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Catchment Topography:
Improving hydrologic predictions with lidar analysis

Harish Sangireddy, Ph.D.

The University of Texas at Austin, 2015

Supervisor: Paola Passalacqua

Channels, floodplains, hillslopes, and ridges are characteristic topographic

features of landscapes around us. These topographic features occur at a variety

of spatial scales. Climate, vegetation, soil type, and terrain characteristics control

the shape of a catchment and of the channel network. Increasingly extreme and

unpredictable weather patterns demand for better prediction of catchment hydro-

logic responses. The key to predict catchment response lies in understanding the

topographic patterns and how they are influenced by the underlying processes,

climate, and anthropogenic modifications.

With the availability of high resolution topographic data, the characteriza-

tion of topographic features at the scales relevant to hydrology and geomorphic

processes is now possible. Light Detection and Ranging (lidar) digital terrain

models (DTMs) (meter and sub-meter resolution) allow us to accurately quantify

patterns of landscape dissection (e.g., drainage density), channel head locations,

surface runoff patterns and hillslope length scales. Coarse resolution datasets (30-

100m), such as Shuttle Radar Topographic Mission (SRTM), fail to capture local

variability at relevant process scales and only resolve large scale topographic pat-

terns. As we continue to collect high resolution data there is a growing need to

develop new methods and algorithms to objectively extract topographic features,

such as channels, and identify metrics able to characterize topography over large
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areas.

The goals of the research presented here are to (i) identify the signature of

climate, vegetation, topography and lithology on channel patterns, (ii) define new

metrics to quantify catchment topography across a range of scales, (iii) improve

existing feature extraction techniques for channel networks to upscale them to

handle larger catchments, and, (iv) develop feature extraction tools for urban and

highly engineered setting. The research will deepen our understanding about the

effects of climate on channel patterns across a range of scales; the identification of

new metrics will help characterize landscapes in an objective manner; improvement

of existing feature extraction techniques to handle large catchments will help in

designing best management practices for watersheds through distributed mapping

of topographic attributes such as slope, curvature, and accumulation area; feature

extraction in urban and engineered settings will improve the analysis of watersheds

modified by humans.
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Chapter 1: Introduction

1.1 Motivation

Watersheds are complex natural systems that route sediment and runoff into and

through the channel network (Rodŕıguez-Iturbe and Rinaldo, 2001). Catchment

topography controls the movement of water within the watershed and is central

to the prediction of flow characteristics within a basin (Moore et al., 1991). The

catchment response to natural and anthropogenic disturbances varies over a range

of spatial and temporal scales. In order to analyze catchment topography, we rely

on digital representations of the terrain, such as Digital Terrain Models (DTMs).

The more accurate topographic data sets are, the more accurate will be the char-

acterization of the terrain and thus the prediction of the catchment hydrologic

response.

The digital elevation models (DEMs) available in the 1980-90s lacked in

resolution. It rapidly became clear that 30-100m resolution datasets are insuffi-

cient to resolve catchment features at the scale of the underlying processes (Mont-

gomery and Foufoula-Georgiou, 1993a; Zhang and Montgomery , 1994). Assump-

tions about threshold area or slope were necessary to infer channel network pat-

terns (Tarboton et al., 1992) (figure 1.1(a)).

With advancements in Light Detection and Ranging (lidar) technology a

variety of lidar acquiring systems have emerged over the past 10 years (Glennie

et al., 2013; Passalacqua et al., 2015; Harpold et al., 2015). Techniques such as

full waveform lidar are now able to map catchments that are heavily vegetated

1



and have a large urban footprint (Mallet and Bretar , 2009). Green wavelength

lidar technology enables mapping of bathymetric data in relatively shallow and

non turbid water (McKean et al., 2008). With the advent of lidar data it is now

possible to analyze catchment topography at meter and sub meter scale resolutions

(figure 1.1(c)). Lidar data combined with field work have led to improved hazard

inventory maps for floods (Marks and Bates , 2000), post fire events (Lentile et al.,

2006), landslides (Booth et al., 2009) and hurricanes (Houser and Hamilton, 2009).

Lidar is influencing the way we analyze our landscapes (Roering et al., 2013).

Source: Esri, DigitalGlobe, GeoEye, i-cubed, USDA,
USGS, AEX, Getmapping, Aerogrid, IGN, IGP,
swisstopo, and the GIS User Community

(c)(b)(a)

Figure 1.1: (a) Stream network delineation on 30 m ASTER DEM near Jeddah
in Saudi Arabia (b) A false-color image of a similar arid area in southeastern
Jordan. Image acquired in May 2001 by the ASTER instrument onboard NASA’s
Terra satellite. (c) Channel network and channel heads extracted by GeoNet (Pas-
salacqua et al., 2010a) from a lidar DTM (1m resolution) of the Ikawa watershed,
Japan.

As organizations such as NCALM (http://www.ncalm.cive.uh.edu/index.

html), Opentopography (http://www.opentopography.org/), USGS Click (http:

//lidar.cr.usgs.gov/) and TNRIS (www.tnris.org), etc., continue to collect

and store vast amounts of high resolution topographic data, we face new compu-

tational challenges in terms of storage, distribution and analysis of these datasets.

Traditional methods of catchment characterization using slope area plots (Dietrich

et al., 1993a) are challenged by e.g. the presence of noise (from vegetation removal,

2
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boulder pixels, and engineered structures. New and advanced metrics are needed

to characterize topography in an objective and accurate way in great detail. Such

metrics are also needed to test results of water and sediment transport models.

Various GIS based tools are now available to visualize lidar datasets [e.g.,

ArcGIS, ENVI, LasTools]. Open source tools such as GeoNet (Passalacqua et al.,

2010a) (https://sites.google.com/site/geonethome) couple lidar data with

advanced feature extraction algorithms (e.g., non linear diffusion for noise removal

and geodesics for extraction of channel network) and help in dealing with the

challenges encountered in lidar data analysis when operated over small watersheds

(< 25km2). For successful watershed management the level of detail needed to

characterize the topography will vary in proportion to the homogeneity of land

use type and variety and complexity of observed catchment processes. Local topo-

graphic variability will decide the optimum watershed scale for best management

practices. Thus there is a need to upgrade current feature extraction tools to

operate over socially relevant large catchment areas.

The presence of roads, bridges, dams, agricultural ditches, and other engi-

neered structures remind us of the ever increasing human footprint on catchments.

Extraction of channel networks especially in the presence of road crossings is ex-

tremely challenging (Passalacqua et al., 2012). When features such as roads are of

the same scale as the channels, traditional feature extraction methods based on pit

filling operations and accumulation area modify the original topography and fail to

distinguish between manmade features and natural channel networks (O’Callaghan

and Mark , 1984). Methods are needed to distinguish between engineered features

and natural channels.

This study will deepen our understanding of the correlation structure of
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topographic and climatic patterns; new metrics to quantify catchment topography

are identified; existing feature extraction techniques are extended to handle larger

catchments, and feature extraction tools to extract natural channels in presence

of engineered structures in urban landscapes are developed.

1.2 Research Questions

The dissertation is framed around the following research questions.

1. What is the correlation between drainage patterns and climate, vegetation,

topography, and lithology?

2. Can we quantitatively characterize topography across scales and identify new

metrics to better inform hydrologic models by using high resolution terrain

data?

3. How can we scale up automatic feature extraction tools to analyze large

watersheds (> 100km2) and still capture the local variability in first order

catchments?

4. Can we develop feature extraction algorithms to identify channel networks

in urban and engineered watersheds?

1.3 Hypotheses

This dissertation addresses the following hypotheses:

1. The correlation structure between geomorphic, climatic, vegetation, and

lithology parameters can be captured through objective measurement of

drainage density, slope, flow accumulation, and terrain curvature from high

4



resolution lidar DTMs and high resolution vector and raster datasets of cli-

matic parameters such as rainfall, soil type, and vegetation.

2. An extensive statistical analysis of lidar DTMs across a range of scales,

captures landscape variability at relevant process scales. New metrics able

to characterize catchment topography across scales can be defined.

3. The capability of feature extraction algorithms can be scaled-up by using

latest optimized open source computing techniques for large scale watersheds.

4. New filtering methods can be used to efficiently filter out engineered features

such as roads and buildings from high resolution topographic data in urban

settings and extract channel networks.

1.4 Outline

The outline of the dissertation are as follows. Chapter 2 sets the background and

presents a review on the state of art concerning the four research questions ad-

dressed here. Chapter 3 presents the development of a new dimensionless drainage

density metric and the correlation analysis of the dimensionless drainage density

metric with respect to climate, topography, vegetation, and geology for 101 sub-

basins located in 13 states in USA. Regardless of recent advances in measuring

drainage density as a spatially continuous variable (Tucker et al., 2001) and in

a dimensionless form (chapter 2), drainage density remains a bulk measurement

and is limited by the information it provides about the structure of channel net-

work (Perron et al., 2008a). Thus, an extensive statistical analysis of lidar DTMs

across a range of scales is developed to capture the inherent variability in shape

5



and form of landscapes (including hillslopes and channel networks) at relevant

process scales. The motivation to analyze landscapes across scales is addressed

in chapter 4. A multi resolution analysis (MRA) of high resolution topography

using the “scale-space” theory from the field of computer vision is presented. The

application of the MRA technique on five soil mantled landscapes is presented

and the results are compared to modeled steady state landscapes generated from

a landscape evolution model. A novel method for estimating hillslope diffusivity

coefficient completely based on scaling analysis of topography is presented and

the results are compared to cosmogenic radionuclide estimates of erosion rates

reported in literature.

As exciting is it is to understand processes in detail at finer scales, it is

equally important to recognize that watershed management decisions are made

at much larger scales. Feature extraction tools that can summarize the effects of

various small scale catchment processes from high resolution topographic data at

socially relevant scales in urban and engineered setting are not available. Chap-

ter 5 presents the use of new filtering tools to extract channel features in urban

watersheds and engineered landscapes. This chapter also presents the development

of GeoNet (previously written in MATLAB) in Python programming language in-

tegrated with GRASS GIS. This new development of GeoNet in Python allows us

to implement the same feature extraction techniques over much larger watersheds

(≥ 100km2). Lastly, in chapter 6 presents the research summary and the contri-

butions made to science and technology and concludes with discussion on research

needs in the area of water resources engineering.
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Chapter 2: Background

2.1 The signature of climate on topographic patterns

As a unique property of the landscape, drainage density (D) relates the underly-

ing geomorphic processes acting in a catchment to its topography (Moglen et al.,

1998). Usually expressed as a ratio of total channel length in a catchment to

total catchment area (Horton, 1932), D is strongly controlled by the local lithol-

ogy (Carlston, 1963; Kelson and Wells , 1989; Melton, 1957; Talling and Sowter ,

1999), topography (Tucker and Bras , 1998; Oguchi , 1997a), vegetation (Luoto,

2007; Chorley , 1957; Moglen et al., 1998; Melton, 1957; Collins and Bras , 2010;

Istanbulluoglu and Bras , 2005) and regional climatic patterns (Melton, 1957; Abra-

hams , 1984, 1972a; Daniel , 1981; Gregory and Walling , 1968; Madduma Bandara,

1974; Chorley , 1957; Moglen et al., 1998; Smith et al., 2013; Chadwick et al., 2013).

Owing to the natural variability in lithology, vegetation, and climatic patterns, it

is often challenging to isolate the controls of the aforementioned variables over D.

Extensive field studies and modeling efforts have been used in the past to

isolate and understand the controls of climate, relief, vegetation, and lithology on

D. One such extensive field study was conducted by Melton (1957) over 90 basins

in Arizona, Colorado, New Mexico and Utah (Figure 2.1). Topographic contour

maps [1:24,000] were used to measure catchment slope, relief (R), and D ; the

“Thornthwaite precipitation-evaporation” (P-E) index (Thornthwaite, 1931) was

used to represent regional climatic patterns, while relative infiltration capacity,

soil strength, and percent bare were used to represent soil and vegetation charac-

7



!!

!!
!

!

!

!

!
!!

!!!

!!

!!

!!

!!

!

!

!!

!

!!

!

!!!

!!!!

!
!!!

!

!

!

!

!
!

!

!

Utah

Arizona

Colorado

New Mexico

Figure 2.1: Locations of catchments analyzed by Melton (1957) shown as red dots
on the map.

teristics. Through multivariate regression and correlation analysis, Melton (1957)

observed that D increased with increasing percent bare while runoff intensity (I )

decreased with increasing P-E index and infiltration capacity. Some variation in D

by lithology type was also observed. Average D for shale and schist lithology was

well above the observed mean D, whereas the values for limestone and acidic vol-

canic rocks were well below the mean D. Some limitations of this study were that

the sample size was different and inadequate for each lithology type preventing a

detailed analysis of correlation.

Abrahams (1984) extended this analysis over a wider range of P-E index

and observed that D varied inversely with P-E index in semiarid regions while in-

creased with increasing P-E index in humid environments. This reversal in trend

was attributed to the local vegetation cover (Vcov). The dueling control of vege-
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tation and runoff over D with increasing MAP was also studied by Istanbulluoglu

and Bras (2005), and Collins and Bras (2010). Istanbulluoglu and Bras (2005) an-

alyzed the control of Vcov on D of simulated landscapes and illustrated contrasting

differences between drainage networks in landscapes with and without vegetation

cover. For no Vcov their simulations generated low relief highly dissected land-

scapes, while a static Vcov produced a less dissected landscape. Collins and Bras

(2010) later summarized the feedback from vegetation and runoff under varying

MAP in a schematic representation showing an initial increase in drainage density

in arid areas, followed by a decrease in semi-arid regions, and an increase in humid

environments.

Morisawa (1957), Morisawa (1961), and Schneider (1961) show that the

computed drainage density from blue lines on 1 : 24, 000 topographic maps, cor-

relate badly with field measurements. Terrain properties such as elevation, slope,

curvature, and accumulation area are continuous in space, whereas drainage den-

sity is a spatially averaged quantity. Tucker et al. (2001) showed that by express-

ing drainage density as a measure of hillslope length scale, it is possible to cast

drainage density as a parameter that can vary in space. Tucker et al. (2001) also

highlight that by collecting data sets within regions of uniform climate, relief, and

topography it is possible to separate out the influence of controlling factors such

as climate, lithology and vegetation.

2.2 Existing metrics to characterize catchment topography

The concept of “scale” has been addressed across a range of subjects dealing with

hydrology (Blöschl and Sivapalan, 1995; Wood et al., 1988; Gupta et al., 1986),

geomorphology (de Boer , 1992; Perron et al., 2008a; Atkinson and Tate, 2000),
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ecology (Marceau and Hay , 1999; Hay et al., 2002; Wu, 2004) and many more.

There are several ways in which we can think about the concept of “scale” on

landscapes. First, geomorphic processes act at a range of spatial and temporal

scales, generating a range of features of different scales on landscapes. Hillslopes,

for example, are characterized by a variety of geomorphic processes such as soil

creep (Kirkby , 1971; Smith and Bretherton, 1972), rain splash (Furbish et al.,

2007; Gabet and Dunne, 2003), frost heaving (Matsuoka et al., 1997), solifluction

(Wahrhaftig and Cox , 1959; Anderson and Anderson, 2010), landslides (Densmore

et al., 1997; Densmore and Hovius , 2000; Booth et al., 2009; Larsen et al., 2010),

debris flows (Benda, 1990; Iverson et al., 1997), and animal and plant bioturbation

(Gabet and Dunne, 2003; Amundson et al., 2007; Roering et al., 2010). These

processes result in a variety of hillslope forms and associated length scales.

Another way to think about “scale” is data resolution. Topographic pa-

rameters derived from topographic data depend on their resolution, as noted very

early by Evans (1972) and later confirmed by numerous studies (Shary et al., 2002;

Chang and Tsai , 1991; Wood , 1996; Zhang and Montgomery , 1994; Schmidt and

Andrew , 2005). Resolution also affects feature detection, process identification,

and modeling of landscape processes (Church and Mark , 1980; Mark and Aron-

son, 1984; de Boer , 1992; Kooi and Beaumont , 1996; Passalacqua et al., 2006).
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Figure 2.2: Slope area plot for the Skunk Creek catchment, CA. The curve shows
transition in landscape characteristics from hillslopes (divergent) to fluvial regions
(convergent) with broad transition zone. The units of slope and area are m/m
and m2 respectively.

So how is “scale” measured on landscapes? Slope area plots (Dietrich et al.,

1992; Tarolli and Dalla Fontana, 2009) and curvature (C) distributions (Lashermes

et al., 2007; Passalacqua et al., 2010b) are examples of methods used to identify

critical length scales over which process domains change, for example diffusive

processes leading into advective processes. Others (e.g., Tarboton et al., 1992)

have used such plots to infer locations of channel heads and threshold values of

accumulation area for channel initiation on DEMs. Hypsometric curves (Tucker

and Hancock , 2010), concave river profiles (Sklar and Dietrich, 1998), and bedrock

channel roughness (Johnson and Whipple, 2007) are some of the other metrics

that have been proposed and used for inferring catchment scale processes. Several

authors have also employed Fourier analysis (Rayner , 1972; Hanley , 1977; Harrison

and Lo, 1996; Perron et al., 2008a), wavelets (Booth et al., 2009; Kumar and

Foufoula-Georgiou, 1997; Lashermes et al., 2007; Jordan and Schott , 2005) and
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scale-space theory (Hay et al., 1997, 2001; Stark and Stark , 2001) to quantify

topographic patterns and catchment-scaling properties.

With the availability of high resolution topographic data (e.g. via Light

Detection and Ranging (lidar)) topographic characteristics such as channel slopes

(Vianello et al., 2009), channel bed morphology (Cavalli et al., 2008; Passalac-

qua et al., 2012), hillslope-to-valley transitions (Tarolli and Dalla Fontana, 2009),

characteristic topographic length scales (Perron et al., 2008a, 2009), and channel

networks (Passalacqua et al., 2010a) can now be extracted accurately and objec-

tively. Despite the wealth of information contained in high resolution topographic

data, a complete multi-scale characterization of topographic attributes derived

from lidar DTMs is still absent.

2.3 Feature extraction algorithms and the issue of watershed size

The explosive growth of high resolution data acquisition systems (e.g., airborne,

terrestrial, mobile laser scanning systems) and data dissemination applications and

related services (e.g., National Elevation Dataset http://viewer.nationalmap.

gov/viewer/ and OpenTopography http://www.opentopography.org/) are gen-

erating terabytes and even petabytes of data. The vast spatial extents and high

spatial resolutions allow us to map landscape features (e.g., rivers, floodplains,

landslide scars), while simultaneously improving the understanding of the under-

lying geomorphic processes at scales over which such processes act, transforming

the way we analyze landscapes (Tarolli and Dalla Fontana, 2009; Glennie et al.,

2013; Passalacqua et al., 2014; Tarolli , 2014; Passalacqua et al., 2015; Harpold

et al., 2015).

Several methods have been proposed to extract channel networks from
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DEMs) (e.g., Montgomery and Dietrich, 1988; Tarboton et al., 1988; Montgomery

and Foufoula-Georgiou, 1993a; Costacabral and Burges , 1994; Giannoni et al.,

2005; Hancock and Evans , 2006). Commonly, these channel extraction methods

follow a work-flow consisting of: (a) DEM pit filling, (b) flow direction assignment

(either using D8 or Dinfinity methods (Tarboton, 1997)), (c) computation of flow

accumulation, (d) identification of catchment boundaries, (e) catchment outlets,

and (f) extraction of channels based on flow accumulation thresholds, or a com-

bination of area, slope, and/or terrain curvature (e.g., Tarboton and Ames , 2001;

Lacroix et al., 2002; Orlandini et al., 2003; Tesfa et al., 2011; Yang et al., 2014;

Bhowmik et al., 2015; Sofia et al., 2011). This work-flow is common to methods

that use raster datasets as input and differs from work-flows used to analyze tri-

angulated irregular networks (e.g., Jones et al., 1990; Nelson et al., 1994; Vivoni

et al., 2004; Zhou et al., 2011).

Improved data, though, require improved analysis methods. When applied

to high resolution topography data, in fact, the classic channel network extraction

work-flow described above shows major shortcomings, namely the pit filling oper-

ation, which alters the original input DEM and can remove important land surface

information, and the definition of a flow accumulation threshold, which is based

on the assumption that all channels begin at the same flow accumulation value,

which is usually not valid (McNamara et al., 2006). This has motivated the recent

development of methods to extract channel heads and channel networks from high

resolution topography data (e.g., Lashermes et al., 2007; Passalacqua et al., 2010b;

Pelletier , 2013; Clubb et al., 2014; Orlandini et al., 2011). These methods do not

require a pit filling operation nor the definition of a flow accumulation threshold.

One of these methods is GeoNet (Passalacqua et al., 2010b), an open source,
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automatic method for channel head, channel network, and channel morphology

extraction from high resolution topography data. The method combines nonlinear

filtering of elevation data, to smooth small scale variability and enhance features of

interest, a statistical analysis of curvature, to identify the set of likely channelized

pixels, and geodesic minimization principles to extract channel heads and channel

centerlines. GeoNet has been applied and tested on a steep and natural landscape

(Passalacqua et al., 2010b), a heterogeneous mountainous watershed (Passalacqua

et al., 2010a), and a flat and engineered landscape (Passalacqua et al., 2012).

The method was coded in MATLAB and C, with limitations to the size of input

datasets.

For successful watershed management the level of detail needed to charac-

terize the topography varies with the homogeneity of land use type and, variety

and complexity of observed catchment processes. Local topographic variability

should decide the optimum watershed scale for best management practices. Tools

such as GeoNet have been generally used for small watersheds (< 25km2). The

main reasons being, lidar datasets are extremely dense and the algorithms used

within such tools demand substantial computer memory. Tools such as ArcGIS

ArcHydro framework (Maidment , 2002) and LasTools are making advancements

in analyzing dense lidar data at larger spatial scales, yet most of the functionality

to extract channel networks is limited to methods designed for coarse resolution

datasets. Recent frameworks such as the fully dynamic river model for large scale

river networks developed by Liu et al. (2012), scale up advanced feature extrac-

tion techniques and hydrodynamic modeling efforts based on lidar data to large

watersheds.

Stream management and policy making in the future will depend heavily
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on accurate characterization of the catchment topography as we witness frequent

extreme rainfall events. There is an increased need to upscale existing feature

extraction tools to operate over socially relevant large catchment areas.

