as specific catchment area and the TWI.

2.5.1 Slope gradient
Slope gradient is a is a topographic metric that describes the rate of change in elevation at a location
and in a particular direction (Wilson and Gallant, 2000). Although it can be measured in any direction, it
is usually assessed for a site in the direction of maximal value, i.e. the steepest slope gradient. It is a crucial
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parameter for calculation of local flow direction because runoff typically flows along the steepest
downslope gradient. The calculation of slope varies between mathematical descriptions, however, all
algorithms follow the framework of finite differences that represents the rise-over-run computation
(Wilson and Gallant, 2000). The grid structure of DEMs creates a scale dependency in the calculation of
slope. A large number of studies have described how the peak in the distribution of slope gradient tends
to decrease with increasing spatial resolution with the largest effects on steeper slopes (Zhang and
Montgomery, 1994; Jones, 1998; Deng et al., 2007). Dissected landscapes with high slope gradient
variability tend to contain well-defined incised landforms that can be detected across a range of spatial
scales, i.e. gullies, stream channels, valleys. For example, cross-sectional profiles of incised areas tend to
be characterized by steep slope gradients along the walls of the profile and by relatively flat slope gradient
along the bottom of the profile (Liu, 2011). Therefore, slope thresholding is one of the techniques that
have been previously used to detect incised landforms, because it ensures that the adjoining slopes are
steep enough and the bottom is relatively flat to be classified part of incision (Tribe, 1991; Gallant and
Dowling, 2003).

2.5.2 Curvature
Curvature is a metric that describes the rate of change in slope or aspect (Wilson and Gallant,
2000). Many definitions of curvature are possible, which depend on the orientation of curvature at a
specific point (Schmidt et al., 2003). The most commonly applied forms of curvature measured from
DEMs include profile and plan curvature. Profile curvature describes the rate of change in slope and is
therefore directed along the steepest descent and related to flow acceleration, erosion and deposition
distribution (Wilson and Gallant, 2000). Plan curvature, sometimes called contour curvature, describes
the rate of change in the direction of a contour line, and is directly related to convergence and divergence
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of flow paths, and soil water content (Schmidt et al., 2003, Boogart et al., 2006). Curvature is useful in
identification of various landforms, such as hilltops, ridges, saddles, and particularly incised areas,
because curvature is a good indicator of break-in-slope. Incised landforms only occur in areas with
convergent plan curvature, since the bottom of a topographic incisions needs to be confined by adjoining
slopes on both sides of the cross-sectional profile. Several researchers have used plan curvature along with
RTP parameters for incision mapping applications (Tarboton and Ames, 2001; Gallant and Dowling,
2003; Evans and Lindsay, 2009).

2.5.3 Upslope contributing area and specific catchment area
Slope and curvature are related to local flow direction, which is used as an input to the flowrouting algorithms that calculate upslope contributing area (A) and specific catchment area (SCA)
(Wilson and Gallant, 2000; Wilson et al., 2007). A is typically measured as a spatial distribution where
the upslope area is assessed for each grid cell in a DEM, and it is directly related to identification of
saturation zones and extraction of stream networks (O’Callaghan and Mark, 1984; Costa-Cabral and
Bruges, 1994). A is a regional parameter because its values are defined in reference to all the upslope
cells connected to a point by a series of flow-paths; and thus, is considered as a measure of regional
RTP.
Incised landforms, such as stream channels, are often mapped by using the distribution of A in
a DEM because streams are sites of runoff concentration that have relatively high values of A in
comparison to other local areas (O’Callaghan and Marks, 1984, Tarboton, 1997; Orlandini et al., 2003;
Wilson et al., 2008). Stream channels are can be extracted from DEMs at points where values of A exceed
a user-specified threshold (Wilson et al., 2008). According to power-law relationship, channel width and
depth increases with increasing contributing area (Fisher et al., 2013). Desmet and Govers (1997) studied
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the relationship between rill and gully cross-sectional geometry and topography. Their research suggested
a significant correlation between rill cross-sectional depth and power function of contributing area.
Therefore, it is generally expected that the degree of topographic incision at a location increases with
increasing upslope contributing area.
SCA normalizes A to a unit of contour length, usually taken to be the grid cell resolution of the
DEM (Wu et al., 2008). The reason for this normalization is to reduce the dependence of the spatial
distribution of A on the scale of terrain sampling determined by the grid resolution (Tarboton, 1997;
Wilson and Gallant, 2000). The value of A is highly dependent on grid resolution and larger grid sizes
have larger A values, because the grid size represents the smallest possible value of A (Zhang and
Montgomery, 2004; Deng et al., 2007). Hydrological topology of the DEM is determined by various flowrouting algorithms that estimate flow direction according to topography in a 3 by 3 moving window.
Methods of calculating flow direction differ among various flow-routing algorithms, which subsequently
has an effect on calculation of A and SCA.

2.5.4 Local topographic position (LTP) parameters
LTP parameters describe a position of a location relative to the user-defined neighborhood; and
thus, constitute a measure of local RTP. Some common examples of LTP parameters include deviation
from the mean, elevation percentile, mean elevation, among others (Wilson and Gallant, 2000). For
mathematical descriptions of these LSPs refer to Lindsay and Newman (2018) and Wilson (2018).
Applications of LTP parameters for quantifying the extent of topographic incision relate to the idea that
incised areas tend to occupy a low-lying position with a higher elevation deviation in comparison to other
local locations. Therefore, previous studies have associated measures of various LTP parameters with the
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extent of topographic incision at a location (Carroll, 1983; Tribe, 1991; Gallant and Dowling, 2003; Evans
and Lindsay, 2009).
Lindsay and Newman (2018) compared robustness of four LTP parameters for multiscale
characterization of relative topographic position. Among these LTP parameters included elevation
percentile (EP), deviation from the mean (DEV), percent elevation range (PER) and relative topographic
position (RTP). EP was considered as the most accurate representation of LTP because EP shows minimal
sensitivity to elevation distribution shape and the existence of elevation outliers. Despite this, comparison
of the computational efficiency of the parameters revealed that EP was by far the least efficient to compute
and therefore unsuitable for multi-scaled LTP characterization. Comparison of the remaining three LTP
parameters suggested that DEV was the most correlated to EP, while being the fastest and scale-invariant
run-times (Lindsay and Newman, 2018).

2.5.5 Downslope index
The downslope index was proposed by Hjerdt et al. (2004) as an alternative to local slope gradient
for calculating hydraulic gradient of an arbitrary point in the landscape. The index describes the downslope
distance in the direction of the flow path until a user-specified drop is achieved, which can be expressed
as:
d

tanαd =L (Equation 1)
d

where d is the user-defined vertical distance and Ld is the horizontal distance required to achieve the
vertical drop. Hjerdt et al. (2004) used the downslope index instead of a local slope gradient for the
calculating the TWI, which is usually expressed as a compound measure of slope gradient and SCA. The
new version of the TWI was used to simulate spatial distribution of wetlands in Sweden. However, their
results concluded that the values of TWI were primarily influenced by the SCA factor and not the measure
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of hydraulic gradient, which made it particularly difficult to identify wetlands in the upland areas.
However, the authors also reported that the downslope index was less influenced by the grid resolution
because it is integrated over a number of cells, while the local slope gradient is typically calculated in a 3
by 3 neighbourhood. Grabs et al. (2009) compared various versions of the TWIs for the purpose of
identifying wetlands. The authors suggested that TWIs that included the downslope index performed
better than those based on local slope gradient. The disadvantage of the downslope index is its subjective
nature because its value highly depends on the selection of d. Hjerdt et al. (2004) suggests that measure
of terrain relief can serve as an indicator for appropriate d value. Generally, landscape with high relief
require high d values to produce Ld greater than a single grid cell.
The downslope index can be a useful for measuring topographic incision as an alternative to local
slope gradient. Similar to high-relief landscapes, highly dissected landscapes with well-defined incised
areas do not require a long distance to achieve a small user-defined vertical drop due to high elevation
variability in the landscape. The areas around the adjoining slopes of incision require short horizontal
distance to achieve the vertical drop. The bottom of the topographic incision is generally flat and require
a longer horizontal distance to achieve the vertical drop.

