
DISSERTATION

MODELING STREAM EVOLUTION AND ITS CONSEQUENCES FOR WATERSHED

SCALE POLLUTANT LOADING

Submitted by

Roderick W. Lammers

Department of Civil and Environmental Engineering

In partial fulfillment of the requirements

For the Degree of Doctor of Philosophy

Colorado State University

Fort Collins, Colorado

Summer 2018

Doctoral Committee:

Advisor: Brian P. Bledsoe

Mazdak Arabi
Peter Nelson
Sara Rathburn



Copyright by Roderick W. Lammers 2018

All Rights Reserved



ABSTRACT

MODELING STREAM EVOLUTION AND ITS CONSEQUENCES FOR WATERSHED

SCALE POLLUTANT LOADING

Throughout the world, streams are degraded due to impaired water quality and erosion

and sedimentation caused by hydrologic and sediment imbalances. These two issues are

linked. Channel erosion not only damages stream habitat but can be a significant source of

fine sediment and nutrient pollution in watersheds. Phosphorus in particular is common in

streambanks and when these soils are mobilized — for example during amplified high flows

in urban streams — they can contribute to eutrophication of downstream water bodies.

Understanding these dynamics is important for reversing these impairments and sustainably

managing our water resources.

In this dissertation, I provide a new tool to quantify the magnitude of channel erosion as

a pollutant source. First, I put this issue in context by reviewing recent literature on stream

restoration and its ability to either reduce nutrient loading or enhance natural nutrient re-

moval processes. Results suggest that stream restoration can help reduce nutrient pollution,

but quantifying these benefits remains challenging. Despite the rapid growth of the stream

restoration industry, there is still insufficient monitoring and assessment of project success.

Perhaps this is due to a lack of standardized tools and methodologies. The remainder of this

dissertation attempts to fill part of this gap — providing a new tool to predict watershed

sediment and phosphorus loading from channel erosion.

I develop a new model to simulate stream channel evolution at the watershed scale. This

model is built around specific stream power, a variable that is straightforward to calculate

using easily quantified parameters: discharge, slope, and width. I first develop new sedi-

ment transport equations based on specific stream power. These are used by the model to
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simulate channel bed aggradation and degradation. I link these processes with a simplified

version of a bank erosion model to account for lateral channel adjustment. Model simula-

tions match physical understanding of channel evolution in response to disturbance as well

as field datasets of rivers adjusting to both human and natural perturbations. Importantly,

the model is structured to quantify uncertainty in model projections. This is essential for

understanding both model limitations and more generally for simulating complex systems in

a stochastic world.

Finally, I apply this new model to estimate sediment and phosphorus loading from bank

erosion in two watersheds: Big Dry Creek, Colorado and Lick Creek, North Carolina. De-

spite their many differences and their unique simulated responses to disturbance, results

for both watersheds suggest that channel erosion may be responsible for nearly all of the

suspended sediment pollution, but very little of the phosphorus. This new model has a num-

ber of applications in both the scientific and management communities — exploring river

behavior in more detail while also answering relevant management questions as we try to

more effectively steward our water resources.
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Chapter 1

Introduction

Humanity does not have a good record of environmental stewardship. As early as the

1860’s, George Perkins Marsh described the magnitude and consequences of our environ-

mental modifications in Man and Nature [Marsh, 1864]. It has even been suggested that

environmental degradation has historically been a leading cause of the demise of civiliza-

tions [Montgomery , 2007; Diamond , 2005]. While our recognition of environmental issues

has certainly improved in the century and a half since Marsh’s book, we may be no closer

to a solution. We are still eroding our topsoil, are polluting our waterways, and are paving

over our natural landscape to house exploding urban populations. Rivers are not immune

to these changes. In fact, rivers are often the most affected natural features because — as

integrators of their environment — they are impacted by every change on the landscape.

Our uncontrolled growth has altered the water cycle. By building cities and subdivisions,

we prevent precipitation from infiltrating into the ground, instead funneling it directly to

streams. This pulse of water overwhelms stream channels, causing them to erode in response

[Booth, 1990]. This eroded sediment can pollute downstream rivers and lakes directly, but

can also carry other contaminants, including the nutrient phosphorus.

Like the water cycle, we have irreversibly altered the natural cycles of phosphorus and

its companion nutrient, nitrogen. We mine phosphorus from rock — and nitrogen from

the air — fertilizing our crops with these products. While this technological advance has

enabled us to feed a growing world population, the huge input of nutrients to the environment

has radically altered the natural function of ecosystems. Across the world, water quality is

impaired by high concentrations of phosphorus and nitrogen. These nutrients stimulate algal

growth and the resulting “blooms” kill fish, contaminate drinking water, and limit human

enjoyment of rivers, lakes, and oceans [Smith et al., 1999]. Phosphorus pollution comes
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from many sources, including farms, wastewater treatment facilities, and urban stormwater

runoff. An additional source — erosion of stream channels — has been largely overlooked.

River erosion may be a large source of pollution [Fox et al., 2016], but it is unclear just

how widespread the problem is. In this dissertation, I describe a new method for estimating

phosphorus loading from stream erosion, and more broadly examine the role of functioning

stream ecosystems in managing altered nutrient cycles.

River erosion may be a significant — and even the largest — source of phosphorus in

some watersheds [Fox et al., 2016; Sekely et al., 2002; Howe et al., 2011; Miller et al., 2014;

Walter et al., 2007]. Quantifying phosphorus loading from stream erosion, however, requires

intensive data collection, modeling, or both. This can be prohibitively expensive and time

consuming for water quality managers looking to identify the dominant phosphorus sources

in a watershed. A simpler approach is needed to help answer the question: is river erosion a

major source of phosphorus in my watershed? And, if so, what can be done about it? I first

address the latter question by reviewing the effectiveness of stream restoration for mitigating

nutrient pollution. To help managers answer the first question, I developed a new, simple,

watershed-scale model for simulating phosphorus loading from river erosion.

The significant erosion in rivers caused by land use modification (e.g. urbanization) and

channelization spurred initial research into river channel change. Based on observations

in the loess hills of Mississippi and channelized streams of western Tennessee, two similar

conceptual channel evolution models (CEMs) were developed [Schumm et al., 1984; Simon,

1989]. These CEMs predict that channels respond to disturbance first by incising, followed

by rapid widening as banks become unstable. As widening continues, the power of the flow is

reduced and aggradation begins. As the channels begin to stabilize, vegetation colonizes this

deposited sediment and an inset floodplain is established (Figure 1.1). While this sequence

of channel change is based on field observations, many exceptions have been observed. In

southern California, for example, channels may respond to disturbance by transitioning from

a single thread to braided planform [Hawley et al., 2012]. Cluer and Thorne [2014] made
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additional modifications to the classic CEMs to account for the formation of anastomosing

channels and arrested degradation (i.e. incision is halted before significant widening occurs).

Recently, a CEM for urban channels was developed which also accounts for bank and bed

stabilization which can impact trajectories of channel change [Booth and Fischenich, 2015].

The increasing complexity of these proposed CEMs illustrates the difficulty of developing a

universal model — even conceptually — that describes the wide variety of potential stream

types and responses.

Figure 1.1: Conceptual channel evolution model. Redrawn from Schumm et al. [1984] and NRCS
[2007].

Despite the significant interest in developing conceptual models for channel evolution,

quantitative prediction of these changes has proven more difficult. Several mechanistic mod-

els have been developed, primarily with a focus on bank erosion [Osman and Thorne, 1988;

Simon et al., 2000; Darby et al., 2007]. Other models link bank and bed erosion to more

realistically simulate channel change [Darby and Thorne, 1996a; Langendoen and Simon,

2008; Langendoen and Alonso, 2008]. While these models may accurately predict channel

evolution over time [e.g. Darby et al., 1996], they have significant data requirements and can

only be applied at the reach or bank scale. This is a significant limitation. Stream evolu-

tion should be modeled at the watershed scale to effectively simulate channel response and
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quantify phosphorus loading. The model I have developed is easily applied at this scale by

relying on stream power — a physically based variable that is relatively simple to calculate.

Stream power is the power available to do work in a stream [Bagnold , 1966]. Stream

power per unit width — which I will call specific stream stream power [after Knighton, 1999]

(but which has also been labeled unit stream power [Rhoads , 1987]) — is defined as:

ω =
Ω

w
=
γQS

w
(1.1)

where ω is specific stream power [W m−2], Ω is total stream power [W m−1], Q is discharge

[m3 s−1], S is slope [m m−1], w is flow width [m], and γ is the specific weight of water [9810

N m−3].

Discharge data are often available from gaging stations, regional regression equations,

or hydrologic modeling. Channel slope and width can be calculated throughout a drainage

basin using increasingly available, high resolution digital elevation models (DEMs), often

constructed from aerial LiDAR (Light Detection and Ranging) data. Stream power is there-

fore relatively easy to calculate throughout a stream network. Because of this, stream power

has been used to determine large scale erosion and deposition potential [Vocal Ferencevic

and Ashmore, 2012; Bizzi and Lerner , 2015; Parker et al., 2015; Orr et al., 2008; Soar et al.,

2017]. Often, these analyses assume a single “geomorphically effective discharge” in their

calculations, neglecting the importance of flow variability and timing [but see Soar et al.,

2017]. Stream power has also been used as the basis of sediment transport equations [e.g.

Bagnold , 1980] (see Chapter 3 for more details). I am not aware, however, of any study using

stream power as the physical driver of a morphodynamic model. This dissertation builds

upon the rich history of stream power river research, but extends it further to mechanisti-

cally model channel change — accounting for both incision and bank erosion. This model is

a useful tool to assess the magnitude of pollutant loading from channel erosion, and can be

used to test the effectiveness of different mitigation strategies.
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In Chapter 2, I summarize the state of the science on the effectiveness of stream restora-

tion for reducing nutrient pollution. This review addresses the second question posed above:

if channel erosion is a significant phosphorus source, what can be done to mitigate this pol-

lution? Rather than focus solely on phosphorus and river erosion, I broadened the scope

to include nitrogen and stream restoration strategies that target other sources of nutrient

pollution (e.g. riparian buffers to mitigate high nitrate loading in groundwater).

In Chapter 3, I develop new bedload and total load sediment transport equations based

on specific stream power. These equations use only slope, width, discharge, and grain size

— making them straightforward to apply at the watershed scale.

In Chapter 4, I describe the development of the River Erosion Model (REM), a mecha-

nistic computer model to simulate stream channel evolution. This model uses the sediment

transport equations described in Chapter 3 to simulate bed incision and aggradation. It

also uses a modified version of the Bank Stability and Toe Erosion Model (BSTEM) [Simon

et al., 2000, 2011] to simulate bank erosion and widening.

In Chapter 5, I use REM to estimate future sediment and phosphorus loading from chan-

nel erosion in two watersheds: Big Dry Creek, Colorado and Lick Creek, North Carolina.

Finally, I synthesize the results of this work, describe how REM can be a useful tool for water-

shed management and research, and provide an outlook for future advances in understanding

stream evolution, stream restoration, and their implications for sustainably managing our

river resources.
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Chapter 2

What role does stream restoration play in

nutrient management?

Summary

Nutrient pollution is a pervasive water quality problem. Stream restoration has been pro-

posed as a novel approach to reduce loading and increase nutrient processing within streams.

I summarize evidence from the literature on the efficacy of stream restoration for reducing

nutrient loading and increasing nutrient removal in stream ecosystems. I also analyze pub-

lished data on streambank phosphorus concentrations and riparian and stream denitrification

rates to improve understanding of the potential benefits of stream restoration for phosphorus

retention and nitrogen removal. Finally, I discuss the role of stream restoration in nutrient

management and provide recommendations for practice and future research.

2.1 Introduction

Eutrophication of aquatic systems — excessive nutrient concentrations and subsequent

accelerated primary production — is a pressing water quality problem in the U.S. and around

the world [Smith et al., 1999; Smith, 2003]. Nitrogen and phosphorus, nutrients required for

plant and animal growth, are often limiting in these ecosystems [Elser et al., 2007], meaning

that small increases in the availability of one or both of these compounds can lead to large

increases in biomass. Although necessary for proper ecological function, excessive nitrogen

Lammers, R. W. and B. P. Bledsoe (2017), What role does stream restoration play in nu-
trient management?, Critical Reviews in Environmental Science and Technology, 47, 335–371. doi:
10.1080/10643389.2017.1318618.

Roderick W. Lammers reviewed the necessary literature, compiled and analyzed the data, and wrote the
manuscript. Brian P. Bledsoe contributed to the discussion and edited the manuscript.
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and/or phosphorus can lead to algal blooms, depleting dissolved oxygen (potentially lethal to

aquatic life), producing harmful toxins, impairing aesthetics and recreation, and fouling water

infrastructure. This eutrophication significantly degrades water quality, harming aquatic

organisms and beneficial human use of water resources. According to the U.S. Environmental

Protection Agency (EPA), nutrient pollution is the third largest source of water quality

impairment in rivers and streams and the second largest for lakes, ponds, and reservoirs

[EPA, 2015].

Significant effort has been made to improve water quality by reducing nutrient loading

to streams from upland sources; however, in-stream nutrient removal and retention may be

significant [Peterson et al., 2001; Reisinger et al., 2015], leading to the suggestion that en-

hancing natural removal and sequestration mechanisms may be a viable strategy to improve

water quality. Stream restoration is a booming enterprise in the U.S. (>$1 billion per year

industry), and the majority of these projects list water quality improvement as one of their

objectives [Bernhardt et al., 2005]. Despite the rapid growth of stream restoration as a man-

agement tool over the last two decades, there is a notably limited set of studies that examine

the efficacy of stream restoration for nutrient removal, processing, and retention.

The purpose of this review is to synthesize existing evidence for the ability of stream

restoration to reduce nutrient loads and concentrations in aquatic systems. Furthermore,

I provide a quantitative analysis of streambank phosphorus concentrations and stream and

riparian denitrification rates, issues of concern for both nutrient loading and removal. I

focus on denitrification as a permanent removal pathway for nitrogen. Phosphorus has

no analogous removal processes but stream restoration may decrease phosphorus inputs by

reducing streambank erosion. This analysis will aid in future quantification of nutrient-

related benefits of restoration, and may support development of crediting programs which

can spur additional investment in restoration as a nutrient management strategy.
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2.2 Background

2.2.1 Phosphorus

The chemical partitioning of phosphorus is important for understanding its transport.

Phosphorus species are relatively insoluble and are typically adsorbed to soil particles. They

have a high affinity for the large specific surface area of clay and silt particles and are also

found bound in various metal oxyhydroxides including Fe-OH, Al-OH, and Ca-OH [Brady

and Weil , 2002]. The partitioning of phosphorus among its various states determines its

bioavailability for uptake by organisms, which is directly tied to its importance as a limiting

nutrient. The relative abundance of bioavailable phosphorus in stream sediment has been

shown to vary markedly within single study sites (1–55%; Veihe et al. [2011]) and between

study areas (averaging 0.5–22% of total phosphorus; Nellesen et al. [2011]; Howe et al.

[2011]; Hubbard et al. [2003]; McDowell and Sharpley [2001]; McDowell and Wilcock [2007];

Thompson and McFarland [2007]).

Phosphorus speciation and subsequent bioavailability is a dynamic process; therefore,

there may be a lag from when phosphorus is introduced to a stream and when the effects of

this loading are manifested [Meals et al., 2010]. Additionally, sediment may serve as either

a sink or a source of phosphorus depending on whether the sediment sorptive capacity is

higher or lower than the in-stream dissolved phosphorus concentrations [Hoffman et al., 2009;

McDaniel et al., 2009]. The bioavailability of phosphorus has important implications for its

effects on water quality. However, most water quality monitoring programs focus only on

total phosphorus because of the difficulty in both quantifying bioavailability and predicting

how the forms of phosphorus will change over time. Unlike denitrification of nitrate, there is

no biotic or abiotic process that effectively removes phosphorus from an ecosystem. There-

fore, phosphorus removal is likely only temporary biotic uptake, although burial and storage

in floodplain or lacustrine sediment may be a longer-term removal mechanism [Records et al.,

2016].
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Recent evidence has made it increasingly clear that bank and bed erosion may be a

significant source of particulate phosphorus loading to streams [Fox et al., 2016], typically

accounting for between 10% [Sekely et al., 2002] and 40% [Howe et al., 2011] of the to-

tal phosphorus load in an individual watershed. However, phosphorus and sediment loading

rates from bank erosion are highly variable both within and among watersheds, ranging from

<1 to 1,000s of kg/km/yr (Table 2.1). Nitrogen loading from bank erosion is commonly ne-

glected (but see Walter et al. [2007]), likely because phosphorus is more commonly found

adsorbed to soil particles than nitrogen, and most nitrogen studies focus on dissolved, inor-

ganic forms. Despite increasing recognition of the role of bank erosion a phosphorus source,

quantifying this contribution remains difficult, in part because of uncertainty in bank phos-

phorus concentrations. I addressed this uncertainty by analyzing available data on bank

phosphorus content to help practitioners quantify the magnitude of this potentially potent

nutrient source.

Table 2.1: Summary of bank sediment and phosphorus loading rates from select studies. *Ton
is a metric ton (1,000 kg). †Reported nitrogen concentrations of 400–2,100 mg/kg and nitrogen
loading rates of 447–6,113 kg/km/yr.

Study Location
Bank P

Concentrations
[mg/kg]

Sediment
Loading Rate
[ton/km/yr]*

Phosphorus
Loading Rate
[kg/km/yr]

DeWolfe et al. [2004] Vermont, USA 369 – 740 10 – 1,333 10 – 840
Hubbard et al. [2003] Mississippi, USA 168 – 273 7,574 – 17,604 1,170 – 2,719

Kronvang et al. [2012] Funen, Denmark 400 – 1,400 – 4.2 – 167
Langendoen et al. [2012] Vermont, USA 422 – 973 0.1 – 3,266 0.1 – 2,970

Miller et al. [2014] Oklahoma, USA 239 – 427 300 – 12,857 320 – 4,104
Nellesen et al. [2011] Iowa, USA 184 – 347 – 3.4 – 20.7

Peacher [2011] Missouri, USA 197 – 637 9.2 – 447.5 2.9 – 114
Thoma et al. [2005] Minnesota, USA 249 – 452 9,147 3,589
Tufekcioglu [2010] Iowa, USA 246 – 349 58 – 664 20 – 183

Walter et al. [2007]†
Pennsylvania,

USA
339 – 958 510 – 2,800 298 – 2,680

Zaimes et al. [2008b] Iowa, USA 303 – 555 5 – 304 2 – 123
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2.2.2 Nitrogen

In aquatic systems, nitrogen cycles between organic and inorganic forms through plant

uptake, organic material decomposition, mineralization, and microbially-mediated nitrifica-

tion (formation of nitrate from ammonia) and denitrification. Denitrification is the anaerobic

reduction of nitrate by heterotrophic bacteria under anoxic conditions, leading to the pro-

duction of N2O or N2 gas [Hill , 1996]. Denitrification completely removes nitrate from a

system, making it a desirable target for restoration as opposed to biotic assimilation which

only temporarily alters nitrogen availability (e.g. plants use nitrogen but release it back to

the stream when they die and decompose). Denitrification rates are highest in saturated soils

and streambeds (water providing a source of dissolved nitrate and anoxic conditions) and

when organic carbon is available (to serve as an energy source). However, denitrification is

rarely a constant process. High rates of denitrification may occur in discrete locations (“hot

spots”) and at discrete points in time (“hot moments”) when conditions are right [McClain

et al., 2003]. Although, it remains unclear just how significant these hot spots and hot

moments are for controlling ecosystem function [Bernhardt et al., 2017].

Encouraging denitrification through stream restoration is desirable; however, denitrifi-

cation rates may remain high even in impacted streams. Forested and urban riparian soils

have similar denitrification potential [Groffman et al., 2003], suggesting that under the right

conditions, namely high water tables, riparian denitrification will occur even in developed

areas. On the other hand, suburban and agricultural riparian areas may have lower organic

carbon availability compared with forested sites, a potential constraint on denitrification

[Watson et al., 2010]. Stream restoration may also fail to encourage denitrification, and

rates may not be significantly different between restored and unrestored reaches [Groffman

et al., 2005; Harrison et al., 2012; Tuttle et al., 2014]. In fact, restored reaches may have

lower denitrification rates due to coarser streambed sediment [Weigelhofer et al., 2013] and

lower organic carbon availability [Gift et al., 2010], side effects of construction activities.

Focusing on denitrification for nitrogen removal is commendable but it is a difficult goal to
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achieve in practice. I conducted an analysis of in-stream and riparian denitrification rates to

help determine what controls this important nitrogen removal process and provide guidance

for restoration.

2.2.3 Stream Restoration

Stream or river restoration is a broad topic with varying definitions [National Research

Council , 1992; Society for Ecological Restoration, 2004; Wohl et al., 2005]. Studies included

in this review fit the definition of stream restoration broadly by incorporating modifications

to streams, riparian areas, and/or the watershed with the intent of providing some ecological

and/or human benefit. The studies incorporated within this review use a variety of stream

restoration strategies, including Natural Channel Design (NCD) [Rosgen, 1996, 2006]. NCD

attempts to restore a degraded reach to match the geomorphic form of some nearby reference

reach that is considered representative of natural and stable conditions. This approach has

been criticized for failing to account for differences in watershed condition and processes

(e.g. hydrology and sediment flux) between degraded and reference sites and the focus on

stability, rather than ecological improvement, as a restoration goal [Simon et al., 2007; Lave,

2009]. Nutrient removal and retention in aquatic systems is a dynamic process and therefore

restoration that focuses specifically on relevant biotic and abiotic processes is likely to be

the most successful [Wohl et al., 2005, 2015b].

While the most commonly stated objective of stream restoration projects is water qual-

ity management, fewer than 10% of projects have any kind of post-restoration monitoring

[Bernhardt et al., 2005]. Even fewer projects have published data on changes in water qual-

ity, making it difficult to assess whether these projects achieved their stated goals. Recent

reviews have assessed stream restoration success broadly [Palmer et al., 2014b; Newcomer

Johnson et al., 2016] and with a focus on specific processes (e.g. denitrification in restored

hyporheic zones; Merill and Tonjes [2014]). However, to date there has been no comprehen-

sive assessment of the ability of specific restoration strategies to improve nutrient retention
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and processing. The purpose of this review is to synthesize the current state of the science

on stream restoration as a strategy for nutrient removal and retention.

2.3 Methods

2.3.1 Streambank Phosphorus Concentrations

A number of studies have quantified streambank phosphorus concentrations in diverse

locations. These studies focused on a variety of aspects of bank erosion and phosphorus

loading including the influence of adjacent land use, variability between stream reaches and

between bed, bank, and upland areas, relative abundance of various forms of phosphorus,

and quantification of total watershed phosphorus loading from bank erosion. However, there

has been no large-scale analysis of the available bank phosphorus data to determine whether

observed trends are consistent between studied geographic areas. I collected bank phosphorus

data from the literature and supplemented this dataset with my own field data from Big Dry

Creek, Westminster, CO and Lick Creek, Durham, NC. These bank samples were analyzed

for both total phosphorus (EPA Method 3051a) and bioavailable phosphorus (Mehlich-3).

Bank sampling and laboratory analysis of phosphorus content is expensive. I assessed

the feasibility of using regional soil phosphorus data as a more cost-effective approach to

estimate bank phosphorus concentrations. I obtained coarse-scale soil phosphorus data for

the conterminous U.S. from a recent U.S. Geological Survey publication [Smith et al., 2013]. I

compared bank total phosphorus concentrations from various studies to upland soil (surface,

A, and C horizons) phosphorus concentrations within a 50 mile radius (chosen to yield ∼10

upland data points). For some studies, bank phosphorus data were separated by study

stream if they were geographically distant. Weighted least squares (WLS) regression was

used to relate mean bank phosphorus concentration to upland phosphorus concentrations for

each location, incorporating a pseudo R2 value to account for the applied weights [Willett

and Singer , 1988]. Each point was weighted by the inverse of its squared residual from

ordinary least squares regression (giving points closer the line higher weight). I quantified
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uncertainty using 1000 bootstrap replicates with data resampling (with replacement) for each

site, yielding new mean concentrations with which regression was performed. This allowed

for the quantification of a nonparametric 95% confidence interval (CI) for the pseudo R2

values.

Phosphorus bioavailability is important for understanding its effect on water quality, but

it remains an elusive parameter to quantify. I assessed variability in streambank phosphorus

bioavailability using data from eight sources. In each case, Mehlich-3 phosphorus was as-

sumed to represent bioavailable phosphorus. Although various extraction methods may be

used to estimate bioavailable phosphorus (e.g. water extraction), Mehlich-3 is most widely

used and therefore provided the largest dataset.

Individual laboratory methods differ in their ability to extract adsorbed phosphorus from

soils, leading to potentially different results and complicating direct comparison of data from

various sites [Kleinman et al., 2001]. Analytical methods for determining total phosphorus

concentrations of bank soils were divided into four major categories to test their relative

influence on observed data. The aqua regia approach utilizes a combination of nitric and

hydrochloric acid in conjunction with microwave heating [Crosland et al., 1995; U.S. EPA,

2007]. Others use only hydrochloric acid, also with heat [Pardo et al., 2004]. Alternative

methods include sulfuric acid digestion [U.S. EPA, 1983] (method 365.4 colorimetric, auto-

mated) and alkaline oxidation [Dick and Tabatabai , 1977].

2.3.2 Stream and Riparian Denitrification Rates

Reviews have examined denitrification in freshwater and marine ecosystems [Seitzinger ,

1988] and riparian zones [Martin et al., 1999], and have even attempted to quantify effects of

various controlling variables on denitrification rates [Saunders and Kalff , 2001; Piña-Ochoa

and Álvarez-Cobelas , 2006]. However, numerous studies on stream and riparian denitrifica-

tion have been published since these reviews were conducted, and no review has collected

stream and riparian denitrification data for concurrent analysis.
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Data on stream and riparian denitrification rates were obtained from 98 peer-reviewed

studies (69 stream and 38 riparian with some overlap, data in supplemental material). Actual

denitrification rates were collected from text, tables, and figures. If potential denitrification

rates (i.e. measured rates after adding abundant nitrate and carbon) were available, these

data were obtained as well (data in supplemental material). Information was collected on

quantification approach, including specific method, spatial scale (i.e. core or reach), tempo-

ral scale (i.e. days, months, or years), and whether the analysis was performed in the lab or

field. Other variables of interest include dominant watershed land use, riparian vegetation

type, Köppen-Geiger climate classification [Kottek et al., 2006], and average streamwater

nitrate concentration. Since riparian nitrate levels were not consistently reported (e.g. soil

concentration versus groundwater concentration), these data were not included in the anal-

ysis.

The collected data are meant to be representative rates from streams and riparian zones.

I either used mean rates reported by the authors or I averaged point measurements across

space and time for each site. Different methods measure rates at different scales. In streams,

reach scale rates can be measured directly using tracers; however, many stream data (and

all riparian data) are obtained as point measurements and averaged across the sample area

to obtain denitrification rates on a per area basis. This analysis accounts for differences in

method and scale, and direct comparison of riparian and stream denitrification rates should

be appropriate.

Denitrification in natural systems is notoriously difficult to measure. A variety of methods

have been developed; however, they each have their drawbacks [Groffman et al., 2006].

Details on the benefits and shortcomings of various methods are provided by Groffman et al.

[2006], and therefore will not be repeated here. However, I do include a brief description of

the major methods used by studies included in this analysis (Table 2.2).

I used several approaches to quantify the influence of selected variables on denitrification

rates: linear regression, regression tree, and random forest. Regression trees are similar to
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Table 2.2: Summary of common denitrification methods. See Groffman et al. [2006] for more
detailed descriptions.

Method Description

Acetylene
Inhibition

Acetylene (C2H2) blocks the conversion of nitrous oxide (N2O) to
dinitrogen gas (N2), leaving the easier to measure N2O as the terminal
product of denitrification. This method is inexpensive and lends itself to
large numbers of samples. However, it may underestimate actual
denitrification rates.

15N Tracer

Use of a nitrogen isotope tracer allows for quantification of
denitrification by tracking isotopically-labeled nitrogen gas production.
Complications with this method may arise if adequate mixing of the
added tracer is not achieved.

Direct N2 or
N2:Ar

Measurement

Direct measurement of N2 produced from denitrification is difficult
because of the high background concentrations in the atmosphere.
However, it is more suitable in aquatic systems where gas exchange is
limited. Use of mass spectrometry to quantify denitrification via the
ratio of N2:Ar in produced gas is also increasing in use.

Mass Balance

Quantitative nitrogen mass balance can allow for estimation of
denitrification in aquatic systems. To be effective, all other nitrogen
fluxes must be quantified, with the discrepancy attributed to
denitrification. This is obviously prone to significant error.

linear regression techniques in that the response variable can be predicted based on a set

of predictor variables. However, while linear regression treats the entire predictor space the

same, tree-based approaches stratify the predictor space into regions. Instead of a linear

regression model, the output is a “tree” with binary splits based on predictor variable values

or categories. A random forest approach extends this idea by creating a large number of

regression trees and averaging the result. I assessed variable importance by these three

methods using R (version 3.2.2; R Core Team [2018]). I used the “rpart” package [Therneau

et al., 2015] for regression tree analysis and the “party” package [Hothorn et al., 2006; Strobl

et al., 2007, 2008] for random forest. Each of these approaches yielded variable importance

metrics which were normalized to their sum for comparison between methods. The average

of these normalized metrics was used as an overall indicator of variable importance. Climate

types were consolidated by main climate group (e.g. tropical, temperate, arid) if there were
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fewer than five observations. The exception was the sole study in a polar climate [Gooseff

et al., 2004] which was left independent. I retained this data point because removing it did

not significantly influence results.

2.3.3 Restoration Assessment

Different restoration practices target different nutrient removal pathways and are there-

fore likely to have different levels of impact on nutrient loading in stream and riparian ecosys-

tems. I performed simple Monte Carlo simulations to compute the mean nutrient removal

potential, along with associated uncertainty, of four restoration strategies: bank stabiliza-

tion, floodplain reconnection, riparian buffer restoration, and hyporheic zone restoration.

Simulations assumed a conceptual 1 km long, 10 m wide restored reach with a 20 m buffer

on one bank and a 20 m reconnected floodplain on the other. Bank and bed stabilization and

floodplain reconnection were analyzed for phosphorus removal (avoided loading from erosion

and increased deposition on floodplains). I used representative bank erosion rates (Ta-

ble 2.1), bank phosphorus concentrations (Figure 2.1), and floodplain phosphorus retention

rates [Kronvang et al., 2007]. Hyporheic zone restoration, riparian buffer restoration, and

floodplain reconnection were assessed for their effect on removing nitrate via denitrification.

I used stream and riparian denitrification rates collected from the literature (Section 2.3.2).

2.4 Results

2.4.1 Streambank Phosphorus Concentrations

Figure 2.1 shows the variability in bank total phosphorus concentrations reported in 17

studies from around the U.S. and the world (overall mean 337 mg/kg, 5th percentile 72.5

mg/kg, 95th percentile 707 mg/kg). This variability can lead to significant uncertainty in

estimated phosphorus loading rates from bank erosion. Streambank phosphorus concentra-

tions are well correlated with upland surface soil data (Figure 2.2; slope = 0.505; R2 = 0.447,

95% CI: 0.136–0.583). Regression results using data from the A- and C-horizons have higher
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slopes but weaker relationships (data not shown; A: slope = 0.674; R2 = 0.336, 95% CI:

0.056–0.537; C: slope = 0.878; R2 = 0.314, 95% CI: 0.066–0.487). Dominant land use of the

upland data does not appear to significantly influence the regression results.

Figure 2.1: Box plot of bank phosphorus concentrations for 17 studies from the U.S. and the
world. Box plots indicate the median, quartiles, and non-outlier maximum and minimums (1.5
times the interquartile range). Points are outliers. The horizontal line is the mean of the composite
dataset and the shaded area represents the 90% confidence interval. [A] Bledsoe et al. [2000]; [B]
Howe et al. [2011]; [C] Thompson and McFarland [2007]; [D] Hubbard et al. [2003]; [E] Veihe et al.
[2011]; [F] Nellesen et al. [2011]; [G] Schilling et al. [2009]; [H] Tufekcioglu [2010]; [I] Peacher
[2011]; [J] Kerr et al. [2011]; [K] Hongthanat [2010]; [L] Walter et al. [2007]; [M] Miller et al.
[2014]; [N] McDowell et al. [2003]; [O] McDowell [2003]; [P] unpublished data from Big Dry Creek,
Westminster, CO, and [Q] Lick Creek, Durham, NC.

Bioavailable phosphorus accounts for, on average, 11.7% of total streambank phosphorus

in the available studies (Figure 2.3). These data are variable but suggest bioavailable phos-

phorus is usually less than one quarter of total phosphorus (90% CI: 2.7–23.6%). Percent

bioavailability is negatively correlated with total phosphorus (TP; Spearman ρ = -0.20, p

< 1e-6) suggesting that the bioavailable phosphorus fraction decreases as TP increases and

it may be inappropriate to assume a constant percent bioavailability for any value of TP.

However, this negative correlation is relatively weak and more data are needed at TP values

greater than ∼600 mg/kg to yield more definitive results.
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Figure 2.2: (A) Locations of studies used in this analysis [Bledsoe et al., 2000; Hubbard et al., 2003;
McDowell et al., 2003; Walter et al., 2007; Thompson and McFarland , 2007; Schilling et al., 2009;
Hongthanat , 2010; Tufekcioglu, 2010; Howe et al., 2011; Nellesen et al., 2011; Peacher , 2011; Miller
et al., 2014] and unpublished data from Big Dry Creek, Westminster, CO and Lick Creek, Durham,
NC. (B) Mean bank phosphorus concentrations versus mean surface soil (top 5 cm) phosphorus
concentrations. Solid line is a weighted least squares linear regression (Bank P [mg/kg] = 15.6 +
0.505 × Upland P [mg/kg]). Error bars are the interquartile range of individual points. Gray lines
are bootstrap-estimated regression lines, indicating the range of uncertainty. Points are colored
based on major land use type from the upland dataset.
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Figure 2.3: Percent of total phosphorus that is bioavailable (Mehlich-3 extraction) from a variety
of sources. Box plots indicate the median, quartiles, and non-outlier maximum and minimums (1.5
times the interquartile range).Points are outliers. The horizontal line is the mean of the composite
dataset and the shaded area represents the 90% confidence interval. [A] Hongthanat [2010]; [B]
Howe et al. [2011]; [C] Hubbard et al. [2003]; [D] McDowell et al. [2003]; [E] Miller et al. [2014]; [F]
Nellesen et al. [2011]; [G] unpublished data from Big Dry Creek, Westminster, CO and [H] Lick
Creek, Durham, NC.

Statistically significant differences were observed between different phosphorus extraction

methods based on a non-parametric, rank-based pairwise comparison [Siegel and Castellan,

1988] (Figure 2.4). However, these differences pale in comparison to inter-study variability.

Multiple linear regression results suggest that differences between studies explain an order of

magnitude greater variability in total phosphorus concentrations than the analytical method.

2.4.2 Stream and Riparian Denitrification Rates

Areal denitrification rates in stream and riparian systems are shown in Figure 2.5. A

two-sided Wilcoxon Rank Sum test suggests that stream denitrification rates are significantly

different than riparian rates at the 95% confidence level (p = 0.016). However, the difference

in the medians of these two datasets is only 0.84 mg N m−2 h−1 (1.85 and 1.01 mg N m−2

h−1 for stream and riparian, respectively). Given the several orders of magnitude range in

both datasets, this difference may not be practically meaningful.
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Figure 2.4: Comparison of bank total phosphorus concentration by extraction method. Box
plots indicate the median, quartiles, and non-outlier maximum and minimums (1.5 times the in-
terquartile range). Points are outliers. Brackets show differences in medians and p-values from
a rank-based pairwise comparison [Siegel and Castellan, 1988]. See Section 2.3.1 for details on
laboratory methods.