2.4 Challenges in channel network extraction: Urban and engineered

structures

Automatic channel network extraction in landscapes heavily modified by humans

is extremely challenging. Identification of channel networks in the presence of

roads, dams, and bridges is particularly very challenging when using area accumu-

lation methods for resolving flow directions on DTMs and subsequent extraction of

stream networks. Usually, features such as roads and dams are removed from the

DTMs by either pit filling procedures (Soille, 2004; Tribe, 1992; Tarboton et al.,

1991; Jenson and Domingue, 1988), artificial landscape flooding algorithms (Ma-

galhães et al., 2012; Rueda et al., 2013), least cost drainage paths (Ehlschlaeger ,

1989; Metz et al., 2011), or by manual interventions. Such pit filling procedures

modify the input topography and either add or remove features from the land-

scapes.

Recently Passalacqua et al. (2012) showed that GeoNet can extract chan-

nel networks in flat and human-impacted landscapes by using lidar data for the

Le Sueur River Basin, a subbasin of the Minnesota River Basin. They used cur-

vature analysis to differentiate between channels and engineered structures that

are not part of the river network, such as roads and bridges. They noted that

the Laplacian of the terrain was more effective than geometric curvature in dis-

tinguishing channels from road features in flat, human-impacted landscapes. As

humans continue to modify the landscapes, methods are required to distinguish
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between natural and engineered features.

16



Chapter 3: Controls of climate, topography, vegetation,

and lithology on drainage density extracted from high

resolution topography

3.1 Introduction

Drainage density (D) is usually defined as a ratio of total channel length in a catch-

ment to total catchment area (Horton, 1932). Generally, computation of drainage

density needs prior knowledge of channel head locations followed by a consistent

method for channel centerline extraction. The extraction of channel networks from

coarse resolution digital elevation models (DEMs) fail to capture first and second

order channels which are essential for transport of sediment and runoff from hill-

slopes to valley bottoms. This inability to accurately detect channel networks in

coarse resolution DEMs affects the computation of D causing strong discrepancy

with field mapped D (Morisawa, 1957, 1961; Schneider , 1961; Li and Wong , 2010;

Goulden et al., 2014). Previous studies of correlations between the extent of land-

scape dissection and its controlling factors such as climate, topography, vegetation,

and lithology have not taken advantage of high resolution topographic data. With

the availability of high resolution topography, we have the opportunity to ana-

lyze these correlations at resolutions commensurate with the underlying process

regimes.

Channel networks and channel heads can now be automatically and objec-

tively extracted from high resolution topography (Lashermes et al., 2007; Tarolli

and Dalla Fontana, 2009; Passalacqua et al., 2010a,b; Pelletier , 2013) opening
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up the possibility of measuring D objectively and revisiting the Melton (1957) hy-

pothesis. Similarly, processes such as tree throws and root decay which control the

sediment generation in a basin and indirectly influence the extent of landscape dis-

section can be inferred successfully from lidar datasets (Gabet and Dunne, 2003;

Roering et al., 2004; Gabet and Mudd , 2010). Vegetation properties such mean

tree heights, canopy density, and estimates of above ground biomass (AGB) can

be computed from lidar datasets (Nilsson, 1996; Clark et al., 2011; Pelletier et al.,

2011; Hurst et al., 2013).

Understanding the control of basin lithology is crucial for determining the

extent of landscape dissection. MAP and available water content (AWC ) are

important factors influencing rock weathering and soil thickness (THICK ). By

analyzing the behavior of soil parameters, relief (R) and vegetation cover (Vcov)

with increasing MAP we can understand how climate controls these parameters

and how the behavior of these variables is closely tied to the reversal in correla-

tion of D and MAP. Also, soil physical proprieties such as porosity, thickness, and

pore size are controlled indirectly by climate (Chadwick et al., 2013) and deter-

mine water supply that strongly influences plant growth. Similarly, the correlation

between topographic relief and D is of particular interest as it helps understand-

ing the effect of erosion rates on the patterns of channelization (Oguchi , 1997a;

Howard , 1998; Tucker and Bras , 1998).

The goals of this study are to: (i) propose a dimensionless measure of D

based on the number of likely channelized pixels of the basin eliminating the need

for computing the channel network and reducing the resolution dependence of D,

and (ii) by using high resolution data set for multiple river basins across the USA,

revisit Melton’s original hypothesis and examine the controls of relief, vegetation,
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and lithology on D across a wide range of MAP. The underlying hypothesis of our

study is that D carries strong, codependent signatures of MAP, R, Vcov, vegetation

type, lithology, and rock strength. Such signatures can be objectively determined

by analyzing meter resolution topography.

We test this hypothesis by mapping drainage density over meter reso-

lution datasets by using the GeoNet framework (Passalacqua et al., 2010b,a)

(https://sites.google.com/site/geonethome) in 101 subbasins across thirteen

states in the USA in combination with best available spatial resolution maps of

precipitation, soil, geology, and land cover. We compare our results to previous

studies including landscape evolution modeling results and field observations. The

choice of the subbasins analyzed is constrained by the availability of high resolu-

tion topographic data and the need to cover a wide range of climatic regimes. The

availability of spatial maps of precipitation, soil, geology, and land cover was also

considered. In addition, we focused our analysis on basins that are not severely

urbanized and we enforced this criteria through visual inspection of aerial imagery

of the subbasins.

This chapter is organized as follows. In Section 3.2 we briefly describe the

datasets used in this work. In Section 3.3 we propose a dimensionless drainage

density metric and analyze its behavior through scales followed by an explanation

of the method used to estimate canopy cover. In Section 3.4 we analyze the

correlation between D and MAP influenced by varying R, Vcov, vegetation type,

lithology, and rock strength. We present our discussion and conclusions of this

work in Section 3.5 and 3.6 respectively.
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Figure 3.1: (a) MAP(mm/yr) in the United States and location of study areas
(red circles) with outline of available lidar datasets on OpenTopography (grey
polygons).

3.2 Study Areas and Data Description

A total of 101 sub basins located across thirteen states in the USA are analyzed in

the current study. The basins are located in Arizona, Alabama, California, Col-

orado, New Mexico, North Carolina, Idaho, Indiana, Oregon, Pennsylvania, Utah,

Virginia, and Washington (Figure 3.1). High resolution topographic data was

obtained from OpenTopography (http://www.opentopography.org/ (accessed 1

November 2013)) at 1 m resolution, except for four basins from Arizona and four

basins from Utah, for which the high resolution elevation data were obtained from

the National Elevation Dataset(NED) at 3 m resolution and was re-sampled to 1
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m resolution by using the nearest neighbor method (accessed 1 November 2013).

The four basins from NED were included in our analysis as these regions were

analyzed in Melton (1957). The lidar point density in general varied considerably

over the basins depending on the date of lidar survey as well as local ground cover.

Rasters were generated from the lidar point clouds by creating a TIN (Triangu-

lated Irregular Network) with an interpolation algorithm called TIN streaming

(http://www.cs.unc.edu/~isenburg/tin2dem/). All our analysis are performed

over basins of similar size. Lidar datasets of box size roughly 2 Km2 were con-

sidered and then subbasins of size 0.12 Km2 were extracted from the box. This

operation avoids edge effects which could contaminate the catchment boundaries.

Mean annual precipitation (MAP) was downloaded from the gridded PRISM

climate dataset (http://prism.oregonstate.edu (accessed 1 November 2013))

available at 800 m resolution for the period 1981 - 2010. The spatial locations of

the input datasets included in the study overlaid on the map of MAP (mm/yr),

and polygon outlines showing regions with available lidar survey from OpenTopog-

raphy are shown in Figure 3.1. We measure runoff intensity (I ) as I = P − f + 5

(Melton, 1957) , where P are 5 year, 1 hour precipitation frequency depths (inches),

f is infiltration capacity (in/hr), and 5 is a constant added to keep the runoff in-

tensity as a positive value. The precipitation frequency depths (PFD) available as

gridded PFD GIS datasets prepared from partial duration series for 1hr duration

storms with 5 year return period were downloaded from the NOAA precipitation

frequency data server (http://hdsc.nws.noaa.gov/hdsc/pfds/index.html (ac-

cessed 1 November 2013)). The basins from Washington, Oregon and Idaho were

excluded from the correlation analysis between D and I as 5 year 1 hour duration

PFDs are not available.
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Figure 3.2: Table A3-7 from International Society for Rock Mechanics showing
rock strength classifications based on compressive strength of rock and clay.

To understand the control of rock strength and lithology on D, state geo-

logical maps were downloaded from the Mineral Resources On-Line Spatial Data

hosted by the U.S. Geological Survey (USGS) at http://mrdata.usgs.gov/geology/

state (accessed 1 November 2013). The dominant rock type and age of the rocks

were obtained for each analyzed basin.

22

http://mrdata.usgs.gov/geology/state
http://mrdata.usgs.gov/geology/state


Figure 3.3: Table A3-8 from International Society for Rock Mechanics showing
normal range of compressive strengths for some common rock types.

The Uniaxial Compressive Strength (UCS ) (MPa) reported by International
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Society for Rock Mechanics (ISRM) in Table A3-7 (Figure 3.2) and A3-8 (Fig-

ure 3.3) are used as a measure of rock strength (Ulusay and Hudson, 2007). The

low, average and high UCS (MPa) values for each rock type were recorded and

the average UCS was used for arranging basins by increasing rock strength. Soil

parameters such as available water content (AWC ) (inches/inch), soil permeabil-

ity (PERM ) (in/hr), soil thickness (THICK ) (in) were obtained from the USDA

STATSGO soil database (SoilSurveyStaff , 2014) (accessed 1 November 2013). All

soil and geological maps were accessed at the available scale of 1:250,000. The

soil permeability (PERM ) reported in (inches/hr) was converted into (mm/hr)

and used as the infiltration capacity (f ) in our analysis for the estimation of runoff

intensity (I ). The map of North American land cover (2010) at a spatial resolution

of 250 meters was used to derive land cover information (http://www.cec.org/

(accessed 1 November 2013)).
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Figure 3.4: Identification of likely channelized pixels. (a) Comparison of curvature
(C) distribution to Normal distribution(quantile-quantile plot) for the Paso del
Norte basin in New Mexico. The curvature threshold (Tqq) (red dot) is identified
automatically by GeoNet. All pixels with C ≥ Tqq are identified as likely channel-
ized pixels. (b) Hillshade of the Paso del Norte basin in New Mexico overlaid by
the skeleton of likely channelized pixels (blue) and basin area (yellow).

3.3 Methods

3.3.1 Dimensionless Drainage Density

Drainage density is commonly defined as the ratio of total length of channels to

total basin area (Horton, 1932). This drainage density metric is scale-dependent;

as the data become coarser, D decreases as channels below the grid resolution are

not detectable. In addition, prior knowledge of the channel network is required to

compute the total channel length in a basin. To address these issues, we propose a

dimensionless drainage density metric based on a recently developed approach to

detect likely channelized pixels, from the deviation of the curvature [C] distribution

from normal behavior (quantile-quantile plot) (Lashermes et al., 2007; Passalacqua

et al., 2010b) (Figure 3.4a). The deviation in the statistical behavior of C is

25



interpreted as transition from hillslopes to valleys and used to compute a curvature

threshold Cth:

Cth = µc + Tqq ∗ σc (3.1)

where µc and σc are the mean and standard deviation of the catchment

curvature values and Tqq is the value of the standard normal variate at the deviation

point (red dot in Figure 3.4a). Based on Cth, we can identify the skeleton [S] of

likely channelized pixels defined as:

S =


1 C ∈ C > Cth

0 C ∈ C < Cth

(3.2)

The set of points with S = 1 are the likely channelized pixels in the land-

scape (Figure 3.4b). Tqq, C, and S are automatically computed within GeoNet.

Based on the skeleton of likely channelized pixels, a dimensionless drainage density

[Ddd] metric can be defined as:

Ddd =
Pch
Pb

(3.3)

where Pch indicates the total number of channelized pixels within the basin

and Pb the total number of basin pixels. This definition allows the measurement

of drainage density without extracting the actual channel network centerline. The

extracted skeleton for the Paso del Norte basin in New Mexico is shown in Figure

3.4b. The skeleton clearly captures the extent of channelization in the basin. Dis-

continuities in the skeleton arise due to road crossings and other local disruptions

captured in the lidar dataset.
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3.3.1.1 Scaling Analysis of Drainage Density

We now compare the behavior of Ddd through scales to the classic drainage density

metric:

Dg =
Pc ∗ δ
Pb ∗ δ2

(3.4)

where δ is the input DTM resolution, and Pc is the total number of pixels

along the channel centerline. Depending on the flow direction at any given pixel,

δ is
√

2δ (i.e. flow direction is along the diagonal of a grid cell) or just δ (i.e.

flow direction is along the horizontal or vertical faces of a grid cell). The scaling

analysis of D was done on 12 large watersheds. Lidar datasets of box size roughly

5 Km2 were downloaded and then subbasins of size 0.9 Km2 were extracted from

the box. A bigger watershed area ensured that we had enough pixels at coarser

resolutions to extract metrics of Ddd and Dg. Each input lidar DTM (1m resolution

and 0.9 Km2) was re-sampled to a set of coarser resolutions (2m, 3m, 4m, 5m, 6m,

8m, 10m) by using the nearest neighbor (NN) method. The re-sampling was done

within GeoNet by using the nearest neighbor method with the “imresize” function

in MATLAB. The flow threshold was adjusted at each DTM scale to equal 10 m2.

Resolutions greater than 10 m were not considered as most first and second order

channels were not captured at such coarser resolutions. Channel centerlines were

extracted within the GeoNet framework as curves of minimum cost (Passalacqua

et al., 2010b) and Dg (m/km2) was the then calculated by using equation 3.4.

The scaling analysis of Dg and Ddd shows that Dg decreases with decreasing

resolution (Fig. 3.5a) as channels smaller than the grid size cannot be detected.

Ddd instead shows a slight increase with data resolution (Figure 3.5b). Pch and Pb
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Figure 3.5: (a) Variation of Dg (m1Km−2) with input data pixel resolution (δ)
(m). For Dg = aδα the regressed values are a = 1.882e + 04 [m1−α/Km2] and
α = −0.435. (b) Variation in Ddd is shown as a function of DTM pixel resolution
(δ) (m). For Ddd = aδα the regressed values are a = 0.072 [m−α] and α = 0.195.
The model indicates that Ddd is less dependent on input DTM pixel resolutions
compared to Dg, which decreases with decreasing input DTM pixel resolution.
(c) Number of channelized pixels (Pch) identified for each landscape at each input
DTM resolution (δ) (m). (d) Number of basin pixels (Pb) identified for each
landscape at each input DTM resolution (δ) (m).

28



decrease with decreasing resolution (Figure 3.5 c,d). The analysis of the quantile-

quantile plot of the curvature across various input resolutions (δ) shows that as

the input data is coarsened σc decays exponentially with increasing pixel size while

µc shows a nonlinear behavior with δ that can be approximated with a third order

polynomial. Thus the combined effect of σc and µc forces the threshold curvature

(Cth) to decrease with δ thus facilitating more pixels to exceed Cth and be identified

as possible channel pixels at coarser resolutions. Also the convergent topography

of the datasets used in our analysis, facilitates this behavior of the curvature

threshold being exceeded more often at coarser resolutions, as the skeleton at

coarser resolutions is a combination of channel pixels and valley pixels. Hence we

observe a slightly increasing trend in Ddd with input data resolution (Figure 3.5b).

We model the relationship between drainage density and the input dataset

resolution (δ) by using a model of the form (Rodŕıguez-Iturbe and Rinaldo, 2001):

D = aδα (3.5)

where D is the drainage density measure (Ddd or Dg), δ is the input DEM

pixel resolution and α is the slope of the model in log space (log(D) = log(a) +

α∗ log(δ)). For the model Ddd = aδα the regressed values are a = 0.072 [m−α] and

α = 0.195. while for the model Dg = aδα the regressed values are a = 1.882e+ 04

[m1−α/Km2] and α = −0.435. The model indicates that Dg and Ddd have a

power law relationship with α. The values of α indicate that Dg is approximately

twice as strongly dependent on input dataset resolution as Ddd. Ddd emerges as a

preferred choice over Dg due to its dimensionless formulation, the ability to extract

it objectively from lidar datasets without the need to extract channel centerline,
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and due to a weaker scaling function of input data resolution (δ).

3.3.2 Estimation of Vegetation Density

To estimate vegetation density, we used lidar data classified into ground returns

(bare earth DTMs) and non-ground returns which we refer here as Digital Surface

Models (DSMs). Vegetation height at each pixel (1 m2) is computed as the dif-

ference between the DSM and DTM for each study region. We express (DSM -

DTM) as a percentage by comparing the number of pixels (Pdiff ) with elevation

greater than 3 m (only positive) to total number of basin pixels (Pb):

Vcov =
Pdiff
Pb
∗ 100 (3.6)

A Vcov = 100% indicates that all the pixels in the DTM are above ground

points and the basin is completely covered with canopy (trees taller than 3 m),

while Vcov = 0% indicates no vegetation above 3 m. The height difference of 3 m

avoids any errors in DTM interpolation methods limited by the mean point spac-

ing of lidar survey. All the derived canopy density estimates compared visually

well with satellite imagery. Since we restricted our analysis to non-urbanized land-

scapes, the simple difference of DSM - DTM can capture the extent of vegetation

cover appropriately.

3.3.3 GeoNet processing parameters.

All the input lidar DTMs were analyzed at 1 m grid resolutions. 50 filtering

iterations were used for all the datasets. A flow threshold value of 10 m2 was used

for all the landscapes. The search box size used for all the datasets is 30 m. Since
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the skeleton of the likely channelized pixels does not depend on any of the above

thresholds, Ddd is independent of the processing parameters. For the computation

of Dg the above parameters remained constant for all the datasets.
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Figure 3.6: (a) Correlation analysis between Ddd and MAP by using a Gaussian
mixture model. The colors on the contours are estimates showing posterior proba-
bilities indicating the probability of each point belonging to a cluster. All datasets
that have less than 1050 mm/yr of MAP are labeled as group A, while all other
datasets are labeled as group B. (b) The correlation changes from negative in group
A to positive in group B. The non parameteric Theil-Sen linear trend line for each
group is shown. For group A the slope of the non parameteric Theil sen trend line
is -5.3438e-05 (p = 1.1943e− 05) and for group B is 9.5817e-06 (p = 0.0098019).

3.4 Results

3.4.1 Correlation between Ddd, Mean Annual Precipitation, and Runoff

A Gaussian mixture model (McLachlan and Peel , 2004) of Ddd and MAP is used

to assess the correlation structure of drainage density and climatic variables. We

observe two groups of subbasins with different correlations. We observe that Ddd

first decreases and later increases with increasing MAP. The transition point be-
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tween negative and positive correlation groups is identified visually to lie between

1000 - 1100 mm/yr MAP (indicated by an arrow symbol in Figure 3.6a). We refer

to all the basins with a MAP lower than 1050 mm/yr as group A and the rest as

group B. The contour lines in Figure 3.6a represent the posterior probability of a

basin to belong to a cluster. The orientation of the contours only indicate possible

trends in each group and the trend cannot be inferred from the contours alone.

Correlation is quantified with the non parametric Kendall’s τk. The null

hypothesis is of no correlation among the two measured variables. We reject the

null hypothesis when the p−value (measure of the likelihood of null hypothesis) is

less than a significance level of 0.05.

Group A shows negative correlation between Ddd and MAP (τk: -0.423, p =

1.4773e − 06) while group B shows positive correlation (τk: 0.246, p = 0.030099)

(Figure 3.6b). These trends agree with the results of Collins and Bras (2010) and

previous observational studies (Gregory and Walling , 1968; Melton, 1957; Abra-

hams , 1972b; Abrahams and Ponczynski , 1984; Moglen et al., 1998), as basins in

group A are in semi-arid environments, while group B are in humid environments.

Correlation between Ddd and runoff intensity (I )(mm/hr) quantified with

the non parametric Kendall’s τk shows no significant correlation (I = P − f + 5 ∗

25.4) (τk: -0.0323, p = 0.69364) (Figure 3.7a). Even after removing the climatic

signature of MAP the correlation between Ddd and I remains insignificant (Figure

3.7b); (Group A: (τk: -0.00179, p = 0.9929); Group B: (τk: -0.00741, p = 0.98013)).
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Figure 3.7: (a) Plot of Ddd and runoff intensity (I ) (mm/hr) without climate
grouping. The data points are colored by MAP (mm/yr). The solid line represents
a linear relationship between Ddd and I. The predicted linear relationship is not
significant (p = 0.6269). The shaded region shows the 95% confidence intervals
for the fitted linear relationship. (b) Plot of Ddd with I (mm/hr) grouped by
climate. The predicted linear relationships are insignificant within the climate
groups ((group A: p = 0.52 ) ; (group B: p = 0.4601))

3.4.2 Soil Parameters, Relief and Vegetation Cover as a Function of

Climate

First, we analyze the variation in THICK and AWC with increasing MAP for the

entire USA (Figure 3.8a,b). We obtained the values of THICK and AWC reported

in the STATSGO database for each rock unit polygon as rasters re-sampled at 800

m spatial resolution to match the spatial resolution of MAP obtained from the

PRISM climate dataset. Data are then binned into 75 regularly spaced bins of

MAP and for each bin, the median and standard deviation in THICK and AWC

are estimated and plotted. Two change points are visually identified in Figure

3.8a and three distinct zones (T1, T2, and T3) of correlation are observed. For
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Figure 3.8: (a) The variation of soil thickness (THICK )(mm) obtained from the
STATSGO database with MAP (mm/yr) for the entire USA. Three different
groups are identified visually from the plot (T1, T2, T3). (b) The variation of
available water content (AWC ) (in/in) obtained from the STATSGO database
with MAP (mm/yr) for the entire USA. Two different groups are identified visu-
ally from the plot (AWC1, AWC2). Data are binned into regularly spaced bins in
MAP (see text for further discussion).

zone T1 (i.e. arid landscapes having MAP ≤300 mm/yr) the median soil thickness

gradually decreases with increasing MAP (τk: -0.799, p = 2.7358e − 09). As we

move into semi-arid and sub-humid landscapes (300 ≤MAP ≤ 1700 mm/yr) (zone

T2) the correlation is positive and median soil thickness increases with MAP (τk:

0.892, p =< 2.22e−16). For very humid landscapes (zone T3 MAP ≥ 1700 mm/yr)

the correlation still remains positive (τk: 0.4, p = 0.014961), but we do observe a

sharp transition in median soil thickness with increasing MAP compared to zone

T2. Considerable amount of variation in soil thickness is observed throughout the

range of MAP.