2.5.6 Topographic wetness index (TWI)
The TWI is one of the most commonly used land-surface indices that was originally developed for
integration with a hydrological forecasting model, called the TOPography-based hydrological MODEL
(TOPMODEL). The TWI is commonly used for identification of saturation zones and soil wetness
conditions in a DEM (Beven and Kirby, 1979; Moore et al., 1991; Lang et al., 2013), and it is expressed
as a compound measure of slope and specific catchment area, and defined by the equation (Beven and
Kirby, 1979):
21

SCA

TWI = In(tanβ) (Equation 2)
where tanβ is the slope.
The slope gradient calculation is typically a standard procedure that does not vary between
methods, while calculation of SCA is dependent on the flow-routing algorithm used (Fried et al., 2000;
Schmidt et al., 2003). Numerous studies have described the spatial resolution dependency of TWI, because
both, SCA and slope gradient are scale dependent (Zhang and Montgomery, 1994; Wechsler, 2007; Deng
et al., 2007). The general steady-state formulation of TWI is based on a number of assumptions, such as
uniform soil properties, steady-state flow conditions, no lateral unsaturated flow, and the condition that
the water table is positively correlated with the surface topography (Moore et al., 1991; Rodhe et al.,
1999). These assumptions limit the use of TWI because landscapes do not tend to be homogenous in terms
of soil properties, and transmissivity of water (Rodhe et al., 1999).
Nevertheless, the TWI has been extensively used in identification of saturation zones, where areas
with high values of TWI indicate high saturation levels (Lang et al., 2013). It is expected to observe higher
TWI values at the bottom of incised landforms because these areas are considered as sites of water
concentration that have higher SCA values than other local areas (Tribe, 1992). Rodhe et al. (1999) used
the TWI in identification of mires in Southern Sweden. Mires are a type of wetland that is situated within
a depression. The authors concluded that the index performed poorly due to the underlying assumption of
uniform soil conditions, while their study site contained heterogenous soils with varying depths. Lang et
al. (2013) tested the predictive strength of TWI in identifying wetlands and suggested that its use can be
emphasized in areas where the lateral distribution of water flow is dominant over groundwater flow.
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2.6 Methods of mapping and quantifying incision
The LSPs reviewed in the previous section have been commonly used in various combinations for
mapping and quantifying the extent of incision. LSPs related to measures of local RTP are the most
common family of LSPs applied for these applications. The common use of RTP parameters is attributed
to the fact that the bottom of the incision occupies a low-lying position in comparison to other local
locations. Some of the earliest methods for identifying incised landforms from DEMs were developed by
Greysukh (1967), Peuker and Douglas (1975) and Toriwaki and Fukumura (1978), who used the concept
of “higher than” for recognition of individual valley cells (Tribe, 1992). Greysukh (1967) and Peuker and
Douglas (1975) methods compared neighboring elevations of cells to construct a graph. If the cells in the
graph conformed to a “V-shaped” configuration, then they were classified as valley cells. Toriwaki and
Fukumura (1978) calculated the coefficient of curvature (CC) and connectivity number (CN) using variant
and invariant window sizes. The CN was used in binary images to specify the order of pixels connected
to the detected stream centerline. Based on calculated CC and CN values a pixel was a given a landform
type. Johnston and Rosenfeld (1975) also used the concept of “higher than” by comparing the elevations
of the north-south and east-west neighbours with the centre cell in a 3 by 3 moving window. If either of
the north-south or east-west neighbours were higher, than configuration of the cells represented a “vshaped” profile and was identified as a valley cell. Carroll (1983) described a similar method, but also
included diagonal cells in the search for the “v-shaped” configuration.
The vast majority of these early methods for identification of valley cells generally produced much
noise and recognized cells as valley cells too far up-valley. Additionally, many wide valley cells were
generally missed due to fixed, invariant window size in most methods. Tribe (1990, 1991) improved upon
the method of Carroll (1983) by including two conditions: 1) introduction of a threshold slope gradient;
and 2) examining the cells beyond the nine-cell neighborhood. The inclusion of slope threshold ensured
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that the sides of the “v-shaped” profile were steep enough to be considered as a valley, while the extended
window size allowed for identification of larger spatial scale incised landforms. The method described
by Tribe (1991) identified a “network of valley bottoms” that reflects the positions and width of the valleys
in an area. However, Tribe also described a number of issues with their method. First, the network was
discontinuous at valley junctions, because the spurs dividing the valleys were generally lower than the
individual valley cells and the chosen slope threshold was typically too high for these cells to be identified
as a valley. Second, the choice of slope thresholds and window size was subjective and required previous
knowledge of the landscape topography. Most of the methods described above represent the early concept
of LTP (local RTP) for identification of incised landforms, because the concept of “higher than” examines
the elevation of a location relative to a defined neighbourhood. However, all of these works were highly
constrained by the coarse resolution of the DEM and were generally applicable for identification of large
spatial scale incised landforms.
Kuhni and Pfiffner (2001) used a measure of local relief in a form of difference between the lowest
elevation and highest elevation in a 10  10 km sample neighbourhood for “describing the maximum
dissection of the landscape owing to valley incision”. However, there are a number of issues with using
measures of local relief as an expression of incision by glaciers and streams. First, the difference between
lowest and highest elevation does not capture the valley density contained within a sampling window.
Second, the measure of local relief used in their study describe the maximum difference between elevation
for a defined neighbourhood, but it does not necessarily capture the extent of a specific incised landform.
The difference in elevation may be attributed to multiple incised areas that were contained within the
sample neighbourhood. However, the calculated measure of local relief in their study was used for
production of erodibility map in the support of studying relationship between topographic properties and
lithology. Therefore, an explicit map of incised landforms was not necessarily required in their study.
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Gallant and Dowling (2003) developed a multiresolution valley-bottom flatness (MRVBF) index
for identification of valley bottoms based of the topographic properties of typical incised landforms, such
as flat, low slope gradient bottom of incision and locally low-lying position. The flatness was measured
by inverse slope threshold and a locally low-lying position was determined through an RTP threshold,
which was expressed as elevation percentile relative to a circular surrounding area. These two combined
measures were both scaled to the range of 0 to 1, and when multiplied together were interpreted as
membership functions of fuzzy sets. The analysis was carried at a range of spatial scales separately, which
allowed large scale valley bottoms to be represented without unnecessary detail and override the finer
scale features when they were part of the larger valley bottom. The location was considered to be a valley
bottom at a given scale when a location was sufficiently low and flat at that scale and is sufficiently flat
at all finer scale from the given one. The advantage of the method by Gallant and Dowling (2003) is that
it is highly adaptive to width variability of incision and it does not require calculation of topographic
properties separately, but rather the MRVBF index automatically calculates all the necessary variables at
various scales. However, Gallant and Trevor (2003) noted that the MRVBF identified some flat saddles
as valley bottoms, and the interpretation of these areas required manual examination of additional maps.
Evans and Lindsay (2009) used a measure of RTP in a form of difference from mean elevation
(DFME) for gully mapping applications. The DFME measure is a difference between elevation at the
centre cell in a moving window and the mean elevation of the remaining neighbouring cells. In their
study, gully cells in a DEM were identified primarily on the criteria that that gully cells occupy a lowlying position in comparison to neighbouring cells. However, not all low-lying locations represent sites
of topographic incision, therefore including only measures of RTP for incision mapping generally
produces much noise. To resolve this issue, Evans and Lindsay (2009) used a second criterion of
convergent plan curvature to distinguish between noise and gully locations. Evans and Lindsay (2009)

25

acknowledged that the amount of noise was partly dependent on the window size and DFME threshold.
Nevertheless, the authors reported that comparison of manual interpretation of identified gullies from
DEM and aerial photographs showed accurate results.
All the previously discussed methods of mapping and quantifying incision were largely based on
morphological properties of landforms, such as local RTP and surface curvature. Luo and Stepinski (2011)
developed a hydrological parameter for quantifying and mapping incision on the basis that incision is
largely a reflection of fluvial processes that shape the incision. The parameter, referred to as the flowlength difference (FLD), is measured as the difference between flow length along 3D topographic surface
and its projection onto a 2D horizontal plane. Highly topographically incised areas, such as deep valleys,
have longer 3D flow length than its projection onto the 2D plane. Luo and Stepinski (2011) argued that
the FLD parameter is a better measure of topographic incision than common morphology-based
parameters because it is directly linked to fluvial processes. However, not all steep channels are incised,
a large difference between 3D and 2D length can sometime be simply attributed to a high slope gradient
on hillslopes, which makes the FLD parameter particularly vulnerable to errors in mountainous
landscapes. On the other hand, some flat channels that may not have large FLD value can be deeply incised
(e.g. entrenched meanders).
Rengers and McGuire (2018) mapped areas of rills in post-wildfire hillslope areas to study
development of rill erosion and sedimentation risks. Burned hillslopes were surveyed with a terrestrial
LiDAR system on three occasions. The repeat surveys provided an understanding of rill erosion formation
after the wildfire and prior to any rainfall and following several rainfall events. The rills were identified
using a morphological criterion. First, a Gaussian high-pass filter was applied to produce a smoothed DEM
(GDEM). The Gaussian high-pass filter used in the Rengers and McGuire (2018) study is a type of RTP
measure with which low-lying positions are identified by differencing the GDEM from the original DEM.
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The last step involves distinguishing between closed depressions and rills through examination of the
drainage area calculated with D-infinity flow-routing method (Tarboton, 1997). Depression areas that had
relatively high drainage area were considered as sites of rill erosion. The method of Rengers and McGuire
(2018) is highly adaptive for mapping incision with short cross-sectional extent. However, such as method
is not applicable for mapping larger incised landforms, such as valleys and canyons, because large-scale
landforms are not as affected by the smoothing operation. Additionally, the method of Rengers and
McGuire (2018) required a number of separate operations, which may be difficult for some users.
Read et al. (20120 developed the DamSite model which is used to perform regional scale ranking
of sites for large dam projects. The DamSite model uses the concept of “digital damming” to evaluate
storage yields of potential impoundments and construction costs of the dam. Digital damming provides an
interesting alternative to previously used methods based on morphological land-surface properties for
quantifying and mapping incised landforms, because the impoundment area and depth is a good estimate
of the incision’s size. Catchment boundary of the incision acts as the spill point of the impoundment, and
the impoundment size measure is used as a surrogate for quantifying the extent of incision where deeply
incised areas are characterized by large impoundment sizes.
Initially, the DamSite model requires all of the depressions and flat areas to be removed from the
DEM and the flow network is derived with the D8 flow-routing algorithm (O’Callaghan and Marks, 1984;
Read et al., 2012). Then, digital dams are constructed perpendicular to each cell along the stream network,
and the dam’s cross-sectional length encompasses the entire catchment boundary. Read et al., (2012) noted
that is a good approximation of a dam’s fit in steeper areas where the catchment boundary is usually
perpendicular to the river channel, while this a poorer approximation in flatter terrain. The DamSite model
calculates height of the dam for each cell in the dam’s cross-sectional profile as the height required to
reach the catchment boundary from the land-surface in the DEM (Read et al., 2012; Petheram et al., 2017).
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The area and volume of the impoundment are represented by a table of heights and corresponding
areas for each cell in the stream network (Read et al., 2012; Petheram et al., 2017). The computation of
impoundment area starts at the ridge cells with no inflowing neighbours. The table of heights and storage
areas (represented by count of DEM cells) continues downstream by combining tables from all the
upstream cells along the same flow-path. For a dam height of any given cell, the impoundment area is the
sum of all upstream cells with lower or equal elevation to the dam’s crest elevation of that given cell,
multiplied by cell area. The volume is the sum of all upstream areas for cells with lower or equal elevation
than the dam crest elevation of a given cell (Read et al., 2012; Petheram et al., 2017). The impoundment
area and volume in the DamSite model were used in analysis for siting optimal dam locations that requires
additional information, such as estimation of annual storage yields and dam construction costs. However,
the impoundment area and volume can also be used for quantifying and mapping topographically incised
features, such as ravines and valleys. Currently, the DamSite algorithm has a number of limitations that
prevent it from being used for general incision mapping applications.
First, the DamSite model inserts dams perpendicular to each cell along the stream network and
each dam’s cross-sectional extends until the catchment boundary, which a good approach to mapping
large-scale incised features. However, when a dam’s cross-sectional profile extends along the entire
catchment boundary, then it is likely that small-scale features, such as rills and gullies that are situated
within larger-scale incision, are completely encompassed by the dam wall, and are impossible to identify.
For mapping small-scale incised features, it would be useful for the GIS user to define the cross-sectional
extent of the dam. This way the dam’s cross-sectional length would depend of the scale of the incision
that is being mapped. Additionally, the DamSite model inserts dam in perpendicular orientation to the
main streams. Such an approach doesn’t necessarily construct dams in an optimal orientation. Instead, it
is better to examine all possible orientations of the dam wall in a local window and insert the dam in an
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orientation that produces the highest possible dam at a location. Second, the DamSite model calculates
the impoundment area as all upslope cells along the flow-path that have a lower elevation than the dam
elevation for a target cell. Such an operation requires a substantial amount of computer memory, because
calculation of the impoundment area near the outlet cells may require analysis of millions of upslope cells
that are kept in memory during the flow-accumulation. Finally, the DamSite model fills all interior pits
and depressions, which can alter the DEM and introduce error into the calculation of the impoundment
area, volume and depth, and even remove some small-scale incised features, such as rills. A more general
approach to incision mapping would allow the user to input a DEM that is not hydrologically conditioned.