Streamwater nitrate concentration is generally considered one of the most significant

controls on stream denitrification rates. Our compiled dataset shows a similarly strong

relationship between these two variables (Figure 2.6). A fitted power regression has a larger

exponent than previous studies (Table 2.3; 0.72 compared to 0.51, Mulholland et al. [2009],

0.44, [Böhlke et al., 2009], and 0.62, Roley et al. [2012a]). However, using just data collected

using a 15N tracer method, the calculated exponent (0.56) is more similar to those found by

others using 15N tracer data [Mulholland et al., 2009]. Fitted exponents for data collected

using the other methods are all substantially higher (0.71 – 0.75), suggesting a greater

increase in denitrification rate per unit increase in nitrate concentration.

The Michaelis-Menten equation is commonly used to model the saturation effects of

enzyme-substrate reactions:
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Figure 2.5: Summary of published denitrification rates in stream and riparian ecosystems. Box
plots indicate the median, quartiles, and non-outlier maximum and minimums (1.5 times the in-
terquartile range). Points are outliers.

Den = (NO−3 × Vmax)/(NO−3 +Ks) (2.1)

where Den is the denitrification rate [mg N m−2 h−1], NO−3 is the stream nitrate concen-

tration [µg L−1], Vmax is the maximum obtainable value of Den [mg N m−2 h−1], and Ks is

the nitrate concentration at which Den is half of Vmax [µg L−1]. Fitted values of Vmax and

Ks were 31.8 mg N m−2 h−1 and 3,466 µg L−1, an order of magnitude higher than those

reported by Mulholland et al. [2009] (3.9 and 422, respectively) but only 2–3 times higher

those of Böhlke et al. [2009]. Fitted values were more similar to these previous studies when

I used only 15N tracer data from our compiled dataset (Table 2.3). The power regression

model appears to fit the data better (Akaike information criterion, AIC = 405) than the

Michaelis-Menten model (AIC = 1708). This corresponds with previous conclusions that a
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saturation-law model may not be appropriate when comparing denitrification data across

streams [Böhlke et al., 2009; Mulholland et al., 2009].

Figure 2.6: Stream denitrification rate versus in-stream nitrate concentration. Solid line is a power
regression equation fit to the data (log10(Den) = -1.91 + 0.72 × log10(Nitrate) or, alternatively,
Den = 0.012 × Nitrate0.722; R2 = 0.45). Dash-dot line is fitted Michaelis-Menten model (Vmax =
31.8 mg N m−2 h−1, Ks = 3,466 µg L−1). Points are colored to indicate differences in denitrification
quantification methods.

Actual denitrification as a percent of denitrification potential was significantly differ-

ent for riparian versus stream data (medians = 15.6% and 3.5%, respectively; two-sided

Wilcoxon Ranked Sign Test; p = 0.014). Given that streams overall tend to have slightly

higher denitrification rates, this suggests that streams have greater denitrification potential

than riparian areas, although a smaller proportion of this potential is being utilized. Den-

itrification potential and rates were reported on either a per-mass or per-area basis. The

percentages reported above incorporate both datasets, but additional analysis required sepa-

rating these two datasets. There was a positive correlation between percent of potential and
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Table 2.3: Fitted models for denitrification rate versus nitrate for this and previous studies.
Various units were used in development of power relationships. While coefficients (a) are not directly
comparable between units, exponents (b) are. Michaelis-Menten models for the acetylene block,
N2 flux, and mass balance methods were not statistically significant. †Coefficient not statistically
significant at α = 0.05.

Model Parameters Den Method Source

Power Relationship

Den = a(NO−13 )b

Den [mg N m−2

h−1]; NO−13 [µg
L−1]

Den [µmol N m−2

h−1]; NO−13 [µmol
L−1]

R2

a = 0.012; b = 0.72 a = 5.9; b = 0.72 0.45 Various This Study

a = 0.01; b = 0.51 – 0.37 15N Tracer
Mulholland et al.

[2009]
– a = 26; b = 0.44 0.44 Various Böhlke et al. [2009]

a = NA; b = 0.62 – – Various Roley et al. [2012a]
a = 0.031; b = 0.56 a = 9.5; b = 0.56 0.44 15N Tracer This Study
a = 0.007; b = 0.75 a = 3.7; b = 0.75 0.41 Acetylene Block This Study
a = 0.036; b = 0.71 a = 17.1; b = 0.71 0.45 N2 Flux This Study
a = 0.03; b = 0.73 a = 14.5; b = 0.73 0.58 Mass Balance This Study

Michaelis-Menten Relationship

Den = (NO−13 × Vmax) / (NO−13 + Ks)

Vmax [mg N m−2

h−1]; Ks [µg L−1]

Vmax [µmol N m−2

h−1]; Ks [µmol
L−1]

Vmax = 31.8;
Ks = 3,466

Vmax = 2,274;
Ks = 248

Various This Study

Vmax = 3.9;
Ks = 422

– 15N Tracer
Mulholland et al.

[2009]

–
Vmax = 640;

Ks = 180
15N Tracer Böhlke et al. [2009]

Vmax = 6.8;
Ks = 962†

Vmax = 483;
Ks = 69†

15N Tracer This Study
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per-mass actual rates (Spearman ρ = 0.64, p = 0.012, n = 15) but no correlation with per-

area actual rates (Spearman ρ = -0.09, p = 0.783, n = 12). The reason for this discrepancy is

unclear. However, there is a greater frequency of low potential percentages for the per-mass

dataset which could affect results. The first analysis suggests that as actual denitrification

rates increase, they are approaching the potential of the system. However, the second anal-

ysis suggests that percent of potential is relatively consistent across systems regardless of

the in-situ denitrification rate. More data are needed to analyze these relationships in more

detail.

The variable importance analysis (Figure 2.7) suggests that stream nitrate concentration

is the dominant predictor of stream denitrification rates. However, land use, method, and

climate are also important. Agricultural and urban streams had higher rates than reference

systems. Temperate and continental climates without noticeable dry seasons tended to have

higher denitrification than other climate types. For the riparian dataset, climate was by far

the most important predictor, followed by method, temporal scale, and riparian vegetation

type. Climate types Cfa (temperate, no dry season, hot summer) and Dfb (continental,

no dry season, warm summer) had the highest denitrification rates. However, these results

may be somewhat skewed because only agricultural and urban sites (no reference sites) were

represented in these climate types. Bare riparian buffers tended to have slightly higher

denitrification than vegetated types (grass and forested buffers did not have significantly

different rates). The results from the three methods (linear regression, regression tree, and

random forest) agreed well, increasing confidence in the results.

The influence of method on denitrification rate was examined in more detail using a

Tukey-adjusted pairwise comparison of the means for the log-transformed denitrification

data. For the stream data, the two most common methods, 15N tracers and acetylene

block, were not significantly different (p = 0.89). Neither were the mass balance and N2

flux methods (p = 0.99); however, all remaining differences were significant, with mass

balance and N2 flux yielding higher denitrification rates than 15N tracer and acetylene block
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Figure 2.7: Average normalized importance metric from the regression tree, random forest, and
multiple linear regression results for the stream and riparian denitrification rate datasets. *Variables
not available for these datasets.

results (all p-values < 0.05). Higher rates from mass balance results are expected because

this method accounts for all forms of nitrate uptake, not just denitrification. This could

also explain why the Michaelis-Menten parameters were higher than others reported in the

literature — the mass balance data may skew the results. N2 flux rates are not expected to

be higher since this method only accounts for net denitrification (gross denitrification minus

nitrogen fixation, Groffman et al. [2006]). Differences among methods were not statistically

significant for the riparian dataset, despite method appearing as the second most important

explanatory variable (Figure 2.7).

2.4.3 Restoration Assessment

Our simple simulations quantified the relative efficacy of various stream restoration prac-

tices for nutrient reduction and removal (Figure 2.8). Bank stabilization had much greater

potential to remove phosphorus from the system (609 ± 1,175 kg P/km/yr; mean ± sd)

compared to floodplain reconnection (25 ± 15 kg P/km/yr). Riparian restoration had the

greatest nitrogen removal potential (1,086 ± 4,973 kg N /km/yr), followed by hyporheic
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restoration (226 ± 692 kg N/km/yr) and floodplain reconnection (86 ± 402 kg N/km/yr).

High removal potential for riparian restoration is largely a result of larger surface area com-

pared to the streambed. These simple calculations assume the maximum possible benefits

of restoration (e.g. complete bank stabilization, no denitrification prior to restoration). The

goal is to provide estimates of relative removal potential of various strategies, and these

results should not be more broadly interpreted.

Figure 2.8: Results of Monte Carlo simulations of nutrient load reduction potential for phosphorus
(a) and nitrogen (b). Box plots indicate the median, quartiles, and non-outlier maximum and
minimums (1.5 times the interquartile range). The shaded rectangle indicates the range of outliers
for each boxplot.
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2.5 Discussion

2.5.1 Stream Restoration for Phosphorus Reduction

Phosphorus and bank erosion

As discussed previously, bank erosion in unstable streams can be a significant source of

particulate phosphorus. Empirical evidence suggests that bank stabilization (e.g. bioengi-

neering, bendway weirs, rip-rap), often in conjunction with other restoration techniques,

can significantly reduce pollutant loading [Meals , 2001; Carline and Walsh, 2007]. However,

post-restoration monitoring of a stream where bank stabilization and grade control struc-

tures were installed showed no change in nutrient concentrations [Selvakumar et al., 2010].

Bank erosion is clearly an important phosphorus source in some watersheds (Table 2.1), but

quantifying potential benefits of bank stabilization for phosphorous retention is difficult.

Estimating historic bank erosion rates is only the first step to assessing the potential for

bank stabilization to reduce phosphorus loading since these rates may not be representative

of future channel evolution. Conceptual channel evolution models (CEMs) predict eroding

channels will at some point adjust to a new, stable state [Schumm et al., 1984; Simon, 1989;

Hawley et al., 2012; Cluer and Thorne, 2014; Booth and Fischenich, 2015], assuming no

further disturbances to the sediment and hydrologic regime. Therefore, current or historic

erosion rates cannot simply be extrapolated for actively evolving channels as these systems

should eventually stabilize on their own; although, the time scale may range from years to

decades. In addition, deposition of eroded sediment on banks and floodplains may be a sig-

nificant sink in some watersheds [Hupp et al., 2013; Kronvang et al., 2013], meaning loading

estimates from bank erosion alone without accounting for sediment storage processes may

overestimate total export. An additional source of uncertainty in estimating loading rates

is variability in bank phosphorus content. Bank phosphorus concentrations are associated

with a number of factors (soil texture, pH, metals concentrations, and the geology of the

soil parent material; Brady and Weil [2002]) and are often highly variable, even in a single

reach [Bledsoe et al., 2000; Nellesen et al., 2011; Schilling et al., 2009]. Streambank phos-
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phorus concentrations may also be higher in intensively farmed catchments [Palmer-Felgate

et al., 2009] or in deforested areas [Haggard et al., 2007], although others have shown little

correlation to land use [Zaimes et al., 2008a; Tufekcioglu, 2010; Nellesen et al., 2011].

In some cases, streambank phosphorus concentrations have been found to be positively

correlated with silt-clay content [Cooper and Gilliam, 1987; Bledsoe et al., 2000; Agudelo

et al., 2011; Kerr et al., 2011; Young et al., 2012, 2013] while others have found no correlation

[Schilling et al., 2009; Hongthanat , 2010; Howe et al., 2011; Veihe et al., 2011]. The reason

for this discrepancy is likely rooted in differences in the types of clays in each of these regions.

Phosphorus binds strongly to iron and aluminum oxides in soil. Therefore, soils with high

concentrations of these compounds (especially in amorphous form) will likely have higher

sorbed total phosphorus concentrations. These oxides are common in Ultisols and Oxisols,

while Mollisols and other soil types dominated by silicate clays likely have low phosphorus

binding capabilities [Brady and Weil , 2002, p. 617]. Studies in areas where silicate clays are

dominant do not show a correlation between silt-clay content and TP [Schilling et al., 2009;

Hongthanat , 2010] while those with high oxide clays do demonstrate this positive correlation

[Bledsoe et al., 2000; Young et al., 2012]. In these cases, silt-clay content may just be a proxy

for metal oxide abundance. Several studies found positive correlations between metal oxide

concentrations and TP, independent of the silt-clay:TP relationship [Hongthanat , 2010; Kerr

et al., 2011; Young et al., 2012].

While direct quantification of bank phosphorus content through field sampling and analy-

sis is the best approach, coarse estimates may be obtained based on regional soil phosphorus

data (Figure 2.2). There appears to be a strong correlation between these two datasets,

although uncertainty analysis indicates high variability. Points on Figure 2.2 fall below the

1:1 line, indicating that while the two datasets are correlated, upland phosphorus concentra-

tions tend to be higher than streambank concentrations. While estimating actual streambank

phosphorus concentrations based on this relationship is not advisable, this correlation can
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at least be used to assess relative bank phosphorus levels in a preliminary assessment of

phosphorus loading potential.

Differences in laboratory analysis are generally thought to have a significant influence

on soil phosphorus data; however, my results suggest that differences between common

total phosphorus extraction methods has a smaller effect than may have been previously

thought. Nevertheless, it is still advisable to consider differences in laboratory techniques

when comparing soil phosphorus data between studies. Additionally, using alternative ex-

traction methods to estimate bioavailable phosphorus (e.g. Mehlich-3 or water extraction) is

recommended to better understand potential impacts of phosphorus loading on water quality

[Fox et al., 2016]. Bioavailable phosphorus may be only about 10% of the total (Figure 2.3),

meaning that phosphorus loading estimates from bank erosion could differ by an order of

magnitude, depending on the type of phosphorus considered.

Phosphorus and other restoration techniques

Other restoration techniques, including riparian and floodplain restoration, also influence

phosphorus dynamics. Phosphorus retention in riparian buffers is complex. Although buffers

may trap particulate and dissolved phosphate in surface runoff [Lee et al., 2003; Newbold

et al., 2010], groundwater phosphate concentrations often increase through buffers [Peterjohn

and Correll , 1984; Spruill , 2000], potentially due to phosphate release from the reduction of

iron oxyhydroxides [Jordan et al., 1993]. These offsetting processes can result in little or no

net retention of phosphorus in buffers [Newbold et al., 2010]. Similarly, restored floodplains

can be net phosphorus sources, even if they are effective nitrogen sinks [Jones et al., 2015].

However, the type of restored floodplain may have an impact. A restored wetland-channel

complex and two-stage ditch — a popular form of floodplain reconnection in agricultural

areas — both reduced phosphorus export [Richardson et al., 2011; Davis et al., 2015; Mahl

et al., 2015].

Despite the potential for riparian buffers to be net phosphorus sources to streams, they

may affect stream dynamics and reduce phosphorus loading indirectly. Vegetated stream-

29



banks tend to have lower erosion rates than non-vegetated banks [Smith, 1976; Simon and

Collison, 2002; Miller et al., 2014]. Additionally, riparian buffers may be significant sources

of in-stream wood and organic carbon to streams [Stanley et al., 2012], both of which can

increase in-stream nutrient uptake [Bernhardt and Likens , 2002; Roberts et al., 2007].

2.5.2 Stream Restoration for Nitrogen Reduction

Stream restoration typically targets nitrogen removal by increasing lateral and vertical

hydrologic connectivity to encourage biochemical nitrogen removal, typically via denitrifi-

cation. Hydrologic connectivity can be lost in degraded streams for a number of reasons.

For example, channel incision lowers riparian groundwater tables, reducing denitrification

potential by disconnecting the relatively anoxic, nitrate-laden groundwater with available

organic carbon in the upper soil horizons. This incision results in higher nitrate loading to

streams [Schilling and Spooner , 2006] and higher in-stream nitrate concentrations [Groffman

et al., 2002; Böhlke et al., 2007], but not in all cases [Schilling and Jacobson, 2014]. Channel

incision can also reduce overbank flooding, disconnecting the stream from its floodplain,

an important nutrient sink. Degraded streams often become geomorphically simple, losing

the complex bedforms and bed sediment heterogeneity that are important aquatic organism

habitat and drive vertical hydrologic connectivity with the hyporheic zone. The hyporheic

zone may be small, but it is a vitally important area for biochemical processing and nutrient

removal [Hester and Gooseff , 2010]. Strategies to restore hydrologic connectivity and pro-

vide conditions suitable to denitrification have the greatest potential for addressing nitrogen

loading.

Nitrogen and lateral connectivity

Riparian buffers have long been recognized for their potential to remove pollutants in

surface and subsurface flow before they reach the stream. Under the right conditions, prop-

erly functioning riparian buffers (typically consisting of intact forest) can remove >90% of

inflowing nitrate [Peterjohn and Correll , 1984; Jordan et al., 1993; Pinay et al., 1993; Spruill ,
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2000; Liu et al., 2014]. A comprehensive review of published nitrate removal rates found an

average removal effectiveness of 74.2 ± 4.0% (mean ± SE, Mayer et al. [2005]). The majority

of this removal takes place in the subsurface [Peterjohn and Correll , 1984; Hill , 1996] where

conditions amenable for denitrification are often found (low dissolved oxygen and available

organic carbon).

Generally, nutrient removal effectiveness increases with buffer width and age [Mayer et al.,

2007; Orzetti et al., 2010; King et al., 2016]. The consensus seems to be that wider is better,

although just how wide is up for debate. Effective buffer width is dependent upon a number

of site specific factors including slope, soil type, incoming nutrient load, and buffer age. As

buffers mature, root depth, root density, and organic carbon availability are expected to

increase, leading to more conducive conditions for denitrification.

Floodplain reconnection promotes similar removal mechanisms as riparian buffers; en-

couraging subsurface denitrification in the riparian zone while retaining particulate and dis-

solved nutrients in surface flow. Floodplain reconnection aims to restore optimal conditions

for denitrification and nutrient retention by raising the channel bed, removing or breaching

levees, and/or re-grading and lowering banks. Natural floodplains have been demonstrated

to be important areas for nitrate removal [Forshay and Stanley , 2005] and reconnected flood-

plains have the potential to be effective nutrient sinks [Valett et al., 2005; Fink and Mitsch,

2007], removing small but potentially significant (0.6 – 23.7%) portions of a riverine nutrient

load [Sheibley et al., 2006; Kronvang et al., 2007; Roley et al., 2012a]. Floodplain reconnection

can increase riparian groundwater residence time which can result in a measurable decrease

in in-stream nitrate concentrations [Kaushal et al., 2008]. Enhancing lateral connectivity

and increasing hydraulic retention time with in-stream and floodplain wetlands can result in

significant nitrogen load retention [Browning , 2008; Filoso and Palmer , 2011; Sivirichi et al.,

2011]. A recent comprehensive review suggested that restoring hydrologic connectivity (e.g.

lowering floodplain, raising stream bottom, increasing sinuosity) has generally positive out-
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comes for nutrient processing and retention (42 – 83% success rate, depending on practice)

[Newcomer Johnson et al., 2016].

Nitrogen and vertical connectivity

Although lateral connectivity is an important and visible linkage, vertical connectivity

between the stream and subsurface can also influence nutrient retention and removal. In-

channel structures (e.g. riffles, cross vanes, weirs, etc.) can increase nutrient uptake by

enhancing in-stream transient storage [Ensign and Doyle, 2005; Baker et al., 2012] and hy-

porheic exchange [Kasahara and Hill , 2006b; Hester and Doyle, 2008; Crispell and Endreny ,

2009; Azinheira et al., 2014]. Hyporheic exchange and subsurface nitrate removal may be

significant at constructed riffles [Kasahara and Hill , 2006a, b; Knust and Warwick , 2009],

cross-vanes [Daniluk et al., 2013], and other in-channel structures [Hester and Doyle, 2008].

In addition, these installed structures can create secondary geomorphic features (e.g. pools

and riffles) which can induce greater hyporheic exchange than the structures themselves

[Fanelli and Lautz , 2008; Gordon et al., 2013]. Direct modification of subsurface hydraulic

conductivity has also been suggested as a potential strategy to enhance hyporheic exchange

[Vaux , 1968; Hester and Gooseff , 2010; Hester and Cranmer , 2014]. Modeling suggests that

these types of features would function similarly to natural geomorphic features in driving

subsurface flux [Ward et al., 2011].

Other, more natural restoration techniques can also enhance in-stream nutrient removal.

In-stream wood can reduce flow velocities [Elosegi et al., 2016], enhance surface transient

storage, and provide similar nitrate uptake benefits as more construction-intensive structures

[Mueller Price et al., 2016]. Installed or natural log jams trap organic matter [Wallace et al.,

1995; Quinn et al., 2007] and these organic debris dams have higher denitrification potential

compared to other geomorphic features such as gravel bars, pools, and riffles [Groffman et al.,

2005; Harrison et al., 2012]. Since in-stream wood abundance has often been significantly

reduced in urban and degraded streams [Booth et al., 1996; Segura and Booth, 2010], riparian

planting may be an appropriate restoration strategy to restore sustainable organic carbon
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fluxes to streams [Stanley et al., 2012]. However, in-stream wood may not be retained

in flashy urban streams [Larson et al., 2001], and can be hazardous to infrastructure and

boaters.

Beaver reintroduction has been proposed as a viable and cost-effective stream restoration

technique [Roni and Beechie, 2013; Pollock et al., 2014]. Beaver dams can achieve many

restoration objectives including increase geomorphic complexity, serve as grade control, and

increase nutrient retention, and have the added benefit of being more resilient than engineered

structures. Beaver dams can induce significant hyporheic flux [Fanelli and Lautz , 2008] and

beaver ponds can be significant nutrient sinks [Law et al., 2016], especially at high flows

[Maret et al., 1987]. Furthermore, denitrification in beaver ponds is significant and they may

be important watershed-scale nitrate sinks [Lazar et al., 2015].

On the other hand, removal of anthropogenic dams is an increasingly common restoration

practice for increasing longitudinal connectivity and restoring natural flow regimes; however,

this may have unintended consequences for nutrient dynamics. Dams create conditions con-

ducive to nutrient retention (e.g. deposition and biotic processing in anoxic bed sediments)

and dam removal can decrease nutrient uptake and increase concentrations [Doyle et al.,

2003]. Dams may also be important watershed scale nitrogen sinks. Luckily, many nitrogen

retaining dams are on smaller order streams and removal of dams on larger rivers may have

fewer detrimental effects on nitrogen storage, and greater benefits for fish passage [Gold

et al., 2016].

Despite the promise of direct in-channel modifications for increasing hydraulic residence

time and hyporheic exchange, significant limitations exist. Only a small fraction (<1%) of the

total stream discharge may be exchanged at a given structure [Gordon et al., 2013; Azinheira

et al., 2014] and subsurface hydraulic residence times and organic carbon availability may be

insufficient for adequate nutrient removal to occur [Gordon et al., 2013; Smidt et al., 2014].

Furthermore, bed compaction and use of large footer boulders for structure installation can

result in significantly lower hyporheic exchange compared with reference reaches [Becker
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et al., 2013] . Similar limitations exist for floodplains and other forms of lateral connectivity.

Nitrate removal in floodplains may be limited due to infrequent inundation [Azinheira et al.,

2014; Jones et al., 2015]. Furthermore, increased hydrologic connectivity may be insufficient

for nutrient retention in areas with very high nitrogen loads [Roley et al., 2012b; Davis et al.,

2015; Mahl et al., 2015]. Due to small removal rates in the hyporheic zone and floodplains,

unreasonably long reaches of stream need to be restored to meet nutrient removal goals

[Hester et al., 2016]. Finally, floodplains, riparian areas, and the hyporheic zone can all

be net sources of nutrients — and more toxic compounds (e.g. mercury) — depending on

oxygen availability and redox conditions [Vidon et al., 2010; Jones et al., 2015].

Factors controlling denitrification rates

Stream denitrification rates have been shown to be influenced by stream nitrate concen-

trations [Piña-Ochoa and Álvarez-Cobelas , 2006; Seitzinger et al., 2006; Böhlke et al., 2009;

Mulholland et al., 2009; Roley et al., 2012a], land use [Mulholland et al., 2008, 2009], and

measurement method [Groffman et al., 2006; Böhlke et al., 2009]. My results confirm the

importance of these variables, but is the first study that quantifies the relative magnitude of

their effects. I found that nitrate is by far the most influential, while land use and method are

of similar importance (Figure 2.7). This aligns with previous conclusions that higher deni-

trification rates in disturbed systems is primarily due to higher nitrate loading [Mulholland

et al., 2008].

Climate emerges as the most important variable for riparian denitrification rates, but

is only moderately important for streams. Using latitude as a coarse estimate of climate,

Piña-Ochoa and Álvarez-Cobelas [2006] found no correlation with stream denitrification.

For European riparian sites, denitrification has also been shown to be invariant with climate

[Hefting et al., 2004] while others demonstrated some correlation with temperature [Pinay

et al., 2007]. The difference in the influence of climate on denitrification rates could be due

to fundamental process differences between streams and riparian sites; however, other factors

may also have influenced the results. For example, the vast majority of the data are from
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Cf- and Df- climates, temperate and continental climates with no dry seasons. Additionally,

stream sites encompass nine climate types compared to five for riparian sites which could

help explain the relative importance of climate between these two datasets.

The influence of vegetation type on nutrient removal in riparian buffers has been sub-

ject to some debate. Our analysis suggests that bare riparian sites tended to have higher

denitrification rates than vegetated sites, although the small size of the bare subset (n = 3)

makes the significance of this difference suspect. Although riparian vegetation type overall

was somewhat influential, it had less of an effect than climate, method, or temporal scale.

Others have suggested that total nitrate removal [Groffman et al., 2003; Schoonover and

Williard , 2003; Mayer et al., 2007; King et al., 2016] and denitrification rates [Hefting et al.,

2004] are not significantly different in buffers with different vegetation types. Similarly, I

found no significant difference between denitrification rates in forested and grassed buffers.

Carbon limitation may be a significant factor influencing denitrification in degraded

streams, especially those with high nitrogen loading [Lefebvre et al., 2004; Johnson et al.,

2009; Newcomer et al., 2012]. Although only a limited number of studies in my database ex-

amined what was limiting denitrification (carbon, nitrate, or both), there appears to be some

correlation with land use. Impacted sites (urban and/or agriculture) had stream denitrifica-

tion rates that were more often limited by carbon or carbon and nitrate than reference sites

(Table 2.4; chi-squared goodness-of-fit test, p = 0.035). This is a tentative conclusion using

a limited dataset but the importance of carbon limitation is supported by empirical stud-

ies. Carbon deficits in historically disconnected floodplains can lead to lower denitrification

potential than hydrologically connected floodplains [Theriot et al., 2013] and experimental

carbon addition can increase denitrification rates to levels observed in reference sites [Ullah

and Faulkner , 2006]. Restored stream reaches may also have lower denitrification rates due

to lower organic carbon availability [Gift et al., 2010].

Short term organic carbon additions, whether experimental or natural (i.e. leaf litter),

can enhance removal of both nitrate and phosphorus [Mulholland et al., 1985; Bernhardt and
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Table 2.4: Contingency table of number of studies with various limiting factors for in-stream
denitrification rates by watershed land use type.

Limiting Factor

Land Use Both Carbon Nitrate

Impacted (Ag or Urban) 9 4 5
Reference 1 0 6

Likens , 2002; Argerich et al., 2008; Aldridge et al., 2009] and enhance subsurface denitrifica-

tion [Robertson and Merkley , 2009; Zarnetske et al., 2011]. More labile forms of carbon (e.g.

leaf litter; Aldridge et al. [2010]) are likely to be a more important control on in-stream nu-

trient removal than coarser in-stream wood [Wallace et al., 1995]. However, while in-stream

wood may not be a significant source of bioavailable carbon, it is effective at trapping other

sources of more labile organic carbon [Wallace et al., 1995; Quinn et al., 2007].

2.5.3 Implications for Stream Restoration

The number of studies with sufficient data to confidently assess the performance of stream

restoration projects is increasing, but there is still comparatively little information for quanti-

tatively evaluating the relative efficacy of different restoration methods for achieving nutrient

reduction goals. The complexity of stream ecosystems and the significant variability among

regions, watersheds, and sites further complicates comparisons. Because of these issues, pre-

vious reviews of stream restoration used self-reported success of individual studies, rather

than some objective measure of restoration benefits. Despite these concerns, Palmer et al.

[2014b] found that riparian restoration had the highest success in increasing nutrient uptake

rates and reducing fluxes (88%), followed by in-stream structure installation (63%), wet-

land creation (25%), and channel reconstruction (14%). However, sample sizes were small

and reported improvements were not necessarily statistically significant. Newcomer Johnson

et al. [2016] found positive nutrient retention results were reported in 42 – 83% of projects

for restoration strategies that increased hydrologic connectivity (e.g. floodplain connection,

increased sinuosity).

36



While some success has been observed, it is important to recognize the limitations of

stream restoration. Degraded streams may have high nutrient uptake rates, comparable to

or greater than reference systems [Bernhardt and Palmer , 2007; Mulholland et al., 2008;

Johnson et al., 2009]. However, this is largely the result of higher nutrient loading to these

streams, and removal efficiency is often lower than in undisturbed streams [Mulholland et al.,

2008], a conclusion supported by my compiled denitrification data. This has important

implications for stream restoration in these disturbed streams. There is likely some maximum

capacity for nutrient assimilation in streams and — at a certain point — stream restoration

will be ineffective for improving water quality. It may be tempting to assume that degraded

streams exhibit no nutrient removal and that any stream restoration will be an improvement,

but this is unlikely. This is not to say that restoration of degraded streams is not beneficial,

only that it is important to consider site-specific context in designing a restoration strategy.

For example, a degraded stream with reduced geomorphic complexity may have significant

denitrification potential but few active denitrification sites. Increasing the area of sites

conducive to denitrification (e.g. hyporheic exchange sites, debris dams, bedforms) can

increase total nitrate removal.

The potential constraint on in-stream nutrient processing has led to the suggestion that

stream restoration alone may be insufficient for reducing nutrient concentrations to desired

levels if no upland best management practices are incorporated [Walsh et al., 2005; Bernhardt

and Palmer , 2007; Craig et al., 2008; Selvakumar et al., 2010]. Properly designed stormwater

controls and source reduction strategies (e.g. fixing leaky sewers, Pennino et al. [2016]) can

reduce nutrient delivery to streams and potentially improve the success of in-channel restora-

tion efforts [Charbonneau and Resh, 1992]. There is an increasing recognition that urban

stream restoration requires a watershed-scale approach, addressing causes of degradation

(e.g. altered water and sediment regimes) rather than applying the band-aids of reach-scale

restoration projects [Roni and Beechie, 2013; Vietz et al., 2016].
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There is evidence for nutrient removal in restored streams at small spatial and short tem-

poral scales, but it is uncertain how these observations translate into broader water quality

benefits. Removal is limited by inadequate hyporheic exchange at individual in-stream struc-

tures, infrequent floodplain inundation, and groundwater bypassing or undercutting riparian

zones. Stream restoration projects are generally small scale, and may not result in measur-

able in-stream benefits [Sutton et al., 2010; Collins et al., 2013; Muller et al., 2016]. These

results lead to a disconcerting conclusion. While stream restoration can successfully remove

nutrients from the stream, the benefits are generally small relative to the scale of the problem

and unreasonably large segments of streams would have to be modified to achieve desirable

benefits from restoration alone [Hester et al., 2016].

2.6 Conclusions and Recommendations

Despite the many limitations of existing data on the effects of stream restoration on

nutrient dynamics, I can make some general conclusions and recommendations:

• Bank stabilization has the greatest potential to reduce phosphorus loading in highly

unstable streams, but other restoration strategies have a much smaller effect on phos-

phorus fluxes.

• Structures that are already incorporated into stream restoration designs can be con-

structed to encourage hyporheic exchange and nutrient processing through enhanced

geomorphic complexity and bedforms, especially during low flow. However, low surface-

subsurface exchange rates limit removal potential. The largest nitrogen removal po-

tential likely comes from large scale manipulations to increase hydraulic retention time

(e.g. in-channel and floodplain wetlands and stormwater ponds).

• Riparian buffers remove groundwater nitrate, protect streambanks, supply in-stream

wood and organic carbon to increase in-stream processing, and are generally less intru-
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sive and more cost-effective than construction-heavy restoration techniques. However,

it is still unclear how significantly buffers affect stream water quality.

• Managing flows of water and sediment and reducing nutrient loading through source

controls remains an essential strategy for improving water quality. A combination of

restoration strategies that reduce nutrient inputs to streams, re-establish riparian func-

tions, provide balanced water and sediment regimes, and increase in-stream nutrient

processing and retention will likely be most effective for improving water quality.

The increase in published stream restoration monitoring studies is encouraging, but the

lack of consistent methodology and failure to measure the right metrics makes it difficult

to draw conclusions about restoration success [Rubin et al., 2017]. Measuring the benefits

of restoration projects is also complicated by the variable nature of in-stream nutrient con-

centrations; it is difficult to separate the effects of restoration projects from the noise of

water quality data. These shortcomings can be addressed by more formal and statistically

rigorous monitoring designs. Restoration monitoring should focus on metrics that are spe-

cific to project objectives [Palmer et al., 2005] and should follow accepted statistical designs

(e.g. Before-After-Control-Impact), comparing restored and control (both impaired and ref-

erence) sites over years to decades. Long term monitoring is required since there may be

significant lag time between completion of restoration projects and observed improvements

[Meals et al., 2010]. Furthermore, monitoring should be well planned and hypothesis driven

(e.g. bank stabilization will reduce phosphorus loads by 10%), rather than an afterthought.

The complexity of stream restoration lends itself to adaptive management. This is an active

approach to resource management, requiring constant monitoring to test the effects of man-

agement interventions (e.g. restoration) and updating management approaches as new data

are collected [Walters , 1986; Allen et al., 2011]. Designing restoration projects as experi-

ments and rigorously monitoring them would reduce uncertainty and increase our knowledge

of the effects of restoration on nutrient dynamics.
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Existing studies suggest that certain restoration strategies may enhance nutrient retention

and removal in stream and riparian systems; however, this is still an emerging science with

insufficient evidence to precisely quantify the effects of different restoration strategies across

regions and various hydrologic, geologic, and land use contexts. Given the attention stream

restoration has been receiving, an increasing emphasis on improved effectiveness monitoring,

and the growing number of published studies on nutrient dynamics in restored systems,

the future looks promising for improved understanding of the role of stream restoration in

nutrient management.
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Chapter 3

Parsimonious sediment transport equations

based on Bagnold’s stream power approach

Summary

It is increasingly recognized that effective river management requires a watershed scale

approach. Sediment transport processes are relevant to a number of river functions but

quantifying sediment fluxes at network scales is hampered by the difficulty of measuring the

variables required for most sediment transport equations (e.g. shear stress, velocity, and flow

depth). To address this issue, I developed new bedload and total load sediment transport

equations based on specific stream power. These equations use data that are relatively easy

to collect or estimate throughout stream networks using remote sensing and other available

data: slope, discharge, channel width, and grain size. The new equations are parsimonious

yet have similar accuracy to other, more established, alternatives. I further confirm previous

findings that the dimensionless critical specific stream power for incipient particle motion

is generally consistent across datasets, and that the uncertainty in this parameter has only

a minor impact on calculated sediment transport rates. Finally, I test the new bedload

transport equation by applying it in a simple channel incision model. These model results

are in close agreement to flume observations and can predict incision rates better than a

more complicated morphodynamic model. These new sediment transport equations are well

Lammers, R. W. and B. P. Bledsoe (2018), Parsimonious sediment transport equations based on Bag-
nold’s stream power approach, Earth Surface Processes and Landforms, 43: 242 – 258. doi: 10.1002/esp.4237.