Soil thickness and climate determine the amount of water that is available

for plant growth at any given location. Variation in AWC defined as the amount

of water available to plants is analyzed here with increasing MAP for the entire
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USA (Figure 3.8b). We observe that the relationship between median AWC and

MAP transitions from positive correlation (τk: 0.801, p =< 2.22e − 16) (zone

AWC1) to negative correlation (τk: -0.635, p = 1.4297e − 06) (zone AWC2) with

increasing MAP. The observed transition zone occurs at a MAP of 1050 mm/yr

(visually identified from Figure 3.8b). These results imply that AWC changes non-

monotonically with MAP and that soil moisture and soil thickness exert complex

controls over vegetation and topographic relief.
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Figure 3.9: (a) The variation of maximum relief (R)(m) with MAP (mm/yr) for
the lidar datasets. The solid lines represent a second order polynomial fit between
the variables. The predicted second order relationship betweeen R and MAP is
significant (p = 4.899e − 10). (b) Plot of vegetation cover (Vcov) (%) with MAP
(mm/yr) for the lidar datasets. The predicted second order relationship betweeen
Vcov and MAP is significant (p ≤ 2.2e − 16). The shaded region in grey around
the solid lines represents in the 95% confidence intervals.

We explore similar controls of climate on relief (R) and Vcov only for the

101 lidar datasets as their estimation requires the availability of high resolution

topography (Figure 3.9). The data shows that in general higher topographic relief

is predicted with increasing MAP (Figure 3.9a). A second order polynomial fit to

the data (p = 4.899e − 10) shows that the correlation is nonlinear. Figure 3.9b
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shows the variation of Vcov with increasing MAP for the 101 lidar subbasins. A

second order polynomial fit (p < 2.2e − 16) shows that the vegetation increases

gradually with increasing MAP while after 2000 mm/yr vegetation cover starts

decreasing.

3.4.2.1 Correlation between Ddd and Soil Parameters

Figure 3.10a shows the correlation between Ddd and THICK for group A (τk: -

0.0719, p = 0.43233) and group B (τk: -0.185, p = 0.11264). Similarly Figure

3.10b shows the correlation between Ddd and AWC for group A (τk: -0.145, p =

0.1199) and group B (τk: -0.098, p = 0.40622). Inadequate representation of AWC

and THICK at comparable scales to Ddd could be one of the reasons for lack of

statistical significance in the correlation between Ddd and soil parameters when

measured over lidar datasets.

3.4.3 Correlation between Ddd and Relief

The total relief for each basin is measured as the maximum elevation above the

basin outlet. For arid and semi-arid environments (group A) correlation between

topographic relief (R) and Ddd is barely significant (τk: -0.179, p = 0.040069)

while it is strong and positive in humid environments (group B) (τk: 0.312, p =

0.0053978) (Figure 3.11a).
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Figure 3.10: (a) The variation of soil thickness (THICK )(mm) obtained from the
STATSGO database with Ddd for the 101 lidar datasets. The solid line represents
a linear relationship between the variables, and the shaded region shows the 95%
confidence intervals for the fitted linear relationship. The p−value of the predicted
linear relationship between Ddd and THICK for each climate group is (group A:
p = 0.8591; group B: p = 0.04343). (b) The variation of available water content
(AWC ) (in/in) obtained from the STATSGO database with Ddd for the 101 lidar
datasets. The p−value of the predicted linear relationship between Ddd and AWC
for each climate group is (group A: p = 0.7992; group B: p = 0.3447).
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Figure 3.11: (a) Plot of maximum relief (R)(m) above the basin outlet compared
to Ddd for groups A and B. The solid line represents a linear relationship between
Ddd and R. The linear relationships for group A and B are significant (group A:
p = 0.02806 ; group B: p = 0.02694). (b) Gaussian mixture model applied to Ddd

versus R. Datasets with R < 140m are labeled as R1, 140m < R < 400m are
labeled as R2, and R > 400m are labeled as R3. The solid arrows indicate the
visually identified transition ranges. (c) Plot showing the correlation between Ddd

and R for the three different groups (R1, R2, and R3). Correlations of R1 and R2
are statistically significant while correlation for R3 is not.

38



Figure 3.11: ]

(Continued..) The solid lines represent the linear relation between Ddd and R [R1:
p = 0.003194], [R2: p = 0.0818], and [R3: p = 0.7871]. The shaded region in grey
around the solid lines represents the 95% confidence intervals.
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Figure 3.12: (a) The variation of soil thickness (THICK )(mm) obtained from the
STATSGO database with R (m) for the lidar datasets. The solid colored lines
are linear fits to the data for the groups R1, R2, R3. The shaded region in grey
around the solid lines represents the 95% confidence intervals. The p−value for
the linear relationships are (group R1: p = 0.02057; group R2: p = 0.7171; group
R3: p = 0.001149).

Without any prior knowledge of the regional climate, by using a Gaussian
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Figure 3.12: (Continued..) (b) The variation of available water content (AWC )
(in/in) obtained from the STATSGO database with R (m). The p−value for the
linear relationships are (group R1: p = 1.297e− 05; group R2: p = 0.02602; group
R3: p = 0.1801). (c) The variation of Vcov (%) with R (m). The p−value for the
linear relationships are (group R1: p = 0.001458; group R2: p = 0.005021; group
R3: p = 0.7458). The relief (R) is shown on a log scale for clarity.

mixture model for Ddd and R we identify three subgroups of landscapes (R1, R2,

R3) (Figure 3.11b). The first transition point between positive and negative cor-

relation is observed at a maximum relief of ≈ 140m (indicated by a solid arrow in

Figure 3.11b), while the second transition between negative to positive correlation

is observed at a maximum relief of ≈ 500m (indicated by a solid arrow in Figure

3.11b). Group R1 shows positive correlation (τk: 0.368, p = 0.00089359) while

group R2 shows negative correlation (τk: -0.315, p = 0.007538), both are statis-

tically significant (Figure 3.11c). The correlation in group R3 is not statistically

significant (τk: 0.209, p = 0.27941). These trends are consistent with the study of

Howard (1997) in which a change in correlation between Ddd and R was reported

from positive to negative with increasing relief observed over the badlands on the

Colorado Plateau (USA).

3.4.3.1 Changes in Soil Thickness, Available Water Content and Veg-

etation Cover with Relief

Correlations between THICK, AWC and Vcov with topographic relief are analyzed

for the three sub groups (R1, R2, R3) identified from Gaussian mixture model of

Ddd and R applied without any prior knowledge of the regional climate (Figure

3.12a). Soil thickness first decreases with increasing topographic relief (R) for low

and medium relief landscapes (group R1) (τk: -0.289, p = 0.0081499), while for
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moderate relief landscapes no significant correlation is observed (group R2: (τk:

0.0461, p = 0.69719)). Very high relief landscapes show negative correlation be-

tween soil thickness and topographic relief (group R3: (τk: -0.289, p = 0.0081499)).

AWC shows negative correlation with R for low and medium relief land-

scapes (group R1: (τk: -0.451, p = 3.9083e− 05)) while the correlations for mod-

erate (group R2: (τk: 0.172, p = 0.1463)) and high relief landscapes (group R3:

(τk: -0.133, p = 0.497)) are not significant (Figure 3.12b). Similarly, Vcov shows

negative correlation with R in group R1 (τk: -0.324, p = 0.0041401) and posi-

tive correlation in group R2 (τk: 0.316, p = 0.00699) and group R3 (τk: 0.126,

p = 0.528) (Figure 3.12c). The correlation of THICK, AWC and Vcov with R are

used to explain the functional relationship observed between Ddd and R seen in

Figure 3.11a later in the discussion.

3.4.4 Correlation Between Ddd and Vegetation Cover

Two opposite correlations are observed between Ddd and Vcov (Figure 3.13a) when

the basins are detrended for climate. For group A the correlation between Ddd

and Vcov is negative (τk: -0.333, p = 0.00041061) while it is positive for group B

basins (τk: 0.241, p = 0.040858). By looking at the correlation between Ddd and

Vcov without detrending for climatic signature in the basins, we see that Ddd de-

creases with increasing plant cover (τk: -0.186, p = 0.0097617) (Figure 3.13b). We

also find that while the maximum vegetation cover observed in arid and semiarid

environments (group A) does not exceed ≈ 55% with a mean canopy height of

≈ 3.51m, a wider range of vegetation cover is observed in humid environments

(group B) (≈ 1%− 99%) with a mean canopy height ≈ 12.1m (Figure 3.13c). We

further group vegetation by type into barren lands, grasslands, shrubs, broad leaf
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forests, needle leaf forests, and mixed forests. Figure 3.13d shows variation in Ddd

as boxplots for each land cover type. Except barren lands, the median Ddd remains

fairly constant for each land cover type.
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Figure 3.13: (a) Plot of vegetation cover (Vcov) (%) and Ddd for group A and B.
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Figure 3.13: (Continued..) The solid line represents the linear relationship between
Ddd and Vcov (Group A: p = 7.852e − 06, Group B: p = 0.02789). (b) Variation
of Ddd with Vcov (%). The linear relationship between Ddd with Vcov is significant
(p = 0.01422). (c) Mean (DSM-DTM) height distribution for each group, with
sample means (dotted lines). Group A mean (DSM-DTM) height is 3.51 m and
group B mean (DSM-DTM) height is 12.1 m. (d) Ddd variation within each class
of plant cover type arranged by increasing Vcov. The numbers indicate the sample
size of each group.
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Figure 3.14: (a) Variation of Ddd for different rock types arranged by increasing
mean uniaxial compressive strength (MPa). The boxplot shows the first and third
quartiles. The number of samples for each group are shown in the plot. The rock
types are U- Unconsolidated sediment, S- Sedimentary rock, P- Plutonic rock, V-
Volcanic rock, MM- Metamorphic rock, MS- Metasedimentary rock.

3.4.5 Correlation Between Ddd and Lithology

Figure 3.14 shows the variation in Ddd for each rock type arranged in increas-

ing order of mean UCS. Ddd for the unconsolidated sediments (sand and clay),

is the lowest compared to other rock types. Overall Ddd tends to decreases with

increasing uniaxial compressive rock strength. It should be noted that the sam-
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ple size for three rock types (Unconsolidated sediment, Metamorphic rock, and

Metasedimentary rock) analyzed is small (Figure 3.14).

0.025
0.050
0.075
0.100
0.125

0.025
0.050
0.075
0.100
0.125

0.025
0.050
0.075
0.100
0.125

L
1

L
2

L
3

 Mean UCS (MPa)

1000

2000

3000

MAP
(mm/yr)

0 50 100 150

D
dd 0.025

0.050
0.075
0.100
0.125

0.025
0.050
0.075
0.100
0.125

G
ro

u
p
 A

G
ro

u
p
 B

 Mean UCS (MPa)
0 50 100 150

D
dd

(a) (b)

Figure 3.15: (a) Plot of mean uniaxial compressive strength (UCS ) (MPa) and
Ddd. The mean UCS (MPa) is used to classify the groups; L1(UCS < 50MPa),
L2(50MPa < UCS < 100MPa), and L3(UCS > 100MPa). The solid line
represents a linear relationship between Ddd and UCS (group L1: inadequate
sample size; group L2: p = 0.8919; group L3: p = 0.08237). The gray shaded
region shows the 95% confidence intervals. (b) Correlations between Ddd and UCS
shown by climate group. (group A: p = 0.5577; group B: p = 0.5483) The linear
relationship is not statistically significant.

The basins are arranged by rock strength as sand and clay lithology (group

L1: UCS < 0.25 MPa), strong rock basins (group L2: 50 MPa < UCS < 100

MPa), and very strong rock basins (group L3: 100 MPa < UCS < 250 MPa)

(Figure 3.15). No significant correlation between Ddd and UCS can be observed

in group L1 (less than 12 sample points) and L2 (τk: 0.106, p = 0.46349). A

weak negative correlation between Ddd and UCS is observed for group L3 (τk: -

0.183, p = 0.047026), indicating that with increasing uniaxial compressive strength

(as rock hardness increases) Ddd decreases. The control of lithology (UCS ) on
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Ddd is also analyzed within climate groups A and B. Correlations between Ddd

and UCS are not statistically significant for either group (group A: (τk: 0.0409,

p = 0.65837)); (group B: (τk: -0.0358, p = 0.78039)).

3.5 Discussion

The analysis presented here revisits and supports the hypothesis of Melton (1957)

that climate, catchment topography, vegetation, and lithology affect D. We tested

this hypothesis over landscapes across a wide range of MAP for which high reso-

lution topographic data are available.

Objective extraction of drainage density is essential for a variety of opera-

tions such as sediment yield budgets, runoff estimates and reclamation of mined

lands. Our proposed dimensionless drainage density (Ddd) metric provides a sim-

ple and elegant way to estimate the extent of channelization in natural landscapes

by using high resolution topography. Ddd has the advantage of eliminating the

need for channel network extraction for measuring drainage density. Furthermore,

the scaling analysis of Ddd shows weak dependence on the input DEM resolution

compared to the classical dimensional drainage density metric (Dg).

The current study offers insight into the role of topographic relief, vegeta-

tion, and lithology on the extent of landscape dissection. Previous studies have

either shown an inverse relationship between MAP and drainage density (Melton,

1957) or a non-monotonic relation in which drainage density decreases with MAP

in arid and semiarid climates and increases in humid environments (Gregory and

Walling , 1968; Collins and Bras , 2010). The Gaussian mixture model used in

our analysis identifies two subgroups of landscapes; group A basins (arid envi-

ronments) have negative correlation between Ddd and MAP while group B basins
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(humid environments) show positive correlation between Ddd and MAP. The tran-

sition between the two groups occurs around MAP of 1000 - 1100 mm/yr and

coincides with transitions in soil thickness and available water content. The in-

creasing thickness of soil layers and available water content with MAP promote

dense plant cover and reduce erosion due to runoff, decreasing the overall drainage

density as observed in group A (arid and semi-arid environments). In humid re-

gions (group B) the available water content decreases accompanied by a sudden

drop in soil thickness by ≈ 400 mm. These conditions, gradually decrease veg-

etation cover (Figure 3.9b) and boost erosion due to overland flow resulting in

increased drainage density. Changes in soil properties with varying climate condi-

tions has been also observed by Chadwick et al. (2003) for catchments in Hawaii,

where a dominant threshold in saturation of base cation was predicted at about

1400 mm/yr of MAP. Although our analysis does not consider soil chemical prop-

erties as a function of MAP, we observe their effects in the correlation of AWC and

THICK with MAP. By using a Gaussian mixture model we recognize strikingly

similar transitions zones to those observed by Chadwick et al. (2003).

Collins and Bras (2010) observed similar correlation between drainage den-

sity and MAP for steady state equilibrium landscapes. Field measurements from

northern Colorado, Central Plains Experimental Range were used to validate the

model results. Their analysis, restricted to soil mantled water limited equilibrium

landscapes characterized by low-medium relief shows a transition in correlation at

about 300 mm/yr MAP. The mismatch in the transition point between Collins

and Bras (2010) and our study is likely due the fact that their results were ob-

tained on equilibrium synthetic landscapes while we analyzed natural landscapes

which are often far from equilibrium (Whipple, 2001). Further Collins and Bras
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(2010)acknowledged that the identified transition point was likely too low.

Observing correlations for natural landscapes offers valuable insights for

landscape evolution modeling and provides results for landscapes that are not at

steady state. For example, the correlation between Ddd and various controlling

factors change upon decoupling the analysis from the effect of MAP. This result

highlights the extent to which individual factors control landscape dissection under

similar climatic regimes. Similarly, the strong influence of MAP over AWC and

soil thickness (THICK ) allows ranges of soil thickness and moisture to be identified

within similar climatic regimes. Such estimates may be helpful in soil production

and vegetation growth models.

Previous studies based on slope models by Kirkby (1978, 1992) predicted

that drainage density increases in humid climates with increasing R while it re-

mains independent of R in semi-arid environments. Oguchi (1997b) instead, found

an inverse relationship between drainage density and R for mountainous terrain in

Japan prone to landsliding and other mass wasting processes. In this study Ddd

shows weak negative correlation with R in arid and semi-arid environments while

it shows strong positive correlation in humid environments. These observations

are consistent with previous studies (e.g. Kirkby , 1978, 1992; Tucker and Bras ,

1998).

Geomorphic transport laws used in landscape evolution models predict

power law relationship between D and R (D ∝ R−ξ) such that the correlation

between the variables is positive for creep dominated landscapes, and negative for

landslide prone ones (Tucker and Bras , 1998). Similar behavior emerges in our

analysis as indicated by the Gaussian mixture model applied to Ddd and R (Figure

3.11c). We observe that for low - medium relief landscapes (group R1) soil thick-
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ness, AWC, and Vcov decrease with increasing relief resulting in increased landscape

dissection in the basins. At around R ≈ 140m the correlation between Ddd and

R changes from positive to negative as the increase in plant cover aided by thick

soil layers and high AWC reduce drainage density (Figure 3.11c for group R2).

No significant correlation between Ddd and R is observed for group R3. Howard

(1997) observed a similar change in correlation between Ddd and relative relief ra-

tio and suggested that the transition from positive to negative correlation is due to

a change from diffusion mass wasting to threshold dominated mass wasting. The

results presented here may indicate dominant process signatures in the basins but

such interpretation of process signatures is limited due to the lack of availability

of field observations.

Our results show that vegetation cover changes with MAP ; canopy density

increases with increasing MAP until 2000 mm/yr and then starts deceasing. As

we decouple the climatic signature and look at correlations between Ddd and Vcov

within each group A and B, we observe opposite trends that imply control of veg-

etation on the dominant geomorphic processes (Figure 3.13a). Istanbulluoglu and

Bras (2005) observed similar controls and reported that for equilibrium landscapes

with relatively moderate ratio of uplift to hillslope diffusivity coefficient (U∗) veg-

etation controlled erosion processes at channel heads unlike landscapes with high

and low U∗ values.

Negative correlation between Ddd and Vcov implies that plant cover is pos-

itively correlated to flow accumulation and that Vcov increases the threshold for

channel initiation resulting in decreasing D. A positive correlation between Ddd and

Vcov is difficult to understand. As suggested by other field based studies (Dunne

et al., 2010; Jahn, 1991) this behavior can occur when landscapes are experiencing

48



constant rates of uplift, but dense vegetation cover is hindering hillslope diffusiv-

ity (Istanbulluoglu and Bras , 2005). To keep up with increasing uplift rates and

decreasing hillslope diffusivity (reduced by increasing plant cover), the D will grad-

ually increase. We observe that mean canopy height for group B is 4 times higher

than group A and the average canopy cover is also higher in group B than group A

(Figure 3.13c) which might decrease the hillslope diffusivity in these basins. Such

process signatures are lost and not seen by combining group A and B into a single

dataset. We observe that Ddd decreases in general with increasing Vcov and such

relationship was also observed by Melton (1957).

The dominant plant communities observed in the 101 subbasins are shrubs,

grasslands, broad leaf deciduous trees, needle leaf and mixed forests (Figure 3.13d).

Only basins with barren land had significantly different median Ddd, while all the

other plant communities had similar median Ddd values. These results may be

influenced by the uneven sample size for each vegetation type analyzed.

Most basins included in our study have underlain lithology dominated by

strong rocks (Figures 3.14 and 3.15). Our results indicate that D spans over vari-

able yet similar ranges for the rock types (Figure 3.14). Mueller and Pitlick (2013)

also reported for various rock types encountered in Northern Rocky Mountains,

USA with similar trends in D. Day (1980) observed in six small rural catchments

in Southern New England that drainage density is highest for sedimentary rocks

compared to granite rocks. Our results also show that Ddd is relatively higher

for sedimentary rocks compared to other groups in our dataset. No significant

correlation between Ddd and UCS is observed in our datasets when the signature

of climate is removed (Figure 3.15b). Similarly, no significant correlation is ob-

served when basins are clustered by rock strength except for a weak correlation
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in group L3 representing very strong rocks. Since most of the rocks observed in

our study sites are either strong rocks and very strong rocks (based on table A3-7

from ISRM) our sample choice may prevent us from observing any dominant trend.

There is significant spread around the mean uniaxial compressive strengths used

for each rock type preventing the mean from representing appropriately the actual

rock strength in the basin. The lack of any significant correlation across different

rock types, may also be due to the coarse resolution of the lithology datasets. The

same analysis repeated on a larger dataset may highlight significant relationships

between Ddd and UCS.

3.6 Conclusions

In this work we proposed a dimensionless drainage density measure (Ddd) based

on the likely channelized pixels. We measure drainage density on high resolu-

tion topographic data across the USA and analyzed its correlation with climate,

topography, vegetation, and lithology. The main conclusions of our work are:

1. The proposed metric Ddd is less dependent on the input DTM resolution

when compared to the classical drainage density measure (Dg).

2. Two subgroups of landscapes were identified by a Gaussian mixture model

(group A: arid and semi-arid; group B: humid environments).

3. The correlation analysis between Ddd and MAP shows transitions from neg-

ative to positive correlation at MAP 1000-1100 mm/yr.

4. The changeover range coincides with variation in plant cover, soil thickness

and available water content.
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5. Topographic relief shows weak negative correlation withDdd in arid and semi-

arid environments and strong positive correlation in humid environments.

6. Decreasing vegetation cover induces increasing Ddd.

7. No significant correlation was observed between rock characteristics (lithol-

ogy and rock strength) and D.