2.7 Conclusion
A number of methods have been used previously to characterize topographic incision, all of which
are based on the characterization of topographic properties in DEMs. Most of these methods focus on
characterizing the low-lying position of incised sites. These approaches often combine a measure of RTP
with some other topographic property to help distinguish incision with other low-lying topographic
features (i.e. topographic depression). Read et al., (2012) have proposed an alternative approach, based on
the concept of digital damming, which characterizes the constricted flow paths of incised sites. However,
this approach requires further development before it can be used as a generally applicable method for
mapping topographic incision in DEMs.
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Chapter 3: The Use of Potential Impoundment Size for the
Characterization of Topographic Incision in DEMs
3.1 Abstract
The purpose of this research is to present a novel land-surface parameter (LSP) of impoundment
size, designated as the Impoundment Size Index (ISI), for mapping and quantifying the extent of
topographic incision in DEMs. The ISI inserts a digital dam with a user-defined length of cross-sectional
profile for each cell in the DEM to calculate the size of the impoundment (area, volume, depth) that is
created as a result of the “digital damming” operation. An analysis of computational performance of ISI
was conducted to assess the execution times of the algorithm when applied on DEMs of low-, mediumand high-relief. The performance test showed that the run times increase with increase in DEM size, as
well as an increase in the user-defined dam length setting of the ISI. The longest run times of 74.03 seconds
were observed with the ISI applied with a dam length setting of 30 cells on a DEM with over 39 million
grid cells. A bivariate correlation analysis was performed between ISI and six common LSPs used in
incision mapping, including specific catchment area (SCA), slope gradient, topographic wetness index
(TWI), downslope index, deviation from the mean (DEV), and plan and profile curvature, to determine
the degree to which the ISI provides unique geomorphometric information that is not captured within other
LSPs used in incision mapping. The results of the correlation analysis suggest that the ISI has a high
degree of unique information in comparison to other LSPs. The strongest positive linear correlation was
observed between ISI and specific catchment area (SCA). Finally, an assessment of agreement was
performed between incised areas identified with the ISI and incised areas identified with visual inspection
of the DEMs. The assessment showed a substantial level of agreement between the two methods.
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3.2 Introduction
Topographic incision is a result of balance between erosive processes that act to wear down the
relief and deposition rates that build up the surface topography (Kühni and Pfiffner, 2001; Luo and
Stepinski, 2011). A mountain valley and a rill are examples of incised landforms that occupy opposite
end-members of a spatiotemporal scale of incision (Swanson et al., 1988). Incision is considered an area
of material and water concentration where the rates of erosive processes are typically higher than in other
local areas (Gallant and Dowling, 2003; Luo and Stepinski, 2008). This makes incised areas particularly
susceptible to changes in topography (Shepard and Schumm, 1974). Therefore, incision mapping
applications often require frequent updates, and efficient methods for automatically mapping incision are
important (Hsieh et al., 2016).
Mapping the distribution of incised landforms is useful for many environmental modelling
applications, because the extent of incision acts as the spatial boundary that partially controls the
distribution and frequency of many environmental processes, such as overland flow of runoff and erosion
and deposition of materials (Swanson et al., 1988; Larsen and Montgomery, 2012); patterns of vegetation
(Hupp and Osterkamp, 1996; Wondzell et al., 1996; Hupp and Bornette, 2003); exposure to wind
(Jungerius and Van der Meulen, 1988; Laity, 1994); and occurrences of wildfires (Swanson et al., 1981;
Keeton and Franklin, 2004). Geomorphometric analysis, based on extracting information from digital
elevation models (DEMs), is the most common approach to incision mapping because it is fast and costefficient and is rapidly applied over extensive areas (Pike et al., 2009). All incised landforms share similar
topographic characteristics of occupying a locally low-lying position with convergent surface curvature
(Gallant and Dowling, 2003). The topographic signature of incision has been frequently characterized by
various combinations of DEM-derived land-surface parameters (LSPs) (Tribe. 1992; Gallant and
Dowling, 2003; Evans and Lindsay, 2009).
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Previous studies on incision mapping using DEM-derived LSPs have produced a number of
methods that are based on different morphological properties of the land-surface, such as relative
topographic position (RTP) (Johnston and Rosenfeld, 1975; Gallant and Dowling, 2003), slope gradient
(Tribe, 1992), surface curvature (Evans and Lindsay, 2009), and local relief (Kuhni and Pfiffner, 2001).
RTP is the most commonly used morphological property for incision mapping. This is largely because
incised landforms occupy a locally low-lying position in comparison to their surroundings. However,
some low-lying areas are not incised (i.e. topographic depressions and base of enbankments) and RTP
parameters alone have difficulty distinguishing between incised areas and other low-lying features, such
as topographic depressions (Evans and Lindsay, 2009). Therefore, additional LSPs, such as slope gradient
and surface plan curvature, have been frequently used in combination with RTP for mapping the
distribution of incised landforms (Gallant and Trevor, 2003; Evans and Lindsay, 2009).
Read et al. (2012) have developed the DamSite model to support with siting optimal locations in
DEM for construction of large dam projects. The model is capable of calculating impoundment size for
dammed sites in a DEM. The impoundment size is reported in terms of impoundment area and volume,
which offer an interesting alternative to previously used RTP-based methods for mapping incised
landforms. Unlike the majority of previously discussed morphologically-based incision mapping methods,
the impoundment size measure is based on the topographic character of more extensive upstream area.
The particular advantage of this measure is its ability to be used as a surrogate for quantifying the extent
of incision, because deeply incised areas tend to be characterized by large impoundment area and/or
volume. However, the DamSite model has a number of limitations that prevent it from being used for
mapping incision more generally.
First, the DamSite model inserts dams in perpendicular orientation to the main stream channels
and the dam’s cross-sectional length is determined by the entire catchment boundary at a target cell. This
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produces dams with long cross-sectional extent, which was the intent of the DamSite model because it
was used to identify optimal sites for large hydroelectric dam projects. However, such an approach is not
suitable for mapping and quantifying the extent of small-scale incised landforms, because the dam wall
completely encompasses such landscape features and makes in them difficult to identify. A more general
incision mapping technique based on the concept of impoundment size should be capable of identifying
small-scale incised landforms, such as rills and gullies. Allowing the GIS user to define the cross-sectional
extent of incision that is being measured would allow to map these small-scale incised landforms. Second,
it requires calculation of the impoundment area in the DamSite model is computationally intensive,
because it requires storing every upslope cell along the flow-path in memory for each target cell. Finally,
because the focus of the DamSite model is on large-scale incised features (i.e. valleys), it removes all
interior depressions and pits in DEM. Flow-enforcement techniques that remove depressions from DEMs
can potentially remove or alter incised features and this will disproportionately affect smaller-scale
features
Therefore, there is a need to develop a general LSP of impoundment size that can be used to map
and quantify the extent of incision. First, this LSP should be capable of identifying and quantifying incised
landforms that vary in their cross-sectional profile. This would allow for the new LSP to be used in a wide
range of application related to incision mapping. Currently, the DamSite model is only suitable for
mapping large-scale incision. Secondly, the LSP should be capable of being applied to DEMs containing
topographic depressions, because these features are known to exist in landscapes at the scale of many
types of incised features (e.g. rills, gullies, and drainage ditches). Finally, the calculation of this LSP
should be computationally efficient and have minimal input requirements and outputs that are focused on
incision mapping. This paper presents a novel LSP for mapping topographic incision, designated as the
impoundment size index (ISI). The purpose of this study is to describe a method of calculating the ISI
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from DEMs, to determine the extent to which it provides unique information in comparison to existing
LSPs used in incision mapping applications, and to assess the level of agreement between incised features
identified by the ISI and visual inspection of the DEMs.