Roderick W. Lammers and Brian P. Bledsoe had the idea for a new set of sediment transport equations.
Roderick W. Lammers collected the necessary data from the literature, performed the analyses, and wrote
the manuscript. Brian P. Bledsoe contributed to the discussion and edited the manuscript.
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suited for use at stream network scales, allowing quantification of this important process for

river management applications.

3.1 Introduction

Geomorphologists and engineers spent the last century developing empirical and process-

based formulas for modeling sediment transport in rivers. Unfortunately, these formulas are

data intensive and difficult to apply at larger spatial scales and in data poor environments.

Managers and researchers recognize the importance of understanding sediment dynamics at

the watershed scale [Owens , 2005], but existing sediment transport formulas are not well

suited for this type of application. This watershed scale approach is necessary for numerous

management issues, including assessing channel erosion and deposition potential [Lea and

Legleiter , 2016], estimating flood risk [Stover and Montgomery , 2001], protecting benthic

habitat [Newson and Newson, 2000; Rice et al., 2001], and restoring natural sediment regimes

[Wohl et al., 2015a]. In this chapter, I present new sediment transport equations that use

readily collected and widely available data for application to these challenging problems.

Many sediment transport equations rely on shear stress (requiring flow depth) [Meyer-

Peter and Müller , 1948; Parker , 1990] or velocity [Brownlie, 1982] or both [Engelund and

Hansen, 1967]. Although these variables are physically linked to sediment transport pro-

cesses, their temporal and spatial variability makes them difficult to measure or model. This

difficulty in quantifying flow depth and velocity makes it challenging to apply equations

based on these variables at the watershed scale.

An alternative variable is specific stream power:

ω =
Ω

w
=
ρgQS

w
(3.1)

where Ω is unit-length stream power [W m−1], w is channel width [m], Q is discharge [m3

s−1], and ω is specific stream power [W m−2 or equivalently N m−1 s−1]. Specific stream
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power is relatively straightforward to estimate throughout river basins using remote sensing

data to quantify channel slope and width and stream gages, hydrologic models, or regional

empirical relationships to quantify discharge [Reinfelds et al., 2003; Phillips and Desloges ,

2014]. Stream power mapping has been successfully used to identify erosional and deposi-

tional areas [Bizzi and Lerner , 2015; Parker et al., 2015]; however, quantitative estimates

of sediment transport capacity may be needed to answer river management questions. The

sediment transport equations developed here address this gap.

Others have recognized the benefits of a stream power approach to sediment transport

modeling and several existing sediment transport equations use specific stream power. The

most widely used of these is the Bagnold [1980] empirical bedload equation; however, this

equation also relies on flow depth — directly and indirectly through calculation of the critical

specific stream power for incipient motion. This renders the equation impractical to apply

throughout a stream network. I adapted the Bagnold bedload equation — eliminating its

dependence on flow depth — and developed a total load equation using the same set of

variables.

The proliferation of sediment transport equations has been criticized as excessive —

“there appears to be more bed load formulas than there are reliable data sets by which

to test them” [Gomez and Church, 1989] — and the development of yet another equation

may be unwelcome. Sediment transport formulas, however, should be considered part of a

toolbox, where each tool has its own purpose. While I add more equations to the toolbox,

they have a specific role that is currently unfulfilled — to model sediment transport where

only limited data are available.

This chapter has three objectives. First, I test several methods to estimate critical specific

stream power for incipient motion. I show that a simple approach using only sediment grain

size [Parker et al., 2011] is as accurate as more data intensive methods. Second, I develop

new bedload and total load formulas based on Bagnold’s stream power approach but with no

flow depth term. I examine the sensitivity of these new equations and show the most difficult
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to quantify variables (grain size and dimensionless critical specific stream power) have the

smallest influence on calculated transport rates. Third, I use the bedload equation in a simple

channel incision model and show it is as accurate as a physically detailed morphodynamic

model. These new transport equations are accurate and rely on variables that are easy to

quantify at network scales, making them suitable for a wide array of watershed management

applications.

3.2 Background

3.2.1 Limitations of Shear Stress-Based Transport Equations

Sediment transport equations generally follow a consistent pattern. Some measure of the

excess available force or energy of the flowing water (i.e. total force less some critical force

for incipient motion) is directly related to sediment transport rates. Many equations use

excess shear stress [Meyer-Peter and Müller , 1948; Parker et al., 1982; Wilcock and Crowe,

2003] where critical shear stress is often expressed in dimensionless form, also known as the

Shields parameter (θc; Shields [1936]):

θc =
τc

((ρs − ρ)gDs)
=

hS

((s− 1)Ds)
(3.2)

where τc is critical shear stress [Pa], ρs and ρ are sediment and fluid density [kg m−3], g is

gravitational acceleration [m s−2], h is flow depth [m], S is water surface slope [m m−1], Ds is

a representative grain size [m], usually assumed to be the median grain size, D50, and s is the

sediment specific gravity (assumed to be 2.65). Shear stress and the Shields parameter rely

on flow depth, a limitation for quantifying incipient motion in data poor areas or throughout

stream networks. Depth may be calculated using discharge and a flow resistance equation,

but this approach relies on assumptions of channel geometry which are not always applicable

[Recking , 2013].
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In addition to relying on flow depth, another downside of using the Shields parameter is its

tendency to increase with channel slope [Lamb et al., 2008; Recking , 2009; Parker et al., 2011;

Camenen, 2012; Ferguson, 2012] which could cause over-prediction of sediment transport

rates in steep streams. Stream power based sediment transport equations may be more

accurate in these cases because dimensionless critical specific stream power is uncorrelated

with slope [Ferguson, 2005; Parker et al., 2011].

Despite its popularity, shear stress may not be the most appropriate basis for sediment

transport equations. In a comprehensive analysis, specific stream power was shown to be

more correlated with bedload transport rates than either shear stress or velocity [Parker ,

2010; Parker et al., 2011]. Excess specific stream power to the 3/2 power — without any

other variables — predicted bedload transport rates with an R2 value of 0.656 [Martin and

Church, 2000], further demonstrating the strength of this variable for sediment transport

modeling. In a comparison study using data from a gravel-bed Austrian river, stream power

equations were shown to perform markedly better than shear stress formulas [Habersack and

Laronne, 2002]. Shear stress may be more physically representative of sediment transport

mechanisms than specific stream power; however, the reach average shear stress is often

used, which is not an accurate estimate of the force acting on individual grains.

3.2.2 Incipient Motion

Several methods have been proposed to quantify critical specific stream power (ωc) for

incipient motion, but most require additional data that are not easily quantified at the

watershed scale. For example, the Bagnold [1980] formula for ωc is dependent on flow depth

to account for flow resistance (via relative roughness):

ωc = 5.75×
(
g

ρ

)0.5

[0.04(ρs − ρ)D50]
3/2 × log

12h

D50

(3.3)
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where ωc is in units of kg m−1 s−1. Note that the units here are different from in Equa-

tion (3.1) because Bagnold divided ω by gravitational acceleration to yield the same units

as bedload transport rate [Ferguson, 2005; Parker et al., 2011].

Camenen [2012] and Ferguson [2012] used theoretical approaches to develop equations

to predict dimensionless critical specific stream power (ωc∗) as a function of grain size and

grain sorting (D84/D50), respectively. Dimensionless specific stream power is defined as:

ω∗ =
ω

ρ((s− 1)gD50)3/2
(3.4)

where here, ω is in units of N m−1 s−1 (or W m−2).

Because grain size and grain sorting are both correlated with channel slope, Camenen

and Ferguson’s equations both predict a non-linear relationship between slope and ωc∗. But,

these equations predict ωc∗ varies by only a factor of ∼1.5 for a wide range of slopes (0.02

– 30%). Eaton and Church [2011] proposed another method for determining ωc∗ using the

Shields parameter and a flow resistance term. Since both parameters vary with slope, this

approach also has an inherent slope dependence.

Parker et al. [2011] collected incipient motion data from field and flume studies and

showed that dimensionless critical specific stream power (ωc∗) was not correlated with slope

and had a mean value of ∼0.1. Using this estimate, ωc can be calculated from Equation (3.4)

using only grain size.

The Parker et al. [2011] method for quantifying ωc is attractive in its simplicity, but

other approaches may be more robust [Bagnold , 1980; Eaton and Church, 2011; Camenen,

2012; Ferguson, 2012]. I compare the accuracy of all these methods to determine which is

most appropriate for the new sediment transport equations.

3.2.3 Sediment Transport Equations

Bagnold [1966] defined stream power as the available power supply in a stream and used

it to derive a theoretical bedload transport relationship [Bagnold , 1973]. Unfortunately, this
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equation failed to match field observations, leading Bagnold to develop an empirical version

[Bagnold , 1977, 1980]:

qb
qb,ref

=
s

s− 1

[
ω − ωc

(ω − ωc)ref

]3/2(
h

href

)−2/3(
D50

D50,ref

)−1/2
qb,ref = 0.1 kg m−1 s−1, (ω − ωc)ref = 0.5kg m−1 s−1

href = 0.1 m, D50,ref = 1.1e−3 m

(3.5)

where qb is the unit bedload transport rate (kg m−1 s−1 dry mass), and ω and ωc are specific

and critical specific stream power, respectively (also in kg m−1 s−1). The term s/(s− 1) was

added to convert from immersed to dry mass [Gomez and Church, 1989]. The subscript ref

refers to reference values which Bagnold used to make this empirical equation dimensionless.

Martin and Church [2000] made this equation dimensionally consistent without relying

on reference values:

qb = [ω − ωc]3/2
D

1/4
50

h

1

ρ
1/2
r g1/4

(3.6)

where ρr is submerged sediment density (ρs − ρ). They determined that this equation out-

performed all other variations they examined, including Bagnold’s 1980 version. A more

recent analysis using a comprehensive bedload transport dataset resulted in a purely em-

pirical equation using only dimensionless specific stream power [Parker , 2010; Parker et al.,

2012]:

qb∗ =


100ω6

∗, for ω∗ < 0.25

0.2ω1.5
∗ , for ω∗ ≥ 0.25

(3.7)

where qb∗ is dimensionless unit bedload transport rate (analogous to Einstein’s sediment

transport parameter but with different units of bedload transport):

qb∗ =
qb

ρ((s− 1)gD50)3/2
(3.8)
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where qb is in units of N m−1 s−1 (submerged weight of sediment). Another empirical

relationship relates dimensionless specific stream power to a new dimensionless transport

parameter, E∗ [Eaton and Church, 2011]:

E∗ =

[
0.92− 0.25

[
ωc∗
ω∗

]1/2]9
(3.9)

where ωc∗ can be calculated using the Shields parameter and a flow roughness variable (see

Section A). The dimensionless transport parameter is a function of transport rate, unit

discharge, and slope:

E∗ =
(s− 1)qb

qS
(3.10)

where qb is in units of m3 m−1 s−1 and q is unit discharge (Q/w; m2 s−1).

Williams [1970] used flume data — accounting for the effects of wall roughness — to show

that, all else being equal, sediment transport rate increased as depth decreased. Expanding

this to field data, Bagnold [1977] confirmed that bedload transport rate was inversely related

to relative roughness (h/D50). While the Bagnold [1980] transport equation did not con-

tain relative roughness explicitly, sediment transport rate is inversely related to flow depth

(Equation (3.5)).

Since the purpose of simplifying the Bagnold sediment transport relationship is to elim-

inate the depth term without losing significant predictive power, I selected another variable

that is proportional to depth — unit discharge (q = Q/w). From continuity, I can show that

flow depth is related to unit discharge:

Q = whV

Q

wV
=

q

V
= h

(3.11)

where V is flow velocity [m s−1], and q is unit discharge [m2 s−1]. Depth and unit discharge

are only equal at constant velocity. Also, depth is influenced by roughness and I neglect

roughness effects on sediment transport by using unit discharge instead. Despite this simpli-
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fication, I will show that using q in place of depth does not substantially reduce the accuracy

of the sediment transport equations. In this paper, I developed and tested new bedload and

total load equations with a similar form as Bagnold [1980] and Martin and Church [2000],

but using unit discharge in place of depth. These equations have the following structure:

qs = a[ω − ωc]bDs
cqd (3.12)

where a, b, c, and d are empirically fit values.

3.3 Methods

3.3.1 Data Collection

I collected flume data of incipient grain motion from the literature, including sources used

by others in critical stream power analyses (Table 3.1; Parker et al. [2011]; Camenen [2012];

Ferguson [2012]). The definition of incipient motion varied among these datasets which may

impact direct comparison among sources. The full incipient motion database is included in

the supplemental material.

Sources of flume and field bedload transport data are summarized in Table 3.2. When

testing bedload transport equations, it is important to use data at equilibrium transport

[Gomez and Church, 1989]. Equilibrium transport assumes steady flow and constant sedi-

ment characteristics but may be practically achieved if the material in transport is repre-

sentative of the material in the streambed. The data compiled by Gomez and Church [1988]

meet the equilibrium transport standard by ensuring the bedload D50 is within one phi unit

of the subsurface bed D50 (where phi = − log2(Ds)). Additionally, Gomez and Church [1988]

excluded flume data if bedforms were observed, the Froude number was greater than one, or

the width-depth ratio was less than ten.

Additional bedload transport data were obtained from other sources [Yang , 1979; Williams

and Rosgen, 1989; Bravo-Espinosa, 1999; Almedeij , 2002; King et al., 2004; Parker , 2010;
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Hinton et al., 2016]. I assessed equilibrium transport conditions using two methods. If full

bed material and bedload grain size distributions were available, I adjusted transport rates

to include only the fraction of the bedload that was within one phi unit of the bed material

D50 (after Parker [2010]). If these full grain size distributions were not available, I only

included data where the bedload D50 was within one phi unit of the subsurface D50 (after

Gomez and Church [1988]).

I obtained total load transport data from Brownlie [1981]. Only a subset of these data

were used, consistent with Brownlie’s criteria for the development of his total load equation

[Brownlie, 1982]. I filtered data using the following restrictions: 0.062 mm < D50 < 2 mm;

σg < 5; w/h > 4; Rh/D50 > 100, and Qt > 10 ppm. Despite using the same criteria, I

kept more data points than Brownlie (1,463 compared to 999). I made sidewall corrections

[Vanoni , 1975] to adjust hydraulic radius for the Ackers and White [1973], Engelund and

Hansen [1967], and Brownlie [1982] total load equations. The full bedload and total load

datasets are included in the supplemental material.
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Table 3.1: Summary of data used in the incipient motion analysis. 1This analysis used the full sediment transport dataset.

Study Abbr. Type N Slope [m m−1] ω [W m−2] D50 [mm] Incipient Method

Bathurst et al. [1987] Bathurst Flume 12 0.005–0.09 7.6–55.6 11.5–44.3 Extrapolating graphical relationships between wa-
ter discharge and sediment discharge

Bathurst [1979] cited in Bathurst
[2013]

Bathurst 2 Flume 3 0.05–0.08 5.1–35.3 8.8–34 Extrapolating graphical relationships between wa-
ter discharge and sediment discharge

Dey and Raju [2002] Dey.Raju Flume 33 0.0101–0.0169 1.2–4.6 4.89–9.47 All surface fractions showed movement
Ikeda [1983] cited in Bathurst [2013] Ikeda Flume 3 0.0025–0.009 2.7–4.6 6.4 Extrapolating graphical relationships between wa-

ter discharge and sediment discharge
Johnson [1943] cited in Parker
et al. [2011]

Johnson Flume 21 0.0015–0.1 0.1–1.8 1.4–4.4 qb∗ = 0.0001; extrapolated from sediment trans-
port data1

Mizuyama [1977] Mizuyama Flume 12 0.01–0.2 2.1–22.4 6.4–22.5 Extrapolating graphical relationships between wa-
ter discharge and sediment discharge

Meyer-Peter and Müller [1948]
cited in Bathurst [2013]

MPM Flume 7 0.00275–0.0065 1.2–62 3.3–28.65 Extrapolating graphical relationships between wa-
ter discharge and sediment discharge

Parker et al. [2011] Parker Flume 14 0.0071–0.0167 3.3–8.6 6–11.5 qb∗ = 0.0001; extrapolated from sediment trans-
port data1

Prancevic and Lamb [2015] and
Prancevic et al. [2014]

Prancevic Flume 20 0.031–0.41 5.6–12.9 15 Extrapolating graphical relationships between wa-
ter discharge and sediment discharge

Shvidchenko and Pender [2000]
cited in Parker et al. [2011]

S.P Flume 33 0.0019–0.0287 0.2–9.8 1.5–12 qb∗ = 0.0001; extrapolated from sediment trans-
port data1

Saad [1989] Saad Flume 21 0.0049–0.0253 0.2–29.8 7–40 W = 0.02 [Taylor , 1971]
King et al. [2004] -- Field 45 0.0005–0.057 18.3–174.4 9–186 qb∗ = 0.0001; extrapolated from sediment trans-

port data1
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Table 3.2: Summary of bedload transport data used in this analysis (excluding data where no transport was predicted). 1Data used to
fit Equation (3.15).

Source Type Site N D50 [m] S [m m−1] qb [kg m−1 s−1] ω [W m−2]

Almedeij [2002] Field Goodwin Creek 92 0.0117 0.0024 - 0.0034 0.0057 - 2.98 25.5 - 45.1

Bravo-Espinosa [1999] Field

Chippewa River at Durand 25 6.00E-04 3e-04 - 4e-04 0.00386 - 0.11059 0.9 - 11.4
Chippewa River at Pepin 18 5.00E-04 2e-04 - 6e-04 0.00684 - 0.05307 1.3 - 5.3
North Fork Toutle River 6 0.01 0.0032 - 0.0079 1.61224 - 5.72881 71.3 - 123.2
Toutle River 13 0.008 0.0019 - 0.0055 0.14581 - 3.46269 17.1 - 412.3
Wiconsin River 19 4.00E-04 2e-04 - 5e-04 0.00479 - 0.13881 0.8 - 17.9
Yampa 29 6.00E-04 5e-04 - 9e-04 0.00812 - 0.85806 1.8 - 39.9

Gomez and Church [1988]

Field

Clearwater River1 5 0.032 4e-04 - 6e-04 0.0317 - 0.2581 47.2 - 129.2
East Fork River1 38 0.0012 7.00E-04 0.0112 - 0.1268 3.2 - 15.1
Elbow River1 19 0.027 0.0074 0.0385 - 0.9242 74.6 - 146.7
Mountain Creek1 37 9.00E-04 0.0015 - 0.0016 0.00467 - 0.0262 0.6 - 1.6
Snake River1 17 0.032 7e-04 - 0.0011 0.0161 - 0.3103 43.5 - 177.1
Tanana River1 14 0.0076 5e-04 - 6e-04 0.0327 - 0.2482 13.1 - 27.3

Flume

ETH: 21 14 0.0015 0.0022 - 0.0029 0.0045 - 0.147 0.9 - 4.7
ETH: 31 6 0.0037 0.008 - 0.0083 0.059 - 0.332 4 - 8.8
IIHR: 1 11 0.0044 0.0035 - 0.0048 0.00012 - 0.01844 1.1 - 3.2
IIHR: 2 25 0.0034 0.0012 - 0.0095 4e-05 - 0.01976 0.5 - 2.5
IIHR: 3 30 0.0023 0.0016 - 0.005 4e-05 - 0.02315 0.5 - 1.4
IIHR: 4 37 0.0014 0.0014 - 0.01 5e-05 - 0.01978 0.2 - 0.9
IIHR: 5 14 0.0036 0.0027 - 0.0054 5e-05 - 0.01724 0.9 - 2.9
IIHR: 6 34 0.0018 0.0016 - 0.005 4e-05 - 0.01703 0.4 - 1
Ikeda1 7 0.0065 0.0023 - 0.0052 3e-04 - 0.0779 3.7 - 9.2
Paintal 75 0.0025 - 0.0222 0.0012 - 0.0092 0 - 0.04961 0.2 - 25.1
Wilcock - 0.5Phi1 1 0.0018 0.001 1.00E-05 0.5
Wilcock - 1.0Phi1 2 0.0018 0.001 - 0.0011 2e-05 - 3e-05 0.5 - 0.6
Wilcock - CUNI1 4 0.0053 0.0026 - 0.0049 0 - 0.00096 1.6 - 4.4
Wilcock - MUNI1 2 0.0019 0.001 - 0.0012 0 - 0.00036 0.5 - 0.7
Williams1 19 0.0014 6e-04 - 0.0044 0.0014 - 0.0865 0.5 - 5.3
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Table 3.2: Summary of bedload transport data used in this analysis (excluding data where no transport was predicted). 1Data used to
fit Equation (3.15).

Source Type Site N D50 [m] S [m m−1] qb [kg m−1 s−1] ω [W m−2]

Hinton et al. [2016] Field

Annie Creek 20 0.009 0.0026 0.00083 - 0.02889 6.3 - 12.7
Cache Creek near Jackson 1 0.046 0.021 0.00096 106.7
Cherry Creek 1 0.048 0.0051 0.00043 19.5
East St. Louis Creek 10 0.051 0.054 - 0.0577 0.00038 - 0.0033 135.6 - 228.3
Fall Creek 5 0.078 0.0349 0.00143 - 0.01462 75.3 - 109.6
Fool Creek 3 0.038 0.055 8e-04 - 0.00255 74.5 - 130.3
Goose Creek 2 2 0.092 0.01 0.01125 - 0.03109 22.4 - 47.1
Little Granite Creek 3 0.058 0.02 0.04268 - 0.04946 167.8 - 319.3
Oak Creek 19 0.063 0.0094 - 0.0126 0 - 0.10961 1 - 89.2
Paradise Creek 6 0.021 0.0027 7e-05 - 0.00327 7.8 - 12.1
Sagehen Creek 4 0.058 0.0095 - 0.011 0.01155 - 0.02228 66.8 - 112.3
South Fork Sprague River 1 0.039 0.0067 0.00027 51.2
St. Louis Creek Site 2 3 0.076 0.015 - 0.019 0.00179 - 0.00499 121.5 - 152.2
St. Louis Creek Site 3 3 0.082 0.017 - 0.018 0.00111 - 0.00271 105.7 - 114.8
Sycan River above Marsh 16 0.016 0.0012 0.00017 - 0.01563 3.5 - 10
Tom McDonald Creek 4 0.015 0.006 0.00044 - 1.55556 16.8 - 75.9
West Fork San Juan Lower 1 0.042 0.0029 0.00627 15.4
Wolf Creek at Bridge 1 0.049 0.0163 0.01172 58.3

King et al. [2004] Field

Big Wood River 27 0.119 0.0091 0.00081 - 0.05063 45 - 216.1
Blackmare Creek 1 0.099 0.0299 0.00061 69.4
Boise River 4 0.074 0.0038 0.00199 - 0.12124 83.6 - 187.8
Bruneau River 42 0.034 0.0054 8e-05 - 0.00572 28 - 95.8
Cat Spur Creek 9 0.027 0.0111 3e-05 - 0.00332 9.5 - 37.3
Fourth of July Creek 8 0.051 0.0202 0.00015 - 0.00099 53.3 - 90.8
Hawley Creek 21 0.04 0.0233 3e-05 - 0.00221 19 - 68.5
Herd Creek 4 0.067 0.0077 0.00103 - 0.00202 21.5 - 48.9
Jarbidge River 13 0.092 0.016 0.00033 - 0.00645 43.8 - 165.6
Lolo Creek 5 0.068 0.0097 8e-05 - 0.00343 15.4 - 174.5
Main Fork Red River 15 0.059 0.0059 7e-05 - 0.00429 13.7 - 105.3
Marsh Creek 27 0.056 0.006 0.00015 - 0.00711 19.2 - 93.4
Middle Fork Salmon River 9 0.146 0.0041 0.01214 - 0.03301 191.1 - 260.2
North Fork Clearwater River 5 0.0775 5.00E-04 0.00259 - 0.12217 23.9 - 51.1
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Table 3.2: Summary of bedload transport data used in this analysis (excluding data where no transport was predicted). 1Data used to
fit Equation (3.15).

Source Type Site N D50 [m] S [m m−1] qb [kg m−1 s−1] ω [W m−2]

King et al. [2004] Field

Rapid River 12 0.079 0.0108 0.00054 - 0.02664 68.1 - 213.4
Salmon River near Obsidian 37 0.061 0.0066 8e-05 - 0.01887 55.5 - 94.6
Salmon River near Shoup 43 0.096 0.0019 0.00213 - 0.22411 71.9 - 116.1
Selway River 2 0.186 0.0021 0.00452 - 0.01599 220.7 - 224.9
South Fork Payette River 34 0.0825 0.004 0.00038 - 0.04334 15.7 - 163
South Fork Red River 2 0.096 0.0146 0.00064 - 0.00075 190.1 - 192.5
South Fork Salmon River 16 0.038 0.0025 2e-05 - 0.00269 35.8 - 104.7
Squaw Creek (USFS) 32 0.027 0.024 0 - 0.01621 21 - 105.7
Squaw Creek (USGS) 24 0.0445 0.01 0.00013 - 0.00303 32.3 - 52.8
Thompson Creek 15 0.062 0.0153 0.00014 - 0.00398 21.9 - 76.6
Trapper Creek 1 0.076 0.0414 0.00102 149.9
Valley Creek 51 0.04 0.004 3e-05 - 0.01489 13.3 - 86.3

Williams and Rosgen [1989] Field

Black River 7 5.00E-04 1e-04 - 3e-04 0.01213 - 0.04134 0.4 - 3.4
Chippewa River near Caryville 7 0.0044 2e-04 - 3e-04 8e-05 - 0.00874 1.6 - 7.7
Chulitna River near Talkeetna 36 0.0106 4e-04 - 0.0026 0.00662 - 0.5567 8 - 253.2
Muddy Creek 21 8.00E-04 0.0012 0.00018 - 0.10115 0.5 - 3.9
Pony Creek 13 0.0021 0.005 - 0.006 1e-05 - 0.00111 3-Jan
Rich Creek 2 0.0544 0.039 0.00106 - 0.00415 79.1 - 96.1
Susitna River at Sunshine 24 0.0394 0.0012 - 0.0024 0.0022 - 0.21151 46.4 - 214
Susitna River near Talkeetna 11 0.0535 0.0012 - 0.0018 0.00082 - 0.02006 35.2 - 86.3
Tanana River at Fairbanks 30 0.0024 4e-04 - 0.0041 0.00232 - 0.18377 10.6 - 157.9
Trail Creek 13 0.0025 0.018 7e-05 - 0.01548 6.3 - 28.8

Yang [1979]

Field

Niobrara River 25 3.00E-04 0.0011 - 0.0018 0.07127 - 1.05258 3.2 - 12.7
Middle Loup River 15 3.00E-04 9e-04 - 0.0015 0.08205 - 0.42839 2.5 - 4.1
Mississippi River 25 2e-04 - 8e-04 0 - 1e-04 0.00807 - 2.08758 1.9 - 20.5
Rio Grande A 42 2e-04 - 4e-04 7e-04 - 9e-04 0.03777 - 5.0349 2 - 26.4

Flume

Gilbert 630 3e-04 - 0.0017 0.0013 - 0.0296 0.00218 - 1.06545 0.2 - 11.3
Guy 315 2e-04 - 9e-04 1e-04 - 0.0193 1e-05 - 12.00662 0.1 - 60.8
Kennedy 41 2e-04 - 5e-04 0.0017 - 0.0272 0.00722 - 2.52413 0.6 - 14.4
Nomicos 12 2.00E-04 0.002 - 0.0039 0.00348 - 0.21597 0.3 - 1.5
Rio Grande B 31 1e-04 - 2e-04 1e-04 - 0.0043 0.00485 - 7.14127 0.4 - 23.2
Shvidchenko and Pender 253 0.0015 - 0.012 0.0019 - 0.0287 0 - 0.02019 0.1 - 11.4



55

Table 3.2: Summary of bedload transport data used in this analysis (excluding data where no transport was predicted). 1Data used to
fit Equation (3.15).

Source Type Site N D50 [m] S [m m−1] qb [kg m−1 s−1] ω [W m−2]

Yang [1979] Flume

Shvidchenko 94 0.0026 - 0.0064 0.0041 - 0.0141 1e-05 - 0.03034 0.7 - 6.2
Stein 42 4.00E-04 6e-04 - 0.0108 0.00771 - 4.74627 0.7 - 28.9
Vaoni and Brooks 14 1.00E-04 7e-04 - 0.0028 0.00041 - 0.09522 0.2 - 0.9
Wilcock 34 0.0053 - 0.0122 0.0032 - 0.0204 0 - 0.50444 1.8 - 24.6
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3.3.2 Incipient Motion Analysis

Flume and field data were used to examine the relationship between ωc∗ and channel

slope. I also assessed the accuracy of five methods for computing critical specific stream

power: Bagnold [1980]; Eaton and Church [2011]; Parker et al. [2011]; Camenen [2012];

Ferguson [2012] (see Appendix A for details on these methods). Only flume data were

included in this analysis because field data did not include all the inputs required by these

methods.

Critical specific stream power for field data and three flume studies [Johnson, 1943;

Shvidchenko and Pender , 2000; Parker et al., 2011] was computed indirectly. Dimensionless

bedload transport rate (qb∗, Equation (3.8)) was plotted versus dimensionless specific stream

power (ω∗, Equation (3.4)). A best fit line was computed as the bisector of the y-on-x

and x-on-y least-squares regression lines using log10-transformed data. I adjusted the fitted

coefficient for de-transformation bias after Ferguson [1986]:

cadj = 10corig × e2.65s2 (3.13)

s2 =
1

n− 2

n∑
i=1

(qb∗i − qb∗,pred,i)2 (3.14)

where cadj is the adjusted coefficient (in normal space), corig is the original (in log space), s2

is the estimated variance, and n is the total number of data points. Dimensionless critical

specific stream power was calculated as the intersection of this best fit line and qb∗ = 0.0001,

a value corresponding to incipient motion of bed particles [Parker et al., 2011; Ferguson,

2012]. I used best judgment to excluded field sites with insufficient data to develop an

accurate best fit or if substantial extrapolation was required to reach qb∗ = 0.0001.

I quantified how the uncertainty in ωc∗ is translated into uncertainty in ωc for a range

of grain sizes. Monte Carlo simulations were run selecting ωc∗ values from a lognormal
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distribution that approximated the collected flume and field data (log-mean = -2.51, log-sd

= 0.40) and computing ωc using Equation (3.4).

3.3.3 Bedload Transport Equation

I developed a new version of the Bagnold [1980] empirical bedload transport equation

using unit discharge in place of flow depth. I first created a dimensionally consistent equa-

tion following Martin and Church [2000]; however, the dimensionally consistent equation was

relatively inaccurate and was therefore not included in further analysis. Instead, I developed

empirical equations using a similar transport dataset as Martin and Church [2000], but using

the Parker et al. [2011] equation for ωc (ωc∗ = 0.1; Equation (3.4)). Only the subsurface

D50 was available for these data, which may alter the empirical fits. I used multiple lin-

ear regression of the log10-transformed data, with coefficient bias correction after Ferguson

[1986].

The initial fitted exponents were very close to rational fractions. These exponents were

fixed and only the coefficient was allowed to vary yielding a new version of the Bagnold

[1980] equation but with unit discharge in place of flow depth:

qb = a [ω − ωc]3/2Ds
−1/2q−1/2 (3.15)

where the coefficient a is 0.0044 if ω and ωc are in units of kg m−1 s−1 (after Bagnold’s

original definition) but is 1.43e-4 if ω and ωc are in units of W m−2.

Despite the strong physical basis for including a threshold of motion (e.g. critical spe-

cific stream power) in bedload transport equations, inaccuracies in ωc can cause transport

equations to predict no sediment movement when movement occurs. To avoid this issue,

I developed an alternative equation with no critical specific stream power. This equation,

however, performed poorly (root-mean-square error (RMSE) = 2.81 and R2 = 0.66). The

Parker [2010] bedload equation is a more accurate option that does not rely on critical

specific stream power.
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I used the full bedload transport dataset to test the new empirical equation against four

existing stream power based formulas: Bagnold [1980]; Martin and Church [2000]; Parker

[2010]; Eaton and Church [2011]. I quantified equation accuracy using four metrics: RMSE

(Equation (3.16)), root-mean-square-logarithmic-error (RMSLE; (Equation (3.17)), Theil

[1958] measure of association (U; (Equation (3.18); Smith and Rose [1995]), and the adjusted

coefficient of determination using log10-transformed data (R2; (Equation (3.19)).

RMSE =

√√√√ 1

n

n∑
i=1

(qb,i − qb,pred,i)2 (3.16)

RMSLE =

√√√√ 1

n

n∑
i=1

(log qb,i − log qb,pred,i)
2 (3.17)

U =

√
1
n

∑n
i=1 (qb,i − qb,pred,i)2√

1
n

∑n
i=1 qb,i

2 +
√

1
n

∑n
i=1 qb,pred,i

2
(3.18)

R2 = 1−
1−

∑n
i=1(log qb,i−log qb,pred,i)

2∑n
i=1(log qb,i−logmean(qb,i))

2 × (n− 1)

n− p− 1
(3.19)

where n is the sample size and p is the number of fitted model parameters.

Each of these error measures has benefits and drawbacks and it is useful to examine them

collectively to assess model fit. RMSE is the average error across all observations and is in the

same units as sediment transport (kg m−1 s−1 or ppm); however, high transport values have

a larger influence on estimating model accuracy due to the orders of magnitude variation

in transport data. I therefore used log-transformed data for the RMSLE and adjusted R2

value to obtain a more balanced error estimate. Similar to R2, Theil’s measure of association

estimates relative error (on a 0 to 1 scale), but it also accounts for how close predictions

are to the 1:1 line [Smith and Rose, 1995]. Smaller values indicate a better fit for RMSE,
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Table 3.3: Summary of distributions used in the bedload sensitivity analysis.

Variable Distribution Min Max

D50 [m] Log-Uniform 0.0001 0.2
ωc∗ Lognormal (mean = -2.4, sd = 0.46) 0.03 0.3
Slope [m m−1] Lognormal (mean = -5.6, sd = 1.83) 5e-5 0.06
Discharge [m3 s−1] Lognormal (mean = 1.45, sd = 3.50) 0.008 6000
Width [m] Lognormal (mean = 2.2, sd = 1.96) 0.2 500

RMSLE, and U, while higher values do for R2. Data were only used if all equations predicted

transport to allow direct comparisons between formulas.

I used a density-based sensitivity analysis [Plischke et al., 2013] to assess the relative

importance of equation variables on calculated sediment transport rates. Briefly, condi-

tional probability density functions (pdfs) for each input variable are compared to the full

output pdf. Larger differences between the conditional and full pdfs indicate larger param-

eter influence on model output. I estimated input variable distributions based on observed

distributions in the collected bedload transport data (Table 3.3).

3.3.4 Total Load Transport Equation

Because the dimensionally consistent bedload transport equation failed to predict ob-

served transport rates, I opted for a purely empirical approach to develop a total load

equation. The total load database was randomly split into a “training” set (N = 731) and

a “testing” set (N = 732). I used the same parameter set as the bedload formula and fit

the model using multiple linear regression on the log10 transformed training set, with bias

correction. Like the empirical bedload equation, fitted exponents were close to rational

fractions. Fixing these exponents and allowing only the coefficient to vary yielded:

Qt = a [ω − ωc]3/2Ds
−1q−5/6 (3.20)
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Table 3.4: Summary of distributions used in the total load sensitivity analysis.