Our results capture the dueling interactions of runoff, vegetation control, soil thick-

ness, available water content, topographic relief and rock strength on drainage

density across varying MAP regimes in natural landscapes. Given the practical

limitations in terms of cost for repeat collection of meter resolution datasets over

large areas of interest, exploring methods that can predict topographic change as

a function of climatic variables is essential. While the current study has looked at

fairly small non urbanized basins, future work will include urbanized catchments

to understand the role of anthropogenic disturbance on watershed characteristics.
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Chapter 4: Multi resolution analysis of topography

4.1 Introduction

Landscape features occur across different length scales, thus a multi scale repre-

sentation of topography would allow us to study how topography and its derived

metrics change as a function of scale (Blöschl and Sivapalan, 1995). ‘Scale-space”

theory provides us with a unique and formal way to represent images (topography)

at multiple scales (Witkin, 1984; Koenderink , 1984; Hay et al., 2001) and has been

applied in a variety of cases such as feature detection in biomedical engineering,

ridge and multimodality matching in computational geometry, and deblurring (ter

Haar Romeny , 1997). Here, we explore the use of scale-space theory in the analysis

of topographic data and propose the use of a Multi-Resolution Analysis (MRA)

framework (Stark and Stark , 2001) to identify multi-scale transitions in probability

density functions (pdfs) of topographic variables such curvature (C), topographic

index (log(A/S)) (Beven and Kirkby , 1979), and hillslope lengths and their corre-

sponding characteristic length scales. The MRA framework consists of convolving

a landscape with Gaussian kernels of increasing standard deviation (σ) and ana-

lyzing the pdfs of various topographic metrics at each level of σ (representing the

scale of analysis).

Identifying characteristic length scales (CLSs) in natural landscapes is often

challenging, because of their intrinsic heterogeneity due to the effects of multiple

geomorphic processes. Landscape evolution models help in this regard (Tucker

and Hancock , 2010) allowing us to capture landscape response to various input
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climate and environmental forcing by using geomorphic transport laws (Dietrich

et al., 2003). Synthetic landscapes can thus be used as benchmarks to test methods

for the identification of characteristic length scales occurring due to the modeled

processes.

In this paper, we present the MRA framework with the aid of five soil man-

tled study sites (Middle Fork Feather River CA, Central Oregon Coast Range

(OCR) near Coos Bay OR, Great Smoky Mountains NC, Tennessee Valley CA,

and Gabilan Mesa CA) and six synthetic landscapes generated for a range of hills-

lope diffusivity values by the landscape evolution model MARSSIM (Section 4.2).

Scale-space theory and the MRA approach are introduced in Section 4.3 and the

results on the real and modeled landscapes are presented and analyzed in Sec-

tion 5.5. A discussion of the results is in Section 4.5. Finally, the conclusions of

the work are presented in Section 4.6.

4.2 Study sites

4.2.1 Natural landscapes

Five different soil mantled study sites are analyzed in this work and vary in ge-

ographical location (3 in California, 1 in Oregon and 1 in North Carolina) and

mean annual precipitation (from the PRISM Climate Group, Oregon State Uni-

versity, http://prism.oregonstate.edu (Daly et al., 1997)) (Figure 4.1a). The choice

of these study sites was based upon the availability of high resolution topographic

data and of cosmogenic radionuclide (CRN) derived denudation rates.
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Figure 4.1: The geographic location of study sites in USA with a basemap of

54



Figure 4.1: (Continued..) mean annual precipitation (mm/yr) from PRISM cli-
mate group in Oregon. (a) Hillshade of Middle Fork Feather river CA, (b) Oregon
Coos Bay Region , (c) Great Smoky Mountains NC, (d) Tennessee Valley CA, (e)
Gabilan Mesa CA

4.2.1.1 Middle Fork Feather River, CA

Middle Fork Feather River is located in northern Sierra Nevada in California. In

spite of having fast erosion rates, the landscape is characterized by thick soils

and vegetation cover (Hurst et al., 2012, 2013). The basin analyzed here has

metavolcanic type of lithology with mean annual temperature of 12.5◦ C and mean

annual precipitation of 1750 mm/yr (Daly et al., 1997). CRN measurements and

the estimated hillslope diffusivity (Ks) values are available in literature (Hurst

et al., 2012; Roering et al., 2007). Areas with granitic bedrock lithology have

a value of Ks = 0.0088± 0.0033 m2/yr, while Ks = 0.0048 ± 0.0018 m2/yr for

metavolcanic type of lithology. High resolution lidar data are available from http:

//www.opentopography.org/ at 1 m resolution.

4.2.1.2 Mettman Ridge, Central Oregon Coast Range (OCR), near

Coos Bay, Oregon

The Mettman Ridge is a humid, soil mantled landscape located near the Coos

Bay region in central Oregon. The basin has been studied extensively by previ-

ous researchers (e.g. Montgomery and Dietrich, 1992; Montgomery , 1994; Roering

et al., 1999, 2007) and is characterized by douglas fir and mixed conifers, mean an-

nual temperatures around 10.8◦ C, and mean annual precipitation of 1671 mm/yr

(Daly et al., 1997). The topography is fairly uniform in this region suggesting spa-
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tially uniform erosion rates (Roering et al., 1999). CRN studies by Heimsath et al.

(2001) show that long term erosion rates (E) are on the order of 0.1±0.03 mm/yr.

Roering et al. (1999) estimated hillslope diffusivity of 0.0036±0.0016 m2/yr based

on Monte Carlo simulations on five sub basins in this region. High resolution

topographic data are available from http://www.opentopography.org/ at 1 m

resolution.

4.2.1.3 Great Smoky Mountains, NC

The Great Smoky Mountains site is a soil mantled quartzite upland basin lo-

cated within the Great Smoky mountain range in North Carolina and charac-

terized by deciduous forests. The basin analyzed here has silty loam type soil

of fairly uniform thickness (Jungers et al., 2009). The mean annual tempera-

ture is 8.4◦ C and mean annual precipitation is 1855 mm/yr (Daly et al., 1997).

Long term landscape erosion rates quantified in this region have been reported

in literature (e.g. Matmon et al., 2003a,b; Jungers et al., 2009). Jungers et al.

(2009) performed CRN studies and estimated hillslope diffusivity values in the

range 0.0065 - 0.01 m2/yr. High resolution topographic data are available from

http://www.opentopography.org/ at 1 m resolution.

4.2.1.4 Tennessee Valley, CA

The Tennessee valley catchment lies north of San Francisco in Marin County,

California. Previous studies characterize the terrain as mostly soil mantled with

some local bedrock outcrops on ridges and steep slopes (e.g. Montgomery and

Dietrich, 1989a; Montgomery and Foufoula-Georgiou, 1993b; Dietrich et al., 1993b;
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Reneau et al., 1990). The basin has mean annual temperature of 13.8◦ C and mean

annual precipitation of 794 mm/yr (Daly et al., 1997). Basal radiocarbon dating

from various hollows of the Tennessee Valley were estimated by Reneau et al.

(1990) resulting in hillslope diffusivity equal to 0.005 mm/yr. The upper and

lower bounds of the hillslope diffusivity in this region were not estimated due to

poor constrains on boundary erosion rates. High resolution topography data at 1

m resolution are available from http://www.opentopography.org/.

4.2.1.5 Gabilan Mesa, CA

The Gabilan Mesa catchment is located in Salinas River Valley, California. The

region is soil mantled, characterized by evenly spaced valleys and ridges (Perron

et al., 2008b), Oak Savannah type of vegetation, and grasslands. The basin has

a mean annual temperature of 14.7◦ C and the mean annual precipitation of 278

mm/yr (Daly et al., 1997). A combination of hillslope erosion processes includ-

ing tree throw, animal burrowing, episodic scouring, and gullying by overland flow

during storms have been observed in this basin (Roering et al., 2007). Based on the

relationship between erosion rates (E) derived from CRN studies and hilltop cur-

vature, the hillslope diffusivity values were estimated to be 0.0038+0.0048/−0.024

m2/yr (Roering et al., 2007). High resolution topography data at 1 m resolution

are available from http://www.opentopography.org/
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Figure 4.2: Modeled steady state landscapes generated by MARSSIM for six dif-
ferent hillslope diffusivity values (a) 0.0037 m2/yr, (b) 0.0158 m2/yr, (c) 0.0415
m2/yr, (d) 0.1087 m2/yr, (e) 0.176 m2/yr, (f) 0.2 m2/yr. The ridge (red) and
channel (blue) features are identified on the modeled landscapes by using the
quantile-quantile plot of curvature in GeoNet.
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4.2.2 Synthetic landscapes

The landscape evolution model MARSSIM (Howard , 1994) is used to generate

landscapes of varying drainage density and hillslope length scales. MARSSIM

simulates landscape evolution over long geological time scales, mimicking various

mass wasting processes observed in real landscapes. Since the process formula-

tions used in MARSSIM are described in the literature (e.g., Howard , 1990, 1994;

Howard et al., 1994; Fagherazzi et al., 2004) we only provide a brief overview of

the model. The processes modeled within MARSSIM include: weathering of rock

(∂Z
∂t
|b), mass wasting by linear and non-linear creep (∂Z

∂t
|m), fluvial detachment

(∂Z
∂t
|c), and fluvial transport deposition (∂Z

∂t
|f ) resulting in the following expres-

sion:

∂Z

∂t
= U +

∂Z

∂t
|b+

∂Z

∂t
|m+

∂Z

∂t
|c+

∂Z

∂t
|f (4.1)

where Z is elevation, t is time, and U is uplift (mm/yr). Substituting the appro-

priate expressions for each component of the model, the final equation solved in

MARSSIM is:

∂Z

∂t
= U +Wo · e−ωH +Ks∇2Z

1− ( |∇Z|
St

)2

1 + ( |∇Z|
St

)2

+Ke (QmSn − τc)−∇ · qs (4.2)

where Wo and ω are the rate and depth of weathering, respectively, H is regolith

thickness,∇2Z is curvature, |∇Z| the absolute value of local slope in the downslope

direction, St is the threshold slope gradient for mass wasting (Roering et al., 1999),

Ks and Ke represent the hillslope diffusivity coefficient and the fluvial erosion

parameter, respectively, Q is the discharge, S is the slope, τc is the critical bed

shear, and qs is the sediment transport flux. The symbols m and n represent the
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discharge and slope exponents respectively.

Six different synthetic landscapes for six different hillslope diffusivity val-

ues were generated over a square grid of length 512 m and cell resolution of 1 m

(Figure 4.2). All model parameters (see Table 4.1) are kept constant in space and

time for all the model runs. All the runs begin with a flat initial surface with small

scale noise, which is lowered at each time step. Periodic boundary conditions are

imposed in the X direction and the simulation timestep is adjusted such that the

maximum time increment satisfies the Courant-Friedrichs-Lewy condition for con-

vergence. The model is run until steady state is reached, defined as the equilibrium

condition between erosion and uplift.

Based on reported field studies, Ks varies between 0.0001 and 0.001 m2/yr

in humid, temperate, and vegetated terrains (Fagherazzi et al., 2004; Hurst et al.,

2013). Thus, the six hillslope diffusivity values used here are chosen over a wider

range (0.0037, 0.0158, 0.0415, 0.1087, 0.176, 0.2 m2/yr) to mimic real landscapes

and obtain significant differences in drainage density and hillslope length in the

simulated results. The model produced extremely dissected basins with short

hillslope lengths for small hillslope diffusivity values and lower drainage density

and higher median hillslope length for large hillslope diffusivity.
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Parameter Value

U: (uplift, or boundary lowering rate)(m/yr) 0.001

Wo (m/yr) 0.002

ω (m−1) 0.03

H: (initial regolith thickness) (m) 10

St (slope threshold) 0.8

m: (discharge exponent) 0.3

n: (slope exponent) 0.7

Ke: (bedrock erodibility for MARSSIM ) 3 * 10−3

Manning’s N 0.03

g: (gravity m/s2) 9.8

τc: (critical shear stress) (kgms−2) 0.0

Ks: (hillslope diffusivity) (m2/yr) [ 0.0037, 0.0158, 0.0415, 0.1087, 0.176, 0.2]

Table 4.1: MARSSIM Model parameters
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Figure 4.3: (a) One dimensional Gaussian kernel for σ values of 20, 20.5, 21, 21.5,
and 22. Note change in shape of the Gaussian kernel with the increase in σ. (b)
Two dimensional Gaussian kernel discretized over a domain of 4σ for σ = 22 m.

4.3 Methods

4.3.1 Multi resolution analysis

A multi-scale representation of a signal can be obtained by convolving the input

signal (in our case topography) with Gaussian kernels of increasing standard devi-

ation (Figure 4.3), where the standard deviation of the Gaussian kernel represents

the scale of analysis. Previous works in the fields of image processing and com-

puter vision (e.g. Witkin, 1984; Koenderink , 1984; Babaud et al., 1986; Florack

et al., 1992, 1994; Lindeberg , 1990, 1993, 1997) show that the Gaussian is a unique

distribution for generating a family of derived signals in scale. Linearity, isotropy,
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scale and shift invariance are unique properties of the Gaussian kernel and its

derivatives (Lindeberg , 1997).

As a simple example of this multi-scale analysis, consider a one dimensional

signal h(x, σ). We call H(x, σ) its scale-space representation. The representation

of the signal h at coarser scales is obtained by convolving h(x, σ) with Gaussian

kernels of increasing width (σ):

H(·;σ = t) = g(·;σ = t) ∗ h(·;σ = 0) (4.3)

where ∗ denotes the convolution operation and g(·;σ = t) is the one dimensional

Gaussian kernel defined as:

g(·;σ = t) =
1√
2πt

e−x
2/2t (4.4)

In the above expression t represents the standard deviation of the Gaussian kernel.

By taking as input a 128 m long sine wave of wavelength 8 m perturbed with

random Gaussian noise we observe that the sine wave is successively smoothed by

convolution with a Gaussian kernel of increasing σ value (from 1 m to 8 m with

increments of 0.5 m) (Figure 4.4). The initial small scale information is smoothed

out as the signal is convolved with larger and larger Gaussian kernels.

The scale-space representation of a two dimensional signal can be easily

obtained by extending the 1-D formulation as:

H(x, y;σ = t) = g(x, y;σ = t) ∗ h(x, y;σ = 0); t ≥ 0 (4.5)

where H(x, y;σ = t) is the 2-D scale-space representation of the signal, and
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g(x, y;σ = t) is the two dimensional Gaussian kernel (Figure 4.3b) defined as:

g(x, y;σ = t) =
1

2πt
exp(−x

2 + y2

2t
) (4.6)

Hypothetically, the Gaussian kernel (equation 4.6) is a non-zero quantity

throughout its domain. It is observed, however, that its values are not significantly

different from zero at more than four standard deviations (σ) from the mean. Since

the input signal is discrete, the Gaussian function is discretized over a grid of

resolution 1 m and truncated at 4σ. Hence, 4σ is the complete domain length scale

over which smoothing is performed, with higher smoothing happening at the center

of the Gaussian kernel and tapering isotropically towards its tails. Using as input

signal a 2D synthetic surface made from two orthogonal sine waves of wavelengths

64 m and 16 m in x and y direction, respectively (Figure 4.5a), the scale-space

representation is obtained by convolution with a two dimensional Gaussian kernel

for scale parameters ranging from σ =1 m to σ =16 m (Figure 4.5a-d). It is

observed that the wavelength of 16 m in the y direction is completely removed at

the length scale σ = 4 m (4σ = 16 m; see also Table 1 in Lashermes et al. (2007)

for the relationship between scale “a” and kernel standard deviation “σ” a=4σ)

and similarly the wavelength of 64 m in the x direction is removed at σ = 16 m

(4σ = 64 m). This 2D example illustrates that successive smoothing operation

removes features at various length scales and thus “4σ” is the scale of analysis in

MRA which is defined based on the standard deviation (σ) of the Gaussian kernel

with which the input topography is convolved.
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Figure 4.4: Scale-space representation of a 1D sine wave 128 m long with a wave-
length of 8 m signal generated by successive smoothing with Gaussian kernel of
increasing widths of σ = 2[0,0.25,0.5,0.75,1,1.25,1.5,1.75,2,2.25,2.5,2.75,3,3.25,3.5,3.75,4]
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Figure 4.5: (a) 2D orthogonal sine wave of wavelengths 64 m and 16 m in x
and y direction respectively, (b) scale space representation generated by succes-
sive smoothing with Gaussian kernel of increasing widths. Four instances of the
smoothed signal are shown in (b)4σ = 8 m, (c) 4σ = 12 m, (d) 4σ = 16 m.
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4.3.2 Multi resolution analysis of topographic data: Processing steps

The input data of a MRA is elevation data of the finest resolution available (1

m DTM in our study sites). To avoid edge effects, we use an input DTM larger

than the size of the study area. The scale-space representation of the input DTM

(H(x, y;σ = t)) is obtained by convolution of the topographic data with a Gaussian

kernel, of varying standard deviation (σ) (equation 4.5). At each scale (a) we

extract the watershed in analysis and compute the probability density function

(pdf) of curvature (C ), topographic index (defined as the ratio of flow accumulation

area and slope in logarithmic scale (φ = log(A/S)) (Beven and Kirkby , 1979)),

and hillslope length (Lh). The GeoNet framework developed by Passalacqua et al.

(2010a,b) is used to identify valley and ridge pixels by using the quantile-quantile

plot (qqplot) of curvature and its deviations from a normal distribution. After

identifying the ridge pixels the steepest descent path from each ridge pixel is

traced using the flow directions to the nearest channel pixel within a drainage

basin (Tucker et al., 2001). This approach of Tucker et al. (2001) is implemented

within GeoNet to estimate the hillslope length at each pixel within the watershed

(Sangireddy et al., 2015).

The kernel density estimation (kde), a non-parameteric method, is used to

compute the pdfs (Parzen, 1962; Wand and Jones , 1994). Let (x1, x2, . . . , xn) be

individual measurements drawn from some unknown pdf d. The empirical pdf dl

is computed as:

dl(x) =
1

nl

n∑
i=1

Kde(
x− xi
l

) (4.7)

where n is the sample size and the kernel function Kde corresponds to a unit

hypercube of length l centered at x, known as the Parzen window. The Parzen
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window estimates resemble a histogram of the data with the exception that the

bin locations are determined by the data. The kernel width l plays the role of a

smoothing parameter, i.e. the wider the value of l, the smoother the estimate of

dl(x). As l → 0, the kernel approaches a Dirac delta function and the empirical

pdf dl(x) approaches the true pdf. The Parzen window has several drawbacks; for

example, it yields density estimates that are discontinuous. In addition, all points

xi are weighted equally regardless of their distance from the mean. For these

reasons, the Parzen window is commonly replaced with a smooth kernel function

such as the Gaussian; this approach is used here. The choice of l (often referred

to as the bandwidth of the function) is crucial in kde. The optimal value of l for

a Gaussian function has been shown to be (Silverman, 1986):

l = 1.06σsn
−1/5 (4.8)

where σs is the sample standard deviation. To obtain better estimates of dl(x) we

use a scaled sample variance σ∗s = σs/σ
2 (Stark and Stark , 2001) and the optimal

bandwidth (l∗) used in our analysis is:

l∗ = 1.06σ∗sn
−1/5 (4.9)

After creating the pdfs of the topographic metrics we analyze their behavior

through scales by determining their modal values. A simple spline interpolation

is performed on the estimates of dl(x) and the most frequent value is chosen as

modal value.
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Figure 4.6: MRA of Middle Fork Feather River CA
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Figure 4.6: (Continued..) (a) Scale wise evolution of φ. (b) iqr(φ) as a function of
4σ. Two transition points in the scaling of iqr(φ) are identified as 1 and 2. (c) Scale
wise evolution of C. (d) iqr(φ) as a function of 4σ with the scale break identified
at the roughness length scale of the landscape. (e) Subbasin analyzed in this
region with ridge (red) and channel (blue) features identified (f) Hillslope length
distribution of the original landscape before smoothing (g) Smoothed landscape
at 4σ = 16 m with ridge (red) and channel (blue) features identified. (h) Hillslope
length distribution of the smoothed landscape at 4σ = 16 m.

4.4 Results

4.4.1 Identification of characteristic topographic length scales

4.4.1.1 Middle Fork Feather River, CA

A total of 29 σ values ranging from σ = 2−2 (4σ = 1 m) to σ = 25 (4σ = 128 m)

are used in our analysis. Multi-scale pdfs of topographic index (φ) for increasing

σ values (Figure 4.6a) show that the peak of the pdf (p{modal(φ)|σ}) increases

monotonically until σ = 21.5 (4σ = 11.31 m). A transition zone is observed for

21.5 ≤ σ ≤ 22.75 (11.31 ≤ 4σ ≤ 26.91 m) after which (σ ≥ 22.75 m) the peak

starts decreasing. The pdfs also indicate that the inter quartile range (iqr) of the

distribution varies as a function of scale. We use the iqr as the basic measure of

spread of the pdf as a function of scale. We note, that as the probability of modal

values decreases, the distribution is more spread and thus the iqr increases and

viceversa.

The spread first decreases with increasing scale until σ = 21.5 (4σ = 11.31

m), and then it increases with scale (Figure 4.6b). Three distinct scaling breaks

are identified in the functional relationship of iqr(φ) with 4σ in log scale (shown

at location 1, 2 and 3 in Figure 4.6b), by using linear regression analysis. The
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first scaling break occurs at σ = 21.5 m, 4σ = 11.31 m (location 1, r2 = 0.98), the

second scaling break occurs at σ = 22.75 m, 4σ = 26.91 m (location 2, r2 = 0.91)

and the third scaling break occurs at σ = 24.5 m, 4σ = 90.51 m (location 3,

r2 = 0.97).

The evolution of the pdf of curvature (C) with σ indicates that the iqr(C)

monotonically decreases with increasing scale (4σ) (Figure 4.6c). We observe three

distinct scaling breaks in the relationship of iqr(C) vs 4σ in log scale (identified as

location 1, 2, and 3 in Figure 4.6d). The first scaling break occurs at σ = 2−1.75

m, 4σ = 1.2 m (location 1), the second scaling break occurs at σ = 21.75 m,

4σ = 13.5 m (location 2, r2 = 0.99), and the third scaling break occurs at σ = 23.5

m, 4σ = 45.25 m (location 3, r2 = 0.99).

The ridge and channel features identified before smoothing indicate a rough

landscape with small scale variability (Figure 4.6e). The hillslope length distribu-

tion is skewed to the right (Figure 4.6f); the range of hillslope lengths occurring

in this region varies from 8 m to 287 m, with a median of 40 m. The third scaling

break observed in iqr(C) is close to the median hillslope length scale.

Smoothing of the landscape at scale 4σ ≥ 11.5 m results in removing the pit

and mound topography initially observed in the original landscape (Figure 4.6g).