3.3 Description of the Impoundment Size Index (ISI) algorithm
The ISI maps incised features in a DEM through the combination of local neighborhood
information, by identifying cross-sectional profiles that can be dammed in a local neighborhood, and
upslope topographic information, by estimating the size of the inundated upslope area created by damming
(i.e. hypothetical flooding). Calculation of the ISI begins by estimating the maximum dam crest height
(MDH) for each DEM grid cell by damming the topography of cross-sectional profiles of a user-defined
dam length that is centered on each cell. That is, incised features are partly identified by the presence of a
cross-sectional profile in four different orientations (N-S, NE-SW, E-W, SE-NW). The dam of specified
length is inserted into the DEM for each grid cell according to the orientation that produces the highest
MDH value for a considered cell. Grid cells belonging to concave downwards (i.e. ‘v’-shaped) crosssectional profiles will possess positive, non-zero maximum dam crest heights. This simulated “digital
damming” procedure therefore produces an output raster of MDH values. The upslope-oriented
component of the ISI measures the size (i.e. volume, average depth, and flooded area) of the
impoundments that would be created by inserting the highest simulated dam at each DEM grid cell.
A naive approach to estimating the ISI could work on a cell-by-cell basis by inserting the simulated
dam (i.e. raising the elevations along each cell-centered cross-sectional profile to the maximum dam crest
height), then filling the dam-inserted DEM, and measuring the size of the filled depressions created as a
result of digital damming operation. This algorithm would include separate simulated digital damming
and depression filling operations for each grid cell in the input DEM. As such, this naive approach to
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estimating ISI would be computationally inefficient to the point of being practically unusable for even
moderate-sized input DEMs.
Instead, the ISI algorithm implemented in this study uses a type of flow-accumulation operation
that quantifies the size (i.e. volume, average depth, flooded area) of the impoundment that would be
created by inserting the highest simulated dam at each DEM grid cell in a computationally efficient
manner, relative to the naive algorithm. The MDH raster, created through the cross-sectional profile dam
simulation procedure, is used during the flow-accumulation operation to identify the sub-set of upslope
cells that are lower than the MDH value associated with each cell in the DEM. The flow-accumulation
operation initiates from the set of drainage divide cells (i.e. the upslope-most cells) and proceeds
downslope toward outlets, propagating a list of elevation values with each downslope step. As the
procedure progresses downslope, elevations contained in the list that are no longer ‘floodable’ (i.e.
elevations higher than the highest downslope dam crest height along the same flow-path) are removed
from the list, thereby minimizing the size of the data that is propagated downslope. This allows the ISI to
be less intensive on computer memory during the execution of the algorithm in comparison to the DamSite
model, which keeps every upslope cell in memory for each target cell along the stream network.
Overall, there are three main steps to the computation of ISI. The first stage calculates the MDH
values from the input DEM by examining different orientations of cross-sectional profiles to determine
the maximum dam height (MDH) that can be centered over each cell. The second step is a priority-flood
operation which calculates flow directions and the number of inflowing neighbors for each DEM grid cell.
The highest downslope dam crest height is also calculated during this step. The last step consists of
performing a constrained flow accumulation operation, where only a sub-set of cells that are below the
highest downslope MDH value are propagated downwards to the next cell along the flow-path. The
calculation of ISI involves determining the number of upslope grid cells from the list of propagated
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elevations that are less than the calculated MDH value associated with the target cell. Additionally, the
ISI avoids depression removal during the calculation of the impoundment size. This is because while the
flow-accumulation process is directed by a hydrologically conditioned DEM that is generated during the
calculation of flow directions (second step), the ISI itself is calculated from the raw input DEM. The ISI
is reported in terms of impoundment area (ISIarea), volume (ISIvolume) or average depth (ISIdepth) as a raster
image depending on the user’s choice. The ISI tool developed for this research is included as a plugin
tool in the open-source WhiteboxTools geospatial analysis library. The specific details of the algorithm
implementation can be viewed in the WhiteboxTools source code.

3.4 Methods
3.4.1 Study sites
An assessment of ISI was carried out on three DEMs of varying relief (low, medium, high) to
examine the performance of ISI across a range of topographic settings. The low-relief study site is
represented by a 1-meter LiDAR DEM of Gully Creek watershed, which is a coastal watershed within the
Lake Huron basin in Southern Ontario, Canada (Shao et al., 2017). The data was collected between April
12th and May 23rd of 2015. The DEM was created from the source last and only returns of LiDAR point
cloud using an inverse-distance-weighted (IDW) interpolation technique. The landscape is generally
characterized by undulating flat topography interrupted by several distinct incised streams, the widest of
which form valleys. A sub-basin area of 8.9 km2 was extracted from the original DEM for assessment of
the ISI’s performance. The total cell count of low-relief test DEM was 8,949,275 cells, and the elevation
ranged from 172 and 281 meters above sea level (MASL) (Figure 3.1). Figure 3.2 shows the average slope
versus elevation plot, which indicates that that is little variation in slope and elevation values for lowrelief DEM. Drainage density of each site was calculated by extracting hydro-network from each of the
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three sites, and then dividing the length on the entire hydro-network by the area of the corresponding site.
The drainage density of small-relief site was 6.9 km km-2, which is the lowest among the three study sites.
The hydro-network data for each site was based on free source data from USGS database for the sites
located in USA and from Government of Ontario for the site located in Canada.

Figure 3.1: Hill-shade image of low-relief DEM
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Figure 3.2: Plot of mean slope vs elevation for each of three test DEMs
The medium-relief study site was represented by a 1-meter LiDAR DEM of Hoosier National
Forest in Indiana, USA. The landscape was dominated by rolling hills and distinct presence of incised
landforms, such as valleys and stream channels. The LiDAR data with a point density of 1.56 pts/m2 was
collected during the period of March 3rd, 2011 and April 30th, 2012 as part of Indiana Statewide Imagery
and LiDAR Program. The 1 m DEM was generated from last and only returns of LiDAR point cloud using
a triangular irregular network (TIN) interpolation algorithm developed by Isenburg (2006), which is a
technique of constructing DEM from mass point cloud via streaming Delaunay triangulation. A sub-basin
area of 39.8 km2 was extracted from the original DEM with a total count of 39,818,001 cells, and with
elevation that ranged from 474 and 879 MASL (Figure 3.3). Figure 3.2 shows the average slope versus
elevation plot, which indicates that that is moderate amount of variation in slope and elevation values for
medium-relief DEM. A large concertation of distinct incised features carved by fluvial erosion was present
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on the map. The drainage density of the medium-relief site was 8.9 km km-2, which is the highest among
the three study sites.

Figure 3.3: Hill-shade image of medium-relief DEM
The high-relief site was represented by a 1-meter LiDAR DEM of Raleigh Peak, which is a
mountainous area near Denver, Colorado. The high-relief site was dominated by a large number of
mountain valleys and the main stream channel, called the Spring Creek. The LiDAR data was collected
on May 7th, 2010 and the DEM was generated from last and only returns of LiDAR point cloud using
Isenburg’s (2006) TIN interpolation algorithm. A sub-basin area of approximately 25.7 km2 was extracted
with a total count of 25,671,150 cells, and with elevations that ranged from 1,897 and 2,627 MASL (Figure
3.4). Figure 3.2 shows the average slope versus elevation plot, which indicates that that was a high
variation in slope and elevation values for high-relief DEM. A large number of distinct incised features
was present of the map with the main stream channel clearly visible running across from SW to NE. The
drainage density of the site was 7.1 km km-2.
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Figure 3.4: Hill-shade image of high-relief DEM

3.4.2 Computational performance of the ISI
The new ISI algorithm was applied to three study site DEMs to test the computational performance
of the ISI algorithm with four different length settings, including dam lengths of 5, 10, 20, and 30 cells
(Table 3.2). The dam lengths were chosen to be representative of incision with varying scales of crosssectional profiles. Figure A.1 - A.3 in Appendix A shows examples of the output rasters for the three
different variations of ISI (ISIarea, ISIdepth, ISIMDH) on high-relief DEM. The medium- and high-relief
datasets were approximately 250 MB each, while the low-relief dataset was 60.9 MB. The tests were run
on a computer system with a 2.0-GHz i5-core Intel processor with 8 GB of 1867-MHz LPDDR3 memory.
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The result of each test represents an average processing time of ten runs that exclude data input/output
time.
3.4.3 Correlation analysis
A spatially distributed Pearson correlation analysis was performed between two variations of the
ISI (ISIarea and ISIdepth) and other common LSPs that have been previously used for mapping incised
landforms. The purpose of the analysis is to estimate the degree to which the information in the newly
developed ISI is unique in comparison to other LSPs. Table 3.1 summarizes the LSPs used in the
correlation analysis with the ISI, as well as the methods used to derive these parameters. The three DEMs
of varying topographic relief (low, medium, high) were used for the correlation analyses between the ISI
and the LSPs used in incision mapping.
Table 3.1: A summary of methods for calculating LSPs used in the correlation analysis with the ISI
LSP
Method
Depressions Removed
Normalized
Slope Gradient
Horn (1981) 3-rd
No
No
finite difference
Plan Curvature
Wilson and Gallant
No
No
(2000)
Profile Curvature
Wilson and Gallant
No
No
(2000)
DEV
Wilson and Gallant
No
No
(2000)
SCA
Tarboton (1997) DYes
Yes
infinity
TWI
Beven and Kirby
Yes
Yes
(1979)
Downslope Index
Hjerdt et al. (2004)
Yes
No