Variable Distribution Min Max

D50 [m] Lognormal (mean = -7.9, sd = 0.52) 0.00008 0.002
ωc∗ Lognormal (mean = -2.4, sd = 0.46) 0.03 0.3
Slope [m m−1] Lognormal (mean = -8.4, sd = 1.20) 9e-6 0.02
Discharge [m3 s−1] Lognormal (mean = 4.4, sd = 3.33) 0.002 30000
Width [m] Lognormal (mean = 6.0, sd = 1.34) 0.3 1200

Table 3.5: Ranges of values for which the new bedload (Equation (3.15)) and total load (Equa-
tion (3.20)) equations were tested.

S [m m−1] Q [m3 s−1] w [m] D50 [mm] q [m2 s−1] ω [W m−2] Transport Rate

Bedload 4.28e-5–5.77e-2 3e-4–13,248 0.13–532 0.137–186 0.001–24.9 0.092–412 7e-9–12 kg m−1 s−1

Total load 9.6e-6–1.7e-2 2e-3–28,825 0.27–1,110 0.085–1.5 0.005–40 0.2–161 11–47,300 ppm

where Qt is the total load sediment concentration [ppm]. The coefficient a is 0.6568 if ω and

ωc are in units of kg m−1 s−1 but is 0.0214 if ω and ωc are in units of W m−2.

I used the testing dataset to compare Equation (3.20) with three existing total load

equations: Ackers and White [1973]; Engelund and Hansen [1967]; Brownlie [1982] (see

Appendix for formulas). The Ackers and White and Engelund and Hansen equations were

chosen because they performed best among the equations examined by Brownlie [1982]. I also

performed a sensitivity analysis of Equation (3.20). Input distributions were estimated based

on observed distributions in the collected total load transport data (Table 3.4). Table 3.5

shows ranges of input values for which the bedload and total load equations were tested. All

analyses were done in R version 3.2.5 [R Core Team, 2018].

3.3.5 Incision Modeling

I tested the applicability of the bedload transport relationship by modeling channel inci-

sion using the flume experiment of Ashida and Michiue [1971]. The total load equation was

not used because the grain sizes in this experiment were much coarser than the grain sizes

used to fit this equation. I used data from Run 6 of their experiments from a 20 m long, 0.8
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m wide rectangular flume with an initial bed slope of 0.01 and a constant discharge of 0.0314

m3 s−1. They used a graded sediment mixture with a mean of 2.47 mm and a standard

deviation of 3.73 mm. The bed slope was initially stable and the sediment feed was cut off

at the start of the experiment. The downstream bed elevation was controlled by a weir.

While the goal of this chapter was to develop sediment transport equations for applica-

tion throughout a river network, I chose to test the bedload equation using a flume dataset

for two reasons. First, there are limited field data describing network-scale channel inci-

sion. Second, flume studies generally have more accurate data and simpler conditions (e.g.

constant discharge and fixed width) which allowed me to examine the uncertainty in the bed-

load transport equation while minimizing confounding factors. Ashida and Michiue’s data

have the added benefit of being used to test a complex morphodynamic channel degradation

model: CONservational Channel Evolution and Pollutant Transport System (CONCEPTS)

[Langendoen and Alonso, 2008]. I compared the incision model output to the experimental

results and the CONCEPTS results.

In the Ashida and Michiue [1971] experiments, the flume incised while the bed armored,

which controlled the extent and rate of channel degradation. To account for this armoring

process, I modeled sediment transport by grain size fraction. Since no stream power based

hiding function exists, I adjusted each representative grain size to calculate ωc [Garbrecht

et al., 1995; Langendoen and Alonso, 2008]:

Dc,k = Dk

(
Dm

Dk

)η
(3.21)

where Dc,k is the adjusted critical grain size of size class k, Dk is the actual grain size,

Dm is the geometric mean grain size of the bed, and η is a hiding coefficient. Following

Langendoen and Alonso [2008], I set η equal to 0.7. Channel incision was modeled using the

Exner equation:

∂z

∂t
= − 1

1− λ
∂qs
∂x

(3.22)
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where z is the bed elevation, qs is the volumetric sediment transport rate per unit width,

and λ is the bed porosity. Numerically, the sediment transport rate was estimated using the

Quick scheme [Hirsch, 2007]:

qs,i+1/2 = qs,i +
1

8
(qs,i − qs,i−1) +

3

8
(qs,i+1 − qs,i) (3.23)

where the subscript i refers to the cross section (increasing in the downstream direction) and

the value of ∂qs/∂x from Equation (3.22) is calculated as:

∂qs
∂x

= qs,i+1/2 − qs,i−1/2 (3.24)

The change in the bed grain size distribution was calculated using the following [Langen-

doen and Alonso, 2008]:

∂ps,kAs
∂t

= (1− λ)w
∂zk
∂t

+ psub,kw

(
∂z

∂t
− ∂δs

∂t

)
(3.25)

where ps,k is the proportion of the bed surface for the kth grain size, As is the cross sectional

area of the surface layer, ∂zk/∂t is the bed elevation change from the kth grain size, psub,k

is the proportion of the subsurface for the kth grain size, ∂z/∂t is the total bed elevation

change, and ∂δs/∂t is the change in the surface layer thickness with time (assumed to be

zero). The model was run for 100 hours with ∆x = 1 m, ∆t = 20 s, and λ = 0.4.

Uncertainty in the bedload equation was incorporated into the incision model. I varied the

equation coefficient and exponents uniformly across their 95% confidence intervals estimated

as part of the regression fit. The incision model was run 1000 times, giving a range of

potential channel incision results.
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3.4 Results

3.4.1 Incipient Motion

Figure 3.1 shows ωc∗ plotted versus slope for flume (a) and field (b) data. Lines show

calculated values of ωc∗ using the Camenen [2012] and Ferguson [2012] formulas. Dimen-

sionless critical specific stream power is weakly correlated with slope for flume data but

shows a significant positive correlation with slope for field data. Specifically, Spearman’s

rank-based correlation coefficient (ρ) for flume data is negative, but insignificant at the α

= 0.05 confidence level (ρ = -0.14; p = 0.06). Of all the flume studies, only Dey and Raju

[2002] and Yang et al. [2006] show a significant correlation between ωc∗ and slope (ρ = 0.63;

p < 1e-4 and ρ = 0.56; p = 0.008, respectively). Field data, however, show a significant

positive correlation with slope (ρ = 0.63; p < 1e-5). Combined, the field and flume data are

not correlated with slope (ρ = 0.03; p = 0.63). I found ωc∗ values for flume (0.085 ± 0.030;

mean ± SD) and field data (0.10 ± 0.065), similar to the average of 0.1 found by Parker

et al. [2011], although some of the same data in Parker et al.’s dataset are included in this

analysis.

Figure 3.2 shows observed values of ωc versus values predicted using the methods of

Camenen [2012]; Ferguson [2012]; Bagnold [1980]; Parker et al. [2011], and Eaton and Church

[2011]. The first three methods were slightly more accurate than the latter two, although all

approaches show similar levels of error.

Figure 3.3 shows how uncertainty varies with grain size for ωc values calculated using

Equation (3.4) and the observed distribution of ωc∗. While this uncertainty may be large

for grain sizes greater than ∼20 mm, uncertainty bounds are substantially smaller for finer

grain sizes (95% confidence interval ∼30 W m−2 for 20 mm gravel but ∼0.3 W m−2 for 1

mm sand).

63



Figure 3.1: Relationships between dimensionless critical specific stream power (ωc∗) and channel
slope for flume (a) and field (b) data. Lines correspond to theoretical relationships based on the
models of Camenen [2012] (C.) and Ferguson [2012] (F.).

3.4.2 Bedload Transport Equation

Figure 3.4 compares predicted versus observed bedload transport rates for the new bed-

load equation (Equation (3.15)) and the four established alternatives. The Bagnold [1980]

empirical bedload transport equation performed best, followed by the empirical equation

(Equation (3.15)) and the Parker [2010] equation. The Eaton and Church [2011] and Mar-

tin and Church [2000] equations were generally the least accurate. In all cases, I used

the Parker et al. [2011] approach for estimating critical specific stream power (ωc∗ = 0.1,

Equation (3.4)) since my analysis suggests it is as accurate as other, more complicated alter-

natives. Equations with a critical specific stream power term (Bagnold, Martin and Church,

and Equation (3.15)) predicted no motion for ∼23% of the database (i.e. yielded a cal-

64



Camenen (2012)

data2$omega

pr
ed

ic
te

d[
, i

]

10−1 100 101 102
10−1

100

101

102

RMSLE = 0.18
RMSE = 3.74

U = 0.16
R2 = 0.83

(a) Ferguson (2012)

data2$omega
pr

ed
ic

te
d[

, i
]

10−1 100 101 102
10−1

100

101

102

RMSLE = 0.17
RMSE = 3.3

U = 0.14
R2 = 0.87

(b) Bagnold (1980)

data2$omega

pr
ed

ic
te

d[
, i

]

10−1 100 101 102
10−1

100

101

102

RMSLE = 0.16
RMSE = 3.73

U = 0.18
R2 = 0.83

(c)

Parker et al. (2011)

data2$omega

pr
ed

ic
te

d[
, i

]

10−1 100 101 102
10−1

100

101

102

RMSLE = 0.18
RMSE = 4.28

U = 0.17
R2 = 0.78

(d) Eaton & Church (2011)

data2$omega

pr
ed

ic
te

d[
, i

]

10−1 100 101 102
10−1

100

101

102

RMSLE = 0.25
RMSE = 5.32

U = 0.25
R2 = 0.66

(e)

P
re

di
ct

ed
 °

c [
W

 m
−2

]

Observed ° c [W m−2]

●

●

●

●

●

●

Very Coarse Sand
Very Fine Gravel
Fine Gravel
Medium Gravel
Coarse Gravel
Very Coarse Gravel

Figure 3.2: Predicted versus observed critical specific stream power for collected flume data using
five different approaches.

culated transport rate of zero for sites with observed bedload transport). For consistency,

I included only data points where all equations predicted transport. Testing with the full

dataset (including zero transport predictions), did not change relative equation accuracy

(RMSE decreased slightly for all equations and U was unchanged).

Figure 3.5 presents the results of the sensitivity analysis of Equation (3.15). These results

suggest that discharge and slope have the largest influence on transport rates, while channel

width, grain size, and ωc∗ have only minor effects. This analysis, however, does not account

for the threshold effect of ωc∗ on determining whether transport is predicted; thus, this

variable may be more important than the sensitivity results indicate.
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Figure 3.3: Uncertainty in critical specific stream power (ωc) with grain size based on simulations
using the observed distribution of ωc∗. Observed data points are also shown.

3.4.3 Total Load Transport Equation

Figure 3.6 compares predicted versus observed total load transport rates for Equa-

tion (3.20) and three commonly used total load formulas. The new equation is as accurate

as these alternatives. Equation (3.20) is more parsimonious than Brownlie [1982] and Ackers

and White [1973], and of similar complexity as Engelund and Hansen [1967]. Most impor-

tantly, Equation (3.20) relies on an easily quantified set of input variables, unlike the other

equations which all require velocity and hydraulic radius.

Figure 3.7 shows the results of the sensitivity analysis of Equation (3.20). I converted

total load transport rates from ppm to kg m−1 s−1 for this analysis to allow direct comparison

with the bedload equation. The results show that discharge and slope are the most important

variables, while width, grain size, and ωc∗ have only a small effect.
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Figure 3.4: Predicted versus observed bedload transport rates for the five examined equations.
The solid line is the line of perfect agreement and the dashed lines show ± one order of magnitude.

3.4.4 Incision Modeling

Figure 3.8 shows the results of the incision modeling using the new bedload equation.

I included modeled and observed erosion depth over time for three different cross sections

(Figure 3.8a), the modeled change in longitudinal profile (Figure 3.8b), and modeled and

observed changes in bed grain size distribution for two cross sections (Figure 3.8c–d). Using

the new bedload equation, the incision model agrees well (RMSE = 0.025 m) with Ashida

and Michiue [1971] experimental data and matches the incision rate more closely than the

CONCEPTS results (RMSE = 0.028 m). Uncertainty bands from the Monte Carlo anal-

ysis are shown for the erosion depth results (Figure 3.8a). Generally, there is significant

uncertainty in the incision rate but much less in the predicted final erosion depth. Total
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Figure 3.5: Scatterplots (a–e) show simple correlation between simulated bedload transport rates
and each of the five equation variables (N = 6550). (f) shows bias corrected results of the formal
sensitivity analysis of Equation (3.15). Uncertainty bounds of sensitivity estimates are smaller than
the size of the points.

uncertainty, however, may be greater in systems that do not rapidly adjust to a new stable

state (in this case an armored bed) as error in incision rates will continue to propagate.

3.5 Discussion

3.5.1 Incipient Motion

The Parker et al. [2011] approach to calculating critical specific stream power (ωc∗ =

0.1) has similar accuracy to more complicated and data demanding equations, despite its

simplicity (Figure 3.2). Furthermore, their method is the only one that does not rely on flow

depth or some measure of roughness. Assuming a constant value of ωc∗ (or more realistically,

a distribution of values) allows ωc to be calculated using only grain size.
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Figure 3.6: Predicted versus observed total transport rates for the four examined equations.

I found that ωc∗ is not strongly correlated with slope in the flume dataset consistent with

the findings of other studies [Ferguson, 2012; Parker et al., 2011]. Field data, on the other

hand, were positively correlated with slope. The difference between field and flume data

could result from the larger grain sizes in field sites (mean diameter of 67 mm versus 10 mm

for flume data). Additionally, steeper slopes in the field data may be associated with greater

channel roughness, potentially leading to a correlation between ωc∗ and slope. Finally, the

field ωc∗ values were all computed indirectly which could lead to greater uncertainty in these

values compared to the flume data. Despite the apparent relationship between ωc∗ and slope

for field data, the Parker et al. [2011] model still had relatively low error rates for these data

(RMSLE = 0.26, U = 0.26).
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Figure 3.7: Scatterplots (a–e) show simple correlation between simulated total transport rates
and each of the five equation variables (N = 7650). (f) shows bias corrected results of the formal
sensitivity analysis of Equation (3.20). Uncertainty bounds of sensitivity estimates are smaller than
the size of the points.

3.5.2 Sediment Transport Equations

The new empirical bedload (Equation (3.15)) and total load (Equation (3.20)) transport

equations based on unit discharge instead of flow depth have similar accuracy to more estab-

lished formulas (Figure 3.4 and Figure 3.6). The new bedload equation (Equation (3.15)) is

nearly as accurate as the Bagnold [1980] empirical relationship and performs slightly better

than other alternatives [Martin and Church, 2000; Parker , 2010; Eaton and Church, 2011].

Others have shown that the Bagnold [1980] equation and Martin and Church’s version tend

to underpredict transport rates [Martin, 2003; Martin and Ham, 2005], although they can

overpredict rates in coarser bed streams [Vázquez-Tarŕıo and Menéndez-Duarte, 2015]. Our

analysis also showed the Martin and Church [2000] equation underpredicted transport rates

for finer grain sizes while all equations overpredicted rates for coarse sediment.

70



Figure 3.8: Results of incision modeling using the bedload equation (Equation (3.15)). (a)
Observed erosion depths 7, 10, and 13 m from the downstream end compared to my simulations
(with shaded uncertainty bounds) and those of CONCEPTS; (b) modeled evolution of the channel
bed over time (with cross section locations shown); and observed and simulated changes in grain
size distributions over time 10 m (c) and 13 m (d) from the downstream end.

Differences in equation accuracy may be tied to differences in structure. For example, the

equations have different relationships between bedload transport rate and median bed grain

size. The Bagnold [1980] formula and the new empirical equation (Equation (3.15)) both
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have a negative exponent for grain size (-1/2) while the Martin and Church [2000] equation

has a positive exponent (1/4). Due to the hidden positive correlation between ωc and grain

size, however, the net relationship between transport rate and grain size is positive for all

equations. The former equations perform significantly better than the latter, although this

cannot be attributed solely to grain size scaling.

Our new bedload equation is simple but — like all empirical sediment transport formulas

— fails to account for some processes important in bedload transport. For example, size

segregation on the channel bed can significantly affect transport rates [Frey and Church,

2011]. Our bedload formula can be used to model transport by grain size, using a hiding

function to adjust ωc — as in the incision modeling performed in this study (Equation (3.21));

however, it does not account for kinetic sorting mechanisms which may be a significant control

on bedload transport and bed stability [Bacchi et al., 2014].

Given their simplicity, the Parker [2010] and Eaton and Church [2011] equations are also

suitable for network scale application. The Parker [2010] equation, however, has no incipient

motion criterion, which may be beneficial or detrimental depending on the situation. There is

no general guidance for when it is beneficial to include a critical stream power (or shear stress)

criterion in sediment transport modeling, but Equation (3.15) and the Parker [2010] equation

are two viable alternatives that can be applied in either case. Additionally, the new total

load and bed load equations have the same structure and can be used in combination where

bedload and suspended load transport are occurring at different times or for different grain

sizes. The Eaton and Church [2011] formula relies on a dimensionless critical specific stream

power that is dependent on flow roughness — an impediment to network scale application.

For the dataset used in this study, assuming a constant ωc∗ of 0.1 is just as accurate as their

approach. Using this constant value of ωc∗ makes it easier to apply the Eaton and Church

[2011] bedload equation at the network scale.
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3.5.3 Uncertainty in Sediment Transport Modeling

Much of the uncertainty in sediment transport modeling comes from uncertainty in the

data used to parameterize transport formulas. The sensitivity results for both the new

bedload and total load equations indicate that channel slope and discharge are the most

important variables, while width, grain size, and ωc∗ have only a small effect. This suggests

that the accuracy of sediment flux predictions depends on a robust hydrologic foundation

and accurate topographic data, but is less dependent on accurately quantifying grain size

— a variable that is rarely well measured throughout a channel network. Despite this,

improvements in estimating variability in grain size at network scales would improve the

applicability of these equations in answering watershed management questions.

Sensitivity results are relatively consistent between the two equations, although grain size

has a slightly higher influence in the bedload formula. This could be due to differences in

equation structure as well as the much smaller range of grain sizes in the total load dataset.

The relative unimportance of grain size suggests that observed uncertainty in ωc (Figure 3.3)

should have relatively little influence on calculated transport rates. Equation (3.15), however,

was most accurate for finer grain sizes (sand and fine to medium gravel), suggesting that

this equation may be better suited for finer grained streams. Additionally, coarse grained

streams are more likely to be near threshold conditions where uncertainty in ωc will produce

greater uncertainty in transport rates.

Uncertainty in sediment transport rates translates directly to uncertainty in incision mod-

eling. Quantifying this uncertainty is important, but is less feasible with complicated models

that require long run times. Also, models which require hydraulic modeling are subject to

additional sources of uncertainty (e.g. flow resistance equations and cross section geometry).

Our simple stream power-based approach avoids these issues; however, morphodynamic mod-

els incorporating hydraulics are based on rigorous and physically-based principles and are

likely to perform better in many situations if inputs, parameters, and boundary conditions

can be specified with sufficient accuracy.
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3.6 Conclusions

I developed new bedload (Equation (3.15)) and total load (Equation (3.20)) sediment

transport equations based on specific stream power and with no flow depth term. These

equations can be used with only limited data: channel slope, discharge, width, and bed grain

size. Using a comprehensive dataset from the literature on bedload and total load transport

rates, I show that these new transport equations perform well compared to other formulas

and represent a viable alternative to more complex equations requiring flow depth, flow

resistance equations, or grain sorting. In addition, my results for flume data are consistent

with previous studies indicating that dimensionless critical specific stream power for incipient

motion is not strongly correlated with slope and has a mean value of ∼0.1 [Parker et al.,

2011]. Using this mean value allows critical specific stream power to be calculated using only

grain size.

This work expands upon a rich history of relating sediment transport rates to stream

power, beginning with Bagnold [1966]. Others have built upon Bagnold’s original approach,

developing alternative bedload equations [Martin and Church, 2000; Parker , 2010; Eaton and

Church, 2011] and exploring critical specific stream power as an alternative to critical shear

stress [Parker et al., 2011; Camenen, 2012; Ferguson, 2012]. I have contributed to this legacy,

notably by developing a pair of bedload and total load equations that account for multiple

modes of sediment transport. Still, much work remains to further test these equations and

perhaps develop dimensionally consistent versions following Martin and Church [2000]. In

addition, further investigation into the relationship between ωc∗ and slope could be beneficial

to better understand grain incipient motion within a specific stream power framework.

These new parsimonious equations can simplify sediment transport modeling at the

stream network scale. A watershed scale approach to managing river sediment regimes is

important [Wohl et al., 2015a]; however, adequate tools are only now being developed. Our

new transport equations can be added to this river management toolbox, enabling explicit
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quantification of riverine sediment flux — a fundamental process affecting water quality,

infrastructure operation, flood risk, habitat suitability, and channel morphodynamics.
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Chapter 4

An intermediate complexity model for

simulating channel evolution

Summary

Extreme river erosion and sedimentation threatens critical infrastructure, degrades aquatic

habitat, and impairs water quality. Tools for predicting the magnitude and scale of erosion,

sedimentation, and channel evolution processes are needed for effective mitigation and man-

agement. I present a new numerical model that simulates coupled river bed and bank erosion

at the watershed scale (generally <1,000 km2). The model uses modified versions of Bag-

nold’s sediment transport equation to simulate bed erosion and aggradation, as well as a

simplified Bank Stability and Toe Erosion Model (BSTEM) to simulate bank erosion pro-

cesses. The model is mechanistic and intermediate complexity, accounting for the dominant

channel evolution processes while limiting data requirements. I apply the model to a generic

test case of channel network response following a disturbance and the results match phys-

ical understanding of channel evolution. The model was also tested on two field data sets:

downstream from Parker Dam on the lower Colorado River and on the North Fork Toutle

River (NFTR) which responded dramatically to the 1980 eruption of Mount St. Helens.

It accurately predicts observed channel incision and bed material coarsening on the lower

Colorado River, as well as observations for the upstream 18 km of the NFTR watershed.

The model does not include algorithms for extensive lateral migration and avulsions and

therefore did not perform well in the lower NFTR basin where the channel migrated across

its valley bottom. Still, I am confident in the utility of the model for simulating channel

network response to disturbance, while recognizing its mechanistic limitations.
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4.1 Introduction

Excessive river erosion and sedimentation are triggered by a variety of watershed dis-

turbances which alter natural flow and sediment dynamics. For example, urbanization in-

creases discharge [Hollis , 1975; Rosburg et al., 2017], channel straightening increases slope

(and therefore stream power) [Simon, 1989], and dam construction decreases sediment sup-

ply and modifies flow regimes [Williams and Wolman, 1984]. Channel instability and sedi-

ment imbalance threatens critical infrastructure, degrades aquatic habitat, and impairs water

quality. Landowners and environmental resource agencies often respond to these threats by

attempting to stabilize channels, sometimes without success [e.g. Miller and Kochel , 2009].

Stream stabilization projects fail because designers do not account for the altered hydrology

and sediment supply and because of the inherent uncertainty of channel response [Simon

et al., 2007; Roni and Beechie, 2013; Wohl et al., 2005; Bernhardt and Palmer , 2007]. It is

challenging to predict how streams will adjust and what new equilibrium state — if any —

they will attain.

Numerical modeling can address this issue by providing a simple and reproducible way

to (1) assess channel sensitivity to disturbance and (2) predict channel adjustment. While

morphodynamic modeling has advanced in recent years, most of the research has focused

on large spatial and temporal scales (e.g. landscape evolution models [Lague, 2014]) or

individual processes (e.g. bar formation [Nelson et al., 2015]). Models that predict channel

changes at intermediate spatial and temporal scales (10s – 100s km2 watersheds; 10s – 100s

of years) are needed to help guide river restoration and management.

Recent research has attempted to fill this gap with regime-based models of river response

[Eaton and Millar , 2017], watershed-scale accounting of sediment dynamics [Parker et al.,

2015; Czuba and Foufoula-Georgiou, 2014, 2015; Schmitt et al., 2016; Soar et al., 2017], and

mechanistic bank erosion modeling [Langendoen et al., 2012; Stryker et al., 2017]. These

approaches are useful but may not account for relevant erosion processes or tend to require

significant amounts of data, making it difficult to assess uncertainty and provide results
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useful to managers. The aim was to develop a network-scale model for simulating channel

incision and bank erosion with limited data requirements. To achieve this goal, I built a mor-

phodynamic model driven by specific stream power [Bagnold , 1966], allowing the modeling

of channel erosion and deposition without simulating detailed flow hydraulics. Addition-

ally, the model was intentionally designed to be transparent about uncertainty, explicitly

translating variability in model inputs into probabilistic predictions of channel evolution.

This paper introduces this new stream power-based morphodynamic model — the River

Erosion Model (REM). REM is designed primarily for modeling channel evolution in smaller

watersheds (i.e. 10s - 100s km2) with cohesive banks; unfortunately, watershed-scale data

on channel response are rarely available for these types of systems. I therefore test REM

on a generic watershed responding to base-level fall as well as two field datasets of rivers

responding to different types of disturbance. The first is a reach of the lower Colorado

River which incised and coarsened after Parker Dam was constructed in 1938. The second

is the North Fork Toutle River (NFTR) which has followed a complex trajectory of channel

change following massive sediment deposition from the eruption of Mount St. Helens in

1980. Applying REM to these complex systems tests the basic model processes, explores

uncertainty and model sensitivity, and pushes the limits of model application, determining

the range of conditions for which it is most suitable.

4.2 Model Description

4.2.1 Stream Power

Many models use the standard step method or a simple flow resistance relationship to

compute flow depth, velocity, and shear stress [e.g. El Kadi Abderrezzak et al., 2008; Allen

et al., 1999]. In contrast, I use specific stream power to directly model channel incision

and bank erosion. Specific stream power is the power available to do work in the stream,

normalized by bed area [Bagnold , 1966]:
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ω =
Ω

w
=
γQS

w
(4.1)

where ω is specific stream power [W m−2], Ω is total stream power [W m−1], γ is the specific

weight of water [9810 N m−3], Q is discharge [m3 s−1], S is the friction slope [m m−1], and

w is the water surface width [m].

Specific stream power is a useful variable because it is readily calculated throughout a

stream network (assuming bed slope equals friction slope) but still represents the physical

processes in rivers. Because of this, it has been used to determine erosion and deposition

potential [Parker et al., 2015; Vocal Ferencevic and Ashmore, 2012; Bizzi and Lerner , 2015;

Soar et al., 2017], explain dominant modes of channel adjustment [Knighton, 1999; Bull ,

1979], model sediment transport processes [Bagnold , 1977, 1980; Martin and Church, 2000;

Eaton and Church, 2011], and explain historic variability and future evolution of rivers

[Fryirs et al., 2012]. Discharge is available from gage data, regional regression equations, or

hydrologic modeling (and can be scaled based on drainage area). Channel slope and width

can be obtained from high resolution digital elevation models, often created from airborne

LiDAR data.

Discharge

REM is driven by a user-supplied flow record with a given time step (e.g. daily, hourly,

or 15 minute). To account for overbank flooding, the model uses the Manning equation

to partition flow between the channel and floodplain using the sub-area method, similar

to the approach used by HEC-RAS and others [e.g. Soar et al., 2017]. The channel and

two floodplains are treated as separate sections (j), each with their own Manning roughness

coefficient (nj). The discharge for each section is calculated using trial values of water surface

elevation. This processes is repeated until the sum of these discharges equals the known total

flow:

Q =
3∑
j=1

(
AjR

2/3
j S1/2

nj

)
(4.2)
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where Aj is the section area [m2], Rj is the section hydraulic radius [m], and S is the channel

slope. Only the discharge within the channel, and the corresponding flow width, are used to

calculate specific stream power.

4.2.2 Channel Incision

The model simulates incision into non-cohesive and cohesive bed material, including a

mix of both bed types as described below.

Non-cohesive incision

Fundamentally, the model uses the Exner equation to simulate bed elevation changes

based on a sediment mass balance:

∂η

∂t
= − 1

wavg(1− λ)

∂Qb

∂x
(4.3)

where η is the bed elevation [m], λ is the bed porosity (assumed to be 0.4), wavg is the

average bottom width of adjacent cross sections, Qb is the volumetric sediment transport

rate [m3 s−1], and t and x are time and downstream distance, respectively. REM models

sediment transport by grain size and tracks changes in bed material composition:

∂Fk
∂t

= − 1

La
(Fk − flk)

∂La
∂t

+
1

Lawavg(1− λ)

(
−∂Qbk

∂x
+ flk

∂Qb

∂x

)
(4.4)

where Fk is the bed surface fraction of the kth grain size, La is the active layer thickness [m],

Qbk is the volumetric sediment transport rate of the kth grain size [m3 s−1], and flk is the

interface exchange fraction which depends on whether the bed is degrading or aggrading:

flk =


fk, if ∂η

∂t
< 0

αFk + (1− α)pbk, if ∂η
∂t
> 0

(4.5)
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where fk is the bed subsurface fraction, pbk is the bedload fraction of the kth grain size, and

α is a weighting parameter than ranges from 0 – 1 (I assume α = 0.5). The model does not

store bed stratigraphy, meaning information on buried sediment size is lost if the channel

aggrades and then incises.

The active layer thickness La is calculated as three times the surface layer D90. Sediment

fluxes are discretized using the κ scheme with flux limiters [Hirsch, 2007]:

Qbe = Qbi +
1

4

(
(1− κ)ψ(ri) + (1 + κ)riψ

(
1

ri

))
(Qbi −Qbi−1) (4.6)

where Qbe is the volumetric sediment flux out of the control volume centered on the ith cross

section [m3 s−1], Qbi−1 and Qbi are the volumetric sediment fluxes at the ith − 1 (upstream)

and ith cross sections [m3 s−1], and κ is a constant that controls the discretization scheme.

I use second order upwinding (κ = −1) (other common options are the central difference

scheme (κ = 1) and the Quick scheme (κ = −0.5) [Hirsch, 2007]). ri is defined as:

ri =
Qbi+1 −Qbi

Qbi −Qbi−1
(4.7)

Finally, REM uses the Superbee limiter function (ψ):

ψ = max(0,min(2× ri, 1),min(ri, 2)) (4.8)

The model uses two new stream power based equations [Bagnold , 1980] for calculating

bedload and total load sediment transport capacity (Chapter 3):

qb = 1.43× 10−4(ω − ωc)3/2D−1/2s q−1/2 (4.9)

Qt = 0.0214(ω − ωc)3/2D−1s q−5/6 (4.10)
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where qb is the mass sediment transport rate per unit width [kg m−1 s−1], Qt is the total

load [ppm], q is unit discharge [m2 s−1], Ds is the grain size [m], ω is specific stream power

[W m−2], and ωc is the critical specific stream power for incipient motion [W m−2]. This

value is calculated for each grain size using a stream power based hiding function:

ωri∗
ωr50∗

=

(
Di

D50

)−b
(4.11)

where ωri∗ is the reference dimensionless specific stream power of the ith grain size, ωr50∗

is the reference dimensionless specific stream power of the median grain size, and b is an

empirical exponent that varies from 0 (size independent mobilization) to 1.5 (equal threshold

mobilization). Stream power is made dimensionless by:

ω∗ =
ω

ρ(g(s− 1)Ds)3/2
(4.12)

where ρ is water density [1000 kg m−3], g is gravity [9.81 m s−2], and s is sediment specific

gravity (usually 2.65). Details of this hiding function are described in Appendix B.1.1.

Cohesive incision

The model uses a simple excess shear stress equation to model cohesive bed erosion

[Partheniades , 1965]:

E = k∆t(τ − τc) (4.13)

where E is the erosion distance [m], k is the erodibility coefficient [m3 N−1 s−1], ∆t is the

time step [s], τ is the applied shear stress [Pa], and τc is the critical shear stress of the bed

material [Pa]. The erodibility coefficient can be supplied by the user, or it is calculated

based on an empirical relationship developed by Simon et al. [2010] after work by Hanson

and Simon [2001]:

k = 1.6× 10−6τ−0.826c (4.14)

82



Equation 4.13 calculates erosion using excess shear stress, but this model is based on a

stream power approach. Since data on τc of various soils are widely available in the literature,

and there is no work that I am aware of defining critical stream power of cohesive material,

I chose to use an empirical equation to calculate average bed shear stresses directly from ω

(see Appendix B.1.2 for more information):

τ = 1.96ω0.72 (4.15)

This estimated value of τ is then used to calculate cohesive erosion rates (Equation 4.13).

Mixed alluvial/cohesive incision

In streams with both non-cohesive and cohesive bed material, modeling bed elevation

changes is more complicated. Sand and gravel can be deposited on top of cohesive material

and sediment transport capacity may not be representative of actual sediment movement if

the stream is supply limited (e.g. no alluvium on the bed). To account for these processes, I

calculate the actual volume of sediment transported out of a cross section as the minimum of

the sediment transport capacity (Qbe, Equation 4.6) and the sediment available for transport

(sum of the incoming sediment from upstream and bank erosion and of the available non-

cohesive alluvium on the channel bed). The available non-cohesive alluvium is calculated

as:

Qbk,avail =
[(η − La − ηcohesive)fk + LaFk]wavg(1− λ)∆x

∆t
(4.16)

where Qbk,avail is the volume of bed sediment of the kth size class available for transport,

converted to a rate [m3 s−1], ηcohesive is the elevation of the cohesive layer [m], ∆x is the

distance to the next cross section [m], and ∆t is the time step [s]. If ηcohesive = η or Fk or fk

= 0, there is no available bed sediment.
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4.2.3 Bank Erosion

The model simulates two fundamental bank erosion mechanisms: fluvial erosion and mass

wasting. Bank erosion is calculated at the discharge time step (e.g. daily, hourly, 15-min,

etc.), independent of the time step for bed aggradation and degradation.

Fluvial erosion

Fluvial erosion is the removal of bank soil by flowing water once the resistance threshold

of the bank material has been exceeded. Similar to cohesive incision, REM models fluvial

bank erosion using an excess shear stress approach (Equation 4.13). I use an empirical

equation to calculate average wall (i.e. bank) shear stress directly from ω (see Appendix

B.1.3 for more information):

τw = 0.83ω0.65 (4.17)

where τw is the shear stress acting on the channel bank [Pa]. A user specified fraction of

the eroded bank material is added to the bed material load (i.e. sand and coarser). The

remainder is exported from the watershed as washload.

Mass failure

Planar mass failure is modeled using a modified version of the Bank Stability and Toe

Erosion Model (BSTEM) [Simon et al., 2000, 2011]. BSTEM estimates bank stability using

a limit equilibrium analysis to calculate a factor of safety — the ratio of resisting to driving

forces acting on the bank. The bank is predicted to be stable if the factor of safety is

greater than one and unstable if it is less than one. BSTEM accounts for several processes

that increase or decrease bank strength, including: (1) water pressure in soil pores (e.g.

positive pressure decreasing stability and negative pressure increasing stability); (2) confining

pressure of the streamflow; and (3) increased soil cohesion from plant roots. Although the

simplified version of BSTEM accounts for the first two processes, I exclude vegetation effects

since they have a negligible effect on BSTEM model output in sensitivity analyses [Lammers
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et al., 2017] and increase computation time and data requirements. This gives the following

factor of safety equation:

FS =
cL+ (µa − µw)L tanφb + [W cos β − µaL+ P cos(α− β)] tanφ′

W sin β − P sin(α− β)
(4.18)

where c is apparent cohesion [kPa], L is the length of the failure plane [m], W is the weight

of the soil block per unit bank length [kN m−1], P is the hydrostatic pressure force of the

water in the stream [kN m−1], β is the failure plane angle [degrees from horizontal], α is the

bank angle [degrees from horizontal], µa is the pore-air pressure [kPa], µw is the pore-water

pressure [kPa], φ′ is the effective friction angle [degrees], and φb is an angle describing the

rate of increase of shear strength from matric suction (assumed to be 15◦ [Lammers et al.,

2017]).