The identified ridge and channel pixels at 4σ = 11.5 m only show the dominant

ridge and channel features in the landscape. The fact that the small scale vari-

ability is not detected at this scale suggests that the first scaling break observed

in iqr(φ) represents the length scale of the local pit and mound topography. We

also note that the second scaling break of iqr(C) coincides with this roughness

length scale. The hillslope length distribution at 4σ = 11.5 m is still right skewed

(Figure 4.6h). The relevance of the second and third scaling breaks in iqr(φ) is
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discussed in Section 5.6.

Hurst et al. (2012) estimated a roughness length scale of ≈ 12 m via win-

dowed filtering operations in this region. The similarity between the scaling breaks

identified within the MRA to that estimated by Hurst et al. (2012) further sup-

ports that the first scaling break in iqr(φ) and the second scaling break in iqr(C)

correspond to the roughness length scale of the landscape.

4.4.1.2 Mettmann Ridge, Central Oregon Coast Range (OCR), near

Coos Bay, Oregon

The OCR basin shows similar behavior to the Feather River basin. The pdfs of φ

show that the peak of the pdf increases over a range of scales (σ ≤ 22 m , 4σ ≤

16 m) then flattens out over a very small range of scales and later decreases for

4σ ≥ 45 m (Figure 4.7a). Similar scaling breaks are also observed in iqr(φ) versus

scale (locations 1, 2 and 3 shown in Figure 4.7b). The first scaling break occurs

at σ = 22 m, 4σ = 16 m (location 1, r2 = 0.98), the second scaling break occurs

at σ = 23.5 m, 4σ = 45.25 m (location 2, r2 = 0.99), and the third scaling break

occurs σ = 24.5 m, 4σ = 90.51 m (location 3, r2 = 0.93).

The evolution of the pdf of curvature through scale indicates that its spread

decreases with increasing σ as more and more pixels tend to have similar curvature

values (Figure 4.7c). The iqr(C) monotonically decreases with increasing scale

(Figure 4.7d) with scaling breaks observed at three locations( 1, 2, and 3). The

first scaling break occurs σ = 2−1 m, 4σ = 2 m (location 1), the second scaling

break occurs at σ = 22 m, 4σ = 16 m (location 2, r2 = 0.99), and the third scaling

break occurs at σ = 23.75 m, 4σ = 53.81 m (location 3, r2 = 0.99).

The ridge and channel features identified before smoothing indicate a rough
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Figure 4.7: MRA of Oregon Coos Bay Region (OCR)
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Figure 4.7: (Continued..) (a) Scale wise evolution of φ. (b) iqr(φ) as a function of
4σ. Two transition points in the scaling of iqr(φ) are identified as 1 and 2. (c) Scale
wise evolution of C. (d) iqr(φ) as a function of 4σ with the scale break identified
at the roughness length scale of the landscape. (e) Subbasin analyzed in this
region with ridge (red) and channel (blue) features identified (f) Hillslope length
distribution of the original landscape before smoothing (g) Smoothed landscape
at 4σ = 16 m with ridge (red) and channel (blue) features identified. (h) Hillslope
length distribution of the smoothed landscape at 4σ = 16 m.

landscape with small scale variability (Figure 4.7e). The distribution of hillslope

length before smoothing is skewed towards the right (Figure 4.7f) with a range of

hillslope lengths from 11 m to 173 m and a median value of 45 m. The third scaling

break in iqr(C) roughly coincides with the median hillslope length. The probability

of longer hillslope lengths (≥ 50 m) is smaller compared to the probability of

shorter hillslope lengths (≤ 32 m) in this region.

Smoothing the landscape at σ ≥ 22 m (4σ ≥ 16 m) results in removing the

surface roughness (Figure 4.7g) suggesting that the first scaling break in iqr(φ) and

the second scaling break in the iqr(C) represent this length scale. The hillslope

length distribution after smoothing surface roughness is more symmetric than in

the Feather River basin (Figure 4.7h).

A scaling break in the iqr(C) was observed at a length scale of 15 m in

this region by Roering et al. (2010). The authors attributed this scaling break

to the length scale of the pit and mound topography. The first transition in φ

and the second transition in iqr(C) detected by the MRA agree with this previous

observation.
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Figure 4.8: MRA of Great Smoky Mountains, NC
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Figure 4.8: (Continued..) MRA of Great Smoky Mountains, NC. (a) Scale wise
evolution of φ. (b) iqr(φ) as a function of 4σ. Two transition points in the scaling
of iqr(φ) are identified as 1 and 2. (c) Scale wise evolution of C. (d) iqr(φ) as
a function of 4σ with the scale break identified at the roughness length scale of
the landscape. (e) Subbasin analyzed in this region with ridge (red) and channel
(blue) features identified (f) Hillslope length distribution of the original landscape
before smoothing (g) Smoothed landscape at 4σ = 16 m with ridge (red) and
channel (blue) features identified. (h) Hillslope length distribution of the smoothed
landscape at 4σ = 16 m.

4.4.1.3 Great Smoky Mountains, NC

The portion of the landscape analyzed in the Great Smoky Mountains, NC is a

long and narrow basin, unlike the two previously analyzed. The evolution of the

pdf of topographic index shows that the peak of the pdf initially increases (σ ≤ 21.5

m, 4σ ≤ 11.3 m), then decreases (22.25 ≤ σ ≤ 23.25 m, 19.1 ≤ 4σ ≤ 38.1 m), and

finally increases (σ ≥ 23.25m, 4σ ≥ 38.1 m) with scale (Figure 4.8a). Three scaling

breaks are identified at locations 1, 2 and 3 (Figure 4.8b). The first scaling break

occurs at σ = 22 m, 4σ = 16 m (location 1, r2 = 0.95), the second scaling break

occurs at σ = 22.5 m, 4σ = 22.1 m (location 2), and the third scaling break occurs

at σ = 23.75 m, 4σ = 53.81 m (location 3, r2 = 0.99).

The pdf of curvature behaves similarly to the ones of the Feather River and

the OCR basins (Figure 4.8c). The iqr(C) decreases monotonically with 4σ with

three distinct scaling breaks at locations 1, 2, and 3 (Figure 4.8d). The first scaling

break occurs at σ = 2−1.75 m, 4σ = 1.18 m (location 1), the second scaling break

occurs at σ = 21.5 m, 4σ = 11.1 m (location 2, r2 = 0.99), and the third scaling

break occurs at σ = 22.5 m, 4σ = 22.62 m (location 3, r2 = 0.99).

The ridge and channel features identified before smoothing indicate a rough
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landscape with small scale variability (Figure 4.8e). The hillslope length distribu-

tion shows significant right skewness (Figure 4.8f) with a range of hillslope lengths

from 13 m to 332 m and a median value of 55 m. The probability of longer hill-

slope lengths is much smaller compared to the one of shorter hillslope lengths.

The third scaling break in iqr(C) coincides with the 40th quantile of the hillslope

length distribution (unlike in the Feather river and OCR). The smoothed land-

scape at σ = 21.5 m, 4σ = 11.1 m shows no signature of the local roughness seen

in the original unsmoothed landscape (Figure 4.8g). This indicates that the first

scaling break in iqr(φ) and the second scaling break in iqr(C) represent the rough-

ness length scale of this landscape. The hillslope length scale distribution after

smoothing still remains rightly skewed (Figure 4.8h).

4.4.1.4 Tennessee Valley, CA

An upland portion of the Tennessee Valley basin is analyzed here. The pdf of φ

respond uniquely to the MRA, unlike the other landscapes analyzed here. The

peak of the pdf increases with scale with three scaling breaks (Figure 4.9a), also

identified in the plot of iqr(φ) versus scale (locations 1, 2 and 3 in Figure 4.9b). The

first scaling break occurs at σ = 22.25 m, 4σ = 19.1 m (location 1, r2 = 0.99), the

second scaling break occurs at σ = 23.25 m, 4σ = 38.1 m (location 2, r2 = 0.85)

, and the third scaling break occurs at σ = 24.5 m, 4σ = 90.51 m (location 3,

r2 = 0.99).

The pdf of curvature behaves similarly to the ones observed in the Feather

River, OCR and Smoky Mountains basins (Figure 4.9c). The spread of the pdf

monotonically decreases with increasing scale with three distinct scaling breaks

observed at locations 1, 2 and 3 (Figure 4.9d). The first scaling break occurs
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Figure 4.9: MRA of Tennessee Valley, CA
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Figure 4.9: (Continued..)(a) Scale wise evolution of φ. (b) iqr(φ) as a function
of 4σ. Three transition points in the scaling of iqr(φ) are identified as 1, 2 and
3. (c) Scale wise evolution of C. (d) iqr(φ) as a function of 4σ with the scale
break identified at the roughness length scale of the landscape. (e) Subbasin
analyzed in this region with ridge (red) and channel (blue) features identified
(f) Hillslope length distribution of the original landscape before smoothing (g)
Smoothed landscape at 4σ = 16 m with ridge (red) and channel (blue) features
identified. (h) Hillslope length distribution of the smoothed landscape at 4σ = 16
m.

at σ = 2−1.75 m, 4σ = 1.18 m (location 1), the second scaling break occurs at

σ = 22 m, 4σ = 16 m (location 2, r2 = 0.99), and the third scaling break occurs

at σ = 24.25 m, 4σ = 76.1 m (location 3, r2 = 0.99).

Higher percentage of small scale roughness is observed by mapping the ridge

and valley pixels of the original landscape (Figure 4.9e), compared to the previous

landscapes. The hillslope length distribution shows a high probability of shorter

hillslope length scales compared to the longer hillslope lengths (Figure 4.9f) with

a range of hillslope lengths from 15 m to 289 m and a median value of 64 m.

The third transition point in iqr(C) is close to the median hillslope length. The

smoothed landscape at σ = 21.75 (4σ = 13.45 m) shows no signature of the local

pit and mound topography (Figure 4.9g). The hillslope length distribution shows

reduced skewness at σ = 21.75 (4σ = 13.45 m), yet a pronounced right tail is still

observed (Figure 4.9h).

4.4.1.5 Gabilan Messa, CA

The peaks of the pdf of φ initially increases with increasing σ. A transition is

observed at σ = 21.5 m (4σ = 11.31 m) after which the peak of the pdf decreases

(Figure 4.10a). Similar scaling breaks are also observed in iqr(φ) with scale. Three
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Figure 4.10: MRA of Gabilan Mesa, CA
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Figure 4.10: (Continued..)(a) Scale wise evolution of φ. (b) iqr(φ) as a function
of 4σ. Three transition points in the scaling of iqr(φ) are identified as 1, 2 and
3. (c) Scale wise evolution of C. (d) iqr(φ) as a function of 4σ with the scale
break identified at the roughness length scale of the landscape. (e) Subbasin
analyzed in this region with ridge (red) and channel (blue) features identified
(f) Hillslope length distribution of the original landscape before smoothing (g)
Smoothed landscape at 4σ = 16 m with ridge (red) and channel (blue) features
identified. (h) Hillslope length distribution of the smoothed landscape at 4σ = 16
m.

scaling breaks are observed at locations 1, 2 and 3 (Figure 4.10b). The first scaling

break occurs at σ = 21.5 m, 4σ = 11.31 m (location 1, r2 = 0.96), the second scaling

break occurs at σ = 23.5 m, 4σ = 45.25 m (location 2, r2 = 0.88) , and the third

scaling break occurs at σ = 24.25 m, 4σ = 76.11 m (location 3, r2 = 0.99).

The scale-wise evolution of the pdf of curvature follows the general trend of

peaking with increasing σ values (Figure 4.10c). The iqr(C) also decreases with

increasing scale (4σ) (Figure 4.10d) and three different scaling breaks are observed

at locations 1, 2 and 3 (Figure 4.10d). The first scaling break occurs at σ = 2−1.75

m, 4σ = 1.18 m (location 1), the second scaling break occurs at σ = 21.25 m,

4σ = 9.51 m (location 2, r2 = 0.97), and the third scaling break occurs at σ = 24

m, 4σ = 64 m (location 3, r2 = 0.95).

The ridge and channel features identified before smoothing highlight the

local roughness in the landscape (Figure 4.10e). The hillslope length distribution

is bimodal indicating a mixture of two dominant hillslope lengths (Figure 4.10f)

with a range of values from 14 m to 208 m and a median value of 68 m and the

first and second mode equal to 22.5 m and 82.5 m, respectively. The third scaling

break in iqr(C) coincides with the median hillslope length. After smoothing the

landscape σ ≥ 21.25 m (4σ ≥ 9.51) (Figure 4.10f) all small scale roughness is
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removed. The distribution of hillslope length after smoothing (Figure 4.10h) is

still bimodal.

4.4.1.6 MARSSIM Landscapes

To validate the MRA approach here proposed we apply it to landscapes generated

with the MARSSIM model. In general, the peak of the pdf of φ decreases with

increasing scale for all the simulated landscapes (Figure 4.11). For landscapes with

relatively small hillslope diffusivity ( Figure 4.11a-b), the range of φ values is larger

compared to landscapes with higher hillslope diffusivity coefficient (Figure 4.11e-

f). Also, the decay of the peak probability is faster for smaller hillslope diffusivity

values than for larger hillslope diffusivity values, suggesting a difference in the rate

of change of the modal(φ). Hence forth we will denote φm = modal(φ)

The scale-wise change of the pdf of curvature also varies as a function of

hillslope diffusivity. For very small hillslope diffusivity, the curvature pdf scaling

is similar to the one of natural landscapes (e.g. Figure 4.12a), while it deviates as

hillslope diffusivity increases, probably indicating that such high values of hillslope

diffusivity are not representative of the five natural landscapes analyzed here. The

shape of the hillslope length distribution changes with increasing hillslope diffusiv-

ity (Ks) (Figure 4.13). For Ks ≤ 0.1 m2/yr, the hillslope length distributions are

strongly right skewed (Figure 4.13 a,b,c), while for Ks ≥ 0.1 m2/yr the pdfs are

roughly symmetric or left skewed (Figure 4.13 d,e,f), indicating a high frequency

of small hillslope lengths with smaller hillslope diffusivity and vice-versa.
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Figure 4.11: MRA of topographic index (φ)
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Figure 4.11: (Continued..) for the MARSSIM landscapes generated for six dif-
ferent hillslope diffusivity values (a) 0.0037 m2/yr, (b) 0.0158 m2/yr, (c) 0.0415
m2/yr, (d) 0.1087 m2/yr, (e) 0.176 m2/yr, (f) 0.2 m2/yr.

4.4.1.7 Confirming the length scale of pit and mound topography

To simulate the local pit and mound topography on synthetic landscapes, a nor-

mally distributed random noise of standard deviation 0.5 m was added to one of

the MARSSIM landscape (hillslope diffusivity Ks = 0.0415m2/yr) after the model

had reached steady state (Figure 4.14). While the peak of the pdf of φ decreases

monotonically for simulated landscapes without noise (Figure 4.11c), it shows scal-

ing breaks when noise is present. In the noisy simulated landscapes (Figure 4.14e)

one standard deviation of the normally distributed random noise corresponds to a

length scale of 0.5 m and four standard deviations correspond to a length scale of

(4 ∗ 0.5 =) 2 m. Since, the noise values are calculated from sampling the normal

distribution, the range over which the noise varies in our simulation is from -2.21

to 2.32 m. By using the peak signal to noise ratio (PSNR) (Huynh-Thu and Ghan-

bari , 2008) we estimate the length scale where smoothing has brought the noisy

landscape to its original state. We first calculate the mean square error (MSE)

between the original no noise signal (Ho) and its noisy approximation (Hn) defined

as:

MSE =
1

mn

m−1∑
i=0

n−1∑
j=0

[Ho(i, j)−Hn(i, j)]2 (4.10)

where m and n are the dimensions of the input dataset. Then by dividing the max-

imum possible value of elevation in Ho by the MSE, the PSNR (dB) is estimated

84



Figure 4.12: MRA of curvature (C)
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Figure 4.12: (Continued..) MRA of curvature (C) for the MARSSIM landscapes
generated for six different hillslope diffusivity values (a) 0.0037 m2/yr, (b) 0.0158
m2/yr, (c) 0.0415 m2/yr, (d) 0.1087 m2/yr, (e) 0.176 m2/yr, (f) 0.2 m2/yr.

Figure 4.13: Hillslope length distributions
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Figure 4.13: (Continued..) for the MARSSIM landscapes generated for six dif-
ferent hillslope diffusivity values (a) 0.0037 m2/yr, (b) 0.0158 m2/yr, (c) 0.0415
m2/yr, (d) 0.1087 m2/yr, (e) 0.176 m2/yr, (f) 0.2 m2/yr. All distributions are
estimated before applying the MRA technique.

as:

PSNR = 10 · log10

(
[max(Ho)]

2

MSE

)
(4.11)

The PSNR reaches a maximum value at the scale where noise has been removed

and the original image has been restored, since this where the minimum MSE is

achieved. Beyond this point, the PSNR decreases with scale because as the land-

scape undergoes further smoothing it gets modified from its original configuration

(red dot Figure 4.11b,d).

Three scaling breaks are identified in iqr(φ) vs scale. The first scaling break

occurs at σ = 2−0.5 m, 4σ = 2.82 m (location 1 in Figure 4.14b), second scaling

break occurs at σ = 21.5 m, 4σ = 5.6 m (location 2), and the third scaling break

occurs at σ = 22 m, 4σ = 16 m (location 3). Location 3 matches the scale at

which the maximum PSNR is achieved. Beyond this point the iqr(φ) versus scale

is identical to the one of the original landscape without noise.

Two scaling breaks are observed in the iqr(C) with scale at 2.37 m (location

1) and 13.45 m (location 2) respectively (Figure 4.14c and d). The hillslope length

distribution of the noisy landscape (Figure 4.14f) varies over a range of values from

1 m to 26 m with a median of 4 m and mean of 4.8 m.

The first scaling break in iqr(φ) matches the length scale of four standard

deviations of noise. The second scaling break occurs at the median hillslope length

of the noisy landscape, and the third scaling break occurs at the length scale of

maximum PSNR i.e., when all the noise is removed and the landscape is back to
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Figure 4.14: MRA of the noisy MARSSIM

88



Figure 4.14: (Continued..) MRA of the noisy MARSSIM landscape generated for
a hillslope diffusivity of 0.0415 m2/yr. (a) Scale wise evolution of φ. (b) iqr(φ) as
a function of 4σ. Three transition points in the scaling of iqr(φ) are identified as
1, 2 and 3. (c) Scale wise evolution of C. (d) iqr(φ) as a function of 4σ with the
scale break identified at the roughness length scale of the landscape. (e) Subbasin
analyzed in this region with ridge (red) and channel (blue) features identified
(f) Hillslope length distribution of the original landscape before smoothing (g)
Smoothed landscape at 4σ = 16 m with ridge (red) and channel (blue) features
identified. (h) Hillslope length distribution of the smoothed landscape at 4σ = 16
m.

its original condition. Thus, location 3 is the length scale at which all the artificial

noise has been removed.

The first scaling break in iqr(C) matches the length scale of four standard

deviations of noise and the second corresponds to the length scale at which the

maximum PSNR is achieved. The distribution of hillslope length is heavily right

skewed with a high frequency of small scale hillslope lengths. The smoothed land-

scape at 4σ = 16 m shows that the noise has been removed (Figure 4.14g) and

hillslope length distribution is more symmetric (Figure 4.14h). Similar observa-

tions of scaling breaks were observed on all the other MARSSIM landscapes when

artificial noise was added to them (not shown here).

Real landscapes

Characterizing the noise length scale of real landscapes is rather difficult. To fur-

ther validate our analysis, we remove the pit and mound topography from real

landscapes analyzed by using the non-linear Perona-Malik filter (Perona and Ma-

lik , 1990). It has been previously shown that this nonlinear filter removes small

variability in landscape while preserving feature localization (Passalacqua et al.,
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2010a,b). Following the same approach as in the synthetic landscapes, we calcu-

late the PSNR as a function of scale and obtain the scale at which the maximum

PSNR is achieved. We find that this scale matches the first scaling break in iqr(φ)

and the second scaling break in iqr(C) further confirming the identification of pit

and mound topography(See supplementary information for figures).

4.4.2 Rate of change of topographic index

4.4.2.1 Synthetic landscapes

The modal values of φ decay faster for smaller hillslope diffusivity, compared to

landscapes with larger hillslope diffusivity (Figure 4.15a). To compare the rate

of change of modal values across various synthetic and natural landscapes consis-

tently, the modal values are normalized by dividing by the maximum φm encoun-

tered for a given landscape (Figure 4.15b). We denote the normalized modal values

of φ as φn. We compute the rate of change of φn over various scales and denote

the rate of change of φn as Qr = ∇|φn|. The behavior of Qr vs scale confirms

the fact that at large hillslope diffusivity, the modal values of φ hardly changes

(Figure 4.15c).

Since the modal values of φ vary as a function of hillslope diffusivity, we

analyze the interquartile range of Qr (iqr(Qr)) as a function of hillslope diffusivity

and find that iqr(Qr) decays as function of hillslope diffusivity (Ks) (Figure 4.15d).

Similarly we also find that median of Qr (median(Qr)) decays as a function of the

median hillslope length (Lh−median) (Figure 4.15e). We fit simple power-law models
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Figure 4.15: (a) Evolution of Modal(φ) as a function of scale (4σ)
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Figure 4.15: (Continued..) for six different MARSSIM landscapes with hillslope
diffusivity values 0.0037 m2/yr, 0.0158 m2/yr, 0.0415 m2/yr, 0.1087 m2/yr, 0.176
m2/yr, 0.2 m2/yr. (b) Normalized modal(φ) (φn) as a function of scale (4σ).
The values are normalized by the maximum(φ) for each landscape. (c) The rate of
change of φn as a function of scale (4σ) for the six different MARSSIM landscapes.
(d) iqr(∇|φn|) is shown as a function of hillslope diffusivity for the MARSSIM
landscapes (solid line) and the fitted power law model is shown as dashed line. (e)
median(∇|φn|) is shown as a function of median hillslope length for the MARSSIM
landscapes (solid line) and the fitted power law model is shown as dashed line. (f)
The linear relationship between the hillslope lengths and hillslope diffusivity coef-
ficients for the MARSSIM landscapes. The error bars show 1 standard deviation
of hillslope length, and the dashed line shown the fitted linearly regressed model.

to these relations, obtaining:

iqr(Qr) = 0.0008 ·K−0.6073s (4.12)

median(Qr) = 0.0897 · L−0.7283h−median (4.13)

where Lh−median is the median hillslope length computed after smoothing the land-

scape at the length scale of pit and mound topography. Since no such roughness

length scale could be identified for the modeled landscapes, the hillslope length

distributions of the original unsmoothed modeled landscape are used for the fitting

purposes. We also find that the mean hillslope length scales are linearly related

to the hillslope diffusivity (Figure 4.15f).