A total of 168 spatially distributed correlation analyses were performed on cell-by-cell basis. For
each analysis, significantly correlated cells (p-value < 0.05) were extracted and used in the calculation of
absolute mean bivariate correlation coefficient (r). Additionally, the number of significantly negatively
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and positively correlated cells in each correlation analysis was calculated to determine the general
direction of the correlation between each LSP and the ISI.
Prior to correlation of ISI with other LSPs, each of the three DEMs were smoothed with a modified
form of the algorithm of Sun et al. (2007), which is an edge-preserving filter. The operation removes some
of the roughness, such field furrows, from DEM that may distort the calculation of the LSPs, while
preserving the necessary microtopography in the DEMs. A distributed Pearson correlation analysis was
performed on cell-by-cell basis in a local neighborhood of 11 by 11 cells between the ISI and the listed
LSPs. The sample size was chosen based on the rationale that sample size lower than 100 cells doesn’t
produce a meaningful correlation, while sample size over 100 cells imposes every correlation analysis in
a local window to be significant. Only impoundable cells (MDH > 0) were included in the correlation
analysis because otherwise the analysis is dominated by the far larger number of non-incised cells (MDH
= 0) in each DEM. The correlation analysis tool was programmed using Rust programming language and
integrated into WhiteboxTools library. Some of the listed LSPs were normalized to satisfy the assumption
that LSPs are normally distributed throughout the sites. Although Spearman rank correlation could be
performed to satisfy of normal distribution assumption, large datasets with numerous tie values pose a
challenge for programming the tool and processing speed of the analysis. Therefore, Pearson correlation
was chosen to avoid the challenge of tie values.

3.4.4 Agreement between incision identified by the ISI and manual identification of incision
An assessment of the agreement between the incised features mapped using the ISI and incised
features identified through visual inspection of the DEM was performed. The purpose of this analysis was
to validate the ISI and to assess the practicality of the ISI for general incision mapping by calculating the
accuracy of binary classification.
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Nine ISI rasters of flooded area and maximum dam height were produced with three dam length
settings (5, 10 and 20 m) for each of the three DEMs of varying relief (low, medium and high). Sub-basin
with area of approximately 150,000 grid cells was extracted from each of the three DEMs and used as test
areas for assessing the agreement between incised areas identified with the ISI and manually. This is
because digitizing incised features in larger test areas makes it easier to miss such features, while smaller
test area minimizes such a risk. The ISIarea and the MDH values were derived from the three extracted test
DEMs. Incised areas were identified by thresholding ISIarea and MDH values. The thresholding technique
produced clusters of incised areas (ISI clusters) that were each given their own unique identifier value.
Thresholding the ISIarea and the MDH values allowed for extraction of meaningfully incised features,
while reducing the number of small-scale incised features that were difficult to identify through manual
interpretation of DEM. The incision areas identified by visual inspection were digitized by a single line
with vertices that were approximately placed through the deepest points of incision. Each individual,
digitized line representing an incised feature was converted to raster format and assigned a unique
identifier value.
The binary classification test was performed to see how the ISI clusters, identified by thresholding
the ISIarea and the MDH values, corresponded with digitized lines of incision that were identified by the
visual inspection. If a single pixel from the digitized line corresponded with an ISI cluster, the ISI cluster
was confirmed to exist and counted as a true positive (TP). If no pixels from the ISI cluster overlapped
with a digitized line, then the digitized line was treated as an error of omission and counted as a false
negative (FN). These results were used to calculate the accuracy of agreement as a ratio of correctly
identified positive incised features to the number of all features identified by the ISI, and it is calculated
as:
accuracy =
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TP
(TP + FN)

(Equation 3)

The accuracy of agreement measure is influenced by the choice of the threshold (Table 3.11) used
to identify the ISI clusters. This is because higher thresholds exclude more incised areas identified with
ISI from the assessment, which may subsequently increase the count of FNs. For this reason, the threshold
needs to be a low value so that only small-scale incised landforms are omitted from the test. The thresholds
were chosen by trial-and-error and visual inspection of the output rasters (Figure A.4) in a way that best
reflects the relief type of DEM and the user-defined dam length setting.

3.5 Results
3.5.1 Computational performance results
Table 3.2 shows the average processing time required to calculate the ISI for each of the three
DEMs using four different dam length settings (5, 10, 20 and 30 cells). The size of the DEM (i.e. number
of valid grid cells) was found to be the dominant factor affecting the processing time. Therefore, the
longest processing times were consistently associated with the medium-relief site, regardless of tested
dam length, due to that DEM having the largest number of grid cells (Table 3.3). The performance analysis
also demonstrates that the processing time was affected by dam length. This is unsurprising because
calculation of the dam profile heights with longer dams adds extra complexity during the calculation of
MDH values and the ISI. The increase in processing time with increasing dam length for low- and highrelief DEMs was roughly proportional for the two test areas. However, the increase in dam length from
10 cells to 20 cells resulted in a disproportionately large increase in processing times for the mediumrelief DEM. Table II shows that this increase in dam length was also associated with the largest
proportional increase in the number of grid cells with MDH > 0.
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Table 3.2: Processing time for ISIdepth applied on test DEMs using maximum dam lengths varying from
5 to 30 cells. Stated processing times are averages of ten runs and exclude data input/output time.
Standard deviations of test processing times are provided in brackets.
DEM Type
Low-Relief
Medium-Relief
High-Relief

5 cells
12.69 (0.02)
57.80(0.03)
34.21(0.02)

Processing Time (s)
10 cells
20 cells
15.50(0.03)
20.43(0.05)
74.13(0.04)
133.49(0.06)
42.28(0.03)
57.49(0.04)

30 cells
26.10(0.06)
163.98(0.07)
74.03(0.04)

Table 3.3: The number of cells with MDH > 0 for each of the test DEMs using maximum dam lengths
varying from 5 to 30 cells.
DEM Type
Low-Relief
Medium-Relief
High-Relief

5 cells
3,066,354
7,009,910
5,058,530

Number of cells
10 cells
20 cells
5,301,302
6,719,889
14,285,016
19,781,070
10,093,283
13,923,029

30 cells
7,295,146
22,964,315
16,092,418

3.5.2 Correlation Analysis Results
The results of the correlation analysis are summarized in Tables 3.4 - 3.11 which show that,
generally, higher r-values are associated with shorter dam lengths for each LSP. This is mainly attributed
to the fact that longer dam length increases the potential number of upslope cells that are lower than the
dam’s crest elevation. The dam length parameter defines the cross-sectional profile over which the incision
is measured. Therefore, as the dam length increases, the ISI reflects more upslope topography information
rather than its local, immediate neighbourhood. Cells that are closer to drainage divides will generally
have less potential upslope cells that are below the MDH value of a particular cell, than the cells that are
further away.
The values of ISI are highly associated with the position of a cell along the flow-path. This
explains the moderate positive correlation between SCA and both variations of the ISI, including
impoundment area and average depth (Table 3.4). Because as SCA increases there are more potential
upstream cells that are maybe lower than the dam crest height for a target cell. The high-relief DEM had
45

the weakest positive correlation between SCA and ISI, while the medium-relief DEM had the strongest
positive correlation. However, the high relief of the landscape doesn’t necessarily indicate that the DEM
has deeply incised areas or high concertation of incised features as indicated by the drainage density of
the site in comparison to medium-relief DEM. For example, bases of mountain cliffs are oftentimes
situated of flat terrain with low concentration of incised areas, while the relief of the landscape may be
still quite high. Therefore, it is difficult to attribute the strength of the correlation solely on the relief of
the landscape. However, we can generally expect deeply incised features in landscapes with higher relief,
because these landscapes typically contain landforms, such as mountain valleys and stream channels that
have been carved by erosion over time.
Table 3.4: Results of the correlation analysis between two variations of ISI (area and depth) with four
different dam length settings and SCA. Each correlation was performed on three DEMs of varying
relief. The results indicate absolute mean correlation coefficient (r), and the percentage of negatively (%
neg_cells) and positively correlated cells (% pos_cells) that have a significant relationship (p-value <
0.05) with ISI
Low-Relief
Wall
%
%
Length pos_cells neg_cells
0.84
99.16
area_5
4.55
95.45
area_10
15.66
84.34
area_20
21.02
78.98
area_30
7.82
92.18
depth_5
8.14
91.86
depth_10
18.13
81.87
depth_20
26.19
73.81
depth_30

r
0.44
0.45
0.43
0.42
0.33
0.33
0.31
0.3

Medium-Relief
%
%
pos_cells neg_cells
0.61
99.39
12.27
87.73
29.34
70.66
35.21
64.79
0.76
99.24
9.50
90.50
26.26
73.74
33.23
66.77