BSTEM uses a horizontal layer method to calculate a net factor of safety for the bank,

accounting for different soil types. The simplified version of BSTEM follows this same basic

approach but with these differences:

• Simplified bank geometry (based on a main bank height and angle, and a toe height

and angle) rather than the complex geometry incorporated into BSTEM

• Two bank layers (the main bank and bank toe) rather than five distinct layers allowed

by BSTEM

• Assumes failure planes intersect the bottom of the bank or the top of the bank toe

rather than 50 locations evenly spaced across the bank profile (BSTEM method). This

approach is significantly faster and simplifies updating the bank geometry after a failure

while still accounting for the most likely failure plane locations.

For a more detailed description of BSTEM see Midgley et al. [2012]; Daly et al. [2015b];

Lammers [2015]; Simon et al. [2000, 2011].
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Coupled bank erosion modeling

Fluvial erosion and mass failure are linked processes. Fluvial erosion is typically higher

at the bank toe, which steepens the bank and makes it more susceptible to mass failure.

After a bank fails, the collapsed soil is often deposited at the base of the bank toe. This

protects the bank from further fluvial erosion until the collapsed soil blocks have been eroded

[Thorne, 1982].

I account for these dynamic and coupled processes in two ways. First, fluvial erosion

is assumed to be a maximum at the base of the bank toe. Therefore, this node is eroded

the most, with zero erosion at the top of the toe, creating a steeper toe angle. If the new

toe angle exceeds 90◦ (e.g. an undercut bank), the overhanging bank immediately collapses,

and the upper bank angle is updated accordingly. This bank steepening, coupled with bank

heightening from bed erosion, increases the chance of mass failure. If the bank fails, the

collapsed soil block is deposited at the bank toe — narrowing the channel — and the toe

angle is reduced to conserve the mass of the eroded block. If the failed soil block is too large

for it all to fit at the base of the toe, any extra bank material is stored in “tank”. No further

erosion of the bank is allowed until the material in this ”tank” is eroded [Lai et al., 2015].

See Appendix B.1.4 for more details.

4.2.4 Meandering

In addition to incising, meandering channels can also reduce their slope via lateral mi-

gration. The model incorporates this process by simulating meander migration from fluvial

erosion, allowing the channel to increase its length, thereby decreasing its slope.

Flow through bends is complex, creating unique distributions of shear stresses which

directly influence bed and bank erosion. Generally, a primary helical flow cell directs water

at the surface towards the outer bank, and drives eroded sediment along the bed towards the

inner bank [Markham and Thorne, 1992]. This helical flow pattern and the effects of inner

point bars forces flow to the outer bank where maximum shear stresses are often observed
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[Dietrich, 1987]. Flume experiments suggest that the maximum shear stress on the outside

of bends may be 2 – 3 times the boundary average shear stress [Drinker , 1961].

The effects of curvature on the flow field and shear stress distribution can be simulated

by directly modeling flow mechanics, typically using a high resolution 1-D or 2-D model

[Crosato, 2007; Huang et al., 2014; Darby et al., 2002]; however, REM does not directly cal-

culate the flow field or boundary shear stress distribution, meaning it cannot mechanistically

account for the effects of bend geometry on bank erosion. Instead, I use an empirical equa-

tion to find the maximum shear stress at the outer bank in bends [Army Corps of Engineers ,

1970]:

τmax = 2.65τw

(
Rc

w

)−1/2
(4.19)

where τmax is the maximum bend shear stress [Pa], τw is the wall shear stress calculated using

Equation 4.17 [Pa], Rc is the bend radius of curvature [m], and w is the channel bottom width

[m].

This empirical equation is based on only five small flume datasets, and more recent

analysis suggests that no single relationship adequately predicts maximum shear stress in

bends [Thornton et al., 2012]. Field studies, however, show that radius of curvature is a

major control on channel migration rate [Nanson and Hickin, 1983, 1986; Hooke, 1997]. I

therefore used Equation 4.19 — imperfect as it may be — to account for this process. Bend

migration rates peak when Rc/w is between 2 and 3 [Nanson and Hickin, 1983, 1986] but drop

significantly at values of Rc/w < 2, often near rates observed in mild curves (Rc/w > 8−10)

[Hooke, 1997]. I therefore only use Equation 4.19 to adjust shear stress when Rc/w > 2.

Including meander dynamics in the model requires two new user inputs for each reach.

Radius of curvature and sinuosity are both used to build and track changes in channel

planform. To do this, I conceptualize the channel as a series of circular arc segments, where

each arc is one bend. The number of bends between each cross section can be calculated

from the user defined cross section spacing, radius of curvature, and sinuosity using equations

describing circular arcs (see Appendix B.1.5 for more details).
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4.2.5 Knickpoint Migration

Knickpoints or headcuts are small waterfalls or locally steep stream sections where bed

erosion is especially pronounced. These vertical drops tend to migrate upstream as they

erode, and can initiate substantial bank erosion [Schumm et al., 1984]. I use a simple,

empirical model to simulate headcut advance [Allen et al., 2018]:

hcm = 0.00126× Ehc×Q0.5
cum ×H0.225

hc (4.20)

where hcm is the headcut migration distance [m], Qcum is cumulative daily discharge [m3],

Hhc is headcut height [m], and Ehc is an erodibility resistance parameter that is a function

of soil erodibility and vegetation cover:

Ehc = 17.8 + 16.5Kd − 15RCF (4.21)

where Kd is soil erodibility [cm h−1 Pa−1] and RCF is a root cover density factor (dimen-

sionless, 0 – 1.4). While channel beds are usually unvegetated, using RCF = 0 sometimes

requires a negative Kd value to accurately predict knickpoint migration rates; therefore,

REM assumes RCF = 1.4 and requires users to calibrate Kd to match observed migration

rates (see Appendix B.1.6 for more details). This sub-model requires the user to input the

location, elevation, height, and Kd of each knickpoint. The position of each knickpoint

is tracked as it migrates upstream (including into any tributaries) and bed elevations are

adjusted accordingly.

4.2.6 Cross Section Geometry

REM assumes a prismatic channel, based on user-supplied bottom width, bank and toe

heights and angles, and floodplain width and slope (Figure 4.1). All channel geometry

variables are unique for the right and left banks. Bank soil parameters (e.g. cohesion) can

be distinct for the bank toe and upper bank soil but are the same for the right and left banks
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in a reach. For each cross section, a cohesive layer may be placed some distance below the

channel bed. Aggradation and degradation only occur across the flat channel bottom.

Figure 4.1: Schematic of cross section (a) and network (b) geometry included in REM. w =
width; H = height, α = angle, Q = water discharge, and Qs = sediment discharge. Cross section
geometry can be unique for each side of the channel and the bank and bank toe can have unique
soil properties (e.g. cohesion).
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4.2.7 Network Structure and Sediment Routing

The model uses a simple reach-node network structure, where a series of channel reaches

are connected by nodes (Figure 4.1) [Schmitt et al., 2016; Czuba and Foufoula-Georgiou,

2015]. The user specifies inputs individually by reach, and each reach may have multiple

cross sections. Incoming bed material load to each cross section is the sum of sediment

supplied by the upstream cross section (or cross sections in the case of a tributary junction),

sediment from local bank erosion, and any user-inputted upland sediment supply. Upland

sediment supply and bed material load from eroded banks are assumed to be the same

grain size distribution as the initial bed grain size distribution for that reach. The washload

component of any bank, cohesive bed, or knickpoint erosion is immediately routed to the

watershed outlet. The effects of grade controls or bank armoring can be incorporated by

placing non-erodible cross sections within the channel network (i.e. cohesive soils with very

high τc). All required and optional model inputs are summarized in Appendix B.2.

4.3 Model Testing

4.3.1 Generic Model Test

I simulated channel evolution in a generic watershed with six distinct reaches. The

total channel length of 10.4 km corresponds to an approximate drainage area of 6.5 km2

based on Hack [1957]. Initial grain size (2 mm), slope (0.003), and bank height (2 m)

were constant throughout the watershed. Discharge was steady at a station but increased

moving downstream. Upstream sediment supply was equal to the transport capacity of the

undisturbed channel. A full table of model inputs is included in Appendix B.2. Beginning

with an initially stable channel, I dropped the downstream elevation by 2.5 m, including a

1.5 m tall knickpoint. I modeled 20 years of resulting channel evolution.
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4.3.2 Colorado River

Study area

Parker Dam, completed in 1938, is one of several large dams on the lower Colorado

River built for water supply and power generation. Like most hydropower dams, Parker

Dam altered flows and trapped sediment. The combined effects of these changes caused

the Colorado River downstream from the dam to incise while the bed material coarsened

[Williams and Wolman, 1984].

Data collection and modeling

Initial longitudinal profiles and grain size data for a 144 km reach downstream of Parker

Dam were obtained from two U.S. Bureau of Reclamation reports [U.S. Bureau of Reclama-

tion, 1948, 1950]. I used a single grain size distribution for the entire reach. The pre-dam

grain size data were all finer than 2 mm; however, later observations included gravel up

to 32 mm, presumably unearthed as the channel incised. Since the channel coarsened over

time (and REM does not account for bed stratigraphy), I adjusted the initial grain size

distribution to include a small amount of coarser material. Average channel widths were

calculated from 1938 aerial photographs [Norman et al., 2006] and contemporary satellite

imagery [Google Earth Pro, 2017a].

I ran the model from 1938 – 1975 using daily discharge data from USGS gage 09427520

(CO River below Parker Dam, AZ-CA). Only bed elevation changes were modeled, bank

erosion was not included. I used a cross section spacing of 2000 m and a time step of 2400

seconds. The total load sediment transport equation was used for all grain sizes < 4 mm

and the bedload equation for all coarser grain sizes. I assumed no sediment inputs from

upstream (e.g. the dam trapped all sediment) and a fixed downstream bed elevation. Model

results were compared to measured longitudinal profiles for a 66 km subreach (from 27 – 93

km downstream of Parker Dam) [Williams and Wolman, 1984]. I also compared modeled
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Table 4.1: Model inputs for the Colorado River downstream of Parker Dam.

Variable Single Run Value Monte Carlo Range Source

Width [m] 220 170 – 270 Aerial Imagery

Floodplain width [m] 1000 500 – 1500 Aerial Imagery

Floodplain angle [degrees] 0 0 – 2 Assumed

Channel roughness (n) 0.04 0.03 - 0.05 Assumed

Floodplain roughness (n) 0.06 0.05 – 0.07 Assumed

Hiding function coefficient (ωc∗) 0.1
lognormal;

mean = -2.3, sd = 0.4
Chapter 3

Hiding function exponent (b) 0.8 0.3 – 1.2 Appendix B.1.1

Bank height [m] 4 – Assumed

Bank angle [degrees] 90 – Assumed

D50 to measured values from three cross sections (26, 64, and 130 km downstream of Parker

Dam) [Williams and Wolman, 1984].

In additional to the single model run described above, I ran 5000 Monte Carlo simulations

varying the initial grain size distribution, channel width, floodplain geometry, roughness

values, and the exponent and coefficient of the hiding function. Sobol’ quasi-random numbers

(using the “gsl” R package; [Hankin, 2006]) were used to generate these variables since they

provide more uniform coverage than simple random numbers [Sobol’ , 1976].

4.3.3 North Fork Toutle River

Study area

The North Fork Toutle River (NFTR) was a typical gravel bed mountain river draining

the northern slope of Mount St. Helens. On May 18, 1980, the volcano erupted following

a massive debris avalanche on the north face. This deposited about 2.8 km3 of sediment

across the upper part of the NFTR, with depths averaging 45 m but reaching 140 m in

some areas [Simon et al., 1999]. Deposits were mostly sand (mean D50 = 1.6 mm) but

ranged in size from silt to boulders [Simon et al., 1999; Voight et al., 1981]. This massive
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sediment deposit buried the drainage network of the upper NFTR. Over the following months

and years, channels reformed from surface runoff, emergency pumping from Spirit Lake to

control water levels, and multiple lahars (volcanic debris or mudflows) [Simon et al., 1999].

To prevent sedimentation in the downstream Cowlitz and Columbia Rivers, two sediment

retention structures where built on the NFTR. The first (N1) was built in summer 1980

and operated until it was breached in 1982. A second, more permanent sediment retention

structure (the “SRS”), was built in 1987 and was essentially filled by 1998 [Simon et al.,

1999; Zheng et al., 2014]. To prevent overtopping of Spirit Lake, water was released into

a NFTR tributary (Truman Channel; see TR065 and TR070 in Figure 4.2) at a constant

rate of 5.1 m3 s−1 from November 1982 to August 1983, causing extreme incision (up to 34

m) [Paine, 1984]. For more details on the eruption and its effects, see Simon et al. [1999],

Lipman and Mullineaux [1981], and Major et al. [2018].

Figure 4.2: Overview of the North Fork Toutle River watershed upstream of the SRS. Shaded
relief from 2009 LiDAR data [Mosbrucker , 2014]. Modeled cross sections are differentiated into
“upstream” and “downstream” which will be referenced in certain result figures. Flow is from right
to left.
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Data collection and modeling

I modeled evolution of the upper NFTR and its tributaries from September 1983 – August

2011. I started the model nearly 3.5 years after the eruption because there were more

cross section data and this avoided several lahars and pumping from Spirit Lake which had

complicated effects on channel adjustment. Following the eruption, the USGS and Army

Corps of Engineers established a monitoring program to document the response of the rivers

draining Mount St. Helens. This monitoring included the establishment of several permanent

cross sections which have been surveyed at irregular intervals since 1980. I used these data

[Mosbrucker et al., 2015] for 19 cross sections on the NFTR and its tributaries to estimate

initial channel and floodplain geometry (Figure 4.2). Each of these cross sections defined a

model reach with unique inputs. Initial bed grain sizes were estimated from data collected

by the Army Corps of Engineers [U.S. Army Corps of Engineers , 1988] and others [Paine,

1984]. I used the daily discharge series at the SRS constructed by Simon and Klimetz [2012]

from several nearby USGS gages. These values were scaled by drainage area to compute

discharge in each reach. I also used bank sediment properties (τc, k, cohesion, unit weight,

and φ′) and Manning’s n values estimated by Simon and Klimetz [2012]. I assumed no

hillslope sediment supply since upland erosion peaked soon after the eruption and remained

negligible compared to in-stream sediment sources [Simon et al., 1999].

I used a model cross section spacing of 500 m, a time step of 2400 seconds, and the

bedload sediment transport equation. Sediment specific gravity was adjusted to account for

lighter volcanic material [Simon and Klimetz , 2012, Eq. 24]. Finally, I assumed that 100% of

the eroded bank material consisted of bed material load. See Table 4.2 for all model inputs. I

ran 5000 Monte Carlo simulations to quantify uncertainty, varying initial grain size, channel

width, channel roughness, hiding function parameters, and bank soil properties. Model

accuracy was assessed by comparing modeled bed elevations to observations (from survey

data and a 1 m DEM from 2009 [Mosbrucker , 2014]). Other parameters (e.g. D50 and width)
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were not used because only sparse grain size data were available and the simplified model

cross sections could not adequately represent the complex observed channel geometries.

Table 4.2: Model inputs for the North Fork Toutle River. Each of the 19 cross sections have
unique inputs so the median and range of the single model run and range of the Monte Carlo runs
are shown.

Variable
Single Run
Median

Single Run Range Monte Carlo Range
Monte Carlo

Method

Width [m]a 11.6 4.0 – 263.1 2.0 – 394.6 ±50% initial

D50 [mm]b 2.26 0.79 – 2.95 0.24 – 7.20
25th – 75th %tile of

all GSD

σg [mm]b 7 6.4 – 10.1 6.0 – 9.3
25th – 75th %tile of

all GSD

Bank τc [Pa]c 12 5.5 – 32.1 2.8 – 48.1 ±50% initial

Bank Erodibility
[m3 N−1 s−1]c

2.0e-07 9.1e-08 – 3.9e-07 4.6e-08 – 5.8e-07 ±50% initial

Bank Cohesion [kPa]c 0 0.0 – 0.0 0.0 – 1.0 0 – 1

Bank φ′ [degrees]c 30 25.2 – 34.0 12.6 – 51.0 ±50% initial

Bank Soil unit weight
[kN m−3]c

19.1 18.1 – 19.8 9.1 – 29.7 ±50% initial

Channel
roughness (n)c

0.04 0.030 – 0.065 0.015 – 0.065 50 – 100% initial

Hiding function coeffi-
cient (ωc∗)

d
0.1 – 0.025 – 0.4

lognormal; mean =
-2.3, sd = 0.4

Hiding function expo-
nent (b)e

0.8 – 0.3 – 1.2 Uniform

aXS Data [Mosbrucker et al., 2015]
bFull grain size distribution. TR065 – NF120: Paine [1984]; others: U.S. Army Corps of Engineers [1988]
cSimon and Klimetz [2012]
dChapter 3
eAppendix B.1.1

4.3.4 Sensitivity Analysis

For both case studies, I performed a sensitivity analysis of the model to determine which

variables most influence model output. I used a density-based sensitivity analysis method

that calculates differences between conditional and unconditional probability density func-

tions of model output to estimate parameter sensitivity [Plischke et al., 2013]. Variables
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with a greater effect on model output have bigger differences between these conditional and

unconditional probability density functions. This method has two advantages over other

approaches: it requires no unique input parameter sampling design [e.g. Saltelli et al., 2010]

and it requires much fewer model runs [e.g. Pianosi and Wagener , 2015]. I therefore used

the output from the uncertainty analysis directly to compute the sensitivity indices. Boot-

strapping with 1000 replicates was used to correct for bias and calculate confidence bounds

for the sensitivity indices. Finally, I incorporated a dummy variable to determine the thresh-

old for influential variables. This dummy variable is a simple set of random numbers that

has no influence on the model. Incorporating the dummy variable accounts for noise in the

sensitivity analysis [Plischke et al., 2013; Khorashadi Zadeh et al., 2017].

These sensitivity analyses are only applicable for each individual case study. I did not

account for variability in every input (e.g. discharge or initial longitudinal profile) and

each case study has unique boundary conditions and relevant processes. Because of this,

it is necessary to perform a sensitivity analysis separately for every model application to

understand what variables are most influential in each case. Luckily, this is feasible using

the Plischke et al. [2013] method and the output of simple Monte Carlo simulations.

For the Colorado River, I examined the sensitivity of two model outputs: bed elevation

changes and changes in bed D50. For the Toutle River, changes in channel width were also

included. To give a single output value for each model run, I summed the absolute value of

the total change in the variable (e.g. bed elevation) for each cross section. For the NFTR,

a separate sensitivity analysis was performed for each reach because model inputs were

varied independently for each. For comparison among reaches, I standardized the sensitivity

indices by taking the difference between the index for each input variable and the “dummy”

variable, divided by the dummy variable index. All analyses of model outputs were done

using R version 3.4.1 [R Core Team, 2018].
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4.4 Results

4.4.1 Generic Model Test

Figure 4.3 shows changes in bed elevation, channel width, and width-depth ratio for the

modeled test case. The zone of disturbance migrated upstream through time, with changes

in channel width lagging slightly behind changes in bed elevation. The greatest channel

changes were at the far downstream end — the area with greatest disturbance.

Figure 4.4 shows changes in stream power, bed elevation, and channel width at two lo-

cations (indicated in Figure 4.3(a)). For both areas, stream power was relatively constant

until the knickpoint passed, after which stream power spiked before slowly decreasing. Bed

elevation and width show similar trends, with abrupt changes following passage of the knick-

point. After the initial drop in channel elevation, both cross sections showed a period of

aggradation followed by renewed incision. Sediment export from the watershed peaked early

in the simulation and then decreased exponentially.

4.4.2 Colorado River

Figure 4.5 shows the error in predicted bed elevation along the reach for three different

years. The median of the Monte Carlo simulations generally has lower error than the single

model run. Furthermore, model error decreases over the course of the simulation, although

the uncertainty increases.

Figure 4.6 shows the error in predicted bed D50 over time at three different cross sections.

The single model run and median of the Monte Carlo simulations generally have similar error,

and uncertainty is high for all sites. At the more upstream site (XS 26), the modeled both

over- and under-predicted bed D50 over the simulation period; however, at the lower two

cross sections the model consistently over-predicted bed grain size.

Figure 4.7 shows the results of the sensitivity analysis for bed elevation and bed D50

outputs. Initial D50, geometric standard deviation of the grain size distribution (σg), and

channel width have the largest influence on predicted bed elevation changes. Initial D50 and
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Figure 4.3: Modeled change in bed elevation (a–e), channel width width (f–j), and width-depth
ratio (k–o) throughout the generic channel network for five of the simulation years. Each point
represents one cross section.

σg have a significant effect on the final D50 while channel width and the hiding function

parameters (ωc and b) have only a small effect. Floodplain angle has a moderate impact on

both outputs.

4.4.3 North Fork Toutle River

Figure 4.8 shows modeled and observed bed elevations for the NFTR. The model pre-

dicted channel change well at the majority of sites, mostly in the upper half of the watershed

(CW280 – NF130, NF350, and NF405). These cross sections have generally low error in

predicted final bed elevations normalized to the magnitude of total bed elevation change

(Figure 4.9). Median normalized error is 43%, but is only 22% for reaches CW280 – NF130.

For many of these cross sections, the single model run and median of the Monte Carlo sim-
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Figure 4.4: Changes over time in specific stream power (ω), bed elevation (z), and channel width
(w) for two locations in the simulated drainage network (indicated in Figure 4.3(a)). Sediment
discharge at the watershed outlet is also shown. All values are scaled to their starting value
(horizontal lines).

ulations are very similar. For the remainder of the cross sections, the model did a relatively

poor job of predicting changes in bed elevation.

There is substantial uncertainty for all sites, especially in the upper half of the watershed

(e.g. > 20 m wide 90% confidence interval). The magnitude of uncertainty is generally less

in the lower portion of the watershed where the magnitude of aggradation and incision was

smaller.

Figure 4.10 shows initial and final modeled cross sections along with surveyed geome-

try. Like the channel bed elevation results, the upstream half of the watershed matches

observations much better than the lower half.

The sensitivity results for the NFTR model runs are summarized in Figure 4.11. Modeled

bed elevation was influenced most by bank τc, bank cohesion, and hiding function parameters

(ωc and b). Channel width and initial bed grain size (D50 and σg) also had a minor effect.

Modeled D50 was influenced by similar variables, but the hiding function parameters, initial

grain size, and bank cohesion had a much larger effect. For modeled channel width, bank τc

was by far the most influential but initial width and ωc also contributed to some observed

model uncertainty.

99



Figure 4.5: Error in modeled bed elevation along the Colorado River reach for three simulation
years (a–c) for the single model run and summary of the Monte Carlo results (median, inter-quartile
range (IQR) and 90% confidence interval). Part (d) shows the root mean squared error (RMSE)
for the single model result compared to the median of the Monte Carlo simulation.

Figure 4.6: Error in modeled bed D50 over the course of the simulation for three cross sections
along the Colorado River reach (a–c) for the single model run and summary of the Monte Carlo
results (median, inter-quartile range (IQR) and 90% confidence interval). Part (d) shows the RMSE
for the single model result compared to the median of the Monte Carlo simulation. For XS 130 the
RMSE points for the single run and MC median overlap.
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Figure 4.7: Sensitivity results from the Colorado River for the modeled bed elevation (a) and
bed surface D50 (b). Points at or below the vertical dashed line had no influence on model output.
Points are bias corrected sensitivity estimates with ranges of estimated value from bootstrapping.

4.5 Discussion

4.5.1 REM Accurately Predicts Channel Change

The generic test case and field applications show that REM can accurately simulate

channel evolution. First, the model test case matches physical understanding of channel

evolution in response to disturbance (in this case, base level drop). The greatest channel

change is observed nearest the disturbance, and rates and magnitudes of erosion decline

nonlinearly with time and distance upstream (Figure 4.3). This is consistent with conceptual

models of channel evolution [Schumm et al., 1984; Simon, 1989], and experimental [Begin

et al., 1981], numerical [Simon and Darby , 1997], and field studies [Simon and Rinaldi ,

2006]. In general, the channel incises which destabilizes the banks, leading to rapid widening

Figure 4.8 (following page): Observed and modeled bed elevations for 19 cross sections in the
North Fork Toutle River (generally shown in order of upstream to downstream). Modeled results are
shown for the single model run and median, interquartile range (IQR), and 90% confidence interval
for the Monte Carlo simulations. Model results start to diverge significantly from observations at
NF300.
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Figure 4.9: Valley width and error in modeled bed elevation for each cross section in the North
Fork Toutle River (generally shown in order of upstream to downstream). Errors are generally
higher where the valley width becomes significantly wider.

(Figure 4.4). As the upstream channel begins to erode, large amounts of sediment are

delivered downstream, causing aggradation. After this upstream sediment supply is cut off

(i.e. upstream channel erosion has slowed or stopped), channel incision begins again. This

shift between degradation and aggradation depending on sediment delivery from upstream

is an important control on channel evolution, as demonstrated in both numerical modeling

[Simon and Darby , 1997] and field studies [Simon and Hupp, 1992]. Downstream aggradation

can help stabilize these reaches and allows the channel to more rapidly attain a new stable

slope [Doyle and Harbor , 2003]. Disrupting this downstream sediment delivery, for example

by installing grade control structures, can induce a second round of incision downstream

[Simon and Darby , 2002], similar to what the modeling showed (Figure 4.4).

Following a disturbance, the channel is expected to adjust rapidly, with the rate of change

slowing until the channel reaches some new stable state. This results in an exponential

Figure 4.10 (following page): Observed and modeled initial and final cross sections on the
North Fork Toutle River (generally shown in order of upstream to downstream). The year of the
initial and final observation data are also shown.
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Figure 4.11: Summary of sensitivity results from the North Fork Toutle River modeling for three
outputs: (a) bed elevation, (b) D50, and (c) channel width. Sensitivity indices for each input
variable were computed separately for each of the 19 cross sections. Boxplots summarize these
indices, separated by the upstream channel (upstream of NF130), and downstream channel (NF300
through NF405). This is the same division as the vertical line in Figure 4.9. For clarity, cohesion,
phi, and weight results are shown for the higher value of either the bank or bank toe. Vertical
dashed line is a normalized sensitivity index of zero (i.e. no influence on model output).
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decay in channel variables to some asymptote. These variables may include stream power

[Bull , 1979], sediment discharge [Simon, 1999], or bed elevation [Begin et al., 1981], but all

describe a reduction in the rate of energy dissipation [Simon, 1992]. Modeling shows these

exponential reductions in specific stream power and sediment discharge, and an exponential

increase in channel width (Figure 4.4). Bed elevation follows a more complex trajectory,

but does decrease towards an asymptote during the second round of incision. Modeled

width-depth ratio decreases initially as the bed level drops, but then increases again as the

channel widens. None of the cross sections (with the exception of the most downstream

one, Figure 4.3) return to their pre-disturbance width-depth ratio. This is consistent with

previous modeling on sand bed channels with cohesive banks [Simon and Darby , 1997].

Modeling from the NFTR also shows this exponential decrease (or increase) in bed el-

evation (Figure 4.8), consistent with physical understanding of channel evolution. In the

Colorado River modeling, the greatest incision and bed coarsening were seen closest to

the dam (the disturbance), with less channel change downstream (data not shown). Fur-

thermore, REM accurately predicts the magnitude of channel incision in this system (bed

elevation root mean squared error (RMSE) 0.7 – 1.5 m for all years). Bed material coars-

ening is also accurately predicted, although there are more variable errors (D50 RMSE 0.1

– 5 mm). In the NFTR, REM also accurately predicts channel incision in the upper half

of the watershed (CW280 – NF130). This portion of the channel is single thread, while the

downstream portion is anastomosing or braided — features that were deliberately not incor-

porated into REM. Taken together, these three model tests suggest that REM can predict

channel evolution in single-thread systems with reasonable accuracy, matching both physical

understanding of channel change and adequately predicting evolution in real-world, dynamic

fluvial systems.
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4.5.2 Model Strengths and Weaknesses

REM’s main strength is its parsimony and utility in simulating watershed scale channel

evolution processes. Watershed scale assessment is essential because channel evolution is

not limited to local disturbances or dynamics. As I and others have shown, changes in

both upstream and downstream channel form and sediment delivery affects local channel

response [e.g. Schumm et al., 1984; Simon, 1992; Simon and Darby , 2002]. Both bed and

bank erosion processes are especially important in smaller urban watersheds [Booth, 1990].

Furthermore, channel hardpoints (i.e. bed and bank armoring) can significantly influence

both local channel evolution and adjustment in other parts of the watershed [Booth and

Fischenich, 2015]. REM accounts for these processes — enabling the user to specify non-

erodible cross sections — and may be an important tool for understanding urban channel

network evolution. Other numerical models have been developed that include both bed and

bank erosion, but these are typically designed for reach-scale application. For example, the

Conservational Channel Evolution and Pollutant Transport System (CONCEPTS) model

[Langendoen and Simon, 2008; Langendoen and Alonso, 2008] and Darby and Thorne [1996a]

model both include more detailed modeling processes than REM, but cannot be easily applied

at the watershed scale. Alternatively, the watershed scale Soil and Water Assessment Tool

(SWAT) [Allen et al., 1999; Mittelstet et al., 2016; Arnold et al., 1998] has some channel

erosion processes, but not to the extent of REM. REM incorporates the most important

mechanisms to realistically simulate channel evolution while still keeping data requirements

to a minimum.

Another important strength of REM is its capacity to explicitly account for input variable

uncertainty. It automates the use of Monte Carlo simulations, allowing users to easily quan-

tify model uncertainty and produce probabilistic estimates of channel change. Quantifying

uncertainty can be useful for decision making and assessing reliability of model outputs [e.g.

Pappenberger and Beven, 2006]. Model field tests illustrate this. In most cases, it appears

the median of the Monte Carlo simulations predicts river behavior as well or better than
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the single model run (with the exception of NF130 and NF300 from the NFTR, Figure 4.8).

This suggests that accounting for uncertainty in the inputs can actually improve model ac-

curacy. This may be especially true in complex systems like the NFTR where model inputs

are uncertain and the river is highly sensitive to change.

How much uncertainty is too much is a question that must be answered by the model

user because it depends on the question(s) being asked. The model test cases show large

uncertainty bounds. This may seem discouraging, but is an inescapable consequence of

simulating complex and uncertain systems [Shreve, 1975]. By quantifying this uncertainty,

I can at least be candid about the confidence in the model’s predictions. The widths of the

simulated uncertainty bounds are proportional to the magnitude of modeled bed elevation

(Figs. 4.5 and 4.8) and grain size (Figure 4.6). This is expected — the larger the change,

the greater uncertainty.

REM is only applicable for single-thread rivers. It was therefore not surprising that

it could not adequately predict channel evolution in the lower portion of the NFTR. This

section of the river migrates across a wide valley bottom and — in the extreme lower reaches

of NF405 and NF400 — the channel braids [Zheng et al., 2017]. In reality, much of the

channel is 15 – 20 m wide, but may be within a several hundred meter wide valley. The

model does not account for the aggressive channel migration observed in the lower portion

of the watershed and instead spreads the water out over the unrealistically wide modeled

channel bottom. Figure 4.9 illustrates this issue, showing how error in modeled bed elevation

increases substantially where the valley widens (just downstream of NF130). REM does

include a meandering algorithm, but this is not entirely mechanistic (e.g. no point bar

deposition forcing meander migration) and is incorporated to allow single thread meandering

channels an additional mode of slope adjustment.

Other limitations are a consequence of REM’s relative simplicity. The model assumes

uniform flow (bed slope equals friction slope) to calculate specific stream power and relies on

new empirical equations to convert stream power to shear stress for cohesive erosion model-
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ing. This facilitates network scale analysis without detailed hydraulic modeling but may be

a source of error. This also neglects local, complex flow hydraulics which can have an impact

on channel change. The model is more suited for larger scale applications because it neglects

these local complexities. Also, it cannot simulate flood waves, dam breaks, or other cases

where hydraulics change rapidly. Still, REM has a strong physical basis, integrating novel

stream power based sediment transport models (Chapter 3) with a well tested bank erosion

algorithm (BSTEM; [Simon et al., 2000, 2011]) that underwent systematic sensitivity and

uncertainty analyses to identify the most parsimonious representation of essential physical

processes [Lammers et al., 2017].

4.5.3 Model Sensitivity

Sensitivity is a function of (1) how much an input influences model output and (2) how

much the input varies. Sensitivity analysis can therefore reveal information about model

structure and suggest which variables should be most accurately quantified to obtain the

most reliable results. The sensitivity analyses largely confirm the validity of the model as

important parameters are known to be linked to important channel evolution processes and

are consistent with results reported in the literature.

Bed elevation is most controlled by D50, σg, width, and floodplain angle (Colorado River,

Figure 4.7) plus hiding function parameters and bank τc and cohesion (NFTR, Figure 4.11).

The size and erodibility of the bed material directly influences the extent of incision. Bank

erodibility has a secondary effect by either allowing the channel to widen and reducing

incision, or limiting widening and forcing the channel to incise more [Simon, 1992]. Other

numerical models have shown that bedD50 has a significant effect on modeled channel profiles

[El Kadi Abderrezzak et al., 2008; El Kadi Abderrezzak and Paquier , 2009]; however, Darby

and Thorne [1996b] found that D50 had a minimal effect on modeled channel incision, which

was driven primarily by variations in discharge. Sensitivity analysis of the sediment transport

equations used by REM show that D50 has a small influence on calculated transport rates
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compared with discharge or slope (Chapter 3); however, these inputs were not incorporated

in the REM sensitivity analyses.

Predicted bed D50 was most influenced by initial grain size distribution in the Colorado

River case study (Figure 4.7), but the hiding function parameters were equally or more influ-

ential for the NFTR (Figure 4.11). Others have also shown that hiding function parameters

(in their case, critical shear stress and the hiding factor) controls modeled grain sizes [Ru-

ark et al., 2011; Hoey and Ferguson, 1994]. The NFTR results also show that bank τc and

cohesion had an influence on modeled D50. Sediment from bank erosion has the same grain

size distribution of the initial bed sediment. As the bed coarsens, bank erosion therefore

becomes a source of finer sediment.

Channel width was controlled most by bank τc (Figure 4.11). This suggests that fluvial

erosion, not mass failure, was the dominant bank erosion process. Darby and Thorne [1996b]

also found that τc had a much greater influence on channel widening than bank cohesion.

The three variables controlling bank failure (cohesion, φ′, and weight) all had similar relative

importance, unlike other sensitivity analyses of bank erosion models that found cohesion was

the dominant control on bank stability [Lammers et al., 2017; Van de Wiel and Darby , 2007;

Parker et al., 2008; Samadi et al., 2009]. These studies, however, did not show that τc was

important, possibly because they did not model bank erosion over longer periods of time

which would incorporate the threshold effect of τc determining when erosion occurs.

Different parameters become influential when different channel processes are dominant.