Based on the power law relationships (equations 4.12, 4.13), we can predict

the value of hillslope diffusivity over other landscapes by estimating Lh−median,

median(Qr), and iqr(Qr) through the MRA technique. By multiplying equa-

tion 4.12 and 4.13 and re-arranging the terms, we solve for the hillslope diffusivity
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obtaining:

Ks−predicted =

[
0.0897 ∗ 0.0008

L0.7283
h−median ∗ iqr(Qr) ∗median(Qr)

] 1
0.6073

(4.14)

where Ks−predicted is the predicted value of hillslope diffusivity.

4.4.2.2 Natural landscapes

We estimate the iqr(Qr), median(Qr), and Lh−median for the five natural land-

scapes. The φn (Figure 4.16a) and the Qr (Figure 4.16b) for the natural land-

scapes are compared to the corresponding ones for the modeled landscapes. The

differences in the curves representing modeled and natural landscapes clearly high-

light that natural landscapes cannot be represented by a homogeneous hillslope

diffusivity values throughout the catchment and that the modeled landscapes do

not capture the heterogeneity of natural landscapes. Nevertheless, for the five nat-

ural landscapes we observe that hillslope lengths vary with the median(Qr) (Fig-

ure 4.16c) similar to what is observed in the modeled landscapes (Figure 4.15e).

The range of variability observed in the five natural landscapes is indicated by

adding and subtracting one standard deviation to the mean hillslope length (Fig-

ure 4.16c). The OCR shows the smallest variability while all the other basins

are characterized by variability over an order of magnitude. The iqr(Qr) is also

estimated for the natural landscapes and compared to the modeled landscapes

(Figure 4.16d). The general trend in median hillslope lengths measured at the

roughness length scale (Lh−median) with the iqr(Qr) is consistent with the mod-

eled results. Only Tennessee Valley shows deviation from the overall behavior

(Figure 4.16d).
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Figure 4.16: Evolution of φn as a function of scale (4σ)
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Figure 4.16: (Continued..) for six different MARSSIM landscapes with hillslope
diffusivity values 0.0037 m2/yr, 0.0158 m2/yr, 0.0415 m2/yr, 0.1087 m2/yr, 0.176
m2/yr, 0.2 m2/yr and the five natural landscapes. (b) The ∇|φn| as a function of
scale (4σ) for the modeled and natural landscapes. (c) Hillslope length variation
with the median(∇|φn|) for the natural landscapes. (d) Median hillslope length
as a function of iqr(∇|φn|) shown for both the modeled and natural landscapes.
(e) Errorbars comparing the observed and the predicted hillslope diffusivity values
for the five natural landscapes. The distance between the means (DBM) and the
overall spread are highlighted on the Tennessee Valley estimates. The observed
hillslope diffusivity errorbar is indicated by a ? and the predicted value is indicated
by the ◦ symbols respectively. (f) The linear relationship between hillslope length
and the observed hillslope diffusivity values for the natural landscapes is shown.
The straight line shows the fitted linear regression model.

By using equation( 4.14) we predict the hillslope diffusivity (Ks−predicted)

of each landscape and compare it with its estimate derived from published CRN

studies. Parallel errorbars for the two groups (observed (“∗”) and predicted (“◦”)

Ks values) are indicated (Figure 4.16e). The lower and upper extents of the error-

bars for the predicted hillslope diffusivity values are obtained by using the 25th

and 75th quantiles of the hillslope lengths in equation( 4.14).

The overlap between the observed and predicted values indicates very good

agreement. We further quantify this result by computing the ratio of the distance

between the medians (DBM ) in the errorbars (abs(Ks−observed −Ks−predicted)) and

the overall visible spread (OVS ) expressed as a percentage and referred to as the

excellence between the two sample populations (Figure 4.16e shows an example

the DBM and OVS ) (Wild et al., 2011). The predicted and observed hillslope

diffusivity, and the excellence values of the two groups are reported in Table 4.2.

A value of excellence ≥ 33% (for a sample size of 30) indicates that the two groups

are different (Wild et al., 2011). Only the Tennessee Valley, CA shows a value

of excellence ≈ 44% while all the other landscapes have an excellence value ≤
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Dataset Ks−predicted m
2/yr Ks−observed m

2/yr DBM OVS excellence (%)
Middle Fork
Feather
River, CA

0.013092 + 0.025992 /−
0.0070406

0.0048 ± 0.0018 0.00829 0.02299 36.06

OCR, OR 0.0026916 + 0.0044273
/− 0.0018037

0.0036±0.0016 0.000908 0.003396 26.74

Great Smoky
Mountains,
NC

0.014684 + 0.025891 /−
0.0081266

0.0065 - 0.01 0.00643 0.01939 33.16

Tennessee
Valley, CA

0.0015698 + 0.0026068
/− 0.0010263

0.005 0.00343 0.007724 44.41

Gabilan
Mesa, CA

0.091314 + 0.2398 /−
0.066303

0.0038 + 0.0048 /−
0.024

0.05331 0.2249 23.70

Table 4.2: Predicted and observed Ks values of natural landscapes

33%. We also observe that the predicted median hillslope diffusivity lies within

the error bounds of the observed hillslope diffusivity for all the landscapes except

for the Tennessee Valley basin. Finally, we note that mean hillslope lengths in

natural landscapes are linearly related to the observed hillslope diffusivity values

(Figure 4.16f), which is consistent with the behavior of the modeled landscapes

(Figure 4.15f).

4.5 Discussion

4.5.1 Characteristic length scales and topography

A number of factors affect spatial variability of the topographic metrics, includ-

ing local geology, vegetation structure, and climate (Tucker and Slingerland , 1994,

1997). Each factor controls the topography by controlling the scale over which cer-

tain geomorphic processes influence the form and shape of the landscape. While

natural landscapes are characterized by a mixture of geomorphic processes, syn-

thetic landscapes provide us with analogs for natural systems with reduced com-

plexity.
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The six MARSSIM steady state landscapes show that by fixing all the pa-

rameters and changing the hillslope diffusivity, landscapes can attain a variety of

shapes and forms. As hillslope diffusivity increases, the final steady state land-

scapes have smaller drainage density and larger hillslope lengths and vice-versa.

This suggests the control of diffusive processes via the hillslope diffusivity param-

eter on hillslope length scales.

It is difficult to understand and analyze the scale-space representation of

2-D signals compared to 1-D signals. While the valley and ridge features are

relatively easy to track in synthetic two dimensional signals (e.g. two dimensional

orthogonal sine waves), identifying their behavior in modeled or natural landscapes

is more difficult. The pdfs of topographic metrics such as curvature (C), hillslope

lengths (Lh), and topographic index (φ) are used here to capture the behavior of

landscapes across scales.

Probability density functions of curvature across scales show changes in

both modal and local (at each pixel) values. With increasing σ, landscapes become

smoother and planar shaped with a peaked pdf of curvature. The iqr(C) with scale

shows three distinct scaling breaks. The magnitude of the first scaling break in

all the natural landscapes is 4σ ≤2 m. This length scale is very similar to the

resolution of the input dataset and is likely an artifact due to the discretization

of the Gaussian kernel. The second scaling break corresponds to the length scale

of pit and mound topography. This is confirmed by spatial mapping of the ridge

and valley features before and after smoothing. Previous studies in the Middle

Fork Feather River (Hurst et al., 2012) and OCR (Roering et al., 2010) obtained

similar length scales of pit and mound topography. In synthetic landscapes, no

such scaling break was observed as the model does not reproduce a pit and mound
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topography. By adding Gaussian noise we find that a scaling break appears at

the length scale of the artificial noise, confirming that the scale break is indeed

the roughness length scale of the landscape. The third scaling break observed in

iqr(C) corresponds to the median hillslope length scale, indicating that the scaling

behavior of the curvature changes when features of scale equal to the median

hillslope length or smaller have been smoothed out.

The topographic index remains an essential component of many geomorphic

and hydrologic models. By mapping the topographic index spatially, it is possible

to derive spatial distributions of soil moisture and zones of surface saturation

(Beven and Kirkby , 1979; Beven and Wood , 1993; Beven, 1997; Wood et al., 1988;

Zhang and Montgomery , 1994). Thus, determination of the pdf of topographic

index as a function of input DEM resolution an essential part of many hydrological

models (e.g. TOPMODEL (Beven, 1997)). The contributing flow accumulation

area at any given pixel is an integral metric over all upslope grid cells draining to

a given pixel and hence the topographic index is more sensitive to the smoothing

operation and to the complete distribution of noise added, compared to terrain

curvature. In the synthetic landscape with noise, the first scaling break in iqr(φ)

occurs at the length scale of four standard deviations of the noise length scale. The

second scaling break occurs at the median hillslope length of the noisy landscape

and the third scaling break occurs when the smoothing process restores the noisy

landscape to its original configuration. The third scaling break also corresponds

to the scale at which the maximum PSNR is achieved.

In real landscapes, however, the actual distribution of noise is not known.

Hence, we use the nonlinear Perona-Malik filtering procedure to remove small

scale variability. The scale at which the maximum PSNR is achieved matches the
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first scaling break in iqr(φ). Thus, the third scaling break in iqr(φ) for synthetic

landscapes corresponds to the first scaling break in iqr(φ) for real landscapes.

Comparing the hillslope length distributions between the synthetic and real

landscapes at the roughness length scale we observe that the hillslope length dis-

tribution of synthetic landscapes is mostly symmetric while that of real landscapes

is still significantly skewed. This explains why we only see one small scaling break

iqr(φ) in synthetic scales beyond the roughness length scale, while we see two

distinct scaling breaks in real landscapes. Comparison of the second and third

scaling breaks to the quantiles of hillslope length distribution in real landscapes

shows that the second scaling break lies between the 20 - 40th quantile of hills-

lope length distribution, while the third scaling break lies between the 70 - 90th

quantile of hillslope length distribution. Thus, the break are due to smoothing

length scales corresponding to the shoulders (area between the peak and tail) of

hillslope length distribution matches the second and third scaling breaks in iqr(φ)

with scale.

The skewness of the hillslope length distribution changes with the scale of

the analysis with a tendency to have right skewness at finer scales and reduced

skewness after the landscape has been smoothed beyond the roughness length

scale. This indicates that the strong right-skewness is due to the signature of

pit and mound topography. In general, we observe an increase in variability in

hillslope length scales with increasing hillslope diffusivity indicating an increase in

heterogeneity of the landscape. The shape of the distribution of hillslope length

merits further investigation as it could expand our understanding of the origins of

scaling processes in geomorphic systems.

The MRA enables us to observe the rate of change of the modal topographic
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index as a function of scale and provide a first hand estimate of the hillslope dif-

fusivity parameter solely based on scaling analysis of topography. A comparison

of the predicted and observed hillslope diffusivity coefficients for the natural land-

scapes indicates a very good agreement between the two groups, except for the

Tennessee Valley basin. Poorly constrained erosion rates at the Tennessee Valley

could be one of the reasons for the mismatch. Using a simple hillslope evolution

model Roering et al. (2007) showed that the reference denudation rates are linearly

related to the hillslope diffusivity values:

Er = Ks
St

2Lh
ρr
ρs

(4.15)

where Er is the reference erosion rate, Ks is the hillslope diffusivity, St is the

critical threshold slope for nonlinear diffusion, Lh is the hillslope length measured

from hilltop to valley, and ρr and ρs are the bulk densities of rock and soil. Re-

arranging equation( 4.15) it is easily recognized that the hillslope length scale is a

linear function of hillslope diffusivity as:

Lh = Ks
St

2Er
ρr
ρs

(4.16)

A similar relation between Lh and Ks is observed in both the modeled and natural

landscape in our results (Figure 4.15f and Figure 4.16f) and its slope gives the

term St
2Er

ρr
ρs

. Hence, by estimating the hillslope diffusivity values via the MRA

framework, it is also possible to estimate long term erosion rates given the rock

and soil bulk densities.

100



4.5.2 Comparison to other scaling techniques and benefits of MRA

MRA is not the only way of representing the landscape across various scales;

several other scaling techniques (e.g. spectral analysis, box counting, and semi-

variogram) have been proposed in the past to study the scaling properties of topog-

raphy. Spectral analysis via Fourier transforms of topographic data has been used

to determine dominant repeating length scales such as valley widths (Steyn and

Ayotte, 1985; Ansoult , 1989; Perron et al., 2008a). Other scaling techniques, such

as box counting and semi-variogram, are based on the assumption that landscapes

have statistical properties similar to those of fractal surfaces. The assumption of

self-similarity is not true for all landscapes (Klinkenberg and Goodchild , 1992; Bian

and Walsh, 1993) and thus box counting and semi-variogram techniques might not

be widely applicable. The MRA technique is not limited by any such assumption.

Based on strong mathematical foundations originating in the computer vision lit-

erature, MRA provides a logical and complete framework to understand scaling

behavior of topographic metrics.

Although the results of the MRA framework presented here have demon-

strated the effectiveness of the proposed scaling analysis, the MRA framework can

be further developed in a number of ways. Along with noise removal, Gaussian

smoothing also removes and displaces important features and edges, which is a typ-

ical disadvantage of this approach. The use of nonlinear filtering functions such as

anisotropic Gaussian kernels or the Perona-Malik filter (Perona and Malik , 1990)

may allow us to diffuse the landscape at different rates in different directions. Such

a framework would be closer to representing the real world conditions in numerical

simulations. A similar investigation of the scaling properties of the topographic
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metrics by using wavelets, and spectral analysis might also allow us to overcome

some of the limitations of Gaussian smoothing in the MRA framework.

Further research into identifying geomorphic process domains and charac-

teristic length scales via the MRA should be conducted in conjunction with field

work for obtaining more CRN samples (Roering et al., 2013). Such an undertaking

will provide pathways to understand the scaling properties of processes and how

they could be modeled in geomorphic transport equations.

4.5.3 Applications of MRA in high resolution topographic analysis and

usefulness to geomorphology

MRA illustrates how landscape features such as pit and mound topography, val-

leys and ridges interact and evolve with scale. Understanding the multi scale

discontinuity and connectivity of landscapes via the analysis of complete pdfs of

various topographic metrics is necessary for determining flux pathways through

landscapes. The roughness length scales determined by MRA can be used to un-

derstand the local pit and mound topography of landscapes. This length scale is

sometimes referred to as the scale at which life (trees and animals) manifests itself

over landscapes (Roering et al., 2010). Spatially critical scaling thresholds and be-

haviors can be determined to model the evolution of slope, curvature, saturation

extents based on topographic index. A comparison between modeled landscapes

and real landscapes in the MRA framework would allow us to asses how far or

close are landscapes to steady state.
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4.6 Conclusions

In this work we proposed a MRA to quantify the scaling behavior of various de-

rived metrics of topography, such as the slope, curvature and topographic index in

the space domain. We identified three scaling breaks in the spread of topographic

index (iqr(φ)) and curvature (iqr(C)) versus scale. The first scaling break in iqr(φ)

and the second iqr(C) correspond to the length scale of pit and mound topogra-

phy. The second and third scaling breaks in iqr(φ) are due to the smoothing of

hillslope lengths in the left and right shoulders of the hillslope length distributions.

The third scaling break in iqr(C) corresponds to the median hillslope length. We

observed power law relationships between (i) the iqr(Qr) and hillslope diffusivity,

and (ii) the median(Qr) and median hillslope length. Using these two power laws,

we predicted hillslope diffusivity for natural landscapes, and found that these esti-

mates compare well with cosmogenic radionuclide estimates reported in literature.
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Chapter 5: GeoNet: an open source software

5.1 Introduction

In this chapter, with the aid of three study sites representing natural (Tennessee

Valley, CA), flat and engineered (Le Sueur River, MN,), and urban landscapes

(Little Walnut Creek, TX) (Section 5.2), we present the new capabilities added to

GeoNet (method and software) since its first release and application. The most

recent version of GeoNet has been improved in filtering natural and road features

and in the identification of channel heads (Section 5.3). The code is available in

MATLAB and Python and allows integration of software libraries for data access,

algorithm development and integration with GIS software such as ArcGIS, QGIS,

and GRASS GIS (Section 5.4). The work-flow steps are described and tested

on the study sites (Section 5.5) and metrics of computational time versus input

dataset size are provided. The results are discussed in Section 5.6. Finally, the

conclusions of this work are in Section 5.7.

5.2 Study sites

5.2.1 Natural landscape: Tennessee Valley, CA

The Tennessee valley catchment lies north of San Francisco in Marin County,

California [Figure 5.1]. This catchment has been studied extensively by previous

authors; of particular interest for our application is work done on channel initi-

ation and the availability of field surveyed channel heads and channel network

(Montgomery and Dietrich, 1988, 1989b; Dietrich et al., 1993a). The terrain is
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characterized as mostly soil mantled, with local bedrock outcrops on ridges and

on steep slopes. High resolution topography data at 1 m resolution are available

(http://www.opentopography.org/).

Figure 5.1: Tennessee Valley, CA, a natural and high relief landscape. (a) Hillshade
prepared in ArcGIS, and (b) satellite imagery published in Esri’s World Imagery
map featured as one of the basemap in ArcGIS Desktop.

5.2.2 Flat and engineered landscape: Le Sueur River Basin, MN

The Le Sueur River Basin is located in southern Minnesota (Figure 5.2). It has

been extensively studied as it is a major source of sediment to the Minnesota

River (Gran et al., 2009; Belmont et al., 2011; Gran et al., 2011). Due to the

presence of natural channels, artificial drainage ditches, roads, and overall small

topographic gradients, the watershed poses several challenges to classic feature

extraction algorithms (Passalacqua et al., 2012). High resolution topography data

are available (Gran et al., 2009, 2011; Belmont et al., 2011). The data used here

are at 3 m resolution.
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Figure 5.2: Le Sueur River Basin, MN, a low relief and engineered landscape. (a)
Hillshade prepared in ArcGIS, and (b) satellite imagery published in Esri’s World
Imagery map featured as one of the basemap in ArcGIS Desktop.

5.2.3 Urban landscape: Little Walnut Creek , TX

Walnut Creek is located in Travis County and is part of an urban suburb of the

larger metropolitan area of Austin, Texas (Figure 5.3). Complexity in this urban

landscape results from the presence of stormwater collection systems including

curbs, gutters, and inlets. Man-made storm collector systems (region A in Fig-

ure 5.3), roads (region B in Figure 5.3), and bridges (region C in Figure 5.3) have

modified the shape of the landscape and the flow of water, resulting in parallel

surface and subsurface flow.
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Figure 5.3: Little Walnut Creek, Austin, TX, an urban landscape. (a) Hillshade
prepared in ArcGIS. Region A shows a storm collector beginning at A1, that goes
underground and reappears on the surface at A2, upstream of the junction with
Walnut Creek at A3. Region B shows a local drain intersected by a road. Region
C shows Little Walnut Creek at the intersection with a bridge. The building
footprints are overlaid in orange. (b) Satellite imagery published in Esri’s World
Imagery map featured as one of the basemap in ArcGIS Desktop.

High resolution topography data was made available by the City of Austin

as a classified point cloud file in LAS file format. The ESRI LAS Dataset Tools

in ArcGIS were used to convert the points classified as ground to a 1 m resolution

raster grid. The building footprints for this region (Figure 5.3) were also obtained

from the City of Austin.

5.3 Method development

The GeoNet method consists of three major components: (i) nonlinear filtering of

the elevation data, (ii) identification of likely channelized pixels through the statis-
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tical analysis of curvature, and (iii) channel heads and channel network extraction

based on geodesic minimization principles. In this section we briefly describe

the existing components of GeoNet and further explore aspects of filtering (edge-

stopping function, number of filtering iterations) and of channel head detection

(search box size) that have not been previously analyzed, as well as describe new

capabilities of the method (computation of hillslope length and median filtering).

We refer the reader to Passalacqua et al. (2010b,a, 2012) for detailed information

on the existing portions of the method.

5.3.1 Filtering to remove small scale variability and enhance features

of interest

When analyzing high resolution topography data with the goal of extracting fea-

tures of interest, an operation of filtering is usually performed to regularize the

elevation data. This operation consists of removing unwanted portions of the sig-

nal (i.e., small scale surface variability) while possibly maintaining and enhancing

portions of the signal of interest for the problem at hand. For example, in the

case of channel network extraction, we may want to filter out the bumpiness of

the ground, while preserving channel banks sharp and localized.

Several filtering techniques have been proposed (e.g., Burt and Adelson,

1983; Koenderink , 1984; Witkin, 1984; Perona and Malik , 1990; Wiener , 1949). Of

these, the simplest approach is the linear heat or diffusion equation (Koenderink ,

1984):

∂h(x, y, t)

∂t
= ∇ · (c∇h) = c∇2h (5.1)

where h(x, y, t) is the elevation data at time t, c is the diffusion coefficient, and ∇
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is the gradient operator. The linear diffusion equation is isotropic as the diffusion

coefficient c is constant in space and time. While simple to apply, the main

disadvantage of this method is that it may result in blurring of the feature edges

with loss of sharpness and localization (Passalacqua et al., 2010a).

Perona and Malik (1990) proposed the use of a nonlinear diffusion equation

where the diffusion coefficient c is a function of space and time:

∂h(x, y, t)

∂t
= ∇ · [c(x, y, t)∇h] (5.2)

Two possible forms of the diffusion coefficient are (Perona and Malik , 1990):

c = e−(|∇h|/λ
2) (5.3)

c =
1

1 + (|∇h|/λ2)
(5.4)

where |∇h| is the gradient of elevation at location x,y and time t and λ is the edge

stopping threshold computed as the 90th quantile of the gradient distribution.

Equations (5.3) and (5.4) are also called edge stopping functions. We will refer to

them as PM1 (eq. 5.3) and PM2 (eq. 5.4) in the following.