r
0.55
0.48
0.42
0.44
0.52
0.47
0.42
0.45

High-Relief
%
%
pos_cells neg_cells
0.48
99.52
2.92
97.08
8.87
91.13
12.42
87.58
0.65
99.35
3.90
96.10
12.33
87.67
17.92
82.08

r
0.45
0.43
0.40
0.40
0.43
0.42
0.40
0.40

The correlation analysis between ISI and slope gradient indicated that slope gradient is overall has
weak linear to moderate negative relationship correlated with the ISI (Table 3.5). The negative direction
of the correlation is largely attributed to the fact that ISI values are generally higher along incision bottoms
where the topography is flatter than on the adjoining slopes of incised features. The weakest negative
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correlation with slope gradient was observed in low-relief DEM, while the strongest in medium-relief
DEM. High- and medium - relief DEMs have many areas with high slope gradient relative to low-relief
DEM, which may have contributed to the stronger negative correlations in medium- and high-relief
DEMs.
Table 3.5: Results of the correlation analysis between two variations of ISI (area and depth) with four
different dam length settings and slope gradient. Each correlation was performed on three DEMs of
varying relief. The results indicate absolute mean correlation coefficient (r), and the percentage of
negatively (% neg_cells) and positively correlated cells (% pos_cells) that have a significant relationship
(p-value < 0.05) with ISI.
Low Relief
Wall
%
%
Length pos_cells neg_cells
99.76
0.24
area_5
99.42
0.58
area_10
98.79
1.21
area_20
98.59
1.41
area_30
95.82
4.18
depth_5
98.37
1.63
depth_10
99.07
0.93
depth_20
99.22
0.78
depth_30

r
0.60
0.57
0.55
0.55
0.37
0.36
0.35
0.35

Medium Relief
%
%
pos_cells neg_cells
99.85
0.15
98.78
1.22
96.27
3.73
95.13
4.87
99.87
0.13
98.43
1.57
95.18
4.82
93.85
6.15

r
0.65
0.57
0.53
0.51
0.62
0.54
0.51
0.5

High Relief
%
%
pos_cells neg_cells
99.88
0.12
99.27
0.73
97.50
2.50
96.74
3.26
99.88
0.12
99.36
0.64
97.73
2.27
96.96
3.04

r
0.57
0.53
0.51
0.5
0.54
0.51
0.49
0.49

Correlations between both variations of ISI and TWI indicated overall moderate positive
relationship between the two LSPs (Table 3.6). The positive correlation is mainly attributed to the fact
that TWI is determined by the ratio of upslope contributing area over slope gradient, which both have
positive and negative correlations with the ISI respectively. The lowest r-values were generally observed
in low-relief DEM, particularly with ISIdepth. The highest r-values were observed in medium-relief for both
variations of ISI. The TWI values in high- and medium-relief DEMs are a reflection of SCA and slope
gradient, while the TWI values in low-relief DEM primarily reflect the flow accumulation process. This
is because slope gradient is generally quite low in landscapes with little topographic variability. Therefore,
it was expected to see lower r-values in correlation analysis between ISI and TWI on low-relief DEM,
than in DEMs with higher relief.
47

Table 3.6: Results of the correlation analysis between two variations of ISI (area and depth) with four
different dam length settings and TWI. Each correlation was performed on three DEMs of varying relief.
The results indicate absolute mean correlation coefficient (r), and the percentage of negatively (%
neg_cells) and positively correlated cells (% pos_cells) that have a significant relationship (p-value <
0.05) with ISI

Wall
Length
area_5
area_10
area_20
area_30
depth_5
depth_10
depth_20
depth_30

Low-Relief
%
%
pos_cells neg_cells
99.93
0.07
99.52
0.48
98.33
1.67
97.76
2.24
98.08
1.92
99.10
0.90
99.17
0.83
99.01
0.99

r
0.62
0.58
0.56
0.54
0.37
0.36
0.35
0.34

Medium-Relief
%
%
pos_cells neg_cells
99.94
0.06
98.56
1.44
94.60
5.40
92.80
7.20
99.95
0.05
98.06
1.94
92.49
7.51
81.47
18.53

r
0.66
0.57
0.52
0.5
0.64
0.55
0.51
0.43

High-Relief
%
%
pos_cells neg_cells
99.94
0.06
99.40
0.60
97.67
2.33
96.92
3.08
99.95
0.05
99.48
0.52
97.80
2.20
96.95
3.05

r
0.59
0.53
0.52
0.50
0.56
0.52
0.50
0.49

The correlations between ISI and downslope index overall indicated weak negative linear
correlation relationship the two LSPs (Table 3.7). The downslope index has high values along steep slopes,
because it requires a shorter distance to achieve the user-defined vertical drop (2 m) along slopes than on
flatter land-surface. On the contrary, the downslope index has relatively low values along incision-bottom,
while the ISI has high values in such areas. Therefore, it was generally expected to see negative
correlations between ISI and downslope index for correlation analysis with each DEM. However,
correlations with low-relief DEM, especially for dam lengths of 5 and 10 cells, show approximately even
percentages of positively and negatively correlated cells. This may be explained by the fact that, in lowrelief DEM, the ISI with short dam length (i.e. 5, 10 cells) tends to identify a large number of small-scale
incised features with insignificant impoundments in comparison to the main incised features (i.e stream
channels). These small-scale incised features can also have low downslope index value because the
horizontal distance required to achieve the 2-m vertical drop is too far from the main areas of topographic
variability. As a result, this may have contributed to the stronger positive correlations between the ISI
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with short dam length and downslope index in low-relief DEM. Overall, it was evident that the direction
of correlation between ISI and downslope index becomes progressively more negative with increasing
dam length in low-relief DEM. The strongest correlation between ISI and downslope index were observed
in medium-relief DEM, while the weakest in low-relief DEM.
Table 3.7: Results of the correlation analysis between two variations of ISI (area and depth) with four
different dam length settings and downslope index. Each correlation was performed on three DEMs of
varying relief. The results indicate absolute mean correlation coefficient (r), and the percentage of
negatively (% neg_cells) and positively correlated cells (% pos_cells) that have a significant relationship
(p-value < 0.05) with ISI

Low-Relief
Dam
%
%
Length pos_cells neg_cells
53.60
46.40
area_5
52.73
47.27
area_10
45.24
54.76
area_20
43.11
56.89
area_30
54.94
45.06
depth_5
49.31
50.69
depth_10
41.34
58.66
depth_20
37.90
62.10
depth_30

r
0.39
0.38
0.37
0.37
0.32
0.30
0.29
0.29

Medium-Relief
%
%
pos_cells neg_cells
18.68
81.32
16.06
83.94
25.46
74.54
29.67
70.33
19.86
80.14
15.54
84.46
25.22
74.78
30.12
69.88

r
0.44
0.45
0.43
0.42
0.42
0.44
0.43
0.42

High-Relief
%
%
pos_cells neg_cells
25.95
74.05
15.89
84.11
16.62
83.38
18.12
81.88
27.76
72.24
19.08
80.92
19.87
80.13
21.27
78.73

r
0.38
0.36
0.38
0.38
0.37
0.37
0.39
0.39

The correlation analysis between ISI and plan curvature indicated overall moderate positive
relationship between the parameters that becomes weaker as the dam length increases (Table 3.8). This is
unsurprising because positive plan curvature values indicate locations with convergent curvature, while
negative values indicate locations with divergent curvature. Sites of incision only occur in areas of
convergent curvature, which is where it is expected to observe high ISI values as well. The highest rvalues were observed in medium-relief DEM, while the lowest values in low-relief. It was overall expected
to see stronger correlations in high-relief and medium-relief test sites, because they both have higher
drainage density that typically have convergent surface curvature.
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Table 3.8: Results of the correlation analysis between two variations of ISI (area and depth) with four
different dam length settings and plan curvature. Each correlation was performed on three DEMs of
varying relief. The results indicate absolute mean correlation coefficient (r), and the percentage of
negatively (% neg_cells) and positively correlated cells (% pos_cells) that have a significant relationship
(p-value < 0.05) with ISI

Dam
Length
area_5
area_10
area_20
area_30
depth_5
depth_10
depth_20
depth_30

Low-Relief
%
%
pos_cells neg_cells
99.83
0.17
99.80
0.20
99.14
0.86
98.79
1.21
96.97
3.03
98.94
1.06
99.33
0.67
99.42
0.58

r
0.53
0.52
0.5
0.5
0.37
0.36
0.34
0.33

Medium-Relief
High-Relief
%
%
%
%
pos_cells neg_cells
r
pos_cells neg_cells
99.84
0.16
0.63
99.82
0.18
99.42
0.58
0.54
99.76
0.24
97.32
2.68
0.5
99.16
0.84
95.57
4.43
0.49
98.72
1.28
99.73
0.27
0.62
99.76
0.24
99.23
0.77
0.55
99.75
0.25
96.90
3.10
0.5
99.25
0.75
95.17
4.83
0.48
98.93
1.07

r
0.58
0.53
0.50
0.49
0.57
0.52
0.49
0.48

The correlation analysis between ISI and profile curvature indicated overall weak positive linear
relationship between the two parameters (Table 3.9). Profile curvature has positive values at locations
with concave flow profiles, while the negative values indicate locations with convex flow profiles. The
bottom of incision, where the ISI takes relatively high values, is considered a concave area. Therefore, it
is unsurprising to see overall positive direction of correlation between ISI and profile curvature. The
highest r-values are observed for correlations with medium-relief DEM, while the lowest with low-relief
DEM.
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Table 3.9: Results of the correlation analysis between two variations of ISI (area and depth) with four
different dam length settings and profile curvature. Each correlation was performed on three DEMs of
varying relief. The results indicate absolute mean correlation coefficient (r), and the percentage of
negatively (% neg_cells) and positively correlated cells (% pos_cells) that have a significant relationship
(p-value < 0.05) with ISI