For the downstream reaches of the NFTR, bed D50 is less influenced by local variability in

inputs. Here, aggradation dominated so bed grain size was more controlled by the amount

and size of sediment coming from upstream. Similarly, these cross sections widened primarily

due to aggradation filling in the channel so bank erodibility was less important than in

upstream reaches (Figure 4.11). This change in model sensitivity with dominant channel

evolution process was also shown by Darby and Thorne [1996b]. They found that bank

cohesion had little influence on modeled channel dimensions while the channel was incising.
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Only after the banks became unstable and the channel widened did bank strength become

important. It is important for model users to recognize the dominant processes at play in

their system and tailor their data collection efforts accordingly.

Despite its relative simplicity, REM is dependent on field data which may be difficult

to collect; however, the sensitivity results provide guidance on which parameters should be

most accurately quantified to yield the best model results. This is especially important for

grain size distributions, τc, and cohesion which have a strong influence on the model, are

subject to considerable uncertainty, and are difficult to measure in the field. Soil erodibility

parameters (τc and k) are especially variable [Wynn et al., 2008; Konsoer et al., 2016; Daly

et al., 2015a] and difficult to predict. An alternative, more mechanistic fluvial erosion model

has also been developed [Wilson, 1993a, b] which relies on erodibility parameters which

may show less variability and therefore contribute less uncertainty to modeled erosion rates

[Enlow et al., 2017]. Future work could incorporate the Wilson [1993b] model into REM.

Regardless, bank τc may need to be estimated through model calibration to provide more

reliable values than field estimates. Hiding function parameters were also influential but can

only be calculated using sediment transport data by grain size — a rare thing to have for

most field sites. Since REM relies on a new specific stream power based hiding function,

more work is needed to explore variability in these parameters.

4.5.4 Future Improvements and Applications

There are a number of modifications that could improve model predictions. Coupling

REM with an upland erosion model would provide more realistic estimates of sediment

inputs and channel response [e.g. Stryker et al., 2017]. Furthermore, floodplains can be

significant sediment sinks [Kronvang et al., 2007; Fryirs and Brierley , 2001]; however, flood-

plain sedimentation likely has a larger effect on fine sediment delivery [e.g. Walling et al.,

1998], than the bed material load that primarily controls channel incision and aggradation.

Adding additional processes may improve model predictions, but this additional complexity
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also increases data requirements and uncertainty. It is important to balance the need to in-

corporate relevant processes while retaining the model simplicity that makes REM applicable

at the small watershed scale.

REM has a number of potential applications, both in river management and research.

For example, channel erosion can be a significant, but difficult to quantify, source of fine

sediment and phosphorus pollution in watersheds [Fox et al., 2016]. REM could be used to

estimate pollutant loading from channel erosion in a variety of systems. Urban stormwater

management (or mismanagement) is a leading cause of channel degradation [Walsh et al.,

2016, 2005]. While certain stormwater design standards can help mitigate channel degrada-

tion [e.g. Tillinghast et al., 2011], REM may allow a more comprehensive analysis of channel

stability when coupled with a stormwater management model. REM also has a number

of research applications. The search for an “optimal” or “equilibrium” channel form has

intrigued scientists for decades [e.g. Langbein and Leopold , 1964; Yang et al., 1981; Millar ,

2005; Huang et al., 2014]. Tools like REM can be used to explore this concept in more de-

tail, looking beyond the “optimal” channel cross section and examining interactions between

parts of a channel network and their influence on watershed scale channel evolution.

4.6 Conclusions

I present a new model for simulating channel evolution at the watershed scale. This

model is based on specific stream power and does not require detailed hydraulic modeling.

Results from a generic test case of channel response to base level lowering match physical

understanding of channel evolution. The model also accurately predicts channel incision and

bed coarsening for a reach of the lower Colorado River downstream from Parker Dam. I also

modeled vertical and lateral channel change on the North Fork Toutle River. The model

accurately predicted channel incision and widening in the upper portion of the watershed

where the channel eroded significantly but remained single thread. Model predictions did not

match observation in the lower portion of the watershed where the river migrated significantly
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across the valley floor — a behavior that REM is not designed to simulate. Results from

these case studies suggest the model can provide useful predictions of watershed-scale channel

erosion, while recognizing it is limited to single thread channels. Importantly, the model can

also account for uncertainty in input variables — allowing for a probabilistic assessment

of channel change. More model testing is required to fully understand its capabilities and

limitations. For example, REM’s ability to simulate cohesive incision, knickpoint migration,

or meandering was not tested because of a lack of sufficient field data, so it is still unclear

how accurately the model can simulate these processes. Further testing is also warranted on

the smaller watersheds (i.e. 10 – 100 km2) for which REM was designed.

Understanding how and how much rivers may change under future climate and land use

variability is an essential question for sustainable management of river ecosystems. Other

tools have been developed to estimate watershed sediment dynamics [Czuba et al., 2017;

Schmitt et al., 2016; Czuba and Foufoula-Georgiou, 2014] and erosion and deposition po-

tential [Soar et al., 2017; Parker et al., 2015]. In smaller, urbanizing watersheds, however,

channel changes are driven by both bed and bank erosion processes [Booth, 1990] and strongly

influenced by channel armoring and other channel “improvements” [Booth and Fischenich,

2015]. By accounting for these processes, REM can provide insight into urban stream evolu-

tion. Additionally, the model can be used to test different restoration or mitigation strategies;

for example, by simulating how the river erodes under different stormwater and/or stream

restoration scenarios. Using REM to test different mitigation strategies can support cost

effective and successful solutions to address excessive channel erosion.
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Chapter 5

Modeling watershed phosphorus and

sediment loading from river erosion while

accounting for uncertainty

Summary

Phosphorus and fine sediment pollution are primary causes of water quality degradation.

The significance of stream channel erosion as a source of these pollutants is increasingly being

recognized, but it remains difficult to quantify the magnitude of this loading. I use a new,

easily applied, watershed scale model to simulate the potential for future phosphorus and

sediment loading from channel erosion in two watersheds: Big Dry Creek, Colorado and Lick

Creek, North Carolina. The projected magnitude of loading for phosphorus is about an order

of magnitude higher in Big Dry Creek compared to Lick Creek, while sediment loading results

are similar. In both watersheds, model results suggest that channel erosion will not be a

significant source of phosphorus (∼1 – 4% of historic watershed total) but will of sediment (30

– 100% of historic watershed total). Uncertainty in these estimates is high — similar to what

has been reported for other estimates of bank erosion — and is larger than typical uncertainty

bounds for other non-point pollution sources. Still, quantifying confidence in projections is

important for comparing relative magnitudes of these sources. Importantly, modeling also

suggests that loading will not decrease over time in either watershed, suggesting that the

channels are not adjusting to a new stable state and erosion will continue to be a pollutant

source. Lick Creek model results are sensitive to upstream sediment supply while Big Dry

Creek’s are not, reinforcing the importance of considering alterations to both the hydrologic

and sediment regimes when analyzing potential channel changes — at least in vertically active
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channels. This new model is a useful tool for estimating historic and future phosphorus and

sediment loading from channel erosion and may enable easier quantification of this potentially

potent pollutant source.

5.1 Introduction

Phosphorus and fine sediment are two of the leading sources of water pollution in the

United States [EPA, 2015] and around the world. River channel erosion can be a significant

— but highly variable — source of both of these pollutants [Fox et al., 2016]. For exam-

ple, bank erosion can contribute from around 10% [Collins and Walling , 2007] to greater

than 90% [Kronvang et al., 1997] of the watershed suspended sediment load. Even within

individual watersheds, there is significant inter-annual variability [Palmer et al., 2014a] and

uncertainty [Thoma et al., 2005]. Phosphorus loading from bank erosion is generally lower

than suspended sediment — both in absolute terms and as a fraction of the total watershed

load — but can still be significant [Howe et al., 2011; Kronvang et al., 1997; Ishee et al.,

2015]. Like fine sediment, phosphorus loading from bank erosion is subject to significant

uncertainty depending on the methods used to quantify both erosion and bank phosphorus

concentrations [Miller et al., 2014; Purvis et al., 2016].

There are a number of ways to measure bank erosion, depending on the scale and resolu-

tion of interest. Bank pins or repeat surveys can be used to measure local erosion rates over

months to years [e.g Beck et al., 2018]. Aerial or satellite imagery allows rapid quantification

of bank retreat over years to decades at large spatial scales [e.g Miller et al., 2014; Purvis

and Fox , 2016]. Repeated LiDAR surveys can provide high spatial resolution data on bank

erosion [Thoma et al., 2005], although they can be expensive to collect.

These direct measurement approaches are useful, but they can only be used to estimate

historic and current erosion rates. Alternatively, numerical modeling can be used to fore-

cast channel erosion and associated pollutant loading. Modeling has been used to estimate

watershed scale sediment and phosphorus loading [Stryker et al., 2017; Langendoen et al.,
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2012; Mittelstet et al., 2016], and test the effectiveness of channel stabilization measures

[Langendoen, 2011; Enlow et al., 2018]. The most commonly used model is the Bank Sta-

bility and Toe Erosion Model (BSTEM) [Simon et al., 2000, 2011] which has subsequently

been integrated into other, more comprehensive models (e.g. CONCEPTS [Langendoen and

Simon, 2008], HEC-RAS [Gibson et al., 2015], and others [Klavon et al., 2017]). BSTEM

has been used for a variety of purposes [Klavon et al., 2017], although most have examined

specific erosion mechanisms [Midgley et al., 2012] or the effect of different stabilization or

restoration strategies [Langendoen et al., 2012].

Langendoen et al. [2012] used BSTEM to estimate watershed scale sediment and phospho-

rus loading in the Missisquoi River, Vermont, and to test the effects of different bank grading

and riparian planting strategies. Stryker et al. [2017] coupled BSTEM to a hydrologic model

to account for the combined effects of upland and in-channel processes on sediment export.

These are useful approaches, but do not account for coupled bed and bank erosion. Other

models (CONCEPTS and HEC-RAS+BSTEM) do account for these two modes of channel

adjustment, but may be better suited for reach scale application because they can be difficult

to parameterize and apply at the watershed scale.

The objective of this paper is to expand on these past modeling efforts by using a new

physically based yet parsimonious model to simulate future sediment and phosphorus loading

from channel erosion. The River Erosion Model (REM) simulates both bed and bank erosion

at the watershed scale — accounting for how channel evolution in one part of the watershed

can influence sediment dynamics in other reaches. Channels responding to disturbance evolve

in complex ways [Schumm et al., 1984; Simon, 1989; Booth and Fischenich, 2015; Cluer and

Thorne, 2014] and accounting for the dominant mechanisms of channel evolution is essential

for accurately quantifying water quality impacts. Importantly, REM is built to run Monte

Carlo simulations — quantifying the uncertainty in model projections.
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5.2 Methods

I applied REM to two watersheds: Big Dry Creek in Colorado and Lick Creek in North

Carolina. These two examples represent very different climates (semi-arid vs. humid) and

history (past vs. recent urbanization), providing illustrative examples of the how REM can

be used in diverse landscapes.

5.2.1 Model Description

REM simulates changes in channel bed elevation based on a sediment mass balance:

erosion occurs if sediment transport capacity exceeds supply while deposition occurs when

supply exceeds capacity. Sediment transport by grain size is modeled using new stream

power based bedload and total load transport equations (Chapter 3). Channel incision into

cohesive material can also be simulated using an excess shear stress approach [Partheniades ,

1965]. REM uses a modified version of the Bank Stability and Toe Erosion Model (BSTEM)

[Simon et al., 2000, 2011] to simulate both fluvial bank erosion and mass failure. Finally, the

model can also account for knickpoint erosion [Allen et al., 2018] and channel meandering. A

user-specified fraction of eroded bank, knickpoint, and cohesive bed material is added to the

bed material load (sand and coarser). The remainder is assumed to be washload (silt and

clay) that is all transported the watershed outlet (i.e. no in-channel or floodplain storage).

All model estimates of sediment and phosphorus loading are from this washload material.

For a more detailed description of REM see Chapter 4.

5.2.2 Study Watersheds

Big Dry Creek, Colorado

Big Dry Creek is a 280 km2 watershed located in the northern suburbs of Denver on the

Front Range of Colorado. The bed material is primarily sand, but with some gravel in the

upper reaches. Streambank material is mostly clay and sandy clay loam. Riparian areas

consist of grasses, willows, Russian olive, and some cottonwoods. The upper portion of the
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watershed is mostly undeveloped, but with a growing urban area in the middle. Most of the

lower third of the watershed is agricultural land (Figure 5.1). A management goal has been

set to reduce phosphorus loading from Big Dry Creek as part of a total maximum daily load

(TMDL) plan for the Barr-Milton watershed [Clary , 2017]. In addition, total phosphorus

concentrations in much of Big Dry Creek regularly exceed forthcoming in-stream nutrient

standards set by the State of Colorado [Clary , 2017].

Figure 5.1: Big Dry Creek watershed. Land use is 24% undeveloped, 33% agriculture, 40%
developed, and 3% water (NLCD 2011; Homer et al. [2015]).

The hydrologic regime of Big Dry Creek has been significantly altered. Standley Lake,

a reservoir in the upstream part of the basin, was constructed in 1912 to provide irrigation

water to downstream farms. Today, the reservoir also serves as a municipal drinking wa-

ter source but releases are still highly managed to supply water to downstream users. The
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watershed has also seen two population booms — one in the 1970s and the other starting

in the 1990s and continuing until today. This rapid development has increased stormwa-

ter runoff to the stream. Furthermore, three wastewater treatment plants in the watershed

provide a near continuous baseflow to Big Dry Creek. These hydrologic alterations — irri-

gation releases, increased stormwater runoff, and wastewater treatment effluent – have led

to significant channel degradation.

Lick Creek, North Carolina

Lick Creek is a 38 km2 watershed located on the outskirts of Durham, NC. Land use

is primarily forested with small portions of agricultural land and expanding development

in the headwaters. Development and agriculture are mostly limited to the uplands while

the valley floor is extensively forested (Figure 5.2). The bed material is primarily sand but

with some clay and isolated bedrock outcrops. Streambank material is mostly loam, clay

loam, and sandy loam. There are also a number of relict and active beaver dams on the

tributaries. The lower main stem of Lick Creek has incised and widened. This incision is

migrating upstream into the tributaries and I identified two active knickpoints during field

data collection. Lick Creek is currently listed as impaired for aquatic life. The creek drains

to Falls Lake reservoir, which is subject to a nutrient reduction plan and is currently listed

as impaired due to high turbidity [North Carolina Department of Environmental Quality ,

2016].

5.2.3 Data Collection and Model Application

During summer 2015, I collected field data at 24 sites along Big Dry Creek (Figure 5.1).

Prior to the field campaign, the channel was divided into eight reaches that had relatively

homogeneous land use and riparian condition. Where possible, reaches were separated at

major grade controls (e.g. road crossings, diversion structures, or bed stabilization struc-

tures). I measured bank geometries at three sites within each of the eight reaches. Three

soil samples per site (from the top, middle, and toe of one bank) were collected and analyzed
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Figure 5.2: Lick Creek watershed. Land use is 80% undeveloped, 7% agriculture, and 13%
developed (NLCD 2011; Homer et al. [2015]).

for phosphorus content and soil texture. Soil samples were processed by the Soil, Water,

and Plant Testing Laboratory at Colorado State University for total phosphorus (TP; EPA

Method 3050a), Mehlich-3 P, and water extractable P. Channel longitudinal profiles and

channel widths were obtained from a LiDAR-derived DEM (0.75 m resolution) from Oc-

tober 2013 (geodata.co.gov). To estimate historic erosion rates, I delineated the channel

banks from 1993 and 2014 aerial imagery [Google Earth Pro, 2017b], overlayed the two chan-

nel polygons, and calculated eroded areas based on differences in channel position. Based

on repeat delineation of the same 3 km reach, average errors were 1.4 – 1.8 m. I there-

fore only included erosion estimates that were greater than 2 m to incorporate these errors

and unknown orthorectification errors. Bank heights, soil bulk densities, and phosphorus
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concentrations were then used to estimate sediment and phosphorus loading over this time

period.

In spring 2016 I collected field data at 20 sites along Lick Creek and its major tributaries

(Figure 5.2), following the same data collection procedure as on Big Dry Creek. Channel

longitudinal profiles, channel widths, and floodplain widths and slopes were obtained from a

1 m resolution DEM constructed from LiDAR data collected in early 2015 (sdd.nc.gov/sdd).

I delineated the stream network and extracted channel geometry data for both watersheds

using the hydro-geomorphological GIS tool developed by Biron et al. [2013]. Historic erosion

rates for Lick Creek could not be determined using aerial imagery because the narrow stream

and dense canopy made it impossible to see the channel banks.

Estimating bank cohesion

Logistic regression analysis of bank heights and angles was used to estimate soil cohesion

[Bledsoe et al., 2012]. Logistic regression predicts the probability of bank failure (p) based

on bank angle (α) and height (H):

ln
p

1− p
= βo + βα lnα + βH lnH (5.1)

where βo, βα, and βH are fitted model coefficients.

This model was fit to field data on bank heights and angles for stable (p = 0) and unstable

(p = 1) banks. The logistic regression model solved for p = 0.5 (assumed equal to the critical

bank height for failure) was used in conjunction with the Culmann equation for geotechnical

slab failure to estimate the effective cohesion of the bank material (c′, kPa):

c′ =
γ (1− cos(α− φ′)) exp

(
−βo
βH
− βα

βH
lnα

)
4 sinα cosφ′

(5.2)

where γ is the unit weight of the soil [kN m−3] and φ′ is the effective friction angle of the bank

material [degrees]. I assumed φ′ varied uniformly between 11.4◦ and 32.3◦, γ between 16.9 and
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19.2 kN m−3 [Simon et al., 2011], and α between 40◦ and 90◦. This yielded a mean c′ value

of 1.4 kPa (standard deviation = 0.4) for Big Dry Creek and 2.1 kPa (standard deviation =

2.0) for Lick Creek (see Appendix C.1.3 for fitted logistic regression models). These cohesion

estimates account for a variety of sources of bank strength (including vegetation) and may

be considered operational shear strengths [Bledsoe et al., 2012].

Estimating bank critical shear stress

Critical shear stress (τc) of bank material in both watersheds was estimated using mea-

sured erosion rates and USGS gage data. For Lick Creek, I used erosion data collected by the

City of Durham from nearby Ellerbe Creek, located near USGS gage 0208675010. Lick and

Ellerbe creeks both have Triassic soils [Voli et al., 2013], so I assumed their bank soils have

similar erosion resistance. Specific stream power was calculated using 15 minute flow data

and DEM-derived channel slope and width. These stream power values were converted to a

wall shear stress using the same empirical equation used by REM. I then found the value of

τc that best approximated observed erosion rates (Appendix C.1.1). A similar approach was

used for Big Dry Creek, using 15 min and hourly flow data from USGS gage 06720820 and

bank erosion rates estimated from the aerial imagery analysis. Soil erodibility was calculated

by REM from supplied τc values using the empirical relationship developed by Simon et al.

[2010].

Hydrology

For Big Dry Creek, I used daily flow data from two USGS gages, one in the urbanized

area of the watershed (06720820) and the other at the watershed outlet (06720990). Peak

flows and flashiness have both increased in the watershed over the period of record. There-

fore, I used flow data from Jan. 2006 – Dec. 2017 as representative of the future hydrology

of the basin. Discharge for each modeled reach was calculated based on drainage area, while

accounting for releases from Standley Lake (summer only) and two wastewater treatment

plants (year round) as well as withdrawals from five irrigation ditches (summer only). A
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41 year flow record (2013 – 2053) was constructed with flow data from 2013 – 2017 (corre-

sponding to initial DEM-derived channel geometry from 2013) plus repeating the 12 years

of historic flow data (2006 – 2017) three times.

For Lick Creek, there are no current or historic flow data. Instead, I used daily flow

data from Little Lick Creek (USGS 0208700780) which is the watershed directly adjacent.

These daily data were available for Oct. 1982 – Sep. 1995. I expected these flow data

to be representative of current and future conditions in Lick Creek because the watershed

population density is currently increasing at a similar rate as Little Lick Creek did from

1982 – 1995 (Appendix C.2). Flows in each modeled reach were scaled based on drainage

area. These 13 years of data were repeated three times to give a total model simulation of

39 years (2015 (year of DEM) through 2053).

Model application

I applied REM to Big Dry Creek using a cross section spacing of 500 m and a time step

of 900 s. I ran two simulations with different upstream sediment supply: Qs = 0.5 and

1.0 of transport capacity. The total load sediment transport equation was used to model

grain sizes smaller than 4 mm, and the bedload equation for all coarser material. Five

grade control structures were included (i.e. putting a non-erodible cohesive bed at these

locations) (Table 5.1). Eight reaches with unique channel geometries (but the same bank

soil properties) were modeled. Modeled annual sediment and phosphorus loads from channel

erosion were compared to historic total annual loads calculated from in-stream water quality

data (courtesy of the Big Dry Creek Watershed Association) and flow data from the USGS

gage at the watershed outlet.

For Lick Creek, I used a cross section spacing of 200 m, time step of 2,400 s, and uniform

grain size of 2 mm (total load transport equation). Four grade controls (roads and bedrock

outcrops) were incorporated. For the remaining cross sections, a clay layer was assumed to

be 2 m below the alluvium with the same τc as the bank material. This was based on field

observations of exposed clay bed in incising channels. Two knickpoints were observed during
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the field campaign. Knickpoint erodibility coefficients were calibrated to match observed

migration rates from 2001 – 2015 (see Appendix C.1.2). Since there is no information on

upstream sediment supply, I ran three simulations with different rates: Qs = 0.5, 0.75,

and 1.0 of transport capacity (Table 5.2). Eleven reaches with unique channel geometries

(but the same bank soil properties) were modeled. Measured sediment and phosphorus

water quality data for Lick Creek were obtained from the City of Durham and Upper Neuse

River Basin Association. Since there is no gage on this stream, annual loads could not

be calculated. Instead, I converted modeled loads to concentrations (annual load / annual

flow volume) to compare to these measured data. For both watersheds, I used measured

bank total phosphorus concentrations, as described above. For both watersheds, I ran 1,000

Monte Carlo simulations to quantify uncertainty in model projections. All data analyses

were performed in R version 3.4.4 [R Core Team, 2018].

5.3 Sensitivity Analysis

Sensitivity analyses of each model output were performed using the Plischke et al. [2013]

density-based method. These analyses quantify the impact of each input variable on uncer-

tainty in model output from the Monte Carlo simulations. For each simulation, I quantified

uncertainty in predicted phosphorus loading, sediment loading, bed elevation, and channel

width. To give a single output value for bed elevation and channel width, I summed the ab-

solute value of total change in the variable across all cross sections. For the loading variables,

I used the median annual load from each Monte Carlo simulation.

5.4 Results

5.4.1 Historic and Current Erosion

Big Dry Creek

Incision is widespread in Big Dry Creek, as evidenced by the tall vertical banks through-

out much of the watershed. However, it appears this incision has slowed or halted because of
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Table 5.1: Big Dry Creek model inputs. ∗Proportion of the eroded bank material that is bed
material load (sand and coarser). The remainder is assumed to be washload.

Variable Value MC Values Source

Bed profile – – LiDAR DEM

Bank geometry 0.9 – 2 m; 45◦ – 90◦ ±50% Field measured

Width [m] 5 – 7 ±50% LiDAR DEM

Discharge – – See text

Sediment supply
50% and 100% of
transport capacity

– Assumed

Bank τc [Pa] 7.2 ±50% Calibrated

Bank cohesion [kPa] 1.4
normal (mean =

1.4; sd = 0.4)

Calculated from
bank geometry

Bank friction angle, φ′ [deg] 22 ±50%
Typical values

[Simon et al., 2011]

Bank soil weight [kN/m3] 18 ±50%
Typical values

[Simon et al., 2011]

Bank P [mg/kg] 310
normal (mean =
310; sd = 100)

Measured

Bank bedload prop∗ 38 – 64% ±50%
% Sand from

sampled banks

Cohesive bed
5 grade control

structures
– Field observations

GSD
D50 = 2 mm; σg =

1.5
±50% Assumed

Floodplain geometry
width: 50 m; slope:

1◦
±50% Assumed

Manning n
chnl: 0.035; fp:

0.06
±50% Assumed

Rc [m] 35 ±50% Aerial imagery

Sinuosity 1.3 – 2.4 ±50% Aerial imagery
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Table 5.2: Lick Creek model inputs. ∗Proportion of the eroded bank material that is bed material
load (sand and coarser). The remainder is assumed to be washload.

Variable Value MC Values Source

Bed profile – – LiDAR DEM

Bank geometry 1 – 2.8 m; 48◦ – 70◦ ±50% Field measured

Width [m] 1.8 – 17.3 ±50% LiDAR DEM

Discharge – – See text

Sediment supply
50% - 100% of

transport capacity
– Assumed

Bank τc [Pa] 10.2 ±50% Calibrated

Bank cohesion [kPa] 2.1
lognormal

(logmean = 0.44;
logsd = 0.78)

Calculated from
bank geometry

Bank friction angle, φ′ [deg] 22 ±50%
Typical values

[Simon et al., 2011]

Bank soil weight [kN/m3] 18 ±50%
Typical values

[Simon et al., 2011]

Bank P [mg/kg] 50
normal (mean =

53; sd = 30)
Measured

Bank bedload prop∗ 28 – 59% ±50%
% Sand from

sampled banks

Cohesive bed
0 – 2 m depth; τc

= 10.2 Pa
–

Field observations;
assumed τc = bank

D50 uniform 2 mm 0.5 – 3.5 mm Assumed

Floodplain geometry
width: 40 – 160 m;

slope: 2◦ – 8◦
±50% LiDAR DEM

Manning n
chnl: 0.045; fp:

0.08
±50% Assumed

Knickpoints
height: 0.9 – 1.3 m;
Kd: 0.219 – 0.253

cm/Pa/hr
–

LiDAR DEM &
Field observations
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artificial (e.g. rock structures) and natural (e.g. clay soil) grade controls. As the channel is

now mostly vertically stable, it has recently adjusted primarily via bank erosion and lateral

channel migration. The aerial imagery analysis provided additional evidence of this (Figure

5.3). There was a mix of widening and narrowing along the channel from 1993 – 2014, but

the average change in channel width was not significant. Sinuosity, on the other hand, did

show a slight but statistically significant increase over this period (median increase of 0.04;

p < 0.0001; Wilcoxon Signed Rank Test). Much of the upper portion of the watershed is

in the later stages of channel evolution (stages IV–V in the Schumm et al. [1984] channel

evolution model, CEM). The lower half of the watershed has not widened as significantly,

and is currently in stage II (incision or arrested incision) or III (widening) of the CEM (Fig.

5.4). Big Dry Creek is still evolving, and it is unclear when it will re-stabilize. Ongoing

urbanization will likely continue to alter watershed hydrology, and changes in sediment sup-

ply — from upland and in-channel sources — could either hasten or delay the return of the

channel to a quasi-equilibrium state.

Figure 5.3: Changes in channel width (a) and sinuosity (b) in Big Dry Creek from 1993 – 2014 for
the same, 1 km long reaches. Values estimated using digitized stream channels from aerial imagery.
The median difference and p-value of a Wilcoxon Signed Rank Test are shown. These tests suggest
the width change was not significantly different from zero but that sinuosity showed a statistically
significant increase over the observation period.
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Figure 5.4: Looking upstream at an incised and actively migrating channel in the middle portion
of the Big Dry Creek watershed (a); eroding bank height about 5 m. Looking downstream at a
less incised and less laterally active portion of the channel near the watershed outlet (b); left bank
height about 1.2 m.

Lick Creek

The channels in Lick Creek are actively evolving, presumably in response to changes in

runoff and sediment supply caused by ongoing development. Much of the main stem has

incised and widened, and this incision is currently migrating up the tributaries (Figure 5.5).

There is significant sand deposition in the lower reaches of Lick Creek, probably as a result

of high sand loading from upstream bed and bank erosion. These lower aggrading reaches

are in stage IV of the CEM (aggrading and widening), while the tributaries are all in stages

II–III (incising and widening). Development will likely continue into the future, further

destabilizing the stream. There are several bedrock outcrops serving as local grade controls

but these may not be sufficient to keep the channels from significantly incising and widening

in response to this watershed disturbance.

5.4.2 Bank Phosphorus Concentrations

Figure 5.6 shows bank total phosphorus concentrations from Big Dry Creek and Lick

Creek compared to data from 15 other studies. Big Dry Creek’s bank phosphorus content

is similar to these other data, but Lick Creek has extremely low values (with the exception
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Figure 5.5: A tributary to Lick Creek immediately upstream (a) and downstream (b) of a 1 m
high knickpoint. Both photographs are looking upstream.

of one outlier >1,800 mg/kg). For both watersheds, concentrations of Mehlich-3 phosphorus

and water extractable phosphorus are about 10% and 5% of total phosphorus concentra-

tions, respectively. These extraction methods may be more representative of bioavailable

phosphorus than the TP concentrations shown here; however, I modeled total phosphorus

loading to compare with measured data (using total phosphorus loads and concentrations)

and because most regulations focus on total phosphorus.

5.4.3 Projected Phosphorus and Sediment Loading from Channel

Erosion

Big Dry Creek

Figure 5.7 shows modeled annual phosphorus and sediment loads in Big Dry Creek from

channel erosion (2013 – 2053, with uncertainty) from the Qs = 0.5 simulation, compared

to measured annual loads at the watershed outlet (1997 – 2017). Bank loading estimates

from the aerial analysis (1993 – 2014) are also shown. The results from the single model

run and median of the Monte Carlo simulations are essentially identical. There is significant

inter-annual variability in projected loads, and the peaks of the uncertainty range do appear
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Figure 5.6: Measured bank total phosphorus concentrations for the two study watersheds com-
pared to data from 15 other studies (Chapter 2).

to decrease over time. There is not, however, any statistically significant trend in the median

results (Mann-Kendall trend test, p = 0.57 for both Qs = 0.5 and 1.0 simulations).

Figure 5.8 compares distributions of median annual loads from the two model simulations

(Qs = 0.5 and Qs = 1.0) with the historic observed watershed load and bank loading estimate

from the aerial imagery analysis. The two model simulations show nearly identical results.

The modeled median annual phosphorus load (median 0.3 ton/yr; 0.005 – 1.8 ton/yr 90%

confidence interval [CI]) was one quarter of the aerial imagery analysis estimate (1.2 ton/yr).

Both are significantly less than the historic measured watershed TP load (median 35 ton/yr).

Modeled median annual sediment loads (median 950 ton/yr; 17 – 5,600 ton/yr 90% CI) are

also less than both the historic watershed load (3,100 ton/yr) and aerial estimate (3,900

ton/yr). These results indicate that future phosphorus loading from channel erosion could

be small relative to the historic watershed load (median ∼1%, 0.01 – 5% 90% CI) but that

future sediment loading could be significant percentage (median 31%; 0.5 – 180% 90% CI) of
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the historic watershed sediment load. Table 5.3 summarizes modeled median annual loadings

of both phosphorus and sediment.

Figure 5.9 shows modeled sediment loading rates by reach, with uncertainty (Qs = 0.5

simulation). Sediment loading was relatively consistent throughout the channel network,

although the most upstream reach did have consistently higher rates than others. The

spatial distribution of phosphorus loading is identical and is therefore not shown. Plots

of pollutant loading, channel incision, channel widening, and sensitivity analysis results for

both simulations are included in Appendix C.3.

Figure 5.7: Observed and modeled annual loads of phosphorus (a) and sediment (b) for Big Dry
Creek. Measured watershed loads are shown as points, bank loading estimates from the aerial photo
analysis are shown as a horizontal dotted line, and model results for the single model run (solid
line), median of the Monte Carlo simulations (dashed line), and 90% CI are projected through
2053. Model results are from simulations with Qs = 0.5.
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Figure 5.8: Distributions of predicted phosphorus (a) and sediment (b) loads for the two modeled
scenarios from Big Dry Creek: Qs = 0.5 and Qs = 1.0. These are compared to estimates of loading
from bank erosion from the aerial imagery analysis (Bank) and observed watershed loads from 1998
– 2017.

Lick Creek

Figure 5.10 shows modeled average annual total phosphorus (TP) and total suspended

solids (TSS) concentrations in Lick Creek from channel erosion (2015 – 2053, Qs = 0.5

simulation), with uncertainty, compared to historic measured values at the watershed outlet

(2004 – 2017). There is some inter-annual variability in modeled concentrations, especially

in the peaks of the 90% CI. There is not, however, an obvious increase or decrease in

concentrations with time. A Mann-Kendall trend test confirms there is no statistically

significant trend for any simulation (Qs = 0.5: p = 0.36; Qs = 0.75: p = 0.96; Qs = 1.0: p

= 0.08).

Figure 5.11 compares distributions of modeled TP and TSS concentrations for the three

simulations to measured values. Modeled concentrations decrease as upstream sediment

supply increases. For all simulations, modeled TSS concentrations are at or above historic

observations while TP concentrations are significantly less than measured values. Modeled
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Table 5.3: Modeled median annual total phosphorus and sediment loading from channel erosion
in Big Dry Creek and Lick Creek. Median values are shown with 90% CI in parentheses.

Simulation
Annual P Load

[kg/yr]
Annual P Load

[kg/km/yr]
Annual Sed
Load [ton/yr]

Annual Sed Load
[ton/km/yr]

Big Dry Creek, Qs = 0.5 285 (5 – 1,800) 4.8 (0.1 – 31) 950 (17 – 5,600) 16.2 (0.3 – 95)
Big Dry Creek, Qs = 1.0 255 (4 – 1,770) 4.3 (0.1 – 30) 875 (16 – 5,400) 14.8 (0.3 – 91)
Lick Creek, Qs = 0.5 48 (4 – 140) 1.8 (0.1 – 5.3) 940 (460 – 2,060) 35 (17 – 77)
Lick Creek, Qs = 0.75 42 (3 – 124) 1.6 (0.1 – 4.7) 820 (410 – 1,850) 31 (15 – 69)
Lick Creek, Qs = 1.0 27 (2 – 73) 1.0 (0.1 – 2.7) 520 (270 – 1,100) 19 (10 – 41)

median annual TP concentrations (median 0.003 mg/L; 0.0002 – 0.009 mg/L 90% CI) are

an order of magnitude lower than observed values (median 0.08 mg/L). Modeled median

annual TSS (median 59 mg/L; 31 – 131 mg/L 90% CI) is higher than observations (median

29 mg/L). These model results for theQs = 0.5 simulation suggest that future channel erosion

could contribute >100% (median 203%; 106 – 450% 90% CI) of the historic fine sediment

pollution in Lick Creek, but only ∼4% (0.3 – 11% 90% CI) of the historic phosphorus.

Figure 5.12 shows modeled sediment loading by reach over the course of the simulation

(Qs = 0.5). Two reaches had consistently higher loading throughout all the Monte Carlo

simulations. Both reaches had actively migrating knickpoints which likely contributed to

high modeled sediment loads. The spatial distribution of phosphorus loading is identical,

therefore these data are not shown.

The median of the modeled annual phosphorus load (Qs = 0.5 simulation) was 48 kg/yr

(4 – 140 kg/yr 90% CI). Median annual sediment loading was 940 ton/yr (460 – 2,060

ton/yr 90% CI). Similar to the concentration data, modeled loads for this simulation were

higher than the other two (Table 5.3). Plots of pollutant loading, channel incision, channel

widening, and sensitivity analysis results for all three simulations are included in Appendix

C.3.
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Figure 5.9: Network schematic of Big Dry Creek showing annual sediment loading rates by
modeled reach, normalized by reach length, including the uncertainty range (a and c) and the
median of the Monte Carlo results (b). Loading rates are larger than reported in Table 5.3 because
these are cumulative loads over the simulation rather than median annual loads. Results from
simulation with Qs = 0.5.