Nonlinear filtering achieves removal of small scale variability and enhance-

ment of edges. Stability issues of the Perona-Malik formulation were later identified

and addressed by Catté et al. (1992). This stable form is implemented in GeoNet.
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5.3.2 Analysis of the edge stopping function and time of forward dif-

fusion

The default function in GeoNet is PM2 with edge stopping threshold λ set equal to

the 90th quantile of the gradient distribution of the unfiltered landscape (Perona

and Malik , 1990). The time of forward diffusion is set to a default value of 50

iterations . Here we explore the effect of the functions PM1 and PM2 and analyze

further the time of forward diffusion. Our goal is to establish quantitative metrics

to inform the choice of the default edge stopping function and time of forward

diffusion.

We perform our analysis following the approach proposed by Mrázek and Navara

(2003). Let h(x, y, 0) be the initial (unfiltered) high resolution elevation data at

time t = 0 (h(0) in the following) and h(x, y, t) the elevation data after t iterations

of equation 5.2 (h(t) in the following). The difference between the original (noisy)

data and the data filtered at time t, |h(0)−h(t)|, is the unknown noise at iteration

t. The correlation coefficient between noise and signal (filtered data) is (Mrázek

and Navara, 2003):

corr(|h(0)− h(t)|, h(t)) =
cov(|h(0)− h(t)|, h(t))√

var(|h(0)− h(t)|·var(h(t)))
(5.5)

where corr(|h(0) − h(t)|, h(t)) and cov(|h(0) − h(t)|, h(t)) are the correlation co-

efficient and the covariance, respectively, between noise and signal, and var(·)

is the variance of the quantity. The experiments of Mrázek and Navara (2003),

performed on image intensity values rather than elevation data, show an initial

decrease of the correlation coefficient to a minimum value followed by an increase

of the correlation coefficient (due to the effect of further filtering on the image
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edges). The optimum number of iterations (or optimum time of forward diffusion)

(Toptimum) is then calculated by minimizing the correlation coefficient (Mrázek and

Navara, 2003):

Toptimum = arg min
t
corr(|h(0)− h(t)|, h(t)) (5.6)

where the function arg mint identifies the value of t for which the minimum is

attained.

We apply this approach to the test landscapes introduced in Section 5.2 and com-

pute the correlation coefficient (equation 5.5) using both edge stopping functions

PM1, PM2. The correlation coefficient decreases with increasing number of itera-

tions in all cases (solid lines in Figure 5.4), but only in one case (e) the correlation

coefficient attains a minimum value. In all other cases analyzed, the correlation

coefficient decreases until it reaches or approaches a constant value. The results

show that the correlation coefficient between noise and signal may not always

attain a minimum value in real landscapes.

We use the rate of change of the correlation coefficient (∇|corr(|h(0) −

h(t)|, h(t))|) to identify the optimum number of iterations Toptimum as the time

at which ∇|corr(|h(0) − h(t)|, h(t))| reaches a small value (possibly equal to 0)

implying that the correlation coefficient is constant or changing at a very small

rate. For Tennessee Valley the rate of change∇|corr(|h(0)−h(t)|, h(t))| approaches

0 at t≈ 25 iterations for PM1 (Figure 5.4a) and at t≈ 50 iterations for PM2

(Figure 5.4b). For the Le Sueur River Basin the rate of change approaches 0 at

t≈ 50 iterations for both PM1 (Figure 5.4c) and PM2 (Figure 5.4d).
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Figure 5.4: (Continued..) and estimation of the optimum number of iterations.
Solid lines show the correlation coefficient (corr(|h(0)− h(t)|, h(t))) as a function
of number of iterations, while dashed lines show the rate of change of correlation
coefficient (∇|corr(|h(0) − h(t)|, h(t))|) as a function of number of iterations for
Tennessee Valley, CA (PM1 (a), PM2 (b)), Le Sueur River Basin, MN (PM1 (c),
PM2 (d)), and Little Walnut Creek, TX (PM1 (e), PM2 (f)). The optimum
number of iterations is shown in all cases by the vertical dotted line.

For Little Walnut Creek the correlation coefficient achieves a minimum value

at t≈ 15 iterations for PM1 (Figure 5.4e) and reaches a constant value (≈ 10−3)

at t≈ 40 iterations for PM2 (Figure 5.4f), thus showing a different behavior with

respect to the other test landscapes. The mathematical form of PM1 and PM2

translates in a different response to edges; PM1 prefers sharp contrasts (sharp

gradients), while PM2 prefers larger scale contrasts (larger scale features) (Perona

and Malik , 1990).

Little Walnut Creek is an urban landscape characterized by features with sharp

edges, such as roads, and larger scale features such as natural and artificial chan-

nels. The presence of both types of features allows the difference among PM1

and PM2 to emerge (Figure 5.4 e,f). The filtering operation eventually introduces

edge effects, modifying the landscape and the correlation coefficient behavior as

a function of time. Visual inspection of the filtered test landscapes after Toptimum

iterations ensured that no edge effects were introduced in the data.

Given our interest in channel features, rather than sharp structures, the

use of PM2 is preferred in both natural and urban landscapes and thus adopted

as default edge stopping function in GeoNet. The time of forward diffusion of 50

iterations is also selected as default value given the consistency of the response

of PM2 across the diverse landscapes analyzed. We note though that the code is
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designed to allow users to explore the effect of all the functions and parameters on

the extraction results by overwriting the default settings if desired.

5.3.3 Identification of likely channelized pixels

Hillslopes and valleys can be identified from high resolution topographic data by

comparing the probability density function (pdf ) of curvature against the standard

Gaussian distribution on a quantile-quantile (qq) plot. The linearity of the qq-plot

suggests whether a sample is drawn from a Gaussian distribution or at what value

the two distributions deviate from each other. Of particular interest for channel

extraction is the deviation in the positive tail that marks the transition to valleys

(Lashermes et al., 2007). The same plot can be used to identify divergent and

planar regions of the landscape from the deviation in the negative tail and region

in between the negative and positive deviation respectively.

The transition in the positive tail is automatically detected in GeoNet and

the corresponding curvature value is used to identify the set of likely channelized

pixels (skeleton), namely those pixels with curvature value above the identified

threshold that form the set from which the channel network will be extracted.

The identification of the skeleton of likely channelized pixels is further explained

in this section, including the curvature definitions implemented in GeoNet and the

approach used to compute flow accumulation.

5.3.3.1 Laplacian and geometric curvature

Two curvature definitions are available in GeoNet. The first option is the Laplacian

γ defined as the gradient of the elevation gradient ∇h:
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γ = ∇2h (5.7)

The second option is the geometric curvature κ defined as:

κ = ∇ · (∇h/|∇h|) (5.8)

The geometric curvature is more effective in identifying convergent features in

natural landscapes, while the Laplacian performs better in flat and/or engineered

areas where a mixture of natural (channels) and artificial features (ditches and

roads) is present (Passalacqua et al., 2012).

The skeleton of likely channelized pixels identified based on curvature can

be quite noisy due to the possible presence of isolated convergent areas not part

of the channel network. Further refinement of the skeleton is achieved through

the application of a ‘skeleton thinning parameter’ applied to the computed flow

accumulation, as explained below.

5.3.3.2 Flow routing and calculation of flow accumulation

The calculation of flow accumulation in GeoNet does not require a pit filling pro-

cedure prior to flow routing nor hydro-conditioning of the input DEM; after iden-

tifying ‘sink pixels’, as pixels not draining to any location, a water level variable

is defined and initialized to the elevation value of each sink pixel. The water level

is then raised to the lowest elevation in a eight cell neighborhood and a recursive

flooding procedure is used until the water level in the sink pixel is such that it

drains to a neighboring cell. The flow is then distributed to the neighboring cells

at lower elevation proportionally to slope according to the D8 or Dinfinity methods
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(Tarboton, 1997), which are both implemented in GeoNet.

Locations along the boundary of the input DEM at which the flow leaves

the domain are identified as outlet points (Maidment , 2002). The GeoNet flow

routing procedure outputs flow accumulation and flow direction at each pixel and

an index array that identifies the watersheds draining to each outlet point. The

flow routing module is implemented in C programming language.

5.3.3.3 Skeleton thinning operation

The ‘skeleton thinning parameter’ is a user-defined parameter in GeoNet used to

remove small convergent areas that are not part of the channel network from the

curvature skeleton. The parameter is built on the idea that convergent portions

of the landscape that are not part of the network should have small flow accumu-

lation value, smaller than the minimum value at channel heads. The curvature

skeleton can then be thinned and ‘denoised’ by removing the pixels with flow ac-

cumulation smaller than the skeleton thinning parameter. It is important to note

that this parameter is not a flow accumulation threshold, but rather a parameter

used to simply thin the curvature skeleton from which the channel network will

be extracted. As such, the skeleton thinning parameter value should be smaller

than the minimum flow accumulation at channel heads to not interfere with chan-

nel initiation. Since the minimum value of flow accumulation at channel heads is

not known, a reasonable estimate can be obtained from the slope-area plot of the

landscape along with a visual inspection of the topographic data and crude calcula-

tion of the smallest zero-order drainage areas (Passalacqua and Foufoula-Georgiou,

2015).
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5.3.3.4 Extraction of channel heads, channel centerlines, and channel

morphology

After the operation of nonlinear filtering and the identification of likely channel-

ized pixels, channel heads and channel network are extracted based on geodesic

minimization principles. The centerline is then used to ‘cut’ cross-sections per-

pendicular to it and extract channel morphology properties such as the location

of channel banks. The extraction of channel heads, channel centerline, and chan-

nel morphology is explained below; we briefly cover the existing portions of the

method and focus on the further development of the channel head identification

procedure.

5.3.3.5 Geodesics and geodesic distance

Let us assume for now that channel heads have been identified (as explained later

in this section). The feature that connects the channel head to the watershed

outlet is the channel itself. We can think of channels as pathways of least cost,

or geodesics (Do Carmo, 1976), where the cost ψ is a function of topographic

attributes (Passalacqua et al., 2010b):

ψ =
1

α · A+ δ · κ
(5.9)

where A is the contributing area (L2), κ is the curvature (L/L2), and α and δ are

constants that handle the dimensionality of Equation 5.9 (α has units of L−2 and

δ has units of L) . The values of α and δ are set to 1 m−2 and the mean flow

accumulation area, respectively. Passalacqua et al. (2012) showed that adding

the skeleton of likely channelized pixel is helpful when channels are meandering,
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resulting in a cost function of the form:

ψnew =
1

1 · A+ Amean · Skel + Amean · C
(5.10)

With this cost function, ‘shortcuts’ of river meanders are penalized forcing channel

centerlines to follow the skeleton as much as possible.

After computing the cost function at each location of the landscape, the

geodesic distance is calculated from an outlet to any point in the landscape through

an operation called geodesic propagation. The geodesic distance is analogous to

a travel time between two points. Several algorithms are available for geodesic

propagation, including the popular Fast Marching algorithm proposed by Sethian

(1996), which is implemented in GeoNet.

5.3.4 Channel end point identification and search box size

Channel heads are defined as the most upstream points of erosion and concen-

trated flow in a channel network (Montgomery and Dietrich, 1988). In GeoNet,

these points are identified automatically by scanning the skeleton of likely chan-

nelized pixels with a search box that identifies the ‘end pixel’ of each skeleton

connected component as the pixel with maximum geodesic distance from the out-

let (the most upstream point). The skeleton of likely channelized pixels may be

disrupted in correspondence of features, such as roads, whose topographic signa-

ture does not satisfy the requirements imposed by the curvature threshold and

the skeleton thinning parameter. Disruptions may also be due to the presence

of natural features such as landslides. The search operation through the skeleton

thus results in the identification of not only the channel heads, but also the points
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where channels end and reappear.

The end point search box size was previously a user-defined parameter in

GeoNet (Passalacqua and Foufoula-Georgiou, 2015). Here, we propose setting this

parameter equal to the median hillslope length computed on the input DEM. This

choice is based on the fact that the search box size is related to landscape drainage

density: when drainage density is high, the box size should be small (as channels

are encountered very often), while when drainage density is low, the box size

should be large (as water parcels need to travel longer distances before reaching a

channel). It is known that drainage density (Dd) is inversely related to hillslope

length (Lh) (Horton, 1932): when Dd is low, Lh is large, while when Dd is high, Lh

is small. We can thus inform the choice of the search box size by the characteristics

of the channel network through the computation of hillslope lengths.

We compute the hillslope length as the distance between each pixel and

the first downslope channelized pixel (Tucker et al., 2001). The computed median

hillslope length is then used as search box size for the identification of channel

end points. These operations are fully automatic in GeoNet without requiring any

user input.
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Figure 5.5: Effect of search box size on end point identification. (a) Histogram of
hillslope length for Tennessee Valley.
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Figure 5.5: (Continued..) Skeleton of likely channelized pixels and detected end
points with search box size of (b) 13 m, (c) 30 m, (d) 56 m, (e) 90 m, (f) 132 m.

We test the effect of this parameter on one of our test landscapes, Tennessee

Valley, by analyzing the extracted channel end points (channel heads and channel

disruptions) as a function of search box size. The computation of hillslope length

yields a median value of 56 m and the histogram in Figure 5.5a. It is our goal to

limit the detection of channel end points (disruptions) as much as possible while

extracting the actual channel heads (most upstream end points) in a completely

automatic way. A small search box size of 13m (10th quantile of hillslope length

distribution) results in the identification of many end points (see inset box Figure

5.5b). A value of 30m (25th quantile) ignores most of the end points, but a

few are still detected (inset box Figure 5.5c). A box size equal to the median

hillslope length of 56m (50th quantile) mostly detects end points located at channel

initiation locations (Figure 5.5d). Box sizes of 90m (75th quantile) and 132m (90th

quantile) fail to detect a few channel heads (inset boxes Figure 5.5e,f).

The search box size affects the identification of channel heads and channel

end points. The results show that the median hillslope length is an appropriate

search box size as it reduces the number of channel end points identified (along

channel disruptions) while capturing channel heads (most upstream end points).

5.3.5 Computation of discrete geodesics and channel network extrac-

tion

Following the channel head identification, a gradient descent on the geodesic dis-

tance is used to complete the channel network extraction by tracing channels as
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paths of minimum cost from each channel end point to the outlet. Channel head

locations (x,y) and channel centerlines are saved in shapefile format for visual-

ization in GIS software along with geotiff files of slope, curvature, filtered DEM,

skeleton, flow accumulation, and basin and subbasin index arrays.

After extracting the channel network, GeoNet can identify cross-sections,

geomorphic bankfull width and water surface elevation, and channel bank loca-

tions. The user is referred to Passalacqua et al. (2012) for a detailed description

of the channel morphology extraction.

5.3.6 Median filter for engineered landscapes

Engineered landscapes are very challenging for channel extraction methods as con-

vergent artificial features, such as road ditches, are often detected as part of the

channel network. This may lead to the identification of spurious channel heads and

inaccurate extraction of the channel network. Passalacqua et al. (2012) proposed a

semi-automatic approach that relies on the statistical analysis of Laplacian (equa-

tion 5.7) instead of geometric curvature (equation 5.8) to favor the detection of

channels and exclude artificial features from the extracted channel network. The

approach is semi-automatic as it consists of thresholding curvature at values higher

than the threshold automatically detected in the qq-plot.

Here we propose using a low pass filter, specifically the median filter, to

automatically remove roads before further analysis of the topographic data. A

low pass filter is commonly used in image processing to remove impulsive random

noise, while maintaining important edge features (Lim, 1990).
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Figure 5.6: Median filtering for removing roads. (a) 3D representation of region
A shown in Figure 5.2a.
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Figure 5.6: (Continued..) (b) 2D representation of region A; (c) median filtered
landscape for a window size of 21 m. Along-channel profile of the filtered landscape
(red line) for window size of (d) 3 pixels (9 m), (e) 5 pixels (15 m), (f) 7 pixels (21
m), (g) 9 pixels (27 m), (h) 11 pixels (33 m), and (i) 13 pixels (39 m). The profile
of the unfiltered landscape (black line) along C1-C2 is shown in all the plots for
comparison. (j) 3D representation of region A after performing a median filter of
window size equal to 21 m.

In our application, impulsive random noise is represented by, for example, road

edges and building footprints, while important edge features are channel banks.

When a median filter is applied to an image (DEM), a window slides along the

intensity (elevation) data; the median elevation value within the window is taken as

the output elevation of the pixel being processed. The window size is an important

parameter of the median filter usually set with consideration of the average size of

the feature of interest.For our application, the features of interest are roads and

their average width in USA is ≈ 9− 15m (Hughes et al., 2004).

To test the effectiveness of median filtering in removing roads, we apply it

to the Le Sueur River Basin (Section 5.2) which includes natural channels and

artificial features (see for example region A in Figure 5.2 and its 3D and 2D

representations in Figure 5.6a, b). A median filtering operation is performed with

window size: 3 (9 m), 5 (15 m), 7 (21 m), 9 (27 m), 11 (33 m), and 13 (39 m).

Note that the DEM resolution is 3 m in this case and thus window sizes in pixels

are multiplied by 3 to obtain the corresponding sizes in metres. With window size

of 21 m, median filtering is able to remove most of the road, while keeping channel

and valley features well defined (Figure 5.6 c, f, j). The spike in the along-channel

profile corresponding to the road (Figure 5.6d) is increasingly smoothed as window

size increases (Figure 5.6e-i). The results show that median filtering with window
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size of at least 21 m is able to filter the road features in this landscape. The use of

median filtering prior to nonlinear filtering is thus recommended when analyzing

engineered landscapes.

5.4 Software development

GeoNet was originally coded in MATLAB and C programming languages. The

software has been further developed to include gdal libraries in MATLAB and has

also been coded in Python coupled with GRASS GIS, as described below.

5.4.1 MATLAB version of GeoNet

The MATLAB version of GeoNet employs MATLAB functions included in the

Image processing, Statistics, and Mapping Toolbox. To address the needs of users

without a Mapping Toolbox license, GeoNet is now coupled with the open source

gdal libraries to read and write geotiffs and shapefiles. Nonlinear filtering uses

an explicit numerical scheme. Slope and curvature are computed by using the

‘gradient’ function over an eight cell neighborhood. The flow routing and the

Fast Marching algorithms are implemented in C programming language and ac-

cessed from MATLAB via ‘mex’ functions. Channel heads, channel network, and

channel morphology (when extracted) are saved to disk as shapefiles by using the

‘shapewrite’ function in the Mapping Toolbox. In the gdal version, raster I/O

operations are handled via ‘mex’ function calls to pre-compiled gdal ‘read’ and

‘write’ functions.
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5.4.2 Python version of GeoNet

The MATLAB version of GeoNet can efficiently process input DEMs up to 25 km2

at 1 m resolution. In order to handle larger datasets and remove the dependency

on commercial software, GeoNet has been programmed in Python and coupled

with GRASS GIS. The libraries NumPy, SciPy, and scikit are used for numerical

and scientific computing.

The r.watershed and r.stream.basins GRASS GIS functions (Kinner et al.,

2005; Metz et al., 2011; Neteler et al., 2012) are used for computing flow accu-

mulation and identifying the watersheds associated with the outlets of the input

DEM, respectively. The r.watershed module does not require pit filling prior to its

application because it uses a least-cost algorithm to traverse the elevation surface

to the outlet. Kinner et al. (2005) showed that this method leads to more accurate

results compared to standard methods when applied to high resolution datasets.

The ‘disk swap memory’ option is used in r.watershed to deal with the cases in

which memory requirements exceed the available RAM. The scikit-fmm module is

used for calculating the geodesic distance. Channel heads and channel network as

saved as shapefiles. GRASS GIS modules are called within GeoNet; thus users are

not required to run GRASS GIS.

An analysis of the computational capability of GeoNet is in section 5.5.4.
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5.4.3 GeoNet work-flow

The work-flow of GeoNet (Figure 5.7) begins by reading the input bare earth DEM.

The mean slope of the raw input DEM is computed to define whether the terrain

is steep (slopes ≥ 5◦) or flat (slopes ≤ 5◦) (McCullagh, 1978) (this slope value can

be modified if desired). If the terrain is steep or flat but natural, GeoNet proceeds

with the Perona-Malik nonlinear filtering operation with the only difference that

in flat terrains the Laplacian is used as curvature metric. If the landscape is

engineered, a median filter is applied prior to nonlinear filtering and the geometric

curvature set as curvature metric.

Once filtering is complete, slope and curvature of the filtered DEM are

computed. The qq-plot of curvature is used to identify the convergent features of

the landscape and obtain the set of likely channelized pixels, which represents a first

estimate of the channel network. Upon computing flow accumulation, the skeleton

of likely channelized pixels is refined based on the user-defined skeleton thinning

parameter (Parameters.flowThresholdforSkeleton in the code). The cost function

is used to compute geodesic distances via the Fast-Marching algorithm. End point

detection identifies channel heads by using the skeleton’s connected components

information, geodesic distance, and a search box size equal to the median hillslope

length. Finally, a gradient descent is performed on the geodesic distance from the

channel heads to the basin outlet to extract the channel centerlines.
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5.5 Results

5.5.1 Natural landscapes

The skeleton thinning parameter value used in Tennessee Valley is based on field

measurements of flow accumulation at channel heads and set equal to 1100 m2,

less than the smallest contributing area recorded at channel heads (≈ 1500 m2)

by Montgomery and Dietrich (1989b). We compare the extracted network and

the field-surveyed data by computing the distance (along channel) between the

predicted and the surveyed channel locations. Mean and standard deviation of

distance are equal to 8.6 m and 5.3 m, respectively. The surveyed results were

mapped by Montgomery and Dietrich (1989b) onto an enlarged U.S. Geological

Survey Point Bonita 7.5-min quadrangle map with resolution ≈ 10 m. The differ-

ences in the extracted and field surveyed channel heads are thus of the same order

of magnitude as the resolution of the original field work.

Three of the 31 field surveyed channel heads are not identified by GeoNet

(A, B, C in Figure 5.8). A very disrupted signature in correspondence of these

channels is present in the curvature skeleton.

The GeoNet extracted channel network (Figure 5.8 blue lines) compares

well with the digitized field survey channels and channel heads (Figure 5.8 red

lines and green triangles). Differences in channel networks can be expected due to

the different resolution of the input dataset and changes in topography during the

decade between the field survey and the lidar campaign.
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Figure 5.8: Analysis of GeoNet results in Tennessee Valley, CA. (a) Histogram
of distance (absolute value) between mapped and predicted channel heads. Mean
and standard deviation of distance are 8.6 m and 5.3 m respectively.
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Figure 5.8: (Continued..) (b) GeoNet extracted channel network and digitized field
surveyed channel network and channel heads (Montgomery and Dietrich, 1989b).
Three of the 31 surveyed channel heads are not identified by GeoNet (A, B, C).