Low-Relief
Wall
%
%
Length pos_cells neg_cells
73.47
26.53
area_5
80.87
19.13
area_10
85.37
14.63
area_20
85.71
14.29
area_30
93.40
6.60
depth_5
96.95
3.05
depth_10
98.04
1.96
depth_20
98.14
1.86
depth_30

r
0.40
0.39
0.39
0.39
0.35
0.34
0.33
0.34

Medium-Relief
%
%
pos_cells neg_cells
85.20
14.80
84.08
15.92
82.23
17.77
80.61
19.39
89.56
10.44
87.70
12.30
84.30
15.70
81.47
18.53

r
0.51
0.46
0.43
0.42
0.52
0.47
0.45
0.43

High-Relief
%
%
pos_cells neg_cells r
95.54
4.46 0.45
94.78
5.22 0.39
94.19
5.81 0.38
93.70
6.30 0.37
96.84
3.16 0.46
96.69
3.31 0.41
96.13
3.87 0.39
95.78
4.22 0.39

Correlations between both variations of ISI and DEV indicate moderate negative relationship
between the two parameters (Table 3.10). This is because DEV values range from -2 to 2 with negative
values indicating a locally low-lying position. Incised landforms only occur in locally low-lying sites;
therefore, it was expected to observe negative correlation between DEV and ISI. The strongest correlations
were observed in medium-relief DEM, while the weakest in low-relief. This is likely attributed to the fact
that low-relief DEM has relatively flat topography and lower density of well-defined incised features than
higher-relief DEMs. Deeply incised areas are confined by steep adjoining slopes, which is a common
phenomenon in landscapes with high relief.
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Table 3.10: Results of the correlation analysis between two variations of ISI (area and depth) with four
different dam length settings and DEV. Each correlation was performed on three DEMs of varying
relief. The results indicate absolute mean correlation coefficient (r), and the percentage of negatively (%
neg_cells) and positively correlated cells (% pos_cells) that have a significant relationship (p-value <
0.05) with ISI

Wall
Length
area_5
area_10
area_20
area_30
depth_5
depth_10
depth_20
depth_30

Low-Relief
%
%
pos_cells neg_cells
3.72
96.28
2.09
97.91
1.39
98.61
1.70
98.30
3.45
96.55
1.64
98.36
1.19
98.81
1.57
98.43

r
0.4
0.53
0.52
0.51
0.39
0.52
0.53
0.52

Medium-Relief
%
%
pos_cells neg_cells
1.81
98.19
2.98
97.02
3.36
96.64
5.16
94.84
1.54
98.46
1.93
98.07
2.47
97.53
4.24
95.76

r
0.5
0.56
0.53
0.51
0.47
0.55
0.55
0.53

High-Relief
%
%
pos_cells neg_cells
1.58
98.42
1.36
98.64
1.71
98.29
3.29
96.71
1.49
98.51
1.38
98.62
2.61
98.39
3.06
96.94

r
0.49
0.58
0.55
0.52
0.48
0.56
0.55
0.53

3.5.2 Results of agreement between ISI and manual identification of incision
The results of the accuracy analysis are summarized in Table 3.11, which suggest that the accuracy
of agreement tends to go up with increasing dam length setting. This is attributed to the fact that, as dam
length increases, more sites are recognized to be incised by the ISI; thus, it is generally expected to see
more areas of agreement between digitized lines and the ISI clusters. However, the accuracy value for
low-relief DEM with 20 cell dam length is lower than the accuracy for 10 cell dam length, which may be
a reflection of a high thresholds of (0.6 for MDH values and 15 for ISIarea) used to identify the ISI clusters.
The ISI with long dam length tends to produce dam with high crest elevations on high-relief DEM, which
in turn requires a higher MDH and ISIarea thresholds to remove small-scale incised features with
insignificant impoundments that are difficult to identify with visual inspection. However, higher threshold
values may also lead to removal of incised areas that were identified with lower thresholds, which can
result in more areas of disagreement between ISI clusters and manually identified incised features.
Therefore, there is a compromise between removing incised features with insignificant impoundments and
potentially useful incised features when choosing thresholds for the ISI. Overall, the accuracy of
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agreement is the highest for medium-relief DEM and the lowest for high-relief DEM, which is likely
attributed to the thresholds (Table 3.11) used to identify the ISI clusters, and not the difference in relief of
DEMs or drainage density.
Table 3.11 shows that the number of ISI clusters increases as the dam length increase from 5 to
10 cells in low- and medium-relief DEMs. However, the number of ISI clusters decreases to the lowest
number when a dam length of 20 cells is used in the assessment with each DEM. This is because long
simulated dams can be centered over a large number of grid cells in DEM. This causes aggregation of
multiple ISI clusters into a more continuous network of incised features (Figure A.4 in Appendix A), even
if relatively high ISIarea and MDH thresholds are used.
Table 3.11: Results of the agreement accuracy between incised areas identified by thresholding the
ISIarea and ISIMDH and manual identification. The analysis was performed on three DEMs of varying
relief and using ISI with dam lengths of 5, 10 and 20 cells.

MDH
Threshold
Area Threshold
FN
TP
Accuracy

5
cells

Low
10
cells

20
cells

Medium
5
10
20
cells cells
cells

0.04
10
21
45
0.68

5
cells

High
10
cells

20
cells

0.20

0.60

0.04

0.60

0.80

0.08

0.60

0.90

12
5
47
0.90

15
8
27
0.77

10
2
36
0.95

15
0
26
1.00

20
0
11
1.00

10
11
7
0.39

20
11
7
0.39

25
5
6
0.55

3.6 Discussion
3.6.1 Validation of the ISI
The performance assessment of the ISI algorithm shows that the newly developed LSP is a rapid
and practical tool for mapping and quantifying the extent of topographically incised features. The longest
processing time of 74.03 seconds was observed for ISI with dam length of 30 cells and applied on mediumrelief DEM, which contained over 39 million cells.
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The correlation analysis suggests that the ISI provides unique geomorphometric information in
comparison to other LSPs used for incision mapping. SCA and TWI are the most strongly correlated of
the tested LSPs with ISI, although each of the reported r-values were found to be weak to moderate. The
highest r-value of 0.66 was observed in medium-relief DEM between ISIarea with dam length of 5 cells
and TWI. The lowest r-value of 0.29 was observed in low-relief DEM between ISIdepth with dam length
of 30 cells and downslope index. The moderate correlation between ISI and SCA, and ISI and TWI is
attributed to the fact that there is a flow-accumulation in calculation of these LSPs. However, the flowaccumulation component used in ISI is significantly different from the type of flow-accumulation
operation used in both SCA and TWI.
The strength of associations between the ISI and each of the LSPs was observed to weaken as the
dam length increased, because the dam acts as a flow barrier to potentially higher number of flow-paths;
thus, integrating more information about upslope topography in its calculation. Therefore, the information
within ISI becomes more unique with increase in dam length when comparing to other LSPs. The ISI depth
was consistently more weakly correlated with the tested LSPs than ISI area, which is attributed to the fact
that ISIdepth accounts for both, the number of flooded cells and their height-differences with the flooded
level. The low-relief DEM had the lowest r-values, which is likely caused by the lack of topographic
variability in that test DEM and low drainage density of the site. The medium- and high-relief DEMs had
similar r-values with medium-relief having higher ones, which may have been a result of overall larger
test area for medium-relief DEM and higher drainage density than high-relief DEM. However, it is
difficult to generalize these results to landscapes according to relief or drainage density, because incised
features occur at various spatial scales and are distributed throughout all types of landscapes.
The analysis of agreement between ISI-mapped incised features and the manual incision mapping
shows that accuracy of agreement for seven out of nine binary classification tests was above 0.5, which
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suggests a relatively low number of errors of omission. The low accuracy of 0.39 for the two tests with
high-relief DEM is most likely a reflection of a high threshold used to identify the ISI clusters. Long dam
lengths may produce large impoundments even for small-scale incised features relative to shorter dam
lengths, which in return require the use of higher MDH and area thresholds to remove incised features that
are difficult to identify with visual inspection. Subsequently, the high thresholds can potentially increase
the number of errors of omission (FN) as more potentially useful incised areas are removed.
The choice of the dam length setting is somewhat subjective because the cross-sectional profile of
incision is highly sensitive to the local neighbourhood over which the incision is measured. Therefore, the
choice of the dam length in ISI depends on the grid resolution of the DEM, purpose of the analysis and
the spatial scale of cross-sectional profile of incision that needs to be measured (i.e. valley, canyon, ravine,
gully, rill). Additionally, the ISI is affected by the accuracy of the DEM, and any elevation errors in DEM
are reflected in the calculation of ISI, which makes confirmation of agreement particularly difficult
through field validation. This is also the reason why confirmation of agreement was performed through
digitization of incised features in DEMs with visual inspection. Overall, the ISI is capable of mapping and
quantifying the extent of incision. However, the algorithm can be further modified to provide additional
information about the maximum depth and width of incision, which can ultimately be used to differentiate
between various types of incised features, such as valleys and gullies.