5.5 Discussion

5.5.1 Significance of Channel Erosion as a Pollutant Source

For both Big Dry Creek and Lick Creek, model simulations suggest channel erosion will be

a minor source of phosphorus (∼1 – 4% of historic total watershed load or concentration) but

may contribute 30 – 200% as much fine sediment pollution as has been recently observed from

all sources in the watershed. This assumes that historic observed loads (Big Dry Creek) and

concentrations (Lick Creek) at the watershed outlets are representative of future conditions.

The fact that model simulations for Lick Creek are higher than observed TSS concentrations

either suggests the model is overpredicting loading from channel erosion or that watershed

pollutant loading could increase in the future due to continued channel instability.

The temporal overlap between the beginning of the model simulation and observed data

is useful for evaluating model accuracy; however, neither model was calibrated to these

measured water quality data and the daily flow record used in the Lick Creek models does

not necessarily match actual flows over this time period. The point is instead to assess the
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Figure 5.10: Observed and modeled average annual concentrations of TP (a) and TSS (b) for
Lick Creek. Measured concentrations at the watershed outlet are shown as points. The model
results for the single model run (solid line), median of the Monte Carlo simulations (dashed line),
and the 90% CI are projected through 2053. Model results from simulations with Qs = 0.5.

magnitude of modeled loading versus historic values. In Big Dry Creek, the first several

years of the simulation show sediment loading that is similar to total watershed sediment

loads. These peaks in annual sediment loading are obvious throughout the remainder of

the simulation and represent the influence of high discharge years on pollutant loading.

Despite these peaks, average annual sediment loading is only about one third of historic

total watershed sediment loads. Model predictions for both phosphorus and sediment are

less than historic loading estimates from bank erosion from the aerial imagery analysis. This

could indicate that future pollutant loading from channel erosion will be less than what has

recently been observed.
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Figure 5.11: Distributions of median predicted TP (a) and TSS (b) concentrations for Lick Creek
across the years of the simulation, for the three different modeled scenarios: Qs = 0.5, Qs = 0.75,
and Qs = 1.0 of transport capacity. These are compared to the distributions of observed TP and
TSS concentrations at the watershed outlet from 2004 – 2017.

Modeling shows little change in bed elevations throughout the watershed — consistent

with field observations that the channel is relatively stable vertically (Figure C.4). Modeling

does, however, predict slight (1 – 2 m) widening (Figure C.5) and increases in channel

sinuosity (median increase ∼0.15). The aerial imagery analysis showed no net change in

channel width (Figure 5.3), although 1 – 2 m of widening is certainly within the range of

observations. This analysis also showed a general increase in channel sinuosity, although

at smaller annual rates (0.002 / year) than what modeling showed (0.0035 / year). Taken

together, these results suggest that the channel will continue to adjust via a mix of widening

and increased sinuosity, with little bed aggradation or incision.

In Lick Creek, the three years of overlap between the simulations and observed data

(2015 – 2017) actually show remarkable agreement between measured and modeled TSS

concentrations, and consistently high modeled TSS throughout the simulation. Model re-

sults, however, do not take into account other sources of fine sediment pollution. Sediment
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Figure 5.12: Network schematic of Lick Creek showing annual sediment loading rates by modeled
reach, normalized by reach length including the uncertainty range (a and c) and the median of the
Monte Carlo results (b). The two reaches with highest loading rates both had actively migrating
knickpoints. Loading rates are larger than reported in Table 5.3 because these are cumulative loads
over the simulation rather than median annual loads. Results from simulation with Qs = 0.5.

fingerprinting from 2011 showed that bank erosion contributed only 25% (11 – 43% ± 1σ) of

the total suspended sediment [Voli et al., 2013] in Lick Creek, with the largest source being

construction sites. This suggests the model may be overpredicting sediment contribution

from channel erosion. This could indicate my estimate of bank τc is too low, the clay bed

material in the watershed is not as widespread or easily erodible as I assumed, or the model

overestimates knickpoint erosion. Bank erosion contributed <10% of the modeled loading

in all three simulations, suggesting that if any source is being overestimated, it is cohesive

bed erosion and knickpoint migration. Alternatively, loading estimates may be accurate

and the model could be overestimating the proportion that reaches the watershed outlet

by neglecting fine sediment storage. Regardless, the simulations indicate that a significant

amount of sediment could come from channel erosion, but that this would contribute very

little phosphorus to the watershed. Importantly, the simulations do not show a significant

decreasing trend in predicted loading, indicating that the channel will not adjust to a new
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stable state in the next 40 years and will instead continue to erode and be a source of fine

sediment pollution.

Modeled channel changes in Lick Creek are consistent with field observations, with chan-

nel incision (with some local aggradation) predicted in the tributaries and aggradation along

the mainstem. This indicates that recent channel response will continue into the future.

The model also predicts widening generally throughout the watershed, suggesting that even

the aggrading lower reaches are still susceptible to bank erosion. These trends are consis-

tent across both the Qs = 0.5 and Qs = 0.75 simulations, while the Qs = 1.0 run shows

much more widespread aggradation due to higher upstream sediment supply (see Appendix

C.3). Modeled estimates of loading decreased as sediment supply increased (Figure C.12);

although, uncertainty within each simulation is large relative to the differences among simu-

lations. The fact that upstream sediment supply has such a pronounced impact on modeled

fine sediment loading illustrates the importance of accounting for altered sediment regimes

in geomorphic and water quality analyses [Wohl et al., 2015a; Bledsoe, 2001]. Still, even

the Qs = 1.0 simulation had significant fine sediment loading because knickpoint erosion —

which is not impacted by incoming sediment loads — was a major loading source. Modeled

loading in watersheds without knickpoints may be more sensitive to supplied bed material

from upstream. In reality, large sand and gravel loads could bury a migrating knickpoint;

however, REM assumes a constant knickpoint height and therefore would not capture this

behavior.

Phosphorus and sediment loading rates per unit stream length in Big Dry Creek (Table

5.3) are on the low end but of similar order of magnitude to eroding streams in Iowa [Zaimes

et al., 2008b; Tufekcioglu, 2010; Nellesen et al., 2011], Missouri [Peacher , 2011], and Denmark

[Kronvang et al., 2012]. They are one to two orders of magnitude less than model estimates of

loading from Vermont [Langendoen et al., 2012] and Oklahoma [Miller et al., 2014] and from

erosion of millpond sediment in Pennsylvania [Walter et al., 2007] (Chapter 2, Table 2.1).

This suggests that modeled loading estimates are similar to what has been observed in other
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eroding streams of similar size. Lick Creek’s normalized sediment loading rates are also

similar to these other studies, but predicted phosphorus loading is significantly lower than

what has been observed elsewhere. This is expected given the low phosphorus abundance in

Lick Creek streambanks.

The relative importance of channel erosion for phosphorus and sediment pollution is

consistent for both watersheds, but the reasons for it differ. For Big Dry Creek, two large

wastewater treatment plants are likely responsible for most of the watershed phosphorus

load, while contributing little or no suspended sediment. In fact, the significant drop in

the watershed phosphorus load since 2010 (Figure 5.7) has been attributed to improved

phosphorus removal at these facilities [Clary , 2017]. In Lick Creek, on the other hand,

modeled phosphorus loading is extremely small because of the naturally low abundance of

phosphorus in streambank soils.

Low measured bank phosphorus content in Lick Creek was not surprising given that North

Carolina — and most of the southeastern coastal plain — has low soil phosphorus abundance

[Smith et al., 2013]. Bank phosphorus concentrations for both Lick Creek and Big Dry Creek

show significant variability, but there are not any observable trends. Other studies have

found that bank phosphorus is correlated with location in the watershed [Miller et al., 2014],

position on the bank [Bledsoe et al., 2000; Purvis et al., 2016], soil silt-clay content [Cooper

and Gilliam, 1987; Bledsoe et al., 2000; Agudelo et al., 2011; Kerr et al., 2011; Young et al.,

2012], and land use [Palmer-Felgate et al., 2009; Haggard et al., 2007]. None of these variables

were correlated with bank total phosphorus in my study watersheds. Still, uncertainty in

bank phosphorus content can introduce significant uncertainty into modeled phosphorus

loading. This was the case in Lick Creek where loading was predominately from cohesive

bed and knickpoint erosion (Figures C.15, C.20, and C.25). In Big Dry Creek, however,

uncertainty in phosphorus loading was driven almost exclusively by bank τc — indicating

that the magnitude of bank erosion and lateral channel migration was more important for

loading than variability in bank phosphorus content (Figures C.6 and C.11).
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5.5.2 Uncertainty in Model Projections

Uncertainty in loading estimates were high and it is important to put these results into

perspective. Is this magnitude of uncertainty expected for loading estimates from channel

erosion? Unfortunately, very few studies have quantified uncertainty in estimated pollutant

loading in stream systems. Purvis et al. [2016] estimated historic phosphorus loading from

bank erosion using aerial imagery and measured bank P content, accounting for uncertainty

in these measured values. They estimated historic total P loading averaged 12,000 kg/yr

(300 – 50,000 90% CI). The magnitude of loading is higher than model estimates for Big

Dry Creek or Lick Creek, but the uncertainty range is similar. The Purvis et al. [2016] range

was about four times their average estimate, lower than Big Dry Creek (range 6.3 times the

median estimate) but higher than Lick Creek (range three times the median). Uncertainty

ranges of sediment loading over the same time period were about twice the average value

[Purvis and Fox , 2016]. Model results also showed the same or lower uncertainty in sediment

loading (Big Dry Creek range 5.9 times the median, Lick Creek range 2.7 times the median).

This is expected since phosphorus loading results have all the same uncertainty as sediment

loading, with the added effect of variable bank phosphorus concentrations. Klavon et al.

[2017] used aerial imagery and BSTEM to estimate sediment loading over a 10 year period

in two streams. The uncertainty ranges for the aerial analysis were significant (10,100 –

80,700 ton/yr and 12,600 – 38,400 ton/yr) but were smaller than their model estimates

(303 – 177,000 ton/yr and 494 – 34,000 ton/yr). The aerial imagery uncertainty ranges

were about one to one and half times the average, while BSTEM ranges were around twice

the average result. While this is a limited set of studies, it indicates that the magnitude

of uncertainty in my model estimates is similar to what has been quantified by others for

sediment and phosphorus loads from both aerial imagery methods and modeling. A more

interesting question remains: how does uncertainty in loading from channel erosion compare

to other sources of sediment and phosphorus pollution?
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Mittelstet and Storm [2016] quantified legacy phosphorus inputs from a variety of sources

in a large watershed in Oklahoma and Arkansas. Their estimated annual loading of 3,350

ton P/yr (2,840 – 3,860 ton/yr 90% CI) had a much smaller uncertainty range than my

model results (less than one third of their average estimate). Uncertainty in GIS-based

loading from non-point sources (median 486 kg P/yr; 250 – 750 kg/yr 90% CI) was similar

to uncertainty in measured loads [Murdoch et al., 2005]. Another simple watershed model

predicted daily TP concentrations of around 0.3 mg/L (0.2 – 0.4 mg/L 95% CI) [Smith

et al., 2005]. Application of the generalized likelihood uncertainty estimation (GLUE) to the

integrated catchment model of phosphorus (INCA-P) showed similar uncertainty ranges, on

the order of 0.2 mg/L [Dean et al., 2009]. Even models of wastewater treatment facilities

can show significant uncertainty in predicted nutrient effluent concentrations [Sin et al.,

2011]. Modeled TP concentrations from Lick Creek were low (median 0.003 mg/L) but the

uncertainty range was about three times this median value, larger than what was observed

in these other studies.

These results suggest that model estimates of pollutant loading — and other studies quan-

tifying loading from bank erosion — have significantly higher uncertainty than estimates from

other non-point sources. It is possible that channel erosion is subject to inherently greater

uncertainty that other sources of pollution, or simply that I accounted for more contributing

factors than these other studies. The magnitude of uncertainty estimates is directly related

to how many sources of uncertainty are incorporated into the analysis, and their relative

variability. While I did account for uncertainty in many input variables, variability in fu-

ture hydrology was not considered. This is likely a large — if not the largest — source of

uncertainty in modeling future channel erosion [Darby and Thorne, 1996b].

5.5.3 Future Research

There are a number of avenues for future research that can both improve REM and im-

prove understanding of the role of channel erosion in sediment and phosphorus pollution.
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First, several additional processes could be added to REM that could increase model accu-

racy. For instance, floodplain sedimentation can be a significant sediment and phosphorus

sink [Kronvang et al., 2007]. Incorporating this into REM could reduce modeled loads that

reach the watershed outlet. Second, in-stream phosphorus dynamics are complex, with P

subject to adsorption-desorption processes, uptake by aquatic organisms, and transformation

between organic and inorganic forms [Hoffman et al., 2009; McDaniel et al., 2009; Records

et al., 2016]. There is not currently a strong mechanistic foundation for understanding these

processes so incorporating them into a model like REM is not feasible at this time. Still, it

is important to understand the limitations of all models that estimate P loading to streams

because of their inability to simulate these complex dynamics [Fox et al., 2016]. REM incor-

porates the two mechanisms of bank erosion that typically dominant in watersheds: fluvial

erosion and mass failure. Recent research has shown, however, that subaerial processes in-

cluding freeze-thaw and wetting-drying cycles can significantly influence bank erosion rates

and subsequent suspended sediment loading [Couper and Maddock , 2001; Clark and Wynn,

2007; Inamdar et al., 2018]. The mechanisms controlling these processes are still not clear

but future versions of REM could incorporate them empirically (e.g. decreasing bank τc with

time to simulate freeze-thaw weathering).

REM has a number of potential applications beyond what was examined here. I used

REM to simulate sediment and phosphorus loading from bank erosion; however, the model

can also be used to estimate loading of many other sediment-bound pollutants. Stream-

banks can contain high concentrations of lead [Palumbo-Roe et al., 2012] and other metals

[Domı́nguez et al., 2016] or even radioactive contaminants [Paridaens and Vanmarcke, 2001].

Furthermore, bank erosion has been shown to contribute significant amounts of mercury

[Rhoades et al., 2009] and nitrogen [Walter et al., 2007] to watersheds. Although much of

the work on bank erosion as a pollutant source has focused on sediment and phosphorus

[Fox et al., 2016], exploring its role in other water quality issues is important for protecting

water resources.
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Additionally, the model could be an important tool for predicting how different watershed

management options (e.g. stormwater controls that reduce discharge) and stream restoration

strategies (e.g. bed and bank stabilization) may impact channel evolution and associated

pollutant loading. Others have used BSTEM [Simon et al., 2011; Langendoen et al., 2012;

Klavon et al., 2017] and CONCEPTS [Langendoen, 2011; Enlow et al., 2018] to estimate the

relative impact of different channel restoration strategies on bank erosion; however, these

two models are usually applied at the reach scale. REM is easily run at the watershed

scale and accounts for how restoration in one part of the watershed may impact channel

response elsewhere. This also allows identification of locations in the channel network that

are projected to be significant pollutant sources and may benefit from targeted restoration

or stabilization (Figures 5.9 and 5.12). The importance of incorporating uncertainty into

estimates of pollutant loading from channel erosion has been recognized by others [Klavon

et al., 2017; Fox et al., 2016]. Monte Carlo simulations of REM can easily be run to estimate

this uncertainty. It can even be used to just explore uncertainty in the simplified BSTEM

sub-model, something that is currently not built-in to the current version of BSTEM.

5.6 Conclusion

I estimated recent and potential future sediment and phosphorus loading rates from

channel erosion using a new watershed scale model (REM) that simulates both channel bed

and bank erosion. The model predicted similar rates of median annual sediment loading

in Big Dry Creek, CO (median 950 ton/yr) and Lick Creek, NC (940 ton/yr). Phosphorus

loading, on the other hand, was significantly higher in Big Dry Creek (median 285 kg/yr)

compared to Lick Creek, NC (48 kg/yr). Despite this order of magnitude difference, the

potential importance of channel erosion as a phosphorus source was similar for both wa-

tersheds (only ∼1 – 4% of historic phosphorus load/concentration). Channel erosion may

be a significant source of fine sediment pollution, ranging from 30% to >100% of historic

sediment loads (Big Dry Creek) and concentrations (Lick Creek). Uncertainty ranges on
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these estimates were high — similar in magnitude to other studies of pollutant loading from

bank erosion but larger than estimates from other non-point sources. Still, quantifying this

uncertainty is essential for effectively comparing relative magnitudes of different pollution

sources. Importantly, model simulations show no decreasing trends in pollutant loading in

either watershed. This indicates that both Big Dry Creek and Lick Creek will continue to

actively evolve over the next 40 years and keep supplying fine sediment to their watersheds.

Also, the fact that loading estimates for Lick Creek declined as upstream sediment supply

increased underscores the need to consider alterations in both flow and sediment when an-

alyzing channel evolution [Wohl et al., 2015a; Bledsoe, 2001] — especially in streams prone

to active incision. Upstream sediment supply had little effect on Big Dry Creek simulations

because this channel was already vertically stable. This is the first application of REM to

project future sediment and phosphorus loading from channel erosion. Channel erosion’s

importance as a pollutant source is increasing in recognition [Fox et al., 2016], and more

studies are attempting to quantify the magnitude of pollutant loading using field measure-

ments [e.g. Purvis et al., 2016; Beck et al., 2018] and modeling approaches [e.g. Langendoen

et al., 2012; Klavon et al., 2017; Stryker et al., 2017]. REM can be a powerful new tool to

assess the significance of this pollutant source and aid in planning targeted remediation and

restoration to reduce loadings and improve water quality.
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Chapter 6

Conclusions

Despite the passage of the Clean Water Act nearly 50 years ago, many of our nation’s

waters fall short of the goal of “swimmable and fishable”. Sediment and nutrient pollution

in particular continue to degrade water quality. Agencies and local governments are looking

beyond the usual culprits — turning their attention to the streams themselves. Degraded

and eroding streams (especially in urban areas) can be a source of pollution while limiting the

natural nutrient retention capability of river ecosystems. Restoring these channels can, in a

stroke, reduce pollutant loading and increase nutrient removal. The question then becomes

— how significant are these benefits?

This is the question I have attempted to answer. In Chapter 2 I summarize the current

state of the science on using stream restoration to reduce nutrient loading and increase

nutrient retention. Results are mixed. There is strong evidence that stream restoration can

reduce nutrient loading and improve water quality; however, individual restoration projects

are often insufficient to make a noticeable dent in watershed scale pollution issues and it

remains unclear how best to target these interventions. Stream restoration cannot solve

this problem alone, other strategies are needed that reduce pollution at the source and

prevent nutrients from reaching streams in the first place. Nutrient processing in streams

is complex and dependent on nutrient sources, chemical and biological conditions in the

stream and beneath it, and the time of year. Still, there does seem to be a consensus that

some restoration strategies can be effective, even if quantifying these benefits is difficult. For

example, riparian buffers can trap nutrients before they reach the stream, but estimating

total nutrient removal requires long term, detailed monitoring. Nutrient removal can also be

significant in hyporheic zones. Restoring these surface-subsurface exchanges should therefore

provide a net benefit, but it is extremely difficult to quantify the magnitude of this exchange
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before and after restoration. Bank stabilization, perhaps one of the most common strategies,

can rapidly reduce sediment and phosphorus loading. The question remains, however, how

significant is this pollutant source and how do we quantify the benefits of restoration?

This question was addressed in the remainder of this dissertation. In Chapter 3, I in-

troduce new sediment transport equations which are easily applied at the watershed scale.

These equations — and really the whole model — are built on the seminal work of Bagnold

[1966, 1980], who formalized the use of stream power to estimate the work done by river

channels. My motivation for developing these equations was to use them to model channel

incision and aggradation as part of REM. Hopefully, they will also find use outside of this

context. Understanding sediment transport throughout river networks is vitally important

for effective management, as evidenced by several recent advances in modeling network sed-

iment connectivity [Schmitt et al., 2016, 2018; Czuba, 2016]. My new transport equations

might be useful for continued growth in this area.

In Chapter 4, I introduce the River Erosion Model to simulate channel evolution and asso-

ciated pollutant loading. REM accounts for the two dominant modes of channel adjustment:

bed and bank erosion. A simple case study demonstrates that the model matches physical

understanding of channel evolution. REM is also able to accurately simulate channel incision

and bed material coarsening on a reach of the lower Colorado River downstream from Parker

Dam. Finally, REM accurately predicts channel incision and widening on the upper portion

of the North Fork Toutle River which responded dramatically to the 1980 eruption of Mount

St. Helens. The model does a poor job in the lower portion of the watershed where the river

migrated significantly across its valley bottom and even braided — processes that were not

included in REM.

In Chapter 5 I used REM to estimate future sediment and phosphorus loading from

channel erosion in two watersheds: Big Dry Creek, CO and Lick Creek, NC. In both cases,

channel erosion is projected to be a significant source of fine sediment, but a relatively small

source of phosphorus. Uncertainty in these projections is significant, and may complicate
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REM’s usefulness for decision makers; however, it is better to be honest about our ability

to predict changes in these complex stream systems than to hide behind the false veil of

deterministic model results.

The obvious application of REM is to estimate sediment and phosphorus loading from

channel erosion in disturbed watersheds. Given its strong mechanistic basis, however, it

also has a variety of other potential uses. For example, different stream stabilization or

stormwater management approaches could be simulated to understand their effects on chan-

nel change and water quality. Alternatively, REM could also be used to explore magnitudes

and trajectories of channel change under different climate and land use scenarios. This

could improve our understanding of stream morphologic response to these widespread types

of disturbances. Finally, REM may be useful for answering other river research questions,

including when and where the concept of channel equilibrium is applicable and how processes

in different parts of the watershed affect this understanding. It is my hope that both the

management and research communities find REM useful. Our rivers deserve to be better

managed and understood and REM may be a helpful tool to achieve these goals.
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Pardo, P., G. Rauret, and J. F. López-Sánchez, 2004, Shortened screening method for phos-
phorus fractionation in sediments: A complementary approach to the standards, measure-
ments and testing harmonised protocol, Analytica Chimica Acta, 508 , 201–206.

Paridaens, J., and H. Vanmarcke, 2001, Radium contamination of the banks of the river
Laak as a consequence of the phosphate industry in Belgium, Journal of Environmental
Radioactivity , 54 , 53–60.

Parker, C., Quantifying catchment-scale coarse sediment dynamics in British rivers, Ph.d.
dissertation, University of Nottingham, 2010.

Parker, C., A. Simon, and C. R. Thorne, 2008, The effects of variability in bank material
properties on riverbank stability: Goodwin Creek, Mississippi, Geomorphology , 101 , 533–
543.

Parker, C., N. J. Clifford, and C. R. Thorne, 2011, Understanding the influence of slope on
the threshold of coarse grain motion: Revisiting critical stream power, Geomorphology ,
126 , 51–65.

Parker, C., N. J. Clifford, and C. R. Thorne, 2012, Automatic delineation of functional river
reach boundaries for river research and applications, River Research and Applications , 28 ,
1708–1725.

Parker, C., C. R. Thorne, and N. J. Clifford, 2015, Development of ST:REAM: A reach-
based stream power balance approach for predicting alluvial river channel adjustment,
Earth Surface Processes and Landforms , 40 , 403–413.

Parker, G., 1990, Surface-based bedload transport relation for gravel rivers, Journal of Hy-
draulic Research, 28 , 417–436.

Parker, G., Transport of Gravel and Sediment Mixtures, in Sedimentation Engineering ,
edited by V. A. Vanona, chap. 3, American Society of Civil Engineers, 2008.

Parker, G., P. C. Klingeman, and D. G. McLean, 1982, Bedload and size distribution in
paved gravel-bed streams, Journal of the Hydraulics Division, ASCE , 108 , 544–571.

Partheniades, E., 1965, Erosion and deposition of cohesive soils, Journal of Hydraulics Di-
vision, ASCE , 91 , 105–139.

Peacher, R., Impacts of land use on stream bank erosion in the Northeast Missouri Claypan
Region, Master’s thesis, Iowa State University, 2011.

167



Pennino, M. J., S. S. Kaushal, P. M. Mayer, R. M. Utz, and C. A. Cooper, 2016, Stream
restoration and sewers impact sources and fluxes of water, carbon, and nutrients in urban
watersheds, Hydrology and Earth System Sciences , 20 , 3419–3439.

Peterjohn, W., and D. L. Correll, 1984, Nutrient dynamics in an agricultural watershed:
Observations on the role of a riparian forest, Ecology , 65 , 1466–1475.

Peterson, B. J., et al., 2001, Control of nitrogen export from watersheds by headwater
streams., Science, 292 , 86–90.

Phillips, R. T. J., and J. R. Desloges, 2014, Glacially conditioned specific stream powers in
low-relief river catchments of the southern Laurentian Great Lakes, Geomorphology , 206 ,
271–287.

Pianosi, F., and T. Wagener, 2015, A simple and efficient method for global sensitivity
analysis based on cumulative distribution functions, Environmental Modelling & Software,
67 , 1–11.
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Appendix A

Eaton and Church [2011] Critical Stream Power Model

Eaton and Church [2011] developed a relatively simple equation for dimensionless critical

specific stream power using Shields parameter and a flow resistance parameter:

ωc∗ = θc
3/2R (A.1)

where R is the flow resistance value given as the ratio of flow velocity (V ) to shear velocity

(u∗ =
√

(τ/ρ)). Eaton and Church [2011] chose to approximate this value using a power law

developed by Ferguson [2007]:

R =
V

u∗
= a

[
h

Ds

]b
(A.2)

where a and b are empirical parameters that vary with relative submergence (defined as

hD84). For “deep” flows, a = 7–8 and b = 1/6 but for “shallow” flows a = 1–4 and b = 1

[Ferguson, 2007]. For the incipient motion analysis, I used measured values of V and u∗ to

calculate flow resistance which avoided the need to approximate this value using Ferguson’s

power relationship.

Camenen [2012] Critical Stream Power Model

Camenen [2012] defined a theoretical model for computing critical specific stream power:

ωc =
2.3ρ

κ

[(
Rh

Ds

)
cr

θc,S
θc,0

SgDs

]3/2
log

[
15

e

(
Rh

Ds

)
cr

]
(A.3)

where κ = 0.4 is the Von Karman constant and Rh is hydraulic radius. The critical relative

flow depth (that is the flow depth at incipient motion) varies non-linearly with channel slope:

(
Rh

Ds

)
cr

=
(s− 1)θc,0

S

(
0.5 + 6S0.75

)
(A.4)
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where the subscript 0 in the critical Shields parameter indicates no slope effects. This value

is a function of dimensionless grain size [Soulsby , 1997]:

θc,0 =
0.30

1 + 1.2D∗
+ 0.055 [1− exp (−0.02D∗)] (A.5)

D∗ =

[
(s− 1)g

ν2

]1/3
Ds (A.6)

Finally, the effect of slope on decreasing the critical Shields parameter as it approaches

the angle of repose can be accounted for [Ikeda, 1982]:

θc,S
θc,0

=
sin(ϕs − arctanS)

sin(ϕs)
= cos(arctanS)

[
1− S

tan(ϕs)

]
(A.7)

In this analysis, the angle of repose (ϕs) was assumed to equal 52 degrees [Ferguson, 2012].

Ferguson [2012] Critical Stream Power Model

The Ferguson [2012] critical stream power model is based on the concept of hiding and

protrusion in a streambed with non-uniform grain size. Given this configuration, only a

portion of the total shear stress is available to entrain small grains due to the additional

grain roughness. The ratio of critical shear stress to the critical stress at a “base resistance

conditions” (i.e. no hiding and protrusion) is thus related to the ratio of critical flow depths:

θc
θ′c

=
hc
h′c

(A.8)

where θc
′ and hc

′ are the critical Shields parameter and flow depth at the “base resistance

condition”. This relationship can also be expressed as a function of grain sorting and relative

roughness:

θc
θ′c

=
hc
h′c

=

(
a0
a1

)3/2(
D84

D50

)1/4
[

1 +

(
a1
a2

)2(
D84

h

)5/3
]3/4

(A.9)
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where a0, a1 and a2 are constants (assumed to be 8, 6.5 and 2.5 respectively). Slopes can

then be found using the definition of the Shields parameter:

S =
(s− 1)θcD50

hc
=

(s− 1)(θc/θ
′
c)θ
′
c

(hc/D84)(D84/D50)
(A.10)

The effect of slope on the critical Shields parameter can be corrected, using the same

approach as the Camenen model (Equation (A.9)). In this case, the critical Shields parameter

for a given slope must be solved iteratively using trial values of hc/D84. Once this critical

value has been computed, the critical dimensionless stream power can be calculated using a

similar approach as Eaton and Church [2011]:

ωc∗ = θc
3/2 V

u∗
(A.11)

where V u∗ is computed using the variable-power flow resistance equation:

V

u∗
=

a1(h/D84)

[(h/D84)5/3 + (a1/a2)2]
1/2

(A.12)

where V is flow velocity [m s−1], u∗ is shear velocity [m s−1], and a1 and a2 are constants

(defined above).

Ackers and White [1973] Total Load Equation

The Ackers and White total load equation takes the following form:

Cw = c
ρs
ρ

D50

Rh

(
V

u∗

)n [
Fgr
A
− 1

]m
(A.13)

where Cw is the sediment concentration by weight, and Fgr is the mobility number defined

as:

Fgr =
u∗

nu∗
′1−n√

gD50

(
ρs−ρ
ρ

) (A.14)
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And u∗
′ is:

u∗
′ =

V
√

32 log
(

10Rh
D50

) (A.15)

The values of n, A, m, and c are functions of Dgr which is defined as:

Dgr =

[√
ρs − ρ
ρ

Rg

]2/3
(A.16)

where Rg is the Reynolds grain number:

Rg =

√
gD50

3

ν
(A.17)

When Dgr ¿ 60, the coefficients are:

n = 0.0

A = 0.17

c = 0.025

(A.18)

If 60 ≥ Dgr ≥ 1 then:

n = 1− 0.56 logDgr

A =
0.23√
Dgr

+ 0.14

m =
9.66

Dgr

+ 1.34

log c = 2.86 logDgr − (logDgr)
2 − 3.53

(A.19)

Engelund and Hansen [1967] Total Load Equation

The Engelund and Hansen (1967) total load equation is:
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Cw = 0.05

(
ρs

ρs − ρ

) V S√(
ρs−ρ
ρ

)
gD50

 θ1/2 (A.20)

where Cw is sediment concentration by weight and θ is the Shields parameter.

Brownlie [1982] Total Load Equation

The Brownlie [1982] total load equation is:

Cppm = 7115Cf

(
V − Vc√

(s− 1)gD50

)1.978

S0.6601

(
Rh

D50

)−0.3301
(A.21)

where Cppm is the sediment concentration in ppm, Cf is a correction factor (1.0 for flume

data and 1.268 for field data) and:

Vc√
(s− 1)gD50

= 4.596θc
0.529S−0.1405σg

−0.1606

σg =

√
D84

D16

(A.22)

Brownlie fit a continuous function to the Shields curve to provide consistent estimates of

θc:

θc = 0.22Y + 0.06× 10−7.7Y

Y =

(√
(s− 1)gD50

3

ν

)−0.6 (A.23)

Since hydraulic radius and grain size were given in the data used, I did not use Brownlie’s

depth predictor equations for this analysis.
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Appendix B

B.1 Model Details

B.1.1 Hiding Function

Hiding functions account for the different behavior of sediment mixtures versus uniform

sediments. Generally, larger sediment grains are harder to move than smaller grains. This

relationship, however, is complicated in sediment mixtures. Larger grains become easier

to move as they protrude above smaller grains, and smaller grains become more difficult

to entrain because they are hidden by larger particles. Hiding functions account for this

complex behavior by adjusting the threshold of motion criteria (e.g. critical shear stress)

based on the ratio of grain size to the median size of the mixture. These relationships

generally follow the form [Parker , 2008]:

τri∗
τr50∗

=

(
Di

D50

)−b
(B.1)

where τri∗ is the reference Shields stress for the ith grain size, τr50∗ is the reference Shields

stress for the median grain size, Di is the grain size, D50 is the median grain size, and b is

an exponent that varies between 0 and 1.

If b is zero, this implies size independence mobility, or no hiding effects. If b is one, all

size fractions are mobilized at the same critical shear stress (equal threshold). A number of

studies have quantified b for flume and field data, generally finding a value > 0.7 [Shvidchenko

et al., 2001; Parker , 2008]. However, there has been no analysis of a hiding function using

critical specific stream power in place of critical shear stress. I used available sediment

transport data to create a hiding function of the form:

ωri∗
ωr50∗

=

(
Di

D50

)−b
(B.2)
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where ωri∗ is the reference dimensionless specific stream power of the ith grain size and ωr50∗

is the reference dimensionless specific stream power of the median grain size. Stream power

is made dimensionless by:

ω∗ =
ω

ρ(g(s− 1)Ds)3/2
(B.3)

where ρ is water density [1000 kg m−3], g is gravity [9.81 m s−2], and s is sediment specific

gravity (usually 2.65). In Equation B.2, the exponent b varies from 0 (size independence) to

1.5 (equal threshold). The upper limit is increased from 1 to 1.5 because of the 3/2 exponent

on grain size in Equation B.3.

I obtained bedload transport data by size fraction from two databases [Williams and

Rosgen, 1989; Hinton et al., 2016]. I used the surface based reference method to find the

reference dimensionless specific stream power for each size class. Briefly, the Einstein bed

load parameter (q∗bi) was plotted versus dimensionless specific stream power for each size

class, where q∗bi is:

q∗bi =
qbi

ρs
√

(s− 1)gD3
i

(B.4)

where qbi is the bedload transport rate of the ith grain size [kg m−1 s−1] and ρs is the density

of sediment [2650 kg m−3]. The value of dimensionless specific stream power where best fit

lines to these data intersected q∗bi = 0.0001 was taken to be the reference value for incipient

motion. An additional data set was obtained from Kuhnle [1992], for Goodwin Creek, MS.

Values of W ∗
i and τ ∗i were obtained from Figure 7.6 of Kuhnle’s work (p. 149). Dimensionless

transport rate was calculated as:

q∗bi = W ∗
i τ
∗3/2
i (B.5)

where W ∗
i is a dimensionless sediment transport parameter [Parker et al., 1982].

Using the full Goodwin Creek transport dataset [Almedeij , 2002], I calculated the average

ω∗ value for each given value of τ ∗i . For each site, I then used linear regression of the log-10

transformed data to fit values of ωr50∗ and b from Equation B.2. I adjusted the value of ωr50∗

for transformation bias after Ferguson [1986]. Sites with poor fits or insufficient data were
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excluded, based on expert judgment. Additionally, I only included sites which had Di/D50

ratios spanning above and below one. This yielded a total of five sites (Table B.1).

Figure B.1 shows fitted hiding functions for the five field sites, along with a combined

hiding function fit to data from all sites. Exponents vary between sites (from 0.44 – 0.84),

and no single value of b sufficiently describes the data (Table B.1). The variability in the

fitted exponents is not surprising. Others have shown similar variability and suggested that

this can be explained by median grain size, sorting of the bed mixture, and shear velocity

[Shvidchenko et al., 2001; Buscombe and Conley , 2012]

Table B.1: Summary of hiding function fits.