Figure 5.9: Analysis of GeoNet results in the Le Sueur River Basin, MN. The
GeoNet extracted channel network (blue lines) is overlaid on bare earth data.
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Figure 5.9: (Continued..) Google Earth images highlight locations where the
channel crosses a road (A) and ditches connected to the main channel (B and C).

5.5.2 Flat and engineered landscapes

A low pass median filter with window size of 21 m is used to remove roads prior to

nonlinear filtering. The skeleton thinning parameter is set to 1500 m2, much less

than the channel initiation threshold identified by field studies done in this region

(Belmont et al., 2011). The low pass median filter removes roads while preserving

the most convergent regions (see also Figure 5.6). Both natural channels (region A

in Figure 5.9) and man made ditches (regions B and C in Figure 5.9) are detected

as part of the channel network with geometric curvature as curvature metric. The

use of Laplacian as in Passalacqua et al. (2012) would favor the extraction of

natural channels.

5.5.3 Urban landscapes

We apply GeoNet to an urban landscape with the goal of extracting channels and

preferential flow paths active during rainfall events. This is the first time GeoNet

is applied to an urban setting. We use a low pass median filter of window size 27

meters, followed by nonlinear filtering, and a skeleton thinning parameter equal to

750 m2. Building footprints are used to map building locations as no-data values in

the elevation data and thus capture flow paths around buildings. Median filtering

and nonlinear filtering are thus performed on the elevation dataset modified by

adding no-data values to building locations. This guarantees that smoothing and

filtering are applied only to terrain regions.
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Figure 5.10: Typical features in urban landscapes. An urban channel head, loca-
tion A1 (a). A drain resurfaces from underground and joins Little Walnut Creek
(image taken looking into the red box A2) (b). Little Walnut Creek (image taken
looking downstream from A2) (c). A culvert at A3 in correspondence of a low
water crossing (d). Flow paths generated during a rainfall event (e). A drain and
the bridge located above it, location B (f).
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To allow the computation of the geodesics around buildings, we also pass the

building footprints as masked values to the Fast Marching module.

Flow directions and flow paths in urban landscapes are affected by man

made structures such as curbs, creeks, and open drains aligned with roads. Typi-

cal features occurring in this location include urban channel heads (Figure 5.10a,

location A1 in Figure 5.11), drains that resurface from underground (Figure 5.10b

and c, location A2 in Figure 5.11), culverts (Figure 5.10d, location A3 in Fig-

ure 5.11), flow paths generated during storm events (Figure 5.10e, a sediment

laden flow path from the cemetery and the relatively clear flow path from the

adjacent housing complex), and roads and bridges (Figure 5.10f, location B in

Figure 5.11).

The effectiveness of GeoNet in dealing with urban environments can be

seen, for example, in the three regions A, B, and C. Region A includes a channel

head (A1 in Figure 5.11) and part of a drain that goes underground and resur-

faces later downstream (A2 in Figure 5.11). The channel centerline extracted by

GeoNet (blue line in Figure 5.11) starts where the drain begins and then diverts

off and joins Walnut Creek at A3 following the geodesic distance. According to

the field reconnaissance, this flow path should merge at location A2 following the

underground sewage network path. However, this information is not available in

the elevation data and a preferential surface pathway is identified by GeoNet.
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Figure 5.11: Analysis of GeoNet results in Little Walnut Creek, Travis County,
TX. In box A the channel centerline follows a storm water system. A1 marks the
location of an urban channel head, A2 the location where the drain resurfaces from
underground (red box), and A3 the location of a culvert (see also corresponding
photos in Figure 5.10). B and C mark locations where GeoNet handles the presence
of bridges without manual modification of the elevation data. The channel passes
through such disruptions following the global minimization of the cost function.

At location B a drain crosses a road; ‘barriers’ such as bridges are usually very

challenging for channel extraction methods as approaches based, for example, on
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steepest descent would stop in correspondence of a barrier. The channel extracted

by GeoNet is able to pass through the road due to the global minimization principle

used in geodesics. Similarly, in region C the channel passes through a road feature.

The use of a mask of building footprints guarantees that the extracted channels

do not cross any building feature but rather follow preferential flow paths around

buildings.

Label Dataset Name DEM pixel

resolution

(m)

Number of

pixels

Time

(minutes)

A Loch Vale Watershed,

CO, USA

1 11.9 · 106 4.82

B Ikawa Watershed, Japan 1 22.5 · 106 13.05

C The Reynolds Creek

CZO, ID, USA

3 47 · 106 26.38

D Mission Creek water-

shed, Australia

1 64.7 · 106 60.42

E Santa Catalina Moun-

tains, AZ, USA

2 114 · 106 83.697

Table 5.1: List of datasets and their characteristics used in the large scale appli-
cation analysis

5.5.4 Large scale applications

In this section we analyze the capability of GeoNet of handling large datasets by

reporting the time to extraction completion against the size of the input DEM
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(number of pixels).

All the datasets (listed with their resolution and size in Table 5.1) were run

on a desktop machine with Intel Xenon processor (X5647) running at 2.93 GHz,

12 GB RAM, with a 64 bit Windows 7 operating system. A 64 bit Python 2.7

version and GRASS GIS 7.0 stable release for Windows were used.

0
10
20
30
40
50
60
70
80
90

11.9 22.5 47.0 64.7 114.0T
im

e 
to

 c
om

pl
et

io
n 

(m
in

ut
es

)

Total number of cells (millions) 
in the input dataset

A
B

C

D

E

Figure 5.12: Time of completion of GeoNet (Python version) versus dataset size
(number of pixels). The letters A, B, C, D, and E refer to the test datasets listed
in Table 5.1.

All the input datasets (Table 5.1) are bare-earth high resolution topography

DEMs. The MATLAB version of GeoNet can process up to the Ikawa Watershed

(dataset B in Figure 5.12) (≈ 25 km2) in around 40 minutes. Datasets larger

than ≈ 25 km2 take longer than 80 minutes due to the computational expenses

encountered with the flow accumulation, Fast Marching, and compute discrete

geodesics modules. The Python version of GeoNet overcomes this problem by

integrating GRASS GIS modules into GeoNet and can completely process the

Ikawa watershed in ≈ 13.0 minutes.

As the dataset size increases, the time to completion of GeoNet (Python
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version) increases from ≈ 4.8 minutes for the Loch Vale watershed to ≈ 84 minutes

for the entire Santa Catalina Mountains (Figure 5.12). We note that even if

large watersheds, such as the Santa Catalina Mountains, can be efficiently run

in GeoNet, terrain characteristics can vary substantially over such a large spatial

extent. More accurate results are obtained applying GeoNet to smaller sub-areas.

For small datasets, the execution time of the MATLAB and Python version

of GeoNet is similar and thus the choice of one version versus the other depends on

the user’s preference. While MATLAB provides a quick user-friendly environment

to test and run GeoNet, Python provides the capability of analyzing larger datasets

in less time.

5.6 Discussion

The comparison of the two Perona-Malik edge stopping functions PM1 and PM2

shows that PM2 performs consistently across landscapes of different character-

istics. The application to an urban environment, in particular, is able to show

the different behavior of PM1 and PM2, given the presence of natural and man

made structures. Given the interest in channel extraction, PM2 can be adopted

as default edge stopping function.

The analysis of the correlation coefficient between noise and signal shows

that in landscapes (elevation data) the correlation coefficient may not attain a

minimum value, as observed instead in the analysis of intensity data. The time at

which the correlation coefficient reaches an approximately constant value is iden-

tified as optimum number of filtering operations. For the edge stopping function

PM2, this optimum number is consistently equal to 50 which is thus confirmed as

default number of iterations for the analysis of any landscape.
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The channel head identification procedure is improved by setting the search

box size equal to the median hillslope length. The value of this parameter was

previously set by users. The computation of hillslope lengths is automatically per-

formed in GeoNet. An analysis with search box size equal to increasing quantiles

of the hillslope length distribution shows that the median value achieves the best

compromise between a box too small, which results in many skeleton disruptions

identified as channel end points and a box too large which may miss several chan-

nel heads. The relationship between drainage density and hillslope length now sets

the value of the search box size parameter.

Engineered structures challenge channel extraction methods as any feature

crossing a channel is a barrier to a steepest descent approach. The geodesics over-

come this problem by global minimization of the cost function; the extraction is

thus not affected by local disruptions. Road ditches and similar features, though,

are convergent portions of the landscape, which we may want to exclude from the

extracted channel network. In order to address this point, we use a low pass me-

dian filter to filter out features such as roads, while preserving features of interest

such as channel banks. Engineered landscapes can thus be analyzed in two ways:

(1) by using a semi-automatic approach that involves manually thresholding the

Laplacian as proposed by Passalacqua et al. (2012), or (2) by using a low pass

median filter of window size equal to the width of the road features. The latter

method is fully automatic.

Results presented from the first application of GeoNet to an urban envi-

ronment show that the approach is able to accurately trace flow paths in urban

settings. The extraction of accurate flow paths from high resolution datasets ac-

quired in urban settings will be fundamental to improving hydraulic modeling and
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prediction of flooding extent.

The change in programming environment from MATLAB to open source

Python language removes the dependency on commercial licensing and increases

the capability of GeoNet of handling large datasets. The memory constraints in

processing large datasets within MATLAB are alleviated by the Python program-

ming environment and the integration with GRASS GIS. Increased computational

efficiency could be achieved by parallelizing several functions of the GeoNet work-

flow. It should be noted though that as the dataset size increases, the ability

to extract accurate geodesic curves or channel networks decreases as landscape

characteristics can vary greatly over large spatial extents, resulting in different

skeleton thinning parameter and search box size. One approach would be to apply

GeoNet in smaller sub-areas and then combine the extraction results at the end.

This requires the capability of ensuring network connectivity among the different

sub-areas.

5.7 Conclusions

In this paper we present the new method and software capabilities of GeoNet and

suggest work-flows for network extraction based on the analysis of three different

landscapes: natural high relief, flat engineered, and urban. We show that the

PM2 edge stopping function behaves consistently across different landscapes and

50 iterations as forward time diffusion sufficiently reduce the correlation coefficient

between signal and noise. The median hillslope length sets the search box size for

identification of channel heads. Road features are filtered out with a median

filter of size equal to the road width, allowing the fully automatic analysis of

landscapes with natural and engineered features. A Python version of GeoNet
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integrated with GRASS GIS is now available. This version can efficiently analyze

large datasets and removes the dependency on commercial software. The code

and its documentation are freely available at https://sites.google.com/site/

geonethome/.
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Chapter 6: Conclusions and Future Perspective

6.1 Summary

This dissertation has been guided by the motivation to use high resolution topo-

graphic data to understand catchment topography and flow characteristics across

multiple scales in natural and urban settings. The research questions proposed

at the beginning of the dissertation are discussed here along with the research

contributions to science and technology.

Question 1: What is the correlation between drainage patterns and

climate, vegetation, topography, and lithology?

To understand the correlations between climate, vegetation, geology, and topogra-

phy, researchers treat drainage density as a crucial parameter. Accurate compu-

tation of drainage density has been in question in the past due availability of only

coarse resolution digital elevation models (DEMs). The case studies presented in

chapter 3 for 101 subbasins with high resolution topographic data confirm the hy-

pothesis that it is possible to measure drainage density in an objective manner. A

new dimensionless drainage density (Ddd) metric derived from the ratio of likely

channelized pixels to total basin pixels is developed here. The identification of

likely channelized pixels, based on the deviation of the curvature [C] distribution

from normal behavior (quantile-quantile plot), removes the need for extracting

channel centerlines for measuring the total channel length within a basin. The

scaling analysis of Ddd shows weak dependence on the input DEM resolution com-
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pared to the classical dimensional drainage density metric (Dg), thus reducing the

error in computation of drainage density at various input DEM resolutions.

This research identifies two subgroups of landscapes (group A: arid and

semi-arid; group B: humid environments) where the correlation analysis between

Ddd and MAP shows transitions from negative to positive correlation at MAP

1000-1100 mm/yr. By using the best available raster datasets of climate, vegeta-

tion type, lithology and topography, we show that the transition range coincides

with variation in plant cover, soil thickness and available water content. It is

observed that topographic relief shows weak negative correlation with Ddd in arid

and semi-arid environments and strong positive correlation in humid environments.

While it is observed that decreasing vegetation cover induces increasing Ddd, no

significant correlation was observed between rock characteristics (lithology and

rock strength) with Ddd.

A thorough statistical analysis of the correlation structure of drainage den-

sity with climate, vegetation, topography, and lithology provides empirical ev-

idence and insights into the behavior of drainage density as function of mean

annual precipitation, and highlights complex interactions between vegetation and

landscape erosion processes. Correlations and regression models based on high

resolution vector and raster data refine previous regression models and improves

our understanding about controls of climate, vegetation, geology, and topography

on drainage density.
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Question 2: Can we quantitatively characterize topography across scales

and identify new metrics to better inform hydrologic models by using

high resolution terrain data?

The multi-resolution analysis (MRA) framework proposed in chapter 4 approaches

the idea of scaling within an established mathematical framework of “scale-space”

theory. Probability density functions of topographic metrics across multiple scales

provide us with estimates of the various moments of the distribution varying as a

function of scale. By being able to characterize catchment topography, and related

metrics across scales, we provide ways to upscale or downscale hydrologic model

parameters over large spatial domains.

Currently not all catchments have high resolution topographic data. Being

able to provide scaling relationships for various topographic metrics enable us to

(i) cluster catchments that show similar scaling relationships, (ii) measure the

sensitivity of flood frequency analysis to metrics derived from coarser resolution

such as accumulation area, slope and curvature at large spatial domains and (iii)

quantify the uncertainty induced due to scaling of model parameters in various

hydrological models.

Scaling analysis of catchment topography is also relevant to understanding

landscape evolution processes at scales commensurate to geomorphic processes.

The new metric introduced in chapter 4, the rate of change of modal topographic

index across scales, has led to the development of a predictive model for estimat-

ing the hillslope diffusion coefficient. The ability to estimate coefficients used in

geomorphic transport laws from topography alone is possible with scaling analysis

of high resolution topography. Techniques such as the MRA framework may allow
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the estimation of various geomorphic coefficients in other extraterrestrial planets

and environments from remote sensed data.

Question 3: How can we scale up automatic feature extraction tools to

analyze large watersheds (> 25km2) and still capture the local variability

in first order catchments?

As the extent and resolution of DTMs increase, the process of feature extraction

from large DTMs has become increasingly difficult. Memory requirements for op-

erations like flow routing and geodesic distance computation are on the order of

gigabytes. The ability to capture local terrain variability at large spatial extents

is of increasing interest. Using open source programming language alternatives

removes the dependency on licensed commercial software. The development of a

Python version of GeoNet combined with GRASS GIS software described in chap-

ter 5 has allowed us to scale feature extraction techniques already developed in

GeoNet to larger watersheds. By using optimized open sources libraries such as

Numpy, Scipy, GDAL, the Python version of GeoNet, can read and write extensive

lidar DTMs, and calls GRASS GIS jobs under the hood achieving all the capa-

bilities of GeoNet over large watershed extents (≥ 100km2). For large datasets,

the entire analysis run in memory maintained by the operating system can be lim-

iting and cause the program to crash. The computation of flow accumulation is

usually the most expensive part of the algorithm. Setting the program to manage

memory on disk by using the GRASS segmentation library allows larger maps to

be processed and overcomes issues due to watershed scale. The use of AT search

algorithm within the r.watershed algorithm in GRASS GIS does not require the

input DEM to be hydrologically conditioned for pits, thus preserving the original
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topography.

Question 4: Can we develop feature extraction algorithms to identify

channel networks in urban and engineered watersheds?

UNESCO estimates that more than 64% of the population lives in urban regions,

and the need to efficiently manage our strained water resources is overwhelming.

Rainfall runoff and flood modeling in urban landscapes is increasingly becoming

crucial. The presence of stormwater collection systems including curbs, gutters,

inlets, man-made storm collector systems, roads, and bridges has modified the

shape of the landscape and the flow of water. Results from the first application of

GeoNet to an urban environment illustrated in chapter 5 show that the approach

is able to accurately trace flow paths in urban settings. The extraction of accurate

flow paths from high resolution datasets acquired in urban settings will be funda-

mental to improving hydraulic modeling and prediction of flooding extent. The

use of building footprints to guide flow path identification via geodesics in urban

regions is a very promising aspect and needs further research.

6.2 Future work

Improving resolutions of environmental datasets

While good quantitative results were obtained for the correlation analysis between

drainage density, mean annual precipitation, topographic relief and vegetation,

the results obtained from the correlation analysis between drainage density, soil

properties and rock strength are poor. One of the main reasons for the observed

weak correlations is that there is no measure of uncertainty for the input soil and
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geology data. While the existing maps and geology datasets are invaluable, with

the help of latest GIS technology, and upcoming survey methods such as multi

spectral lidar, it could be possible to upgrade our existing spatial geology maps.

By fusing information contained in terrain data such as slope, curvature, and

topographic convergence derived from high resolution data, with multi spectral

lidar in new and imaginative ways it will be possible to improve the precision and

accuracy of soil and geological maps.

Extending the MRA framework

Although the results of the MRA framework presented here have demonstrated the

effectiveness of the proposed scaling analysis, the MRA framework can be further

developed in a number of ways. Along with noise removal, Gaussian smoothing also

removes and displaces important features and edges, which is a typical disadvan-

tage of this approach. The use of nonlinear filtering functions such as anisotropic

Gaussian kernels or the Perona-Malik filter (Perona and Malik , 1990) may allow us

to diffuse the landscape at different rates in different directions. Such a framework

would be closer to representing the real world conditions in numerical simulations.

A similar investigation of the scaling properties of the topographic metrics by us-

ing wavelets, and spectral analysis might also allow us to overcome some of the

limitations of Gaussian smoothing in the MRA framework. Further research into

identifying geomorphic process domains and characteristic length scales via the

MRA should be conducted in conjugation with field work. Such an undertaking

will provide pathways to understand the scaling properties of processes and how

they could be modeled in geomorphic transport equations.

147



GeoNet as a web service in a parallel computing environment

As our ability to generate topographic data across multiple scales increases at an

exceptional rate the need to process data in parallel is evident. Scaling up feature

extraction algorithms to larger extents will be not trivial and will require compu-

tational capabilities that would span beyond the domains of a desktop machine.

Cloud computing platforms are opening up new possibilities to implement these

algorithms over larger domains in a reasonable time frame. As the Python version

of GeoNet evolves, setting up GeoNet as a web service will be the way forward.

Integrating GeoNet with platforms such as CSDMS and Opentopography, will fa-

cilitate the use of GeoNet as a web service and leverage the inherent capabilities

of GeoNet to extract channel heads and channel centerlines from high resolution

topographic data for extents as large as HUC12 or HUC8 basins.

Extending GeoNet to work with raw point clouds

High resolution topographic surveys produce millions of point clouds. As these

point clouds are registered, georeferenced, filtered, classified, and later interpo-

lated into surfaces, vital information is often lost and error and uncertainty creep

into the final surface models. Very few tools (e.g. Cloud Compare) exist that can

extract features and quantify change in terrain by using point clouds at mm scale

resolutions (Lague et al., 2013; Brodu and Lague, 2012). Recent work (Lari and

Habib, 2014) has shown that by using principal component analysis it is possible

to identify features such as roof tops and building outlines from point cloud data.

This kind of analysis may be extended to identify locally convergent regions from

point clouds for the purposes of hyrological measurements. Classical topographic
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analysis of catchments use raster and vector datasets and sometimes triangular

irregular networks (TINs). Extraction of ridge and valley features from point

clouds using graph-based surface reconstruction, active contours, spline interpo-

lations, and progressive TIN densification can be potentially added to GeoNet

to deal with visualizing, analyzing and extracting valuable information from raw

point clouds. There is clearly much work to be done in adapting these techniques

from computer vision and image processing to real world catchments and GeoNet

can be a valid tool.

6.3 Conclusions

The interdisciplinary research findings presented here promote opportunities for

future work and innovation between various scientific fields such as image process-

ing, stochastic hydrology, geographical information systems, landscape evolution

and geomorphology. The case studies explored here and the new methods and

tools developed will help to understand, plan for, and mitigate water resources

development, landscape evolution, and climate change effects. The scaling tech-

niques introduced here will serve in advancing our understanding of scale issues in

hydrological modeling of catchment processes. These techniques will also help in

mitigating the effect of resolution dependency of topographic metrics in many un-

gaged catchments where high resolution topographic data are not available. New

filtering procedures added to the GeoNet toolbox to extract channel features in

urban settings will help in a broad array of engineering applications such as flood

mapping and modeling flow routing in rural, urban, high relief and flat regions.
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Glossaries

Lidar Light Detection and Ranging. It is a remote sensing

method that uses light in the form of a pulsed laser

to measure distances to the Earth thus providing an

accurate representation of the topography.

DSM Digital Surface Model. It is the surface model includ-

ing the bare Earth and the vegetation observed on the

Earth’s surface.

DTM Digital Terrain Model. It is the topographic model of

the bare Earth.

DEM Digital Elevation Model. It is the 3D representation

of the Earth’s surface.

Channel heads Locations in a watershed where channels or streams

begin.

CRN Cosmogenic Radionuclides. These are rare isotopes

born of interaction of cosmic rays with atmospheric

and Earth surface materials. Usually 10Be , 26Al, 36Cl,

and 14C are used as radioactive isotopes due to there

characteristic decay timescales.
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Denudation Loss of mass from a landscape.

Transport limited ero-

sion

A state where the rate of erosion depends only on the

rate of processes that transport sediment.

Horton overland flow Type of overland flow when the rainfall rate is greater

than the infiltration rate.

Solifluction Soil creep observed in regions with permafrost.

Uplift Changes in vertical elevation of Earth due to tecton-

ics.

Landscape evolution

model

A model that simulates the changes in Earth’s surface

over long geological time scales.

Topographic index The ratio of accumulation area and slope in the loga-

rithmic scale.
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