3.6.2 Potential use of the ISI
The results of the accuracy analysis indicate that the ISI is well suited for incision mapping
applications. It is evident that some incised areas with wide cross-sectional extent cannot be identified by
the ISI with low dam length setting. This is because the length of the dam is too short to be confined by
the adjoining slopes of incision. The ISI with longer length setting tends to highlight more incised areas,
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than shorter dam length setting. However, if the incision is identified with a short length setting, then it is
reasonable to assume that the incision has a narrow cross-section at least near the incision-bottom. To
differentiate between small- and large-scale features that are highlighted by ISI with short dam length (e.g.
3 cell dam length), the dam length setting can be gradually increased to determine if a longer a dam
produces a higher dam crest elevation for a considered cell. Because the cross-sectional extent of smallscale incised features is quite narrow, we may expect that a dam with a short length already completely
confines the incision up to maximum depth, and any increase in dam length will likely not produce a dam
with higher crest elevation. Future research on ISI could potentially test how accurately the ISI can
differentiate between various types of incised landforms, such a valleys and gullies, based on manipulation
of the MDH values in ISI.
Read et al. (2012) used the DamSite model for identification of optimal sites for large dam projects
by using a similar method to ISI. The ISI can be used for siting large-scale impoundments, such as
hydroelectric dams, as well as small-scale structures, such as tailing ponds and water and sediment control
basins (WASCoBs). Projects associated with habitat enhancement, such as wetland restoration, requires
identification of sites that maximize potential pollution and runoff control. The flow-accumulation
component of ISI provides information on where the runoff is concentrated, while also providing
information on how a flow barrier (e.g. a berm) fits at a location. In comparison to the DamSite model,
which inserts all dams in perpendicular orientation to the stream channels, the ISI inserts dams in an
orientation that produces the highest possible dam. In turn, this provides a better estimate of the
impoundment size (area, volume, average depth), and information on the best possible fit of a dam at a
location. Additionally, runoff harvesting sites that are used for sediment capture are often assessed in
terms of impoundment depth. Depth of the impoundment greatly affects the amount of time sediment has
to settle at the bottom before the runoff is released. The ISI provides information about the impoundment
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size (area, volume), as well as average depth of the impoundment. This is useful information when siting
potential impoundments of with project-specific size constraints. Overall, application of ISI in this study
showed that the newly developed LSP is well suited for incision mapping applications, because of the
ISI’s ability to quantify upslope topography that is below the inserted dam crest elevation. However, the
information contained within ISI parameter is also well suited to reveal a distributed flood potential in
DEMs, which is particularly well suited for the ISI area variation. This is because flooded area of an
impoundment can be large while the depth is small, which a good indicator of a constriction point in the
landscape that is confined and where the flow-paths tend to concentrate, while the upslope topography
from the constriction point is non-confined and open. The two variations of ISI (area and depth) could
potentially be used together to reveal information about flood potential and identify pinch points of flowpaths in the landscapes. Overall, application of ISI may extend well beyond general incision mapping
application and future research could focus on integration of ISI into flood mapping applications, as well
as other environmental modelling applications.

3.7 Conclusion
The purpose of this study was to introduce the newly developed ISI as a tool for mapping and
quantifying the extent of incised features, as well as to assess the ISI’s computational performance, the
degree of unique information contained within ISI relative to existing LSPs, as well as the agreement
between ISI and manual identification of incision. Overall, the ISI is an efficient and objective measure
of topographic incision in DEM that could be potentially adaptable to a wide range of applications related
to incision mapping and impoundment siting. The ISI appears to provide unique geomorphometric
information, and the ISI becomes less correlated with other LSPs as the dam length setting increases due
to the fact that ISI with longer dam setting incorporates more information about upslope topography, than
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ISI with lower dam lengths. Finally, a substantial level of agreement was observed between incised
features mapped using the ISI and features mapped with visual interpretation of DEMs for the three test
datasets representing low-, medium- and high-relief landscapes.
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Chapter 4: Conclusion
Topographic incision in the landscape occurs at various spatial scales, and primarily as a result of
glacial and fluvial erosion that acts to form confined upslope topography and convergent surface shape at
a location. Incised landforms are generally located in locally low-lying areas and are considered sites of
water concentration. For this reason, incised landforms are particularly susceptible to changes in
topography by erosion, which makes mapping and quantifying the extent of incision a difficult task.
Modern methods of incision mapping usually rely on extraction of LSPs from DEMs, because
geomorphometric-based analysis provides cost-efficient and fast techniques for mapping incision in
comparison to manual mapping methods, such as site surveys, and visual interpretation of topographic
maps and DEMs.
The majority of previously developed DEM-based incision mapping methods use a combination
of morphological characteristics of the land-surface, such as slope gradient, relative topographic position
(RTP) and surface curvature. RTP is the most commonly used land-surface parameter in incision mapping
applications, because incised landforms only occur in locally low-lying areas. RTP-based methods also
integrate additional LSPs to differentiate between incised landforms and other low-lying features, such as
topographic depressions. Read et al. (2012) introduced the DamSite model which uses a combination of
morphological and hydrological DEM-derived land-surface characteristics for mapping and measuring
the size of potential impoundments to facilitate siting optimal sites for construction of large dam projects.
The morphological-based component of the DamSite analyzes cross-sectional profile of each grid cell to
construct the largest possible simulated dam for each cell. The hydrological-based component examines
each cell’s position relative to its upslope flow-path to determine the number of upslope cells that are
lower than the dam crest height for the considered cell. Such an approach provides an interesting
alternative to incision mapping methods that have been generally based on morphological properties of
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the land-surface, because the measure of impoundment size is directly linked to fluvial processes that
shape topographic incision. Additionally, the size of impoundment can be used to quantify the extent of
incision, while morphologically-based methods alone can only be used to identify sites of incision.
However, there are a number of limitations that prevent the DamSite model from being used for
general incision mapping applications: 1) the DamSite is currently not capable of mapping incised
landforms that vary in the scale of their cross-sectional profile due to the model’s purpose of siting
locations for large dam projects; 2) the DamSite model requires extensive amount of computational
memory, because calculation of the impoundment size for each grid cells requires examination of every
upslope cell along the flow-path to determine which ones are below the dam elevation of a target cell, and
3) the DamSite model uses hydrologically conditioned DEM for calculation of the impoundment size,
which may alter the incised features in unintentional ways and introduce errors into the calculation of the
impoundment size. The novel ISI parameter introduced in this study addresses the limitations of the
DamSite model for general incision mapping applications and expands upon the previously developed
method by Read at al. (2012).
First, the ISI allows the user to define the length of the dam that is inserted into the DEM. This
allows the user to map incised landform with different extent of cross-sectional profiles (i.e. rills, streams,
valleys), which depends on how the user defines the length input. Second, the ISI requires much less
computational memory, because only a subset of upslope cells that are below the maximum downslope
dam crest elevation are propagated downwards and used in the calculation of the ISI. Finally, the ISI
avoids depression removal by keeping both, hydrologically conditioned and raw DEMs in memory. The
conditioned DEM directs the constrained flow-accumulation process, while the raw DEM is used to
calculate the impoundment size.
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Correlation analysis was performed to assess the degree to which the newly developed ISI provides
unique geomorphometric information relative to other LSPs that have been commonly used for incision
mapping. The results of the correlation analysis suggest that information provided by ISI is quite unique
in comparison to other LSPs. Unsurprisingly, SCA and TWI showed strongest relationship with the ISI,
because each of these LSPs depends on a flow accumulation procedure. However, the constrained flow
accumulation operation integrated into ISI results in a substantial novel information. Slope gradient, and
plan and profile curvature also showed moderate relationship with ISI, because the extent of incision
highly depends on morphology of the land-surface. High areas of ISI can generally be observed in concave
areas with convergent surface curvature and low slope gradient. DEV seems to have a moderate to weak
relationship with ISI. The correlation analysis suggest that ISI provides quite a lot of new information that
is not contained within the DEV measure. Downslope index seems to have a weak relationship with the
ISI.
The assessment of agreement between ISI and manual identification suggests that the ISI is an
adequate tool for mapping incised landform. Manual identification of incised features with visual
interpretation of DEM is a subjective process. On the other hand, the ISI provides objective information,
and thus, is able to highlight more areas of incision areas relative to manual identification, especially
small-scale incision. Thresholds were applied to ISI area and MDH values to remove some of the smallscale incision areas, while leaving the main features that were easily identified with visual inspection. The
thresholding technique produced ISI clusters that had relatively high level of agreement with incision
areas identified though visual inspection. Testing with dam length of 20 cells and applied on high-relief
test DEM showed a relatively low level of agreement as a result of using a high threshold, which caused
removal of some ISI clusters that were previously identified with 5 and 10 cell dam length on the same
DEM. The assessment of agreement in this thesis attempted to show that there is a relatively high level of
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agreement between the automated ISI approach and manual identification approach to incision mapping.
This should provide a degree of confidence to the users in the ISI’s use for general incision mapping
applications.
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70
Appendix A

Figure A.1: Depicts raster output of ISIarea applied with 5 (left) and 30 (right) cell dam length on high-relief DEM with close-up
screenshot of incised areas
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Figure A.2: Depicts raster output of ISIdepth applied with 5 (left) and 30 (right) cell dam length on high-relief DEM with close-up
screenshot of incised areas
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Figure A.3: Depicts raster output of MDH values applied with 5 (left) and 30 (right) cell dam length on high-relief DEM with close-up
screenshot of incised areas
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Figure A.4: Depicts the ISI clusters identified with ISI area and ISIMDH thresholds with dam length of 5, 10 and 20 cells overlaid with
digitized lines representing incised features that were identified by visual inspection of the DEMs.
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