Source Site ωr50∗ b Di/D50 D50 [mm]

Hinton et al. [2016] Annie Creek 0.12 0.65 0.02 – 2.51 9
Williams and Rosgen [1989] Muddy Creek 0.16 0.44 0.11 – 7.07 0.8
Williams and Rosgen [1989] Pony Creek 0.24 0.8 0.04 – 5.39 2.1

Hinton et al. [2016] Sycan River above Marsh 0.07 0.76 0.01 – 1.41 16
Kuhnle [1992] Goodwin Creek 0.11 0.84 0.03 – 3.87 11.7

The mean value of 0.70 is lower than exponents from shear stress-based hiding functions

[Parker , 2008]. For the stream power based hiding function, however, the exponent ranges

from 0 – 1.5. This means that the average b value of 0.70 found in this analysis is equivalent

to an exponent of ∼ 0.47 if using a shear stress approach, which is significantly lower than

what has been found by others [Shvidchenko et al., 2001; Parker , 2008]. Of the datasets used

in this analysis, only the Goodwin Creek data have been used previously to develop a shear

stress-based hiding function [Kuhnle, 1992]. In that analysis, the value of b was calculated

as 0.805, which is higher than my equivalent b value (0.84 / 1.5 = 0.56). This is partially due

to my analysis using q∗bi = 0.0001 as a threshold for calculating ω∗ri whereas Kuhnle [1992]

used W ∗
i = 0.002. Rerunning this analysis using the W ∗

i threshold yielded a b value of 1.15

(or ∼ 0.76 as a shear stress equivalent, closer to Kuhnle’s value of 0.805).
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Fitted values of ω∗r50 also vary between sites but they are within the range of critical

dimensionless specific stream power values for a variety of field sites (including some the

same sites included in this analysis; see Chapter 3). Based on these results, I use default

model values of b = 0.8 and ω∗r50 = 0.1, which is the average value found by Parker et al.

[2011] and in Chapter 3.

Figure B.1: Fitted hiding functions for five analyzed field sites (a–e) and a hiding function fit to
the combined data (f).

B.1.2 Stream Power - Shear Stress Relationship

Assuming a rectangular channel, specific stream power can be calculated as the product

of shear stress and velocity:

ω = τV (B.6)

187



Since REM does not calculate flow hydraulics, however, I do not know flow velocity and

therefore can’t use this approach to compute τ from ω. I instead opted for a purely empirical

approach.

I used hydraulic data available in a previous compilation of bedload and total load sedi-

ment transport data (Chapter 3). I was not interested in the sediment transport data for this

analysis but it provided a convenient set of hydraulic data (including specific stream power

and shear stress) from a wide range of rivers and flumes. I fit a simple power relationship

between ω and τ :

τ = 1.96ω0.72 (B.7)

Figure B.2 shows predicted versus observed shear stress values (where observed values

were calculated as τ = γhS). Points are colored according to velocity, and show that this

equation tends to overpredict τ for higher velocities and underpredict τ for lower velocities.

Figure B.2: Predicted versus observed average boundary shear stress using an empirical power
equation fit using a large database of hydraulic data from rivers and flumes (Chapter 3). The 1:1
line (solid) and lines of twice and half the actual value (dashed) are shown. Points are colored
based on velocity.
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As an alternative approach, I also considered assuming rectangular channel geometry and

calculating flow depth by iteratively solving the Manning equation (given discharge, slope,

and width). This calculated depth value would then be used to estimate τ . This approach,

however, was sensitive to the selection of a roughness coefficient and could not predict values

of τ as accurately as Equation B.7.

B.1.3 Stream Power - Wall Shear Stress Relationship

To model fluvial bank erosion, like cohesive incision, I need to develop a relationship

between stream power and shear stress. Here, I am interested in the shear at the bank, also

called the wall shear stress. There are two potential approaches to achieving this: (1) relate

shear stress and specific stream power using a flow resistance formula or (2) developing a

direct empirical relationship between specific stream power and wall shear stress. The first

approach is physically based but requires assumptions of channel roughness and an empirical

relationship to relate bed shear stress to wall shear stress [e.g. Knight et al., 1984]. I instead

chose option (2), which is much simpler and had very similar accuracy to option (1) (data

not shown).

I collected published data on average wall shear stress from six flume studies (Table B.2).

These data showed a clear nonlinear relationship between ω and τw, suggesting a power

relationship may be most appropriate. I fit a power relationship using data from smooth

and rough rectangular and trapezoidal flumes:

τw = 0.83ω0.65 (B.8)

This equation performed well and I found no difference in accuracy based on channel geom-

etry or roughness (Figure B.3).
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Table B.2: Summary of flume studies with measured wall shear stress.

Study N Slope [x 10−3] Q [m3 s−1] ω [W m−2] w/h Manning’s n τw [Pa]

Cruff [1965] 25 0.41 - 29.82 11.3 - 207.4 0.04 - 25.49 4.7 - 38 0.005 - 0.014 0.09 - 6.84
Ghosh and Roy
[1970]

36 3.02 - 4.35 5 - 33 0.74 - 5.44 1.1 - 7.1 0.009 - 0.031 0.62 - 2.92

Knight [1981] 50 0.96 3 - 113.6 0.06 - 2.32 1.5 - 15 0.009 - 0.023 0.12 - 1.23
Knight et al.
[1984]

25 0.97 2 - 28.7 0.1 - 0.66 0.3 - 19.1 0.009 - 0.011 0.21 - 0.65

Lashkar-Ara and
Fathi-Moghadam
[2010]

14 1.95 18.3 - 69.6 0.44 - 1.66 7.9 - 18.6 0.009 - 0.01 0.48 - 1.24

Seckin et al. [2006] 9 2.02 3.9 - 14.9 0.2 - 0.75 6.6 - 14.8 0.009 - 0.01 0.32 - 0.73

Figure B.3: Predicted versus observed wall shear stress using an empirical power equation fit
using only data from smooth rectangular flumes (a) and fit using data from smooth and rough
rectangular and trapezoidal flumes (b). Equations are tested using all rough and smooth flume
data. R2 is the coefficient of determination (modified for log10 transformed data) and U is the
Theil [1958] measure of association [Smith and Rose, 1995]. High values of R2 and low values of U
indicate a good model fit.
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B.1.4 Coupled Bank Erosion

Figures B.4 and B.5 show how coupled fluvial bank erosion and mass failure are modeled.

Figure B.4: Drawing of the model procedure for updating bank geometry after fluvial erosion. If
the eroded distance (Edist) is small (Scenario 1), αtoe is updated and the eroded bank material is
added to the sediment mass balance for the reach. If Edist is large (Scenario 2) and leads to an
undercut bank, the bank fails and the bank angle (αbank) is updated. The toe area eroded from
fluvial erosion is added to the bed material sediment mass balance (blue area, Earea) while the
failed soil block (green area, Farea) is deposited at the bank toe and αtoe is updated.
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Figure B.5: Drawing of the model procedure for updating bank geometry after a mass failure.
The area of the failed soil block (blue) is deposited on the bank toe (green), conserving total soil
mass. Both αbank and αtoe are updated based on the new bank geometry. A similar procedure is
used if the failure plane intersects the base of the toe, rather than the top of the toe as shown in
this figure.
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B.1.5 Meander Dynamics

To simulate meander dynamics, the model requires a value for radius of curvature, sin-

uosity, and cross section spacing (dx). The model makes an initial guess of the number of

bends in the reach to calculate the length of each bend (reach length divided by the number

of bends). Using this, the angle of each bend is calculated:

αbend =
s

Rc

(B.9)

where αbend is the bend angle [radians], s is the bend arc length [m], and Rc is radius of

curvature [m]. The total reach valley length is then calculated as the product of the length

of the circular segment formed by the bend (a) and the number of bends in the reach:

a = 2Rc sin
(αbend

2

)
(B.10)

Lv = a×#bends (B.11)

where Lv is the total valley length [m]. The sinuosity of the reach is then calculated P =

Lv/dx and compared to the user supplied sinuosity. The number of bends is adjusted until

these two sinuosity values converge.

Based on the migration distance of the channel centerline, a new value of Rc is calculated.

First, a is calculated from Equation B.10. I assume the length of this circular segment does

not change as the bend evolves. The bend height (h) is calculated:

h = Rc − 0.5 ∗
√

4 ∗R2
c − a2 (B.12)

The erosion distance of the bend is then added to this value to obtain the height of the new

bend (Figure B.7). The new Rc of this bend is calculated using this adjusted value of h:
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Figure B.6: Diagram showing how the model handles channel meandering. The channel is de-
scribed by the black curve. Bends are conceptualized as arc segments of circles with a radius Rc

and total bend length s. These values, and the bend angle α are used to calculate the length of the
circular segment (a). The total valley length is a times the number of bends (four in this drawing).

Figure B.7: Diagram showing how the model updates bend Rc. Black circles indicate original
bend geometry and red is the post-migration geometry. h is the bend height, Edist is the eroded
distance of the channel centerline, and Rc1 and Rc2 are the original and new radii of curvature,
respectively. If αbend < 180◦, lateral migration tightens the bend (Rc2 < Rc1) (a). If, however,
αbend > 180◦, lateral migration reduces bend curvature (Rc2 > Rc1) (b).
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Rc =
4h2 + a2

8h
(B.13)

Next, the new bend angle is calculated:

αbend = 2 arcsin

(
a

2Rc

)
(B.14)

αbend and Rc are used to calculate the new arc length (s) using Equation B.9. This is used

to update the dx value for the selected cross section. At the end of each time step, the new

sinuosity of the entire reach is calculated.

This is a simple approach to modeling meander growth and sinuosity change in rivers. It

allows the channel to adjust its slope via lateral migration but it fails to account for many

processes relevant in meander bend migration and evolution. For example, the model assumes

circular, symmetrical bend geometry, rather than using a sine-generated curve [Langbein

and Leopold , 1966] which may describe bend shape more accurately. Furthermore, this

assumption of circular bends fails to account for the formation of complex bends which are

ubiquitous features in natural meandering streams [Hooke, 2013]. Finally, the model only

incorporates bend elongation, rather than down-valley bend migration. Modeling suggests

that down-valley migration dominates in low-sinuosity streams while tighter bends migrate

laterally [Chen and Duan, 2006].

B.1.6 Knickpoint Model Validation

The empirical knickpoint erosion model I use was built for and tested on ephemeral

gullies in agricultural fields [Allen et al., 2018], rather than the perennial streams REM will

likely be applied to. I therefore explored this knickpoint model in more detail to test its

applicability in these situations. Using data from Downs and Simon [2001] and Thomas

[2000] on knickpoint retreat in the Yalobusha River basin of central Mississippi, I calibrated

the Allen et al. [2018] model to find values of soil erodibility, Kd (Equations 4.20 and 4.21). I

used daily flow data from USGS gages 07282000 and 07282100 for the period the knickpoint
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data were collected (1997 – 1999). Missing flow data from gage 07282100 were replaced with

data from 07282000, scaled by drainage area. I scaled all flows by drainage area to estimate

daily discharge at each knickpoint.

Calibrated values of Kd varied across a relatively narrow range (0.19 – 0.22 cm Pa−1

hr−1). Despite this, a single calibrated value for all sites failed to give accurate predictions

of knickpoint retreat rates (Figure B.8). Values of Kd are strongly correlated with observed

knickpoint retreat rates, normalized by drainage area (Figure B.9). This analysis suggests

that the knickpoint retreat model is sensitive to small changes in Kd, even between streams

in the same watershed. Figure B.10 shows calculated knickpoint retreat rates versus Kd for a

1 m knickpoint with four different discharges. This again emphasizes that predicted retreat

rates can vary significantly over small ranges of Kd. Based on these results, I suggest direct

calibration of the Kd values for any site that will be modeled using REM.

Figure B.8: Predicted versus observed knickpoint retreat using a single value of Kd for all sites.
Points are colored based on their site-specific calibrated soil erodibility. Generally, retreat rates
were underpredicted for sites with higher values of Kd and overpredicted for sites with low Kd.

196



Figure B.9: Calibrated values of Kd versus observed knickpoint retreat rate, normalized by
watershed area.

Figure B.10: Calculated migration rates versus Kd for a 1 m tall knickpoint at four different
discharges [m3 s−1]. Note the log-log scale. Calculated erosion rates asymptotically approach zero
as Kd approaches 3.2/16.5 ≈ 0.194.
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B.2 Summary of Model Inputs

Table B.3: Model inputs for the generic model test case. aValues are lowest for each tributary
and increase moving downstream. bProportion of the eroded bank material that is added to the
bed material load (sand and coarser). Remaining material is washload.

Variable Value

Sediment supply Initial transport capacity
Discharge [m3 s−1]a 1 – 3
Width [m]a 10 – 30
Slope [m m−1] 0.003
D50 [mm] 2
Bank height [m] 2
Bank toe height [m] 1
Bank angle 90◦

Bank toe angle 45◦

Bank τc [Pa] 2.5
Bank erodibility [m3 N−1 s−1] Calculated by REM
Bank cohesion [kPa] 1.3
Bank φ′ 30◦

Bank soil unit weight [kN m−3] 18
Bank bedload proportionb 0.8
Floodplain width [m] 20
Floodplain angle 0◦

Channel roughness (n) 0.03
Floodplain roughness (n) 0.06
Knickpoint height [m] 1.5
XS spacing [m] 200
Time step [s] 4,800
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Table B.4: A summary of all inputs used by the model. Variables under the “Main Model”
heading are required. The rest are only required if those specific sub-models are being run.

Variable Description

Main Model
Discharge [m3 s−1] Discharge for each reach at user-specific time step (e.g. daily, hourly, 15-

min)
Sediment supply [m3 m−1 s−1] Sediment transport rate for each reach at same time step as discharge. Can

also be set to a fraction of the transport capacity.
Bed elevations [m] Upstream bed elevation per reach (uniform slope) or individual values for

each cross section.
XS spacing [m] Length of each reach (uniform slope) or unique distance between each XS
Width [m] Channel bottom width by reach
Grain size distribution One set of grain sizes but unique initial bed surface fractions by reach
Bank height [m] Unique by reach for left and right banks (total height, including toe)
Bank toe height [m] Unique by reach for left and right banks (must be less than bank height)
Bank angle [degrees] Unique by reach for left and right banks (max 90◦)
Bank toe angle [degrees] Unique by reach for left and right banks (max 90◦)
Floodplain width [m] Unique by reach for left and right floodplain
Floodplain angle [degrees] Unique value per reach
Channel roughness (n) Manning’s n value for the main channel, unique value by reach
Floodplain roughness (n) Manning’s n value for the floodplain, unique value by reach
Hiding function coefficient (ωc∗) Single value, defaults to 0.1
Hiding function exponent (b) Single value, defaults to 0.8
Link Matrix describing layout of the channel network (i.e. connection of reaches)
Sediment transport type Bedload or total load transport (or both depending on grain size)
Bank erosion type None, mass failure, fluvial erosion, or both

Bank Erosion
Bank τc [Pa] Critical shear stress of the bank material
Bank erodibility [m3 N−1 s−1] Erodibility of the bank material (calculated by REM if not supplied)
Bank cohesion [kPa] Cohesion of the bank material (can be different for main bank and toe)
Bank φ′ Friction angle of the bank material (can be different for main bank and toe)
Bank soil unit weight [kN m−3] Saturated weight of the bank soil (can be different for main bank and toe)
Bank bedload proportion Proportion of the eroded bank material that will be added to the bank

material load (sand and coarser)
Bed bedload proportion Proportion of the eroded bed material (cohesive erosion) that will be added

to the bank material load (sand and coarser)
Soil pollutant concentration [mg
kg−1]

Concentration of pollutant (e.g. phosphorus) in the eroded bank and cohe-
sive bed material (unique values for each)

Cohesive Bed Erosion
Depth to cohesive layer [m] Depth below initial bed elevation to cohesive material. Unique value by

reach (uniform slope) or by XS.
Bed τc [Pa] Critical shear stress of cohesive bed material — can be set to high value

(e.g. 999) to simulate non-erodible bed

Meandering
Sinuosity Channel sinuosity by reach
Rc [m] Average bend radius of curvature by reach

Knickpoint Migration
Location Reach in which the knickpoint is initially
Distance DS [m] Initial location downstream from beginning of reach
Elevation [m] Elevation of the top of the knickpoint
Height [m] Knickpoint height
Kd [cm Pa−1 h−1] Knickpoint soil erodibility (see Appendix B.1.6)
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B.3 Additional Model Results

B.3.1 Full NFTR Sensitivity Results

Figures B.11, B.12, and B.13 show full sensitivity results for each cross section of the

NFTR. The relative importance of different inputs can vary considerably between cross

sections. This is due in part to different ranges of each of these inputs, and the different

dominant channel response at each cross section. For example, NF 375 widened primarily

through aggradation filling up the channel, rather than through bank erosion. This results

in changes in channel width being largely controlled by initial channel width, rather than

other parameters like bank τc.

Table B.5 shows input values for all reaches in the NFTR modeling.

B.3.2 Recommendations for Sensitivity Analyses

The accuracy and stability of the sensitivity analysis method [Plischke et al., 2013] is

dependent on the number of model runs used to feed it. Figure B.14 shows how the calculated

sensitivity indices for various input variables converges as the number of model runs increases.

Most of the variables seem to have reaches stable values by about 3000 iterations, although

the values for the dummy variable and other less-important inputs continue to decrease.

Bootstrapping the sensitivity analysis (not done for Figure B.14) helps reduce this issue,

removed bias, and provides confidence bounds for the sensitivity estimate. This allows

accurate sensitivity results even for a smaller number of model iterations.

Figure B.11 (following page): Full Toutle River sensitivity results by cross section for the bed
elevation output.
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Figure B.12 (following page): Full Toutle River sensitivity results by cross section for the bed
D50 output.
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Figure B.13 (following page): Full Toutle River sensitivity results by cross section for the
channel width output.
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Figure B.14: Convergence of calculated sensitivity indices as sample size increases for (a) the
Colorado River modeling and (b) the North Fork Toutle River modeling. The index for the dummy
variable is colored to show how this value decreases as sample size increases.
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Table B.5: Summary of inputs for all reaches of the North Fork Toutle River.

Reach Variable Single Run Value Monte Carlo Range

CW280

Width [m] 5.8 2.9 – 8.8
D50 [mm] 1.14 0.24 – 2.89
σg [mm] 7.4 6 – 8.6
τc [Pa] 6.7 3.4 – 10
Erodibility [m3 N−1 s−1] 3.90E-07 1.9e-07 – 5.8e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 34 17 – 51
Soil unit weight [kN m−3] 19.5 9.8 – 29.2
Channel roughness (n) 0.035 0.018 – 0.035

LO033

Width [m] 10.9 5.5 – 16.4
D50 [mm] 1.14 0.24 – 2.89
σg [mm] 7.4 6 – 8.6
τc [Pa] 5.5 2.8 – 8.3
Erodibility [m3 N−1 s−1] 3.90E-07 1.9e-07 – 5.8e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 31.3 15.7 – 46.9
Soil unit weight [kN m−3] 19.3 9.7 – 29
Channel roughness (n) 0.065 0.033 – 0.065

LO040

Width [m] 20.2 10.1 – 30.3
D50 [mm] 1.14 0.24 – 2.89
σg [mm] 7.4 6 – 8.6
τc [Pa] 12.2 6.1 – 18.2
Erodibility [m3 N−1 s−1] 2.00E-07 1e-07 – 3e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 30 15 – 45
Soil unit weight [kN m−3] 19.1 9.5 – 28.6
Channel roughness (n) 0.03 0.015 – 0.03

TR065

Width [m] 11.6 5.8 – 17.4
D50 [mm] 2.84 1.44 – 4.3
σg [mm] 6.4 6.1 – 6.6
τc [Pa] 8 4 – 11.9
Erodibility [m3 N−1 s−1] 2.90E-07 1.4e-07 – 4.3e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 33 16.5 – 49.5
Soil unit weight [kN m−3] 19.7 9.8 – 29.5
Channel roughness (n) 0.055 0.028 – 0.055

TR070

Width [m] 6.6 3.3 – 9.9
D50 [mm] 2.84 1.44 – 4.3
σg [mm] 6.4 6.1 – 6.6
τc [Pa] 8 4 – 11.9
Erodibility [m3 N−1 s−1] 2.90E-07 1.4e-07 – 4.3e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 33 16.5 – 49.5
Soil unit weight [kN m−3] 19.7 9.8 – 29.5
Channel roughness (n) 0.055 0.028 – 0.055
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Table B.5: Summary of inputs for all reaches of the North Fork Toutle River.

Reach Variable Single Run Value Monte Carlo Range

NF100

Width [m] 7.6 3.8 – 11.4
D50 [mm] 2.84 1.44 – 4.3
σg [mm] 6.4 6.1 – 6.6
τc [Pa] 10.2 5.1 – 15.3
Erodibility [m3 N−1 s−1] 2.40E-07 1.2e-07 – 3.5e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 33 16.5 – 49.5
Soil unit weight [kN m−3] 19.7 9.8 – 29.5
Channel roughness (n) 0.065 0.033 – 0.065

NF105

Width [m] 7.5 3.7 – 11.2
D50 [mm] 2.84 1.44 – 4.3
σg [mm] 6.4 6.1 – 6.6
τc [Pa] 10.2 5.1 – 15.3
Erodibility [m3 N−1 s−1] 2.40E-07 1.2e-07 – 3.5e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 33 16.5 – 49.5
Soil unit weight [kN m−3] 19.7 9.8 – 29.5
Channel roughness (n) 0.065 0.033 – 0.065

NF110

Width [m] 7.1 3.6 – 10.7
D50 [mm] 2.84 1.44 – 4.3
σg [mm] 6.4 6.1 – 6.6
τc [Pa] 10.2 5.1 – 15.3
Erodibility [m3 N−1 s−1] 2.40E-07 1.2e-07 – 3.5e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 32.1 16.1 – 48.2
Soil unit weight [kN m−3] 19.1 9.6 – 28.6
Channel roughness (n) 0.055 0.028 – 0.055

NF120

Width [m] 10.3 5.2 – 15.5
D50 [mm] 2.84 1.44 – 4.3
σg [mm] 6.4 6.1 – 6.6
τc [Pa] 12 6 – 18
Erodibility [m3 N−1 s−1] 1.90E-07 1e-07 – 2.8e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 34 17 – 51
Soil unit weight [kN m−3] 19.8 9.9 – 29.7
Channel roughness (n) 0.055 0.028 – 0.055

NF130

Width [m] 11.4 5.7 – 17.1
D50 [mm] 1.51 0.81 – 2.93
σg [mm] 7.4 6.8 – 7.9
τc [Pa] 15.1 7.5 – 22.6
Erodibility [m3 N−1 s−1] 1.90E-07 1e-07 – 2.8e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 34 17 – 51
Soil unit weight [kN m−3] 19.8 9.9 – 29.7
Channel roughness (n) 0.045 0.023 – 0.045
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Table B.5: Summary of inputs for all reaches of the North Fork Toutle River.

Reach Variable Single Run Value Monte Carlo Range

NF300

Width [m] 4 2 – 6
D50 [mm] 2.04 1.37 – 7.2
σg [mm] 8.5 8.2 – 9.3
τc [Pa] 32.1 16 – 48.1
Erodibility [m3 N−1 s−1] 9.00E-08 5e-08 – 1.4e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 19.5 9.8 – 29.2
Channel roughness (n) 0.045 0.023 – 0.045

NF310

Width [m] 24.9 12.4 – 37.3
D50 [mm] 2.12 1.5 – 2.59
σg [mm] 7 7.2 – 7.7
τc [Pa] 32.1 16 – 48.1
Erodibility [m3 N−1 s−1] 9.00E-08 5e-08 – 1.4e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 18.4 9.2 – 27.6
Channel roughness (n) 0.03 0.015 – 0.03

NF345

Width [m] 25.7 12.8 – 38.5
D50 [mm] 1.08 0.63 – 1.81
σg [mm] 7.3 6.6 – 7.7
τc [Pa] 32.1 16 – 48.1
Erodibility [m3 N−1 s−1] 9.00E-08 5e-08 – 1.4e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 19 9.5 – 28.5
Channel roughness (n) 0.04 0.02 – 0.04

NF350

Width [m] 17 8.5 – 25.5
D50 [mm] 1.53 0.87 – 3.53
σg [mm] 7.1 6.3 – 7.3
τc [Pa] 7.6 3.8 – 11.4
Erodibility [m3 N−1 s−1] 3.00E-07 1.5e-07 – 4.5e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 19 9.5 – 28.5
Channel roughness (n) 0.04 0.02 – 0.04

NF360

Width [m] 21.2 10.6 – 31.7
D50 [mm] 0.79 0.45 – 1.14
σg [mm] 8.2 7.5 – 8.6
τc [Pa] 13.7 6.9 – 20.5
Erodibility [m3 N−1 s−1] 1.80E-07 9e-08 – 2.7e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 19 9.5 – 28.5
Channel roughness (n) 0.04 0.02 – 0.04
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Table B.5: Summary of inputs for all reaches of the North Fork Toutle River.

Reach Variable Single Run Value Monte Carlo Range

NF365

Width [m] 16.2 8.1 – 24.3
D50 [mm] 2.95 1.3 – 5.1
σg [mm] 10.1 8 – 9.1
τc [Pa] 13.7 6.9 – 20.5
Erodibility [m3 N−1 s−1] 1.80E-07 9e-08 – 2.7e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 18.1 9.1 – 27.1
Channel roughness (n) 0.03 0.015 – 0.03

NF375

Width [m] 13.1 6.6 – 19.6
D50 [mm] 2.26 0.8 – 6.07
σg [mm] 7 6.9 – 8
τc [Pa] 7.6 3.8 – 11.4
Erodibility [m3 N−1 s−1] 3.00E-07 1.5e-07 – 4.5e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 18.1 9.1 – 27.1
Channel roughness (n) 0.03 0.015 – 0.03

NF400

Width [m] 164.9 82.5 – 247.3
D50 [mm] 2.26 0.8 – 6.07
σg [mm] 7 6.9 – 8
τc [Pa] 32.1 16 – 48.1
Erodibility [m3 N−1 s−1] 9.00E-08 5e-08 – 1.4e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 18.1 9.1 – 27.1
Channel roughness (n) 0.03 0.015 – 0.03

NF405

Width [m] 263.1 131.6 – 394.6
D50 [mm] 2.26 0.8 – 6.07
σg [mm] 7 6.9 – 8
τc [Pa] 32.1 16 – 48.1
Erodibility [m3 N−1 s−1] 9.00E-08 5e-08 – 1.4e-07
Cohesion [kPa] 0 0 – 1
φ′ [degrees] 25.2 12.6 – 37.8
Soil unit weight [kN m−3] 18.1 9.1 – 27.1
Channel roughness (n) 0.03 0.015 – 0.03
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Appendix C

C.1 Model Calibration

C.1.1 Critical Shear Stress Calibration

I calibrated critical shear stress values for bank material using measured historic erosion

rates and estimates of applied stream power over the period of observation. I calculated

stream power using 15-min and hourly gage data (whichever was available) and converted

them to a bank or wall shear stress using the same empirical equation used by REM:

τw = 0.83ω0.65 (C.1)

where τw is the shear stress acting on the channel bank [Pa] and ω is specific stream power

[W m−2]. I then calculated fluvial erosion using the excess shear stress equation:

E = k∆t(τ − τc) (C.2)

where E is eroded distance [m], ∆t is the time step, τc is the critical shear stress of the bank

material [Pa], and k is the erodibility of the bank material [m3 N−1 s−1] which was calculated

as [Simon et al., 2010]:

k = 1.6× 10−6τ−0.826c (C.3)

I calculated the value of τc that resulted in the best match between measured and calcu-

lated erosion rates (Figure C.1). For Big Dry Creek, all erosion measurements were located

on channel bends. Therefore, I adjusted the value of τw to account for higher shear stress on

the outside of bends [Army Corps of Engineers , 1970]:

τmax = 2.65τw

(
Rc

w

)−1/2
(C.4)
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where Rc is the bend radius of curvature [m] (estimated from aerial imagery) and w is channel

width.

Figure C.1: Measured versus predicted erosion distance for the calibrated value of τc for Big Dry
Creek (a) and Lick Creek (b). The Big Dry Creek data are from five different locations over the
same time period (1993 – 2014). The Lick Creek data are actually from nearby Ellerbe Creek at
one location for three time periods (annually from 2014 – 2017).

C.1.2 Knickpoint Calibration

During the field data collection in Lick Creek, I identified two active knickpoints. These

knickpoints were later located on the 2015 DEM and a 10 ft resolution DEM from 2001. I

calculated a value of Kd from the knickpoint migration model that matched the observed

migration rate over this time period. Calibrated values of Kd were 0.253 cm/Pa/s and

0.219 cm/Pa/s. Observed migration rates of the two knickpoints were 26.8 m/yr and 10.1

m/yr. Normalized to their watershed area gives rates of 4.12 m/km2/yr and 1.64 m/km2/yr,

respectively. These normalized rates are within the ranges observed in Mississippi streams

(median 0.83, range 0.03 – 5.43 m/km2/yr) [Jaeger et al., 2010].
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C.1.3 Bank Cohesion Calibration

Figure C.2 shows the data and fitted logistic regression model for predicting bank stability

in Big Dry Creek and Lick Creek.

Figure C.2: Measured bank heights and angles for stable and unstable banks and fitted logistic
regression for predicting bank stability for Big Dry Creek (a) and Lick Creek (b).
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C.2 Watershed Population Estimates

Historic population densities for Big Dry Creek and Lick Creek (and its adjacent water-

shed, Little Lick Creek) were estimated from census block population data [Manson et al.,

2017]. These population data were scaled based on the proportion of each census block

within the watershed boundary [Rosburg et al., 2017]. The population of Big Dry Creek has

increased steadily since 1970 (Figure C.3). Recent population growth in Lick Creek mirrors

growth in Little Lick Creek from 1980 – 1990, the period for which discharge data from Little

Lick Creek were available.

Figure C.3: Population density estimates for the three watersheds from 1970 – 2016.
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C.3 Additional Model Results

C.3.1 Big Dry Creek, Qs = 0.5

Figure C.4: Changes in bed elevation throughout the Big Dry Creek drainage basin, including
the median results and 5th and 95th percentiles. Model runs with Qs = 0.5 transport capacity.
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Figure C.5: Changes in channel width throughout the Big Dry Creek drainage basin, including
the median results and 5th and 95th percentiles. Model runs with Qs = 0.5 transport capacity.

Figure C.6: Big Dry Creek sensitivity analysis results for four different model outputs: phosphorus
loading (a), sediment loading (b), bed elevation (c), and channel width (d). Points show bias-
corrected sensitivity indices with ranges of estimates from bootstrapping. Points below the vertical
dashed line had no influence on model output. Results from model runs with Qs = 0.5 transport
capacity.
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C.3.2 Big Dry Creek, Qs = 1.0

Figure C.7: Observed and modeled average annual loads of phosphorus (a) and sediment (b) in
Big Dry Creek. Measured watershed loads are shown as points, bank loading estimates from the
aerial photo analysis are shown as a horizontal dotted line, and model results for the single model
run (solid line), median of the Monte Carlo simulations (dashed line), and 90% CI are projected
through 2053. Model results are from simulations with Qs = 1.0 transport capacity.
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Figure C.8: Changes in bed elevation throughout the Big Dry Creek drainage basin, including
the median results and 5th and 95th percentiles. Model runs with Qs = 1.0 transport capacity.

Figure C.9: Changes in channel width throughout the Big Dry Creek drainage basin, including
the median results and 5th and 95th percentiles. Model runs with Qs = 1.0 transport capacity.
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Figure C.10: Network schematic of Big Dry Creek showing annual sediment loading rates by
modeled reach, normalized by reach length, including the uncertainty range (a and c) and the
median of the Monte Carlo results (b). Loading rates are larger than reported in Table 5.3 because
these are cumulative loads over the simulation rather than median annual loads. Results from
simulation with Qs = 1.0 transport capacity.

Figure C.11: Big Dry Creek sensitivity analysis results for four different model outputs: phos-
phorus loading (a), sediment loading (b), bed elevation (c), and channel width (d). Points show
bias-corrected sensitivity indices with ranges of estimates from bootstrapping. Points below the
vertical dashed line had no influence on model output. Results from model runs with Qs = 1.0
transport capacity.
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C.3.3 Lick Creek, Loading Results

Figure C.12: Distributions of median annual phosphorus (a) and sediment (b) loads in Lick Creek
across the years of the simulation, for the three different modeled scenarios: Qs = 0.5, Qs = 0.75,
and Qs = 1.0 of transport capacity.
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C.3.4 Lick Creek, Qs = 0.5

Figure C.13: Changes in bed elevation throughout the Lick Creek watershed, including the
median results and 5th and 95th percentiles. Model runs from Qs = 0.5 transport capacity.
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Figure C.14: Changes in channel width throughout the Lick Creek watershed, including the
median results and 5th and 95th percentiles. Model runs from Qs = 0.5 transport capacity.

Figure C.15: Lick Creek sensitivity analysis results for four different model outputs: phosphorus
loading, sediment loading, bed elevation, and channel width. Points show bias-corrected sensitivity
indices with ranges of estimates from bootstrapping. Points below the vertical dashed line had no
influence on model output. Results from model runs where Qs = 0.5 transport capacity.
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C.3.5 Lick Creek, Qs = 0.75

Figure C.16: Measured TP and TSS concentrations in Lick Creek at the watershed outlet, along
with modeled projections for the single run and median and 90% CI for the Monte Carlo simulations.
Model runs from Qs = 0.75 transport capacity.
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Figure C.17: Changes in bed elevation throughout the Lick Creek watershed, including the
median results and 5th and 95th percentiles. Model runs from Qs = 0.75 transport capacity.

Figure C.18: Changes in channel width throughout the Lick Creek watershed, including the
median results and 5th and 95th percentiles. Model runs from Qs = 0.75 transport capacity.
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Figure C.19: Network schematic of Lick Creek showing annual sediment loading rates by modeled
reach, normalized by reach length including the uncertainty range (a and c) and the median of the
Monte Carlo results (b). The two reaches with highest loading rates both had actively migrating
knickpoints. Loading rates are larger than reported in Table 5.3 because these are cumulative
loads over the simulation rather than median annual loads. Results from simulation with Qs =
0.75 transport capacity.

Figure C.20: Lick Creek sensitivity analysis results for four different model outputs: phosphorus
loading, sediment loading, bed elevation, and channel width. Points show bias-corrected sensitivity
indices with ranges of estimates from bootstrapping. Points below the vertical dashed line had no
influence on model output. Results from model runs where Qs = 0.75 transport capacity.
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C.3.6 Lick Creek, Qs = 1.0

Figure C.21: Measured TP and TSS concentrations in Lick Creek at the watershed outlet, along
with modeled projections for the single run and median and 90% CI for the Monte Carlo simulations.
Model runs from Qs = 1.0 transport capacity.
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Figure C.22: Changes in bed elevation throughout the Lick Creek watershed, including the
median results and 5th and 95th percentiles. Model runs from Qs = 1.0 transport capacity.

Figure C.23: Changes in channel width throughout the Lick Creek watershed, including the
median results and 5th and 95th percentiles. Model runs from Qs = 1.0 transport capacity.
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Figure C.24: Network schematic of Lick Creek showing annual sediment loading rates by modeled
reach, normalized by reach length including the uncertainty range (a and c) and the median of the
Monte Carlo results (b). The two reaches with highest loading rates both had actively migrating
knickpoints. Loading rates are larger than reported in Table 5.3 because these are cumulative
loads over the simulation rather than median annual loads. Results from simulation with Qs = 1.0
transport capacity.

Figure C.25: Lick Creek sensitivity analysis results for four different model outputs: phosphorus
loading, sediment loading, bed elevation, and channel width. Points show bias-corrected sensitivity
indices with ranges of estimates from bootstrapping. Points below the vertical dashed line had no
influence on model output. Results from model runs where Qs = 1.0 transport capacity.
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